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Abstract
Purpose  Inherited retinal dystrophies (IRDs) are a heterogeneous group of diseases characterized by genotypic and phenotypic 
variability and are among the leading causes of blindness in the working-age population in developed countries. Despite advance-
ments in genetic testing, obtaining a molecular diagnosis remains a lengthy and challenging process due to limited resources and 
high costs. Artificial intelligence (AI) offers promising solutions to streamline diagnostic pathways and improve clinical outcomes.
Methods  We reviewed current literature on AI-driven approaches in IRDs.
Results  AI models have demonstrated potential in predicting disease-causing variants, distinguishing phenotypically similar 
IRDs, and segmenting retinal layers. However, their routine clinical adoption remains limited. Efforts are ongoing to lower 
genetic testing costs, reduce diagnostic delays, and enhance molecular diagnostic yield. Future applications may include 
genetic counselling, prediction of IRD progression, evaluation of novel mutation pathogenicity, identification of gene ther-
apy candidates, and prediction of personalized outcomes post-treatment. Barriers to widespread AI adoption include a lack 
of standardized nomenclature, ethnic and regional variations, inconsistent multimodal imaging quality, data ownership con-
cerns, clinical safety, cybersecurity, and the opaque nature of AI decision-making, known as the “black-box” problem.
Conclusions  AI models have shown promise in diagnosing IRDs, predicting causative genes, and segmenting retinal lay-
ers. While AI has the potential to revolutionize IRD diagnosis and management, significant challenges must be addressed. 
Continued research and collaboration are crucial to overcoming these barriers and unlocking AI’s full potential in IRDs.

Key messages

What is known 
	● Inherited retinal dystrophies (IRDs) are a genetically and phenotypically heterogeneous group of diseases, often leading 

to early visual impairment and high societal costs.
	● Artificial intelligence (AI) algorithms, especially deep learning, have shown promise in differentiating IRD subtypes and 

segmenting retinal layers using multimodal imaging. 

What is new 
	● Recent developments highlight AI’s potential to facilitate causative gene prediction, lower genetic testing costs, reduce 

diagnostic delays, and improve molecular diagnostic yield in genetic testing.
	● Novel AI-based methods might help identify candidates for approved gene therapy and ongoing or future gene therapy 

trials, as well as predict personalized treatment outcomes to demonstrate gene therapy efficacy.
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Introduction

Inherited retinal dystrophies (IRDs) are a  heterogeneous 
group of rare ocular diseases characterized by genetic 
and phenotypic variability. They primarily affect the 

photoreceptors (rods and cones), the retinal pigment epi-
thelium (RPE), and the choroid, often leading to significant 
visual impairment and blindness [1, 2]. With a global preva-
lence estimated between 0.06% and 0.2%, IRDs impact 
5–10 million people and are the leading cause of blindness 
among the working-age population in the UK and world-
wide [3–5]. Because IRDs cause early visual impairment 
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in the working-age population, they are associated with 
high societal cost [6]. To date, mutations in more than 300 
genes have been described with IRDs [6, 7]. Approximately 
70% of IRDs are inherited through autosomal recessive pat-
terns, 25% follow autosomal dominant inheritance, and the 
rest follow X-linked or mitochondrial inheritance patterns 
[8]. The four main subtypes of IRD phenotypes include 
rod-cone dystrophies, cone-rod dystrophies, chorioretinal 
dystrophies, and macular dystrophies. Morphological and 
functional parameters of each subtype correspond to the 
affected retinal cells. Rod-cone dystrophies, the most preva-
lent IRDs, begin with night blindness and peripheral visual 
field loss due to early rod degeneration, progressing to cen-
tral and colour vision worsening as cones become affected as 
well. In contrast, cone-rod dystrophies primarily start with a 
decline in light sensitivity, visual acuity, and colour vision. 
Chorioretinal dystrophies can present with various symp-
toms, typically starting with night blindness and peripheral 
vision loss, and progressing to cone-mediated central vision 
loss. Macular dystrophies most commonly present with 
metamorphopsia, decreased visual acuity, and central sco-
toma, while generally preserving peripheral vision [9].

Interest in IRDs has significantly increased after the 
approval of voretigene neparvovec (VN) for RPE65-medi-
ated IRDs in 2017 [10, 11]. For pioneering gene therapy 
efforts, the eye is an optimal target due to its immune-priv-
ileged environment, which exhibits high tolerance to viral 
vectors, minimal inflammatory responses, and low risk of 
systemic dissemination. Moreover, only small doses are 
needed to achieve therapeutic effects with highly accessible 
surgical methods for delivering vectors via intravitreal, sub-
retinal, or suprachoroidal approaches [12–14]. Additionally, 
treatment efficacy, side effects, and disease progression can 
be easily evaluated with multimodal imaging techniques 
and quantified with visual function tests [5]. Currently, there 
are around 45 ongoing gene therapy trials (www.clinicaltri-
als.gov) sponsored by research groups and pharmaceutical 
companies.

Artificial intelligence (AI) applications have started to 
develop predominantly in medical specialties that heavily 
rely on imaging modalities, such as radiology, dermatol-
ogy, and pathology [15]. In ophthalmology, AI applications 
have primarily been utilized for diabetic retinopathy, glau-
coma, retinopathy of prematurity, and age-related macular 
degeneration (AMD) due to the exponential increase of 
multimodal imaging data. AI is a branch of computer sci-
ence focused on developing systems that can perform tasks 
typically attributed to human intelligence, such as problem-
solving, learning, reasoning, and perception [16]. Machine 
Learning (ML) is a subset of AI that focuses on developing 
algorithms capable of learning from data and making data-
driven decisions. In practice, labelled images are provided 

to the machine, which learns from the data, develops an 
algorithm, and produces an output such as a diagnosis [17]. 
Deep Learning (DL) is a subset of ML that utilizes artificial 
neural networks, which can be expanded to include several 
hidden layers between the input and output. This architec-
ture is known as a Convolutional Neural Network (CNN). 
Learning can be unsupervised, semi-supervised, or super-
vised, allowing deep learning systems to identify previously 
unknown disease features on multimodal imaging for reti-
nal specialists [16]. A significant advantage of DL over ML 
is that as the amount of data increases, the performance of 
DL models continues to improve, whereas the performance 
of traditional ML models tends to plateau [16]. In retinal 
conditions, AI has primarily been utilized for diagnosis and 
classification, segmentation, and prediction. For classifica-
tion, AI has been employed to screen patients for diseases, 
determine disease stages, and identify disease types. It has 
been used to segment morphological parameters such as 
retinal layer thickness, fluid volume, subretinal hyperreflec-
tive material, number of hyperreflective foci, pigment epi-
thelium detachment size, drusen size, ellipsoid zone (EZ) 
disruption, and geographic atrophy lesion size. In terms of 
prediction, AI has been used to predict natural disease pro-
gression and treatment outcomes [16].

In IRDs, obtaining an accurate molecular diagnosis is 
important to understand the likely progression of the condi-
tion, offer genetic counselling to patients and their families, 
and potentially enrol patients in gene therapy trials [18]. 
However, there are major roadblocks for patients in obtain-
ing a molecular diagnosis. Firstly, clinical expertise in IRDs 
is most developed in the Western world, with other regions 
lagging behind. Secondly, molecular diagnostic yields in 
IRDs are only around 55–65% [19, 20]. Thirdly, the cost 
of establishing a genetic diagnosis can reach up to £10,000, 
which is unaffordable for many countries around the world. 
Fourthly, even when knowledge And funding are available, 
the majority of individuals in the UK have to wait more than 
5 years to obtain a genetic diagnosis [21].

To facilitate the identification of the causative patho-
genic genetic mutation, a patient’s medical history, clini-
cal examination, and multimodal imaging are considered 
to test only specific genes [22]. Stone et al. reported a high 
identification rate of 76% using a phenotype-driven genetic 
testing strategy. With this approach, around 57% of fami-
lies were identified without the need for next-generation 
sequencing (NGS) [23]. This clinically tiered strategy 
resulted in improved sensitivity, lower costs, and a lower 
false genotype rate (FGR) compared to whole-genome 
sequencing. However, such resources and expertise are 
often not available worldwide [23]. Therefore, a globally 
accessible AI algorithm could narrow down the potential 
list of causative genes and provide a low-cost option for a 
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phenotype-driven genetic testing strategy. A similar algo-
rithm is currently being developed through the Eye2Gene 
project, which aims to assist in IRD diagnosis by narrow-
ing down the possibilities of genetic mutations based on 
phenotype. This could lead to increased diagnostic rates of 
IRDs and reduced costs [21].

In this review, we will describe manuscripts involving AI 
in IRDs, discuss possible future applications and shortcom-
ings, and evaluate the potential impact of AI algorithms on 
IRD clinical practice.

Literature review

The literature review included scholarly databases such as 
PubMed with manuscripts published up to November 2024. 
The search keywords included terms related to inherited 

retinal diseases (“retinal dystrophy,” “inherited retinal dys-
trophy,” “IRD,” “retinitis pigmentosa,” “Stargardt,” “Best 
disease,” “choroideremia”), artificial intelligence methods 
(“artificial intelligence,” “machine learning,” “deep learn-
ing,” “convolutional neural network,” “CNN”), and imag-
ing modalities (“optical coherence tomography,” “OCT,” 
“fundus autofluorescence,” “FAF,” “fundus photography”). 
The results of this search And screening process are sum-
marized in the PRISMA 2020 flow diagram (Fig. 1).

Artificial intelligence in diagnosing and predicting 
causative gene

Fujinami-Yokokawa and colleagues investigated the use of 
a deep neural network for predicting the genes involved 
in IRDs by utilizing foveal OCT scans. They compared 
the algorithm’s accuracy in identifying macular dystrophy 

Fig. 1  PRISMA 2020 flow 
diagram showing study selection 
for the review of artificial intel-
ligence applications in inherited 
retinal dystrophies
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and Pseudo-Stargardt Pattern Dystrophy). Their dataset 
included 204 FAF images from (pseudo) Stargardt patients 
And 104 FAF from AMD patients. They used 70% of the 
dataset for training, 10% for validation, And 20% for test-
ing. The model’s performance showed An accuracy of 0.92 
And An AUCROC of 0.981 in testing, with a mean accu-
racy of 0.79 in cross-validation. The authors concluded that 
AI can be helpful in differential diagnosis of late dry AMD 
with GA and late-onset IRDs masquerading as GA [28]. 
Miere et al. conducted a study to evaluate whether a CNN 
could distinguish between ABCA4-associated Stargardt 
disease (STGD1) and PRPH2-associated pseudo-Stargardt 
pattern dystrophy, which are clinically challenging to dif-
ferentiate due to phenotypic similarities. Using 729 FAF 
images, the CNN achieved a precision of 0.883, sensitiv-
ity of 0.883, And An AUROC of 0.890. In comparison, the 
accuracy was 0.816 for retinal specialists And 0.724 for 
retinal fellows. The study concluded that a pretrained CNN 
can effectively distinguish between STGD1 and PRPH2-
associated pseudo-Stargardt with high accuracy [29]. Adult 
vitelliform macular dystrophy (AVMD) and Best vitelli-
form macular dystrophy (BVMD) exhibit similar pheno-
typic changes on FAF and OCT. Crincoli et al. developed 
a deep learning algorithm with 90% accuracy to differen-
tiate AVMD from BVMD, outperforming human graders 
[30]. Liu et al. evaluated whether a deep learning algorithm 
could predict visual acuity (VA) of at least 20/40 in retinitis 
pigmentosa patients using infrared (IR), optical coherence 
tomography (OCT), and combined images (CI). In inter-
nal testing, the AUCs were 0.83, 0.87, And 0.85 for IR, 
OCT, And CI, respectively, while in external testing, the 
AUCs were 0.78, 0.87, And 0.85. The authors concluded 
that visual impairment in retinitis pigmentosa patients can 
be predicted using confocal scanning laser ophthalmoscopy 
imaging [31]. Developing AI models for IRDs is challeng-
ing due to the low number of patients with specific IRDs 
or mutations and limited multimodal imaging, leading to 
class imbalances in datasets and biased prediction models. 
Veturi et al. generated synthetic IRD FAF images using a 
StyleGAN2 model trained on IRD data at a resolution of 
512 × 512 pixels. In a Visual Turing Test, the mean true 
recognition rate was 63%, And the fake recognition rate 
was 47%. However, BRISQUE score analysis indicated 
significantly lower quality in synthetic images. Addition-
ally, CNN diagnostic performance did not improve with 
synthetic data input. Nevertheless, the authors concluded 
that synthetic data can achieve similar performance to real 
data and could serve as a proxy when real data is limited 
[32]. Table 1 presents a summary of AI studies investigat-
ing IRD classification, causative gene prediction, and clini-
cal subgroup assignment.

associated with ABCA4 (10 patients) and RP1L1 (20 
patients) pathogenic mutations, retinitis pigmentosa linked 
to the EYS gene mutation (28 patients), and healthy indi-
viduals (17 individuals). The mean training accuracy ranged 
from 90.6 to 100.0%. Accuracy per gene category was 
highest for ABCA4 (100%), followed by healthy individu-
als (93.4%), EYS (89.8%), and RP1L1 (78.0%). While the 
algorithm showed high training accuracy, overfitting was 
evident, particularly for RP1L1 and EYS-associated IRDs. 
This study was the first to show the potential of AI applica-
tions in determining pathogenic genes; however, it was lim-
ited to just three genes [24]. Miere And colleagues utilized 
deep learning techniques with multilayer CNN to distinguish 
between individuals with IRDs using FAF images. They 
included 73 images from healthy individuals, 125 images 
from Stargardt patients, 160 images from patients with reti-
nitis pigmentosa, And 125 images from patients with Best’s 
disease. The precision-recall area under the curve (PRC-
AUC) averaged at least 0.988 in various IRD groups and 
healthy controls. However, patients with these IRDs have 
very distinct and different phenotypes when compared to 
each other, so high AUC values should be expected [25]. 
Shah et al. published a study investigating if deep learning 
algorithms can be used to differentiate between OCT scans 
from Stargardt patients And healthy individuals. They used 
two models, the first was a pretrained CNN, while the sec-
ond used a new CNN architecture. They included 102 OCT 
scans from healthy individuals, And 647 OCT scans from 
patients with Stargardt disease. The first model achieved 
An accuracy of 99.6%, specificity of 98.0%, sensitivity 
of 99.8%, and a Jaccard similarity score (JSS) of 0.990, 
while the second model achieved An accuracy of 97.9%, 
specificity of 98.0%, sensitivity of 97.9%, And a JSS of 
0.976. They concluded that CNN algorithms can be used 
with high accuracy to differentiate Stargardt patients from 
healthy individuals, even with smaller datasets [26]. Chen 
et al. developed three pre-trained CNN models to identify 
patients with retinitis pigmentosa based on colour fundus 
photos compared to photos of healthy individuals. For train-
ing, 935 fundus photos of retinitis pigmentosa patients And 
324 fundus photos of healthy individuals were used. Of the 
three models tested, the Xception model achieved the best 
performance with An AUROC of 96%. The CNN model 
performed comparably or slightly better than four general 
ophthalmologists (81%) and similarly to an IRD special-
ist (96%). The authors concluded that their study validated 
the utility of CNN in automatically identifying retinitis pig-
mentosa patients from fundus photos [27]. In 2021, Miere 
et al. developed a CNN algorithm to automatically clas-
sify if geographical atrophy (GA) has developed secondary 
to AMD or late atrophic stages of IRD (Stargardt disease 
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cones with AOSLO provides insights into retinal structure 
and health, allowing evaluation of natural progression or 
treatment effectiveness. Generally, AOSLO split-detection 
images are manually analysed to identify the locations of 
cone photoreceptor cells. For the segmentation and classi-
fication task, the authors used a combination of convolu-
tional layers, multi-dimensional long short-term memory 
(MDLSTM) layers, And fully connected layers to develop 
the optimal model, achieving a Dice score of 0.9577 on the 
validation set. They validated their method using images 
from healthy subjects and those with Stargardt disease, 
demonstrating that it was more accurate and faster in local-
izing cones compared to manual segmentation [34]. Wang 
et al. developed a random forest-based ML method to auto-
matically determine the integrity of the EZ in 16 patients 
with choroideremia. After post-processing, they achieved 
a JSS value of 0.876 ± 0.066. According to the authors, 

Artificial intelligence in segmenting retinal 
layers

In 2018, Camino et al. developed an algorithm based on a 
CNN to determine regions of preserved photoreceptors on 
en face OCT in 20 choroideremia And 22 retinitis pigmen-
tosa patients. The performance of the algorithm was evalu-
ated using the JSS. For retinitis pigmentosa, the algorithm 
achieved a JSS of 0.894 ± 0.102, which is slightly lower than 
the 0.912 ± 0.055 obtained for choroideremia. The authors 
concluded that an automated algorithm can effectively 
segment and classify preserved and disrupted EZ areas in 
choroideremia, retinitis pigmentosa, and possibly other 
IRDs from OCT images [33]. Davidson et al. developed 
a deep learning algorithm to automatically localise cone 
photoreceptors within adaptive optics scanning light oph-
thalmoscopy (AOSLO) split-detection images. Monitoring 

Table 1  Artificial intelligence studies that classify IRDs/predict the causative gene or clinical subgroup
Study (year) Gene(s)/clini-

cal condition(s) 
distinguished

Imaging 
modality

AI/ML model Patients/images Controls/images Key performance

Fujinami-
Yokokawa 
et al. (2020)

ABCA4, RP1L1, 
EYS macular dys-
trophies; healthy

OCT 
(foveal 
scan)

CNN 58 patients (10 
ABCA4, 20 
RP1L1, 28 EYS)

17 healthy 
patients

Training accuracy: 90.6–100%; 
test class accuracy: ABCA4 100%, 
healthy 93.4%, EYS 89.8%, RP1L1 
78.0%

Miere et al. 
(2019)

Stargardt (ABCA4), 
RP, Best disease vs. 
healthy

FAF CNN 410 patients (125 
Stargardt, 160 RP, 
125 Best)

73 healthy 
patients

AUPRC ≥ 0.988 across all groups

Shah et al. 
(2020)

Stargardt (ABCA4) 
vs. healthy

OCT (i) Pretrained 
CNN, (ii) 
custom CNN

647 images 
(Stargardt)

102 images 
(healthy)

Accuracy: 99.6%/97.9%; sensi-
tivity: 99.8%/97.9%; specificity: 
98.0%/98.0%; JSS 0.990/0.976

Chen et al. 
(2020)

RP (various genes) 
vs. healthy

Colour 
fundus

CNN 935 images (RP) 324 images 
(healthy)

AUROC 0.96; better than 4 general 
ophthalmologists (0.81) and similar 
as IRD specialist (0.96)

Miere et al. 
(2021)

Late GA AMD vs. 
late stage (Pseudo) 
Stargardt

FAF CNN 204 images (IRD) 104 images (GA 
AMD)

Test accuracy 0.92; AUROC 0.981

Miere et al. 
(2022)

ABCA4 STGD1 
vs. PRPH2-pseudo 
Stargardt PD

FAF CNN 729 images (IRD) — Precision 0.883; sensitivity 0.883; 
AUROC 0.890 (vs. retina specialists 
0.816)

Crincoli et 
al. (2023)

AVMD vs. BVDM FAF & 
OCT

CNN 96 AVMD eyes 
(287 OCT & 208 
FAF); 118 BVMD 
eyes (355 OCT & 
325 BAF)

— Accuracy 0.90, outperformed human 
graders

Liu et al. 
(2024)

Predict VA ≥ 20/40 
in RP

IR SLO, 
OCT, 
combined

DL 314 patients (RP) — AUROC 0.83 (IR), 0.87 (OCT), 0.85 
(combined); external testing: 0.78 
(IR), 0.87 (OCT), 0.85 (combined)

Veturi et al. 
(2024)

Synthetic IRD 
FAF generation 
(StyleGAN2)

FAF Style-
GAN2 + CNN

15,692 
images (IRD)

— Visual Turing Test image recogni-
tion: true 63%; fake 47%; CNN 
performance unchanged with 
synthetic data

AI: artificial intelligence; ML: machine learning; DL: deep learning; OCT: optical coherence tomography; FAF: fundus autofluorescence; IR 
SLO: infrared scanning laser ophthalmoscopy; CNN: convolutional neural network; AUROC: area under the receiver operating characteristic 
curve; AUPRC: area under the precision–recall curve; JSS: Jaccard similarity score; VA: visual acuity; GA AMD: geographic atrophy secondary 
to age-related macular degeneration; STGD1: Stargardt disease type 1; PD: pattern dystrophy; AVMD: adult-onset vitelliform macular dystro-
phy; BVMD: Best vitelliform macular dystrophy
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improvement with gene therapy in BCM patients could be 
predicted based on foveal morphological parameters using 
ML and curve fitting approaches [37]. Loo et al. validated 
a deep learning-based algorithm, originally developed for 
macular telangiectasia type 2, to automatically segment the 
EZ on OCT images of USH2A retinitis pigmentosa patients. 
The algorithm achieved An average Dice similarity coeffi-
cient of 0.79 ± 0.27, which the authors evaluated as a good 
performance. They concluded that this algorithm could be 
applied to other retinal diseases involving EZ disruption 
[38]. Eckardt et al. developed a U-Net-based model trained 
on healthy individuals to detect outer nuclear layer (ONL) 
segmentation in OCT scans of IRD patients, achieving a 
Dice score of 98.7% [39]. Table 2 presents a summary of AI 
studies investigating segmentation of retinal layers/struc-
tures or visual function prediction.

Future applications of artificial intelligence 
in IRD

As discussed previously, the ongoing Eye2Gene project will 
include 10,000 participants from three UK And one Japa-
nese eye hospital with the aim of predicting a causative IRD 
gene based on multimodal imaging. For training And valida-
tion purposes, patients with the 36 most common IRD genes 
will be included, and multiple deep CNNs will be applied 
[21]. The aim is to reduce the diagnostic “odyssey” and 

major challenges for the study included shadows caused 
by retinal vessels and/or vitreous floaters. The algorithm 
was applied to en face images, requiring only the delinea-
tion of Bruch’s membrane, which avoided the difficulties of 
segmenting the EZ in severely degenerated retinas in IRDs 
[35]. Charng et al. developed a deep learning algorithm to 
segment hyperautofluorescent flecks on FAF imaging in 
Stargardt patients. The number And size of hyper-autoflu-
orescent flecks increase with disease progression; however, 
manual segmentation is time-consuming. A total of 47 FAF 
images from 24 patients with Stargardt disease were used. 
Dice scores between deep learning And manual segmenta-
tion were calculated for 10 left eye images, ranging from 
0.33 to 0.80. The authors suggested that the lower Dice 
scores were observed due to the training set’s inclusion of 
images with only a few flecks and speckled signals on auto-
fluorescence. They recommended that future studies include 
images with well-defined and more numerous fleck lesions 
[36]. A study from Sumaroka et al. investigated a supervised 
ML approach to predict foveal sensitivity and visual acuity 
from foveal OCT scans in patients with blue cone mono-
chromacy (BCM). They employed two random forest mod-
els trained on BCM foveal scans to predict foveal sensitivity 
and visual acuity. The models accurately anticipated foveal 
sensitivity using the OCT data while also showing differ-
ent predicted and measured sensitivities, which could indi-
cate treatment potential in gene therapy trials. The authors 
concluded that foveal sensitivity and potential vision 

Study 
(year)

Investigated 
disease/gene

Imaging modality 
& layer seg-
mented/parameter 
predicted

Model 
architecture

Dataset (eyes/images) Performance 
metric

Camino et 
al. (2018)

CHM, RP En-face OCT, EZ 
integrity

CNN 42 eyes (20 CHM, 22 
RP)

JSS (EZ): RP 
0.894 ± 0.102; 
CHM 
0.912 ± 0.055

David-
son et al. 
(2019)

Stargardt 
(ABCA4) 
& healthy 
patients

AOSLO, cone 
localisation

CNN + MD 
LSTM

142 healthy, 148 Star-
gardt images

Dice score: 
0.958 
(validation)

Wang et al. 
(2020)

CHM En-face OCT, EZ 
integrity

Random 
Forest ML

16 patients JSS (EZ):
0.876 ± 0.066

Charng et 
al. (2020)

Stargardt 
(ABCA4)

FAF, hyperauto-
fluorescent flecks

U-net CNN 47 images (24 pts) Dice score: 
0.33–0.80

Sumaroka 
et al. 
(2021)

BCM OCT foveal scan 
→ predict foveal 
sensitivity/VA

Random 
Forest 
regression

18 BCM eyes Accurate 
foveal sensi-
tivity and VA 
prediction

Loo et al. 
(2022)

RP (USH2A) OCT, EZ 
segmentation

Pretrained 
DL (Mac 
Tel-2 
model)

127 OCT volume scans Dice 
0.79 ± 0.27

Eckardt et 
al. (2023)

IRDs, healthy OCT, ONL 
segmentation

U-net 
(healthy 
individuals)

12 healthy, 25 IRD OCT 
volume scans

Dice 0.987

Table 2  Artificial intelligence 
studies that segment retinal lay-
ers/structures or predict visual 
function

AOSLO: adaptive optics scan-
ning laser ophthalmoscopy; 
BCM: blue cone monochromacy; 
CHM: choroideremia; CNN: 
convolutional neural network; 
DL: deep learning; EZ: ellipsoid 
zone; FAF: fundus autofluores-
cence; IRDs: inherited retinal 
diseases; MD LSTM: multidi-
mensional long short-term mem-
ory; ML: machine learning; Mac 
Tel 2: macular telangiectasia 
type 2; OCT: optical coherence 
tomography; ONL: outer nuclear 
layer; RP: retinitis pigmentosa; 
USH2A: Usher syndrome type 
IIA; VA: visual acuity; JSS: Jac-
card similarity score.
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many IRDs, achieving such a treatment effect is unrealistic; 
some patients maintain very good visual acuity until the late 
stages of the disease (e.g., choroideremia, retinitis pigmen-
tosa), And a ceiling effect makes such improvements difficult 
or impossible to achieve. In other IRD patients, visual acuity 
gains are limited by irreversible structural changes, allowing 
for a maximum VA improvement of less than 3 lines, even 
in the best-case scenario. A robust AI algorithm capable of 
predicting an individual’s potential for VA gain could help 
identify treatment responses in low-prevalence diseases such 
as IRDs. For some patients, An AI algorithm might predict 
that a vision improvement of 2 lines is sufficient to demon-
strate efficacy in one patient, while in another, stabilization 
of vision could be considered a successful outcome.

However, several limitations remain before AI applications 
can be widely adopted in everyday clinical practice glob-
ally. Nomenclature and classification systems are not stan-
dardized, and ethnic and regional variations within the same 
disease-causing gene worldwide may restrict the applicability 
of AI algorithms to regions with patient populations similar 
to those in the training dataset. Additionally, obtaining stan-
dardized, high-quality multimodal imaging is essential for 
the effective application of AI algorithms. Other challenges 
include concerns about clinical safety and medical liability, 
ownership of health data and AI algorithms, cybersecurity 
issues, and the “black-box” problem, which refers to the lack 
of transparency in how AI algorithms make decisions [41].

Conclusion

We have conducted a comprehensive review of AI applica-
tions in IRDs. Currently, AI is primarily used for diagnosis, 
prediction of causative genes, and segmentation of retinal 
layers. Although significant advances have been made, AI 
models are not yet widely implemented in everyday clini-
cal practice. Ongoing efforts are focused on developing AI 
algorithms to reduce costs, shorten time to diagnosis, and 
improve diagnostic rates. In the future, AI applications in 
IRDs could expand to include genetic counselling, predict-
ing the natural course of IRDs, assessing the pathogenic-
ity of novel mutations, identifying patients eligible for gene 
therapy interventions, and predicting personalized outcomes 
after gene therapy.
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lower costs by suggesting the causative gene from imaging. 
By suggesting the causative gene through AI, reduced costs, 
shorter waiting times, and improved diagnostic rates could 
be achieved through a tiered AI-driven genetic testing strat-
egy, not only in the UK but also worldwide [21].

In IRDs, medical history, including family history data, 
age of onset, type of visual symptoms, and other medical 
history to identify syndromic IRDs, is very important for 
establishing the diagnosis and determining the causative 
gene. Therefore, a user-friendly ChatGPT-like language 
model could first acquire medical history data before 
requesting input from the patient on specific multimodal 
imaging modalities and then suggest the diagnosis, causative 
gene, and progression. Moreover, after obtaining inputs on 
medical history, multimodal imaging, and molecular testing 
results, a ChatGPT-like language model could also provide 
genetic counselling to patients.

With longitudinal multimodal imaging data and accurate 
molecular diagnoses, AI algorithms could be developed to 
model morphological and functional progression in specific 
IRDs. Moreover, by inputting morphological and functional 
data, AI algorithms could predict visual function changes 
based solely on multimodal imaging data. Additionally, 
through pattern recognition, they could identify previously 
undetected morphological parameters that correlate with 
visual function impairment. AI algorithms could also pre-
dict pathogenicity in novel mutations currently classified as 
variants of uncertain significance (VUS).

Lastly, AI applications could significantly benefit the 
identification of patients eligible for gene therapy inter-
ventions and assist in determining realistic and personal-
ized outcomes in gene therapy trials. Mutations in RPE65 
account for approximately 2–16% of cases of Leber con-
genital amaurosis (LCA) And 1–2.7% of cases in patients 
with autosomal recessive retinitis pigmentosa [40]. Genetic 
testing for all patients with LCA and retinitis pigmentosa is 
unattainable in many countries due to high costs and lack 
of infrastructure. Consequently, many patients with RPE65-
associated IRDs who could benefit from VN gene therapy 
remain unrecognized. An AI classification algorithm could 
be developed to differentiate RPE65-associated IRDs from 
retinitis pigmentosa caused by other pathogenic mutations 
using clinical imaging. Such a tool could serve as a clinically 
useful, low-cost, and rapid screening method to identify 
patients for confirmatory genetic testing for RPE65-associ-
ated IRDs. Similar AI models could be used to facilitate the 
identification of patients with specific causative gene muta-
tions for inclusion in several ongoing or future gene therapy 
trials. Several ocular gene therapies for IRDs have failed, 
partly due to the use of functional endpoints more suitable for 
prevalent And homogeneous disease entities, where a visual 
acuity improvement of 3 lines is considered significant. In 
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