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Conclusion

▪ Best practice for the implementation of AI in DR screening is emerging in the literature.

▪ Further research is required into information governance and data security for the

implementation of AI in DR screening, particularly in lower resource settings.

▪ Further consideration is also required into the incorporation of AI into the clinical workflow

and ensuring all stakeholders, including patients, technicians and healthcare professionals

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

A Systematic Review of Global Implementation Practices of Deep Learning in Diabetic Retinopathy Screening

Methods
A preliminary search was conducted to gather key terms to inform creation of the search string. Variations of

the terms “artificial intelligence” and “diabetic retinopathy” were combined using Boolean operators where

permitted. Additional hand searching of relevant review articles and references of included studies was

undertaken. The search string was employed across PubMed, Medline, Embase, and the Health Management

Information Consortium databases. Inclusion criteria were determined to be

• full text articles 

• published in the last five years

• prospective studies of the use of AI or deep learning in DR screening

• description of barriers or facilitators to implementation. 

Figure 1: flow of studies included in the analysis 

Background
• 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].

•Early diagnosis and treatment can prevent vision loss from diabetic retinopathy and artificial intelligence (AI)

systems has been proposed as one option to increase screening.

•Deep Learning (DL) shows promising diagnostic potential in retrospective studies of Diabetic Retinopathy

(DR) screening, with algorithms yielding sensitivities and specificities of over 90% when compared to human

grading[1].

• However, there are significant concerns with implementation particularly with data privacy and quality control.

As the practical use of AI is becoming a reality in current diabetic screening practices, there is a need to

evaluate current best practices of the implementation of an AI DR screening programme in the literature.

AI assisting physicians
One prospective study from North America compared the ability of 10 ophthalmologists to grade

fundus images with and without AI assistance[2]. Al assisted readings showed significantly increased

confidence in gradings, particularly when assisted with an automated grading and a heatmap to

show the features on the image used by the AI to decide a particular grading[2].
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Key pitfalls of using AI in DR screening

Governance and telecommunications requirement
The large UK study of automated DR screening highlighted that software running

issues increased as a larger patient database was created[4]. This was reduced with

a cloud-based system but this has significant security implications for confidential

patient data storage.

Studies in lower resource settings highlighted that a strong internet connection was

required to generate a prediction, but this is impossible with poor connectivity, hence

the use of offline systems in lower resource settings[14].

Incorporation into Clinical Workflow
In the study where AI was used to assist physician grading, despite the AI assisted

graders self-reporting significantly higher confidence in their diagnoses, the time taken

to analyse images was 15-20 seconds longer (average was 50 seconds) with AI

assistance compared to unassisted graders and these differences were preserved

throughout the course of the study[2]. Another study highlighted staff frustration at the

added time required to recapture images deemed ungradable by the AI system [3].

Improvements to the photography conditions such as a cloth hood to increase

darkness, turning the light off was difficult to implement as the same physical space

often was being used for counselling[3].

Key methods for facilitation of DR screening using AI

Clinical Workflow
One study reported patient wait times to be between five minutes to three hours and nurses reported

using waiting time for patient education, foot examination or nutritional counselling[3]. There was a

large variation in time taken for imaging and AI analysis. One study reported the mean time for the

automated screening model was 6.9 +/− 1.4 minutes[13], another reported the nurse took

approximately 10 to 15 minutes to obtain images for both eyes, and the AI system provided reading

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

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

ophthalmologists to implement the screening[3]. Training included the actual image acquisition,

methods to improve image quality, and the input of images into the AI system[3]. A large primary care

study in the United States, used a 4-hour training programme to teach primary care workers to take a

non-mydriatic image[8].

Smartphone use
Several studies reported the benefits of using a smartphone by allowing the operator to use

ergonomic touch functions to capture the image and reducing operator mobility to increase image

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

(DR present/absent) in seconds[6].

Non-mydriatic fundus photographs
This reduces the need for dilation to streamline workflow and increase patient acceptability[6].

However, insufficient quality images are not gradable by AI systems and several studies have

mitigated this by integrating an AI capability to alert the user immediately if the image is of insufficient

quality, to allow image recapture in real time[6,7,8,9,10]. A multi-site trial across India mitigated the

common issue of image quality and unreadability by using convolutional neural networks and noise

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

resource setting with increased physical distance from patients to healthcare[10].

Quality control methods
A large study in Portugal over 3 years required all AI classified positive fundi with DR to be sent for

human assessment[5]. A random subset of AI classified negative fundi were sent to reading centres

for human grading as a quality control measure and a percentage of randomly selected images were

sent for evaluation by an independent panel to further control quality[5].

A large multi-site study across Thailand ensured all AI diagnoses were reviewed by an

ophthalmologist to ensure no missed patients and false negatives prompted nurse follow up[3].


