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Cataract remains one of the leading causes of avoidable blindness worldwide, and accurate
severity assessment is essential for timely screening and clinical management. However,
access to ophthalmic specialists remains limited in many resource-constrained regions,
creating a need for reliable computer-aided analysis systems. This study develops an
EfficientNet-B0-based deep learning (DL) framework for four-class cataract severity
classification using fundus images. The proposed framework classifies images into Normal,
Mild, Moderate, and Severe categories and systematically investigates the influence of
different training strategies under a patient-independent evaluation protocol. Experiments
were conducted using an Ocular Disease Intelligent Recognition 5K (ODIR-5K)-derived
dataset containing 3,868 fundus images from 2,029 patients. Three EfficientNet-BO
configurations, including Frozen Baseline, Severe-Focused, and Final Frozen models, were
evaluated using overall performance, class-wise metrics, discrimination measures,
statistical analysis, and computational characteristics. The Final Frozen EfficientNet-BO
achieved an accuracy of 88.38%, weighted F1-score of 89.29%, macro F1-score of 56.33%,
and macro receiver operating characteristic-area under the curve (ROC-AUC) of 91.60%
on an independent test set of 585 images. The results demonstrate that EfficientNet-B0
provides a feasible approach for multiclass cataract severity classification, while also
highlighting the influence of class imbalance on minority-category recognition. The
findings emphasize the importance of patient-independent evaluation and comprehensive
performance assessment rather than relying solely on overall accuracy. Further validation
with larger and more balanced datasets is required before clinical implementation.

1. INTRODUCTION

as shown in Figure 2 [6]. In India, untreated cataract was
reported as the leading cause of blindness among adults aged

One of the most common causes of impairment of vision
and blindness all over the world is cataract [1]. This develops
gradually as the lens becomes cloudy and the quality of vision
and activities in the normal course of daily living decrease [2].
A trained ophthalmologist is typically necessary for clinical
assessment, and specialist ophthalmic service may be less
readily available in rural and resource-poor areas [3]. The
difficulties have spurred computer-aided cataract screening
and cataract severity assessment [4]. Figure 1 illustrates the
global burden of vision impairment and cataract, based on
estimates reported by the World Health Organization [5].

Fundus photography is widely used in ophthalmic screening
and provides an accessible image-based modality for
automated analysis. Although cataract is primarily associated
with lens opacity, it can influence the appearance and quality
of retinal photographs. Consequently, previous studies have
investigated fundus images for automated cataract detection
and severity grading. Global estimates for adults aged 50 years
and older identify cataract as a major contributor to blindness,
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50 years and older, accounting for 66.2% of blindness cases in
the National Blindness and Visual Impairment Survey 2015—
2019; the distribution of major causes is shown in Figure 3 [7].

The Ocular Disease Intelligent Recognition SK (ODIR-5K)
dataset comprises 10,000 color fundus photographs from
5,000 patients, including images from both eyes and
diagnostic information for multiple ocular conditions [8].
Class imbalance is an important challenge in multi-class
medical image classification because overall accuracy may not
adequately reflect minority-class performance. Therefore, the
present study uses class-wise and macro-averaged measures
alongside overall accuracy and interprets severe-class
performance cautiously because of its limited representation
in the independent test set.

Researchers have investigated fundus photography for
automated cataract assessment using conventional machine
learning (ML) and deep learning (DL) approaches [9-13].
Convolutional Neural Network (CNN)-based and transfer
learning (TL) methods have further demonstrated the
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feasibility of cataract detection and severity grading from
ophthalmic images [14-17]. However, differences in datasets,
severity definitions, class distributions, model architectures,
and evaluation protocols limit direct comparison between
reported results. Reliable evaluation of minority severe-
cataract cases also remains challenging.

Global Burden of Vision Impairment and Cataract: WHO Estimates
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Figure 1. Global burden of vision impairment and cataract:

WHO estimates (2026)
Source: World Health Organization (WHO), Blindness and vision
impairment, Fact Sheet, 2026.
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Figure 2. Global causes of blindness among adults aged 50

years and older in 2020
Source: GBD 2019 Blindness and Vision Impairment Collaborators [6].
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Figure 3. Leading causes of blindness among adults aged 50

years and older in India
Source: The National Blindness and Visual Impairment Survey 2015-2019
[7].
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EfficientNet-B0O provides a balance between classification

performance and computational requirements through
compound scaling of network depth, width, and input
resolution [18]. Accordingly, this study investigates

EfficientNet-BO for four-class cataract severity classification
from fundus images. Three configurations—Frozen Baseline
EfficientNet-B0, Severe-Focused EfficientNet-B0, and Final
Frozen EfficientNet-BO—are evaluated using the same
independent test observations. Their performance is examined
using overall, macro, weighted, class-wise, agreement-based,
statistical, and computational analyses. This research
highlights an EfficientNet-B0-based approach to classify
fundus images into four classes: Normal, Mild, Moderate, and
Severe cataract.

The study focuses on independent-test and minority-class
analysis, with particular attention to the underrepresented
Severe category. Statistical and computational evaluation
includes paired statistical testing and measurements of
parameter count, FLOPs, model size, inference time, and
throughput. Finally, the Final Frozen EfficientNet-B0
configuration is selected based on its overall predictive
performance, class-wise behavior, and computational
characteristics while explicitly recognizing the uncertainty
associated with the limited number of Severe cases.

In Section 2, the existing literature in the area of cataract
analysis is reviewed, and the research gap to be addressed by
this work is set. Section 3 explains the methodological
approach, which includes data preparation, model
configurations, network design, training methods, and
performance evaluation. The experimental results are
presented in Section 4, with an analysis of the results of the
various EfficientNet-B0O architectures. The paper ends with a
summary of the main findings, a discussion of the contribution
and limitation(s) of the study, and suggested directions for
future studies in Section 5.

2. LITERATURE REVIEW

2.1 Ocular Disease Intelligent Recognition SK and dataset
considerations

Advancements in automated approaches for retinal image
analysis have been facilitated by the availability of large and
diverse datasets of ophthalmic images. The ODIR-5K dataset
includes fundus images from several individuals, where each
image is from both the left and right eyes, and their diagnostic
information for various eye diseases. Because of its diversity
and wide coverage of ophthalmic anomalies, ODIR-5K has
proven to be a valuable tool for computer-aided identification
and classification of eye diseases research.

Variability in ophthalmic photographs is relevant to DL
research because image quality, illumination, contrast, camera
characteristics, and acquisition conditions can affect model
performance. Consequently, preprocessing and evaluation
procedures should be carefully defined when developing
models using ODIR-5K-derived data.

2.2 Conventional and deep learning approaches for
cataract assessment

Early computer-aided cataract assessment approaches
primarily relied on manually designed image features
combined with conventional ML classifiers. These methods
generally extracted characteristics such as texture, intensity,



wavelet coefficients, edge information, or other statistical
descriptors from ocular images and subsequently used
classifiers to distinguish cataract categories. Guo et al. [9]
investigated 1image features extracted from fundus
photographs for automated cataract classification and grading,
demonstrating that information available in retinal images
could be used for computer-aided cataract assessment. Yang
et al. [10] subsequently investigated an ensemble learning
framework for cataract detection and grading, combining
multiple feature representations and classifiers to improve
classification performance.

Hierarchical classification strategies were also investigated
to address the difficulty of distinguishing different cataract
severity levels. Cao et al. [11] proposed an approach based on
an improved Haar-wavelet representation and hierarchical
classification, where multiclass cataract grading was
decomposed into a sequence of classification decisions.
Pathak et al. [12] investigated texture-based cataract detection
and grading with consideration of portable and tele-
ophthalmology applications. However, the imaging modality
was not consistent across all studies, with some investigations
using retinal fundus photographs and others using lens or
retro-illumination images. Therefore, their results cannot
always be directly compared. Gao et al. [13] proposed a
computer-aided cataract detection method using enhanced
texture features extracted from retro-illumination lens images
and reported an accuracy of 84.8% on a clinical database
containing 4,545 pairs of images. However, the use of retro-
illumination lens images limits direct comparison with fundus-
image-based approaches.

Shin et al. [ 14] demonstrated the applicability of deep CNNs
and TL to medical image analysis, establishing the usefulness
of pretrained deep architectures when medical datasets are
relatively limited.

Deep-learning  methods have subsequently been
investigated for cataract detection and grading. Pratap and
Kokil [15] investigated deep transfer learning for computer-
aided cataract diagnosis. Imran et al. [16] developed a hybrid
convolutional and recurrent neural network for four-class
cataract classification, while Zhang et al. [17] investigated
automatic cataract grading using deep learning with multi-
feature fusion and stacking, combining deep CNN features
with a Random Forest classifier for cataract detection and
grading. Tan and Le [18] introduced EfficientNet-B0 based on
compound scaling of network depth, width, and input
resolution. Pratap and Kokil [19] investigated efficient
network selection for computer-aided cataract diagnosis under
noisy fundus-image conditions, while Khan et al. [20]
investigated cataract detection using a VGG-19-based
convolutional neural network.

More recent research has focused on improved feature
representation and multiclass cataract assessment. Xu et al.
[21] proposed a global-local representation approach for
cataract grading, while deep learning-based cataract type
classification and severity grading using fundus photographs
have also been investigated [22]. Yadav and Yadav [23, 24]
investigated severity classification using retinal fundus images
and considered four categories: Normal, Mild, Moderate, and
Severe. Junayed et al. [25] further investigated automated
cataract detection from fundus images using a DL framework.
Wu et al. [26] investigated an artificial-intelligence-based
approach for cataract diagnosis with emphasis on anti-
interference capability, whereas Xiong et al. [27] examined
image blurriness associated with vitreous opacity as a factor
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relevant to cataract diagnosis from retinal images.

Overall, the literature demonstrates a progression from
handcrafted features and conventional classifiers to CNNs,
TL, hybrid architectures, and multiclass severity
classification. However, differences in datasets, imaging
modalities, preprocessing procedures, severity definitions,
class distributions, and evaluation protocols limit direct
comparison among reported studies.

2.3 Fundus-based cataract severity classification

Cataract assessment from fundus photographs is relevant to
screening-oriented applications because fundus cameras are
widely used for retinal imaging. While the appearance of an
opaque lens is the hallmark of cataract, changes in the cataract
can affect the appearance of the retina and the quality of the
photograph, thus promoting the application of fundus images
for automated detection and severity assessment.

Several studies have moved beyond binary classification
toward multiclass cataract severity grading. Other studies have
similarly investigated multiclass grading using DL,
hierarchical, or ensemble approaches.

The present study uses an ODIR-5K-derived fundus-image
dataset, providing the image source for the four-class
experimental framework described in Section 3.

The distinction between detection and severity grading is
important. Unlike binary detection, severity classification
must distinguish between adjacent categories such as mild,
moderate, and severe. Therefore, four-class evaluation
requires class-wise analysis in addition to overall accuracy.

Several survey studies have reviewed the broader
development of automated cataract detection and
classification. Morales-Lopez et al. [28] surveyed cataract
detection and classification systems based on computational
intelligence. Shaheen et al. [29] reviewed the application of
artificial intelligence in cataract management, including
automated diagnosis and grading using ophthalmic images.
Zhang et al. [30] provided a survey of ML approaches for
cataract classification and grading across ophthalmic imaging
modalities.

2.4 Class imbalance and minority-class evaluation

Class imbalance is an important challenge in multiclass
medical-image classification. When one category substantially
outnumbers others, a model may become biased toward the
majority class, and overall accuracy may not adequately
represent minority-class performance.

This issue is particularly important in the present study,
where the independent test set contains 511 Normal, 31 Mild,
38 Moderate, and only 5 Severe cases. Thus, the severe
category represents a very small proportion of the test
observations.

Therefore, evaluation is not restricted to accuracy and
includes class-wise, macro-averaged, weighted,
discrimination, and agreement-based measures. The Final
Frozen EfficientNet-B0 was selected as the final configuration
based on the overall balance of predictive performance, class-
wise behavior, statistical analysis, and computational
characteristics, while explicitly considering the uncertainty
associated with the limited number of Severe cases in the
independent test set.

Additional conventional and multimodal approaches
include texture-based classification by Fuadah et al. [31],



Hough-transform-based cataract localization and grading in
slit-lamp images by Liu et al. [32], and deep-learning-based
cataract detection using ocular B-ultrasound images by Wang
etal. [33]. The development of CNNs introduced a data-driven
alternative to handcrafted feature extraction. Another
important advancement in DL is residual learning, in which
shortcut connections enable effective information flow across
deeper network layers and support the training of very deep
convolutional architectures [34]. Grad-CAM has been widely
used to provide visual explanations of deep neural network
predictions by highlighting image regions that contribute to
the model's output [35]. In related work, Kasar and Shedge
[36] presented a survey of cataract detection and classification
systems, followed by a ResNet-based approach for cataract
detection and classification [37]. The present study extends
this work through EfficientNet-B0-based four-class cataract
severity classification using a patient-independent evaluation
protocol.

The reviewed literature demonstrates the feasibility of
automated cataract detection and severity classification;
however, dataset variability, severe-class imbalance,
differences in evaluation protocols, and computational
efficiency remain important challenges.

2.5 EfficientNet-B0
classification

for computationally efficient

Medical imaging DL models can be memory-intensive and
consume high computational power; thus, the efficiency of
these models is important for real-world application in
resource-constrained healthcare settings. Compound scaling is
a systematic method of scaling up the network capacity while

maintaining performance and computational cost.

EfficientNet-BO0 is the backbone architecture of this family,
and it is a relatively compact backbone for TL applications. In
this study, EfficientNet-B0 is employed to classify the severity
of cataract in fundus photographs into four classes. In addition
to classification performance, its computational characteristics
such as the number of parameters, FLOPs, model size,
inference time, and throughput are also evaluated.

2.6 Comparative analysis of existing studies

The second step was to critically examine previous studies.
TL, class-balancing strategies, and advanced DL architectures
have been explored for automated cataract detection and
severity classification, yielding promising results. However,
differences in datasets, class definitions, class distributions,
preprocessing methods, and evaluation protocols make direct
comparison of reported results difficult. Class-wise evaluation
and independent testing are particularly important for four-
class cataract classification because of severe class imbalance.

A summary of representative studies related to fundus-
based detection and severity classification of cataracts is
summarized in Table 1. Differences in the datasets, in the
definition of severity, in the distribution of classes, and in how
the results are evaluated, however, prevent direct comparison
of reported results.

The motivation for the present study lies in these gaps: it
systematically assesses various EfficientNet-BO
configurations under an identical patient-independent
experimental protocol, focusing on overall performance as
well as minority-class behavior and statistical comparison,
along with computational characteristics.

Table 1. Comparison of representative fundus image-based cataract studies

Ref. Focus Area Dataset Model Used Accuracy (%) Key Contribution
- . n - -
[9] Cataract det.ectlon Fundus images Handcrafted features 7710 Automatgd cataract grading using
and grading ML image features
[10] Detection anq four- Fundus images Ensemble learning 84,50 Combined feature r.epresentatlons
level grading and classifiers
Four-class severity Retinal/fundus Haar-wavelet + Hierarchical four-class severity
[11] . . . . . 85.98 . .
grading images hierarchical classifier classification
[12] Cataract det;ctlon Fundus images Texture features + ML 83.80 Portable gnd tele-ophthalmology-
and grading oriented assessment
Four-stage . Transfer learning + Normal, Mild, Moderate, and
[15] classification Fundus images SVM 9291 Severe classification
Four-class cataract . Hybrid CNN-RNN + Hybrid convolutional ar}d
[16] . . Fundus images . 97.39 recurrent feature representation for
classification transfer learning . .
four-class classification
[21] Cataract grading Fundus images Global-local CNN 83.47 Combined global anq local feature
representations
Cataract tvbe and Dual-Stream Cataract Joint cataract type classification
[22] severit yrI; din Fundus images Evaluation Network 97.03 and severity grading using fundus
ye & (DCEN) photographs
(23] Four—clgss severity Retlpal fundus DL 93.10 Four-stage cataract severity
classification images assessment
Present Four-class .cataract ODIR-5K-derived Propqsed Frozen Independent 585—1rpage tesF set,
severity . EfficientNet-BO 88.38 severe-class evaluation, statistical
study . . fundus images . .
classification Framework and computational analysis

Note: CNN = Convolutional Neural Network, ML = machine learning, DL = deep learning, TL = transfer learning, ODIR-5K = Ocular Disease Intelligent
Recognition SK, SVM = Support Vector Machine.

3. METHODOLOGY

The classification task includes Normal, Mild, Moderate,
and Severe categories. Three configurations—Frozen Baseline
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EfficientNet-B0, Severe-Focused EfficientNet-B0, and Final
Frozen EfficientNet-BO—are evaluated under a common
experimental protocol using the same independent test set.
Training and validation data are used for model development



and parameter selection, while the independent test set is
reserved for final evaluation to prevent test information from
influencing model development. Performance is assessed
through predictive, class-wise, statistical, and computational
analyses.

3.1 Dataset and class distribution

The present study uses a curated ODIR-5K-derived fundus-
image dataset for four-class cataract severity classification.
The final dataset contains 3,868 labelled fundus images from
2,029 unique patients. The four-class labels were established
during dataset curation based on the available diagnostic
information and predefined categorization criteria used for the
experimental dataset. The labels were used as experimental
categories and were not independently established through a
separate clinical grading procedure or ophthalmologist
validation. Duplicate, invalid, and unusable samples were
removed during dataset preparation.

Let the complete dataset be represented as:

D = {(x, Y}y (1)
where, x; denotes the i-th fundus image, y; denotes its
corresponding severity class, and N = 3868. The resulting

dataset comprised 3,466 Normal, 195 Mild, 179 Moderate, and
28 Severe images, indicating substantial class imbalance. A
patient-independent partitioning strategy was adopted,
ensuring that images from the same patient were not assigned
to different subsets. The final partition included 2,698 training
images from 1,437 patients, 585 validation images from 296
patients, and 585 independent test images from 296 patients,
representing 2,029 unique patients overall, with no patient
overlap among the subsets. The training and validation sets
were used for model development, while the independent test
set served as a common evaluation set for all three
EfficientNet-BO configurations. The proposed EfficientNet-
B0-based framework for four-class cataract severity
classification is shown in Figure 4. Table 2 summarizes the
distribution of images across the training, validation, and
independent test subsets.

No resampling or augmentation was applied to the
validation or independent test subsets. The independent test set
contained 511 Normal, 31 Mild, 38 Moderate, and 5 Severe
images. Owing to the limited representation of the Severe
category, class-wise and macro-averaged metrics were
evaluated alongside overall accuracy, and the Severe-class
results were interpreted cautiously. Representative fundus
images from the four severity categories are presented in
Figure 5.
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Figure 4. Proposed experimental framework for cataract severity classification

(a) (b)

(d)

Figure 5. Fundus images: (a) Normal, (b) Mild, (c) Moderate, (d) Severe
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Table 2. Dataset overview and class distribution

Description

Category Training Validation Inde¥::tdent Total

Normal 2,444 511 511 3,466
Mild 133 31 31 195
Moderate 103 38 38 179
Severe 18 5 5 28

Total 2,698 585 585 3,868

Reference category representing fundus images assigned to the Normal
experimental class. This category constitutes the majority of the dataset.
Lower-severity experimental category used to evaluate the model's ability

to distinguish Mild cases from the remaining categories.

Intermediate experimental category used to evaluate discrimination of

Moderate cases from adjacent severity categories.

Highest-severity experimental category and the least represented class.

Only five Severe images are included in the independent test set.

Complete image set used for model training, validation, and patient-

independent evaluation.

3.2 Image quality assessment and selection

To further characterize the quality of the RGB fundus
images, Natural Image Quality Evaluator (NIQE) and
Perception-based Image Quality Evaluator (PIQE) were used
as no-reference image quality measures. In general, lower
values of these metrics correspond to comparatively better
perceptual image quality. For the quality assessment
performed in this study, images satisfying both NIQE and
PIQE were categorized within the selected acceptable-quality
range, while samples not satisfying these criteria were treated
as comparatively lower-quality images. The resulting quality-
score distributions and selection criteria are illustrated in
Figure 6, with Figure 6(a) presenting the threshold-based
assessment and Figure 6(b) showing the corresponding NIQE—
PIQE scatter distribution.

PIQE

Poor Quality
Fundus Images

50

Good Quality
Fundus Images

5 NIQE

E

Fundus Image NIQE

(RGB)

( No-Reference
Quality Metric)

NIQE vs PIQE Scatter Plot for Image Quality Selection

e Good Quality
70 4 *  Poor Quality
.

601

50 1

PIQE Score
]

w
&

20

NIQE Score

(b)

Figure 6. Resulting quality-score distributions and selection
criteria: (a) threshold-based fundus image quality selection,
(b) scatter plot showing the quality distribution of fundus
images

As illustrated in Figure 7, region P represents the selected
acceptable quality region in the NIQE—PIQE space. Images
with coordinate points falling within region P satisfy the
defined quality criteria, whereas those outside the region are
considered comparatively poor-quality samples. This NIQE—
PIQE analysis was used solely as an additional image quality
assessment and visualization step and did not alter the patient-
independent data partitioning, model training procedure, or the
reported evaluation results of the Final Frozen EfficientNet-
BO configuration.

PIQE > PIQE
( No-Reference Score
Quality Metric)

NIQE - PIQE
Quality Space
PIQE | N"::: = Accept
A
I : PIQE < 50 (Selected)
bR »| Good Quality
| Images
P 50f-————— 4
|
Good Quality |
o Region :
| NIQE > 5
NIQESS5 | - )
PIQE<50 | PIGES(50 Reject
: »| Poor Quality
5 NIGE Images

Figure 7. Image quality assessment analysis of the dataset
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3.3 Image preprocessing

The fundus images were prepared using a consistent
preprocessing pipeline before being provided to the
EfficientNet-B0O model. All images were resized to 224 x 224
pixels to match the input dimensions of the backbone network
and were converted into numerical tensors.

xI = R(I;,224,224,3) )

where, [; is the original fundus image, and R(.) denotes the
resizing operation.

Each input image is therefore represented as an RGB image
with three color channels. The RGB representation and its
individual R-, G-, and B-channel components are illustrated in
Figure 8.

(a) R-channe! (b) G-channel (c) B-channel

..

Figure 8. RGB components of a fundus image

Each input image is therefore represented as:

xir € R224X224><3

The images were then processed using the preprocessing
function associated with EfficientNet-B0. The four severity

categories were encoded as integer labels representing
Normal, Mild, Moderate, and Severe.

During model development, data augmentation and
controlled minority-class sampling were applied only to the
training data to reduce the effect of class imbalance. Training
data were shuffled and batched, while validation and test data
were used in their original patient-independent form.
Prefetching was applied to improve data-delivery efficiency
during training and evaluation.

X, =T(xi;6)) )

where, T (.) represents the augmentation transformation, and
0; denotes the transformation parameters. T includes the
augmentation operations actually used in the final experiment,
while validation and test images are not augmented.

Following image resizing and training-only augmentation,
the preprocessed images were passed through the
preprocessing function associated with EfficientNet-BO. Let
xz", denote the resized and augmented image. The EfficientNet-
BO preprocessing operation can be represented as

xi = PEffNet(xliJ) 4

where, Pggeyer(-) denotes the preprocessing function
implemented for the EfficientNet-BO input pipeline and
x{ represents the resulting model-ready image.

This preprocessing pipeline provided a consistent input
representation for all three EfficientNet-BO configurations.

The validation and independent test sets remained
unchanged throughout model development and final
evaluation, ensuring that augmentation and minority-class
sampling did not influence the reported test performance.

3. Feature Extraction

2. Preprocessing

1. Input Fundus Image

Resize
224 x 224 x 3

¢

‘ Data Augmentation
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—» I — Stem

(Conv 3x3)
‘ EfficientNet
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‘ Label Encoding

‘ ©,1,2,3)

EfficientNet-B0 (Pretrained on ImageNet)

MBConv6, k3x3 Softmax
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MBConvl, k3x3 Four-Class
(x1) Global Average Cataract Severity
M Poolin, icti
Stage 2 8 Prediction
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5 d
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Stage 5 (4 Units) { ‘2 | Moderate
MBConv6, k5x5 gy
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¥
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(Conv 1x1 & Pooling)

Figure 9. Overall architecture of the proposed Final Frozen EfficientNet-BO framework

3.4 Proposed Final Frozen EfficientNet-B0 architecture

EfficientNet-BO is used as the backbone network for the
proposed four-class cataract severity classification framework.
The architecture was selected because it provides an effective
balance between feature representation capability and
computational requirements through compound scaling of
network depth, width, and input resolution. In the present

study, the ImageNet-pretrained EfficientNet-BO backbone is
adapted to classify fundus images into four severity categories:
Normal, Mild, Moderate, and Severe. The overall architecture
of the proposed Final Frozen EfficientNet-BO framework is
illustrated in Figure 9.

The input to the network is a preprocessed fundus image of
size. The EfficientNet-B0O backbone progressively extracts
hierarchical visual features from the input image. The feature
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extraction process can be represented as:

F = fo(X) )
where, X represents the preprocessed fundus image, where
fo denotes the EfficientNet-BO feature extractor, and 6
represents its learnable parameters, and F denotes the
extracted feature maps.

The feature maps generated by the backbone are
subsequently aggregated using Global Average Pooling
(GAP), which summarizes the spatial information in each
channel into a single feature value and produces a compact
feature representation. For the k-th feature channel, this
operation is expressed as:

1

9 = T (©)

H w
> D RGp,
i=1 j=1

where, H and W denote the height and width of the feature
map, F, (i, j) represents the activation at location (i, j) within
the k-th channel and g, is the resulting pooled feature value.
By averaging the activations over the spatial dimensions, GAP
produces a lower-dimensional representation while preserving
the information encoded within each feature channel.

The resulting pooled features are subsequently passed
through a dropout layer with a rate of 0.30, which is used
during training to improve regularization and reduce the
likelihood of overfitting.

The dropout operation can be represented as:

g=mQyg (7
where, g represents the pooled feature vector, m denotes the
dropout mask, © represents element-wise multiplication, and
g 1s the regularized feature vector.

The resulting feature vector is subsequently passed to the
final four-class classification layer.

A fundus image is resized to 224 x 224 x 3 followed by
data augmentation during training and EfficientNet-specific
preprocessing. The preprocessed image is then passed through
the EfficientNet-BO backbone, consisting of an initial
convolutional stem and multiple MBConv blocks for
hierarchical feature extraction. The extracted features are
processed using Global Average Pooling and dropout before
being passed to a fully connected layer with four output units.
A softmax activation function produces the predicted
probabilities for the Normal, Mild, Moderate, and Severe
categories.

3.5 Four-class classification

The final classification layer maps the regularized feature
representation to the four cataract severity categories: Normal,
Mild, Moderate, and Severe. The output logits for an input
image are expressed as

z=Wg+b (®)
where, g represents the regularized feature vector after
dropout, where W and b correspond to the learnable weight
matrix and bias vector of the final fully connected layer,
respectively, and z denotes the resulting vector of class logits.
These logits are subsequently transformed into class
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probabilities using the softmax function:
The probability associated with the c-th class is computed
by applying the softmax transformation to the output logits:

e’e
P(yc|X) = s3 7 C € {0,1,2,3} 9)

j=0

The model assigns the input image to the class with the
highest predicted probability among the Normal, Mild,
Moderate, and Severe categories:

y = argmaxP(y = c| X) (10)

3.6 Loss function and training strategy

3.6.1 Loss function
Since the classification task contains four mutually
exclusive classes and integer class labels are used, sparse
categorical cross-entropy is employed as the training loss.
The loss for N training samples is defined as

N
1
Leg = = ) 10g (Biy,) an
i=1

where, y; is the ground-truth class label of the i-th image and
Diy;, is the predicted probability assigned to its class.
Optimization of this loss function promotes higher predicted
probabilities for the correct cataract severity category.

3.6.2 Model optimization
The trainable model parameters
minimizing the classification loss:

are optimized by

0" = argminLCE(G)
[

(12)
where, 8 represents the optimized model parameters.

The models were optimized using sparse categorical cross-
entropy as the objective function and the Adam optimizer. The
optimization process was monitored using validation
performance, with early stopping and adaptive learning-rate
adjustment employed to support stable convergence and
reduce unnecessary training.

3.6.3 Computational environment

Experiments were implemented using Python 3.12.13,
TensorFlow 2.20.0, Keras, and scikit-learn, and executed in
Google Colab using an NVIDIA Tesla T4 GPU.

3.6.4 Training and freezing strategy

The three EfficientNet-BO configurations were developed
using the same basic optimization framework but differed in
their training and parameter-freezing strategies. Frozen
Baseline  EfficientNet-BO  served as the reference
configuration, while Severe-Focused EfficientNet-B0
incorporated a training strategy intended to improve
recognition of the underrepresented severe class. Final Frozen
EfficientNet-B0O used the selected layer-freezing strategy, in
which designated layers remained non-trainable while the
remaining parameters were updated during optimization.

The three configurations were subsequently evaluated using
the same patient-independent test set to examine the effect of
the different training strategies on four-class cataract severity



classification.

3.6.5 Training configuration and hyperparameters

All experiments used an EfficientNet-BO backbone
initialized with ImageNet-pretrained weights. Each input
fundus image was resized to 224 x 224 x 3 and processed
using the preprocessing procedure associated with
EfficientNet-B0. Training was performed with a learning rate
of 1 x 107%, a batch size of 32, and a maximum of eight epochs.
Early stopping was configured with a patience of three epochs,
while the learning rate was reduced by a factor of 0.2 after two
consecutive epochs without improvement in the monitored
validation = performance. @~ The  three  experimental
configurations followed this common training protocol and
differed primarily in their training-data sampling procedures
and backbone layer-freezing strategies.

3.7 Evaluation metrics

Because the dataset is highly imbalanced, particularly for
the severe category, model performance is evaluated using
multiple complementary metrics rather than overall accuracy
alone.

3.7.1 Accuracy
Overall accuracy represents the proportion of test
observations that are correctly classified by the model:

Ncorrect
Accuracy = ———

(13)

total

For the four-class problem, Ny, ¢c: represents the number
of test images for which the predicted class matches the
ground-truth class.

Although accuracy provides an overall measure of
classification performance, it can be dominated by the
majority normal class in an imbalanced dataset. Therefore,
additional class-balanced measures are considered.

3.7.2 Precision

Precision quantifies the reliability of predictions assigned to
a given class. Specifically, for class c, it is defined as the
fraction of correctly classified samples among all samples
predicted as belonging to that class.

For class, precision is defined as:

TP,

Precisionc = m
c c

(14)

where, TP, indicates the number of correctly identified
samples for class ¢ and FP, denotes the number of samples
incorrectly predicted as belonging to that class.

Precision indicates the reliability of the model when
assigning a sample to a particular cataract severity category.

3.7.3 Recall

Recall measures the model's ability to correctly identify
samples belonging to a given class. For class c, it represents
the proportion of actual class ¢ samples that are correctly
recognized by the model. It is defined as:

TP,

Recall, = ——¢
e = TP, + FN,)

(15)
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where, F N, denotes the false-negative count for class c¢. Recall
is particularly important for the present study because it
indicates how effectively the model identifies the less-
represented cataract severity categories.

3.7.4 Fl-score

The F1-score was calculated separately for each of the four
classes to assess class-wise -classification performance.
Because the Severe category is substantially underrepresented,
overall accuracy alone may not adequately reflect minority-

class performance. Therefore, class-wise results were
interpreted alongside macro- and weighted-averaged
measures.

3.7.5 Macro-F1 and weighted-F1

Because of the substantial class imbalance, both macro-
averaged and weighted F1-scores were considered. Macro-F1
assigns equal importance to each of the four classes and is
therefore useful for examining minority-class performance. In
contrast, weighted-F1 accounts for the number of observations
in each class and reflects the influence of the overall class
distribution.

Both measures were reported to provide complementary
perspectives on model performance in the imbalanced four-
class classification setting.

3.7.6 Specificity and receiver operating characteristic-area
under the curve

Specificity was calculated on a class-wise basis to measure
the ability of the model to correctly identify samples that do
not belong to a particular class. Receiver operating
characteristic-area under the curve (ROC-AUC) was
calculated using a one-vs-rest strategy for the four-class
classification problem and summarized using the averaging
methods reported in the experimental results.

3.7.7 Cohen's Kappa

Cohen's Kappa quantifies the agreement between the
predicted and ground-truth class labels while accounting for
agreement that may occur by chance.

3.7.8 Matthews Correlation Coefficient

The multiclass Matthews Correlation Coefficient (MCC)
was calculated as an additional balanced measure of
classification performance based on the complete pattern of
correct and incorrect predictions across all four classes.

3.7.9 Confusion matrix

Prediction patterns were analyzed by using the confusion
matrix. The diagonal elements depict correct classification of
observations, while the off-diagonal elements depict
misclassifications between severity categories. This analysis
was particularly apt for studying the confusion between Mild,
Moderate, and Severe cases.

3.7.10 Statistical and computational evaluation

The same set of 585 independent observations was used to
assess all three configurations. Therefore, pairwise
comparisons were made with exact McNemar's test obtained
from the same observations of test items. The total, trainable,
and non-trainable parameters, trainable parameter ratio, model
size, inference time, and throughput were used to evaluate
computational characteristics.



3.7.11 Interpretability using Gradient-weighted Class
Activation Mapping

Class-specific heat maps were then created using Gradient-
weighted Class Activation Mapping (Grad-CAM), and the
regions of the image that were relevant to the predicted
cataract severity were visualized [35]. For qualitative
interpretation, the heatmaps were overlaid on the respective
fundus photographs. Because the fundus changes that may
occur in cataract patients do not always represent a localized
retinal lesion, Grad-CAM was not used as a means of clinical
localization, but rather as a qualitative interpretability tool.

4. EXPERIMENTAL RESULTS AND DISCUSSION

This section presents and interprets the experimental results
for four-class cataract severity classification using fundus
images. The four categories are Normal, Mild, Moderate, and
Severe. The patient-independent experimental protocol
consisted of 2,698 training images, 585 validation images, and
585 independent test images. The same independent test set
was used to evaluate all three EfficientNet-BO configurations.
Adam was used for model optimization with a learning rate of
1 x 107, a batch size of 32, and sparse categorical cross-
entropy was chosen as the loss function. To control the training
process and facilitate model convergence, early stopping and
adaptive learning-rate reduction were added.

4.1 Overall performance comparison

The three configurations listed in Table 3 were implemented
using TensorFlow/Keras with an ImageNet-pretrained
EfficientNet-BO backbone and evaluated using the same
independent test set.

Given the highly imbalanced distribution of the independent
test set, class-wise performance was examined across all four
severity categories. The Normal category achieved the
strongest performance across the three configurations,
consistent with its majority representation in the test set.

For the Final Frozen EfficientNet-BO, the Normal class
achieved a precision of 97.31%, a recall 0 92.17%, and an F1-
score of 94.67%. Table 4 presents the overall performance
comparison of the evaluated configurations.

Table 3. Experimental configurations

Configuration Description
Baseline configuration using a frozen
EfficientNet-B0 backbone for four-class
cataract severity classification.
Configuration incorporating a severe-class-
focused training strategy to improve
recognition of the underrepresented Severe
category.

Final configuration using controlled class
sampling, mild Severe-class augmentation,
and the selected freezing and fine-tuning
strategy.

Frozen Baseline
EfficientNet-BO

Severe-Focused
EfficientNet-B0

Final Frozen
EfficientNet-BO

Table 4. Overall performance comparison of the evaluated configurations

Metric Frozen Baseline EfficientNet-B0 Severe-Focused EfficientNet-B0 Final Frozen EfficientNet-B0
Accuracy (%) 88.21 86.32 88.38
Macro Precision (%) 44.34 53.65 53.86
Macro Recall (%) 49.07 58.95 60.92
Macro F1-score (%) 45.84 53.41 56.33
Weighted F1-score (%) 88.55 87.75 89.29
Macro Specificity (%) 92.20 92.87 93.12
Macro ROC-AUC (%) 90.75 91.49 91.60
Weighted ROC-AUC (%) 89.80 89.99 89.96
Cohen's Kappa 0.5245 0.5146 0.5655
MCC 0.5277 0.5311 0.5745

Note: ROC-AUC = Receiver operating characteristic-area under the curve, MCC = Matthews Correlation Coefficient.

Table 5. Class-wise performance comparison of the evaluated configurations

Class Metric Frozen Baseline EfficientNet-B0 Severe-Focused EfficientNet-B0 Final Frozen EfficientNet-B0
Normal Precision (%) 96.79 97.47 97.31
Recall (%) 94.32 90.41 92.17
F1-score (%) 95.54 93.81 94.67
Specificity (%) 78.38 83.78 82.43
Mild Precision (%) 41.18 33.78 43.14
Recall (%) 67.74 80.65 70.97
F1-score (%) 51.22 47.62 53.66
Specificity (%) 94.58 91.16 94.77
Moderate  Precision (%) 39.39 50.00 50.00
Recall (%) 3421 44.74 60.53
F1-score (%) 36.62 47.22 54.76
Specificity (%) 96.34 96.89 95.80
Severe Precision (%) 0.00 33.33 25.00
Recall (%) 0.00 20.00 20.00
F1-score (%) 0.00 25.00 2222
Specificity (%) 99.48 99.66 99.48
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4.2 Class-wise performance analysis

For the Mild category, Final Frozen EfficientNet-BO
achieved 43.14% precision, 70.97% recall, and 53.66% F1-
score. Its F1-score was higher than those obtained with both
Frozen Baseline EfficientNet-BO and Severe-Focused
EfficientNet-BO on the same independent test set. Overall
performance was evaluated using accuracy, macro-averaged
precision, recall, Fl-score, weighted Fl-score, specificity,
ROC-AUC, Cohen's Kappa, and MCC.

The precision, recall, F1, and specificity of those three
configurations for each class are shown in Table 5. Hence, the
results should not be taken as proof of solid clinical-level
classification of severe cataract. The results, however, show
better classification for some minority classes and acceptable
performance for intermediate severity but poor performance
for the severe class, which needs to be tested with a larger,
balanced training set.

The Severe category requires particularly cautious
interpretation because only five severe images were available
in the independent test set. Final Frozen EfficientNet-BO
correctly identified one of the five severe test images, resulting
in 20.00% recall, 25.00% precision, and 22.22% F1-score.
Although severe-class recall was higher than the 0% obtained
with Frozen Baseline EfficientNet-B0, the limited number of
severe observations prevents reliable conclusions regarding
severe-class recognition.

4.3 Receiver operating characteristic-area under the curve
analysis

The one-vs-rest receiver operating characteristic (ROC)
curves for the four classification categories are shown in
Figure 10 with the EfficientNet-BO as the final network
configuration.

Experiment 3C — One-vs-Rest ROC Curves

True Positive Rate

— Normal AUC=0.9001
Mild AUC=0.8834

—— Moderate AUC=0.8940

—— Severe AUC=0.9866

04 0.6
False Positive Rate

08 10

Figure 10. One-vs-rest receiver operating characteristic
(ROC) curves for the Final Frozen EfficientNet-BO
configuration

The ROC curves show the compromise between the true-
positive rate and false-positive rate at different classification
levels. The corresponding AUC values are 0.9001 for Normal,
0.8834 for Mild, 0.8940 for Moderate, and 0.9866 for Severe.
The AUC value was the greatest for the Severe category,
which shows good separation from the other categories when
evaluated in a ranking manner. However, this result should be
interpreted cautiously because only five Severe observations
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were available in the independent test set.

The Mild category had the lowest AUC, indicating that it
was the most difficult to distinguish from the other categories
based on the ROC analysis., suggesting that this category was
the most difficult to distinguish from other categories. Overall,
the ROC analysis shows that the system discriminates between
the four classes well, but class-wise ROC analysis should be
considered in conjunction with precision, recall, and F1-score
for each class, especially for the Severe class.

4.4 Confusion matrix analysis

The confusion matrices give additional information on the
prediction behavior of the tested configurations by class. In the
Final Frozen EfficientNet-B0, 471/511 Normal images were
correctly classified; 22/31 Mild images were correctly
classified; 23/38 Moderate images were correctly classified;
1/5 Severe images were correctly classified. For the Severe
category, four of the five severe observations were classified
as Moderate. This pattern should be interpreted cautiously
because of the extremely small number of severe observations
available for independent evaluation.

Compared with Frozen Baseline EfficientNet-BO, the
number of correctly classified Moderate cases increased from
13 to 23, consistent with the improvement in Moderate-class
recall observed in the class-wise analysis. The number of
correctly classified Severe cases increased from 0 to 1.

Overall, the confusion matrix shown in Figure 11 indicates
improved recognition of the Moderate category for Final
Frozen EfficientNet-B0O, while Severe-class recognition
remains limited.

471 24 16

Normal

Mild 22

True Class

23

Moderate

Severe

Normal Mild Moderate Severe

Predicted Class

Figure 11. Confusion matrix of the Final Frozen
EfficientNet-BO configuration on the independent test set

These results should therefore be interpreted alongside the
class-wise precision, recall, and F1-score rather than overall
accuracy alone.

4.5 Training and validation performance

The three EfficientNet-BO configurations were developed
using the prescribed training and validation protocol, while the
independent test set was excluded from model development.
The Final Frozen EfficientNet-B0 was trained for a maximum
of eight epochs, with early stopping based on validation
performance, and the best-performing model checkpoint was
retained.
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Figure 12. Training and validation accuracy of the Final
Frozen EfficientNet-B0O
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Figure 13. Training and validation loss of the Final Frozen
EfficientNet-B0

Generally, the curves show satisfactory learning without
significant differences between training and validation
performance and reasonable convergence. Figure 12 presents
the training and validation accuracy curves, whereas Figure 13
presents the corresponding training and validation loss curves.

The training accuracy increased progressively from
approximately 78.2% to 84.9%, while validation accuracy
reached its maximum of approximately 88.7% at epoch 3.

Training loss decreased consistently throughout the training
period, whereas validation loss reached its minimum of
approximately 0.32 at epoch 4 before showing a slight
increase.

These curves are used to examine training convergence and
the relationship between training and validation performance.

4.6 Gradient-weighted Class
interpretability analysis

Activation Mapping

Grad-CAM was applied to the Final Frozen EfficientNet-

BO configuration to qualitatively examine the image regions
contributing to the model's predictions.

The activation pattern was distributed throughout wider
areas of the fundus image, not focused on a specific anatomical
structure. Because the presented example was misclassified,
the highlighted regions should not be interpreted as definitive
severity-specific pathological features.

Instead, the visualization provides qualitative insight into
the image regions that influenced the model's prediction.
Further expert assessment and quantitative localization
analysis would be required to establish the clinical relevance
of these activation patterns. Figure 14 presents a representative
severe cataract case that was incorrectly classified as Mild,
together with its corresponding Grad-CAM visualization.

(2) (b)

Figure 14. Severe cataract misclassified as mild: (a) Original
image and (b) Gradient-weighted Class Activation Mapping
(Grad-CAM) map

4.7 Statistical analysis

The three EfficientNet-BO0 configurations were evaluated on
the same 585 independent test observations. Since the
predictions correspond to the same test samples, paired
statistical comparison was performed using McNemar's test.

Table 6 presents the results of the pairwise comparisons.
The comparison between Frozen Baseline EfficientNet-B0
and Severe-Focused EfficientNet-BO yielded a p-value of
0.070756, indicating no statistically significant difference at
the 0.05 significance level.

Similarly, Frozen Baseline EfficientNet-BO and Final
Frozen EfficientNet-B0O yielded a p-value of 1.000000,
indicating no statistically significant difference in their paired
prediction outcomes.

In contrast, the comparison between Severe-Focused
EfficientNet-B0 and Final Frozen EfficientNet-B0 yielded a p-
value of 0.022656, indicating a statistically significant
difference at the 0.05 significance level. Thus, a statistically
significant difference was observed only between the Severe-
Focused and Final Frozen configurations.

Table 6. McNemar's test results

. A Correct, A Incorrect, . .
Model Comparison B Incorrect B Correct Discordant Pairs Exact (p)-Value
Frozen Baseline EfficientNet-BO vs Severe-
Focused EfficientNet-B0 21 10 31 0.070756
Frozen Baseline EfficientNet-BO vs Final Frozen
EfficientNet-BO 12 13 25 1.000000
Severe-Focused EfficientNet-B0 vs Final Frozen 6 18 24 0.022656

EfficientNet-B0

4.8 Computational analysis

The computational characteristics of the three EfficientNet-
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BO configurations were evaluated in terms of parameter
counts, computational complexity, model size, CPU inference
latency, and throughput. All configurations use the same



underlying EfficientNet-B0 architecture with an input size of
224 x 224 x 3 and contain 4,054,695 total parameters. Each
model requires approximately 800,795,439 FLOPs (0.801
GFLOPs) and 400,397,719.5 MACs (0.400 GMACs) per
inference.

Because the underlying architecture is identical across the
three configurations, the total parameter count and
computational complexity remain unchanged. The differences
among the configurations are primarily related to the number
of trainable and non-trainable parameters resulting from their
respective freezing strategies and to the empirically measured
inference characteristics under the experimental environment.

The Final Frozen EfficientNet-B0 has a model size of 39.63
MB and achieved a CPU inference latency of 61.98 ms per
image, corresponding to a throughput of 16.13 images/s. The
Severe-Focused EfficientNet-BO showed the lowest measured

CPU latency of 57.02 ms per image and the highest throughput
of 17.54 images/s.

These latency and throughput differences should be
interpreted as empirical measurements obtained under the
specific implementation and CPU-based measurement
environment rather than as inherent differences in the
computational architecture. Overall, the results indicate that
the evaluated EfficientNet-BO configurations maintain
relatively low computational complexity while providing four-
class cataract severity classification. Table 7 summarizes
selected related approaches by dataset or image source,
number of classes, algorithm, TL strategy, evaluation protocol,
and reported accuracy. Because the datasets and experimental
protocols differ across studies, the reported results should not
be interpreted as direct or statistically controlled comparisons.

Table 7. Comparison of the present study with previous studies on cataract classification

Dataset / Image Algorithm / Transfer . Accuracy
Study Source Classes Method Learning (TL) Evaluation Protocol (%)
Improved Haar
. . + . .
Caoetal. [11] 1,355 retinal images 4 h\ixé?:reclgitcal No Train/test evaluation 85.98
classification
Pratap and 800 fundus images from Pretrained CNN
Kokif[l 5] multiple open-access feature extraction + Yes Train/test evaluation 92.91
datasets SVM
Yadav and Fundus images from 2D-DFT Training and testing
Yadav [23] multiple open-source spectrogram + CNN No evaluation 93.10
datasets + softmax
Fundus imaees from Pretrained AlexNet
Yadav and multiple o e%l _access + VGGNet + Yes Training and testing 9625
Yadav [24] P dataze ts ResNet + ensemble evaluation ’
of SVMs
Patient-independent
. 70:15:15
Present study 3,868 ODIR-5K- Final Frozen Yes train/validation/test split 88.38

derived fundus images

EfficientNet-BO

with an independent test set
of 585 images

Note: TL = Transfer learning; Cls. = Number of classes, CNN = Convolutional Neural Network, ODIR-5K = Ocular Disease Intelligent Recognition 5K, SVM =
Support Vector Machine.

4.9 Discussion

The Final Frozen EfficientNet-BO achieved an overall
accuracy of 88.38% on the independent patient-level test set
containing 585 fundus images. To provide a comprehensive
evaluation under the highly imbalanced four-class
distribution, additional performance measures were
considered. The model achieved 53.86% macro precision,
60.92% macro recall, 56.33% macro Fl-score, 89.29%
weighted Fl-score, 93.12% macro specificity, and 91.60%
macro ROC-AUC, along with a Cohen's Kappa of 0.5655 and
an MCC of 0.5745.

Among the four severity categories, the Final Frozen
EfficientNet-BO demonstrated improved recognition of the
Moderate category compared with the Frozen Baseline
configuration. However, performance for the Severe category
remained limited. Because only five Severe images were
available in the independent test set, the corresponding class-
wise performance measures are associated with substantial
uncertainty and should therefore be interpreted cautiously.

Pairwise statistical analysis using the exact McNemar's test
showed a statistically significant difference between the
Severe-Focused EfficientNet-BO and the Final Frozen
EfficientNet-B0, whereas no statistically significant difference
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was observed between the Frozen Baseline EfficientNet-BO
and the Final Frozen EfficientNet-B0. Therefore, the selection
of the Final Frozen EfficientNet-BO is based on its overall
balance of predictive performance, class-wise behavior, and
computational characteristics rather than on a statistically
significant improvement over the Frozen Baseline
configuration.

Previous studies have reported strong results for cataract
detection and grading using conventional ML, DL, TL,
ensemble, and ranking-based approaches. However, direct
numerical comparisons with the present study should be
interpreted cautiously because of differences in imaging
modalities, dataset composition, class definitions, sample
distributions, preprocessing procedures, data-partitioning
strategies, and evaluation protocols.

Accordingly, the present findings are primarily interpreted
through the controlled comparison of the three EfficientNet-
BO configurations evaluated using the same patient-
independent test set. The main contribution of this study is not
the introduction of a new neural network architecture, but
rather the systematic evaluation of different EfficientNet-BO
training configurations for four-class cataract severity
classification.

This evaluation includes class-wise performance analysis,



statistical comparison of two classes, computational
evaluation, and explicit treatment of the uncertainty of the
underrepresented Severe class.

5. CONCLUSION

The present study evaluated three EfficientNet-BO training
configurations for four-class cataract severity classification
from fundus images comprising the Normal, Mild, Moderate,
and Severe categories. Among the evaluated configurations,
the Final Frozen EfficientNet-BO provided the most favorable
overall balance of predictive performance, class-wise
behavior, and computational characteristics. It achieved an
accuracy of 88.38%, a macro F1-score of 56.33%, and a macro
ROC-AUC of 91.60% on the independent patient-level test
set.

The results indicate improved recognition of the
underrepresented Moderate category compared with the
Frozen Baseline configuration, whereas recognition of the
severely underrepresented Severe category remained limited.
Grad-CAM analysis provided qualitative insight into the
image regions associated with model predictions. Pairwise
comparison using McNemar's test showed a statistically
significant difference between the Severe-Focused and Final
Frozen EfficientNet-BO configurations, whereas no
statistically significant difference was observed between the
Frozen Baseline and Final Frozen EfficientNet-BO
configurations. The Final Frozen EfficientNet-B0 showed the
most favorable overall balance among the evaluated
configurations, while recognition of the severely
underrepresented Severe category remained limited.

Overall, the findings demonstrate the potential of
EfficientNet-BO for four-class cataract severity classification
under the present experimental protocol. However, the limited
number of Severe images in the independent test set and the
absence of external validation restrict the generalizability of
the findings. Future work should evaluate the approach using
larger, more balanced, clinically annotated, and externally
validated multicenter datasets, with particular emphasis on
improving the classification of the underrepresented Severe
category.
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