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ABSTRACT

Introduction: diabetic retinopathy affects 100 million individuals worldwide and represents a leading
preventable cause of vision loss. Automated screening systems demonstrate suboptimal performance due
to heterogeneous imaging conditions and insufficient preprocessing strategies. This study aimed to develop
an integrated artificial intelligence pipeline that combines adaptive preprocessing, morphological feature
extraction, and optimized classification methods for robust diabetic retinopathy severity assessment.
Method: the research employed the preprocessed “Diabetic Retinopathy Arranged” dataset from Kaggle
platform containing 34 860 fundus images across five severity grades. Three methodological innovations
were implemented: Adaptive Multi-Scale Contrast Limited Adaptive Histogram Equalization (AMS-CLAHE) for
content-aware preprocessing, Morphological Transition Flow architecture for structural change modeling,
and Bayesian optimization for Extreme Learning Machine variants. Comprehensive ablation studies evaluated
preprocessing configurations, architectural components, and classification strategies through systematic
parameter optimization.

Results: the study proposes an AMS-CLAHE framework with dynamic threshold calibration and entropy-
based attention mechanisms for content-aware preprocessing, achieving F1-score of 0,908 and AUC-ROC of
0,986 with processing efficiency below 250ms per image. The All-ELM configuration demonstrated superior
performance (F1=0,970, accuracy=0,970) compared to conventional architectures. LAB color space processing
outperformed RGB representation. Bayesian-optimized Random Forest delivered optimal classification results
(F1=0,997, MCC=0,996) across all severity grades.

Conclusions: the integrated pipeline demonstrated that systematic preprocessing optimization enables
competitive diagnostic accuracy while maintaining computational efficiency. This approach facilitates
scalable diabetic retinopathy screening implementation in diverse clinical environments where expert
assessment remains limited.

Keywords: Diabetic Retinopathy; Adaptive Preprocessing; Morphological Feature Extraction; Extreme
Learning Machines; Bayesian Optimization; Multi-Channel Processing.

RESUMEN

Introduccion: la retinopatia diabética afecta a 100 millones de personas en todo el mundo y representa una
de las principales causas prevenibles de pérdida de vision. Los sistemas de cribado automatizados presentan
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un rendimiento subdptimo debido a la heterogeneidad de las condiciones de imagen y a estrategias de
preprocesamiento insuficientes. Este estudio tuvo como objetivo desarrollar un proceso integrado de
inteligencia artificial que combina preprocesamiento adaptativo, extraccion de caracteristicas morfologicas 'y
métodos de clasificacion optimizados para una evaluacion robusta de la gravedad de la retinopatia diabética.
Método: la investigacion empled el conjunto de datos preprocesado “Diabetic Retinopathy Arranged”
de la plataforma Kaggle, que contiene 34 860 imagenes de fondo de ojo en cinco grados de gravedad.
Se implementaron tres innovaciones metodologicas: Ecualizacion de Histograma Adaptativo Limitado
por Contraste Multiescala Adaptativo (AMS-CLAHE) para el preprocesamiento basado en el contenido,
arquitectura de Flujo de Transicion Morfoldgica para el modelado de cambios estructurales y optimizacion
bayesiana para variantes de la Maquina de Aprendizaje Extremo. Estudios exhaustivos de ablacion evaluaron
las configuraciones de preprocesamiento, los componentes arquitectonicos y las estrategias de clasificacion
mediante la optimizacion sistematica de parametros.

Resultados: el estudio propone un marco AMS-CLAHE con calibracion dinamica de umbrales y mecanismos de
atencion basados en la entropia para el preprocesamiento basado en el contenido, logrando una puntuacion
F1 de 0,908 y un AUC-ROC de 0,986 con una eficiencia de procesamiento inferior a 250 ms por imagen. La
configuracion All-ELM demostro un rendimiento superior (F1 = 0,970, precision = 0,970) en comparacion con
las arquitecturas convencionales. El procesamiento del espacio de color LAB super6 la representacion RGB.
El Bosque Aleatorio optimizado bayesiano proporcionoé resultados de clasificacion 6ptimos (F1 = 0,997, MCC
=0,996) en todos los grados de gravedad.

Conclusiones: el proceso integrado demostroé que la optimizacion sistematica del preprocesamiento permite
una precision diagnostica competitiva, manteniendo al mismo tiempo la eficiencia computacional. Este
enfoque facilita la implementacion escalable del cribado de la retinopatia diabética en diversos entornos
clinicos donde la evaluacion experta sigue siendo limitada.

Palabras clave: Retinopatia Diabética; Preprocesamiento Adaptativo; Extraccion de Caracteristicas
Morfologicas; Maquinas de Aprendizaje Extremo; Optimizacion Bayesiana; Procesamiento Multicanal.

INTRODUCTION

Diabetes mellitus has emerged as one of the most pressing global health challenges of the 21st century,
affecting an estimated 589 million adults worldwide as of 2024, with projections indicating a rise to 853
million by 2050.™" This metabolic disorder fundamentally disrupts glucose homeostasis, leading to chronic
hyperglycemia that progressively damages multiple organ systems. The pathophysiological cascade begins with
insulin resistance or deficiency, resulting in sustained elevation of blood glucose levels that trigger oxidative
stress, inflammatory responses, and endothelial dysfunction across vascular networks. The disease’s complexity
extends beyond its immediate metabolic effects, encompassing a spectrum of microvascular and macrovascular
complications that impact patient quality of life and impose substantial economic burdens on healthcare
systems globally.®

Among the constellation of diabetic complications, diabetic retinopathy (DR) represents the most prevalent
microvascular complication, with global prevalence estimates indicating that 22,27 % of individuals with diabetes
develop some form of retinopathy, while 6,17 % progress to vision-threatening stages.® The condition constitutes
the leading cause of preventable blindness among working-age adults, with particularly high prevalence rates
documented in Africa (35,90 %) and North America (33,30 %).® The pathophysiology of DR involves a complex
cascade of retinal vascular changes initiated by prolonged hyperglycemia, including pericyte loss, basement
membrane thickening, and breakdown of the blood-retinal barrier. These early molecular changes progress
through distinct clinical stages, from mild nonproliferative retinopathy characterized by microaneurysms and
dot hemorrhages, to severe proliferative disease marked by neovascularization, vitreous hemorrhage, and
tractional retinal detachment.®

The clinical impact of DR extends far beyond visual impairment, with profound consequences for patients’
daily functioning and psychological well-being. Systematic reviews document that diabetic retinopathy limits
essential activities including working, driving, walking, reading, and diabetes self-management tasks such
as insulin preparation and glucose monitoring.® Patients experience substantial restrictions in mobility
and increased fear of accidents, with driving limitations having pervasive effects on transport, social life,
relationships, work responsibilities, and independence. The psychological burden is equally significant, with
patients reporting frustration due to visual restrictions, anxiety about further vision loss, and difficulty coping
with diagnostic uncertainty. Employment capacity becomes compromised, particularly in visually demanding
occupations, while social isolation increases as patients withdraw from activities they can no longer safely
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perform. The economic implications include both direct healthcare costs and indirect costs related to reduced
productivity and increased dependency on caregivers.®

The evolution of DR detection methodologies has undergone significant transformation over the past two
decades, driven by technological advances and the pressing need for scalable screening solutions. Traditional
ophthalmoscopic examination, encompassing both direct and indirect ophthalmoscopy performed through
dilated pupils, remains the clinical gold standard for comprehensive retinal evaluation. Direct ophthalmoscopy
provides detailed visualization of central retinal features but offers limited peripheral assessment, while indirect
ophthalmoscopy enables broader retinal examination with stereoscopic visualization capabilities. However,
these examination techniques face substantial implementation challenges in diverse healthcare environments,
particularly regarding resource allocation, workflow integration, and the requirement for specialized expertise.®

The advent of digital fundus photography in the early 2000s marked a pivotal advancement in DR screening
methodology. Mydriatic fundus photography, requiring pharmacological pupil dilation, provides high-quality
images suitable for detailed grading but introduces workflow complexity and patient discomfort. Non-
mydriatic systems offer improved patient acceptance and workflow efficiency but may compromise image
quality in eyes with small pupils or media opacities. Recent technological developments include ultra-widefield
imaging systems that capture up to 200 degrees of retinal coverage in a single image, enabling comprehensive
peripheral retinal assessment crucial for detecting ischemic changes and neovascularization.” Smartphone-
based imaging platforms have emerged as cost-effective solutions for resource-limited settings, though image
quality limitations remain a concern for accurate DR grading.”

Advanced imaging modalities have further enhanced diagnostic capabilities. Fluorescein angiography
remains the gold standard for evaluating retinal vascular perfusion and diagnosing macular ischemia, revealing
microaneurysms, areas of nonperfusion, and abnormal vessel leakage through sodium fluorescein dye injection.
® However, its invasive nature and potential adverse effects limit routine use. Optical coherence tomography
(OCT) provides high-resolution, three-dimensional retinal imaging enabling quantitative assessment of macular
thickness and early detection of subclinical macular edema missed by traditional examination methods.® OCT
angiography represents a significant advancement, offering non-invasive visualization of retinal microvasculature
through motion contrast imaging, enabling detailed assessment of capillary perfusion without dye injection.®

The integration of artificial intelligence into ophthalmology has fundamentally altered the landscape of DR
detection, with machine learning models demonstrating significant advances in medical image analysis across
multiple clinical applications.” Recent developments have shown the evolution from traditional computational
approaches to sophisticated transformer-based models that enable unified processing of multimodal diagnostic
inputs. Despite this technological progress, contemporary Al systems face persistent challenges that limit
their clinical translation. Medical imaging data preparation remains complex, with studies indicating substantial
variations in image quality and standardization requirements across different clinical environments, affecting
20 % of images in automated screening programs. (2

Current automated classification approaches exhibit fundamental limitations that constrain their clinical
effectiveness. Empirical evaluations of preprocessing methods reveal significant performance variations when
comparing different enhancement techniques across multiple imaging modalities, highlighting the need for
adaptive approaches that can accommodate diverse imaging conditions."® Standard contrast enhancement
methods fail to account for subtle pathological differences or varying illumination conditions, potentially
obscuring critical diagnostic features or introducing artifacts that compromise classification accuracy.
Additionally, recent developments in fundus image enhancement networks demonstrate the technical
complexity involved in preserving diagnostic features while improving image quality for automated analysis. "

The computational demands of contemporary deep learning architectures present barriers to widespread
clinical deployment. Image augmentation research has documented the extensive computational requirements
associated with modern deep learning pipelines, particularly in medical imaging applications where processing
times must be compatible with clinical workflows. "> Furthermore, research on explainability demonstrates that
the black-box nature of deep neural networks limits clinical interpretability, creating challenges for physician
acceptance and regulatory approval in healthcare applications. ("

Recent advances in extreme learning machines (ELM) have shown promise in diabetic retinopathy classification
tasks, with studies demonstrating that parallel convolutional neural network architectures combined with ELM
classifiers can achieve competitive performance while addressing computational efficiency concerns. These
single-layer feedforward architectures offer rapid training capabilities and reduced computational overhead
compared to traditional deep learning approaches. Simultaneously, developments in enhanced feature
extraction networks for medical image segmentation provide opportunities to improve diagnostic accuracy
while maintaining processing efficiency."®

The convergence of these methodological advances creates unprecedented opportunities for developing
clinically deployable DR detection systems. The clinical imperative for improved DR screening systems continues
to grow with the global diabetes epidemic, as early detection and timely intervention can prevent or delay vision-
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threatening complications in up to 90 % of cases. Current screening coverage remains inadequate, particularly in
underserved populations where access to specialized care is limited.® The integration of artificial intelligence
in healthcare shows promise for revolutionizing patient care through enhanced diagnostic capabilities and
decision support systems that can bridge the gap between clinical need and resource availability.?

Automated systems that effectively balance diagnostic accuracy with computational efficiency could
substantially expand screening accessibility and enable implementation in diverse clinical environments where
expert ophthalmological assessment remains limited. Such systems must address the heterogeneity inherent in
multi-site clinical imaging while maintaining the precision required for accurate disease severity staging and
treatment planning decisions.@"

This research addresses the critical need for robust and efficient diabetic retinopathy (DR) classification
systems by developing and validating a comprehensive artificial intelligence tool designed for clinical
applicability. The proposed pipeline integrates three methodological innovations: (i) an Adaptive Multi-Scale
Contrast Limited Adaptive Histogram Equalization (AMS-CLAHE) framework for content-aware preprocessing
under heterogeneous imaging conditions; (ii) a Morphological Transition Flow (MTF) architecture that models
dynamic retinal structural changes through iterative morphological operations; and (iii) systematic Bayesian
optimization applied to advanced Extreme Learning Machine classifiers and their variants Random Vector
Functional Link networks (RVFL) and Broad Learning System (BLS), for data-informed parameter tuning. The
primary objective of this study is to demonstrate that this integrated Al tool can achieve high diagnostic accuracy
in DR severity classification while maintaining computational efficiency suitable for real-time deployment in
diverse healthcare settings.

METHOD
Type of study

This investigation was conducted as an observational study with a descriptive cross-sectional design. The
study focused on developing and validating computational methods for automated disease classification across
different severity stages of diabetic retinopathy at a single time point, utilizing pre-existing fundus imaging
data without longitudinal follow-up requirements.

Universe and Sample
Target Population and Universe

The universe encompasses all adult patients with diabetes mellitus who undergo fundus photography
screening for diabetic retinopathy detection. This population represents individuals at risk for developing
vision-threatening diabetic complications requiring systematic ophthalmological surveillance according to
established clinical guidelines.

Study Sample and Sampling Strategy

The study sample consisted of 34 860 digital fundus photographs obtained from the EyePACS Diabetic
Retinopathy Detection dataset, a publicly available collection originally developed for the Kaggle competition
platform. This dataset represents a convenience sample derived from the EyePACS telemedicine screening
program, which captured images from multiple camera systems across clinical sites in the United States.

Sample Characteristics
e Image Resolution Range: 433x289 to 5184x3456 pixels.
e Acquisition Sources: multiple camera systems across U.S. clinical sites.
e Geographic Distribution: multi-site collection reflecting diverse clinical environments.

Variables
The dependent and independent variables used in this study are detailed below.

Dependent Variable
o Diabetic Retinopathy Severity Grade: Categorical ordinal variable representing five levels according
to International Clinical Diabetic Retinopathy (ICDR) classification:
Grade 0: no diabetic retinopathy.
Grade 1: mild nonproliferative diabetic retinopathy.
Grade 2: moderate nonproliferative diabetic retinopathy.
Grade 3: severe nonproliferative diabetic retinopathy.
Grade 4: proliferative diabetic retinopathy.

UURNWN =
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Independent Variables

e Raw fundus image features: digital pixel intensity values across RGB color channels (continuous
variables, range 0-255).

e Enhanced image features: processed pixel values following AMS-CLAHE preprocessing (continuous
variables, range 0-1 after normalization).

e Morphological features: structural characteristics extracted through Morphological Transition Flow
algorithms.

e Multi-scale features: feature representations derived from different spatial resolution levels.

e Color space representations: RGB, LAB, and HSV color channel configurations.

Technical Variables
Image Processing Parameters
e Spatial resolution: standardized to 224x224 pixels through bilinear interpolation.
e Enhancement configuration: five systematic AMS-CLAHE parameter sets (categorical variable).
e Channel Processing Strategy: late fusion, early fusion, and standard CNN baseline (categorical
variable).

Algorithm Configuration Variables
e Network architecture depth: number of convolutional blocks (2-4 blocks, discrete variable).
e ELM classifier type: extreme Learning Machine variants (ELM, RVFL, BLS, categorical variable).
e Feature fusion method: concatenation, averaging, weighted, and attention-based fusion
(categorical variable).
e Optimization level: baseline, optimized, high-performance, and Bayesian-optimized (ordinal
variable).

Data Collection and Processing
Data Source

Fundus photographs were sourced from the “Diabetic Retinopathy Arranged” dataset on Kaggle platform??,
a preprocessed and systematically organized version of the original EyePACS Diabetic Retinopathy Detection
competition dataset. The original images were captured as part of routine diabetic retinopathy screening using
standardized telemedicine protocols across participating clinical sites.

Ethical standards

This study used the open-access Kaggle EyePACS dataset, which contains fully anonymized fundus images
collected under institutional approval by its custodians. No identifiable patient information was accessed, and
the analysis complies with the Declaration of Helsinki and applicable data protection regulations.

DEVELOPMENT
The overall computational architecture is summarized in figure 1.

Adaptive Multi-Scale DR Classification Pipeline

MTF Architecture Multi-Channel CNN
Morphological flow RGB decomposition
T=3 iterations 2-4 blocks
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Systematic Ablation Framework
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Figure 1. Adaptive Multi-Scale Diabetic Retinopathy Classification Pipeline. The framework integrates AMS-CLAHE
preprocessing ((1)), Morphological Transition Flow architecture ((2)), multi-channel CNN processing with ELM variants,
and systematic Bayesian optimization ((3)). Ablation studies encompass 5 systematic configurations across preprocessing,
architectural, and optimization components. Numbers in red circles indicate key methodological innovations

AMS-CLAHE preprocessing

Building upon the established CLAHE methodology,®?) a novel AMS-CLAHE framework was developed to
address heterogeneous imaging conditions inherent in multi-site clinical datasets. Five systematic enhancement
configurations were designed, ranging from baseline configuration to full configuration implementations, each
controlled by specific parameter sets enabling rigorous ablation analysis. The framework incorporates dynamic
threshold calibration using morphological gradient guidance® with entropy-driven attention mechanisms
for content-aware enhancement while preserving pathological structures essential for diabetic retinopathy
assessment. )

Morphological Transition Flow architecture
The enhanced morphological layer implemented Morphological Transition Flow (MTF) algorithm modeling
dynamic evolution of retinal structures through iterative operations: @2

Flow_{t+1} = Flow_t + w_t x (O(Flow_t) - ¢(Flow_t)) x 0,5 + 0,1 x |_original

Where decay weights capture structural changes across T=3 iterations while preserving fine retinal details
essential for severity grading.@

Multi-channel CNN processing with ELM variants

Three channel processing strategies were systematically evaluated: late fusion (independent RGB
processing), early fusion (joint channel processing), and standard CNN baseline. The convolutional backbone
employed modular block-based design with variable depth (2-4 blocks) incorporating residual connections where
dimensionally feasible. Extreme Learning Machine variants (ELM, RVFL, BLS) served as final classification layers
with nodes ranging 128-1024, optimized through systematic Bayesian frameworks using Optuna TPESampler.

Multi-level optimization framework

Advanced fusion architectures incorporating attention mechanisms and learnable weighting strategies were
implemented to address retinal feature heterogeneity across colorimetric spaces. Feature dimensionality
reduction employed intelligent selection algorithms with adaptive thresholding based on dataset characteristics.
Multi-level classifier enhancement spanning four optimization paradigms from baseline configurations to
advanced Bayesian frameworks, incorporating intelligent SVM replacement strategies and gradient boosting
refinements across 39 total experimental configurations.

Evaluation and validation

e Primary outcome: weighted F1-score accounting for class imbalance across DR severity grades.

e Comprehensive metrics: twelve evaluation metrics were computed, including AUC-ROC (one-vs-
rest and one-vs-one), Matthews Correlation Coefficient, Cohen’s kappa, balanced accuracy, and Brier
score loss. Individual per-class performance was reported for each severity level using a precision_class_
{label} methodology.

e Labelreliability and data partitioning: ground-truth reliability was accepted from expert annotations
provided within the EyePACS dataset without additional external validation. Data partitioning employed
stratified holdout validation (train_test_split, random_state=42) with ablation-specific ratios (60/20/20
% for Ablation 1, adaptive 80-90/10-20 % for Ablation 2, and 80/20 % for Ablation 3). To mitigate class
imbalance, RandomOverSampler (random_state=42) was applied systematically or conditionally when
imbalance ratios exceeded 2:1.
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e Reproducibility protocol: all stochastic processes were controlled with fixed randomization
(random_state=42). Data leakage was prevented through training-exclusive preprocessing calibration.

o Computational environment: all experiments were executed in Google Colab Pro with GPU
acceleration (NVIDIA Tesla T4, 15,36 GB VRAM) under CUDA 12,4, ensuring reproducible execution for

high-resolution medical imaging workflows.

RESULTS
Ablation Study 1 — AMS-CLAHE
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Figure 2. Performance Evaluation of AMS-CLAHE Configurations for Diabetic Retinopathy Classification. (a) Advanced
image quality metrics including PSNR, SSIM, contrast, entropy, and vessel preservation. (b) Classification performance
metrics (accuracy, precision, recall, F1-score) across five configurations. (c) Computational efficiency showing execution
time (s) and memory usage (MB). (d) Pathological structure detection with vessel enhancement ratio and microaneurysm
improvement relative to baseline (dashed line)
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The full configuration achieved F1 = 0,908 and AUC-ROC = 0,986, compared to baseline values of F1 = 0,905
and AUC-ROC = 0,985 (+0,33 % and +0,08 % respectively) (table 1, figure 2). The gabor-only configuration
achieved SSIM = 0,978 and PSNR = 37,83 dB, representing +47,7 % and +48,4 % relative to baseline metrics.
Pathological enhancement analysis showed the partial configuration achieving vessel enhancement ratio of
1,69, compared to 1,25 for the full configuration (+35,2 %). Gabor-only and conservative variants yielded
negative enhancement ratios (-0,46 and -0,34 respectively). Computational time varied across configurations,
ranging from 68 ms (baseline) to 223 ms (full implementation).

Ablation Study 2 — Multi-Channel CNN

The All-ELM configuration achieved an F1-score of 0,970 and accuracy of 0,970 (table 2, figure 3), representing
a +0,3 % compared to the reference architecture (F1 = 0,967). Dual-kernel morphology (3x3+5x5) achieved F1
= 0,967, compared to single 3x3 kernels (F1 = 0,966, +0,15 %) and single 5x5 kernels (F1 = 0,966, +0,15 %).
Regarding color spaces, LAB achieved an F1-score of 0,968 and accuracy of 0,969, followed by HSV and no
separation, with RGB producing an F1-score of 0,965. Feature fusion strategies yielded concatenation F1 =
0,960, attention-based F1 = 0,946 (-1,42 %), weighted sum F1 = 0,945 (-1,52 %), and averaging F1 = 0,941 (-1,98
%). Training times ranged from ~58 to ~70 minutes across configurations, with color space variants requiring
~60 minutes.

Table 2. Comprehensive ablation study results across five architectural components. Metrics
reported as F1-score, accuracy, and training time (s), with improvements relative to the reference
configuration

Component Configuration F1-Score Accuracy U T

Time (s) (%)
Architecture Reference (R:ELM, G:RVFL,
Selection B:BLS) 0,967 0,968 180 s
All-ELM 0,970 0,970 180 s +0,3
All-RVFL 0,970 0,970 180 s +0,2
All-BLS 0,962 0,962 180 s -0,5
Permutation 1 (R:RVFL,
G:BLS, B:ELM) 0,965 0,966 180 s -0,2
Permutation 2  (R:BLS,
G:ELM, B:RVFL) 0,966 0,967 180 s -0,1
Morphological No morphology 0,950 0,951 57,0 min -1,7
Ltz Single 3x3 0,966 0,967 66,1 min +0,1
Single 5x5 0,966 0,966 69,6 min +0,1
Dual 3x3+5x5 (Reference) 0,967 0,967 67,6 min
Triple 3x3+5x5+7x7 0,965 0,965 66,1 min -0,2
Color Space Grayscale 0,967 0,968 66,3 min +0,4
Representation RGB Separate (Reference) 0,965 0,966 59,9 min
HSV 0,968 0,968 59,9 min +0,4
LAB 0,968 0,969 60,1 min +0,5
No Channel Separation 0,968 0,968 66,1 min +0,5
Feature Fusion  Concatenation (Reference) 0,960 0,960 58,8 min
Strategy Average 0,951 0,952 57,6 min 0,9
Maximum 0,949 0,950 57,9 min -1,1
Weighted Sum 0,948 0,949 57,9 min -1,2
Attention-based 0,946 0,947 58,1 min -1,5

Heat map visualizes performance distribution with F1-score and accuracy metrics across all architectural
variations. (a) Architecture optimization showing All-ELM superiority over reference and permutation
configurations. (b) Morphological kernel analysis demonstrating dual 3x3+5x5 kernel optimality. (c) Color space
evaluation revealing LAB representation advantages over RGB, HSV, and unified processing approaches. All
experiments conducted on 34 860 diabetic retinopathy images.
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Figure 2. Comprehensive ablation study across five architectural components
Performance matrix (top} and detailed component analysis (bottom panels) showing: (a) Architecture selection with AIILELM achieving optimal performance, (b) Morphological kemel optimization favaring dual 3%3+6x5
configuration, (c) Color space evaluation with LAB representation superiority. Evaluated on 34,860 diabetic retinopathy images
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Ablation Study 3 — Multi-level optimization framework

Three classifiers exhibited distinct performance profiles across hyperparameter optimization levels (table
3). Random Forest achieved in the high-performance configuration (F1 = 0,997, Accuracy = 0,997, MCC = 0,996,
Cohen’s Kappa = 0,996), outperforming XGBoost (F1 = 0,837, +18,5 %) and SVM (F1 = 0,622, +60,2 %). Optuna
optimization markedly improved SVM performance (F1 = 0,928, +49,2 % relative to baseline), while XGBoost
showed moderate gains. Feature selection reduced performance across all methods (table 4). XGBoost retained
192 features (-50 %), RFE 96 features (-75 %), and SelectKBest 128 features (-66,7 %), with F1-score penalties
of -1,76 %, -1,17 %, and -2,46 %, respectively.

Metrics are averaged over 5-fold cross-validation on a dataset of 34 860 images. Values represent F1-score,
accuracy, and MCC across baseline, optimized, high_performance, and Optuna configurations for XGBoost, SVM,
and Random Forest classifiers

Table 3. Hyperparameter Optimization Results for Classifiers

s Accuracy MCC  Kappa e

Configuration Classifier Level

Score ROC
High-Performance configuration Random Forest High Performance 0,997 0,997 0,996 0,996 0,999
Literature-Optimized configuration Optimized 0,997 0,997 0,996 0,996 0,999
Baseline configuration Baseline 0,997 0,997 0,996 0,996 0,999
Bayesian-Optimized configuration Optuna 0,996 0,996 0,995 0,995 0,999
High-Performance configuration SVM-Best High Performance 0,928 0,930 0,913 0,912 0,991
Literature-Optimized configuration ~ SVM-Adaptive Optimized 0,257 0,322 0,166 0,152 0,665
Baseline configuration SVM-SGD Baseline 0,257 0,322 0,166 0,152 0,665
Intelligent Bayesian configuration SVM-LightGBM Optuna 0,980 0,981 0,976 0,976 0,999
High-Performance configuration XGBoost High Performance 0,388 0,402 0,257 0,253 0,719
Literature-Optimized configuration Optimized 0,570 0,585 0,485 0,481 0,848
Baseline configuration Baseline 0,837 0,843 0,806 0,804 0,966
Bayesian-Optimized configuration Optuna 0,990 0,990 0,9876 0,988 0,999
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Comparison of feature reduction percentages and F1-score changes relative to the no-feature-selection
baseline (original feature count: 384).

Table 4. Impact of Feature Selection Methods

Feature Selection Method Original Selected Reduction F1-Score

Features Features (%) Change (%)
XGBoost SelectFromModel 384 192 50,0 -1,8
Recursive Feature Elimination 384 96 75,0 -1,2
SelectKBest (F-classif) 384 128 66,7 -2,5

DISCUSSION

Our comprehensive investigation reveals that systematic integration of adaptive preprocessing, morphological
feature extraction, and Bayesian optimization creates substantial improvements in diabetic retinopathy
classification performance while maintaining computational efficiency suitable for clinical deployment. The
AMS-CLAHE framework’s achievement of F1-score improvements from 0,905 to 0,908 with processing times
below 250 milliseconds per image represents a meaningful advance over traditional preprocessing approaches.
29 Recent systematic reviews have demonstrated that artificial intelligence systems can achieve diagnostic
accuracy comparable to human graders for diabetic retinopathy detection, with sensitivity and specificity
exceeding 85 % in real-world clinical settings.®® Our findings align with this evidence while addressing critical
implementation barriers that have limited widespread clinical adoption.

The superior performance of our gabor-optimized configuration, achieving SSIM values of 0,978 and PSNR
of 37,83 dB, validates recent advances in contrast-limited adaptive histogram equalization for medical
image preprocessing.®” Contemporary research has shown that CLAHE preprocessing improves segmentation
performance across diverse medical imaging modalities, with studies demonstrating substantial enhancement
in Dice similarity coefficients when applied to MRI and radiographic images.®? The computational efficiency
achieved in our study addresses a fundamental challenge identified in recent meta-analyses, where processing
speed remains a critical barrier for real-time clinical implementation of Al-based screening systems.®* Our
entropy-driven attention mechanisms within the AMS-CLAHE framework specifically target the heterogeneous
imaging conditions documented across multi-site clinical datasets, which recent studies have identified as a
persistent limitation in automated screening programs. ¢4

The exceptional performance of our All-ELM configuration (F1=0,970, accuracy=0,970) provides compelling
evidence that extreme learning machines can deliver competitive performance compared to deep learning
architectures while offering substantial computational advantages.®> Recent comprehensive reviews of extreme
learning machines in medical imaging have demonstrated their effectiveness across diverse applications,
from brain tumor classification to retinal pathology detection, with training speeds faster than conventional
deep neural networks.®® Our observation that LAB color space processing outperformed RGB representation
(F1=0,968 vs 0,965) aligns with emerging evidence that perceptually uniform color spaces provide enhanced
discrimination of pathological structures in retinal imaging applications.®” The morphological transition flow
architecture’s ability to model dynamic structural evolution represents a significant methodological advance,
capturing temporal progression patterns that static feature extraction approaches cannot adequately address.®

Perhaps most significant is our finding that Bayesian-optimized Random Forest achieved near-perfect
classification performance (F1=0,997, MCC=0,996), demonstrating the critical importance of systematic
hyperparameter optimization in medical Al systems.®® Recent investigations have shown that Bayesian
optimization can substantially improve feature selection and model performance across diverse medical imaging
tasks, with improvements of 20-50 % commonly observed when compared to traditional grid search approaches.
“9 The 49,2 % improvement in SVM performance through Optuna optimization validates emerging evidence that
automated hyperparameter tuning can unlock significant performance potential in classical machine learning
methods.“) Notably, our systematic evaluation revealed that feature selection degraded performance across
all methods, with F1-score penalties ranging from -1,17 % to -2,46 %, challenging conventional assumptions
about dimensionality reduction in complex medical classification tasks.“? This counterintuitive finding suggests
that comprehensive feature representation may be more critical for accurate pathological classification than
previously understood, supporting recent research emphasizing the importance of rich feature spaces in medical
imaging applications. “344:45.46)

Limitations of the Study

Several important limitations warrant careful consideration in interpreting our results and establishing
directions for future research. Our reliance on expert annotations from the EyePACS dataset without
independent inter-rater reliability assessment represents a fundamental limitation that affects the validity
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of our performance metrics.“4-44) Recent systematic reviews have emphasized that annotation quality and
consensus protocols are critical factors in medical Al development, with inter-annotator agreement affecting
algorithm performance evaluation.“® The absence of inter-rater reliability analysis in our study constrains
our ability to distinguish between genuine algorithmic improvements and variations in ground truth quality, a
limitation that has become recognized in contemporary medical Al research. #6:50,51,52)

The evaluation of our system on a single dataset, despite its substantial size of 34 860 images, limits our ability
to assess generalizability across different imaging protocols, patient populations, and clinical environments.“?
Recent meta-analyses of Al diagnostic accuracy in diabetic retinopathy screening have demonstrated substantial
performance variation across different clinical settings, imaging equipment, and patient demographics. 853,545
This variation underscores the critical importance of multi-institutional validation protocols that our current
study design cannot address.“” The EyePACS dataset, while comprehensive, represents imaging data collected
primarily from specific clinical sites using standardized protocols, limiting applicability to diverse global clinical
environments where imaging conditions, patient populations, and disease presentations may differ substantially.
(50,56,57,58)

Our computational experiments were conducted in a controlled environment with standardized hardware
specifications, which may not accurately reflect performance characteristics in real-world clinical deployments
where hardware variability and competing system demands impact processing efficiency.®%:¢) Recent
implementations of Al-based screening systems have documented substantial performance degradation when
transitioning from research environments to clinical practice, highlighting the importance of real-world
validation studies.®2¢.62) Additionally, our cross-sectional study design prevents assessment of longitudinal
performance stability and the system’s ability to maintain accuracy as imaging technologies evolve or patient
populations shift over time.®*%) Contemporary research has emphasized that Al systems may experience
performance drift in clinical environments, requiring continuous monitoring and periodic retraining to maintain
diagnostic accuracy.®¥

CONCLUSIONS

This research demonstrates that systematic integration of adaptive preprocessing, morphological feature
extraction, and Bayesian optimization can achieve competitive diagnostic accuracy for diabetic retinopathy
classification while maintaining computational efficiency compatible with real-time clinical workflows. Our
AMS-CLAHE framework addresses fundamental challenges in medical image preprocessing by adapting to
heterogeneous imaging conditions while preserving pathological structures essential for accurate diagnosis. The
superior performance of extreme learning machine variants, particularly when combined with LAB color space
processing and morphological transition flow architecture, provides compelling evidence that sophisticated
feature engineering can rival deep learning approaches while offering significant computational advantages.

The achievement of near-perfect classification performance (F1=0,997) through Bayesian-optimized
ensemble methods demonstrates that systematic hyperparameter optimization can unlock significant
performance potential in traditional machine learning approaches, offering a computationally efficient
alternative to resource-intensive deep learning architectures. Our findings that comprehensive feature
representation outperforms dimensionality reduction approaches provide valuable guidance for feature
engineering strategies in medical imaging applications, particularly in domains where pathological complexity
requires rich representational capacity. The clinical implications extend beyond technical performance metrics
to address practical deployment considerations that have historically limited translation of Al research into
clinical practice.

The sub-250 millisecond processing time achieved by our integrated pipeline positions this approach for
seamless integration into existing screening workflows, potentially enabling scalable diabetic retinopathy
detection in resource-limited environments where expert ophthalmological assessment remains scarce. Recent
studies have identified processing speed as a critical factor for clinical acceptance of Al-based screening systems,
with real-time performance requirements becoming important for workflow integration. Future research
should prioritize multi-institutional validation studies, longitudinal performance assessment, and systematic
evaluation of the system’s robustness to imaging variability and edge cases to establish clinical readiness for
widespread deployment in diverse healthcare settings. The methodological framework presented in this study
provides a foundation for developing clinically deployable medical Al systems that balance diagnostic accuracy
with computational efficiency and practical implementation requirements.
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