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Abstract. Accurate classification between dry and wet age-related mac-
ular degeneration (AMD) is crucial for determining appropriate treat-
ment strategies and improving patient outcomes. However, deep learn-
ing convolutional neural networks (CNNs) often face challenges when
working with small datasets, particularly in the context of rare patholo-
gies, which can hinder their robustness and generalizability. To address
these issues, we employed a neurosymbolic approach that integrates med-
ical knowledge in the form of symbolic AI, enhancing the model’s inter-
pretability and reasoning capabilities. The aim of this study was to im-
prove the classification of retinal conditions, specifically dry AMD, wet
AMD, and normal retinas. Our results demonstrated an overall accuracy
of 93%, indicating the effectiveness of this methodology in accurately
classifying retinal diseases. These findings suggest that the neurosym-
bolic approach holds promise for advancing diagnostic support in oph-
thalmology while providing a transparent decision-making framework.
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1 Introduction

Neurosymbolic learning represents a significant advancement in artificial intelli-
gence, particularly in the medical domain, where decision-making processes must
often mirror human reasoning. This approach integrates the strengths of deep
learning, specifically convolutional neural networks (CNNs) and Deep Learn-
ing (DL), with symbolic reasoning, thereby creating a more interpretable and
transparent framework for classification tasks.

Until today, DL is the most common type of architecture used for the clas-
sification and management of various medical conditions due to its ability to
identify pathological features from images effectively [1, 2]. Specifically, such al-
gorithms serve as robust tools for the automatic identification and quantifica-
tion of retinal abnormality singns observable in optical coherence tomography
(OCT) images [3–5]. Recently, a variety of ML models have been developed
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and extensively utilized for analyzing OCT images from patients suffering from
significant ocular conditions, including diabetic retinopathy (DR), age-related
macular degeneration (AMD), central serous chorioretinopathy (CSC), epireti-
nal membranes (ERM), and glaucoma [6–16].

In terms of OCT image classification, the most commonly employed convo-
lutional neural network (CNN) architectures, such as VGG, ResNet, Inception
and their derivatives, have demonstrated highly promising performance [17–21].
For example, a study conducted by Inferrera et al. reported impressive accu-
racy rates (between 93% and 99%) when identifying conditions like epiretinal
membranes, intraretinal fluid, and macular neovascularization [22].

While CNNs excel at detecting patterns and abnormalities, they often fall
short in providing a transparent model [23]. This limitation can be particularly
pronounced when dealing with rare conditions, where CNNs may struggle due to
small datasets and insufficient training examples. In contrast, the neurosymbolic
framework allows for the integration of medical knowledge in the form of rules,
which enhances the model’s performance and explanability of the model [24].
This is particularly important in ophthalmology, where certain retinal condi-
tions may present infrequently, making it challenging for standard CNNs to
learn effectively from limited examples [25] and incorporating additional medi-
cal knowledge into the model may enhance its performance.

Accurate differentiation between dry AMD and wet AMD is crucial for ef-
fective patient management and treatment planning. Wet AMD is characterized
by the development of macular neovascularization (MNV), which can lead to
rapid vision loss due to fluid accumulation and subsequent retinal damage [26].
In contrast, dry AMD typically progresses more slowly and is associated with the
accumulation of drusen (D) and retinal pigment epithelium changes, which may
not lead to immediate vision impairment but can result in geographic atrophy
over time [27]. By analyzing the presence or absence of specific retinal abnormal-
ities, clinicians can accurately determine the final pathology. This method aligns
with the principles of neurosymbolic learning, where integrating domain-specific
knowledge allows for more informed decision-making and improved diagnostic
outcomes [22,28].

Therefore, the aim of this study is to demonstrate how the innovative in-
tegration of deep learning and symbolic reasoning (neurosymbolic approach)
can enhance the classification of dry AMD, wet AMD, and normal retinas, not
only improving model performance but also increasing explainability and inter-
pretability, thereby providing deeper insights into the decision-making process.

2 Methods

This retrospective observational study was conducted at the University Eye
Clinic of Trieste, following the ethical guidelines of the Declaration of Helsinki.
The study protocol received approval from the Regional Ethics Committee (CEUR)
of Friuli Venezia Giulia, Italy (protocol number 17094/2022). All participants
gave their informed consent for the use of their data.
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We retrospectively evaluated anonymized optical coherence tomography (OCT)
scans obtained using an A-line scan protocol with a length of 9.0 mm. The im-
ages were captured using the Spectralis OCT system (Heidelberg Engineering,
Heidelberg, Germany), which operates at a central wavelength of 815 nm and
offers an axial resolution of 3.9 µm/pixel, a lateral resolution of 5.7 µm/pixel,
and an image dimension of 768x496 pixels. The dataset included both horizontal
and vertical line scans centered on the fovea, collected from individuals aged 18
to 95 years between January 2017 and September 2022.

Finally, 1407 OCT images of dry AMD, wet AMD affected and Normal reti-
nas (469 for each class) were collected.

Fig. 1. Illustration of the learning process in the neurosymbolic framework.

2.1 Neurosymbolic AI Reasoning

In this study, for the neurosymbolic AI reasoning, we employed the Scallop
programming framework [29]. Scallop allows an integration of logical rules (i.e.
expert knowledge) with subsymbolic machine learning approaches (i.e. neural
networks, in our case CNN), in a structured manner. This capability is partic-
ularly beneficial in medical applications, where domain-specific knowledge can
significantly enhance the interpretability and performance of AI decision support
systems.

Scallop utilizes provenance tracking to support differentiable reasoning by
associating weights, probabilities, or gradients with facts and rules. For our
implementation (see Figure 1), we utilized Differentiable Max-Min Probabil-
ity Provenance (DMMP), designed to support gradient-based optimization in
probabilistic reasoning systems. Unlike traditional provenance systems, DMMP
employs dual-number representation, where each provenance tag is augmented
with a derivative component. This allows the system to track changes in proba-
bility values while enabling efficient backpropagation in neurosymbolic learning
models [30].
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2.2 Expert knowledge representation

In Scallop, expert knowledge is represented in the form of logical rules. These
rules, defined by ophthalmologists, encapsulate the symbolic reasoning behind
the classification of dry AMD, wet AMD, and Normal retinas. For this work, we
define the following rules that capture domain-specific knowledge:

DryAMD
(
(P3 ∧ ¬P4 ∧ ¬P2) ∧ (P3 ∧ ¬P5 ∧ ¬P2) ∧ (P1 ∨ P7):-

BS(P1), MNV(P2), D(P3), IF(P4), SF(P5),

MH(P6), ERM(P7), VMA(P8).

(1)

WetAMD
(
((P3 ∧ P4) ∨ (P3 ∧ P5) ∨ (P3 ∧ ¬P7)) ∧ (P2 ∧ P1)

)
:-

BACK(P1), MNV(P2), D(P3), IF(P4), SF(P5), MH(P6),

ERM(P7), VMA(P8).

(2)

Normal
(
¬P1 ∧ ¬P2 ∧ ¬P3 ∧ ¬P4 ∧ ¬P5 ∧ ¬P7

)
:-

BACK(P1), MNV(P2), D(P3), IF(P4), SF(P5), MH(P6),

ERM(P7), VMA(P8).

(3)

whereAMDDry,AMDWet, andNormal represent retinal pathologies; BACK,
MNV, D, IF, SF, MH, ERM, and VMA denote retinal abnormality signs; and
Pn represents the probability of the presence of a corresponding retinal abnor-
mality. In particular, the rule (1) for dry AMD is predicated on the identifica-
tion of Drusen (D) as a hallmark characteristic of this condition. The absence
of Intraretinal Fluid (IF), Subretinal Fluid (SF) and Macular Neovasculariza-
tion (MNV), are more commonly associated with wet AMD. The presence of
Choroidal Backscattering (BACK) may occur in later stages AMD [31].

In contrast, the rule (2) for wet AMD is constructed to reflect the condition’s
defining characteristics, which include the presence of Drusen (D) and Macular
Neovascularization (MNV) in conjunction with either Intraretinal Fluid (IF) or
Subretinal Fluid (SF) [28].

For the classification of a normal retina, the rule is explicitly defined by the
absence of all key pathological features [22].

Table 1 presents an illustrative example demonstrating how the rule engine
operates using rules (1)–(2) and Differentiable Max-Min Probability Provenance
(DMMP) for classification. The table showcases how different probabilities of
retinal abnormality signs influence the classification outcomes for dry AMD,
wet AMD, and Normal categories.

The objective of deep-learning CNNs in a neurosymbolic framework is to
estimate the probability of the presence of these retinal signs abnormalities,
even though they are not explicitly trained or supervised on them.

2.3 CNN Deep-Learning Architecture

For the deep learning component of our model, we utilized the ImageNet pre-
trained ResNet50 architecture. The final layer of the model was modified to
provide independent probabilities for each of the eight retinal abnormality signs.
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Table 1. Illustrative example demonstrating how the inference engine operates using
rules (1)–(2) and Differentiable Max-Min Probability Provenance (DMMP) for classi-
fication.

P(Retinal Abnormality Signs) P(Classification Outcome)

BS MNV D IF SF MH MER VMA AMDDry AMDWet Normal

0.80 0.20 0.90 0.10 0.10 0.30 0.80 0.20 0.75 0.42 0.01

0.60 0.70 0.60 0.70 0.80 0.20 0.10 0.20 0.14 0.71 0.00

0.10 0.00 0.10 0.00 0.00 0.10 0.20 0.10 0.08 0.02 0.65

This adjustment allows the model to perform multi-label classification, en-
abling it to predict the presence of multiple retinal abnormalities simultaneously.
The ResNet50 model was fine-tuned to classify dry AMD, wet AMD, and Nor-
mal retinas, rather than relying solely on direct supervision of the retinal signs
(see Figure 1). The gradient of the pre-trained ResNet50 was updated using the
symbolic rules defined earlier, which represent the medical knowledge encoded in
the system. The total OCT dataset was partitioned into 80% for training, 10%
for validation, and 10% for testing to ensure a balanced evaluation of the model’s
performance. During training, the following learning parameters were employed:
a learning rate of 0.0001, the Binary Cross-Entropy (BCE) loss function, and a
total of 15 epochs.

3 Results

The performance of the neurosymbolic learning model was evaluated on the test
set. The confusion matrix (Table 2) shows the classification performance for each
category: dry AMD, wet AMD, and Normal.

Table 2. Confusion matrix on the test set, expressed as percentages relative to the
total number of samples in each class.

Predicted Classification

dry AMD wet AMD Normal

dry AMD 1.00 0.00 0.00

wet AMD 0.21 0.79 0.00

Normal 0.00 0.00 1.00

The detailed classification metrics, including precision, recall, and F1-score,
are summarized in Table 3.

The model achieved an overall accuracy of 93% across all classes. The pre-
cision for dry AMD was 0.80, reflecting that 80% of the instances predicted as
dry AMD were correct. The recall for dry AMD was at 1.00, indicating that all
actual dry AMD cases were identified. For wet AMD, the precision was 1.00,
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Table 3. Summary of classification metrics, including precision, recall, and F1-score
for each class.

Classification Metrics Summary

Class Precision Recall F1-Score

dry AMD 0.80 1.00 0.89

wet AMD 1.00 0.79 0.88

Normal 1.00 1.00 1.00

while the recall was lower at 0.79, suggesting that some wet AMD cases were
misclassified as dry AMD. Normal cases were classified with precision, recall and
F1 of 1.0. None of the pathological retinas were exchanged for healthy ones.

4 Discussion

The implementation of a neurosymbolic approach in this study highlights the
critical need for advanced AI methodologies in the medical field, particularly in
ophthalmology. Differentiating between wet AMD and dry AMD is essential from
a clinical perspective, as these two conditions require distinct treatment strate-
gies and have different prognoses. Accurate classification of these conditions can
significantly impact patient outcomes and treatment efficacy.

The neurosymbolic approach combines the strengths of deep learning with
symbolic reasoning, allowing for a more robust and interpretable classification
system. By integrating domain knowledge into the model, we can create clas-
sifiers that are not only accurate but also capable of reasoning in a manner
similar to that of an ophthalmologist. This modularized learning process enables
the convolutional neural network (CNN) to identify structural abnormalities,
even when not explicitly supervised.

The aim of this work was to demonstrate how a neurosymbolic approach
can improve the classification of retinal conditions, specifically dry AMD, wet
AMD, and Normal, using a dataset of 469 images per class. The results indi-
cated an overall accuracy of 93%, with high precision and recall for each class,
underscoring the effectiveness of this methodology.

Moreover, the neurosymbolic approach is particularly advantageous for ad-
dressing rare pathologies where datasets may not be large enough to train robust
deep learning CNNs. In such cases, the ability to incorporate expert knowledge
into the model can enhance its performance and reliability, providing a path-
way to better diagnose conditions that are infrequently encountered in clinical
practice.

The neurosymbolic innovative approach contrasts sharply with traditional
black-box models, which often lack transparency and interpretability. By pro-
viding a clear rationale for its decisions, the neurosymbolic model fosters trust
and understanding among clinicians, potentially leading to higher adoption rates
in clinical settings.
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However, a key limitation of this study lies in the simplicity of the defined
rules, which may not always capture the full complexity of retinal abnormality
signs. While the proposed approach effectively integrates algorithmic supervision
for feature extraction, further validation is needed to ensure that the extracted
features are accurately identified. In this study, this limitation was mitigated by
the availability of both final pathology labels and individual abnormality signs,
allowing for cross-verification.

As this is a preliminary study, future work could explore how refining and
expanding the rule set might enhance the localization of retinal abnormalities.
More sophisticated rule definitions, such as assigning greater weight to certain
signs when making classifications, could improve the model’s ability to discern
pathological features. Additionally, if multiple signs are assigned equal impor-
tance for a given pathology, the model might arbitrarily attribute the classifi-
cation to one of them. While this simplification was intentional for the initial
study, it remains an area for future refinement.

Overall, this work serves as an initial demonstration of the potential neu-
rosymbolic approaches hold for medical imaging, balancing the advantages of
deep learning with enhanced interpretability through symbolic reasoning.

In conclusion, the integration of symbolic reasoning with deep learning through
a neurosymbolic framework offers a promising avenue for enhancing diagnos-
tic accuracy in ophthalmology. This study demonstrates the potential of such
approaches to provide transparent and explainable decision-making processes,
ultimately improving patient care and outcomes.
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