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Abstract: The current diagnostic aids for acute vision loss are static flowcharts that do not provide dy-
namic, stepwise workups. We tested the diagnostic accuracy of a novel dynamic Bayesian algorithm
for acute vision loss. Seventy-nine “participants” with acute vision loss in Windsor, Canada were
assessed by an emergency medicine or primary care provider who completed a questionnaire about
ocular symptoms/findings (without requiring fundoscopy). An ophthalmologist then attributed an
independent “gold-standard diagnosis”. The algorithm employed questionnaire data to produce a
differential diagnosis. The referrer diagnostic accuracy was 30.4%, while the algorithm’s accuracy
was 70.9%, increasing to 86.1% with the algorithm’s top two diagnoses included and 88.6% with
the top three included. In urgent cases of vision loss (n = 54), the referrer diagnostic accuracy was
38.9%, while the algorithm’s top diagnosis was correct in 72.2% of cases, increasing to 85.2% (top
two included) and 87.0% (top three included). The algorithm’s sensitivity for urgent cases using
the top diagnosis was 94.4% (95% CI: 85–99%), with a specificity of 76.0% (95% CI: 55–91%). This
novel algorithm adjusts its workup at each step using clinical symptoms. In doing so, it successfully
improves diagnostic accuracy for vision loss using clinical data collected by non-ophthalmologists.

Keywords: algorithm; diagnosis; differential; vision disorder; vision loss

1. Introduction

Diagnoses of acute vision loss often pose significant challenges for healthcare providers [1].
Diagnostic uncertainty causes the suboptimal triaging of cases, leading to unnecessary tests
and referrals and delayed patient care [2,3].

Clinicians are natural Bayesian decision makers. They use known history and physical
exam results (pre-test odds) to adjust the probability of a given disease and infer the
next appropriate workup step [4]. Current resources available to the non-ophthalmologist,
such as UpToDate and clinical practice guidelines, have limitations. While UpToDate
provides encyclopedic and comprehensive documentation on many clinical disorders, it
fails to provide easy, stepwise workups [5]. Clinical practice guidelines use static algorithms
(traditional flowcharts) to provide general approaches [6]. However, static algorithms do
not account for pre-test probability when suggesting the next steps. They require users
to ask the same series and number of questions to obtain a diagnosis, rendering them
inflexible and inefficient [7,8].

The field of medical diagnostics is being transformed by electronic aids that utilize
machine learning and artificial intelligence. Within the field of ophthalmology, these tools
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have made it possible to automate the detection of diabetic retinopathy and glaucoma
from retinal fundus imaging and the detection of choroidal neovascularization from Ocular
Coherence Tomography (OCT) images [9–11]. These valuable electronic aids have the
potential to improve triaging for patients who have already been referred to specialists [12].
These tools largely focus on diagnostics based on imaging and do not take symptoms and
signs into account. There is a paucity of clinical decision support resources to aid general
practitioners and emergency department staff at point of care.

A robust, dynamic algorithm that simplifies and communicates a clear medical workup
has the potential to fill this gap in the available diagnostic aids. The authors (AD and RD)
developed Pickle, a novel app that uses Bayesian algorithms to provide primary care prac-
titioners with appropriate workups for common ophthalmic presentations. The algorithms
employ a dynamic Bayesian feedback process to recreate themselves continuously at each
step of decision making.

This study tested the acute vision loss algorithm of the Pickle app by comparing its
diagnostic accuracy to that of referring and specialist physicians. Similar early interven-
tion diagnostic decision-support systems for primary care practitioners have been shown
to improve diagnostic accuracy, eliminate unnecessary tests and referrals, and decrease
wait times [13–16].

2. Materials and Methods
2.1. Pickle App Design and Development

The authors (AD and RD) developed Pickle, a novel app that employs a dynamic
Bayesian feedback process. Figure 1 shows the Pickle app user interface. Pickle prompts the
user with 3–4 initial “Yes/No/I don’t know” questions to begin narrowing the differential
diagnosis. It then provides a differential diagnosis ranked by likelihood according to the
user’s answers. Subsequently, Pickle employs a proprietary Bayesian-grounded artificial
intelligence program to provide the most appropriate next step for the workup. Specif-
ically, the most recent differential diagnosis is analyzed to determine which remaining
questions can rule out diagnoses, markedly reduce their likelihood, or markedly increase
their likelihood. Questions are stored against a table of values that represent their abil-
ity to stratify diseases by raising or decreasing the level of suspicion for certain diseases
depending on the answer. Generally, using a Bayesian approach, the question with the
highest potential difference between pre-test probability and post-test probability is asked
of the user to expedite the algorithm’s decision-making. The dynamic part of the program
is repeated until the user terminates the program or the level of suspicion for the top
diagnosis heavily outweighs that of the others. Additionally, users can select a diagnosis
within the differential to see which symptoms or history support or refute it.

The authors have currently made Pickle available for beta testing in three Ontario
emergency room settings. Access will be expanded free-of-charge to all English-speaking
clinicians in future months when the technological infrastructure can support them. Future
algorithms may be translated and updated for use in specific geographical areas. The app
will operate as a third-party diagnostic aid. If in the future it is integrated as a widget into
current electronic medical records (EMRs), regulatory approval may be required, but it has
not been pursued at this time. Pickle’s algorithms have the potential to improve diagnostic
decisions at point of care in primary care settings, thus impacting immediate management
and referral decisions.
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Figure 1. Pickle app user interface.

2.2. Study Design and Sample

The study design tests the hypothesis that a dynamic Bayesian algorithm can improve
the diagnostic accuracy of vision loss complaints when compared to that of primary care
physicians, using an ophthalmologist’s diagnostic impression as a gold standard. This
study was conducted in accordance with the tenets of the Declaration of Helsinki.

This was a prospective study. A questionnaire was developed with a list of all possible
algorithm questions (Figure 2). Questions focused on a patient’s medical history and
physical examination and did not necessitate fundoscopy.
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Patient initials: __________         Vision Loss Questionnaire.  
 

  Yes   No  NA   

Is there a binocular field defect?        
  

Is the patient’s age below 50?    
  

  
  

  
  

Is there an afferent defect?    
  

  
  

  
  

Is only part of the visual field lost or affected?    
  

  
  

  
  

Are there abnormal extraocular movements or proptosis?    
  

  
  

  
  

Is visual acuity reduced?    
  

  
  

  
  

Does the visual problem resolve or markedly improve by 
looking through a pinhole?  

  
  

  
  

  
  

Is a red reflex present when light is shone on the eye?    
  

  
  

  
  

Does the patient have diabetes or hypertension?    
  

  
  

  
  

Is there a new onset of flashes or floaters?    
  

  
  

  
  

Do the flashes or disturbance in vision last 5 to 30 minutes 
before improving?  

  
  

  
  

  
  

On confrontation field testing, is there complete loss of 
vision in part of the visual field?  

  
  

  
  

  
  

Is the ESR or CRP elevated?    
  

  
  

  
  

Clinical diagnosis/ Comments:  Incoming diagnosis:  
 
 
Final diagnosis by Ophthalmology:   

Figure 2. Questionnaire including all possible questions of the Pickle vision loss algorithm.

The paper questionnaire was distributed to all healthcare providers (emergency de-
partments and primary care physicians) who referred adult patients with acute vision
loss to an ophthalmologist in Windsor, Ontario, Canada. Questionnaires were completed
by hand and did not employ checkboxes or multiple-choice formats when prompting for
the referrer’s diagnosis. Inclusion criteria comprised (i) adults above the age of 18 who
(ii) presented with acute vision loss, as (iii) determined by the referring physician with
(iv) no prior diagnosis for the presenting complaint. Those who presented with concurrent
red eye or diplopia were not excluded. The time interval between the referrer assessment
and the ophthalmologist assessment was less than one week for all patients, with no clinical
interventions during this interval. A consecutive series sampling method was used, with a
sample size of 79 patients. This sample size allowed for all causes of acute vision loss to be
represented. Data were collected between October 2020 and March 2021.

Referrers completed the questionnaire based on the patient’s medical history and
physical assessment and documented their suspected diagnosis (termed the “referrer
diagnosis”). The questionnaire with the referrer diagnosis was faxed alongside a referral to
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the staff ophthalmologist. The ophthalmologist then assessed the patient and attributed
a gold-standard diagnosis. Since the ophthalmologist received the referral, he was not
blinded to the referrer diagnosis. Post-visit, questionnaire data were entered into Pickle’s
vision loss algorithm to produce an algorithm differential. Questions for which no responses
were documented by referrers were entered as “don’t know” on the algorithm. The
ophthalmologist was blinded to the algorithm differential.

2.3. Algorithm Diagnoses

The algorithm may make 13 possible diagnoses for acute vision loss based on conven-
tional ophthalmological diagnostic grouping:

1. Optic neuritis
2. Optic nerve compression
3. Non-arteritic anterior ischemic optic neuropathy (NAION)/branch retinal artery

occlusion (BRAO)/branch vein occlusion (BVO)
4. Central retinal artery occlusion (CRAO)
5. Central vein occlusion (CVO)
6. Temporal arteritis
7. Other macular disease
8. Peripheral retinal issue (retinal tear or detachment)
9. Vitreous floaters/posterior vitreous detachment (PVD)
10. Vitreous hemorrhage
11. Lens/cornea issue (including acute angle glaucoma)
12. Migraine
13. Post-chiasmal disease

This list of possible diagnoses was available to the staff ophthalmologist as well as to
the investigators who entered the clinical data from referrers into the algorithm.

NAION, BRAO, and BVO were assimilated into a single diagnostic group (#3) since
they may present with symptoms of peripheral vision loss. This is contrasted with other
macular causes of vision loss that comprise diagnostic group #7, including central serous
chorioretinopathy, wet macular degeneration, macular hole, epiretinal membrane, and
cystoid macular edema. This classification allows for differentiation between the two
groups using only symptoms and is therefore of greater use to the non-ophthalmologist.
Further differentiation between individual diagnoses within groups #3 and #7 would
require ophthalmic investigation/equipment.

A list of abbreviations and their meanings are shown in Table 1.

Table 1. Abbreviations.

Abreviation Meaning

BRAO Branch retinal artery occlusion
BVO Branch vein occlusion
CRAO Central retinal artery occlusion
CVO Central vein occlusion
NAION Non-arteritic ischemic optic neuropathy
PVD Posterior vitreous detachment

2.4. Outcome Measures and Data Analysis

The referrer diagnostic accuracy was defined as the concordance between the referrer
diagnosis and the gold-standard diagnosis. If no diagnosis was made by the referrer, this
was considered an incorrect diagnosis. Algorithm diagnostic accuracy was defined as the
concordance between the algorithm differential and the gold-standard diagnosis. Since the
algorithm ranks the differential diagnoses, accuracy was assessed based on three divisions:
the accuracy of the top-scoring diagnosis (Top 1), the top two scoring diagnoses (Top 2),
and the top three scoring diagnoses (Top 3). For further analysis, diagnoses were grouped
into 6 different clusters based on anatomical demarcations in the visual axis:
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I. Peripheral Retinopathy/Vitreous
II. Optic Nerve/Circulation
III. Other Macular Disease
IV. Media
V. Migraine
VI. Post-Chiasmal Disease

The referrer and algorithm diagnostic accuracies were determined for each cluster. These
measures were also determined for a subset of urgent cases. The sensitivity and specificity of
the algorithm’s ability to identify cases as urgent or non-urgent were computed.

3. Results

Questionnaires were completed for 79 patients referred with acute vision loss between
October 2020 and March 2021. All questionnaires were included in the analysis.

Based on the gold-standard diagnosis, the causes of vision loss were: vitreous hem-
orrhage (n = 13), peripheral retinal issue (n = 12), NAION/BRAO/BVO (n = 11), other
macular disease (n = 8), lens/cornea issue (n = 6), vitreous floaters/PVD (n = 5), migraine
(n = 6), CVO (n = 3), optic neuritis (n = 4), CRAO (n = 2), temporal arteritis (n = 3), optic
nerve compression (n = 5), post-chiasmal disease (n = 2), and endophthalmitis (n = 1). Two
cases had both a peripheral retinal issue and a vitreous hemorrhage. When clustered, there
were 28 cases of Peripheral Retinopathy/Vitreous, 28 of Optic Nerve/Circulation, 8 of
Other Macular Disease, 6 of Media, 6 of Migraine, 2 of Post-Chiasmal Disease, and 1 Other
(endophthalmitis) (Table 2).

Table 2. Number of individual diagnoses per diagnostic cluster. Abbreviations: BRAO (branch retinal
artery occlusion), BVO (branch vein occlusion), CRAO (central retinal artery occlusion), CVO (central
vein occlusion), NAION (non-arteritic ischemic optic neuropathy), PVD (posterior vitreous detachment).

Diagnostic Cluster Diagnoses

Peripheral Retinopathy/Vitreous (n = 28) 1
Vitreous hemorrhage (n = 13)
Peripheral retinal issue (n = 12)
Vitreous floaters/PVD (n = 5)

Optic Nerve/Circulation (n = 28)

NAION/BRAO/BVO (n = 11)
CVO (n = 3)
Optic neuritis (n = 4)
CRAO (n = 2)
Temporal arteritis (n = 3)
Optic nerve compression (n = 5)

Other Macular Disease (n = 8) Other macular disease (n = 8)
Media (n = 6) Lens/cornea issue (n = 6)
Migraine (n = 6) Migraine (n = 6)
Post-Chiasmal (n = 2) Post-chiasmal disease (n = 2)
Other (n = 1) Endophthalmitis (n = 1)

1 Accounting for two patients with both a peripheral retinal issue and a vitreous hemorrhage.

3.1. Referrer Diagnostic Accuracy

The referrer diagnosis was correct in 30.4% (24/79) of cases (Figure 3). Thirty-seven
referrals either had no attempted diagnosis or only described a sign or symptom, for exam-
ple, “floaters and flashes” or “vision loss NYD” (not yet diagnosed). These were marked as
incorrect. The most common referrer diagnoses were retinal detachment (n = 18) and stroke
(n = 8). The referrer diagnostic accuracy was 50.0% for Peripheral Retinopathy/Vitreous
(14/28), 32.1% for Optic Nerve/Circulation (9/28), 0% for Other Macular Disease (0/8),
0% for Media (0/6), 0% for Migraine (0/6), and 50.0% for Post-Chiasmal Disease (1/2)
(Figure 3, Table 3).
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Figure 3. Referrer and algorithm diagnostic accuracies for all diagnoses and by diagnostic cluster.

Table 3. Referrer and algorithm diagnostic accuracies for each diagnostic cluster.

Diagnostic Cluster

Diagnostic Accuracy

Algorithm Differential

Referrer Diagnosis Top Diagnosis Top 2 Diagnoses Top 3 Diagnoses

Peripheral Retinopathy/Vitreous
(n = 28) 14/28 21/28 25/28 26/28

Optic Nerve/Circulation (n = 28) 9/28 19/28 23/28 23/28
Other Macular Disease (n = 8) 0/8 8/8 8/8 8/8

Media (n = 6) 0/6 4/6 5/6 6/6
Migraine (n = 6) 0/6 2/6 5/6 5/6

Post-Chiasmal (n = 2) 1/2 2/2 2/2 2/2
Other (n = 1) 0/1 0/1 0/1 0/1

Total 24/79 56/79 68/79 70/79

3.2. Algorithm Diagnostic Accuracy

When considering only the top-scoring diagnosis of the differential, the algorithm’s
diagnostic accuracy was 70.9% (56/79). When considering the top two diagnoses, accuracy
was 86.1% (68/79). When considering the top three diagnoses, accuracy was 88.6% (70/79)
(Figure 3). Table 3 displays the referrer and algorithm diagnostic accuracies for each of the
diagnostic clusters.

3.3. Referrer and Algorithm Diagnostic Accuracy in Urgent Conditions

Fifty-four cases were deemed “urgent conditions” needing rapid referral to consider
serious pathology. These were in the following clusters: peripheral retina, vitreous hemor-
rhage, optic nerve, and post-chiasmal disease. The referrer diagnostic accuracy for urgent
conditions was 38.9% (21/54), with 22 of these cases lacking a referrer diagnosis (Figure 4).
The algorithm diagnostic accuracy for these urgent cases was 72.2% (39/54) when consider-
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ing the top diagnosis. This increased to 85.2% (46/54) with the top two diagnoses and 87.0%
(47/54) with the top three diagnoses. Additionally, for these urgent cases, the algorithm’s
top diagnosis was correct in 22 cases that were not accurately diagnosed by referrers.
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For non-urgent cases, the algorithm correctly diagnosed 68.0% of cases (17/25). The
referrer sensitivity for determining the urgency of cases, regardless of the diagnosis, was
57.4% (95% CI: 43–71%). The referrer specificity for the same was 84.0% (95% CI: 64–95%).
However, the algorithm sensitivity for the urgency of a case using the top diagnosis was
94.4% (95% CI: 85–99%). The algorithm specificity was 76.0% (95% CI: 55–91%).

4. Discussion

The baseline accuracy of referring healthcare providers was 30.4% for all cases, rising to
38.9% for urgent cases. No referring diagnosis was made in nearly half of all referrals, which
may reflect a lack of confidence to attempt a diagnosis or consider a differential. Given
that the questionnaires were hand-written, non-prompted (no checkboxes for diagnoses),
and anonymous, it was thought that they would encourage referrers to provide their own
diagnoses. Referrals were more likely to have a diagnosis when patients had flashes and
floaters with normal visual acuity. A recent study of referrals to an emergency eye clinic
found referral diagnostic accuracy to be 39% for emergency physicians and 33% for primary
care practitioners [17]. These findings demonstrate that diagnostic decision aids would
benefit non-ophthalmologists who assess patients with vision loss.

Given equivalent clinical data, the algorithm improved on the referrer diagnostic accuracy
(30.4%) to a range of 70.9–88.6%. The difficulty of performing accurate direct ophthalmoscopy
is clearly known [18]. Importantly, the algorithm’s questions did not require the user to
conduct a fundus exam, instead querying only the presence of a red reflex.

Technological advancements are increasingly improving medical diagnostics. Avail-
able electronic aids have focused on improving diagnostics by automating image analy-
sis [9–12]. However, most of these AI-assisted technologies are designed to identify a single
disease, in contrast to our algorithm that differentiates between diagnoses [19]. Further-
more, the difficulty of detecting rare diseases using images and deep learning methods is
known [20]. While these tools make a valuable contribution to care, they are not yet targeted
for use by general practitioners and are not designed for acute or uncommon presentations.
The Pickle algorithm simply uses a series of questions that can be answered by general
practitioners in any setting to achieve the same objectives that complex machine learning
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methods seek to accomplish using fundus photographs, anterior segment photographs,
and OCTs [21,22]. The presented algorithm and Pickle app serve to fill the gap in available
diagnostic aids, providing a practical approach to acute vision loss. A previously published
study in the UK was the first to test the diagnostic accuracy of a static algorithm for vision
loss [8]. The algorithm improved diagnostic accuracy from 51% to 84%. The novelty of
the presented Pickle algorithm lies in its dynamic nature: it adjusts the sequence of each
workup as a patient’s clinical findings are entered. Additionally, the algorithm produces a
differential, whereas static algorithms produce a single diagnosis. The differential better
reflects clinical practice. Importantly, it ensures that the end user continues to consider
critical diagnoses, even if they are not the most likely diagnosis.

An ideal algorithm-based tool would be highly sensitive to the most urgent conditions
(peripheral retina, optic nerve, and post-chiasmal pathology) while maintaining a high
specificity for less urgent conditions (macula, media, and migraine). This would allow the
physician to diagnose or refer more confidently. For urgent conditions, the algorithm’s top
diagnosis had a sensitivity of 94.4%. This was expected, as the algorithm was designed to
consider the most urgent conditions first. If clinical findings are unable to rule out urgent
conditions, the algorithm retains them in the differential to alert the clinician. Nearly half
of patients with urgent conditions had no referring diagnosis attempted (22/54). Of these
patients, 19 of 22 were correctly diagnosed by the Pickle algorithm, thus facilitating more
appropriate assessment and triaging.

In nine cases, Pickle’s top-three differential did not contain the gold-standard diagnosis.
In the first case, the diagnostic error was caused by the failure of the clinician to assess
for an afferent pupillary defect, despite prompting by the questionnaire. The algorithm
subsequently defaulted to a worst-case scenario in an older patient with vision loss. It
suggested a differential containing a stroke of the optic nerve, temporal arteritis, and
macular disease. This patient had a longstanding retinal detachment with vision loss. In a
second case, a younger patient under the age of 50 presented with an idiopathic branch
retinal artery occlusion (stroke). Typically, in younger patients without a history of diabetes
or hypertension, the differential for an optic nerve disorder should point towards optic
neuritis and optic nerve compression, as a stroke is less likely. In four other cases diagnosed
by ophthalmology as optic neuropathy, NAION, and BRVO, the referrer indicated ‘no red
reflex’. Acute vision loss with an absent red reflex suggests a vitreous hemorrhage, which
the algorithm appropriately identifies as the likely cause. It also rules out optic neuropathy
and circulation problems, which should have an intact red reflex. Two other cases can
be explained by errors in completing the questionnaire: (1) a patient was referred with
a diagnosis of “floaters”, but the questionnaire answers indicated no flashes or floaters;
and (2) a patient was ultimately diagnosed with a migraine, but the referrer indicated a
binocular field defect. The algorithm appropriately identified a posterior chiasm problem
as the most likely cause of a binocular field defect. In the last case, “endophthalmitis” was
not diagnosed by the algorithm, as this diagnosis is not on the algorithm’s differential.
However, the algorithm correctly identified the problem as arising in the vitreous. We will
change the diagnosis in the algorithm from “vitreous hemorrhage” to “vitreous problem”
to include other causes of acute vision loss arising from the vitreous, such as inflammation.

Limitations

A limitation of this study is the small sample size of patients presenting with vision
loss due to media, migraines, and post-chiasmal disease. Post-chiasmal disease is an
uncommon presentation, therefore leading to a small sample size. For this reason, our
analyses of the referrer and algorithm accuracies for these presentations were limited.
Another limitation is that only patients referred for specialist care were included in the
study. However, we expect these patients to act as a representative sample of the target
population. This is because most patients presenting with vision loss are referred onwards,
as recommended by the Canadian Ophthalmological Society and the American Academy
of Ophthalmology [23,24].
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Other minor limitations are user error and atypical presentations. Incorrect physical
examination techniques or non-responses may lead to inaccurate diagnoses. In addition,
the correct diagnosis may be ranked lower if presenting atypically. However, this mirrors
clinical practice, in which atypical presentations of vision loss often require further inves-
tigation to elucidate their cause. Importantly, in cases of user non-responses or atypical
presentations, the algorithm errs on the side of caution by retaining urgent conditions in
the differential. Furthermore, previous research has found that diagnostic performance
decreases as the number of target diagnoses increases [25]. Fewer and broader diagnostic
categories may have improved the diagnostic accuracy of the algorithm. However, this
would have decreased the app’s utility for advising referral decisions.

5. Conclusions

Healthcare professionals in primary care settings and emergency departments are
often the first point of contact for patients with vision loss. This research found a referrer
diagnostic accuracy of 30.4%, demonstrating that acute vision loss presents diagnostic
challenges in these settings. We have shown that Pickle’s Bayesian algorithms successfully
improve diagnostic accuracy in these cases to a range of 70.9–88.6%. The algorithm’s high
sensitivity in urgent cases is particularly impactful, as nearly half of these cases were found
to have no referrer diagnosis attempted. Furthermore, it yields this benefit using only the
clinical tools available to non-ophthalmologists, without requiring fundoscopic findings.
This novel diagnostic aid should be used as an adjunct to clinical judgement in primary
care settings to help optimize patient outcomes. Improvements in diagnostic accuracy may
allow for better patient triaging, potentially reducing unnecessary utilization of resources
and expediting care in critical cases.
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11. Rajinikanth, V.; Kadry, S.; Damaševičius, R.; Taniar, D.; Rauf, H.T. Machine-Learning-Scheme to Detect Choroidal-
Neovascularization in Retinal OCT Image. In Proceedings of the 2021 Seventh International Conference on Bio Signals,
Images, and Instrumentation (ICBSII), Chennai, India, 25–27 March 2021; pp. 1–5.

12. Gunasekeran, D.V.; Wong, T.Y. Artificial Intelligence in Ophthalmology in 2020: A Technology on the Cusp for Translation and
Implementation. Asia-Pac. J. Ophthalmol. 2020, 9, 61–66. [CrossRef]

13. Delaney, B.C.; Kostopoulou, O. Decision Support for Diagnosis Should Become Routine in 21st Century Primary Care. Br. J. Gen.
Pract. 2017, 67, 494–495. [CrossRef]

14. Kostopoulou, O.; Porat, T.; Corrigan, D.; Mahmoud, S.; Delaney, B.C. Diagnostic Accuracy of GPs When Using an Early-
Intervention Decision Support System: A High-Fidelity Simulation. Br. J. Gen. Pract. 2017, 67, e201–e208. [CrossRef] [PubMed]

15. Kostopoulou, O.; Rosen, A.; Round, T.; Wright, E.; Douiri, A.; Delaney, B. Early Diagnostic Suggestions Improve Accuracy of GPs:
A Randomised Controlled Trial Using Computer-Simulated Patients. Br. J. Gen. Pract. 2015, 65, e49–e54. [CrossRef] [PubMed]

16. Nurek, M.; Kostopoulou, O.; Delaney, B.C.; Esmail, A. Reducing Diagnostic Errors in Primary Care. A Systematic Meta-Review of
Computerized Diagnostic Decision Support Systems by the LINNEAUS Collaboration on Patient Safety in Primary Care. Eur. J.
Gen. Pract. 2015, 21, 8–13. [CrossRef] [PubMed]

17. Nari, J.; Allen, L.H.; Bursztyn, L.L.C.D. Accuracy of Referral Diagnosis to an Emergency Eye Clinic. Can. J. Ophthalmol. 2017, 52, 283–286.
[CrossRef] [PubMed]

18. Benbassat, J.; Polak, B.C.P.; Javitt, J.C. Objectives of Teaching Direct Ophthalmoscopy to Medical Students. Acta Ophthalmol. 2012,
90, 503–507. [CrossRef]

19. Cen, L.-P.; Ji, J.; Lin, J.-W.; Ju, S.-T.; Lin, H.-J.; Li, T.-P.; Wang, Y.; Yang, J.-F.; Liu, Y.-F.; Tan, S.; et al. Automatic Detection of 39
Fundus Diseases and Conditions in Retinal Photographs Using Deep Neural Networks. Nat. Commun. 2021, 12, 4828. [CrossRef]

20. Yoo, T.K.; Choi, J.Y.; Kim, H.K. Feasibility Study to Improve Deep Learning in OCT Diagnosis of Rare Retinal Diseases with
Few-Shot Classification. Med. Biol. Eng. Comput. 2021, 59, 401–415. [CrossRef]

21. Ohsugi, H.; Tabuchi, H.; Enno, H.; Ishitobi, N. Accuracy of Deep Learning, a Machine-Learning Technology, Using Ultra–Wide-
Field Fundus Ophthalmoscopy for Detecting Rhegmatogenous Retinal Detachment. Sci. Rep. 2017, 7, 9425. [CrossRef]

22. De Fauw, J.; Ledsam, J.R.; Romera-Paredes, B.; Nikolov, S.; Tomasev, N.; Blackwell, S.; Askham, H.; Glorot, X.; O’Donoghue, B.;
Visentin, D.; et al. Clinically Applicable Deep Learning for Diagnosis and Referral in Retinal Disease. Nat. Med. 2018, 24, 1342–1350.
[CrossRef] [PubMed]

23. AAO Hoskins Center for Quality Eye Care Referral of Persons with Possible Eye Diseases or Injury—2014. Available online:
https://www.aao.org/clinical-statement/guidelines-appropriate-referral-of-persons-with-po (accessed on 9 May 2021).

24. Clinical Practice Guideline Expert Committee. Canadian Ophthalmological Society Evidence-Based Clinical Practice Guidelines
for the Periodic Eye Examination in Adults in Canada. Can. J. Ophthalmol. 2007, 42, 39–45. [CrossRef]

25. Choi, J.Y.; Yoo, T.K.; Seo, J.G.; Kwak, J.; Um, T.T.; Rim, T.H. Multi-Categorical Deep Learning Neural Network to Classify Retinal
Images: A Pilot Study Employing Small Database. PLoS ONE 2017, 12, 0187336. [CrossRef]

http://doi.org/10.3390/s21113922
http://www.ncbi.nlm.nih.gov/pubmed/34200216
http://doi.org/10.3390/electronics11010026
http://doi.org/10.1097/01.APO.0000656984.56467.2c
http://doi.org/10.3399/bjgp17X693185
http://doi.org/10.3399/bjgp16X688417
http://www.ncbi.nlm.nih.gov/pubmed/28137782
http://doi.org/10.3399/bjgp15X683161
http://www.ncbi.nlm.nih.gov/pubmed/25548316
http://doi.org/10.3109/13814788.2015.1043123
http://www.ncbi.nlm.nih.gov/pubmed/26339829
http://doi.org/10.1016/j.jcjo.2016.12.011
http://www.ncbi.nlm.nih.gov/pubmed/28576210
http://doi.org/10.1111/j.1755-3768.2011.02221.x
http://doi.org/10.1038/s41467-021-25138-w
http://doi.org/10.1007/s11517-021-02321-1
http://doi.org/10.1038/s41598-017-09891-x
http://doi.org/10.1038/s41591-018-0107-6
http://www.ncbi.nlm.nih.gov/pubmed/30104768
https://www.aao.org/clinical-statement/guidelines-appropriate-referral-of-persons-with-po
http://doi.org/10.1139/i06-126e
http://doi.org/10.1371/journal.pone.0187336

	Introduction 
	Materials and Methods 
	Pickle App Design and Development 
	Study Design and Sample 
	Algorithm Diagnoses 
	Outcome Measures and Data Analysis 

	Results 
	Referrer Diagnostic Accuracy 
	Algorithm Diagnostic Accuracy 
	Referrer and Algorithm Diagnostic Accuracy in Urgent Conditions 

	Discussion 
	Conclusions 
	References

