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Purpose: An	observational	study to	assess	the	sensitivity	and	specificity	of	the	Medios	smartphone-based	
offline	 deep	 learning	 artificial	 intelligence	 (AI)	 software	 to	 detect	 diabetic	 retinopathy	 (DR)	 compared	
with the image diagnosis of ophthalmologists. Methods: Patients	 attending	 the	 outpatient	 services	 of	 a	
tertiary	center	for	diabetes	care	underwent	3-field	dilated	retinal	imaging	using	the	Remidio	NM	FOP	10.	
Two	fellowship-trained	vitreoretinal	specialists	separately	graded	anonymized	 images	and	a	patient-level	
diagnosis	was	reached	based	on	grading	of	the	worse	eye.	The	images	were	subjected	to	offline	grading	using	
the	Medios	integrated	AI-based	software	on	the	same	smartphone	used	to	acquire	images.	The	sensitivity	
and	specificity	of	the	AI	in	detecting	referable	DR	(moderate	non-proliferative	DR	(NPDR)	or	worse	disease)	
was	 compared	 to	 the	 gold	 standard	 diagnosis	 of	 the	 retina	 specialists. Results: Results	 include	 analysis	
of images	from	297	patients	of	which	176	(59.2%)	had	no	DR,	35	(11.7%)	had	mild	NPDR,	41	(13.8%)	had	
moderate	NPDR,	and	33	(11.1%)	had	severe	NPDR.	In	addition,	12	(4%)	patients	had	PDR	and	36	(20.4%)	had	
macular	edema.	Sensitivity	and	specificity	of	the	AI	in	detecting	referable	DR	was	98.84%	(95%	confidence	
interval	 [CI],	97.62–100%)	and	86.73%	(95%	CI,	82.87–90.59%),	respectively.	The	area	under	the	curve	was	
0.92.	The	sensitivity	for	vision-threatening	DR	(VTDR)	was	100%.	Conclusion: The	AI-based	software	had	
high	 sensitivity	 and	 specificity	 in	detecting	 referable	DR.	 Integration	with	 the	 smartphone-based	 fundus	
camera	with	offline	image	grading	has	the	potential	for	widespread	applications	in	resource-poor	settings.
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Around	five	million	Indians	have	vision-threatening	diabetic	
retinopathy	 (VTDR).[1,2]	 Smartphone-based	 fundus	 cameras	
and	evolution	of	artificial	intelligence	(AI)	can	make	screening	
scalable.[3-8]	High	computational	power	and	Internet	access—a	
prerequisite	for	cloud-based	AI—is	often	lacking	in	developing	
countries.	Medios	Technologies,	Singapore	to	our	knowledge	is	
the	first	company	to	develop	an	offline	AI	algorithm	to	address	
this	obstacle.

Our	 aim	 is	 to	 evaluate	 the	 performance	 of	 an	 offline	
AI-based	software	(Medios	Technologies,	Singapore)	loaded	
on	 a	 smartphone-based	 fundus	 camera	 in	 the	detection	of	
diabetic	retinopathy	(DR)	compared	with	the	image	diagnosis	
of ophthalmologists.

Methods
The	study	was	approved	by	the	institutional	ethics	committee	
and	carried	out	as	per	the	declaration	of	Helsinki.	Patients	who	
consented	to	have	their	eye	dilated	and	photographed	during	
routine	care	were	included.

This	was	 a	 cross-sectional	 observational	 study	 of	 304	
diabetic	patients	attending	the	outpatient	department	(OPD)	
of	 a	university-recognized	 tertiary	 center	 for	diabetes	 care	

and	research	in	Bangalore,	India	during	the	month	of	October	
2018.	All	 subjects,	 above	 18	 years	 of	 age,	with	 type	 1	 or	
2	diabetes	or	secondary	diabetes	were	invited	to	participate.	
Eyes	with	significant	media	opacity,	such	as	corneal	opacity	
or	advanced	cataracts,	that	precluded	retinal	imaging	were	
excluded.

At	the	time	of	the	patient’s	hospital	visit,	routine	clinical	care	
procedures	like	the	collection	of	demographic	data,	medical	
history,	vital	measurements,	anthropometric	measurements,	
and	general	physical	exams	were	carried	out.

Retinal image acquisition
A	drop	of	1%	tropicamide	solution	was	used	to	dilate	the	pupils	
to	a	minimum	size	of	5	mm.	Retinal	images	were	captured	using	
the	 smartphone-based	“Remidio	Non	Mydriatic	Fundus	on	
Phone	Camera	(NM	FOP	10)”	(Remidio	Innovative	Solutions	
Pvt.	Ltd.,	Bangalore,	 India)	by	a	 trained	 technician.[3] Three 
fields	of	view	(FOVs)	were	captured	from	each	eye—posterior	
pole	(macula	centered),	nasal	field,	and	superotemporal	field.	
The	technician	was	trained	to	recognize	characteristics	of	an	
excellent	image	and	urged	to	capture	more	than	one	image	per	
FOV	if	required	to	obtain	excellent	images.
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The	 Remidio	 NM	 FOP	 10	 device	 uses	 an	 iPhone	
6	smartphone’s	camera	to	capture	images	of	the	retina	either	
by	 using	 an	 infrared	 light	 emitting	diode	 (IRLED)	 based	
live	view	(nonmydriatic	mode)	or	using	a	warm	white	LED	
live	view	 (the	mydriatic	mode).	As	per	 the	Apple’s	official	
website,	the	iPhone	6	specifications	include	a	camera	with	a	8	
MP	(2448	×	3264	pixels)	resolution,	a	screen	display	resolution	
of	750	×	1334	pixels,	and	a	1.4	GHz	Cyclone	processor	paired	
with	1	GB	of	RAM.	During	the	course	of	this	study,	the	phone	
used	an	iOS	10	mobile	operating	system	and	came	preloaded	
with	the	integrated	Remidio	NM	FOP	10	app	with	the	Medios	
AI.	The	manufacturer	 stated	 resolution	of	 the	Remidio	NM	
FOP	camera	was	a	minimum	of	80	line	pairs/mm,	conforming	
to	the	requirements	of	ISO10940	standard.

Image grading by a vitreoretinal specialist
The	de-identified	 (anonymized)	 images	with	 the	 subject	 ID	
were	 uploaded	 online	 from	 the	NM	FOP	 10	device	 to	 an	
Amazon	Web	Services	(AWS)	hosted	cloud	service	provided	
by	the	manufacturer.	The	images	were	accessed	from	the	cloud	
by	 two	 fellowship-trained	vitreoretinal	 surgeons	with	more	
than	20	years	of	 experience	 in	 treating	DR.	Both	 the	 retinal	
surgeons,	grading	and	adjudicating	the	images,	were	affiliated	
to	a	different	hospital;	hence,	they	remained	unbiased,	being	
masked	to	the	clinical	and	AI	diagnosis.

The retinal surgeons individually graded the set of three retinal 
photographs	 from	every	eye	using	 the	 International	Clinical	
Diabetic	Retinopathy	Severity	Scale	System	(ICDRS).[9] Images 
were	graded	as	no	DR,	mild	nonproliferative	DR	(mild	NPDR),	
moderate	 nonproliferative	DR	 (moderate	NPDR),	 severe	
nonproliferative	DR	(severe	NPDR),	and	proliferate	DR	(PDR).	
The	diagnosis	of	diabetic	macular	edema	(DME)	was	recorded	
as	present	or	absent.	The	eye	with	 the	more	 severe	 stage	of	
retinopathy	was	 considered	 as	 the	final	diagnosis	 for	 that	
patient,	in	cases	where	each	eye	had	a	different	stage	of	disease	
severity.	Patients	whose	images	were	considered	ungradable	
by	the	retina	specialists	were	excluded	from	the	final	analysis.	
Whenever	the	two	graders	differed	on	the	diagnosis,	a	consensus	
was	 reached	by	 revisiting	 the	 images,	discussing	 them,	and	
reaching	a	mutual	agreement.	The	adjudicated	patient	diagnosis	
obtained	from	the	retina	specialists	was	considered	as	the	gold	
standard	for	comparisons.

The	clinical	diagnosis	was	not	considered	as	the	reference	
standard	 in	 this	 study.	 The	 retina	 specialists	 affiliated	 to	
the	 tertiary	 diabetes	 hospital	 conducting	 the	 study	were	
many—each	 covering	 the	 outpatient	 clinic	 on	 rotation	 on	
different	days	of	the	week.	This	made	adjudication	of	clinical	
diagnosis	(necessary	to	overcome	the	interobserver	variability)	
impossible.	Based	on	the	studies	on	intergrader	variability	and	
evaluation	of	machine	learning	models,	an	adjudicated	image	
diagnosis	was	considered	as	the	ground	truth.[10]

Image analysis using AI-based offline software
The	AI-based	automated	 image	 analysis	 software	used	 for	
the	study	was	designed	by	Medios	Technologies,	Singapore,	
a	subsidiary	of	Remidio	Innovative	Solutions.	The	Medios	AI	
algorithm	is	based	on	convolutional	neural	networks	(CNN).	
The	AI	 consists	 of	 a	first	neural	network	 for	 image	quality	
assessment	 and	 two	other	neural	 networks	 that	detect	DR	
lesions.	The	network	 responsible	 for	 quality	 assessment	 is	
based	on	 a	MobileNet	 architecture.	 It	 consists	 of	 a	 binary	

classifier	 and	a	message	prompts	 the	user	 to	 recapture	 the	
image	if	it	fails	the	quality	check	(QC).

The	neural	network	has	been	trained	to	separate	healthy	
fundus	 images	 (No	DR)	with	 images	with	 referable	DR	
(defined	as	moderate	NPDR	and	above).	This	maximizes	the	
sensitivity	for	referable	DR	and	the	specificity	to	rule	out	all	
grades	of	DR.	A	comprehensive	dataset	consisting	of	images	
taken	in	a	variety	of	conditions	has	been	used	for	training,	with	
a	proportion	of	it	taken	using	nonmydriatic	and/or	low-cost	
cameras.	 These	 include	 4350	 nonmydriatic	 images	 taken	
during	screening	camps	with	the	Remidio	Fundus-on-Phone;	
14,266	images	captured	with	a	KOWA	Vx-10	mydriatic	camera;	
and	34,278	 images	come	from	the	EyePACS	dataset.	A	final	
per-patient	DR	diagnosis	was	computed	from	the	outputs	of	
the neural networks and applied to all images of that patient. 
A	patient	was	deemed	as	referable	if	the	prediction	for	one	or	
more images was positive.

The Medios software is integrated with the Remidio 
NM-FOP	 application	 loaded	 on	 the	 smartphone	 used	 to	
acquire	images.	Thanks	to	leveraging	on	the	high-performance	
capabilities	 of	 the	 smartphone	with	CoreML	and	OpenGL,	
image	processing	is	done	directly	on	the	graphics	processing	
unit	(GPU)	instead	of	relying	on	a	connection	to	a	server	on	
the Internet.

In	 this	 study,	 the	AI	 algorithm	was	 run	 offline	 by	 the	
technician	 on	 the	 smartphone	 itself	 after	 the	 images	were	
acquired.	The	 technician	was	 trained	 to	 recapture	 images	 if	
the	AI	gave	an	alert	of	“poor	image	quality.”	The	AI	QC	was	
first	 to	run	on	images	and	then	the	diagnosis	of	 the	AI	was	
recorded	as	a	binary	output,	i.e.,	DR	present	and	No	DR.	All	
images	captured	during	this	study	met	the	quality	standards	
of	the	AI	and	were	included	in	the	analysis.

Outcome measure
The primary aim of this study was to determine the sensitivity, 
specificity,	positive	predictive	value	(PPV),	and	negative	PV	(NPV)	
of	the	AI	algorithm	in	detecting	RDR	(referable	DR	was	defined	as	
moderate	NPDR	or	more	severe	disease,	or	the	presence	of	DME)	
compared	with	the	gold	standard	diagnosis	by	retina	specialists.	
The	secondary	aims	were	to	assess	the	sensitivity	and	specificity	
of	 the	AI	algorithm	in	 the	diagnosis	of	“any	DR”	and	VTDR.	
Any	DR	was	defined	as	mild	NPDR	or	more	severe	disease	or	
the	presence	of	DME,	while	VTDR	was	defined	as	severe	NPDR	
or	more	severe	disease	or	the	presence	of	DME.	An	adjudicated	
image	diagnosis	was	considered	as	the	ground	truth.

Statistical analysis
Continuous	variables	 are	presented	as	mean	with	 standard	
deviation	 (SD)	 and	 categorical	 variables	 are	 presented	 as	
proportions	(n,	%).	The	sensitivity,	specificity,	PPV,	and	NPV	
of	the	AI	in	the	detection	of	referable	DR,	any	DR	and	VTDR	
were	 calculated	 along	with	 95%	 confidence	 interval	 (CI).	
The	area	under	 the	 receiver	operating	curve	 (AUROC)	was	
plotted.	Cohen’s	kappa	(κ)	was	measured	to	assess	intergrader	
variability.	All	 data	were	 stored	 in	Microsoft	 Excel	 and	
analyzed	using	the	Stata	software	(StataCorp	14.2,	Texas,	USA).

Results
The	study	population	had	a	mean	age	of	55	±	11	years,	duration	
of	diabetes	11	±	8	years,	hemoglobin	A1c	(HbA1c)	8	±	2%,	and	
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body	mass	 index	 (BMI)	 27	 ±	 4	 kg/m2.	 Females	 constituted	
42%	 (n	 =	 128)	 of	 the	 study	population.	 The	final	 analysis	
included	images	from	297	patients.	The	images	obtained	from	
either	one	or	both	eyes	of	the	7	(2.3%)	patients	were	considered	
ungradable	 by	 the	 retina	 specialists	 and	 excluded.	 There	
was	no	evidence	of	DR	in	176	participants	(59.2%),	but	mild	
NPDR	was	seen	in	35	(11.7%),	moderate	NPDR	in	41	(13.8%),	
severe	NPDR	in	33	(11.1%),	and	PDR	in	12	(4%)	patients.	DME	
was	present	is	36	(20.4%)	individuals	with	DR	with	different	
grades	of	NPDR	or	PDR.	The	intergrader	agreement	between	
the	retina	specialists	was	0.89	for	grading	of	DR	and	0.9	for	
grading of DME.

The	 sensitivity	 and	 specificity	 of	 the	AI	 algorithm	 in	
detecting	 RDR	was	 98.84%	 (95%	 CI,	 97.62–100%)	 and	
86.73%	 (95%	CI,	 82.87–90.59%),	 respectively,	while	 the	PPV	
was	 75.22%	 (95%	CI,	 70.31–80.13%)	 and	NPV	was	 99.46%	
(95%	CI,	 98.62–100%).	 The	AUROC	was	 0.92	 [Fig.	 1].	An	
example of the output from the Medios AI algorithm along 
with	the	respective	image	with	a	diagnosis	of	referable	DR	is	
shown in Fig.	2.

For	 any	 DR,	 the	 sensitivity	 and	 specificity	 of	 the	
AI	 algorithm	was	 86.78%	 (95%	 CI,	 82.92–90.63%)	 and	
95.45%	 (95%	CI,	 93.09–97.82%),	 respectively,	 while	 the	
PPV	 and	NPV	were	 92.92%	 (95%	CI,	 90.00–95.84%)	 and	
91.30%	(95%	CI,	88.10–94.51%).	The	AUROC	was	0.91	[Fig.	1].	
An example of the output from the Medios AI algorithm 

Figure 1: Area under the receiver operating curve for referable diabetic 
retinopathy and any diabetic retinopathy

Figure 2: Example of the output from the Medios AI algorithm along with 
the respective image with a diagnosis of referable diabetic retinopathy

Figure 3: Example of the output from the Medios AI algorithm along 
with the respective image with a diagnosis of any diabetic retinopathy

Figure 4: Example of the output from the Medios AI algorithm along 
with the respective image with a diagnosis of proliferative diabetic 
retinopathy

along	with	the	respective	image	with	a	diagnosis	of	any	DR	
is shown in Fig.	3.	The	sensitivity	for	the	diagnosis	of	VTDR	
was	100%	[Fig.	4].

The	number	of	 false	positives	was	eight	 (AI	had	 labeled	
eight	cases	of	No	DR	as	having	the	disease).	Six	out	of	these	
eight	 images	were	 found	 to	have	artifacts	 that	had	perhaps	
been	misidentified	by	the	algorithm.

Discussion
This	 study	 aimed	 to	 evaluate	 the	performance	 of	Medios	
AI. It demonstrated that the AI algorithm has very high 
sensitivity	 and	 specificity	 to	detect	RDR,	 any	DR,	 as	well	
as	VTDR	 compared	with	manual,	 adjudicated	 grading	 by	
fellowship-trained	vitreoretinal	surgeons.	The	algorithm	being	
integrated	with	the	image	acquisition	and	storage	application	
of	 an	 existing	 commercially	 available	 smartphone-based	
imaging	 device,	 i.e.,	 the	 Remidio	NM	 FOP	 10,	made	 it	
user-friendly.	 Seamless	 integration	of	 the	AI	with	 the	NM	
FOP	10	manufacturers’	application	made	the	image	workflow	
simple	and	time-efficient	so	that	the	reports	could	be	produced	
in	real-time	by	the	technician	using	the	device.

DR	screening	with	teleophthalmology	is	widely	practiced	
in	India	and	across	the	world	with	the	use	of	reading	centers.	
Limited	access	to	trained	readers	and	interobserver	variability	
associated	with	human	grading	 led	 to	 the	development	 of	
automated	systems	for	DR.	Advances	in	deep	learning	has	led	
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to the development of several algorithms like the Google AI, 
Eye	Nuk,	and	IDx-DR	for	the	detection	of	DR.	The	CNN-based	
software	designed	by	Google	was	used	on	images	from	patients	
presenting	for	DR	screening	in	three	tertiary	eye	hospitals	in	
India,	and	it	showed	a	high	sensitivity	and	specificity	(>90%)	
for	detecting	DR.[11]	In	a	prospective	study,	the	sensitivity	and	
specificity	of	the	Google	AI	for	RDR	at	the	first	study	site	was	
88.9%	(95%	CI,	85.8–91.5)	and	92.2%	(95%	CI,	90.3–93.8);	and	
92.1%	 (95%	CI,	 90.1–93.8)	 and	95.2%	 (95%	CI,	 94.2–96.1)	 at	
second	study	site.[12]

Using	another	algorithm	based	on	deep	machine	learning	
on	 the	publicly	 available	 fundus	 image	datasets,	Abramoff	
et al.	also	found	a	high	sensitivity	(97%)	and	specificity	(87%),	
similar to our results.[13]	In	a	large	pivotal	study	conducted	by	
Abramoff	et al.,	the	sensitivity	and	specificity	of	the	IDx-DR	
system in identifying RDR met the United States Food and 
Drug	Administration	(FDA)	cut-offs	for	superiority.	This	study	
made	 IDx-DR	 the	first	FDA	approved	AI	algorithm	 for	 the	
diagnosis of RDR [Table	1].[14]

Tufail et al.	 studied	 the	performance	 of	 three	different	
automated image analysis software and reported a sensitivity 
and	specificity	(>90%)	using	the	EyeArt	(Eyenuk	Inc.,	Woodland	
Hills,	CA)	and	Retmarker	(Coimbra,	Portugal)	software.[15] The 
Retmarker	software	has	also	been	used	to	detect	DR	in	Indian	
eyes.[16] Roy et al.	analyzed	5780	eyes	of	1445	patients	through	
the	Retmarker	software	and	found	a	high	sensitivity	(>90%)	
and	low	specificity	(11–61%).	Walton	et al.	published	outcomes	
on	 the	 sensitivity	 and	 specificity	of	 another	 algorithm,	 the	
Intelligent	Retinal	Imaging	System	(IRIS)	for	DR	screening.	In	
this	retrospective	study,	the	sensitivity	and	specificity	of	IRIS	
was	66.4%	and	72.8%.[17]

The	EyeArt	 algorithm	of	Eyenuk	has	been	 evaluated	 in	
several studies. Rajalakshmi et al. evaluated the EyeArt software 
for	the	detection	of	RDR	[Table	1]	using	images	captured	with	
the Remidio FOP.[18] Bhaskaranand et al.	published	results	using	
the	EyeArt	software,	with	mydriatic	and	nonmydriatic	images	
from	1,01,710	eyes	[Table	1].[19]	The	outcomes	from	mydriatic	
imaging	were	marginally	better	with	improved	sensitivity	and	
greater	AUROC.	The	Remidio	FOP	has	nonmydriatic	image	
acquisition	capabilities	and	it	will	be	interesting	to	see	how	the	
AI	algorithm	performs	on	nonmydriatic	images	going	forward.

All	the	software	programs	that	are	cloud-based	require	high	
computational	power	and	above	all,	Internet	connectivity,	for	
real-time	reporting	of	results.	The	Medios	AI,	in	contrast	works	
offline,	without	 Internet	 (or	 electricity).	To	our	knowledge,	
this	is	one	of	the	first	few	studies	analyzing	the	accuracy	of	an	
offline	AI-based	software	for	DR	screening.

A	recent	study	by	Natarajan	et al.,	evaluated	the	performance	
of	 the	Medios	AI	using	 images	 captured	 from	 the	Remidio	
FOP,	in	231	individuals	with	diabetes	during	a	DR	screening	
program [Table	1].	A	community	health	care	worker	captured	
two-segment	retinal	images.	An	additional	sensitivity	analysis	
was	performed	to	assess	the	AI’s	performance	using	images	
that	are	likely	to	be	captured	during	large	screening	camps	or	
high	patient	workflow	by	the	unskilled	workforce.	Both	good	
quality	 images	and	 images	 that	did	not	meet	 the	minimum	
quality	 standards	by	 the	AI	were	 included	 in	 this	 analysis.	
In the sensitivity analysis, the sensitivity of the AI for RDR 
remained	unchanged	at	100%,	while	the	specificity	dropped	

from	88.4%	 to	 81.9%.	There	were	 a	 larger	number	 of	 false	
positives	outputs	 (attributed	 to	poor	 image	quality).	While	
this	may	 lead	 to	 increased	 referrals,	patient	 safety	was	not	
compromised	as	the	AI	detected	all	individuals	with	RDR.	This	
gives	an	idea	of	the	real	practical	use	of	AI	for	DR	screening.[20]

The	IDX-DR	is	currently	the	only	FDA	approved	algorithm	
for	DR	screening.	While	several	studies	have	been	conducted	to	
evaluate	various	algorithms,	the	only	ones	currently	in	use	for	
DR	screening	commercially	in	the	US	are	IDx-DR,	and	EyeArt	
in	the	EU;	neither	are	available	in	India.	While	we	acknowledge	
that	the	comparison	of	different	algorithms	based	on	published	
results	 has	 its	 limitations	 (because	 of	differences	 in	 study	
methods),	we	summarize	the	performance	of	the	deep	learning	
cloud-based	algorithms	currently	used	for	DR	screening	in	the	
USA	and	EU,	and	the	offline	Medios	AI	[Table	1].

In	their	recent	paper	on	the	current	state	of	teleophthalmology	
in the United States, Rathi et al.	 describe	 applications	 of	
teleophthalmology	in	many	diseases,	including	DR.[7] Authors 
highlight	the	upcoming	role	of	automated	DR	screening	using	
various	algorithms	to	ease	the	burden	of	manual	DR	screening.	
Authors	also	state	that	given	the	increasing	prevalence	of	DR,	
the	emergence	of	automated	screening	serves	as	a	promising	
tool	to	address	this	public	health	issue.	In	addition,	we	believe	
that	 it	 is	 extremely	 important	 to	make	upcoming	AI-based	
algorithms	 offline	 for	widespread	 adoption.	An	AI-based	
algorithm	 that	 gives	 consistent	 results	with	high	 accuracy	
may	overcome	human	barriers	 like	 inter-grader	variability,	
in	addition	to	its	ability	to	process	millions	of	images	quickly,	
maybe	the	best	way	forward	for	grading	DR	in	the	future.	In	
India,	and	the	developing	world	with	limited	resources,	where	
access	to	the	Internet	and	continuous	electricity	is	a	challenge	
in	smaller	towns	and	villages,	these	technologies	can	ensure	
that	DR	screening	proceeds	uninterrupted.

The	 advantages	 of	 this	 study	 are	 the	use	 of	 three-field	
photography,	 grading,	 and	 adjudication	 by	 vitreoretinal	
surgeons	as	the	gold	standard.	The	drawbacks	include	a	small	
sample	 size	 and	 the	use	 of	 only	mydriatic	 images.	Larger	
studies,	studies	with	nonmydriatic	imaging	will	address	if	these	
results	can	be	generalized.	Studies	evaluating	the	integration	
of	 the	AI	 into	 the	 clinical	workflow,	 and	 comparison	with	
the	 clinical	diagnosis	 from	a	 comprehensive	 eye	 exam	and	
real-world	studies	will	provide	more	insight	and	understanding	
of	this	technology.	We	acknowledge	that	the	algorithm	is	only	
trained	to	detect	DR	and	currently	works	only	integrated	with	
the	Remidio	FOP	camera.	Additional	work	to	focus	on	grading	
of	DR,	and	detect	other	retinal	disorders	is	required.

Table 1: Performance of AI algorithms in the detection of 
referable diabetic retinopathy

AI software Sensitivity Specificity

FDA cut-off for superiority 85% 82.5%

Present Study Medios AI 98.8% 86.7%

Natarajan et al.[19] Medios AI 100% 88.4%

Rajalakshmi et al.[17] EyeArt 99.3% 68.8%

Bhaskaranand M et al.[18] EyeArt 91% 91%
IDx[13] IDx-DR 87.2% 90.7%

AI=Artificial intelligence, FDA=United States Food and Drug Administration
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Conclusion
In	 conclusion,	our	preliminary	 results	 show	 that	 the	novel	
AI	algorithm	has	high	sensitivity	and	specificity	in	detecting	
RDR	as	well	 as	VTDR.	This	 is	 probably	 the	 only	 software	
available	in	an	offline	mode	that	can	deliver	results	instantly	
in	 real-time.	 If	 used	 on	 a	 larger	 scale,	 it	 has	 the	potential	
of ensuring timely referrals. The results of the SMART 
Study	(Simple	Mobile-Based	Artificial	Intelligence	Algorithm	
in	the	diagnosis	of	Diabetic	Retinopathy)	with	a	sample	size	of	
900	patients	using	nonmydriatic	images	to	test	the	robustness	
of the Medios algorithm is awaited. Multiple larger studies 
that	show	reproducibility	and	consistency	can	help	validate	
the	 algorithm	 further.	We	 conclude	 that	 our	 findings	 are	
encouraging,	 further	work	 remains	 to	 improve	 the	 clinical	
validity of these algorithms.
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