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IntroductIon
Diabetes mellitus remains a major challenge for health systems 
around the world. With up to 425 million patients worldwide 
leading to 12% of expenditures on health, the prevalence has 
nearly doubled from 4.7% to 8.5% between 1980 and 2014.1 
The global prevalence is likely to increase with the rise of 
noncommunicable diseases, with many patients remaining 
undiagnosed due to lack of access to healthcare facilities and 
personnel.2

Diabetic retinopathy (DR) is a microvascular complication of 
diabetes and is the leading cause of blindness in working-age 
populations.3 With diabetes mellitus becoming a major public 
health concern for health systems worldwide, it is projected 
that by 2030, 191 million people will have visual impairment 
due to the condition from 126.6 million in 2010.3 The loss 
of productivity and quality of life due to this preventable 
form of visual impairment are, therefore, a key challenge for 
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Abstract

Purpose: To assess the diagnostic accuracy measures such as sensitivity and specificity of smartphone‑based artificial intelligence (AI) 
approaches in the detection of diabetic retinopathy (DR).

Methods: A literature search of the EMBASE and MEDLINE databases (up to March 2020) was conducted. Only studies using both 
smartphone‑based cameras and AI software for image analysis were included. The main outcome measures were pooled sensitivity and specificity, 
diagnostic odds ratios and relative risk of smartphone-based AI approaches in detecting DR (of all types), and referable DR (RDR) (moderate 
nonproliferative retinopathy or worse and/or the presence of diabetic macular edema).

Results: Smartphone‑based AI has a pooled sensitivity of 89.5% (95% confidence interval [CI]: 82.3%–94.0%) and pooled specificity of 
92.4% (95% CI: 86.4%–95.9%) in detecting DR. For referable disease, sensitivity is 97.9% (95% CI: 92.6%‑99.4%), and the pooled specificity 
is 85.9% (95% CI: 76.5%–91.9%). The technology is better at correctly identifying referable retinopathy.

Conclusions: The smartphone-based AI programs demonstrate high diagnostic accuracy for the detection of DR and RDR and are potentially 
viable substitutes for conventional diabetic screening approaches. Further, high‑quality randomized controlled trials are required to establish 
the effectiveness of this approach in different populations.
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public health workers, ophthalmologists, and policy workers 
to tackle.2

Robust screening programs exist in high-income countries 
such as the UK through annual check-ups for patients with 
diabetes.4 The International Council of Ophthalmology 
recommends a retinal examination through ophthalmoscopy 
or mydriatic or nonmydriatic fundus imaging with or without 
optical coherence tomography.4 The images obtained through 
fundus imaging are graded by a professional trained in 
grading retinal images. Patients with retinal images indicating 
sight-threatening DR are referred to the ophthalmologist for 
further review and treatment.

Although effective in enabling early detection of 
sight-threatening DR in high-income countries such screening 
programs may not be as feasible in settings with a lack of 
professionals trained to grade fundus images and provide 
treatment.5 Moreover, barriers to take up screening may 
occur due to lack of adequate transport facilities, awareness 
of the disease, and access to health-care facilities.2 The size 
of a fundus camera makes it difficult to implement screening 
programs in remote settings.2

Portable or smartphone-enabled cameras have been proposed 
as a means to take retinal images.6 However, despite the 
potential ease and affordability of acquiring the images through 
a smartphone, there are potential issues with image quality.6 
Another issue is that of a lack of trained professionals who 
can interpret the images for patients with sight-threatening DR 
in remote areas where screening programs may take place.6

The use of artificial intelligence (AI) through deep learning 
has been proposed as a way of detecting retinal images which 
may be sight-threatening.1 AI systems are trained to detect 
a large number of retinal images, and they can be enabled 
to grade disease severity of DR. AI-based algorithms with 
high sensitivity and specificity have been developed by many 
tech‑based organizations across the world. However, the 
image analysis is done retrospectively. A device called the 
Topcon NW400 which uses an AI algorithm to detect DR in 
retinal images through a retinal camera has been approved 
in the USA.1 It has been approved by the US Food and Drug 
Administration (FDA) as a medical device to screen for DR 
in patients with diabetes and has a sensitivity and specificity 
rate of above 85%.

Although the Topcon NW400 utilizes AI systems to detect DR, 
which can alleviate the dependence on trained professionals 
to grade images and make referrals to the ophthalmologist, it 
is not a portable device. This review will explore the literature 
on AI-enabled smartphone-based or portable cameras to detect 
DR and will assess the diagnostic accuracy values of such 
interventions.

Methods
We used the Medline (1946 to present) and Embase (1974 
to present) databases as part of the primary search. A search 

strategy using the words, “smartphone, smartphone-based, 
portable, artificial intelligence and diabetic retinopathy” 
was used to collate the papers using Boolean operators (see 
supplementary file). A PRISMA diagram [Figure 1] displays 
the search strategy with inclusion and exclusion criteria. The 
date of the last search was March 29, 2020. The extracted 
information included author names, journal, year of 
publication, country, type of study, sensitivity, and specificity, 
and study setting.

Eligibility criteria
We sought to include studies that had outcome measures of 
diagnostic accuracy for sensitivity and specificity for AI‑enabled 
smartphone or portable devices. Only English-language studies 
were included. Studies which only had the sensitivity and 
specificity statistics for non‑AI smartphone or portable devices 
were excluded, as well as AI-based software algorithms which 
were not linked to a smartphone or portable devices. Conference 
abstracts, review articles, letters to the editor, editorials, and 
correspondence notes were excluded.

Two authors (A.S. and A.A.B.) independently evaluated the 
titles and abstracts of the eligible studies retrieved from the 
search strategy and extracted the information from them, 
which are presented in Table 1. Abstracts providing sufficient 
information regarding the inclusion and exclusion criteria were 
further selected for full-text evaluation.

Meta‑analysis
For the meta‑analysis, we were interested in all‑severity 
and referable DR (RDR). RDR was defined as disease of 
equal or greater severity to moderate nonproliferative DR 
according to the International Clinical DR classification, 
with or without diabetic macular edema.7-9 The information 
we extracted from the selected papers included the sample 
size, type of camera used, the AI software, and the country 
where the study was performed. Bias was assessed using the 
QUADAS tool. The QUADAS tool allows for individual 
studies looking at diagnostic accuracy values in a systematic 
review to be assessed for low, intermediate, or high risk of bias 
and applicability. In addition, the true positive and negative, 
false positive and negative, sensitivity and specificity values 
were extracted for both all diabetic and RDR.

The Hierarchica l  Summary Receiver  Opera t ing 
Characteristic (HSROC) curve was generated to capture the 
pooled sensitivity and specificity of the studies. We computed 
the diagnostic odds ratio (DOR) and likelihood ratio (LR) for 
each study and generated forest plots for all-severity DR and 
RDR. The DOR is the ratio of the odds of obtaining positive 
results in patients with DR or RDR relative to odds of obtaining 
a similar result in patients without DR or RDR.10 We computed 
DOR as the ratio of the division of true-positive (TP) and 
false‑negative (FN) and the division of false‑positive (FP) and 
true‑negative (TN) (DOR = [TP/FN]/[FP/TN]).10

The LR represents the ratio of the expected test results among 
patients with DR or RDR compared to patients without DR or 
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RDR. Positive LR (LR+) is a measure of the odds of ruling 
in the DR or RDR while negative LR (LR−) is a measure of 
the odds of ruling out DR or RDR.10 It is expected that good 
diagnostic tests should have LR+ values greater than 10 
and LR− values <0.1.10 LR+ is calculated as the sensitivity 
divided by 1 – sensitivity. Similarly, LR− is calculated as 1 ‑ 
sensitivity divided by specificity ([1 − sensitivity]/specificity). 
For this study, the LR+ and LR− values were generated 
from the pooled sensitivity and specificity values from the 
HSROC curve. In addition, we computed the accuracy and 
precision of AI software in identifying all-severity and RDR. 

We defined accuracy as the ratio of the sum of true positives 
and true negatives divided by the total sample ([TP + TN]/
[TP + FP + FN + TN])11 (Baratloo, Hosseini, Negida, and El 
Ashal, 2015). Precision was calculated as the ratio of true 
positives and the sum of true positives and false positives (TP/
[TP + FP]).11 We generated the weighted accuracy and 
precision values using the true positive values of the proxy 
for the weight.

We were interested in calculating the positive and negative 
predictive values. Since the predictive values are dependent on 

Table 1: Summary of the selected studies showing the type of cameras and the study characteristics

Authors 
(year)

Country Type of study Study setting Sample 
Size

Type of 
camera

AI software Classifications* Study 
quality**

Natarajan 
et al., (2019)

India Cross-sectional Dispensaries, 
primary care

213 Remidio 
NM FOP 10

Medios technologies, 
Singapore

5 17

Rajalakshmi 
et al., (2018)

India Cross-sectional Outpatient, 
tertiary center

296 Remidio 
NM FOP 10

EyeArtTM 5 18

Sosale Aravind 
et al., (2020)

India Cross-sectional Outpatient, 
tertiary care

900 Remidio 
NM FOP 10

Medios technologies, 
Singapore

5 18

Sosale, Murthy 
et al., (2020)

India Cross-sectional Outpatient, 
tertiary center

297 Remidio 
NM FOP 10

Medios technologies, 
Singapore

5 18

*Number of classifications of images defined such as none, mild, moderate, severe, and proliferative, **Study quality method assessed by QUADAS tool. 
NM FOP: Nonmydriatic fundus on phone, AI: Artificial intelligence
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the prevalence and the selected studies were conducted among 
heterogeneous populations across India, we used the national 
prevalence estimates for DR and RDR in India. Guided by 
extant literature,12-14 we used a 64.5 million diabetic population 
as the population size and 13% and 2% prevalence rate for DR 
and RDR, respectively.

The heterogeneity of the studies was assessed using the I2 
values – a measure of error arising between studies. High 
values suggest homogeneity while values <25% suggest 
low error and excellent heterogeneity.15 Publication bias was 
assessed using funnel plot and Egger’s regression analysis. 
In using the funnel plot, a symmetrical location of the studies 
around the population effect size within the boundary of the 
inverted triangle suggests no publication bias.16 Contrastingly, 
the Egger’s test of small study effect generates P values that 
can be used to objectively quantify publication bias. A P < 0.05 
with the Egger’s test of small sample effect suggests the 
presence of publication bias.17 All statistical analysis was 
undertaken on software (StataCorp. 2019. Stata Statistical 
Software: Release 16. College Station, TX, USA: StataCorp 
LLC.). and Review Manager 5.0.18,19

results
A total of 23 papers were extracted from the literature 
search. Four papers met the eligibility criteria, and they were 
synthesized and meta‑analyzed [Figure 1]. Of the studies 
that were excluded, five were review articles. There were 
also eight conference abstracts and one commentary article, 
and five articles were not principally related to DR, fundus 
photography, and AI. Across the four selected studies, a total 
of 1706 patients were screened for DR.7-9,20

Table 1 summarizes the methodological characteristics of the 
included studies. The study design across all four selected 
papers was cross-sectional, with the sample population drawn 
from India. All four papers used the Remidio NM Fundus 
on Phone (FOP) 10 camera (Remidio Innovative Solutions 
Pvt. Ltd, Bangalore, India), and three papers used Medios 
technologies AI software. One paper used the EyeArtTM 
software. All papers used a five‑point classification to describe 
DR. The study qualities across all papers ranged from 17 to 
18, interpreted as average quality.

The sensitivity of the AI software in diagnosing DR ranged 
from 83% to 96%, while the specificity of diagnosing DR 
ranged from 81% to 96% [Figure 2a]. The DOR of AI for 
diagnosing DR is 101.92 (95% confidence interval [CI]: 
72.92%–130.93%) [Figure 2b]. The i2 test indicates 
99.98% (P = 0.001) levels of heterogeneity between the 
studies. Across the four studies, the pooled sensitivity of AI 
for diagnosing DR was 89.5% (95% CI: 82.3–94.0%) while 
the pooled specificity for diagnosing DR was 92.4% (95% CI: 
86.4–95.9%) [Figure 3]. AI has 11.7 times (LR+: 11.74; 95% 
CI: 6.79%–20.32%) the likelihood of identifying a positive 
test among patients with DR compared to those without DR. 
Furthermore, AI has 89% reduced likelihood (LR−: 0.11; 95% 

CI: 0.07%–0.19%) of generating a negative result in a patient 
with DR compared to patients without DR.

Similarly, the sensitivity of the AI software in diagnosing 
RDR ranged from 93% to 100% while the specificity of 
diagnosing RDR ranged from 69% to 93% [Figure 4a]. The 
DOR of AI for diagnosing RDR is 545.22 (95% CI: 121.23%–
969.22%) [Figure 4b]. The i2 test indicates 100.0% (P < 0.001) 
levels of heterogeneity between the studies. Across the four 
studies, the pooled sensitivity of AI in diagnosing RDR was 
97.9% (95% CI: 92.6%–99.4%), and the pooled specificity 
was 85.9% (95% CI: 76.5%–91.9%) [Figure 5]. AI has 
6.9 times (LR+: 6.95; 95% CI: 4.13%–11.68%) the likelihood 
of identifying a positive test among patients with RDR 
compared to those without RDR. Furthermore, AI has 98% 
reduced likelihood (LR−: 0.02; 95% CI: 0.01%–0.08%) of 
generating a negative result in a patient with RDR compared 
to patients without RDR.

We estimated the positive and negative predictive values 
of AI diagnosing DR using an estimated Indian diabetic 
population of 6.45 million at 13% DR prevalence rate. 
The positive predictive value ranged from 42.9% to 74.0% 
while the negative predictive value ranged from 97.5% to 
99.2% [Figure 6]. Similarly, we estimated the positive and 
negative predictive values of AI in diagnosing RDR in an 
Indian diabetic population of 6.45 million at a 2% prevalence 
rate. The positive predictive value ranged from 6.1% to 20.3% 
while the negative predictive value ranged from 99.9% to 
100.0% [Figure 7].

We estimated the diagnostic accuracy and precision of DR 
and RDR using AI. The weighted average diagnostic accuracy 
to identify any DR was 91.5% while the weighted average 
diagnostic precision was 88.5%. Similarly, the weighted 
average diagnostic accuracy to identify RDR was 89.0% while 
the weighted average precision was 75.1% [Table 2].

The selected studies showed little to no evidence of publication 
bias. A visual assessment of the funnel plot of the DR studies 
showed that log values of the DOR were symmetrically located 
around the population effect size [Figure 8a]. The Egger’s test 
of small study effect was not significant (P = 0.563), showing 
that there is no publication bias. Similarly, a visual assessment 
of the funnel plot of the RDR studies showed that two studies 
had log values of the DOR symmetrically located around the 
population effect size [Figure 8b]. In addition, the Egger’s test 
of small study effect was not significant (P = 0.948), showing 
that there is no publication bias.

dIscussIon
All four studies included in the meta-analysis used Remidio 
Innovative Solutions Pvt. Ltd, Bangalore, India, to obtain 
images from a smartphone. The pooled sensitivity and 
specificity of DR and RDR of this meta‑analysis exceed 
the FDA superiority endpoints of 87.2% (95% CI: 81.8%–
91.2%) (>85%) and specificity of 90.7% (95% CI: 88.3%–
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92.7%) (>82.5%).21 Moreover, the high DOR values, especially 
for RDR (286.1), show the effectiveness of using the Remidio 
FOP with an AI algorithm to screen for DR. However, the 
results of the pooled sensitivity and specificity with its narrow 
confidence intervals should be taken into consideration with 
respect to the wide confidence intervals in the study by 
Natarajan et al. which has the lowest number of cases analyzed 
in comparison to the other studies.

We estimated the positive and negative predictive values 
of AI diagnosing DR using an estimated Indian diabetic 

population of 6.45 million at 13% DR prevalence rate. 
The positive predictive value ranged from 42.9% to 74.0% 
while the negative predictive value ranged from 97.5% to 
99.2% [Figure 6]. Similarly, we estimated the positive and 
negative predictive values of AI in diagnosing RDR in an 
Indian diabetic population of 6.45 million at a 2% prevalence 
rate. The positive predictive value ranged from 6.1% to 20.3% 
while the negative predictive value ranged from 99.9% to 
100.0% [Figure 7]. Therefore, it is concluded that when the 
result of smartphone-based AI for DR or RDR is negative, there 
is no real concern about the “missing DR or RDR patient.” This 
is a major priority in a screening program whereas positive 
results may not necessarily be true.

There have been recent studies looking at DR screening 
using smartphone-based fundus imaging in India, but to 
our knowledge, this is the first meta‑analysis that has been 
conducted on smartphone-enabled AI programs.22,23 By 
combining the findings of relatively small studies, our analysis 
shows that there are high levels of diagnostic accuracy values 
associated with using such an intervention in a clinical setting, 
with narrow confidence intervals [Table 1]. The high DOR 
values for DR and RDR in particular show how effective this 
diagnostic test is for screening DR.

The studies included in the review are all well-conducted 
cross-sectional studies carried out in India. They all answer a 
clear question and indicate inclusion and exclusion criterion 
for sampling. A sample size calculation was used to ensure 
an appropriate number of participants joined the study, and 
values for statistical significance and confidence intervals were 
given. Remidio FOP with grading through an AI software was 
compared with a reference standard of trained ophthalmologists. 
The latter was used to generate ground truth in each study. 
Both Sosale et al. and Rajalakshmi et al. used an adjudicated 
image grading by two retinal specialists to set ground truth, 
whereas Aravind et al. used the majority diagnosis of five 
retina specialists and Natarajan et al. used a grading set by one 
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Figure 3: The Hierarchical Summary Receiver Operating Characteristic 
curve showing the combined effect of the sensitivity and specificity of the 
artificial intelligence software in diagnosing diabetic retinopathy

Figure 2: (a) Summary of the sensitivity and specificity results of artificial intelligence (AI) software across the selected studies in diagnosing diabetic 
retinopathy (DR). (b) Forest plot showing the diagnostic odds ratio of AI in diagnosing DR

a

b
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or more ophthalmologists. The disease status of the patients 
was described, such as the grade of their DR and whether it 

was referable or not. Finally, all four studies described a clear 
methodology on how the images were obtained. As assessed 
by the QUADAS-2 tool, bias such as selection bias is minimal 
as the few patients who were excluded from each study 
were done so due to different characteristics such as having 
retinal vein occlusion. Our analysis also showed that low 
levels of publication bias within the select substantial levels 
of heterogeneity in the effect size were shown through the 
statistical analysis for DR and RDR [Figures 2 and 4]. This can 
be explained by variations in the study designs of the individual 
studies. For example, the participants in the study conducted by 
Nataranjan et al. were from a community setting, whereas the 
other studies had participants who were tested in an outpatient 
setting within tertiary care. There are also some differences 
in the types of images captured in the studies. For example, 
Aravind et al. only used nonmydriatic images, whereas the other 
three studies including the one Murthy et al. used tropicamide 
eye drops to dilate the eyes of the patients.

Rajalakshmi et al. used a different AI software compared to 
the other three studies, even though all four used the Remidio 
FOP for fundus imaging. The differences in AI software may 
impact the diagnostic accuracy values of the images and can 
be an explanation for the levels of heterogeneity. For example, 
Medios technologies use a neural network responsible for 
quality assessment based on a MobileNet architecture. It 
consists of a binary classifier trained with images deemed 

Table 2: Summary of the weighted accuracy and precision of artificial intelligence software in predicting diabetic 
retinopathy and referable diabetic retinopathy

Author (year) Any diabetic retinopathy Referable diabetic retinopathy

Weight Accuracy (%) Precision (%) Weight Accuracy (%) Precision (%)
Nataranjan et al., (2019) 0.044 91.12 60.53 0.035 89.25 39.47
Rajalakshmi et al., (2018) 0.351 90.54 90.15 0.329 83.45 78.24
Sosale (a), (2020) 0.403 92.11 87.87 0.437 92.67 74.60
Sosale (b), (2020) 0.202 91.92 92.92 0.199 90.24 75.22

Weighted (%) 91.48 88.48 Weighted (%) 89.03 75.09
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Figure 5: The Hierarchical Summary Receiver Operating Characteristic 
curve showing the combined effect of the sensitivity and specificity of the 
artificial intelligence software in diagnosing the referable diabetic retinopathy

Figure 4: (a) Summary of the sensitivity and specificity results of the artificial intelligence (AI) software across the selected studies in diagnosing 
referable diabetic retinopathy (RDR). (b) Forest plot showing the diagnostic odds ratio of AI in diagnosing RDR

a

b
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as ungradable as well as with images deemed of sufficient 
quality.9 If the output is negative, a message prompts the user 
to recapture the image. The other two neural networks are 
based on an Inception-V3 architecture and have been trained 
to separate healthy images from images with RDR (moderate 
nonproliferative DR and above). The final output is a binary 
recommendation or referral to an ophthalmologist. The 
software was trained on images obtained from the EyePACS 
dataset as well as images obtained with the Remidio FOP and 
a KOWA vx-10 mydriatic camera.

In contrast, the EyeArt™ software used by Rajalakshmi et al. 
is trained on retinal images from fundus cameras such as the 
Zeiss FF450, as well as from the EyePACS database.24 The 
software is computerized and cloud based, and its core analysis 
engine contains DR analysis algorithms including those for 
image enhancement, interest region identification, descriptor 
computation, in conjunction with an ensemble of deep artificial 
neural networks for DR classification, and detection of clinically 
significant macular edema surrogate markers. It automatically 
provides an analysis of retinal images and DR severity level.
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Figure 6: Summary of the range of the positive and negative predictive values of the artificial intelligence software in predicting referable diabetic 
retinopathy using 13% prevalence of diabetic retinopathy among an Indian population of 6.45 million

Figure 7: Summary of the range of the positive and negative predictive values of the artificial intelligence software in predicting referable diabetic 
retinopathy (RDR) using 2% prevalence of RDR among an Indian population of 6.45 million

Figure 8: a‑ Funnel plot with estimates of Egger’s regression analysis testing publication bias across the selected studies for diabetic retinopathy, 
b‑ Funnel plot with estimates of Egger’s regression analysis testing publication bias across the selected studies for referable diabetic retinopathy

ba
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Another limitation of this meta-analysis is the small number of 
studies included. Even though to date, these are the only studies 
available to answer the research question, the sample sizes of 
the individual studies are relatively small. Although relatively 
few images were excluded from the individual studies because 
they were “ungradable,” this could be as a result of selection 
bias as patients included in the studies tended to be known 
diabetics. Therefore, patients enrolled into the study might 
be different and have had images that are more “gradable” 
compared to those who were excluded.

Finally, the studies using the Medios technologies AI algorithm 
state that “the current version of the offline mobile based‑AI 
does not permit grading of retinopathy” and only allow images 
to be stratified as “referable or nonreferable”.8 This means the 
end user will not be aware of sight-threatening forms of DR, 
which may warrant a more urgent referral.

A smartphone-based AI intervention is a cheap, effective tool 
that can be upscaled to DR screening programs in remote 
areas. The offline AI software used in the studies of this 
meta-analysis has the potential of freeing up resources with 
regard to workforce planning, as less technical expertise by 
trained ophthalmologists to grade images will be required in the 
future. This time can be used by ophthalmologists to conduct 
other tasks such as performing cataract surgeries and treating 
retinal diseases. The availability of such interventions within 
primary care can also help to contribute in diagnosing and 
treating more patients with diabetes mellitus. However, further 
interventional studies in the form of randomized controlled 
trials are required to provide more evidence on the effectiveness 
of smartphone-based AI interventions. These trials can also help 
to test the diagnostic accuracy values of different AI algorithms, 
as well as providing evidence for potential modifications to 
devices produced by Remidio Innovative Solutions Pvt. Ltd, 
Bangalore, India, to obtain higher quality images. Moreover, 
such future studies could also look to provide a comparison and 
analysis between conventional fundus cameras and smartphone 
base fundus cameras.
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