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Purpose: Accurate classification of retinal diseases such as dry age-related macular
degeneration, wet AMD, epiretinal membrane, full-thickness macular hole (MH), lamel-
lar MH, and central serous chorioretinopathy (CSC) is essential for effective treatment
and clinical decision-making. Traditional deep learning models, however, often struggle
with imbalanced datasets and lack interpretability, limiting their translational applica-
bility in ophthalmology.

Methods: We propose a neurosymbolic framework that integrates a convolutional
neural network (CNN) with a symbolic reasoning layer based on expert-defined clini-
cal rules. A total of 10,846 optical coherence tomography images were retrospectively
collected and categorized into seven diagnostic classes: dry AMD, wet AMD, epireti-
nal membrane, full-thickness MH, lamellar MH, central serous chorioretinopathy, and
healthy retinas.

Results: Our neurosymbolic model achieved macro-precision 0.83, recall 0.82, and
F; 0.81, on internal dataset, having slightly better performance than the CNN
(0.64/0.83/0.68). On the external dataset, it retained superior performance, macro-
precision 0.85, recall 0.79, F; 0.78, versus the CNN (0.73/0.64/0.59).

Conclusions: Our hybrid neurosymbolic framework introduces a unified paradigm that
couples symbolic reasoning with a conventional CNN, improving diagnostic perfor-
mance while delivering transparent, clinically interpretable decisions. It is particularly
effective for rare and complex conditions that often challenge end-to-end deep learn-
ing models.

Translational Relevance: By integrating symbolic clinical logic with visual pattern
recognition, the neurosymbolic model fosters trust in artificial intelligence-assisted
diagnostics and supports precise, explainable decision-making in retinal care.

and artery occlusions, central serous chorioretinopa-
thy (CSC), epiretinal membrane (ERM), macular hole
(MH), diabetic retinopathy, and glaucoma.’ ¢
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Optical coherence tomography (OCT) has become
one of the most extensively used diagnostic modal-
ities in ophthalmology, owing to its noninvasive
nature and its capacity to generate high-resolution
cross-sectional images of the retinal structure.'-?> This
imaging technique plays a pivotal role in the assess-
ment and diagnosis of a broad spectrum of retinal
disorders, including both the dry and wet forms of
age-related macular degeneration (AMD), retinal vein

Copyright 2026 The Authors
tvst.arvojournals.org | ISSN: 2164-2591

A precise differentiation between normal and patho-
logical OCT findings is essential for accurate diagnosis
and for the subsequent selection of the most appro-
priate therapeutic approach.!”!® Such differentiation
is particularly critical in retinal diseases, where OCT
features provide key diagnostic clues, each display-
ing distinctive morphological patterns or signs of
retinal abnormalities (further denoted with prefix “s”).
Wet AMD (WAMD) is primarily characterized by
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the macular neovascularization retinal abnormalities
sign (SMNYV), defined as an aberrant vascular prolif-
eration beneath or within the retina, while subreti-
nal deposits known as drusen sign (sD), may also
be present.!2! SMNV often results in the forma-
tion of intraretinal fluid (sIRF), visualized on OCT as
hyporeflective intraretinal spaces, and subretinal fluid
(sSRF), which appears as serous exudates accumulat-
ing between the neurosensory retina and the retinal
pigment epithelial (RPE).?> Conversely, dry AMD
(dAMD) is typically associated with the presence of
sD.2* In advanced stages, it is often accompanied
by increased choroidal backscattering (sBS), which
represents a stronger reflection of incident light from
deeper choroidal structures, and by hypertransmission
owing to changes in tissue composition. This finding is
indicative of RPE atrophy or loss.?* Similarly, CSC is
characterized by serous detachment of the neurosen-
sory retina, accumulation of sSRF, and characteristic
pachychoroid features, including increased choroidal
thickness.”

Among the structural abnormalities detectable via
OCT, the presence of an ERM represents not only a
distinct retinal pathology, but also a relevant morpho-
logical sign (SERM) of particular clinical signifi-
cance.”® Also referred to as macular puckers or cello-
phane maculopathy, sERMs consist of fibrocellular
proliferations on the inner retinal surface, particu-
larly in the macular area, and may be associated with
intraretinal distortion in advanced cases.”’ This condi-
tion can result in visual distortion and a decrease in
central visual acuity. Another important OCT finding is
the MH, which may present as a lamellar MH (LMH)
or a full-thickness MH (FTMH), denoting partial or
complete defects of the central retinal layers, respec-
tively, and is typically associated with significant central
visual impairment.?®

Retinal thickening (sRT) denotes an overall increase
in retinal thickness relative to normal values.” This
finding may be accompanied by retinal distortion
(sRDIST), an irregular deformation of the retinal
layers resulting from tractional or proliferative
processes, and can occur in association with conditions
such as CSC, AMD, or LMH.%

Finally, RPE detachment is defined as a separation
between the retinal pigment epithelium and Bruch’s
membrane, which may result from serous, drusenoid,
or fibrovascular causes and is a hallmark feature in
both AMD and CSC.*!-%

The careful analysis of these characteristic retinal
features through OCT imaging facilitates the differenti-
ation of various retinal diseases and supports informed
clinical decision-making.** However, interpreting OCT
scans remains a complex and time-intensive task
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that often relies on the expertise of highly trained
clinicians.

In recent years, artificial intelligence (Al), partic-
ularly deep learning methods based on convolutional
neural networks (CNNs), has become increasingly
prevalent in ophthalmology.>* Although CNNs have
shown impressive accuracy in identifying common
conditions, their interpretability and robustness are
limited, especially when dealing with nonstandard-
ized or under-represented pathology datasets.’® These
shortcomings hinder clinical adoption, especially
because the decisions made by black box models often
lack transparency and interpretability.>®

To overcome these limitations, we adopted a
neurosymbolic learning paradigm that integrates deep
learning to identify the presence of retinal abnor-
mality signs and symbolic reasoning that guide or
constrain the learning process. This model architecture
enables clinician-like decision-making and enhances
model transparency. Neurosymbolic models can not
only recognize patterns, but also provide structured
justifications for their classifications,?’-*® making them
more suitable for clinical environments where trust and
interpretability are paramount.

The aim of this study was to propose and evaluate
a neurosymbolic Al framework that tightly integrates
CNN-based feature extraction with a symbolic clini-
cal reasoning engine, enabling bidirectional interaction
between the two components for the classification of
retinal pathologies, specifically dAMD, wAMD, ERM,
FTMH, LMH, CSC, and healthy retinas, while assess-
ing its diagnostic accuracy and clinical interpretability,
particularly in the context of under-represented condi-
tions.

Materials and Methods

Study Population and Data Acquisition

A total of 10,846 spectral-domain OCT B-scans
were retrospectively collected between January 2017
and September 2022 at the University Eye Clinic of
Trieste, Italy, using the Spectralis OCT system (Heidel-
berg Engineering, Heidelberg, Germany). Acquisition
parameters included a central wavelength of 815 nm,
axial resolution of 3.9 um/pixel, lateral resolution of
5.7 um/pixel, and image dimensions of 768 x 496
pixels. Both horizontal and vertical fovea-centered line
scans were included.

All images were reviewed independently by two
experienced retinal ophthalmologists, who verified
diagnostic correctness. Cases with diagnostic disagree-
ment or uncertain findings were jointly reevaluated,
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Figure 1.

A. DRY AMD B. WET AMD

C. EPIRETINAL D. FULL-THICKNESS
MEMBRANE MACULAR HOLE

E. LAMELLAR F. CENTRAL SEROUS
MACULAR HOLE CHORIORETINOPATHY

G. HEALTHY RETINA

Representative OCT images from a set of seven scans, including six pathological cases and one healthy retina. Panel labels

indicate: (A) dry age-related macular degeneration (dry AMD), (B) neovascular (“wet”) age-related macular degeneration (wet AMD), (C)
epiretinal membrane (ERM), (D) full-thickness macular hole (FTMH), (E) lamellar macular hole (LMH), (F) central serous chorioretinopathy

(CSQ), and (@) healthy retina.

and those lacking consensus were excluded to ensure
diagnostic purity and reproducibility of class defini-
tions.

Images were included if they exhibited a clearly
identifiable foveal contour with preserved outer retinal
layers, a Spectralis Quality Score of 23 or higher, and
a characteristic morphology consistent with one of the
diagnostic categories.

Images were excluded if they showed severe motion
artifacts, segmentation errors, incomplete or off-center
foveal coverage, duplicate acquisitions, or concur-
rent retinal diseases that could confound the primary
diagnosis (e.g., retinal vein occlusion and diabetic
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retinopathy in AMD). No image denoising, flatten-
ing, or additional preprocessing was applied before
analysis.

This study was conducted in accordance with the
Declaration of Helsinki and approved by the Regional
Ethics Committee of Friuli Venezia Giulia (CEUR No.
17094/2022). Written informed consent was obtained
from all participants for the anonymized use of their
imaging data for research.

After quality control, the final dataset comprised
seven diagnostic categories: dAAMD, wAMD, ERM,
FTMH, LMH, CSC, and healthy retina (Fig. 1).
Diagnostic definitions followed established clinical
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Table 1. Dataset Composition and Overlap of Patho-
logical Features Across Diagnostic Categories

No. of Pathologies No. of Images

1 3651
2 1824
3 280
4 18
5 3

criteria: dAAMD was defined by drusen and/or retinal
pigment epithelium irregularities without intraretinal
or subretinal fluid; wAMD required macular neovas-
cularization with associated intraretinal or subreti-
nal fluid; ERM corresponded with a hyper-reflective
epiretinal layer occasionally associated with intrareti-
nal cystic changes in advanced cases; FTMH and
LMH were characterized by full- and partial-thickness
defects of the foveal tissue, respectively, resulting in
complete or partial disruption of the normal foveal
contour; CSC was defined by a localized serous detach-
ment of the neurosensory retina; and healthy retinas
exhibited no detectable structural abnormalities. The
number of images per category was as follows: 2156
for dAMD, 579 for wAMD, 3574 for ERM, 101 for
FTMH, 275 for LMH, 97 for CSC, and 4700 for healthy
retinas.

In addition, every image was annotated for the
ten retinal signs (sBS, SMNYV, sD, sIRF, sSRF, sMH,
sERM, sRT, sRDIST, and sRDET) exclusively for
evaluation; these labels did not contribute to train-
ing the neurosymbolic model, which should infer signs
under algorithmic supervision.
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The composition of the dataset and the frequency
of overlapping pathological features across diagnostic
categories are summarized in Table 1.

Neurosymbolic Approach

The overview of the proposed neurosymbolic
framework is represented in Figure 2. An input OCT
image undergoes bottom-up statistical learning via a
CNN, which estimates the probabilities of 10 clini-
cally retinal abnormality signs: (1) sBS, (2) sMNYV,
(3) sD, (4) sIRF, (5) sSRF, (6) sMH, (7) sERM, (8)
sRT, (9) sRDIST, and (10) sSRDET. These features
are then passed to the symbolic reasoning module,
which applies expert-defined logical rules (top—down
approach) to infer the likelihoods of specific retinal
pathologies. The final output includes the estimated
decision tree and probabilities for seven diagnostic
categories: dAMD, wAMD, ERM, FTMH, LMH,
CSC, and healthy retina. This transparent pipeline
integrates visual evidence and expert knowledge to
yield interpretable and clinically aligned predictions.
In this type of model, the CNN and symbolic infer-
ence engine operate in a tightly coupled manner rather
than as independent modules. This bidirectional inter-
action allows the CNN to refine its internal repre-
sentations based on symbolic feedback, represent-
ing a key novelty compared to traditional logic rule-
based systems>**? that only consume outputs from the
CNN without influencing its internal feature learn-
ing. Moreover, the backbone CNN was not explic-
itly trained nor pretrained on the 10 retinal signs;
instead, these were learned through algorithmic super-
vision guided by the symbolic rules, ensuring that sign

NEUROSYMBOLIC FRAMEWORK

Statistical data learning (bottom-up approach) ] [

Expert domain knowledge (top-down approach) ]

~
~
~
/
—
—

| NEURO / SUBSYMBOLIC |

BCE

| SYMBOLIC

OCT Image

.

Estimated probabilities of 10
retinal abnormalities along
with their corresponding
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corresponding probabilities

for each pathology

-
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Figure 2.
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Overview of the proposed neurosymbolic framework for OCT-based retinal disease classification.
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dMD(X) <« BACKSCATTERING(X) A DRUSEN(X) A "INTRARETINALFLUID(X)A

—SUBRETINALFLUID(X)

P(JAMD(X)) = 0.850 x 0.900 x (1 —0.100) x (1 —0.050 = 0.850 x 0.900 x 0.900 x 0.950 = 0.652 |

P(wAX
P(sBS) =0.850 PERN
P(D) =0.900 .
PGIRE) =0.100 EMH
P(sSRF) =0.050 R
PMNY) =0.200
PGERM) =0850 P(CSC
PGRT) =0.700 o
PGRDIST) =0.600
PGMH) =0.450
PGRDET) =0.100

P(dAMD) =0.652
P(wWAMD =0.015
P(ERM) =0.850
P(FTMH) =0.383
P(LMH) =0173
P(CSC) =0.722
P(Healthy) <0.001

All scores corresponds to the top single proof path for pathologies under k = 1

representations emerged naturally from the reasoning
process rather than from direct labeling.

In our framework, the perceptual backbone (a
ResNet-50 CNN pretrained on ImageNet) is respon-
sible for extracting a vector of features corresponding
with the probability of presence of clinically meaning-
ful 10 retinal abnormality signs. These features are then
passed to a symbolic reasoning engine that evaluates
them against a set of logical rules codified using first-
order logic. Each rule defines the necessary and/or
sufficient combination of signs that are indicative of
a specific retinal pathology. Importantly, the logical
operations do not collapse these inputs into binary
true/false outcomes; instead, they propagate and trans-
form uncertainty, yielding probabilistic scores for each
pathology. This formulation allows the model to mimic
the clinical reasoning process of an ophthalmologist,
who would arrive at a diagnosis based on the presence
or absence of specific visual features.

At the CNN-symbolic interface, no hard thresholds
are applied. The model propagates continuous sign
probabilities into the reasoning layer, enabling infer-
ence on continuous evidence and preserving diagnos-
tic uncertainty. Outputs are continuous pathology
probabilities rather than single categorical assignments
(see Fig. 3 for an example). In this framework, retinal
sign annotations are used only for evaluation; during
training, the system relies on algorithmic supervision to
infer both the probabilistic presence and interaction of
signs without explicit sign labels. The decision mecha-
nism (Fig. 3) shows how intermediate CNN outputs
propagate through symbolic rules to produce clinically
interpretable diagnostic probabilities.

To implement this architecture, we used the Scallop
neurosymbolic programming language,*'"*> which
integrates PyTorch-based CNN deep learning with a
symbolic inference engine. Scallop allows the fusion
of neural networks and logical reasoning by compiling
symbolic rules directly into differentiable computa-

translational vision science & technology
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Figure 3. Example of symbolic reasoning via k-top differential provenance.

tional graphs. Each logical decision in the symbolic
engine is accompanied by a probabilistic score, allow-
ing uncertainty-aware inference. Furthermore, we used
k-top provenance reasoning,*> a method for tracing
the most probable justifications for each inferred label.

Finally, the neurosymbolic model does not apply a
hard decision rule at the pathology level during train-
ing. Instead, it outputs continuous probability scores
for each diagnostic category, computed by propagating
the CNN’s soft sign likelihoods through the symbolic
reasoning layer. Only during evaluation phase, the
threshold for each pathology is set to 0.5. If, for a given
pathology, the predicted value exceeds this threshold,
the pathology is considered present in the image.

k-Top Differential Provenance and Symbolic
Reasoning

This provenance method identifies the top-k most
probable minimal proof paths (rule satisfaction chains)
that lead to a particular diagnosis. Each path’s score
is computed as the product of the probabilities of the
signs involved in the rule, with negated terms replaced
by (1 — probability). The total probability for a pathol-
ogy is obtained by summing the scores of the top-k
highest-weighted proof paths. Thus, unlike traditional
rule-based models, no binarization of sign probabilities
is performed before reasoning. The symbolic inference
engine integrates soft probabilities to compute final
pathology likelihoods through weighted proof paths,
ensuring consistency between perceptual uncertainty
and logical reasoning.

The total probability for a pathology is obtained
by summing the scores of the top-k highest-weighted
proof paths. The CNN predicts the probability of
presence for each intermediate sign, and the symbolic
reasoning layer aggregates these using logical rules to
infer the final pathology label. In this framework, each
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rule operates probabilistically, and the final classifica-
tion probabilities are derived using k-top differential
provenance.*!-4?

Symbolic Rules and Clinical Knowledge
Representation

These symbolic rules were constructed manually
through an interdisciplinary collaboration, guided by
widely accepted clinical criteria and diagnostic guide-
lines for each retinal pathology. Each rule encodes
expert-defined logic that links visible OCT abnormal-
ities with specific disease entities, effectively trans-
lating implicit diagnostic reasoning into a machine-
readable symbolic format. For example, the rule for
dAMD requires the presence of sD and sBS (see rule
2), which are hallmark features of early and inter-
mediate dry macular degeneration, while explicitly
excluding intraretinal and sSRF, because their presence
typically indicates exudative transformation.*!°~23 In
contrast, the rule for wAMD (see rule 3) integrates fluid
indicators (sIRF or sSRF) with sMNYV, sD, and sBS.
This combination reflects the active exudative process,
choroidal neovascular complex, and associated tissue
disruption that characterizes neovascular AMD.?! The
rule for FTMH (see rule 4) captures the distinct feature
of a macular opening through all retinal layers, usually
accompanied by structural changes such as backscat-
tering, which reflects photoreceptor loss and disrup-
tion.** The LMH rule (see rule 5) includes the presence
of sMH and sERM, but requires the absence of
sRT, to distinguish it from tractional or full-thickness
holes.** This reflects the partial retinal defect often
linked to tangential traction and remodeling, without
the elevation typically caused by thickening or edema.
The ERM rule (see rule 6) is relatively permissive: it
requires either the presence of SERM alone or sERM
in conjunction with sSIRF.?® This accounts for the fact
that many sERMs are asymptomatic, but may also
lead to fluid accumulation and distortion in advanced
stages.”® For CSC (see rule 7), the rule centers on aSRF
and explicitly excludes signs commonly associated with
AMD such as sD, sSMNYV, and sIRF. This logic reflects
the pathophysiology of CSC, where serous detach-
ment occurs without significant neovascular activity.?
Finally, the rule for healthy retinas requires the absence
of all 10 defined abnormal signs (see rule 8).

To formalize these symbolic rules, let S = {s1, $7,...,
s,+ denote the set of binary signs predicted by the
CNN, and D = {d,, d>,..., d,} the set of diagnosis
labels. Each diagnosis de is defined by a rule in the
form:

dE (x) < ¢ (s1(x), $2(x),....5 (%), (D)
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where ¢ is a Boolean formula encoding the clinical logic
for de. Crucially, no hard decision threshold is applied
at this interface. The CNN outputs probabilities p(s;|x)
€ [0, 1], and the symbolic layer computes a diagnos-
tic probability p(d./x) = g o(p(s1/Xx), ..., p(s,/x)),
rather than a binary true/false value. Thus, the absence
or presence of any single sign does not strictly rule
out a diagnosis; instead, each sign modulates the final
probability through the rule structure. In practice,
logical AND and OR are realized by differentiable
aggregations determined by the provenance seman-
tics of the reasoning engine. In our implementation
we use k-Top-Diff proofs provenance (k = 1), which
aggregates the top-k most supportive proof paths for
¢ in a differentiable manner, propagating uncertainty
from the sign probabilities to p(d./x) and yielding
probabilistic, clinically interpretable outputs. Having
established the differentiable logical interface, the
specific pathology rules used in this study are formal-
ized as follows.
For example, dAMD and wAMD are defined as:

dAMD (x) < sBS (x) A sD (x) A =sIRF (x)
ATSSRE (x) A=sMNV (x)  (2)

WAMD (x) < sBS (x) AsD(x) ASMNV (x)
A (SIRF (x) vV sSRF (x)) A (sRT (x)
VvV SRDIST (x) VvV sRDET (x)). 3)

Other pathologies are expressed analogously as
conjunctions and/or disjunctions of characteristic
signs:

FTMH (x) < sBS(x) AsMH (x) 4)

LMH (x) < sMH (x) A sERM (x)
A —$RT (x) ASRDIST (x)  (5)

ERM (x) < SERM (x) A (SIRF (x)
V SRT (x) vV sRDIST (x)) (6)

CSC (x) < sSRF (x) A —sD (x)
A—SMNV (x) A=sIRF (x).  (7)

Finally, healthy retinas are defined by the absence of
all pathological signs:

Healthy (x) < —sBS (x) A—sMNV (x) A —sD (x)
A =SIRF (x) A =sSRF (x)
A —sMH (x) A —=sERM (x) —sRT (x)
A —=sRDIST (x) A—=sRDET (x). (8)
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Example of the Symbolic Reasoning

The example depicted in Figure 3 highlights the
capability of the neurosymbolic model to reason over
structured clinical logic while retaining probabilistic
sensitivity to intermediate CNN outputs. In this study,
we adopted a k-top provenance strategy with k = 1,
meaning that only the single most probable inference
path was used to derive each diagnosis. This choice
reflects a clinically intuitive decision-making process,
wherein the most likely explanation is typically prior-
itized for practical interpretation and action. Nonethe-
less, the underlying framework fully supports k > 1,
allowing multiple high-probability reasoning paths to
be aggregated.

Deep Learning Backbone: Modified
ResNet-50 for Multilabel OCT Feature
Extraction

To establish a conventional deep-learning baseline,
we trained the same ImageNet-pretrained ResNet-
50 directly on the pathology labels (AAMD, wAMD,
ERM, FTMH, LMH, CSC, and Healthy). The final
classification layer was replaced with a 7-unit sigmoid
head to model the nonexclusive, multilabel setting of
OCT findings. The training protocol (optimizer, loss,
early stopping, and data split) was identical to the
neurosymbolic model to ensure a fair comparison.

Model Training and Evaluation

Both the baseline and neurosymbolic frameworks
used an identical training protocol. The backbone was
trained using the Adam optimizer with an initial learn-
ing rate of 1 x 1074, 81 = 0.9, and B, = 0.9. Given the
class imbalance typical of clinical cohorts (e.g., fewer
CSC/FTMH cases relative to Healthy), we adopted
asymmetric focal loss (with parameters y, = 0.4; y _
=0.3; and clip = 0.01) to emphasize rare positives and
de-emphasize easy negatives; no oversampling or class-
balanced sampling was used, so reported performance
reflects realistic prevalence. Training was performed
for a maximum of 100 epochs with a batch size of
32. To mitigate overfitting, early stopping was applied
based on the validation loss, with training halted if no
improvement was observed for 10 consecutive epochs.
The model parameters corresponding with the lowest
validation loss were retained for final evaluation.

Both the baseline CNN and the neurosymbolic
model were trained and evaluated on identical data
partitions and preprocessing to ensure a fair compar-
ison. We performed a stratified, patient-level split into
training (80%), validation (10%), and test (10%) sets:
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each subject received a unique identifier, and all images
belonging to that subject, including both horizon-
tal and vertical fovea-centered B-scans and, when
present, multiple visits, were hierarchically grouped
and assigned en bloc to a single partition to prevent
leakage across eyes or timepoints while preserving
class proportions. All OCT images underwent the
same preprocessing (resize to 224 x 224 and intensity
normalization).

Neurosymbolic Model

Each logical expression (2)—(8) is compiled into a
differentiable program using Scallop, which constructs
an inference graph that operates jointly with the CNN
backbone. During training, the network receives two
learning signals: (1) the primary multilabel loss applied
to the final pathology predictions, and (2) gradients
propagated through the differentiable logical operators
that map sign probabilities to pathology probabilities.
Thus, the symbolic component does not function as a
post hoc reasoning module, but directly contributes to
the optimization objective.

Let p, denote the predicted probabilities of the ten
retinal signs and p; = ¢(p;) the differentiable rule-based
mapping to pathology probabilities. The global loss is:

L= Lpatlmlgy (Pd, yd) ,

where ¢(-) denotes Scallop’s differentiable inference
using top-k provenance. No additional sign-level or
consistency penalties are applied; instead, sign repre-
sentations emerge implicitly, because minimizing the
pathology loss requires learning sign patterns consis-
tent with the logical rules. This constitutes algorithmic
supervision, meaning that intermediate sign labels are
not used during training (only for evaluation).

During each batch, Scallop back-propagates gradi-
ents from the rule-based pathology predictions through
the logical operators to the CNN sign logits, refin-
ing feature representations to satisfy clinical structure.
This differentiable coupling distinguishes our method
from pipelines where a CNN predicts signs and a fixed
rule engine consumes them without influencing feature
learning. The CNN produces continuous probabili-
ties for the ten signs (sBS, sMNYV, sD, sIRF, sSRF,
sMH, sERM, sRT, sRDIST, and sRDET), which are
passed to the symbolic layer without thresholding.
The symbolic module operates directly on these soft
inputs and outputs continuous pathology probabilities,
preserving uncertainty. The system thereby combines
neural perception and symbolic reasoning into a single
end-to-end model. The overall neurosymbolic architec-
ture is illustrated in Figure 4.
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Retinal pathology
identification

SYMBOLIC
INFERENCE

ERROR (LOSS)
FUNCTION

Figure4. Overview of theimplementation of the proposed neurosymbolic architecture for retinal pathology classification. OCT images are
first processed by a ResNet50-based CNN (M6), which predicts the probabilities of retinal abnormality signs (e.g., sIRF, sD, and sERM). These
sign probabilities are then passed to a symbolic inference module that applies structured clinical logic to determine the most probable
retinal pathology (e.g., dAMD, wAMD, and ERM). The entire system is trained end-to-end by backpropagating the classification error derived
from the final diagnosis predictions, enabling algorithmic supervision without requiring intermediate sign-level labels.

Baseline Deep Learning Model

As a reference system, we implemented a direct
ResNet-50 multilabel classifier trained to predict final
retinal pathologies directly from OCT images. The
model’s convolutional layers were initialized from
ImageNet weights, and the final fully connected layer
was replaced with a seven-node sigmoid-activated
head, corresponding with the diagnostic categories
(dAAMD, wAMD, ERM, FTMH, LMH, CSC,
and healthy retinas). The remaining architectural,
optimization, and early stopping settings were identi-
cal to those described elsewhere in this article.

Evaluation Metrics and Procedure

For both models, final pathology predictions were
evaluated on the test set using macro-precision, macro-
recall, and macro-F; score. The macro-F; score was
used as the primary outcome measure, ensuring equal
weighting of all classes despite dataset imbalance.
Evaluation procedures were identical for both frame-
works, differing only in the additional sign-level analy-
sis performed for the neurosymbolic model. To assess
the internal validity of the neurosymbolic inference
process, we performed a dedicated sign-level evalua-
tion on the held-out test set. Each image was manually
annotated for the ten retinal signs (sBS, sSMNYV, sD,
sIRF, sSRF, sMH, sERM, sRT, sRDIST, and sSRDET)
solely for evaluation purposes. During training, these
labels were not accessed or used for loss computation.
For each sign, the model’s probabilistic output was
binarized using a fixed decision threshold of 0.5, and
precision, recall, F; score, and classification accuracy
were computed.
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External Validation

External validation was conducted using the
publicly available OCTID dataset (OpenlCPSR
108503, version 1),*> which originates from a different
clinical center and imaging device than our internal
Heidelberg Spectralis cohort, thereby serving as a true
external site validation. OCTID includes four diagnos-
tic categories: AMD, CSC, FTMH, and Healthy. To
ensure compatibility with our seven-class internal
model, we considered only dAMD predictions as a
single AMD category for external evaluation, follow-
ing the dataset’s labeling structure. No other pathology
classes in our internal taxonomy are present in OCTID.
Both the neurosymbolic and baseline CNN models
were evaluated under identical preprocessing and
inference procedures. All OCTID scans were resized to
224 x 224 pixels. External testing was limited to final
pathology classification to enable a direct comparison
of cross-domain generalization between models.

Neurosymbolic Model Performance

The classification performance of the neurosym-
bolic model across the seven diagnostic categories
is summarized in Table 2. The highest F; scores
were obtained for FTMH (0.92), Healthy (0.92), and
ERM (0.85). Moderate performance was observed for
dAMD (0.78), LMH (0.84), and CSC (0.72), and the
lowest value was recorded for wAMD (0.65). Overall,
the model achieved macro-precision = 0.83, macro-
recall = 0.82, and macro-F; = 0.81 across all categories
(n=1161).
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Table 2. Classification Performance of the Neurosym-
bolic Model Across Seven Retinal Disease Categories

Pathology = Precision Recall F;Score Support
dAMD 0.92 0.68 0.78 243
wAMD 0.66 0.63 0.65 49
ERM 0.99 0.75 0.85 352
FTMH 0.86 1.00 0.92 12
LMH 0.81 0.87 0.84 30
CsC 0.60 0.90 0.72 10
Healthy 0.96 0.89 0.92 465
Macro AVG 0.83 0.82 0.81 1161

Precision, recall, F; score and number of supporting images
are reported per class, along with the macro-averaged perfor-
mance across all classes.

Table 3. Performance of Sign Detection in the Neuro-
symbolic Model

Retinal Sign  Precision Recall F; Score Accuracy
sBS 0.36 0.76 0.49 0.84
sMNV 0.64 0.37 0.47 0.96
sD 0.47 0.55 0.50 0.83
sIRF 0.40 0.92 0.56 0.71
sSRF 0.80 0.65 0.72 0.96
sMH 0.91 0.84 0.88 0.99
SERM 0.92 0.89 0.90 0.95
sRT 0.75 0.79 0.77 0.81
sRDIST 0.54 0.89 0.67 0.62
sRDET 0.22 0.62 0.33 0.67
Macro AVG - 0.60 0.73 0.63

Performance metrics were computed for each of the ten
retinal signs (sBS, SMNV, sD, sIRF, sSRF, sMH, sERM, sRT, sRDIST,
and sRDET) on the held-out test set. Values represent preci-
sion, recall, F; score, and classification accuracy, respectively.
Macro-averaged results are reported in the final row.

Intermediate Neurosymbolic Model
Sign-Level Performance

The sign-level evaluation of the neurosymbolic
model is summarized in Table 3. The model achieved
its highest F; scores for sERM (0.90), sMH (0.88), and
sSRF (0.72), reflecting robust detection of structural
alterations involving the vitreoretinal interface and
subretinal space. Moderate performance was observed
for sRT (0.77), sSRDIST (0.67), and sIRF (0.56), while
relatively lower scores were obtained for sBS (0.49),
sMNYV (0.47), sD (0.50), and sRDET (0.33). Overall,
the model achieved macro-averaged recall of 0.60, F,
of 0.73, and accuracy of 0.63.
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Table 4. Classification Performance of the CNN Base-
line Model Across The Seven Diagnostic Categories
(dAMD, wAMD, ERM, FTMH, LMH, CSC, and Healthy)

Pathology  Precision Recall F;Score Support
dAMD 0.85 0.79 0.82 243
wAMD 0.44 0.90 0.59 49
ERM 0.95 0.80 0.87 352
FTMH 0.33 1.00 0.50 12
LMH 0.62 0.70 0.66 30
CsC 0.32 0.90 0.47 10
Healthy 0.96 0.73 0.83 465
Macro AVG 0.64 0.83 0.68 1161

Values represent per-class precision, recall, F; score, and
the total number of test samples (support). Macro-averaged
results are reported in the final row.

Table 5. External Validation Results of the Neurosym-
bolic Model on the OCTID Dataset

Class Precision Recall F; Score Support Accuracy
AMD 0.59 087 0.70 55 0.83
csc 098 050 0.66 102 0.83
FTMH 1.00 078 0.87 102 0.83
Healthy 082 1.00 0.90 206 0.83
MacroAVG 0.85 0.79 0.78 465 0.83

The table reports per-class precision, recall, F; score, and
accuracy. Macro-averaged values are provided in the final
row.

Baseline Deep Learning Performance

The performance of the baseline CNN model
across the seven diagnostic categories is summarized
in Table 4. The highest F; scores were achieved
for ERM (0.87), Healthy (0.83), and dAMD (0.82).
Moderate results were obtained for LMH (0.66) and
wAMD (0.59), whereas CSC (0.47) and FTMH (0.50)
displayed the lowest performance, likely reflecting the
small number of available samples in these categories.
Overall, the model reached a macro-precision of 0.64,
macro-recall of 0.83, and macro-F; score of 0.68 across
all pathologies (n = 1161).

Performance Neurosymbolic Model on
External Dataset

The performance of the neurosymbolic model on
the OCTID external dataset is reported in Table 5.
The model achieved F; scores for Healthy (0.90) and
FTMH (0.87), followed by AMD (0.70) and CSC
(0.66). The model maintained balanced sensitivity and
specificity, with an overall accuracy of 0.83 and macro-
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Table 6. External Validation Results of the Deep Learn-
ing Baseline on the OCTID Dataset

Class Precision Recall F; Score Support Accuracy
AMD 0.63 0.71 0.67 55 0.53
Csc 0.31 0.83 0.45 102 0.53
FTMH 1.00 0.81 0.90 102 0.53
Healthy 1.00 0.20 0.33 206 0.53
Macro AVG  0.73 0.64 0.59 465 0.53

The table reports per-class precision, recall, F; score,
support, and overall accuracy. Macro-averaged values are
provided in the final row.

precision of 0.85, macro-recall of 0.79, and macro-F;
score of 0.78.

Performance Deep Learning Model on
External Dataset

The CNN baseline exhibited uneven cross-domain
performance on OCTID, as summarized in Table 6.
High precision but low sensitivity for Healthy (P =
1.00; R = 0.20; F; = 0.33) indicates poor specificity
balance relative to the in-domain setting, whereas CSC
showed the converse pattern with higher recall (0.83)
but low precision (0.31), yielding an F; score of 0.45.
Performance for FTMH remained strong (F; = 0.90)
and AMD was moderate (F; = 0.67). Overall, the
model achieved macro-precision of 0.73, macro-recall
of 0.64, and macro-F; of 0.59, with an accuracy of
0.53 (n = 465), underscoring reduced generalization
compared with the neurosymbolic approach on the
same external dataset.
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Comparative Model Performance

A comparative overview of macro-averaged perfor-
mance metrics between the neurosymbolic model and
the CNN baseline is shown in Figure 5. Bars represent
macro-precision, macro-recall, and macro-F; score
for both internal and external (OCTID) evaluations,
with error bars indicating 95% confidence intervals
computed across classes (internal, 7; external, 4).
The neurosymbolic model consistently outperformed
the CNN baseline across datasets, showing notably
greater precision and higher F; scores, indicative of
improved calibration and diagnostic reliability, while
maintaining comparable recall. Overall, the neurosym-
bolic framework achieved a more balanced trade-
off between sensitivity and specificity and preserved
performance on the external cohort, whereas the CNN
baseline exhibited a marked decrease in F; scores on
OCTID.

Discussion

OCT is a cornerstone of modern ophthalmic
diagnostics owing to its noninvasive nature and ability
to produce high-resolution retinal cross-sections.!?
It is routinely used to evaluate a wide range of
retinal diseases.’ !'® Classification of retinal diseases
such as AMD, ERM, FTMH, LMH, and CSC
remains a critical clinical challenge owing to overlap-
ping imaging features and their impact on treat-
ment pathways. Differentiating these conditions using
OCT is central to precise diagnosis and therapy

Macro-Averaged Metrics with 95% CI
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OCTID set. The neurosymbolic approach shows a more balanced trade-off between precision and recall across both domains. Error bars
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rather than uncertainty over individual images.
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planning.’* Although deep learning methods have
demonstrated strong performance in recent years,
concerns over interpretability and generalizability
continue to hinder clinical integration.’®46-4" The
neurosymbolic approach is an emerging paradigm in
Al that seeks to unify the perceptual strengths of deep
learning with the structured, interpretable nature of
symbolic reasoning.’*3%4! In visual reasoning tasks,
such as scene understanding, visual question answer-
ing, and diagram interpretation, neurosymbolic models
have shown improved generalization, interpretability,
and robustness to distributional shifts.**

In this study, we proposed and evaluated a novel
neurosymbolic framework that integrates CNNs with
symbolic reasoning, offering an interpretable and
modular diagnostic approach. To our knowledge, this
application is among the first of a tightly integrated
neurosymbolic framework to medical imaging, and
specifically to retinal OCT classification. This factor
makes our study a novel contribution to both the fields
of medical Al and interpretable machine learning. Our
results demonstrated that this model performs compet-
itively across a broad range of retinal diseases.

The proposed neurosymbolic model demonstrated
consistent and slightly superior diagnostic perfor-
mance compared with the CNN-only baseline, both
in internal evaluation and external validation. On
the internal dataset, the neurosymbolic framework
achieved macro-precision of 0.83, recall of 0.82, and
F, score of 0.81, slightly outperforming the baseline
CNN (0.64, 0.83, and 0.68, respectively). When tested
on the external OCTID dataset, the neurosymbolic
model retained stronger generalization (F; = 0.78,
accuracy = 0.83) compared with the CNN baseline
(F1 = 0.59, accuracy = 0.53). This sustained perfor-
mance across datasets highlights the robustness of the
neurosymbolic approach to domain variability and
unseen imaging conditions. These improvements can
be attributed to the integration of explicit symbolic
reasoning within the deep learning architecture. By
embedding structured ophthalmic knowledge in the
form of differentiable logical rules, the model benefits
from an additional inductive bias that constrains learn-
ing toward physiologically meaningful feature relation-
ships.*® Unlike conventional CNNs, which depend
solely on statistical correlations learned from data, the
neurosymbolic framework infers diagnostic categories
through the probabilistic interaction of retinal signs
(sBS, sMNYV, sD, sIRF, sSRF, sMH, sERM, sRT,
sRDIST, and sSRDET) and encoded logical rules. This
strategy yields more interpretable and clinically plausi-
ble decision pathways.*

Intermediate sign evaluation confirmed that the
model accurately inferred key retinal signs with a
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macro-precision of 0.60, macro-recall of 0.73, macro-
F; score of 0.63, and accuracy of 0.83, despite
the absence of sign-level supervision during training.
This supports the principle of algorithmic supervi-
sion, whereby the network learns intermediate concepts
indirectly via rule-based reasoning rather than through
explicit annotation.*” Such a framework substan-
tially reduces the need for exhaustive manual label-
ing. For interpretability, a fixed decision threshold
(r = 0.5) was applied only during post hoc evalua-
tion of retinal signs to compute precision, recall, and
accuracy. During inference, the symbolic reasoning
layer operates directly on the continuous probabilistic
outputs of the CNN, preserving diagnostic uncertainty
and enabling differentiable reasoning.

Furthermore, the superior generalization observed
in the neurosymbolic model, particularly on the exter-
nal dataset, underscores the benefit of incorporating
domain knowledge into model design. The logical rule
set introduces an additional layer of interpretability
and consistency, acting as a regularizer that discour-
ages implausible co-occurrences of retinal signs. This
mechanism enhances resilience to dataset shifts and
decreases overfitting to training domain artifacts. The
advantage becomes most apparent in smaller or imbal-
anced datasets, where the added structural knowledge
compensates for limited examples, guiding the model
toward clinically consistent reasoning.’

The neurosymbolic framework, therefore, appears
to be especially suited for low-data or heterogencous
clinical scenarios, where symbolic constraints supple-
ment empirical information and stabilize learning.
This observation aligns with the broader concept that
hybrid reasoning systems combining data-driven
and knowledge-driven components can achieve
improved robustness and generalization without
requiring exponentially larger datasets.** Although
numerous studies have successfully tackled individual
retinal pathologies, most remain restricted to binary
or narrow-class classification tasks, limiting direct
comparability across frameworks and datasets.”* >3

From a clinical perspective, one of the principal
advantages of the neurosymbolic approach lies in its
close alignment with clinical reasoning (see Fig. 2).
Rather than relying solely on large-scale data, the
model integrates ophthalmic domain knowledge
into explicit logical rules that emulate the diagnos-
tic workflow of an ophthalmologist, progressing
from structural signs to pathological conclusions,
and thus enhances both interpretability and clinical
traceability.

Several limitations qualify the interpretation of
these findings. The neurosymbolic framework intro-
duces additional architectural complexity relative
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to conventional CNNs and depends on specialized
differentiable-logic frameworks such as Scallop,*'*?
which remain at an early stage of adoption in
medical Al research. Although algorithmic super-
vision mitigates the need for sign-level annotations,
rule formulation still requires expert input and careful
definition of retinal features. Ambiguities can arise
when co-occurring signs (e.g., intraretinal and subreti-
nal fluid) must be differentiated, underscoring the
importance of refining and expanding rule sets.

Regarding generalizability, broader validation
across multiple institutions and vendors is needed to
confirm domain transferability. Furthermore, images
with mixed or coexisting pathologies were excluded to
ensure unambiguous rule application. Although this
restriction facilitated clear rule evaluation, it does not
fully represent the complexity of real-world clinical
presentations.

Although copathology is common in clinical
practice, we excluded mixed diagnoses such as AMD
with diabetic retinopathy or retinal vein occlusion
in this study. These entities involve distinct patho-
physiological markers (including microaneurysms,
retinal hemorrhages, venous congestion, and ischemic
changes) not annotated in our dataset and not repre-
sented in the current symbolic rule set. Incorporating
such cases without explicitly modeling their diagnos-
tic signs would risk underspecifying the rules and
conflating diagnostic pathways.

Class imbalance, particularly the predominance of
Healthy and ERM cases relative to rarer conditions
such as CSC and FTMH, may have influenced per-
class recall despite balancing strategies. Nonetheless,
the improved external generalization of the neurosym-
bolic system suggests that rule-based reasoning intro-
duces complementary information that enhances learn-
ing stability even under such an imbalance.

Future work will aim to extend the current
design along several axes. First, symbolic rules could
be enriched with spatial or topological descriptors,
for example, encoding the position of fluid relative
to retinal layers or segmentation-derived anatomical
maps.’’ 2 Second, advances in large language models
offer opportunities to formalize clinical guidelines
into consistent, machine-interpretable logic.>® Large
language model-based frameworks could assist in rule
synthesis, verification, and expansion while maintain-
ing transparency. Finally, the modular architecture of
the proposed system enables independent inspection of
the symbolic layer: clinicians can visualize which retinal
signs contributed to a decision and generate attention
heatmaps over OCT scans. Such transparency supports
both clinical validation and iterative refinement when
inconsistencies are detected.
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Conclusions

This study introduced a neurosymbolic frame-
work for OCT-based retinal disease classification that
tightly couples a ResNet-50 backbone with differen-
tiable, rule-based reasoning grounded in ophthalmic
knowledge. The model achieved strong internal perfor-
mance (macro-F; score = 0.81; precision = 0.83;
recall = 0.82) and retained superior generalization
on external validation (OCTID: macro-F; score =
0.78; accuracy = 0.83), slightly outperforming a CNN-
only baseline (macro-F; score = 0.59; accuracy =
0.53). Beyond accuracy, the framework provides trans-
parent inference by tracing how probabilistic retinal
signs (sBS, sMNYV, sD, sIRF, sSRF, sMH, sERM,
sRT, sRDIST, and sRDET) combine through clini-
cally meaningful rules to yield pathology probabili-
ties, preserving diagnostic uncertainty throughout the
pipeline.

Embedding structured clinical knowledge as differ-
entiable logic supplies a knowledge-driven inductive
bias that improves robustness, especially in small,
imbalanced, or heterogeneous datasets, and aligns
model behavior with clinician reasoning. The approach
reduces dependence on exhaustive sign annotations
via algorithmic supervision, yet still enables sign-
level interpretability (sign macro-precision/recall/F;
score/accuracy: 0.60/0.73/0.63/0.83). Its modular
design allows the symbolic layer to be inspected,
audited, and refined, facilitating adoption in real-
world workflows where explainability and traceability
are essential.

The neurosymbolic paradigm is broadly applica-
ble to medical imaging tasks where visual features
map to established diagnostic logic. Future work
will extend to multipathology co-occurrence, multi-
center/multivendor validation, and operating-point
optimization (e.g., threshold calibration and decision—
curve analysis) to better align probabilistic outputs with
clinical use.
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