
Explainable Artificial IntelligenceeAssisted
Exploration of Clinically Significant Diabetic
Retinal Neurodegeneration on OCT Images

Miyo Yoshida, MD, Tomoaki Murakami, MD, PhD, Kenji Ishihara, MD, PhD, Yuki Mori, MD, PhD,
Akitaka Tsujikawa, MD, PhD

Purpose: To explore clinically significant diabetic retinal neurodegeneration in OCT images using explainable
artificial intelligence (XAI) and subsequent evaluation by retinal specialists.

Design: A single-center, retrospective, consecutive case series.
Participants: Three hundred ninety-seven eyes from 397 diabetic retinopathy patients for XAI-based screening

and 244 fellow eyes for subjective human evaluation.
Methods: We acquired 30� horizontal OCT images centered on the fovea. An artificial intelligence (AI) model was

developed to infer visual acuity (VA) reduction using fine-tuned RETFound-OCT. Attention maps highlighting regions
contributing to VA inference were generated using layer-wise relevance propagation. Retinal specialists assessed OCT
findings based on salient regions indicated by XAI. Two newly described findings, a needle-like appearance of the
ganglion cell layer (GCL)/inner plexiform layer (IPL) (“ice-pick sign”) and dot-like alterations in the outer nuclear layer
(ONL) (“salt-and-pepper sign”), were evaluated alongside 2 established findings: EZ disruption and choroidal
hypertransmission.

Main Outcome Measures: Identification of clinically significant OCT findings associated with diabetic retinal
neurodegeneration.

Results: The AI model effectively discriminated eyes with poor vision (decimal VA �0.5) from those with good vision
(VA �1.0) (area under the receiver operating characteristic curve of 0.947). Explainable artificial intelligenceebased
attention maps highlighted salient regions in the GCL/IPL (65.2% or 70.0%), ONL (52.2% or 28.3%), EZ (39.1% or
21.7%), and choroid (26.1% or 5.00%) in eyes with poor or good vision, respectively. Subjective evaluation by retinal
specialists revealed the frequencies of these 4 findings as follows: ice-pick sign (32.4%), EZ disruption (25.0%), salt-and-
pepper sign (16.0%), and choroidal hypertransmission (13.5%). Eyes with decimal VA �0.9 had these findings more
frequently than those with VA �1.0 (P < 0.001 for all comparisons). Salt-and-pepper sign and choroidal hyper-
transmission exhibited high specificity for identifying eyes with poor vision. Statistical analyses demonstrated more
significant associations between EZ disruption, salt-and-pepper sign, and hypertransmission compared with their re-
lationships with the ice-pick sign.

Conclusions: Artificial intelligenceeassisted exploration of OCT findings identified 2 established lesions and 2
novel OCT biomarkers indicative of clinically significant diabetic retinal neurodegeneration.
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Diabetic retinopathy (DR) is a leading cause of blindness
in the working-age population, characterized by retinal
damage through various pathological mechanisms.1 In
addition to angiogenesis and increased vascular
permeability in proliferative DR and diabetic macular
edema (DME), inflammatory responses and neuronal
lesions exacerbate visual impairment. Disruption of the
neurovascular unit has prompted the introduction of the
updated staging system, diabetic retinal disease.2 Retinal
function assessments, such as retinal sensitivity and
electroretinogram, indicate impairment before clinical DR
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development, supported by evidence of retinal neuron
loss, including ganglion cells.3e6 These findings have led
to the recognition of diabetic retinal neurodegeneration.7

Structural OCT enables detailed visualization of neuronal
components in both healthy and diseased retinas, including
diabetic retinal disease. The ganglion cell layer/inner plex-
iform layer (GCL/IPL) is thinner in DR patients compared
with healthy individuals, potentially reflecting histological
ganglion cell loss.8e11 Nonperfused areas exhibit disrupted
lamellar structure in inner retinas on OCT, and disorgani-
zation of retinal inner layers and ellipsoid zone (EZ)
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disruption are associated with poor vision in DME.12e16

Moreover, lesions in the retinal pigment epithelium (RPE)
and choriocapillaris have been detected using fundus auto-
fluorescence and OCT angiography, respectively.15,17

Explainable artificial intelligence (XAI) has gained sig-
nificant attention for enhancing the transparency and inter-
pretability of black-box artificial intelligence (AI) models.18

In classification and regression tasks, tools like SHapley
Additive exPlanations illustrate inputeoutput de-
pendencies. For image analyses, backpropagation-based
methods such as layer-wise relevance propagation
(RELPROP) and gradient-weighted class activation map-
ping generate saliency maps that highlight regions influ-
encing inference.19 Saliency maps have been successfully
applied to fundus photographs and OCT images to infer
DR and DME.20,21

Recently, the RETFound foundation model for fundus
imaging demonstrated versatility in diagnosing ocular dis-
eases and inferring systemic conditions through fine-tuning
on large pretrained datasets.22 Its capabilities also extend to
generating task-specific attention maps. However, the po-
tential of XAI to assist clinical researchers in defining novel
clinical entities remains unclear.

In this study, we utilized XAI to identify salient OCT
regions relevant to visual acuity (VA) inference in DR and
conducted an expert-driven exploration of known and novel
lesions through subjective retinal assessment.

Methods

Participants

This retrospective study consecutively enrolled patients with DR
without macular edema whose spectral-domain OCT (SD-OCT)
images of sufficient quality were acquired at the Department of
Ophthalmology, Kyoto University Hospital. The study adhered to
the Declaration of Helsinki and was approved by the Ethics
Committee of the Kyoto University Graduate School and Faculty
of Medicine. Inclusion criteria are as follows: presence of DR,
included confirmed absence of center-involving DME (central
subfield thickness >305 mm or 320 mm for women and men,
respectively), and written informed consent. Exclusion criteria
were (1) axial length <22 mm or >26 mm, (2) severe media
opacities, (3) other ocular diseases affecting VA, including glau-
coma, epiretinal membrane, or vitreomacular traction, (4) ocular
treatments within 6 months before image acquisition, such as
intraocular surgery, anti-VEGF injections, ocular steroids, or
photocoagulation, (5) prior vitrectomy combined with removal of
the epiretinal membrane, vitreomacular traction, or internal limiting
membrane, and (6) poor image quality. If both eyes met the in-
clusion criteria, 1 eye was randomly selected for AI-based
screening, while the fellow eye was used for subjective evalua-
tion by retinal specialists.

Imaging

After best-corrected decimal VA was measured, and subsequently,
comprehensive ophthalmic examinations were performed, and DR
severity was classified according to the International Clinical
Diabetic Retinopathy Severity Scales.23 Axial length was measured
using partial coherence interferometry (IOL Master, Carl Zeiss
Meditec, Inc). Spectral-domain OCT images were acquired using
the Spectralis OCT (Heidelberg Engineering) in raster scan (49
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sections of 20� B-scans, each composed of 512 A-scans) and 30�
cross-hair modes (composed of 1536 A-scans). Based on pre-
liminary evaluation (data not shown), we selected 20� horizontal
retinal sections cropped from 30� cross-hair B-scan images to
create AI models for VA inference and to assess OCT findings
subjectively. After constructing three-dimensional images based on
raster scan data, central subfield thickness (within a 1 mm diam-
eter) was measured using the ETDRS grid.

Explainable Artificial Intelligence

A fine-tuned VA prediction model based on RETFound-OCT was
prepared using a previously described method with modifica-
tions.22 A stepwise procedure included (1) VA labeling for the
OCT image, (2) fine-tuning RETFound-OCT, (3) validation of
the prediction model, (4) receiver operating characteristic curve
analysis, and (5) attention map creation.

We classified and labeled eyes into good VA (decimal
VA �1.0) and 4 thresholds of poor VA (decimal VA �0.3, 0.5,
0.7, or 0.9 [Snellen equivalent �20/63, 20/40, 20/29, or 20/22]).
Eyes were randomly allocated into training, validation, and test
datasets in a 4:1:2 ratio. Cross-entropy loss for training and vali-
dation datasets was automatically calculated by RETFound at each
epoch to evaluate model accuracy and monitor potential over-
fitting, respectively. By observing loss value trends as the number
of epochs increased, the optical epoch count was determined.
Model weights corresponding to this selected epoch were saved as
a checkpoint for evaluation on the validation set. Model perfor-
mance was assessed using accuracy, F1-score, recall, and precision
calculated from the validation dataset. Each saved checkpoint was
subsequently applied to the test dataset to generate receiver oper-
ating characteristic curves, enabling evaluation of the model’s
clinical use.

Based on receiver operating characteristic analysis results and
sample size considerations, the VA prediction model comparing
eyes with decimal VA �1.0 (Snellen VA �20/20) and VA �0.5
(Snellen VA �20/40) was selected for further analysis. Attention
maps were generated using RELPROP, an explanation tool spe-
cifically designed for transformer-based networks.24 Test data were
input into the prediction model, and backpropagation across
network layers was conducted to calculate each pixel’s
contribution within the raw OCT images. Pixels with high
contributions were visualized using warm colors, while low-
contribution pixels were represented by cool colors, facilitating a
visual interpretation of salient image regions related to VA
inference.

Human Subjective Assessment

The salient regions highlighted in red on the attention maps were
subjectively evaluated. Retinal and choroidal layers identified on
sectional SD-OCT images included the nerve fiber layer, GCL/IPL,
inner nuclear layer, outer plexiform layer, outer nuclear layer
(ONL), ellipsoid zone (EZ), outer segments, RPE, and choroid.
The retinal layers corresponding to the centroids of the salient
regions were identified by retinal specialists.

The results of XAI encouraged us to evaluate morphological
features in the GCL/IPL, ONL, EZ, and choroid on sectional and
horizontal OCT images centered on the fovea. Thinning of the
GCL/IPL around the fovea was characterized by a needle-like
appearance, distinct from the typical scalpel-shaped GCL/IPL
observed in healthy or glaucomatous eyes. In other words, the
inner border of the GCL/IPL showed a straight contour in some
eyes with DR, whereas it appeared convex in healthy subjects. This
novel OCT finding was referred to as the “ice-pick sign.” Its
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presence was further assessed in the nasal and temporal regions
within the central 3 mm of the fovea.

Additional qualitative findings in the outer retinal layers and
choroid were examined within the central 1 mm and the nasal and
temporal subfields of the parafovea (1e3 mm diameter). Moder-
ately reflective, small, oval, or round-shaped dots were diffusely
delineated within the ONL in some eyes with DR, which we
defined as the “salt-and-pepper sign.” This finding was distin-
guished from hyperreflective foci, which vary in size and are
observed as discrete lesions. Two previously recognized OCT
findings, EZ disruption and choroidal hypertransmission, were also
assessed.

Statistics

All data were expressed as the median (interquartile range),
with statistical significance set at P < 0.05. Normality was
evaluated using the ShapiroeWilk test. Continuous vari-
ables were analyzed using the ManneWhitney U-test or
KruskaleWallis test with Bonferroni correction, while cat-
egorical variables were assessed using Fisher exact test or
chi-square test. Spearman rank correlation coefficient was
employed to evaluate statistical associations. All statistical
analyses were conducted using SPSS software (version 24;
IBM). Receiver operating characteristic curves were gener-
ated using Matplotlib (version 3.8.3) and Scikit-learn
(version 1.4.1) libraries. Intergrader agreement for qualita-
tive findings was evaluated using Cohen kappa coefficient.

Results

XAI-Assisted Screening of Clinically Relevant
Regions

In this retrospective study, we analyzed 397 eyes from 397
DR patients without macular edema. The patients’ charac-
teristics are presented in Table S1 (available at
www.ophthalmologyscience.org). Among these eyes, 207
exhibited good vision (decimal VA �1.0 [Snellen
VA �20/20]), while 190, 125, 86, and 50 eyes had
decimal VA �0.9, 0.7, 0.5, and 0.3, respectively
(corresponding to Snellen VA �20/22, 20/29, 20/40, and
20/63). Using sectional OCT images, we developed VA
inference models based on the fine-tuned RETFound-OCT
Figure 1. ROC curves for VA inference using fine-tuned RETFound-OCT mo
VA thresholds of [A] �0.3 [Snellen equivalent ¼ 20/63; 14 eyes], [B] �0.5 [2
compared with VA �1.0 (20/20; 60 eyes). AUROC ¼ area under the ROC c
framework. Performance metrics demonstrated higher ac-
curacy and area under the receiver operating characteristic
curve in inferring decimal VA �0.3 and 0.5 ([Snellen
VA �20/63 and 20/40]; Table S2, available at
www.ophthalmologyscience.org). These results were
consistently observed in the test dataset (Fig. 1). Receiver
operating characteristic analyses yielded similar results in
cases without prior vitrectomy (area under the receiver
operating characteristic curve ¼ 0.951).

To identify retinal layers containing clinically relevant
lesions, we applied RELPROP, an XAI method, to generate
attention maps highlighting salient regions. These maps
were created by comparing eyes with VA �1.0 (Snellen
VA �20/20) to those with VA �0.5 (Snellen VA �20/40)
(Fig. 2). Salient regions particularly associated with VA
differences were frequently observed in the GCL/IPL,
inner nuclear layer, ONL, EZ, RPE, and choroid, each
demonstrating unique frequencies (Table 3). The EZ and
ONL were more frequently highlighted in the nasal and
central regions, whereas the choroid was more commonly
emphasized in the temporal and central regions.
Additionally, the EZ, ONL, and choroid were delineated
as salient regions more frequently in eyes with poor vision
than in those with good vision. Similar frequencies were
observed in subgroup analyses of eyes with
nonproliferative DR and proliferative DR and those
without prior vitrectomy (Tables S4eS6, available at
www.ophthalmologyscience.org).

Human Subjective Assessment of OCT Findings

Two retinal specialists independently evaluated the OCT
findings. The patients’ characteristics are presented in
Table S7 (available at www.ophthalmologyscience.org).
Four distinct findings were assessed on horizontal OCT
images: the ice-pick sign in the GCL/IPL (k ¼ 0.88 and
0.89 in the nasal and temporal regions, respectively), the
salt-and-pepper sign in the ONL (k ¼ 0.96, 0.95, and 0.94 in
the nasal, central, and temporal regions), EZ disruption
(k ¼ 0.94, 0.97, and 0.91), and choroidal hypertransmission
(k ¼ 0.98, 0.95, and 0.95). Representative examples of each
finding were shown in Figures 3 and S4 (available at
www.ophthalmologyscience.org). The inner nuclear layer
and RPE occasionally exhibited thinning or thickening,
dels. ROC curves were generated from test data to infer poor VA (decimal
0/40; 23 eyes], [C] �0.7 [20/29; 36 eyes], and [D] �0.9 [20/22; 54 eyes]),
urve; ROC ¼ receiver operating characteristic; VA ¼ visual acuity.
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Figure 2. Salient regions identified by explainable artificial intelligence for VA comparison. Attention maps highlight clinically relevant layers in eyes with
VA �1.0 (Snellen equivalent ¼ 20/20) compared with those with VA �0.5 (20/40). Arrows indicate specific regions associated with VA differences,
including (A) the ganglion cell layer/inner plexiform layer, (B) the outer nuclear layer, (C) the ellipsoid zone, and (D) the choroid (arrow ¼ salient region).
Red regions represent areas with high contributions to VA inference by the AI model. AI ¼ artificial intelligence; VA ¼ visual acuity.
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either focally or diffusely; however, retinal specialists could
not identify definitive qualitative findings specific to eyes
with poor vision.

The frequencies of each finding across different VA
levels were determined for the central, nasal, and temporal
regions (Figs. 5 and S6eS9, available at www.ophthal
mologyscience.org). In eyes with VA �0.7 (Snellen
VA �20/29), the ice-pick sign in the GCL/IPL was
observed more frequently than the other OCT findings.
Across all VA levels, the salt-and-pepper sign and choroidal
hypertransmission were less frequently delineated than EZ
disruption. Eyes with these OCT findings had poorer VA
than those without them (Table S8, available at
www.ophthalmologyscience.org). These 4 findings
demonstrated high specificity in distinguishing eyes with
decimal VA �1.0 (Snellen VA �20/20) from those with
VA �0.9 (Snellen VA �20/22) (Table S9, available at
www.ophthalmologyscience.org). Subgroup analyses of
eyes without prior vitrectomy showed similar results
(Table S10, available at www.ophthalmologyscience.org).
These OCT findings were more commonly observed in
eyes with moderate nonproliferative DR or proliferative
Table 3. Salient Regions in Attention Maps Comparing 23 Eyes with D
(20/20

Decimal VA (Snellen)

Nasal

VA �0.5 (20/40) VA �1.0 (20/20) VA �0.

NFL 1 (4.35%) 3 (5.00%) e
GCL/IPL 10 (43.5%) 35 (58.3%) e
INL 5 (21.7%) 17 (28.3%) e
OPL 0 (0.00%) 3 (5.00%) e
ONL 6 (26.1%) 9 (15.0%) 8 (34
EZ 8 (34.8%) 4 (6.67%) 5 (21
OS 1 (4.35%) 0 (0.00%) 0 (0.
RPE 4 (17.4%) 4 (6.67%) 2 (8.
Choroid 1 (4.35%) 1 (1.67%) 5 (21

EZ ¼ ellipsoid zone; GCL/IPL ¼ ganglion cell layer/inner plexiform layer; INL ¼
OPL ¼ outer plexiform layer; OS ¼ photoreceptor outer segment; RPE ¼ retin

4

DR (Table S11, available at www.ophthalmology
science.org).

All 4 findings were statistically associated with one
another. A correlation matrix revealed that the ice-pick sign
exhibited low correlation with the other 3 findings (Fig. 10).
In contrast, EZ disruption, the salt-and-pepper sign, and
choroidal hypertransmission coincided more frequently,
particularly within the same anatomical regions. Addition-
ally, the relative frequencies of each subjective OCT finding
supported these statistical associations (Table S12, available
at www.ophthalmologyscience.org). Ellipsoid zone
disruption, the salt-and-pepper sign, and choroidal hyper-
transmission were more frequently delineated in the central
and temporal regions compared with other combinations. In
some cases, these OCT findings were observed exclusively
in the central or temporal regions.
Discussion

This study investigated the morphological characteristics of
the neuroretina associated with VA in DR patients without
ecimal VA �0.5 (Snellen VA �20/40) and 60 Eyes with VA �1.0
)

Central Temporal

5 (20/40) VA �1.0 (20/20) VA �0.5 (20/40) VA �1.0 (20/20)

e 0 (0.00%) 0 (0.00%)
e 9 (39.1%) 25 (41.7%)
e 5 (21.7%) 10 (16.7%)
e 0 (0.00%) 6 (10.0%)

.8%) 10 (16.7%) 6 (26.1%) 4 (6.67%)

.7%) 10 (16.7%) 1 (4.35%) 2 (3.33%)
00%) 1 (1.67%) 0 (0.00%) 0 (0.00%)
70%) 16 (26.7%) 3 (13.0%) 5 (8.33%)
.7%) 2 (3.33%) 6 (26.1%) 2 (3.33%)

inner nuclear layer; NFL ¼ nerve fiber layer; ONL ¼ outer nuclear layer;
al pigment epithelium; VA ¼ visual acuity.
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Figure 3. Representative OCT images from 5 patients with diabetic retinopathy. (B, D, F, H, J) Magnified views of the white rectangles in the original OCT
images (A, C, E, G, I). A and B, A horizontal OCT image without the 4 specific findings. White arrows ¼ GCL/IPL; white arrowheads ¼ EZ. C and D, Ice-
pick sign in the GCL/IPL (white arrows). (E, F) Salt-and-pepper sign in the outer nuclear layer (ONL), filled with moderately reflective dots (green
rectangle). G and H, EZ disruption in the temporal areas (hollow arrowheads) compared with the intact EZ in the nasal areas (white arrowheads). I and J,
Choroidal hypertransmission (green double-headed arrow). EZ ¼ ellipsoid zone; GCL/IPL ¼ ganglion cell layer/inner plexiform layer.

Yoshida et al � XAI for Diabetic Retinal Neurodegeneration on OCT
DME using OCT images. Artificial intelligenceebased
models for VA inference were constructed by fine-tuning
the clinical foundation model RETFound-OCT. Through
XAI-based analyses, attention maps were generated, high-
lighting salient regions on sectional OCT images that were
potentially associated with VA differences. Notably, the
GCL/IPL and photoreceptor/RPE layers were frequently
emphasized. As a novel approach in humanecomputer
interaction, retinal specialists interpreted both known and
unknown OCT findings while referencing these saliency re-
gions. This process confirmed 2 established findings: EZ
disruption, commonly observed in DME, and choroidal
hypertransmission, typically associated with age-related
macular degeneration. Additionally, 2 novel findings were
identified: the ice-pick sign in the GCL/IPL and the salt-and-
pepper sign in theONL. Statistical analyses demonstrated that
the salt-and-pepper sign and choroidal hypertransmission
were highly specific biomarkers for VA reduction.

We selected the fine-tuned RETFound-OCT model due
to the limited number of available cases.22 Fine-tuning
pretrained foundation models requires fewer cases
compared with traditional deep learning approaches. While
models comparing decimal VA �1.0 versus VA �0.5 or 0.3
(Snellen VA �20/20 vs. VA �20/40 or 20/63) achieved
high accuracy and area under the receiver operating char-
acteristic curve, discrimination between VA �0.9 and VA
5



Figure 5. Frequencies of subjective OCT findings at different decimal VA levels. A, Ice-pick sign, (B) EZ disruption, (C) salt-and-pepper sign, and (D)
choroidal hypertransmission. EZ ¼ ellipsoid zone; VA ¼ visual acuity.
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�1.0 (Snellen VA �20/22 and VA �20/20) was less pre-
cise. This suggests that VA prediction depends on structural
features in OCT images, while other factors such as diabetic
macular ischemia and transient neuronal dysfunction may
also contribute.25,26 Future multimodal approaches
integrating structural and functional data may enhance
model performance.

Attention maps created using RELPROP highlighted
specific regions for further evaluation. However, the fre-
quencies of salient regions indicated by XAI and the OCT
findings identified by human assessment did not always
align, underscoring the need for cautious interpretation. We
hypothesized that OCT findings could be categorized into 3
6

types: newly developed lesions, structural loss, and struc-
tural deformation. The ice-pick sign may be classified as a
form of retinal structural deformation. The AI model might
detect this OCT finding based solely on its morphological
features, regardless of the eye’s pathological or healthy
status. Consequently, the GCL/IPL was highlighted in the
attention maps for eyes with both good and poor vision.
Conversely, the EZ, ONL, and choroid were more
frequently emphasized in eyes with poor vision, possibly
due to their association with pathological lesions.

Consistent with previous research, GCL/IPL thinning
was observed in eyes with poor vision, likely reflecting
retinal ganglion cell dendrite and cell body involvement



Figure 10. Correlation matrix for OCT findings. A pseudocolor map displaying statistical associations between 4 OCT findings (ice-pick sign, EZ
disruption, salt-and-pepper sign, and choroidal hypertransmission) in the nasal, central, and temporal regions. Red indicates strong associations, while white
represents weak associations. EZ ¼ ellipsoid zone.

Yoshida et al � XAI for Diabetic Retinal Neurodegeneration on OCT
in diabetic eyes.27,28 The ice-pick sign was qualitatively
defined as needle-like thinning of the GCL/IPL, distinct
from the scalpel-like thinning observed in glaucoma and
the layered appearance seen in ischemic retinal vein oc-
clusion.29 Future studies should develop AI-driven
models to automatically distinguish GCL/IPL thinning
patterns. Furthermore, while hyperglycemia directly im-
pairs retinal neurons, the relationship between GCL/IPL
thinning and diabetic macular ischemia warrants further
investigation.

Ellipsoid zone disruption was associated with poor VA in
DR eyes without macular edema, consistent with previous
findings in DME.12,30e33 Statistical analyses suggested that
EZ disruption initially occurs in the central or temporal
subfields before extending to the nasal subfield, a pattern
distinct from the center-involving damage typical of DME.
The frequent highlighting of the nasal subfield in attention
maps may indicate late-stage photoreceptor damage and
subsequent VA reduction.

Statistical analyses indicated that choroidal hyper-
transmission partially overlapped with areas of EZ disrup-
tion in DR. In age-related macular degeneration, this finding
indicates synchronized photoreceptor and RPE atrophy.34 It
prompted us to hypothesize that the affected areas
correspond to concurrent photoreceptor and RPE damage.
This agrees with the previously proposed concept of
diabetic retinal pigment epitheliopathy, supported by
recent fundus autofluorescence studies.15,35 Future
longitudinal research should elucidate the clinical
progression from EZ disruption to RPE damage and
identify potential therapeutic targets.

The salt-and-pepper sign, a novel OCT finding, was
characterized by moderately reflective dots diffusely located
in the ONL, sometimes extended to other layers. This
pattern differs from hyperreflective foci, which appear as
highly reflective and clustered deposits in the outer plexi-
form layer and subretinal spaces. Hyperreflective foci are
considered to correspond to lipid-laden macrophages.36 We
speculated that the salt-and-pepper sign reflects photore-
ceptor cell death and a corresponding reduction in ONL cell
density.37 Histological studies documenting liquefaction
necrosis in diabetic retinas suggest that swollen cell bodies
may also contribute to reduced cellular density.38 Future
clinicopathological investigations should explore the
histological correlates of this OCT finding.

Deep learning is a widely accepted AI technique to assist
image-based diagnosis, although its decision-making pro-
cess often lacks transparency. Explainable artificial intelli-
gence methods have been developed to visualize salient
regions of input images that contribute to model output.
However, various XAI approaches generate saliency maps
at different stages of convolutional neural networks, and
7
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each may yield different results. Future studies are needed to
establish a gold standard for generating and interpreting
XAI saliency maps in ophthalmic images.

In the era of advanced AI, novel humanecomputer
interaction frameworks offer promising avenues for
addressing medical challenges.39,40 Human-in-the-loop
models, in which human annotators refine ambiguous data
points, have been widely adopted to improve AI perfor-
mance. We employed a complementary approach involving
XAI-based screening followed by human assessment.
Explainable artificial intelligence enhances model trans-
parency and trust by highlighting known legions while also
revealing unexpected areas for evaluation.18 This
bidirectional validation process could further confirm
clinical relevance and facilitate the discovery of novel
findings. Further studies should assess the efficacy of
various collaborative models in clinical practice.

This preliminary study has several limitations. Although
we excluded eyes that underwent vitrectomy combined with
manipulation of the vitreomacular interface, we should
8

consider prior vitrectomy as a confounding factor. It was
conducted at a single center, which may limit generaliz-
ability. We evaluated only horizontal OCT sections, which
were obtained using a specific OCT machine, and used
specific AI models to infer VA and to create saliency maps.
Future studies should incorporate other imaging modalities
and validation datasets to ensure reproducibility. Addition-
ally, while 4 qualitative OCT findings were proposed, their
automatic detection through AI remains to be established.
Comprehensive multimodal analyses integrating functional,
histological, and OCT data are needed to advance the clin-
ical understanding of diabetic retinal neurodegeneration.

In conclusion, we employed AI-assisted analysis to
explore clinically relevant OCT findings indicative of neu-
roretinal damage in DR. This novel humanecomputer
interaction scheme not only validated known lesions but
also identified new OCT findings, advancing the clinical
definition of diabetic retinal neurodegeneration and sug-
gesting potential biomarkers for future therapeutic
strategies.
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