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Ophthalmology
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Eye Anatomy
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Anterior segment Posterior segment Fundus diseases
diseases abnormalities

Visual field abnormalities

Anterior chamber
abnormalities

Anterior chamber
angle abnormalities

Anterior segment
abnormalities

Retinal vascular

Corneal abnormalities
diseases

Orbital diseases Retinal and choroidal
diseases

Cell Reports Medicine Volume 4, Issue 7, 18 July 2023, 101095
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Application of Al algorithmsin &)
posterior-segment eye diseases

* diabetic retinopathy (DR): microvascular damage
and retinal dysfunction and vision loss.

/14

Diabetic Retinopathy

Healthy Eye Diabetic Eye
blood vessels can swell and leak. Or they

can close, stopping blood from passing

through. Sometimes abnormal, new blood
vessels grow on the retina
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Glaucoma
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age-related macular
degeneration (AMD),

e a disease that affects the macular area of the retina

often causes progressive loss of central vision. Age
is the strongest risk factor .
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Normal Macular Degeneration

The Macula is clear and intactin the The Macula is distorted and bleeding which is
normal human retina common in macular degeneration

12



Cataract

* a cloudy area in the lens of your eye

Normal
Eye

(ataract
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Keratitis

 Keratitis is @ major global cause of corneal
blindness. corneal ulcer, is an inflammation or
irritation of the cornea.
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Keratoconus
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e progressive corneal ectasia with central or
paracentral stroma thinning and corneal

protrusion, resulting in irreversible visual

impairment due to irregular corneal astigmatism or
the loss of corneal transparency.

Normal Cornea

Keratoconic Comea
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Ocular Oncology

Uveal melanoma

* Uveal melanoma (UM) is the most common
primary intraocular malignancy in adults.

Ocular surface tumor

Retinoblastoma (a) Healthy eye (b) Retinoblastoma eye

Retinoblastoma is a tumor that could benefit from more ML predictions, since
biopsies of these tumors are currently contraindicated due to the risk of tumor
spread outside the eye.

16



Retinal imaging modalities

A)Colorfundusphot
ography;(B)Opticalc
oherencetomograp
hy(OCT);(C)opticalc
oherence
tomography
angiography (OCT-
A); (D) Fluorescein
angiography (FA);
(E) dynamic retinal
vessel analysis
(DVA).
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a Patient without DR Patient with DR
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npj Digital Medicine volume 2, Article number: 92 (2019) 18
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Deep Learning Predicts OCT Measures of
Diabetic Macular Thickening From Color  ......x
Fundus Photographs
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Application of Al algorithms in predictin

systemic diseases based on retinal

Images
* Al has the potential to detect hidden information

digital

L}
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Hepatobiliary Diseases

| |
| |
Polycystic Ovary Syndrome

Lung neoplasms

Sarcopenia

nealth data.

Xiao et.al 2021

External Eye Image

Lv etal. 2021

Huang et al. 2023

Bauskar et al. 2019
Chen et al. 2022

Kim et al. 2022
Rim et al. 2020

Nunes et al. 2019
Wang et al. 2022 ocr
Montolio et al. 2021

Pérez Del Palomar et al. 2019

Wang et .11: 2022 OCTA
Xie et al. 2023

Duan et al. 2022 OCTA
Wei et al. 2021 OCT
Wu et al. 2022 OCTA

Retina Image

CVD, Cardiocerebral Vascular Diseases; OCT, optical coherence tomography: OCTA, optical coherence tomography angiography.

73
N deg tive Di:
& Psychiatric Disorders
oy
CVD

Chronic Kidney Disease
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Hepatobiliary Diseases

Fundus
image

Fundus
image

Fundus
image

Fundus
image

Fundus
image
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Tian et al. 2021
Cheung et al. 2022
Ahn et al. 2023
Hu et al. 2022

Appaji et al. 2022

Cheung et al. 2021
Lee et al. 2023

Son et al. 2020
Poplin et al. 2018
Nusinovidi et al. 2022
Rim et al. 2021

Tseng et al. 2023
Chang et al. 2020
Diaz-Pinto et al. 2022
Zekavat et al. 2022

Mitani et al. 2020
Zhao et al. 2022

Xiao et.al 2021

that clinicians are normally unable to perceive from
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MLP head
CFPs collected from
community screening

Downstream adaption

Diabetic
retinopathy
Age-related macular
degeneration
Pathological

myopia

Normal

* Extra learnable
[class] embedding

Linear Projection of Flattened Patches ]

mma - wa.

Patch size of 16 X 16
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Al-integrated ocular imaging fo &)
predicting cardiovascular disease

the ocular PP Other Risk Factors

vasculature,
particularly the retinal
vasculature, has
emerged as a
potential means for
Cardiovascular
disease CVD risk
stratification due to its
anatomical similarities
and physiological
characteristics shared
with other vital
organs, such as the
brain and heart.

Demographic Factors

Unknown Factors

Genetics, Infl ti i ]
netics, Inflammations Estimate CVD Risk Factors

Age, Blood pressure...

DL Model Bl Replace CVD Biomarkers
H Carotid ultrasound,
Cardiac CT scan...

I:; :.'u e
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Image Characteristics

Predict CVD Events

peripheral artery disease,
Stroke ...

Vessﬂ&ﬂber Vessel Geometry

Retinal Layers

Eye volume 38, pages464—472 (2024) 22
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hronic kidney disease (CKD) s

e CKD and diabetes have manifestations in the retina,

retinal images can be used to detect and monitor
these diseases.
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Alzheimer’s disease (AD)
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d-/_udu W L.r.:;w;u"/,‘/)"swb

* The retina is an extension of the central nervous system and
offers a distinctivelv accessible insight into brain pathologyv.

H Retinal Plaques

Retina: a
layer
of photorecep
tors cells and
glial cells
within the
eye

A Tear Layer

Retinal markers

Front. Aging Neurosci., 10 September 2021

Sec. Alzheimer's Disease and Related Dementigs = ok =
Volume 13 - 2021 .
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Tear Fluid Vitreous Humor

Flow rate and tear function abnormalities 4sAPP
Differential proteomic concentrations 4 AB40 & AB42
Lysozyme, lipocalin-1, lacritin & dermcidin 4T-tau

Tau & AB altered levels ANFL

MicroRNA-200b-5p & elF4E as biomarkers

Retina & Optic Nerve

Cornea Histopathological changes

v Corneal nerve fiber density Retinal deposits of Ap and tau

+ Branch density

Changes in retinal vasculature

{Fiber length

Aqueous Humor

wmneesal> - Cognitive & Visual Repercussions

A SAPP
4 AB40
AAB42

Impaired ocular fixation

Difficulty in visual analysis and synthesis

Visual apperceptive agnosia

Lens Difficulty to identify objects

+AB40 Lack the ability to reconstruct shapes

tAB42 Prosopagnosia & visual recognition defects

Lack of vision-hand coordination
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Data robustness
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Data annotation

e Accurate clinical data annotations are crucial for

I Eye positions
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Artificial Intelligence in Predicting Systemic

Parameters and Diseases From Ophthalmic ..o
Imaging

m
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Predicting Markers of
Systemic Disease through
Ophthalmic Imaging

Smoking Anemia
Atherosclerosis RBC
Hematocrit eGFR
Blood Pressure Age
Hypertension Gender
Diabetes Weight
Creatinine Height
CKD BMI

Front. Digit. Health, 26 May 2022, Sec. Personalized Medicine, Volume 4 - 2022 30
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Performances of OCT or external eye imaging
Al models in predicting systemic disease and ..ss-cz.x
parameters.

Imaging modality Predicted AUC 95% Cl Sensitivity 95% CI Specificity 95% CI Accuracy Study Dataset Internal/

parameter External
validation?
ocCT Alzheimer's 0.80 0.93 0.82 (35) University of Coimbra, Portugal Internal
disease
OCT Parkinson’s 0.78 0.98 0.82 (35) University of Coimbra, Portugal Internal
disease
OCT Anemia* 0.82 0.82 0.84 (23) Second Xiangya Hospital, China Internal
OCT Multiple sclerosis 0.97 0.89 0.92 0.91 (20) Miguel Servet University Hospital, Spain Internal
OCT Multiple sclerosis  0.95 0.88-0.99 (26) Miguel Servet University Hospital, Spain Internal
ocT Multiple sclerosis 0.99 0.972 62) Miguel Servet University Hospital, Spain Internal
OCT B scans Gender 0.84 (34) University Clinic Bern, Switzerland Internal
OCT C scans Gender 0.90 (34) University Clinic Bern, Switzerland Internal
OCT-A Diabetic status ~ 0.80 0.73-0.87 0.49 0.31-0.69 (18) Manchester Royal Eye Hospital Internal
External eye images ~ Gender 0.94 (29) Al-Azhar University, Cairo, Egypt Internal
External eye images  HbA1c > 9% 0.70 0.69-0.71 (59) EyePACS-—18 states External
External eye images  HbA1c > 9% 0.73 0.72-0.756 (59) EyePACS-—18 other states External
External eyeimages  HbA1c > 9% 0.70 0.68-0.71 (59) Atlanta veterans affairs External
External eye images  HbA1c > 8% 0.69 0.68-0.70 (59) EyePACS-—18 states External
External eye images  HbA1c > 8% 0.74 0.73-0.76 (59) EyePACS-—18 other states External
External eye images  HbA1c > 8% 0.66 0.65-0.67 (59) Atlanta veterans affairs External
External eye images  HbAlc > 7% 0.67 0.66-0.68 (59) EyePACS-—18 states External
External eye images  HbAl1c > 7% 0.74 0.73-0.76 (59) EyePACS-—18 other states External
External eye images  HbAlc > 7% 0.64 0.62-0.65 (59) Atlanta veterans affairs External
Infrared iris images Diabetic status 0.99 0.97 0.20 (40) Thapar University Patiala, India Internal
Palpebral conjunctiva Anemia < 11 0.78 0.83 (22) Saint Mary’s Hospital Luodong, Taiwan Internal
g/dLt
Palpebral conjunctiva Anemia < 11 0.75 0.83 (22) Saint Mary’s Hospital Luodong, Taiwan Internal
g/dL¥
Palpebral conjunctiva Anemia* 0.99 0.95 0.97 27) Bhopal, India Internal
Slit lamp images Cholelithiasis 0.58 0.56-0.61  0.57 0.46-0.68 0.58 0.55-0.61 (44) Third Affiliated Hospital of Sun Yat-Sen University Internal
Slit lamp images Chronic viral 0.69 0.66-0.71  0.55 0.45-0.65 0.78 0.76-0.81 (44) Third Affiliated Hospital of Sun Yat-Sen University Internal
hepatitis
Slit lamp images Hepatic cyst 0.66 0.63-0.68 0.68 0.58-0.79 057 0.54-0.60 (44) Third Affiliated Hospital of Sun Yat-Sen University Internal
Slit lamp images Hepatobiliary 0.74 0.71-0.76  0.64 0.60-0.68 0.73 0.69-0.76 (44) Third Affiliated Hospital of Sun Yat-Sen University Internal
diseases
Slit lamp images Liver cancer 0.93 0.91-094 0.89 0.79-099 0.89 0.87-0.91 (44) Third Affiliated Hospital of Sun Yat-Sen University Internal
Slit lamp images Liver cirrhosis 0.90 0.88-091 0.78 0.66-0.90 091 0.89-0.92 (44) Third Affiliated Hospital of Sun Yat-Sen University Internal
Slit lamp images NAFLD 0.63 0.60-0.66 0.69 0.64-0.74 053 0.50-0.57 (44) Third Affiliated Hospital of Sun Yat-Sen University Internal

AUC, area under the receiver operating curve; Cl, confidence interval; HbATc, Hemoglobin Alc; NAFLD, non-alcoholic fatty liver disease; OCT, optical coherence tomography; OCT-A, optical coherence tomography angiography.

*Chen et al. (23) and Jain et al. (27) did not describe how anemia was defined.

*Chen et al. (22) constructed a SVM model and CNN model. This row represents the SVM.

*Chen et al. (22) constructed a SVM model and CNIN model. This row represents the CNN. 3 2
None of the studies in this table reported R2-values as a performance metric, or 95% Cl for Accuracy.



Artificial intelligence to detect malighant
eyelid tumors from photographic images

a. Internal test set

=
(=]
i

a. Mali

nant eyelid tumor
3 g ’ -~ :

» ' . 0.8+ .
0.2+ z DenseNet121 AUC = 0,955 (95% C1:0.923-0.979)
" = ResNet50  AUC = 0.954 (95% C1:0.925-0.977)
= Inception-vd AUC = 0.915 (95% C1:0.870-0.952)
- VGG16 AUC = 0.931 (95% C1:0.894-0.963)

0.0 02 04 06 0.8 1.0
1-Specificity
b. External test set

Sensitivity
o o =
=3 = o

101
0.8 T
2 0.6 1
2
.‘._;
c
® 04
0.2- " DenseNet121 AUC = 0.899 (95% C1:0.854-0.934)
L~ — ResNets0  AUC = 0.867 (95% C1:0.811-0.912)
> — Inceptionv3 AUC = 0.858 (95% C1:0.803-0.905)
00l L~ — VGG16  AUC = 0.851 (95% C1:0.798-0.896)
0.0 02 0.4 06 08 10
1-Specificity

npj Digital Medicine volume 5, Article number: 23 (2022)
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A foundation model for generalizable
disease detection from retinal images =~

Stage 1: Self-supervision on retinal images Stage 2: Supervised fine-tuning for clinical tasks
Ocular disaasze nosis
& RETFound \. .- Internal External
o ookt Public Public
ST * Multiclass disease datasets datasets
Ocular disease prognosis Internal
* Fellow eye converts to wet-AMD MEH-
AlzEye
prediction of systemic disease
Internal External
haemic stroke
ardial infarction MEH- UK
rt fallure AlzEye Biobank
inson's disease
34

Nature volume 622, pages156—-163 (2023)
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Clinicallv anplicable gieen learning for

14,884 training tissue maps with confirmed
diagnosis and referral decision

b

877 manually segmented
training images

Normal

;: FuII mac. hoIe

Segmentation network Classification network

>

Digital 6CT scan Tissue-segmentation map

Nature Medicine volume 24, pages1342—-1350 (2018)

Referral suggestion (%)

Urgent 98.9
Semi-urgent 05
Routine 04
Observation only 0.2

Diagnosis probability (%)

Normal 71
CNV 99.0

MRO 54
Full mac. hole 11.0
Part. mac. hole 24.2
CSR 15.0
VMT 43.4
Geo. atrophy = 51.9

Tissue volumes (mm?®)

Drusen = 0.050
ERM} i 0.000

Diagnosis probabilities
and referral suggestion
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OpenAl’s Sora in ophthalmology:
revolutionary generative Al in eye health

Eye (2024) 38
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Large language models in

vitreoretinal surgery

Eye volume 38, pages809—-810 (2024)

Case 1: True Positive

Case 2: False Positive

Case 3: True Negative

Case 4: False Negative

Age: 70

Sex: M

Previous surgery: No
Symptoms duration: 28 days
Total/ subtotal RD: Yes
Macular status: Off
Retinal tears: 2

Lattice degeneration: 0
Giant tear: No
Pre-existing PVR: No
Macular hole: No

Age: 77

Sex: M

Previous surgery: No
Symptoms duration: 14 days
Total/ subtotal RD: No
Macular status: On
Retinal tears: 1

Lattice degeneration: 0
Giant tear: No
Pre-existing PVR: No
Macular hole: No

Age: 42

Sex: M

Previous surgery: No
Symptoms duration: 7 days
Total/ subtotal RD: No
Macular status: Off
Retinal tears: 1

Lattice degeneration: 0
Giant tear: No
Pre-existing PVR: No
Macular hole: Yes

Age: 60

Sex: M

Previous surgery: No
Symptoms duration: 5 days
Total/ subtotal RD: No
Macular status: On
Retinal tears: 1

Lattice degeneration: 0
Giant tear: Yes
Pre-existing PVR: No
Macular hole: Yes

. - . 2 . ;
UVJL}L"‘UI"‘”:’L”’J’//‘(}“&I’

10P: 10

Uveitis: No

Vitreous hemorrhage: No
Lens status: Phakic

I0P: 12

Uveitis: No

Vitreous hemorrhage: Yes
Lens status: Phakic

10P: 12

Uveitis: No

Vitreous hemorrhage: No
Lens status: Phakic

10P: 17

Uveitis: No

Vitreous hemorrhage: No
Lens status: Phakic
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GPT-4 to document ophthalml
post-operative complications

14
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ChatGPT, created by OpenAl, is an advanced Al chatbot that utilizes the GPT-4

(Generative Pre-trained Transformer 4) large language model. Large language

models (LLMs) have been developed to produce responses that resemble
human language in response to inputs in natural language

T e
Complications from Sutures after
Cataract Surgery

Eye volume 38, pages414-415 (2024)
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Potential of ChatGPT in

ophthalmology.

Training /
Education

Supplementary
explanations for
medical
examination
question banks

Multi-lingual
translations to
improve language
proficiency

Create unique
learning strategies

Eye volume 38, pages4—7 (2024)

Patients

* Virtual assistant for self-triaging and

self-diagnosing
* Virtual therapist for patient
education and counseling materials
* Multi-lingual, text-to-audio,
text-to-image/video platforms

* Assist in research
development: new scientific
ideas and discovery, literature
review, manuscript drafting,
debugging codes, and patient
recruitment

Research

) A
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* Synthesise diverse
sources of
information to

enhance clinical Healthcare
management and Professiona|$
patient

consultations / Systems

* Assist with medical
administrative tasks
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How should | treat optic neuritis?

Optic neuritis is an inflammation that damages the optic nerve, a bundle of nerve fibers that
transmits visual information from your eye to your brain. Common symptoms may include

pain with eye movement and temporary vision loss.

Treatment for optic neuritis depends on the cause. When it's associated with multiple
sclerosis or another autoimmune disease, treatment might involve managing the underlying

condition.
Here are some common treatment methods:

Corticosteroids: This is the primary treatment for optic neuritis. Corticosteroids can help
reduce inflammation and speed up recovery of vision. These are typically given
intravenously (IV) for several days, followed by a tapering dose of oral steroids. Steroids
may also decrease the risk of developing multiple sclerosis or delay its onset.

Plasma exchange therapy (plasmapheresis): This might be used if symptoms are severe
and you don't respond to steroid treatment. In this procedure, plasma — the liquid part of
your blood — is removed and separated from your blood cells. The blood cells are then
mixed with a replacement solution and returned to your body.

Immunomodulatory drugs: If optic neuritis is related to multiple sclerosis or
neuromyelitis optica (a chronic disorder of the nerves and the brain), long-term
immunomodulatory therapy might be recommended to prevent recurrences.
Symptomatic treatment: Pain relievers can help manage the discomfort that often comes
with optic neuritis.

However, it's important to note that in many cases, optic neuritis improves on its own,
without treatment. Some studies suggest that while corticosteroids speed up recovery, they

don't appear to affect the degree of recovery.

It's crucial to get a professional diagnosis and personalized treatment plan from your
healthcare provider or ophthalmologist. Regular follow-ups are necessary to monitor the

disease's progression and adjust treatment as necessary.

My eye has suddenly become red but there is no pain or loss of vision. | am currently taking
warfarin and some other tablets for my high blood pressure. Do | need to be worried?

While I'm an Al and can't diagnose or provide medical advice, | can tell you that sudden
redness in the eye can have many causes. It could be something as simple as a burst blood
bconjunctival hemorrhage, which can occur spontaneously or due to
ughing, or straining. It's often benign and resolves on its own. Taking blood

thinners like warfarin can make this more likely to occur.

Iso possible that the redness is due to more serious conditions like glaucoma,

, or an infection.

Since you have high blood pressure and are on blood thinners, it's important to take any

changes to your eye health seriously. Even though you're not experiencing pain or vision
good idea to contact your healthcare pro pecialist

(ophthalmologist) to discuss your symptoms. They can guide you on whether you need an

in-person examination and help rule out any potential serious causes.

1am having a severe painful eye with light sensitivity, loss of vision and headache. What is
wrong with my eye and do | need to see an ophthalmologist?

These symptoms could be indicative of several serious eye conditions, includ

angle-closure glaucoma, uveitis, corneal abrasion or ulcer, or optic neuritis, among others.

Acute angle-closure glaucoma, in particular, is a medical emergency. It occurs when the
drainage canals in your eye become blocked, causing a rapid rise in intraocular pressure.

Symptoms can include eye pain, nausea, redness in your eye, blurred vision, and

headache.

Given the severity of your symptoms - especially the severe pain, light sensitivity, and vision
loss - you should seek immediate medical attention. Please contact your healthcare provid
or go to an emergency room right away. Do not delay. An ophthalmologist should be invol

in your care as soon as possible.

Remember, while | can provide information based or ) ribed, only a
healthcare professional can make an accurate diagnosis and guide your treatment. Please

seek medical attention immediately.

Can you generate some ophthalmology-related questions to examine the knowledge of an
ophthalmologist to ensure safe practice?

Absolutely, here are some questions that could be used to assess the knowledge of an
ophthalmologist:

Can you explain the pathophysiology of primary open-angle glaucoma?

What are the common causes of uveitis and how would you approach a differential
diagnosis?

What is the normal intraocular pressure range and what factors can influence it?
How does the Amsler grid test work and what conditions is it useful in diagnosing?
Please describe the differences between macular degeneration and diabetic retinopath:
What are the primary symptoms of retinal detachment and what immediate actions
would you recommend if a patient presents with these symptoms?

Could you explain the role of vascular endothelial growth factor (VEGF) in ocular
neovascularization and the therapeutic approaches targeting it?

How do you manage ocular trauma, specifically hyphema and globe rupture?

Can you describe the typical progression and treatment options for keratoconus?

What are the key features of Fuchs' dystrophy and how is it managed?

Describe the steps you would take to diagnose and manage a patient with chronic dry
eye syndrome.

Can you explain the mechanism of action and the side effects of common topical
glaucoma medications?

What are the common complications of cataract surgery and how do you manage them?
How do you approach a pediatric patient with strabismus?

What are the contraindications for LASIK surgery and what alternative procedures would
you recommend for those patients?

Can you describe the visual field defects associated with glaucoma and pituitary

adenomas?

Can you explain to me about cataract surgery?

Certainly. Cataract surgery is a procedure performed to treat cataracts, a condition where
» lens of your eye becomes clouded, leading to a decrease in vision. This clouding is
typically due to aging, but can also occur for other reasons like trauma, certain medical

conditions, or medicatiol

Cataract surgery involves removing the clouded lens and replacing it with a clear artificial

lens. Here's a general outline of the process:
Preparation: Prior to surgery, your ermine the proper power
for your intraocular lens (IOL). You may be advised to temporarily stop certain
medications. On the day of surgery, you'll ikely be asked to fast for a few hours befo
procedure.
Anesthesia: B

eye. This is often combined with a sedative to help you relax.

e the procedure begins, you'll be given local anesthesia to numb your

Procedure: The vill make a small incision in the cornea, the ck

of your eye. Through this incision, a small instrument uses ultrasound waves to break up
the lens into small pieces, which are then suctioned out (this is called
phacoemulsification). Once the clouded lens is removed, the artificial lens (IOL) is
inserted through the same incision and positioned correctly. In most incision is
self-sealing and doesn't require stitches
Post-Operative Care: After surgery, you may

few hours or overnight. You'll be prescribed eye drops to prevent infection and

ch or protective shield for a
inflammation. Complete y of about a month, during which you'll n

avoid strenuous activities.

The procedure is generally safe and effective, with most people achieving improved vision.
However, as with any surgery, there are potential risks, including infection, inflammation,
bleeding, swelling, retinal detachment, glaucoma, and secondary cataract. Sometimes,
people might still need to wear glasses or contact lenses after cataract surgery for the best

vision.

Always discuss with your ophthalmologist to fully understand the procedure, its risks and
benefits, and what to expect during recovery.
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GPT-4 for triaging ophthalmic
symptoms

[

Green (Less Than 60 Minutes) Blue (Waiting for Availability)

|.Corneal abrasion | .Painless diplopia

2.Corneal /conjunctiva, foreign body | 2.Flashes and floaters

3.Orbital cellulites 3.Recent non-specific blurred vision

4.Infectious conditions, adenovirus | 4.Non-specific eye pain

5.Corneal ulcer, abscess 5.Conjunctivitis

6.Welding flash 6.Trichiasis

7.Retinal detachment 7.Cysts (except in children)

8.Hyphema 8.Phlyctenulosis

9.Recent surgery with complications | 9.Blepharitis

Note: White code for none-eye emergencies.

Eye volume 37, pages3874—-3875 (2023) 44


https://www.nature.com/eye

exams

45



D

Correlation between Al-measured lacquer cracks

extension and development of myopic choroidal ..
neovascularization
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Eye volume 37, pages3530-3533 (2023)
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Artificial intelligence for the diagnosis of

retinopathy of prematurity
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Current uses of artificial intelligence in the analys

of biofluid markers involved in corneal and ocula.....-
surface diseases
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Inflammatory cells
activation and
differentiation

glaucoma

Oxidative stress
substances

Eye volume 37, pages2007-2019 (2023)
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Artificial intelligence to distinguish

retinal vein occlusion patients using ...
color fundus photographs
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Eye volume 37, pages2026—2032 (2023)
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32 Disease detection

Preprocessed DLP Heatmap
image prediction Deepshap

Macular hole
99.4%

Single label

Maculopathy
98.8%

Two labels

Optic nerve
degeneration
63.8%

Referable DR
95.8%

Hard exudates
95.7%

Three labels

Preretinal
haemorrhage
82.4%

Nature Communications volume 12, Article number: 4828 (2021) 51
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Personalized treatment supported by automated =]
quantitative fluid analysis in active neovascular age-relat.....;.-..5-#
macular degeneration (hnAMD
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Segmentation of macular neovascularization and leakage —

fluorescein angiography images in neovascular age-relate....;.-c.5+
macular degeneration using deep learning
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Automatic detection of non-perfusion areas in diabetic
macular edema from fundus fluorescein angiography for
decision making using deep learning
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Foveal avascular zone segmentation in optical
coherence tomography angiography images using....

l

deep learning approach
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Manual FAZ

Deep Learning FAZ

Scientific Reports volume 11,
Article number: 1031 (2021)
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Comparison of early diabetic retinopathy staging in
asymptomatic patients between autonomous Al-based
screening and human-graded ultra-widefield colour fundus
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Eye volume 36, pages510-516 (2022)
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Deep learning for predicting uncorrected
refractive error using posterior segment
optical coherence tomography images

(A) Datasets

Healthy Korean patients without
refractive s
N = 936 cyes (468 patients)

urgery

Development dataset | |

Test dataset

N = 688 cyes : N = 248 eyes

(344 patients) |+ | (124 patients)
.

Sep 2016  Oct 2016

&.fold crass-valdation
ML moded training and
selection

Insarnal vakdation
(validated prospectively)

(B) Machine learning technique
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Automated detection of retinal exudates and
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drusen in ultra-widefield fundus images based or...s.....»
deep learning

Eye volume 36, pages1681-1686 (2022) 61
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Machine learning on glaucoma
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Automated diabetic retinopathy detection in
smartphone-based fundus photography using
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artificial intelligence
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Eye volume 32, pages1138-1144 (2018)
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Drug Delivery
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Nanomedicine
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[11 N. Rady Raz, M. R. Akbarzadeh T., "Target Convergence Analysis of Cancer Inspired Swarms for Early Disease
Diagnosis and Targeted Collective Therapy,"IEEE Transactions on Neural Networks and Learning Systems, 2022.
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Microrobotics meets nanomedicine -
for improved eye surgery
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personalized dry eye relief
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3D EYE SURGERY
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Telesurgery
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Digital Operating Room for
Retinal Surgery
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Section 2:How to perform Al in ),
ophthalmology
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Introduction

* The introduction of the manuscript should describe

unmet clinical needs, unique features of the Al

system, and how the Al system described aims to
fulfill said clinical needs.

INTRODUCTION
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Methodology

* In the methodology, the datasets and the Al

method, such

as an artificial neural network, are

the two main components required for Al-based
medical image analysis.

* Three main as
input to the A
and the Al out

nects need to be evaluated here: the
, the way the Al processes the input,

outs.




(1) Input to the Al




Is there a minimum size required.. ..
for the training dataset?




(2) Al processing
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hyperparameters




* To accomplish the above, the collected datasets are

%enerally split into train, validation, and test sets.

ecause of terminology differences between fields, the
“validation set” is sometimes called the tuning set;

e and the test set is sometimes called the “clinical
validation set” or “holdout set”. Some common options
for splitting datasets are 6/2/2, 7/2/1, or 8/1/1, though
these ratios are empirical.

* Cross-validation can also be used to minimize the
sampling bias from splitting of datasets, though its use
in development (multiple training/validation splits)
versus evaluation (multiple testing splits) has different
goals and beyond the scope of this article.
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complexity of the algorithm




Output of the Al




Result Section
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3-Sensitivity and specificity

True Positives
True Positives + False Negatives

Sensitivity =

True Negatives
True Negatives + False Positives

Specificity =

90
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(3)Predictive values




(4)Interrater comparisons

e such as Cohen’s k value, are used to evaluate
whether there is an agreement between
interpretations. In an Al study, it is usually used to
describe the interrater agreement between an
algorithm and reference standard or human
graders. It does not reflect the true accuracy of the
test.

values £ 0 as indicating no agreement and
0.01-0.20 as none to slight, 0.21-0.40 as fair,
0.41- 0.60 as moderate, 0.61-0.80 as
substantial, and 0.81-1.00 as almost perfect
agreement
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(5)The diagnostic accuracy or the. ).
effectiveness of a test
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Challenges and Ethical Considerations

data privacy, potential biases in datasets

Radiology
(X-rays, MRIs)

Early detection

Cardiology Neuroimaging Risk Assessment Predictive analytics

‘ ‘ Disease
Diagnostic prediction and
imaging prevention

WHAT CAN

Monitoring
Treatment Al/ML DO IN through
Personalization wearable

HEALTHCARE?

devices

Pandemic
prediction



Al

Note that!!

« AI may not replace human doctors.

e Since doctors are trained to not only diagnose and

treat diseases but also to provide emotional support
to patients.

* Al cannot replace the empathy and compassion that
doctors bring to their work.
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Prevention

Early
Detection

Recurrence
Prediction

Treatment
Selection and
Analysis

Critical
Decision
Making

Mortality and
Morbidity
Prediction

Post Hospital at Home
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