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Purpose: To evaluate the performance of a customized deep learning algorithm for automated segmentation of
nonperfusion area (NPA) on ultra-widefield swept-source OCTA (UWF SS-OCTA) and its utility in diabetic retinopathy
(DR) severity assessment.

Design: Cross-sectional studly.
Subjects: A total of 180 eyes from 122 participants representing all grades of DR severity.
Methods: We developed a convolutional neural network based on a multiscale U-Net backbone with squeeze-

and-excitation attention for segmentation of NPAs on en face SS-OCTA all-retinal-layer images from 3 scan pat-
terns: 6 x 6 mm, 12 x 12 mm, and 29 x 24 mm. Ground-truth annotations of NPAs and nongradable area (NGA) on en
face OCTA images were generated by 2 independent graders and adjudicated by a vitreoretinal specialist. A corre-
sponding en face structural OCT image was incorporated to distinguish true NPAs from shadow artifacts. Segmen-
tation outputs included NPA, NGA, and shadow artifacts. Pixel-level accuracy was assessed with the F1 score.
Nonperfusion index (NPI) was defined as NPA/gradable area. The level of agreement between human-labeled and
algorithm-predicted NPI was analyzed using Bland—Altman analysis.

Main Outcome Measures: Algorithm F1score and NPI.

Results: The algorithm for NPA segmentation achieved a mean F1score of 0.82 + 0.01in 6 x 6 mm, 0.84 4+ 0.03 in
12 x 12 mm, and 0.83 £ 0.02 in 29 x 24 mm, with no significant difference across fields of view (P = 0.12). Algorithm-
derived NPI strongly agreed with expert grading (intraclass correlation coefficient >0.979). Both human- and
algorithm-derived NPI increased progressively with increased DR severity in all scan patterns demonstrated by the
Kruskal—Wallis test (6 x 6 mm: human: P = 0.02; algorithm: P = 0.03; 12 x 12 mm: algorithm P < 0.001; human
P < 0.001; 29 x 24 mm: algorithm: P < 0.007; human: P < 0.001) with the largest magnitude of increase in 29 x 24 mm
scans. The algorithm for foveal avascular zone segmentation also achieved a mean F1 score of 0.88 + 0.05 for
6 x 6 mm images and 0.85 + 0.05 for 12 x 12 mm images.

Conclusions: This deep learning algorithm was validated on single-scan UWF SS-OCTA for automated NPA
segmentation and quantification. It demonstrates high accuracy and scalability across multiple scan sizes, supporting
its potential integration into objective DR OCTA biomarker analysis.

Financial Disclosure(s): Proprietary or commercial disclosure may be found in the Footnotes and Disclosures at
the end of this article. Ophthalmology Science 2026,;6:101059 © 2026 by the American Academy of Ophthalmology. This
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Diabetic retinopathy (DR), the most common microvascular
complication of diabetes mellitus, affects >100 million
people worldw1de and remains a leading cause of prevent-
able blindness.' Early detection is crltlcal to reduce the risk
of vision-threatening complications.” Retinal nonperfusion
area (NPA) is a well-established biomarker of DR pro-
gression, with fundus fluorescein angiography (FFA) studies
demonstrating strong associations between NPA burden and
disease seventy However, FFA is an invasive and time-
consuming procedure.” Moreover, although fluorescein
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leakage is useful for identifying neovascularization and
intraretinal microvascular abnormalities in proliferative DR
(PDR), it can obscure the boundaries of capillary dropout,
thereby impeding accurate NPA quantification.’
Noninvasive imaging of NPA can be accomplished using
OCT angiography (OCTA), which provides rapid
3-dimensional visualization of both retinal and choroidal
vasculature.” Multiple studies comparing OCTA and FFA
have reported a higher degree of accuracy in detection of
NPA by OCTA," while also being comparable to FFA in
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detecting other DR biomarkers such as intraretinal
microvascular abnormalities.”  Yet, previous  studies
utilizing OCTA have been limited by a small field of
view (FOV).8 The recent development of ultra-widefield
swept-source OCTA (UWF SS-OCTA) enables visualiza-
tion of retinal vasculature beyond the Posterior pole where
NPAs tend to occur more frequently.” Because a greater
peripheral NPA burden has been shown to be associated
with increased risk of DR progression, this extended FOV
has enhanced the clinical utility of NPA as a prognostic
marker for DR."’

Deep learning—based approaches for automated NPA
segmentation and quantification have demonstrated a high
degree of accuracy in identifying NPA and differentiating
them from shadow artifacts on OCTA."'~'® Unlike rule-
based approaches that identify NPA based on differences
in intercapillary distance and signal-intensity thresholds,
deep learning—based approaches can perform well across
different scan sizes and image qualities because they learn
subtle features of NPA morphology and surrounding vessels
rather than following a strict set of rules. To date, most deep
learning algorithms have been trained on narrow FOV
OCTA and may miss clinically significant peripheral NPAs
if deployed on ultra-widefield (UWF) images. Although
image montaging can increase the effective FOV, it is time-
consuming and technically challenging to perform consis-
tently in actual clinical settings.'®'” To our knowledge, no
prior studies have developed and validated a deep learning
algorithm for automated NPA segmentation and
quantification on single-scan UWF SS-OCTA.

In this study, we developed a customized, artifact-aware
deep learning algorithm for NPA segmentation across
multiple OCTA scan sizes, including the largest available
29 x 24 mm field. We further evaluated its performance
across DR severity stages and explored its potential clinical
utility as a tool for reproducible biomarker quantification
for disease grading and progression monitoring.

Methods

This prospective, cross-sectional study was conducted at a tertiary
referral eye care center in Singapore, between November 2024 and
September 2025. This study was approved by the Institutional
Review Board of Tan Tock Seng Hospital and adheres to the
Declaration of Helsinki. Written informed consent was obtained
from all patients.

Study Population

Patients aged >18 years with type 1 or type 2 diabetes mellitus
and a diagnosis of DR on dilated fundus examination were pro-
spectively enrolled. Diabetic retinopathy severity was classified
according to the International Clinical Diabetic Retinopathy
(ICDR) Severity Scale. The exclusion criteria are as follows:
tractional retinal detachment, history of panretinal photocoagula-
tion, intravitreal injection, or vitrectomy; co-existing ocular dis-
eases such as glaucoma; high myopia (>6.0 diopters); significant
media opacity such as dense vitreous hemorrhage, visually
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significant cataract including nuclear sclerotic cataracts, and
cortical cataracts above grade 2.

UWF SS-OCTA Imaging Protocol

All patients were imaged using a SS-OCTA system (VG200;
Intalight Imaging Ltd) with 3 macula-centered scan sizes—
6 X 6 mm, 12 X 12 mm, and 29 x 24 mm. The device employs a
1050-nm central wavelength SS laser with an A-scan rate of
200—400 kHz and a maximum retinal imaging depth of 9 mm.
Key acquisition parameters for each FOV are summarized in
Table 1. Scanning was performed by trained photographers, and
repeat scans were performed where necessary to ensure good
image quality.

Data Set Preparation

The all-retinal-layer (ARL) en face OCTA image was segmented
for NPA analysis. Bulk eye movement artifacts and projection
artifacts'® were automatically removed using the device’s in-built
deep learning algorithm in the software. The corresponding ARL
en face structural OCT scan was also retrieved to enable recog-
nition of shadow artifacts such as from cataract, vitreous hemor-
rhage, or eyelashes.

Image Quality Assessment

Image quality was independently evaluated by 3 trained graders
(T.Y.L, I.S, LZ.). Images with signal strength score <7 were
excluded. All en face ARL OCTA and OCT images were also
screened for localized poor image quality that could interfere with
accurate NPA identification. Poor image quality areas were further
categorized into shadow artifacts, defocus artifacts, and segmen-
tation errors.

Shadow artifacts appear as flow-void areas on the angiogram
with corresponding hyporeflectivity on the structural image, which
commonly arise from overlying opacities (e.g., lid/lashes, floaters,
vitreous hemorrhage, superficial hyperreflective lesion, vignetting,
or poor contact) producing reduced OCT reflectance.'® Defocus
artifacts, in contrast, manifest as loss of small capillaries on the
angiogram corresponding to the out-of-focus region of the retina
without any corresponding hypotransmission on the structural
image.'” Segmentation errors refer to misidentification of retinal
boundaries.”” If 2 of the 3 graders (>2/3) judged that these poor
image quality areas affected more than one-third of the total im-
age area, the image was deemed poor quality and excluded from
further analysis.

Manual Annotation and Ground-Truth Definition

After exclusion of poor-quality images, manual segmentation was
performed by two graders (T.Y.L. and J.S.) and confirmed by a
vitreoretinal faculty (S.W.Z.). When artifacts occupied less than
one-third of the image, regions containing defocus artifacts or
segmentation errors were manually labeled as “nongradable areas
(NGA)” on the en face OCTA image. Shadow artifacts were not
manually labeled, as they were subsequently detected using the
corresponding structural image through the deep learning algo-
rithm (Fig 1A).

Nonperfusion area segmentation was performed only within
gradable regions, using the raw en face OCT image to differentiate
true NPAs from shadow artifacts. Each paired OCTA (with
NPA + NGA segmentation) and structural image (Fig |A—B) was
then used as input for model training.
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Table 1. Scan Patterns of OCTA Device across Multiple Fields of View

Number of A-Scans

Field of View per B-Scan
6 X 6 mm 512
12 x 12 mm 1024
29 X 24 mm 1536

OCTA = OCT angiography.

For ground-truth labeling, an NPA was defined as a contiguous
region of absent flow signal bounded by discrete vessel borders in
the absence of structural en face OCT changes.'* A threshold area
was applied to minimize false-positives from physiological inter-
capillary gaps determined empirically from healthy control scans
as the largest misclassified intercapillary region. The minimum
threshold was 278 pixels (0.038 mm?) for 6 x 6 mm images, 213
pixels (0.11 mm?) for 12 x 12 mm images, and 248 pixels
(0.25 mm?) for 29 x 24 mm images.

The foveal avascular zone (FAZ) was also labeled in 6 x 6 mm
and 12 x 12 mm scans because it constitutes a physiologic non-
perfusion zone and visually resembles true NPAs, thereby

Number of B-Scan Locations

Spacing between Adjacent

per Volume Scan A-Scans or B-Scans

512 11.7 pm
1024 11.7 pm
1240 19 pm

improving the model’s ability to discriminate between the 2. The
FAZ was omitted from 29 x 24 mm labeling because it is small
relative to total scan area, which contributes to reduced vascular
resolution in the FAZ periphery. Model outputs comprised seg-
mentation masks of NPA, NGA, and shadow artifacts on en face
ARL OCTA images (Fig 1E).

Model Architecture

We designed a dual-encoder multimodal convolutional neural
network to segment NPAs and NGAs on OCTA images. The
architecture employs 2 Res-Net 34 encoders,

separately
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Figure 1. Illustration of model training using a multimodal fusion deep network architecture. (A) En face ARL OCTA image with segmented NPA
(purple) and NGAs (red). (B) Corresponding raw structural en face OCT image. (C and D) Summary of model architecture. (E) Model output en face
ARL OCTA showing NPA predictions (green), NGA predictions (red) and signal-intensity related artifacts (blue). ARL = all retinal layer;
NGA = nongradable area; NPA = nonperfusion area; OCTA = OCT angiography.
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processing en face ARL OCTA (Fig 1A) and en face structural
OCT images (Fig 1B) to capture complementary vascular and
structural  features. Residual identity (Fig 1.1) and
downsampling blocks (Fig 1.2) ensure progressive abstraction
while preserving spatial consistency. Our contribution
introduces hierarchical feature fusion at multiple encoder
stages through an attention fusion module (Fig 1.3). This
adaptive mechanism emphasizes discriminative features from
each modality while suppressing redundancy, maintaining
computational efficiency, and ensuring robust gradient
propagation for joint optimization of dual segmentation targets.
A 5-level U-Net decoder with transposed convolutions and skip
connections reconstructs spatial detail, while a dual-channel
segmentation head generates probability maps for NPAs and
NGA:s. These are refined by adaptive thresholding to yield binary
outputs. By explicitly modeling NGAs, the network reduces
ambiguity and improves distinction between pathological non-
perfusion and imaging artifacts, thereby enhancing the reliability
of OCTA-derived retinal biomarkers and their clinical
interpretability.

Evaluation of Algorithm Performance

To ensure a rigorous and unbiased evaluation, algorithm perfor-
mance was assessed using fivefold cross-validation at the patient
level, such that each patient contributed data to only onefold. The
data set was randomly divided into 5 mutually exclusive subsets of
approximately equal size, maintaining proportional representation
of DR severity levels within each fold.

In each iteration, fourfolds were used for training and one for
validation. The model was trained from scratch in each cycle, and
all reported results represent the mean performance across the 5
validation sets, ensuring robust estimation of model stability and
generalizability.

Algorithm accuracy for NPA segmentation was quantified us-
ing the F1 score, which balances precision and recall at the pixel
level. For each image, the F1 score was computed according to
Equation 1:

_ 2TP
" 2TP+ FP+FN

Equation 1: definition of F1 score where TP refers to true-
positives—the number of pixels that were correctly identified by
the model as NPA; FP refers to false-positives—the number of
pixels that were incorrectly identified as NPA; and FN refers to
false-negatives—the number of pixels of nonperfusion that were
not identified by the model as NPA. The overall model
performance was reported as the mean and standard deviation
across all 5 validation sets, providing a robust assessment of the
model’s stability and generalization ability.

The final F1 score for each fold was averaged across all images
before cross-fold aggregation. This approach provided a robust
measure of the model’s overall segmentation accuracy.

To evaluate quantitative accuracy, an independent expert
grader (W.H.S.) manually annotated NPA regions of the images in
the data set. The resulting nonperfusion index (NPI) values—
defined as the ratio of NPA area to total gradable retinal area
(Equation 2)—were compared between human and algorithm-
derived results.

F1 Equation 1

total NPA

NPI =
gradable retinal area

Equation 2

Equation 2: definition of NPI, where the total gradable retinal area
(in pixels) is the sum of the pixels in each image after deduction of
the total nongradable retinal area (in pixels).
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This dual approach ensured both segmentation accuracy (via
F1 score) and quantification reliability (via NPI concordance)
were rigorously validated.

Statistical Analysis

All statistical analyses were performed using R (version 4.5.0, R
Foundation for Statistical Computing) and Python (version
3.10.16, TensorFlow/PyTorch framework; Python Software
Foundation). Continuous variables were summarized as
mean =+ standard deviation, and categorical variables as counts
and percentages. Mixed-effects covariate analysis was performed
to account for the use of both eyes from participants as well as
demographic variations. Diabetic retinopathy severity, age,
gender, and comorbidities such as hypertension, hyperlipidemia,
ischemic heart disease, cerebrovascular accident, and chronic
kidney disease were included as fixed effects. Because some
participants had >1 eye analyzed, each participant was specified
as arandom intercept, and “eye” was treated as a repeated measure
nested within each participant. Group comparisons were per-
formed using the Kruskal—Wallis test for nonparametric data.
When significant differences were detected (P < 0.05), Dunn post
hoc test was applied for pairwise comparisons. Bland—Altman
analysis was used to assess systematic bias and 95% limits of
agreement (LOA), while intraclass correlation coefficients (ICCs)
were computed to quantify absolute agreement.

Results

A total of 248 OCTA images from 180 eyes (122 partici-
pants) were analyzed in this study, comprising 63
(6 x 6 mm), 87 (12 x 12 mm), and 98 (29 x 24 mm) scans.
Detailed demographics including age, gender, severity of
DR, status of diabetic macular edema, and other comor-
bidities are summarized in Table 2.

Algorithm Performance across Scan Sizes

The deep learning algorithm achieved a mean F1 score of
0.82 £+ 0.01 for 6 x 6 mm scans, 0.84 £+ 0.03 on
12 x 12 mm scans, and 0.83 + 0.02 for 29 x 24 mm scans,
with no significant differences across FOVs (P = 0.12).

Performance across DR Severity

In UWF 29 x 24 mm images, the algorithm’s F1 score
increased with DR severity (P = 0.004), showing signifi-
cant pairwise differences between mild—moderate non-
proliferative DR (NPDR) versus severe NPDR (P = 0.002)
and PDR (P = 0.01). No significant differences were
observed across DR severity in 6 x 6 mm (P = 0.87) or
12 x 12 mm (P = 0.71) scans (Table 3). Representative
segmentation outputs across severity levels and scan sizes
are shown in Figure 2.

Covariate Analysis of Baseline Demographics
and Comorbidities

Covariate analysis (Table 4) showed that NPI was not
significantly influenced by variations in demographics such
as age and gender, or comorbidities including presence of
hypertension, hyperlipidemia, ischemic heart disease,
cerebrovascular accident, or chronic kidney disease.



Table 2. Patient Demographics

29 x 24 mm

12 x 12 mm

6 x 6 mm

Field of View

PDR
27

Mild—mod NPDR Severe NPDR

Severe NPDR PDR

Mild—mod NPDR

PDR

Severe NPDR

Mild—mod NPDR

DR Severity

20
10 (50%)
52.45 (11.21)

36
217
17 (73%)
58.87 (11.10)

35

25

(76%)
57.08 (10.50)

19

32
20
16 (80%)

55.80 (12.58)

6
9
6 (67%)
61.15 (13.13)

39

24

(75%)
60.00 (10.10)

18

27
19
12 (63%)
58.40 (10.40)

11
7
4 (57%)
60.56 (14.61)

25
20
14 (70%)
58.65 (9.83)

No. of eyes
No. of patients

Male, n (%)
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9280 .o

——

N R o s+~

18

Eyes with DME

[ e |

02—

o~
N e

o~
—_— NN

0~ 0~ — N —

CEXowr—~

th HTN
th HLD
th IHD
th CVA
th CKD

B A

Pat
Pat
Pat
Pat
Pat

hypertension; IHD = ischemic heart

= hyperlipidemia; HTN =

diabetic retinopathy; HLD
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disease; Mild—mod = mild—moderate; NPDR = nonproliferative diabetic retinopathy; PDR = proliferative diabetic retinopathy; SD = standard deviation.

CKD = chronic kidney disease; CVA = cerebrovascular accident; DME

Diabetic macular edema status was only collected for patients undergoing 6 x 6 mm and 12 x 12 mm scans as it primarily affects foveal avascular zone calculations.

FAZ Segmentation

For FAZ detection, the algorithm achieved mean F1 scores
of 0.88 & 0.05 (6 x 6 mm) and 0.85 % 0.05 (12 x 12 mm).
A significant difference was observed across DR severity in
6 x 6 mm scans (P = 0.01) but not in 12 x 12 mm scans
(P = 0.87). Post hoc analysis confirmed this difference was
limited to mild—moderate NPDR versus PDR eyes
(P = 0.0006).

Agreement between Algorithm and Human
Grader for NPI

Bland—Altman analysis demonstrated excellent agreement
between algorithm-predicted and human-graded NPA sizes
with narrow LOA (Fig 3A, B and C). The algorithm slightly
underestimated NPA for 6 x 6 mm (mean
difference = —0.008; 95% LOA: —0.020 to 0.005) and
29 x 24 mm scans (mean difference = —0.002; 95%
LOA: —0.010 to 0.005), and slightly overestimated NPA
for 12 x 12 mm scans (mean difference = 0.0008; 95%
LOA: —0.005 to 0.007). Despite these minor systematic
biases, ICCs showed near-perfect agreement across all
scan sizes (6 x 6 mm: ICC = 0.990; 12 x 12 mm:
ICC = 0.979; 29 x 24 mm: ICC = 0.999).

NPI Correlation with DR Severity

The human-grader labeled and algorithm-derived NPIs
demonstrated a significant gradual increase with DR
severity across all 3 scan sizes (6 X 6 mm: algorithm:
P = 0.03; human: P = 0.02; 12 x 12 mm: algorithm:
P < 0.001; human: P < 0.001; 29 x 24 mm: algorithm:
P < 0.001; human: P < 0.001, Fig 4). The largest
incremental change in NPI was observed in 29 x 24 mm
scans, where peripheral nonperfusion was most evident.
Table 5 summarizes the algorithm-predicted NPI across
DR severity levels for 3 scan sizes (6 x 6, 12 x 12, and
29 x 24 mm). In 6 x 6 mm scans, NPI differed significantly
only between mild—moderate NPDR versus PDR
(P = 0.01); however, the differences for mild—moderate
versus severe NPDR (P = 0.12) and severe NPDR versus
PDR (P = 0.63) were not significant. In 12 x 12 mm scans,
NPI was significantly different for mild—moderate NPDR
versus severe NPDR (P < 0.001) and mild—moderate NPDR
versus PDR (P < 0.001), but not for severe NPDR versus
PDR (P = 0.24). In contrast, all pairwise comparison of NPI
between different severities of DR in 29 x 24 mm scans
(UWF) were significant—mild—moderate NPDR versus se-
vere NPDR (P < 0.001), mild—moderate NPDR versus PDR
(P < 0.001), and severe NPDR versus PDR (P = 0.02).

FAZ Quantification

The mean predicted FAZ area was 0.35 mmz, 0.33 mm2,
and 0.35 mm?® for 6 x 6 mm images and 0.38 mmz,
0.38 mm?, and 0.32 mm?” for 12 x 12 mm images across
mild-moderate NPDR, severe NPDR, and PDR eyes,
respectively. No significant differences in FAZ area were
observed between severity grades for either scan size
(6 x 6 mm, P =0.83; 12 x 12 mm, P = 0.29).
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Table 3. Algorithm Performance on OCTA Images across Varying FOVs and DR Severity

F1 scores across DR severity

Field of view Mild—moderate NPDR Severe NPDR
6 x 6 mm 0.81 £ 0.03 0.84 + 0.03
12 x 12 mm 0.80 + 0.05 0.80 + 0.09
29 x 24 mm 0.80 + 0.05 0.82 £ 0.02

PDR Overall F1 Score P Value
0.84 £+ 0.03 0.82 £ 0.01 0.87
0.84 + 0.03 0.84 + 0.03 0.83
0.86 £ 0.03 0.83 £ 0.02 0.004

DR = diabetic retinopathy; FOV = field of view; NPDR = nonproliferative diabetic retinopathy; OCTA = OCT angiography; PDR = proliferative

diabetic retinopathy.

Discussion

The study presents a novel, artifact-aware deep learning
algorithm for automated segmentation and quantification of
NPA across multiple scan protocols of UWF SS-OCTA,
including the largest single-scan FOV currently
available—29 x 24 mm. To our knowledge, this is the first
validated deep learning algorithm capable of NPA seg-
mentation across different scan sizes within a single ar-
chitecture, with consistent performance across FOVs (mean
F1 >0.82). The algorithm also integrates artifact recogni-
tion, NGA detection, and FAZ discrimination—critical
steps for ensuring robust quantification in a clinical setting.

Several studies have demonstrated good agreement and
strong correlations between NPA quantified on widefield
OCTA and FFA, particularly for the detection of peripheral
nonperfusion in DR.’**' Building on this prior work, our

Healthy eyes

Ground truth Algorithm prediction Ground truth

NPDR

findings show that OCTA-derived NPI stratifies DR
severity with high diagnostic performance. The increasingly
extended FOV achievable with UWF OCTA, together with
its rapid, dye-free, and noninvasive nature, makes OCTA an
attractive and increasingly strong competitor to FFA for
routine DR assessment and screening work. Several deep
learning algorithms published so far based on FFA showed
an accuracy ranging from 0.48 to 0.57.”>* However, a
direct comparison of our algorithm’s performance on
OCTA and FFA is challenging because of the inherent
differences between the 2 modalities (dye-based vs flow-
based imaging, leakage vs nonleakage) and the resulting
differences in NPA appearance and segmentation.

Prior studies have demonstrated the feasibility of dee
learning for NPA segmentation on OCTA. Le Boite et al”*
reported an F1 score of 0.78 for NPA segmentation in
12 x 12 mm images. One key methodological difference

Algorithm prediction Ground truth

Algorithm prediction

Figure 2. Nonperfusion area segmentation on OCTA images of varying DR severity grading. The top row shows 6 X 6 mm images, the middle row shows
12 x 12 mm images, while the 29 x 24 mm images are displayed in the bottom row. Manually segmented NPA and algorithm segmented NPA are denoted
in purple and green, respectively, while manually segmented NGA and algorithm segmented NGA are denoted in red and orange, respectively. An
increase in NPA with worsening DR severity grading is shown. DR = diabetic retinopathy; NGA = nongradable area; NPA = nonperfusion area;
NPDR = nonproliferative diabetic retinopathy; OCTA = OCT angiography; PDR = proliferative diabetic retinopathy.
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Table 4. Covariate Analysis of Effect of Baseline Variables on is that their study defined low-quality regions solely by

NPI abrupt signal changes on the en face OCTA and did not

distinguish between different types of artifacts. In contrast,

Baseline Variables Coefficient (95% CT) P Value  oyr study specifically adopted a dual-channel multimodal
Age 0.001 (0, 0.002) 0.12 convolutional neural network approach which incorporated
Gender 0.014 (—0.015, 0.042) 0.37 reflectance changes on the structural layer to identify
HIN 0.001 (~0.018, 0.020) 0.91 shadow artifacts. Other low-quality areas such as defocus
IPII{LDD 0.00(3) E:ggg 8853; 8% artifacts and segmentation errors without corresponding
CVA 0,028 (—01058: 0:002) 0.07 hypotransmission changes on the structural layer were
CKD 0.023 (—0.002, 0.050) 0.08 labeled separately as NGAs on the en face OCTA. This

distinction reflects the fact that shadow artifacts present
CI = confidence interval; CKD = chronic kidney disease; CVA = cere- with absent flow Slgnal on the anglogram and a corre-

brovascular accident; HLD = hyperlipidemia; HTN = hypertension; sponding hyporeﬂec.:tlve area on the structural laY_er’
[HD = ischemic heart disease; NPI = nonperfusion index. whereas other artifact types do not present with
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Figure 3. A, B and C, Bland—Altman plots for 6 x 6 mm, 12 x 12 mm, and 29 x 24 mm images, respectively, which show good agreement between
ground truth and algorithm-predicted NPI despite statistically significant proportional bias. Al = artificial intellignece; NPI = nonperfusion index.



Ophthalmology Science

Volume 6, Number 3, March 2026

Relationship between NPI and DR severity across different FOV
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Figure 4. Line graph showing an increase in NPI with DR severity across all 3 FOVs (6 x 6 mm: P = 0.03, 12 x 12 mm: P < 0.001, 29 x 24 mm:
P < 0.001). The solid line represents NPI derived from ground truth, while the dotted line represents NPI derived from the algorithm. The magnitude of
increase in NPI was the most significant in 29 X 24 mm images and the least significant in the 6 X 6 mm images. There is minimal difference in between
NPI calculated from ground truth and algorithm prediction across all 3 FOVs. DR = diabetic retinopathy; FOV = field of view; NPDR = nonproliferative
diabetic retinopathy; NPI = nonperfusion index; PDR = proliferative diabetic retinopathy.

hypotransmission on both the OCTA and structural OCT
concurrently.'” Another deep learning algorithm described
by Guo et al'*'” uses 3 channels as input—namely the en
face images, reflectance OCT image, and the retinal
thickness maps, and their algorithm was trained on
17 x 6 mm montaged widefield scans of the nasal,
temporal, and macula area.'®'> It should be noted that
montaged scans are subjected to less peripheral signal
attenuation because of a higher sampling density and
lower incidence of vignetting artifacts, which may make
automated NPA detection on montaged scans less
challenging than single-shot UWF OCTA scans. Howev-
er, montaged scans are less practical for clinical application
as it is a time-consuming process that requires multiple
scans over longer periods of time that patients are some-
times unable to tolerate. This frequently results in greater
patient eye movement and blinking that can generate mo-
tion artifacts and impair image quality.'” The need to align

images in montaged scans also leads to alignment errors
that affect accurate quantification of NPAs.'™*> Our study
addresses this limitation by utilizing single-scan UWF im-
ages that reduces scan times and patient discomfort.

Apart from being the first to support NPA segmentation
on single-scan UWF images, our deep learning algorithm is
also the first to perform equally well across 3 different
FOVs. The 6 x 6 mm and 12 x 12 mm FOVs were chosen
as they represent the most widely used commercially
available OCTA scanning protocols in DR research™® >
and correspond to key regions of interest for macular and
wider-field analysis in previous DR studies.’”’" Although
cross-device validation is still currently not possible due
to variations in data sets and device specifications, com-
parisons of our algorithm performance with previous
studies show that our algorithm is on par with previous
FOV-specific algorithms. Guo et al reported F1 scores
ranging from 0.82 £+ 0.08 to 0.87 £+ 0.10 for NPA

Table 5. Nonperfusion Index Values across Different Severities of DR and Scan Sizes

6 x 6 mm

Mild—moderate NPDR 0.032 (0.012—0.052)
Severe NPDR 0.057 (0—0.12)
PDR 0.069 (0.039—-0.10)

Mean NPI (95% CI)
12 x 12 mm
0.029 (0.013—0.044)

0.094 (0.059-0.13)
0.17 (0.12-0.22)

29 x 24 mm

0.024 (0.012—0.035)
0.11 (0.083—0.13)
0.22 (0.17-0.28)

CI = confidence interval; DR = diabetic retinopathy; NPDR = nonproliferative diabetic retinopathy; NPI = nonperfusion index; PDR = proliferative

diabetic retinopathy.
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segmentation on 6 X 6 mm images of eyes with DR, while
Le Boite et al reported F1 score of 0.781 for NPA seg-
mentation on 15 x 15 mm images. Although we are unable
to directly compare UWF scan performance, as there are no
previous deep learning algorithms for single-scan UWF
images, a substitute comparison with 17 x 6 mm montaged
WEF scan reported by Guo et al, which reported an average
F1 score of 0.79 £ 0.06 for mild—moderate NPDR and
0.78 £ 0.05 for severe NPDR and PDR images, shows that
our algorithm achieved high performance without needing
montaged scans.

Algorithm performance was also evaluated with
Bland—Altman analysis and ICC, which both showed
strong agreement of algorithm-predicted NPI with an expert
human grader. The Bland—Altman analysis showed a slight
underestimation in NPA area by the algorithm in 6 X 6 mm
and 29 x 24 mm images and overestimation in 12 x 12 mm
images. However, the difference is likely negligible for
quantification in the clinical context. The high ICC values
across all 3 FOVs further underscore the agreement be-
tween algorithm-predicted NPI with human-predicted NP
Even though F1 score has traditionally been adopted in
machine learning tasks to evaluate algorithm performance,
it emphasizes the agreement of segmentation accuracy
including location and border delineation more than the
agreement of quantification. For clinical implementation,
the cumulative NPA burden has been proven to be a strong
biomarker for predicting DR severity.” The strong
performance of our U-net—based NPA quantification
supports its clinical utility as a fully automated tool for
measuring total NPA burden and its potential application
in biomarker-driven DR risk stratification. If NPI is adop-
ted as a biomarker in future clinical trials, the proposed
deep learning algorithm could provide efficient, reproduc-
ible, and scalable quantification across large data sets.
Because our algorithm performs well in both NPA quanti-
fication and NPA localization, it is clinically relevant in the
diagnosis and risk stratification of DR.

However, the extension of the FOV in our study to a
maximum of 29 x 24 mm presented multiple challenges for
accurate NPA segmentation. While 400 kHz swept-source
OCT enabled much more expanded FOV with rapid scan-
ning, peripheral defocus artifacts remained more pro-
nounced than smaller FOVs, which predisposes to increased
fundus movement.”” An increased presence of shadow
artifacts from eyelashes or vitreous hemorrhage
(commonly inferiorly) also makes accurate segmentation
of NPA by a deep learning algorithm challenging.
Interestingly, our results showed minimal variation in
algorithm performance across FOVs (P = 0.12). We
maintained high segmentation accuracy by using a novel
preprocessing pipeline, incorporating en face structural
OCT images to enable model recognition and automatic
exclusion of NGAs without the need for dedicated
ground-truth labels on the structural scan. This improved
label quality and algorithm generalizability and reduced
false positives that bias the decision boundary of the algo-
rithm toward artifact-correlated features rather than features
of true NPA.> Previous studies have attempted to reduce
the interference of artifacts on NPA analysis by

developin(g a deep learning algorithm to remove shadow
artifacts.”® This was done by superimposing scan data
from smaller FOV images to reconstruct artifactual areas.
However, this is less applicable for UWF images as
nonshadow artifacts such as defocus artifacts also
contribute substantially to poor image quality and cannot
be removed by such an approach.

Despite the aforementioned challenges, our algorithm
performance was observed to improve with increasing DR
severity for UWF (29 x 24 mm) images (P = 0.004). The F1
scores of mild—moderate, severe NPDR, and PDR were
0.80, 0.82, and 0.86, respectively. In milder DR cases, in-
dividual NPAs are scattered across the image. This reduces
separability from normally perfused tissue and makes NPA
detection more susceptible to artifacts. As DR severity in-
creases, NPAs enlarge and become confluent, acquiring more
definitive morphology, thus facilitating differentiation of true
NPAs from low-quality regions and artifact-related maskers.

Although there exist other classification systems for
grading DR severity, including the “gold standard” ETDRS
classification, such classification systems are often not
practical for day-to-day clinical practice as they are time-
consuming to administer.”* The ICDR severity scale, on
the other hand, is a simplified, clinically oriented system
derived from and closely aligned with the ETDRS
sevenfield grading protocol, and it forms the basis of
various international DR management workflows.>**”

In lieu of its widespread use in clinical settings, training
our model on ICDR—stratified data sets allows it to be better
integrated into existing clinical workflows. It provides rapid
automated NPI measurements and reduces interobserver
variability, thus making it particularly attractive for DR
screening and surveillance. The ICDR severity scale cate-
gories also reliably map onto well-defined ETDRS severity
group, thus enabling our algorithm and proposed NPI
thresholds to be conceptually extrapolated between the 2.**

Field of view analysis demonstrated a clear FOV-
dependent positive association between NPI and DR
severity. Nonperfusion index rose progressively from mild-
moderate NPDR to PDR across all 3 scan sizes, and the
largest incremental change of NPI was observed in
29 x 24 mm. Notably, the 29 x 24 mm scan was the only
FOV in which all pairwise comparisons of DR severity
were significant on Dunn test. This suggests that discrimi-
native performance improves with increasing FOV. As the
29 x 24 mm scan extends into the peripheral retina, these
findings imply that peripheral regions contribute dispro-
portionately to the overall NPA burden, which is particu-
larly informative for distinguishing advanced DR stages.
This is consistent with UWF FFA studies reporting that
>70% of NPA lies outside the posterior pole'’ and that
peripheral NPA increases markedly with advancing DR
stage.”” Among the 3 FOVs utilized in our study, the
UWF 29 x 24 mm scans also demonstrated the largest
increment in NPI across DR severities, underscoring the
value of UWF SS-OCTA for detecting peripheral
ischemia that is often missed by conventional macular
protocols. In contrast, the smaller area of the 6 x 6 and
12 x 12 mm scans likely accounts for the lower absolute
NPI values and weaker interstage differences observed.
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Taken together, these data support the complementary use
of UWF OCTA to enhance detection and monitoring of
ischemic changes in DR. Furthermore, our U-net—based
segmentation algorithm provides an efficient and scalable
approach to quantify NPA across these large-area data sets,
improving analytical productivity and reproducibility.

Our deep learning algorithm also performed well for
FAZ segmentation with an F1 score of 0.88 + 0.05 for
6 x 6 mm and 0.85 £+ 0.05 for 12 x 12 mm. This is
comparable to the results published by Le Boite et al,
reporting a F1 score of 0.879 for FAZ segmentation on
15 x 15 mm images. Interestingly, we note significant
differences in  algorithm  performance  between
mild—moderate NPDR (F1 = 0.93) and PDR (F1 = 0.81)
on 6 x 6 mm images. This could be explained by increased
FAZ circularity with worsening DR severity which makes
FAZ morphology less distinct in PDR compared with
mild—moderate NPDR.*° However, previous studies have
demonstrated significant variation in FAZ area even in
healthy controls, which limits the utility of FAZ as a
biomarker for predicting DR progression.”’ Furthermore,
peripheral NPA has been shown to correlate more
strongly with DR severity than FAZ area, and studies
have reported that posterior pole Eerfusion can be
preserved in eyes with advanced DR.*-*”

Our study demonstrates that NPA is a robust biomarker
that correlates strongly with DR severity across 3 different
FOV. Prior work has also shown that peripheral NPA un-
derlies predominantly peripheral lesions, which are linked
to more advanced disease than ETDRS grading alone would
suggest.”*! In routine practice, however, NPA assessment
has been constrained by the invasive, time-consuming na-
ture of FFA and the labor-intensive manual segmentation it
requires. In contrast, UWF OCTA provides rapid, dye-free,
high-resolution visualization of the retinal microvasculature
across multiple FOV and is more amenable to repeated
imaging. By automating OCTA-derived NPA quantifica-
tion, our deep learning algorithm further reduces grader
burden and interobserver variability, markedly improving
the efficiency and consistency of NPI-based staging. Its
rapid processing makes it well suited for busy eye clinics
and screening program to quantify ischemic burden, guide
timely management decisions, and support longitudinal
monitoring. In addition, its high throughput and reproduc-
ibility also makes NPA a potentially attractive biomarker
for clinical trials that need to evaluate large imaging data
sets.

Limitations of this study include smaller sample size
derived from a single center. Ultra-widefield SS-OCTA also
has longer scan times compared with ordinary SS-OCTA
FOVs, resulting in a greater tendency for poor patient
cooperation and artifact generation. This reduces image
quality and makes obtaining sufficient good quality scans for
algorithm training challenging. Future work will expand to
larger samples from multicenter cohorts, which is essential
for validating model robustness across diverse data and im-
aging environments. Secondly, establishing ground-truth
NPA segmentation remains challenging. Our group has
incorporated automated detection of shadow and other arti-
fact types into the algorithm, coupled with a majority-voting
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strategy to reduce intergrader variability in defining true flow
absence and NGA. While shadow artifacts can be reliably
identified using corresponding structural OCT scans, other
sources of image degradation—such as defocus, segmenta-
tion errors, and pupil vignetting—remain more challenging
to delineate consistently and exhibit higher intergrader
variability. Furthermore, defocus artifacts tend to arise more
frequently in the periphery of UWF SS-OCTA angiograms
due to the greater depth-of-focus of swept-source scanning.
Moving forward, we aim to establish a comprehensive arti-
fact classification and image quality scoring framework to
stratify algorithm performance across different image quali-
ties, further enhancing the robustness of automated NPA
segmentation on UWF SS-OCTA. Continued advancements
in UWF OCTA acquisition technology to minimize these
inherent image quality limitations will likewise improve al-
gorithm performance and expand its clinical utility. In
addition, given that our study is a cross-sectional study, we
have only evaluated the efficacy of NPI as a biomarker in a
single frame. Future studies could implement automatic NPA
segmentation to follow-up a cohort of patients with DR to
establish the utility of NPI in DR monitoring.

Another limitation is that the algorithm was trained on
the ARL. While the ARL provides a comprehensive visu-
alization of retinal nonperfusion, we acknowledge the
unique diagnostic insights that individual vascular plexuses,
such as the superficial and deep capillary layers, may pro-
vide. Future work will include layer-specific analyses to
better understand the relative contributions of each plexus
to DR detection and progression.'”

Additionally, as our algorithm is focused primarily on
generalized detection of NPA, it is unable to distinguish if
NPA is purely from DR or from other ischemic retinopathies.
However, the results of our covariate analysis have shown that
patient comorbidities such as hypertension and hyperlipidemia
do not confound the relationship between NPI and DR
severity. This supports the internal validity of NPI as a marker
of DR progression. Yet, because NPA is a manifestation of
multiple ischemic retinopathies, this suggests potential appli-
cability of the algorithm to other disease, such as retinal
vascular occlusion. Future studies will evaluate algorithm
performance in NPA detection across other conditions.

Furthermore, although Bland—Altman analysis showed
strong agreement between algorithm-predicted NPI and
ground truth, supporting the clinical relevance of the algo-
rithm and its potential for application, there is no clear
threshold to assess its clinical utility and feasibility for
diagnosis and prognostication of DR. Determining a
threshold is also challenging due to interclinician variability
of what is considered acceptable accuracy. Bogost et al™
previously suggested that semi-automated algorithms
involving human modification of automated NPA
segmentation could be explored on top of fully automated
algorithms such as ours to improve the quantification
potential for clinical adoption. Hence, a solution to this
limitation could be to directly compare the performance
of our fully automated algorithm with semi-automated
algorithms to determine whether human modification
significantly improves NPA quantification by a deep
learning algorithm.
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In summary, this study presents an artifact-aware deep
learning framework for automated identification and quan-
tification of retinal nonperfusion on single-scan UWF SS-
OCTA. The algorithm efficiently delivers accurate, repro-
ducible NPA segmentation across different FOVs, enabling
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