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28 What’s new?

29  Indigenous Australians are almost four times more likely to have diabetes than non-

30 Indigenous Australians, with diabetic retinopathy (DR) screening coverage much 

31 lower in remote and very remote Australia. 

32  Automated retinal image analysis (ARIA) software has not been applied to 

33 Indigenous Australians previously and in this study it is effective in triaging the 

34 presence and absence of DR. 

35  ARIA may facilitate DR screening programmes in these high-risk populations with 

36 retinal cameras for use in DR screening in non-urban regions of Australia and by 

37 also substantially reducing the workload of human graders.
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Abstract

53 Aim

54 To evaluate an automated retinal image analysis (ARIA) of indigenous retinal fundus 

55 images against a human grading comparator for the classification of diabetic retinopathy 

56 (DR) status. 

57 Methods

58 Indigenous Australian adults with type 2 diabetes (n=410) from three remote and very-

59 remote primary-care services in the Northern Territory, Australia, underwent tele-retinal 

60 DR screening. A single central retinal fundus photograph (opportunistic mydriasis) for 

61 each eye was later re-graded using a single ARIA and a UK human grader and national 

62 DR classification system. The sensitivity and specificity of ARIA were assessed relative 

63 to the comparator. Proportionate agreement and a Kappa statistic were also computed.

64 Results

65 Retinal images from 391 and 393 participants were gradable for ‘Any DR’ by the human 

66 grader and ARIA grader, respectively. ‘Any DR’ was detected by the human grader in 

67 185 (47.3%) participants and by ARIA in 202 (48.6%) participants (agreement=88.0%, 

68 Kappa =0.76,), while proliferative DR was detected in 31 (7.9%) and 37 (9.4%) 

69 participants (agreement=98.2%, Kappa=0.89,), respectively. The ARIA software had 

70 91.4 (95% CI 86.3-95.0) sensitivity and 85.0 (95% CI 79.3-89.5) specificity for detecting 

71 ‘Any DR’ and 96.8 (95% CI 83.3-99.9) sensitivity and 98.3 (95% CI 96.4-99.4) 

72 specificity for detecting proliferative DR. 

73 Conclusions

74 This ARIA software has high sensitivity for detecting ‘Any DR’ hence could be used as 

75 a triage tool for human graders. High sensitivity was also found for detection of 

76 proliferative DR by ARIA. Future versions of this ARIA should include maculopathy 

77 and referable DR (CSME and / or PDR). Such ARIA software may benefit diabetes care 

78 in less-resourced regions.

79  

80 Key words: diabetic retinopathy, Indigenous Australians, automated retinal image analysis
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119 Introduction

120

121 Diabetic retinopathy (DR) is a major cause of vision loss globally (1).  Detection through 

122 clinical examination or grading of retinal fundus images is essential to identify sight-

123 threatening retinopathy (STDR) to initiate timely ocular treatment and prevent vision loss, in 

124 addition to signalling need for control of systemic risk factors such as smoking and 

125 hyperglycaemia, which also attenuates the risk of other chronic diabetes complications (2). 

126 Detection of early DR is important to facilitate DR risk factor control and modify DR 

127 screening frequency. Annual DR screening is generally recommended in Australia, however 

128 the global diabetes prevalence is expected to increase from 463 million in 2019 to 700 

129 million by 2045 (3) therefore DR screening faces major challenges. 

130

131 National DR screening programmes, including that of the UK National Health Service 

132 Diabetic Eye Screening (DES) Programme, are effective, however require considerable time 

133 analysing images by trained, certified and quality assured human graders (4). DR screening 

134 guidelines acknowledge the need for innovative DES programmes which will vary depending 

135 on the community and resources available. People in less advantaged areas often have 

136 competing priorities, poorer access to care, time constraints, cost barriers, insufficient health 

137 literacy and awareness of DR, and often a lack of care coordination (5). Due to the expected 

138 increase in imaging volume, new solutions such as automated retinal image analysis (ARIA) 

139 may be an option to successfully analyse large volumes of retinal images on-site. In contrast 

140 to manual off-site human grading, ARIA may facilitate  real-time point-of-care DR grading. 

141

142 ARIA has been extensively reviewed, with some systems reporting high sensitivity and 

143 specificity in DR screening (6, 7). ARIA may reduce the need for manual graders and cost by 

144 decreasing the number of images requiring manual grading (8). Early ARIA programs were 

145 designed to detect specific DR characteristics such as microaneurysms or exudates (9-14), 

146 subsequently developing to examining the presence or absence of any retinopathy. More 

147 recently ARIA developers began testing whether ARIA could differentiate between DR 
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148 severity levels (15-17). Although ARIA performs well in retinal screening facilities using 

149 photographs taken by experienced photographers, it does not obviate an individual’s need for 

150 comprehensive eye exams based on their ocular and family history. There is limited research 

151 into ARIA’s accuracy in less advantaged populations or low resource settings using photos 

152 taken by non-ophthalmic clinicians (non-ophthalmologists and non-optometrists, including 

153 locally trained Indigenous workers, nurses and locum general practitioners) and where there 

154 is often high clinic and study staff turnover. To be clinically applicable, it is essential that 

155 ARIA performs well in areas with less experienced healthcare workers or non-ophthalmic 

156 clinicians. Therefore, this study aims to compare the accuracy of ARIA DR grading to 

157 manual DR grading [comparator], based on retinal images of Indigenous Australians with 

158 Type 2 diabetes acquired by locally-trained health workers in remote primary care clinical 

159 settings.

160

161 Participants and Methods

162 Study Design and Participants

163 The main aim was to assess the grading performance and diagnostic accuracy of an ARIA, 

164 using the UK National Health Service DES Programme manual grading as the reference 

165 standard. The Telehealth Eye and Associated Medical Services Network (TEAMSnet) study 

166 design and protocol have been previously published (18). The study was approved by the 

167 University of Melbourne, the Northern Territory Menzies School of Health Research and the 

168 Central Australian Human Research Ethics Committees. All participants provided written 

169 informed consent prior to participation.

170

171 Indigenous Australians (age≥18 years) from the Northern Territory of Australia with 

172 diagnosed Type 2 diabetes were recruited (11/2013-12/2015) from three remote primary-care 

173 services using active and opportunistic recruitment strategies. In Australia geographical 

174 accessibility to goods and services is reflected by the Accessibility/Remoteness Index of 

175 Australia, which measures the remoteness of a point based on the physical road distance to 

176 the nearest Urban Centre in each of five size classes. The enhanced preferred version 

177 currently in use is the Australian Standard Geographical Classification (ASGC) Remoteness 

178 Area classification of six Remoteness Area classes - Major Cities, Inner Regional, Outer 

179 Regional, Remote, Very Remote and Migratory (19). 

180
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181 DR screening included presenting (aided or unaided) visual acuity (VA) (Snellen VA chart). 

182 VA was categorised as; normal (6/6 or better), reduced (<6/6 but no worse than 6/12), 

183 impaired (<6/12 but no worse than 6/60) and blind (<6/60)(20). Pupils were dilated with one 

184 drop each of 1% tropicamide and 2.5% phenylephrine if indicated and clinical supervision 

185 was available. If undilated pupils were ≥4mm or mydriatic drops were contraindicated, 

186 dilation was not attempted. Brazionis et al reported opportunistic dilation in 54% (n=162) 

187 participants in the Central Australian diabetic retinopathy screening study, thought to have 

188 been similar to the current study (21). Using a Canon CR-2 fundus camera a central retinal 

189 image was captured by locally trained staff. Effectiveness of care may decrease with high 

190 staff turnover and use of short-term staff (22), as herein. Images, automatically captured by 

191 the Global Retinal Imager software application, were securely transmitted as converted 

192 (DICOM) HL7 messages over a Secure Socket Layer encrypted tunnel to the Melbourne 

193 Centre for Eye Research Australia (CERA) server. De-identified retinal images were then 

194 transferred in person (LB) using a portable hard-drive to Queen’s University Belfast, UK for 

195 manual grading and to the University of Surrey, UK for automatic retinal grading. 

196

197 Human Retinal Grading

198 Images were graded by a single trained and certified grader at the Belfast Ophthalmic 

199 Reading Centre (BORC). Grading was based on the National Health Service DES 

200 Programme (4). Each participant was categorised into no apparent DR (R0), background 

201 retinopathy (R1), pre-proliferative retinopathy (R2) or proliferative retinopathy (R3). Any 

202 ungradable images were listed as such. If the grader was unsure of the grade, images were 

203 adjudicated by an expert (ophthalmologist) clinician (TP). 

204

205 Automated Retinal Image Analyses System

206 The ARIA system has been described in detail and validated previously (23). 

207

208 Discordant cases

209 In cases where ARIA disagreed with the human grading original images were reviewed by a 

210 research fellow (NQ). Ten percent of images checked by NQ were also graded by an 

211 ophthalmic clinician and retinal grading specialist (LB). 

212

213 Statistical Analysis

214 Data were analysed using IBM SPSS Statistics for Windows, Version 25.0 (Armonk, NY: 
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215 IVM Corp). DR prevalence was determined for both human and ARIA grading. Cross-

216 tabulation was used to compute DR stages between ARIA and the human grader. 

217 Differences between the human grader and ARIA were assessed using sensitivity and 

218 specificity analysis. With the human grader as the reference standard and ARIA as the test 

219 grading protocol, we computed sensitivity and specificity values for the ability of ARIA to 

220 a) diagnose any retinopathy (R1-R3) and b) differentiate between DR stages. DR 

221 prevalence was reported on participant-level (clinical) data, and all other outcomes were 

222 reported on eye-level data. While results at eye level may be more relevant to assess raw 

223 algorithm performance, those at participant level are more clinically relevant. Proportionate 

224 agreement and Kappa statistic was computed between ARIA and human grading for 

225 participants with Any DR and DR severity stages. 

226

227

228 Results

229

230 Of 410 Indigenous Australians screened, 400 had retinal images for both eyes and 10 

231 participants had retinal images for a single eye. For ARIA and human grading 60 eyes (43 

232 participants) and 68 eyes (50 participants) were ungradable, respectively. For human 

233 grading 742 eyes from 391 participants were available for analysis. For ARIA grading 750 

234 eyes from 393 participants were available for analysis. A total of 391 participants were 

235 graded by both human and ARIA. Reasons for ungradable ARIA images included; cataract 

236 (21.7%), poor image quality (71.7%), unknown (5.0%) and pterygium (1.7%). Human 

237 grading had an additional eight ungradable images due to cataracts and poor image quality.

238

239 As shown in Table 1A, DR prevalence, based on human grading was 47.3% (n=185), 

240 while 116 (29.7%), 38 (9.7%) and 31 (7.9%) participants were classified as R1, R2 or R3, 

241 respectively. Using ARIA grading, overall DR prevalence was 48.6% (n=202) with 110 

242 (28.0%), 55 (14.0%) and 37 (9.4%) classified as R1, R2 or R3, respectively. 

243 Table 1A also shows discordant cases between ARIA and human grading. A total of 57/391 

244 (14.6%) cases were deemed false negatives and 42/391 (10.7%) were considered false 

245 positives for R1-R3. After arbitration, the main causes for false positives included poor 

246 image quality / small pupil 10/42 (23.8%), cataract 7/42 (16.7%), artefacts 6/42 (14.3%) 

247 and other pathology 2/42 (4.8%). The main reasons for false negatives included other 

248 pathology / treatment 11/57 (19.3%), cataract 17/57 (29.8%), poor image quality / small 
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249 pupil 14/57 (24.6%) and artefacts 11/57 (19.3%).

250

251 Comparing ARIA to the reference standard (human grader), the sensitivity and specificity 

252 of ARIA software to diagnose prevalent DR [per eye] was 91.7% (95% CI, 88.0% - 94.6%) 

253 and 90.5% (95% CI, 87.3% - 93.0%), respectively. Sensitivities and specificities (%) for 

254 each individual retinopathy grade ranged between 74.6 - 95.7% and 90.5 - 98.6%, 

255 respectively (Table 2B). For participant level data, ARIA software sensitivity and 

256 specificity to diagnose any DR was 91.4% (95% CI, 86.3 - 95.0) and 85.0% (95% CI, 79.3 - 

257 89.5), respectively. For R1-R3 DR levels, sensitivity and specificity of ARIA ranged 70.7% 

258 - 96.8% and 89.8% - 98.3%, respectively, with R1 having the lowest sensitivities for both 

259 participants and all available eyes (Table 2B). Agreement analysis between ARIA and the 

260 human grader for ‘Any DR’ and each retinopathy stage ranged 84.1% - 98.2%. 

261 Proportionate agreement and kappa values were 88.0% (0.76), 84.1% (0.61), 92.3% (0.63), 

262 98.2% (0.89) for ‘Any DR’, R1, R2 and R3 respectively.

263

264

265 Table 2 shows details of ARIA and human grading where a) both eyes had the same grade, 

266 b) only one eye had the same grade or c) both eyes had different grades. In 317 (77.3%) 

267 participants both eyes were graded the same by ARIA and the human grader, 57 (13.9%) 

268 participants had one eye the same grade and in 19 (6.3%) participants both eyes had 

269 different DR grades. Ten participants (2.5%) had images for one eye only. Of these, eight 

270 had the same grade in ARIA and human grading. ARIA graded worse than the human 

271 (human=R1, ARIA=R2) in one eye and the 10th eye was ungradable by the human grader 

272 whereas ARIA graded that eye as R3. Supplementary Table 1 compares ARIA and human 

273 grading for all eyes. ARIA tended to grade a higher level of DR than the human grader, 

274 which is commented on in the discussion. 

275

276  

277 Discussion

278 To our knowledge, this is the first study to utilise ARIA software in Indigenous Australians 

279 with diabetes. Study results show that the ARIA software may assist the detection of ‘Any 

280 DR’, in triaging images that need to be manually graded. This study used a single ARIA 

281 system by the University of Surrey and other ARIA systems might perform differently. 

282 Most DR screening programmes in well-resourced settings use staged mydriatic 2-field 
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283 imaging and human grading protocols, based on achieving diagnostic test accuracies of at 

284 least 80% sensitivity and 95% specificity (4). Whether this ARIA software may already 

285 have some utility in regular DR screening for people with diabetes in less-advantaged and 

286 under-resourced areas where access to and uptake of screening is limited is of interest, but 

287 not yet fully resolved. Retinal imaging and grading by trained retinal graders are widely 

288 accepted for DR screening (24),  however lack of trained retinal graders physically in 

289 remote / very remote Australia is a major problem. Having to send images off-site for 

290 grading may delay reporting of DR status, potentially delaying treatment for those who 

291 need it, particularly as referrals to ophthalmology may require individuals travelling by 

292 plane or waiting for outreach ophthalmology services. For this reason and the high 

293 prevalence of DR in these populations, artificial intelligence for on-site primary image 

294 analysis during the DR screening process could play an important role. 

295 DR prevalence in this indigenous primary-care setting was high, 47% (21) using the 

296 NHMRC clinical guidelines for DR management, based on the ETDRS classification for 

297 DR (2008) (25). In the current study, DR grading was by ARIA software (designed to grade 

298 to UK criteria), not yet approved for clinical use, although it has been trialled on other 

299 populations using different retinal fundus cameras (22), and a UK human grader using the 

300 UK national screening programme DR classification. At individual level, we report high 

301 sensitivity for ARIA in detecting any DR (91.4%). This is similar to that reported by 

302 Rajalakshmi et al (2018) where they used an alternate AI system, (EyeArt), at a tertiary 

303 care diabetes centre in India, capturing three retinal images using a smartphone-based 

304 device and reported a sensitivity of 95.8% for detection of any DR. Another study, using 

305 the Medios AI system, captured two retinal images and reported similar sensitivity and 

306 specificity values (26). The high sensitivity produced for any DR in this study suggests that 

307 the ARIA used is a useful primary-care tool for triaging to human graders and ultimately 

308 reducing the workload, time, cost and variability of human DR grading.  Other studies used 

309 more retinal fields in their imaging protocol compared to the single-image protocol in our 

310 grading study. Despite this, we found a higher sensitivity in the detection of any DR. If 

311 only one retinal image proves sufficient for detecting any DR, this may further reduce cost 

312 and time to image and triage a patient to human grading. However, future studies are 

313 needed in which the imaging protocol remains the same i.e. a single image as herein vs. a 2-

314 image protocol (e.g. as per the NHS DES Programme protocol) to test whether any DR is 

315 missed with a single image.

316
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317 The main function of current grading systems is to identify referable cases requiring eye 

318 treatment and, increasingly, to identify people at risk of progression to ensure they are 

319 screened in a timely manner. In the current study the ARIA software had a sensitivity of 

320 96.8% for DR grade R3, however this ARIA version didn’t take into account a combined 

321 score for ‘any referable DR’, ≥R2, nor does it have separate maculopathy grading. Optical 

322 coherence tomography, the gold standard for diagnosing maculopathy, would ideally be used 

323 alongside ARIA, however, in remote Australia only portable OCT’s would be practical, and 

324 these are not yet widely available in this region. Olson et al (2013) reported that OCT 

325 imaging in patients at higher risk of maculopathy prior to clinical examination, reduced 

326 health service costs, further supporting OCT integration into DR screening programmes (27). 

327

328 ARIAs offer the opportunity to broaden the delivery of a much needed screening service, 

329 while also freeing resources for other priority areas in health-care, as well as potentially 

330 facilitating the organisation and facilitation of a DR screening service into less resourced 

331 settings. In this study, ARIA was used offsite by its developers in collaboration with the 

332 TEAMSnet study group. Should ARIA be used in geographically remote and very remote 

333 settings, it is preferable for the software to be on local computers, rather than ‘in the cloud’ as 

334 used in many studies (28-30), as internet connectivity is often episodic and less reliable in 

335 rural and remote regions. Furthermore, some cultural groups restrict health data going off-

336 site. 

337 More detailed evaluation is required for accurate interpretation of false positives and false 

338 negatives. Reasons for over-grading by ARIA were primarily the presence of other pathology 

339 and poor image quality, mainly due to cataracts and/or avoidable imaging artefacts. Another 

340 reason for ‘over-grades’ may be due to the presence of maculopathy, which is graded 

341 separately from retinopathy in the UK grading system. An advantage of arbitrating discordant 

342 images is that a human grader can discern reasons why ARIA over- or under-graded the 

343 retinopathy level, thereby providing important information for future software development. 

344 Of the false negatives found herein, none had sight-threatening DR. 

345 Both study strengths and limitations exist: Unlike previous ARIA studies that used excellent 

346 image quality, this study analysed images of widely varying quality taken by locally trained 

347 primary-care health workers, thus is more representative of real-world primary-care DR 

348 screening. The study was a clinical study of a high DR risk group. An experienced certified 

349 human grader [the comparator] graded the images as per the UK national DR screening 

350 protocol. In addition, the original DR grading results of certified Australian graders were 
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351 made available for comparison with the UK human and ARIA grades: the frequency of DR 

352 and its various stages by Australian NHMRC grading criteria were comparable. Adjudication 

353 by two experienced retinal graders of ARIA false positives and negatives provides insights 

354 that may aid in future software development. The current ARIA software version may be 

355 suitable for desktop or local server use for triaging images to human grading. Study 

356 limitations include the lack of data on diabetic maculopathy, which is a very important sight-

357 threatening complication of DR. Missing information on referable DR is another important 

358 limitation for the current version of this ARIA software. Only one (comparator) human 

359 grader was used in this study.  Another limitation includes the diagnostics and evaluation of 

360 false positives and negatives requiring future studies. 

361

362 Conclusion

363 This study presents a current ARIA software as a potentially useful tool in DR screening in 

364 remote and very remote Indigenous Australians for triaging screened participants into two 

365 groups – those without reduced vision and/or DR who should be screened locally according 

366 to national guidelines and the remainder with DR and/or impaired vision who require human 

367 grading for severity, referral and follow-up. This would reduce the workload of human 

368 graders by half in this clinical setting and population by eliminating those without DR or 

369 reduced vision. In due course, updated ARIA versions of this application may achieve 

370 adequate sensitivity for the detection of referable retinopathy and maculopathy. Human 

371 graders could then prioritise their efforts to the quality assurance of all elements of an ARIA-

372 based DR screening program.   

373
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Table 1 ARIA diagnostic performance relative to a human grading comparator* for diabetic retinopathy classification. 

A. By participant

Human gradingARIA

R0 n (%) R1 n (%) R2 n (%) R3 n (%) Ungradable n 

(%)

R0 n (%) 175 (85.0) 26 (12.6) 4 (1.9) 1 (0.5) 0 (0)

R1 n (%) 16 (13.8) 82 (70.7) 18 (15.5) 0 (0) 0 (0)

R2 n (%) 0 (0) 2 (5.3) 31 (81.6) 5 (13.2) 0 (0)

R3 n (%) 0 (0) 0 (0) 1 (3.2) 30 (96.8) 0 (0)

Ungradable n 

(%)

0 (0) 0 (0) 1 (6.7) 1 (6.7) 13 (86.7)

B. Sensitivity and specificity by eye and participant. 

Comparator DR All available eyes Participant worse eye
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status ARIA Sensitivity % 

(95%CI)

ARIA Specificity % 

(95%CI)

ARIA Sensitivity % 

(95%CI)

ARIA Specificity % 

(95%CI)

Any DR 91.7 (88.0 - 94.6) 90.5 (87.3 - 93.0) 91.4 (86.3 – 95.0) 85.0 (79.3 - 89.5)

R1 74.6 (67.8 - 80.6) 93.3 (90.9 - 95.3) 70.7 (61.5 - 78.8) 89.8 (85.6 - 93.1)

R2 83.6 (72.5 - 91.5) 95.4 (93.5 - 96.9) 81.6 (65.7 - 92.3) 93.5 (90.4 - 95.8)

R3 95.7 (85.1 - 99.5) 98.6 (97.3 - 99.3) 96.8 (83.3 - 99.9) 98.3 (96.4 - 99.4)

Abbreviations: ARIA  

Definitions: R0: no apparent DR (ETDRS Level 10; DR absent), R1: background DR (ETDRS Mild NPDR Level 20 & Moderate NPDR Level 

35-43), R2: pre-proliferative DR (ETDRS Moderate NPDR Level 47 & Severe NPDR Level 53), R3: proliferative DR (ETDRS PDR Level 61-

85)

* Reference standard   ^ Percentages are within overall human grading 
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Table 2 Number of participants with both eyes the same DR grade, only one eye the same grade, both eyes different grade and DR grades of participants 

with only one eye available for analysis for ARIA and human comparator

Human 

grade

ARIA 

grade

Number

Number of participants with both eyes the same grade 317

Only 1 eye the same grade 57 

Second eye worse in ARIA than in human 42 

R0 R1 19 

R2 3 

R3 0 

UG 0 

R2 10 

R3 0 

R1

UG 0 

R3 3 R2

UG 0 

Human grade UG, ARIA grade R2 7 

Second eye better in ARIA than in human 15
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R1 R0 11

R2 R1 2

R3 R2 2

Both eyes different grade 26

Both eyes worse in ARIA than in human 19

R0R0 R2R2 1

R0R0 R3R2 1

R0R0 R1R1 8

R1R1 R2R2 6

R2R2 R3R3 3

Both eyes better in ARIA than in human 7

R1R1 R0R0 7

10 subjects with only a single eye available for analysis 10

Eyes were the same in ARIA and human 8

R0 R0 5

R1 R1 2

R2 R2 1

Eyes ARIA was worse than human R1 R2 1

Eyes human was UG whereas ARIA graded it as R3 UG R3 1

Total 410
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Abbreviations: ARIA (Automated Retinal Image Analysis), UG (Ungradable)

Definitions: Definitions: R0: no apparent DR (ETDRS Level 10; DR absent), R1: background DR (ETDRS Mild NPDR Level 20 & Moderate 

NPDR Level 35-43), R2: pre-proliferative DR (ETDRS Moderate NPDR Level 47 & Severe NPDR Level 53), R3: proliferative DR (ETDRS 

PDR Level 61-85) 
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