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Abstract

Background: Labeling color fundus photos (CFP) is an important step in the development of artificia intelligence (Al)
screening algorithms for the detection of diabetic retinopathy. The International Classification of Diabetic Retinopathy (ICDR) is
used to assign labels to CFP, plus the presence or absence of macular edema. Images can be grouped as referrable or non-
referrable for treatment. There is little guidance in the literature about how to collect and use clinical metadata as a part of the
CFP |abeling process.

Objective: To improve the quality of the Multimodal Database of Retinal Images in Africa (MoDRIA) by determining whether
the availability of clinical metadata during the image labeling process influences the accuracy, sensitivity, and specificity of
image labels.

Methods: This is a crossover assessment with 2 groups and 2 phases. Each group had 10 randomly assigned labelers who
provided an ICDR score and presence or absence of macular edema for each of 50 CRF in a test image with and without
metadata.

Specificity and sensitivity of referable retinopathy was based on ICDR scores, and macular edema calculated using 2-sided T-
test. Comparison with and without metadata for each participant was calculated using the signed rank test. Statistical significance
was set at P<0.05.

Results: The sensitivity for identifying referrable diabetic retinopathy with metadata was 92.8% (95% CI: 87.6-98.0) compared
with 93.3% (95% CI: 87.6-98.9) without metadata, and the specificity was 84.9% (95% CI: 75.1-94.6) with metadata compared
with 88.2% (95% CI: 79.5-96.8) without metadata. The sensitivity for identifying the presence of macular edema was 64.3%
(95% ClI: 57.6-71.0) with metadata, compared with 63.1% (95% CI: 53.4-73.0) without metadata, and the specificity was 86.5%
(95% ClI: 81.4-91.5) with metadata compared with 87.7% (95% ClI: 83.9-91.5) without metadata. Sensitivity and specificity of
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ICDR score and presence or absence of ME were also calculated for the 20 individual labelers with and without metadata. No
findings were statistically significant.

Conclusions: In this quality improvement project, clinical metadata availability did not influence labeling quality. Additional
studies are needed to understand the potential implications of the process and components of Iabeling with and without metadata
more thoroughly with regards to accuracy and bias. These issues have far reaching implications given the rapidly expanding use
of Al with clinical images, including on the African continent.

(IMIR Preprints 29/04/2024:59914)
DOI: https://doi.org/10.2196/preprints.59914
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Introduction

Imaging exams in ophthalmology serve as a tool for diagnosing and following up ocular pathologies
and play a critical role in the management of diabetic retinopathy (DR). Retinal color fundus photos
specifically capture the ocular posterior segment, comprising the retina, optic disc, macula, and
vessels, offering crucial information about ocular and systemic health during ophthalmological
examinations.[1] Diabetes is a global epidemic, affecting more than 500 million people in 2021 and a
projected 783 million by 2045, with diabetic retinopathy as the most common complication of
systemic diabetes.[2] Retinal color fundus photographs (CFP) have been used for screening of
referable cases, optimizing the referral process worldwide, and more recently they have been
employed in the development of artificial intelligence (Al) algorithms for automatic diabetic
retinopathy screening. [3]

Classification of diabetic retinopathy

In DR screening algorithms developed using supervised machine learning,[4] an important step in
the process is labeling the CFPs; these labels indicate the presence and severity of DR and macular
edema (ME) for training the Al model. Most studies use a two-image capturing protocol using the
International Classification of Diabetic Retinopathy (ICDR), [5] which has 5 levels of severity (Table
1): 0- no retinopathy, 1-microaneurysms only, 2- hemorrhages 3- proliferative 4- proliferative
retinopathy. It has been proven effective in comparison with the gold standard Early Treatment
Diabetic Retinopathy Study (ETDRS) field protocol.[6] Individuals with pre-proliferative (3) and
proliferative (4) retinopathy are candidates for treatment intervention with laser, anti-VEGF drugs or
surgery. The presence of ME is another important criterion for treatment intervention. A key goal
for Al screening algorithms is to identify patients with DR who need referral for potential treatment.

Table 1: International Classification of Diabetic Retinopathy (ICDR)[5]
0 No retinopathy - No abnormalities
1 Mild non-proliferative retinopathy - Microaneurysm(s) only

Moderate non-proliferative retinopathy -
2 More than just microaneurysm(s) but less than severe non-proliferative diabetic

ti th
ICDR severity e

level Severe non-proliferative or pre-proliferative retinopathy: Any of the following: >2(
intra-retinal hemorrhages in each of 4 quadrants, venous beading in > 2 quadrants

intraretinal microvascular abnormalities in >1 quadrant, and no signs of proliferative
retinopathy

Proliferative retinopathy - One or more of the following: neovascularization and/ot
vitreous or pre-retinal hemorrhages

Macula edema Exudates or apparent thickening within one disc diameter from the fovea

Background on fundus image labeling and use of metadata for Al algorithm development

Labeling large numbers of CFPs has many challenges. Strategies used include recruiting highly
trained retinal specialists, comprehensive ophthalmologists, [7] professional labelers, and
crowdsourcing using labelers with different backgrounds and experience, [8] and more recently,
unsupervised learning with deep learning algorithms.[9] Another variable is the availability and use
of metadata during the labeling process. Metadata for medical imaging can include information
generated from the imaging device and process itself such as order codes and image files, along
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with other biomarkers, demographics, and clinical information related to the image [10]. When an
electronic medical record is available, the medical history, diagnostic results, and the clinical
assessment and plan may be linked to the image. The actual image interpretation may also be
present as in the case of radiology or pathology reports. In the absence of an integrated electronic
record, as is typically the case in low resource settings, any additional clinical information must be
collected separately and linked to the image.

The use of local data is crucial for Al development and validation, yet automated systems face a
critical risk of biased decisions based on this information.[11] In practice, the clinician makes a
diagnosis using all the available information about the patient including history, exam findings,
diagnostic tests, and imaging. But labeling is frequently done with only the image (i.e., no additional
clinical metadata).[12,13] In their paper on image labeling quality control, Freeman, et al, reported
that the gap between the clinical and labeling contexts is a challenge in optimizing the accuracy of
labels [14]. The label tends to be given as an overall impression of the findings. They stressed the
importance of having labeling criteria and guidelines explicitly focused on the labeling task to
improve consistency and inferred that it does not include other clinical information. Alternatively,
Kondylakis et al, [10] state that metadata are essential for the correct use and interpretation of
medical images and stressed the importance of data harmonization to use this information in the
development of Al models. The importance of incorporating clinical information as a multimodal
data stream has been increasingly recognized in the development of radiology algorithms. [15,16]
The availability of correct clinical information has been shown to improve the interpretations of
diagnostic tests[17] accuracy of computerized tomography interpretation by radiologists, [18] and
interpretation of radiological imaging [19] in addition to the impact of including age and gender in
DR screening algorithms.[20]

Al algorithms have been touted as a means of improving health care access in low resource settings.
[21] Many existing algorithms have been developed from images obtained from only the United
States, Europe, and China. There is a near lack of such data from the African continent raising
concerns about generalizability, accuracy, and bias.[22] However, collecting even basic clinical
information in low resource settings is difficult, as existing medical records typically have less
detailed information than those in high resource settings and may be paper based; the available
results and findings are often incomplete and less accurate. Prospective clinical metadata collection
at the time of image capture is also limited by patient health literacy and knowledge about their
health conditions.

Project objective

Despite the importance of high-quality labels for optimizing algorithm performance, [23] there is
little guidance in the literature about how to collect and use clinical metadata for algorithm
development in low resource settings. The Multimodal Database of Retinal Images in Africa
(MoDRIA) is an one of the inaugural research projects of the Mbarara University Data Science
Research Hub (MUDSReH), [24] part of the Data Science for Health Discovery and Innovation in
Africa (DS-I Africa)[25] initiative to “advance Data Science and related innovations in Africa to create
an ecosystem that can begin to provide local solutions to countries’ most immediate public health
problems through advances in research”. Here, we present an analysis to determine whether the
availability of clinical metadata during the image labeling process influences the accuracy, sensitivity
and specificity of image labels provided by newly trained labelers when using a known set of
properly labeled images.

https://preprints.jmir.org/preprint/59914 [unpublished, non-peer-reviewed preprint]
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Methods

Ethics Approval

This work was part of the ongoing MoDRIA study (Mbarara University of Science and Technology IRB
approval number: MUST-2021-239 and Uganda National Council of Science and Technology number:
HS2094ES) as a quality improvement project to improve the training of CFP readers and optimize
the labeling protocol of the MoDRIA fundus image database Uganda.

Setting

This project was conducted at the Mbarara University of Science and Technology (MUST) in
Mbarara, Uganda in November 2023. MUST is the site of the Mbarara University Data Science
Research Hub (MUDSReH) and the MoDRIA research project. MUST is also the parent institution for
the Mbarara Regional Referral Hospital in southwestern Uganda and located 268 kilometers
southwest from the capital of Kampala.

Project participants

The project participants were 20 Ugandan pre-interns (i.e., medical school graduates awaiting
commencement of their internship). These “MoDRIA labelers” completed a labeling training course
consisting of 40 hours of teaching, training, supervised labeling, and testing by Ugandan
ophthalmologists and ophthalmology residents, and 2 international visiting retinal specialists. The
training course content included 1) Review of the BRSET image reading training manual, [26] 2).
Videos and didactic lectures on retinal anatomy, macular edema, DR abnormalities in each ICDR
category, and macular edema and a 4-day hands-on workshop in which MoDRIA labelers practiced
labeling a minimum of 200 CFPs followed by tests to confirm labeler competency and accuracy by
test set labeling.

Data collection

Metadata

This project used clinical metadata only and included blood pressure; visual acuity; blood glucose;
presence of diabetes, hypertension and/or HIV; and class of medications taken. To ensure all
metadata elements were available for all test images, metadata values were synthesized to align
with the ICDR scores of the test image. The metadata for each image was presented in a
spreadsheet with the image number and fields to enter the ICDR score and ME assessment. The
images appeared on the same screen.

Image sets

The MoDRIA database contains 14,000 CFP from 3,500 individuals. Each study participant has 4 CFPs
(disc center and macular center view from right and left eyes). The MoDRIA database will be used to
develop Al algorithms to screen patients for posterior segment retinal diseases such as diabetic
retinopathy. The MoDRIA CFP labeling protocol was based on the Brazilian Diabetic Retinopathy
fundus image dataset (BRSET) labeling protocol.[27] It is a publicly available collection of 16,000
retinal fundus images collected and labeled in Brazil.

MoDRIA CFPs were collected on 3-Nethra Classic (Forus Royal, India) fundus cameras by ophthalmic
technicians trained in fundus photography. BRSET images were collected on Nikon NF505 (Nikon,
Japan) and a Canon CR-2 (Canon Inc, USA) in JPEG format, and no preprocessing techniques were
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applied. There were 50 CFPs in the test set for this study, 20 from MoDRIA and 30 from the BRSET.
The ICDR and DME scores of the BRSET and MoDRIA test set images were reviewed and confirmed
by the international retina specialists participating in the study (LN and MM). The distribution of
ICDR scores and presence/absence of DME in the test set is presented in Table 2, with
approximately half the images being normal.

Table 2: Description of Color Fundus Photos Used in Labeling Test Set
(N=50, each image scored for ICDR and ME)
Non-referable N=28 Referable N=22
ICDR <1 Macular edema ICDR > 2 Macular edema
Score 0 1 Absent 2 3 4 Present
# of images 26 4 40 6 6 8 10*

Labeling protocol

Each CFP was individually labeled for diabetic retinopathy with an ICDR score of 0-4, ranging from 0
(no retinopathy) to 4 (proliferative DR). (Table 1) These scores were grouped into 2 categories: non-
referable (ICDR < 1 and no ME) and referrable (ICDR > 2 and/or with ME). The same CFPs were also
labeled with the presence or absence of macular edema.

Project design GROUP 1 GROUP 2
This is a crossover assessment with 2 groups and 2 phases. Pl pieiiees s
Each group had 10 randomly assigned labelers who labeled

the same image test set of 50 CFP twice (Phase 1 and Phase Label 50 images Label 50 images
2) with the ICDR score and presence or absence of ME. Group wipRRata YAthout rerals
1 (“with/without”) labeled the CFPs with metadata in Phase 1 e

Order of images

and without metadata in Phase 2. Group 2 (“without/with”)
scrambled

labeled the CFP in Phase 1 without metadata and with
metadata in Phase 2. In Phase 2, the order of presentation for \

the same CFPs was scrambled for both groups (Figure 1). Label 50 images Label 50 images
without metadata with metadata

Figure 1: Project design

Statistical analysis

Statistical analysis was conducted using STATA 17.0. ICDR

scores were grouped into referable (ICDR 2-4 +/- ME) and non-referable categories (ICDR 0-1 and no
ME) for statistical analysis. Specificity and sensitivity of referable retinopathy was based on ICDR
scores and ME calculated using 2-sided T-test. Comparison of sensitivity and specificity for ICDR and
ME with and without metadata for each participant was calculated using the signed rank test.
Statistical significance was set at P<0.05.

Results

Table 3 lists the sensitivity and specificity of referable retinopathy based on both ICDR scores
calculated with and without metadata. Sensitivity and specificity of ICDR score and presence or
absence of ME were also calculated for the 20 individual labelers with and without metadata. (see
supplemental data) There were no statistically significant differences with and without metadata for
any of the labelers.

Diabetic retinopathy
The sensitivity for identifying referrable DR with metadata was 92.8% (95% Cl: 87.6-98.0) compared
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with 93.3% (95% Cl: 87.6-98.9) without metadata, and the specificity was 84.9% (95% Cl: 75.1-94.6)
with metadata compared with 88.2% (95% Cl: 79.5-96.8) without metadata. The improvements in
sensitivity and specificity without metadata were not statistically significant.

Macular edema

The sensitivity for identifying the presence of macular edema was 64.3% (95% Cl: 57.6-71.0) with
metadata, compared with 63.1% (95% Cl: 53.4-73.0) without metadata, and the specificity was
86.5% (95% Cl: 81.4-91.5) with metadata compared with 87.7% (95% Cl: 83.9-91.5) without
metadata. The improvements in sensitivity and specificity without metadata were not statistically
significant.

https://preprints.jmir.org/preprint/59914

Table 3: Comparison of Sensitivity and Specificity of Labeling Color Fundus Photo as Referable or
Non-referable With and Without Metadata for all Labelers (N=20)
ICDR: referable vs non-referable Macular edema: present vs. absent
Diagnostic Mean (95%CI) Mean (95%CI)
measure With metadata No metadata P-value | With metadata No metadata | P-valuc
o 92.8 933 64.3 63.1
Sensitivity (87.6, 98.0) (87.6, 98.9) w0 (57.6.71.0) | (53.4.73.0) | 060
o 84.9 88.2 86.5 87.7
Specificity (75.1, 94.6) (79.5, 96.8) 0.84 (81.4,91.5) (83.9,91.5) 0.69
Discussion

Principal results

The objective of our project was to understand the impact of metadata on CFP labeling for DR and
ME and to use this information to improve the quality of the labeling process. This assessment
serves as a baseline for future iterative improvements in the training of labelers and the labeling
process. Our results can also inform a more rigorous investigation of the role of metadata in the
labeling process for the MoDRIA dataset as well as other datasets developed through MUDSReH,
the DS-I for Africa, and others.

As a group, the labelers detected referrable DR reasonably well (92.8%) but detected ME only 64.3%
of the time. This difference may be a result of the subtle appearance of hard exudates on ME when
there are only cystic changes or a blunted foveal reflex rather than the presence of more obvious
lipid. In screening programs, the false negative rate (failing to identify the condition when it is
present) is the most potentially dangerous error. Given the more subtle presentation on ME CFPs,
optical coherence tomography, which easily identifies ME, is a valuable complementary tool to CFPs
in screening for referrable DR if available.

Overall, the sensitivity and specificity scores tended to be slightly better without metadata, but the
difference was not statistically significant. The wide confidence intervals noted in the data reflect
the variation in our labelers. We cannot make definitive conclusions about the impact of clinical
metadata on the sensitivity and specificity of image labels in our study. However, given the

[unpublished, non-peer-reviewed preprint]
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importance of metadata in clinical situations (and its enhancement of model performance in many
cases), we believe that it may benefit labeling quality as well. For example, mild DR, HTN
retinopathy, and HIV retinopathy can have a similar appearance on CFP and be difficult to
differentiate with just a single image. Another consideration is whether knowing the metadata
ahead of determining the labels may have introduced bias on the part of the labelers. For example,
if the labeler sees the individual has a history of diabetes and elevated blood glucose, they may be
more likely to give a higher ICDR score.

Comparison with previous work

Few other studies have been published on the impact of using metadata in labeling CFP. We
conducted MEDLINE search using Medical Subject Headings: “fundus image” and “metadata”,
“Image grading” and “metadata”, “fundus photo” and “metadata”, “image grading” and “clinical
information” to search for previous studies evaluating the impact of using metadata or clinical
information in the CFP labeling process. Additional free text topics heading searches with the same
terms were also conducted without finding other dedicated studies using metadata in the CFP
labeling process. We also examined the labeling protocols for the following large open source
fundus photo datasets - Messidor[28], BRSET[27], Eye Pacs[29], and IDRiID[30] and did not find

documentation indicating whether metadata was used or not used in the labeling process.

Limitations

We acknowledge several important limitations of our project. First, our assessment design did not
include a defined step in the process where the labelers confirmed review of the metadata. It was
provided on the screen at the time of labeling, and they were encouraged to use it, but there was
no step confirming whether it was viewed. Second, we selected a sample size of 50 images, which
may not have been large enough given that half the images were normal exams. This distribution of
ICDR categories was intentionally chosen to better reflect the composition of the MoDRIA database;
however, it may have introduced some bias as the distribution across categories was not even.
Third, the focus of labeler training was to familiarize themselves with CFPs of normal and DR
images, as well as other common retinal pathology. The use of metadata to inform labeling
decisions tended to be subsumed by learning retinal image pathology. This process may have
influenced if and how they used the metadata. Fourth, the images were labeled with ICDR scores O-
4, but our analysis was based on a binary classification of referable or non-referable DR. Finally, our
metadata was synthesized based on the ICDR score and presence or absence of ME therefore may
not the same is using available clinical metadata.

Strengths

Our project also has several strengths. To our knowledge, it is the first attempt to understand the
role of metadata in CFP image labeling by a cadre of non-ophthalmologists in Africa. It is critically
important in building local image labeling capacity to support the development and implementation
of data science research and technologies in Africa and avoid the expansion on digital sweatshops in
Africa. [31] It also provided experience using a quality improvement approach to improve image
labeling and training for the researchers and clinicians at the MUDSReH. An advantage of a quality
improvement approach is the ability to rapidly identify actionable results, such as the need for
additional training on recognizing ME. Finally, this project highlighted the importance of
understanding metadata and the need to conduct further rigorous investigations.

Opportunities for improvement and future study

https://preprints.jmir.org/preprint/59914 [unpublished, non-peer-reviewed preprint]
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As this was a quality improvement project, we sought opportunities for improvement in our labeling
process. Specifically, we identified the following items 1) defined guidelines for reviewing metadata
in the labeling process, including when it should be reviewed; 2) add a field confirmation review of
metadata in the MoDRIA Data Collection and Management application developed by the MUDSReH
hub team; and 3) enhanced training on appearance of ME on CFP. We also identified several areas
for future study. First, we intend to perform a more rigorous, sufficiently powered study to
determine the sensitivity and specificity of CFP labels with and without metadata using a cohort of
images from patients with DM without HIV or hypertension with higher percentage of abnormal
images. This approach will also allow analysis by individual ICDR scores rather than referable/non-
referable category, so we have a more nuanced understanding of the impact of metadata on labels
and algorithm performance. Given the challenge of metadata collection in this low resource
environment, we also plan to determine which metadata variables are most informative in
accurately predicting referrable DR. Finally, we will assess the optimal timing and method to present
metadata to labelers, as well as determine intra-rater reliability with and without metadata.

Conclusion

In this quality improvement project, clinical metadata availability did not influence labeling quality.
Additional studies are needed to understand the potential implications of the process and
components of labeling with and without metadata more thoroughly with regards to accuracy and
bias. These issues have far reaching implications given the rapidly expanding use of Al with clinical
images, including on the African continent.
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