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ABSTRACT

Type 2 Diabetes Mellitus (DM2) is a complex, multifactorial metabolic condition that imposes significant public
health challenges globally. Early screening is pivotal to preventing irreversible microvascular and macrovas-
cular complications. While contemporary computer vision applications leveraging deep learning and classical
classifiers report near-perfect classification accuracies when processing iris images, they frequently exhibit
methodological flaws. These shortcomings include high risks of data leakage due to identity overlap, sample
size constraints, and a critical absence of systematic generalization audits. This study establishes a rigorous,
bias-controlled experimental pipeline to critically evaluate whether stable diagnostic signals exist within struc-
tural iris patterns.

Incorporating strict person-based data partitioning to entirely isolate individual identities between the training
and testing sets, we map global and regional variations using multi-family classification models. A baseline glob-
al architecture utilizing a Multi-Layer Perceptron (MLP) yields a robust accuracy of 92.36% under full identity
control, demonstrating low variance across folds (o = 3.59 pp). Furthermore, fine-grained spatial decompo-
sition-conducted via a 12x12 micro-regional mesh and 100 concentric radial coronas-reveals that predictive
signal topology is highly stratified. Rather than being homogeneously distributed, discriminative signals exhibit
localized concentration within an intermediate radial depth (coronas 55-65), offering a compelling topological
basis for non-invasive metabolic screening.

Keywords: Type 2 Diabetes Mellitus; Iris Pattern Analysis; Computer Vision; Data Leakage; Machine Learning
Robustness; Topological Biomarkers

Abbreviations: CLAHE: Contrast Limited Adaptive Histogram Equalization; DM: Diabetes Mellitus; MLP:
Multi-Layer Perceptron; CNNs: Convolutional Neural Networks; ROI: Region-of-Interest; ML: Machine Learning;
NIR: Near-Infrared; FCN: Fully Convolutional Network; GNNs: Graph Neural Networks; SVM: Support Vector
Machine; GLCM: Gray-Level Co-Occurrence Matrices; AS-OCTA: Anterior Segment Optical Coherence Tomogra-
phy Angiography; CHT: Circular Hough Transform; LR: Logistic Regression; GLCM: Gray-Level Co-Occurrence
Matrices; LBP: Local Binary Patterns

Introduction

Type 2 Diabetes Mellitus (DM2) represents a pervasive metabolic

manifest. Consequently, there is an urgent public health mandate to
engineer low-cost, non-invasive, accessible screening methods capa-
ble of identifying high-risk individuals prior to advanced pathogene-

disorder characterized by insulin resistance and progressive pancre-
atic beta-cell dysfunction, culminating in chronic hyperglycemia [1,2].
The system-wide toll of prolonged hyperglycemia includes severe mi-
crovascular injuries-such as retinopathy, nephropathy, and neuropa-
thy-as well as macrovascular events including stroke and myocardial
infarction [3]. Because DM2 frequently develops asymptomatically
over extended latency periods, up to half of all affected individuals
remain undiagnosed until secondary physiological complications

sis. Over the past decade, the rapid evolution of computational vision
models and machine learning (ML) has stimulated profound interest
in automated ocular diagnostics. Because the iris possesses a highly
complex structural architecture consisting of pectinate ligaments, cil-
iary zones, crypts, and micro-vessels, researchers have hypothesized
that systemic metabolic shifts may induce subtle micro-structural
modifications or leave visible textural signatures [4].
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Numerous recent publications have emerged claiming remark-
ably elevated performance metrics (accuracies ranging from 89% to
98%) when training convolutional neural networks (CNNs) or clas-
sical texture classifiers to separate diabetic individuals from healthy
controls [5-7]. However, an acute methodological crisis underscores a
significant portion of this medical computer vision literature. Elevat-
ed classification accuracies frequently stem from experimental short-
cuts and systemic artifacts rather than the identification of legitimate
clinical markers [8]. Confounding factors include data leakage-specif-
ically, identity-related leakage where multiple images of the same in-
dividual are shuffled across both training and testing folds-variations
in capture illumination, differences in camera optics, sensor noises,
and artifacts introduced during image segmentation or geometric
normalization. Under such conditions, a model may inadvertently op-
timize for identity recognition or sensor profiles rather than learning
generalized clinical markers associated with DM2.

This study directly addresses this critical tension. Our objective
is to execute a rigorous, bias-controlled, and fully auditable investi-
gation into the validity of iris spatial patterns as biomarkers for DM2
and not only to maximize an isolated performance metric. We estab-
lish an end-to-end reproducible pipeline featuring advanced segmen-
tation, polar rubber sheet normalization, and multi-family model
benchmarking. Most crucially, we evaluate performance under strict
person-based data partitioning to entirely eliminate identity leakage.
Finally, we conduct an exhaustive spatial decomposition of the iris
structure to map exactly where discriminative signal power is con-
centrated across the mesh and radial dimensions.

Related Work

The intersection of machine learning and iris-based systemic
disease classification remains an emerging field characterized by sig-
nificant methodological heterogeneity. Historically, non-automated
clinical observation debated whether localized variations in ocular
tissue correlated with internal organ health, though classical clinical
trials consistently reported poor diagnostic accuracy when evaluated
under strict human control [6]. The advent of computer vision has
fundamentally re-opened this query by introducing high-dimension-
al feature extraction capable of discerning subtle statistical signals
imperceptible to human observers. Sruthi, et al. [7] formulated a re-
gion-of-interest (ROI) approach focusing exclusively on localized ocu-
lar segments associated with metabolic processing. Utilizing near-in-
frared (NIR) images from 178 participants, the authors employed
a Fully Convolutional Network (FCN) for segmentation and a deep
AlexNet architecture for binary classification, reporting an accuracy
of 95.85%, paired with balanced sensitivity and specificity. Similarly,
Onal, et al. [6] confirmed the competitiveness of deep convolutional
neural networks, achieving a binary classification accuracy of 94.12%.

However, both studies operated over private datasets and omit-
ted comprehensive disclosures regarding identity-based partition-
ing rules, limiting external verification of whether their deep models
generalized beyond identity-specific shortcuts. Recent architectural
transitions have explored relational feature modeling. Taghiyev, et al.
[9] introduced Graph Neural Networks (GNNs) to capture the spatial
dependencies of iris structural grids, combining a public database
with local clinical captures. Their framework yielded a competitive
average accuracy of 92% across 16 experimental trials. Anap, et al.
[10] implemented a comparative study between a deep CNN and a
classical Support Vector Machine (SVM) utilizing infrared imagery.
Their findings illustrated a massive performance gap, with the CNN
reaching a validation accuracy of 98.7% compared to the SVM’s
68.39%, emphasizing the superior capacity of deep networks to ex-
tract hierarchical visual representations, though raising questions
regarding potential overfitting to baseline capture noise. Samant [11]
established a benchmark by executing a multi-regional computation-
al pipeline over a cohort of 338 participants (180 DM2, 158 controls).

They cropped localized zones based on historical anatomical
maps, extracting statistical, textural, and discrete wavelet transform
features. Utilizing a Random Forest classifier over a concatenated
multiregional vector, they reported an accuracy of 89.63%, a sensi-
tivity of 98.8%, and a specificity of 96.87%. While this work advanced
structural analysis, it operated under a single random train-test split
without investigating photometric sensitivity or full person-based
fold validation. Recent investigations have explicitly targeted struc-
tural alterations in the iris microvasculature. For instance, [12] as-
sessed the iridial vasculature in DM2 patients lacking retinopathy
and reported a significant reduction in overall, nasal, and temporal
iris vascular density, which correlated with sex, body mass index
(BMI), and glycemic levels. The methodological basis for such analy-
ses is supported by prior works demonstrating the efficacy of Anteri-
or Segment Optical Coherence Tomography Angiography (AS-OCTA)
for identifying and staging iris vasculature [13], alongside validations
against traditional fluorescein angiography [14].

Finally, recent studies have also highlighted structural and func-
tional pupillary alterations in diabetic patients. Authors in [15] as-
sessed iris blood flow, iris thickness, and pupillary diameter -both
at rest and post-pharmacological mydriasis- finding that adults with
DM2 presented a thinner iris in the dilator region and a reduced pu-
pillary diameter. Notably, glycated hemoglobin (HbA1lc) acted as an
independent factor determining pupillary diameter after dilation.
Aligning with these results, [16] reported significantly smaller pu-
pillary diameters in diabetics using automated pupillometry, linking
these reductions to retinal neurodegeneration metrics. These discov-
eries support the premise that pupillary diameter and dynamic re-
sponses are viable candidate biomarkers, ones that are highly suit-
able for automated extraction via computer vision techniques based
on robust pupil-iris segmentation Table 1.
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Table 1: Methodological synthesis and comparison of contemporary machine learning architectures for Type 2 Diabetes inference via iris
image analysis. The single-column view prevents truncation of statistical bounds.

Reference Year Feature Extraction Method Classifier Reported Performance RE e lg:lf:if::me/ SISy
. Deep features learned via 95.85% Acc, Enforces strict person-based data splitting
Sr;ﬂr[l;,]et 2022 FCN segmentations over lilngl\l ER]ZE 5%— to prevent identity leakage; validates
’ NIR images ! 95.80% Sens, stability across cross-validation folds.
95.85% Esp
L Conducts high-granularity spatial
Onal, et Find to end automated. CNN (Binary decomposition (radial coronas & angular
2022 convolutional representation . . .
al. [6] learnin architecture) 94.12% Accurac scanning) to isolate clear structural
& ’ y signals.

. . Graph Neural Incorporates a systematic ablation suite
T;ga}?}ig]]’ 2024 Ciggﬁgirz)oiied \gleof‘il:_ Network 92.00% Average Accuracy | (CLAHE, Blur) to audit pipeline sensitiv-
’ POlogy (GNN) ity against acquisition artifacts.

Infrared texture distribu- 98.70% (CNN) vs. Demonstrates that standard, robust
Anap, et al. . - CNN versus o architectures (MLP, LR) maintain high,
2025 tion and patch alignment . 68.39% (SVM) S .
[10] descriptors classical SVM stable generalization under strict leakage
Accuracy control.
Samant & Statistical, textural, and Random Forest 89.63% Evgluates spa’qa.l sectors mdgpendently
. . to isolate specific localized signals and
Agarwal 2018 discrete wavelet transform (Optimal con- . . . .
. . avoid confounding combined noise
[11] descriptors fig) Accurracy
vectors.
Clinical Significantly reduced iris Provides clinical evidence of iris mi-
Zhou, et al AS-OCTA imaging of iris cross-sectional vascular density in DM2 crovascular alteration in DM2; we test
[li,Z] ’ vascular density (overall, study (no ML without retinopathy; cor- whether such change leaves a recover-
2025 nasal, and temporal sectors) Cla};siﬁer) related with sex, BMI, and able signal in conventional iris images
glycemic level under audited, leakage- controlled ML.
Clinical measurement of iris Thinner iris in the dilator Supports pupillary diameter and iris
s . region and smaller pu- - . .
. blood flow, iris thickness, Clinical correla- . . . . thickness as candidate biomarkers ex-
Cui, et al. - . . pillary diameter in DM2; . .
2024 and pupillary diameter (at tion study (no . tractable via computer vision, comple-
[15] . J HbAlc an independent . .
rest and after pharmacologi- | ML classifier) e menting the structural signal mapped by
o factor for post-dilation L
cal mydriasis) - . our pipeline.
pupillary diameter
Methodology 2. Sensitivity Testing: the pipeline is systematically perturbed

Experimental Design Principles

To establish an audit-controlled assessment of the predictive sig-
nal, our methodology is anchored on three core computational tenets:

1. Traceability: every operational layer-from raw pixel downs-
ampling to model hyperparameter execution-is bound to
strict log execution, enabling perfect replicability.

via photometric transformations to uncover whether perfor-

mance relies on brittle high-frequency processing or lighting

variances.

3. Rigorous Partitioning: model performance is benchmarked

across lateral splits and absolute identity-isolated constraints

to map true out-of-sample generalization.

Figure 1 shows the pipeline of our methodology, explained in the

following subsections.
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Figure 1: Architectural flow diagram of the bias-controlled machine learning pipeline.

Preprocessing and Photometric Perturbations

Images undergo initial spatial and intensity normalization to ad-
just for basic acquisition discrepancies. To thoroughly evaluate the
pipeline’s resilience against environmental variations (such as light-
ing shifts, sensor noise, and focus blur), we introduce three controlled
photometric configurations:

Global Histogram Equalization: Maps image intensity values
by spreading the cumulative probability distribution across
the entire dynamic range. This accentuates global contrast but
may obliterate subtle, localized structural variations [17].

CLAHE (Contrast Limited Adaptive Histogram Equaliza-
tion): Partitions the normalized image into local grids (e.g., an
8x8 tile system) and executes independent histogram equal-
ization over each tile. To prevent the severe amplification of
background noise, a clip limit is strictly enforced. Transitions
between adjacent tiles are smoothed via bilinear interpola-
tion, making CLAHE exceptionally effective at highlighting lo-
cal iris fibers, crypts, and microstructures without saturating
uniform tissue patches [18].

Gaussian Smoothing (Blur): Convolutes the structural ma-
trix with a localized Gaussian kernel, suppressing high-fre-
quency components. This acts as a critical ablation layer: if
model classification performance drops precipitously follow-
ing smoothing, it strongly implies an unhealthy dependency
on micro-artifacts or interpolation noise rather than anatomi-
cal structural patterns [19].

Segmentation and Geometric Normalization

Isolating the informative iris tissue from external confounders
(e.g., eyelashes, eyelids, pupillary light reflections, and sclera tissue)
is crucial. While classical approaches rely heavily on the Circular
Hough Transform (CHT), which models boundaries as rigid circles,

our framework accommodates non-circular realities by deploying an
Active Contour Model [11]. This approach yields significantly higher
boundary tracking stability. Following precise segmentation, the ir-
regular annular iris region is mapped into a canonical, fixed-dimen-
sion rectangular matrix via Daugman’s Homogeneous Rubber Sheet
model. The mapping coordinates from the Cartesian image domain
I(x,y) to the normalized polar grid I(r,0) follow the transformation
equations:

I(x(r,@),y(r, 9)) - I(r, 6’)
x(r,0)=(1-r)x,(0)+rx(0)

y(r0)=(1-r)y,(0)+1,(0)

wherer € [0,1] defines the relative radial depth between the pupil-
lary edge (r=0) and the limbic boundary (r=1), 6 € [0,2m] represents
the angular direction, and (xp, yp) and (xi, yi) denote the boundary
coordinates of the pupil and iris respectively along the direction 6.

Feature Extraction Families

Following geometric mapping into a normalized rectilinear im-
age, two distinct descriptor families are extracted:

¢ Pixel Features (Baseline): Formed by directly unrolling the
raw pixel intensity values. It serves as a pure, unmanipulated
information baseline, preserving the spatial structure in its

coarsest form [20].

Structural Texture Descriptors: Designed to encapsulate
micro-spatial relationships. This suite includes Local Binary
Patterns (LBP) to describe micro-textural boundaries and mi-
cro-crypt variations [21], alongside Gray-Level Co-occurrence
Matrices (GLCM) to derive Haralick descriptors (contrast,
correlation, energy, and homogeneity), thereby summarizing
macrostructural iris regularity [22].
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Classification and Partitioning Architecture

We benchmark five classification algorithms: Logistic Regres-
sion (LR), Support Vector Machines (SVM), Random Forest (RF),
Multi-Layer Perceptrons (MLP), and AdaBoost. Models are executed
using a stratified K=5fold cross-validation mechanism. Crucially, we
manipulate the data architecture across three validation schemes to
audit leakage:

o L_spli / R_split: Recovers strict unilateral visual models using
exclusively Left or Right eye imagery, mapping lateral discrep-
ancies.

¢ Person-Based Partitioning: The critical guardrail against
leakage. This scheme strictly separates identities, ensuring
that if an individual’s eye is present in a training fold, no imag-
es of that same individual (regardless of eye side or session)
can enter the validation fold. This forces the model to general-
ize across pathological patterns rather than mapping individ-
ual eye identity signatures [4].

Results and Discussion
Global Classification Performance

Arigorous review of classification performance under strict iden-
tity isolation reveals a striking, highly informative behavior. When
employing global pixel features (the baseline configuration), perfor-
mance does not collapse; rather, it rises significantly when transition
rules shift to strict person-based separation. The complete quanti-
tative synthesis across configurations is mapped in Table 2. Under
the personBase paradigm, the MLP architecture achieves the highest
performance, registering a global accuracy of 92.36%, balanced with
an F1-score of 92.70%, a sensitivity of 92.60%, and a specificity of
92.10%. Critically, the standard deviation across folds remains re-
markably tight at 3.59 percentage points (pp). This low dispersion
strongly signals that the model’s predictive power is stable across re-
samplings and is not driven by anomalous outlier data subsets.

Table 2: Classification performance metrics mapped across independent dataset partitions and multi-family machine learning classifiers uti-

lizing baseline pixel features. Unfolded layout guarantees full horizontal data alignment.

Dataset Split Metric AdaBoost MLP RF SVM LR
L epli Accuracy (Acc) 0.6312 0.6745 0.6138 0.7285 0.6742
Sensitivity (Sens) 0.6270 0.6700 0.6080 0.7240 0.6690
(Left Eyes Only) Specificity (Esp) 0.6360 0.6790 0.6200 0.7330 0.6800
R split Accuracy (Acc) 0.7282 0.7229 0.6176 0.7542 0.7784
Sensitivity (Sens) 0.7240 0.7190 0.6120 0.7500 0.7740
(Right Eyes Only) Specificity (Esp) 0.7330 0.7270 0.6240 0.7590 0.7830
personBase Accuracy (Acc) 0.8779 0.9236 0.8367 0.8824 0.9081
Sensitivity (Sens) 0.8720 0.9260 0.8310 0.8780 0.9040
(Identity Isolated Grid) Specificity (Esp) 0.8840 0.9210 0.8420 0.8870 09120

Concurrently, the linear Logistic Regression model achievesan
accuracy of 90.81% (o = 3.50 pp), proving that a linear decision
boundary retains substantial discriminative capacity under strict
leakage control. Conversely, the SVM and AdaBoost models exhibit
wider cross-validation variances (6.22 pp and 5.07 pp, respectively),
indicating higher sensitivity to the composition of individual training
splits. This structural behavior provides profound evidence: when an
architecture completely prevents identity memorization via person-
Base grouping, the model relies on generalized, cross-subject ocular
features rather than image-specific patterns. This robust performance
affirms that a valid statistical signal associated with the metabolic sta-
tus of the subject exists within the iris tissue matrix, remaining highly
generalizable under strict independent cross-testing.

Photometric Sensitivity and Ablation Study

Evaluating models solely against baseline configurations in-
troduces risks of artifact dependency. Incorporating a systematic

photometric perturbation suite demonstrates that local contrast
optimization successfully enhances anatomical feature prominence.
Integrating the CLAHE preprocessing technique across models yields
a consistent, uniform average relative metric gain of +1.09% in classi-
fication accuracy, +1.10% in sensitivity, and +1.10% in F1-score with-
in the identity-isolated personBase framework. Formally, the relative
transformation shift 4(%) is audited utilizing the expression:

A(%) =100 (mey gy —m

original ) / moriginal

where m corresponds to the respective target validation metric.

This stable increase suggests that local contrast equalization
successfully isolates structural iris variations (such as fiber density
variations and localized crypt depths), making them more accessi-
ble to the model decision boundaries. Conversely, the introduction of
severe Gaussian smoothing (Blur) induces a mild, highly controlled
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performance contraction (~0.62% absolute reduction in accuracy),

confirming that while high-frequency micro-textures contribute mar-

ginally, the models maintain robust primary reliance on macrostruc-

tural, low-frequency spatial iris patterns.

Granular Spatial Signal Mapping

To explicitly answer whether the discriminative visual signal is

distributed homogeneously across the iris tissue or is restricted to
precise structural zones, we execute a high-granularity spatial de-
composition across three complementary coordinate frameworks:

1.

Micro-regional Mesh Evaluation: The normalized rectan-
gular region of interest is divided into a high-density 12x12
grid, with cell indexing spanning coordinates (0,0) at the su-
perior-left margin to (11,11) at the inferior-right edge. Com-
puting independent classification models across each isolat-
ed cell reveals a striking localized phenomenon. Rather than
displaying random performance fluctuations characteristic of
background noise, high accuracy scores form a tightly bound,
highly contiguous spatial hotspot. Specifically, Figure 2 shows
that neighboring grid cells at coordinates (3,3), (3,2), (2,3),
and (3,4) exhibit a sharp peak in local discriminative power,
with cell (3,3) independently achieving a localized binary clas-
sification accuracy of 95.0% (Sensitivity = 95.8%, Specificity =
94.2%). The high spatial contiguity of this cluster strongly in-
dicates a legitimate anatomical pattern concentration within
that specific topographical region.

Circumferential Angular Scanning: The rubber sheet polar
matrix is sliced into discrete angular columns sweeping across
the full 360° path in uniform 10° steps, assuming 0° aligns hor-
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izontally to the right (equivalent to 3 o’clock). The mathemati-
cal vector mapping follows standard polar layout conventions.
Evaluating classification models column-by-column reveals
strong, non-uniform angular dependencies. Under unilateral
validation, the left-eye profile (L_split) displays a dominant,
isolated performance spike peaking at the 80° sector with an
accuracy of 92.40%. In contrast, the right-eye architecture
(R_split) reveals a distinct, highly bifurcated signal distribu-
tion, tracking prominent performance peaks at the 20° sector
(90.15% accuracy) and the 120° sector (89.80% accuracy).

Concentric Radial Stratification: The radial dimension is
partitioned into 100 uniform concentric coronas, sweeping
from the innermost pupillary boundary (Corona 1) to the out-
er limbic junction (Corona 100). The resultant accuracy curve
exhibits an exceptionally clear, non-uniform parabolic trajec-
tory. Both extreme peripheries-the immediate peripupillary
margin and the outermost limbic border-yield classification
accuracies hovering near the 55%-60% random chance base-
line, heavily confounded by pupillary dilation variations and
scleral border lighting reflections. However, a massive con-
centration of predictive signal power emerges within an in-
termediate radial depth band, spanning specifically between
coronas 55 and 65. Within this specialized zone, performance
parameters stabilize at highly elevated levels: Accuracy = 86%,
Sensitivity > 87%, and an Average Precision = 89%. Specifical-
ly, the left-eye model tracks its peak performance at Corona 61
(Accuracy = 90.00%, Average Precision = 93.00%), while the
right-eye configuration clocks its optimal response at Corona
59 (Accuracy = 88.00%, Average Precision = 91.00%) (Figure
3).

0.95
0.59 | 0.6

0.61 |0.62)|0.63
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0.59| 0.6 |0.62
0.610.63
0.63 | 0.61
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Figure 2: Accuracy Heatmap on Micro-regional Mesh Evaluation using LR with Global Histogram Equalization.
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Figure 3: Radial stratification profile mapping binary DM2 classification accuracy as a function of concentric iris depth (Coronas 1 to 100). The full
horizontal display allows high accuracy resolution mapping across the intermediate iris zone (Coronas 55-65).

This empirical radial stratification aligns cleanly with the structur-
al composition of the intermediate iris layer. While peripheral zones
are highly sensitive to dynamic physiological motion (e.g., rapid pupil-
lary modifications or structural deformation near the ciliary margin),
the mid-iris region remains highly stable, revealing that structural or
textural modifications correlate strongly with systemic glycemic vari-
ations. This specialized spatial concentration offers a solid architec-
tural foundation for optimizing high-speed, localized computational
diagnostics, allowing future models to completely skip uninformative
boundary noise and prioritize maximum feature processing resourc-
es over highly localized, discriminative structural regions.

Conclusion

This study establishes rigorous, bias-controlled experimental ev-
idence verifying that structural and textural patterns within the iris
contain highly significant, generalizable statistical signals for Type
2 Diabetes inference. By deploying a stringent person-based parti-
tioning paradigm, we entirely eliminated the identity overlap flaws
that commonly cause artificially inflated performance metrics in
deep-learning-based medical vision pipelines. Our global MLP clas-
sifier achieved a highly robust binary accuracy of 92.36% under full
identity isolation, confirming that the network optimized for stable
pathological variations rather than memorizing individual subjects’
visual profiles.

Furthermore, our micro-regional, angular, and radial spatial
breakdowns demonstrate that this predictive capacity is not homo-
geneously distributed across the eye tissue. Instead, the diagnostic
signal exhibits a clear structural concentration within a specific in-
termediate radial depth (coronas 55-65) and highly localized angular
sectors. This sharp topological clustering strongly suggests that met-
abolic variations correlate with localized structural density or archi-
tectural alterations within the intermediate iris layer. Future lines of
investigation will focus on validating these localized markers across
multi-center clinical cohorts using heterogeneous image capture sen-

sors, alongside correlating these visual micro-structural anomalies
directly with underlying systemic microvascular pathogenesis. The
data and code that support the findings of this study are available
from the corresponding author upon reasonable request.

References

1. Cerf ME (2013) Beta Cell Dysfunction and Insulin Resistance. Front.

Endocrinol 4: 37.

Galicia Garcia U, Benito Vicente A, Jebari S, Larrea Sebal A, Siddiqi H, et
al. (2020) Pathophysiology of Type 2 Diabetes Mellitus. International
Journal of Molecular Sciences 21(17): 6275.

Faselis C, Katsimardon A, Imprialos K, Deligkaris P, Kallistratos M, et al.
(2020) Microvascular Complications of Type 2 Diabetes Mellitus. Current
vascular pharmacology 18(2): 117-124.

Ting D S W, Pasquale L R, Peng L, Campbell ] P, Lee A'Y, et al. (2019) Artifi-
cial intelligence and deep learning in ophthalmology. The British journal
of ophthalmology 103(2): 167-175.

Bansal A, Agarwal R, Sharma RK (2015) Determining diabetes using
iris recognition system. International Journal of Diabetes in Developing
Countries 35(4): 432-438.

Onal MN, Giiraksin GE, Duman R (2022) Convolutional neural net-
work-based diabetes diagnostic system via iridology technique. Multime-
dia Tools and Applications 82(1): 173-194.

Sruthi K, Vijayakumar J, Thavamani S (2022) Deep Learning-Based Verifi-
cation of Iridology in Diagnosing Type II Diabetes Mellitus. International
Journal of Pattern Recognition and Artificial Intelligence 36(11): 2150012.

Zech JR, Badgeley MA, LiuM, Costa AB, Titano JJ, et al. (2018) Variable
generalization performance of a deep learning model to detect pneumo-
nia in chest radiographs: A cross-sectional study. PLOS Medicine 15(11):
€1002683.

Taghiyev F, Mammadli A, Guliyeva L, Al-Dayyeni WS (2024) Diabetes De-
tection Based on Iridiology. Proc. IEEE 18" International Conference on
Application of Information and Communication Technologies (AICT), p.
1-11.

10. Anap M, Bongulwar M, Chaskar U (2025) Conventional Neural Network
and Support Vector Machine for the Detection of Diabetes Mellitus. Proc.
International Conference on Electronics and Computing, Communication

Networking Automation Technologies (ICEC2NT), p. 1-8.

Copyright@ : Vladimir Rocha | Biomed ] Sci & Tech Res | BJSTR.MS.ID.010293.

58362


https://dx.doi.org/10.26717/BJSTR.2026.66.010293
https://www.frontiersin.org/journals/endocrinology/articles/10.3389/fendo.2013.00037/full
https://www.frontiersin.org/journals/endocrinology/articles/10.3389/fendo.2013.00037/full
https://www.mdpi.com/1422-0067/21/17/6275
https://www.mdpi.com/1422-0067/21/17/6275
https://www.mdpi.com/1422-0067/21/17/6275
https://pubmed.ncbi.nlm.nih.gov/31057114/
https://pubmed.ncbi.nlm.nih.gov/31057114/
https://pubmed.ncbi.nlm.nih.gov/31057114/
https://bjo.bmj.com/content/103/2/167
https://bjo.bmj.com/content/103/2/167
https://bjo.bmj.com/content/103/2/167
https://link.springer.com/article/10.1007/s13410-015-0296-1
https://link.springer.com/article/10.1007/s13410-015-0296-1
https://link.springer.com/article/10.1007/s13410-015-0296-1
https://dl.acm.org/doi/abs/10.1007/s11042-022-13291-3?__cf_chl_f_tk=jmdDkNFKV7y9YpZL.skUbVJBKvLAWV1tKExPo._1Adg-1783080927-1.0.1.1-z_q5D4Zh.B9xlkqp..5MONRm_1v51qVqjv7lwCodyoE
https://dl.acm.org/doi/abs/10.1007/s11042-022-13291-3?__cf_chl_f_tk=jmdDkNFKV7y9YpZL.skUbVJBKvLAWV1tKExPo._1Adg-1783080927-1.0.1.1-z_q5D4Zh.B9xlkqp..5MONRm_1v51qVqjv7lwCodyoE
https://dl.acm.org/doi/abs/10.1007/s11042-022-13291-3?__cf_chl_f_tk=jmdDkNFKV7y9YpZL.skUbVJBKvLAWV1tKExPo._1Adg-1783080927-1.0.1.1-z_q5D4Zh.B9xlkqp..5MONRm_1v51qVqjv7lwCodyoE
https://www.researchgate.net/publication/361097367_Deep_Learning-Based_Verification_of_Iridology_in_Diagnosing_Type_II_Diabetes_Mellitus
https://www.researchgate.net/publication/361097367_Deep_Learning-Based_Verification_of_Iridology_in_Diagnosing_Type_II_Diabetes_Mellitus
https://www.researchgate.net/publication/361097367_Deep_Learning-Based_Verification_of_Iridology_in_Diagnosing_Type_II_Diabetes_Mellitus
https://journals.plos.org/plosmedicine/article?id=10.1371/journal.pmed.1002683
https://journals.plos.org/plosmedicine/article?id=10.1371/journal.pmed.1002683
https://journals.plos.org/plosmedicine/article?id=10.1371/journal.pmed.1002683
https://journals.plos.org/plosmedicine/article?id=10.1371/journal.pmed.1002683
https://ui.adsabs.harvard.edu/abs/2024aict.conf...27T/abstract
https://ui.adsabs.harvard.edu/abs/2024aict.conf...27T/abstract
https://ui.adsabs.harvard.edu/abs/2024aict.conf...27T/abstract
https://ui.adsabs.harvard.edu/abs/2024aict.conf...27T/abstract
http://researchgate.net/publication/400967700_Conventional_Neural_Network_and_Support_Vector_Machine_for_the_Detection_of_Diabetes_Mellitus
http://researchgate.net/publication/400967700_Conventional_Neural_Network_and_Support_Vector_Machine_for_the_Detection_of_Diabetes_Mellitus
http://researchgate.net/publication/400967700_Conventional_Neural_Network_and_Support_Vector_Machine_for_the_Detection_of_Diabetes_Mellitus
http://researchgate.net/publication/400967700_Conventional_Neural_Network_and_Support_Vector_Machine_for_the_Detection_of_Diabetes_Mellitus

Volume 66- Issue 1

DOI: 10.26717/BJSTR.2026.66.010293

11.

12.

13.

14.

15.

16.

Samant P, Agarwal R (2018) Machine learning techniques for medical di-
agnosis of diabetes using iris images. Computer Methods and Programs in
Biomedicine 157: 121-128.

Zhou Y, Wang T, Guo Z, She F, Zeng ], et al. (2025) Assessment of iris vas-
culature in type 2 diabetes mellitus patients without diabetic retinopathy
using anterior segment optical coherence tomography angiography. Scien-
tific reports 15(1): 19035.

Roberts PK, Goldstein DA, Fawz AA (2017) Anterior Segment Optical Co-
herence Tomography Angiography for Identification of Iris Vasculature
and Staging of Iris Neovascularization: A Pilot Study. Current eye research
42(8): 1136-1142.

Zhu Y, Sun S, Han S, Chen ], Western D, et al. (2026) Automated method
for quantitative analysis of iris fluorescein angiography based on machine
learning. Quantitative imaging in medicine and surgery 16(1): 68.

Cui L, Xiao Y, Xian Z, Chen Z, Yang C, et al. (2024) Study on the correlation
between iris blood flow, iris thickness and pupil diameter in the resting
state and after pharmacological mydriasis in patients with diabetes melli-
tus. BMC ophthalmology 24(1): 52.

Thakar M, Tripathy SP, Dutta P, Bhattacharya S, Dhaka U (2025) Quantita-
tive automated pupillometry in diabetic patients and correlation with reti-
nal nerve fibre layer thickness. Eye (London, England) 39(10): 1983-1989

ISSN: 2574-1241

DOI: 10.26717/BJSTR.2026.66.010293
Vladimir Rocha . Biomed ] Sci & Tech Res

@ @ @ This work is licensed under Creative

Commons Attribution 4.0 License

Submission Link: https://biomedres.us/submit-manuscript.php

17. Mustafa W A, Abdul Kader MMM (2018) A review of histogram equaliza-
tion techniques in image enhancement application. In Journal of Physics:
Conference Series 1019(1).

18. Pizer SM (1990) Contrast-limited adaptive histogram equalization: Speed
and effectiveness. In Proceedings of the first conference on visualization
in biomedical computing, Atlanta, Georgia 337: 2.

19. Perumal S, Velmurugan T (2018) Preprocessing by contrast enhancement
techniques for medical images. International Journal of Pure and Applied
Mathematics 118(18): 3681-3688.

20. Suzuki K (2012) Pixel-based machine learning in medical imaging. Inter-
national Journal of Biomedical Imaging 2012(1): 792079.

21. Ojala T, Pietikdinen M, Mdenpaa T (2002) Multiresolution gray-scale and
rotation invariant texture classification with local binary patterns. IEEE
Transactions on Pattern Analysis and Machine Intelligence 24(7): 971-
987.

22. Makmur NM, Kwan F, Rana AD, Kurniadi FI (2023) Comparing local binary
pattern and gray level co-occurrence matrix for feature extraction in dia-
betic retinopathy classification. Procedia Computer Science 227: 355-363.

Assets of Publishing with us

BIOMEDICAL
RESEARCHES ¢ Global archiving of articles

B A ¢ Immediate, unrestricted online access

0 ‘'8 @ % e Rigorous Peer Review Process

[ WAy .
. [

e Authors Retain Copyrights
v ¢ e Unique DOI for all articles

ISSN: 2574-1241

https://biomedres.us/

Copyright@ : Vladimir Rocha | Biomed ] Sci & Tech Res | BJSTR.MS.ID.010293. 58363


https://dx.doi.org/10.26717/BJSTR.2026.66.010293
https://pubmed.ncbi.nlm.nih.gov/29477420/
https://pubmed.ncbi.nlm.nih.gov/29477420/
https://pubmed.ncbi.nlm.nih.gov/29477420/
https://www.nature.com/articles/s41598-025-04463-w
https://www.nature.com/articles/s41598-025-04463-w
https://www.nature.com/articles/s41598-025-04463-w
https://www.nature.com/articles/s41598-025-04463-w
https://pubmed.ncbi.nlm.nih.gov/28441067/
https://pubmed.ncbi.nlm.nih.gov/28441067/
https://pubmed.ncbi.nlm.nih.gov/28441067/
https://pubmed.ncbi.nlm.nih.gov/28441067/
https://qims.amegroups.org/article/view/145866/html
https://qims.amegroups.org/article/view/145866/html
https://qims.amegroups.org/article/view/145866/html
https://pubmed.ncbi.nlm.nih.gov/38308203/
https://pubmed.ncbi.nlm.nih.gov/38308203/
https://pubmed.ncbi.nlm.nih.gov/38308203/
https://pubmed.ncbi.nlm.nih.gov/38308203/
https://pubmed.ncbi.nlm.nih.gov/40211015/
https://pubmed.ncbi.nlm.nih.gov/40211015/
https://pubmed.ncbi.nlm.nih.gov/40211015/
https://iopscience.iop.org/article/10.1088/1742-6596/1019/1/012026
https://iopscience.iop.org/article/10.1088/1742-6596/1019/1/012026
https://iopscience.iop.org/article/10.1088/1742-6596/1019/1/012026
https://www.semanticscholar.org/paper/Contrast-limited-adaptive-histogram-equalization%3A-Pizer-Johnston/44e60399ac9bc9c0d3813654e945a79ff6c13a2a
https://www.semanticscholar.org/paper/Contrast-limited-adaptive-histogram-equalization%3A-Pizer-Johnston/44e60399ac9bc9c0d3813654e945a79ff6c13a2a
https://www.semanticscholar.org/paper/Contrast-limited-adaptive-histogram-equalization%3A-Pizer-Johnston/44e60399ac9bc9c0d3813654e945a79ff6c13a2a
https://acadpubl.eu/jsi/2018-118-18/articles/18d/55.pdf
https://acadpubl.eu/jsi/2018-118-18/articles/18d/55.pdf
https://acadpubl.eu/jsi/2018-118-18/articles/18d/55.pdf
https://pubmed.ncbi.nlm.nih.gov/22481907/
https://pubmed.ncbi.nlm.nih.gov/22481907/
https://ieeexplore.ieee.org/document/1017623
https://ieeexplore.ieee.org/document/1017623
https://ieeexplore.ieee.org/document/1017623
https://ieeexplore.ieee.org/document/1017623
https://www.sciencedirect.com/science/article/pii/S1877050923017015
https://www.sciencedirect.com/science/article/pii/S1877050923017015
https://www.sciencedirect.com/science/article/pii/S1877050923017015
https://dx.doi.org/10.26717/BJSTR.2026.66.010293

