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Abstract

Optical coherence tomography (OCT) devices are becoming ubiquitous in eye clinics

worldwide to aid the diagnosis and monitoring of eye disease. Much of this uptake

relates to the ability to non-invasively capture micron-resolution images, enabling

objective and quantitative data to be obtained from ocular structures. Although safe

and reasonably quick to perform, the costs involved with operating OCT devices are

not trivial, and the requirement for OCT and other imaging in addition to other clinical

measures is placing increasing demand on ophthalmology clinics, contributing to

fragmented patient pathways and often extended waiting times.

In this thesis, a novel “binocular optical coherence tomography” system that seeks to

overcome some of the limitations of current commercial OCT systems, is clinically

evaluated. This device incorporates many aspects of the eye examination into a

single patient-operated instrument, and aims to improve the efficiency and quality of

eye care while reducing the overall labour and equipment costs. A progressive

framework of testing is followed that includes human factors and usability testing,

followed by early stage diagnostic studies to assess the agreement, repeatability, and

reproducibility of individual diagnostic features. Health economics analysis of the

retinal therapy clinic is used to model cost effectiveness of current practice and with

binocular OCT implementation.

The binocular OCT and development of other low-cost OCT systems may improve

accessibility, however there remains a relative shortage of experts to interpret the

images. Artificial intelligence (AI) is likely to play a role in rapid and automated image

classification. This thesis explores the application of AI within retinal therapy clinics to

predict the onset of exudative age-related macular degeneration in fellow eyes of

patients undergoing treatment in their first eye. Together with automated and

simultaneous imaging of both eyes with binocular OCT and the potential for low-cost

patient-facing systems, AI is likely to have a role in personalising management plans,

especially in a future where preventive treatments are available.
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Impact Statement

Optical coherence tomography (OCT) has been a paragon of success in the

translation of biophotonics science to clinical practice. In ophthalmology, the use of

OCT has increased rapidly in recent years and is likely to continue on this trajectory

as this technology becomes ubiquitous in eye clinics worldwide. Recent pressures on

the healthcare system, such as rising costs, increasing demand, and understaffing,

suggest that continued growth in OCT use may be unsustainable unless cheaper and

more efficient methods are developed. In the future, automation and artificial

intelligence (AI) is likely to re-engineer ophthalmology to cope with some of the

pressures of increasing demand and strained healthcare systems.

One approach to automation is the binocular OCT system, which has the potential to

reduce the cost, increase the quality, and improve the efficiency not just of OCT

imaging, but of eye care as a whole. Binocular OCT devices should be cheaper to

build and operate than conventional OCT instruments, and may be able to replace

labour-intensive, qualitative tests using patient-operated, quantitative examinations.

By exploiting advances in miniaturised OCT systems, increased depth range light

sources, and smart technology, binocular OCT could enable clinicians to improve the

quality of patient care through the provision of objective, reproducible, quantitative

analyses for every aspect of the eye examination. The eye exam would be

streamlined, and the capture of robust standardised data would inevitably improve

the monitoring of eye disease. Portable and inexpensive OCT devices that are

user-friendly could be provided to patients and care could be delivered closer to

home, and eye exam data could be communicated to clinicians wirelessly for remote

analysis. While it is unlikely that binocular OCT would be a panacea, if OCT can

replace some aspects of the eye examination within the eye clinic, workflows and

waiting times could be improved, and clinicians will be able to devote more time to

patient care.

The ability for OCT to capture objective, quantitative, and longitudinal images of the

eye in a safe and non-invasive manner, presents a unique opportunity to use the

accumulated data as a substrate for the development of AI systems. While there is

potential for automated acquisition and increased accessibility of OCT, there still

remains a relative shortage of expertise to interpret these images. Here, automated

interpretation using AI could provide one solution, and has already shown great
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promise. AI has the potential to identify new signals within data, such as predicting

the onset of eye disease and may lead to the development of preventative therapies,

in a similar fashion to the successful emergence of anti-vascular endothelial growth

factor therapies that were coupled with the introduction of spectral-domain OCT.

Undoubtedly, automated, low-cost systems combined with AI are likely to have their

place in the OCT revolution, offering the potential to usher in a new era of

comprehensive, remote eye care and eye disease screening to transform the

practice of ophthalmology.
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Chapter 1

Introduction

This chapter forms the basis of the following publication:

Chopra R, Wagner SK, Keane PA. Optical coherence tomography in the 2020s–outside the eye

clinic. Eye. 2021 Jan;35(1):236–43.

1.1 OPTICAL COHERENCE TOMOGRAPHY

Optical coherence tomography (OCT) is a paragon of success in the translation of

biophotonics science to clinical practice (1). OCT enables micron-resolution

three-dimensional imaging of biological structures in vivo without the need to extract

or process tissue (2–4), and is often described as the optical analogue to

ultrasound—measuring the reflectance properties of light waves as opposed to the

echoes of sound waves. OCT has become an essential component of the clinician’s

toolbox in ophthalmology and optometry, and has also extended its reach to other

medical specialties including cardiology, dermatology, and gastroenterology (1).

Research and development of this imaging modality has been prolific since first

introduced, with over 50,000 publications in this field over the last quarter of a

century—most of which have been published in the last decade (5), (Figure 1.1).

Figure 1.1. Number of publications with ‘Optical Coherence Tomography’ in either the title or

abstract, generated using data from the Web of Science.
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1.2 DEVELOPMENT OF OPTICAL COHERENCE TOMOGRAPHY

OCT is based on the principle of low-coherence interferometry—a technique that

measures the interference pattern of superimposed electromagnetic waves. The

interferometer was designed by American physicists Albert Michelson and Edward

Morley for one of science’s most famous ‘failed’ experiments (6). The setup was

configured to detect luminiferous aether—a proposed substance that propagated

electromagnetic radiation including light waves through space (7). The theory posited

that an ‘aether wind’ was produced as the Earth moved through space, and that light

should travel at different speeds relative to the Earth’s motion through the aether. In

the Michelson-Morley experiment (Figure 1.2), a single beam of white light was split

into two paths travelling at right angles to each other using a semi-silvered mirror.

This allowed half of the photons to be transmitted, and the other half to be reflected.

Once the light in both paths had travelled an equal length, the two beams were

returned using mirrors, and recombined to produce an interference fringe pattern

resulting from constructive or destructive interference that was measured using a

detector. If aether wind existed, Michelson and Morley hypothesised that each of the

light beams would have travelled at different speeds resulting in a fringe shift—the

beam travelling parallel to the aether wind would return slower than the beam

travelling perpendicular. In this experiment, Michelson and Morley observed a

negligible fringe shift, indicating that light had travelled at the same speed in both

arms. This experiment therefore concluded with no evidence for the existence of

aether, but the methodology and technology was instrumental in the design of the

first OCT prototypes.
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Figure 1.2. Michelson interferometer design. A semi-silvered mirror splits a beam of light into

two paths. Half of the light is reflected whilst the other half is transmitted via a compensation

plate of the same consistency as the semi-silvered mirror so that light in both arms travel the

same path length. The mirrors reflect the light back, the beams are recombined, and received

at the detector to measure the interference fringe pattern.

First generation OCT systems utilised a Michelson-type interferometer. A broadband

light source such as a superluminescent diode is divided into two arms—a reference

arm and a sample arm. The sample arm is directed and reflected back from the

tissue of interest, whereas the reference arm follows a known path length and

time-delay. The light source in OCT systems has high spatial coherence and low

temporal coherence. Spatial coherence is defined as the correlation of the phase of

the light beam when observed at different points in the system. The higher the spatial

coherence, the greater its ability to interfere with itself to produce an interference

pattern. Temporal coherence relates to the ability of light to interfere with a

time-delayed version with itself—high coherent sources generate interference

patterns over a distance of metres, whereas low coherent sources allow high axial

resolution at the micron level. In low coherence interferometry, a very clear

interference pattern is visible close to zero-delay (i.e. when the path length in both

arms of the interferometer are equidistant). As the path length difference between the

two arms increases beyond a critical point, the quality of the interference pattern

degrades. Within this critical distance, also known as the coherence length, the
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reference time-delay is able to interfere with the sample delay to produce an

interference pattern.

In the late 1980s, optical coherence-domain reflectometry was developed—a

one-dimensional optical technique that used the principle of interferometry to detect

fault locations in fibre-optics (8,9). Soon, its potential to measure the depth at a single

point of biological tissues, i.e. an A-scan, was recognised and applied to in vivo

measurement of axial eye length (10). In a landmark paper in Science in 1991,

Huang et al. published the first ex vivo OCT B-scans of biological tissue—the human

retina and the coronary artery—producing a ‘tomographic’, or cross-sectional

representation of the tissue, often described as an ‘optical biopsy’ (2). Ophthalmic

and intravascular applications later emerged as the two largest biological OCT

applications.

The same group, led by James Fujimoto, published the first in vivo OCT B-scan

images of the retina in 1993 (3). OCT rapidly transferred from bench to bedside with

the first commercial instrument, the ZEISS OCT1 system (Carl Zeiss Meditec, USA)

being made commercially available in 1996. By 1999, only ~180 units had been sold

(1). The second generation OCT2 released in 2000 had mildly greater success—400

units were sold by 2001. A dramatic acceleration in sales followed as faster scanning

speeds were introduced in their third generation Stratus OCT system in 2002.

Although clinical adoption was initially slow, OCT has since transformed eyecare in

the diagnosis and monitoring of ocular conditions (11). By 2023, the global market for

OCT technology is expected to reach US $1.5 billion (12).

1.3 OCT IN OPHTHALMOLOGY

OCT has been most successfully applied in the field of ophthalmology. The

transparent nature of the eye enables clear optical access to both the anterior

segment and retinal tissues. Light propagates through the eye, being reflected by

varying quantities depending on the refractive index and density of the tissue (8,9).

The abundance of multi-layered tissue of differing light-scattering and refractive

properties builds a distinctive image that is comparable to a histological biopsy

(13,14).

Light sources used in OCT systems are centred at a specific wavelength for optimal

imaging of a particular structure. This is strongly influenced by the absorption at

980 nm and 1200 nm by water within the eye, i.e. the aqueous and vitreous humours

(Figure 1.3). For anterior segment imaging, a superluminescent diode centred
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830 nm wavelength transmits 90% of light through the cornea and aqueous humour

(15). At this wavelength, only limited penetration of the highly-reflective sclera and

hyper-reflective iris pigment epithelium is possible, and therefore a light source with

wavelength of 1310 nm is more suitable for imaging of the anterior chamber angle.

However retinal imaging cannot be performed at 1310 nm because of water

absorption. Retinal imaging systems are centred at approximately 860 nm as

transmission through the vitreous at this wavelength is greater than 90%. Increased

penetration into the choroid and optic nerve head with reduced sensitivity to ocular

opacities has been demonstrated for OCT imaging in the water absorption window at

1050 nm compared to 860 nm wavelengths (16,17).

Figure 1.3. Transmittance of light of different wavelengths through ocular structures. Image

reproduced from Transmission of Ocular Media, Boettner and Reimer Wolter, 1962.

1.4 SCANNING PRINCIPLES

The two main methods of measuring back-scattered light using OCT are via

time-domain detection, and its successor Fourier-domain (FD) detection. FD

encompasses both spectral-domain and newer generation swept-source OCT.
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1.4.1 Time-domain OCT

The first generation of OCT devices were termed time-domain OCT (TD-OCT). In this

design, a Michelson-type interferometer is used to divide a broadband light, emitted

from a superluminescent diode, into a reference arm of known path length and

time-delay, and a sample arm that is focused on the tissue of interest, such as the

retina. The two light beams are reflected back to a photodetector using a mirror to

generate an interference pattern. The interference over time creates an A-scan,

revealing the depth of the structure. By mechanically moving the mirror over the

sample, light is reflected from each depth producing multiple A-scans that

subsequently comprise a B-scan. The speed of scanning is limited due to the

mechanical movement of the mirror. The first commercial device, the Stratus OCT

(Carl Zeiss Meditec Inc., Dublin, CA) typically acquires 400 A-scans per second and

has an axial resolution of 10 μm. This device is now considered obsolete and has

been superseded by FD-OCT systems.

1.4.2 Spectral-domain OCT

Spectral-domain OCT (SD-OCT) provides higher resolution imaging by virtue of its

higher scan speed in comparison to its time-domain predecessor. The first retinal

SD-OCT images were demonstrated in 2000 by Wojtkowski et al. (18). The mirror in

this design remains static. Instead, the broadband light source is dispersed by a

spectrometer over the sample, and the interference spectrum is collected

simultaneously using an array detector. In this method, A-scans are constructed by

performing an inverse Fourier transform over the frequencies of the gathered

interference spectrum. Typically, these devices capture between 20,000 and 70,000

A-scans per second. This high speed minimises but does not eliminate the impact of

eye-motion artifacts during image acquisition of ocular structures. Furthermore, its

high acquisition speed allows denser sampling of a larger area of tissue in minimal

time in comparison to TD-OCT, reducing the risk of pathology being missed. The

most commonly used SD-OCT scan patterns are the radial and raster. The radial

scan is a series of B-scans separated at regular angular intervals—the centre of each

B-scan being focused at the same point of the imaged sample. The raster pattern is a

series of parallel B-scans and can be acquired in horizontal, vertical, or oblique

directions, with the direction being uniform across all B-scans. The indication for each

pattern is dependent on the pathology being investigated. For example, radial scans

are superior for detecting vitreoretinal face abnormalities, whereas raster scans are

more effective for investigation of macular pathologies (19). Three-dimensional
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volumes can be synthesised from a series of B-scans, and generating C-scans that

project an en face view of the scanned area. The typical depth range of these

devices is in the order of a few millimetres. Both time-domain and spectral-domain

devices are generally centred on a wavelength of 860 nm—ideal for imaging of the

retinal tissues.

1.4.3 Swept-source OCT

More recently, swept-source OCT (SS-OCT) devices employing tunable laser light

sources that sweep a range of frequencies have increased the depth range even

further. The spectral interference pattern is collected by a number of photodetectors

as a function of time, and A-scans are generated using an inverse Fourier transform.

Compared to SD-OCT, SS-OCT devices operate with higher scanning speeds,

permitting denser sampling of tissue (20). Research prototypes have even

demonstrated A-scan acquisition speeds of greater than 1 MHz (21). Another

advantage of SS-OCT is its use of a longer wavelength compared to SD-OCT,

enhancing penetration through structures that highly scatter light such as lens

opacities and the retinal pigment epithelium (RPE). Thus, SS-OCT enables the

visualisation of deeper structures such as the choroid, sclera, and even orbital fat

(22). The lower sensitivity roll-off with tissue depth and high speed of SS-OCT has

made it possible to image the retinal and choroidal vasculature in extraordinary

resolution. These OCT-angiography (OCTA) images are generated by detecting a

motion signal, correlating to the movement of erythrocytes, between consecutively

acquired OCT B-scans at the same position (23).

1.5 CLINICAL APPLICATIONS IN OPHTHALMOLOGY

It is estimated that 20 million OCT examinations were performed worldwide in 2011,

more than the sum of all other ophthalmic imaging combined (24). At Moorfields Eye

Hospital (MEH) National Health Service (NHS) Foundation Trust, the largest

ophthalmic unit in Europe, OCT acquisition has increased 14-fold from 23,500 scans

in 2008 to > 330,000 in 2016 (25). OCT is increasingly recognised as the

gold-standard for diagnosis and surveillance of macular disease (26).

Sight-threatening diseases such as age-related macular degeneration (AMD) and

diabetic macular oedema (DMO), can be imaged and diagnosed within seconds.

OCT also enables reliable diagnosis and differentiation of conditions that are subtle

to visualise on slit-lamp biomicroscopy such as vitreomacular adhesion,

vitreomacular traction, and macular holes (27–29). The generation of reproducible,
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quantitative measurements of clinically relevant features such as retinal nerve fibre 

layer thickness are useful for comparison with normative data to detect conditions 

such as glaucoma at an earlier stage than previously possible when used in 

conjunction with perimetry (30). As OCT data can be followed longitudinally, 

individuals at risk of developing conditions such as glaucoma or DMO often undergo 

baseline imaging even in normal-appearing eyes (31).

OCT has also been adapted for various other applications within ophthalmology, 

while maintaining the fundamental technology of measuring the reflectance of light 

waves. Some examples of functional extensions of OCT include:

polarisation-sensitive OCT—a method of measuring polarisation of light rather than 

its intensity to enhance the contrast of transparent and translucent tissues (32); 

spectroscopic OCT—used to derive oxygen saturation data of retinal blood vessels 

(33); optophysiology OCT—a non-invasive method to detect optical changes in 

addition to electrical changes at the level of the retina (34); and OCT 

elastography—an experimental method for evaluation of the integrity and behaviour 

of tissue structures (35). Some commercially available extensions of OCT include 

OCT-angiography (OCTA), a method to image blood flow in the retinal and choroidal 

vascular networks (23); and intraoperative OCT, i.e. devices to use within surgical 

settings to guide microsurgery (36).

1.5.1 Anterior segment

The first OCT images of the anterior segment were obtained by Izatt et al. (37) in 

1994 using a 830 nm superluminescent diode. In this exploratory work, ocular 

structures including the cornea, the corneal epithelium, iris, and lens were easily 

visualised, however the structures of the anterior chamber angle were not clearly 

discernible. In 2000, the use of a light source with 1310 nm wavelength was 

demonstrated in porcine eyes, showing greater penetration through highly scattering 

tissue such as the sclera and limbus to visualise the irido-corneal angle, and even 

enabled identification of the ciliary body (38). By 2005, the first anterior segment OCT 

(AS-OCT) equipped with a long wavelength light source was commercially 

available—the Visante OCT (Carl Zeiss Meditec, Dublin, CA). This device has an 

axial resolution of 18 µm and images up to a width and depth of 16 x 6 mm. Tomey 

has since released CASIA2, a commercially available swept-source OCT that has 

high resolution and a scan depth of 13 mm and a speed of 50,000 A-scans per 

second, facilitating extraordinary imaging of the crystalline lens (39) and

3-dimensional reconstructions of the anterior segment.
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AS-OCT is frequently used to image the irido-corneal angle for the detection of angle

closure. Gonioscopy is the current clinical gold standard of assessment, but the need

for application of topical anaesthetic and a specialist contact lens, required good

patient cooperation, and the required clinical expertise to interpret the anatomical

landmarks of the angle, limit its usability outside of specialist clinics. Nolan et al.

evaluated the use of AS-OCT to detect primary angle closure using gonioscopy as

the ground truth. While AS-OCT has a high sensitivity of 98%, its specificity was only

55.4% (40). This difference may be attributed to the displacement of the anterior

segment structures by gonioscopy, difference in lighting conditions during the two

procedures, and differences in landmarks between the methods.

OCT can objectively measure the corneal thickness across its entire surface, and has

implications for planning of refractive procedures (41), and for conditions such as

keratoconus where longitudinal pachymetry is indicated to monitor progression

(42,43). In corneal transplant procedures, OCT has utility in all stages of

surgery—pre-operatively for planning of the procedure, post-operatively for detection

of complications, and even intra-operatively to assist placement of the donor tissue

(44,45).

1.5.2 Normal retina

As OCT has moved from time-domain to spectral-domain, the axial resolution has

improved and the clarity of the retinal layers has been enhanced. The first report on

OCT using time-domain principles describes that the retinal nerve fibre layer (RNFL)

being visualised as a hyperreflective zone, the outer retina as hyporeflective, and the

RPE appearing as a hyperreflective band (2). The axial resolution of SD-OCT is up to

4 μm, permitting individual layers of the retina to be delineated (46,47) (Figure 1.4).

External to the RNFL, the hyporeflective retinal ganglion cell layer (GCL) can be

discriminated, followed by the hyperreflective inner plexiform layer, the hyporeflective

inner nuclear layer, and the hyperreflective outer plexiform layer. The next layer

appears as a hyporeflective band and is attributed to Henle’s nerve fibre layer and

the outer nuclear layer. The external limiting membrane appears as a thin

hyperreflective band, followed by a strongly hyperreflective band delineating the

ellipsoid zone. As the RPE highly absorbs light, appearing as a strongly

hyperreflective layer, OCT has poor penetration beyond this structure, limiting the

resolution of the choroid. Commercial SD-OCT devices can be modified using a

technique called enhanced depth-imaging to image choroid with reasonable clarity by

moving the zero-delay line to the RPE (48). In the choroid, round or oval shaped
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hyperreflective profiles with hyporeflective centres are visible, corresponding to the

choroidal vasculature. These images can then be combined to produce an image of

the retina and choroid, and even scleral interfaces. Additionally, multiple B-scans

captured at the same location can be averaged to reduce speckle and noise and

provide smoothed, higher resolution images. The choroid can be visualised to a

greater extent using SS-OCT, permitting quantitative measures of choroidal volume

(49).

Figure 1.4. (A) Infrared fundus image and labelled OCT image of a normal healthy macula

and parafovea acquired using the Spectralis OCT (Heidelberg Engineering, Heidelberg,

Germany) without enhanced depth imaging. The OCT B-scan correlates with the central

green line/arrow in the infrared image. ILM: internal limiting membrane; NFL: nerve fibre layer;

GCL: ganglion cell layer; IPL: inner plexiform layer; INL: inner nuclear layer; OPL; outer

plexiform layer; ONL outer nuclear layer; ELM: external limiting membrane; EZ: ellipsoid

zone; OPR: outer photoreceptor segments; IZ: interdigitation zone; RPE: retinal pigment

epithelium; BM: Bruch’s membrane. (B) The retina can be automatically segmented into each

of its constituent layers.
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OCT enables objective quantification of retinal morphology and pathology.

Two-dimensional measurements such as structural thicknesses are a common output

and can be obtained by algorithms that delineate boundaries. In order to understand

and assess the presence of abnormal changes in the retina, it is necessary to know

and understand the retinal characteristics of healthy people. Device-specific

normative databases have been established by respective manufacturers to

determine if a measurement is outside the normal expected range. However, these

databases are often developed in limited cohorts with little variance in demographics.

Factors such as age, ethnicity, and biological sex can influence the normal ocular

anatomy (50), and should be considered when comparing the output for an individual

to the device-specific normative database.

1.5.3 Retinal disease

Traditional retinal imaging modalities such as colour fundus photography and

fluorescein angiography are limited by their 2-dimensional and non-quantitative

nature. OCT correlates well with these modalities, but also adds an extra dimension

with greater resolution to detect abnormalities that may be missed using conventional

imaging or slit-lamp biomicroscopy (51,52). OCT has become an essential tool for

examining retinal diseases including macular degeneration and macular oedema,

and vitreoretinal disease such as vitreomacular traction, epiretinal membranes, and

macular holes (53).

1.5.3.1 Age-related macular degeneration

Age-related macular degeneration is the commonest cause of visual impairment in

the developed world (54). The hallmark features of AMD have been well described

for over 160 years (55). In 1852, Frans Donders hypothesised that the white flecks

he had seen in older adults on ophthalmoscopy were colloid degenerations. Linking

this to subsequent histological examinations, he found that photoreceptors were

often obliquely oriented around drusen or absent above the deposits, and

degeneration of the RPE and choriocapillaris was also present. Donders published

his findings in 1855, concluding that the presence of drusen at the macula and the

degeneration of the RPE had an influence on the retinal function and could lead to

visual disturbances (56).

The early and intermediate stages of the disease, known as dry AMD, are

characterised by RPE degeneration and the accumulation of drusen—likely a

byproduct of degrading RPE function—under the RPE (57). Late dry AMD, termed
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geographic atrophy (GA), is typified by gradual progressive loss of the RPE,

photoreceptors, and choriocapillaris (58). Sharply delineated areas of RPE absence

results in visibility of larger choroidal vessels that lie below the retina. As atrophy

encroaches on the fovea, visual acuity (VA) is markedly affected (59).

The second form of late AMD is termed wet or neovascular AMD and refers to the

abnormal proliferation of new blood vessels at the macula, known as macular

neovascularisation (MNV). MNV originating from the choroid and occurring under the

RPE or breaking through the RPE is known as choroidal neovascularisation (CNV),

or retinal angiomatous proliferation (RAP) where it originates within the neural retina

(60). Both forms can lead to exudation of fluid, lipids, and blood, and cause damage

or death of photoreceptors. When advanced or left untreated, fibrous scarring can

occur coupled with profound visual impairment.

Innovations in retinal imaging have directly led to paradigm shifts in the

understanding, treatment, and management of AMD. The invention of modern

fluorescein angiography (FA) by Alvis and Novotny transformed the diagnosis,

treatment, and understanding of disease that was not visible on colour fundus

photography alone (61). FA provides the ability to visualise the retinal vasculature

and identify abnormal areas of vessel growth and leakage. This was crucial in the

recognition of CNV in the pathophysiology of neovascular AMD (62). Colour fundus

photography played a significant role in documenting retinal disease in major

epidemiological studies that have improved the understanding of prevalence and

major risk factors involved in development of AMD (63). The rapid growth in the use

of OCT in retinal disease coincided with the introduction of effective

pharmacotherapies, particularly anti-vascular endothelial growth factor (anti-VEGF)

drugs, for treatment of neovascular AMD. OCT is widely used to assess the efficacy

of treatment, and serves as a recognised clinical endpoint in clinical trials (64,65).

The stages of AMD were characteristically described by the Age-Related Eye

Disease Studies (AREDS) group, primarily using colour fundus photography (66).

OCT correlates of these features provide further characterisation with greater depth

and resolution. Drusen appears as discrete dome-shaped RPE elevations with

underlying material that displays variable reflectivity depending on the composition.

Reticular pseudodrusen, a distinct entity from conventional drusen, were first

described in the 1990s and have a high rate of occurrence in AMD (67) and have

been found to be a strong risk factor for late AMD (68). Only in 2010 with the use of
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OCT were pseudodrusen found to be accumulations of material internal to the RPE

(69,70).

The most characteristic features on OCT in neovascular AMD are the presence of an

irregularly shaped detachment of the RPE (71). Exudation of active MNV may result

in accumulation of intraretinal fluid (IRF), often forming as cystoid spaces seen as

round or oval hyporeflective spaces, and separated by septae in larger areas of IRF

(72). Subretinal fluid (SRF) is visualised as a clear hyporeflective space seen

between the RPE and neurosensory retina, or sparsely hyperreflective if the exudate

contains fibrin or blood—termed subretinal hyperreflective material (SHRM) (73).

SHRM appearing as an amorphous lesion of medium- to high- reflectivity above the

RPE may also be visible if the MNV complex penetrates Bruch’s membrane and

passes directly into the subretinal space (73).

Fluorescein and indocyanine green angiography continue to be considered as gold

standard methods to visualise characteristic patterns in blood flow and to identify

neovascular membranes. Neither of these modalities are depth-resolved, making it

difficult to separate out the retinal and choroidal vasculatures. In addition, both of

these modalities are invasive and not without risks, and patients therefore do not

undergo angiography regularly. OCTA provides a non-invasive approach for

demarcating the microvasculature, with the location of abnormalities being more

easily isolated (74,75).

1.5.3.2 Macular oedema

Macular oedema, an abnormal accumulation of fluid within the outer retina with a

concomitant increase in the retinal thickness, is a common cause of visual loss. This

usually occurs as a result of disruption of the blood-retinal barrier, and is associated

with conditions such as diabetic retinopathy, uveitis, retinal vein occlusion (RVO), and

inherited retinal dystrophies. In these diseases, cystoid changes appearing as

discrete hyporeflective spaces containing IRF are observed in the outer layers of the

retina, often spanning multiple layers (76,77).

In the diabetic retinopathy screening programme, macular oedema is evaluated using

surrogate markers such as microaneurysms and exudates observed on retinal

photographs with their proximity to the fovea being assessed. Compared to OCT as

the reference standard, these surrogate markers have both low sensitivity and

specificity (78,79). DMO is commonly treated with anti-VEGF in current practice.

Guidelines published by National Institute for Health and Care Excellence (NICE)
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specify that the central retinal thickness on OCT must exceed 400 µm in order to

begin treatment (80). Serial OCT imaging is therefore essential for monitoring

progression and to promptly initiate treatment.

1.5.4 Glaucoma

Glaucoma is defined as an optic neuropathy associated with characteristic structural

damage to the optic nerve and associated visual dysfunction that may be caused by

various pathological processes (81). Once diagnosed, glaucoma requires lifelong

management to reduce the risk of progression and development of registrable visual

impairment. The diagnosis of glaucoma relies on a comprehensive suite of diagnostic

tests, each of which requires significant expertise for interpretation. The assessment

of the optic nerve is a fundamental part of the examination. However the subjective

nature of this evaluation elicits only moderate agreement between practitioners,

particularly between those without specialist glaucoma qualifications (82).

Furthermore, while sensitivity for glaucoma detection is high, new glaucoma referrals

from community optometrists to secondary care are afflicted by a high false positive

rate which might be related to suspicious optic nerves, anomalous intraocular

pressures (IOPs) or visual fields (VFs), and suspicion of narrow angles (83,84).

Imaging can be used to objectively measure many of these risk factors, with OCT

being one of the most promising.

OCT was first described as a technique for detecting structural changes in glaucoma

in 1995 (85), revealing a correlation between RNFL thickness and VF function

(85,86). Individual retinal layers involved in glaucoma, including the RNFL, ganglion

cell layer, and inner plexiform layer, may now be delineated more precisely due to

improvements in the spatial resolution of OCT and improved segmentation

algorithms. Both macular and peripapillary RNFL thickness measurements (Figure

1.5) can discriminate glaucomatous eyes from healthy eyes (87,88), and have

comparable diagnostic accuracy for detecting preperimetric glaucoma (89,90).

IOP is the only modifiable risk factor for primary open angle glaucoma. To improve

clinical and cost effectiveness, NICE updated their guidance in 2017, raising the

threshold for referral to secondary care based on IOP alone from > 21 mmHg to ≥ 24

mmHg (91). IOP is influenced by several factors including diurnal variation, method

of measurement, and corneal biomechanics, and is therefore considered an

ineffective screening tool on its own without optic disc examination and a VF test

(92).
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IOP measurements using non-contact and applanation tonometry have a positive,

nonlinear correlation with central corneal thickness (CCT) (93). Although ultrasound

pachymetry is considered the gold standard for measuring CCT (94), it necessitates

the use of topical anaesthesia which may influence CCT measurements (95). The

ultrasound probe also requires direct apposition of the probe perpendicularly to the

centre of the cornea for CCT—misalignment can considerably overestimate the CCT.

OCT provides a rapid and non-invasive method of pachymetry with a resolution that

is comparable to the micron-level of ultrasound. Although highly correlated, OCT

measurements were consistently less (mean difference ~16.5 µm) than that of

ultrasound pachymetry (96,97).

Figure 1.5. Peripapillary OCT scan captured using Spectralis OCT (Heidelberg Engineering,

Heidelberg, Germany) in a glaucomatous eye. (A) Scanning laser ophthalmoscopy image of

the optic nerve. The concentric green line around the nerve indicates the B-scan position. (B)

OCT B-scan image with segmentation lines demarcating the internal limiting membrane (red

line) and the boundary between the RNFL and the ganglion cell layer (green line). The

peripapillary RNFL thickness is calculated according to the distance between the ILM and the

outer aspect of the RNFL. (C) The mean RNFL thickness in µm in each sector (i.e. from three

o’clock clockwise, temporal, inferior temporal, inferior nasal, nasal, superior nasal, superior

temporal) and globally (central). The colour code indicates the probability of the thickness

being within the normative range compared to age-matched control observers. Green

represents a RNFL thickness within the 95% normal limits of the healthy, age-matched

population, yellow represents a borderline result (between the 95% and 99% confidence
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interval), and red represents a thickness outside the normal limits (beyond 99% confidence 

interval). (D) Graphical representation of the RNFL thickness corresponding with the above 

OCT image (black line), with colour coding as described.

1.6 AUTOMATED OCT INTERPRETATION

Crude two-dimensional measurements such as retinal thicknesses are commonly 

used for monitoring, diagnosis, and guiding the initiation of treatment. Proprietary 

algorithms included in OCT software packages provide the ability to segment OCT 

scans, but are often limited in the number of features that can be delineated. While 

these are widely available and used within both clinical trials and real-world practice, 

the development and validity of these algorithms have not been published by the 

manufacturers before their release and availability for clinical use. Real-world use 

demonstrates segmentation errors are common, especially in the presence of 

pathology, and therefore impact retinal thickness measurements (98,99).

The Iowa Reference Algorithms (Retinal Image Analysis Lab, Iowa Institute for 

Biomedical Imaging, Iowa City, IA) use graph theory for edge detection of 11 retinal 

surface boundaries and for segmentation of IRF, and are freely available for research 

purposes (100,101). This method defines boundaries by evaluating the weight of 

similarity between neighbouring pixels—the higher the weight the greater the 

similarity. Each pixel is additionally linked to weights that define the individual 

penalties for assigning it to the object (e.g. fluid) and background. One significant 

limitation of this method is that multi-surface detection algorithms attempt to find all 

surfaces even if some of them are not present or visualised, resulting in inaccurate 

segmentations (102).

Artificial intelligence (AI) has shown promise for automated interpretation of medical 

images in several domains where there is a relative shortage of expertise to provide 

timely diagnosis and referral, including ophthalmology, dermatology, and radiology 

(103,104). Computational interpretation can occur immediately, rapidly, and 

autonomously. This has the potential to improve the speed of diagnosis in

low-resource settings, and to sustain the growing demand for healthcare. The 

application of AI for ophthalmic images has been particularly popular owing to the 

large datasets that are available and required for developing these systems

(105–108), and the clear path to impact for improving access to eye care when 

coupled with low cost imaging.
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Machine learning (ML) is an application of AI that includes algorithms that parse data,

learn from that data, and then apply what they’ve learned to make informed decisions

(109). Deep learning, a subfield of machine learning, emulates the synaptic structure

of the human brain with multiple processing layers that each learn representations of

the input data (110). Instead of explicit engineering of the system, backpropagation

algorithms are often used to alter the model’s internal parameters that compute the

representation in each layer. Deep learning models extract deep features and

patterns within the data that may not be detectable to a human, and while these

algorithms can be highly successful, they are often metaphorically characterised as

‘black boxes’ as the reasoning behind a prediction output is not always well

understood (111).

In ophthalmology, AI has been highly successful in the application to 2-dimensional

retinal fundus photographs (112). The first deep learning system approved by the first

U.S. Food & Drug Administration (FDA) was for the diagnosis of diabetic retinopathy

using retinal photographs taken with the NW400 camera (Topcon Corp., Tokyo,

Japan) (113). More recently, AI-based approaches have been applied to

3-dimensional modalities such as macular OCTs, enabling multi-class segmentation

of complex morphological structures, disease classification, and detection of novel

signals such as prediction of visual function, predicting future eye disease, and

predicting systemic disease.

1.6.1 Artificial intelligence to detect eye disease from OCT

The improvements in the ease and speed of acquiring OCT images has inevitably led

to an upsurge in the number of patients undergoing diagnostic imaging (25). In

addition, the ageing population correlates with an increased prevalence of

age-related retinal disease for which OCT is the gold standard for initial assessment

and ongoing monitoring (114–117). However, the availability of experts to interpret

scans has not risen at the same rate (118). OCT is gaining rapid popularity within

primary care settings in the UK (119), however limited guidance exists to assist

optometrists to make diagnostic and referral decisions using this modality. In a study

of optometrist performance on diagnosis of retinal pathology using OCT, fundus

imaging, and clinical vignettes versus fundus imaging and vignettes alone, the

proportion of false positives and false negatives reduced when OCT was available

(120). An Australian study found that optometrists’ diagnostic accuracy for AMD

improved by 5% with the addition of OCT, but was also associated with an elevated

false positive rate leading to unnecessary referrals to secondary care (121). The
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authors attributed this to a knowledge gap regarding the interpretation of ocular

imaging among the cohort of practising optometrists. At MEH, the implementation of

cloud-based referral platforms that allow transfer of ocular images including OCT to

ophthalmologists to refine referrals has been shown to be effective at reducing false

positive referrals (122). However, large-scale implementation of these platforms still

require considerable expertise to interpret the scans. AI provides a promising solution

for OCT interpretation and triage, and has demonstrated expert-level performance in

preclinical settings including diagnostic evaluation of retinal disease, glaucoma, and

the anterior segment.

1.6.1.1 Retinal disease

Lee et al. were among the first to design a deep learning model using individual OCT

B-scans to distinguish between normal scans and those with AMD (123). To provide

insight into the model process, small areas of the B-scans were occluded and the

resulting model output was calculated to produce a map highlighting the regions with

the highest model probabilities. The maps demonstrated that the model successfully

placed high importance on areas corresponding to pathology.

Several studies since have used retinal OCTs to develop AI strategies for detection

or segmentation of pathological features, for binary classification of normal versus

abnormal (123,124), for individual disease classification (125–127) and staging (128),

and to triage retinal disease referrals (126).

Using manually annotated images as learning examples, AI-based algorithms have

been developed for segmentation and quantification of retinal layers (129,130) and

pathological features such as retinal fluid (131), hyperreflective foci (HRF) (132),

pigment epithelial detachment (PED) and SHRM (133). These tools can be applied at

scale for analysis of large datasets to describe anatomical features in various

subgroups of patients (134,135), measure therapeutic response (136,137), and

correlate structure with visual function (138,139).

Resulting segmentation maps can also be input into a disease classifier for

diagnosis. A two-stage deep learning system developed by MEH and DeepMind for

OCT-based diagnosis and triage of macular disease demonstrated an accuracy that

was statistically significantly higher than six experts and a comparable accuracy to

two experts with an error rate of 5.5% on a test set of 1000 scans (126). The first

stage, a segmentation model, was trained to delineate 15 distinct OCT features

including anatomical and pathological markers and image artefacts. The model was
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trained using approximately 900 OCT volumes (3-5 segmented B-scans per OCT

volume) that were manually segmented by experts. The second stage of the system,

the classification model, input the segmentation map and learned from approximately

15,000 examples labelled with an associated diagnosis and triage decision.

Ultimately, the system outputs a diagnosis probability and a triage decision, and a

segmentation map that aids interpretability of the system (Figure 1.6). The system

also successfully generalised to OCT images generated by a second device

manufacturer by retraining only the first stage with ~150 sparsely segmented OCT

volumes from the new device. This architecture can lead to OCT interpretation that is

device-agnostic by avoiding the need for retraining of the classification model on

large datasets.

Figure 1.6. Visualisation of the segmentation results as thickness maps. (a) The average

intensity projection of the OCT scan along A-scan direction is overlaid with a thickness map of

the fibrovascular pigment epithelium detachment (PED, red segment). (b) Screenshot from

the OCT viewer. (Row 1 left) Referral suggestion, tissue volumes and diagnosis probabilities.

The highlighted bars correspond to the selected segmentation model. (Rows 1-3) Thickness

maps of the 10 relevant tissue types from segmentation model instance 2. Maps of the two

healthy tissue types (high level retina and RPE) are displayed using a
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black-blue-green-brown-white colour scale; the pathological tissues (all others) are displayed

as overlay on a projection of the raw OCT scan. The thin white line indicates the position of

slice 80. (Row 4) Slice 80 from the OCT scan and the segmentation map from the

segmentation model.

1.6.1.2 Glaucoma

Early detection of glaucoma remains challenging due to its often insidious onset, in

addition to the lack of symptoms experienced by patients. Such issues can lead to

late disease presentation with approximately 29% of patients having advanced,

irreversible vision loss upon diagnosis (140). As the disease is multifactorial,

numerous diagnostic tests are required in order to make a diagnosis and to assess

progression. Several groups have therefore developed AI systems for early detection

of glaucoma and from fewer diagnostic tests to improve accuracy and reduce the

burden on specialists. AI systems have been trained using structural modalities such

as optic disc imaging and OCT, functional modalities such as visual fields, as well as

multimodal systems that combine structure and function (141).

OCT-derived RNFL and GCL thicknesses are commonly used parameters for

glaucoma diagnosis (142), and have been used as an input for AI approaches. One

of the first studies to use AI to discriminate between healthy and glaucomatous eyes

using OCT was published by Burgansky-Eliash et al. (143), whose group built a

machine learning classifier that input OCT-derived RNFL and GCL parameters,

achieving an AUC of 0.98. Other machine learning classifiers have since reported a

wide variation in performance (144–146).

The described studies make use of human-selected markers which can potentially

limit the classification accuracy. Maetschke et al. (147) developed a deep learning

model that input the whole optic nerve head OCT volume without any segmentation

or extraction of specific features and achieved an AUC of 0.94 for discrimination of

healthy and glaucomatous eyes. Class activation maps found that the neuroretinal

rim, optic disc cupping, and the lamina cribrosa and its surrounding areas as the

regions significantly were associated with the model's classification. In many of these

studies, healthy subjects were significantly younger than the glaucoma patients,

which may influence the classifier’s prediction given that there are age-related

differences in the retinal and optic nerve anatomy (148). Furthermore, these

algorithms rely on conventional human-based reference standards which may be

imperfect for early glaucoma detection. Sufficient follow-up of patients may be

required to confirm diagnosis and produce accurate diagnosis labels.
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1.6.1.3 Anterior segment

Early detection of keratoconus is important for ensuring that patients receive timely

treatment such as collagen cross-linking. Yousefi et al. (149) used unsupervised

machine learning to identify stages of keratoconus from OCT images. The AI

algorithm clustered eyes into four categories as defined by the Ectasia Status Index.

This has potential applications for screening, diagnosis, monitoring progression, and

triaging patients based on severity. Kamiya et al. (150) trained six neural networks

from individual colour-coded maps (anterior elevation, anterior curvature, posterior

elevation, posterior curvature, total refractive power, and pachymetry map), derived

from AS-OCT. Five-fold cross-validation results on 239 normal eyes and 304

keratoconic eyes showed an accuracy of ≥98% for discrimination of normal versus

keratoconic eyes. The overall accuracy for classification of each of the four disease

severity stages was 87% with high specificity (> 95%), but sensitivity ranged between

68–90%.

Cataract is a common pathology, however few AI strategies based on AS-OCT have

been developed. Zhang et al. (151) developed a deep learning model that input

AS-OCT images to classify lens opacities, but achieved limited accuracy. This is

likely owing to the use of 2D AS-OCT images as an input which may not contain

enough information compared to 3D volumes.

Another use case for AI in AS-OCT explored by Treder et al. (125) is for detection of

graft detachment after Descemet’s membrane endothelial keratoplasty. Developed on

a dataset of a total of 1172 cross-sectional AS-OCT images (of 609 attached and 563

detached grafts) from 91 patients, of which 100 images were randomly assigned to

the test set, the deep learning model had a sensitivity of 98%, a specificity of 94%,

and an accuracy of 96%. One key limitation is the overlap of eyes between the train

and test set which could overestimate accuracy if there are similarities in the images

between the sets.

AS-OCT has limitations when used in the clinical management of patients with angle

closure because of unreliable identification of the relevant anatomical landmarks and

the lack of automated methods to interpret the angle. Deep learning has shown

promise for classification of angle closure presence compared to reference standards

of expert grading of the angle on OCT (152) and gonioscopy (153). Machine learning

has been used to distinguish between five different mechanisms of angle closure

including iris roll, pupil block, plateau iris, exaggerated lens vault, and no mechanism,

based on the image statistics derived from OCT captures (154).
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1.6.2 Artificial intelligence to predict novel signals from OCT

The retina is the only human tissue that allows in vivo visualisation of the

microvascular circulation and central nervous system. Markers of cardiovascular

disease, such as hypertensive retinopathy and cholesterol emboli, and systemic

disease such as diabetes, can often manifest in the eye. AI has the potential to

further characterise these associations and improve the understanding of the

relationship between the eye and body. For example, using deep learning, retinal

fundus photographs can predict the risk of cardiovascular events and risk factors

such as systolic and diastolic blood pressure, glycated haemoglobin levels, smoking

status, age, and biological sex (155). Macular OCT similarly carries these signals for

predicting sex and age (156,157). Furthermore, the morphology of the retinal nerve

fibre layer, most easily visualised on OCT, is increasingly being studied in

neurodegenerative disorders such as Parkinson’s disease (48) and dementia (49).

Thinner retinal nerve fibre layers have been found to be associated with future

cognitive decline, making OCT a potential screening tool for early cognitive changes

(50). Machine learning techniques have been used to discriminate between patients

with relapsing-remitting multiple sclerosis and healthy age-matched controls using

OCT-derived RNFL and GCL parameters, achieving nearly perfect accuracies

(158,159), however further work is needed to explore its clinical use in early detection

or diagnosis.

The progression of eye disease such as glaucoma and AMD can be highly variable.

For AMD specifically, progression to an exudative form is sight-threatening and

warrants urgent referral and treatment. Predicting eyes at highest risk of progression

is therefore clinically useful to decide which patients require closer monitoring, and

for deciding which patients would benefit from preventive treatment should these be

successful in clinical trials. Several anatomical features as visualised on OCT have

been associated with the progression of AMD, including the number of drusen (160),

drusen volume (161–163), drusen height (160), drusen area (163), drusen regression

(164), presence of reticular pseudodrusen (165), presence of HRF (166), retinal

thickness (167), thickening of the RPE (168), presence of PED (166,169), and the

severity of exudative AMD in the first eye (170). More recently, AI systems have been

developed that input several of these quantitative measures, or even the OCT B-scan

or volume images themselves to predict the risk of progression. Schmidt-Erfurth et al.

(171) used AI to segment individual features to input into a Cox proportional hazards

model that predicted progression of AMD to GA or to CNV in the fellow eye of

patients within 2 years of the first eye developing the exudative form. Using
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cross-validation on the HARBOR clinical trial dataset of 495 fellow eyes—of which 

114 and 45 developed CNV and GA, respectively, the model had an AUC of 0.68

(CNV) and 0.80 (GA). The limitations of this work include its small sample, the use of 

only the first 5 monthly scans which might limit the foresight of the model, and the 

exclusion of patients that converted within the first 4 months. Work by Banerjee at al.

(172) used the same trial dataset to predict conversion to CNV within different time 

frames of 3 to 21 months. The OCT device’s proprietary algorithm was used to 

segment drusen to create multiple features such as volume, height, reflectivity. These 

features combined with patient demographics were used as inputs to a recursive 

neural network model, and achieved a cross-validation AUC of 0.96 and 0.97 for 

prediction of conversion within 3 and 21 months respectively. However, their model 

demonstrated signs of overfitting as when tested on an external dataset, the model 

performance reduced to 0.82 and 0.68 for the 3 and 21 month prediction, 

respectively. Furthermore, the visit in which treatment was initiated in the fellow eye 

was used as the label of conversion—this is likely to be inaccurate as conversion can 

often show signs of exudation in prior visits.

AI has been used to study the relationship between retinal structures and visual 

function in eye disease. Aslam et al. extracted 16 quantitative features from a single 

foveal OCT B-scan and trained a neural network to predict VA in eyes with 

neovascular AMD (173). The model achieved a root mean square error (RMSE) of 

8.2 Early Treatment Diabetic Retinopathy Study (ETDRS) letters. Using a deep 

learning system that input a series of 2D OCT B-scans, Kawczynski et al. similarly 

attained a RMSE of 8.6 and 9.0 letters for eyes with neovascular AMD and fellow 

eyes, respectively (174). For prediction of VA at 12 months using the baseline scan 

only, the RMSE increased to 14.16 and 11.27 letters for eyes with neovascular AMD 

and fellow eyes, respectively, demonstrating a limited performance in visual 

prognosis.

Standard automated perimetry testing is the standard of care for monitoring visual 

function in glaucoma. However, the subjectivity of the test, variability of results, and 

confounding effect of age-related changes such as cataract, restrict its utility

(175,176). Furthermore, VF testing can be a time-consuming process in which patient 

fatigue, inattention, or incomprehension of the test can contribute to unreliable results 

and the need for additional testing. AI models have therefore been explored for 

predicting VF function from structure in glaucoma. Christopher et al. trained a deep 

learning model using circumpapillary RNFL captured by SD-OCT as an input to 

predict mean deviation (MD) as output by the Humphrey Field Analyzer 24-2 test
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(HFA 24-2, Carl Zeiss Meditec, Dublin, CA) (177), achieving a mean absolute error

(MAE) of 2.5 dB with R2 of 0.70. Hashimoto et al. trained a model to predict HFA 10-2

visual fields in a point-wise manner, which is especially important when considering

the patient’s real-world visual function and quality of life, and reported a mean MAE

of 5.47 dB (3.05) (178). The main limitation of using perimetry exams as a ground

truth are their limited reproducibility and repeatability, making them imperfect and

challenging targets to predict.

1.7 OCT BEYOND THE EYE CLINIC

OCT systems have become ubiquitous in eye clinics, and technology is improving to

provide automated interpretation of these images at scale. However, access to OCT

imaging beyond clinical settings is limited by the cost, size, and the skill required to

operate the devices. Remarkable progress has been made in the development of

OCT hardware to improve the speed of acquisition, the quality of images, and into

functional extensions of OCT such as OCT angiography. However, more needs to be

done to radically improve the access to OCT by addressing its limitations, and enable

penetration outside of typical clinical settings and into underserved populations.

Beyond high-income countries, there are 6.5 billion people with similar eye care

needs which cannot be met by the current generation of bulky, expensive, and

complex OCT systems (179). In addition, advancing the portability of this technology

to address opportunities in point-of-care diagnostics, telemedicine, and remote

monitoring may aid development of personalised medicine and the application of AI

to predict signals of eye disease progression or systemic disease.

OCT machines have several limitations. Firstly, they are costly; the price of a retinal

OCT device ranges from approximately £30,000 to £100,000 (180). Secondly, the

use of these devices is limited to typical clinical settings such as hospital clinics or

optometry practices. They are housed in large tabletop configurations and require

alternating current power, constraining their portability. As patients are required to sit

upright and stabilise their head on a chinrest whilst maintaining steady fixation, they

are only suitable for ambulatory and cooperative patients. Thirdly, a certain level of

skill is required to capture optimal images. A technician is often required to align the

device, capture the image, and perform a quality check to ensure the image is

acceptable. Below, several efforts are discussed that aim to address these limitations

and thus improve the accessibility of this valuable diagnostic tool and enable

point-of-care diagnostics, telemedicine, and remote monitoring.
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1.7.1 Whole-eye OCT

A significant limitation of commercially available OCT devices is their limited depth

range. Widely used spectral-domain OCT devices have a typical depth range in the

order of a few millimetres, ideal for imaging the retina, but less effective for imaging

other structures of the eye. Enhanced-depth imaging protocols overcome this

limitation to some extent by moving the zero-delay line posteriorly to penetrate

deeper into the choroid, but this is at the expense of lower resolution of the inner

retinal layers.

Most OCT systems are dedicated to retinal imaging or anterior segment imaging.

Some commercial retinal scanners are capable of switching between anterior and

posterior imaging modes with additional optical attachments, however anterior

segment imaging performance is typically suboptimal. Newer technologies aim to

expand the depth range of OCT even further to achieve ‘whole eye’, defined as

imaging spanning from the eyelids to the posterior pole within a single device

(181,182). The development of SS-OCT in recent years has greatly extended the

depth range enabling imaging of deeper tissues within the eye. Commercial systems

described above are however still dedicated and limited to anterior or posterior

segment imaging. SS-OCT research prototypes incorporating vertical cavity surface

emitting lasers (VCSEL) as a light source have an even greater depth range of up to

40–60 mm, greater than the axial length of the eye (181). Therefore, with VCSEL it is

possible to image both anterior and posterior segments concurrently and without the

need for additional attachments. Additionally, VCSEL enables imaging of the vitreous

cavity, a transparent structure that is not usually imaged due to its poor reflectivity.

Preliminary studies have shown that OCT-derived measurements of vitreous signal

intensity may be useful as an outcome measure for patients with uveitis (183).

VCSEL has the potential to acquire images at ultrahigh speeds of up to 580,000

A-scans per second with an axial resolution of 9 μm. These properties are a

significant step towards using one instrument to attain a holistic, high-resolution, and

three-dimensional view of the entire eye.

1.7.2 Portable OCT

The construction of a portable, handheld, OCT device could increase the ease of

access and expand OCT into settings where use is currently prohibited by its cost

and size. There are currently three commercial handheld SD-OCT systems available

that address this issue. The Envisu C2300 OCT (Leica Microsystems, Germany)

became the first handheld OCT scanner to receive approval from the FDA (184). The
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scanner consists of a 1.5 kg imaging probe connected to a console by a 1.3 m flexible

cable with the most recent iteration, the C2300 additionally providing a variety of

lenses to enable both anterior and posterior segment imaging. The iVue system by

Optovue Inc. consists of a stand-mounted unit with a 2.2 kg removable scanner

(185). Both systems benefit from rapid acquisition speed facilitating capture in

paediatric populations. A third device, the Heidelberg Spectralis Flex Module

(Heidelberg Engineering, Heidelberg, Germany) incorporates a flexible “boom” arm,

which houses the acquisition lens and can be adjusted up to 100 cm from the main

device body (Figure 1.7) (186). The portability of all these devices has allowed for

imaging of patients in various positions and beyond the outpatient clinic, from

intensive care to the surgical environment (187). However, these handheld systems

are associated with a steep learning curve for operation, are subject to motion

artifacts, and are still considerably heavy to hold or are attached to much larger

systems that restrict use outside of the clinic.

Figure 1.7. Heidelberg Spectralis Flex Module in use. The system is affixed to a moveable

stand with a flexible arm. Images courtesy of Dr. Xiaoxuan Liu and Dr. Aditya Kale, University

Hospitals Birmingham NHS Foundation Trust.
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Several research groups have designed portable OCT prototypes that incorporate

miniaturised components known as microelectromechanical systems (MEMS) in the

spectrometer. MEMS enables technology to be constructed at micrometre scale, and

is widely used in numerous consumer products such as mobile phones, video game

controllers, and accelerometers and gyroscopes for drones. In OCT systems, MEMS

scanning mirrors can be used instead of bulky galvanometers to enable a lightweight

compact design that can be integrated into probes or handheld devices, whilst

simultaneously reducing the cost (188–191). However, reductions in size and cost

come at a substantial sacrifice of signal to noise ratio and reduced imaging depth. In

addition, OCT systems comprise several components including the light source and

the computer processing unit, all of which can still be costly. Units integrating MEMS

and VCSELs are also available, combining the advantage of portability with extended

depth range (192). A prototype SS-OCT handheld system incorporating VCSEL was

demonstrated by Lu et al. which had an acquisition speed of 350,000 A-scans per

second—10 times greater than the Envisu system (190). Speed of image acquisition

is an important consideration, particularly in handheld systems which are prone to

artifacts from operator motion, and compounded by subject motion. To alleviate the

impact of these artifacts on the output image, the system acquires two volumes

orthogonal to each other which can be processed to generate a motion-corrected

merged volume. The high speed of the system also enables dense sampling of the

retina, producing high definition in vivo retinal images with a field of view up to

10 𝗑 10 mm captured in this study. The shape and weight of the device is also a

critical design consideration to ensure rapid and steady alignment of the device by

the operator. With innovations in 3D printing, optical components can be housed in a

lightweight ergonomic casing. The authors evaluated two different designs with

identical optical components—their power grip design (0.50 kg) supported

ambidextrous operation but was overly sensitive to the operator’s hand movements,

whereas the camcorder design (0.42 kg) provided improved balancing but could only

be operated using the right hand. The optical design also incorporated an iris camera

and fixation target to further aid subject alignment. Although the images produced are

comparable to commercially available devices, the cost of the prototype was too high

to be viable for use outside of the eye clinic. The majority of the cost was due to the

VCSEL and data acquisition electronics. Similarly, Nankivil et al. demonstrated a

SS-OCT handheld device that incorporated a MEMS-scanner with an iris camera to

aid alignment. Uniquely, the system rapidly switches from anterior to posterior

segment imaging, miniaturising whole-eye OCT to a portable system (193).
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The cost of OCT can be significantly reduced by designing systems that utilise

components that are manufactured at scale for other industries and are therefore

readily available and inexpensive. One biomedical engineering group from Duke

University, USA, has built an OCT system that uses commercial off-the shelf

components to design the spectrometer, scanner, optics, and electronics, costing a

total of $7164 (194). The system uses a variable focus liquid lens that can be

precisely adjusted to the desired focal length, enabling dynamic focus over multiple

depths. An inexpensive microcontroller was used to synchronise the MEMS mirror

with the spectrometer. The sensor of the spectrometer was inexpensive and is

designed to be more robust to system misalignment due to temperature fluctuations

and mechanical stress. A mini-PC accelerated using a graphics processing unit

(GPU) was used to increase the portability, eliminating the need for an external PC or

laptop as is used in most commercial OCT systems. The increased processing power

from a GPU enables highly efficient image processing. To synchronise the movement

of the MEMS mirror with the detector, an Arduino microcontroller was used to detect

incoming signals and subsequently send a trigger to scan the MEMS mirror without

delay. The optical components were housed inside a lightweight 3D-printed casing

with a total weight of 2.7 kg. The system had an axial resolution of 7 μm, an imaging

depth of 2.8 mm with a 7.0 𝗑 7.0 mm field of view, and a B-scan acquisition rate

(512 𝗑 512 pixels) of 12 frames per second. To demonstrate the imaging capability of

the system in relevant biological tissue, ex vivo porcine eyes and live mice retinas

were imaged. The low-cost OCT system can clearly resolve the tear film, individual

corneal layers, the lens, and the iris of the porcine eye. Retinal B-scan imaging of live

mice could clearly resolve the individual retinal layers. Some limitations of this

prototype included slow acquisition speed making it prone to motion artifacts and

thus reduced the ability to take advantage of averaging to improve the signal-to-noise

ratio.

The same group further refined their low-cost OCT system and successfully applied

the device to image the retina of 30 healthy volunteers and 30 patients with retinal

pathology (195). The system offers an axial resolution of 8.0 μm, an imaging depth of

2.7 mm and a 6.6 𝗑 6.6 mm field of view. The prototype OCT images could clearly

resolve relevant layers of the retina, comparable to the images from the Heidelberg

Spectralis system (Figure 1.8). Although the system was mounted on a chin rest for

the study to aid stability for comparison with the Heidelberg device, it was also

operable as a handheld device. Evaluated in five healthy volunteers, the investigators

obtained high-quality images with an operator hand holding the scanner without a
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chin rest. The superluminescent diode in this system suffered from power fluctuations

affecting the image contrast. This engineering step was made to keep costs down,

but given the impact on the imaging signal from the retina, the group aims to resolve

this in future iterations. To enable complete stand-alone operation of the system, a

7-inch touchscreen was incorporated into the system body to allow controls for data

acquisition and display of retinal images (Figure 1.9). The total weight of the device

was 2.3 kg, with a total cost of materials of $5037. While a commercial version of this

system is likely to be more expensive to offset the research, production and

regulatory expenses, it has the potential to offer adequate performance as a retinal

screening tool at a fraction of the cost of current commercial systems. The device will

be commercialised through the group’s start-up company called Lumedica (Durham,

NC), and are currently marketing an OCT microscope constructed using similar

technology for research purposes (196,197). The OQ-LabScope boasts a low price of

$10,000, a compact size (13 𝗑 7.5 𝗑 6 inches) and is lightweight (2.7 kg). The device

has an axial resolution of 5 μm in tissue and can acquire B-scan images at a rate of

22 per second. It can be connected to a PC and integrates a graphical user interface

for intuitive manipulation of imaging parameters. While this system is affordable and

easy to use, it has not yet received regulatory approval for use in retinal imaging.

Figure 1.8. Representative images from patients with pathology that were acquired by the

low-cost OCT (LC) and the Heidelberg Spectralis (HE) systems. Scale bars: 500 μm. Images

courtesy of Prof. Adam Wax, Duke University.
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Figure 1.9. a) Complete low-cost OCT system showing PC, touchscreen, and scanner. b)

Detailed composition inside the low-cost OCT handheld scanner. Images courtesy of Prof.

Adam Wax, Duke University.

One of the most exciting applications is the potential for ‘smart OCT’. The significant

advancements in display, sensor and battery technologies together have paved the

way for multi-functional devices such as smartphones, tablets, and smartwatches.

Modern day smart devices incorporate a number of embedded sensors that can be

used to measure several health parameters such as cardiovascular health (198),

physical activity (199,200), and sleep quality (201). Smart devices have the ability to

connect to a data network, enabling assessments to be remotely administered and

results to be wirelessly transmitted to health providers (202). Nearly 60% of the

world’s population is connected to the internet (203), and nearly half own a

smartphone (204), making remote health monitoring a feasible option in large parts of

the world. Remote monitoring technologies would not only be valuable in low and

middle income countries where access to ophthalmologist offices is limited (205), but

also for patients with chronic conditions such as age-related macular degeneration

which necessitate ongoing monitoring. Smartphone fundus imaging is already

available that utilises the smartphone camera with the addition of a clip-on adaptor

that provides the additional optics required (206). However, integrating OCT into a

smart device is more complex due to the need for emission of specialised

wavelengths. Advances in silicon photonics have demonstrated the feasibility of

integrating optical and electrical circuits onto a chip that can be incorporated into

portable devices (207,208). OCTCHIP, a European project led by Wolfgang Drexler

from the Medical University of Vienna aims to use this technology to engineer a

cost-effective, handheld, wireless, OCT system that is the size of a 1 cent coin (207).

The project endeavours to radically transform OCT towards widespread adoption in

point-of-care diagnostics for the early diagnosis of retinal pathologies. In another
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European-funded project called Handheld OCT, the same group aims to create a

handheld system for point-of-care diagnostics with partners from Carl Zeiss,

University College Cork, and several other partners in the electronics space (209).

This 5-year project commenced in January 2020.

Multiple-reference OCT (MRO) is a new type of OCT system that has a low-cost and

compact configuration, with a comparable footprint to the pick-up head contained

within a DVD unit (210). The foundations of the technology are similar to first

generation time-domain OCT. In time-domain systems, a Michelson-type

interferometer is used to divide a broadband light, emitted from a superluminescent

diode, into a reference arm of known path length and time-delay, and a sample arm

that is focused at the tissue of interest, such as the retina. The two light beams are

reflected back to a photodetector using a mirror to generate an interference pattern.

By mechanically moving the mirror over the sample, light is reflected from each

surface in the tissue producing multiple A-scans that subsequently comprise a

B-scan. This involves several moving parts that travel considerable distances,

consequently limiting the scan speed and making it prone to motion artifacts. The

proposed MRO system reduces the need to mechanically adjust the optical path

length with the addition of a partial mirror close to the reference mirror, thus enabling

a more compact design. The partial mirror propels a portion of the backscattered light

to travel to the detector, and the remaining portion is reflected back and forth

between the partial and reference mirror multiple times. Each successive reflection

corresponds to regions deeper within the target tissue. Every interference signal

generated by the reflections can be separated out using digital signal processing

techniques, and stitched together for each region of the A-scan to form a continuous

image. Subhash et al. have demonstrated the implementation of this technology

using a smartphone interface (211). In this work, an analogue front-end receives the

optical signals. An analogue-to-digital converter connects the analogue front-end to a

smartphone to digitise the received data. The smartphone acts as a signal processor

and a graphical user interface for the user to start and stop scan measurements and

see a live graph of incoming OCT measurements. These measurements can be

transformed into an image and subsequently analysed, saved, or transmitted via

email. The next steps for this technology will require improving the imaging

performance to achieve real-time B-scan images (212). Although the acquisition

speed of MRO cannot compete with the latest Fourier domain systems, the moderate

speed of the system does not demand high specification computational platforms and

therefore may be deployable on mobile systems. A start-up company called Compact
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Imaging (Mountain View, CA) will commercialise this technology in partnership with

Novartis (Basel, Switzerland) (213,214).

1.7.3 Home-based OCT

At-home disease monitoring devices in development may be more cost-effective for

monitoring patients at high-risk of developing neovascular AMD (215). Notal Vision

(Tel Aviv, Israel) received FDA approval for the ForeSeeHome in 2010, an at-home

digital macular visual field and hyperacuity testing device that transmits data directly

to the ophthalmologist. The device has since undergone a randomised clinical trial,

concluding that individuals at high risk of conversion to neovascular AMD would

benefit from a home monitoring strategy for earlier detection of CNV development

(216). Notal also plan to launch a ‘Home OCT’ device, a self-operated SD-OCT

device that could be provided to patients at risk of vision loss from AMD, or between

visits to the ophthalmologist to customise appointments to the individual patient’s

needs (Figure 1.10) (217). The device acquires images of the central 10 degrees of

the macula and subsequently reads the image using the company’s artificial

intelligence platform, Notal OCT Analyzer. In a prospective clinical trial, 90% of 196

patients were able to obtain a gradable image in at least one eye after a 2 minute

video tutorial (218). When evaluated on images of AMD taken using the device, the

Notal OCT Analyzer demonstrated greater than 97% sensitivity and specificity for

detection of IRF and SRF (219). The device received Breakthrough Device

Designation by the FDA in 2018, expediting assessment and review for 510(k)

clearance and market authorisation. Recent prospective evaluation in a pilot study of

four individuals with neovascular AMD found 87.9% of the 240 self-imaging attempts

with the device were successfully completed, of which 97.6% produced images of

satisfactory quality for expert grading (220). Of these, the Notal OCT Analyzer

agreed with expert grading in 94.7% of images. This system demonstrates that home

OCT telemedicine systems could provide an alternative paradigm for disease

monitoring.
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fast scanning. The prototype required the subject’s head to be inclined downwards

onto the headrest, enabling stable positioning to reduce moving artifacts. Manually

graded central retinal thicknesses from sparse OCT data in 30 AMD patients were

compared to automated measurements obtained from the Heidelberg Spectralis

device, showing no statistically significant difference. Sparse OCT may be one

method of delivering a portable at-home OCT system with adequate resolution for

monitoring.

Figure 1.11. Home-based MIMO OCT system. Image courtesy of Dr Peter Maloca, University

of Basel.
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Chapter 2

Binocular optical coherence tomography and

thesis aims

2.1 THE BURDEN OF CHRONIC EYE DISEASE

Chronic eye diseases are a major public health issue in the UK (227). Four chronic 

eye diseases alone, defined as those ocular conditions that last a year or more and 

require ongoing medical attention and/or limit the activities of daily living, account for 

the bulk of visual impairment and blindness in the UK (228–230). AMD is the leading 

cause of irreversible visual loss in the UK accounting for 58.6% of all blindness 

certifications in 2007–2008, while diabetic retinopathy is among the leading causes of 

blindness in the working age population (228). Glaucoma is a major cause of visual 

impairment in the UK, with more than 500,000 people affected, and is the leading 

cause of irreversible visual impairment worldwide (231). Finally, strabismus and 

amblyopia are disorders of visual development affecting 2.1% of children in the UK 

(232). Visual loss from these chronic conditions affects mobility, the ability to read, 

drive (233), recognise faces (234), and use computers (235). It also leads to reduced 

productivity, negative psychological effects such as depression (236), and an 

elevated risk of systemic comorbidities (e.g. falls and fractures in the elderly). 

Chronic eye diseases also constitute a considerable economic burden—in the USA, 

the direct costs alone of retinal diseases and glaucoma are estimated at $14.5 billion 

annually (237,238). With an ageing population, and the worldwide explosion in 

diabetes mellitus, the burden of these diseases is projected to increase substantially 

in the next decade (239,240).

2.2 LIMITATIONS OF THE CURRENT EYE EXAM

Much of the burden of chronic eye conditions to both patients and to the NHS may be 

ascribed to the limitations of the current eye examination. Patients with such 

conditions commonly require long-term monitoring with frequent, time-consuming 

visits to the eye clinic. The workflow in many eye clinics is inefficient, with patients 

being asked to wait multiple times, interact with several different staff members, and 

see their respective clinician on multiple occasions. The need for extensive testing
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also results in large staffing and equipment costs and extensive floor space

requirements. Moreover, the fundamental unit of the eye examination, “slit lamp”

ophthalmoscopy, has little changed since its original description in 1911 by Gullstrand

(241), being time-consuming, subjective, non-quantitative, and requiring a skilled

operator.

Envision Diagnostics, Inc (El Segundo, CA, USA) has recently developed a new form

of eye examination termed Binocular Optical Coherence Tomography (henceforth

referred to as binocular OCT) (242). This device aims to address the shortcomings of

the current eye exam, and adds many unique capabilities.

2.3 DEVELOPMENT OF THE BINOCULAR OCT AND POTENTIAL USES

The binocular OCT concept was first described in 2009 (video: http://goo.gl/mi7FyX),

with the device in development since 2011. The first prototypes were manufactured in

2013. The second version prototype (V2) was used for clinical studies at MEH. The

concept drawings illustrate a self-operated portable handheld device that can be held

up to the eyes by the user like a pair of binoculars (Figure 2.1).

The binocular OCT system has a number of unique features. Unlike other OCT

devices, the binocular OCT prototype consists of two oculars, which enables a pair of

eyes to be imaged simultaneously. This is essential to provide quantitative data for

binocular functional tests such as pupillometry, strabismus measurement and ocular

motility. In addition, the oculars automatically align to the user’s eyes. Once aligned

correctly, the device proceeds with the examination in an automated manner. Thus,

an operator is not required to move the device from one eye to the other, and instead

can be operated remotely or by the user themselves.

The binocular OCT utilises a tunable swept-source laser system that performs

imaging of the anterior segment and posterior segment including the vitreous,

therefore permitting whole-eye OCT imaging without the need for additional

attachments (Figure 2.2).
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Furthermore, the prototype incorporates ‘smart technology’, offering more advanced

display, input and computing capabilities than conventional OCT. A speaker system is

used to deliver audio instructions to guide the automated examination. The internal

display screens can be customised to present information to the user. For example,

high-contrast optotypes of varying sizes can be generated on the display screens for

measurement of VA, and verbal responses can be recorded using a voice recognition

system.

With these features, the binocular OCT aims to incorporate many aspects of the eye

examination into a single automated, patient-facing instrument, and has a number of

potential benefits if this was adopted in tertiary eye care clinics, including:

1) Increased efficiency of hospital eye services in the NHS, allowing patients

with chronic eye disease to spend less time waiting during routine hospital

eye examinations.

2) Reduced costs for the NHS, through a reduction in the total number of

diagnostic instruments required and their associated labour costs.

3) Improved quality of eye care, through the introduction of more, quantitative,

standardised ocular measurements and high-resolution imaging.

In the future, a self-operated and inexpensive OCT device could have many use

cases outside the hospital eye service. Devices could be provided to patients and

data could be transferred to clinicians wirelessly, facilitating a new era of remote eye

care, or telemedicine. As OCT proliferates into community optometry and potentially

into patients’ home environment, an automated OCT device that performs several

diagnostic tests that outputs objective, numerical, and visual data, would provide

optometrists with more tools to monitor disease progression.

2.4 TECHNICAL SPECIFICATIONS & GRAPHICAL USER INTERFACE

2.4.1 Optical system

The Version 2 prototype of the binocular OCT was assembled and built at MEH in

May 2016 (Figure 2.3). The prototype is a similar size as other commercial OCT

systems in use today. It is mounted on a motorised base that allows users to adjust

the instrument height.
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Figure 2.3. Binocular OCT Version 2 prototype, assembled at MEH in May 2016.
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Figure 2.5. Binocular OCT optical diagram. 
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2.4.2 Communication system

A hardware voice recognition system (VRS) (Sensory, Inc., Santa Clara, CA) and a

text-to-speech module (TextSpeak, Inc., Westport, CO) are used for communications

with the participant. Two speaker systems in close proximity to the user’s ears are

used to deliver verbal instructions during examination. A microphone is integrated

into the device below the mask (Figure 2.6).

2.4.3 Display screens

There are two internal full colour (red/green/blue) laser diode displays comprising 

horizontal lines. Two display content generators (one for each eye) are embedded

into the optical system. The display has an instantaneous power of 30 nW, and a

resolution of 2 pixels per arc minute. Due to the remote configuration of the screens,

accurate measures of luminance were not possible. The laser diodes are only

activated to display the content in the foreground such as the fixation target and letter

optotypes, while all other laser diodes remain off and provide a dark background to

limit the amount of visible light entering the eye.

2.4.4 User–device interface

The user rests their head into a 3D-printed mask (Figure 2.6). The mask incorporates

a nose rest and a disposable forehead rest. Disposable safety goggles made of

American National Standards Institute Z97.1 compliant polycarbonate are placed on

the interface for protection from the moving optics within the device. Both the

forehead rest and goggles are replaced after each user.
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2.4.5 Graphical user interface

A bespoke graphical user interface (GUI) on the external computing system is

provided to control the examination settings (Figure 2.7). This includes buttons for

manually starting and aborting examinations, as well as input for examination details

such as the examiner’s initials and notes, the user’s ID and refractive correction,

power calibration measurements, and a module to record history.

Figure 2.7. Graphical user interface used to configure, start, and abort examinations.

2.5 SUITE OF TESTS

The Version 2 prototype was equipped with a suite of tests that were iteratively

modified to improve its capabilities for the planned studies in this thesis. The tests

were performed in an automated manner, but required an operator to begin the

examination via the GUI.

The current order of testing is listed below. While 2.5.1 and 2.5.2 are performed

simultaneously on both eyes, 2.5.3, 2.5.4, 2.5.5 and 2.5.6 are first performed on the

left eye, followed by the right eye. This order is arbitrary and preset for this device.

Appendix 1 provides an example transcript between the device and the user.
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2.5.1 Introduction to the examination and initial ocular alignment

The device instructs the user to place their head in the mask, and to respond “ready”

to begin examination. Once the user is comfortable and ready to begin, the device

presents a white ring fixation target on the display screen covering a 2.5° field on the

retina to the eye with better acuity (Figure 2.8). The user is instructed to fixate at the

centre of the ring.

Figure 2.8. The design of the ring fixation target. The target is displayed on one of the

screens of the binocular OCT using laser diodes.

The device then proceeds by moving the optics of the device to align with the user’s

eyes. Real-time segmentation of the cornea and iris in both horizontal and vertical

planes of both eyes provides the device with simultaneous feedback on accurate

alignment (Figure 2.9). These images are visualised and can be seen by the study

investigator, and if a failure of the alignment algorithm is observed, the operator can

proceed into ‘manual alignment’ of the oculars; this involves clicking on the anterior

cornea and/or pupil centre in the images requiring alignment. Once the anterior

cornea (indicated by the green curved line) and the pupil centre (represented by the

red filled circle) are visible in all four images, the system will proceed to the first

diagnostic test.

Ocular alignment is automatically re-assessed prior to each individual test to ensure

the user is still in the correct position. The device recognises when the user is too

close or leaning away from the mask by measuring the centration of the anterior

segment in the image. Before moving on to the next test, the device requires the

user's fixation to remain stable, which is determined by the visibility of anterior
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segment landmarks in a consecutive set of images. In cases where the user position

is not optimal, the machine provides the user with additional instructions to adjust

their head posture, or to remind them to look at the fixation target (see Appendix 1).

The oculars within the device are simultaneously adjusted to regain alignment before

proceeding with the next test.
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Figure 2.9. Real-time tracking of OCT images of the anterior cornea and pupil centre. Images are captured in the vertical (A, C) and horizontal (B, D)

meridians of both eyes. This aids accurate alignment of the optics within the device to the user’s eyes. Key segmentations: anterior cornea—green line, iris

plane—red line, pupil centre—red circle, pupil margins—vertical lines.
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All averaged scans were generated from 16 B-scans through the central meridians.

Raster scans can subsequently undergo post-processing to generate 3-dimensional

reconstructions (Figure 2.10).

Figure 2.10. Three-dimensional reconstruction of an anterior segment raster scan using

ImageJ–a widely used open-source Java image analysis program.

2.5.3 Ocular motility

Ocular motility assesses the alignment of the eyes in different positions of gaze and

is a core part of binocular vision assessment (243). Clinical testing often involves the

patient fixing and following a target in nine cardinal positions of gaze—primary

position, left gaze, left and up gaze, up gaze, right and up gaze, right gaze, right and

down gaze, down gaze, and left and down gaze. This is most commonly performed

monocularly to assess ductions and binocularly to assess versions. In these

positions, a cover test may be performed to determine which extraocular muscles are

over or under-acting and the magnitude of misalignment. Eye movements and

diplopia can also be charted with greater precision and in a quantitative manner

using the Hess test (244).

Using binocular OCT, this examination is performed with one eye fixated at a time,

whilst capturing simultaneous OCT images of the vertical and horizontal planes of the

anterior segments of both eyes. As only one eye can see the fixation target, only

ductions (as opposed to versions) are measured to elicit the maximal deviation. A
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2.5.5 Suprathreshold perimetry

A 2° 𝗑 2° achromatic, high-contrast, suprathreshold, horizontal square-wave grating

stimulus is randomly presented in the same eight peripheral subfields as tested in the

motility exam. The examination is a binary seen/unseen test and detects gross VF

defects. Participants are instructed to focus on the central fixation target and respond

“yes” when the stimulus is visible. The stimulus is presented for a duration of 2

seconds and an additional random time delay of up to 3 seconds before the next

stimulus is presented. Users have the full stimulus duration to provide a response.

2.5.6 Pupillometry

Pupil reactions are assessed using simultaneous OCT capture of the anterior

segments including the iris plane. Each eye is stimulated independently and

sequentially with a single, bright, 250 ms flash of white light. B-scan recordings are

captured at regular intervals 350 ms prior to stimulation and 4000 ms

post-stimulation. Measurements of the pupil circumference can subsequently be

used to calculate pupil parameters such as amplitude and latency of constriction,

anisocoria, and relative afferent pupillary defects.

2.6 AIMS AND OUTCOMES

2.6.1 Clinical evaluation of binocular OCT

Compared with other health technology, new medical devices are subject to relatively

little regulation, often entering routine use without a thorough assessment of their

safety,efficacy and usability. This contrasts starkly with pharmaceuticals, which are

subject to rigorous assessment, typically over distinct progressive phases, before

they can be routinely used. This has arisen in part because many such devices are

considered “low risk”, often reach market early, and are often developed by small

companies with little research experience. As a result, costly technologies are often

adopted without definite evidence of benefit, while non-inferior devices with

cost-saving potential may be overlooked. Evaluation of new diagnostic imaging

devices should ideally, therefore, be a process rather than a discrete event.

Therefore, a progressive framework of diagnostic testing is proposed for clinical

evaluation of the binocular OCT. Patient and public involvement is central to this

process from the outset, with structured, patient-centred, usability testing in Chapter

3. In Chapter 4 and 5, early-stage diagnostic studies assess the agreement,

repeatability, and reproducibility of individual diagnostic features. In Chapter 6, a
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health economics analysis is conducted to model current practice within retinal

therapy clinics, and the potential impact of binocular OCT implementation. This will

ultimately facilitate the incorporation of binocular OCT into future downstream clinical

trials and thus the assessment of its effects on clinical outcomes.

2.6.2 Artificial intelligence to predict eye disease

Artificial intelligence is likely to fundamentally change OCT interpretation, in terms of

speed, improving access, and to understand new patterns of disease features.

Facilitated by image acquisition of both eyes with instruments such as the binocular

OCT, one clinically applicable role of AI in the retinal therapy unit is to predict disease

progression in second eyes of patients already undergoing treatment. In Chapter 7, a

new AI system is explored that takes OCT as an input to predict future conversion of

fellow eyes to exudative age-related macular degeneration within a clinically

actionable time frame.
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Chapter 3

Human Factors and Usability Testing of a

Binocular OCT System—The EASE Study

3.1 ABSTRACT

In this work, usability testing of a binocular optical coherence tomography (OCT)

prototype was performed to predict its function in a clinical setting, and to identify any

potential user errors, especially in an elderly and visually impaired population.

Forty-five participants with chronic eye disease and 15 healthy controls underwent

automated eye examination using the prototype. Examination included whole-eye

OCT, ocular motility, visual acuity measurement, perimetry, and pupillometry.

Interviews were conducted to assess the subjective appeal and ease of use for this

cohort of first-time users. All participants completed the full suite of tests. Eighty-one

percent of the chronic eye disease group, and 79% of healthy controls, found the

prototype easier to use than common technologies, such as smartphones. Overall,

86% described the device to be appealing for use in a clinical setting. There was no

statistically significant difference in the total time taken to complete the examination

between participants with chronic eye disease (median 702 seconds) and healthy

volunteers (median 637 seconds) (P = 0.81). On their first use, all participants,

irrespective of age or level of vision, completed the automated examination without

assistance. A usable binocular OCT system has been developed that can be

administered in an automated manner. This work identified areas that would benefit

from further development to guide the translation of this technology into clinical

practice.

The patient and public engagement events described in this chapter were performed with support

from Dr. Andi Skilton and Richard Cable from the NIHR Moorfields Biomedical Research Centre.

This chapter forms the basis of the following publication:

Chopra R, Mulholland PJ, Dubis AM, Anderson RS, Keane PA. Human Factor and Usability

Testing of a Binocular Optical Coherence Tomography System. Transl Vis Sci Technol. 2017

Jul;6(4):16.
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3.2 INTRODUCTION

Ophthalmology is among the most technology driven of all medical specialties, with

advanced medical imaging devices and specialised computer software increasingly

being adopted for routine clinical use. While many such devices are capable of

completing specific tasks, their lack of usability prevents their widespread adoption.

For example, the device operations are not easy to learn and remember, or are not

efficient or user-friendly (246,247). Moreover, devices that are difficult to use or

understand expose patients to clinical risk as a result of human error during usage.

Human factors and usability testing, also known as ‘human factor engineering’ deals

with the formal study of the interaction of users with their environment. Structured,

user-centred, usability testing is essential to the design, clinical validation, regulatory

approval, and widespread implementation of all new medical devices (248), where

the user could be either the patient or the operator. This testing is particularly

important for a putative binocular OCT system—a patient-facing instrument intended

for automated use by visually impaired, often elderly, populations. Patient-centred

testing can guide the optimisation of the operating software and workflow for use in

visually impaired populations and the elderly.

The EASE study (ClinicalTrials.gov Identifier: NCT02822612) was a prospective

single-site non-interventional study, carried out between May 2016 and October

2016, to evaluate human factors and usability of automated, comprehensive ocular

examination in elderly and visually impaired populations using a prototype binocular

optical coherence tomography system.

The primary objective was to assess the usability of a binocular OCT prototype in a

population with chronic eye disease especially in visually impaired and elderly

populations, and in healthy volunteers, with a view to predicting likely function in a

clinical setting.

The secondary objective was to identify any potential user errors, particularly those

with a likelihood of generating erroneous examination findings, for example, failure to

comply with device instructions or errors in voice recognition.

3.3 METHODS

Approval for data collection and analysis was obtained from a UK National Health

Service Research Ethics Committee (REC) (London-Central, REC reference:
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15/LO/1756). Written consent was obtained from all participants. The study adhered 

to the tenets of the Declaration of Helsinki.

3.3.1 Patient and Public Involvement (PPI)

Prior to study setup, a patient and public involvement (PPI) event was organised 

during the design phases of the study that included 12 contributors. This event was 

used to receive participants’ thoughts on the device and to assist with informing the 

design and implementation of the study. A second group of nine contributors

(including four people from the first focus group) was convened after study 

completion to advise on dissemination of preliminary results, and hence provide 

discourse for recommendations to improve the device to aid its translation into a 

clinical setting. The events lasted for approximately three hours. The PPI team from 

the National Institute for Health Research (NIHR) Biomedical Research Centre at 

MEH facilitated the discussions.

3.3.2 Participants

Forty-five participants with chronic eye disease were prospectively recruited from 

glaucoma, retinal disease, and strabismus clinics at MEH. In addition, 15 healthy 

volunteers with no self-reported history of ocular disease were recruited as a control 

group. The sample size was based on usability literature (248), and draft guidance 

from the FDA ‘‘Human Factors’’ program (249).

As the primary objective of the EASE study was to assess the usability of the 

binocular OCT system in elderly and visually impaired populations, the main inclusion 

criteria was the presence of one of three chronic eye diseases: 1) retinal disease, 2) 

glaucoma, 3) strabismus. A conversational level of English was required for users to 

understand the instructions, and to be able to communicate with the device via the 

English language VRS. As a cohort of everyday healthcare users was desired, those 

with ocular comorbidities and optical opacities such as cataract were included.

Individuals with hearing impairment sufficient to affect their ability to hear and 

respond to instructions delivered by the device were excluded from participating in 

this study. In addition, any other conditions which could conflict or otherwise prevent 

the individual from complying with the required procedures or study conduct, such as 

mobility issues or ability to position for extended periods, were excluded.
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3.3.3 Clinical data collection

Best-corrected VA was measured monocularly using high contrast ETDRS charts and

measured in logarithm of the minimal angle of resolution (logMAR). For participants

with glaucoma, visual field MD scores were recorded from their most recent (< 6

months prior to study visit) SITA standard 24-2 examination on the Humphrey Visual

Field Analyzer (Carl Zeiss Meditec, Dublin, CA). If worn, participants’ habitual

refractive error correction was measured using an automatic lensmeter (Grafton

Optical, Berkhamsted, UK). Both VA and habitual refractive error were input into the

GUI connected to the binocular OCT device (Figure 2.7).

3.3.4 Binocular OCT examination

Before examination, a spherical equivalent of the participant’s habitual refractive

correction is input into the user interface on the computing system, and remotely

corrected in the focusing optics within the prototype device. Without prior training,

participants then underwent automated binocular OCT examination, under direct

supervision by a study investigator (RC). Instructions for the examination and

individual tests were delivered in an automated manner using TextSpeak and a

speaker system built into the prototype. All instructions were spoken in a female

British English voice. Participants were asked to listen carefully to the instructions

and respond verbally when asked to do so by the device. Participants were advised

that the examination would consist of several tests and that the device would inform

them when the examination had concluded. All examinations were video recorded

with participant consent—this was used to observe user errors.

The following information was collected during and after the examination:

● Overall examination time.

● Time taken to complete individual diagnostic tests.

● Examination completion rates for the whole examination and for each

individual diagnostic test.

● Observed user and device errors that may have led to the generation of

erroneous examination findings.
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3.3.5 Interview and questionnaire

A pretest interview was conducted prior to the binocular OCT examination to gauge 

participants’ levels of experience with common technologies such as computers, 

smartphones, the Internet, and email.

Immediately after the examination, a short debriefing discussion was conducted. 

Participants were asked to rate the ease of the examination in comparison to the 

technologies they commonly use. Subjective ease of use, duration, and appeal were 

rated on a 5-point Likert scale. Verbatim comments were also recorded.

3.3.6 Statistical Analysis

Descriptive statistics were used to analyse the qualitative Likert scores and test 

times. The Mann Whitney U test was used to analyse differences in test times 

between the group with chronic eye disease and healthy individuals. The

Kruskal-Wallis test was used for analysing differences between healthy individuals 

and subgroups of chronic eye disease. Pearson’s correlation was used to assess 

relationships between time spent on major examination components. Spearman’s 

rank was used to evaluate correlations between Likert scale ratings and duration of 

examination or participants’ age. P-values < 0.05 were considered significant. Due to 

the exploratory nature of this work, P-values were not adjusted for multiple 

comparisons. Analysis was performed using IBM SPSS Statistics for Mac, version 23 

(IBM Corp., Armonk, N.Y., USA).

3.4 RESULTS

3.4.1 Demographics

Thirteen participants had glaucoma only (12 with primary open angle glaucoma

(POAG), one with glaucoma secondary to hypertensive uveitis). Fourteen had 

strabismus only (seven with esotropia, six with exotropia, and one with hypertropia). 

Fourteen had bilateral retinal disease only (including eight with AMD, four with DMO, 

one with central serous retinopathy, and one with RVO with cystoid macular 

oedema). Four participants had ocular comorbidities: two with bilateral POAG and 

AMD (Figure 3.1 presents images from one of these participants); one had unilateral 

POAG and a symptomatic epiretinal membrane in the fellow eye; and one had 

bilateral POAG and congenital convergent strabismus. Table 3.1 presents their 

clinical and demographic characteristics.
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Age, mean
± SD
(range),
years

Visual acuity
better eye,
mean ± SD
(range),
logMAR

Visual acuity
worse eye,
mean ± SD
(range),
logMAR

Visual fields
mean
deviation
better eye,
mean ± SD,
dB

Visual fields
mean
deviation
worse eye,
mean ± SD,
dB

Refractive
error
spherical
equivalent
mean ± SD,
DS

Chronic eye disease (n = 45)

Glaucoma
(n = 13)

64.1 ±14.7
(27–83)

0.10 ±0.12
(-0.08–0.24)

0.20 ±0.12
(0.00–0.42)

-6.31 ±8.17 -11.75 ±10.41 -0.54 ±0.76

Retinal
disease
(n = 14)

71.0 ±11.4
(50–88)

0.35 ±0.24
(0.02–0.84)

0.68 ±0.34
(0.24–1.30)

Not available Not available 0.89 ±2.21

Strabismus
(n = 14)

50.8 ±19.1
(23–74)

-0.04 ±0.08
(-0.20–0.10)

0.24 ±0.27
(-0.10–0.78)

Not available Not available 0.54 ±2.19

Ocular
comorbidities
(n = 4)

70.5 ±8.0
(61–81)

0.24 ±0.42
(-0.10–0.78)

0.63 ±0.53
(-0.10–1.18)

-7.59 ±6.86 -11.28 ±5.81 1.11 ±.1.80

Healthy controls (n = 15)

Healthy
controls
(n = 15)

53.1 ±11.2
(30–67)

0.01 ±0.14
(-0.16–0.30)

0.02 ±0.15
(-0.16–0.30)

Not available Not available -0.29 ±1.26

Table 3.1. Clinical and demographic characteristics

Figure 3.1. Anterior segment and posterior segment binocular OCT imaging in a subject with

narrow anterior chamber angles, primary open angle glaucoma, and advanced dry

age-related macular degeneration.
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3.4.2 Binocular OCT examination

All participants completed the full suite of tests using the binocular OCT device

without assistance. The Shapiro-Wilk test revealed that overall examination times

were not normally distributed. The median time to complete the full suite of diagnostic

tests on the binocular OCT prototype was 702 s (interquartile range [IQR]:

627–845 s) in the group with chronic eye disease, and 638 s (IQR: 572–821 s) in the

healthy control group. There was no significant difference in the time taken to

complete the full suite of tests on the binocular OCT system between the two groups

(P = 0.30, Mann-Whitney U-test). Similarly, there was no statistically significant

difference in the overall examination time between participants with glaucoma,

strabismus, retinal disease, ocular comorbidities, and healthy volunteers (P = 0.81,

Kruskal-Wallis) (Figure 3.2).

Figure 3.2. Box plots showing total examination time for each group. The horizontal lines

within each box represent the median for each group; the ends of the boxes are the upper

and lower quartiles, and the whiskers represent minimum and maximum values. The data for

each individual participant is included as peripheral scatter plots.

3.4.3 Individual diagnostic test times

The test times in seconds for each of the diagnostic tests are presented in Table 3.2.

These values include the time spent reassessing and realigning the oculars of the

device with the participant’s eyes before each test (if required). There was no

statistically significant difference between the chronic eye disease group and the

86





eyes and would give them instructions to look at the fixation target. A median time of

163 s was spent on voice recognition (range 116–251 s), primarily for VA and

perimetry testing for which voice recognition is the core method of recording these

measurements. The device spent an average of 139 s performing OCT imaging

(range 125–139 s) during the entire exam. This was a fairly constant amount of time

required to perform ‘whole-eye’ imaging. An average of 122 s was spent moving

optics within the machine per exam (range 66–250 s). This was strongly correlated

with the amount of time spent providing instructions to the participant (Pearson’s

correlation r = 0.82, P < 0.001). Examinations where additional instructions were

provided also required simultaneous repositioning of the optics.

Figure 3.3 Scatter plots illustrating the time spent on the major exam components for all

participants. The horizontal lines represent the median time, Q2, for each component. The

percentage indicates how much of the overall exam time this would equate to.

3.4.5 Observed errors

As presented in Table 3.3, the majority of examinations generated usable data. Both

device and user errors affected the quality of data produced. OCT imaging was

classified as ‘ungradable’ if the OCT scans were poor quality (i.e. if there were

severe artifacts or generalised reductions in signal strength to the extent that major
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interfaces could not be identified). Poor quality posterior segment and vitreous

images were captured if the participant blinked during image capture, or if the eye

position moved during capture. One healthy volunteer had their eyes closed

throughout the imaging test and no anterior segment imaging data were acquired.

Good quality anterior segment images were obtained for all other participants.

The motility test currently consists of a fixation target that appears in different

locations, rather than requiring the user to ‘fix and follow’. These exams were

classified as ungradable if the user did not fixate on the target displayed in the

various positions of gaze for a reason unrelated to restricted motility. Ungradable

exams were observed in participants with advanced POAG who were not able to

detect the target when presented in a scotoma. Similarly, participants with poor VA

were unable to see the fixation target due to its low contrast. Other observed errors

included one participant with POAG misinterpreting the motility test for a visual field

test and therefore not following the motility target.

Data for VA and perimetry exams were categorised as ungradable if the participant

did not respond and thus a measurement could not be generated. Three participants

did not verbally respond when required during the VA test. Similarly, only one

participant did not respond during perimetry. Errors were also observed in the

accuracy of the VRS. The sensitivity of the VRS was calculated by comparing the

participant’s verbal response (from the video) to the response interpreted by the

device. Average sensitivity was measured as 64% overall for all 60 participants

(range 12.5–100%). This appeared to be related to the system misinterpreting the

user (e.g. “A” heard when the user responds “K” in the acuity test), or if the user

responded with multiple answers (e.g. “Y or V”), or attempted to change their answer.

Pupillometry values were categorised as ungradable if the pupil response data could

not be generated from the examination. Errors were observed if the user blinked

during the test or if gaze drifted away from the central fixation target so that the pupil

was occluded.
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Chronic eye disease
(n = 45)
N (%)

Healthy controls
(n = 15)
N (%)

Anterior segment imaging

Left eye
Right eye

45 (100)
45 (100)

14 (93.3)
14 (93.3)

Posterior segment imaging

Left eye
Right eye

38 (84.4)
42 (93.3)

13 (86.7)
13 (86.7)

Vitreous imaging

Left eye
Right eye

38 (84.4)
42 (93.3)

13 (86.7)
13 (86.7)

Motility

Left eye fixating
Right eye fixating

30 (66.7)
34 (75.6)

14 (93.3)
14 (93.3)

Visual acuity

Left eye
Right eye

42 (93.3)
45 (100)

15 (100)
15 (100)

Suprathreshold perimetry

Left eye
Right eye

43 (95.6)
44 (97.8)

15 (100)
15 (100)

Pupillometry

Left eye flash
Right eye flash

39 (86.7)
41 (91.1)

13 (86.7)
13 (86.7)

Table 3.3. Number of examinations that generated gradable data.

3.4.6 Interview and questionnaire

Eighty-two percent of the cohort with chronic eye disease and 93% of healthy

volunteers used common technologies such as computers and smartphones at least

a few times per week. All of these participants regularly used the Internet and email

communication. Four participants, including one healthy volunteer, never used these

technologies.

Eighty-one percent of participants with chronic eye disease and 79% of healthy

volunteers subjectively found the binocular OCT system easier to use than a

computer or smartphone. Table 3.4 presents subjective ratings for ease of use,
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appeal, and duration. Seventy-eight percent of participants with chronic eye disease

and 87% of healthy volunteers rated the binocular OCT 4 or 5 on ease of use (1: very

difficult, 5: very easy).

Fifty-eight percent of chronic eye disease participants and 54% of healthy volunteers

rated 4 or 5 on the duration of the test (1: very long time, 5: very short time). Overall,

86% found the device appealing to use in a clinical setting. There was no significant

correlation between age and subjective ratings for ease of use (P = 0.44, rs = 0.10),

duration (P = 0.72, rs = 0.05), or appeal (P = 0.37, rs = 0.12). There was, however, a

significant correlation between subjective ratings for ease of use and duration

(P = 0.005, rs = 0.36) and ease of use and appeal (P < 0.001, rs = 0.43) in the overall

cohort. A statistically significant correlation was found between overall examination

time and subjective ratings for ease of use (P = 0.003, rs = -0.38), however no

significant correlation was found between overall examination time and appeal

(P = 0.32, rs = -0.13) or duration (P = 0.34, rs = -0.13). All four subjects that were

unfamiliar with common technologies rated the examination 4 or 5 on ease, appeal,

and duration.

Verbatim comments revealed that participants felt the device delivered clear

instructions and was easy to use. Thirty-seven percent of participants commented

that the device headrest and mask interface was physically uncomfortable on the

nose. Participants with poor acuity found the fixation target to be unclear.
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Chronic Eye Disease (n = 45) Healthy controls (n = 15)

N (%) Mean (SD) age,
years

N (%) Mean (SD) age,
years

Ease of use

5 (very easy)
4
3
2
1 (very difficult)

20 (44.4)
15 (33.3)
8 (17.8)
1 (2.2)
1 (2.2)

63.80 ±12.63
58.07 ±21.75
65.75 ±17.07

67
80

6 (40.0)
7 (46.7)
1 (6.7)
1 (6.7)
0 (0.0)

52.33 ±12.29
52.43 ±11.77

50
65
-

Duration

5 (very short time)
4
3
2
1 (very long time)

15 (33.3)
11 (24.4)
17 (37.8)
2 (4.4)
0 (0.0)

66.13 ±10.93
63.27 ±17.78
60.29 ±20.13
53.50 ±31.82

-

2 (13.3)
6 (40.0)
7 (46.7)
0 (0.0)
0 (0.0)

55.00 ±7.07
53.83 ±13.48
51.86 ±11.29

-
-

Appeal

5 (very appealing)
4
3
2
1 (very unappealing)

21 (46.7)
18 (40.0)
3 (6.7)
2 (4.4)
1 (2.2)

66.29 ±11.52
59.55 ±18.23
40.33 ±26.63
77.50 ±4.94

80

8 (53.3)
5 (33.3)
2 (13.3)
0 (0.0)
0 (0.0)

50.75 ±14.08
55.00 ±6.00
57.50 ±10.61

-
-

Table 3.4. Subjective ratings for binocular OCT examination, rated on a 5-point Likert scale.

3.4.7 PPI recommendations

At the initial PPI event prior to study commencement, the participants’ thoughts on

the device included the following:

● Many of the attendees believed that the research was positive, worthwhile

and would have an impact in the future.

● Some attendees liked the idea that multiple tests would be conducted by a

single device at a faster rate. The idea of reducing the waiting times at

hospital visits and making the visits more efficient was appealing.

● It was mentioned that the device being portable/mobile would be a major

advantage to improve accessibility for users that may be unable to reach

current tabletop machines, and for more widespread use in the community.
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● One point that was discussed on multiple occasions was that it is important

for the finalised product to be designed to cater for everyone (all ages, ethnic

groups, disabilities, face shapes, etc.).

● One attendee raised the point that a head strap could help people to use the

device who are not able to remain still for a period of time, i.e. patients with

Parkinson’s.

● Some agreed that using the device on their own in the hospital before seeing

the healthcare professional would empower the patient and would allow them

to feel more in control of their healthcare. On the other hand, it was

highlighted that whilst it is good to give patients more control, it is important to

1) train people to use the device properly, and 2) ensure that the

clinician/patient relationship is not removed completely from appointments.

● A few attendees expressed concern as to how the device would know

whether they were being tested correctly. In the clinic, a technician provides

guidance as to whether they are performing the test correctly—how would this

work with the device? Patients did not want to turn up for an assessment to

be told that their measurements could not be read.

● Others believed that results from the device need to be explained thoroughly

and that they should still be allowed to ask questions to a healthcare

professional during their visit.

● Attendees discussed the possibility of there being a self-assessment

area/room in the hospital where patients could use the device. This could also

be overseen by a member of staff if required.

● Further to this, some attendees mentioned that a print-out summary of their

results would be “fantastic” and would help include patients in their

healthcare. Others believed that this could lead to more concern or worry

amongst patients as some may not understand the results.

● It was highlighted that a summary leaflet in clinics would be ideal for people

who have not used the device before. GP surgeries, clinic screens and the

information hub were also other avenues that could be worth exploring to

advertise the device to users.
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At the second event, the results were presented to the focus group. Generally,

contributors felt that performing their own eye examination facilitated more control

over their care. They felt confident that the generation of robust, standardised data

from smart devices such as the binocular OCT system would aid monitoring of eye

disease. The group welcomed the potential significant reduction in waiting time, and

felt that the automated eye examination would benefit both patients and clinicians.

They highlighted the importance of feedback to patients during automated testing to

reassure that the tests were being correctly completed. Concerns were also raised

regarding the concept of automation and whether patients would still have an

opportunity to interact with their clinician if the device was implemented in a clinic.

3.5 DISCUSSION

In this study, prospective usability testing of an early binocular OCT prototype was

performed in a population of study participants with chronic eye disease and in

healthy volunteers. Historically, eye examinations in hospital eye clinics have been

fragmented, inefficient and costly (250–253). The binocular OCT prototype combines

many routine tests into one single instrument, with the aim of improving the speed

and efficiency of patient flow, in addition to providing reproducible and quantitative

data for several aspects of the eye examination. Designed as an automated,

patient-operated device, usability testing is indispensable to predict the likelihood of

future successful implementation in eye clinics. Moreover, usability testing can

identify potential user and device errors and thus facilitate continued improvement of

the device in an iterative process.

This cohort of first time users were able to complete the full suite of tests using the

binocular OCT prototype without any previous training or assistance during the

examination. Participants commented that the device provided “clear instructions”

and was “easy to use”. The majority of the cohort was familiar with operating

common technologies such as computers and smartphones, and found the prototype

to be easier to use in comparison. However, those unfamiliar with technology also

rated the device highly on ease of use.

The subjective ratings for ease of use and appeal of the device correlated with

ratings for test duration. Participants who perceived the examination took a short time

rated the ease and appeal more positively. However, subjective ratings for duration

did not correlate with the total examination time. There was no significant difference

observed in the total examination time between participants with chronic eye disease
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and healthy controls. Overall, the median time taken to complete the examination 

was 702 s (11.7 minutes) for participants with chronic eye disease and 638 s (10.6 

minutes) for healthy controls. By comparison, Callaway et al. reported a mean clinic 

time of 28.8 minutes for patients to undergo technician work-up (including

history-taking and VA measurement), and acquisition of retinal OCT in the 

photography suite (253). In many real-world settings, mean diagnostic testing time is 

likely to greatly exceed this, particularly in public health care settings which are often 

overburdened and under-resourced. Thus, binocular OCT examination is likely to be 

more efficacious than current workflows as patients undergo all tests in one location 

in an automated manner, reducing the time patients spend travelling through the eye 

clinic. Nonetheless, an important aspect of iterative usability testing is to try to identify 

examination components that can be further improved in terms of speed.

A small proportion of examinations generated ungradable data. In the case of VA and 

perimetry measurements, this was a consequence of the user not responding 

verbally when required. This occurred more frequently for the VA exam in the left 

eye—the first eye to be tested that required a verbal response. A more complete set 

of results was obtained for the right eye in these users, and for the subsequent 

perimetry exam. This may be explained by a learning effect, where the user 

subsequently understood that the task required a verbal response. As similarly 

reported in perimetry literature, increased exposure to the device on repeated testing 

is likely to yield more reliable results and improve all aspects of usability (254). 

Similarly, the motility exam generated more reliable data when the second eye was 

fixating. Ungradable data for motility exams was more prevalent in users with chronic 

eye disease. This was likely related to poor VA or reduced visual fields, affecting the 

ability to discern the motility target. In future iterations, this test could be improved by 

using a high luminance ‘fix and follow’ target.

Good quality automated OCT images of the anterior segment were obtained in all 

except one participant, and good quality posterior segment and vitreous images in 

the majority of participants. Interestingly, one subject being treated for neovascular 

AMD, and another subject being treated for POAG with advanced dry AMD (Figure 

3.1), were found to have narrow anterior chamber angles on anterior segment 

imaging, and the clinical team were informed. This illustrates the impact of routine 

holistic OCT for screening of eye conditions that may otherwise be overlooked in busy 

eye clinics.
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Given the ageing population and the increasing prevalence of ocular comorbidities,

the collection of objective, quantitative OCT data for the whole-eye is likely to be

valuable for longitudinal monitoring and detection of eye disease. In addition, the

ability to derive OCT measurements of vitreous activity could have applications in

monitoring vitritis (183). The quality of OCT data generated for both whole-eye

imaging and pupillometry was affected by ocular misalignment—a consequence of

the user moving their eyes, poor fixation, or blinking during the examination. The

prototype is susceptible to these errors due to the relatively long image acquisition

time to complete simultaneous whole-eye OCT (mean 139 s). With advances in

swept-source OCT laser technology, image acquisition speed is likely to improve in

further iterations of the device, rendering the device less vulnerable to such artifacts.

Additionally, the device ensures adequate eye positioning only prior to testing,

compared to commercial infrared pupillometers such as the RAPDx (Konan Medical,

Nishinomiya, Japan) which incorporates pupil-tracking and blink-detection throughout

examination and repeats the measurement when the pupil is obscured (255). The

quality of OCT imaging, in particular, posterior segment and vitreous imaging also

appeared to be affected by large angle strabismus. In these cases, the images for

the fixating eye were acceptable, whereas the OCT lasers were unable to image

directly through the pupil in the non-fixating heterotropic eye due to the large angle

between the pupil plane and the direction of the laser.

To be functional as an automated and interactive device, it is essential that the

system is responsive to the user. In the current binocular OCT prototype, this

encompasses elements such as voice recognition. In this study, the sensitivity of the

VRS was only 64%. This is likely related to the wide variation in articulation, volume,

and regional accents of the cohort. Although the examination was undertaken in a

quiet room, background noise from the machine itself may have impacted the

response heard by the system. As voice recognition technology becomes more

sophisticated, the error rate is likely to reduce, but may not be eliminated. Other

interactive features, such as registering responses via buttons, in a similar manner to

perimetry devices such as the HFA, may be more appropriate for some functional

tests. In some populations (e.g. paediatric patients), where responses may be

unreliable, objective tests utilising OCT imaging to track responses may be more

suitable. For example, VA could be measured by presenting optokinetic stimuli or

preferential looking stimuli to the user whilst simultaneously tracking the movement of

the fovea on OCT.
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Dissecting the examinations further into the time taken to complete major exam

components, it was found that delivering instructions took the greatest amount of

time, especially in exams where the user was repeatedly reminded to fixate.

Participants commented that the central target was unclear—improving its intensity

and clarity by adding cylindrical refractive correction is likely to improve fixation. This

is essential for tests such as imaging, visual fields, and pupillometry, where off-axis

movement will generate ungradable data. Although participants found the instructions

to be “clear”, articulating instructions in a more succinct manner will reduce the

overall examination time—this is one aspect that is particularly likely to benefit from

patient and public input.

The main advantage of human operators is the immediate recognition of the

discussed errors and artifacts, whereas fully automated devices will require an

inherent feedback mechanism to assess the quality of the generated data. This is

important for determining whether tests need to be repeated, or if the user requires

further or specialist examination beyond the scope of the device. This was also one

concern highlighted at the PPI event. Reassurance could be provided to the patient

via a visual or audio notification, or indirectly through feedback from a technician

working in the clinic; however, this would be most beneficial in parallel with an in-built

tool for simultaneous quality control. Test compliance may also be improved using

verbal encouragement in a similar way to automated perimeters such as the Dicon

TKS-4000 that uses a synthetic voice to encourage the user (256).

User requirements encompass more than clinical effectiveness, and the ergonomics

of the device must also be considered. Many of the participants commented that the

device interface was physically uncomfortable. Similar comments were raised in a

study by Maloca et al. investigating an OCT prototype proposed for home-based

monitoring (226). Assessing the needs of multiple types of users is essential to

encourage continued use of medical devices (246). For late stage prototypes,

extensive ergonomic testing will be essential prior to commercial release.

3.6 CONCLUSION

The results of the usability study, and related focus group testing, make it clear that

patients are receptive to the concept of an automated eye examination. To be

attractive to users, easy to use, and effective at performing automated eye

examinations, the system will need to be quick, responsive, and comfortable. For a

system that aspires to be fully automated (i.e. operated by the patient without
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assistance), ongoing patient and public input will be essential to guide the design of

the device. Further studies will be required to validate the diagnostic accuracy of

each of the tests offered by the system. Once established, binocular OCT will offer

objective, quantifiable information about almost every aspect of the eye examination

and has the potential to supersede many traditional but flawed testing methods. It is

unlikely that the automated eye examination will be suitable for use in all patients.

However, if such a system can replace some aspects of the eye examination,

workflows and waiting times are likely to improve, costs are likely to reduce, and

clinicians will be able to devote more time to patient care. Ultimately, this will improve

the overall experience for both the patient and the clinician, and improve the overall

quality of patient care.
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Chapter 4

Binocular OCT to measure strabismus

4.1 ABSTRACT

Current clinical methods for assessing strabismus can be prone to error. Binocular

OCT has the potential to assess and quantify strabismus objectively and in an

automated manner. This study evaluates the use of the binocular OCT prototype to

assess the presence and size of strabismus. Fifteen participants with strabismus and

fifteen healthy volunteers were recruited, and all underwent automated anterior

segment imaging using the binocular OCT prototype. All participants had an orthoptic

assessment including alternating prism cover test (APCT) prior to imaging.

Simultaneously acquired pairs of OCT images, captured with one eye fixating, were

analysed using ImageJ, an open-source image analysis program, to assess the

presence and angle of strabismus. The direction and size of strabismus measured

using binocular OCT was compared to that found using APCT. The median

magnitude of horizontal deviation was 20 ∆ (interquartile range 13–35 ∆), and 3 ∆ for

vertical deviation (interquartile range 0-5 ∆). Binocular OCT imaging correctly

revealed the type and direction of the deviation in all 15 strabismus participants,

including both horizontal and vertical deviations. APCT and OCT values were

significantly correlated for both horizontal (Pearson’s r = 0.85, P < 0.001) and vertical

(r = 0.89, P < 0.001) deviations. In the healthy cohort, 9 participants had a latent

horizontal deviation on APCT (median magnitude 2 ∆, range 2–4 ∆). Six were

orthophoric. Horizontal deviations were observed on OCT imaging in 12 of the 15

participants, and a vertical deviation was visible in one participant. These findings

suggest that binocular anterior segment OCT imaging can provide clinicians with a

precise measurement of strabismus. The prototype can potentially incorporate

several binocular vision tests that will provide quantitative data for the assessment,

diagnosis, and monitoring of ocular misalignments.

This chapter forms the basis of the following publication:

Chopra R, Mulholland PJ, Tailor VK, Anderson RS, Keane PA. Use of a Binocular Optical

Coherence Tomography System to Evaluate Strabismus in Primary Position. JAMA Ophthalmol.

2018 Jul 1;136(7):811–7.
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4.2 INTRODUCTION

Strabismus, defined as an abnormal alignment of the eyes, is a common condition

that can affect both children and adults (257,258). Quantitative assessment of the

degree of strabismus can serve as a useful tool for deciding on therapeutic options

and for evaluation of their outcomes. Clinical assessments designed to measure

ocular misalignment often require specialist orthoptic expertise and good patient

cooperation. An alternating prism cover test (APCT) is the most commonly used test

for quantitative measurement of misalignment, however, the endpoint can be subtle

or variable, and is prone to inter- and intra-observer error, particularly in less

cooperative children (259–261). Electronic instruments that use infrared light to track

eye position of both eyes simultaneously such as gaze trackers, video goggles (262),

and virtual reality (263) have been developed as objective methods to increase the

precision of measurement but are mainly used for research purposes.

To identify and measure strabismus, it is necessary to view the movement of both

eyes concurrently. The binocular OCT can acquire anterior segment images of both

eyes simultaneously, even with one eye fixated, and in an automated manner. The

device therefore has the potential to identify strabismus objectively through routine

imaging. In this study, the use of simultaneously acquired pairs of anterior segment

OCT images were evaluated as a method of assessing the presence of strabismus

and measuring the angle of deviation.

4.3 METHODS

Participants with strabismus were prospectively recruited from orthoptic clinics at

MEH as part of the EASE study. Healthy volunteers were recruited from staff

members at the hospital. Written informed consent was obtained from all participants

in the study. All participants were required to have no significant hearing impairment

that would affect their ability to respond to instructions delivered by the device. A

conversational level of English was required for users to understand the instructions,

and to be able to communicate with the device via an English language voice

recognition system.

All participants underwent orthoptic assessment prior to binocular OCT examination,

including VA measurement and APCT at distance in primary position, with habitual

refractive error correction if appropriate.
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4.3.1 Binocular OCT examination

All participants underwent binocular OCT examination as described in Chapter 3.

The fixation target was presented to the non-deviating eye in the strabismus group,

selected manually prior to examination. Therefore, the primary deviation was

measured on OCT. For healthy participants, the target was presented to the

dominant eye (right eye in all participants). The spherical equivalent of the user’s

habitual refractive error was corrected within the device.

4.3.2 Measurement of angle

A volume comprising 128 B-scans of the anterior segment was acquired by the

device in the horizontal and vertical planes. Only a single central anterior segment

image from each plane, adjusted to its real-world size (Table 2.1), was used for

analyses. The central image was deduced by the visualisation of the corneal vertex

reflection in the fixing eye (41). This hyperreflective line was used as a surrogate for

the visual axis. The image captured at the same time point was used for the fellow

non-fixing eye. ImageJ, a widely used open-source Java image analysis program

(264) was used to measure the difference in angle in degrees between the fixing and

non-fixing eye. A line was drawn between the pupil margins at the posterior

epithelium of the iris for both eyes. These landmarks were chosen as they were

visible in both horizontal and vertical scans. The angle between the lines was

calculated as the angle of deviation (Figure 4.1).

Figure 4.1. The right eye is the fixating eye (A), and the left eye is the strabismic eye (B). The

angle of the deviation is calculated by measuring the tilt of the eye with respect to the fixating

eye. The pupil margins are used as landmarks to measure tilt. This pair of images indicates a

left esotropia. N indicates nasal; T, temporal.
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4.3.3 Statistical analysis

The direction of the deviation was determined by the direction of the fellow eye with

respect to the fixating eye in both horizontal and vertical scans. This was compared

to the direction of the misalignment found using APCT for distance fixation.

The size of the misalignment was compared to that found using distance APCT.

Values in prism dioptres (∆) were converted to degrees using the following formula

(265):

𝑑𝑒𝑔𝑟𝑒𝑒𝑠  =  𝑡𝑎𝑛 −1 ∆
100( ). 180

Agreement and correlation between the binocular OCT and prism cover test 

measurements were appraised using Bland-Altman and Pearson’s correlation 

coefficient, respectively. Proportional bias was assessed using linear regression 

analysis plotted on the Bland-Altman graphs. A P-value of < 0.05 was considered 

statistically significant. Analysis was performed using the R programming language 

(R Foundation for Statistical Computing, Vienna, Austria, https://www.R-project.org/).

4.4 RESULTS

4.4.1 Demographics

Twelve participants had concomitant strabismus, one of whom had glaucoma and 

strabismus. One participant had a decompensated strabismus as a consequence of 

loss of vision after a retinal detachment. Two participants had acquired restrictive 

incomitant strabismus related to sphenoid wing meningioma, and thyroid eye 

disease. These are described further in Table 4.1. The median age was 55 years

(interquartile range 33–66.5 years). Thirteen subjects were Caucasian, and two 

subjects were Asian. Seven of the 15 subjects were female. The median magnitude 

of horizontal deviation was 20 ∆ (interquartile range 13–35 ∆), and 3 ∆ for vertical 

deviation (interquartile range 0-5 ∆). Mean spherical equivalent was +0.53 D ± 2.19 

(range sphere -2.50 to +5.50 DS, range cylinder 0 to -3.50 DC). The cohort of healthy 

participants had no manifest deviation. Nine healthy participants had a latent 

deviation for distance, and 6 were orthophoric. The median age of this group was 50 

years (interquartile range 41–59 years). Twelve healthy participants were Caucasian, 

two were Asian, and one subject was Black. Eight of the healthy participants were 

female. Mean spherical equivalent for this cohort was -0.51 DS ± 1.45 (range sphere
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-3.50 to +2.75 DS, range cylinder 0 to -2.50 DC). All participants understood the

examination and were cooperative, as discussed further in Chapter 3.

4.4.2 Direction and misalignment

Orthoptic assessment revealed five participants in the strabismus group had a

horizontal deviation only, one participant had a vertical deviation only, and nine

participants had both horizontal and vertical deviations. A torsional element was not

detected in any participants. Binocular OCT imaging correctly identified the direction

of misalignment in all 15 strabismus participants, including both horizontal and

vertical deviations. Three out of the five participants assessed as having a horizontal

deviation only using APCT were also found to have an additional vertical deviation on

binocular OCT imaging (Table 4.1).

There was a strong correlation between the measurement of strabismus using APCT

and the measurement calculated from the OCT images for both horizontal (Pearson’s

r = 0.85, 95% confidence interval (CI) 0.60–0.95; P < 0.001) and vertical (r = 0.89, CI

0.69–0.96; P < 0.001) deviations. The confidence intervals indicate a strong

relationship between the two methods. Bland-Altman plots (266) show

heteroscedasticity where the agreement between the methods decreases as the size

of the deviation increases (Figure 4.2). There was a mean difference of -0.3o (-0.5 ∆)

for horizontal misalignment and -2.2o (-3.8 ∆) for vertical misalignment. The 95%

limits of agreement (LoA) for horizontal misalignment were between 9.6o (16.8 ∆) and

-10.2o (-17.6 ∆). For vertical misalignment the LoA were narrower between 2.7o

(4.7 ∆) and -7.1o (-12.4 ∆). Regression on the Bland-Altman plots show no significant

proportional bias for horizontal misalignments (P = 0.957), however show a significant

relationship for vertical misalignments (P = 0.007).

In the healthy cohort, eight had an exophoria (median magnitude 2 ∆, range 2–4 ∆

(1.1–2.3o), one participant had an esophoria measuring 2 ∆, and six participants were

orthophoric, measured using distance APCT. One participant had a vertical deviation

on near APCT. No other participants in this group had a vertical or torsional

component at distance or near. In the eight exophoric participants, six had a

misalignment corresponding to an exo-deviation on OCT (median magnitude 5.2o

(9.2 ∆), interquartile range, 2.6–6.5o (4.6–11.4 ∆)), one had an eso-deviation on OCT

measuring 8.6o (15.0 ∆), and one participant had no deviation on OCT. From the six

orthophoric participants, three had an exo-deviation on OCT (range 2.9–6.4o) and

one had an eso-deviation (4.1o). The single participant with an esophoria did not
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have any measured deviation on the binocular OCT. Two participants measured as

orthophoric on APCT were also orthophoric on binocular OCT. A vertical component

corresponding to a left hyper-deviation was identified in one healthy participant on

OCT measuring 2.3o (3.9 ∆). This participant did not have a vertical latent deviation

on distance APCT, but did have a left hyperphoria measuring 5 ∆ on near APCT. A

weak correlation was observed between APCT and OCT measurements for

horizontal deviation in this group (Pearson’s r = 0.06, P = 0.830, 95% CI: 0.14–0.85).

Figure 4.2. Equality and Bland-Altman plots comparing agreement of measurements

obtained using APCT and binocular OCT. Measurements for horizontal misalignments and

vertical misalignment are presented in the top and bottom plots respectively. For vertical

deviations, pink triangle markers represent a hypo- deviation with respect to the strabismic

eye. Green indicates no measured deviation with either method. Regression lines are

represented in orange. For the equality plots the dashed line represents perfect agreement.

The reference lines on the Bland-Altman plots show the mean and 95% LoA. The LoA were

± 9.85o from the mean for horizontal misalignments, and ± 4.86o for vertical misalignment.
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Participant Clinical diagnosis Binocular status
in primary
position

Age Visual acuity
(logMAR)

Mean spherical
equivalent (both

eyes) (DS)

Distance prism
cover test (prism

dioptres)

Prism cover test angle
(degrees)

Angle measured on
OCT (degrees)

OCT angle
(prism

dioptres)Right Left Horizontal Vertical Horizontal Vertical

1 RE consecutive exotropia
(prior strabismus surgery for
childhood esotropia)

No diplopia
RE suppression

35 0.6 0 0
(unaided)

12∆BI
5∆BD R/L

6.84 2.86 6.14
(exo)

11.13
(RE hyper)

11∆BI
20∆BD R/L

2 LE/Alternating esotropia
(Duane’s syndrome)

No diplopia
LE suppression

24 -0.1 -0.1 -0.63 45∆BO 24.23 18.67
(eso)

2.23
(LE hyper)

34∆BO
4∆BD L/R

3 RE fully accommodative
esotropia

No diplopia
Binocular single
vision

23 0.62 0.02 2.88 6∆BO
4∆BD R/L

3.43 2.29 6.17
(eso)

4.87
(RE hyper)

11∆BO
9∆BD R/L

4 RE consecutive exotropia
(prior strabismus surgery for
childhood esotropia)

No diplopia
RE suppression

63 0 0.16 5.38 45∆BI
3∆BD R/L

24.23 1.72 29.34
(exo)

2.93
(RE hyper)

56∆BI
5∆ R/L

5 RE consecutive exotropia
(prior strabismus surgery for
childhood esotropia)

No diplopia
RE suppression

50 0.18 -0.02 -0.06 25∆BI 14.04 19.83
(exo)

2.28
(RE hypo)

36∆BI
4∆BD L/R

6 LE childhood esotropia No diplopia
LE suppression

47 0.16 0.76 -2.44 25∆BO 14.04 11.08
(eso)

0 20∆BO

7 LE longstanding distance
esotropia

Diplopia 74 0 0 -1.25 14∆BO
4∆BD L/R

7.97 2.29 12.96
(eso)

2.18
(LE hyper)

23∆BO
4∆BD L/R

8 LE myopic esotropia Diplopia 74 -0.1 0 -0.5 25∆BO
2∆BD R/L

14.04 1.15 23.74
(eso)

3.48
(LE hypo)

44∆BO
6∆BD R/L

9 LE hypertropia (secondary to
thyroid eye disease)

Diplopia 62 -0.1 0 1.25 20∆BD L/R 11.31 0.00
(ortho)

18.15
(LE hyper)

33∆BD L/R

10 RE residual esotropia with
hypertropia (prior strabismus
surgery for childhood
esotropia)

No diplopia
RE suppression

31 -0.08 -0.12 3.13 14∆BO
5∆BD R/L

7.97 2.86 2.07
(eso)

5.89
(RE hyper)

4∆BO
10∆BD R/L

105



11 RE exotropia with hypertropia
(decompensated after loss of
vision from a right retinal
detachment)

Diplopia 31 0.78 -0.2 0
(unaided)

45∆BI
3∆BD R/L

24.23 2.29 16.97
(exo)

2.02
(RE hyper)

31∆BI
4∆BD R/L

12 LE exotropia with hypotropia
(secondary to left sphenoid
wing meningioma)

Diplopia 74 -0.04 0.3 1.25 20∆BI
25∆BD R/L

11.31 14.04 14.75
(exo)

14.26
(LE hypo)

26∆BI
25∆BD R/L

13 LE residual exotropia (prior
strabismus surgery for
childhood exotropia)

No diplopia
LE suppression

55 0 0.48 0
(unaided)

60∆BI
6∆BD R/L

30.96 3.43 26.33
(exo)

6.30
(LE hypo)

49∆BI
11∆BD R/L

14 RE age-related distance
esotropia

Diplopia 68 0.16 0 -1.5 6∆BO 3.43 1.33
(eso)

0 2∆BO

15 LE myopic esotropia (and
glaucoma)

Diplopia 61 -0.1 0.1 -0.25 16∆BO 9.09 10.99
(eso)

1.54
(LE hyper)

19∆BO
3∆BD L/R

Table 4.1. Orthoptic assessment and binocular optical coherence tomography measurements for fifteen participants with strabismus. Vertical deviation

measurements obtained using OCT are indicated as hyper- or hypo- with respect to the strabismic eye (i.e. the eye with a horizontal deviation if present).

Prism dioptres (rounded to the nearest dioptre) for OCT are calculated through conversion from angle in degrees.
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4.5 DISCUSSION

The device was able to correctly identify the direction of the deviation in the

strabismus group, including both horizontal and vertical elements. The device also

indicated a vertical deviation (< 4 ∆) in three participants who were recorded as

vertically orthophoric. Small deviations (< 2 ∆), particularly vertical deviations, may

not be reliably perceived by the unaided eye on cover testing (267,268) but may be

visible on the OCT. The binocular OCT identified a horizontal deviation in 12

participants of the healthy cohort. In nine of these participants, the direction of the

deviation on OCT was the same as the latent deviation found on APCT. This

suggests that the binocular OCT is measuring both manifest and latent components.

In horizontal misalignment, the agreement between the methods tended to decrease

as the size of the deviation increased. A similar heteroscedastic pattern was found

for vertical misalignments however the sample was skewed towards smaller

deviations. The LoA were larger than the inter-examiner variability found by de Jongh

et al. for horizontal deviations (10 ∆) (259). This would suggest that this method is not

in strong agreement with APCT. However, a larger sample is required to confirm

inferences from Bland-Altman plots. Differences between the methods may be partly

attributable to the limited scale of prism dioptres—as the deviation becomes larger,

the difference in degrees between each prism dioptre also increases. In addition,

increments between dioptres in prism bars increase as the power increases. For

example, between 1–10 ∆, prism power increases in increments of 1 dioptre,

whereas between 20–50 ∆, power increases by 5 ∆ increments, forcing the orthoptist

to choose the closest prism that neutralises the misalignment. Whereas, the

binocular OCT is able to measure strabismus angle more precisely using a scale of

degrees instead of dioptres. A longitudinal and repeatability study is required to

validate this method and to investigate whether OCT-derived measurements are

valuable for monitoring the change in size of misalignment over time.

There are several limitations of the device at present, however it is likely that these

can be overcome in future iterations. A significant limitation of the device includes the

inability to ascertain whether a heterophoria or heterotropia is present. Deviations

were observed in both the healthy and strabismus cohorts. In the latter cohort, it is

likely that the device is reliably identifying manifest vertical and horizontal

components. In the healthy cohort, latent components are likely being observed. If
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the device was used as a screening device for manifest strabismus, the false positive

rate may be unacceptably high particularly for horizontal deviations owing to the

inability of the device to differentiate between manifest and latent components. The

unique features of the binocular OCT could potentially be extended to perform a

cover test by switching the fixation between the eyes to differentiate between these

entities.

In the present study, all strabismus participants had a constant deviation. Those with

intermittent deviations may not be identified using the current prototype setup.

Real-time video OCT with 3D-rendering would also aid measurement of torsional

deviations. By bringing the fixation target closer to the eyes, the device has the

potential to simulate near fixation to measure deviation at various distances. In

addition, the current prototype setup performs ocular motility testing by displaying the

fixation target at different locations of the screen. Strabismus with varying gaze or

motion, in addition to alternating fixation, may help discern between primary and

secondary deviations in incomitant strabismus.

The prototype currently corrects a mean spherical equivalent of the user’s habitual

correction to aid visualisation of the fixation target. Refractive error can affect the size

of the deviation, and the inability to correct cylindrical error may contribute to the

differences observed between the methods. Additionally, although the device

simulates distance fixation, proximal convergence may contribute to differences

between APCT and OCT measurements. In one exophoric participant, a significant

eso-deviation was found on OCT. Monocular viewing conditions have been shown to

cause accommodative convergence which may affect these results (269). In

subsequent devices with binocular viewing conditions this may be reduced. Some

users of the device may naturally fixate closer than distance fixation, and this could

explain the larger exo-deviations found on OCT compared to APCT in the healthy

cohort. This may also account for the vertical component observed in the one healthy

participant who had a vertical deviation at near.

Our method of using the pupil margin as a reference plane for tilt may contribute to

error. An anatomical landmark such as Schwalbe’s line may be less variable than the

iris plane as it does not alter dynamically, but it may also be less discernible

particularly in vertical scans due to occlusion of this landmark by the eyelids. Visual

axis data could potentially provide more accurate measurements of strabismus. This

could be determined by using retinal OCT images of the fovea that are also acquired

using the device. The device currently does not measure axial length which prevents
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mapping the retinal and anterior segment images to each other to determine the

visual axis. However, if axial length data could be obtained, the visual axis could

potentially provide a reliable method of measuring strabismus using OCT, especially

in strabismus with normal retinal correspondence.

4.6 CONCLUSION

This study presents a novel application of OCT imaging to detect and measure ocular

misalignment. The advantage of this method is the ability to detect subtle differences

in the size of strabismus that may not be visible to the naked eye. This is

encompassed within a device that can perform several functional tests in addition to

whole-eye imaging. The automated manner of the device means a highly skilled

specialist is not required to take measurements of the deviation, therefore making it

ideal for screening purposes. The binocular OCT can provide a more precise

measurement of this angle using a continuous scale instead of the conventional

non-linear and discrete prism dioptre scale which has limitations particularly at larger

angles. This may be useful for measuring strabismus over time, before and after

surgery, or for patients undergoing botulinum toxin injections. Although the current

setup has many caveats, future iterations of the binocular OCT may allow quicker

and more accurate assessments of strabismus, particularly where orthoptists are

limited with huge patient volumes. In addition, the device can output objective

quantitative data for ocular misalignments as well as for other diagnostic tests, aiding

the diagnosis and monitoring of other comorbidities.
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Chapter 5

Pupillometry evaluation using binocular OCT—

The PUPIL Study

5.1 ABSTRACT

Pupillary assessment is an essential component of the eye exam. In this study, the 

test-retest reliability and diagnostic accuracy of a binocular OCT prototype for 

pupillometry was evaluated. Fifty participants with relative afferent pupillary defects 

(RAPDs) confirmed using the swinging flashlight method and 50 healthy control 

subjects were examined. Participants twice underwent an automated pupillometry 

examination using a binocular OCT system that presents a stimulus and 

simultaneously captures OCT images of the iris-pupil plane of both eyes. Participants 

also underwent a single examination on the RAPDx (Konan Medical, Irvine, 

California, USA), an automated infrared pupillometer. Pupil parameters including 

maximum and minimum diameter, and anisocoria were measured. The magnitude of 

RAPD was calculated using the log of the ratio of the constriction amplitude between 

the eyes. A pathological RAPD was above ± 0.5 log units on both devices. The 

intraclass correlation coefficient was > 0.90 for OCT-derived maximum pupil 

diameter, minimum pupil diameter, and anisocoria. The RAPDx had a sensitivity of 

82% and a specificity of 94% for detection of RAPD whereas the binocular OCT had 

a sensitivity of 74% and specificity of 86%. The diagnostic accuracy of the RAPDx 

and binocular OCT was 88% (95% CI: 80–94%) and 80% (95% CI: 71–87%) 

respectively. Binocular OCT-derived pupil parameters had excellent test-retest 

reliability. The diagnostic accuracy of RAPD was inferior to the RAPDx and is likely 

related to factors such as eye movement during OCT capture. As OCT becomes 

ubiquitous, OCT-derived measurements may provide an efficient method of 

objectively quantifying the pupil responses.

This chapter forms the basis of the following publication:

Chopra R, Mulholland PJ, Petzold A, Ogunbowale L, Gazzard G, Bremner FD, et al. Automated 

Pupillometry Using a Prototype Binocular Optical Coherence Tomography System. Am J 

Ophthalmol. 2020 Jun;214:21–31.

110



5.2 INTRODUCTION

The assessment of pupillary reflexes is an essential component of a comprehensive

ocular examination. The size and reactions of the pupil provide information regarding

the integrity of the nervous system, anterior visual pathways, and the brain stem

(270). The pupil size is determined by the interaction between opposing forces of the

iris: the sphincter muscle, innervated by the parasympathetic nervous system,

inducing pupil constriction; and the radial muscle, under sympathetic control,

triggering pupil dilation (271). The normal pupillary light reflex consists of

simultaneous and equal constriction of the pupils in response to stimulation of one

eye by light. Pupil constriction is elicited even with extremely low intensities of light,

and is proportional to the intensity and duration of the stimulus.

The conventional method of assessing the pupil reflexes is by shining a flashlight in

each eye and observing the size and speed of response with a trained naked eye.

Normal populations may display physiological anisocoria—a physiological asymmetry

in pupil size between the eyes which is equally present in dark and light conditions

(272). Assessment of the pupil reflex has been used to study deficits in the

autonomic nervous system in diabetic patients (273,274), Alzheimer’s disease (275),

to examine the effect of alcohol and drugs (276), and mental health disorders such

as depression and anxiety (277,278).

In patients with visual loss, especially in one eye, observation of the pupil light

reflexes is an important diagnostic test to assess the integrity of the visual pathway.

The detection of a relative afferent pupillary defect (RAPD) suggests the presence of

asymmetric damage involving the afferent limb of the pupillary light reflex pathway,

often indicating the presence of serious ophthalmic diseases, such as optic

neuropathies or severe retinal disease (271). As such, RAPD testing is essential as a

screening test in the assessment of patients with cataract or uncorrected refractive

error, where the retinal view might be poor or the vision might be reduced

extensively—here a negative RAPD reassures the practitioner that the visual

pathway is intact.

RAPD testing is commonly performed using the swinging flashlight method (SFM)—a

bright light is swung back and forth from one eye to the other whilst subjectively

observing the pupils’ size and response to the light (279). The SFM is a qualitative

test, and relies upon visualising no pupillary constriction or immediate or delayed

pupillary dilation; if either of these responses is observed, a RAPD is believed to be

present. With this standard method, pupil abnormalities may be subtle and easily
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missed. The SFM requires a trained examiner and many potential sources of error

may confound the results, including anisocoria, off-axis pupil illumination, and

unequal retinal bleaching, resulting in poor interrater agreement (280).

Automated pupilometers allow examiners to precisely and objectively quantify the

pupillary response to light by measuring parameters such as minimum and maximum

pupil diameter, the amplitude of constriction, latency of constriction, velocity of

constriction, and duration of maximum constriction. These devices usually use

infrared cameras to image the pupil since infrared light does not stimulate the pupils

(281–284). Dedicated pupillometry devices are commercially available and have

been shown to be highly sensitive and specific for RAPD detection such as RAPDx

(Konan Medical USA, Inc., Irvine, CA, USA) (Figure 5.1) (285). These devices are

also capable of detecting the presence of more subtle RAPD, typically not found

using the SFM, in diseases such as glaucoma (286).

Unfortunately, automated pupilometers such as the Konan RAPDx system are not

widely used in clinical practice. This is largely because they are expensive devices,

and limited to a single purpose. Binocular OCT has the potential to allow for

objective, quantitative measurement of the pupil reflexes to light, and can be

performed in a fast, safe, and automated manner. Importantly, binocular OCT

pupillometry can be performed alongside binocular retinal OCT imaging in a single

testing session, and would thus have great clinical utility.

Figure 5.1. RAPDx pupillometer (Konan Medical USA, Inc., Irvine, CA, USA)
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The PUPIL study (ClinicalTrials.gov Identifier: NCT03081468) was a prospective,

single-site, non-interventional diagnostic accuracy and repeatability study that

opened to recruitment in May 2017.

The primary objective was to determine the diagnostic accuracy of a prototype

binocular OCT system for the detection of RAPD. The secondary objective was to

assess the repeatability (test-retest variability) of pupillary assessment using this

prototype binocular OCT system.

5.3 METHODS

Approval for data collection and analysis was obtained from a UK NHS REC

(London-Central, REC reference: 17/LO/0105). Written informed consent was

obtained from each participant. The study adhered to the tenets set forth in the

Declaration of Helsinki.

5.3.1 Participants

Fifty participants with asymmetric retinal or optic nerve disease that elicited a positive

RAPD, confirmed using SFM by their treating clinician and a study investigator (RC),

were recruited from emergency, glaucoma, medical retina, and neuro-ophthalmology

clinics at MEH. Additionally, fifty healthy participants with a self-reported normal

ocular examination within the previous year and an absent RAPD on SFM were

recruited from staff members of MEH. As a ratio of the constriction amplitude is used

to calculate RAPD (as described below), the subject’s fellow eye serves as a control,

and therefore participants were not age or sex matched (287).

Participants were required to be 18 years or older, with the ability to understand

English in order to follow the verbal instructions provided by the device. Individuals

were excluded if they had any significant ocular opacity or ptosis that obscured

visibility of the pupil; any significant pupil irregularity that precluded reliable

measurement of RAPD; any ocular, neurological, or systemic disease that might

affect the efferent limb of the pupil pathway; or if they were using any systemic or

topical medications known to alter pupil size, such as pilocarpine or opiates.

5.3.2 Clinical data collection

For all particiapnts, age, sex, and ethnicity was recorded. For participants with eye

disease, a review of medical notes and electronic patient records was performed to

collect information on ophthalmic diagnosis. Healthy participants were required to
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have no ocular history other than refractive error. This information was obtained

through questioning. The presence or absence of RAPD was confirmed in all

participants using SFM by the investigator. The presence of RAPD in participants

with eye disease was also confirmed by their treating clinician.

Preliminary testing involved VA measurement using the ETDRS chart with logMAR

scoring with habitual correction. All perimetry exams were undertaken using a HFA

using the SITA 24-2 algorithm. The MD calculated from the participants’ visual field

test (<6 months) were recorded. Habitual refractive error correction was measured

using a lensmeter to determine a best spherical equivalent for correction within the

binocular OCT device to aid visibility of the fixation target.

5.3.3 RAPDx examination

Each participant was dark-adapted for 2–3 minutes prior to pupillometry examination.

The participant placed their head against the RAPDx device interface, blocking out

the majority of external illumination. The RAPDx presented bright full-field white

stimuli monocularly, alternating between the eyes, while the participant continued to

view a nominal background and cross fixation target as a cyclopean scene. The

stimuli were presented for 200 ms duration, with 1900 ms between each stimulus.

The results from the first pair of stimuli were discarded. The device continued to

present visual stimuli until 8 pairs of satisfactory recordings were obtained. If the

device recorded a blink during the pupil recording, the pair was automatically

repeated. The recordings were averaged to output a constriction ‘amplitude’ and

‘latency’ RAPD score. The amplitude score was used for this study as a comparable

parameter is produced with the binocular OCT.

5.3.4 Binocular OCT examination

The pupillometry test was modified after the EASE study to reduce the luminance of

the stimulus to permit prompt redilation after stimulus presentation within the OCT

capture time of 4 seconds. This was tested on healthy subjects and adjusted to the

level where a noticeable after-image was not induced immediately after the stimulus.

Each participant was dark-adapted for 2–3 minutes before binocular OCT

pupillometry examination. To assess repeatability (test-retest variability), testing was

performed twice within the same session, separated by a minimum interval of 15

minutes. The binocular OCT ensured alignment and visualisation of the pupils prior to

stimulus presentation as described previously. The OCT captured pupillary images
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5.3.5 Statistical analysis

The following pupil parameters were compared for test-retest reliability:

● Maximum/resting pupil diameter (mm)

● Minimum pupil diameter (mm)

● Anisocoria (defined as the difference in pupil diameter between eyes and

measured in the 0.5 seconds before stimulus presentation) (mm)

● Constriction amplitude using maximum and minimum pupil diameter (%)

● RAPD (log units) calculated using the following formula, where a positive

result indicates a right RAPD and a negative result indicates a left RAPD:

𝑅𝐴𝑃𝐷  =  10𝑙𝑜𝑔
10

𝑎𝑚𝑝𝑙𝑖𝑡𝑢𝑑𝑒 𝑙𝑒𝑓𝑡 𝑒𝑦𝑒
𝑎𝑚𝑝𝑙𝑖𝑡𝑢𝑑𝑒 𝑟𝑖𝑔ℎ𝑡 𝑒𝑦𝑒( )

Diagnostic accuracy of each device was assessed compared to the SFM, which was

used as the ground truth. Receiver operating characteristic curves (ROC) were used

for sensitivity and specificity analysis using an absolute value of the RAPD score.

Agreement between binocular OCT trials was appraised using the intraclass

correlation coefficient (ICC) for test-retest reliability. Bland-Altman plots were used for

intra- and inter-device comparisons. Proportional bias was assessed using linear

regression analysis plotted on the Bland-Altman plots. Pearson’s correlation

coefficient was used to assess the relationship between RAPD score and visual

function. Inter-eye differences for MD and logMAR VA were computed by subtracting

values for the right eye from the left eye. A P-value of < 0.05 was considered

statistically significant. Analysis was performed using Python 3.6. (Python Software

Foundation, https://www.python.org/).

5.4 RESULTS

5.4.1 Demographics

Recruitment for the PUPIL study was successfully completed in December 2017 and

included 50 participants with ocular disease, and 50 healthy subjects. The mean age

of the cohort with eye disease and a positive RAPD was 49.6 years (IQR: 35–60.5

years), and 52% were female. A summary of the range of eye diseases in this cohort

are presented in Table 5.1. The 50 healthy participants had a mean age of 31.3 years
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(IQR: 25–32 years), and 58% were females. Age, VA in the worse eye, and refractive

error were significantly different between the two groups (P < 0.05).

All 100 participants completed both examinations on the binocular OCT,

corresponding to 200 examinations. One healthy volunteer and one participant with a

positive RAPD did not complete the RAPDx examination due to excessive blinking

and unreliable detection of the pupil due to a co-existing peripheral iridotomy,

respectively. Therefore 49 healthy controls and 49 participants with RAPD were used

for comparison of the binocular OCT with the RAPDx.

Healthy (n = 50) Disease (n = 50)
Independent
t-test P-value

Age (years) - Mean (SD) 31.3 (10.1) 49.6 (15.9) 0.001

Sex (% female) 58 52 0.356

Eye diseases No eye disease present

BRVO (n=1)

Glaucoma (n=22)

Idiopathic optic neuropathy (n=2)

Ischaemic CRVO (n=1)

NAION (n=1)

Idiopathic optic atrophy (n=2)

Optic nerve compression (n=2)

Optic neuritis (n=17)

Traumatic optic neuropathy (n=2)

Visual acuity worse eye
(logMAR) - Mean (SD)

-0.05 (0.10) 0.55 (0.73)* <0.001

Visual acuity better eye
(logMAR) - Mean (SD)

-0.08 (0.08) -0.03 (0.12) 0.761

Mean deviation (dB)
worse eye - Mean (SD)

Not performed -14.59 (6.58)**

Mean deviation (dB)
better eye - Mean (SD)

Not performed -2.65 (0.45)**

Refractive error, mean
spherical equivalent
(dioptres) - Mean (SD)

-1.43 (2.17) -0.51 (2.21) 0.032

Table 5.1. Participant characteristics. *Visual acuity for 48 participants—one participant had

perception of light vision, one participant had no perception of light vision. (Counting fingers

and hand movements converted to 2.0 and 3.0 logMAR respectively). **Visual fields for 45

participants—test not performed in five eyes with vision of counting fingers, hand movements,

perception of light, and no perception of light.
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5.4.2 Data output

The binocular OCT examination generated a series of images that were assembled

into a video. An example of a participant with a positive right RAPD is presented in

Video 5.1 (available online at https://youtu.be/3ybJ1AjMc6Q). A summary is shown in

Figure 5.3. A quantitative pupillometry report for each participant was generated at

the end of the examination, providing a data-rich analysis of the examination (Figure

5.4).

Figure 5.3. (A) Resting diameters pre-stimulus; (B) Flash presented to the left eye,

constriction of both pupils observed; (C) Both pupils dilate to their resting diameter; (D) Flash

presented to the right eye. Constriction amplitude of both eyes is less than that observed

when the flash was presented to the left eye.
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Figure 5.4. The binocular OCT pupillometry report displays a graphical output of the pupil diameter versus time, and quantitative measurements such as

diameters and velocities.
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5.4.3 Test-retest reliability and intra- and inter-device agreement

The following pupil parameters were analysed for test-retest reliability using the ICC:

maximum and minimum pupil diameters, anisocoria, constriction amplitude. Pupil

diameters from both direct and consensual responses for both healthy and diseased

cohorts were aggregated to form a list of 400 test-retests from 100 participants. The

ICC for OCT-derived maximum pupil diameter, minimum pupil diameter, anisocoria,

and constriction amplitude was 0.95 (95% CI 0.94–0.96), 0.93 (CI: 0.91–0.94), 0.97

(CI: 0.95–0.97), and 0.88 (CI: 0.85–0.90), respectively. For RAPD measurement, the

ICC was 0.90 (CI: 0.74–0.87). Minimum pupil diameter, absolute pupil constriction

and constriction amplitude were significantly different between the tests for both

cohorts, however RAPD measurements were not (Table 5.2; paired t-test).

Intra- and inter-device agreement is shown in Bland-Altman plots in Figure 5.5. The

BA plots for both cohorts show a significant proportional bias (P < 0.001) for

test-retest (Figure 5.5 A–B) but with high variability (r2 = 0.25). This suggests that the

RAPD measurements from the first trial were of larger magnitude compared to the

second trial. The LoA had a smaller range for the healthy participants (± 1.70) than

the cohort with eye disease (± 2.27). Inter-device agreement was assessed between

the second binocular OCT trial and the RAPDx (Figure 5.5 C–D). LoA were smaller

for both cohorts in comparison to test-retest measures, indicating better agreement

between the second binocular OCT trial and the RAPDx. The distribution of

measured RAPD is illustrated in the violin plots in Figure 5.6, showing a tighter

distribution in the second trial compared to the first trial, with fewer observed outliers.

The measured scores on the RAPDx show an even tighter distribution for the healthy

cohort in comparison to the binocular OCT.

Paired t-tests show that nearly all pupil parameters were significantly different

between the two devices for both groups, as expected due to the different lighting

conditions. RAPD measurements were not statistically different between the devices

and groups (Table 5.2).
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Healthy (N = 50) Disease (N = 50) Healthy vs Disease
Independent t-test P-value

Binocular OCT
Paired t-test P-value test-retest

Binocular
OCT

n = 50

RAPDx
n = 49

Paired t-test
P-value

Binocular OCT
n = 50

RAPDx
n = 49

Paired t-test
P-value

Binocular
OCT

n = 50

RAPDx
n = 49

Healthy
n = 50

Disease
n = 50

Maximum pupil
diameter (mm) -
Mean (SD)

6.78 (1.18) 5.87 (0.99) <0.001

All eyes
5.80 (1.19)

Affected eyes
5.84 (1.18)

Unaffected eyes
5.77 (1.20)

All eyes
5.35 (1.00)

Affected eyes
5.33 (0.99)

Unaffected eyes
5.38 (1.04)

All eyes
<0.001

Affected eyes
<0.001

Unaffected eyes
<0.001

0.202 0.710 0.824

All eyes
0.789

Affected eyes
0.870

Unaffected eyes
0.659

Minimum pupil
diameter (mm) -
Mean (SD)

4.94 (1.10) 4.21 (0.82) <0.001

All eyes
4.32 (1.08)

Affected eyes
4.51 (1.12)

Unaffected eyes
4.12 (1.00)

All eyes
4.06 (0.87)

Affected eyes
4.25 (0.90)

Unaffected eyes
4.07 (0.93)

All eyes
<0.001

Affected eyes
<0.001

Unaffected eyes
<0.001

0.458 0.592 <0.001

All eyes
0.009

Affected eyes
0.054

Unaffected eyes
0.066

Anisocoria
(mm) - Mean
(SD)

0.23 (0.19) Not reported - 0.34 (0.28) Not reported - 0.043 Not reported 0.673 0.173

Absolute pupil
constriction
(mm) - Mean
(SD)

1.84 (0.43) 1.66 (0.34) <0.001

All eyes
1.49 (0.47)

Affected eyes
1.33 (0.45)

Unaffected eyes
1.65 (0.45)

All eyes
1.30 (0.44)

Affected eyes
1.09 (0.38)

Unaffected eyes
1.30 (0.46)

All eyes
<0.001

Affected eyes
<0.001

Unaffected eyes
<0.001

0.003 <0.001 <0.001

All eyes
<0.001

Affected eyes
0.003

Unaffected eyes
0.011

Constriction
amplitude (%) -
Mean (SD)

27.59 (6.33) 28.38 (4.31) 0.112

All eyes
25.90 (7.38)

Affected eyes
23.07 (7.31)

Unaffected eyes
29.74 (6.28)

All eyes
24.22 (7.03)

Affected eyes
20.42 (6.52)

Unaffected eyes
24.42 (7.16)

All eyes
<0.001

Affected eyes
<0.001

Unaffected eyes
0.008

0.001 <0.001 <0.001

All eyes
<0.001

Affected eyes
0.002

Unaffected eyes
0.001

121



RAPD (log
units) - Mean
(SD)

Trial 1
0.142 (0.87)

Trial 2
0.036 (0.54)

0.006 (0.21) 0.629

Trial 1
0.238 (2.54)

Trial 2
0.069 (1.97)

0.0002 (2.13) 0.661 <0.001 <0.001 0.487 0.308

Absolute RAPD
(log units) -
Mean (SD)

Trial 1
0.560 (0.68)

Trial 2
0.36 (0.40)

0.140 (0.15) 0.063

Trial 1
1.432 (2.10)

Trial 2
1.266 (1.50)

1.565 (1.71) 0.130 <0.001 <0.001 0.160 0.240

Table 5.2. Pupil parameters as measured using the binocular OCT and RAPDx. Independent t-tests were used to assess significant differences between the

healthy and disease group. Paired t-tests were used to assess significant differences for intra- and inter-device comparisons. The second test on the

binocular OCT was used for inter-device comparisons. Significance is assumed at P ≤ 0.05.
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Figure 5.5. A and B: Intra-device agreement. Bland-Altman graphs for healthy participants

(left) and participants with disease (right) to assess the agreement between the two binocular

OCT trials. C and D: Inter-device agreement between the binocular OCT and RAPDx. Limits

of agreement (± 1.96 standard deviation) and the mean is shown as dashed lines with shaded

confidence intervals. Regression lines are plotted to highlight proportional bias.
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5.5 DISCUSSION

In this study, pupillometry was performed using two devices with two different 

technologies: RAPDx, utilising infrared cameras to image the pupil circumference 

en-face; and a prototype binocular OCT instrument, employing swept-source lasers 

to capture high-resolution cross-sectional images through the iris and pupil planes. 

This is the first time that the binocular pupil responses have been assessed using 

OCT imaging.

Binocular OCT pupillometry was found to have excellent test-retest reliability for pupil 

parameters such as maximum and minimum pupil diameter, and anisocoria. Although 

constriction amplitude performed well on ICC testing, agreement was slightly lower 

than the other measured parameters. As constriction amplitude is calculated using 

pupil diameter values, small errors in maximum and minimum pupil diameters can 

propagate error into constriction amplitude measurement, and consequently RAPD 

calculation. In addition, the distribution of RAPD was found to be wider for the first 

trial compared to the second trial although the distributions were not statistically 

significantly different. This suggests there may be a learning effect as the user 

becomes familiar with the device, the fixation target, and how bright the flash will be, 

reducing measurement error on subsequent trials. This effect is demonstrated in other 

devices such as perimetry, where fixation and thus test-retest variability improves 

upon repeat testing (254,288,289). Further testing eliminating potential learning effect 

errors should be carried out in future work to understand the extent to which this and 

other artefacts contribute to test-retest variability, which may limit the application of 

such a RAPD measure in clinical practice.

Although the diagnostic accuracy for RAPD detection was inferior to the RAPDx, 

OCT-derived measurements show promise in detecting these, often subtle, 

abnormalities. Literature evidence suggests that a RAPD score of within ± 0.30 log 

units is physiological, whereas a threshold of ± 0.50 log units is suggested as a

cut-off to detect disease (287,290,291), in agreement with the findings in this study. 

The optimum threshold for disease detection using the binocular OCT was 0.5 log 

units. At the threshold of 0.30 log units, recommended as the threshold for presence 

of a physiological RAPD, the specificity of the binocular OCT was worse than the 

RAPDx. The diagnostic accuracy is likely to be affected by small eye movements 

during OCT capture that may cause the pupil to become occluded in one or more 

B-scans, thus reducing the number of possible iterations of the RANSAC algorithm 

used to calculate the ratio of constriction amplitude. As a result of fewer iterations,
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the accuracy of the pupil diameter measurement reduces. The maximum pupil

diameter captured pre-stimulus had slightly better test-retest reliability than minimum

pupil diameter—generally measured 1–2 seconds later, when the eyes have had the

opportunity to move. One advantage of measuring the pupils using OCT is that

RANSAC utilises 3-dimensional space, whereas the RAPDx and other infrared

pupillometers use a 2-dimensional enface measurement only. This might be helpful in

eyes with strabismus (292).

For this study, SFM was used as the reference standard for detecting the presence or

absence of RAPD. Despite its flaws, the SFM is still the most commonly used

pupillometry assessment in clinical practice. As a result, false positives and false

negatives are likely to occur. In four participants with RAPD confirmed by SFM, both

the RAPDx and binocular OCT measured a RAPD within ± 0.50 log units, and

therefore below the threshold for disease detection. Although participants were

confirmed with RAPD using the SFM by a trained observer, it is possible that some of

these cases were false positives. On follow-up of case notes for these patients, two

participants had a diagnosis of optic neuritis 6 months prior to testing and had made

a recovery from all other symptoms; and one participant had asymmetric primary

open angle glaucoma with a difference in MD of 6 dB between the eyes which may

not elicit an RAPD on quantitative testing (293). Another participant had a healthy

optic disc in the right eye, and normal tension glaucoma in the left eye, with a

difference of 0.18 in VA and -16.7 in MD, but only measured a left RAPD of 0.20 and

0.26 log units on the binocular OCT and RAPDx, respectively. This case is likely to

be a false negative, however recent literature has shown that those with normal

tension glaucoma have a lesser RAPD for a given inter-eye difference in MD

compared to those with open angle glaucoma (294). These cases further support the

need for objective methods of performing pupillometry.

In line with previous literature, a positive relationship was observed between

inter-eye MD difference and the RAPD score measured by both devices (294–297).

Interestingly, an association between VA and RAPD score was found, conflicting with

results that have been reported in the other studies (298–300). However, it is not

surprising that RAPD was found in the eye with worse VA as conditions such as optic

neuritis can profoundly affect visual function.

The binocular OCT pupillometry exam has several limitations in its current form. The

RAPDx averages eight pairs of measurements to minimise noise and the effect of

anomalies, whereas the binocular OCT only uses a single measurement. This
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difference in methodology means the test duration is shorter for the binocular OCT

device, which may be worthwhile in a busy clinic. However, the signal-to-noise ratio is

poorer, resulting in greater measurement scatter and may enhance the impact of

random error (291). In addition, the difference in stimulus characteristics between the

devices such as stimulus luminance are likely to elicit a different magnitude of pupil

response. These are likely to be a major factor in explaining the underperformance in

diagnostic accuracy of the binocular OCT when compared with the RAPDx. Future

iterations of the device should allow rapid repetitive stimulation of the pupils, and

should follow stimulus characteristics as recommended by Kelbsch et al. (301). In

this work, only amplitude measurements were used to calculate RAPD, however

latency measures can also be used. Velocity and amplitude of the pupil light reflex

are linearly related (302), so there is no a priori reason to expect any additional

information from latency measures as an outcome measure. However, the speed of

the OCT should be improved upon in future iterations for accurate velocity and

latency measures that are often informative for other pupil abnormalities in addition to

RAPD.

5.6 CONCLUSION

The binocular OCT has shown promise for automated OCT imaging, and for novel

applications that exploit the binocularity aspect of the device, such as evaluation of

strabismus. In the future, pupillometry—an essential aspect of the eye examination,

could be performed in an automated manner using OCT. Unfortunately, automated

pupilometers such as the Konan RAPDx system are not widely used in clinical

practice. This is largely because they are expensive devices, limited to a single

purpose. A binocular OCT system that could perform both automated pupillometry

and anterior and posterior OCT imaging would thus have great clinical utility. With

this in mind, future work could explore conditions that affect the iris, and hence may

display subtle changes in pupil reflexes, such as acute anterior uveitis, autonomic

neuropathies (e.g. diabetes), and pigment dispersion syndrome. In these conditions,

OCT pupillometry may be suited to detecting early changes as three-dimensional

visualisation of the iris dynamics is possible. At the same time, OCT imaging is ideal

for detecting coexisting pathology such as retinal conditions, optic neuropathies that

might explain the underlying disease process resulting in a pupillary defect. Thus, a

system that is capable of performing a comprehensive quantitative examination may

be more sensitive for disease detection, and may perhaps provide new insights into

the pathophysiology of disease.
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Chapter 6

Health economic evaluation

6.1 ABSTRACT

The requirement for diagnostic tests including OCT places increasing demand on

ophthalmology clinics, resulting in fragmented patient pathways and long waiting

times during outpatient visits. This is particularly evident in intravitreal injection clinics

where patients undergo testing at every visit. In this study, a health economic

evaluation of current practice in the intravitreal injection clinic at MEH known as the

Retinal Therapy Unit (RTU) was performed. Using data of patient attendances and

injections given in 2019, the cost and workflow implications of implementing

automated binocular optical coherence tomography (OCT) was estimated. Data was

collected on the number and grade of staff in two clinical settings: RTU clinic at MEH

City Road, representing a large teaching hospital, and RTU clinic at Ealing Hospital

(a MEH satellite centre), representing a smaller general hospital. This was combined

with data on the cost of diagnostic equipment including consumables and current

imaging devices to calculate the cost per patient, per clinic, and annual cost of

current practice. Implementation of an automated binocular OCT provides minimal

cost savings compared to the current cost of running the RTU at City Road and

Ealing—estimated to be at least £25 million and £3.8 million per year, respectively.

Deterministic sensitivity analysis showed that the main drivers of costs are staffing at

City Road, and the number of imaging devices at Ealing. By using historical data

from 2008–2019, the number of patients attending the RTU was projected to

increase considerably over the following 10 years. Automation of diagnostic tests

may not reduce the cost of the clinic substantially, but may expand capacity,

especially when coupled with AI-guided assessment of OCT images.

The work in this chapter was performed with support from Dr. Ekaterina Bordea and Dr. Rachael

Hunter from the Health Economics team based at the UCL Clinical Trials Unit.

This chapter forms the basis of the following publication:

Chopra R, Preston GC, Keenan TDL, Mulholland P, Patel PJ, Balaskas K, et al. Intravitreal

injections: past trends and future projections within a UK tertiary hospital. Eye. 2021 Jun 25;1–6.
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6.2 INTRODUCTION

Although OCT is reasonably quick and safe to perform, the costs involved with

operating the devices are not trivial. Commercial devices are expensive to purchase

and maintain, and demand ongoing labour costs for technicians to operate the

device. The requirement for diagnostic tests such as OCT places increasing strain on

ophthalmology clinics. Multiple studies assessing ophthalmology outpatient clinics

document fragmented patient pathways, where patients move between stations for

diagnostic tests such as VA measurement, or OCT imaging, before they finally see

their physician (123,124). This limits the number of patients that can be seen in a

given clinic, and often results in increased waiting times. This places a

socioeconomic burden on both healthcare systems and patients.

OCT imaging is performed on almost every patient attending retina clinics, especially

in intravitreal therapy (IVT) clinics. The use of IVT for the treatment of retinal disease

has expanded exponentially over the last decade (303,304)—its advent being

coupled with the development of OCT imaging to survey their efficacy. IVT, including

anti-VEGF and steroid drugs, are first-line treatment for a number of conditions

related to CNV and macular oedema. Ranibizumab and aflibercept, both anti-VEGF

drugs, form the current mainstay of treatment for several common retinal conditions

and are administered every 4–12 weeks, often indefinitely. Between 2008 and early

2013, ranibizumab (Lucentis, Genentech, San Francisco, California, USA/Novartis

Pharmaceuticals, Basel, Switzerland), indicated for AMD, was the only anti-VEGF

drug to obtain NICE approval (299). Ranibizumab was approved for use in DMO

(300,301) and RVO (302) in early 2013. Soon after, aflibercept (Eylea, Regeneron,

Tarrytown, New York, USA, and Bayer, Berlin, Germany) indicated for AMD received

NICE approval in 2013 (300), followed by approval for central RVO (303), DMO (72),

and branch RVO (304) in 2014, 2015 and 2017, respectively.

At MEH, a large tertiary referral centre in the United Kingdom, the IVT clinic, known

as the Retinal Therapy Unit (RTU) was established in 2008 as an outpatient clinic to

deliver these injections. The huge demand led to MEH introducing a larger RTU in

February 2016 at their main site in City Road to accommodate the increasing

capacity required. Additionally, RTUs have been developed at several MEH satellite

sites to provide care more locally. As new drugs continue to be developed,

particularly for even more common conditions such as dry age-related macular

degeneration, the trajectory of the number of patients requiring treatment is expected
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to expand even further. It is therefore paramount to ensure that such units can cope

with the demand at an affordable cost, whilst maintaining a good patient experience.

Similar to other ophthalmology clinics, the workflow in the RTU is fragmented into

individual tests such as VA measurement, OCT imaging, consultation with the

clinician (Figure 6.1). Staff members are allocated to each of these procedures

depending on their level of training. The number of rooms and number of staff

available are limiting factors, which often leads to more patients waiting to be seen

than space or staff available.

Lean-thinking principles were developed by studying the Toyota Production System

in the 1950s (305). The aim of this methodology is to think about new ways to

organise activities to deliver more benefits and value to society while eliminating the

waste. Recently, there has been a drive to adopt lean-thinking approaches to

improve workflows and efficiency within ophthalmology. These studies involve

mapping the current workflow and patient pathway to understand where any

bottlenecks may lie (252,253,306). The pathway is mapped again after the workflow

is modified to examine whether the process has become more efficient.

Figure 6.1 highlights the diagnostic procedures that could be replaced by the

binocular OCT. Even with binocular OCT implementation, all patients still require

assessment by a physician or optometrist, or even autonomously with AI in the

future.

Figure 6.1. Current Retinal Therapy Unit (RTU) workflow. The green box highlights the part of

the pathway that can be replaced by binocular OCT, and the blue box represents the part that

can be replaced by AI.
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In this chapter, the potential health economic impact of implementing the binocular

OCT to automate part of the patient pathway is considered. As the binocular OCT is

a patient-operated device, it is expected to reduce the number of staff required to

perform imaging and other diagnostic tests such as measurement of VA. In addition,

waiting time is likely to be reduced as patients are not required to move between

stations for each diagnostic test.

To understand the economic implications of introducing automation into the RTU, a

cost analysis was conducted on the current workflow, and for hypothetical scenarios

that include implementation of the binocular OCT. This was calculated for two clinical

settings:

A. RTU clinic at MEH City Road (CR), representing a large teaching hospital

B. RTU clinic at Ealing Hospital (EA), a MEH satellite centre, representing a

smaller general hospital.

Additionally, to ascertain whether the current workflow is sustainable, a forecast

analysis was conducted to estimate the number of patient attendances and number

of injections that will be delivered over the next 10 years given the current trend. This

analysis was undertaken with support from the UCL Clinical Trials Unit.

6.3 METHODS

6.3.1 Dataset

This study was conducted in accordance with the Declaration of Helsinki and the UK

General Data Protection Regulation. Permission for data collection and analysis was

provided through registration as a clinical audit (CA17/MR/28). Only retrospective

anonymised data was used without the active involvement of patients.

Historical data for the number of patient visits from 2008 to 2019 were obtained from

the Performance & Innovation department at MEH. This was used for cost analysis

and to forecast future trends.

The current workflow in the RTU at CR and EA was observed to be composed of

three main components: diagnostic procedures (including OCT and VA tests), the

assessment, and the injection procedure (Figure 6.1). The costs of the RTU therefore

comprise diagnostic equipment costs, labour costs, intravitreal drug costs, and
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overheads. Data was obtained from MEH, or through publicly available resources on

these costs for the financial years 2018–2019.

6.3.2 Diagnostic equipment costs

Device costs were provided by the Electrical and Biomedical Engineering

department, MEH. OCT devices used in current practice are 3D OCT-2000 (Topcon

Corp., Tokyo, Japan), and cost £45,995.00 excluding VAT per unit, with an average

lifetime of 8 years. The annual maintenance contract for 2019 averaged £3,633.81

per device.

Haag-Streit BM900 slit-lamps are available in each of the 5 assessment rooms, each

costing £15,000 excluding VAT, with a lifetime of 15 years, and an annual

maintenance cost of £500 excluding VAT per device.

Electronic VA test charts, including both hardware and software, are provided by

Thomson Software Solutions (Hatfield, UK). The cost of a single chart is estimated at

£1,500 excluding VAT, with a lifetime estimate of 10 years.

The cost of the iCare ic100 tonometer is £2,395 (excluding VAT), and is estimated to

have a lifespan of 15 years (307). Tonometer probes cost £70 per 100 (excluding

VAT), or £1.43 per patient. Based on MEH protocol, all patients undergo IOP testing

prior to mydriasis. Based on clinical audit, it was assumed that a third of patients

undergo IOP checks post-injection–this includes all patients with glaucoma or ocular

hypertension, patients receiving their first three loading doses, and periodical checks

(on average every fourth injection after the loading doses).

Mydriatic drops were considered as tropicamide 1% only, costing £11.31 per 20

minims, equivalent to £0.56 per patient (308).

Binocular OCT costs were obtained from the manufacturer. Unit costs were

estimated to be £75,000.00 excluding VAT, with an average lifetime of 8 years and an

annual maintenance cost of £2000.00 excluding VAT per device. Service and support

is likely to be less than other devices as most of the support can be provided

electronically. In the current version of the system, each patient examination requires

placement of a new pair of sterile safety goggles, costing £0.75 excluding VAT per

goggle.

The current purchase price of all equipment was converted into an equivalent annual

cost using an annual discount rate of 3.5% as recommended by NICE and the UK

Treasury (309), and using the following formula:
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𝑒𝑞𝑢𝑖𝑣𝑎𝑙𝑒𝑛𝑡 𝑎𝑛𝑛𝑢𝑎𝑙 𝑐𝑜𝑠𝑡 = 𝑟(𝑝𝑟𝑒𝑠𝑒𝑛𝑡 𝑣𝑎𝑙𝑢𝑒)

1−(1+𝑟)−𝑛

Where the is given by the purchase cost including value-added tax𝑝𝑟𝑒𝑠𝑒𝑛𝑡 𝑣𝑎𝑙𝑢𝑒

(VAT) of 20%, is the discount rate per year, and is the number of years.𝑟 𝑛

6.3.3 Labour costs

The RTU is staffed by clerical and secretarial staff (grouped as administrators), and

clinical staff including healthcare assistants (HCAs), nurses, optometrists, and

physicians (including Fellows and Consultants). Diagnostic procedures including VA

measurement, IOP checks, OCT imaging, and assistance for delivering the

injections, are provided by HCAs. For this analysis, it was assumed that nurses

perform all injection procedures, although physicians are also trained to do so.

NHS Agenda for Change 2019-20 was used to calculate annual and hourly salary per

staff type (310). The following band assumptions were made: administrators as Band

3, HCAs as Band 3, nurses as Band 6, Optometrists as Band 7. The mid-points of

each scale were used for staff costing. Annual and hourly salaries for Fellows were

assumed to be equivalent to specialty doctors at point 1 on the scale, as Fellows are

normally employed for a 2-year period. Consultants were assumed to be point 4 on

the 2003 contract. High cost area supplement at 20% of basic salary was added,

which is subject to a minimum payment of £4,400 and a maximum payment of

£6,777 (311). Employer contributions include superannuation of 14.38%, and

National Insurance contributions of 13.8% (312). Total annual and hourly costs for 1.0

full-time equivalent (FTE) are given in Table 6.1.

To calculate the theoretical maximum throughput of patients, data was obtained from

the RTU Clinical Audit Team on the number of patients profiled per clinician.

All assessors (Optometrists, Fellows, and Consultants) are profiled to see 12 patients

each per clinic session (each session defined as 3.75 hours). The mean time per

patient assessment is therefore 18.75 minutes. Each nurse injector is profiled to treat

15 patients per clinic session (mean time per patient being 15 minutes).

The diagnostic procedures are assumed to be fully staffed in clinic profiling. The

mean time for this part of the pathway was calculated from observation of clinics at

CR and EA and rounded up to the nearest minute. In total, diagnostic procedures

took a mean total of 15 minutes. Of this, 5 minutes were allocated for OCT imaging,
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and the remainder for other diagnostic procedures that include a brief history, VA

measurement, dilation, and tonometry.

The minimum mean journey time per patient is therefore 48.75 minutes, without

accounting for waiting times between each procedure.

Basic salary High cost area
supplement

Employer
superannuation

Employer
National

Insurance
contribution

Total annual
cost

Hourly
cost

Administrator &
HCA (Band 3
mid-point)

£18,813.00 £4,400.00 £3,338.03 £2,012.18 £28,563.00 £14.61

Nurse (Band 6
mid-point) £32,525.00 £7,806.00 £5,612.51 £4,194.92 £48,837.00 £24.98

Optometrist
(Band 7
mid-point)

£38,765.00 £6,777.00 £6,548.94 £5,093.58 £57,185.00 £29.25

Fellow
(Specialty
doctor) point 1

£43,460.00 £6,777.00 £7,224.08 £5,741.49 £63,203.00 £32.32

Consultant
(2003 contract
point 4)

£87,362.00 £6,777.00 £13,537.19 £11,799.97 £119,476.15 £61.10

Table 6.1. Staff costs used for modelling.

6.3.4 Intravitreal drug costs

All licensed intravitreal drugs are classified as high cost drugs and are funded by

NHS England. As drug costs are negotiated at a discounted rate, these figures are

commercially sensitive and were not available for analysis. Therefore, the drug costs

publicly available on the British National Formulary were used. Aflibercept and

ranibizumab form the majority of intravitreal drugs and are priced at £816.00 (313)

and £511.00 (314) (excluding VAT), respectively. All other drugs were assumed to

cost £1,000.00 (excluding VAT).

Intravitreal drugs generally have a shelf life of approximately 2–3 years. Discount

rates were not applied to drug costs as it is assumed that supply is bought frequently.

Therefore, drug costs were not adjusted to account for expiry before use of the drug.
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6.3.5 Other considerations

Overhead costs were not considered as there were no reliable sources for this

information.

For all scenarios it was assumed that the clinic at CR is open Monday through Friday

from 08:30 to 17:00 with a one-hour break between morning and afternoon

appointments. It was assumed that the clinic is open all year round as the clinic

sometimes is open on Saturdays, which would cover national public holidays that

were not accounted for in this analysis. EA is open 2 days a week from 08:30 to

17:00.

It was assumed following physical working areas would remain the same in all

scenarios:

● City Road

○ Diagnostic procedures: 5 rooms (2 for OCT)

○ Clinical assessment: 5 rooms

○ Injection theatres: 4 rooms

● Ealing

○ Diagnostic procedures: 3 rooms (1 for OCT)

○ Clinical assessment: 2 rooms

○ Injection theatres: 2 rooms

6.3.6 Cost analysis

A base case analysis was carried out of the current practice in 2019 including key

cost components to calculate the annual cost of the RTU, the cost per clinic day, and

the cost per patient visit.

A hypothetical model was constructed to explore the cost impact and maximum

throughput of patients in two scenarios of binocular OCT implementation at CR and

EA:

Scenario 1: Replacement of most diagnostic testing and imaging with binocular

OCT. As not all patients may be able to use binocular OCT, such as non-English

speakers or patients who have difficulty reaching the device, Scenario 1 considers a

failsafe option of retaining a single Topcon OCT machine and a single room for

conventional VA measurement, tonometry, and administration of mydriatic drops.
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Scenario 2: Replacement of all diagnostic testing and imaging with binocular OCT,

and a single room for tonometry and administration of mydriatic drops.

Analysis was performed in Microsoft Excel 2019 (Microsoft Corporation, Redmond,

WA, USA).

6.3.7 Deterministic sensitivity analysis

A deterministic sensitivity analysis was conducted, systematically varying the cost of

the binocular OCT machine, maintenance and other key values in the model, to

determine the impact that variations of these values have on the cost per patient. For

this analysis, the base-case was computed as Scenario 1. As variables are not

completely independent, more than one parameter was varied where they were

correlated. For example, when the number of binocular OCTs was varied to ‘0’, the

number of safety goggles were also varied to ‘0’.

Plausible low and high-values ranges were determined for key cost components. Low

and high-values for binocular OCT costs were assumed to be 80% and 120% of the

base-case costs, respectively. The low-value for the number of Topcon 3D OCT-2000

devices or VA charts were ‘0’, reflecting Scenario 2 where they are completely

replaced by binocular OCT, whereas the high-value represents the current practice.

The low-value for tonometer probes and mydriatic drops were assumed to be ‘0’ in

the case that no patient requires tonometry or dilation, whereas the high-value

represents a scenario where every patient undergoes these procedures. For

assessors at CR, it was always assumed that 5 clinicians are involved in

assessment, with at least one of these being a consultant. For example, a low value

of ‘0’ Optometrists simultaneously increases the number of Fellows to four, whereas

a high value of ‘4’ of Optometrists reduces the number of fellows to zero. Similarly, at

EA, it was always assumed that a Consultant would be present at at least 0.1 FTE,

and a low value of ‘0’ Optometrists would require the presence of two fellows, and

vice versa. Whereas a high value of ‘2’ Consultants would require neither

Optometrists nor Fellows. For HCAs and nurses that administer injections, the high

value represents current practice where all rooms are used, and low-values of ‘3’ and

‘2’ were chosen for CR and EA respectively, representing a scenario where one

fewer room is used. The input parameters to the one-way sensitivity analysis are

given in Tables 6.2 and 6.3.
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Low Base High

Binocular OCT cost, £ 60,000.00 75,000.00 90,000.00

Binocular OCT maintenance, £ 1,600.00 2,000.00 2,400.00

Binocular OCT safety goggles, £ 0.60 0.75 0.90

Binocular OCT, n 0 3 5

Topcon 3D OCT-2000, n 0 1 2

Visual acuity chart (Thomson), n 0 1 3

Tonometer (iCare ic100), n 1 1 3

Tonometer probes (iCare), n 0 34,691 52,036

Mydriatic drops (Tropicamide 1%), n 0 26,018 26,018

Slit-lamp (Haag-Streit BM900), n 5 5 5

Administrator, n 1 2 3

Band 3 HCA - diagnostic, n 0 2 5

Optometrist, n 0 2 4

Fellow, n 0 2 4

Consultant, n 1 1 5

Band 3 HCA & Band 6 nurse - injections, n 3 4 4

Table 6.2. Input parameters for deterministic sensitivity analysis for City Road clinic.

Low Base High

Binocular OCT cost, £ 60,000.00 75,000.00 90,000.00

Binocular OCT maintenance, £ 1,600.00 2,000.00 2,400.00

Binocular OCT safety goggles, £ 0.60 0.75 0.90

Binocular OCT, n 0 1 3

Topcon 3D OCT-2000, n 0 1 2

Visual acuity chart (Thomson), n 0 1 2

Tonometer (iCare ic100), n 1 1 3

Tonometer probes (iCare), n 0 4,904 7,356

Mydriatic drops (Tropicamide 1%), n 0 3,678 3,678

Slit-lamp (Haag-Streit BM900), n 2 2 2

Administrator, n 1 1 2

Band 3 HCA - diagnostic, n 0 1 3

Optometrist, n 0 2 2

Fellow, n 0 0 2

Consultant, n 0.1 0.1 2

Band 3 HCA & Band 6 nurse - injections, n 1 2 2

Table 6.3. Input parameters for deterministic sensitivity analysis for Ealing clinic.
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6.3.8 Forecasting

Forecasting analysis was performed to predict the number of monthly patients that

will be seen and monthly number of injections that will be delivered up to the end of

the year 2029. This was carried out using Python 3.6 and the open-source Prophet

library developed by Facebook AI (Menlo Park, California, US) (315,316), an additive

regression model which uses historical injection data to fit future trends. For this

model, historical monthly data between 2008 and 2019 was input to the model. The

output was a forecast of the number of injections per month between January 2020

and December 2029, inclusive, with 95% confidence intervals. The model

automatically removes outliers and considers seasonality effects, for example, the

model accounts for the reduced service that operates every December due to the

holiday season. For the purpose of this analysis, only the number of patient visits or

injections delivered per month were fed into the model, and excluded other data such

as patient demographics.

6.4 RESULTS

6.4.1 Patient attendances and forecasting future demand

At CR, the first recorded injection was given in August 2008, with only a total of 350

injections given in that year.  The number of patients seen per year rose more than

threefold from 8,412 in 2009 to 26,018 in 2019. Similarly the number of injections

rose from 2,955 to 25,146 from 2009 to 2019. A similar pattern was observed at

EA—the number of patients increased from 438 in 2009, the first year of operation, to

3,678 patients in 2019. In 2009, 256 injections were given, increasing to 3824 in

2019.

The forecasting model projected that 50,175 (95% CI: 39,158–61,192) and 8,084

(95% CI: 7,299–8,869) patients will be seen in 2029 at CR (Table 6.4) and EA (Table

6.5), respectively. Monthly forecasts are presented in Figures 6.2 and 6.3.

139



Year

Actual
no. of

patients

Forecasted
no. of

patients

95%
confidence
interval (±)

Yearly
growth
factor

Actual
no. of

injections

Forecasted
no. of

injections

95%
confidence
interval (±)

Yearly
growth
factor

No. of
injections to
every patient

visit

2008 407 350 1.16

2009 8412 20.67 3955 11.30 2.13

2010 11592 1.38 4742 1.20 2.44

2011 13802 1.19 7411 1.56 1.86

2012 15287 1.11 8977 1.21 1.70

2013 17215 1.13 11248 1.25 1.53

2014 17456 1.01 14988 1.33 1.16

2015 17510 1.00 16019 1.07 1.09

2016 18637 1.06 17807 1.11 1.05

2017 20817 1.12 20250 1.14 1.03

2018 26191 1.26 25419 1.26 1.03

2019 26018 0.99 25146 0.99 1.03

2020 28807 2931 1.11 28097 2403 1.12 1.03

2021 31289 2999 1.09 30703 2463 1.09 1.02

2022 33649 3281 1.08 33121 2370 1.08 1.02

2023 36009 3793 1.07 35538 2493 1.07 1.01

2024 38209 4575 1.06 37700 2419 1.06 1.01

2025 40732 5558 1.07 40373 2461 1.07 1.01

2026 43092 6688 1.06 42791 2445 1.06 1.01

2027 45452 7767 1.05 45208 2539 1.06 1.01

2028 47611 9384 1.05 47303 2542 1.05 1.01

2029 50175 11017 1.05 50043 2540 1.06 1.00

Table 6.4. Actual number of injections delivered per year at City Road from years 2008 to

2019. Forecasted number of injections from 2020 to 2029. Growth factor is calculated using

actual and forecasted number of injections, using the formula number of injections in the year

divided by the number of injections in the previous year.
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Year

Actual
no. of

patients

Forecasted
no. of

patients

95%
confidence
interval (±)

Yearly
growth
factor

Actual
no. of

injections

Forecasted
no. of

injections

95%
confidence
interval (±)

Yearly
growth
factor

No. of
injections
to every

patient visit

2009 7 7 1.00

2010 438 62.57 256 36.57 1.71

2011 543 1.24 397 1.55 1.37

2012 629 1.16 440 1.11 1.43

2013 988 1.57 741 1.68 1.33

2014 1561 1.58 1627 2.20 0.96

2015 2051 1.31 2187 1.34 0.94

2016 2600 1.27 2830 1.29 0.92

2017 3033 1.17 3301 1.17 0.92

2018 3292 1.09 3441 1.04 0.96

2019 3678 1.12 3824 1.11 0.96

2020 4265 443 1.16 4359 446 1.14 0.98

2021 4632 441 1.09 4643 458 1.07 1.00

2022 5061 454 1.09 5012 514 1.08 1.01

2023 5490 474 1.08 5381 586 1.07 1.02

2024 6019 498 1.10 5875 776 1.09 1.02

2025 6358 528 1.06 6128 911 1.04 1.04

2026 6787 582 1.07 6497 1126 1.06 1.04

2027 7215 644 1.06 6865 1363 1.06 1.05

2028 7772 706 1.08 7391 1661 1.08 1.05

2029 8084 785 1.04 7613 1926 1.03 1.06

Table 6.5. Actual number of injections delivered per year at Ealing from years 2009 to 2019.

Forecasted number of injections from 2020 to 2029. Growth factor is calculated using actual

and forecasted number of injections, using the formula number of injections in the year

divided by the number of injections in the previous year.
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Figure 6.2. Number of patients: observed values (in black) and predicted values (in grey) with

95% confidence intervals (shaded) at City Road.

Figure 6.3. Number of patients: observed values (in black) and predicted values (in grey) with

95% confidence intervals (shaded) at Ealing.

142



6.4.2 Base case analysis

The annual cost of the RTU in 2019 was £25,233,799.34 at CR (Table 6.6), and

£3,867,032.42 at EA (Table 6.7). This is equivalent to £96,787.10 and £38,560.12 per

clinic day, and £969.86 and £1,051.40 per patient visit, at CR and EA respectively.

Approximately 95% of the cost is attributable to intravitreal drug costs.

Diagnostic equipment costs were £113,854.47 for 2019 at CR, equivalent to £4.38

per patient visit. Diagnostic equipment costs at EA were £28,334.27—almost a third

of that at CR. While overall costs were lower than CR, the equivalent cost per patient

visit was greater at EA (£7.70). As the clinic runs five days per week at CR, there is

greater use of the devices and thus the cost per patient is lower compared to EA

where the clinic runs two days per week.

Labour costs were £869,830.07 in 2019 at CR. This equates to £3,336.52 per clinic

day and £33.43 per patient visit. At EA, the labour costs were £152,090.56—almost

a fifth of the cost at CR. This is equivalent to £1,516.57 per clinic day—almost half of

the cost per day at CR. However, the cost per patient visit was £41.35, approximately

a third greater than at CR.
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Variable Quantity
Number of
hours per
year

Number of
patients or
units per year

Lifetime
(years) Unit cost

Equivalent
annual cost per
unit

Maintenance
cost per unit
per year

Total cost per year Average total cost
per clinic day

Average total cost
per patient visit

Total patient attendances 26,018

Total patients injected 22,693

Diagnostic equipment £ 113,854.47 £ 436.70 £ 4.38

Topcon 3D OCT-2000 2 8 £ 45,995.00 £ 8,029.44 £ 3,633.81 £ 24,780.02 £ 95.05 £ 0.95

Visual acuity chart (Thomson) 3 10 £ 1,500.00 £ 216.43 NA £ 649.30 £ 2.49 £ 0.02

Tonometer (iCare ic100) 2 15 £ 2,395.00 £ 249.54 £ 41.06 £ 597.61 £ 2.29 £ 0.02

Tonometer probes (iCare) 1 34,691 Single-use £ 1.43 NA NA £ 59,529.18 £ 228.33 £ 2.29

Mydriatic drops (Tropicamide 1%) 1 26,018 Single-use £ 0.56 NA NA £ 17,484.10 £ 67.06 £ 0.67

Slit-lamp (Haag-Streit BM900) 5 15 £ 15,000.00 £ 1,562.85 £ 500.00 £ 10,814.26 £ 41.48 £ 0.42

Labour £ 869,830.07 £ 3,336.33 £ 33.43

Administrator 2 1,955.4 £ 14.61 £ 57,129.59 £ 219.13 £ 2.20

Band 3 HCA - diagnos ic 5 1,955.4 £ 14.61 £ 142,823.98 £ 547.82 £ 5.49

Optometrist 2 1,955.4 £ 29.25 £ 114,375.40 £ 438.70 £ 4.40

Fellow 2 1,955.4 £ 32.32 £ 126,405.14 £ 484.84 £ 4.86

Consultant 1 1,955.4 £ 61.10 £ 119,476.15 £ 458.26 £ 4.59

Band 3 HCA - injections 4 1,955.4 £ 14.61 £ 114,259.18 £ 438.25 £ 4.39

Band 6 Nurse - injections 4 1,955.4 £ 24.98 £ 195,360.62 £ 749.33 £ 7.51

Intravitreal drug costs £ 24,250,114.80 £ 93,014.06 £ 932.05

Aflibercept unilateral 1 16,972 £ 816.00 £ 16,618,982.40 £ 63,743.99 £ 638.75

Aflibercept bilateral 2 2,129 £ 1,632.00 £ 4,169,433.60 £ 15,992.33 £ 160.25

Ranibizumab unilateral 1 1,873 £ 551.00 £ 1,238,427.60 £ 4,750.13 £ 47.60

Ranibizumab bilateral 2 213 £ 1,102.00 £ 281,671.20 £ 1,080.38 £ 10.83

Other unilateral 1 1,394 £ 1,000.00 £ 1,672,800.00 £ 6,416.21 £ 64.29

Other bilateral 2 112 £ 2,000.00 £ 268,800.00 £ 1,031.01 £ 10.33

Overall £ 25,233,799.34 £ 96,787.10 £ 969.86

Table 6.6. Cost analysis of current RTU clinic at City Road, using patient numbers and injections from 2019.
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Variable Quantity
Number of
hours per
year

Number of
patients or
units per year

Lifetime
(years) Unit cost

Equivalent
annual cost per
unit

Maintenance
cost per unit
per year

Total cost per year Average total cost
per clinic day

Average total cost
per patient visit

Total patient attendances 3,678

Total patients injected 3,396

Diagnostic equipment £ 28,334.27 £ 282.54 £ 7.70

Topcon 3D OCT-2000 1 8 £ 45,995.00 £ 8,029.44 £ 3,633.81 £ 12,390.01 £ 123.55 £ 3.37

Visual acuity chart (Thomson) 2 10 £ 1,500.00 £ 216.43 NA £ 432.87 £ 4.32 £ 0.12

Tonometer (iCare ic100) 1 15 £ 2,395.00 £ 249.54 £ 41.06 £ 298.81 £ 2.98 £ 0.08

Tonometer probes (iCare) 1 4,904 Single-use £ 1.43 NA NA £ 8,415.26 £ 83.91 £ 2.29

Mydriatic drops (Tropicamide 1%) 1 3,678 Single-use £ 0.56 NA NA £ 2,471.62 £ 24.65 £ 0.67

Slit-lamp (Haag-Streit BM900) 2 15 £ 15,000.00 £ 1,562.85 £ 500.00 £ 4,325.70 £ 16.59 £ 0.17

Labour £ 152,090.56 £ 1,516.57 £ 41.35

Administrator 1 752.1 £ 14.61 £ 10,987.66 £ 109.56 £ 2.99

Band 3 HCA - diagnos ic 3 752.1 £ 14.61 £ 32,962.99 £ 328.69 £ 8.96

Optometrist 2 752.1 £ 29.25 £ 43,995.36 £ 438.70 £ 11.96

Fellow 0 752.1 £ 32.32 £ - £ - £ -

Consultant 0.1 752.1 £ 61.10 £ 4,595.74 £ 45.83 £ 1.25

Band 3 HCA - injections 2 752.1 £ 14.61 £ 21,975.33 £ 219.13 £ 5.97

Band 6 Nurse - injections 2 752.1 £ 24.98 £ 37,573.47 £ 374.66 £ 10.22

Intravitreal drug costs £ 3,686,607.60 £ 36,761.01 £ 1,002.34

Aflibercept unilateral 1 2,650 £ 816.00 £ 2,594,880.00 £ 25,874.85 £ 705.51

Aflibercept bilateral 2 402 £ 1,632.00 £ 787,276.80 £ 7,850.33 £ 214.05

Ranibizumab unilateral 1 209 £ 551.00 £ 138,190.80 £ 1,377.97 £ 37.57

Ranibizumab bilateral 2 25 £ 1,102.00 £ 33,060.00 £ 329.66 £ 8.99

Other unilateral 1 109 £ 1,000.00 £ 130,800.00 £ 1,304.27 £ 35.56

Other bilateral 2 1 £ 2,000.00 £ 2,400.00 £ 23.93 £ 0.65

Overall £ 3,867,032.42 £ 38,560.12 £ 1,051.40

Table 6.7. Cost analysis of the current RTU clinic at Ealing, using patient numbers and injections from 2019.
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6.4.3 Implementation of binocular OCT

6.4.3.1 Scenario analysis—City Road

Scenario 1 considers the installation of three binocular OCT devices in three of the

five diagnostic procedure rooms, with one room for VA testing, and another room for

the conventional OCT device. Compared to the base-case, this has a saving of £1.20

per patient.

In Scenario 2, all diagnostic procedures are replaced with binocular OCT devices

without a failsafe option. This removes the need for five HCAs responsible for

diagnostics, however one HCA will be responsible for tonometry and administration

of mydriatic drops. This scenario has savings of £2.10 per patient compared to the

base-case.

In both scenarios, the intravitreal drug costs, number of assessors and nurse

injectors, remain the same as the base case analysis.

The costs per patient, clinic day, and annual costs for each scenario are provided in

Table 6.8. Full breakdowns are provided in Appendix 2.

Base case Scenario 1 Scenario 2

Cost Cost Difference Cost Difference

Per patient £969.86 £968.66 -£1.20 £967.76 -£2.10

Diagnostic equipment £4.38 £6.47 £2.09 £6.67 £2.29

Labour £33.43 £30.14 -£3.29 £29.04 -£4.39

Intravitreal drugs £932.05 £932.05 £0.00 £932.05 £0.00

Per clinic day £96,787.10 £96,667.18 -£119.91 £96,577.67 -£209.42

Diagnostic equipment £436.70 £645.48 £208.78 £665.53 £228.83

Labour £3,336.33 £3,007.64 -£328.69 £2,898.08 -£438.25

Intravitreal drugs £93,014.06 £93,014.06 £0.00 £93,014.06 £0.00

Annual £25,233,799.34 £25,202,536.54 -£31,262.80 £25,179,199.82 -£54,599.52

Diagnostic equipment £113,854.47 £168,286.06 £54,431.59 £173,514.14 £59,659.66

Labour £869,830.07 £784,135.68 -£85,694.39 £755,570.89 -£114,259.18

Intravitreal drugs £24,250,114.80 £24,250,114.80 £0.00 £24,250,114.80 £0.00

Table 6.8. Scenario analysis and cost differences for City Road.
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6.4.3.2 Scenario analysis—Ealing

Scenario 1 considers the installation of one binocular OCT device in one of the three

diagnostic procedure rooms, with one room for VA testing, and another room for the

conventional OCT device. Compared to the base-case, this has a saving of £1.55 per

patient.

In Scenario 2, all three diagnostic procedures rooms are occupied with binocular

OCT devices. This removes the need for three HCAs responsible for diagnostics,

however one HCA will be responsible for tonometry and instillation of mydriatic

drops. As the throughput of patients is lower at EA, this scenario considers a

travelling HCA that moves between the three binocular OCT rooms.  This scenario

costs £25.43 more per patient than the current pathway as the cost of an extra OCT

device that is used only two days per week is greater than the cost of a HCA.

In both scenarios, the intravitreal drug costs, number of assessors and nurse

injectors, remain the same as the base case analysis.

The costs per patient, clinic day, and annual costs for each scenario are provided in

Table 6.9. Full breakdowns are provided in Appendix 2.

Base case Scenario 1 Scenario 2

Cost Cost Difference Cost Difference

Per patient £1,051.40 £1,050.38 -£1.01 £1,076.83 £25.43

Diagnostic equipment £7.70 £12.67 £4.96 £39.11 £31.41

Labour £41.35 £35.38 -£5.97 £35.38 -£5.97

Intravitreal drugs £1,002.34 £1,002.34 £0.00 £1,002.34 £0.00

Per clinic day £38,560.12 £38,523.03 -£37.09 £39,492.93 £932.81

Diagnostic equipment £282.54 £464.57 £182.04 £1,434.48 £1,151.94

Labour £1,516.57 £1,297.44 -£219.13 £1,297.44 -£219.13

Intravitreal drugs £36,761.01 £36,761.01 £0.00 £36,761.01 £0.00

Annual £3,867,032.42 £3,863,312.74 -£3,719.69 £3,960,580.50 £93,548.08

Diagnostic equipment £28,334.27 £46,589.91 £18,255.64 £143,857.67 £115,523.40

Labour £152,090.56 £130,115.23 -£21,975.33 £130,115.23 -£21,975.33

Intravitreal drugs £3,686,607.60 £3,686,607.60 £0.00 £3,686,607.60 £0.00

Table 6.9. Scenario analysis and cost differences for Ealing.
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6.4.4 Deterministic sensitivity analysis

The resulting Tornado plots are shown in Figures 6.4 and 6.5, where the cost

difference using low and high values are shown per patient for Scenario 1. At City

Road, the main drivers of the differences were labour costs, particularly costs for

Consultants, HCAs for diagnostic tests, and HCA and nurse costs for delivering

injections. Labour costs were also a major contributor to the cost per patient at

Ealing. However, the main driver of cost at the site was the number of binocular OCT

devices, as similarly observed in Scenario 2. For both CR and EA, the cost of the

binocular OCT device, maintenance, and safety goggles were not significant drivers

of per-patient cost.
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Figure 6.4. Tornado diagram displaying difference in cost per patient from Scenario 1 at City

Road. The ordering displays the most cost-sensitive components at the top, and the

least-sensitive at the bottom.

Figure 6.5. Tornado diagram displaying difference in cost per patient from Scenario 1 at

Ealing. The ordering displays the most cost-sensitive components at the top, and the

least-sensitive at the bottom.
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6.4.5 Binocular OCT time-savings

Based on the clinic profiling, assessors are able to evaluate a total of 31,286 patients

per year at CR where two Optometrists, two Fellows, and one Consultant form the

assessment team (Table 6.10). Similarly, the maximum injection delivery capacity is

estimated to be 31,286 patients. While this estimate is larger than the total number of

patients injected in 2019, this capacity would not suffice beyond 2021 according to

the forecast. At EA, the rate limiting factor is the number of assessors who are able

to see a total of 5,265 patients—a capacity that will theoretically be reached by 2023.

The current OCT system could image an estimated 46,930 patients (23,465 per

device) per year and is therefore the step with the least constraint. However, the

current pathway cannot operate to this theoretical level as a total of 35,197 patients

(11,732 per HCA) could be seen per year for the other diagnostic procedures

(VA/IOP/dilate), and even fewer patients can be seen by the assessment and

injection team.

The implementation of the binocular OCT into this workflow was simulated. The

clinically relevant examination components are the ‘introduction’ that familiarises the

patient with the device, ‘visual acuity’, and ‘OCT imaging’. As described in Chapter 3,

the binocular OCT takes a median total of 421 seconds (7.01 minutes) to complete

these components per patient, enabling a theoretical average of 16,721 patients that

could be examined per device per year. Using the interquartile range 342–500

seconds, the uncertainty around this estimate is between 14,079–20,583 patients.

Therefore, a maximum of three devices and one device are required to reach the

maximum number of patients that can be seen by the assessment and injection team

at City Road and Ealing, respectively.
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Procedure / labour Quantity
Minutes

per
patient

Hours per
year

Total patients that
could be seen per

clinic day

Total patients that
could be seen per

year

City Road

Administrator 2 6.00 1,955.4 150 39,108 39,108

VA/IOP/dilate Band 3 HCA 3 10.00 1,955.4 135 35,197 35,197

OCT imaging Band 3 HCA 2 5.00 1,955.4 180 46,930 46,930

Assessment

Optometrist 2 15.00 1,955.4 48 12,515

31,286Fellow 2 15.00 1,955.4 48 12,515

Consultant 1 15.00 1,955.4 24 6,257

Injections
Band 3 HCA 4 18.75 1,955.4 120 31,286

31,286
Band 6 Nurse 4 18.75 1,955.4 120 31,286

Ealing

Administrator 1 6.00 752.1 72 7,521 7,521

VA/IOP/dilate Band 3 HCA 2 10.00 752.1 87 9,026 9,026

OCT imaging Band 3 HCA 1 5.00 752.1 87 9,026 9,026

Assessment

Optometrist 2 15.00 752.1 46 4,814

5,265Fellow 0 15.00 752.1 0 0

Consultant 0.1 15.00 752.1 4 451

Injections
Band 3 HCA 2 18.75 752.1 58 6,017

6,017
Band 6 Nurse 2 18.75 752.1 58 6,017

Table 6.10. Quantity of personnel type available for each procedure, estimates of time spent

per patient, and the total number of patients that could be seen per clinic day and year at CR

and EA.

6.5 DISCUSSION

As the NHS is under enormous and growing financial strain, sustainable

development has been promoted and embedded into government policy and

guidance. In 2010, the Quality, Innovation, Productivity and Prevention (QIPP)

initiative set out how the NHS is planning to make cost savings whilst improving the

quality of care (317). It particularly highlighted that cost savings can be realised by

getting patients more involved in managing their own conditions where possible, and

by treating more patients closer to home. In June 2018, a report led by Lord

Darzi—the former UK health minister, estimated that digital technology including

automation could save the NHS £12.5 billion per year (318). The report discusses the

need for automation of point-of-care diagnostics together with remote monitoring, to

enable people to live independently secure in the knowledge that help is close at
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hand if their condition deteriorates. More specific to clinical practice, the report states

that in health and care automation will primarily complement human skills and

talents, by reducing the burden of administrative tasks. The future of healthcare

report published by the NHS in 2018 set forth principles to transform the health and

care system, and focused on harnessing the power of technology to manage the

growing demand for services and create a secure and sustainable future for the NHS

(319). In 2019, the NHS released its ‘Long Term Plan', outlining a broad and

well-funded plan to upgrade technology and digitally enabled treatment (320).

Many of these objectives could be met in an ophthalmology setting through the

clinical application of the binocular OCT. Not only could the implementation of this

technology reduce labour and equipment costs, but it could also enhance clinical

care by offering objective data for several aspects of the eye exam. In the future,

automated and portable OCT devices could potentially allow tests to be delivered

closer to home, for example, in GP surgeries or even within homes for continuous

monitoring.

An immediate clinical use case for the binocular OCT is in the RTU. Patients in this

clinic undergo the same suite of tests at each appointment including imaging of both

eyes. Not only does this necessitate significant staffing, but patients spend a

considerable amount of time waiting for each test. Waiting times have been shown to

be a major cause for patient satisfaction (321). The binocular OCT is likely to reduce

the time that patients spend undergoing diagnostic procedures. This analysis

suggests that the implementation of the binocular OCT could provide cost savings. At

CR, cost savings were demonstrated in both Scenario 1 and 2. At EA only Scenario 1

would provide a cost saving, whereas replacing all diagnostics procedures with

binocular OCT in Scenario 2 would increase the costs substantially. This is supported

by the deterministic sensitivity analysis which indicates that EA costs would be

greatly driven by the number of binocular OCT devices. These findings clearly

indicate that a cost analysis for each setting is paramount before introducing new

technology, even a technology that aims to automate part of the patient pathway.

Although the RTU is not currently operating at maximum capacity at CR and EA, the

forecast analysis estimates that the theoretical maximum will be reached by 2021

and 2023, respectively. The binocular OCT could save time and enable more patients

to undergo testing in a single day, however the actual number of patients that could

be evaluated is constrained by the number of personnel—particularly physicians and

nurse injectors; and the lack of physical space. It is therefore likely that
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implementation of new technology may come hand in hand with redesigning the

clinical workspace and allocating adequate personnel to maximise efficiency.

In the long term, new strategies such as AI are likely to play a key role in coping with

the future demand, both in reducing costs and enabling more patients to be

evaluated. AI systems can rapidly interpret OCT images to quantify retinal fluid and

make objective decisions regarding treatment, either in a fully automated fashion or

as an aid to support clinical decisions. Both semi-automated and fully automated

approaches to diabetic retinopathy screening have been estimated to provide

substantial net savings (322,323). AI systems can process data in cloud-based digital

environments and therefore do not require physical space within the clinic. This could

release the space needed to provide further sterile rooms for injection delivery. As

fewer physical assessors may be needed to provide the same level of care, labour

costs can be redirected to provide the personnel required to administer injections.

This work has several limitations, the most notable of which is generalisability. The

results from cost analysis will vary between different settings. Results are likely to

differ for clinics with different pathways and protocols; however, the analysis can

easily be adapted to model these alternative scenarios.

Another limitation is that the forecasting analysis was derived using only historical

data without controlling for other variables such as the estimated future prevalence of

disease. With an ageing population in the UK, the prevalence of age-dependent

diseases such as AMD are likely to increase. In London alone, the population is

expected to increase by 8.5% from 8.9 million individuals in 2019 to 9.66 million in

2029 (324). Over a third of the London population in 2019 will be over 50 years old –

an increase of 500,000 individuals from 2019. While the forecasting did not account

for this factor specifically, the model accounts for historical trends of which population

is one factor. The described future population trend has also been observed in the

last decade and therefore will be accounted for in historical trends. In addition, in light

of the COVID-19 crisis and the impact of isolation measures, the number of injections

performed at MEH in April 2020 fell significantly (325). Although the forecast for 2020

will be inaccurate in absolute numbers, it may still accurately reflect the number of

eyes that would have required treatment. The actual future trajectory will likely be

influenced by multiple factors such as changes in treatment regimes and protocols,

the availability of novel therapies that may be longer-acting, and the provision to treat

more retinal conditions. These factors are evident in historical trends as the rate of

uptake of injections has exceeded the prevalence rates. For example, as aflibercept’s
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licensing permitted 12-weekly administration using a treat and extend regimen, the

majority of patients were switched to aflibercept from ranibizumab, with the latter

being recommended on a pro re nata regimen and overall requiring more frequent

visits compared to treat and extend posology (326). In addition, the CR site

expanded significantly in February 2016 to cope with and in preparation for the

increasing demand. The creation of this extra capacity and the ability to treat more

retinal conditions led to an increased uptake of injections at a higher rate than in prior

years. Although the number of injections being administered is still increasing year on

year, the growth factor appears to be declining. This may indicate that the hospital is

reaching its ceiling of available capacity, the prevalence of disease could be

stabilising. Additionally, future trends are likely to be influenced by both an increased

awareness of macular disease by the public, and the introduction of OCT into primary

eye care (327), which may improve the detection rate of conditions requiring referral

and subsequent treatment into the hospital eye service. While this analysis is based

on the current clinical workflow, it is possible that in the future, binocular OCT may be

used at home thus increasing capacity significantly by taking the need for some

clinical tests out of the RTU.

The binocular OCT provides a potential mechanism for automating the diagnostic

procedure workflow, however further health economics analysis to explore the clinical

utility of introducing other automated methods, such as AI, for the clinical assessment

procedure which involves interpretation of diagnostic tests. Furthermore, while this

analysis was limited to cost analysis, evaluating the impact of various scenarios, and

sensitivity analysis, the impact on quality-adjusted life years, particularly if home-OCT

is considered, may be able to further quantify the effectiveness of these technologies

on patients’ lives. The impact of automation on clinical utility, patient outcomes, and

quality-adjusted life years (328) will ultimately guide appropriate allocation of

resources (329).
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6.6 CONCLUSION

Historical trends demonstrate the dramatic speed of adoption as intravitreal drugs

were approved and became available for additional retinal conditions. Furthermore,

forecasting future trends could assist healthcare systems in planning resources and

securing funding to meet the anticipated demand. As the upward trajectory is

expected to continue, sufficient resources must be allocated towards service

provision. There is potential for the binocular OCT to be more cost effective than the

current setup at present, and it may have a role in the future to accommodate the

increasing demand.
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Chapter 7

Artificial intelligence for the prediction of

conversion to exudative age-related macular

degeneration

7.1 ABSTRACT

Progression to exudative ‘wet’ age-related macular degeneration (exAMD) is a major 

cause of visual deterioration. In this work, an artificial intelligence (AI) system was 

developed to predict progression to exAMD in the second eye of patients already 

diagnosed with the condition in one eye. By combining models based on

three-dimensional optical coherence tomography images and corresponding 

automatic segmentation maps, the AI system predicts conversion to exAMD within a 

clinically actionable 6-month time window, achieving a per-volumetric-scan 

sensitivity of 80% at 55% specificity, and 34% sensitivity at 90% specificity. This level 

of performance corresponds to true positives in 78% and 41% of individual eyes, and 

false positives in 56% and 17% of individual eyes at the high sensitivity and high 

specificity points, respectively. Moreover, automatic segmentation can be used to 

stratify scans by tissue volumes to identify high-risk subgroups, and to visualise 

anatomical changes before conversion. This AI system overcomes substantial 

interobserver variability in expert predictions, performing better than five out of six 

experts, and demonstrates the potential of using AI to predict disease progression.

The work in this chapter was performed during an internship at DeepMind and in collaboration 

with DeepMind and Google Health.

This chapter forms the basis of the following publication:

Yim J*, Chopra R*, Spitz T, Winkens J, Obika A, Kelly C, et al. Predicting conversion to wet age-

related macular degeneration using deep learning. Nat Med. 2020 Jun;26(6):892–9.

*joint first authors. R Chopra contributed to project initiation, dataset curation, experiment design, 

analysis, provided clinical expertise, and wrote the paper. J Yim contributed to software 

engineering, dataset curation, experimental design, design of model architectures, analysis. and 

wrote the paper.
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7.2 INTRODUCTION

Prediction of disease progression is particularly important in AMD—the commonest

cause of blindness in the developed world (330). In the US alone, an estimated

148,000 adults each year progress from the early, mild form of the condition to the

sight-threatening late form known as exudative AMD (exAMD) (114,115,331). Once

exAMD develops, sight is lost precipitously and often cannot be fully restored by

current therapies, making the point of conversion from early to exAMD a critical

moment in the management of this disease (332). Exudative AMD typically affects

one eye first, leaving sufferers reliant upon the unaffected fellow eye to preserve their

quality of life. However, 20% of these patients develop exAMD in the fellow eye

within 2 years of the first (333–336). This deprives individuals of essential daily

activities such as reading, recognising faces, and driving.

Treatment of exAMD is most effective if administered soon after conversion (332).

Regular follow up of patients with dry AMD is thus the standard of care, but is not

always available (337). While studies are exploring preventative strategies (338,339),

robust methods of identifying exAMD onset prior to evident conversion are needed to

avoid the administration of costly invasive treatment to the fellow eyes of all patients

with unilateral exAMD, many of whom will never develop late disease in their fellow

eye. To date there has been little evidence that clinicians are able to accurately

predict a patient’s imminent conversion, and despite progress in deriving prognostic

indicators from fundus imaging (340), further work is needed to achieve clinically

useful predictive accuracy.

In this chapter, the development of an AI-system to address this challenge is

discussed. The AI system is trained to predict whether a fellow eye will convert to

exAMD imminently, defined as within the ensuing 6 month period, using OCT scans.

This time window was chosen to enable the model to predict at least two follow-up

intervals ahead of time, assuming the maximum interval is 12 weeks/3 months.

Routine care for patients with exAMD in one eye often includes repeated imaging of

both eyes at varying intervals—most commonly every 4–12 weeks while undergoing

therapy, and every 3–12 months for monitoring when therapy has ceased (Figure

7.1). To demonstrate the clinical applicability of this system, its use across varying

operating points (sensitivity/specificity pairs) is explored, and the number and

potential patient impact of false positive outputs is investigated. To better understand

expert performance on the task, the system’s performance is compared with Retinal

Specialists and Optometrists in a benchmark study using a defined reference
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possibility of reidentification, patients with an age of ≥ 100 were rounded to 100. Data 

was collected for each visit until June 2018, ensuring each patient had at least one 

year follow-up after starting treatment. Visits were generally 4–12 weeks apart, 

depending on the treatment regimen.

For this study, first eyes were considered to be the eye that was first diagnosed with 

wet AMD. For this study, the patient’s other eye was considered the fellow eye. 

Patients who presented with wet AMD in both eyes at diagnosis were excluded. 

Fellow eyes that developed wet AMD during the study period were considered

‘converting eyes’, whereas eyes that did not were considered ‘non-converting’.

After applying initial exclusions, the dataset comprised 130,327 OCT scans from 

3,111 patients, including a total of 6149 eyes, of which 2526 were fellow eyes. The 

data was randomly partitioned at the patient level into training and validation sets

(80%), leaving 20% for the test set (Figure 7.2).

7.3.2 Labelling

All eyes that received treatment were labelled to identify the scan at which the eye 

first showed signs of exAMD—known as the ‘conversion’ scan. This was required as 

a delay between treatment and conversion was often observed. Conversion was 

defined as the presence of either SRF and/or IRF, with either a suspicious PED or 

SHRM. For retinal angiomatous proliferation, only the presence of surrounding IRF 

was required. Scans were labelled in reverse-chronological order from either the first 

treatment date or the last visit date if the eye never received treatment. Eyes that 

displayed signs of non-AMD forms of CNV such as idiopathic polypoidal choroidal 

vasculopathy that may have been incorrectly coded on OpenEyes were also 

identified and excluded from the dataset. Two specialists from a pool of two retinal 

specialists and one optometrist trained in OCT interpretation labelled every eye. 

Disagreements were found in 16% of eyes, and arbitrated by one senior expert with 

knowledge of the other specialists’ labels.

The final dataset consisted of 2,795 patients, 4,729 eyes—of which 777 and 1,484 

were converting and non-converting fellow eyes, respectively. First eyes which had 

scans prior to conversion were used in the training and validation sets but were 

excluded from the test set. The OCT dataset used for this study comprised 30,478 

scans prior to conversion or without exAMD (Figure 7.2).

159



Figure 7.2. Data labelling of the MEH AMD dataset. Manual opt outs before data transfer are

not included as none of the patients who manually opted out had digital OCT within the study

dates.

7.3.3 Clinical expert benchmark study

There is a lack of evidence that retinal specialists can perform future prediction tasks,

thus it is unknown how well they might be able to predict whether an eye will convert.

An evaluation study was therefore performed to benchmark the clinical expert

performance for this particular task. Three consultant ophthalmologists that were not

involved in the initial grading were recruited, thus referred to as Retinal Specialists 1,

2, and 3, with 14, 13, and 12 years of experience, respectively. Additionally, three

hospital optometrists with training in OCT interpretation were also recruited, with 14,

15, and 10 years of experience, respectively.
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7.3.3.1 Dataset for benchmark study

For this study, a stratified sample of the test set was used to achieve 90% statistical

power and to balance how often each eye was represented. A maximum of three

scans per eye were included in this subset. For each converting fellow eye, one scan

within 6 months prior to conversion was sampled, a second scan was sampled in the

period > 6 months prior to conversion. One additional scan was selected for each

eye: in a random half of converting fellow eyes, the additional scan was selected in

the period 6 months prior to conversion; in the other half a scan > 6 months prior to

conversion was sampled. In some cases, converting fellow eyes had fewer than 3

scans available, and thus only a maximum of 1 or 2 scans could be selected for this

study, and selection based on the period prior to conversion was disregarded. In

non-converting eyes, three scans were randomly sampled, each requiring at least 6

months of follow-up to confirm the diagnosis. A total of 1,053 scans (336 eyes with 3

scans, 29 eyes with 2 scans and 26 eyes with 1 scan) were used for the benchmark

study. Of these, 13.5% scans were positive for conversion to exAMD within 6 months.

7.3.3.2 Benchmark study protocol

All scans were reviewed using an interface developed in Google Colabatory with the

ability to scroll through every slice of the OCT image as they would normally do in

clinical practice. The experts were informed that the eyes within this study were from

untreated fellow eyes of patients undergoing treatment for exAMD in their other eye.

The primary question asked was “will this eye convert within the next 6 months?” with

the binary option of ‘yes’ or ‘no’ or ‘this eye has already converted’. The latter option

was combined with ‘yes’ in the analysis. All scans were presented in a random but

consistent order for each expert. Radio buttons were used to select the option, with

the next scan being presented automatically after submitting their prediction.

All experts reviewed the scans twice with at least one week between the reviews. At

the first review, only the OCT scan was presented without any other contextual

information that a clinician might have available in practice. For the second review,

the OCT scan was presented with its paired fundus photograph, all historical images

for both eyes, patient demographic data include age, sex, and ethnicity, and clinical

metadata including VA and injection data. At the second review, the scans were

presented in a random order, but maintaining chronological order for each eye to

avoid revealing future scans ahead of a trial that required a prediction on an earlier

scan. The AI-system only received the OCT scan.
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7.3.4 Network architecture

The AI-system received input from both the raw OCT scan and a corresponding

segmentation feature map (Figure 7.3). The segmentation consists of 12 different

anatomical features and was built using a deep learning model, known as a 3D U-net

(341) as described by De Fauw et al. 2018 (126). Due to literature precedence on the

predictive nature of HRF (132), this was added as an additional class output from the

segmentation network by manually segmenting HRF in all previously manually

segmented scans and retraining the model. The raw OCT was used as input to the

AI-system in addition to the segmentation map to enable capture of features that

might be predictive of exAMD such as reticular pseudodrusen and the reflectivity of

tissues, but are not currently segmented. To fit into memory, the raw OCT image

inputs were downsampled using linear interpolation in the x and y-axes, and using

nearest-neighbour interpolation in the z-axis (Table 7.1). The segmentation inputs

were downsampled using linear interpolation in all axes. During training of the model,

images were augmented using random 3D affine and elastic transformations.

Dataset Image size
(voxels)

Real-world
voxel size

Real-world
image size (mm)

Comments

Raw OCT scan 885 · 512 · 128 2.6 · 11.7 · 47.2 2.3 · 6.0 · 6.0 Images acquired on Topcon 3D
OCT-2000 device

Segmentation
network input

448 · 512 · 128 5.2 · 11.7 · 47.2 Raw OCT scans resampled in
A-scan direction to 5.2μm voxel
size, and zero-padded to the next
multiple of 64 (added 6 pixels).

exAMD prediction
OCT /
segmentation input

450 · 450 · 41 5.7 · 17.6 · 141.7 Image and voxel size chosen as
a tradeoff of GPU memory
constraints and validation
performance.

Table 7.1. Overview of inputs used in this study.  All OCT sizes are given in A-scan, B-scan,

C-scan direction.

Each model was co-trained to predict conversion over future time windows ranging

from 3 to 24 months as well as predicting auxiliary tasks of disease diagnosis. The

system was developed by spreading training across 16 Nvidia Tesla V100 graphics

processing units, using a batch size of 16, and was run over 100,000 iterations. The

learning rate schedule started with 0.0005, then 0.0005/8 after 60% of the total

iterations, 0.0005/64 after 90%, and 0.0005/256 for the final 5% of training.
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Hyperparameter tuning was carried out on the 20% validation set. The same

hyperparameters were chosen for both the raw OCT input and segmentation input.

Owing to the limited size of the dataset and to prevent overfitting, cross-validation

was subsequently performed by merging the train and tune sets (80%) and dividing

randomly into four folds at the patient level (three folds for training, one fold for

validation). For each cross-validation group, three random initialisations of the model

were run on the three folds and evaluated on the validation fold. This resulted in 12

end-to-end models that used the raw OCT input, and 12 models that used the

segmentation input.

The AI-system uses a method of ensembling (342) to combine the prediction from

the 24 models to output a prediction on whether an eye will convert to exAMD within

a range of time windows, with 6 months being the primary window for analysis.

Figure 7.3. Setup of the proposed AI system. The 3D OCT volume of the fellow eye (1) is

used to provide a risk prediction of whether the eye will convert within a given time-window. A

deep learning (DL) segmentation model (2) outputs a 3D segmentation of anatomical and

pathological tissues (3). A prediction model then takes this tissue segmentation as an input

(4). A further prediction model takes the original 3D OCT volume as an input (5), and these

two prediction models are ensembled (6) to assign a risk of conversion to exAMD within a

clinically-actionable time window of 6 months (7).

7.3.5 Defining subgroups

Subgroups based on anatomic features present in the OCT were defined using

segmentation model outputs. The segmentation model is an ensemble of five

instances of the same neural network, each trained with a different order of the inputs
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and different random weight initialisations, and creating five different segmentation

probability maps. After averaging the five predicted probability maps, the most

probable feature was selected per voxel to produce the segmentation prediction used

for subgroup analysis. The total volume (mm3) per feature per OCT scan was

calculated by multiplying the number of labelled voxels for each feature type by the

voxel size.

7.3.5.1 Presence of geographic atrophy

GA is identified by the attenuation of RPE tissue. A 2D enface map was created from

the 3D segmentation to visualise the RPE (see 7.3.5.5). A connected components

algorithm was subsequently run on the pixels without RPE to isolate areas of GA.

Each atrophic region was measured along each axis of the enface map to determine

the largest diameter (major axis) of atrophy. GA was classified as present if the major

axis diameter was ≥ 250 μm, as per the complete RPE and outer retinal atrophy

(cRORA) consensus definition proposed by Sadda et al. (343).

7.3.5.2 Drusen staging

The AREDS simplified severity scale uses RPE changes and drusen size measured

using colour fundus photographs to predict risk of progression to late AMD within 5

years (315). Similarly, drusen parameters including diameter, height, area, and

volume as measured on OCT, have been found to correlate with exAMD conversion

risk (161,162). For this work, drusen volume was calculated by isolating voxels

labelled as drusenoid PED by the segmentation model. The distribution of drusen

volume was stratified into no drusen (0 voxels segmented), and into four quartiles

(0–25th, 25–50th, 50–75th and 75–100th percentiles).

7.3.5.3 Presence of HRF

HRF was isolated using the segmentation model. However, to account for noise,

HRF was determined to be definitely present if a set of connected HRF voxels was

≥ 4 voxels.

7.3.5.4 Conversion scan subgroups

For each fellow eye that converted to exAMD, the segmentation map at the visit of

conversion was analysed for presence of features pathognomonic of exAMD

including IRF, SRF, SHRM, and fibrovascular PED. Each of these features were

determined to be definitely present if they had a volume ≥ 5 voxels. For the subgroup
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analysis, all scans before conversion were analysed, but stratified by the appearance 

of these features at conversion.

7.3.5.5 Enface maps

Two-dimensional enface maps were generated for each feature segmented by 

summing the number of voxels for each respective feature across the A-scan 

direction. The result is a heatmap across B- and C- scan directions. These maps can 

be plotted across the full history of scans, providing a useful qualitative summary of 

the longitudinal change in anatomic abnormalities for each patient.

7.3.6 Statistical analysis

ROC curves were used to plot sensitivity (true positive rate) versus false positive rate 

with 95% confidence intervals computed using the Cloper-Pearson interval, 

implemented in the Python statsmodels library. Inter-expert variability was calculated 

using Fleiss’ Kappa. McNemar tests were used to test for significant differences 

between experts and the AI-system for the benchmark study, with significance set at 

P < 0.05.

7.4 RESULTS

7.4.1 Future prediction task

The AI-system was trained and tested on 2,795 patients. The demographics of this 

cohort are representative of the epidemiology of exAMD. There was a greater 

proportion of females (61.3%) to males (38.6%). Racial groups were 54.7% White, 

10.1% Asian, 1.9% Black, and 33.4% other or unknown. The mean (SD) age at 

baseline and at fellow eye conversion was 79.3 (8.5) and 81.8 (7.4) years, 

respectively. Dataset characteristics are presented in Table 7.2.
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Patients and demographics Training Validation Test Total

Unique patients 2,019 669 676 3,364

Unique patients with scans 1,964 658 662 3,284

Unique patients after exclusions applied 1,795 614 386 2,795

Age at first eye exAMD presentation
(baseline) - mean (SD) 79.2 (8.4) 79.9 (8.6) 78.8 (8.4) 79.3 (8.5)

Age at fellow eye conversion - mean (SD) 81.6 (7.3) 82.0 (7.8) 82.3 (7.3) 81.8 (7.4)

Race (%) White British and Irish 1000 322 206 1,528 (54.7)

Asian 179 60 42 281 (10.1)

Black 33 9 10 52 (1.9)

Other 399 160 89 64 (23.2)

Unknown 184 63 39 286 (10.2)

Sex (%) Female 1,073 400 240 1,713 (61.3)

Male 720 213 146 1,079 (38.6)

Unknown 2 1 0 3 (0.1)

Visual acuity at first eye nAMD presentation
(baseline) - mean (SD)

55.3 (16.8)
n = 757

56.0 (17.2)
n = 257

55.5 (16.7)
n = 282

55.5 (16.8)
n = 1,296

Visual acuity of fellow eye at baseline -
mean (SD)

69.6 (17.3)
n = 671

68.9 (17.3)
n = 217

70.2 (17.8)
n = 235

69.6 (17.4)
n = 1,123

Visual acuity at fellow eye conversion -
mean (SD)

62.1 (16.8)
n = 347

62.1 (16.9)
n = 117

64.4 (17.3)
n = 108

62.5 (16.9)
n = 572

Visual acuity of fellow eyes at conversion:
≥ 71 letters / ≤ 70 letters / unknown VA 105 / 242 / 160 39 / 78 / 49 43 / 65 / 65 187 / 385 / 274

n = 846

Number of days between fellow eye
conversion and treatment - mean (SD)

77.0 (169.0)
n = 320

74.1 (145.9)
n = 104

87.4 (181.6)
n = 102

78.5 (167.0)
n = 526

Number of days between fellow eye
conversion and treatment - median (IQR) 21.0 (0.0-81.8) 19.5 (0.0-84.0) 31.5 (7.0-84.8)

24.0
(0.0-84.0)

Scans

Unique
sequential
scans

Pre-conversion to exAMD 18,471 6,228 5,580 30,279

Post-conversion to exAMD 49,331 16,355 0 65,686

Total scans 67,802 22,583 5,580 95,965

Table 7.2. Summary statistics and patient demographic data. A breakdown of training (60%),

validation (20%) and test (20%) datasets by unique patients and unique scans. Visual acuity

are logMAR measurements expressed as ETDRS letters.
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For the task of prediction of conversion within 6 months, the system reached an AUC 

of 74.5 (95% CI: 71.8–77.2) on the test-set when the labelled conversion scan was 

selected as the ground truth for development of wet AMD (Figure 7.4). When the scan 

captured at the first injection was used as the ground truth for conversion, the AUC 

was 88.6, illustrating that the system performance can increase if incorrect labels of 

conversion are used. All following results are based on the labelled conversion scan 

as the ground truth.

The system can be used at various operating points that balance sensitivity and 

specificity depending on the application. If for example, intravitreal injections were 

provided as a preventative therapy, a conservative approach may be used where only 

those at highest-risk receive treatment and thus a high specificity would be required. 

Conversely, a liberal approach would entail treating every eye, and a high sensitivity 

would be required while accepting a high false positive rate. This may not be practical 

or cost-effective. Two operating points reflecting this balance were explored; a 

conservative (90% specificity) and a liberal (80%) operating point.

At the conservative point, a sensitivity of 34% is achieved, corresponding to false 

positives in 9.6% of scans. At the liberal point, a specificity of 55% was achieved—a 

false positive rate of 43.4%. The results here are given for the prediction window of 6 

months, but this can be extended to various lead times (12 months, 24 months) as 

further explored in the publication.
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Figure 7.4. Receiver operating characteristic curve for the AI system’s performance on the

task of predicting conversion within the ensuing 6 months on the full test set. Conversion was

defined by the expert labels. 95% confidence intervals are shaded grey. The triangles indicate

the conservative and liberal operating points.

The results presented so far treat each scan independently. However, some patients

will have several more scans than others. When explored at the patient-level

(n = 386), the system correctly outputs a positive prediction in the preceding 6

months to conversion in 40.8% and 77.7% of converting fellow eyes at the

conservative and liberal operating points, respectively. This is important as a single

positive prediction may be sufficient to begin potential treatment. Conversely, a

positive prediction in a non-converting fellow eye may subject the patient to

unnecessary treatment. In these eyes, the system outputs a false positive prediction

for conversion within 6 months in 23.1% and 61.1% of individuals at the conservative

and liberal operating points, respectively. If a longer lead time of 24 months was

considered, the false positive rate for non-converting eyes drops to 16.8% and 55.8%

at the conservative and libveral operating points, respectively. Similarly, in converting

fellow eyes, extending the lead-time to 24 months results in a drop in false positives
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On the same subset of scans, the AI-system reached an AUC of 76.5, and was

significantly better than five experts (three retinal specialists, two optometrists) and

was non-inferior to one expert for the single scan task (Figure 7.5). Similarly, the

AI-system again outperformed five of six experts (two retinal specialists, three

optometrists) and was non-inferior to one expert for the sequential scan task.

Figure 7.5 Receiver operating characteristic curve for the benchmark study dataset. The

curve represents the AI system’s performance. 95% confidence intervals are shaded grey.

Clinical experts are represented by filled circles for the single scan task and open circles for

the sequential scan task. Dashed lines link the single and sequential scan performance for

each individual expert.

At the conservative operating point, the model had significantly greater sensitivity

than three experts and significantly greater specificity than two experts. At the liberal

operating point, the model has a significantly better sensitivity than all experts but

with significantly worse specificity. This is expected as the liberal point trades

specificity for sensitivity (Table 7.4).
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Conservative model Liberal model

Sensitivity
(0.39)

Specificity
(0.89)

Sensitivity
(0.82)

Specificity
(0.56)

Optometrist 1
Sensitivity (0.39) 0.0

(P = 1.0)
-0.43

(P < 0.0001)

Specificity (0.72) -0.17
(P < 0.0001)

+0.17
(P < 0.0001)

Optometrist 2
Sensitivity (0.56) +0.17

(P < 0.0001)
-0.26

(P < 0.0001)

Specificity (0.60) -0.29
(P < 0.00001)

+0.04
(P = 0.014)

Optometrist 3
Sensitivity (0.37) -0.02

(P = 0.76)
-0.45

(P < 0.0001)

Specificity (0.86) -0.03
(P=0.11)

+0.30
(P<0.0001)

Retina Specialist 1
Sensitivity (0.25) -0.14

(P < 0.00001)
-0.57

(P < 0.0001)

Specificity (0.93) +0.04
(P < 0.001)

+0.37
(P < 0.0001)

Retina Specialist 2
Sensitivity (0.18) -0.21

(P  <0.00001)
-0.64

(P < 0.0001)

Specificity (0.93) +0.04
(P < 0.001)

+0.37
(P < 0.0001)

Retina Specialist 3
Sensitivity (0.29) -0.10

(P = 0.02)
-0.53

(P < 0.0001)

Specificity (0.90) +0.01
(P = 0.32)

+0.34
(P < 0.0001)

Table 7.4. Sensitivity and specificity difference between human and AI in the benchmark

study. Negative values indicate that the AI performs better than experts, and positive values

indicate vice versa. P-values are obtained using McNemar’s test. Bold font is used to indicate

statistical significance P < 0.05. The liberal model is statistically superior to each expert for

sensitivity only. The conservative model is statistically superior at either specificity or/and

sensitivity for each expert except Optometrist 3 who matches the conservative model the

closest (P > 0.05 for specificity and sensitivity). N = 1053 for all values.

7.4.3 Visualising progression

The segmentation network can provide interpretable information to clinicians who

may make decisions based on the prediction output. With OCT scans comprising

nearly 60 million voxels, appraising the subtle changes in anatomy between one scan

and the next can be challenging using qualitative evaluation alone. The segmentation

features maps can be displayed longitudinally, providing a systematic method of

visualising the evolving anatomy. A representative example is displayed in Figure

7.2, where a top-down two-dimensional enface map is created from the automatic

three-dimensional segmentations.
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Figure 7.2. Example of a correct prediction by the AI system. In this example, progression of

the right ‘fellow’ eye of an 80-year-old male patient being treated in the left eye for exAMD

with intravitreal injections is shown. The patient was seen at regular intervals, over which time

his right eye showed a gradual progression in anatomical abnormalities, before converting to

the exudative form approximately 11 months after first presentation and receiving therapeutic

injections beginning at 13 months. Each set of images show a representative OCT B-scan,

the segmentation, and en face thicknesses of four clinically important retinal features

produced by the segmentation model, where blue=0mm and red=0.1mm. In the months

leading to conversion, an increasing presence of SHRM and fibrovascular PED was

observed. At 10.5 months, the volume of SHRM and fibrovascular PED increased further and
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IRF was observed, signalling conversion to exAMD. Treatment commenced 2 months later; at 

this point further anatomical changes had occurred, including an additional OCT finding of 

subretinal fluid (en face map not shown). b) Prediction of the AI system for conversion to 

exAMD within 6 months. At the liberal operating point it correctly predicted conversion within 6 

months for all three scans within the actual 6 month window prior to conversion (pink box). 

Image reproduced from DeepMind blog (344).

Segmentations also provided an effective and quantitative method of deriving clinical 

subgroups. Using drusen volume and presence of HRF, the model outperformed 

measures based on these two features alone. Higher conversion rates were seen in 

eyes with greater drusen volume, however volume was not as predictive as the 

model.

The prevalence of scans that converted within 6 months in the test set was 4.3%

overall, 0% in scans with no drusen, 0.5% in eyes with a drusen volume in the 0–25th 

percentile, and substantially increasing to 6.7% in eyes with drusen volume in the 75–

100th percentile. Consistent with literature precedent, the model had an AUC of 91.5 

(95% CI: 86.2–96.8) and predicted a low risk of conversion in eyes with drusen 

volume in the 0–25th percentile. The AUC for the 25–50th percentile and 50–75th 

percentile was 68.1 (95% CI: 61.6–74.6) and 58.4 (95% CI: 51.5–64.9), respectively, 

indicating that it is more difficult for the model to predict 6 month conversion in this 

cohort of scans compared to eyes with smaller amounts of drusen or eyes with 

drusen in the 75–100th percentile where AUC was 75.9 (95% CI: 71.0–80.8).

At both liberal and conservative operating points, the model was more sensitive and 

less specific in eyes where fibrovascular PED was segmented before conversion, 

possibly highlighting early non-exudative neovascular AMD changes. Further 

anatomical subgroups are shown in Table 7.5.

The system’s performance within clinically important patient demographics is shown 

in Table 7.6. The AUC for the female and male demographic was 73.3 (95% CI: 69.6–

77.0) and 76.4 (95% CI: 71.7–81.1), respectively. The system’s AUC was highest for 

the 60–69 years subgroup (75.1, 95% CI: 70.0–80.2). Although the AUC was highest 

for the Black demographic (95.4, 95% CI: 91.7–99.1), this was the smallest racial 

group with only 10 eyes in the test set, and it is therefore challenging to make reliable 

conclusions for this demographic.
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Demographic Number of scans Number of eyes
Converting eyes

(%)
Imminency scan
prevalence (%)

Imminency AUC
(95% CI)

Conservative operating point
(90% specificity)

Liberal operating point (80%
sensitivity)

Sensitivity (%) Specificity (%) Sensitivity (%) Specificity (%)

All 5581 386 103 (26.7) 4.3 74.5 (71.8–77.2) 33.6 90.0 79.7 55.1

Sex Female 3397 240 68 (28.3) 4.8 73.3 (69.6–77.0) 33.5 89.1 81.1 51.7

Male 2184 146 35 (24.0) 3.5 76.4 (71.7–81.1) 33.8 91.4 76.6 60.4

Age 50-59 103 8 0 (0.0) 0.0 N/A N/A 100.0 0.0 97.1

60-69 734 59 10 (16.9) 1.2 75.1 (70.0–80.2) 0.0 96.0 77.8 71.3

70-79 1769 156 34 (21.8) 3.1 72.2 (65.7–78.7) 31.5 93.4 61.1 63.3

80-89 2413 211 66 (31.3) 5.6 70.9 (66.5–75.3) 37.8 84.9 82.2 45.0

Race White 3010 206 61 (29.6) 4.7 73.2 (69.4–77.0) 36.6 88.9 80.3 50.8

Black 139 10 3 (30.0) 4.3 95.4 (91.7–99.1) 16.7 95.5 100.0 85.0

Asian 644 42 10 (23.8) 3.9 77.8 (69.4–86.2) 28.0 92.7 76.0 62.7

Other 1141 89 24 (27.0) 4.4 72.9 (67.2–78.5) 30.0 89.1 72.0 59.1

Unknown 647 39 5 (12.8) 2.8 78.0 (70.0–86.0) 33.3 92.7 94.4 54.2

Table 7.6. System performance across demographics. Sensitivity and specificity at both conservative (90% specificity) and liberal (80% sensitivity) operating

points. Performance is given at a scan-level.
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7.5 DISCUSSION

This AI system could have several applications within clinical care. Firstly, future

prediction of conversion may guide the use of preventative treatments. Although not

currently available, several trials are recruiting for prophylactic intravitreal anti-VEGF

therapy (e.g., NCT02462889 and NCT02140151). Other therapeutics such as gene

therapy (345), longer-acting anti-VEGF (346), and port-delivery systems for long-term

continuous therapy (347), may potentially guide the use of preventative treatments.

AI can provide a means to identify individuals at highest risk to efficiently target these

therapies. Current trial inclusion criteria often use drusen size as a means to identify

those at highest risk. This study shows that this may be inadequate—the proposed AI

system outperforms similar risk predictions that are based on drusen volume alone.

In addition, the operating point of the AI system can be configured depending on the

use case, the healthcare system, and the proposed intervention.

The AI-system can influence follow-up intervals, ensuring that individuals deemed to

be at highest risk are monitored more frequently and carefully, and thus improving

diagnosis and time to treatment. Delays in intervention are known to negatively affect

prognosis (348) – early diagnosis is therefore paramount, particularly in fellow eyes

which individuals are most often reliant upon to maintain their daily living. In the

dataset used for this study, a delay between conversion and first injection treatment

was often observed (mean 64.9 days, median 13 days). There may be several

explanations for this, including that the patient was asymptomatic or did not fall within

the NICE treatment criteria; or because early signs can often be subtle and are either

missed or not always treated. For individuals that converted and were within the

treatment criteria (≤ 70 ETDRS letters), the delay between conversion and treatment

was still substantial (mean 34 days). The AI-system may be beneficial in these cases

to detect these early signs of exAMD as the intermediary segmentation maps

highlight features pathognomonic of exudation such as retinal fluid. When the system

was trained and evaluated using the scan taken at the first injection visit as the

ground truth of conversion, the performance improved, highlighting the system’s

ability to detect early signs of exAMD.

An advantage of this AI-system is that it does not require sequential information. For

the benchmark study, the clinical experts were given all previous images and

demographic data for the sequential scan task, but led to mixed-results—often
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increasing specificity but reducing sensitivity compared to the single scan task. It is

plausible that AI could also benefit from longitudinal information. However, prediction

based on a single scan only supports settings where follow-up intervals may be

inconsistent depending on perceived risk, or where regular follow-up cannot be

offered. As OCT becomes ubiquitous in community optometry practice, future work to

investigate the applicability of the AI-system in individuals that are yet to develop

exAMD in either eye may be beneficial to inform follow-up intervals within that

setting.

The segmentation portion of the model enables automated detection and analysis of

important tissues. One use of this is to study groups of scans based on known

prognostic indicators from the OCT, as well as other important phenotypes such as

pathological tissues present on the conversion scan. Not only do the en face maps

provide a summary of the longitudinal change in the OCT morphology to clinicians

treating a patient, but they may open up new ways to study AMD subgroups, and

other conditions that may differ in their conversion risk or response to treatment in

important ways.

At all operating points, the system will produce a varying rate of false positives. When

qualitatively analysing some of the most confident false-positives, many of these

comprised scans from a cluster of eyes with suspected non-exudative, or subclinical,

neovascular AMD—recently distinguished using OCTA. This condition does not lead

to the appearance of fluid on OCT or fluorescein angiography. For this study, the

presence of exudation was required to label the ground truth of conversion, however

eyes with suspected fibrovascular PED without fluid may represent subclinical

exAMD. It is possible that the AI-system is able to identify eyes that would benefit

from further imaging such as OCTA, as these eyes are at high-risk of exudation. This

hypothesis would require validation using OCTA imaging.

This study builds upon previous work on prediction of progression to exAMD using

fundus photographs and OCT scans. In previous work, datasets from clinical trials

were used—often with only a 2-year follow-up from baseline and with consistent

monthly follow-up intervals. The dataset used in this study is representative of the

real-world population, following patients for up to 6 years. This dataset therefore

includes challenging cases, for example eyes with macular atrophy (25.2% of eyes

with atrophy as defined by cRORA converted to exAMD in this dataset). In addition,

some previous studies such as work by Banerjee et al. (172) use the injection visit as

a proxy for date of conversion—as discussed, there can often be a delay between
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conversion and treatment. When treatment is used as a ground truth, non-exAMD 

conditions may be missed, particularly those that can be mistaken for exAMD such as 

vitelliform lesions, which were labelled and excluded from the dataset.

Although clinicians do not routinely predict the future occurrence of exAMD, they were 

able to perform the task to some extent but with substantial variability between them. 

The AREDS study has identified drusen size and pigmentary changes on fundus 

photography as risk factors for development of late AMD without differentiating 

between exAMD and geographic atrophy. Although there is no formal translation of 

these photographic features to OCT imaging, drusen width and volume and the 

presence of HRF on OCT may serve as a useful proxy for making these predictions. 

Indeed, drusen volume and size have been found to correlate with progression to 

exAMD in both qualitative and quantitative studies. It may therefore be possible to 

standardise training to reduce variability between individuals and establish prognostic 

criteria through human-AI interaction studies.

There are several limitations to this work. The dataset comprises a diverse and 

clinically representative demographic from MEH, however this is not representative of 

the global population. AMD is known to be a multifactorial disease—genetics, race, 

sex, and lifestyle factors contribute towards the risk of developing the condition (349). 

The incidence of AMD is greater in Caucasian populations and is therefore more 

common in Europe and North America, and less common in Africa and Asia (330), 

and thus this dataset represents the epidemiology of the disease. However, further 

validation on global datasets is required to confirm performance in a general 

population. Another limitation is that the AI-system was trained and tested on OCT 

images from a single scanner type. Future work should investigate the generalisability 

of the system across different scanner types, particularly as there is potential to 

incorporate images from home or community OCT examination to add power to any 

predictions made. Previous work has shown that the segmentation network can be 

adapted to both Heidelberg and Zeiss scanners by manually segmenting a small 

number of slices from each device type.

While this is one of the largest real-world AMD datasets curated, the size of the 

dataset is still relatively small. The study was therefore powered using each scan as 

an independent datapoint. Subgroup analyses are reported at a patient-level, but 

future work should explore per-patient performance using a larger dataset. 

Additionally, the dataset may be further analysed for the purpose of real-world 

implementation of the model. For example, model performance could be analysed in
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a prospective manner in the case where a hypothetical prophylactic treatment is

provided to a patient who reaches a given threshold. This would provide insight into

the clinical and economical implications of translating a model into clinical practice.

For this study, a 6-month time window before conversion was primarily investigated.

The clinical ground truth of conversion is defined based on the first OCT scan that

demonstrates exudative AMD. However, this scan is unlikely to correspond to the

exact date of conversion, since conversion would have occurred some time between

the ground truth scan and prior scan. This difference may account for some of the

false positives that occur outside of the 6-month window. There may be important

differences in treatment regimens, follow-up intervals, and patient characteristics that

influence the number of visits and scans for a given patient. This potential bias

should be investigated in future work with larger datasets.

The system was an ensemble of two models—one trained on the raw OCT and the

other trained on a corresponding segmentation map. Though small, the performance

is different between the two, with the raw OCT model performing slightly better than

the segmentation in most cases. This suggests that there are important imaging

features in the OCT that are not captured by the segmentation model. Further work

could aim to extend the segmentation model to include additional pathological

features such as retinal pseudodrusen. This could improve performance and

interpretability by enabling investigation of the model using segmentation alone.

Furthermore, due to computational constraints, both OCT and segmentation inputs

were downsampled. Therefore, the downsampled raw OCT may lose critical detail

compared to the segmentation image (where information for each voxel can still be

retained).

As is inherent in real-world datasets, we found that there was non-exAMD noise. For

example, a number of conditions such as idiopathic polypoidal choroidal

vasculopathy and central serous retinopathy that can masquerade as positive

examples of exAMD were found in the dataset and were removed by manual

grading. Unfortunately, imaging such as indocyanine green angiography that could

be used to make a more confident diagnosis is unavailable routinely in this dataset.

This model was developed and evaluated on a set of fellow eyes of patients with

exAMD in one eye. This population was selected as they are at high risk of

developing exAMD in their second eye and undergo regular imaging in both eyes.

Longitudinal image datasets provide enough data for developing a model however
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limit its application to this cohort only. Future work could build on this by investigating

its performance on patients without any AMD or with dry AMD in one or both eyes,

however such datasets will need to be properly powered to account for the relatively

low prevalence of exAMD in a general population. Further prospective and external

validation is also essential to translate this research into clinical practice.

7.6 CONCLUSION

In this study, a clinically applicable AI-system was developed to produce a prediction

of fellow eye conversion to exAMD, based on OCT scans only from a clinically

relevant population. Automated segmentation provides additional information to

clinicians making the system more interpretable. A clinical expert benchmark was

established, showing that for the first time, retinal specialists and optometrists can

perform this task, albeit with high variability. Two clinically applicable operating points

were considered, with analysis of potential false-positive rates. The value of

automatic segmentation in identifying early signs of progression was also

demonstrated. An AI-system that can predict future development of eye disease

opens up new possibilities for research and preventative treatment for the leading

cause of blindness in the developed world.
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Chapter 8

Summary

8.1 THESIS DISCUSSION

OCT has led to a paradigm shift in the evaluation of a multitude of eye diseases, and

is increasingly embraced as a fundamental component of the eye examination. The

ability of OCT to objectively document the ocular anatomy through both qualitative

and quantitative methods has bolstered its clinical applicability. OCT has also been

central to the development of intravitreal therapeutics in which OCT forms clinical trial

endpoints and is essential in the analysis of treatment efficacy in real-world practice.

The objective of this thesis was to examine use cases of automation within optical

coherence tomography imaging. As reviewed in Chapter 1, low-cost OCT systems

are being developed for use outside of the eye clinic. In Chapter 2, one such system,

the binocular OCT, that aims to be automated and patient-facing was described.

Usability testing of new devices is key to facilitating adoption of these instruments. In

Chapter 3, the usability of the binocular OCT system was tested by a group of

patients with and without eye disease. OCT has revolutionised ophthalmic care, but

is still only one aspect of the eye examination. Beyond imaging anatomical

structures, Chapter 4 and 5 illustrate that OCT has value in functional and diagnostic

testing. An initial use case for the binocular OCT system is within the retinal therapy

unit–a clinic that is unlikely to be able to meet the high demand within the next few

years. A health economic evaluation in Chapter 6 identifies minimal cost savings, but

likely greater time-savings. Coupled with AI-assessment in the future, binocular OCT

may be one solution to improve patient waiting times and provide the necessary

capacity. One advantage of the binocular OCT is its ability to provide simultaneous

imaging of both eyes. In clinics such as the retinal therapy unit, this feature is

important to monitor second eye involvement. In Chapter 7, an AI system is

developed for prediction of future conversion to exudative age-related macular

degeneration from OCT scans. This has implications for potential preventive

therapies that might be offered to those at highest risk.
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8.2 FUTURE WORK

8.2.1 Reproducibility and repeatability of OCT measurements

Clinicians rely on both qualitative and quantitative outputs from OCT. Crude 

quantitative measurements such as retinal thicknesses are often required for 

initiating treatment. Qualitative, subjective, measures of features such as presence of 

fluid are used for assessing treatment efficacy. Future work should investigate the 

ability of binocular OCT to output reliable measures that can be used effectively for 

clinical decision-making. This work has been initiated through the EXPLORE study.

The EXPLORE study is a prospective single-site non-interventional exploratory study 

using the prototype binocular OCT for imaging of ocular disease (ClinicalTrials.gov 

Identifier: NCT03553017). This study aims to evaluate new imaging applications for 

OCT such as vitreous and lens imaging. The EXPLORE study received ethical 

approval from London-Central REC (REC reference: 18/LO/0424).

8.2.1.1 Objectives

The primary objective is to assess the repeatability of quantifying various parameters 

in images acquired using a prototype binocular OCT system in different diseases. 

The secondary objective is to assess qualitative agreement of disease diagnosis.

8.2.1.2 Methods

Over a 1.5 year period, 75 participants were enrolled in the study. Participants with 

various eye diseases were recruited from eye clinics at MEH. Eye conditions 

included anterior segment disease such as corneal disease and ocular inflammatory 

disease, retinal vascular and macular diseases, and optic nerve disease such as 

glaucoma. Participants underwent binocular OCT examination twice on the same 

day with at least 15 minutes between tests.

Repeatability (test-retest variability) of quantitative parameters measured using the 

binocular OCT system such as corneal thickness, retinal thickness, etc, will be 

calculated using the limits of agreement technique with verification of the underlying 

assumptions using Bland-Altman plots. Qualitative analyses of binocular OCT 

images will be performed (including assessments of retinal pathological features, 

corneal and anterior chamber morphology, lens status, iris dynamics, and ocular 

inflammatory cells). These parameters will be compared with findings from other 

non-invasive ocular imaging previously obtained during routine clinical care using
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Bland Altman plots. As two sets of images will be acquired using the binocular OCT, 

one of these sets will be acquired at random for comparison with other modalities. 

Quantitative analysis of binocular OCT images will be performed using MATLAB (The 

MathWorks, Inc., Natick, Massachusetts, United States). This will include 

development of segmentation software to calculate curvatures and thicknesses as 

well as perform 3-dimensional analysis. Statistical analyses used will be viewed as 

exploratory. Descriptive statistics will be used to describe any morphological 

parameter evaluated, both continuous and categorical. OCT-derived volumes will be 

measured in cubic millimetres, while thicknesses will be measured in micrometres. 

Univariable and multivariable regression approaches will be used to test for 

associations between morphologic parameters and visual functional parameters.

8.2.2 Novel binocular OCT studies

The binocularity of the device presents a unique opportunity to study binocular vision 

and ocular conditions that require simultaneous examination of both eyes in 

micron-level detail. In this thesis, it has been demonstrated for the first time that OCT 

can be used to measure the angle of strabismus and for pupillometry assessment. 

These particular functions could be explored to an even greater extent.

8.2.2.1 Ocular motility

In Chapter 4, it was demonstrated that binocular OCT can be used to measure the 

angle of strabismus in primary position. Differentiating between comitant and 

incomitant strabismus by measuring the angle in different positions of gaze could be 

further investigated. The current system is limited to an angle of 10 degrees that may 

not be sufficient to identify all abnormalities in extreme positions of gaze. For this 

purpose, future iterations of the system would benefit from a wide field screen. 

Additionally, anterior segment and foveal tracking software could provide more 

accurate measures of binocular fixation.

8.2.2.2 OCT pupillometry

Parasympathetic and sympathetic autonomic dysfunction may be detected using 

dynamic pupillometry. For example, studies have found that the resting pupil size and 

amplitude of constriction is significantly reduced in diabetic patients with and without 

cardiovascular autonomic neuropathy compared to healthy volunteers (350,351); 

however it has insufficient accuracy as a screening tool on its own. These parameters 

have also been shown to be reduced in early stages of diabetic retinopathy
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and progress with increasing diabetic retinopathy severity (352). Furthermore, 

abnormal pupillometry has been linked with cognitive decline (353). Combined with 

other imaging parameters such as the retina and optic nerve head, pupillometry may 

provide further diagnostic capabilities for neuropathies and neurological deficits.

8.2.3 Novel whole-eye imaging

8.2.3.1 Vitreous imaging

The vitreous constitutes 80% of ocular tissue, but imaging of this structure is limited 

due to its optical transparency and lack of reflectivity. The vitreous, despite being 

mostly inert and featureless, is essential to visualise in vitreoretinal and inflammatory 

conditions. Retina-specific devices are capable of imaging the posterior vitreous up 

to an inner depth of a few millimetres. One advantage of the swept-source laser 

utilised in the binocular OCT system is the large depth range of up to 8–10mm, 

enabling visualisation of a greater volume of vitreous. This has clinical applicability 

for detection and quantification of vitreous opacities in the presence of retinal breaks 

(354), or for characterisation of inflammation in vitritis by observing the cells seen in a 

3-dimensional space (Figure 8.1). Algorithms to automatically quantify vitreoretinal 

HRF from OCT volumes found an increased presence of foci in DMO (355) and 

retinal vein occlusion (356) although the nature of the HRF was not known. Similarly, 

anterior chamber inflammation can be quantified in a volumetric manner which may 

be valuable for detecting subtle signs of inflammation as well as more objective 

monitoring (357).
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Figure 8.1. Patient with panuveitis. OCT image captured with the binocular OCT.

Inflammatory cells are visible in the vitreous, indicated by arrowheads.

8.2.3.2 OCT biometry

The Version 2 prototype has undergone modifications to provide an additional lens

imaging module. Similar to enhanced depth imaging protocols, the zero delay line for
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8.2.4 Artificial intelligence and binocular OCT

8.2.4.1 Generalisation of AI

Clinical deployment of AI systems, such as presented in Chapter 7, are stymied by 

the challenge of prospective evaluation to demonstrate that these AI tools are robust 

in real-world clinical practice. Robustness and generalisability must be verified on 

datasets that resemble the population and devices where the AI will be deployed

(359). Akin to pharmaceutical clinical trials, prospective evaluation is required to 

ensure the AI is safe, effective, and positively impacts quality of care and patient 

outcomes (360).

8.2.4.2 Multimodal imaging

Clinical evaluation of eye disease is based on a data-driven methodology that 

includes a multimodal and rigorous suite of assessments. Glaucoma is diagnosed, for 

example, by integrating data from multiple sources including intraocular pressure 

measurements, perimetry, and imaging of the optic nerve head. Similarly, the 

performance of deep learning systems may be improved by training on 

multidimensional data. Multimodal deep learning systems have been explored for 

retinal imaging applications including for the diagnosis of intermediate AMD by 

incorporating OCT, OCTA and CFP images (361); and for the diagnosis of reticular 

pseudodrusen using a concatenation of CFP and fundus autofluorescence images 

(362). Both of these systems outperformed models that were trained on each 

modality separately.

In clinical practice, the acquisition of comprehensive and labelled data for every 

patient is challenging due to limited time and resources within overburdened 

healthcare systems. Devices such as the binocular OCT that can potentially acquire 

reproducible, repeatable, quantitative data, and within a single instrument, could 

produce quantities of data of sufficient magnitude for constructing and evaluating 

multimodal deep learning systems. Furthermore, integrated analysis of multimodal 

data has the potential to uncover novel signals within highly complex, unstructured, 

multi-dimensional data. Identification of patterns to provide new biological insights 

given vast quantities of data can be perplexing for clinicians, whereas AI systems can 

excel at this task by organising the data into meaningful clusters (363).
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8.2.5 Medical device development and regulatory clearance

Medical devices require a phased approach to testing design, safety, efficacy, and

clinical effectiveness. For this work, feasibility studies were performed to assess the

usability and diagnostic accuracy of a prototype device. This will inform the next

stage of device development, which often involves an iterative process of hardware

and software engineering and subsequent user testing.

The next phase of binocular OCT work should include the design of a clinical trial to

confirm the preclinical findings presented in this thesis for an initial use case in the

retinal therapy unit. A suggested approach is a randomised double arm crossover

trial where each study participant receives both an examination as standard and with

the binocular OCT—randomising the sequence in which the examinations are

administered. Labels to be assessed for agreement should include quantitative

measurements and qualitative labels including diagnosis, visible anatomical features,

and a management plan such as treat or observe. Grading should occur using a

pre-specified protocol, and although masking to the source of images is desirable for

this process in clinical trials, this is difficult to accomplish when evaluating medical

imaging devices.

Finally, marketing of new OCT devices requires FDA approval in the United States,

UK Conformity Assessed marking in the UK, and Conformitè Europëenne (CE) mark

in Europe and more globally. FDA clearance occurs via a 510(k) premarket

submission that demonstrates the device is safe, effective, and substantially

equivalent to a legally marketed predicate device. Artificial intelligence systems are

considered to be software as a medical device, and will likely require a framework of

postmarket evaluation in addition to premarket approval to promote transparency of

the AI’s real-world performance (364).

8.3 CONCLUSION

In only two decades, OCT has evolved from an experimental investigation to

redefining the landscape of ophthalmic assessment and management, particularly

within the sphere of retinal diseases. While such devices are now prevalent in most

ophthalmic units and increasingly in community optometry practice, the next decade

will usher in a further democratisation of OCT through advances in hardware and

artificial intelligence. Recent regulatory approvals and feasibility studies highlight the

emerging permeation of portable, handheld OCT, and patient-facing systems,

affording their use as a point-of-care diagnostic tool in non-traditional settings such
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as in the home environment for remote monitoring of chronic conditions such as

AMD. Further efficiencies will come from systems, such as the binocular OCT, which

has the potential of reducing cost, increasing quality of data, and introducing novel

applications of OCT beyond diagnostic imaging. Undoubtedly, OCT will continue to

transform ophthalmology, and automated systems coupled with AI interpretation are

likely to have their place in the OCT revolution.
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Appendices

Appendix 1. Binocular OCT transcript

BINOCULAR OCT Hi, my name is ‘O’. Please place your face in the mask and I

will begin when you say ‘ready’.

USER Ready.

BINOCULAR OCT Now I’m going to try to find your eyes [oculars begin the

alignment process]. I am an automated examination system

and I will be working with you to complete your eye exam. I will

ask you questions and listen to your answers.

[Alignment process completed, fixation ring presented to eye

manually selected prior to exam]. I am now showing you a ring

of light. Can you see the ring?

USER Yes.

BINOCULAR OCT Whenever the ring is visible, please look at the centre of the

ring.

Welcome to the Moorfields Eye Hospital automated eye exam

study [Moorfields Eye Hospital logo presented on display

screen].
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Now I will take pictures of your eyes. Okay, let’s get ready.

Please blink your eyes [2 second pause] and hold them open

now. [Music plays for 8 seconds as anterior segment OCT

images are acquired]. You may blink now. Please keep your

eyes open when possible as I search for the back of your eyes

[music plays as the laser is tuned for retinal imaging]. Please

blink your eyes [2 second pause] and hold them open now.

[Music plays for 3 seconds as averaged retinal scans

acquired]. Okay, let’s do it again. Remember to look at the

centre of the ring. Please blink your eyes [2 second pause] and

hold them open now. [Music plays for 8 seconds as retinal

OCT images are acquired]. You may blink now [music plays as

the laser is tuned for vitreous imaging]. Okay, one last time.

Please blink your eyes [2 second pause] and hold them open

now. [Music plays for 8 seconds as vitreous OCT images are

acquired]. You may blink now. [Laser tunes back to anterior

segment OCT].

[Fixation ring visible to left eye]. Now I will show you the ring at

different locations. Look at each ring without moving your

head. I will start now [ring displayed in 8 positions of gaze].

[Fixation ring visible to right eye] I will check your other eye

now [ring displayed in 8 positions of gaze].

[Fixation ring visible to left eye]. Now let’s check your vision. If

you cannot read the letter or number, say ‘I don’t know’,

otherwise please say the letter or number that I show you in a

clear voice.

USER U… E… A… K… X… W… N… N… Y… R.
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BINOCULAR OCT [Fixation ring visible to right eye]. Now let’s test your other eye.

USER K… D… Y… E… A… N… L… D… U… R… X… A.

BINOCULAR OCT [Fixation ring visible to left eye]. Please keep looking at the

ring. When you see lines out of the corner of your eye, say

‘yes’, but do not look away from the ring.

USER Yes… yes… yes… yes… yes… yes… yes… yes.

BINOCULAR OCT [Fixation ring visible to right eye]. Now let’s try the other eye.

USER Yes… yes… yes… yes… yes… yes… yes… yes.

BINOCULAR OCT [Fixation ring visible to left eye]. I’m going to see how your

pupils react to a flash of light. Please keep your eyes open

after the flash until the music stops. Please blink your eyes [2

second pause] and hold them open now [flash stimulus

presented for 0.2 seconds]. [Music plays for 4 seconds as pupil

OCT images are acquired]. You may blink now.

[Fixation ring visible to right eye]. Please keep your eyes open

wide and look at the centre of the ring. Please blink your eyes

[2 second pause] and hold them open now [flash stimulus

presented for 0.2 seconds]. You may blink now.

I have finished your exam. Please sit back while I prepare your

results.
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If the device is unable to track the eyes during the initial alignment process, it will

proceed into manual alignment mode:

BINOCULAR OCT Please wait while the proctor checks the images. [Manual

alignment of the oculars by manually selecting the anterior

cornea and pupil centre on real-time tracking images by

examiner, followed by selecting ‘manual alignment complete’ to

proceed with testing].

If between testing of each eye, or each diagnostic test, the device is unable to track

the eyes consistently, the device will instruct the user:

BINOCULAR OCT Please keep your eyes open wide and look at the centre of the

ring.

Occasionally, the user’s head position results in one eye being closer to the interface

than the other. The device will ask the user to move a little closer on one side:

BINOCULAR OCT Please move your (right/left) eye closer (number) millimetres.

224



Appendix 2. Tables for Chapter 6

Variable Quantity
Number of
hours per
year

Number of
patients or
units per year

Lifetime
(years)

Unit cost
Equivalent
annual cost
per unit

Maintenance
cost per unit
per year

Total cost per
year

Average total
cost per clinic
day

Average total
cost per patient
visit

Total patient attendances 26,018

Total patients injected 22,693

Diagnostic equipment £ 168,286.06 £ 645.48 £ 6.47

Binocular OCT 3 8 £ 75,000.00 £ 13,092.90 £ 2,000.00 £ 46,478.69 £ 178.27 £ 1.79

Binocular OCT safety goggles 1 23,416 Single-use £ 0.75 NA NA £ 21,074.58 £ 80.83 £ 0.81

Topcon 3D OCT-2000 1 8 £ 45,995.00 £ 8,029.44 £ 3,633.81 £ 12,390.01 £ 47.52 £ 0.48

Visual acuity chart (Thomson) 1 10 £ 1,500.00 £ 216.43 NA £ 216.43 £ 0.83 £ 0.01

Tonometer (iCare ic100) 1 15 £ 2,395.00 £ 249.54 £ 41.06 £ 298.81 £ 1.15 £ 0.01

Tonometer probes (iCare) 1 34,691 Single-use £ 1.43 NA NA £ 59,529.18 £ 228.33 £ 2.29

Mydriatic drops (Tropicamide 1%) 1 26,018 Single-use £ 0.56 NA NA £ 17,484.10 £ 67.06 £ 0.67

Slit-lamp (Haag-Streit BM900) 5 15 £ 15,000.00 £ 1,562.85 500 £ 10,814.26 £ 41.48 £ 0.42

Labour £ 784,135.68 £ 3,007.64 £ 30.14

Administrator 2 1,955.4 £ 14.61 £ 57,129.59 £ 219.13 £ 2.20

Band 3 HCA - diagnostic 2 1,955.4 £ 14.61 £ 57,129.59 £ 219.13 £ 2.20

Optometrist 2 1,955.4 £ 29.25 £ 114,375.40 £ 438.70 £ 4.40

Fellow 2 1,955.4 £ 32.32 £ 126,405.14 £ 484.84 £ 4.86

Consultant 1 1,955.4 £ 61.10 £ 119,476.15 £ 458.26 £ 4.59

Band 3 HCA - injections 4 1,955.4 £ 14.61 £ 114,259.18 £ 438.25 £ 4.39

Band 6 Nurse - injections 4 1,955.4 £ 24.98 £ 195,360.62 £ 749.33 £ 7.51

Intravitreal drugs £ 24,250,114.80 £ 93,014.06 £ 932.05
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Afl bercept unilateral 1 16,972 £ 816.00 £ 16,618,982.40 £ 63,743.99 £ 638.75

Afl bercept bilateral 2 2,129 £ 1,632.00 £ 4,169,433.60 £ 15,992.33 £ 160.25

Ranibizumab unilateral 1 1,873 £ 551.00 £ 1,238,427.60 £ 4,750.13 £ 47.60

Ranibizumab bilateral 2 213 £ 1,102.00 £ 281,671.20 £ 1,080.38 £ 10.83

Other unilateral 1 1,394 £ 1,000.00 £ 1,672,800.00 £ 6,416.21 £ 64.29

Other bilateral 2 112 £ 2,000.00 £ 268,800.00 £ 1,031.01 £ 10.33

Overall £ 25,202,536.54 £ 96,667.18 £ 968.66

Table A2.1. Cost analysis of Scenario 1 implementation of binocular OCT at City Road, using patient numbers and injections from 2019.
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Variable Quantity
Number of
hours per
year

Number of
patients or
units per year

Lifetime
(years)

Unit cost
Equivalent
annual cost
per unit

Maintenance
cost per unit
per year

Total cost per
year

Average total
cost per clinic
day

Average total
cost per patient
visit

Total patient attendances 26,018

Total patients injected 22,693

Diagnostic equipment £ 173,514.14 £ 665.53 £ 6.67

Binocular OCT 4 8 £ 75,000.00 £ 13,092.90 £ 2,000.00 £ 61,971.59 £ 237.70 £ 2.38

Binocular OCT safety goggles 1 26,018 Single-use £ 0.75 NA NA £ 23,416.20 £ 89.82 £ 0.90

Topcon 3D OCT-2000 0 8 £ 45,995.00 £ 8,029.44 £ 3,633.81 £ - £ - £ -

Visual acuity chart (Thomson) 0 10 £ 1,500.00 £ 216.43 NA £ - £ - £ -

Tonometer (iCare ic100) 1 15 £ 2,395.00 £ 249.54 £ 41.06 £ 298.81 £ 1.15 £ 0.01

Tonometer probes (iCare) 1 34,691 Single-use £ 1.43 NA NA £ 59,529.18 £ 228.33 £ 2.29

Mydriatic drops (Tropicamide 1%) 1 26,018 Single-use £ 0.56 NA NA £ 17,484.10 £ 67.06 £ 0.67

Slit-lamp (Haag-Streit BM900) 5 15 £ 15,000.00 £ 1,562.85 500 £ 10,814.26 £ 41.48 £ 0.42

Labour £ 755,570.89 £ 2,898.08 £ 29.04

Administrator 2 1,955.4 £ 14.61 £ 57,129.59 £ 219.13 £ 2.20

Band 3 HCA - diagnostic 1 1,955.4 £ 14.61 £ 28,564.80 £ 109.56 £ 1.10

Optometrist 2 1,955.4 £ 29.25 £ 114,375.40 £ 438.70 £ 4.40

Fellow 2 1,955.4 £ 32.32 £ 126,405.14 £ 484.84 £ 4.86

Consultant 1 1,955.4 £ 61.10 £ 119,476.15 £ 458.26 £ 4.59

Band 3 HCA - injections 4 1,955.4 £ 14.61 £ 114,259.18 £ 438.25 £ 4.39

Band 6 Nurse - injections 4 1,955.4 £ 24.98 £ 195,360.62 £ 749.33 £ 7.51

Intravitreal drugs £ 24,250,114.80 £ 93,014.06 £ 932.05

Afl bercept unilateral 1 16,972 £ 816.00 £ 16,618,982.40 £ 63,743.99 £ 638.75

Afl bercept bilateral 2 2,129 £ 1,632.00 £ 4,169,433.60 £ 15,992.33 £ 160.25

Ranibizumab unilateral 1 1,873 £ 551.00 £ 1,238,427.60 £ 4,750.13 £ 47.60
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Ranibizumab bilateral 2 213 £ 1,102.00 £ 281,671.20 £ 1,080.38 £ 10.83

Other unilateral 1 1,394 £ 1,000.00 £ 1,672,800.00 £ 6,416.21 £ 64.29

Other bilateral 2 112 £ 2,000.00 £ 268,800.00 £ 1,031.01 £ 10.33

Overall £ 25,179,199.82 £ 96,577.67 £ 967.76

Table A2.2. Cost analysis of Scenario 2 implementation of binocular OCT at City Road, using patient numbers and injections from 2019.
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Variable Quantity
Number of
hours per
year

Number of
patients or
units per year

Lifetime
(years)

Unit cost
Equivalent
annual cost
per unit

Maintenance
cost per unit
per year

Total cost per
year

Average total
cost per clinic
day

Average total
cost per patient
visit

Total patient attendances 3,678

Total patients injected 3,396

Diagnostic equipment £ 46,589.91 £ 464.57 £ 12.67

Binocular OCT 1 8 £ 75,000.00 £ 13,092.90 £ 2,000.00 £ 15,492.90 £ 154.49 £ 4.21

Binocular OCT safety goggles 1 3,310 Single-use £ 0.75 NA NA £ 2,979.18 £ 29.71 £ 0.81

Topcon 3D OCT-2000 1 8 £ 45,995.00 £ 8,029.44 £ 3,633.81 £ 12,390.01 £ 123.55 £ 3.37

Visual acuity chart (Thomson) 1 10 £ 1,500.00 £ 216.43 NA £ 216.43 £ 2.16 £ 0.06

Tonometer (iCare ic100) 1 15 £ 2,395.00 £ 249.54 £ 41.06 £ 298.81 £ 2.98 £ 0.08

Tonometer probes (iCare) 1 4,904 Single-use £ 1.43 NA NA £ 8,415.26 £ 83.91 £ 2.29

Mydriatic drops (Tropicamide 1%) 1 3,678 Single-use £ 0.56 NA NA £ 2,471.62 £ 24.65 £ 0.67

Slit-lamp (Haag-Streit BM900) 2 15 £ 15,000.00 £ 1,562.85 £ 500.00 £ 4,325.70 £ 43.13 £ 1.18

Labour £ 130,115.23 £ 1,297.44 £ 35.38

Administrator 1 752.1 £ 14.61 £ 10,987.66 £ 109.56 £ 2.99

Band 3 HCA - diagnostic 1 752.1 £ 14.61 £ 10,987.66 £ 109.56 £ 2.99

Optometrist 2 752.1 £ 29.25 £ 43,995.36 £ 438.70 £ 11.96

Fellow 0 752.1 £ 32.32 £ - £ - £ -

Consultant 0.1 752.1 £ 61.10 £ 4,595.74 £ 45.83 £ 1.25

Band 3 HCA - injections 2 752.1 £ 14.61 £ 21,975.33 £ 219.13 £ 5.97

Band 6 Nurse - injections 2 752.1 £ 24.98 £ 37,573.47 £ 374.66 £ 10.22

Intravitreal drugs £ 3,686,607.60 £ 36,761.01 £ 1,002.34

Afl bercept unilateral 1 2,650 £ 816.00 £ 2,594,880.00 £ 25,874.85 £ 705.51

Afl bercept bilateral 2 402 £ 1,632.00 £ 787,276.80 £ 7,850.33 £ 214.05

Ranibizumab unilateral 1 209 £ 551.00 £ 138,190.80 £ 1,377.97 £ 37.57
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Ranibizumab bilateral 2 25 £ 1,102.00 £ 33,060.00 £ 329.66 £ 8.99

Other unilateral 1 109 £ 1,000.00 £ 130,800.00 £ 1,304.27 £ 35.56

Other bilateral 2 1 £ 2,000.00 £ 2,400.00 £ 23.93 £ 0.65

Overall £ 3,863,312.74 £ 38,523.03 £ 1,050.38

Table A2.3. Cost analysis of Scenario 1 implementation of binocular OCT at Ealing, using patient numbers and injections from 2019.
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Variable Quantity
Number of
hours per
year

Number of
patients or
units per year

Lifetime
(years)

Unit cost
Equivalent
annual cost
per unit

Maintenance
cost per unit
per year

Total cost per
year

Average total
cost per clinic
day

Average total
cost per patient
visit

Total patient attendances 3,678

Total patients injected 3,396

Diagnostic equipment £ 143,857.67 £ 1,434.48 £ 39.11

Binocular OCT 3 8 £ 75,000.00 £ 39,278.69 £ 2,000.00 £ 125,036.08 £ 1,246.80 £ 34.00

Binocular OCT safety goggles 1 3,678 Single-use £ 0.75 NA NA £ 3,310.20 £ 33.01 £ 0.90

Topcon 3D OCT-2000 0 8 £ 45,995.00 £ 8,029.44 £ 3,633.81 £ - £ - £ -

Visual acuity chart (Thomson) 0 10 £ 1,500.00 £ 216.43 NA £ - £ - £ -

Tonometer (iCare ic100) 1 15 £ 2,395.00 £ 249.54 £ 41.06 £ 298.81 £ 2.98 £ 0.08

Tonometer probes (iCare) 1 4,904 Single-use £ 1.43 NA NA £ 8,415.26 £ 83.91 £ 2.29

Mydriatic drops (Tropicamide 1%) 1 3,678 Single-use £ 0.56 NA NA £ 2,471.62 £ 24.65 £ 0.67

Slit-lamp (Haag-Streit BM900) 2 15 £ 15,000.00 £ 1,562.85 £ 500.00 £ 4,325.70 £ 43.13 £ 1.18

Labour £ 130,115.23 £ 1,297.44 £ 35.38

Administrator 1 752.1 £ 14.61 £ 10,987.66 £ 109.56 £ 2.99

Band 3 HCA - diagnostic 1 752.1 £ 14.61 £ 10,987.66 £ 109.56 £ 2.99

Optometrist 2 752.1 £ 29.25 £ 43,995.36 £ 438.70 £ 11.96

Fellow 0 752.1 £ 32.32 £ - £ - £ -

Consultant 0.1 752.1 £ 61.10 £ 4,595.74 £ 45.83 £ 1.25

Band 3 HCA - injections 2 752.1 £ 14.61 £ 21,975.33 £ 219.13 £ 5.97

Band 6 Nurse - injections 2 752.1 £ 24.98 £ 37,573.47 £ 374.66 £ 10.22

Intravitreal drugs £ 3,686,607.60 £ 36,761.01 £ 1,002.34

Afl bercept unilateral 1 2,650 £ 816.00 £ 2,594,880.00 £ 25,874.85 £ 705.51

Afl bercept bilateral 2 402 £ 1,632.00 £ 787,276.80 £ 7,850.33 £ 214.05

Ranibizumab unilateral 1 209 £ 551.00 £ 138,190.80 £ 1,377.97 £ 37.57
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Ranibizumab bilateral 2 25 £ 1,102.00 £ 33,060.00 £ 329.66 £ 8.99

Other unilateral 1 109 £ 1,000.00 £ 130,800.00 £ 1,304.27 £ 35.56

Other bilateral 2 1 £ 2,000.00 £ 2,400.00 £ 23.93 £ 0.65

Overall £ 3,960,580.50 £ 39,492.93 £ 1,076.83

Table A2.4. Cost analysis of Scenario 2 implementation of binocular OCT at Ealing, using patient numbers and injections from 2019.
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screens to present information to the user, and voice
recognition to register user responses, the device also
performs a range of other ophthalmic diagnostic tests,
from visual acuity measurement to perimetry. The
binocular design of the device permits simultaneous
OCT image capture from both eyes, allowing OCT-
derived assessment of binocular functions, such as
pupillometry and ocular motility. With such a device,
it may thus be possible in the future to perform a
comprehensive, objective, quantitative ocular exami-
nation using a single instrument, and, additionally,
may have a role in telemedicine to transfer generated
data from remote locations.

While many such devices are capable of complet-
ing specific tasks, lack of ‘‘usability’’ prevents their
widespread adoption (i.e., device operations are not
easy to learn and remember, or are not efficient or
user-friendly).10,11 Moreover, devices that are difficult
to use or understand expose patients to clinical risk as
a result of human error during usage. Structured,
patient-centered, usability testing is essential to the
design, clinical validation, regulatory approval, and
widespread implementation of new medical devices.12

This is particularly the case for a putative binocular
OCT system an automated device that will primarily
be used in visually impaired, often elderly, popula-
tions.

In this study, we perform prospective usability
testing of a binocular OCT prototype in a population
with chronic eye disease, and in healthy volunteers,
with a view to predicting likely function in a clinical
setting and identifying any potential user errors that
may expose the patient to clinical risk (EASE study
ClinicalTrials.gov Identifier: NCT02822612). The
results of the study will facilitate an iterative process
of operating software and workflow modifications,
and thus aid the translational of this technology into
clinical practice.

Methods

Study Population

Forty-five participants with chronic eye disease
were prospectively recruited from glaucoma, retinal
disease, and strabismus clinics at Moorfields Eye
Hospital, London, UK. In addition, 15 healthy
volunteers with no self-reported history of ocular
disease were recruited as a control group. The sample
size was based on usability literature,13 and draft
guidance from the Food and Drug Administration
‘‘Human Factors’’ program.14 All participants were

required to have no significant hearing impairment
that would affect their ability to respond to instruc-
tions delivered by the device. A conversational level of
English was required for users to understand the
instructions, and to be able to communicate with the
device via an English language voice recognition
system (VRS). No participants were excluded based
on disease status to ensure our cohort consisted of
everyday users of eye care services. Therefore, ocular
comorbidities were permitted. Approval for data
collection and analysis was obtained from a UK
National Health Service Research Ethics Committee
(REC) (London-Central) and the study adhered to
the tenets of the Declaration of Helsinki.

Clinical Data Collection

Best-corrected visual acuity was initially measured
monocularly using Early Treatment Diabetic Reti-
nopathy Study (ETDRS) charts. For participants
with glaucoma, visual field mean deviation scores
were recorded from their most recent (,6 months)
SITA standard 24-2 examination on the Humphrey
Visual Field Analyzer (Carl Zeiss Meditec, Dublin,
CA). If worn, participants’ habitual refractive error
correction was measured using an automatic lens-
meter (Grafton Optical, Berkhamsted, UK). Both
acuity and habitual refractive error were inputted into
custom software connected to the binocular OCT
device.

Prototype Binocular OCT Technical
Specifications

The binocular OCT prototype was a similar size as
other commercial OCT systems in use today. It was
mounted on a motorized base that allows users to
adjust the instrument height. It was a Class 1 laser
system that has two internal full color displays and
one swept-source OCT laser (Axsun Technologies,
Billerica, MA) centered at 1060 nm that enables OCT
imaging of both eyes. The laser power was limited to
the lowest power allowed by Class 1 limits for single
pulse, pulse train, and average power across 30,000
seconds of use for a conservative duty cycle estimate
of 66% and subtended beam angle of 1.5 mrad.
Custom optics on independent linear motion stages
were used to direct and focus light into the subject’s
eyes. A hardware VRS (Sensory, Inc., Santa Clara,
CA) and a text-to-speech module (TextSpeak, Inc.,
Westport, CO) were used for communications with
the participant. The prototype was connected to an
external central computer system that, along with
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internal custom electronics, handles data processing
and output.

Binocular OCT Examination

Prior to examination a spherical equivalent of the
participant’s habitual refractive correction was re-
motely placed within the prototype device. Without
prior training, participants then underwent automat-
ed binocular OCT examination, under direct supervi-
sion by a study investigator (RC). Instructions for the
examination and individual tests were delivered in an
automated manner using TextSpeak and a speaker
system built into the prototype. All instructions were
spoken in a female British English voice. Participants
were asked to listen carefully to the instructions and
respond verbally when asked to do so by the device.
Participants were advised that the examination would
consist of several tests and that the device will inform
them when the examination has concluded. All
examinations were video recorded with participant
consent.

The order of testing is listed below. While 1 and 2
were performed simultaneously on both eyes, tests 3,
4, 5, and 6 were performed on the left eye first
followed by the right eye. This order was arbitrary
and preset for this device.

Test 1: Introduction to the Examination and Initial
Ocular Alignment

The device instructed the user to place their head in
the mask, and respond ‘‘ready’’ to begin examination.
The mask incorporated a nose rest and a disposable
forehead rest. Disposable safety goggles made of
American National Standards Institute (ANSI) Z97.1
compliant polycarbonate was placed on the interface
for protection from the moving optics within the

device. Once the user was comfortable and ready to
begin, the device presented a circular fixation target
covering a 2.58 field on the retina to eye with better
acuity. The device then proceeded by moving the
optics of the device to align with the user’s eyes. Real-
time segmentation of the cornea and iris planes
provided the device with simultaneous feedback on
accurate alignment (Fig. 1). Ocular alignment was
automatically reassessed prior to each individual test
to ensure the user was still in the correct position. The
device was able to recognize when the user was
leaning away from the mask or not fixating in these
cases, the machine provided the user with additional
instructions to adjust their head position, or to
remind them to look at the fixation target. The optics
within the device were simultaneously adjusted to
regain alignment before proceeding with the next test.

Test 2: Whole-Eye Swept-Source OCT Imaging
‘Whole-eye’ imaging, as defined by recent litera-

ture,15,16 was the first diagnostic test to be performed.
The user was instructed to look at a central fixation
target, presented to the eye with better acuity. The
following OCT images were captured from both eyes
simultaneously: (1) anterior segment OCT imaging
128 raster scans consisting of 1350 A-scans each
covering an area of 16 3 16 mm of the anterior
segment, and one horizontal and one vertical aver-
aged scan, (2) posterior segment OCT imaging 128
raster scans consisting of 1350 A-scans each covering
an area of 14 3 14 mm of the retina centered on the
macula, and one horizontal and one vertical averaged
scan, and (3) vitreous OCT imaging raster scan of
128 slices imaging up to an inner depth of 8 to 10 mm
from the retina, and one horizontal and one vertical
averaged scan. All averaged scans were generated

Figure 1. Real-time segmentation of optical coherence tomography (OCT) images of the anterior cornea and pupil center. Images are
captured in the vertical (A, C) and horizontal (B, D) meridians of both eyes. Segmentation aids accurate alignment of the optics within the
device to the user’s eyes.
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from 16 B-scans through the central meridians (Fig.
2).

Test 3: Ocular Motility
This examination was performed with one eye

fixating at a time, while capturing simultaneous OCT
images of the vertical and horizontal planes of the
anterior segments of both eyes. A fixation target was
presented in primary position (center) and eight
positions of gaze 48 from center (west, northwest,
north, northeast, east, southeast, south, southwest).
The coordinates of the position of the anterior
segment of both the fixating and nonfixating eyes
could subsequently be mapped to detect the presence
of heterophorias, heterotropias, and abnormal eye
movements.

Test 4: Visual Acuity
Visual acuity was assessed monocularly. Each eye

was presented with single ETDRS targets on the
display screen. The device instructed the user to
verbally report the letter they can see or respond ‘‘I
don’t know’’ if they were unable to discern it.
Responses were registered using a VRS with an
automated threshold algorithm17 used to determine
final acuity. For each presented letter, the user was
given a window of 10 seconds to respond. The device
presents the next largest visual acuity target if the
response is incorrect or not heard. In the current
system, the size of the largest visual acuity targets
range from 20/16 to 20/800. (See Supplementary
Video S1).

Test 5: Suprathreshold Perimetry
A 28 3 28 high-contrast, square-wave grating

stimulus was randomly presented in the same eight
peripheral subfields as tested in the motility exam.

Participants were instructed to focus on the central
fixation target and respond ‘‘yes’’ when the stimulus
was visible. Users have a timeframe of 2 seconds to
respond on top of a random time delay of up to 3
seconds before the next stimulus is presented.

Test 6: Pupillometry
Pupil reactions were assessed using simultaneous

OCT capture of the anterior segments including the
iris plane. Each eye was stimulated independently and
sequentially with a single, bright, 250-ms flash of
white light. B-scan recordings are captured at regular
intervals of 350 ms prior to stimulation and 4000 ms
post-stimulation. Measurements of the pupil circum-
ference could subsequently be calculated to identify
pupil abnormalities and relative afferent pupillary
defects (Fig. 3).

Test Duration and Completion Rates

The following information was collected during
and after the examination:

� Overall examination time;
� Time needed to complete individual diagnostic
tests;
� Examination completion rates for the whole
examination and for each individual diagnostic
test; and

Figure 2. Averaged OCT B-scan images acquired using the
binocular OCT prototype in a healthy volunteer. Anterior and
posterior segment images are captured of both eyes
simultaneously.

Figure 3. Automated quantitative pupillometry using the
binocular OCT prototype. (A) Pupils of both eyes dilated
immediately prior to stimulation. (B) Pupils at maximum
constriction after controlled flash of light presented to the right
eye. Note the anisocoria – the left pupil does not constrict equally
to the right pupil. In post-processing, the presence and extent of
pupillary defects can be calculated using OCT-derived
measurements of the pupil circumference.
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� Observed user and device errors that may lead to
the generation of erroneous examination findings.

Interview and Questionnaire

A pretest interview was conducted prior to
binocular OCT examination to gauge participants’
levels of experience with common technologies such
as computers, smartphones, the Internet, and email.
Immediately after the examination, a short debriefing
discussion was conducted. Participants were asked to
rate the ease of the examination in comparison to the
technologies they commonly use. Subjective ease of
use, duration, and appeal were rated on a 5-point
Likert scale. Verbatim comments were also recorded.

Patient and Public Involvement (PPI)

Prior to study setup, a patient focus group of 10
contributors was convened to assist with informing
the design and implementation of the study. A second
group of nine contributors (including 4 people from
the first focus group) was convened after study
completion to advise on dissemination of preliminary
results, and hence provide discourse for recommen-
dations to improve the device to aid its translation
into a clinical setting. The events lasted for approx-
imately 3 hours. The PPI team from the National
Institute for Health Research (NIHR) Biomedical
Research Centre at Moorfields Eye Hospital facili-
tated the discussions.

Engaging end-users is essential for all stages of the
clinical validation of health technologies.18,19 The
inclusion of PPI was particularly relevant for a self-
operated binocular OCT device intended for use in
elderly and visually impaired populations to identify
user requirements while the device was in early-stage
development. The recommendations of participants,
patients, and the public will guide the modification of
the interface and workflow of the binocular OCT
system.

Results

Patient Demographics

Thirteen participants had glaucoma only (12 with
primary open angle glaucoma [POAG], 1 with
glaucoma secondary to hypertensive uveitis). Fourteen
had strabismus only (7 with esotropia, 6 with
exotropia, and 1 with hypertropia). Fourteen had
bilateral retinal disease only (including 8 with age-
related macular degeneration [AMD], 4 with diabetic
macular edema, 1 with central serous retinopathy, and
1 with retinal vein occlusion with cystoid macular
edema). Four participants had ocular comorbidities:
two with bilateral POAG and AMD; one had
unilateral POAG and a symptomatic epiretinal mem-
brane in the fellow eye; and one had bilateral POAG
and congenital convergent strabismus. Table 1 presents
their clinical and demographic characteristics.

Table 1. Clinical and Demographic Characteristics

Age,
Mean 6 SD
(Range) (y)

Visual Acuity
Better Eye,

Mean 6 SD
(Range)

(logMAR)

Visual Acuity
Worse Eye,
Mean 6 SD

(Range)
(logMAR)

Visual Fields
Mean

Deviation
Better Eye,

Mean 6 SD
(dB)

Visual Fields
Mean

Deviation
Worse Eye,
Mean 6 SD

(dB)

Refractive Error
Spherical

Equivalent,
Mean 6 SD

(DS)

Chronic eye disease (n ¼ 45)
Glaucoma

(n ¼ 13)
64.1 6 14.7

(27–83)
0.10 6 0.12

( 0.08 to 0.24)
0.20 6 0.12
(0.00–0.42)

6.31 6 8.17 11.75 6 10.41 0.54 6 0.76

Retinal disease
(n ¼ 14)

71.0 6 11.4
(50–88)

0.35 6 0.24
(0.02–0.84)

0.68 6 0.34
(0.24–1.30)

0.89 6 2.21

Strabismus
(n ¼ 14)

50.8 6 19.1
(23–74)

0.04 6 0.08
( 0.20 to 0.10)

0.24 6 0.27
( 0.10 to 0.78)

0.54 6 2.19

Ocular
comorbidities
(n ¼ 4)

70.5 6 8.0
(61–81)

0.24 6 0.42
( 0.10 to 0.78)

0.63 6 0.53
( 0.1 to 1.18)

7.59 6 6.86 11.28 6 5.81 1.11 6 1.80

Healthy controls
(n ¼ 15)

53.1 6 11.2
(30–67)

0.01 6 0.14
( 0.16 to 0.30)

0.02 6 0.15
( 0.16 to 0.30)

0.29 6 1.26
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Binocular OCT Examination

All participants completed the full suite of tests
using the binocular OCT device without assistance.
The Shapiro-Wilk test revealed that overall examina-
tion times were not normally distributed. The median
time to complete the full suite of diagnostic tests on
the binocular OCT prototype was 702 seconds
(interquartile range [IQR]: 627 845 seconds) in the
group with chronic eye disease, and 638 seconds
(IQR: 572 821 seconds) in the healthy control group.
There was no significant difference in the time taken
to complete the full suite of tests on the binocular
OCT system between the two groups (P ¼ 0.30,
Mann-Whitney U test). Similarly, there was no
statistical difference in the overall examination time
between participants with glaucoma, strabismus,

retinal disease, ocular comorbidities, and healthy
volunteers (P ¼ 0.81, Kruskal-Wallis; Fig. 4).

Individual Diagnostic Test Times

Test times for each of the diagnostic tests are
presented in Table 2. These values include the time
spent reassessing and realigning the optics of the
device with the participant’s eyes prior to each test (if
required). There was no statistically significant
difference between the chronic eye disease group
and the healthy volunteers in the time taken to
complete the individual tests, except in the case of
visual acuity measurement (P¼0.004), where diseased
eyes took longer (median 168 seconds, compared with
133 seconds for healthy volunteers).

Major Examination Components

To determine how much time the prototype spent
on various activities, the examination times were
dissected further into four major exam components as
indicated in Figure 5 including (1) audio instructions
(the machine speaking to the user), (2) voice responses
(the machine waiting for and interpreting voice input
from the user), (3) OCT imaging (amount of time
spent gathering OCT data for the tests), and (4)
component movements (including respositioning of
the motors and other optical components within the
machine to maintain optical alignment with the user’s
eyes).

The device spent a median time of 178 seconds
providing instructions to the participant (range 130
367 seconds). The time taken to provide the standard
instructions was fixed at 130 seconds for each exam.
The remainder of the time was spent providing
additional instructions when the device recognized

Figure 4. Box plots showing total examination time for each
group. The horizontal lines within each box represent the median
for each group; the ends of the boxes are the upper and lower
quartiles, and the whiskers represent minimum and maximum
values. The data for each individual participant is included as
peripheral scatter plots.

Table 2. Time Taken to Complete Individual Diagnostic Tests

Chronic Eye Disease
(n ¼ 45)

Healthy Controls
(n ¼ 15) Mann Whitney U Test

Median Time (s) and IQR Median Time (s) and IQR P Value

Introduction and
ocular alignment

94 (55–125) 80 (64–101) 0.500

OCT imaging 159 (149–179) 155 (151–169) 0.932
Ocular motility 78 (66–96) 72 (64–85) 0.591
Visual acuity 168 (138–196) 133 (110–152) 0.004*
Suprathreshold perimetry 122 (111–137) 113 (106–170) 0.620
Pupillometry 69 (54–89) 67 (62–106) 0.394
Overall 702 (627–845) 637 (572–821) 0.302

There was no statistically significant difference between the two groups, except for the visual acuity test.
* Significant at P , 0.05.
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that the user was not fixating or keeping their eyes
open. In these cases, the device would automatically
attempt to find their eyes and would give them
instructions to look at the fixation target.

A median time of 163 seconds was spent on voice
recognition (range, 116 251 seconds). Voice recogni-
tion was only required for visual acuity and perimetry
at present, therefore examinations that spent longer
on voice recognition indicate that a longer time was
spent on these two sections of the examination.

The device spent an average of 139 seconds
performing OCT imaging (range, 125 139 seconds)
during the entire exam. This was a fairly constant
amount of time required to perform ‘whole-eye’
imaging.

An average of 122 seconds was spent moving optics
within the machine per exam (range, 66 250 seconds).
This was strongly correlated with the amount of time
spent providing instructions to the participant (Pear-
son’s correlation r ¼ 0.82, P , 0.001). Examinations
where additional instructions were provided also
required simultaneous repositioning of the optics.

Observed Errors

As presented in Table 3, the majority of examina-
tions generated usable data. Both device and user
errors affected the quality of data produced. OCT
imaging was classified as ‘ungradable’ if the OCT
scans were poor quality (i.e., if there were severe
artifacts or generalized reductions in signal strength
to the extent that major interfaces could not be
identified). Poor quality posterior segment and
vitreous images were captured if the participant
blinked during image capture, or if the position of

the eye was incorrect. One healthy volunteer had their
eyes closed throughout the imaging test and no
anterior segment imaging data were acquired. Good
quality anterior segment images were obtained for all
other participants.

Motility exams were classified as ungradable if the
user did not fixate on the target displayed in the
various positions of gaze. The motility test currently
consists of a fixation target that appears in different
locations, rather than requiring the user to ‘fix and
follow’. Unsurprisingly, we found that participants
with advanced POAG were not able to detect the
target when presented in a scotoma. Similarly,
participants with poor visual acuity were unable to
see the fixation target due to its low contrast. Other
observed errors included one participant with POAG
misinterpreting the motility test for a visual field test
and therefore not following the motility target.

Data for visual acuity and perimetry exams were
classified as ungradable if the participant did not
respond, and thus a measurement could not be
generated. Three participants did not verbally re-
spond when required during the visual acuity test.

Table 3. Number of Examinations that Generated
Gradable Data

Chronic Eye Disease
(n ¼ 45)

Healthy Controls
(n ¼ 15)

N (%) N (%)

Anterior segment imaging
OS 45 (100) 14 (93.3)
OD 45 (100) 14 (93.3)

Posterior segment imaging
OS 38 (84.4) 13 (86.7)
OD 42 (93.3) 13 (86.7)

Vitreous imaging
OS 38 (84.4) 13 (86.7)
OD 42 (93.3) 13 (86.7)

Motility
OS fixating 21 (60.0) 14 (93.3)
OD fixating 26 (74.2) 14 (93.3)

Visual acuity
OS 42 (93.3) 15 (100)
OD 45 (100) 15 (100)

Suprathreshold perimetry
OS 43 (95.6) 15 (100)
OD 44 (97.8) 15 (100)

Pupillometry
OS flash 39 (86.7) 13 (86.7)
OD flash 41 (91.1) 13 (86.7)

Figure 5. Scatter plots illustrating the time spent on the major
exam components for all participants. The horizontal lines
represent the median time, Q2, for each component.
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Similarly, only one participant did not respond during
perimetry. We also observed errors in the accuracy of
the voice recognition system. The sensitivity of the
VRS was calculated by comparing the participant’s
verbal response to the response interpreted by the
device. Average sensitivity measured as 64% overall
for all 60 participants (range, 12.5% 100%). This
appeared to be related to the system misinterpreting
the user (e.g., ‘‘A’’ heard when the user responds ‘‘K’’
in the acuity test), or if the user responded with
multiple answers (e.g., ‘‘Y or V’’), or attempted to
change their answer.

Pupillometry values were classified as ungradable
if the pupil response data could not be generated from
the examination. Errors were observed if the user
blinked during the test or looked away from the
central fixation target so that the pupil was occluded.

Interview

Eighty-two percent of our cohort with chronic eye
disease and 93% of healthy volunteers used common
technologies, such as computers and smartphones at
least a few times per week. All of these participants
regularly used the Internet and email communication.
Four participants, including one healthy volunteer,
never used these technologies.

Eighty-one percent of participants with chronic eye

disease and 79% of healthy volunteers subjectively
found the binocular OCT system easier to use than a
computer or smartphone. Table 4 presents subjective
ratings for ease of use, appeal, and duration. Seventy-
eight percent of participants with chronic eye disease
and 87% of healthy volunteers rated the binocular
OCT 4 or 5 on ease of use (1¼ very difficult, 5¼ very
easy).

Fifty-eight percent of chronic eye disease partici-
pants and 54% of healthy volunteers rated 4 or 5 on
duration of test (1 ¼ very long time, 5 ¼ very short
time). Overall, 86% found the device appealing to use
in a clinical setting. There was no significant
correlation between age and subjective ratings for
ease of use, duration, or appeal. There was however a
significant correlation between subjective ratings for
ease of use and duration (P , 0.001, Spearman’s
rank) and ease of use and appeal (P , 0.001) in the
overall cohort. Interestingly, we found no significant
correlation between overall examination time and
subjective ratings for ease of use, appeal, or duration.
All four subjects that were unfamiliar with common
technologies rated the examination 4 or 5 on ease,
appeal, and duration.

Verbatim comments revealed that participants felt
the device delivered clear instructions and was easy to
use. Of participants, 37% commented that the device

Table 4. Subjective Ratings for Binocular OCT Examination, Rated on a 5 Point Likert Scale

Chronic Eye Disease (n ¼ 45) Healthy Controls (n ¼ 15)

N (%) Mean Age and SD (y) N (%) Mean Age and SD (y)

Ease of use
5 (very easy) 20 (44.4) 63.80 6 12.63 6 (40.0) 52.33 6 12.29
4 15 (33.3) 58.07 6 21.75 7 (46.7) 52.43 6 11.77
3 8 (17.8) 65.75 6 17.07 1 (6.7) 50
2 1 (2.2) 67 1 (6.7) 65
1 (very difficult) 1 (2.2) 80 0 (0.0)

Duration
5 (very short time) 15 (33.3) 66.13 6 10.93 2 (13.3) 55.00 6 7.07
4 11 (24.4) 63.27 6 17.78 6 (40.0) 53.83 6 13.48
3 17 (37.8) 60.29 6 20.13 7 (46.7) 51.86 6 11.29
2 2 (4.4) 53.50 6 31.82 0 (0.0)
1 (very long time) 0 (0.0) 0 (0.0)

Appeal
5 (very appealing) 21 (46.7) 66.29 6 11.52 8 (53.3) 50.75 6 14.08
4 18 (40.0) 59.55 6 18.23 5 (33.3) 55.00 6 6.00
3 3 (6.7) 40.33 6 26.63 2 (13.3) 57.50 6 10.61
2 2 (4.4) 77.50 6 4.94 0 (0.0)
1 (very unappealing) 1 (2.2) 80 0 (0.0)
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headrest and mask interface was physically uncom-
fortable. Participants with poor acuity found the
fixation target to be unclear.

PPI Recommendations

Generally, contributors to the focus group felt that
performing their own eye examination facilitated
more control over their care. They felt confident that
the generation of robust, standardized data from
smart devices, such as the binocular OCT system
would aid monitoring of eye disease. The group
welcomed the potential significant reduction in
waiting time, and felt that the automated eye
examination would benefit both patients and clini-
cians. They highlighted the importance of feedback to
patients during automated testing to reassure that the
tests were being correctly completed. Concerns were
also raised regarding the concept of automation and
whether patients would still have an opportunity to
interact with their clinician if the device was
implemented in clinics.

Discussion

In this study, we performed prospective usability
testing of an early binocular OCT prototype in a
population of study participants with chronic eye
disease, as well as in healthy volunteers. To our
knowledge, this is the first system that can perform a
comprehensive eye examination with functional and
diagnostic testing in addition to conventional OCT
structural imaging in an end-to-end, automated
manner.

Historically, eye examinations in hospital eye clinics
have been fragmented, inefficient, and costly.4 6,8 The
binocular OCT prototype combines many routine tests
into one single instrument, with the aim of improving
the speed and efficiency of patient flow, in addition to
providing reproducible and quantitative data for
several aspects of the eye examination. Designed as
an automated, patient-operated device, usability test-
ing is indispensable to predict the likelihood of future
successful implementation in eye clinics. Moreover,
usability testing can identify potential user and device
errors, and thus facilitate continued improvement of
the device in an iterative process.

Our cohort of first time users was able to complete
the full suite of tests using the binocular OCT
prototype without any previous training and without
any assistance during the examination. Participants
commented that the device provided ‘‘clear instruc-

tions’’ and was ‘‘easy to use.’’ The majority of our
cohort was familiar with operating common technol-
ogies, such as computers and smartphones, and found
the prototype to be easier to use in comparison.
However, those unfamiliar with technology also rated
the device highly on ease of use.

We found that the subjective ratings for ease of use
and appeal of the device correlated with ratings for
test duration. Participants who perceived the exami-
nation took a short time, rated the ease and appeal
more positively. However, subjective ratings for
duration did not correlate with the total examination
time. We observed no significant difference in the
total examination time between participants with
chronic eye disease and healthy controls. Overall,
the median time taken to complete the examination
was 702 seconds (11.7 minutes) for participants with
chronic eye disease and 638 seconds (10.6 minutes) for
healthy controls. By comparison, Callaway et al.8

reported a mean clinic time of 28.8 minutes for
patients to undergo technician work-up (including
history-taking and visual acuity measurement), and
acquisition of retinal OCT in the photography suite.
In many real-world settings, mean diagnostic testing
time is likely to greatly exceed this, particularly in
public healthcare settings, which are often overbur-
dened and under resourced. Thus, binocular OCT
examination is likely to be more efficacious than
current workflows as patients undergo all tests in one
location in an automated manner, reducing the time
patients spend travelling through the eye clinic.
Nonetheless, an important aspect of iterative usability
testing is to try to identify examination components
that can be further improved in terms of speed.

A small proportion of examinations generated
ungradable data. In the case of visual acuity and
perimetry measurements, this was a consequence of the
user not responding verbally when required. This
occurred more frequently for the visual acuity exam
in the left eye the first eye to be tested that required a
verbal response. A more complete set of results was
obtained for the right eye in these users, and for the
subsequent perimetry exam. This may be explained by
a learning effect, where the user subsequently under-
stood that the task required a verbal response. As
similarly reported in perimetry literature, increased
exposure to the device on repeated testing is likely to
yield more reliable results and improve all aspects of
usability.20 Similarly, we found that the motility exam
generated more reliable data when the second eye was
fixating. Ungradable data for motility exams was more
prevalent in users with chronic eye disease. This was
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likely related to poor visual acuity or reduced visual
fields, affecting the ability to discern the motility target.
In future iterations, this test could be improved by
using a high luminance ‘fix and follow’ target.

We obtained good quality automated OCT images
of the anterior segment in all except one participant,
and good quality posterior segment and vitreous
images in the majority of participants. Given our
aging populations, and the increasing prevalence of
ocular comorbidities, the collection of objective,
quantitative OCT data for the whole-eye is likely to
be valuable for longitudinal monitoring and detection
of eye disease. In addition, the ability to derive OCT
measurements of vitreous activity could have appli-
cations in monitoring vitritis.21 The quality of OCT
data generated for both whole-eye imaging and
pupillometry was affected by ocular misalignment
a consequence of the user moving their eyes, poor
fixation, or blinking during the examination. Our
prototype is susceptible to these errors due to the
relatively long image acquisition time to complete
simultaneous whole-eye OCT (mean 139 seconds).
With advances in swept-source OCT laser technology,
image acquisition speed is likely to improve in further
iterations of the device, rendering the device less
vulnerable to artifacts. The quality of OCT imaging,
in particular, posterior segment and vitreous imaging
also appeared to be affected by large angle strabis-
mus. In these cases, the images for the fixating eye
were acceptable, whereas the OCT lasers were unable
to image directly through the pupil in the nonfixating
heterotropic eye due to the large angle between the
pupil plane and the direction of the laser.

To be functional as an automated and interactive
device, it is essential that the system is responsive to
the user. In the current binocular OCT prototype, this
encompasses elements such as voice recognition. In
our study, the sensitivity of the VRS was only 64%.
This is likely related to the wide variation in
articulation, volume, and regional accents of our
cohort. Although the examination was undertaken in
a quiet room, background noise from the machine
itself may have impacted the response heard by the
system. As voice recognition technology becomes
more sophisticated, the error rate is likely to reduce,
but may not be eliminated. Other interactive features,
such as registering responses via buttons, in a similar
way to many current visual field tests, may be more
appropriate for some functional tests. In some
populations (e.g., pediatrics), where responses may
be unreliable, objective tests using OCT imaging to
track responses may be more suitable. For example,

visual acuity could be measured by presenting
optokinetic stimuli to the user while simultaneously
tracking the movement of the fovea on OCT.

Dissecting the examinations further into the time
taken to complete major exam components, we found
that delivering instructions took the greatest amount
of time, especially in exams where the user was
repeatedly reminded to fixate. Participants comment-
ed that the central target was unclear improving its
intensity is likely to improve fixation. Although
participants found the instructions to be ‘‘clear,’’
articulating instructions in a more succinct manner
will reduce the overall examination time this is one
aspect that is particularly likely to benefit from
patient and public input.

The main advantage of human operators is the
immediate recognition of the discussed errors and
artifacts, whereas fully automated devices will require
an inherent feedback mechanism to assess the quality
of the generated data. This is important for deter-
mining whether tests need to be repeated, or if the
user requires further or specialist examination beyond
the scope of the device. This was also one concern
highlighted at our PPI event. Reassurance could be
provided to the patient via a visual or audio notifica-
tion, or indirectly through feedback from a technician
working in the clinic; however, this would be most
beneficial in parallel with an in-built tool for
simultaneous quality control.

User requirements encompass more than clinical
effectiveness, and the ergonomics of the device must
also be considered. Many of our participants com-
mented that the device interface was physically uncom-
fortable. Assessing the needs of multiple types of users
is essential to encourage continued use of medical
devices.10 For late-stage prototypes, extensive ergono-
mic testing will be essential prior to commercial release.

In summary, the results of our usability study, and
related focus group testing, make it clear that patients
are receptive to the concept of an automated eye
examination. To be attractive to users, easy to use,
and effective at performing automated eye examina-
tions, the system will need to be quick, responsive,
and comfortable. For a system that aspires to be fully
automated (i.e., operated by the patient without
assistance), ongoing patient and public input will be
essential to guide the design of the device. Further
studies will be required to validate the diagnostic
accuracy of each of the tests offered by the system.
Once established, binocular OCT will offer objective,
quantifiable information about almost every aspect of
the eye examination and has the potential to
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supersede many traditional but flawed testing meth-
ods. It is unlikely that the automated eye examination
will be suitable for use in all patients. However, if
such a system can replace some aspects of the eye
examination, workflows and waiting times are likely
to improve, costs are likely to reduce, and clinicians
will be able to devote more time to patient care.
Ultimately, this will improve the overall experience
for both the patient and the clinician, and improve the
overall quality of patient care.
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approval for a growing number of conditions, the trajectory of the
number of patients requiring treatment is expected to increase
even further, particularly if drugs are approved for more common
conditions such as dry AMD. Furthermore, within each condition,
there is an increasing spectrum of indications. For example,
neovascular AMD is being treated at an earlier stage in patients
with better visual acuity than in the past, and recent trials have
shown proliferative diabetic retinopathy may be successfully
delayed with intravitreal therapy [10]. Thus, it is crucial to predict
the demand for these therapies to ensure healthcare systems
can accommodate patients who require sight-saving treatment
without delay.
We report the number of intravitreal injections being delivered

at MEH, including one large centre (City Road) and several smaller
satellite sites. We forecast the number of injections that will be
delivered over the next 10 years given the current trend. We also
report on the conditions presenting to the RTU and how this has
evolved over time.

METHODS
Dataset
Weekly and monthly injection data were extracted from the MEH
electronic medical record system in an anonymised format. Data were
aggregated from one large teaching hospital (City Road), and several
smaller eye units operated by Moorfields (Croydon University Hospital,
Darent Valley Hospital, Ealing Hospital, Loxford Polyclinic, Northwick Park
Hospital, Potters Bar Community Hospital, St. Ann’s Hospital, St. George’s
Hospital, Sir Ludwig Guttmann Health and Wellbeing Centre). All sites
follow the same treatment protocols. Data included the number of patients
receiving unilateral or bilateral injections, the conditions being treated, and
the number of drugs being administered, per week and month at each site.
Conditions were grouped by age related macular degeneration (AMD),

diabetic macular oedema (DMO), retinal vein occlusion (RVO), myopia, and
others (or unknown). The other category also contains patients that were
given treatment for AMD, DMO, or RVO but were not within the NICE
criteria for treatment [1, 11 15]. Injection drugs included ranibizumab,
bevacizumab, aflibercept, and others (intravitreal steroid [e.g. triamcino
lone], intravitreal steroid implant [e.g. dexamethasone, fluocinolone
acetonide], ocriplasmin, foscarnet, adalimumab).
This study was conducted in accordance with the Declaration of Helsinki

and the UK’s Data Protection Act. Permission for data collection and
analysis was provided through registration as a clinical audit (CA17/MR/28).
The only retrospective anonymised data were used without the active
involvement of patients.

Statistical analysis
Descriptive statistics were used to summarise the data. The dataset was
stratified by drug and condition. For the latter, we analysed how many
visits comprised bilateral injections. Data analysis was performed in Python
3.6. Forecasting analysis was performed to predict the number of monthly
injections that will be delivered up to the end of the year 2029. This was
carried out using the open source Prophet package [16, 17], an additive
regression model, which uses historical injection data to fit future trends.
For this model, historical monthly data between 2008 and 2019 was input
to the model. The output was a forecast of the number of injections per
month between January 2020 and December 2029, inclusive, with 95%
confidence intervals. The model automatically removes outliers and
considers seasonality effects, for example, the model accounts for the
reduced service that operates every December due to the holiday season.
For the purpose of this analysis, only the number of injections delivered
per month were fed into the model, and excluded other data such as
patient demographics.

RESULTS
Total number of injections
The first recorded injection was given in August 2008, with only a
total of 361 injections given in that year. Between August 2008
and December 2019 inclusive, 18,100 patients and 22,211 unique
eyes received a total of 252,263 injections. In 2009, the first full

year of operation, 4143 injections were delivered to 1375 patients
(1513 eyes, 8717 patient attendances). The total number of
injections increased almost 11-fold to 44,924 injections (8617
patients, 10,258 eyes, 46,520 patient attendances) in 2019.
Figure 1 shows the number of patient attendances and the

number of injections delivered per week. The greatest number of
injections administered in a single week was 1071 in the second
week of December 2019––one of the last few data points
collected. Between 2008 and 2012, while ranibizumab was the
only NICE-approved drug for the treatment of neovascular AMD
[3] and was provided on a pro re nata treatment regime, the
average ratio of patients to injections was 1.95:1. Aflibercept was
introduced in 2013 [7], licensed for up to 12-weekly doses, and
commonly provided using fixed dosing in the first year of
treatment followed by a treat and extend regimen [18].
Consequently, patients were switched onto this drug and the
ratio of patients to injections reduced to 1.14:1, indicating that the
majority of patients received treatment at every visit. Figure 1
clearly shows the shift between 2013 and 2014 from pro re nata
treatment, with a low ratio of injections to patient attendances, to
treat and extend with a high ratio of injections to patient
attendances. The number of injections given per week per site is
shown in Supplementary Figures 1 and 2.
The monthly number of patients entering the RTU and exiting

(i.e. last appointment in the RTU) is shown in Supplementary
Figure 3. The ratio is also presented (number exiting divided by
the number entering). A ratio of <1 means that more patients are
entering than exiting. While the ratio has been increasing over
time, it remained <1 until August 2019, meaning more patients
had their last appointments in the RTU in the last third of 2019.

Conditions receiving therapy
Neovascular AMD was by far the most commonly treated
condition, accounting for 67.4% of all injections in 2019, and as
high as 87.7% in 2012 (Fig. 2a). The number of injections provided
for neovascular AMD has increased every year, but with a
declining growth factor. Between 2012 and 2013, a relative
increase of 30.1% was observed, whereas only a relative change of
+5.0% was seen between 2018 and 2019. In 2019, 26,048
injections were delivered for neovascular AMD.
Anti-VEGF drugs were approved for use in DMO and RVO in

early 2013 [11, 13], and their use in these conditions has risen
steadily. The proportion of all injections that were prescribed for
DMO was 17.2% in 2014 and rose slightly to 19.2% in 2019.
Whereas, RVO accounted for 6.8% of injections in 2014, and more
than doubled to 15.9% in 2019. Ranibizumab was approved for
the treatment of myopic choroidal neovascularisation (CNV) in late
2013 [19] and was available on the Moorfields formulary in early
2014. In 2014, only 2.0% of injections were given for this myopic

Fig. 1 Historical trends. Number of patients that attended the
intravitreal injection clinic every week (black), and the number of
injections administered (grey), between August 2008 to December
2019 (inclusive), at Moorfields Eye Hospital. The annotations
highlight when drugs became available on the Moorfields formulary
and for which conditions.
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CNV. In 2019, the proportion reduced slightly to 1.7%. The weekly
number of injections given for neovascular AMD, RVO, and DMO
are presented in Fig. 3. The percentage of treated retinal
conditions per site is provided in Supplementary Table 1.
In 2009, 1894 injections were given for ‘other’ conditions.

A significant proportion of this is likely to be attributable to

neovascular AMD, where treatment eligibility was limited and
conditioned on the availability of funding. The number of
injections within this category reduced every year until 2014.
From 2015, the number of injections falling into this category
followed an upward trajectory, with 2324 injections being
performed in 2019, which may be attributable to conditions such
as idiopathic CNV, radiation retinopathy, neovascular glaucoma,
pre-vitrectomy in eyes with proliferative diabetic retinopathy,
and more.

Intravitreal drugs
Ranibizumab accounted for over 95% of all injection drugs from
2008 to 2012 inclusive (Fig. 2b). The use of aflibercept grew rapidly
after it received market authorisation for neovascular AMD [7] and
was available on the Moorfields formulary in 2013. Patients with
neovascular AMD were switched from ranibizumab to aflibercept
in 2013 and 2014. However, ranibizumab was the only drug
licensed for the treatment of macular oedema and myopic CNV
and thus an increase in ranibizumab use was seen in 2015.
A similar switch from ranibizumab to aflibercept was seen for
other conditions as aflibercept was approved for more indications.
Aflibercept was available on the Moorfields formulary for central
RVO in mid-2014, DMO in late-2015, branch RVO in early-2017, and
myopic CNV in mid-2018. In 2019, aflibercept was administered in
87.0% (n= 39,096) of injections, whereas only 8.6% (n= 3866) of
injections were ranibizumab. The use of bevacizumab and other
drugs continues to remain low. The distribution of drugs
administered per site is provided in Supplementary Table 2.

Bilateral injections
Between 2012 and 2019, bilateral injections were performed at an
average of 19.2% visits for those receiving treatment for DMO
(Fig. 4). From 2009 to 2013, bilateral injections were only
performed at 3.0% of visits for patients with neovascular AMD.
This rose sharply between 2014 and 2019, bilateral injections were
given at an average of 10.4% of visits. This proportion appears to
have plateaued for both DMO and AMD despite the increasing
number of injections being given for these conditions. Bilateral
injections were only given to a smaller percentage of patients who
had myopic CNV or RVO. Other conditions that received bilateral
injections included retinal dystrophies and uveitis.

Forecasting the number of injections
The forecasting analysis estimated that, at the current trend, the
number of injections will incrementally rise every year but with a
declining growth factor (Fig. 5, Table 1). At the current rate, the
number of injections that will be delivered in 2029 is ≈82,876 (95%
confidence intervals: 65,540–100,214).

DISCUSSION
In this report, we summarise the trends in the delivery of
intravitreal injections at a large tertiary ophthalmic hospital in
London, United Kingdom. The injection service has grown in
capacity substantially over the last 10 years. Our forecast analysis
predicts that if the current trend continues over the next 10 years,
nearly 83,000 injections will be administered in the year 2029.
The most common indication for intravitreal injections at

Moorfields Eye Hospital is for the treatment of neovascular AMD,
and the second most common indication being DMO, though this
varies by site. For example, at Ealing Hospital, injections are as
commonly indicated for DMO as they are for AMD. This is likely
explained by the variation in the demographics of the populations
at each site such as age, ethnicity, and social determinants of
health, which are known to be risk factors for retinal diseases [20].
Both of these conditions are increasing in prevalence and are
likely to lead to an increasing need for injections. In Europe, the
incidence of late AMD is expected to increase to 700,000 per year

Fig. 2 Number of injections given per year from 2008–2019. a
Stratified by retinal condition, (b) stratified by drug.

Fig. 3 Weekly number of injections per condition. Number of
injections given per week for neovascular age-related macular
degeneration (AMD), macular oedema secondary to retinal vein
occlusion (RVO), and diabetic macular oedema.

Fig. 4 Bilateral treatment. Percentage of patient visits where
injections were given bilaterally, stratified by retinal condition
and year.
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by 2050 due to population growth and lengthening life
expectancy [21]. Similarly, the prevalence of diabetes is increasing
with the changes in lifestyle and diets. In England alone, the total
number of adults with diabetes is projected to rise to 4.6 million in
2030––an increase of 9.5% from 2010 [22]. A significant proportion
of these will benefit from intravitreal therapy. Minassian et al.
estimated that 7.1% of individuals with diabetes in England had
DMO in one or both eyes––of these, 38.9% were estimated to
have clinically significant DMO [23]. Similarly, Keenan et al. found
13.9% of patients managed for diabetic eye disease in the hospital
had clinically significant DMO [24]. Thus, it is essential for hospital
systems to prepare for the increasing demand to ensure injections
can be provided promptly as delay in treatment is known to affect
visual prognosis in AMD and DMO [25, 26]. Longer-acting agents
may be one solution to the predicted demand. Newer anti-VEGF
agents such as brolucizumab may soon be widely available for
patients which may require less frequent therapy [27]. Port-
delivery systems that can be implanted and refilled with anti-
VEGF, and thus aim to reduce treatment burden, are in clinical
trials and have shown positive results [28, 29]. These systems may
allow for up to 6 months between treatments and thus reducing
the frequency of visits to the eye clinic.
The surge in the number of injections being delivered over the

last 10 years is likely multifactorial. Although likely to play a role,
the number of injections cannot solely be explained by an
increasing prevalence of disease as the rate of uptake of injections
has exceeded the prevalence rates. As expected, the number of
injections increased more sharply at junctures where drugs were
approved for DMO and RVO. In addition, the hospital expanded
significantly in February 2016 to cope with and in preparation for
the increasing demand. The creation of this extra capacity and the
ability to treat more retinal conditions led to an increased uptake
of injections at a higher rate than in prior years. Although the
number of injections being administered is still increasing year on
year, the growth factor appears to be declining. This may indicate
that the hospital is reaching its ceiling of available capacity, the
prevalence of disease could be stabilising. While the number of
new patients entering the RTU is still greater than the number
exiting the clinic, the gap between the two is reducing. It has also
been postulated that the age-specific incidence of AMD is
decreasing [30]. Future increases in the growth factor might be
a consequence of the significant increase in disease prevalence or
licensing of drugs for use in further conditions. For example,
clinical trials are currently underway investigating the effective-
ness of intravitreal pegcetoplan [31] and avacincaptad pegol [32]
for geographic atrophy. As geographic atrophy has a higher
prevalence than neovascular AMD, it is likely that a large
population could potentially benefit from these drugs if approved.
Our forecasting analysis was derived using only historical data

without controlling for other variables such as the estimated
future prevalence of disease. With an ageing population in the UK,

the prevalence of age-dependent diseases such as AMD are likely
to increase. In London alone, the population is expected to
increase by 8.5% from 8.9 million individuals in 2019 to 9.66
million in 2029 [33]. Over a third of the London population in 2019
will be over 50 years old––an increase of 500,000 individuals from
2019. While the forecasting did not account for this factor
specifically, the model accounts for historical trends of which
population is one factor. The described future population trend
has also been observed in the last decade and therefore will be
accounted for in historical trends. In addition, in light of the
COVID-19 crisis and the impact of isolation measures, the number
of injections performed at Moorfields in April 2020 fell significantly
[34]. In addition, the last third of 2019 showed that more patients
were exiting the RTU than new patients entering, which may be
explained by the reduction in activity due to the pandemic.
Although the forecast for 2020 will be inaccurate in absolute
numbers, it may still accurately reflect the number of eyes that
would have required treatment. The actual future trajectory will
likely be influenced by multiple factors such as changes in
treatment regimens and protocols, the availability of novel
therapies that may be longer-acting, and the provision to treat
more retinal conditions. In addition, both an increased awareness
of macular disease by the public, and the introduction of optical
coherence tomography into primary eye care [35], may improve
the detection rate of conditions requiring referral and subsequent
treatment into the hospital eye service.
The emergence and upward trajectory in the uptake of

intravitreal therapies for the treatment of multiple retinal condi-
tions illustrate the dramatic speed of adoption, particularly in
conjunction with NICE approvals. In prior analysis of trends of
intravitreal injections in England, Keenan et al. similarly observed a
substantial increase in intravitreal injections for AMD following NICE
approval for ranibizumab [36]. At Oslo University Hospital, Norway,
a similar trend was seen in the uptake of injections from 2006 to
2019, with neovascular AMD forming a similar percentage of
injections [37]. While the mainstay of treatment at this institution is
bevacizumab, there was a significant uptake in aflibercept as a
second-line treatment for neovascular AMD and first-line treatment
for DMO. Our figures clearly illustrate the increase in aflibercept at
Moorfields since it received NICE approval and was available on the
formulary in 2013. As the licensing permits 12-weekly administra-
tion using a treat and extend regimen, the majority of patients
were switched to aflibercept from ranibizumab, with the latter
being recommended on a pro re nata regimen and overall
requiring more frequent visits compared to treat and extend
posology [38]. Visual acuity treatment outcomes have been shown
to be similar between both ranibizumab and aflibercept in
neovascular AMD [39]; however, the need for fewer injections
and clinic visits is beneficial for a system where the demand is high
and growing. Aflibercept is currently licensed for several conditions
including neovascular AMD and macular oedema secondary to
diabetes or vein occlusion. Both anti-VEGF treatments require long-
term administration with many patients remaining within these
clinics indefinitely, particularly for the treatment of neovascular
AMD [40].
In conclusion, these findings show the dramatic speed of

adoption as intravitreal drugs are approved and become available
for additional retinal conditions. The potential introduction of
intravitreal therapy for other more prevalent conditions such as
geographic atrophy would place further significant demand. As
the upward trend is expected to continue, resources will need to
be adequately allocated towards service provision. Here, innova-
tion in new therapies, including longer-acting therapies, and
automation may be necessitated to mitigate the increasing
demand in the assessment and treatment of patients. In addition,
forecasting future trends may aid healthcare systems to plan
resources and secure funding to be able to accommodate the
expected demand.

Fig. 5 Forecasting future trends. Actual number of monthly
injections from 2008 to the end of 2019 (black). Forecasted number
of monthly injections for a 10-year period from 2020 to the end of
2029 with shaded 95% confidence intervals (grey).
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