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Diabetic retinopathy (DR) is a progressive and sight-threatening
complication of diabetes mellitus, characterized by damage to the blood
vessels in the retina. Early detection of DR is vital for timely intervention
and effective management to prevent irreversible vision loss. This paper
provides a comprehensive review of recent advancements in integrating
machine learning (ML) and deep learning (DL) techniques for diagnosing
DR, aiming to assist ophthalmologists in their manual diagnostic process.
The paper presents a comprehensive definition of DR, elucidating the
underlying pathological processes, clinical signs, and the various stages of
DR classification, ranging from mild non-proliferative to severe proliferative
DR. Integrating ML and DL in DR diagnosis has developed the field by
offering automated and efficient methods and techniques to analyze retinal
images. With high sensitivity and specificity, these techniques demonstrate
their efficacy in accurately identifying DR-related lesions, such as
microaneurysms, exudates, and hemorrhages. Furthermore, the paper
examines diverse datasets employed in training and evaluating ML and DL
models for DR diagnosis. These datasets range from publicly available
repositories to specialized datasets curated by medical institutions. The role
of large-scale and diverse datasets in enhancing model robustness and
generalizability is emphasized.
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1. INTRODUCTION

Diabetes mellitus is a systemic metabolic disorder recognized as the leading cause of acquired
blindness among adults aged 25 to 74 in Western countries, accounting for 12% of all cases of blindness [1].
Diabetes is characterized by the impaired processing of food as energy in the body, which lacks either the
ability to respond to insulin or to produce it [2]. Insulin is a pancreatic hormone that acts as a key to
promoting blood sugar entry into cells for energy use. However, in individuals with type 2 diabetes, cells do
not respond adequately to insulin, leading to a condition known as insulin resistance. To compensate,
the pancreas increases insulin production to elicit a cell response. Over time, it becomes overwhelmed,
resulting in elevated blood sugar levels [3]. Persistently high level of blood sugar poses significant
harm to the body, contributing to serious health complications such as heart disease, kidney disease, and
vision loss. High blood sugar can damage the small blood vessels throughout the body, especially when it
coexists with other systemic disorders (such as high blood pressure, obesity, and hyperglycemia) [4].
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The retina is one of the membranes affected by this disease [5]. This thin membrane lining the back of the
eye comprises visual cells traversed by many small blood vessels. It receives light impressions from the
outside and transmits them to the brain via the optic nerve [6]. The macula is located at the center of the
retina. It is the part of the retina that provides the most significant visual acuity, and it allows for greater
precision of vision, perception of colors, fixation of objects, reading, and recognition of faces or even
threading a needle [7].

2. DIABETIC RETINOPATHY

DR is a severe complication of diabetes, which encompasses all retina diseases caused by the
deterioration of the retinal blood vessels of the eye. Each year, two out of every 100,000 individuals in the
general population become blind due to DR [1]. Some symptoms of the disease appear after several years of
diabetes onset and can lead to blindness [8]. Among these symptoms are: deformation of shapes observed,
difficulty seeing in the dark, appearance of black spots in the field of vision, and appearance of shadows or
uncertain bodies in the field of vision [9].

2.1. The process of DR

DR is characterized by the progressive deterioration of retinal blood vessels due to the high level of
sugar in the blood [10], which weakens the walls of the capillaries (the capillaries are small blood vessels
located at the end of the arteries that irrigate parts of the body and organs). The rupture of these capillaries
causes a lack of oxygenation in extended areas of the retina. In response, the retina produces new, even more
fragile blood vessels (neovascularization), which spread to the macula, causing a decrease in visual acuity
[9]. The neovascularization invades the retina’s surface and can cause bleeding, leading to traction of the
retina and the risk of detachment, which can result in permanent vision loss [11].

2.2. The signs of DR

Identifying and classifying DR at an early stage is vital for preventing vision loss. A range of
features as shown in Figure 1 can be utilized to detect and classify DR [12], enabling timely diagnosis and
treatment. Some features of the disease and its classes are described below.

a) Microaneurysms (MAs):

These small, round bulges form in the retina’s tiny blood vessels (capillaries). They occur due to the
weakening of blood vessel walls caused by high blood sugar levels. Microaneurysms are typically observed
as small red dots. They are 1 to 3 pixels in diameter or 10 pm to 100 pwm [13].

b) Hemorrhages (HEs):

These are tiny spots of blood leakage from damaged blood vessels in the retina. They may appear as
small dots or blotches with irregular margin sizes of upwards of 125 um. Hemorrhages are categorized into
two types: flame and blot, with superficial and deep areas, respectively [14].

c) Exudates (EXS):

Yellowish deposits accumulate in the retina due to fluid leakage from damaged blood vessels. These
deposits can be observed as small, waxy spots and are commonly found around the macula. Exudates can
have soft boundaries and foggy structures, known as soft EXs, or rigid boundaries and brilliant structures,
known as hard Exs [15].

d) Cotton wool spots (CWSs):

These are white patches on the retina caused by blockages or infarctions in the nerve fiber layer.
Cotton wool spots indicate areas of reduced blood flow and oxygen deprivation. Compared to MAs and EXSs,
they exhibit irregular, hazy formations with soft borders [16].

e) Intraretinal microvascular abnormalities (IRMAS):

Abnormalities in the retinal blood vessels develop due to retinal ischemia (restricted blood flow).
IRMAs are seen as tangled and dilated blood vessels, suggesting a more advanced stage of DR [13].

f)  Neovascularization (NV):

This refers to forming new, fragile blood vessels on the retina’s surface. These abnormal blood
vessels are prone to leakage and can cause severe complications, such as vitreous hemorrhage or retinal
detachment [13].

By analyzing these features with clinical examination and imaging techniques, professionals can
classify and stage DR into different classes, ranging from mild NPDR to severe PDR. This classification aids
in determining the appropriate treatment approach, monitoring disease progression, and assessing the risk of
vision loss. Regular screening and accurate classification of DR help ensure timely interventions and
improved patient outcomes.
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2.3.

Figure 1. The DR features [17]

Classification of DR
The classification of DR is based on one hand on the severity of retinal ischemia, and on the other

hand on maculopathy. The simplified classification used in clinical practice is that of the American Academy
of Ophthalmology (AAO), in 2003, the society classified DR into four classes illustrated in the as shown in
Figure 2 [18]:
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Noncl-proliferative retinopathy (absence of neovascularization):

Mild non-proliferative diabetic retinopathy (Mild NPDR) is characterized by the presence of
microaneurysms, which are swellings in the small blood vessels of the retina, appearing in a round or
punctate (dot-like) form [19].

Moderate non-proliferative diabetic retinopathy (Moderate NPDR) is a mild NPDR accompanied by
retinal hemorrhage produced by dilating small retinal vessels, appearing in punctate, flame-shaped, or red
spot form. This stage is also characterized by the presence of exudates (diffusions of lipids in the retina)
and a Cotton wool spot (whitish lesions indicating the occlusion of pre-capillary arterioles) [19].

Severe non-proliferative diabetic retinopathy (Severe NPDR) is a moderate NPDR accompanied by
extensive peripheral retinal ischemia produced by the lack of oxygenation through the blood vessels.
At this stage, the risk for the development of neovascularization can be higher in intra-retinal
microvascular abnormalities [20].

Proliferative retinopathy (PDR): this stage is characterized by the development of neovascularization.
The eye attempts to generate new vessels to maintain normal oxygenation and nourishment of the
retina, but unfortunately, these new vessels are very fragile and can bleed profusely into the surface of
the retina, causing an intravitreal hemorrhage (inside the vitreous) and leading to retinal detachment.
This ultimately results in decreased vision and permanent loss [21].
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Figure 2. DR classification [22]
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DR develops silently and can remain silent throughout its progression. Its signs appear late, starting
with a gradual decline in vision and ending in blindness. That is why ophthalmologists recommend early
diagnosis of the disease (after the onset of the first signs).

2.4. Diagnosis of DR

The diagnosis of DR aims to detect earlier the signs of retinal damage, such as microaneurysms,
hemorrhages, exudates, or neovascularization, allowing for timely intervention and management of the
condition. To establish the diagnosis of DR, the most common exams adopted by ophthalmologists are:

2.4.1. Fundus examination

After dilating the pupils using instilled mydriatic eye drops, the specialist uses a slit lamp (a type of
microscope) to take photos of the retina as shown in Figure 3 to monitor changes affected by diabetes, such
as the presence of abnormal blood vessels, edema, hemorrhages, or fatty deposits in the retina, appearance of
neovascularization, vitreous hemorrhages, and retinal detachment [23].

Figure 3. Fundus image of a normal retina [24]

2.4.2. Fluorescein angiography

It is a supplementary examination and is no longer routinely performed; the doctor carries it out
when deemed necessary to accurately determine the severity of DR. This examination involves the
intravenous injection of a dye (fluorescein) to observe any leaks or occlusions in the retinal blood vessels as
well as the extent of retinal ischemia as shown in Figure 4 [23].

Figure 4. Fluorescein image of a normal retina [25]

2.4.3. Optical coherence tomography (OCT)

It is a type of laser scanner that allows for the precise measurement of the central retina’s thickness to detect
macular edema. Figure 5 shows a normal retina thickness scanned by the OCT technique [26], [27]. Other
diagnostics are also available: retinal thickness analyzer (RTA) [28], scanning laser ophthalmoscopy (SLO),
adaptive optics, OCT Angiography [29], Doppler OCT [30], and many others.
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Figure 5. OCT image of a normal retina [27]

3. DIAGNOSIS OF DR USING ML AND DL

All the methods mentioned earlier are manual, tedious, time-consuming, and prone to errors. They
require a working group, which may not always be feasible. Therefore, the proposal of a system based on
artificial intelligence techniques that can detect and analyze early signs of DR using a large dataset is crucial
for early detection of the disease, improving the lives of diabetic patients, and preserving their vision [31].

Numerous publications have been conducted on DR using different approaches and technologies in
this context. There is variation in the sensitivity and specificity percentages depending on the proposed models,
including image processing methods and the dataset used. The following section will present various works
based on Al techniques (ML and DL), the treated signs of DR, the datasets used, and the obtained results.

3.1. Works in ML techniques

The Table 1 provides a comprehensive overview of various research achieved in the field of early
DR detection using ML techniques. It lists the references to the original research works, the ML technique
employed in each study, year of publication, features extracted from the retinal images, dataset used for
training and testing the models and finally the performance values of each method, allowing for a
quantitative comparison of their effectiveness.

Table 1. Literature review on ML-based models for early detection of DR

Ref. ML method Year  Extracted features Dataset Performance values
[32] SVM 2020 EXs. Kaggle DR detection Specificity (SPE): 98%,
Sensitivity (SEN): 94%
[33] K-means, fuzzy C-means 2022 Blood vessels, DIARETDBO01 Not referenced
EXs, MAs.
[34] Probabilistic, geometric, 2017 EXs. DIARETDBO1, E- Area under the curve (AUC):
KNN, tree-based methods Ophtha, DRIVE, HRIS, 0.98, Accuracy (ACC) >
VDIS, MESSIDOR, 98.58%
HRF, local datset.
[35] Novel decision tree (DT), 2022 Not Ref. Kaggle DR detection SVM: ACC: 85.2%,
SVM novel DT: ACC: 92.8%
[36] SVM, K-NN, Naive Bayes 2020 Image texture Messidor SEN: 97.2%, SPE: 78.6%,
(NB) ACC: 92.0%
[37] SVM, KNN, DT, RF and 2020  LBPand Wavelet DIARETDBO01 LBP: KNN: 94% ACC - 0.98
ANN T. based on EXs. AUC - 0.95 F1, Wavelet:
ANN: 100% ACC - 1.0 AUC
-10F1
[38] Fuzzy C-means, ELM, NB, 2015 EXs. DIARETDBO, ELM: SPE: 87%, ACC: 90%,
multilayer perceptron (MLP) DIARETDBO01 SEN: 100%
[39] KNN, DT 2015 EXs. Blood Not referenced Not Referenced
vessel.
[40] Ensemble: Alte- DT, KNN, 2014  EXs. HEM. MAs. Messidor SEN: 90%, SPE: 91%,
AdaBoost, MLP, NB, RF, ACC: 90%, AUC: 0.989
SVM, pattern classifier
[41] SVM 2015 New vessels. Messidor, local dataset SEN: 91.83%, SPE: 96.00%
[42] K-NN, SVM linear, SVM 2021 EXs. Local dataset KNN: AUC: 1, ACC: 0.83,
Polynomial, and DT DT: AUC: 0.88, ACC: 0.67
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3.2. Works in DL techniques

The Table 2 provides an overview of various works achieved in the field of early detection of DR
using the techniques of DL. The table has the same structure as the previous one. Briefly, the work using ML
and DL has shown promising results in aiding the diagnosis and detection of DR more quickly and
accurately. The work conducted with ML focuses on extracting relevant features from retinal images and
then using supervised learning algorithms to train a classification model. The results obtained with this
approach have been encouraging, but determining which features are most important for classification is
often challenging. The work carried out with DL involves using deep neural networks to learn relevant
features from the images automatically. This approach has demonstrated even better results for detecting DR,
as it can learn more complex and non-linear features that are often difficult to extract manually.

Table 2. Literature review on DL-based models for early detection of DR

Ref. DL method Year Extracted features Dataset Performance values
[43] Hybride: EyeNet, 2022 DR stages APTOS 2019, ACC: 91.2%, SEN: 96%, SPE: 69%,
DenseNet Messidor, dice similarity coefficient (DSC):
EyePACS, 92.45%, Quadratic Kappa score (QKS):
IDRID. 0.883.
[44] CNN 2020 DR stages APTOS 2019. ACC: 88%-89%, SEN: 87%-89%,
SPE: 94%-95%, QWKS: 0.91-0.92.

[45] Fully CNN 2018 MA:s. E-Ophtha, SEN: 0.392 + 0.157 at 8 false positives
DiaretDB1, per image (FPI) on the DIARETDBL.
and ROC. SEN: 0.562 + 0.233 at 8 FPI on the

E-ophtha.

SEN: 0.485 + 0.109 at 20 FPI in the
ROC training dataset.

[46] Deep CNN (AlexNet, 2018 DR stages Kaggle DR ACC: VggNet-s: 95.68%,
VggNet, GoogleNet and detection AUC: VggNet-s: 97.86%,
ResNet) SEN: VggNet-16: 90.78%,
SPE: VggNet-s: 97.43%
[47] ResNet 2022 MAs, EXs, CWS, Local datset AUC 95.5%, SEN 88.8%, SPE 83.9%.
HEM.
[48] CNN, VGG16 2020 DR stages. APTOS 2019 ACC: 91.32%
[49] CNN: VggNet 2020 MAs, blood vessel EyePACS ACC: 95.41%, precision (PRE):
96.03%, recall (REC): 94.30%, SPE:
97.0%,
F1-score: 98.50%
[50] Ensemble of 5 models 2019 DR stages Kaggle DR ACC: 80.8%, REC: 51.5%, SPE:
deep CNN: Resnet50, detection 86.7%, PRE: 63.8%, F1-score: 53.7%

Inceptionv3, Xception,
Densel21, Densel69

[51] Ensemble: NTS-Net, 2020 MAs, HEM. EyePACS, EyePACS: AUC: 96.31%, ACC:
SBSLayer, ResNet-50, Messidor 83.42%, SEN: 83%, SPE: 73%.
DensNet-201, NASNet Messidor: AUC: 92.99%, ACC:

76.25%, SEN: 76%, SPE: 91%.

[52] CNN 2018 Exsudats, optic disk DiaretDBO, DiaretDB0: SEN: 100%, SPE: 90.14%,

DiaretDB1, TCC: 94.82%
DrimDB DiaretDB: SEN: 99.2%, SPE: 89.24%,

TCC: 93.96%
DrimDB: SEN: 100%, SPE: 90.86%,
TCC: 95.24%

Briefly, the work using ML and DL has shown promising results in aiding the diagnosis and
detection of DR more quickly and accurately. The work conducted with machine learning focuses on
extracting relevant features from retinal images and then using supervised learning algorithms to train a
classification model. The results obtained with this approach have been encouraging, but determining which
features are most important for classification is often challenging. The work carried out with deep learning
involves using deep neural networks to learn relevant features from the images automatically. This approach
has demonstrated even better results for detecting DR, as it can learn more complex and non-linear features
that are often difficult to extract manually.

Based on the proposed works registered in the field of DR and published in PubMed, one of the
most significant resources worldwide for accessing scientific articles, medical journals, publication abstracts,
and other documents in the fields of life sciences, medicine, health, and biology. Figure 6 below shows the
number resulting from searching works published in recent years in the same field.
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Figure 6. Works published in PubMed: DR using DL and ML

RETINA DATASETS
Several retina datasets have been employed to train, validate, and compare algorithms for detecting
lesions and their classification. These datasets encompass publicly available and smaller datasets utilized

in specific studies and private datasets developed by hospitals and clinics.

Among the various databases established in the broader field of ocular diseases, the most

extensively used ones, particularly in DR, are listed below. A more detailed summary of these datasets is
provided in Table 3. Figure 7 shows a histogram representing the size of different datasets.

a)
b)
c)
d)

€)

9)
h)

)
k)

ImageRet: comprising two datasets, DiaretDBO [53] created in 2006, and DiaretDB1 [54] created in
2009, annotated with DR lesions aiding classification.

FIRE (fundus image registration) [55]: created in 2017 to evaluate image registration algorithms in
retinal imaging.

Kaggle DR detection [56]: a dataset containing over 10,000 fundus images, sourced from EyePACS
(eye picture archiving and communication system). It is used for DR classification.

APTOS 2019 (Asia Pacific Tele-Ophthalmology Society) [57]: refers to the purpose of the
Kaggle blindness detection competition. It is a dataset for DR classification, including 5,590 retinal
images.

Messidor [58]: a dataset designed to assist in the early detection and segmentation of retinal lesions,
with 1,200 high-quality images.

E-Ophtha [59]: proper for DR screening. It is divided into subsets based on lesion presence (exudates
and microaneurysms):

— E-Ophtha-EX: containing 82 fundus images, with 47 images having exudates. This subset of data is
useful primarily for assisting researchers in the segmentation of exudates.

— E-Ophtha-MA: comprising 381 retinal images, with 148 images specifically having microaneurysms
and small hemorrhages. This subset is valuable for any research focused on the segmentation of
microaneurysms.

Indian diabetic retinopathy image dataset (IDRiD) [60]: consists of 516 fundus images used for DR and
macular edema classification.

Digital retinal images for vessel extraction (DRIVE) [61]: includes 40 retinal fundus images primarily

for vessel segmentation studies.

Structured analysis of the retina (STARE) [62]: contains 400 images focusing on segmentation of

various eye conditions.

High-resolution fundus imaging dataset (HRF) [63], [64]: consists of 45 images annotated for lesion

distribution.

Retinopathy online challenge (ROC) [64]: a dataset of 100 retinal images for microaneurysm

detection.
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illustrating the size distribution of the datasets.

These datasets play a vital role in training and evaluating DR detection and classification
algorithms. Detailed summaries of these datasets are provided in Table 3, while Figure 7 depicts a histogram

Table 3. Details of dataset used in DR field

N° Dataset Origine Nbr Acquisition Tasks
Year  Country images Camera FOV (°) Resolution Motivation Labels
[53] ImageRet 2006  Finland 130 Digital fundus 50 1500x1152  Lesions detection 0-1
[54] DiaretbBO 2009 89 camera
DiaretbB1
[55] FIRE 2017  Greece 134 Nidek AFC 210 35 2912x2912  Detection of light -
fundus caméra and dark lesions
[56] EyePACS 2015 USA +10.000 Centervue DRS, 45 2048x1536 Classification of 0-4
Optovue iCam, DR
[65] Kaggle 2019 USA 5590 Canon 45 Réduite to Classification of 0-4
blindness CR1/DGI/CR2, 224x224 DR
detection and Topcon NW
competitio
n (APTOS)
[58] Messidor 2014  France 1200 3CCD camera 45 1440x960, Detection of 0-3
mounted on 2240x1488, lesions
Topcon TRC and
NW®6 non- 2304x1536
Mydriatic
rethinograph
[59] E-Ophtha- 2014  France 381 OPHDIAT 45 1440x960, Detection of 0-1
MA 2544x1696 MAs
E-Ophtha- 82 and Detection of
EXs 2048x1360 exsudats
[60] IDRID 2018 India 516 Kowa VX-10a 50 4288x2848  Classification of  DR: 0-4
digital fundus DR/DME DME: 0-1
camera
[61] DRIVE 2004  Nether- 40 Canon CR5 non- 45 768x584 Segmentation of 0-1
lands Mydriatic 3CCD blood vessels
camera
[62] STARE - USA 400 Topcon TRV-50 35 605x700 Detection of EXs 0-1
fundus camera et HEM.
[63] HRF 2013 - 45 Canon CR-1 45 3504x2336 Segmentation of 0-1
blood vessels
[64] ROC 2010 USA 100 Canon CR5-45- 45 768x576, Detection of 0-1
NM camera 1058x1061, MAs
1389x1383
[66] DRiDB 2013  Croatia 50 Zeiss VISUCAM 45 720x576 Detection of 0-1
200 camera lesions
[67] HEI-MED 2012 USA 169 Zeiss Visucam 45 2196x1958  Detection of EXs 0-1
PRO fundus
camera
[68] REVIEW 2008 UK 16 Canon EOS D30 50-  3584x2438,  Segmentation of 0-1
60 1360x1024, blood vessels
2160x1440
[69] RODREP - - 1120 Topcon TRC- 45 2000x1312 Classification of 0-4
NW65 non- DR
Mydriatic
[70] DRION- 2014  France 110 HP-PhotoSmart- 45 600x400 Detection of OD, 0-1
DB S20 high- Segmentation of

resolution scanner

blood vessels

The primary goal of incorporating diverse datasets in DR research is to enhance the accuracy,
robustness, and generalizability of models and algorithms developed for detecting, diagnosing, and managing

the disease. These datasets include various retinal images with variations based on:

Patient population, that DR detection models
new patients.

The equipment used to capture the images, encompassing factors like resolution, image quality, and
field of view, ensures that the models can adapt to different imaging setups.

The stage of DR, as the datasets encompass a range of disease severities, aids in the detection at

different stages.

ensuring can effectively generalize to
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—  Additionally, these retinal images may exhibit diverse DR lesions, such as microaneurysms, exudates,
hemorrhages, and neovascularization. This diversity facilitates models’ ability to detect various
lesion types effectively. Moreover, the images are accompanied by precise annotations, which are
crucial for training and evaluating DR detection models and ensuring the models are honed with
accuracy.
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Figure 7. Number of images in each dataset (size of dataset)

5. CONCLUSION

In conclusion, DR is a severe complication of diabetes, and its early and accurate diagnosis is
crucial to prevent irreversible eye damage. This article provided a comprehensive overview of DR, including
its definition, signs, and classification. Recognizing the potential of ML and DL in medical image analysis,
this review explored their integration in DR diagnosis to replace manual assessment.

Numerous works in the field were analyzed, showcasing various proposed ML and DL models and
their performance values. These models demonstrated promising results in automating DR detection,
highlighting the potential to enhance the efficiency and accessibility of healthcare services. Researchers
leveraged large and diverse datasets to train these models, ensuring robustness and generalization. Despite
progress, some challenges remain, such as more extensive and standardized datasets, addressing model
interpretability, and ensuring seamless integration into clinical practice. Further research is warranted to
refine existing approaches and develop novel techniques to advance the field of DR diagnosis.

In summary, integrating ML and DL techniques in DR diagnosis represents a significant step
towards revolutionizing the field of ophthalmology, empowering healthcare professionals with efficient tools
for early and accurate detection, ultimately improving patient outcomes and reducing the burden of this sight-
threatening condition.

ACKNOWLEDGMENTS

We extend our sincere gratitude to the Algerian General Directorate of Research (DGRSTD) and the
Laboratory of Mathematics, Informatics, and Systems (LAMIS) at Echahid Cheikh Larbi Tebessi University
of Tébessa for their invaluable support in providing resources and facilitating this research. We also wish to
express our heartfelt thanks to our families for their unwavering support and encouragement throughout this
work.

Int J Inf & Commun Technol, Vol. 14, No. 2, August 2025: 516-528



Int J Inf & Commun Technol ISSN: 2252-8776 O 525

FUNDING INFORMATION

This research did not receive any financial support from public, commercial, or non-profit funding

agencies.

AUTHOR CONTRIBUTIONS STATEMENT

Name of Author C M So Va Fo | R D O E Vi Su P Fu
Chaouki Makhlouf v v v v v v v v vV vV v v v
Mohamed Ridda Laouar v v v v v v v v v v
Abbas Cheddad v v v v v v v v
Bourougaa Salima v v v v v v v
Sean Eom v v v v v v v v

C : Conceptualization I : Investigation Vi : Visualization

M : Methodology R : Resources Su : Supervision

So : Software D : Data Curation P : Project administration
Va: Validation O : Writing - Original Draft Fu : Funding acquisition
Fo : Formal analysis E : Writing - Review & Editing

CONFLICT OF INTEREST STATEMENT

Authors state no conflict of interest.

DATA AVAILABILITY

This study is a survey and does not generate new experimental data. The datasets reviewed and

discussed in this paper are publicly available and referenced in the REFERENCES section. Detailed
descriptions, including the sources, characteristics, and purposes of these datasets, are provided in Table [3]
of the manuscript. Readers interested in accessing these datasets should refer to the original sources cited in
the references.

REFERENCES

[1] K. Marazova and J.-F. Girmens, “Diabetic retinopathy,” Accessed: Oct. 03, 2024. [Online]. Available: https://www.15-
20.fr/offre-de-soins/maladies-de-loeil/retinopathie-diabetique/

[2] C. X. Cai, “Diabetes and your eyes: what you need to know,” Accessed: Oct. 03, 2024. [Online]. Available:
https://www.hopkinsmedicine.org/health/conditions-and-diseases/diabetes-and-your-eyes-what-you-need-to-know

[3] N. Johnkennedy, N. J. Chidozie, M. Akram, N. Eberechi, and A. C. Gladys, “insulin resistance from a perspective: a review,”
Journal of Biology and Nature, pp. 33-36, Dec. 2022, doi: 10.56557/joban/2022/v14i28039.

[4] D. K. Aristarkus, “The long—term complications of hyperglycemia in both typel and type 2 diabetic patients,” MOJ Proteom
Bioinform, vol. 7, no. 5, Sep. 2018, doi: 10.15406/mojpb.2018.07.00244.

[5(] D. L Aldosari, A. Malik, A. S. Alhomida, and M. S. Ola, “Implications of diabetes-induced altered metabolites on retinal
neurodegeneration,” Frontiers Media S. A., Jul. 13, 2022, doi: 10.3389/fnins.2022.938029.

[6] M. Yanoff and J. S. Duker, Ophthalmology (6th Edition). Mosby Elsevier, 2023. Accessed: Nov. 30, 2024. [Online]. Available:
https://iwww.clinicalkey.com

[71 D. M. Goodman, S. Parmet, and C. Lynm, “Age-related macular degeneration,” JAMA (Journal of the American Medical
Association), vol. 308, no. 16, p. 1702, Oct. 2012, Accessed: Nov. 02, 2024. [Online]. Available: https://jamanetwork.com/

[8] Anuja S B and F. R. Dhanaseelaan, “Early detection of diabetic retinopathy using various techniques: a review,” International
Journal of Engineering Technology and Management Sciences, vol. 7, no. 1, pp. 382-389, 2023, doi:
10.46647/ijetms.2023.v07i01.056.

[91 K. P.S. Kumar, D. Bhowmik, G. Harish, S. Duraivel, and B. P. Kumar, “Diabetic retinopathy-symptoms, causes, risk factors and
treatment,” Pharma Innov, vol. 1, no. 8, pp. 7-13, 2012, [Online]. Available: www.thepharmajournal.com

[10] P. Ansari et al., “Diabetic retinopathy: an overview on mechanisms, pathophysiology and pharmacotherapy,” Diabetology, vol. 3,
no. 1, pp. 159-175, Mar. 2022, doi: 10.3390/diabetology3010011.

[11] V.Kour,J. Swain, J. Singh, H. Singh, and H. Kour, “A review on diabetic retinopathy,” Current Diabetes Reviews, vol. 20, no. 6,
pp. 74-88, 2024, doi: 10.2174/0115733998253672231011161400.

[12] W. L. Alyoubi, W. M. Shalash, and M. F. Abulkhair, “Diabetic retinopathy detection through deep learning techniques: a review,”
Informatics in Medicine Unlocked, vol. 20, p. 100377, Jun. 2020, doi: 10.1016/j.imu.2020.100377.

[13] D. Das, S. K. Biswas, and S. Bandyopadhyay, “A critical review on diagnosis of diabetic retinopathy using machine learning and deep
learning,” Multimedia Tools and Applications, vol. 81, no. 18, pp. 25613-25655, Jul. 2022, doi: 10.1007/s11042-022-12642-4.

[14] M. Z. Atwany, A. H. Sahyoun, and M. Yaqub, “Deep learning techniques for diabetic retinopathy classification: a survey,”
IEEE Access, vol. 10, pp. 2864228655, Aug. 2022, doi: 10.1109/ACCESS.2022.3157632.

[15] M. L. Jadhav, S.J. Honade, A. L. Wanare, and V. M. Sardar, “Automatic exudate detection from retinal fundus images in diabetic

retinopathy,” Library Progress International|, vol. 44, no. 3, pp. 2662-2671, Jul. 2024, [Online]. Available:
www.bpasjournals.com

Prediction and classification of diabetic retinopathy using machine learning ... (Makhlouf Chaouki)



526

m} ISSN: 2252-8776

[16]
[17]

[18]

[19]

[20]

[21]
[22]
[23]
[24]
[25]
[26]

[27]

[28]
[29]
[30]

[31]

[32]
[33]

[34]

[35]

[36]

371

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

A. Gupta, R. Bansal, A. Sharma, and A. Kapil, “Retinal cotton wool spots,” in Ophthalmic Signs in Practice of Medicine,
Springer, Singapore, 2023, pp. 41-58.

S. Goel et al., “Deep learning approach for stages of severity classification in diabetic retinopathy using color fundus retinal
images,” Mathematical Problems in Engineering, vol. 2021, 2021, doi: 10.1155/2021/7627566.

A. Lecleire-Collet, A. Erginay, K. Angioi-Duprez, N. Deb-Joardar, P. Gain, and P. Massin, “A new grading system from color
fundus photographs for screening for diabetic retinopathy,” Journal Frangais d ‘Ophtalmologie, vol. 30, no. 7, pp. 674-687, 2007,
doi: 10.1016/S0181-5512(07)91355-8.

M. D. D. Murray and K. Viswanath, “Diabetic retinopathy: clinical finding and management,” Community Eye Health, vol. 16,
no. 46, pp. 21-24, 2003.

X. Wang, Y. Lu, Y. Wang, and W. B. Chen, “Diabetic retinopathy stage classification using convolutional neural networks,”
in Proceedings - 2018 IEEE 19th International Conference on Information Reuse and Integration for Data Science, IRl 2018,
pp. 465-471, doi: 10.1109/1R1.2018.00074.

C. G. Besirli and M. W. Johnson, “Proliferative diabetic retinopathy,” Mayo Clinic Proceedings, vol. 84, no. 12, p. 1054, 2009,
doi: 10.4065/mcp.2009.0131.

A. O. Asia et al., “Detection of diabetic retinopathy in retinal fundus images using CNN classification models,” Electronics
(Switzerland), vol. 11, no. 17, Sep. 2022, doi: 10.3390/electronics11172740.

Blacke A. Cooper, “Ten key elements of a diabetes-related eye examination,” Compendia, no. 3, pp. 4-7, Jul. 2022,
doi: 10.2337/db20223-4.

A. Shabbir et al., “Detection of glaucoma using retinal fundus images: A comprehensive review,” 2021, American Institute of
Mathematical Sciences. doi: 10.3934/MBE.2021106.

A. Kawali, F. Pichi, K. Avadhani, A. Invernizzi, Y. Hashimoto, and P. Mahendradas, “Multimodal imaging of the normal eye,”
Sep. 03, 2017, Taylor and Francis Ltd. doi: 10.1080/09273948.2017.1375531.

Z. Yang, T. E. Tan, Y. Shao, T. Y. Wong, and X. Li, “Classification of diabetic retinopathy: Past, present and future,”
Front Endocrinol (Lausanne), vol. 13, Dec. 2022, doi: 10.3389/fend0.2022.1079217.

H. S. Sandhu, A. Eltanboly, A. Shalaby, R. S. Keynton, S. Schaal, and A. El-Baz, “Automated diagnosis and grading of diabetic
retinopathy using optical coherence tomography,” Investigative Ophthalmology and Visual Science, vol. 59, no. 7, pp. 3155-3160,
Jun. 2018, doi: 10.1167/iovs.17-23677.

C.-M. Chan et al., “Posterior pole retinal thikness measurements by the retinal thikness analyzer in healthy chinese subjects,”
RETINA, vol. 26, pp. 176-181, Feb. 2006, doi: 10.1097/00006982-200602000-00009.

S. Horie and K. Ohno-Matsui, “Progress of imaging in diabetic retinopathy—from the past to the present,” Multidisciplinary
Digital Publishing Institute (MDPI), Jul. 01, 2022, doi: 10.3390/diagnostics12071684.

R. A. Leitgeb, R. M. Werkmeister, C. Blatter, and L. Schmetterer, “Doppler optical coherence tomography,” Progress in Retinal
and Eye Research, vol. 41, pp. 26-43, 2014, doi: 10.1016/j.preteyeres.2014.03.004.

S. Samet, M. R. Laouar, and I. Bendib, “Use of machine learning techniques to predict diabetes at an early stage,” in 5th
International Conference on Networking and Advanced Systems, ICNAS 2021, Institute of Electrical and Electronics Engineers
Inc., 2021, doi: 10.1109/ICNAS53565.2021.9628903.

M. K. Behera, “Diabetic retinopathy image classification using support vector machine,” in 2020 International Conference on
Computer Science, Engineering and Applications (ICCSEA), India: IEEE, Mar. 2020, doi: 10.1109/ICCSEA49143.2020.9132875.

V. Shelke, V. M. Shah, H. Ratnani, and R. Despande, “Diabetic retinopathy detection using SVM,” International Journal for
Research in Applied Science and Engineering Technology, vol. 10, no. 4, pp. 868-875, Apr. 2022, doi: 10.22214/ijraset.2022.41275.
J. Amin, M. Sharif, M. Yasmin, H. Ali, and S. L. Fernandes, “A method for the detection and classification of diabetic retinopathy
using structural predictors of bright lesions,” Journal of Computational Science, vol. 19, pp. 153-164, Mar. 2017,
doi: 10.1016/j.jocs.2017.01.002.

S. Jyotheeswar and K. V. Kanimozhi, “Prediction of diabetic retinopathy using novel decision tree method in comparison with
support vector machine model to improve accuracy,” in International Conference on Sustainable Computing and Data
Communication Systems, ICSCDS 2022 - Proceedings, Erode, India: I|EEE, Apr. 2022, pp. 44-47, doi:
10.1109/ICSCDS53736.2022.9760842.

S. M. Hasan, A. Sayeed, and J. Ahsan-Uz-Zaman, “Diabetic retinopathy detection using texture features and ensemble learning,”
in 2020 IEEE Region 10 Symposium (TENSYMP), IEEE, Jun. 2020, pp. 178-181, doi: 10.1109/TENSYMP50017.2020.9230990.
S. S. Prem and A. C. Umesh, “Classification of exudates for diabetic retinopathy prediction using machine learning,” in 2020
IEEE 5th International Conference on Computing Communication and Automation, ICCCA 2020, Institute of Electrical and
Electronics Engineers Inc., Oct. 2020, pp. 357362, doi: 10.1109/ICCCA49541.2020.9250858.

P. R. Asha and S. Karpagavalli, “Diabetic retinal exudates detection using machine learning techniques,” in 2015 International
Conference on Advanced Computing and Communication Systems (ICACCS), Coimbatore, India: IEEE, Jan. 2015,
doi: 10.1109/ICACCS.2015.7324057.

S. A. Ketki, A. D. Kshitija, M. N. Madhura, N. S. Nayan, and J. Sandeep, “Automatic detection of diabetic retinopathy using
image processing and data mining techniques,” in 2015 International Conference on Green Computing and Internet of Things
(ICGCIoT), Greater Noida, India: IEEE, Oct. 2015, pp. 517-521, doi: 10.1109/ICGCloT.2015.7380519.

B. Antal and A. Hajdu, “An ensemble-based system for automatic screening of diabetic retinopathy,” Knowledge-Based Systems,
vol. 60, pp. 20-27, 2014, doi: 10.1016/j.knosys.2013.12.023.

R. A. Welikala et al., “Genetic algorithm based feature selection combined with dual classification for the automated detection of
proliferative diabetic retinopathy,” Computerized Medical Imaging and Graphics, vol. 43, pp. 64-77, Jul. 2015,
doi: 10.1016/j.compmedimag.2015.03.003.

R. Priyanka and J. Aravinth, “Comparative analysis of different machine learning classifiers for prediction of diabetic
retinopathy,” in 2021 6th International Conference on Recent Trends on Electronics, Information, Communication and
Technology, RTEICT 2021, Institute of Electrical and Electronics Engineers Inc., Aug. 2021, pp. 233-239,
doi: 10.1109/RTEICT52294.2021.9573525.

E. A. Maksoud, S. Barakat, and M. Elmogy, “A computer-aided diagnosis system for detecting various diabetic retinopathy
grades based on a hybrid deep learning technique,” Medical and Biological Engineering and Computing, vol. 60, no. 7,
pp. 2015-2038, Jul. 2022, doi: 10.1007/s11517-022-02564-6.

M. Shaban et al., “A convolutional neural network for the screening and staging of diabetic retinopathy,” PLoS One, vol. 15, no. 6
June, Jun. 2020, doi: 10.1371/journal.pone.0233514.

P. Chudzik, S. Majumdar, F. Caliv4, B. Al-Diri, and A. Hunter, “Microaneurysm detection using fully convolutional neural
networks,” Comput Methods Programs Biomed, vol. 158, pp. 185-192, May 2018, doi: 10.1016/j.cmpb.2018.02.016.

Int J Inf & Commun Technol, Vol. 14, No. 2, August 2025: 516-528



Int J Inf & Commun Technol ISSN: 2252-8776 O 527

[46]

[47]

[48]

[49]
[50]

[51]

[52]
[53]
[54]
[55]
[56]

[57]

[58]
[59]
[60]
[61]
[62]

[63]

[64]
[65]

[66]

[67]
[68]

[69]

[70]

S. Wan, Y. Liang, and Y. Zhang, “Deep convolutional neural networks for diabetic retinopathy detection by image classification,”
Computers and Electrical Engineering, vol. 72, pp. 274-282, Nov. 2018, doi: 10.1016/j.compeleceng.2018.07.042.

V. Srinadh, B. Maram, and V. Gampala, “Prediction of retinopathy in diabetic affected persons using deep learning algorithms,”
in 2022 6th International Conference on Trends in Electronics and Informatics, ICOEI 2022 - Proceedings, Institute of Electrical
and Electronics Engineers Inc., 2022, pp. 1285-1291, doi: 10.1109/ICOEI53556.2022.9777193.

M. R. Islam, M. A. M. Hasan, and A. Sayeed, “Transfer learning based diabetic retinopathy detection with a novel preprocessed
layer,” in 2020 IEEE Region 10 Symposium, TENSYMP 2020, Institute of Electrical and Electronics Engineers Inc., Jun. 2020,
pp. 888-891, doi: 10.1109/TENSYMP50017.2020.9230648.

R. A. Habib, A. Mamun, and F. Farukuzzaman, “CNN based diabetic retinopathy status prediction using fundus images,” in 2020
IEEE Region 10 Symposium (TENSYMP), Dhaka, Bangladesh: IEEE, Jun. 2020, pp. 190-193.

S. Qummar et al., “A deep learning ensemble approach for diabetic retinopathy detection,” IEEE Access, vol. 7,
pp. 150530-150539, Oct. 2019, doi: 10.1109/ACCESS.2019.2947484.

M. N. Bajwa, Y. Taniguchi, M. . Malik, W. Neumeier, A. Dengel, and S. Ahmed, “Combining fine- and coarse-grained
classifiers for diabetic retinopathy detection,” in Communications in Computer and Information Science, Springer, 2020,
pp. 242-253, doi: 10.1007/978-3-030-39343-4_21.

K. Adem, “Exudate detection for diabetic retinopathy with circular hough transformation and convolutional neural networks,”
Expert Systems with Applications, vol. 114, pp. 289-295, Dec. 2018, doi: 10.1016/j.eswa.2018.07.053.

T. Kauppi et al., “DIARETDBO: evaluation database and methodology for diabetic retinopathy algorithms,” in Proceedings of the
International Conference on Machine Vision and Pattern Recognition Research Group, Finland, 2006, pp. 1-17.

T. Kauppi et al., “The DIARETDBI diabetic retinopathy database and evaluation protocol,” in Proceedings of the British
Machine Vision Conference, UK, Sep. 2007, pp. 1-10.

C. Hernandez-Matas, X. Zabulis, A. Triantafyllou, P. Anyfanti, S. Douma, and A. A. Argyros, “FIRE: fundus image registration
dataset,” Journal Model Ophthalmol, vol. 4, pp. 16-28, 2017.

J. Cuadros and G. Bresnick, “EyePACS: an adaptable telemedicine system for diabetic retinopathy screening,”
Journal of Diabetes Science and Technology, no. 3, pp. 509-516, May 2009, [Online]. Available: www.journalofdst.org

M. Chaouki, M. R. Laouar, and B. Salima, “Using artificial intelligence for screening and grading Diabetic Retinopathy disease:
an Overview,” in I2COMSAPP, International Conference on Artificial Intelligence and its Practical Applications in the Age of
Digital Transformation, Springer Cham, 2024.

E. Decenciére et al., “Feedback on a publicly distributed image database: the messidor database,” Image Analysis and Stereology,
vol. 33, no. 3, pp. 231-234, 2014, doi: 10.5566/ias.1155.

E. Decenciere et al., “TeleOphta: machine learning and image processing methods for teleophthalmology,” IRBM, vol. 34, no. 2,
pp. 196-203, Apr. 2013, doi: 10.1016/j.irbom.2013.01.010.

P. Porwal et al., “Indian diabetic retinopathy image dataset (IDRiD): a database for diabetic retinopathy screening research,”
Data descriptor, vol. 3, no. 3, p. 25, Jul. 2018, doi: 10.21227/H25W98.

Grand Challange, “DRIVE: digital retinal images for vessel extraction,” Accessed: Oct. 15, 2024. [Online]. Available:
https://drive.grand-challenge.org/

A. Hoover, V. Kouznetsova, and M. Goldbaum, “Locating blood vessels in retinal images by piecewise threshold probing of a
matched filter response,” IEEE Transactions on Medical Imaging, vol. 19, no. 3, pp. 203-210, Mar. 2000.

Q. Wu and A. Cheddad, “Segmentation-based deep learning fundus image analysis,” in 2019 9th International Conference on
Image Processing Theory, Tools and Applications, IPTA 2019, Institute of Electrical and Electronics Engineers Inc., Nov. 2019,
doi: 10.1109/IPTA.2019.8936078.

M. Niemeijer et al., “Retinopathy online challenge: automatic detection of microaneurysms in digital color fundus photographs,”
IEEE Transactions on Medical Imaging, vol. 29, no. 1, pp. 185-195, Jan. 2010, doi: 10.1109/TM1.2009.2033909.

“APTOS 2019  blindness  detection | Kaggle,”  Accessed: Mar. 15, 2024. [Online].  Available:
https://www.kaggle.com/c/aptos2019-blindness-detection

P. Prentasi et al., “Diabetic retinopathy image database (DRiDB): a new database for diabetic retinopathy screening programs
research,” in the 8th International Symposium on Image and Signal Processing and Analysis (ISPA), Trieste, Italy, Sep. 2013,
pp. 711-716.

L. Giancardo et al., “Exudate-based diabetic macular edema detection in fundus images using publicly available datasets,”
Medical Image Analysis, vol. 16, no. 1, pp. 216-226, Jan. 2012, doi: 10.1016/j.media.2011.07.004.

B. Al-Diri, A. Hunter, D. Steel, M. Habib, T. Hudaib, and S. Berry, “REVIEW - A reference data set for retinal vessel profiles,”
in 30th Annual International IEEE EMBS Conference, Vancouver, Canada: IEEE, Aug. 2008, pp. 2262-2265.

K. M. Adal, P. G. V. Etten, J. P. Martinez, L. J. V. Vliet, and K. A. Vermeer, “Accuracy assessment of intra- and intervisit fundus
image registration for diabetic retinopathy screening,” Investigative Ophthalmology and Visual Science, vol. 56, no. 3,
pp. 1805-1812, Mar. 2015, doi: 10.1167/iovs.14-15949.

E. J. Carmona, M. Rincén, J. Garcia-Feijod, and J. M. Martinez-de-la-Casa, “Identification of the optic nerve head with genetic
algorithms,” Artificial Intelligence in Medicine, vol. 43, no. 3, pp. 243-259, Jul. 2008, doi: 10.1016/j.artmed.2008.04.005.

BIOGRAPHIES OF AUTHORS

. Makhlouf Chaouki ) £ B8 € is a dedicated Ph.D. student at Echahid Chikh Larbi Tebessi
‘ University, specializing in informatics Systems within the LAMIS Laboratory. His academic
and research interests lie in the cutting-edge fields of medical applications of artificial
intelligence, loT architecture, and web Development. In addition to his academic pursuits,
Chaouki is also a proficient manager of a commercial mobile operator agency. His
multifaceted expertise and commitment to his studies and professional responsibilities
underscore his dynamic career. He can be contacted at email: makdelphi76@gmail.com.

Prediction and classification of diabetic retinopathy using machine learning ... (Makhlouf Chaouki)


https://orcid.org/0000-0003-4157-3908
https://scholar.google.com/citations?hl=fr&user=rJTvZCUAAAAJ

ISSN: 2252-8776

Mohamed Ridda Laouar © E{ 2 is a full professor of Computer Science at Tebessa
University, Tebessa, Algeria. He received his Ph.D. degree in Industrial and Human-Computer
Science from the University of Valenciennes, France, in 2005. He also received a Master’s
degree in Urban Information Systems from the University of Artois, France, in 2001. His areas
of research include artificial intelligence, quantum computing, information systems (IS),
decision support systems (DSS), e-library systems, and other related topics. He has contributed
to such journals as Hi Tech Library and Human Systems Management. He is the editor of the
UIST journal and the proceedings of several conferences. He was the Chair of the
ICIST and ICSENT conferences since 2011 to 2024. He can be contacted at email:
rlaouar.educ@gmail.com.

Abbas Cheddad @ B B3 € is working as an associate professor in Computer Science at the
Blekinge Institute of Technology, Sweden. He gained his Ph.D. at the University of Ulster,
United Kingdom. His industrial research and development experience includes collaboration
with SONY Mobile Communications, Ericsson, ArkivDigital, Axis Communications, and
GKN Aerospace Sweden. Cheddad has over 18 years of research experience and has
supervised PhDs to successful completion. He has published in leading journals and
conferences and secured substantial collaborative funding from the Swedish Knowledge
Foundation (KKs) and the Swedish Foundation for International Cooperation in Research and
Higher Education (STINT). He serves/served as an Associate Editor of Elsevier Pattern
Recognition Letters, Associate Editor of Springer Applied Intelligence, Guest Editor, Chair
and TPC member for several IEEE/Springer/Elsevier conferences. He can be contacted at
email: abbas.cheddad @bth.se.

Bourougaa Salima B4 B3 2 received her first engineer degree in Computer Science, from
the Faculty of Science and Technology, University of Annaba in 1994. In 2009, she received
her Master thesis in Computer Science, from the University of Cheikh Larbi Tebessi, Tébessa,
Algeria. The Ph.D. degree from university of Annaba in 2016. She is currently a computer
science researcher and an associate professor in Computer Science at the University of
Tébessa (Algeria). Her main research interests: The field of Information Systems: design,
modeling, database domains, semantic representation and modeling: the use of ontologies,
Ubiquitous and Pervasive information systems, 10T, and application of Al techniques (deep
learning) for smart environments, smart cities, and prototyping using Arduino and sensors. She
can be contacted at email: salima.bourougaa@univ-tebessa.dz.

Sean Eom © BEIEd © js a professor emeritus of management information systems (MIS) at
the Harrison College of Business of Southeast Missouri State University. He received his
Ph.D. in Management Science from the University of Nebraska—Lincoln. He also received an
MS in international business from the University of South Carolina at Columbia. His research
areas include decision support systems, bibliometrics, and e-learning systems. He is the
author/editor of thirteen books and has published more than 85 refereed journal articles and
more than 120 articles in encyclopedias, book chapters, and conference proceedings.
He received his Ph.D. Degree in Management Science from the University of Nebraska—
Lincoln in 1985. His other degrees are from the University of South Carolina at Columbia
(M.S. in international business), Seoul National University (MBA in International
Management), and Korea University (B.A.). He can be contacted at email: sheom@semo.edu.

Int J Inf & Commun Technol, Vol. 14, No. 2, August 2025: 516-528


https://orcid.org/0000-0002-9709-0430
https://scholar.google.com/citations?user=4xyTTUwAAAAJ&hl=fr&oi=ao
https://www.scopus.com/authid/detail.uri?authorId=56741414900
https://www.webofscience.com/wos/author/record/Q-1236-2016
https://orcid.org/0000-0002-4390-411X
https://scholar.google.com/citations?user=U2AJTh0AAAAJ&hl=fr
https://www.webofscience.com/wos/author/record/R-7061-2018
https://scholar.google.com/citations?hl=fr&user=dByMkvYAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=55351879900
https://orcid.org/0000-0002-3375-7515

