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ABSTRACT

Diabetic retinopathy (DR) represents a leading cause of blindness worldwide, early detection is critical to
prevent vision loss. However, traditional screening methods, which rely on human experts, prove to be costly
and time-consuming. The systematic review aims to assess the validity of artificial intelligence (Al) as a
screening tool for detecting DR among diabetic patients. A systematic literature search was performed of the
following databases: PubMed, Scopus, CINAHL, and Web of Science. The last date of our search was
January 31, 2024. We included all observational studies, including cohort, case—control and cross-sectional
studies and evaluated their quality using the Joanna Briggs Institute tool. We included diagnostic test
accuracy studies evaluating the use of Al algorithms for DR screening in patients with diabetes. Studies were
excluded if they exclusively assessed diagnostic accuracy for DR that did not use Al algorithms as a
diagnostic tool and studies with incomplete or inaccessible data. Thirteen studies with sample sizes ranging
from 69 to 1378 participants, reported good sensitivity of Al for detecting visually threatening DR (VTDR).
The lowest sensitivity was 89.2%, and the highest was 100%. In terms of specificity, Any DR exhibited
higher specificity compared to RDR and VTDR, ranging from 80.2% to 100%. The sensitivity and specificity
of the Artificial Intelligence (Al)-based tools available for DR screening was considered acceptable,
especially in detecting VTDR and Any DR, was regarded as good. These results implied the potential
usefulness of these tools for DR screening in settings with limited resources. However, further high-quality
comparative studies were deemed necessary to evaluate their effectiveness in real-world clinical settings.
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INTRODUCTION

Globally, the leading cause of blindness in middle-aged and elderly individuals is diabetic
retinopathy (DR) (Tan & Wong, 2023). DR is a prevalent microvascular complication of
diabetic retinal disease, affecting approximately one in every three individuals with diabetes.
If left untreated, this condition has the potential to cause irreversible blindness (Kim et al.,
2021; Sasongko et al., 2017). The prevalence of DR is expected to rise with the increasing
incidence of non-communicable diseasese. Despite its notable impact, a considerable number
of DR cases go undiagnosed due to restricted access to healthcare facilities staffed with
adequately trained personnel (Fenner et al., 2018).

Worldwide, the estimated prevalence of diabetic retinopathy among individuals with diabetes
stands at 27.0%, contributing to approximately 0.4 million cases of blindness globally
(Thomas et al., 2019). And the prevalence of diabetic retinopathy among type two diabetes
patients was 36.3% (Zegeye et al., 2023). The World Health Organization (WHO) estimates
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that by 2030, approximately 400 million people worldwide will have diabetes. Among them,
an estimated 10% will be at risk of developing diabetic retinopathy, diabetic macular edema,
cataracts, and glaucoma (Bourne et al., 2013; CDC, 2020). Vision-threatening diseases,
unfortunately, often manifest without symptoms, underscoring the vital importance of regular
retina screenings. Early diagnosis enables early treatment, which can minimize the likelihood
of vision loss.

Regular screening and prompt treatment are essential for effectively managing DR and
preventing vision loss (Royle et al., 2015). Early identification enables timely intervention,
potentially reducing the risk of DR progression and visual loss by up to 50% within a year
(Prayogo et al., 2023), emphasizes the importance of early DR examination in diabetes
patients even if there are no symptoms. Unfortunately, numerous individuals, particularly
those from lower socioeconomic backgrounds, do not pursue medical evaluation and
intervention (Murchison et al., 2017; Tao et al., 2016). Additionally, obstacles to accessing
screening may emerge due to limited transportation choices, a lack of awareness regarding the
disease, and retinal photography for DR community screening remains insufficiently available
in many countries, especially those with limited health financial resources (Fenner et al.,
2018; Vujosevic et al., 2020). Despite the fact that the American Diabetes Association
(ADA) have recommended that every diabetic patient undergo annual visual acuity and retinal
examinations to prevent the occurrence of DR (Care & Suppl, 2021). Thus, limited diabetic
retinopathy (DR) screening coverage results in more individuals with diabetes mellitus (DM)
missing out on treatment opportunities (Burgess et al., 2013; Jayanegara & Lestari, 2023).
New screening approaches that offer enhanced efficiency and accessibility are imperative to
tackle the escalating prevalence of DR.

In recent times, there has been a growing interest in the use of Artificial Intelligence (Al)
within ophthalmology, largely driven by Deep Learning (DL), a new breed of Al capable of
handling vast datasets autonomously (Jamaaluddin & Indah, 2021), without human
involvement (Nagendran et al., 2020). The integration of DL into diabetic retinopathy (DR)
screening methods relies on an image-based approach. Al systems are trained to recognize a
vast array of retinal images and can be programmed to assess the severity of diabetic
retinopathy (DR) (Sheikh et al., 2021). Although the potential expense associated with
developing Deep Learning (DL) technology, employing DL for diabetic retinopathy (DR)
screening has demonstrated significant societal cost savings and enhanced health outcomes
(Srisubat et al., 2023). Additionally, it is imperative to validate Al algorithms using datasets
specific before real-world implementation. Several literature reviews (Lupidi et al., 2023a;
Malerbi et al.,, 2022; Natarajan et al.,, 2019a) have discussed Artificial Intelligence for
screening diabetic retinopathy. The systematic review aims to assess the validity of artificial
intelligence (Al) as a screening tool for detecting DR among diabetic patients.

METHOD

We conducted this systematic review by following the PRISMA (Preferred Reporting Items
for Systematic Reviews and Meta-analysis) guidelines (Moher et al., 2009). This study is a
systematic review aimed at elucidating the validity of artificial intelligence (Al) as a screening
tool for detecting diabetic retinopathy (DR) in diabetic patients based on the latest and best
scientific evidence. The literature search was conducted in February 2024. The data used in
this study are secondary data obtained from previous research conducted by earlier
researchers and not from direct observation results. The sources of secondary data obtained
are reputable international journal articles according to the predetermined theme. The
literature used was obtained from the Scopus, PubMed, Web of Science, and CINAHL
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databases. Specific keywords used to search for articles are guided by Medical Subject
Heading (MeSH) terms using the following terms: “Diabetic Retinopathy” OR “Diabetic
Retinopathies” OR “Retinopathies, Diabetic” OR “Retinopathy, Diabetic” AND “Artificial
intelligence” OR “AI” OR “machine learning” OR “deep learning” OR “neural network”
AND “smartphone” OR “smartphone-based” OR “mobile-based” OR “handheld” OR
“1Phone” OR “mobile camera” OR “mobile” AND “diagnosis” OR “screen” OR “screening”
OR “classification” OR “discriminate”. The articles included in the search were those
published in English up to January 31, 2024. During the search process, we employed
Boolean operators and wildcard characters precisely to focus our search and detect singular or
plural forms of the same terms across all databases utilized.

Study selection and eligibility criteria

The inclusion criteria for article selection were based on the PICOS method (Population, Issue
of interest, Comparison, Outcome, and Study design) (Liberati et al., 2009): 1. Patients with
type 1 or type 2 diabetes mellitus aged over 18 years; 2. Studies utilizing Al algorithms as
diagnostic tests; 3. Reporting sensitivity and specificity; and 4. All types of observational
studies, including cohort studies, published in English. Letter to editor, commentaries,
qualitative studies, abstract only, case series, case reports, reviews, discussion papers, meta-
analyses, conference papers, oral presentations and articles available in abstract form only are
excluded. Studies were excluded if they exclusively assessed diagnostic accuracy for DR that
did not use Al algorithms as a diagnostic tool and studies with incomplete or inaccessible
data.

The data collection process in this systematic review study begins with the article search. We
conduct separate screening of articles, commencing with the selection of titles deemed
relevant (Figure 1). Subsequently, abstract reading is conducted to filter articles deemed
eligible. Finally, full-text reading is performed to identify articles that meet the predetermined
inclusion and exclusion criteria within the scope of the review. We select studies
independently based on the inclusion and exclusion criteria mentioned above. In cases of
disagreement among the reviewers, a joint consultation with a third reviewer is conducted
before making any decisions. In terms of data extraction, we collectively decide which
information may be relevant based on the review's focus, clinical experience, and previously
published reviews. Here, the population, intervention, comparison/exposure, outcome, and
study design (PICOS) are integral to our research. Population: Our study population consists
of patients with type 1 or type 2 diabetes with diabetic retinopathy (DR); Intervention:
Patients with DR diagnosed using Al technology; Comparison/Exposure: The diagnostic
measure was Al technology, and DR was diagnosed from fundus color images; Outcome: The
validity of artificial intelligence (Al) as a screening tool for detecting DR in diabetics patients;
Study design: The design of this study is observational study. Therefore, we create a table to
highlight relevant data, then input data from each article into the table and discuss the
possibility of inconsistencies. Finally, we re-read the full text that we will use to ensure the
accuracy of relevant data.

Quiality assessment

In this study, we employed the Joanna Briggs Institute tool comprising 8 questions for cross-
sectional studies and 10 questions for cohort studies to evaluate both the level and quality of
each article (Aromataris E, 2020; JBI, 2020). We utilized the Joanna Briggs Institute
assessment tool for both cross-sectional and cohort studies to gauge the level of evidence in
each reviewed source. To assess the overall methodological quality, we utilized the 11-item
JBI Critical Appraisal Checklist for cohort studies and the 8-item JBI Critical Appraisal
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Checklist for cross-sectional studies, updated and released in 2020. These tools classified
overall quality into categories of high, moderate, and low. Each item was assigned a score of
either O (indicating high risk of bias) or 1 (indicating low risk of bias). Quality scores were
then categorized as high quality (100 points), moderate quality (74 points), or low quality (49
points).

RESULTS

Study selection
After conducting the literature review, a total of 346 articles that were potentially relevant

were identified for screening. Using Mendeley software, 132 studies were removed due to
duplication. Based on title and abstract screening, we excluded 187 studies. After stage two
(full text) screening of the remaining 27 articles. Out of these, 14 were considered ineligible
as they did not meet the specified eligibility criteria, as follows: the study was not using
artificial intelegence-based program (n = 4); the study was not an original article (n = 3); the
study was not relevant topic (n = 3); and the study was available in abstract form only (n = 3).
Finally, 13 sources were included in our final analysis. The process employed to select these
study sources is presented in Fig. 1 as a PRISMA flow diagram.

PRISNMA 2020 flow diagram for new systematic reviews which included searches of databases
and registers only
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Studies characteristics

All the included articles were either cross-sectional or cohort studies, primarily focusing on
diagnosing Diabetic Retinopathy (DR) in patients with or without diabetes. Studies included
in this review were conducted in the United States of America (USA) (Kim et al., 2021), Italy
(Lupidi et al., 2023a; Midena et al., 2022), Dominica (Kemp et al., 2023), Brazil (Malerbi et
al., 2022), Croatia (Tomi¢ et al., 2023), China (Ruan et al., 2022) and India (Krishnan et al.,
2021; Natarajan et al., 2019c; Rajalakshmi et al., 2018a; Rao et al., 2022; Sosale, Aravind, et
al., 2020; Sosale, Sosale, et al., 2020) with a sample size ranging from 69 to 1378
participants. Participants’ mean age ranged from 53.1 to 65.5 years. Table 1 provides a
summary of the methodological characteristics of the included studies. All seven papers used
the Remidio NM Fundus on Phone (FOP) 10 camera (Remidio Innovative Solutions Pvt. Ltd,
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Bangalore, India) (Kemp et al.,, 2023; Krishnan et al., 2021; Natarajan et al., 2019c;
Rajalakshmi et al., 2018a; Rao et al., 2022; Sosale, Aravind, et al., 2020; Sosale, Sosale, et al.,
2020) to image the retina of patients. Six out of thirteen studies used Medios Al (Kemp et al.,
2023; Krishnan et al., 2021; Natarajan et al., 2019b; Rao et al., 2022; Sosale, Aravind, et al.,
2020; Sosale, Sosale, et al., 2020), two used EyeArt software (Kim et al., 2021; Rajalakshmi
et al., 2018b), one used PhelcomNet (Malerbi et al., 2022), one used Al algorithm Selena
(Lupidi et al., 2023b), one used Phoebus algorithm (Ruan et al., 2022), one used Al-based
automated software (DeepDR) (Tomi¢ et al., 2024) and one article does not clearly specify
(Midena et al., 2022). Image retina capture was performed by a trained technician and health
worker included ophthalmologists, a medical student and a medical intern rather than
ophthalmologists or ophthalmic photographers. The reference test or gold standard utilized
was the grading of images by a retinal specialist, vitreoretinal surgeons, and ophthalmologists.
Overall, ten studies utilized the International Clinical DR Disease Severity Scale to grade DR.
Additionally, one study employed the Airlie House or modified ETDRS criteria (Kim et al.,
2021), while another study utilized the English Grading System for DR (Kemp et al., 2023)
and one study did not specify the DR measurement instrument used (Malerbi et al., 2022)

Efficacy outcomes

In this review, we assessed the sensitivity, specificity, and area under the curve (AUC) as the
outcomes to evaluate the validity of Al screening for Diabetic Retinopathy (DR), as presented
in Table 2. The categories for Diabetic Retinopathy (DR) are divided into three gradings:
referable DR (RDR), Any DR, and visual-threatening DR (VTDR). Our findings indicated
that the sensitivity for detecting any DR varied between 83,2%-97,6%, with the study by
Tomic et al. (Tomic¢ et al., 2024) reporting the lowest sensitivity value and the study by Rao et
al. reporting the highest sensitivity value (Rao et al., 2022). For specificity, the lowest was
80,2% (Rajalakshmi et al., 2018b) and the highest was 100% (Tomi¢ et al., 2024). The AUC
values within this group ranged from the lowest, reported by Ruan et al. (Ruan et al., 2022)
with 0,88, to the highest, reported by Tomic et al. (Tomi¢ et al., 2024), with 0,92. The Al
software's ability to detect RDR exhibited a sensitivity range of 77,5% to 100%, while its
specificity in diagnosing RDR ranged from 61,4% to 92,5%. The AUC value varied among
studies, with Kemp et al. (Kemp et al., 2023) reporting the lowest at 0.84, while Sosale et al.
(Sosale, Sosale, et al., 2020) reported the highest at 0.92. In identifying vision-threatening
diabetic retinopathy (VTDR), only four studies within this group conducted comparisons
(Kemp et al., 2023; Rajalakshmi et al., 2018b; Rao et al., 2022; Sosale, Sosale, et al., 2020).
In this group, the lowest sensitivity was 89,2%, while the highest sensitivity was 100%. As
for specificity, only one study discusses the specificity of Al software in detecting VTDR
(Rajalakshmi et al., 2018b) and out of the 13 articles, none of the studies in this group
compared AUC in their research. Furthermore, there are two articles that did not mention
RDR, Any DR, or STDR. These articles only assessed the sensitivity and specificity of the
presence or absence of DR in patients (Kim et al., 2021; Lupidi et al., 2023b).
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Table 1.
Characteristics of the reviewed study
Age
Sample (years), I .
Author/Year Country Study design size mean Al Retinal camera stg%lgr d DlagségizetgnczT:thy
(patients)  SDor Y
range
Kemp et al, Dominica  Cross- 587 Range Medios DR A Non- The senior English Grading
2023 sectional 26-94 Al software  Mydriatic Dominican System for DR
years Fundus on  screener—
(Kemp et al., Phone Camera, grader. The
2023) Model FOPNM-  grading by
10 (Remidio) the  field
grader was
compared
with remote
grading by
senior
graders in
the English
National
Screening
Programme
, and the
interobserv
er
reliability
kappa
coefficient
was
calculated.
Kimetal., USA Cohort 69 57.0 EyeArt® A smartphone- A retina  The severity of the DR
2021 (15,7) based  camera specialist and the modified
(RetinaScope) and a Airlie House
(Kim et al., by a medical comprehens classification system
2021) student and a ive used in the Early
medical intern  ophthalmol ~ Treatment  Diabetic
rather than  ogist Retinopathy Study
ophthalmologists (ETDRS) severity
or  ophthalmic classification criteria
photographers.
Krishnan et India Cross- 1378 54.9 Medios Al Remidio Non- Two ICDR severity scale;
al, 2021 sectional (10.43) Mydriatic vitreoretinal  no DR, mild
Fundus on  surgeons nonproliferative DR
(Krishnan et Phone by health (mild NPDR),
al., 2021) workers moderate
nonproliferative DR
(moderate NPDR),
severe nonproliferative
DR (severe NPDR),
and proliferate DR
(PDR)
Lupidi et al, Italy Cross- 251 60.1 Al Handheld non- An ICDR severity scale;
2023 sectional (16.2) algorithm mydriatic digital experienced as pathological and
Selena fundus camera retina non-pathological
(Lupidi et (Optomed specialist
al., 2023a) Aurora 1Q)
Marlebi etal, Brazil Retrospective 824 60.8 PhelcomNet a portable retinal A single N/A for the DR
2022 study (11.4) camera retinal severity scale used
(Phelcom Eyer) specialist but referable DR
(Malerbi et by a team of defined as no or
al., 2022) nine examiners, mild non-proliferative

including
medical

students,  with
variable degrees

of previous
experience in
this  kind  of
procedure.

DR (NPDR) versus
moderate NPDR,

severe NPDR,
proliferative DR, or
apparently present
macular

oedema (more than
mild DR, mtmDR) in
at least one eye.

Vision-threatening DR
(vtDR) was considered
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Age
Sample (years), I .
Author/Year Country Study design size mean Al Retinal camera stg:zilgr d DlaE:\Elecrirtetlsnc(;;I):thy
(patients)  SDor Y
range
as the presence
of severe NPDR,
proliferative DR, or
apparently present
macular oedema in at
least one eye.
Midenaetal, Italy Cross- 213 62.6 N/A - Portable Retinal International  Clinical
2022 sectional (12.6) non- specialist Diabetic  Retinopathy
mydriatic and Diabetic Macular
(Midena et digital Edema Severity Scale:
al., 2022) fundus absent, mild,
camera (the moderate, severe non-
Aurora® proliferative (NP) and
handheld proliferative ~ (PDR)
fundus DR, and absent, mild,
camera) by moderate and severe
a trained DM.
technician
Table-top  non-
mydriatic digital
fundus  camera
(AFC-230,
Nidek,
Gamagori,
Japan)
Natarajan et India Cross- 231 53.1 Medios Al Remidio a ICDR severity scale
al., 2019 sectional (10.3) nonmydriatic vitreoretinal
retinal imaging  resident and
(Natarajan et system by a a
al., 2019c) health care vitreoretinal
worker surgeon
(AJ.) at the
Aditya Jyot
Eye
Hospital
and Aditya
Rajalakshmi  India Cross- 301 N/A EyeArt™ Remidio fundus Two ICDR severity scale:
etal., 2018 sectional on phone (FOP) ophthalmol =~ STDR  defined as
images graded  ogists severe NPDR, PDR, or
(Rajalakshmi by (retina DME, RDR defined as
etal., 2018a) ophthalmologists  specialists) moderate  NPDR or
worse, or DME
Rao et al, India Retrospective 135 54.1 Medios Al Kowa VX-10a A  single ICDR severity scale:
2022 study (8.3) Mydriatic and  retina No DR, Mild NPDR,
Remidio  Non  specialist Moderate NPDR,
(Raoetal., Mydriatic FOP Severe NPDR, PDR
2022) NM10 and DME. Referable
DR (RDR)  was
defined as moderate
NPDR  or  worse
disease and/or the
presence of DME
Ruan et al., China Observational 315 65.5 Phoebus Handheld fundus ~ Three ICDR severity scale
2022 study (11.1) camera optomed  masked and
aurora experienced
(Ruanetal., ophthalmol
2022) ogists.
Sosale et al, India Cross- 297 55(11) Medios Al Remidio  Non Retinal ICDR severity scale;
2020 sectional Mydriatic surgeons no DR, mild
Fundus on nonproliferative DR
(Sosale, Phone Camera (mild NPDR),
Sosale, et al., (NM FOP 10) by moderate
2020) a trained nonproliferative DR
technician (moderate NPDR),

severe nonproliferative
DR (severe NPDR),
and proliferate DR
(PDR)
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Age
Sample (years), I .
Author/Year Country Study design size mean Al Retinal camera stg:zilgr d D'aE:\EleCrirglsnc(;T:thy
(patients)  SDor
range
Sosale et al, India Cross- 900 N/A Medios Al The smartphone Five retina ICDR severity scale;
2020 sectional based ‘Remidio  specialists, no DR, mild non-
FOP camera’ by that is, proliferative DR (mild
(Sosale, a trained  three NPDR), moderate
Aravind, et technician fellowshiptr  non-proliferate DR
al., 2020) ained (moderate NPDR),
vitreoretinal ~ severe non-proliferate
surgeons DR (severe NPDR)
and two and proliferate DR
medical (PDR). The images
retina with DR were then
specialists evaluated for DME.
Tomicetal,, Croatia Cross- 160 Range Al-based Handheld fundus  Medical ICDR and diabetic
2023 sectional 45-83 automated camera TANG retina macular edema disease
years software specialists severity ratings
(Tomi¢ et (DeepDR)
al., 2023)
Table 2.
Outcome assessed in each study
Author/Year Any DR RDR VTDR
Sensitivity  Specificity AUC Sensitivity  Specificity AUC Sensitivity  Specificity AUC
Kemp et al, - - 77,5% 91,5% 0.84 89,2% - -
2023
(Kemp et al.,
2023)
Kimetal., 87,0% 78,6% - - - - - -
2021
Not Not
(Kimetal., mentioned  mentioned
2021) RDR or RDR or
Any DRor AnyDR or
STDR, but  STDR, but
RWDR RWDR
Krishnan et 89,13% 94,43% 100% 89,55% - - - -
al, 2021
(Krishnan et
al., 2021)
Lupidi et al, 96,8% 96,8% - - - - - -
2023
Not Not
(Lupidietal.,  mentioned  mentioned
2023a) RDR or RDR or
Any DRor AnyDR or
STDR STDR
Marlebietal, - - 97,8 % 61,4% 0,89 - - -
2022
(Malerbi et
al., 2022)
Midena et al, 96,9% 94,8% - - - - - -
2022
Any Any
(Midena et degree of degree of
al., 2022) DR DR
Natarajan et 85,2% 92% 100% 88,4% - - - -
al., 2019
(Natarajan et
al., 2019c)
Rajalakshmi 95,8 % 80,2 % 99,3 % 68,8 % - 99,1 % 80,4 % -
etal., 2018
(Rajalakshmi
etal., 2018a)
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Author/Year Any DR RDR VTDR

Sensitivity  Specificity AUC Sensitivity  Specificity AUC Sensitivity  Specificity AUC
Raoetal, 97,6% 90,9% - 98,3% 83,7% - 99,0% N/A -
2022

(Raoetal.,
2022)

Ruan et al., - - - 82,1% 97,4% 0,88
2022

(Ruanetal.,
2022)

Sosale et al, 86,78 % 95,45 % 0,91 98,84 % 86,73 % 0,92 100%
2020

(Sosale,
Sosale, et al.,
2020)

Sosale et al, 83,3% 95,5 % 0,90 93 % 92,5% 0,88
2020

(Sosale,
Aravind, et
al., 2020)

Tomic et al., 83,2% 100% 0,921
2023

(Tomi¢ et al.,
2023)

DISCUSSION

This review aimed to determine the validity of artificial intelligence (Al) as a screening tool
for detecting diabetic retinopathy (DR) in diabetic patients. This device exhibited quite good
sensitivity (83.2%-97.6%) and specificity (ranging from 80.2% to 100%) in detecting the
presence of any DR. However, a broader range of sensitivity was reported in detecting VTDR
(ranging from 89.2% to 100%), in contrast to the sensitivity and specificity reported for any
DR and RDR. The accessibility of ophthalmologists and retinal consultants has emerged as a
significant barrier to sufficient DR screening (Huemer et al., 2020). This indicates that the
utilization of artificial intelligence (Al)-based tools for DR screening in the community could
have mitigated such obstacles and was feasible, especially in countries or regions with limited
facilities, encountering challenging geographical conditions, or grappling with healthcare
financing constraints (Prayogo et al., 2023).

The advancement of computing technologies has led to the development of deep learning
(DL). In recent years, deep learning (DL) has emerged as the dominant computational
approach in the field of machine learning (ML) (Taye, 2023). DL, as a branch of Al,
specialized in algorithms learning to accomplish tasks without explicit instructions (Esteva et
al., 2019). Particularly, artificial intelligence (Al) has the capability to undergo training in
order to distinguish diagnostic results by utilizing various inputs, including a retinal image.
Every image undergoes scrutiny and comparison with the comprehensive data stored in the
database. Al has the ability to identify distinctive features on the retina associated with
diabetic retinopathy (DR), such as exudates, microaneurysms, and hemorrhages.
Subsequently, the Al categorizes the identified feature as either normal or abnormal, thereby
producing the ultimate output (Cheung et al., 2019). The number of previously published
studies for comparison was very limited. A recent systematic review by Jayanegara & Lestari
(2023) also analyzed twelve different Al-based devices from twelve articles, but only four of
these devices met our inclusion criteria.

29



Indonesian Journal of Global Health Research, Vol 7 No 1, February 2025

Sensitivity ranged from 79.2% as the lowest to 100% as the highest. Regarding specificity,
eleven studies indicated reasonable values, while only one reported a lower figure, with just
68.8% for detecting RDR (Jayanegara & Lestari, 2023). The accuracy of this artificial
intelligence-based device was nearly comparable to the recommended retinal examination for
DR screening using conventional methods (Wong et al., 2018). According to the guidelines
from the UK National Institute for Clinical Excellence (NICE), DR screening tests were
required to achieve a sensitivity and specificity of at least 80% and 95%, respectively, with a
technical failure rate of less than 5% (National Institute for Clinical Excellence, 2002). In a
study conducted by Ahsan et al. (2014) using conventional methods, photos taken with a
fundal camera (Canon CR-1) were compared with digital retinal photography of a single
macular center spanning 45 degrees, equipped with a disc center plane, against the gold
standard of seven standard 30° stereoscopic plane photos as proposed by ETDRS. The study
yielded sensitivity and specificity results for detecting any DR of 55.67% and 71.27%,
NSTDR of 37.36% and 76.78%, and STDR of 68.25% and 90% (Ahsan et al., 2014).

The rapid progression of technology in retinal imaging has elevated the precision and reduced
the time required for detecting DR (Gulshan et al., 2019). Furthermore, the introduction of
artificial intelligence (Al) has led to a reduction in the manpower or resources required for
conducting screenings. Significant studies have shown that machine learning systems can
identify referable DR from retinal photographs with a sensitivity and specificity of over 90%,
as compared to expert assessments (Prayogo et al., 2023; Ting et al., 2017). For example, a
notable advancement in Al for DR detection occurred through the development of an active
deep learning (ADL) technique utilizing an artificial bee colony (ABC) algorithm. This
method exhibited enhanced efficacy in identifying five levels of DR severity, surpassing an
earlier Al approach which could only discern two levels of DR: referable and non-referable
DR (Ozbay, 2023). These findings suggested the potential for improving efficiency in DR
screening coverage within clinical settings.

Despite numerous publications showcasing the reliability and accuracy of these DL systems
in detecting DR. Its implementation faced several barriers, such as: In real-time screening,
capturing images with artificial intellegence-based retinal imaging was often challenging due
to small pupils, cataracts, or uncooperative patients. Despite the portability of handheld
camera or smartphone-based imaging, using a portable table and chin rest helped stabilize
image acquisition, simplifying the screening process (Balasopoulou et al., 2017). In addition,
implementing Al for DR screening faced challenges with older participants having small
pupils and cataracts, leading to poor image quality and hindering Al assessment. Al couldn't
overcome physical limitations like small pupils or cataracts, making screening elderly patients
challenging (Sosale, Sosale, et al., 2020).

Limitations of our systematic review included the absence of studies utilizing an RCT design.
Randomized controlled trials for assessing diagnostic test accuracy posed unique challenges
for researchers. It proved challenging to randomize diagnostic tests within a clinical workflow
while ensuring comprehensive coverage for clinicians. Moreover, certain studies lacked
detailed descriptions regarding the sensitivity and specificity of Al in screening for various
levels of DR (Any DR, RDR, STDR). Another limitation pertained to the heterogeneity
among studies in terms of baseline characteristics, particularly regarding camera usage and
the Al algorithms employed for image acquisition and classification. Al algorithms utilized
across different studies might have exhibited varied diagnostic accuracy depending on the
training set used for the algorithm.

30



Indonesian Journal of Global Health Research, Vol 7 No 1, February 2025

CONCLUSION

The review suggests that current Al-based devices exhibit commendable accuracy in detecting
DR, with satisfactory levels of sensitivity and specificity. Integrating Al with conventional or
portable retinal camera devices can significantly improve DR screening, enhancing the
efficiency and accessibility of screening programs. This would help reduce vision loss and
blindness in DR populations worldwide, especially in countries with limited DR screening
infrastructure. Additionally, it would benefit regions with constrained healthcare resources.
Furthermore, the review highlights opportunities for researchers to create more affordable yet
precise DR screening Kits, thus broadening the availability of affordable screening options for
DR.
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