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Abstract

Background/Objectives: The aim was to compare ophthalmic diagnoses made by

veterinarians to a deep learning (artificial intelligence) software tool which was devel-

oped to aid in the diagnosis of equine ophthalmic diseases. As equine ophthalmology

is a very specialised field in equine medicine, the tool may be able to help in diagnos-

ing equine ophthalmic emergencies such as uveitis.

Study design: In silico tool development and assessment of diagnostic

performance.

Methods: A deep learning tool which was developed and trained for classification of

equine ophthalmic diseases was tested with 40 photographs displaying various

equine ophthalmic diseases. The same data set was shown to different groups of

veterinarians (equine, small animal, mixed practice, other) using an opinion poll to

compare the results and evaluate the performance of the programme. Convolutional

Neural Networks (CNN) were trained on 2346 photographs of equine eyes, which

were augmented to 9384 images. Two hundred and sixty-one separate unmodified

images were used to evaluate the trained network. The trained deep learning tool

was used on 40 photographs of equine eyes (10 healthy, 12 uveitis, 18 other

diseases). An opinion poll was used to evaluate the diagnostic performance of

148 veterinarians in comparison to the software tool.

Results: The probability for the correct answer was 93% for the AI programme.

Equine veterinarians answered correctly in 76%, whereas other veterinarians reached

67% probability for the correct diagnosis.

Main limitations: Diagnosis was solely based on images of equine eyes without the

possibility to evaluate the inner eye.

Conclusions: The deep learning tool proved to be at least equivalent to veterinarians

in assessing ophthalmic diseases in photographs. We therefore conclude that the

software tool may be useful in detecting potential emergency cases. In this context,

blindness in horses may be prevented as the horse can receive accurate treatment or

can be sent to an equine hospital. Furthermore, the tool gives less experienced

Received: 14 August 2023 Accepted: 25 February 2024

DOI: 10.1111/evj.14087

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial License, which permits use, distribution and reproduction in any

medium, provided the original work is properly cited and is not used for commercial purposes.

© 2024 The Authors. Equine Veterinary Journal published by John Wiley & Sons Ltd on behalf of EVJ Ltd.

Equine Vet J. 2024;1–7. wileyonlinelibrary.com/journal/evj 1

https://orcid.org/0000-0002-0834-6677
https://orcid.org/0000-0003-3038-5952
mailto:anna.may@lmu.de
http://creativecommons.org/licenses/by-nc/4.0/
http://wileyonlinelibrary.com/journal/evj
http://crossmark.crossref.org/dialog/?doi=10.1111%2Fevj.14087&domain=pdf&date_stamp=2024-04-03


veterinarians the opportunity to differentiate between uveitis and other ocular ante-

rior segment disease and to support them in their decision-making regarding

treatment.
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1 | INTRODUCTION

Equine uveitis is a threatening disease which can lead to blindness

or loss of the eye in affected horses.1–3 Therefore, diagnosing uve-

itis or other ophthalmic diseases prompting quick decisions on

whether the condition is an emergency and if the horse needs spe-

cialised treatment, is very important for the equine practitioner.

Because early detection can be critical to save affected eyes, image

analysis using deep learning (artificial intelligence) can help to diag-

nose ophthalmic conditions in horses. A software tool, which was

developed for this reason, proved to be reliable in diagnosing vari-

ous eye diseases.4

In recent years, the application of artificial intelligence has

started to transform daily routines through applications that can be

used by everyone, such as photo or image creation, speech recogni-

tion, translation of languages, or text formation. Deep learning, as a

part of machine learning, has made vast advances as assistant tools in

human and veterinary medicine in the past years.5–8 Deep learning

tools are composed of multiple processing layers and are capable of

processing large amounts of data. The technique uses artificial neural

networks, which are algorithms that resemble the functions of the

human brain by structuring unstructured data. Deep learning algo-

rithms can be trained with photographs of diseases and then catego-

rise patterns, which is especially useful in fields with repetitive actions

such as diagnostic imaging, histology, or cytology.5,6 The main differ-

ence to other computer programmes is the fact that the filter criteria

of the ‘layers’ are created autonomously by the algorithm itself and

not by a software developer. Examples for this technique in human

ophthalmology include diagnostic tools for retinal pathologies,7–9 mac-

ular degeneration or glaucomatous optic neuropathy.10,11 Systematic

reviews on deep learning algorithms found that the tools can have

equivalent sensitivity and specificity to health-care professionals.12

Concerns are raised on whether the findings are generalisable and can

be applied to the real-world setting.

In this study, a deep learning software tool trained to diagnose

equine ophthalmic conditions (healthy, uveitis, other ophthalmic dis-

eases) was compared with veterinarians of various specialisations. The

same dataset (40 images of equine eyes) was shown to the deep

learning tool and the veterinarians and had to be categorised into

healthy, uveitis, and other ophthalmic diseases.

The aim of this study was to determine whether the deep learning

tool showed equivalent results to veterinarians when eye conditions

were diagnosed on images, to evaluate if the deep learning tool may

help to detect ophthalmic emergencies in the future.

2 | MATERIALS AND METHODS

2.1 | Clinical material and development of the AI
software tool

For the development of a deep learning tool to diagnose equine oph-

thalmic diseases Convolutional Neural Networks (CNNs) were used.

Photographs were taken from various angles and displayed a wide

range of equine ophthalmic diseases. Horses included in the preceding

study4 were examined according to the same protocol: the pupil was

dilated with mydriatics (Tropicamide), and the horses were examined

via routine direct (WelchAllyn® direct ophthalmoscope) and indirect

ophthalmoscopy (HEINE Omega 500 LED indirect binocular ophthal-

moscope and HEINE indirect ophthalmoscopy lens 20D), as well as slit

lamp biomicroscopy (Keeler PSL Classic LED) and tonometry (Icare®

Tonovet). If necessary, sedation or eye lid blocks were used. Ophthal-

mologic findings and diagnoses were determined by a board-certified

internal medicine specialist and a veterinarian with extensive experi-

ence in equine ophthalmology. In total 2346 training images (90% of

the dataset) were used. The data was expanded to 9384 images using

augmentation. To validate the data, 10% (261 images) were used

which were presented to the tool for the first time. Cross validation

revealed an accuracy of 99.82% in the training data and an accuracy

of 96.66% in the validation data (distinction between the three cate-

gories healthy, uveitis, other).

2.2 | Selection of photographs for opinion poll

Only images in which significant ophthalmologic findings were visible

and in which both examiners agreed on all findings and the diagnosis,

were included in the study. The data set used in the opinion poll and

for assessment of the deep learning tool comprised 10 photographs

of healthy eyes, 12 photographs showing uveitis, and 18 images of

other diseases. The photographs used for the poll had not been

assessed by the deep learning tool before.

2.3 | Categorisation of equine ophthalmic
diseases/definition of uveitis

Inclusion criteria for uveitis therefore were typical findings of inner

eye involvement such as fibrin or flare in the anterior chamber, miosis,

inflammatory deposits on anterior or posterior lens capsule or in
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vitreous body (irregularities in the pupil), a turbid greenish fundic

reflex in the acute cases, as well as synechiae, cataract and deposi-

tions in the vitreous body in the chronic cases. The ‘other’ diseases
group consisted of horses showing various types of keratitis, corneal

ulcers, or glaucoma, which were diagnosed by ophthalmic examination

and clearly visible on the photographs. Horses with unremarkable

ophthalmic examination and photographs with no visible pathologic

findings were categorised as healthy.

2.4 | Selection of veterinarians for opinion poll

A commercial survey software (UmfrageOnline; www.umfrageonline.

com) was used to create the survey. Approximately 200 emails with

invitations to participate in the survey were sent to universities in

Germany and other European countries, as well as private practices

and animal hospitals, so that a large number of veterinarians was

reached. Since it is not possible to trace how often the email was for-

warded among colleagues, the exact number of veterinarians con-

tacted is unknown.

The link and the questionnaire were active from 1 April to 23 May

2021. The questionnaire included 45 questions (Supplementary Item 1).

The first five questions addressed the veterinary field, professional

experience, and possible professional titles such as veterinary specialist

or diplomate. In addition, the first question asked for consent to data

storage. The next 40 questions assessed the evaluation of equine

eye images by the veterinarians. Each question included a photo of a

horse's eye. Participants could choose one of three possible answers

for each photo. The answers were identical for all 40 photos:

healthy eye, uveitis, and other eye diseases. The 40 selected photos

for the survey were numbered randomly. To limit the time for com-

pletion of the survey to a maximum of 10 min, a selection of

40 photos was used.

In total, 237 veterinarians participated in the survey, but only

148 participants completed the questionnaire, so that their answers

could be used for statistical analysis. The participants were divided

into equine veterinarians (59%), and non-equine veterinarians, con-

sisting of small animal (18%), mixed practice (20%) and other veteri-

narians working with poultry or ruminants (3%). In each group, the

probability of a correct answer was assessed.

2.5 | Data analysis

Given the exploratory nature of our study, no power analysis was con-

ducted. Due to the presence of repeated measures a mixed effects

logistic regression model with both individual person and photo ID as

random effects and assessor group (AI software vs. equine and non-

equine veterinarian groups) as a fixed effect was chosen for analysis

(‘glmer’ function with binomial family from ‘lme4’ R package). The

variable correct distinguishes between the correct answer (code = 1)

and one of the two incorrect answers (code = 0). All contrasts (differ-

ences) between particular groups were assessed after model-fitting by

the estimated marginal probabilities and odds ratios (R package—

emmeans) with Tukey p-value correction for multiple comparisons.

Results with a p-value <0.05 were considered statistically significant.

Data analysis was performed using R 4.2.1 (2022-06-23).

3 | RESULTS

3.1 | Assessment of the AI software tool (group 1)

The deep learning tool reached a 93% (95% CI: 72%–99%) probability

for the correct answer when the 40 equine eye images were used to

test the device. Certainties for each diagnosis are shown in Table S1.

When reviewing the specific photographs that were misdiag-

nosed by the deep learning tool, it was found that the tool diagnosed

one keratitis eye as false healthy (2.5% false negative results), while

one healthy eye was diagnosed as ‘other’ disease (2.5% false positive)

(Figures 1 and 2). Two images of ‘uveitis’ eyes were falsely cate-

gorised as ‘other’ disease.

3.2 | Assessment of equine and non-equine
veterinarians and the AI software tool

Equine veterinarians correctly diagnosed 76% (95% CI: 69%–81%) of

the diseases shown in the photographs. The other veterinarians

(mixed practice veterinarians: 19.59%, small animal veterinarians:

17.57%, and other: 3.38%) (group 3) made a correct diagnosis in 67%

(95% CI: 59%–74%) of the diseases shown in the photographs.

F IGURE 1 Two of the photographs
misdiagnosed by the deep learning tool:
(A) was falsely diagnosed as uveitis while
being healthy, whereas (B) was diagnosed
as healthy, though it showed signs of a
keratitis (ventral corneal opacity).
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The odd ratios, the 95% confidence intervals and p-values for compar-

isons between the tool and each group of veterinarians and equine

versus non-equine veterinarians are shown in Table 1.

4 | DISCUSSION

In a preceding study, the deep learning tool proved to be suitable to

differentiate between photographs showing healthy eyes and those

showing ophthalmic diseases.4 To evaluate whether the programme

is equivalent to ophthalmic diagnosis of field veterinarians and may

therefore serve as an aid in veterinary practice, a comparison of the

tool and veterinarians was conducted. Analyses on the diagnostic

accuracy of health-care professionals versus deep learning algo-

rithms using medical imaging have been performed in various medi-

cal fields, not only in human medicine13–15 but also in veterinary

medicine. For example, one study compared the performance of

human experts and a deep learning tool regarding cytologic scoring

of equine exercise-induced pulmonary haemorrhage and found out

that AI can improve the reproducibility and routine applicability of

cytologic scoring.16 Another study compared AI to a veterinary radi-

ologist's diagnosis of canine cardiogenic pulmonary oedema and

confirmed a high accuracy, sensitivity, and specificity of the AI-

based software.17 Overall, most of the studies concluded that deep

learning algorithms can reach clinical-level accuracy.18,19 But there

are also important methodological deficiencies which must be con-

sidered.20 Similar to our study, most studies assessed deep learning

algorithms as isolated methods, which does not reflect the situation

in clinical practice. Most of the studies, including our approach, did

not provide health-care professionals with additional clinical infor-

mation, as they would have in clinical practice. This isolated

approach limits the ability to transfer the results to the real-life med-

ical situation unless the deep learning algorithm is used for mass

screening.21 There may be a difference in veterinary medicine

regarding this point, as horse owners may not provide the veterinar-

ian with sufficient clinical information, and the history may also be

unknown in some of the cases. In this context, the access to suffi-

cient patient information for establishing correct diagnoses has been

pointed out.19

Another flaw in many studies was the fact, that health-care pro-

fessionals and the deep learning algorithms were not provided with

the same test dataset.13 In the current study, the deep learning tool

and the veterinarians were all provided with the same photographs of

equine eyes.

While studies on deep learning algorithms using high-quality

images show identical or even greater performance than that of

human doctors in diagnosing diseases, deep learning usually performs

poorly when low-quality images are used.22 It is not known whether

human doctors also perform poorly in assessing low-quality images. If

the results of health-care professionals evaluating low-quality images

are better than deep learning, it exposes a weakness of deep learning

systems. If the performance of deep learning systems is similar to

human doctors, there is an indication that detection of diseases from

low-quality images may be difficult. One study compared the perfor-

mance of deep learning systems with that of cornea specialists in

TABLE 1 OR, 95% CI and p-values (corrected with Tukey method
for multiple comparisons) comparing the likelihood of achieving the
correct diagnoses between the deep learning tool and equine and
non-equine veterinarians evaluating 40 photographs of equine
ophthalmic diseases.

Comparison Odds ratio
95% confidence
interval p-value

Equine veterinarians versus

deep learning tool

0.23 0.03, 1.63 0.2

Non-equine veterinarians

versus deep learning tool

0.15 0.02, 1.08 0.06

Non-equine versus equine

veterinarians

0.66 0.49, 0.87 0.001

F IGURE 2 The photograph falsely diagnosed as healthy by the deep learning tool with original photograph on the left and relevant areas
scrutinised by the tool superimposed with the original photograph on the right. The superimposition shows the area the deep learning tool uses
to categorise the photographs. As the area does not match the changes in the cornea the deep learning programme did not diagnose the
condition correctly. This may be because the photograph was taken from a slightly different angle than those images which the deep learning tool
was trained with.
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diagnosing corneal diseases from low-quality slit lamp images.22 The

study concluded that cornea specialists performed better than the

deep learning system which was trained only on high-quality images.

A system which was trained on both low-quality and high-quality

images performed better than the previously mentioned system but

was still inferior to senior corneal specialists. The researchers sug-

gested training deep learning systems also with low-quality images to

reduce this performance gap.22 The deep learning tool for diagnosis

of equine ophthalmic diseases had a large sample size of low-quality

images in the training set as it was trained on various images that had

been taken under different light conditions and from various angles.

Therefore, its performance on low-quality images with sufficient diag-

nostic certainty was good.4 In the current study excellent perfor-

mance was observed when the same dataset of 40 equine eye images

was evaluated by veterinarians and the tool. Because the deep learn-

ing tool had been trained with various images before, whereas the

veterinarians were presumably not used to looking solely at photo-

graphs of the eye, the tool's performance was better than that of the

veterinary professionals. In the current study, performance of the

equine veterinarians was superior to that of the other veterinarians,

and comparable to the deep learning tool. Possible explanations are

that equine veterinarians are better in diagnosing equine ophthalmic

diseases and that they may have more experience in analysing low-

quality images of equine eyes, for example, through photographs sent

by horse owners.

A main limitation of the study was the fact that images only

showed the anterior segments of the eye, whereas the posterior parts

(fundus region and retina) were not visible. Nevertheless, the tool can

detect changes in the anterior segment and to a lesser extent the lens.

In cases of emergency (e.g., corneal ulcer, acute uveitis) the tool still

proved to be useful, as it is capable to detect many ophthalmic fea-

tures associated with these diseases, for example, fibrin in the anterior

chamber or an irregular pupil. Emergencies of the posterior segment

(e.g., retinal detachment, inflammation of the optic nerve) will not be

diagnosed by the tool though. In this study, four photographs were

misdiagnosed by the deep learning tool, but the system recognised

three out of them correctly as diseased eyes. The photograph of the

diseased eye which was falsely categorised as healthy showed clear

signs of a keratitis (corneal opacity) but was taken from an angle

which was less represented in the training data set of the tool.

Another limitation is the fact that photographs were categorised

solely by two clinicians (one board-certified equine internal medicine

specialist and a veterinarian with extensive experience in equine oph-

thalmology). To categorise the eyes correctly, diagnosis was made by

a thorough ophthalmic examination and not just by looking at the

images. Inclusion criteria for uveitis therefore were typical findings of

inner eye involvement such as fibrin or flare in the anterior chamber,

miosis, inflammatory deposits on anterior or posterior lens capsule, a

turbid greenish fundic reflex in the acute cases, as well as synechiae,

cataract and depositions in the vitreous body in the chronic cases.4

Photographs without clear signs of the classic or insidious form of

uveitis were excluded from the selection, which may have caused a

bias. But both veterinarians and the deep learning tool may have

equally benefited from ‘easier’ to detect images with clear signs of

disease. The other ophthalmic conditions consisted of glaucomas, var-

ious types of keratitis, and corneal ulcers. Pictures in the healthy

group did not show any ophthalmologic findings. The test dataset of

40 images for evaluation by the deep learning tool and the veterinar-

ians consisted of photographs with complete agreement in findings

and diagnosis between the two clinicians.

The deep learning tool tested in this study showed to be a useful

solution for detecting different eye conditions of the equine patient.

It can help to identify emergency conditions and may therefore be an

aid on whether the horse needs specialised treatment or surgery, for

example, corneal flaps. Whereas it should not be used as a sole ‘opin-
ion’ it can serve as an additional tool for a full ophthalmic examination

performed by a veterinarian. Further information on previous medica-

tion, general horse health, and location of the horse has to be consid-

ered when performing an ophthalmic exam. As the deep learning tool

proved to be at least equivalent to equine veterinarians in categorising

and diagnosing images of equine ophthalmic diseases, it can be espe-

cially useful in areas with little emergency veterinary coverage. As it

was superior to less specialised veterinarians it may serve as a ‘second
opinion’ diagnostic tool. Nonetheless the deep learning tool should be

used carefully and well chosen, it can never substitute for a thorough

examination by a veterinarian and should therefore stay in expert

hands, rather than be provided publicly, which could lead to misdiag-

nosis by medical laypersons and insufficient or wrong treatment of

equine patients. Making a diagnosis of uveitis based on photographs

can be of low sensitivity and miss many early cases of uveitis in the

absence of other diagnostics such as tonometry and a skilled exam-

iner. Furthermore Tamori et al. pointed out that there is still a lack of

acceptance of using deep learning tools in medicine in public, while

there is a higher acceptance among doctors23 and medical students.24

To increase public acceptance of using deep learning tools in medi-

cine, further investigation and improvement of these tools may be

helpful. In this case, further studies comparing the deep learning tool

with veterinarians using photographs of ophthalmic diseases with only

subtle findings or implementing a wider range of ophthalmic diseases

to improve accuracy of the diagnostic deep learning tool could be

helpful.

Artificial intelligence can improve diagnostics in almost all areas

of human and veterinary medicine if used carefully.6,8,12,20,25,26

However, exaggerated claims on whether a system is superior to

clinicians may mislead the public and may potentially lead to inap-

propriate treatment for the patient.27,28 With the increasing digita-

lisation of medical data, deep learning systems can be trained

better and find suitable patterns for improving diagnostics in

equine medicine conditions. Implemented in thorough examina-

tions by health-care and veterinary professionals, specialised deep

learning programmes can make human and veterinary medicine

more accurate, faster and can therefore improve outcome for the

human and veterinary patient.
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