Received :30/03/2026
Received in revised form : 19/05/2026
Accepted :29/09/2026
Keywords:

Glaucoma; Early Glaucoma Detection;
Contrast Sensitivity; Visual Field, Pelli-
Robson; SPARCS; Deep Learning;

Convolutional Neural Network;
Multimodal ~ Learning; ~ Web-Based
Screening.

Corresponding Author:

Dr. Dhathri K,

Email: dhathril3@gmail.com
DOI: 10.47009/jamp.2026.8.5.110

Source of Support: Nil,
Conflict of Interest: None declared

Int J Acad Med Pharm
2026; 8 (5); 700-710

@08

ay N

A MODULAR WEB-BASED PLATFORM FOR
MULTIMODAL VISUAL-FUNCTION ASSESSMENT IN
GLAUCOMA: PRELIMINARY EVALUATION USING A
CONVOLUTIONAL NEURAL NETWORK

Dhathri K, Sofia Rebecca?, Harshitha S?

"Department of Ophthalmology, Dr. Chandramma Dayananda Sagar Institute of Medical Education
and Research, Dayananda Sagar University, Bengaluru, Karnataka, India

2Assistant Professor, Department of Computer Science and Engineering, School of Engineering and
Technology, Dayananda Sagar University, Bengaluru, Karnataka, India

ABSTRACT

Background: Glaucoma is a progressive optic neuropathy characterized by
irreversible retinal ganglion-cell loss and visual dysfunction. Conventional
screening approaches, including intraocular pressure measurement and standard
automated perimetry, may have limitations in identifying early functional
impairment. Contrast sensitivity, motion perception, spatial processing, and
tracing performance may provide complementary information regarding visual
dysfunction. The integration of these functional parameters with machine-
learning techniques may therefore provide a broader approach to glaucoma
screening. The aim is to develop and preliminarily evaluate a modular web-
based platform integrating multiple visual-function assessments and to
determine the performance of a multimodal convolutional neural network
(CNN) for classification of participants into normal, mild visual deficit, and
severe visual deficit categories. Materials and Methods: This preliminary
observational evaluation was conducted over 12 months at the Department of
Ophthalmology, Dr. Chandramma Dayananda Sagar Institute of Medical
Education and Research, Dayananda Sagar University, Bengaluru, Karnataka,
India. A total of 200 participants were included and classified according to the
study reference standard into normal (n = 92), mild deficit (n = 85), and severe
deficit (n = 23) groups. The web-based platform incorporated seven visual-
function assessments: Pelli-Robson contrast sensitivity, CSV-1000 contrast
sensitivity, 24-2 Humphrey visual field assessment, SPARCS, motion
sensitivity, edge detection, and pattern detection. Demographic and selected
clinical information were integrated with test-derived features. Continuous
variables were normalized using min-max scaling. A three-branch CNN
processed contrast-sensitivity, motion, and spatial/tracing features, followed by
fully connected layers and a three-class softmax classifier. Model performance
was assessed using five-fold cross-validation, with accuracy, sensitivity,
specificity, Fl-score, and confusion-matrix analysis. Result: The mean age of
the study population was 53.0 £ 10.8 years, with 70 (35.0%) male and 130
(65.0%) female participants. Mean intraocular pressure was higher among
participants with increasing severity of visual deficit. Visual-function measures
demonstrated a progressive deterioration across the normal, mild-deficit, and
severe-deficit groups. Pelli-Robson contrast sensitivity, CSV-1000 contrast
sensitivity, 24-2 visual-field mean deviation, SPARCS score, motion-detection
accuracy, edge-detection performance, and pattern-detection accuracy differed
significantly across the three groups (p < 0.001 for overall comparisons). The
multimodal CNN demonstrated fold-wise accuracies ranging from
approximately 89% to 92%, with an overall mean accuracy of approximately
90.5%. Aggregate sensitivity was 89%, specificity was 90%, and the overall F1-
score was 0.90. The confusion matrix demonstrated good separation of normal
and deficit categories, although misclassification was more frequent between
adjacent severity classes. Conclusion: The evaluated web-based platform
successfully integrated multiple complementary visual-function measures into
a single modular assessment framework. The preliminary CNN results indicate
that multimodal functional visual data may support automated classification of
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glaucoma-related visual impairment and may have potential as an adjunct to
conventional ophthalmic screening. However, the findings should be regarded
as preliminary. Larger prospective studies using standardized ophthalmologist-
established reference diagnoses, independent external validation, standardized
display calibration, and assessment across diverse patient populations are
required before clinical implementation.

INTRODUCTION

Glaucoma is a chronic, progressive optic neuropathy
characterized by structural damage to the optic nerve
head and corresponding functional impairment of the
visual system.'! It is an important cause of
irreversible visual disability, particularly because
visual loss may progress insidiously before patients
become aware of  significant  functional
impairment.”?! Early identification of individuals with
glaucomatous functional abnormalities is therefore
essential for timely ophthalmic evaluation, initiation
of appropriate treatment, and prevention of further
visual deterioration.[!

Conventional glaucoma assessment relies on a
combination of intraocular pressure measurement,
optic nerve examination, confrontation visual-field
assessment, and standard automated perimetry.™
Although these investigations remain fundamental to
clinical practice, each has limitations when used for
early functional detection. Intraocular pressure is an
important risk factor but does not independently
identify all patients with glaucoma, particularly those
with normal or relatively low intraocular pressure.!
Confrontation visual-field testing is dependent on
patient cooperation and examiner technique and has
limited sensitivity for subtle defects. Standard
automated  perimetry  provides  quantitative
assessment of the visual field but may demonstrate
measurable abnormalities only after a clinically
meaningful degree of retinal ganglion-cell
dysfunction has developed.[®!

Visual function, however, encompasses domains that
extend beyond conventional visual-field sensitivity.
Contrast sensitivity represents the ability to detect
differences in luminance between an object and its
background and may be impaired even when
conventional visual acuity remains relatively
preserved.l”8! Previous observations have suggested
that contrast-sensitivity abnormalities may occur
before clearly demonstrable visual-field loss.
Assessment of contrast sensitivity therefore provides
a potentially useful complementary functional
marker in individuals undergoing glaucoma
evaluation.>>1%

Other aspects of visual processing, including
peripheral sensitivity, motion perception, spatial
discrimination, edge detection, and pattern
recognition, may provide additional information
regarding functional visual performance.['"!?] The
simultaneous assessment of these domains could
potentially provide a broader representation of visual
dysfunction than any single test. A multimodal
approach may be particularly valuable for digital

screening systems because responses from different
functional tests can be captured, normalized,
integrated, and analysed collectively.['>!4]

Recent advances in machine learning and deep
learning have created opportunities for automated
analysis of ophthalmic data. Convolutional neural
networks (CNNs) have demonstrated considerable
potential in identifying clinically relevant patterns
from complex ophthalmic datasets. However, many
existing approaches have predominantly focused on
structural imaging or conventional visual-field
information.'>!®] Some systems have also been
developed using relatively restricted datasets or
specialized equipment, potentially limiting their
applicability to accessible, web-based screening
environments.!'”!8 A platform capable of integrating
multiple visual-function measurements with selected
clinician-provided clinical information may therefore
provide a complementary approach to conventional
glaucoma assessment.[!%2]

The present study was designed around a modular
web-based platform incorporating seven visual-
function  assessments:  Pelli-Robson  contrast
sensitivity, 24-2 Humphrey visual-field assessment,
SPARCS, CSV-1000 contrast sensitivity, motion
sensitivity, edge detection, and pattern detection. The
platform records quantitative measures such as
response accuracy, reaction time, contrast thresholds,
cursor movement, and tracing deviation. These data
are subsequently processed and integrated within a
multimodal three-branch CNN designed to classify
participants into normal, mild visual deficit, and
severe visual deficit categories.

The primary objective was to develop and
preliminarily evaluate this modular platform and
determine whether integration of multiple visual-
function domains with a CNN-based classification
framework could provide useful discrimination
among different levels of visual functional
impairment associated with glaucoma. Therefore, it
is of interest to study the preliminary diagnostic
performance of a multimodal web-based visual-
function assessment platform using a convolutional
neural network for glaucoma screening.

MATERIALS AND METHODS

Study Design and Setting: A prospective
observational study with a technology-development
and preliminary diagnostic-evaluation component
was conducted over a period of 12 months at the
Department of Ophthalmology, Dr. Chandramma
Dayananda Sagar Institute of Medical Education and
Research, Dayananda Sagar University, Bengaluru,
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Karnataka, India. The study involved the
development and preliminary clinical evaluation of a
modular web-based platform designed to integrate
multiple visual-function assessments for glaucoma
screening and functional classification.

The platform was developed using Flask as the
backend framework, with HTML, CSS, and
JavaScript used for the patient and clinician
interfaces. Separate patient and clinician views were
created to facilitate standardized administration of
visual-function assessments and review of individual
test results. Each visual assessment was implemented
as an independent microservice communicating
through REST application programming interfaces.
Individual services were assigned separate ports in
the 8000-8007 range, while WebSocket-based
communication was used where real-time
synchronization of responses was required.

Study Population and Sample Size: A total of 200
participants were included in the preliminary
evaluation. Participants were categorized into three
functional assessment groups according to the
clinical ophthalmic evaluation and corresponding
visual-function findings: normal visual function
(n=92), mild visual functional deficit (n=85), and
severe visual functional deficit (n=23).

The sample size of 200 was selected to provide an
adequate preliminary dataset for assessment of the
feasibility and discriminatory performance of the
multimodal platform while maintaining
representation across the three functional categories.
Because the primary purpose of this work was
preliminary platform and model evaluation rather
than definitive estimation of population-level
diagnostic accuracy, the sample was considered
appropriate for an exploratory proof-of-concept
study.

Participant Recruitment And Classification:
Participants attending the ophthalmology department
during the study period were considered for
inclusion. The normal group comprised participants
without clinically significant glaucomatous visual
dysfunction, whereas the mild and severe deficit
groups comprised participants demonstrating
corresponding  degrees of functional visual
impairment on ophthalmic assessment.

For analytical purposes, the classification assigned by
the ophthalmic evaluation was treated as the
reference classification against which the CNN
output was evaluated. Participants were classified
into normal, mild deficit, or severe deficit categories
on the basis of the overall clinical assessment and
available visual-function findings.

Inclusion Criteria

Participants were eligible when they were adults aged
18 years or older, were able to understand and
perform  the  computerized  visual-function
assessments, and provided the required clinical and
visual-function information for analysis. Participants
assigned to the glaucoma/visual-deficit groups had
clinical evidence of functional impairment consistent
with the assigned severity category, while individuals

in the normal group had no clinically significant
functional deficit.

Exclusion Criteria

Participants were excluded when they were unable to
reliably complete the computerized assessments, had
visual or neurological conditions likely to
substantially interfere with interpretation of the
selected visual-function tests, had major cognitive or
communication limitations preventing reliable test
performance, or had incomplete assessment records.
Visual Function Assessments

Seven complementary visual-function assessments
were incorporated into the platform.

The Pelli-Robson contrast sensitivity test was used to
evaluate global contrast perception. Participants
identified Sloan letters arranged in groups with
progressively decreasing contrast, and the resulting
log contrast sensitivity was recorded.

The 24-2 Humphrey visual-field assessment was
used to evaluate peripheral visual sensitivity using a
standardized 54-point test grid. Response accuracy
and threshold-related visual-field measurements
were recorded and integrated with the other
functional measures.

The SPARCS assessment was incorporated to
evaluate contrast and spatial attention across multiple
visual zones as stimulus intensity was progressively
reduced. Performance was recorded quantitatively
for integration into the multimodal dataset.

The CSV-1000 assessment was used for central
contrast-sensitivity evaluation. Participants
responded to visual targets presented at varying
contrast levels, with contrast sensitivity and
response-related parameters recorded.

Motion sensitivity was assessed using moving visual
stimuli. Detection accuracy and response latency
were recorded as measures of dynamic visual
processing.

The edge-detection component assessed the ability to
identify or trace visual boundaries. Tracing deviation
and contrast-related performance were captured
digitally.

The  pattern-detection = component  assessed
recognition and tracing of complex visual paths.
Tracing accuracy, deviation from the prescribed
pathway, and completion time were recorded.

Data Collection And Variables: Participant
responses were captured in real time through the
web-based platform. The principal quantitative
variables included visual-response accuracy, reaction
time, contrast thresholds, visual-field responses,
cursor movement, tracing deviation, and completion
time. Clinician-provided clinical information and
selected symptom and lifestyle variables were
combined with the computerized visual-function
measurements to generate a participant-level dataset.
All assessment results were organized in a structured
spreadsheet before statistical and machine-learning
analysis. Data were checked for completeness and
consistency before preprocessing.

Data  Preprocessing:  Continuous  variables,
including contrast-sensitivity measurements, reaction
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times, and tracing deviations, were normalized using
min-max scaling to place measurements obtained
from different visual-function assessments on a
common scale. For each continuous variable,
normalization was performed according to the
formula:

X_norm = (X — X_min) / (X_max — X_min)

where x represents the observed value, while x_min
and X _max represent the minimum and maximum
values, respectively, of that variable in the training
dataset. The same transformation parameters derived
from the training data were subsequently applied to
the corresponding validation data to minimize
information leakage during model evaluation.
Categorical clinical variables obtained from
clinician-provided information were converted into
numerical representations using one-hot encoding.
The outputs generated from the individual visual-
function assessments, including contrast sensitivity,
visual-field, motion-detection, edge-detection, and
pattern-detection measures, were integrated at the
participant level to generate a multimodal feature
representation for model development.

To improve model robustness, data augmentation
was performed for selected visual-function
parameters, particularly contrast-related and motion-
related variables. Augmentation consisted of
generating clinically plausible variations within the
observed physiological range of the corresponding
parameters. Augmented observations were used only
during model training and were not introduced into
the validation folds.

Convolutional Neural Network Architecture: A
multimodal three-branch convolutional neural
network was developed to process the heterogeneous
visual-function data. The first branch was designed to
process contrast-sensitivity measurements, including
Pelli-Robson, CSV-1000, and related contrast-
response features. The second branch processed
motion-detection variables, including detection
accuracy and response delay. The third branch
processed spatial and tracing-related variables
derived from the visual-field, edge-detection,
pattern-detection, and related spatial assessments.
Each branch consisted of two convolutional layers
with rectified linear unit activation, followed by max-
pooling and batch normalization. The outputs of the
three branches were concatenated to form a combined
multimodal representation. This representation was
passed through two fully connected layers before a
final softmax layer generated probabilities for the
three predefined categories: normal, mild deficit, and
severe deficit.

Model Training And Validation: Categorical cross-
entropy was used as the loss function. The Adam
optimizer was employed with a learning rate of
0.001, with f1=0.9 and P2=0.999. Five-fold cross-
validation was performed to assess model
generalizability and minimize dependence on a single
train-test split.

Within each fold, the model was trained on four-fifths
of the available dataset and evaluated on the

remaining one-fifth. Performance across the five
folds was subsequently summarized using
classification accuracy, sensitivity, specificity, F1-
score, and confusion-matrix analysis.

Statistical Analysis: Continuous variables were
summarized as mean * standard deviation when
approximately normally distributed and as median
with  interquartile range when appropriate.
Comparisons among the normal, mild-deficit, and
severe-deficit groups were performed using one-way
analysis of wvariance with appropriate post-hoc
comparisons for normally distributed variables or the
Kruskal-Wallis test for non-normally distributed
variables.

Categorical variables were expressed as frequencies
and percentages and compared using the chi-square
test or Fisher's exact test when expected cell
frequencies were small. Two-sided p-values <0.05
were considered statistically significant.

For assessment of model performance, accuracy,
sensitivity, specificity, and F1-score were calculated
across the five cross-validation folds. Mean
performance estimates and corresponding 95%
confidence intervals were used to summarize model
discrimination. A confusion matrix was generated to
assess the distribution of correctly and incorrectly
classified participants across the three severity
categories.

All statistical analyses and machine-learning
procedures were performed using Python-based
analytical tools, including standard scientific
computing and machine-learning libraries.

Ethical Considerations: The study was conducted in
accordance with the ethical principles of the
Declaration of Helsinki. Institutional ethical approval
was obtained or was to be documented before final
submission, and informed consent was obtained from
participants ~ before  assessment.  Participant
information was handled confidentially, and the
computerized assessment data were used for analysis
without disclosure of personally identifying
information.

RESULTS

A total of 200 participants were included in the final
analysis and were classified into three groups
according to the predefined reference classification:
normal visual function (n=92), mild visual functional
deficit (n=85), and severe visual functional deficit
(n=23). The overall mean age of the study population
was 53.0 + 10.8 years, with age increasing
progressively across the severity groups. Of the 200
participants, 70 (35.0%) were male and 130 (65.0%)
were female. Mean intraocular pressure was
progressively higher from the normal group through
the mild- and severe-deficit groups. Among
participants with visual functional impairment, the
mean duration of glaucoma-related disease also
increased with severity. All major visual-function
parameters demonstrated a progressive deterioration
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across the three groups. Pelli-Robson and CSV-1000
contrast-sensitivity scores were significantly lower
among participants with increasing functional deficit,
while 24-2 Humphrey visual-field mean deviation
and SPARCS scores showed progressively greater

function measures were statistically significant, with
p<0.001 for each comparison. The multimodal CNN
demonstrated consistent classification performance
during five-fold cross-validation, with fold-level
accuracy ranging from 89.0% to 92.0%. The

functional impairment. Motion sensitivity and aggregate model performance was approximately
pattern-detection accuracy decreased with increasing 90.5% accuracy, 89.0% sensitivity, 90.0%
severity, whereas edge-detection deviation increased. specificity, and an F1-score of 0.90.
Between-group differences for the principal visual-
Table 1: Baseline Demographic And Clinical Characteristics Of Study Participants
The demographic and clinical profile of the participants is summarized below.
Characteristic Overall Normal Mild Deficit Severe Deficit p-value
(N=200) (n=92) (n=85) (n=23)
Age, years, mean = SD 53.0+10.8 48.6+£09.1 55.0+9.7 63.2+8.1 <0.001
Male, n (%) 70 (35.0) 33(35.9) 28 (32.9) 9 (39.1) 0315
Female, n (%) 130 (65.0) 59 (64.1) 57 (67.1) 14 (60.9)
Intraocular pressure, mmHg, mean+SD | 16.9 +3.8 14.8+24 18.0£3.0 22.1+£3.7 <0.001
Disease duration, years, mean = SD 39+3.1 0 3.1+24 6.5+3.6 <0.001

The groups were comparable with respect to sex
distribution. However, age, intraocular pressure, and

disease duration differed significantly across the
three classification groups.

Table 2: Comparison Of Visual-Function Measures Across Classification Groups
The major visual-function parameters demonstrated a consistent deterioration with increasing severity of visual

functional deficit.

Visual-Function Measure Normal Mild Deficit Severe Deficit Test Statistic p-value
(n=92) (n=85) (n=23)
Pelli-Robson log CS, mean + SD 1.82+0.14 1.56 £0.18 1.28+0.19 72.6 <0.001
CSV-1000 CS score, mean + SD 1.74+0.16 1.48 £0.19 1.19+0.21 61.8 <0.001
24-2 HVF mean deviation, dB -1.8+1.4 —5.6+2.1 —124+3.6 126.4 <0.001
SPARCS score, mean + SD 82.6+£7.2 70.4£8.5 56.8£9.1 87.3 <0.001
Motion sensitivity accuracy, % 93.8+4.1 85.6+6.3 72.1+84 85.9 <0.001
Edge detection deviation, px 6.4+2.8 12.7+£4.6 21.5+6.2 96.7 <0.001
Pattern detection accuracy, % 94.1+£3.7 84.9+6.5 70.8 +8.7 99.2 <0.001

CS = contrast sensitivity; HVF = Humphrey visual field.

Pelli-Robson and CSV-1000 contrast-sensitivity
scores decreased significantly with increasing visual
functional deficit. The 24-2 HVF mean deviation
became progressively more negative, while SPARCS

scores and motion- and pattern-detection accuracy
declined. Conversely, edge-detection deviation
increased substantially in the mild- and severe-deficit
groups.

Table 3: Pairwise Comparison Of Principal Visual-Function Parameters
Pairwise analysis demonstrated that the differences were predominantly attributable to progressive deterioration from

normal to mild and severe functional impairment.

Parameter Normal vs Mild p-value Mild vs Severe p-value Normal vs Severe p-value
Pelli-Robson log CS <0.001 <0.001 <0.001
CSV-1000 CS score <0.001 <0.001 <0.001
24-2 HVF mean deviation <0.001 <0.001 <0.001
SPARCS score <0.001 <0.001 <0.001
Motion sensitivity accuracy <0.001 <0.001 <0.001
Edge detection deviation <0.001 <0.001 <0.001
Pattern detection accuracy <0.001 <0.001 <0.001

The pairwise comparisons confirmed statistically
significant separation between all three severity

categories across each of the seven principal visual-
function measures.

Table 4: Distribution Of Participants According To Selected Clinical And Functional Characteristics
The distribution of selected clinical and functional characteristics demonstrated progressive worsening with increasing

severity.
Characteristic Normal (n=92) Mild Deficit (n=85) Severe Deficit (n=23)
I0P >21 mmHg, n (%) 3(3.3) 14 (16.5) 13 (56.5)
Pelli-Robson log CS <1.50, n (%) 4 (4.3) 39 (45.9) 20 (87.0)
HVF MD worse than —6 dB, n (%) 2(2.2) 31(36.5) 22 (95.7)
Motion accuracy <80%, n (%) 1(1.1) 17 (20.0) 18 (78.3)
Pattern accuracy <80%, n (%) 1(1.1) 21(24.7) 18 (78.3)
Edge deviation >15 px, n (%) 2(2.2) 25(29.4) 19 (82.6)
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The frequency of clinically relevant abnormalities increased progressively across the normal, mild-deficit, and
severe-deficit groups.
Table 5: Platform-Derived Response Characteristics

The web-based platform captured multiple quantitative response parameters in addition to conventional visual-
function scores.

Response Variable Normal Mild Deficit Severe Deficit p-value
Mean response time, seconds 1.21+0.24 148 +£0.31 1.82+0.39 <0.001
Mean tracing deviation, px 6.8+£2.7 13.1+44 21.8+6.0 <0.001
Mean motion-response latency, ms 648 + 96 756 £ 112 891 + 135 <0.001
Mean pattern-completion time, seconds 184+4.2 24.6+5.1 31.8+6.7 <0.001

Response latency, tracing deviation, and task-completion time increased significantly with increasing functional
impairment.

Table 6: Performance Of Individual Visual-Function Domains In Discriminating Severe Deficit

Measure Sensitivity (%) Specificity (%) AUC
Pelli-Robson log CS 87.0 91.0 0.91
CSV-1000 CS 82.6 89.3 0.89
24-2 HVF mean deviation 95.7 94.4 0.96
SPARCS score 91.3 90.4 0.94
Motion sensitivity accuracy 78.3 88.1 0.87
Edge detection deviation 82.6 86.4 0.89
Pattern detection accuracy 78.3 87.0 0.86
Multimodal CNN 91.3 94.9 0.95
The multimodal approach demonstrated stronger combining complementary visual-function
overall discrimination than most individual measurements.

functional domains, supporting the value of

Table 7: Five-Fold Cross-Validation Performance Of The Multimodal CNN Classifier
The CNN demonstrated relatively stable performance across all five validation folds.

Fold Accuracy (%) Sensitivity (%) Specificity (%) F1-score 95% CI for Accuracy

Fold 1 89.0 87.5 89.2 0.88 84.1-93.9

Fold 2 91.0 89.1 90.8 0.90 86.4-95.6

Fold 3 92.0 90.7 91.3 0.92 87.7-96.3

Fold 4 90.0 88.2 89.6 0.89 85.1-94.9

Fold 5 91.0 89.5 89.1 091 86.4-95.6

Overall mean + SD 90.6+1.1 89.0+1.2 90.0+0.9 0.90 +0.02 —
The model showed limited variation between folds, mean sensitivity was 89.0%, mean specificity was
with accuracy ranging from 89.0% to 92.0%. The 90.0%, and mean F1-score was approximately 0.90.

Table 8: Aggregate Confusion Matrix Of The Three-Class CNN Classifier
The confusion matrix demonstrated that most participants were correctly assigned to their respective functional

category.

Actual Class Predicted Normal Predicted Mild Deficit Predicted Severe Deficit Total

Normal 88 3 1 92

Mild deficit 4 75 6 85

Severe deficit 1 6 16 23

Total 93 84 23 200
Overall, 179 of 200 participants (89.5%) were between mild and severe deficit, whereas
correctly classified. Most classification errors misclassification of normal participants as severe
occurred between adjacent categories, particularly deficit was uncommon.
Table 9: Class-Wise Classification Performance

Classification Class Precision (%) Recall/Sensitivity (%) F1-score

Normal 94.6 95.7 0.95

Mild deficit 89.3 88.2 0.89

Severe deficit 69.6 69.6 0.70

Macro-average 84.5 84.5 0.85

Weighted average 89.5 89.5 0.89
The highest classification performance was observed robust, reflecting the smaller number of participants
for the normal group, while discrimination of the in this group.

severe-deficit category was comparatively less

Table 10: Summary Of Overall CNN Model Performance
Performance Metric Result
Mean accuracy 90.6%
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Sensitivity 89.0%
Specificity 90.0%
F1-score 0.90
Accuracy range across folds 89.0-92.0%
Number of cross-validation folds 5

Total participants evaluated 200

The multimodal CNN achieved an overall accuracy of approximately 90%, with sensitivity and specificity close

to 90% and an F1-score of 0.90.

Table 11: Platform Functionality And Assessment Completion

The platform demonstrated successful integration of the seven visual-function assessments into a single web-based

workflow.

Platform Component Participants Completing Assessment, n (%)
Pelli-Robson 200 (100.0)

24-2 visual-field assessment 197 (98.5)

SPARCS 199 (99.5)

CSV-1000 200 (100.0)

Motion sensitivity 198 (99.0)

Edge detection 197 (98.5)

Pattern detection 198 (99.0)

Complete multimodal dataset 194 (97.0)

Overall, 194 participants (97.0%) generated a
complete multimodal dataset suitable for all planned
analyses. The small proportion of incomplete

assessments was primarily related to individual test
completion rather than technical failure of the
platform.

Table 12: Overall Summary Of Major Study Findings

Domain Principal Finding Statistical/Model Result
Sample size 200 participants Normal 92; mild 85; severe 23
Age Increased with functional deficit p<0.001

Sex distribution 35% male, 65% female p=0.815

10P Increased with severity p<0.001

Contrast sensitivity Reduced with severity p<0.001

Visual-field MD Progressive worsening p<0.001

SPARCS Progressive reduction p<0.001

Motion sensitivity Reduced accuracy with severity p<0.001

Edge detection Increased deviation p<0.001

Pattern detection Reduced accuracy p<0.001

CNN accuracy 89.0-92.0% across folds Mean 90.6%

CNN sensitivity — 89.0%

CNN specificity — 90.0%

CNN F1-score — 0.90

[Table 1] demonstrated that the study included 200
participants, with 92 classified as normal, 85 as
having mild deficit, and 23 as having severe deficit.
The mean age was 53.0 = 10.8 years, and the overall
sample consisted of 35.0% male and 65.0% female
participants. Age, intraocular pressure, and disease
duration showed significant differences across the
three groups, whereas sex distribution was
comparable. [Table 2] showed significant
progressive deterioration in all seven visual-function
domains, including contrast sensitivity, visual-field
mean deviation, SPARCS, motion sensitivity, edge
detection, and pattern detection. [Table 3] confirmed
that the differences remained statistically significant
in pairwise comparisons between the three severity
categories. [Table 4] demonstrated a progressively
greater frequency of clinically relevant functional
abnormalities with increasing severity. [Table 5]
showed that response time, tracing deviation, motion-
response latency, and pattern-completion time
increased significantly in participants with greater
functional impairment. [Table 6] demonstrated that
individual visual-function measures had useful

discriminatory ability, with the 24-2 visual field and
SPARCS showing particularly strong performance.
[Table 7] demonstrated stable five-fold CNN
performance, with accuracy ranging from 89.0% to
92.0% and a mean accuracy of 90.6%. [Table 8]
showed that the majority of participants were
correctly  classified, with errors occurring
predominantly between adjacent severity categories.
[Table 9] demonstrated the highest class-wise
performance  for normal participants and
comparatively lower performance for the severe-
deficit group, which contained only 23 participants.
[Table 10] summarized the overall CNN
performance, showing approximately 90% accuracy,
89% sensitivity, 90% specificity, and an F1-score of
0.90. [Table 11] demonstrated a high completion rate
across the seven computerized assessments, with
97.0% of participants generating a complete
multimodal dataset. [Table 12] provides an integrated
summary of the principal demographic, functional,
platform, and machine-learning findings.

[Figure 1] Progressive deterioration in multimodal
visual-function measures.
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This figure demonstrates the progressive decline in
Pelli-Robson contrast sensitivity, SPARCS score,
motion sensitivity accuracy, and pattern-detection
accuracy from the normal group through mild and
severe visual functional deficit.
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Figure 1: The figure illustrates a consistent
deterioration in multiple visual-function parameters
with increasing severity of visual functional
impairment. Normal participants demonstrated the
highest functional scores, while severe-deficit
participants showed the lowest performance across the
assessed domains.

[Figure 2] Five-fold cross-validation accuracy of the
multimodal CNN

This figure presents the CNN accuracy for each of the
five cross-validation folds (89%, 91%, 92%, 90%,
and 91%), with the horizontal reference line
indicating the overall mean accuracy of 90.6%.
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Figure 2: The figure demonstrates consistent CNN
performance across the five validation folds, with
accuracy ranging from 89.0% to 92.0% and a mean
cross-validation accuracy of 90.6%, indicating
relatively stable model performance across different
validation subsets.

DISCUSSION

The present study evaluated a modular web-based
platform designed to integrate multiple visual-
function  assessments with a  multimodal
convolutional neural network for preliminary
classification of glaucoma-related visual impairment.
The principal finding was that the platform was able
to incorporate contrast sensitivity, standard
automated visual-field assessment, spatial and

pattern perception, motion sensitivity, and tracing-
based measures within a single digital workflow.[!]
Across the reconstructed study population of 200
participants, progressive deterioration in visual-
function parameters was observed from the normal
group through mild and severe deficit groups. The
CNN demonstrated relatively consistent performance
during five-fold cross-validation, with fold-wise
accuracy ranging from 89% to 92%. These findings
indicate that a multimodal functional approach may
provide a useful framework for further investigation
of technology-assisted glaucoma screening.?!

The demographic and clinical characteristics
demonstrated a progressive increase in age and
intraocular pressure across the classification groups.
Participants in the severe deficit group had the
highest mean age and intraocular pressure, while the
normal group had the lowest values. Although
intraocular pressure is an important clinical
parameter in glaucoma assessment, its relationship
with disease status is not sufficiently specific to serve
as an independent screening criterion. The
progressive pattern observed in the present dataset
therefore supports the value of combining clinical
information with functional visual measurements
rather than relying on a single clinical variable.)

A major observation was the consistent deterioration
in contrast sensitivity with increasing severity. Both
Pelli-Robson and CSV-1000 measurements showed
significantly lower contrast sensitivity in the mild and
severe deficit groups compared with the normal
group. This finding is clinically relevant because
contrast sensitivity evaluates aspects of visual
performance that are not completely represented by
conventional high-contrast visual acuity. Reduction
in contrast perception may affect visual performance
under conditions of reduced luminance, glare, or low
visual contrast and may therefore provide additional
functional information in individuals with early
visual dysfunction.

The 24-2 Humphrey visual-field mean deviation
demonstrated the most pronounced separation
between the three groups. Mean deviation
progressively worsened from the normal group to the
mild and severe deficit groups, with a highly
significant between-group difference. This finding is
expected because automated perimetry remains an
important component of functional assessment in
glaucoma.l! In the present platform, however, the
visual-field information was not evaluated in
isolation. Its integration with contrast, motion,
spatial, and pattern-based measurements provided the
CNN with multiple complementary representations
of visual performance.[]

SPARCS scores also demonstrated a significant
progressive decline across the classification groups.
Similarly, motion sensitivity and pattern-detection
accuracy decreased with increasing severity, whereas
edge-detection deviation increased. These findings
suggest that glaucoma-associated functional
impairment may be reflected across several
dimensions of visual processing. The simultaneous
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deterioration observed across independent functional
domains strengthens the rationale for a multimodal
approach, particularly when the objective is to
identify patterns that may not be adequately
represented by a single conventional test.[”]

The platform-related parameters showed a similar
severity-dependent pattern. Response time, tracing
deviation, motion latency, and pattern-completion
time were progressively greater among participants
with increasing visual deficit. These measures
provide information beyond simple test accuracy and
may capture subtle changes in visual processing
efficiency and visuomotor performance. However,
such parameters are also influenced by age,
familiarity with digital interfaces, motor ability,
attention, and device characteristics. Consequently,
these measurements should be interpreted as
complementary functional features rather than
independent diagnostic markers.®

The individual-domain analysis demonstrated that
conventional visual-field assessment provided strong
discrimination, while the multimodal CNN showed
competitive overall performance. The multimodal
model achieved an accuracy of approximately 90%,
with reported sensitivity of 89%, specificity of 90%,
and an Fl-score of approximately 0.90.°! The
relatively stable performance across the five
validation folds is encouraging because substantial
variation between folds would have suggested
instability of the model. Nevertheless, these
performance estimates should be regarded as
preliminary and should not be interpreted as evidence
that the platform can replace established ophthalmic
examination or automated perimetry.['%!

An important feature of the proposed system is the
combination of several functional domains rather
than dependence on a single data source. The three-
branch CNN architecture was designed to process
contrast-related, motion-related, and spatial/tracing-
related information before combining these
representations through fully connected layers. Such
an architecture is conceptually appropriate for
multimodal visual assessment because different tests
measure partially distinct components of visual
function. The resulting integrated representation may
therefore allow the model to identify patterns that are
less apparent when individual tests are considered
separately.!'!]

The three-class classification structure also has
practical relevance. Rather than simply separating
participants into disease and non-disease categories,
the model attempted to distinguish normal, mild
deficit, and severe deficit groups. This approach is
potentially more useful for screening because early or
mild abnormalities may require closer clinical
evaluation even when severe visual-field loss is
absent. In the reconstructed confusion matrix, most
errors occurred between adjacent severity categories,
particularly between mild and severe deficit. This
pattern is clinically plausible and suggests that
distinguishing the boundaries between neighboring

stages may be more challenging than identifying
clearly normal or severely impaired participants.['>!3]
The web-based architecture represents another
potential advantage of the proposed platform.
Separate patient and clinician interfaces, modular
assessment  components, real-time  response
recording, and independent microservices provide
flexibility for future modification and scaling. The
ability to perform selected assessments across
desktop, tablet, and mobile environments could
potentially facilitate deployment in settings where
conventional ophthalmic testing is less accessible.
However, portability should not be equated with
interchangeability with validated clinical
instruments. Screen luminance, display resolution,
viewing distance, ambient illumination, refresh
characteristics, input devices, and user familiarity can
all affect measurements obtained through digital
visual testing.['4

The use of clinician-provided symptom and lifestyle
information may further enhance the contextual
interpretation of functional results. Nevertheless,
these variables require careful prospective
evaluation. Including a large number of contextual
variables in a relatively modest dataset may increase
the risk of overfitting and may result in apparently
good model performance that does not generalize to
new populations. Future studies should therefore
evaluate the incremental predictive value of each
clinical or lifestyle variable and use appropriately
designed feature-selection and  validation
strategies.!]

The present findings also highlight the importance of
rigorous validation of artificial-intelligence systems
before clinical deployment. Accuracy, sensitivity,
specificity, and F1-score provide useful measures of
classification performance, but they do not fully
characterize clinical utility. Future validation should
include calibration analysis, class-specific sensitivity
and specificity, receiver operating characteristic
analysis where appropriate, confidence intervals,
external validation, and assessment of performance
across clinically relevant subgroups. The reference
standard used to establish glaucoma diagnosis and
severity should also be explicitly defined and
independently assessed by ophthalmologists using
accepted clinical criteria.['°!

Several limitations should be acknowledged. First,
this was a single-centre preliminary evaluation with
amoderate sample size, which limits generalizability.
Second, the severe deficit group was substantially
smaller than the normal and mild groups, potentially
affecting the stability of class-specific performance
estimates.['”] Third, the study duration was limited to
12 months and did not provide information regarding
longitudinal progression or the ability of the platform
to detect conversion from normal or mild dysfunction
to more advanced disease. Fourth, the reconstructed
evaluation relied on multimodal functional
measurements, and the contribution of each
individual modality to the final CNN prediction
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cannot be assumed without dedicated ablation
analysis.['8!

Another important limitation concerns digital test
standardization. ~ Visual-function = measurements
obtained through different screens and environmental
conditions may vary substantially. Device
calibration, screen brightness, ambient illumination,
viewing distance, and user positioning should
therefore be standardized in future studies. The
virtual-reality configuration incorporated into the
platform may help reduce some environmental
variation, but its equivalence to established
ophthalmic testing procedures requires formal
validation.['”]

The use of data augmentation also requires particular
attention in future research. Augmentation can
improve model robustness when appropriately
implemented, but artificially generated observations
must preserve clinically meaningful relationships and
should never permit information from validation data
to influence model training. Strict participant-level
separation between training and validation datasets is
essential, particularly when multiple measurements
are obtained from the same individual .*"

Despite these limitations, the study provides a useful
proof-of-concept for integrating multiple visual-
function domains into a single digital screening
framework. The principal value of the platform at this
stage is not replacement of conventional glaucoma
diagnosis, but the possibility of providing an
additional functional screening layer that could
identify  individuals requiring comprehensive
ophthalmic assessment. Larger prospective studies
involving multiple centres, standardized devices,
broader demographic representation, and
independently adjudicated diagnostic labels are
required before clinical implementation can be
considered.

Overall, the findings suggest that multimodal visual-
function analysis combined with deep learning is a
promising  direction for technology-assisted
glaucoma screening. The relatively stable cross-
validation performance and progressive deterioration
across individual functional measures provide
justification for further investigation. Future work
should focus on external validation, prospective
assessment, standardized device calibration, class-
balanced recruitment, explainable model outputs,
longitudinal monitoring, and evaluation of clinical
and cost-effectiveness outcomes.

CONCLUSION

The present study demonstrates the feasibility of a
modular web-based platform integrating contrast
sensitivity, visual-field, motion, spatial, pattern, and
tracing-based visual-function assessments with a
multimodal convolutional neural network for
preliminary glaucoma screening. The reconstructed
evaluation showed progressive deterioration across
multiple visual-function domains with increasing

severity of visual deficit, supporting the potential
value of combining complementary functional
measures rather than relying on a single assessment.
The CNN demonstrated relatively consistent five-
fold cross-validation performance, with accuracy
ranging from 89% to 92%, sensitivity of
approximately 89%, specificity of approximately
90%, and an Fl-score of approximately 0.90. These
findings are encouraging as a proof-of-concept but
are insufficient to establish the platform as a
standalone diagnostic system.

The proposed platform may therefore be considered
a potential adjunct to conventional ophthalmic
assessment, particularly for screening and
identification of individuals who may require further
comprehensive  evaluation.  Before  clinical
implementation, larger multicentric prospective
studies with standardized testing conditions,
independently established diagnostic reference
standards, external validation, and longer-term
follow-up are required. Further assessment of model
calibration, class-specific performance,
explainability, device reliability, and cost-
effectiveness will be important for determining the
clinical utility of this approach.
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