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Abstract—Improving health outcomes and directing
therapeutic treatments requires early detection of
genetic abnormalities in children. This work introduces
a non-invasive automated technology that uses
pupillometry and machine learning to identify genetic
disorders in children. Pupillometry is a diagnostic tool
that detects anomalies in the nervous system and the
genes by measuring the pupil's reaction to visual stimuli.
A dataset was created by collecting pupillary response
data under controlled illumination settings from
children with known genetic disorders as well as from
healthy youngsters. Pupil response curves were used to
extract important properties, such as recovery time,
amplitude, and latency. Subject classification using these
characteristics was taught to a variety of supervised
machine learning algorithms, including Neural
Networks, Support Vector Machines (SVM), and
Random Forests. With 99.5% accuracy and high
sensitivity and specificity scores, the Random Forest
classifier outperformed all of the other models evaluated.
A quick, kid-friendly, and inexpensive diagnostic aid, the
suggested method proves the practicability of combining
pupillometry with Al for early genetic disease screening.
Expanded datasets, generalizability across disorders,
and interaction with other biometric modalities are all
areas that will be investigated further in future study.

Index Terms—Pupillometry, Genetic, Support Vector
Machines (SVM), Random Forests, Neural Networks

I. INTRODUCTION

Genetic disorders in children present a significant
challenge to healthcare systems worldwide, often
leading to lifelong disabilities if not diagnosed and
managed early. Early identification is crucial, as
timely interventions can dramatically improve
developmental outcomes and quality of life. However,
traditional diagnostic procedures—such as genetic
testing and clinical assessments—are often expensive,
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time-consuming, invasive, and may not be readily
available in low-resource settings.

Recently, more focus is seen in non-invasive
diagnostic tools that can provide early indications of
neurodevelopmental and genetic anomalies. One
promising technique is pupillometry, the measurement
of pupil size and reactivity to light or visual stimuli.
Research has shown that certain genetic and
neurological conditions—such as autism spectrum
disorder (ASD), Fragile X Syndrome, and Rett
Syndrome—can manifest atypical pupil responses,
including delayed constriction, reduced dilation, or
abnormal recovery time. These physiological changes
can serve as biomarkers for early detection.

With the advancement of machine learning and
artificial intelligence in healthcare, it is now possible
to analyze complex physiological signals and detect
subtle patterns that may elude human observation.
Machine learning algorithms are well-suited for
processing  pupillometry data, enabling the
classification of subjects based on features such as
pupil diameter variability, latency, and reaction
patterns.

In this study, we propose a novel, Al-driven diagnostic
framework that wuses pupillometry data to
automatically detect the presence of genetic diseases
in children. Our approach involves collecting pupil
response data under controlled conditions, extracting
meaningful features, and training machine learning
classifiers to distinguish between healthy and affected
individuals. By combining non-invasive pupillometry
with intelligent pattern recognition, we aim to create a
cost-effective, rapid, and scalable screening tool
suitable for both clinical and field applications.

The proposed system has the potential to transform
early diagnosis in pediatric genetics by providing
clinicians with a decision-support tool that is both
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accessible and efficient. Furthermore, it opens the door
for wider deployment in remote and underserved areas
where specialized genetic testing is not readily
available.

II. LITERATURE SURVEY

Anderson et al. [1], demonstrated that children with
autism spectrum disorder (ASD) display pupil dilation
patterns compared to neurotypical peers, validating
pupillometry as a potential diagnostic biomarker.
Zhang et al. [2] developing DL module utilising CNNs
to analyze pupil movement for neurological disorder
detection, achieving approximately 91% classification
accuracy, although it was limited to adult populations.
Kim et al. [3] expanded the scope by combining facial
features and ocular measurements, including pupil
size, to detect multiple genetic syndromes in children
with an accuracy of 88%, though it relied heavily on
high-resolution imaging.

Martinez et al. [4] introduced a mobile-based
application to track real-time pupil behavior for ASD
screening, achieving 81% accuracy using SVMs,
although performance was affected by inconsistent
mobile camera quality.

Rana et al. [5] explored a broader approach by using
physiological signals, including pupillary dynamics,
to screen for rare genetic disorders with basic Al
models, reaching 74% accuracy but lacking deep
learning capabilities.

Li et al. [6] proposed a deep learning framework for
pediatric disease diagnosis using biomedical images
and physiological signals; however, their model had
limited focus on pupil-specific data, despite achieving
90% multi-disease classification accuracy.

Santos et al. [7] emphasized the correlation between
pupil abnormalities and known genetic disorders,
though the observations were entirely manual,
underlining the need for automated solutions.

Hassan et al. presented a neural network approach
using LSTM models to classify pediatric eye-tracking
data, achieving 87% accuracy but requiring costly
equipment. Singh et al. [8] designed a system targeting
Fragile X Syndrome detection through pupil responses
to visual stimuli, obtaining 93.2% accuracy using a
Random Forest classifier, though its scope was limited
to a single disorder. Alvarez et al. [9] identified
specific pupillometric features such as latency and
amplitude that are effective for early disease detection
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in children, showing strong potential when integrated
with machine learning models.

S. B. Kotsiantis, et.al, [10] covers a number of
methods for classification in supervised ML.
Naturally, there is no way to cover every supervised
ML classifying method in just one essay. Finding
algorithms which can generalize from examples given
to them and use them for predicting future occurrences
is goal of supervised ML. Basically, supervised
learning is all about creating a clear model of how
class labels are distributed based on predictor
attributes. When values of predictor features have
been determined but values of class labels are
unknown, testing examples are given class labels
using resultant classifier.

J. A. Alzubi, [11], Program chooses a coalition
according to their contributions to the general diversity
and uses Kappa Cohen measure for multi base
classifiers to quantif ensemble's diversity. Several
traditional design strategies, including CED
algorithm, clustering, thinning, and most diverse, are
experimentally contrasted. When compared to other
methods, the CED algorithm produces more accurate
and diversified classifier ensembles, according to the
experiments.

J. Alzubi, et.al, [12] This piece provides a synopsis of
a data analytics approach that lets computers learn and
do tasks that people do intuitively: learn from
experience. It begins with basics of machine learning,
including its definition, terminology, and applications,
which explain what, how, and why of concept. In
order to comprehend and validate machine learning's
potential as a market and industrial practice, its
technological road map is examined. To shed light on
the reasons ML is wave of future is principal goal of
this effort.

O. A. Alzubi, et.al, [13] We present and assess the
CCM, a novel approach to merging ensembles of
classifiers. O utputs of several classifiers are combined
and given weights, as is typical with most combination
techniques, to arrive at a single -classification
conclusion. But CCM compares outputs of each
classifier repeatedly and then modifies weights, unlike
other approaches. At last, weights all converge to
same set, & total output is in agreement. We compare
CCM against three well-known linear combination
methods—the average technique, the product method,
& majority voting method—to see how successful it
is. A uthors do their experiments on a blog spam data
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collection they built in addition to fourteen available
data sets. When compared to product and average
techniques, experimental data demonstrate that CCM
significantly improves classification accuracy. In
addition, the results demonstrate that the CCM
outperforms or is on par with majority voting in terms
of categorization accuracy.

P. Sajda, [14] For the study of complex, multimodal,
and high-dimensional biomedical data, machine
learning provides a guiding method for creating
automated, objective algorithms. Multiple recent
state-of-the-art developments have showed promise in
enhancing illness detection, diagnosis, and therapy
monitoring, and these developments are the subject of
this study. Significant progress has been made thanks
to the increased theoretical rigor applied to important
problems in algorithmic creation and learning theory.
The application of physically realistic limitations, the
inclusion of previous information and uncertainty, and
trade-offs to maximize generalization performance are
all examples of such considerations. This study
outlines the latest advancements in machine learning,
with an emphasis on supervised & unsupervised linear
algorithms, as well as Bayesian inference. These
approaches have had a major influence on biomedical
illness identification and diagnosis. We outline the
various approaches and illustrate their use in
biological diagnostics fields with examples for each.
J. A. ALzubi, et.al, [15] In order to treat lung cancer
patients promptly, it is crucial to get an accurate
diagnosis of LCD. One new ML approach that has
found utility on both big and small datasets is ANN.
This research examines an ensemble of WONNN-
MLB, for LCD in large data systems. Feature
selection and ensemble classification are the two steps
that make up the suggested technique. To start, in
order to reduce classification time, we use an
integrated Newton-Raphson MLMR preprocessing
model to choose the most important features. To
increase accuracy of cancer illness detection while
minimizing the false positive rate, the second step
involves using Boosted Weighted Optimized Neural
Network Ensemble Classification algorithm to
categorize the patient with chosen characteristics. E
xperimental findings show that compared to the
traditional methods, the suggested method achieves a
lower false positive rate, more accurate predictions,
and less time.
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III. PROPOSED METHODOLOGY

Proposed system presents a novel, non-invasive
diagnostic framework that leverages pupillometry-
based features and machine learning algorithms to
automatically detect genetic diseases in children. The
system integrates computer vision, real-time eye-
tracking, and Al-based classification to identify
abnormal pupil behavior—such as altered dilation
latency, amplitude, or recovery time—commonly
associated with certain genetic and
neurodevelopmental disorders.

The core idea is to use a camera-based pupillometry
module, either standalone or embedded in a
mobile/tablet device, to track and record dynamic
pupil responses to controlled visual stimuli. The pupil
behavior is then analyzed using advanced image
processing techniques and translated into quantifiable
features. These features include:

Pupil dilation/constriction latency, Maximum and
minimum pupil diameter, Constriction velocity and
recovery time,

Asymmetry in left/right pupil response.

Once features are extracted, they are fed into a
machine learning pipeline composed of the following
stages:

o Feature Selection & Normalization — Unimportant
features are discarded, and values are normalized
for uniformity.

e (lassification Model — Algorithms such as SVM,
or Lightweight CNNs are trained on labeled
pediatric pupillometry datasets for multi-class
classification of various genetic diseases.

o Interpretability Layer — The system includes an
explainable Al module (e.g., SHAP or LIME) to
highlight which pupillary features influenced the
diagnosis, aiding clinician trust and transparency.

The system also features a real-time visual dashboard,

where healthcare professionals or researchers can:

View live pupil traces, Get automatic alerts if

anomalies are detected, Export reports with predicted

diagnosis, confidence level, and clinical explanations.

The key novelty lies in combining pediatric-specific

pupillometry with Al to form a screening tool for early

detection of complex genetic conditions, reducing
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diagnostic delays and making the process accessible
for point-of-care and telehealth environments.

The proposed system follows a structured, multi-stage
pipeline that combines pupillometric data acquisition
with machine learning for the automatic detection of
pediatric ~ genetic  disorders. The  complete
methodology could be broken down in sequential
steps:

1. Data Acquisition
Pupillary response data is collected using infrared-
based eye trackers or high-resolution webcams.

Visual stimuli (e.g., bright/dark light flashes, colored
shapes) are presented to the subject under controlled
lighting.

Dynamic pupil diameter changes over time are
recorded as video sequences or time-series data.

Data is labeled based on confirmed clinical diagnoses.

2. Preprocessing
Frame extraction is performed on video streams to
isolate pupil regions.

Noise removal is achieved using Gaussian blur and
CLAHE.

Pupil region is detected using thresholding and
contour detection.

Key signals such as pupil diameter, rate of change, and
response duration are extracted per frame.

3. Feature Extraction
The following temporal and statistical features are
computed:

Latency: Time taken to begin constriction after
stimulus onset.

Maximum Dilation/Constriction: Largest change in
pupil size.

Recovery Time: Time taken to return to baseline size.
Velocity: Speed of dilation/constriction  (1st
derivative).

Amplitude: Absolute change in pupil diameter.
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Asymmetry Index: Difference in response between
left and right eye (if data is binocular).

4. Feature Selection and Normalization

Redundant or non-informative features are removed
utilising RFE or PCA.

Remaining features are scaled using Z-score
normalization or min-max scaling.

a) Recursive Feature Elimination (RFE):

e RFE recursively removes less important features
as per classifier (e.g., SVM or Random Forest).
No direct formula, but the process is:

Fit a model

Rank features by importance

Eliminating least important feature(s)

PR h=e

Continue removing features until the required
quantity is reached.
b) Principal Component Analysis (PCA):
PCA maximizes variance by transforming
characteristics in new collection of principle
components, which are uncorrelated variables.
PCA Transformation Formula:

Z=XW @)
Where:
e  X= Ornginal data matrix (samples = features)

* W = Matrix of eigenvectors (principal components)

+ Z = Transformed feature matrix

2. Normalization
a) Z-Score Normalization (Standardization):
7=x—l/c 2)
Where:

»  x = onginal feature value
* p=mean of the feature

* o= standard deviation of the feature

Result: Mean=10, S5td=1

b) Min-Max Scaling:
x'=x—xmin/xmaxi/o—xmin 3)
Where:

* x = onginal feature value
s  xmin, xmax = min and max values of the feature

o  Result: Scaled between 0 and 1
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5. Classification
The processed and labeled data is fed into machine
learning classifiers such as:

Random Forest
One ensemble approach that uses majority voting to
aggregate numerous decision trees is Random Forest.
(classification) or averaging (regression).
Formula (Prediction):
For classification:
y*=mode(T1(x),T2(x),...,Tn(x))  (4)
Where:
e Ti(x) is predicting ith decision tree.
e y”isclass predicted.
e nistree count.
For regression:

T

5)

Support Vector Machine (SVM)
SVM tries to find the optimal hyperplane separating
classes with maximum margin.
Decision Function (Linear SVM):
f(x)=wTx+b (6)

Prediction:

y =sign(f(x))=sign(w'x+b)  (7)
Where:
e x = input feature vector
e w = weight vector (normal to the hyperplane)
e Db=bias
o yre{-1,+1}

1) Optimization Objective (Hard Margin SVM):
ringl %Hw”2 subject to y; (wlz; +b) > 1 ®
Wherein:
e (xiyi) are training samples with labels
yie{—1,+1}
e Maximizing margin = minimizing [|wl|

2) ¢ With Soft Margin (C-SVM):

1 n
min =[|wl’ +C D&
w,bE P (9)

Subject to:

yi(wz; +b) > 1€, £&2>0

(10)
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e & are slack variables allowing some
misclassifications.

e Cis the penalty parameter.

Lightweight CNN

LSTM networks (for time-series modeling, optional)

Models are trained using k-fold cross-validation to

ensure generalizability.

Hyperparameters are optimized using GridSearchCV

or Bayesian optimization.

6. Evaluation Metrics

The models are assessed as per testing set utilising:
Accuracy, Precision, Recall, F1-Score, AUC-ROC
Curve,

Confusion Matrix, Mean Absolute Error (for
regression-based severity prediction).

7. Explainability & Visualization
Feature importance is visualized using SHAP
(SHapley Additive Explanations) or LIME.

Clinicians are shown a report highlighting:

Key pupillary indicators, Likely diagnosis,
Confidence score, Graphs of pupil
dilation/constriction curves.

IV. SYSTEM ARCHITECTURE

Input Pupil Image

Preprocessin
_'as[lll"eg"slla’: 5 %[@ ore)

Segmentation
(morphology,
Distance_iransfom Threshold) amaurosis

—|
—il glaucoma

macular_degene
Norml

Figure 1: System Architecture

Feature Extraction Disease Detection

(CannyEdge , Gaussianbiur) (SVM, RF, MLP)
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1. Input Pupil Image

The starting point is an image of the pupil (captured
by a camera, possibly under controlled lighting).
Could be in RGB or grayscale format.

2. Preprocessing
(fastNIMeansDenoisingColored)

Purpose: Reduce noise in the image while preserving
important structures.

fastNIMeansDenoisingColored is an OpenCV
function that:

Removes random color noise.

Smooths flat regions without blurring edges.

This makes later segmentation more accurate.

3. Segmentation

(morphology, Distance transform, Threshold)

Goal: Isolate the pupil region from the rest of the
image.

Morphology: Operations like erosion, dilation,
opening, closing to clean up shapes.

Distance Transform: Measures the distance of each
pixel from the nearest zero pixel (used to detect
shapes/regions).

Thresholding: Converts the image into binary (pupil
vs background) based on intensity.

4. Feature Extraction

(CannyEdge, GaussianBlur)

Canny Edge Detection:

Finds edges of the pupil and iris, highlighting
boundaries and texture.

Gaussian Blur:

Smooths the image to remove high-frequency noise
and help with robust edge detection.

Features could include:

Pupil diameter, shape, edge sharpness, texture
patterns.

5. Disease Detection

(SVM, RF, MLP)

Machine learning classifiers take the extracted
features and predict disease type:

SVM (Support Vector Machine): Good for small
datasets and complex boundaries.

RF (Random Forest): Handles non-linear relationships
and noisy data well.
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MLP (Multi-Layer Perceptron): Neural network for
feature-based classification.

6. Output: Detected Condition

The system classifies the pupil image into one of
several categories:

Amaurosis — complete vision loss.

Cataract — clouding of the lens.

Glaucoma — optic nerve damage from high
intraocular pressure.

Macular degeneration — damage to the retina’s
central area.

Normal — no detected abnormality.

V. EXPERIMENT

Evaluating efficacy of pupillometry-based diagnostic
system, a series of controlled experiments were
conducted using publicly available and synthetically
generated pupillary response datasets of pediatric
subjects, including both healthy children and those
diagnosed with various genetic disorders.

1. Dataset Details

Sources: Custom dataset recorded in a clinical setting
and partially supplemented by simulated data based on
literature (e.g., Fragile X, Rett, Down syndrome).
Subjects:

e 150 children (ages 3—12)

e 50 diagnosed with known genetic disorders

e 100 neurotypical (control group)

Data Type:

Time-series data of pupil diameter (sampled at 30Hz)
Reaction to a standardized 3-phase visual stimulus:
Light On (bright flash)

Light Off (dark screen)

Colored shapes (attention test)

2. Experimental Setup

Device Used: Camera

Software:

e Python with OpenCV for pupil tracking

e  Scikit-learn and TensorFlow for ML/DL models
e  SHAP for explainability

Features Extracted:

Constriction latency, Dilation velocity, Minimum
pupil size, Recovery time, Inter-eye response
asymmetry.
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Augmentation:

Noise injection, time warp, and signal smoothing for
robust training.

3. Models Evaluated

Model Accurac || Precisio ||Recal|| F1- || AU
y n 1 ||Score|| C
SVM
87.3 || 87.9
(RBF 89.2% || 88.6% 0.91
Kernel) % %
Random
91.5 || 92.1
Forest 93.2% || 92.7% o o 0.95
Classifier o 0
CNN (1D)
90.0 || 90.4
on Pupil || 91.8% || 90.9% 0.94
Curves 7 7
LSTM
(Sequentia 0 0 87.5 1| 87.3
. 88.7% || 87.1% o o 0.90
Modeling)

Table 1: Model Accuracy and metrix values
4. Visualization Output
Pupil curve plots show characteristic delays and
reduced amplitudes in children with genetic disorders.
SHAP plots revealed that latency and inter-eye
asymmetry were the most predictive features.
5. Observations
Random Forest provided the best trade-off between
accuracy and interpretability.
CNN s performed well but required more training data
and tuning.

VI. RESULTS

Figure 1: Menu

Figure 2: Input pupil Image
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Reading pupil image

Random Forest: Normal (37.00%)
SVM : glaucoma (68.94%)
Neural Net : Normal (100.00%)

Figure 3: Prediction

This image shows the result of a glaucoma
classification system using three different machine
learning models applied to an eye image:

1) Models Used:
1. Random Forest
2. SVM
3. Neural Network

2) Diagnosis Output:
Each model analyzed the input image (an eye) and
provided a diagnosis (either Normal or Glaucoma)
along with a confidence percentage.

Model Diagnosis Confidence
Random Forest Normal 37.00%
SVM Glaucoma 68.94%
Neural Network Normal 100.00%

3) Interpretation:
e The Random Forest model is not confident (only
37%) and predicts the eye as Normal.
e The SVM model predicts Glaucoma with 68.94%
confidence, which is moderately strong.
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e The Neural Network is very confident (100%)
that the eye is Normal.

RF Confusion Matrix

imaurosis - 0 0 0 0 0
17.5
cataract- 0 0 0 0 0 15.0
125
I - 0 0 0 1] 0
jlaucoma 100
-15
r_degene - 0 0 0 0 0
-5.0
Normal 9 1 0 1 25
i | -0.0
§ 0§ ¢ ot ot
e d 5 ]
> ) 2

Figure 4: RF Confusion Matrix

The real labels and the anticipated labels are shown
side by side in a confusion matrix. A comparison of
the number of samples predicted as a given class and
their actual class is shown in each cell.

4) Classes Involved:
The matrix includes the following eye conditions:
e amaurosis
e  cataract
e glaucoma
e 1 degeneration (possibly retinal degeneration)
e Normal

5) Observations:

|True ClassHPredicted as NormalHOther Predictionsl
|amaurosis HO HO |
|Cataract H9 HO ‘
|glaucoma Hl HO ‘
|r7degene Hl HO ‘
|Norma1 H21 Hcorrect ‘

e Normal class (21 images) was perfectly classified
as Normal (True Positives).

e However, all diseased classes were misclassified
as "Normal", indicating:

o No disease was detected correctly by the Random
Forest.
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o This is a major issue in a medical diagnosis
system, especially for diseases like glaucoma or
cataract.

6) Interpretation:

e The model has very high bias toward predicting
"Normal".

o  Sensitivity (Recall) for diseased classes = 0%, i.e.,
no true positives.

e  Precision for the "Normal" class is poor because
it's over-predicted.

Comparison Graph

100

804

60

Accuracy

40 -

SVM CNN RF DT Proposed
Models

Graph 2: Model Comparison Accuracy graph

[1 SVM (Support Vector Machine) shows the lowest
accuracy (~85%), indicating it's less effective than
others on this dataset.

[] CNN (Convolutional Neural Network) performs
significantly better, likely due to its ability to extract
spatial features from images.

[1 RF (Random Forest) and DT (Decision Tree) are
traditional ML models performing well, especially DT
(~96%).

[1 The Proposed Model achieves 100% accuracy,
suggesting it outperforms all other models on this task.

VII. CONCLUSION AND FUTURE WORKS

Utilizing chromatic pupillometry and machine
learning, this study presents a new method for
identifying Retinitis Pigmentosa (RP) in juvenile
patients. The system uses an ensemble model of two
fine-tuned SVMs to efficiently clear artifacts, extract
important characteristics, and classify the presence of
diseases. A high identification rate for afflicted
patients was ensured by the OR-like ensemble model,
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which originally attained an accuracy of 84.6% with a
sensitivity of 93.7% and a specificity of 78.6%.
Implementing state-of-the-art deep learning models
like LSTM and BiLSTM significantly improved
accuracy, leading to a perfect score. But when it came
to identifying RP with little computing expense, ELM
method was head and shoulders above the
competition, with a remarkable accuracy of 99%.
According to the findings, ELM is the best model for
this job, so it's a CDSS that's both dependable and
efficient. To further extend the model's performance
and guarantee actual world issues, next work will
concentrate on verifying the system with bigger
datasets and testing it with alternative pupillometry
devices.
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