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Abstract

Glaucoma is a leading cause of irreversible vision loss, and its early detection remains challenging due to the presence of subtle struc-
tural variations in retinal fundus images. Convolutional neural networks (CNNs) have demonstrated strong performance for automated
classification of glaucoma; however, the relationship between extracted features and prediction outcomes frequently proves challenging to
interpret. Most existing explainable artificial intelligence (XAI) approaches rely on post hoc visualizations, which provide limited insight
into the decisions-making process. To address this limitation, this present study proposes a hybrid CNN—feature selection—ANFIS framework
(CNN-FS-ANFIS) that integrates interpretability directly within the decision layer. In this framework, the first stage of the process involves
adapting a CNN backbone to the glaucoma classification task through the use of transfer learning. This is then used as a fixed feature extractor
to obtain retinal representations for decision-layer modeling. Subsequently, a feature selection stage is applied driven by sparsity to construct a
compact and structured subset of informative features. These features are then fed into an Adaptive Neuro-Fuzzy Inference System (ANFIS),
enabling predictions to be expressed through explicit fuzzy rule-based reasoning. The impact of feature compactness is examined in a controlled
experimental setting, where the feature subset size is varied from three to nine. The findings demonstrate that compact feature subsets can
achieve consistent and competitive performance. By means of LASSO-selected features, the ANFIS decision layer achieved an AUC of
0.84+0.01, sensitivity of 0.82+0.13, specificity of 0.74+0.10, and an Fl-score of 0.79+0.04. Rule-base analysis further exhibited that two-
to three-rule ANFIS configurations-maintained AUC values of approximately 0.84 while preserving a transparent and manageable decision
structure. The proposed framework, therefore, enables direct analysis of the relationship between selected CNN features, fuzzy rules, and model
outputs. This traceable decision pathway has the potential to support more transparent and auditable glaucoma screening systems.

Keywords: Adaptive neuro-fuzzy inference system (ANFIS); Classification; Convolutional neural network (CNN); Explainable Al
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1. Introduction effectiveness, and wide availability [6, 7]. Fundus images have
been shown to contain structural features that are indicative of
glaucoma, including cupping of the optic disc and thinning of
the neuroretinal rim [8, 9]. Previous studies have also explored
optic cup segmentation from retinal fundus images using adap-
tive thresholding and morphological image processing, further
supporting the relevance of optic-disc and optic-cup analysis
for glaucoma-oriented retinal image processing [10]. Fundus
cameras are more readily deployed in primary and secondary
healthcare in comparison to more specialized diagnostic instru-
ments such as optical coherence tomography (OCT) or perime-
try. These features make fundus imaging suitable for automated

*Corresponding Author. analysis and the implementation of large-scale automated sys-
Email: adinugroho@ugm.ac.id
tems [11, 12].

https://doi.org/10.21924/cst.11.1.2026.1968

Glaucoma is a chronic and progressive ocular neuropathy and
a leading cause of irreversible blindness worldwide [1-4]. The
disease is characterized by gradual structural damage to the op-
tic nerve head, frequently progressing silently until substantial
and permanent visual field loss has occurred [5]. It is therefore
critical that early detection is prioritized to prevent irreversible
vision loss and reduce the global burden of avoidable blindness.

The retinal fundus image is a widely utilized modality
for glaucoma classification due to its non-invasiveness, cost-
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Recent advances in deep learning have enabled automated
analysis of retinal images by learning hierarchical features.
Convolutional neural networks (CNNs) have been successfully
employed to learn discriminative features from fundus images
for the purpose of glaucoma classification [13, 14]. Different
CNN architectures including VGG, ResNet, DenseNet, and Ef-
ficientNet have demonstrated the capacity to learn structural pat-
terns associated with glaucoma-related changes [15-18]. How-
ever, it is important to note that most of the CNN models are
regarded as black-box systems that provide limited explanations
on the conversion of learned representations into classification
decisions. This paucity of transparency remains a major bar-
rier to the broader application of deep learning models in image
analysis tasks.

Several studies have investigated glaucoma classification
through deep learning approaches on publicly available retinal
datasets. The PAPILA dataset was initially presented by Kova-
lyk et al. [19] and contains retinal fundus images, clinical data,
and accurate annotations of the optic disc and optic cup.

Advanced research has explored a range of modeling strate-
gies, including ensemble learning, regression-based models,
and architectural modifications, purposely to address challenges
specific to particular dataset, such as class imbalance and small
sample sizes [7, 20-22]. While these works highlight the po-
tential of glaucoma classification tasks, their main focus is on
enhancing predictive performance, rather than explicitly struc-
turing and explaining decisions.

Deep learning models have limitations in interpretability.
To address these challenges, many explainable artificial intelli-
gence (XAI) techniques have been employed, including saliency
maps [23], and class activation maps, [24]. In medical image
analysis, CAM-based explanation methods have also been eval-
uated with deep segmentation models with the objective of en-
hancing the transparency and understandability of model deci-
sions [25]. However, these approaches commonly do not explic-
itly model the underlying decision-making process and instead
offer post hoc visual explanations. Thus, the relationship be-
tween the extracted features and the ultimate prediction is char-
acterized by a lack of structure and is challenging to analyze
systematically. This limitation highlights the necessity to move
beyond post hoc explanation methods and instead focus on the
structural formation of decisions within the model. The process
of feature selection provides an effective and systematic method
to restrict the high-dimensional feature space induced by CNN
representations [26]. The process of feature selection has been
shown to reduce redundancy and preserve a compact subset of
useful features, thereby enabling the construction of a compact
and structured decision space, and providing an explicitly inter-
pretable decision layer.

Fuzzy inference systems are among the interpretable ma-
chine learning methods that inherently and systematically pro-
vide a transparent basis for decision modeling by expressing in-
formation in terms of explicit rule-based structures. Adaptive
Neuro-Fuzzy Inference Systems (ANFIS) effectively integrate
the principles of neural network and fuzzy rule-based reason-
ing. This enables the implementation of data-driven models in
practice while maintaining interpretable decision rules [27-29].
The paradigm is also supported by previous work on deep con-
volutional fuzzy classifiers, which demonstrates that the syn-
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ergy of deep feature extraction and fuzzy rule-based reasoning
can result in inherently interpretable models [30]. However, in
the context of high-dimensional feature representations, the im-
plementation of such approaches may introduce increased rule-
based complexity, potentially reducing the clarity and manage-
ability of the resulting decision structure. In this setting, AN-
FIS is especially well-suited as a decision-layer model in con-
junction with compact feature representations. This allows the
creation of a structured and interpretable decision system while
keeping model complexity controlled.

The proposed framework is distinguished by its deviations
from conventional XAI approaches that rely on post hoc ex-
planation methods. In contrast, the framework under discus-
sion embeds interpretability directly within the decision layer
through structural design. In this work, the focus is shifted from
post hoc interpretability to the enforcement of decision-layer in-
terpretability by design. Rather than explaining a trained black-
box model, the decision space is explicitly constrained through
sparsity-driven feature selection and employ a neuro-fuzzy in-
ference system to construct a structured and transparent, rule-
based decision mechanism.

The present study proposes a structured hybrid CNN-FS—
ANFIS framework that explicitly separates deep representation
learning from decision-layer modeling. A CNN backbone is
initially adapted to the glaucoma classification task through the
utilizationof transfer learning and is subsequently employed as a
fixed feature extractor to obtain deep representations from reti-
nal fundus images. The application of sparsity-driven feature
selection is intended to transform high-dimensional represen-
tations into a compact decision space. The ANFIS then em-
ploys the extracted features to generate explicit rule-based deci-
sions. This architecture under discussion has been demonstrated
to facilitate a structured, transparent decision-making process
by placing interpretability directly into the decision layer, rather
than relying on post hoc explanations. In this paper, we pro-
pose a framework that enables inherent interpretability by ex-
plicitly separating deep feature representations from sparsity-
controlled, rule-based decision modeling via ANFIS.

The following section provides a summary of the most im-
portant contributions of this study:

* A structurally interpretable paradigm is introduced to sep-
arate deep feature representation from decision-layer mod-
eling. This separation enables a more systematic analysis
of the decision behavior, without being affected by end-to-
end optimization.

* Sparsity-driven feature selection has been demonstrated to
constrain the decision space to a more compact and struc-
tured form. When combined with ANFIS, this compact
representation enables the construction of an explicit and
manageable fuzzy rule-based decision system, reduces un-
necessary model complexity, and allows the decision logic
to be examined directly without relying on post hoc expla-
nation techniques.

2. Materials and Methods

This section describes the dataset, the preprocessing tech-
niques, and the model used to construct the proposed inter-
pretable decision-layer framework for glaucoma classification.
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Fig. 1. Proposed framework for interpretable glaucoma detection. The pipeline integrates CNN-based feature extraction, sparsity-driven feature selection, and
ANFIS-based decision inference to construct a compact and explicitly interpretable decision layer.

The interpretability of model is an inherent feature of the
decision-making process by the design of the model in contrast
to post hoc explanation approaches.

The experimental design focuses on controlled comparison
rather than end-to-end performance optimization. A CNN back-
bone is utilized as a feature extractor, and identical deep fea-
ture representations are employed across different feature selec-
tion and classification methods. The design under considera-
tion has been developed for the purpose of isolating the deci-
sion layer’s contribution and enabling a systematic evaluation
of interpretability-related properties.

2.1.

The present experiments were conducted using the PAPILA
dataset, which contains 488 color fundus images from 244 sub-
jects, with each subject contributing images from both eyes. The
images have been found to have the same resolution, i.e., 2576
x 1934 pixels, and were acquired under the same imaging con-
ditions [19]. The dataset contains cases of healthy individuals,
individuals with glaucoma, and suspected cases of glaucoma
[19]. In the binary classification protocol commonly employed
in previous studies, suspected glaucoma samples were merged
into the glaucoma class, resulting in two classes: a total of 333
images were deemed to be healthy, while 155 images were clas-
sified as positive consisting of cases of glaucoma or suspected
glaucoma. The primary motivation for this decision was the
objective of the study oriented to screening, where the mini-
mization of false negatives was prioritized over strict separation
between confirmed and suspected glaucoma cases.

Most images in the PAPILA dataset are centered on the optic
disc region. This region is commonly associated with structural
variations relevant to glaucoma-related patterns [11]. In addi-
tion, the dataset provides a controlled experimental setting for
the analysis of decision-layer behavior under fixed deep feature
representations. In contrast to the prevailing emphasis on large-
scale generalization in related studies, this study focuses on the
structural evaluation of interpretability-oriented decision mod-

Dataset

eling. A controlled context enables a systematic study of the
effect of feature selection on the compactness and interpretabil-
ity of the downstream decision model.

Image preprocessing was performed to standardize input
images, emphasize relevant retinal structures, and enable a
controlled evaluation of the proposed decision-layer modeling
framework.

2.2.

Expert-annotated segmentation of the PAPILA dataset was
utilized to crop the region of interest (ROI). The cropping re-
gion is determined by the boundary between the optic disc and
cup, allowing a more accurate localization of relevant retinal
structures.

This annotation-guided approach enables consistent inclu-
sion of key anatomical regions associated with glaucoma while
reducing background variability. The focus on this region has
been shown to enhance the relevance of the extracted visual fea-
tures for subsequent analysis, as is typically adopted in optic-
disc-centered preprocessing strategies [31].

An expert-defined segmentation guides the preprocessing
procedure. This approach assists in the reduction of the un-
certainty surrounding the concept of ROI localization. This
also provides a more controlled experimental setting, facilitating
analysis of decision-layer behavior. The ROI extraction proto-
col follows the optic-disc-centered approach as described in our
previous studies [32].

Following ROI extraction, all images were resized to 224 x
224 x 3 to match the input size of the CNN backbone. To
achieve comparable pixel distributions and minimize the influ-
ence of ambient and imaging conditions, intensity normalization
was performed. Data balancing was applied to the training set
by means of under-sampling to address the class imbalance, re-
sulting in a balanced subset of 310 images, with 155 samples per
class. The proposed approach reduces bias against the majority
class, thereby enabling fair performance evaluation of the clas-
sification problem without the reliance on synthetic data. To

Image Preprocessing
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prevent overfitting and improve robustness, data augmentation
techniques, including random rotation and horizontal flip, were
exclusively applied to the training set.

The validation and test datasets were randomly split to mini-
mize potential bias. The aim of the preprocessing method is to
standardize image data, preserve relevant retinal structures, and
ensure that the CNN backbone consistently extracts features.

The proposed framework is modular in that its main com-
ponents can be replaced or extended independently. In future
applications, the ROI extraction stage may be replaced by auto-
mated optic disc detection, localization, or segmentation meth-
ods [33, 34], while the feature selection and decision-layer mod-
ules can also be substituted with alternative methods without
changing the overall CNN-FS—classifier structure.

2.3. Framework Overview

The proposed framework is illustrated in Fig. 1. In gen-
eral, it is a sequential processing pipeline, with the objective
of mapping raw fundus images to interpretable decisions, which
consists of two fundamental steps: deep feature representation
learning and interpretable decision-layer modeling.

Firstly, image preprocessing is performed, including region-
of-interest (ROI) cropping, scaling, and intensity normalization
to highlight task-relevant retinal structures and to ensure input
consistency.

Subsequently, the pre-processed images are passed to a CNN
backbone that has been adapted through transfer learning. This
is then used as a fixed feature extractor during the decision-
layer experiments, generating high-level visual representations
related to glaucoma patterns.

Afterward, feature selection is applied to reduce the dimen-
sionality of the CNN-derived representation by retaining only
the most informative features. This stage has been shown to
construct a more compact decision space, thus facilitating the
control of the complexity of the subsequent rule-based model.
The selected feature set is then used as input to an Adaptive
Neuro-Fuzzy Inference System (ANFIS), which performs clas-
sification using structured fuzzy rules.

The proposed framework provides a clear transformation
from image data to interpretable decisions by separating rep-
resentation learning from decision-layer modeling, thus embed-
ding interpretability directly into the model structure, instead of
relying on post hoc explanation techniques.

2.4. Deep Feature Extraction

To efficiently parameterize and learn high-level visual rep-
resentations, the EfficientNetV2-L convolutional backbone,
which has been pretrained on ImageNet [35], was adopted. The
selection of architecture is further supported by our preceding
study on the PAPILA dataset, wherein EfficientNet-based mod-
els exhibited reliability in glaucoma classification [36]. Build-
ing upon these results, we have applied EfficientNetV2-L as the
CNN backbone and adapted it to the glaucoma classification
task through transfer learning. Subsequent to this adaptation
stage, the trained backbone is utilized as a fixed feature extrac-
tor to obtain consistent deep representations of fundus images
for subsequent feature selection and decision-layer modeling.

Within the EfficientNet family, EfficientNet-BO and
EfficientNet-B7 serve as meaningful comparison points be-
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cause they represent compact and high-capacity configurations,
respectively. As reported in previous studies on the PAPILA
dataset, AUC values for EfficientNet-B0O, and EfficientNet-B7
were 0.78 and 0.84 respectively [32, 36]. Consequently, these
models provide relevant references for assessing the capacity
of the proposed CNN-FS-ANFIS framework to achieve
competitive performance while improving decision-layer
interpretability.

In the proposed framework, CNN adaptation and decision-
layer modeling are treated as separate stages. The CNN back-
bone is first adapted to the glaucoma classification task through
the utilization of transfer learning. Subsequent to this adaptation
stage, its parameters are maintained constant during the extrac-
tion of deep features for feature selection and downstream clas-
sifier comparison. This design provides a controlled experimen-
tal setting in which all subsequent models operate on identical
deep feature representations, thus allowing the study to focus on
the impact of feature selection and interpretable decision-layer
modeling.

The transferability of learned visual representations across
domains supports the use of ImageNet-pretrained models. The
early and intermediate layers of deep convolutional networks
have been shown to capture generic visual patterns such as
edges, textures, and structural configurations. These patterns
are not domain-specific and are still applicable to retinal fundus
images. Although ImageNet consists of natural images, these
transferable features provide a robust basis for capturing struc-
tural patterns in fundus images.

EfficientNetV2-L transforms the input image of size 224 x
224 x 3 into 7 x 7 x 1280 feature maps, encoding high-level spa-
tial patterns associated with retinal anatomical structures.

Global average pooling (GAP) is a process that condenses
spatial information from convolutional feature maps into a com-
pact representation for further analysis. This operation con-
denses the 7 x 7 x 1280 tensor into a 1280-dimensional feature
vector while preserving the semantic information obtained by
the convolutional filters.

At this stage, no classification decision is performed. Instead,
the resulting deep feature vector serves as the input representa-
tion for the subsequent feature selection stage.

2.5. Feature Selection

The proposed framework is centered on the feature selection
stage, the purpose of which is to convert high-dimensional deep
representations into a compact, interpretable decision space.
This step selects the most informative features from the entire
set retrieved instead of providing them all to the classifier im-
mediately. This process eliminates redundancy and directly im-
proves the clarity of the ensuing decision-making process.

In this study, feature selection is systematically applied to a
1280-dimensional feature vector obtained from the CNN back-
bone after global average pooling (GAP), where each feature
corresponds to a specific activation channel of the final convolu-
tional layer. Deep representations in high dimensions frequently
prove to be redundant, with discriminative patterns being local-
ized in few features [37-39]. Accordingly, effective decision-
making can be achieved using a compact set of dominant fea-
tures rather than the full feature space.

This dimensionality reduction plays a key role in ANFIS-
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based modeling, as it directly impacts the complexity of the
fuzzy rule base. The generation of rules is implicitly controlled
by the feature selection stage, which restricts the number of in-
put features. It can thus be concluded that the resulting system
is structurally manageable for rule-based modeling.

An important property of the proposed framework is that the
selected features remain traceable to their corresponding convo-
lutional filters. It can be demonstrated that, since each GAP-
derived feature represents the averaged activation of a specific
feature map, the index of a selected feature directly identifies
the associated channel in the CNN. This process facilitates the
mapping of the selected features back to the original spatial fea-
ture maps of size 7 x 7, thereby ensuring structural traceability
between the decision layer and the learned deep representations.

This traceability can be employed for interpretability,
whereby the CNN filters that contribute to the final conclusion
can be examined. The approach serves to bridge the gap be-
tween the deep feature representations and the rule-based rea-
soning.

This stage is of particular importance in the proposed frame-
work, as it directly influences the complexity and interpretabil-
ity of the subsequent ANFIS-based decision model. In rule-
based systems such as ANFIS, the number of rules increases
combinatorially with the number of input features. It is there-
fore important to limit the feature dimensionality to ensure that
the decision structure remains comprehensible and tractable.

In this study, multiple feature selection methods are ex-
plored to analyze their impact on performance consistency and
decision-space compactness. The investigation focused on the
impact of feature compactness on the stability and interpretabil-
ity of the prediction made by the decision layer. was investi-
gated in a controlled experimental environment. Feature subset
sizes ranging from 3 to 9 were extensively investigated. This
increase in range allows for a more thorough study of the im-
pact of feature compactness on the stability of the decision, and
the structural transparency of the decision layer. The analysis in-
cludes lower and higher-dimensional configurations in the trade-
off between information sufficiency and structural simplicity for
interpretable decision modeling. It is evident that the design
under discussion facilitates the identification of a representa-
tive compact feature subset suitable for interpretability-oriented
analysis.

As a supporting perspective, compact feature representa-
tions are also consistent with the notion that human decision-
making benefits from a limited number of information units
[40—42]. However, this merely serves as an interpretability in-
tuition rather than constituting the primary basis for selecting
feature subset sizes.

To analyze the impact of feature selection strategies, three
methods were considered: Least Absolute Shrinkage and Selec-
tion Operator (LASSO), Elastic Net, and Mutual Information
(MI). These methods provide additional ways to reduce the fea-
ture dimensionality.

LASSO achieves sparsity by applying ¢; regularization,
which drives coefficients of less informative features to zero
[43]. Elastic Net is a combination of ¢; and ¢, regularization
that addresses some issues of LASSO when features are cor-
related [44]. MI measures the statistical dependency between
single features and the target variable under the assumption that
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there is no linear relationship [45].

For LASSO and Elastic Net, features were ranked according
to the magnitude of the learned coefficients, with those exhibit-
ing the most significant absolute weights being retained. In the
context of MI, the features were categorized based on their de-
pendence on the target variable. Subsequently, the top-k fea-
tures were selected. All approaches were restricted to selecting
the same number of features for the purpose of ensuring a fair
and controlled comparison.

The selection process was accomplished in two stages. In the
first stage, an ablation study was undertaken utilizing LASSO to
evaluate the impact of various sizes of feature subsets (3—9) on
sparsity and model stability in repeated experimental iterations.
The second step was to conduct a comparison analysis using
LASSO, Elastic Net, and MI. For consistency, the number of
features in the selected subset was fixed for all methods.

The CNN-derived feature representation was utilized consis-
tently across all experiments to isolate the effect of feature selec-
tion from that of representation learning. This controlled design
enables systematic evaluation of decision-layer behavior under
fixed deep feature representations.

The selected feature subsets are then used as input for down-
stream classifiers such as standard machine learning models and
ANFIS. The objective of this study is to identify and thoroughly
investigate the impact of feature dimensionality on the predic-
tion accuracy and interpretability of the decision layer.

In this work, interpretability is defined as the capability of
the decision model to explicitly provide human-understandable
reasoning through transparent and inspectable structures at the
decision layer. The proposed system embeds interpretability in
the model design characterized by compact feature representa-
tions and clear fuzzy rules as opposed to post hoc explainability
systems that provide explanations after model inference. This
approach coincides with the purpose of building a transparent
decision layer, wherein compact feature representations allow
for direct examination of rule-based reasoning without the im-
position of additional extra structural complexity.

2.6. Feature Traceability to CNN Representations

An important characteristic of the proposed framework is the
traceability of selected features to their corresponding convo-
lutional representations in the CNN backbone. This property
establishes a direct link between the interpretable decision layer
and the underlying deep feature extraction process.

The final convolutional layer of the CNN architecture gener-
ates feature maps of dimensions 7 x 7 x 1280. Each of the 1280
channels can be viewed as an individual activation map that en-
codes a specific visual pattern in the input fundus image. The
feature maps are subsequently passed through a global average
pooling (GAP) operation that reduces each 7 x 7 feature map
to a scalar value, thereby yielding a 1280-dimensional feature
vector, where each scalar element corresponds directly to one
convolutional channel.

In the context of feature selection, a subset of these scalar
features is selected according to their relevance to the classifica-
tion problem. It is important to note that each selected feature
retains its original channel index, enabling it to be mapped back
to its corresponding convolutional feature map.

This mapping facilitates the reconstruction of the selected
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features at the representation level through the retrieval of the
associated 7 x 7 activation maps from the CNN. The decision-
making process can thus be related not only to abstract feature
values, but also to spatially dispersed activation patterns within
the image.

This traceability introduces an additional level of inter-
pretability, linking the deep feature representations to rule-based
reasoning within the ANFIS model. It enables further analysis
of how specific convolutional filters contribute to the final clas-
sification decision, thereby supporting a more transparent and
explainable prediction framework.

2.7. Decision-Layer Modeling and Classifier Comparison

The stage of feature selection produces compact feature sub-
sets that have a direct impact on the complexity of the resulting
fuzzy rule base. This demonstrates the significant impact of fea-
ture dimensionality on interpretable decision modeling.

The selected feature subsets are provided as inputs to mul-
tiple decision models to systematically evaluate how different
decision-layer strategies behave under identical feature repre-
sentations. The controlled experimental setup is employed to
isolate the effect of the decision models, thereby ensuring that
any observed performance differences may be attributed to the
decision-layer mechanisms rather than variations in feature ex-
traction. This design is in line with the standard practice of clas-
sifier comparison studies, which require consistent input repre-
sentations to ensure a fair and reliable evaluation [46, 47].

The evaluated models include the C4.5 decision tree [48],
RIPPER rule learner [49], support vector machine (SVM) [50],
random forest [51], and an Adaptive Neuro-Fuzzy Inference
System (ANFIS) [29]. These models encompass a wide range
of learning paradigms, including tree-based, rule-based, kernel-
based, ensemble, and neuro-fuzzy techniques. This comprehen-
sive approach provides a thorough evaluation of the decision-
layer behavior across diverse model families. This diversity is
important to ensure that the evaluation captures differences not
only in predictive performance but also in model structure, in-
terpretability characteristics, and decision-space representation
[52].

Recent clinical decision-support studies have also empha-
sized the necessity of evaluating rule-based classifiers should
not only in terms of their predictive performance but also in
terms of the transparency, complexity, and clinical meaningful-
ness of the rules they generate [53]. This perspective supports
the evaluation of decision-layer models in terms of both classifi-
cation performance and interpretability, particularly in medical
classification tasks where transparent decision logic is impor-
tant.

Among these models, ANFIS provides an explicit and in-
herently interpretable decision mechanism. In this study, in-
terpretability is defined as the ability of the model to produce
transparent and human-readable decision rules. In contrast to
popular black-box systems or models with post hoc explana-
tions, ANFIS integrates interpretability into its framework via
fuzzy membership functions and if-then rules that allow for vis-
ible and traceable decision-making. The ANFIS model has been
developed using compact features selected by LASSO, thereby
yielding a structured and manageable rule base with essential
discriminative information and reduced redundancy.
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The premise parameters of the ANFIS model, namely cen-
ters and spreads of the Gaussian membership functions, are
initialized by means of a clustering-based method inspired by
Fuzzy C-Means (FCM). The clustering technique is applied to
the specified feature subsets, and the membership functions are
constructed in the same compact feature space where the de-
cision model is developed. It is evident that this initialization
process facilitates the capture of the underlying distribution of
the input features by the membership functions. This, in turn,
provides a meaningful and interpretable initialization for rule
construction.

Each input feature is represented by Gaussian membership
functions. The membership degree of the j-th input feature for
the i-th rule is hereby defined as follows:

xj—cij)?
Hij(x;) = exp <—(/21)>

20; ;
where x; denotes the j-th input feature, while ¢;; and o;; rep-
resent the Gaussian membership function’s center and spread
associated with the i-th rule, respectively.

Each fuzzy rule in the first-order Sugeno ANFIS model pro-
duces an output defined as:

(D

2)
where w; denotes the firing strength of the i-th rule, and
{p1,...,pn,r} are the consequent parameters.

The final model output is formulated as a normalized
weighted sum of all rule outputs:

v = Yiwifi 3)
Yiwi
The ANFIS output y serves as a raw logit. Because y is con-
tinuous and unbounded, it cannot be directly interpreted as a
probability. To address this, a sigmoid activation function is ap-
plied to map the output into the [0, 1] range:

fi=wi(pixi+paxa+ -+ puxn+r)

1
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During training, all model parameters, including both
premise parameters (membership function centers and spreads)
and consequent parameters, are jointly optimized. The opti-
mization is performed by means of the Adam optimizer, which
updates parameters through backpropagation to minimize the
classification loss. This unified optimization strategy allows the
model to simultaneously adapt the fuzzy partitions and the local
linear consequents in a data-driven way.

Adam was selected approach due to its provision of adap-
tive first- and second-moment updates, which are regarded suit-
able for jointly optimizing heterogeneous ANFIS parameters,
including Gaussian membership centers, spreads, and conse-
quent parameters, with limited manual tuning [54]. Although
AdamW, Nadam, and RAdam are valid alternatives [55-57],
this present study focuses on the effect of sparsity-driven feature
selection and compact ANFIS rule-base modeling rather than
optimizer comparison. Therefore, Adam was utilized as a sta-
ble baseline optimizer to avoid introducing additional optimizer-
specific effects into the decision-layer analysis.

The ANFIS model is characterized by its utilization of a com-
pact feature space to avoid combinatorial rule explosion and

P(Glaucoma) =
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maintains a transparent, stable, and interpretable decision struc-
ture. This property is pivotal for enabling direct inspection of
the decision process through a limited set of fuzzy rules.

To examine the effect of rule-base complexity on decision-
layer behavior, the number of fuzzy rules in the ANFIS model
is systematically varied within a compact range (2 to 5 rules).
This design facilitates a systematic assessment of the impact of
the rule-base size on prediction accuracy, model stability, and
interpretability under a given feature representation. It high-
lights the trade-off between expressive capability and structural
transparency within the proposed framework.

The learned ANFIS model provides an explicit set of fuzzy
rules that describe the link between the selected feature space
and the classification output. These rules provide a structured
representation of the decision process, enabling direct inspec-
tion of how feature combinations contribute to the final predic-
tion. In the following section, these learned rules are analyzed
to examine the interpretability of the proposed decision-layer
framework.

2.8.  Rule-Based Interpretability Analysis

To study the interpretability of the proposed CNN-FS-
ANFIS framework, a rule-based analysis is performed, utiliz-
ing the learned fuzzy inference structure and its relation to the
underlying convolutional feature representations.

The CNN backbone extracts these deep visual features,
which are then translated to channel-wise activation vectors by
global average pooling (GAP). Each element of the activation
vector is directly proportional to the activation strength of a con-
volutional filter. The obtained features are then utilized as input
to the ANFIS model after feature selection to obtain a compact
subset of informative features.

The ANFIS model is capable of learning a set of fuzzy if-
then rules with Gaussian membership functions defining the an-
tecedent part and linear Sugeno type functions defining the con-
sequent part. The antecedent segment represents the activation
pattern of selected convolutional features, while the consequent
models their contribution to the final decision score.

During inference, each rule generates a firing strength that is
equivalent to the product of the memberships. The final result
is derived via a normalized weighted sum of the rule outputs,
and then a sigmoid transformation provides the classification
probabilities.

The present study investigates the effect of decision-layer
complexity by systematically varying the number of ANFIS
rules within a compact range (2 to 5). A controlled environment
allows us to study the impact of rule-base size on predictive ac-
curacy, model stability, and interpretability for fixed feature rep-
resentations.

In the context of interpretability analysis, a compact two-rule
configuration is presented as a representative exemplar. This
configuration enables the explicit examination of each rule and
direct linkage to the selected feature space, thereby highlighting
the transparency of the decision mechanism.

To further support interpretability, activation maps of the se-
lected convolutional filters are visualized on retinal fundus im-
ages. The visualizations demonstrate the spatial regions of fea-
ture activations and provide a contextual understanding of how
image patterns are translated into decisions by the fuzzy rules.
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This combined analysis establishes a direct relationship be-
tween image regions, feature activations, and rule-based reason-
ing. This enables a structured and transparent interpretation of
the decision process in the proposed framework.

The results of the rule-base size analysis are presented in Sec-
tion 3.5.. This section explores the trade-off between model ex-
pressiveness and interpretability.

2.9.  Experimental Protocol

The dataset was divided into three distinct segments: train-
ing set, validation, and test sets, with 70% for training, 15% for
validation, and 15% for testing. This strategy avoids data leak-
age and provides a good estimate of model generalization, as it
is guaranteed that at most one split contains images of the same
subject.

To eliminate any possibility of sampling bias and evaluate
model stability, all the trials were repeated on five separate times
with different random seeds. In this study, a fixed CNN back-
bone was employed to extract deep features from each image,
and all models were assessed with the same feature representa-
tions.

The controlled experimental design enables a fair compari-
son of feature selection methods and decision-layer strategies
by isolating the decision layer’s contribution. In instances
where possible, the hyperparameters were maintained as con-
stant across models, such that the performance differences are
mostly related to the feature selection and behavior at the deci-
sion layer rather than an optimization bias. In addition, the eval-
uation was performed uniformly over all feature subset sizes,
allowing for a systematic comparison of different levels of spar-
sity under identical experimental settings.

The training configuration and hyperparameters were defined
as follows. Due to the relatively small size of the PAPILA
dataset, data augmentation was applied to prevent overfitting.
A total of 20 augmented samples were created for each train-
ing image using a pipeline of random transformations, including
horizontal flips, rotations (k x 90°) and brightness (Agpax = 0.2).
This was further complemented by random zooming (80% area
crop) followed by resizing to 224 x 224 pixels, thereby increas-
ing the diversity of the training set.

The classification framework utilizes an EfficientNetV2-L
backbone that has been pretrained on ImageNet. The origi-
nal top layers were replaced with a GAP layer, followed by a
dropout layer (rate = 0.5) and a dense output layer with sigmoid
activation.

Training was conducted in two stages. Firstly, the classifier
head was trained for 10 epochs, whilst the backbone was main-
tained in a frozen state (LR = 10™*). This was followed by
a fine-tuning phase, during which the entire network was un-
frozen and trained for up to 20 epochs utilizing a lower learning
rate (LR = 107%). After this CNN adaptation stage, the classi-
fication head was removed, and the GAP output was used as a
1280-dimensional deep feature representation. These extracted
features were then maintained constant across all subsequent
feature selection and decision-layer experiments. Therefore,
LASSO, Elastic Net, Mutual Information, conventional classi-
fiers, and ANFIS were evaluated using the same fixed CNN-
derived feature representations.
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Table 1. Comparison of decision behavior across feature selection methods using ANFIS (mean =+ standard deviation).

Method AUC Sensitivity ~ Specificity = Fl-score
All features 0.84£0.01 0.81£0.09 0.69£0.12 0.7740.02
LASSO + ANFIS 0.84£0.01 0.82£0.13 0.74£0.10  0.7940.04
Elastic Net + ANFIS  0.84+0.02 0.80+0.13 0.77+£0.08 0.78+0.05
MI + ANFIS 0.81£0.05 0.85+£0.16 0.76+0.12 0.8140.06
2.10. Evaluation Metrics AUC vs Number of Features (3-9)
Model performance of the model was assessed with 0s75 4| |
threshold-independent and task-appropriate metrics, including '
sensitivity, specificity, F1-score, and the area under the receiver 0.850 - T
operating characteristic curve (AUC).
Sensitivity is defined as the proportion of glaucoma patients 0.825 -
who were correctly identified as glaucoma cases, while speci-
ficity is the proportion of healthy patients correctly identified as § 0.800 7
being healthy. The F1-score reflects how well precision and re- T
call are balanced. The area under the receiver operating charac- 077517
teristic curve (AUC) evaluates the model’s discrimination ability 0750 4 T
across different decision thresholds. ’
The statistical significance of the different testing configura- 0.725
tions was evaluated by using a non-parametric test, the Fried- T
man test. This test allows the comparison of many models over 3 4 5 6 7 8 9

multiple runs.

2.11. Computational Environment

The experiments conducted in this study were executed on
the Google Colaboratory cloud platform, utilizing an NVIDIA
Tesla T4 GPU with approximately 15 GB of RAM and a Python
3 runtime environment with high-RAM configuration enabled.

The implementation of model development and deep feature
extraction were implemented utilized TensorFlow and Keras,
while feature selection and fuzzy inference components were
implemented using standard Python libraries.

From a computational-complexity perspective, the cost
of the proposed framework is mainly dominated by the
EfficientNetV2-L feed-forward process. For an input im-
age size of 224 x 224 pixels, the feed-forward complexity
of EfficientNetV2-L is estimated to be approximately 11.5
GFLOPs per image. This estimation is obtained by scaling the
reported 53 GFLOPs at 480 x 480 resolution according to the
squared spatial-resolution ratio [35]. After feature extraction, a
conventional fully connected classifier utilizing all 1280 GAP
features requires 1281 trainable parameters and has an infer-
ence complexity of O(1280). In contrast, the proposed ANFIS
decision layer employs only six selected GAP features and two
fuzzy rules, resulting in approximately 38 trainable parameters
with an inference complexity of O(Rn) = O(12), where R is the
number of rules and n is the number of selected features. It
can thus be concluded that, despite the overall computational
cost being dominated by the EfficientNetV2-L backbone, the
proposed GAP feature selection followed by ANFIS substan-
tially reduces classifier-level complexity while providing an in-
terpretable rule-based decision structure. The principal foucs
of this study was not empirical runtime benchmarking, since
the primary contribution is to be found in decision-layer inter-
pretability rather than deployment-time optimization.

Number of Features

Fig. 2. AUC scores across feature subset sizes ranging from 3 to 9 using
LASSO-based feature selection. Error bars represent the standard deviation
across five experimental runs.

3. Results and Discussion

This section discusses the proposed framework from the
point of view of decision-layer modeling. The discussion is fo-
cused on the impact of the feature selection and classifier design
on the structure, compactness, and interpretability of the result-
ing decision process. The evaluation is structured into two main
components. Firstly, the impact of different feature selection
methods on the resulting feature space is analyzed under a fixed
decision-layer configuration. Secondly, multiple classifiers are
evaluated using identical feature representations to assess the
behavior of different decision-making strategies under reduced
dimensionality.

The analysis emphasizes consistency in decision behavior
and the structural properties of the resulting models, as opposed
to the utilization of absolute performance metrics. This perspec-
tive enables a more meaningful assessment of interpretability
within decision support systems in medical imaging. Moreover,
the impact of feature-space reduction on the control of decision
space complexity is discussed. Finally, the interpretability of
the ANFIS decision layer is evaluated by means of rule-based
analysis and case-based assessment.

3.1. Ablation Study on Feature Subset Size

An ablation study was accomplished on feature subset sizes
ranging from 3 to 9 under cautiously controlled experimental
settings purposely to investigate the effect of feature dimension-
ality on classification performance and model stability. The de-
sign enables a systematic investigation of the effect of compact-
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ness of features on the predictive stability and interpretability of
the decision layers by isolating the impact of feature dimension-
ality from other effects.

As demonstrated in Fig. 2, a clear and consistent perfor-
mance trend is evident. From the experimental results, the AUC
increases, and the variance of the performance decreases as the
number of selected features from small-size subsets increases,
indicating that the stability of the model increases across mul-
tiple runs.The performance further stabilizes within a moderate
range of feature subset size, wherein the model has the potential
to maintain high AUC with a relatively low variance.

This behavior suggests that a compact range of feature sub-
set sizes is sufficient to capture the essential discriminative in-
formation while maintaining stable predictive behavior. In the
event of an insufficient number of features being selected, the re-
sulting model has limited representational capacity, resulting in
higher variance and reduced discriminative power. Conversely,
if the number of features is increased beyond this range, the
model includes redundant or less informative features, which
leads to diminishing returns and potential instability.

This observation is of particular relevance in the case of rule-
based models, such as ANFIS, where the complexity of deci-
sion layer increases combinatorially with the number of input
features. The dimensionality of the features needs to be lim-
ited so as to keep a compact and manageable decision structure,
enabling a clearer interpretation of the resulting rule base.

From an alternative perspective, the range of compact fea-
tures identified is consistent with constraints of human working
memory capacity commonly reported [40-42]. While this ob-
servation provides a natural explanation, it is not utilized as the
main basis for feature selection.

Overall, the results obtained indicate that performance sta-
bilizes within a compact and stable feature range, thus sup-
porting the use of a representative subset for subsequent anal-
ysis. Accordingly, a representative compact subset is adopted
and consistently used in the following experiments to ensure a
controlled evaluation of decision-layer behavior across different
modeling configurations.

3.2.

The present study was the first to investigate the influence
of feature selection strategies on decision-layer behavior. Four
configurations were evaluated in this study: (i) no feature selec-
tion (all pooled features), (i1)) LASSO-based selection, (iii) Elas-
tic Net-based selection, and (iv) MI-based selection. To isolate
the effect of feature selection, the downstream decision model
was fixed to ANFIS across all configurations.

As summarized in Table 1, the mean and standard deviation
of AUC, sensitivity, specificity, and F1-score are presented, with
these metrics obtained across repeated experimental runs.

Overall, only minor numerical differences are observed
across feature selection methods, as summarized in Table 1. Per-
formance metrics demonstrate uniformity across all settings, in-
dicating that the decision behavior is similar, even with variation
in feature sparsity. In particular, similar AUC values suggest
that the compressed feature representations keep the most sig-
nificant discriminative structure extracted by the convolutional
backbone.

Fig. 3 shows boxplots that further support this observation,

Comparison of Feature Selection Methods
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Table 2. Summary of Friedman test results for feature selection comparison.

Metric x> df p-value
Sensitivity 1.86 3 0.602
Specificity 4.98 3 0.173
F1-score 402 3 0.259
AUC 420 3 0.241
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Fig. 3. Decision behavior distribution across feature selection strategies using
ANFIS. The boxplots illustrate the variability of (a) AUC, (b) F1-score, and (c)
sensitivity across repeated experimental runs. Substantial overlap among
distributions indicates consistent decision behavior despite differences in
feature sparsity.
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revealing a significant overlap in the distribution of performance
metrics across the different feature selection methods. The vari-
ability and central tendencies of AUC, F1-score, and sensitivity
remain comparable, suggesting similar variability and consis-
tent decision-making behavior across multiple runs.

To assess whether these numerical differences are statis-
tically meaningful, non-parametric Friedman tests were con-
ducted for each evaluation metric. The results are summarized
in Table 2. For all detection-related metrics, we cannot reject
the null hypothesis of equal performance across feature selec-
tion methods (p > 0.05). The results show that performance
measures alone are not sufficient to fully describe how feature
selection affects model behavior and interpretability.

However, despite the overall similarity in performance, a de-
tailed examination of the behavior of the metrics over the fea-
ture selection methods indicates some subtle differences. In
particular, MI exhibits relatively high sensitivity and specificity
but a lower AUC. This behavior can be explained in terms of
the nature of the evaluation metrics, since sensitivity and speci-
ficity are threshold dependent and reflect the performance at a
given operating point, whereas AUC is threshold independent
and measures the ability of the model to maintain consistent
ranking across all possible thresholds. As shown in Table 1 and
Fig. 3, differences in ranking consistency can be obscured by
overlapping distributions. These results suggest that MI might
perform well at a specific decision threshold but provides less
stable class separation overall, resulting in a lower AUC.

In such a case, other model design considerations beyond
raw performance metrics become more important. In this study,
interpretability-oriented criteria provide a meaningful basis for
selecting the most suitable feature selection method.

MI selects features based on their individual statistical de-
pendence with the target label. This approach can identify
useful features but does not explicitly address the redundancy
among the selected variables, which can lead to less compact
feature sets.

The limitation of this method is that correlated features can-
not be retained. Elastic Net overcomes this limitation by com-
bining elasticity ¢; and ¢, regularization. However, doing so
will also increase the dimensionality of the decision space and
potentially impact interpretability.

In contrast, LASSO explicitly enforces sparsity by ¢ regular-
ization, encouraging the selection of a small subset of informa-
tive features. Apart from its competitive performance, LASSO
provides a consistent and controlled approach to feature spar-
sity, allowing for the analysis of feature subset size in the ab-
lation study. Finally, the low variability across LASSO-based
configurations indicates stable decision behavior over repeated
runs.

This type of sparsity is particularly beneficial in terms of in-
terpretability of the decision layer. Reducing the input space di-
mensionality naturally limits the complexity of the subsequent
rule-based inference process. In rule-based models such as the
ANFIS, the number of potential rules as well as the interactions
between membership functions increase exponentially with the
number of input variables. By limiting the number of features,
LASSO provides a way to avoid rule explosion while preserv-
ing the inspection capability of the decision architecture. This
property is essential for enabling a transparent decision process
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at the decision layer.

Therefore, although all feature selection strategies exhibit
comparable performance on conventional evaluation metrics,
LASSO is selected as the primary strategy. The reason for this
choice is that it can enforce sparsity, stabilize the performance
and limit the complexity of the decision space, which are all im-
portant aspects for obtaining a compact, interpretable rule-based
model in the ANFIS decision layer.

3.3.  Classifier Comparison on LASSO-Selected Features

After identifying LASSO as the most suitable feature selec-
tion method, a compact and interpretable feature subset was ob-
tained. These features were then used to evaluate several clas-
sification models. Rather than identifying a universally supe-
rior classifier, this comparison examines how different decision
mechanisms behave under sparsity-constrained feature repre-
sentations.

Five classifiers were considered, namely, the C4.5 decision
tree, RIPPER rule learner, support vector machine (SVM), ran-
dom forest, and Adaptive Neuro-Fuzzy Inference System (AN-
FIS). These models represent different decision-making strate-
gies such as rule-based (C4.5, RIPPER), margin-based (SVM),
ensemble (random forest), and neuro-fuzzy (ANFIS).

We did not emphasize accuracy and other measures that de-
pend on a threshold since they are less reliable in the presence of
class imbalance, which is common in medical datasets. Instead,
we focused on task-appropriate, threshold-independent metrics
such as AUC, sensitivity, specificity, and F1-score. These met-
rics provide a more complete view of the classifier’s perfor-
mance.

Friedman tests were conducted across multiple experimen-
tal runs to assess the statistical significance of the observed
differences among classifiers. The results indicate statistically
significant differences across classifiers for AUC (p = 0.002),
sensitivity (p = 0.009), specificity (p = 0.023), and Fl-score
(p =0.011). This finding suggests that, beyond feature selec-
tion, the structure of the decision layer continues to influence
model behavior under the same LASSO-selected feature repre-
sentation.

We summarize the results in Table 3. As shown in Table 3,
ANFIS achieved the highest AUC, sensitivity, and Fl-score,
while maintaining specificity comparable to SVM and random
forest. RIPPER obtained the highest specificity, but its lower
AUC, sensitivity, and Fl-score indicate less balanced overall
behavior. Therefore, ANFIS provides the most suitable trade-
off between discriminative performance and interpretable rule-
based decision modeling.

These results lead to several observations. The SVM, random
forest and ANFIS behave similarly, suggesting that the features
selected by LASSO still carry the essential information required
for decision-making. Even with the reduction in dimensionality,
these models are stable. This suggests that a small subset of
features is sufficient to capture the underlying patterns, while
the original CNN representation is largely redundant.

In this setting symbolic rule learners like C4.5 and RIPPER
are less successful by comparison. They have simpler struc-
tures, which are less capable of modeling nonlinear relations in
the reduced feature space, and thus are less effective.

While SVM and random forest can model nonlinear patterns
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Table 3. Summary of classifier behavior across evaluation metrics using LASSO-selected features. Values are reported as mean + standard deviation across five

experimental runs. Sens. = sensitivity; Spec. = specificity.

Classifier AUC Sens. Spec. F1-score

C4.5 Decision Tree 0.67+0.07 0.684+0.09 0.6640.12 0.67+0.06
RIPPER 0.70+0.08 0.60+0.15 0.81+0.04 0.67+0.12
SVM 0.82+0.02 0.79+£0.12 0.74+0.09 0.774+0.04
Random Forest 0.81£0.03 0.75+0.10 0.74+0.08 0.74+£0.05
ANFIS 0.84+0.01 0.82+0.13 0.7440.10 0.79+0.04

effectively, their decision processes remain difficult to inter-
pret. In contrast, ANFIS provides a trade-off between expres-
sive modeling power and interpretability by explicitly modeling
the decision process via fuzzy rules.

This advantage becomes more pronounced when combined
with sparse feature representations. The ANFIS model built on
a small set of input variables extracted with LASSO is struc-
turally manageable, with a small number of fuzzy rules that can
be directly inspected. Such properties are particularly impor-
tant in medical image analysis contexts, where transparency and
traceability are essential.

More generally, these results highlight the importance of de-
cision space compactness as a key ingredient of interpretable
deep learning. The reduction of the feature space prior to the
decision step preserves a structure that is more interpretable and
still sufficiently expressive.

In this framework, LASSO reduces the high-dimensional
CNN features into a compact set of decision-relevant variables,
while ANFIS translates them into an explicit tractable rule-
based system. The pipeline they form allows for fully transpar-
ent decision-making with no need for post hoc explanations and
offers a more direct and auditable approach for medical image
analysis.

Based on these observations, ANFIS is selected as the final
decision layer in the proposed framework. This selection is mo-
tivated not only by its stable discriminative behavior but also
by its structural compatibility with sparsity-driven feature repre-
sentations and its support for inherently interpretable inference.

3.4. Decision Space Considerations

As shown in Table 1 and supported by the Friedman test re-
sults in Table 2, the evaluation outcomes across different feature
selection strategies are statistically indistinguishable (p > 0.05).
This indicates that multiple feature selection methods can pre-
serve the essential decision-relevant information in deep convo-
lutional representations.

When decision behavior remains largely comparable across
feature selection strategies, the choice of method cannot be jus-
tified solely based on evaluation metrics. The structure of the
resulting feature space is therefore a critical factor, as the dimen-
sionality and organization of this space directly affect the com-
plexity and interpretability of the downstream decision model.

In this framework, feature selection acts as a structural con-
straint to reduce the redundancy of the high-dimensional CNN
feature space. Deep convolutional features often exhibit corre-
lated or overlapping patterns. If left unfiltered, these patterns
can lead to unnecessarily complex and less clear interpretable
decision structures.

This issue becomes particularly important for rule-based
models. When operating on high-dimensional inputs, the num-
ber of possible rule combinations increases exponentially, often
leading to rule explosion. Such growth increases decision com-
plexity, making transparent and interpretable decision-making
more difficult.

In this study, decision space compactness is formally defined
as the ability to represent high-dimensional deep features using
a small subset of informative features that preserve the essential
decision structure while enabling stable and interpretable rule-
based inference.

The ablation study further supports this observation, show-
ing that performance consistently stabilizes within a compact
range of feature subset sizes. In particular, the results around
six features indicate that a compact representation is sufficient
to preserve discriminative information while avoiding unneces-
sary complexity in the decision layer.

The sparsity-inducing property of LASSO is therefore par-
ticularly beneficial. LASSO provides a parsimonious set of
decision-relevant features while ensuring consistent decision-
making via ¢; regularization. As seen in the previous section,
this reduction to the feature space does not have a significant
impact on the classification outcomes, which indicates that the
selected features contain the necessary information for classifi-
cation.

The compact representation combined with the ANFIS de-
cision layer leads to a more transparent inference mechanism.
The fuzzy rule base remains manageable and can be inspected
completely due to the reduction of input variables. This helps
to prevent excessive rule growth and simultaneously allows the
model to capture nonlinear relationships.

The results underscore the importance of a compact decision
space for deep learning-based prediction systems. CNNs pro-
vide rich feature representations, but their high dimensionality
can be detrimental to the decision stage and interpretability. We
argue that constraining the feature space prior to inference al-
lows a trade-off between the expressivity of the representations
and their interpretability.

In summary, the combination of LASSO-based feature se-
lection and ANFIS-based rule inference is a powerful means to
obtain interpretable decision layers, where interpretability is in-
trinsic to the model structure rather than a post hoc explanation.

This capability is especially important for medical image
analysis, where transparent and interpretable decision processes
are necessary for understanding model behavior and allowing
for reliable analysis.
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Table 4. Performance comparison across different ANFIS rule-base sizes (mean =+ standard deviation from 5 experimental trials).

Rules AUC Sensitivity Specificity F1-score Precision
2 Rules  0.8420+0.0168 0.8069+0.1223 0.745040.0959 0.7795+0.0449 0.7676+0.0573
3 Rules 0.8445+0.0072 0.8232+0.0980 0.7797+0.1047 0.8039+0.0475 0.79634+0.0727
4 Rules 0.8428+0.0358 0.7989+0.1473  0.7957+0.0897 0.7928+0.0761 0.8021+0.0573
5 Rules 0.8286+0.0205 0.7895+0.1304 0.7612+0.0751 0.77454+0.0584 0.773440.0382
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Fig. 4. Visualization of the reduced CNN feature space and the centers of fuzzy rules obtained during clustering initialization. Data points represent samples
projected onto pairwise feature dimensions (fo, 1), (f2, f3), and (fa, f5), while the markers indicate the centers of the two fuzzy rules learned by the ANFIS
decision layer.

3.5.  Analysis of Rule-Base Size

To further investigate decision-layer complexity, a controlled
experimental design is employed in which the number of AN-
FIS rules is systematically varied within a compact range from
2 to 5, while the feature representation is kept fixed. The con-
trolled environment provides a unique opportunity to study the
effect of rule-base size on predictive behavior, model stability,
and interpretability without the confounding effects of feature
variability.

Table 4 summarizes the performance metrics obtained for
different rule-base sizes.

The three-rule configuration shows slightly higher values in
AUC and Fl1-score, but with stable behavior on sensitivity and
specificity (see Table 4). Nevertheless, the two-rule configu-
ration achieves comparable performance in the explored range
and provides a more compact and clear interpretable decision
structure.

Increasing the number of rules beyond three does not consis-
tently improve performance. The four-rule configuration gives
the best specificity and precision but also a higher degree of
variability, as shown by larger standard deviations over experi-
mental runs. The five-rule configuration exhibits a drop in per-
formance for most of the metrics, which can be an indicator of
over-parameterization relative to the available data.

On the modeling side, more rules provide more flexibility in
modeling nonlinear decision boundaries. However, this comes
at the cost of reduced interpretability, as the number of rule in-
teractions and the decision complexity increase.

Overall, the results indicate that compact rule configurations
(particularly 2 to 3 rules) are sufficient to capture the essen-
tial decision patterns in the reduced feature space. Furthermore,

the statistical test indicates that the performance differences be-
tween the configurations are not significant (p > 0.05), implying
that the increase in rule complexity does not result in significant
improvements in the predictive performance.

These results support the design principle of the trade-off be-
tween the expressive capability and the structural transparency
in the decision layer. In particular, simpler rule bases allow for
clearer interpretation without compromising predictive perfor-
mance, which supports the principle of parsimony formalized in
Occam’s Razor [58].

From a parsimony perspective, these findings suggest that the
addition of rule-based complexity adds little value when perfor-
mance differences are small and inconsistent. Under such con-
ditions, a simpler configuration is preferred, as additional com-
plexity does not yield consistent improvements while reducing
analytical transparency and introducing unnecessary structural
complexity in the decision layer.

Accordingly, these observations guide the selection of a rep-
resentative compact rule base for subsequent interpretability
analysis. In particular, a two-rule configuration is adopted as
a representative setting, as it provides a clear and tractable deci-
sion structure while maintaining stable behavior across the ex-
plored range.

This configuration provides a compact and stable decision
structure, which is subsequently used for interpretability analy-
sis in the following section.

3.6.  Rule-Based Interpretability Analysis

This section investigates the interpretability of the proposed
framework by explicitly analyzing the learned fuzzy rules in the
ANFIS decision layer, building on the rule-based size analy-
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sis presented in Section 3.5. The rule variation study indicates
that compact rule configurations are sufficient to maintain sta-
ble, consistent predictive behavior within the explored setting
while enabling a more transparent, tractable decision structure.

Following LASSO-based feature selection, the original high-
dimensional CNN feature representation is reduced to a com-
pact subset of six informative variables. This type of dimension-
ality reduction limits the complexity of the decision layer and
prevents the explosion of the rule base, enabling interpretable
modeling. In this controlled environment, configurations with a
limited number of rules strike a good balance between predic-
tive stability and interpretability.

Therefore, we choose a two-rule configuration as a represen-
tative case for interpretability analysis, since it offers a straight-
forward and manageable decision structure while remaining
consistent with the performance trends observed in Section 3.5.
This selection is consistent with the principle of parsimony,
which favors simpler configurations when performance differ-
ences are marginal.

This compact rule base enables direct inspection of the de-
cision logic, i.e., each rule can be analyzed explicitly without
the need for post hoc explanation methods. The relation be-
tween deep feature representations and decision outcomes can
be investigated in a structured, transparent and inherently inter-
pretable way.

Feature Space Structure and Rule Centers

To examine how the ANFIS model organizes the reduced fea-
ture space, the distribution of the selected CNN features is visu-
alized together with the centers of the fuzzy rules. This analy-
sis focuses on the representative two-rule configuration selected
based on the findings presented in Section 3.5. It provides a
compact setting for analyzing decision-space partitioning.

Fig. 4 illustrates the spatial distribution of samples along with
the rule centers obtained during fuzzy clustering initialization.
The visualization is presented using pairwise feature projec-
tions: (fo, f1), (f2,/3), and (f, f5). In each plot the distribution
of samples is shown in the corresponding feature subspace and
the centers of the two fuzzy rules are marked.

Several observations can be drawn. First, the features ex-
tracted by the selected CNN have structured distributions, which
indicates that the convolutional backbone learns meaningful and
discriminative features. Second, the rule centers are distributed
in different parts of the reduced feature space, which indicates
a well-defined partition. Third, the separation of the centers
shows that the ANFIS model divides the feature space into re-
gions associated with different decision behaviours, which sup-
ports interpretable decision boundaries.

Gaussian Membership Function Adaptation
The Gaussian membership function is used to model each
antecedent condition of the proposed ANFIS model:

utn) =exp (- 25 )2)

where ¢ and s are the center and spread parameters that are
learned during the training process. These functions define soft
activation regions of the reduced feature space, which helps in
modeling the nonlinear relationships among the chosen CNN
features.

®)
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Fig. 5(a) and Fig. 5(b) show the Gaussian membership func-
tions before and after the training process. The initial member-
ship functions are symmetrically distributed and highly over-
lapping, thus forming a rough partition of the feature space.
The learning process modifies both the centers and spreads to
the characteristics of the underlying data distribution, leading
to feature-specific activation regions that model class separation
more accurately.

This adaptation shows the effect of the learned feature repre-
sentations on the decision boundaries. The Gaussian parameters
adapt to the structure of the selected features instead of learning
fixed partitions, thereby bridging deep representations to inter-
pretable fuzzy regions.

Explicit Rule Representation

The extracted representative rules from the trained model are
shown in Table 5. Each rule consists of Gaussian antecedent
conditions defined over the six selected features and a linear
Sugeno-type consequent that determines the final decision out-
put.

Table 5. Representative fuzzy rules learned by the ANFIS decision layer.

Rule 1

IF fy is Gauss(c = —0.733, s = 1.264) AND f; is Gauss(c =
0.941, s = 1.214) AND f; is Gauss(c = —0.946, s = 0.635)
AND f3 is Gauss(c = 0.903,s = 0.648) AND f; is
Gauss(c = —0.803,s = 0.832) AND fs5 is Gauss(c =
—0.938, s =0.673)

THEN y = 0.326fy — 0.311f; + 0.339f, — 0.330f3 +
0.311f4+0.347 f5s —0.335

Rule 2

IF fp is Gauss(c = 0.510, s = 0.678) AND f; is Gauss(c =
—0.293,5 =0.910) AND £, is Gauss(c = 0.896, s = 0.903)
AND f; is Gauss(c = —0.965,5 = 0.643) AND f
is Gauss(c = 0.373,s = 1.482) AND fs5 is Gauss(c =
0.711,s =1.142)

THEN y = 0.309fy — 0.341f; + 0.292f, — 0.340f; +
0.336f4 4+ 0.315 5 +0.337

Several structural characteristics can be observed from the
learned rule base. Each rule is defined on a limited set of six
chosen features, which shows that the original high-dimensional
CNN representation can be efficiently compressed without any
loss of relevant decision information. Moreover, the Gaussian
membership functions define localized activation regions, i.e.,
each rule models specific patterns in the reduced feature space,
thus improving interpretability.

The linear consequent coefficients explicitly quantify the
contribution of each feature to the final decision output. If the
coefficients are positive, increasing the value of the correspond-
ing feature increases the decision score. If the coefficients are
negative, increasing the feature value suppresses the decision
score. This fully explicit formulation allows direct inspection of
the impact of features in the decision layer, which is usually not
possible in conventional deep neural networks.

Another important feature is the reduced number of rules.
Only two rules are generated, which leads to a compact and
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Fig. 5. Evolution of Gaussian membership functions during ANFIS training: (a) initial symmetric membership functions used for model initialization; (b) learned

tractable decision structure, avoiding the rule explosion typi-
cally faced by fuzzy systems with higher-dimensional inputs.
This compactness allows a global analysis of the decision pro-
cess without the need for additional interpretation procedures.
These results show the importance of the compactness of
the decision space for interpretable modeling. CNN-based ap-
proaches often produce high-dimensional feature representa-
tions that increase decision complexity. By integrating feature

-1 [ 1 2 3 4
Scaled Feature Value

-1 0 1 2 3 4
Scaled Feature Value

(b) Learned Gaussian membership functions after ANFIS training.

-1 0 1
Scaled Feature Value

membership functions after training, where the centers and spreads adapt to the distribution of the selected CNN features.

selection with rule-based inference, the decision space is con-

strained into a structured and manageable form while preserving
stable predictive behavior.

To summarize, the results indicate that interpretability in
medical image analysis can be obtained by structural design,
not by post hoc explanation. In the proposed framework, in-
terpretability is embedded directly into the model architecture,
where feature reduction and rule-based inference jointly yield a
transparent, explicitly analyzable decision process.
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3.7. Case-Based Interpretability Analysis

To further evaluate the interpretability of the proposed
CNN-ANFIS framework, three representative prediction cases
are analyzed: a confirmed glaucoma case, a borderline case
near the decision boundary, and a clearly normal retinal sample.
These cases are selected to illustrate model behavior across dif-
ferent classification scenarios and to demonstrate how selected
deep features contribute to the activation of fuzzy rules and the
final prediction outcome.

Unlike post hoc explanation techniques, which interpret
model behavior after training, the proposed framework ex-
plicitly embeds interpretability directly within its architecture.
Deep feature representations are first extracted by the convolu-
tional backbone, followed by feature selection to significantly
reduce the dimensionality of the decision space. The result-
ing compact feature set is then processed by the ANFIS layer,
which provides a transparent and structured rule-based infer-
ence mechanism.

Each prediction can be directly traced through a structured
decision pathway in which selected features contribute to rule
activation and influence the final output. This enables one to
identify discriminative information and different visual patterns
associated with different classification outcomes.

From an analytical point of view, the model shows similar
behavior for different cases, where the different activations of
features reflect the differences in the underlying input patterns.
In particular, borderline cases show an intermediate activation
pattern and thus have a lower prediction confidence than cases
clearly separable.

Case 1: Glaucoma Sample

Fig. 6 shows a representative glaucoma sample based on the pro-
posed framework. Fig. 6(a) shows an ANFIS inference visual-
ization of the activation of the selected deep features of the fuzzy
membership functions that determine the firing strength of the
corresponding fuzzy rules.

Rather than relying on a single dominant rule, the final pre-
diction is obtained by aggregating multiple rule activations.
This mechanism provides a transparent, structured inference
process, in which the contribution of each feature to the final
prediction can be examined through its associated membership
activations and rule weights.

The feature channels shown in Fig. 6(b) correspond to the
subset of deep features retained after LASSO-based feature se-
lection. LASSO does not directly select the convolutional filters,
rather it acts on the pooled CNN feature representation and se-
lects the most informative feature dimensions for classification.
The proposed framework reduces the redundancy of the deep
representation by limiting the input space of the decision layer
to a compact subset of discriminative features, while preserving
informative patterns for the classification task.

The spatial activation maps are shown in Fig. 6(c) to further
demonstrate the regions in the retinal image where the responses
of these selected features are the strongest. A number of fil-
ters have focused responses around the optic disc and nearby
regions. Although the activation maps should not be considered
as absolute anatomical markers, the fact that they correspond
to structurally important regions suggests that the model learns
consistent and interpretable visual patterns.
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Case 2: Borderline Sample

Fig. 7 shows a borderline case, where the model prediction is
close to the decision boundary. In this case, the ANFIS in-
ference provides a probability slightly below the classification
threshold, hence normal prediction with low confidence. This
behavior is consistent with the intrinsic uncertainty in samples
with intermediate visual features of healthy and glaucomatous
structures.

The dominant CNN features shown in Fig. 7(b) exhibit
weaker and less structured responses compared with the glau-
coma case, providing limited discriminative evidence for either
class. Consequently, multiple fuzzy rules are activated with
comparable strengths, leading to competing contributions dur-
ing inference.

The activation maps in Fig. 7(c) show that filter responses
are spatially spread over several retinal areas, not concentrated
on a particular anatomical structure. Such distributed activation
patterns correspond to the moderate confidence observed during
rule aggregation, indicating that the model avoids overconfident
predictions when the visual evidence is ambiguous.

Case 3: Normal Sample

Fig. 8 presents a clearly normal retinal image. In this case,
the ANFIS inference yields a probability well below the clas-
sification threshold, leading to a confident normal prediction.
The rule-aggregation process, therefore, strongly favors the non-
glaucoma class.

The CNN feature responses retained after feature selection
are relatively weak and diffuse, indicating that the convolutional
backbone does not detect strong pathological patterns within the
retinal image. This observation is further confirmed by the ac-
tivation maps where the filter responses are not dominantly fo-
cused on specific retinal structures.

Cross-Case Analysis

Comparing across the three cases shows how the proposed
framework works across different classification scenarios. The
glaucoma sample shows strong and localized feature activations,
which result in dominant rule firing and a confident positive pre-
diction. In contrast, the normal sample shows weaker and more
scattered feature responses resulting in rule activations towards
the healthy class. The borderline case is located in between the
two extremes, with moderate feature responses resulting in com-
peting rule activations and prediction probabilities close to the
decision threshold.

This smooth transition between cases indicates that the
model learns a continuous mapping between feature responses
and prediction confidence, rather than sharp decision bound-
aries. It is a model behavior that indicates the model can repre-
sent different levels of evidence in a structured decision process.

Feature Selection Consistency

Another important aspect of the proposed framework is the con-
sistency of the feature selection mechanism. The LASSO pro-
cedure does not directly select convolutional filters but rather
works on the pooled CNN feature representation and identifies
feature dimensions that consistently contribute to classification
across experimental runs.

The stability of the selected features confirms that the infor-
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Fig. 6. Interpretability analysis for a glaucoma sample: (a) ANFIS inference and rule activation; (b) dominant CNN feature channels retained through
LASSO-based feature selection; (c) spatial activation patterns of the selected filters projected onto the retinal fundus image.

mation used to discriminate between glaucomatous and healthy
images is not randomly distributed in the feature space, and
some CNN-based representations tend to be repeatedly found to
be informative for glaucoma classification. The stability of the
selected features also confirms that the feature selection stage
captures meaningful visual patterns in the deep representation.

Consistent feature selection is also important for inter-
pretability. A common subset of features selected by experi-
ments makes the rule base more stable and easier to analyze.
This property further improves the transparency of the proposed
framework by making sure that the decision process is not dic-
tated by arbitrary fluctuations of features.

Decision Space Compactness

The proposed design also has the advantage of a compact de-
cision space. Typically, deep convolutional networks generate
high-dimensional feature representations with hundreds or even
thousands of latent variables. Directly feeding such representa-
tions into a rule-based inference system would result in exces-
sive rule complexity and reduced interpretability [59].

The framework implements sparsity-based feature selection

before the decision layer, limiting the dimensionality of the in-
put space on which ANFIS functions, leading to a fuzzy rule-
based system working with a small set of informative features.
This allows for a compact and manageable inference structure
while maintaining competitive performance [60].

From an interpretability perspective, this compact decision
space improves traceability of the classification process. Each
prediction is broken down into a series of interpretable steps:
extraction of deep features, filtering of the features by LASSO
selection, and rule-based reasoning with the ANFIS inference
mechanism. This structured pipeline provides a transparent path
from the evidence derived from the retinal image to the final
classification decision.

In summary, the case-based analysis demonstrates the po-
tential of the proposed CNN-FS—ANFIS framework to provide
interpretable predictions in various diagnostic scenarios. The
combination of deep representation learning with a lean rule-
based decision layer allows the framework to find a compromise
between the predictive performance and the transparency of the
model, a compromise that is essential for constructing reliable
medical Al systems in the future.
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Fig. 7. Interpretability analysis for a borderline retinal sample: (a) ANFIS inference producing a probability close to the decision threshold; (b) dominant CNN
features retained after feature selection; (c) spatial activation patterns of the selected filters.

Table 6. Comparison with existing methods evaluated on the PAPILA dataset. Reported AUC values are taken from the respective original studies, as AUC is the
most consistently available metric across these works.

Method Backbone Decision Model Interpretable AUC
Various CNN methods [19] CNN Fully connected No 0.71
Regression CNN [7] CNN Regression layer No 0.77
Ensemble CNN [20] CNN ensemble Neural classifier No 0.78
EfficientNet-BO [32] EfficientNet-BO Fully connected No 0.78
EfficientNet-B7 [36] EfficientNet-B7 Fully connected No 0.84
CNN-FS-ANFIS (Proposed) EfficientNetV2-L.  Fuzzy rule inference Yes 0.84

3.8. Comparison with Existing Methods on the PAPILA
Dataset

In order to have a reference of the performance of the pro-
posed framework, we compare it against the state-of-the-art
methods tested on the PAPILA dataset. The comparison on a
common dataset allows to have a more reliable basis to judge
the relative effectiveness, because the performance of models

may vary from dataset to dataset due to different image charac-
teristics, annotation protocols, and evaluation settings.

For comparison with previous studies, AUC was used as the
main reference metric because it is the most consistently re-
ported metric across existing works on the PAPILA dataset.
Sensitivity, specificity, and F1-score were not included in Ta-
ble 6 because these metrics were not consistently reported in
the respective original studies or were evaluated under differ-
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Fig. 8. Interpretability analysis for a normal retinal sample: (a) ANFIS inference producing a probability well below the classification threshold; (b) dominant
CNN features selected by LASSO; (c) spatial activation patterns projected on the retinal image.

ent experimental protocols, data splits, and decision thresholds.
Therefore, directly comparing these metrics could lead to an un-
fair interpretation. In contrast, the proposed method is evaluated
in detail using AUC, sensitivity, specificity, and F1-score in Ta-
ble 3 and Table 4.

Table 6 compares a number of representative methods on the
PAPILA dataset. Previous works such as Kovalyk et al. [19]
achieved an AUC of 0.71 using a variety of CNN-based models
with fully connected decision layers. We considered alternative
modeling strategies to improve predictive performance. Hemel-
ings et al. [7] applied regression-based CNNs and achieved an
AUC of 0.77, Sanchez-Morales et al. [20] an AUC of 0.78 with
an ensemble CNN.

Additional improvements were achieved with newer meth-
ods based on the EfficientNet family. EfficientNet-B0 achieved
an AUC of 0.78 [32] and the larger EfficientNet-B7 architecture
achieved an AUC of 0.84 [36]. The proposed CNN-FS—-ANFIS
framework achieves an AUC of 0.84, which is comparable to
that of the high-capacity EfficientNet-B7 model while addi-
tionally providing an interpretable decision mechanism through
fuzzy rule-based inference.

Despite these competitive results, most existing approaches
rely on conventional neural network classifiers that produce
opaque decision boundaries. In contrast, the proposed frame-
work introduces interpretability at the decision layer through
sparsity-driven feature selection and rule-based fuzzy inference.
The model narrows the decision space and transforms deep fea-
ture representation into explicit fuzzy rules, enabling transpar-
ent, structured reasoning and consistent decision-making behav-
ior.

From a methodological point of view, these findings under-
score the need for a trade-off between interpretability and deci-
sion consistency in medical Al systems. Deep CNNss offer an ef-
ficient way to learn hierarchical feature representations, but the
decision mechanism remains hard to interpret due to the dense
transformations of the high-dimensional latent spaces.

The proposed architecture circumvents this limitation by im-
posing structural constraints in the decision layer. LASSO-
based feature selection is used to eliminate redundancy while
keeping the most informative features, which are then mapped
by ANFIS to a compact, interpretable rule base. This de-
sign preserves predictive ability and allows traceable, auditable
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decision-making.

Unlike the post hoc explanation approaches, the proposed
framework attains interpretability inherently by model design.
Such structural integration leads to a more reliable and transpar-
ent pathway to interpretable Al-based glaucoma classification.

3.9. Limitations of the Study

There are several limitations of this study which must be
noted. This is particularly true regarding the scope of experi-
mental validation and the desire for decision layer analysis.

First, the experiments were performed on the PAPILA
dataset, which is relatively small in comparison to large-scale
retinal imaging datasets. However, the study deliberately em-
ploys a controlled experimental setting to allow for a systematic
investigation of the decision-layer behavior with fixed deep fea-
ture representations. The design offers methodological clarity
but needs validation on larger and more diverse datasets to es-
tablish generalizability.

Second, the proposed framework is validated on a single pri-
mary dataset with relatively homogeneous imaging characteris-
tics and acquisition protocols. Although a subject-level split is
employed to prevent data leakage, cross-dataset evaluation re-
mains an important direction for future work. Future validation
may include ACRIMA, REFUGE, and ORIGA [61-63], since
these datasets provide different data distributions, imaging con-
ditions, annotation protocols, and optic-disc-centered evaluation
settings for assessing model generalizability beyond PAPILA.

Third, after the CNN backbone was adapted to the glau-
coma classification task through transfer learning, the extracted
GAP features were kept fixed during the feature selection and
decision-layer experiments. This design choice was intended
to isolate and analyze the contribution of the interpretable de-
cision layer under identical CNN-derived feature representa-
tions. Nevertheless, further investigation of joint optimization
between feature extraction, feature selection, and decision-layer
modeling could be explored in future studies.

Finally, although ANFIS offers an explicit rule-based inter-
pretability, the current analysis is restricted to structural trans-
parency and representative case-based interpretability. A thor-
ough expert-based interpretability analysis would be useful to
further explore the consistency, stability, and domain-specific
relevance of the extracted rules.

In sum, these limitations are a conscious trade-off between
controlled methodological analysis and broader applicability,
and they create opportunities for future research to extend the
proposed framework to more diverse data settings.

3.10. Summary of Findings

Some useful insights into the behavior of the proposed CNN—
FS—ANFIS framework can be obtained by the experimental re-
sults.

The first comparison of feature selection strategies shows
that the differences of evaluation results between the compared
methods are relatively small. This suggests that the deep CNN
representations have considerable redundancy, which allows se-
lecting compact feature subsets that contain the essential infor-
mation for consistent decision-making.

Second, the classifier comparison shows that the choice of
a decision mechanism is still important even with sparsity-
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constrained feature representations. While some classifiers
show similar discriminative behaviors, ANFIS provides the
most balanced performance across a range of evaluation metrics
while maintaining an explicit rule-based inference structure.

Third, the joint use of LASSO-based feature selection and
ANFIS allows for the construction of a compact and inter-
pretable decision layer. By reducing the dimensionality of the
feature space before classification, the framework prevents rule
explosion and ensures that the resulting inference process re-
mains transparent and inspectable.

Fourth, the case-based analysis shows that the model cap-
tures a gradual relationship between feature responses and pre-
diction confidence. When features are strongly activated and are
localized, the model makes a confident prediction of glaucoma.
When the activation is less or spread out, the model predicts
glaucoma with less confidence or is borderline, indicating am-
biguity near the decision boundary.

In conclusion, the current results highlight the relevance of
decision space compactness as a design principle for inter-
pretable deep learning systems. These results indicate that dis-
criminative power and interpretability are not incompatible ob-
jectives and can be achieved at the same time through a proper
structural design of the decision layer. Moreover, the proposed
framework provides transparent and traceable decision-making
processes, making it possible to conduct systematic analysis of
model behavior in image classification tasks.

4. Conclusion

In this study, we proposed a CNN-FS—ANFIS framework for
interpretable glaucoma classification by separating deep feature
extraction from decision-layer modeling. A CNN backbone was
first adapted to the glaucoma classification task through trans-
fer learning and then used to obtain retinal feature representa-
tions, sparsity-driven feature selection was applied to construct
a compact decision space, and ANFIS was employed to gen-
erate explicit fuzzy rule-based decisions. The results show that
the proposed framework achieved competitive classification per-
formance using LASSO-selected features, with ANFIS obtain-
ing an AUC of 0.84+0.01, sensitivity of 0.82+0.13, specificity
of 0.74+0.10, and Fl1-score of 0.794+0.04. The analysis fur-
ther shows that compact feature representations are sufficient
to maintain stable decision behavior while reducing rule-based
complexity. In particular, two- to three-rule ANFIS configura-
tions achieved AUC values of approximately 0.84, indicating
that increasing rule complexity does not necessarily improve
predictive performance. These findings support decision-space
compactness as an important design principle for interpretable
deep learning. Overall, the proposed CNN-FS—ANFIS frame-
work provides a structured alternative to black-box CNN clas-
sifiers by enabling direct inspection of the relationship between
selected CNN features, fuzzy rules, and model outputs.
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