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Background Key pitfalls of using Al in DR screening Key methods for facilitation of DR screening using Al

 Diabetes is becoming a global epidemic and diabetic retinopathy, a primary cause of blindness worldwide,

had an estimated global prevalence of 93 million in 2012[1]. Governance and telecommunications requirement Al assisting physicians

*Early diagnosis and treatment can prevent vision loss from diabetic retinopathy and artificial intelligence (Al) ( O The large UK study of automated DR screening highlighted that software running One prospective study from North America compared the ability of 10 ophthalmologists to grade

systems has been proposed as one option to increase screening. J Issues increased as a larger patient database was created[4]. This was reduced with fundus images with and without Al assistance[2]. Al assisted readings showed significantly increased

Deep Learning (DL) shows promising diagnostic potential in retrospective studies of Diabetic Retinopathy Q a cloud-based system but this has significant security implications for confidential confidence in gradings, particularly when assisted with an automated grading and a heatmap to

(DR) screening, with algorithms yielding sensitivities and specificities of over 90% when compared to human patient data storage. show the features on the image used by the Al to decide a particular grading[2].

grading[1]. Studies in lower resource settings highlighted that a strong internet connection was _

« However, there are significant concerns with implementation particularly with data privacy and quality control. required to generate a prediction, but this is impossible with poor connectivity, hence Quality control methods

As the practical use of Al is becoming a reality in current diabetic screening practices, there is a need to the use of offline systems in lower resource settings[14]. = A large study in Portugal over 3 years required all Al classified positive fundi with DR to be sent for

evaluate current best practices of the implementation of an Al DR screening programme in the literature. V) — human assessment[5]. A random subset of Al classified negative fundi were sent to reading centres

Incorporation into Clinical Workflow : : for human grad_ing as a qgality control measure and a percentage. of randomly selected images were
MethOdS ‘ -)’ In the study where Al was used to assist physician grading, despite the Al assisted sent for evaluation by an independent panel to further control quality(s]

A preliminary search was conducted to gather key terms to inform creation of the search string. Variations of i graders sel?—reporting significantly higher COI:]fiiljence ir? their%iagnc?ses, the time taken A r:?r:gle TUI.“_tslte study acr(?ss dThil.Iantd er;isijrled all tAI dlagnosteséi WETe fr(ﬁweweds by an

the terms “artificial intelligence” and “diabetic retinopathy” were combined using Boolean operators where .(_ ' to analyse images was 15-20 seconds longer (average was 50 seconds) with Al ophthalmologist to ensure no missed patients and false negatives prompted nurse follow up|3].

permitted. Additional hand. searching of relevant review articles _and references of included studies was assistance compared to unassisted graders and these differences were preserved Non-mydriatic fundus photographs

:Jnr;gfrﬁjéiz'g:fszi:;h;:I:bgazveis. (Ier:rclEJIzi)cl)erldc?ict:gr)isasv:/:elizl\gz?e’rl\r:iende“(;](te(’) irenbase, sel U [AEellin e EmeEni th;gugh(_mt the C(_)UFZG of the StUd)’[_Z]- Anotger Stu(;jy highl;ghgfd staf:‘]fruAsltration at tge This reduces the need for dilation to streamline workflow and increase patient acceptability[6].

. ? ed time treqimeth to rhectapturehlmageil't' Sl l:]ngra £ el tr:/ the i tsygtem [3] Hgyvever, ir_lsuffi(_:ient qu_ality images are not gradable by_AI sye_:tems. and _severa_tl stqdies _hf';\ve

. published in the last five years dmpkaVemetn 5 . el'phto C}?fap yd_fo_OH Itl 'tO”_S SIUC 515 at;]? oth Nnoo X 0 w;crease mltlgated this by.lntegratlng an Al .capablll.ty to alert the user |mm.ed.|atel}/ if the image is of.l.nsuffluent

. prospective studies of the use of Al or deep learning in DR screenin arkness, trning the fight oft was difticult 1o impiement as the same physical space quality, to allow image recapture in real time[6,7,8,9,10]. A multi-site trial across India mitigated the
J J often was being used for counselling[3]. common issue of image quality and unreadability by using convolutional neural networks and noise

 description of barriers or facilitators to implementation. . O . L
mechanisms to generate predictions for even lower quality non-mydriatic images[10]. Indeed, 96.1%

of images were fit for evaluation by the algorithm (n=1128), which was beneficial in the lower

Flguine I ey o shveles Inelieizel i fne ewslysle Conclusion resource setting with increased physical distance from patients to healthcare[10].
Best practice for the implementation of Al in DR screening Is emerging in the literature.

™ . . . . . . Smartphone use

c Further research iIs required iInto Information governance and data security for the . . . _

S Riscords identied through Additional records identified _ _ _ _ _ _ _ Several studies reported the benefits of using a smartphone by allowing the operator to use

S datab(ase ;‘;asf)ching thfoug*; Othf;)somces Implementation of Al in DR screening, particularly in lower resource settings. ergonomic touch functions to capture the image and reducing operator mobility to increase image

P = 0= . . . ) . . . . . . . . . . . . . . .

k- i i Further consideration is also required into the incorporation of Al into the clinical workflow quality [7,11,12].. One study in India integrated the offline automated analysis application into the

& : : : : , : smartphone-based retinal imaging system, allowing the technician to rapidly generate a diagnosis
o and ensuring all stakeholders, including patients, technicians and healthcare professionals .

o : (DR present/absent) in seconds|6].
t ¢ . . . - - - - - .

= R are involved in decision making surrounding implementation to promote stakeholder buy-in.

- Training

c

& l A multi-site study undertaken by Google Health in Thailand, included a training programme for non-

Q
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outcomes in less than 3 minutes[8] and one smartphone study, reported analysis in seconds [6]




