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Abstract

The use of intelligent clinical decision support systems (CDSS) has the potential to improve the
accuracy and speed of diagnoses significantly. These systems can analyze a patient’s medical data and
generate comprehensive reports that enable specialists to better understand and evaluate the current
clinical scenario. It is essential when dealing with medical images, as the high workload on healthcare
professionals can hinder their ability to notice critical biomarkers, which may be difficult to detect
with the naked eye due to stress and fatigue. Implementing a CDSS that uses computer vision (CV)
techniques can alleviate this challenge. However, one of the main obstacles to the widespread use
of CV and intelligent analysis methods in medical diagnostics is the lack of a clear understanding of
how these systems operate among diagnosticians. A better understanding of how these systems work
and the reliability of the identified biomarkers will enable medical professionals to more effectively
grasp clinical problems. Additionally, it is essential to tailor the training process of machine learning
models to fit medical data, which is often imbalanced due to varying probabilities of disease detection.
If this factor is neglected, the quality of the developed CDSS may suffer. This article discusses the
development of the CDSS module, which focuses on diagnosing age-related macular degeneration.
Unlike traditional methods that classify diseases or their stages based on optical coherence tomography
(OCT) images, the CDSS provides a more sophisticated and accurate analysis of biomarkers detected
through a deep neural network. This approach combines an interpretative reasoning process with
highly accurate models, although these models can be complex to describe. To address the issue of
class imbalance, an algorithm has been developed to optimally select biomarkers, taking into account
both their statistical and clinical significance. As a result, the algorithm prioritizes selecting classes that
ensure high model accuracy while maintaining a sufficient level of clinical relevance in the responses
generated by the CDSS module. The results obtained from this algorithm indicate that the overall
accuracy of staging age-related macular degeneration increased by 63.3% compared to traditional
methods of direct stage classification using a similar machine learning model. This improvement
suggests that the CDSS module can significantly enhance the diagnosis of this disease, especially in
situations where there is class imbalance in the original dataset. To improve interpretability, the process
of determining the most likely stage of the disease was organized into two stages. At each stage, the
diagnostician could visually access information that explained the reasoning behind the intelligent
diagnosis, aiding the expert in understanding how to make clinical decisions.

Keywords: decision support systems; computer vision; deep learning; age-related macular degener-
ation; optical coherence tomography; imaging biomarkers; interpretable Al; fuzzy logic; biomarker
optimization; NSGA-II algorithm
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1. Introduction

The advancement of modern medical services has led to improved professional assistance for the
prevention and treatment of eye conditions, with the demand for ophthalmologic services increasing
at a rate that exceeds population growth. This growth is primarily driven by an aging population and
greater public awareness of the importance of monitoring eye health [1-3]. However, the significant
rise in patients seeking ophthalmological care has created an increased workload for diagnosticians
without a corresponding rapid growth in the number of available specialists. This imbalance between
supply and demand can negatively affect diagnostic quality, as physicians processing medical data for
increasing numbers of patients face higher risks of decreased productivity and medical errors due to
fatigue, mental exhaustion, and heightened stress.

Medical imaging analysis represents a particularly complex area of diagnostic tasks requiring
significant attention and expertise from specialists . In ophthalmology, optical coherence tomography
(OCT) plays a crucial role as one of the most widely used imaging methods . This highly informative
and contactless technique allows for real-time assessment of retinal structures [4-7], yet analyzing
retinal images often leads to information overload for diagnosticians, negatively impacting treatment
outcomes [8-11].

Research demonstrates that the speed at which diagnosticians make decisions is inversely related
to accuracy. To address this challenge, Clinical Decision Support Systems (CDSS) have emerged
as valuable tools for healthcare professionals, enabling efficient management of repetitive tasks and
reducing routine workload [12-14]. Modern CDSS can incorporate both basic algorithms for organizing
medical information and advanced automated cognitive processes, including computer vision (CV)
methods for image analysis [15-20].

However, one of the main obstacles to integrating intelligent systems into medicine is the lack of
clarity surrounding machine learning algorithms. The "black box" nature of these models, particularly
in medical diagnosis, can lead to skepticism about their reliability and introduce bias among healthcare
professionals, while making it challenging to verify the clinical relevance of software solutions.

To enhance transparency, various Explainable Al (XAI) methods are currently employed, catego-
rized into post-hoc explanation methods and CV systems with built-in explanations [21]. Surrogate
model techniques, such as Gradient-weighted Class Activation Mapping (Grad-CAM), highlight
significant image regions for analysis [22]. While Grad-CAM has been successfully applied in medical
imaging for pneumonia diagnosis in chest X-rays and tumor identification in MRI, the interpretation
remains limited to visual demonstration of detected predictors without comprehensive analysis of
underlying decision logic.

Feature importance methods, including SHapley Additive exPlanations (SHAP), provide insights
into each input element’s contribution to model output [23-25]. However, these approaches often fail
to account for spatial information related to patient condition predictors. Rule-based systems offer
another approach, where intelligent algorithm outcomes are evaluated against predefined rules, yet
increasing interpretability may negatively affect machine learning model performance, as simpler
models may struggle to capture complex patterns effectively.

An effective approach for presenting medical images for precise analysis involves utilizing infor-
mation on imaging biomarkers (IB), which indicate specific disease signs. These IBs can characterize
diseases and their severity or stages, encompassing anatomical structures, functional parameters, and
molecular signatures [26-29]. For CDSS, IB provides valuable insights for developing evidence-based
patient care recommendations and treatment strategies [30,30-33,33-35].

Age-related macular degeneration (AMD) exemplifies the growing clinical challenge that accom-
panies population ageing and the associated surge in retinal imaging. Globally, AMD already affects
roughly 196 million people and is projected to reach almost 290 million by 2040, making it the leading
cause of irreversible central-vision loss in older adults [36]. Clinically, the disease progresses from
early drusen formation to intermediate structural disruption and culminates in late-stage geographic
atrophy or neovascularisation, each characterised by distinct OCT signatures [37]. Timely differentia-
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tion of these stages is critical because anti-vascular endothelial growth-factor therapy can stabilise or
improve vision in up to 95% of patients with exudative AMD, whereas geographic atrophy still lacks
an approved disease-modifying treatment [38].

From an informatics standpoint, AMD thus emerges as an ideal yet demanding use-case for
developing CDSS that transform complex retinal imagery into clinically actionable stage assessments.
Its multifactorial aetiology—over forty risk alleles interacting with lifestyle factors such as smok-
ing, diet, and systemic metabolism—requires algorithms capable of fusing heterogeneous evidence
sources [39]. Prognosis also hinges on recognising subtle OCT-based biomarkers—drusen morphology,
pigment-epithelium alterations, and nascent neovascular complexes—that may elude human graders
yet are amenable to machine detection. Compounding this challenge is severe class imbalance: the
sight-threatening late stages most critical to patient outcomes remain under-represented in typical
OCT datasets, demanding architectures that explicitly address skewed class distributions. Collec-
tively, these constraints position AMD as both a proving ground and a catalyst for the interpretable,
imbalance-aware CDSS advanced in the present study.

This study investigates the significant limitations found in previous research. Although the
hybrid hierarchical approaches we presented in [40] showed high accuracy, they functioned as "black
boxes," which could hinder their use in clinical practice. Our new approach includes the precise
identification of IBs, enabling clinicians to follow the diagnostic process from image characteristics to
disease classification.

This paper aims to develop an interpreted classification method that identifies patterns within each
class using deep learning models, achieving high accuracy in pattern detection even with imbalanced
target classes and desired patterns. The implemented approach addresses the challenge of imbalanced
IBs using a multi-objective evolutionary optimization algorithm that selects the most relevant IBs
considering both statistical and clinical significance.

The paper demonstrates a two-stage CDSS architecture that separates IB detection from diagnostic
reasoning, enhancing both accuracy and interpretability while addressing the critical "black box" prob-
lem in medical Al systems. Through the systematic selection of IBs, this approach ensures transparent
decision-making processes consistent with clinical thinking patterns, potentially contributing to the
introduction of intelligent diagnostic systems into ophthalmic practice.

2. Modeling the Cognitive Processes of Experts in Staging Age-Related Macular
Degeneration Based On Imaging Biomarkers

The development of an interpretable clinical decision support system for AMD staging requires
a rigorous mathematical framework that explicitly separates IB detection from diagnostic reasoning.
This separation addresses the fundamental challenge of maintaining both high accuracy and clinical
interpretability in medical Al systems. The proposed methodology introduces a two-stage architecture
where the first stage focuses on reliable IB identification using deep learning, while the second stage
employs fuzzy logic to model expert diagnostic reasoning patterns.

2.1. Presentation of OCT Data as an Image and a Set of Imaging Biomarkers

Consider an OCT image dataset X = {x1, x2, ..., xx} where each image x; € X represents a
retinal scan that must be classified into one of n AMD stages S = {s1, sy, ..., s }. The classification
process relies on the identification of m imaging IBs B = {by, by, ..., by}, that serve as intermediate
diagnostic indicators. The fundamental objective is to determine the conditional probability P(s; |
X;), si € S, xj € Xfor each AMD stage s; given an input image x;.

Traditional direct classification approaches attempt to learn the mapping f : X — S directly,
which creates a "black box" system that lacks clinical interpretability. The proposed two-stage approach
decomposes this problem into two sequential mappings: first, a IB detection function g : X — C
that maps images to IB confidence scores, and second, a diagnostic reasoning function: C — S
that maps IB patterns to AMD stages.
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The IB detection module implements a deep neural network encoder that transforms input OCT
images into IB confidence vectors. For each image x;, the encoder produces a confidence vector
¢ = {clj, C2jr -+, cm]'}, with ¢;; denoting the confidence that IB b; is present in x;.

To ensure an accurate search for IBs while maintaining the clarity and transparency of the AMD
staging algorithm'’s logic, a deep neural network (DNN) was used. The choice of this model, which
operates in a way that may not be immediately understandable to users, is based on its potential for
higher accuracy in image analysis compared to traditional machine learning methods. Our primary
focus is on the expected accuracy level of the DNN in detecting IBs. It is important to note that relying
solely on machine learning methods in medical diagnostic algorithms, without incorporating expert
rules, can lead to misleading results. These models may identify false trends that stem from a limited
data sample and do not accurately represent the entire dataset [41].

A potential compromise solution that offers both visual interpretability and the capability to
accommodate diagnostic uncertainty, as reflected in vague definitions, is the use of a fuzzy inference
algorithm. In this algorithm, for each r;, the IB membership function is determined based on the value
c(b;). For each stage of S, the probability of the stage is calculated by summing the contributions from
all the outputs of the membership functions:

P(s ) = ip(s,wc(bj),rj),

where P(s;[c(b;), ;) represents the conclusion of the membership functions. Consequently, this
algorithm for staging AMD, which is based on the identified IBs, operates as a fuzzy solver. It
effectively handles both the numerical values of the DNN confidence in detecting IBs and the fuzzy
terms that indicate the probability of having IBs at each stage of AMD.

It is also worth considering that the IBs analysis component in the CDSS module can be more
easily replaced, fixed, or retrained, as well as scaled by simplifying the task using encoded OCT data.

The objective of this project is to develop a CDSS module that synthesizes an IB set for identifying
AMD using OCT image data. Additionally, the module will assist in staging AMD based on the
identified IB set. The structure of this module is illustrated in Figure 1.
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Figure 1. The structure of the CDSS module for AMD staging.
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To determine the probability of accurately detecting a specific informational IB C(B;), we
used the temperature scaling method [42,43]. This approach allowed us to assess the reliability
of predictions more effectively, without necessitating additional modifications to the deep neural
network architecture.

The output data of the encoder is represented as a vector of IBs C(B;), which contains the
probability values for detecting each IB. This data is then used as input for the fuzzy solver, f(C(B;)),
which utilizes fuzzy terms to determine the probabilities of all stages of P(S|x;) in the OCT image x;.

Next, we will examine the proposed structure of the CDSS module in detail. It includes a
description of the input and transformed data, as well as the specifics of encoding and the IB set
analysis model.

2.2. Analysis of the Primary OCT Data Set

The AMD staging method being developed requires a structured dataset including OCT images
with appropriate IBs and a classification of AMD stages. The dataset should include diverse AMD
stages with appropriate clinical annotations. Each IB’s presence or absence must be marked by qualified
diagnosticians, and expert assessments of clinical significance for each biomarker-stage combination
should be established using linguistic variables (e.g., "Absent," "Rare," "Present," "Common," "Defining
Feature").

The structure of the dataset used in this study as an example of the implementation of the
proposed staging method included a set of OCT images, each of which was accompanied by a list
of detected IBS, marked by diagnosticians, as well as the corresponding stage of AMD. The dataset
consisted of 2,624 images from OCT. Each OCT image was classified according to the Age-Related Eye
Disease Study [44], which is used in both clinical trials and clinical practice.

The distinction between stages of AMD is crucial due to significant differences in treatment
strategies for patients at these stages. The following cases with corresponding code designations were
included in the list of classes under consideration:

Examples of retinal OCT without AMD disease (N) (25% of the total data set),

Early stage AMD (S) (8% of the total data set),

Intermediate stage of AMD between dry and wet stage (P) (34% of the total data set).
Late stage of dry (atrophic) AMD (SI) (7% of the total data set),

Late stage of wet (neovascular) AMD (V) (17% of the total data set),

Late stage of AMD is presence of subretinal fibrosis SF (VI) (9% of the total data set).

A

In medical practice, there are specific diagnostic patterns for each stage of AMD. However, it
is important to note that statistical data drawn from a limited dataset do not always align with the
expert opinions of specialists. These discrepancies must be taken into account when developing
deterministic rules for interpreting various clinical manifestations. In this context, we primarily relied
on the experience of diagnostic specialists to understand the general principles of diagnosis when
selecting our IBs. Only after this foundational understanding did we begin to identify specific rules
based on the limited data available. This approach was necessary to prevent our algorithm from
overfitting to the existing dataset, as models can identify local trends that do not necessarily generalize
to other data samples.

A common sign of early-stage AMD in fundus images is druses (td), which are less than 125
microns [45,46]. OCT scans show localized elevations of the pigmented epithelial layer with medium
reflectivity.

The intermediate stage of AMD serves as a transitional phase between the more distinctly defined
early and late stages of the disease. It makes diagnosing the intermediate stage more challenging and
complicates the identification of clear IB of the disease. The presence of at least one large druse (md)
(more than 125 microns) determines the transition of the disease to an intermediate stage [47]. The
increase of druses can lead to drusenoid detachment of the pigment epithelium (sd) [45,46]. At this
stage, a wide range of IB can be observed. This stage is also characterized by hyperreflective inclusions
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(gv), which are small bright spots in the retina that may indicate inflammatory or degenerative changes,
and local atrophy (la), which are localized areas of thinning or loss of retinal layers, especially retinal
pigment epithelium and photoreceptors [48].

Progressive loss of pigment epithelium in the central parts of the macula (ga) combined with
degenerative changes in the choriocapillaries leads to degenerative changes in the neuroepithelium
and the development of the late-stage dry (atrophic) AMD [49].

For the late stage of wet (neovascular) AMD, the most characteristic IB include the neovascular
membrane (nvm), fibrovascular pigment epithelial detachment (fopes), subretinal and intraretinal
fluid (srzh or irzh), and hyperreflective inclusions. Without treatment, this condition can lead to the
development of subretinal fibrosis (sr) [50,51].

Although the above IB are the main indicators for each stage of AMD, other IB also contribute to
a comprehensive diagnosis [51]:

*  Migration of pigment epithelium (mpes) indicates changes in the retinal pigment epithelium and
potential progression towards atrophy.

¢ External retinal tubulation formations (nrt) indicate reorganization of the outer layers of the retina,
and progression develops in the late stages of AMD.

*  Nonexudative fluid (nezh) occurs at an intermediate stage of AMD.

The statistical distribution of IBs across AMD stages and expert clinical significance assessments
form the foundation for subsequent optimization processes. A comprehensive example of such dataset
structure and biomarker-stage relationships is provided in Supplementary Materials (Table SI and
Table SII). Obtaining data on the clinical significance of each IB was achieved thanks to the findings of
diagnostic specialists and relevant scientific literature [45,46,50,52-59].

Given the pronounced imbalance of classes in the dataset, it becomes clear that certain IBs are
less likely to be detected at different stages of AMD than others. This observation is confirmed not
only by expert assessments, but also by the statistical data presented in the dataset. To test this
assumption, we evaluated the results of implementing a direct classification of AMD stages, as well
as a comprehensive search across the entire available set of IBs. The selected IBs, equipped with
appropriate code designations, were designed as markers to train the encoder in solving the problem
of multiclass classification.

2.3. Assessing the Efficiency of Direct Classification and Pattern Detection in OCT Images

To establish the need for the proposed two-stage approach, we evaluate the performance of direct
AMD stage classification using a deep neural network without biomarker-based preprocessing. The
core of this model is a modified ResNet-18 neural network. We have replaced the last fully connected
layer with a configurable classifier that outputs a vector of probabilities, indicating the presence of
all classes or IB under consideration. ResNet-18 is a relatively simple variant in the ResNet family,
consisting of 18 levels, which provides a balance between presentation capabilities and computational
efficiency. For tasks such as image analysis using OCT, where datasets are often limited in size,
more complex models such as ResNet-50 or ResNet-101 may not be suitable due to their excessive
capacity [60,61]. ResNet-18 mitigates this risk by maintaining sufficient depth to capture complex
patterns while being less susceptible to overfitting. ResNet-18 has also demonstrated outstanding
results in extracting highly discriminatory features from medical images, while maintaining reliability
in conditions of limited data volume or the presence of noise in labels:

*  (lassification of retinal diseases based on OCT images [61];
*  Detection of IB and pathologies in neuroimaging [62];
*  Search and segmentation tasks in medical imaging datasets [63].

To carry out a direct classification of the stages of AMD, the target labels included markers for
six stages, while information about IB lesions was excluded. The training and testing samples were
divided in a ratio of 80% for training and 20% for testing, consistent with all subsequent DNN training
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procedures. This baseline assessment demonstrates the challenges associated with class imbalance in
medical imaging datasets.
The evaluation process utilized the following metrics:

e Accuracy: Reflects the DNN's overall correctness in identifying IBs across all AMD stages.

®  Precision: Indicates the reliability of the DNN's positive IB detections.

e  Fl-score: Balances precision and recall, which is crucial for handling rare or imbalanced IBs.

e  Specificity: Measures the correct identification of an IB’s absence, reducing false positives.

e  Sensitivity (Recall): Ensures that critical IBs are not overlooked, which is vital for detecting early
signs of AMD progression

The evaluation employs standard performance metrics including accuracy, precision, recall, F1-
score, and specificity. The baseline results reveal significant performance variations across different
AMD stages, with particular difficulties in detecting early-stage manifestations due to subtle visual
differences and class imbalance issues.

The detailed baseline performance analysis, including confusion matrices, is presented in Supple-
mentary Materials (Figure S1). These results motivate the development of the proposed biomarker-
based approach for improved classification accuracy and interpretability.

The results of the DNN tests demonstrate significant unevenness in the classification of AMD
stages. The late (neovascular) AMD and late (fibrosis) AMD are perfectly recognized with F1-scores
exceeding 90% (91.5% and 91.%, respectively). AMD’s average score is 67.6% on the Fl1-score. However,
the model has significant difficulties with the early detection of AMD, achieving only 8.9% accuracy
on the Fl-score. The late (atrophic) AMD stage falls within the intermediate range, with a score of
42.6% on the Fl-score.

The classification of early AMD reveals a significant flaw in the performance of the DNN. The
model correctly identifies only 7 out of 99 early cases of early AMD (7.1% of cases), demonstrating
extremely low accuracy (12.1%). Most cases of early-stage AMD are mistakenly classified either as an
intermediate stage (37 cases) or as late stage (atrophic) (34 cases). This pattern indicates fundamental
difficulties in identifying the distinctive features of the early manifestations of the disease. Identifying
cases without AMD disease also presents significant difficulties in classification, as only 48% of cases
have been identified correctly (49 out of 102 cases). The model often mistakenly classifies cases of AMD
absence as early stage AMD (27 cases) or late stage (atrophic) (15 cases). This tendency to yield false
positive results leads to overdiagnosis and may result in unnecessary treatment recommendations in a
clinical setting.

Geographical atrophy presents a complex misclassification issue, particularly characterized by
significant bidirectional confusion with the intermediate stage of AMD. Specifically, 31 cases of true
intermediate AMD have been incorrectly classified as late (atrophic) AMD, while 3 cases of true late
stage (atrophic) have been misidentified as intermediate AMD. Additionally, there are classification
errors in the late (atrophic) AMD stage: 23 cases were mistakenly attributed to the early stage of AMD,
and 11 cases were without AMD. Despite its distinct clinical features, late (atrophic) AMD is only
detected in 53% of cases, highlighting the challenges in accurately recognizing this condition. The
uneven performance of DNN across different stages of AMD can be attributed to an imbalance in the
dataset’s class distribution. As a result, directly classifying the stages of AMD without first adjusting
the input and/or output data for DNN operation may not yield satisfactory results.

Next, we implemented a direct IBs search, which acts as a conversion of the output data for DNN.
The target labels were the vectors v(x;). Once the encoder training was completed, we conducted
stratified K-fold cross-validation on the entire dataset to evaluate its effectiveness. The results compared
the vectors of the target values of IBs vy4r¢er and the predicted values Upred with a 95% confidence
interval. The analysis included calculating the error matrix for each IB and the DNN output vector.
The results of the metric calculations were then averaged across all IBs. These findings are presented
in Figure 2.
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Figure 2. DNN Performance Metrics with 95% Confidence Intervals

The model’s sensitivity is 55.25%, but it comes with a broad confidence interval of 20.71% to
89.79%. It raises two important concerns. First, the model struggles to accurately identify positive
cases, missing nearly half of them. Second, the wide confidence interval indicates significant variation
in sensitivity estimates, which may result from either a limited number of positive samples in the
dataset or inconsistencies in the model’s performance across different positive categories or validation
folds. In contrast, the model demonstrates a specificity of 91.22%, with a narrower confidence interval
ranging from 83.77% to 98.67%. It indicates that it is effective at correctly identifying negative cases.
The substantial difference between sensitivity and specificity suggests a strong class imbalance in
the training data, likely with negative instances significantly outnumbering positive examples. As
a result, the model seems to have developed a bias towards predicting the majority class (negative
cases) while underperforming for the minority class (positive cases). The overall accuracy of the model
is 47.60%, which means that it can correctly predict a positive outcome less than half the time. It,
combined with moderate sensitivity, leads to a relatively low F1-score of 43.87%, indicating suboptimal
performance in accurately identifying positive cases. Additionally, the wide confidence interval for
the Fl-score, ranging from 17.17% to 70.58%, further highlights the model’s instability in correctly
identifying positive instances.

All these indicators combined indicate that an unbalanced set of IBs hinders successful DNN
training. The model adapted to the imbalance of the original dataset, becoming conservative in
assigning positive ratings, which resulted in high specificity but low sensitivity and accuracy.

Selecting IBs for the encoder’s training set requires a careful approach to enhance prediction
accuracy, denoted as P(S|xj). This involves classifying IBs based on their clinical and statistical
significance, leading to four possible scenarios:

1.  High Clinical + High Statistical Significance: The IB is highly relevant for diagnosing AMD stages
and is supported by sufficient data to train an effective classifier. These are ideal candidates for
inclusion.

2. Low Clinical + High Statistical Significance: The IB is statistically sound but has low clinical
relevance for AMD staging, making its inclusion potentially redundant.
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3.  High Clinical + Low Statistical Significance: The IB is clinically critical but rare in the dataset.
This low statistical representation hinders the development of an effective classifier without
techniques like data augmentation.

4. Low Clinical + Low Statistical Significance: The IB lacks both clinical and statistical relevance,
suggesting it should be excluded from the dataset.

In this regard, before finalizing the data set for encoder training, it is essential to identify a group
of IBs that are both statistically and clinically significant for the subsequent staging of AMD. Further
studies should also be conducted to assess the redundancy of IBs that hold lesser clinical significance.

3. Creation of a Dataset and a Classification Algorithm Based On the Patterns of
the Target Class

Creating an effective dataset for training an encoder to identify IBs for AMD requires addressing
the challenges associated with the uneven distribution of IB occurrences across different stages of
the disease. Research in machine learning has introduced several specialized methods to tackle class
imbalance in medical imaging. These methods include few-shot learning, one-shot learning, and
zero-shot learning techniques [64—67]. Typically, these approaches utilize advanced methodologies
such as meta-learning frameworks, synthetic data generation, metric learning systems, and semantic
attribute modeling applied to the target variables.

However, these advanced learning approaches encounter significant challenges when explicitly
applied to OCT-based IB detection for AMD. A primary limitation is the high variability of disease
IBs in retinal imaging [68-70]. This variability hampers the ability to generate reliable patterns from
a limited number of examples, ultimately leading to reduced classification accuracy for the rarer IB
classes [71,72].

A more effective approach involves the strategic selection of IBs, particularly by systematically
excluding categories of IBs that show poor detection efficacy. However, this selection process should
not rely solely on statistical performance metrics. It must also incorporate expert clinical knowledge to
avoid inadvertently removing IBs that, while statistically difficult to detect, hold significant diagnostic
value for specific stages or subtypes of AMD.This perspective highlights the critical need for a dual-
criteria optimization strategy in IB selection. The IB selection process must explicitly evaluate both
statistical reliability and clinical significance, ensuring comprehensive diagnostic coverage across all
stages of AMD under consideration.

3.1. Calculating the Statistical and Clinical Significance of IBs

The optimal selection of IBs requires a dual evaluation framework that considers both statistical
performance and clinical relevance. Statistical significance is assessed through One-vs-Rest (OvR)
decomposition, where each IB is evaluated using binary classification performance metrics [73-75].

For each IB bi € B, a binary classifier is trained to distinguish between the presence and absence
of that specific IB across all OCT images. The statistical significance is quantified using the Youden
J-index [76], which combines sensitivity (SN) and specificity (SP) [77]:

J = Sensitivity + Specificity — 1 1)

Clinical significance is determined by expert assessments of each IB’s diagnostic value for different
AMD stages, converted to numerical scales for computational processing.

The comprehensive performance metrics for all IBs, including accuracy, sensitivity, specificity,
and area under the ROC curve (AUC) [78], are presented in Supplementary Materials (Table SIII).

Essentially, this method transforms a general multiclass (and multidimensional) problem into
separate binary tasks, allowing each IB to be evaluated independently using the performance indicators
of the corresponding binary classifiers. By training a separate classifier to detect the presence or absence
of a specific IB, OVR yields results that are easy to interpret and understand. It enables us to establish
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a direct correlation between the IBs and the most significant parameters of the DNN model.These
metrics form the foundation for the multi-objective optimization process.

In this study, the encoder structure serves as the primary architecture for the binary classifiers.
The encoder is designed to classify a complete set of relevant IBs, with the final layer modified to
perform binary classification for each IB.

Binary classifier testing revealed distinct performance patterns among imaging IBs, with six
markers demonstrating strong clinical potential: td showed exceptional sensitivity (0.96) and high
AUC (0.97) with substantial dataset representation (0.46), positioning it as a primary candidate for
clinical application; md exhibited well-balanced metrics across all parameters (AUC 0.98, accuracy
0.93) with significant share (0.36); ga achieved the highest AUC (0.99) and near-perfect specificity
(0.99) despite lower prevalence (0.07), making it valuable for confirmatory testing; st, gv, and fopes
also demonstrated strong overall performance with AUCs ranging from 0.93-0.97 and varying clinical
applicability based on their dataset shares. In contrast, eight IBs (sd, la, nvm, irzh, srzh, nrt, mpes, nezh)
exhibited a problematic pattern of high specificity but significantly compromised sensitivity (0.08-0.42),
limiting their effectiveness as primary discriminators and suggesting their optimal use in confirmatory
roles or as components of multi-biomarker diagnostic panels rather than standalone indicators.

3.2. Optimal Selection of IBs Based On Their Statistical and Clinical Significance

The IB selection process employs the Non-dominated Sorting Genetic Algorithm II (NSGA-II) to
optimize two competing objectives: statistical performance and clinical significance [79]. This approach
ensures that the selected IBs provide both reliable classification performance and meaningful clinical
interpretation.

To implement the NSGA-II algorithm, we needed to establish optimizable competing goal func-
tions and constraints for the optimization process. The objectives of implementing an optimal selection
algorithm are articulated as follows:

1.  Ensuring maximum classifier performance: High performance characteristics of binary classifiers
are preferred.

2. Ensuring maximum clinical value: Preference should be given to IBs that are assessed as "Present,"
"Common," or "Defining features" for at least one stage of AMD.

The optimization problem is formulated with two objective functions:

1.  Statistical Performance:

m
filx) ==} vi-¢(pi), ©)
i=1
where ¢(p;) is a transformation function that enhances the impact of high-performing IBs:

1

T 09 M ©

¢(pi) = pi+ (
where « refers to the steepness parameter and threshold 6, and M is the maximum penalty
parameter. To assess the statistical significance of IB, p;, we use the Juden J-index.
In the context of diagnostics, a minimum acceptable level of sensitivity and specificity is consid-
ered to be 80% [80,81]. The threshold value for statistical performance was determined to be
0 = 0.6. The steepness parameter is defined as @ = 5 because a steeper sigmoid results in a larger
derivative near the threshold. It ensures that slight deviations in performance are represented as
significant changes in the transformed output. Such an approach provides meaningful gradients
for optimization, which is essential for robust parameter estimation and model convergence [82].
From the equation ¢(p;), it follows that in order to penalize a low value of the Judens index, it is
required that M > 1. Since statistical efficiency is a more critical factor for enabling the training of
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the Information Bottleneck search classifier on OCT images, the penalty value was chosen to be
greater than the corresponding element of the equation used for calculating clinical significance:
M =3.

2. Clinical Significance:

Z vi-Cit+p- mm Z v; - P(cij) (4)
I I 1 1
where ¢; is the average clinical significance of IB b; across all stages, cij is the clinical significance
of IB b; for disease stage j, n is the number of disease stages, B is a bonus factor for balanced
coverage, and (c;;) is a transformation function for clinical significance:

¥(cij) = cij- (1+ (M —1) - arctan(5 - il (5)
where M is the maximum boost parameter and y is the mid-point parameter. The parameter M is
determined according to the same principle as when evaluating Statistical Performance, but with
alower value: M = 2. This is due to the fact that Clinical Significance has a slightly lower priority.
If the Statistical Performance value is low, the classifier’s performance may be insufficient, and
the IBs allocation algorithm will not be able to perform its functions effectively. The midpoint
parameter was set to "Present” y = 0.50 to encourage those who determine the stage of IBs. The
coefficient 5 in a transformation function for clinical significance 5 controls the steepness of the
arctangent function around p. The 0.5 addition serves to normalize the arctangent output.

The optimization is subject to the following constraints:

1. Performance Threshold. Ensures the cumulative statistical performance exceeds a minimum
threshold:

le ¢(pi) > Tp, T, = 15.
2. Stage Coverage. Ensures adequate clinical coverage across all disease stages:

m
Y xicij > T, Ty = 1.5, Vj.
i=1

The complete mathematical formulation of the IB selection problem is:

oL (O ©
subject to Zvl ¢(pi) > Ty @)

Mﬁl

vi-p(cij) > Ts Vje{l,...,n} (8)
1

The optimization process yields a Pareto front of solutions representing different trade-offs
between statistical performance and clinical relevance. The final IB selection represents the most
balanced solution on this Pareto front.

Thus, after DNN training on a limited set of the most statistically and clinically significant IBS
and refining the algorithm for analyzing DNN results using a fuzzy logic approach, AMD’s staging
algorithm was retested.

The detailed optimization results, including the Pareto front visualization, IB selection patterns,
and hypervolume analysis, are presented in Supplementary Materials (Figures S2, S3, 54, and S5).
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The optimization results reveal a clear hierarchical structure in IB selection for AMD staging,
where core IBs (td, md, gv, ga, fopes, sr) consistently demonstrate essential diagnostic value across
all solutions regardless of optimization focus, while conditional IBs (sd, la, srzh) show variable
selection patterns, with irzh preferred over srzh due to superior classification accuracy (0.901 vs
0.885) and model stability. Excluded IBs (nvm, nrt, mpes, nezh) are systematically avoided due to
insufficient representation in the dataset, leading to poor classifier specificity and high false-negative
rates that compromise clinical utility. The exclusion of clinically significant IBs such as srzh and nvm,
despite their importance as indicators of neovascular activity and exudative AMD stages respectively,
represents a necessary compromise between clinical relevance and statistical reliability given their
limited dataset representation (9% and 5% respectively), though future work with balanced datasets or
data augmentation techniques could potentially enable their inclusion to enhance diagnostic accuracy,
particularly for distinguishing late-stage AMD subtypes. The following solution was chosen based on
the analysis of the Pareto front:

Best Clinical Significance (Solution 3):

e  Selection: [td, md, gv, ga, fopes, irzh, srzh, sr];
e  Aggregated Transformed Performance: 0.0000;
e Aggregated Clinical Significance: 1.0000.

This solution highlights IBs that hold significant clinical importance at various stages of disease.
By incorporating both irzh and srzh, it enhances clinical relevance, although this might come at the
cost of statistical performance. This approach is most suitable when prioritizing clinical interpretability
and its relevance to disease mechanisms over purely focusing on classification accuracy.

The Pareto front visualization indicates a relatively uniform distribution of solutions, though
there is some clustering at the extremes. Solutions 1, 2, and 4 emphasize statistical performance, while
Solutions 3, 6, and 7 focus on clinical significance. Ultimately, the final set of IBs was derived from
Solution 5, as it represents the best balance between statistical and clinical significance.

3.3. Fuzzy Logic-Based Interpretable AMD Stage Classification

Having established the optimal IB selection through multi-objective optimization, the final com-
ponent of our two-stage CDSS architecture implements an interpretable classification system that
transforms IB detection outputs into probabilistic AMD stage assessments. This stage addresses the
critical interpretability requirement by modeling expert diagnostic reasoning through fuzzy logic,
enabling clinicians to understand and validate the system’s decision-making process.

3.3.1. Architecture Integration and Confidence Calibration

The interpreted classification module operates based on the output of a IB detection network
trained using an optimally selected subset of IBs, in this case, By = td, md, gv, ga, fopes, irzh,
str, determined using NSGA-II optimization. This integration ensures that the logical component
processes only the most statistically reliable and clinically relevant IBs, thereby maintaining accuracy
and interpretability.

The DNN IB detection module generates logits c; for each of the seven selected IBs. However,
deep neural networks often produce miscalibrated confidence scores when using standard softmax
activation, leading to overconfident predictions that do not accurately reflect true classification uncer-
tainty. To address this limitation, we implement temperature scaling calibration to improve prediction
reliability without compromising classification accuracy[83,84].

The calibration process introduces a temperature parameter T > 0 that modifies the softmax
function:

eZ,‘/T

pi(T) = W
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The optimal temperature T* is determined by minimizing negative log-likelihood on a validation
set:

T = arg mjin — Y "log(py,(T)), )
i=1
¢i = pi(T7), (10)

where y; is the true class label for the i-th sample in the validation set [85]. Through empirical
validation, we established T = 1.3 as the optimal temperature parameter, which effectively softens the
prediction distribution while preserving the relative ordering of IB confidences.

3.3.2. Fuzzy Logic Implementation for Expert Rule Modeling

An important innovation of our approach to interpreted classification is the explicit modeling of
expert diagnostic conclusions using fuzzy logic. This component converts calibrated IB confidence
scores into AMD stage probabilities using expert-defined relationships encoded as fuzzy rules.

The fuzzy classification system uses five linguistic variables corresponding to the levels of clinical
significance: "Absent" (0), "Rare" (0.25), "Present" (0.5), "Common" (0.75) and "Defining feature" (1.0).
These encodings reflect expert assessments, and reflect the subtle relationships between the presence
of IBs and the stages of the disease.

To accommodate the complexity of medical diagnostic reasoning, we implement a hyperbolic
tangent-based membership function that provides superior flexibility compared to traditional linear
fuzzy systems:

—tanh(a-(x—05)), ifC;=0
u(x,Cj) = { tanh(a - (x — 05)) -3, ifCj=1 (11)
tanh(a - (x —0.5)) - C;, otherwise

where x represents the calibrated confidence score, ® = 5.0 controls the steepness of the sigmoidal
response, and C; denotes the fuzzy center value for the specific linguistic category. The multiplica-
tion factor of 3 for "Defining Features" emphasizes the diagnostic importance of high-confidence IB
detections.

The fuzzy classification algorithm computes the probability of each AMD stage by aggregating
the contributions from all IBs according to their clinical significance patterns:

Py =Yt pijlei, Cj)

where P; represents the probability of AMD stage j, ¢; is the calibrated confidence score for IB i,
and y; ; is the membership function value for IB i in the context of stage j.

This formulation enables the system to handle the inherent uncertainty in medical diagnosis
while maintaining traceability of the decision-making process. Each IB’s contribution to the final
stage probability is explicitly quantified, allowing clinicians to understand which image features drive
specific diagnostic conclusions.

To evaluate the statistical reliability of the AMD stage prediction algorithm, we constructed a
heat map as shown in Supplementary Materials (Figure S4). It reflects the relationship between the
probability levels for each stage of AMD and the probability of detecting IBs (disease indicators). We
also conducted a sensitivity analysis, the results of which are shown in Supplementary Materials
(Figure S5). During this analysis, we adjusted the confidence level of one IB while maintaining the
other indicators at a baseline of 0.5.

Correlation analysis confirms that each IB aligns with specific AMD stages: td is highly indicative
of early AMD (r = 0.79) and becomes negatively associated with late fibrosis, ga is the strongest marker
for late atrophic AMD (r = 0.83) while inversely related to earlier stages, sr almost exclusively signals
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late fibrosis AMD (r = 0.90) and is strongly negative for early and intermediate disease, and fopes best
characterizes late neovascular AMD (r = 0.54) with diminishing relevance in earlier stages; collectively,
these gradients, alongside moderate links such as md and irzh, depict a coherent progression from early
to advanced pathology and allow clear differentiation between healthy retina, transitional intermediate
AMD, and the distinct late subtypes.

Sensitivity analysis shows a universal 0.5-confidence threshold at which IB influence on AMD
staging becomes pronounced: ga triggers a sharp rise in late (atrophic) AMD likelihood, sr follows a
sigmoid increase for late (fibrosis) AMD, and td causes an abrupt jump in early AMD probability. These
patterns, captured by the hyperbolic-tangent membership functions in the fuzzy classifier, confirm
the model’s ability to separate stages: td is highly discriminative for early disease but offers little
diagnostic value in advanced stages, whereas ga and sr become decisive indicators for late atrophic
and fibrotic forms, respectively, while having minimal impact below the threshold.

The analysis shows that td, ga, and sr act as stage-defining biomarkers—td reliably marks early
AMD, ga distinguishes late atrophic AMD, and sr pinpoints late fibrotic AMD—each displaying a
clear probability surge once confidence exceeds 0.5, whereas md, gv, fopes, and irzh have milder,
supplementary effects on stage prediction. In particular, sr follows a textbook sigmoid curve, steadily
elevating late-fibrosis probability while leaving other stages flat, underscoring its diagnostic precision.
A combined bar-and-radar visualization links IB confidence scores to stage probabilities, enabling
clinicians to trace how input features translate into diagnostic output and thereby illuminating the
system’s previously opaque reasoning process.

4. Results

To facilitate clinical adoption and enable expert validation of algorithmic decisions, we implement
a dual visualization strategy that presents both input IB confidences and output stage probabilities in
an intuitive format.

The visualization interface combines:

1. Bar chart representation of IB confidence scores, enabling clinicians to quickly assess which image
features were detected with high reliability

2. Radar chart visualization of AMD stage probabilities, providing a unique "diagnostic fingerprint"
for each case that facilitates comparison across different stages

This dual representation addresses the interpretability challenge by creating a transparent path-
way from image analysis to diagnostic conclusion. Clinicians can trace the reasoning process from
detected IBs to stage probabilities, enabling critical evaluation of the system’s recommendations within
established clinical frameworks. A visualization of the IBs analysis algorithm is shown in Figure 3.

To evaluate the effectiveness of our approach, we conducted additional testing. It involved
assessing how well the IBs’ search process performed and measuring the accuracy of predicting the
likelihood of various stages of AMD. We evaluated the performance of the DNN model as a multiclass
classifier for identifying IBs, following the method outlined in subsection 2.3. The results of this
evaluation are presented in Figure 4.

The performance improvements are important, but an even more significant factor is the sub-
stantial reduction in the width of confidence intervals. The previous model displayed vast confidence
intervals, particularly for sensitivity (0.6908) and F1 score (0.5341), indicating highly inconsistent
performance across different IBs. In contrast, the improved model exhibits much tighter confidence
intervals, with the width of the sensitivity CI reduced to 0.1390 and the F1 score CI reduced to 0.0696.
This dramatic decrease in confidence interval width signifies that the improved model provides much
more consistent performance across all IBs, which is essential for clinical reliability.
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Figure 3. A bar chart showing IBs confidence scores and a petal chart showing the calculated probabilities of
AMD stages.
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Figure 4. DNN and an expert system based on fuzzy rules to assess performance indicators with 95% confidence

intervals.

The sensitivity increased from 0.5525 to 0.8258, representing a substantial reduction in false
negatives, indicating that the improved model is significantly less likely to miss IBs present in OCT
images. The improvement in precision, from 0.4760 to 0.8380, signifies that when the model identifies a
IB, there is a significantly higher likelihood that the IB is indeed present. The previous model’s precision
of 47.6% may have resulted in numerous false alarms, potentially leading to unnecessary follow-up
examinations or treatments. Additionally, the increase in the F1 score from 0.4387 to 0.8296 indicates
that the enhanced model achieves a much better balance between recall and precision. This balance is
crucial for clinical applications, where both failing to identify IBs and making false identifications can
result in suboptimal patient outcomes.

Thus, reducing the number of IBs allowed us to achieve a more accurate and stable DNN
classification. It, in turn, made it possible to conduct a statistically and clinically sound analysis of the
probabilities of AMD stages based on the detected IBs.
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To analyze the effectiveness of the procedure for determining the probabilities of the stages of
AMD, the output vectors DNN ¢; target Were fed into the input of the expert system y(ci/target, Cj),
which operates based on fuzzy rules. As a result, the most probable stage was selected from the
entire spectrum of stages S: §; = arg r]rlea{;xP( j). The comprehensive test results, including the detailed

error matrix for classifying stages of AMD using the DNN + expert system based on fuzzy rules, are
presented in Supplementary Materials (Figure S6).

A comparative analysis of the confusion matrix with the direct classification of AMD stages, as
described in subsection 2.3, showed a significant improvement in the results of direct classification
using the improved DNN model. Overall accuracy increased from 55.1% to 90.0%, representing a
relative improvement of 63.3%. The detailed performance metrics and confusion matrix analysis
demonstrating these improvements are available in the Supplementary Materials for comprehensive
evaluation.

Particularly notable progress has been made in AMD’s early stage classification, where accuracy
has increased from a critically low 7.1% to 84.8%. This significantly enhances the model’s ability to
detect this clinically important early stage of the disease, representing a significant step forward in the
field of diagnosis.

In the previous model, early AMD was severely misclassified, with only 7 out of 99 cases correctly
identified. Most cases were erroneously classified as intermediate AMD (37 cases) or late (atrophic)
AMD (34 cases). The improved model now correctly identifies 84 out of 99 early AMD cases, with
minimal misclassification to other categories. This enhancement is particularly significant as early
detection influences treatment decisions and patient outcomes.

The previous model demonstrated poor performance in identifying normal cases (48% accuracy),
frequently misclassifying them as early AMD (27 cases) or late (atrophic) AMD (15 cases). The enhanced
model achieves 95.1% accuracy for normal cases, virtually eliminating the risk of false positives that
could lead to unnecessary interventions. The classification of late (atrophic) AMD improved from
53.0% to 86.7% accuracy. Previously, this condition was frequently misclassified as early AMD (23
cases). The current model has effectively resolved this confusion, with only minor misclassifications
across other categories.

The accuracy for intermediate AMD increased from 70.1% to 92.7%. The previous model fre-
quently misclassified intermediate AMD as late (atrophic) AMD (31 cases), a problem that has been
largely resolved in the improved model, which now shows only 4 such misclassifications.

Despite the overall improvements, two categories showed slight decreases in performance. Ac-
curacy decreased from 96.7% to 88.3%. The current model occasionally misclassifies this condition
as early AMD (3 cases) or late (neovascular) AMD (2 cases), suggesting that some discriminative
features between these stages may require further refinement. A minor decrease in accuracy from
93.1% to 89.7% was observed. The current model sometimes confuses late (neovascular) AMD with
late (fibrosis) AMD (2 cases), indicating potential overlapping features between these advanced disease
stages.

Thus, the proposed two-step approach, which separates the identification of IBs from the diag-
nostic justification, has demonstrated a significant increase in classification accuracy while ensuring
interpretability necessary for clinical use.

5. Discussion

The development and evaluation of the CDSS module for AMD staging based on imaging IBs
revealed significant improvements in diagnostic accuracy while maintaining interpretability. By
implementing a two-stage approach that separates IB detection from diagnostic reasoning, we have
successfully addressed both the technical challenge of imbalanced medical datasets and the practical
challenge of creating transparent intelligent systems for clinical adoption. The study achieved a
remarkable increase in overall AMD staging accuracy, with relative improvement compared to direct
classification methods. This enhancement was particularly pronounced in the detection of early AMD.
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Research by [38] demonstrated that the transition between early and intermediate AMD represents
a critical intervention window, yet this distinction has proven challenging for both human experts
and automated systems. Our research suggests that utilizing IBs for diagnosis significantly enhances
the ability to distinguish between these crucial early stages, potentially allowing for more timely
therapeutic interventions.

The implementation of the NSGA-II algorithm for multi-objective optimization in IB selection
offers a solution to the inherent imbalances found in medical imaging datasets. By optimizing for both
statistical performance and clinical significance simultaneously, we have developed an approach that
addresses the limitations of purely data-driven methods, which often struggle with rare but clinically
important findings. This optimization strategy differs from previous methods that relied exclusively
on statistical metrics or predetermined expert selections. For instance, [48] identified hyperreflective
inclusions (gv) as significant IBs for AMD progression but lacked a systematic methodology for
weighing their statistical versus clinical importance. Similarly, [51] emphasized the importance of
subretinal fibrosis (sr) in the late (neovascular) stage of AMD but did not address the challenges of
its reliable detection in imbalanced datasets. Our optimization framework provides a more robust
foundation for IB selection. Moreover, it can be extended to other medical imaging applications that
face comparable challenges, such as data imbalance and the need for clinical relevance.

The incorporation of fuzzy logic for IB analysis represents a significant advancement in addressing
the "black box" problem that has hindered clinical adoption of intelligence systems. Recent work
by [86] proposed categorizing explanations in healthcare Al based on model reliability, expert vari-
ability, and disease dimensionality. Our approach complements this framework by providing explicit
visualization of both IB confidence and staging probabilities, allowing clinicians to trace diagnostic
reasoning from image features to disease classification. The correlation analysis, which shows strong
positive associations between specific IBs and their corresponding AMD stages, supports the clinical
validity of our interpretability approach. However, the visualization strategy implemented in the
module—combining bar charts for IB confidence with radar charts for staging probabilities—creates
an intuitive interface that aligns with clinical reasoning patterns. This transparency may lower the
barrier to adoption by ophthalmologists who remain skeptical of opaque intelligence systems. As
noted by [87], transparent healthcare systems that illuminate decision processes are more likely to
gain clinician trust and integration into clinical workflows.

Despite the promising results, several limitations need to be addressed. First, although our dataset
of 2624 OCT images is substantial, the low prevalence of certain stages of AMD, particularly early
AMD at just 8% of the dataset, presents a challenge. The effectiveness of our approach on even rarer
cases or edge presentations requires further validation.

Second, the expert-defined fuzzy rules, although intended to mirror clinical reasoning, inherently
contain some degree of subjectivity. The discrepancies between the statistical findings in our dataset
and the expert clinical assessments underscore the ongoing challenge of integrating data-driven and
expert-based knowledge within medical intelligence systems.

In addition, the temperature scaling method used to calibrate the DNN output (with T=1.3) was
chosen based on empirical evidence rather than rigorous theoretical justification. Although effective in
our implementation, the potential application of this calibration method in other datasets or clinical
settings warrants further investigation.

In conclusion, while our system shows impressive effectiveness when working with retrospective
data, a comprehensive evaluation of its practical significance and integration into the daily practice of
ophthalmologists necessitates conducting a prospective study in real clinical settings. It will be the
focus of our future research.

In addition to verifying the effectiveness of the developed CDSS model in clinical settings, this
study aims to enhance the detection of IBs through quantitative measurements, such as druse volume
and fluid size. This approach goes beyond merely determining the presence or absence of IBs and
can significantly improve diagnostic accuracy and predictive capabilities. Additionally, we plan to
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enhance the two-stage architecture of the CDSS by integrating components related to treatment and
monitoring recommendations. It will enable us to create a comprehensive system that addresses the
entire treatment cycle and aligns with the latest research on personalized therapy for AMD based on
specific IBs.

6. Conclusions

In this paper, we propose a novel approach for developing a CDSS module that models the
cognitive processes of experts in staging AMD using OCT images. Our approach features a two-stage
architecture that separates IB detection from diagnostic reasoning. First, we identify IBs using a DNN.
Next, we analyze these IBs using fuzzy logic, which incorporates rules defined by experts. This
separation of the diagnostic process enhances both accuracy and interpretability, effectively addressing
the critical "black box" problem.

The results demonstrate substantial improvements in diagnostic accuracy across all AMD stages.
Overall staging accuracy increased from 55.1% to 90.0%, representing a 63.3% relative improvement
compared to direct classification methods. This enhancement was particularly pronounced in the
detection of early AMD, where accuracy increased dramatically from a critically low 7.1% to 84.8%.
Similarly, the identification of normal cases improved from 48% to 95.1%, effectively reducing the risk
of false positive diagnoses that could lead to unnecessary interventions.

The visualization strategy implemented in the module—combining bar charts for IB confidence
with radar charts for staging probabilities—created an intuitive interface that illuminates the decision-
making process for clinicians. This transparency represents a significant advancement in addressing the
interpretability challenge that has hindered clinical adoption of Al systems, allowing ophthalmologists
to critically evaluate algorithmic recommendations within established diagnostic frameworks.

Despite these achievements, we observed minor decreases in performance for specific AMD stages,
notably late (atrophic) AMD (from 96.7% to 88.3%) and late (fibrosis) AMD (from 93.1% to 89.7%). These
slight regressions suggest areas for future refinement, particularly in fully capturing the discriminative
features between certain advanced disease stages. Future work should focus on prospective validation
in clinical settings, expansion to include quantitative IB measurements, and integration with other
imaging modalities to provide a more comprehensive assessment of retinal pathology.

In conclusion, our CDSS module represents a significant advancement in both technical perfor-
mance and clinical applicability. By integrating the pattern recognition capabilities of deep learning
with the interpretability of fuzzy logic and expert rules, we have created a system that not only achieves
high diagnostic accuracy but also offers transparent reasoning that aligns with clinical decision-making
processes. This approach effectively addresses a key challenge in the clinical adoption of artificial
intelligence in ophthalmology.
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posted on Preprints.org.
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