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Abstract

Objectives: Early diagnosis of autism spectrum disorder (ASD) remains a significant challenge
due to the time-consuming and subjective nature of traditional diagnostic methods. This study
proposes a reliability-oriented hybrid deep learning framework that provides a low-cost,
scalable, non-invasive, and Al-assisted pre-screening tool for early ASD risk indication and
referral support. Methods: The proposed system integrates two independent deep learning
architectures: (1) a ResNetl8 model optimized with 10-fold cross-validation using static
periocular image data, and (2) a multi-CNN facial image classification ensemble combining
ResNet50, EfficientNet-B0, and DenseNet121 architectures. The periocular pathway uses the
fine-tuned ResNet18 fully connected softmax layer as its decision boundary. The facial pathway
uses weighted probabilistic averaging, and the two subsystem outputs are subsequently
combined through an OR-based reliability fusion rule. Additionally, explainable artificial
intelligence (Grad-CAM) was employed to visualize decision-relevant regions. Results: The
static periocular ResNet18 model achieved a sensitivity of 90%, while the multi-CNN facial
classification ensemble reached a sensitivity of 87.1% and an AUC of 0.948. Under the con-
ditional-independence assumption, OR-based reliability fusion yielded an analytically esti-
mated system-level sensitivity of 0.9871, corresponding to a joint false-negative probability of
approximately 1.29%. Conclusions: The developed hybrid model is positioned as an Al-assisted
pre-screening and early-referral support tool, not as a replacement for clinical evaluation. By
combining reliability-oriented parallel fusion with explainable AJ, the system supports clinical
transparency and offers a scalable pathway for early ASD risk indication.

Introduction

Autism spectrum disorder (ASD) is a neurodevelopmental condition characterized by persistent
difficulties in social communication and interaction, accompanied by restricted interests and
repetitive patterns of behaviour (American Psychiatric Association, 2013). These symptoms
typically emerge during early childhood, often within the first two to three years of life, although
the severity and manifestation of symptoms can vary considerably across individuals. ASD is
now widely recognized as a spectrum disorder, reflecting a broad range of cognitive, behav-
ioural, and developmental characteristics that differ in intensity and presentation. Early
detection of ASD is critically important because timely intervention has been shown to sig-
nificantly improve long-term developmental outcomes. Behavioural therapies, language
development programmes, and social skill interventions initiated during the early devel-
opmental window can substantially enhance cognitive functioning, adaptive behaviours, and
social interaction abilities (Dawson et al., 2012; Zwaigenbaum et al., 2015). Studies have
demonstrated that interventions initiated around the age of two can produce measurable
improvements in language acquisition, social responsiveness, and executive functioning later in
childhood (Dawson et al., 2008).

Despite the recognized importance of early intervention, the diagnosis of ASD often occurs
later than the optimal intervention window (Elsabbagh et al., 2012). One of the primary reasons
for delayed diagnosis is the reliance on comprehensive behavioural assessments administered by
trained clinicians. Currently, the most widely accepted diagnostic instruments include the
Autism Diagnostic Observation Schedule (ADOS-2) and the Autism Diagnostic Interview—
Revised (ADI-R). These instruments are considered the gold standard in clinical assessment
because they involve structured observations and detailed caregiver interviews that capture
behavioural markers associated with ASD. However, these diagnostic procedures are time-
intensive, require highly specialized expertise, and may be influenced by subjective inter-
pretation and inter-rater variability. Furthermore, the limited availability of trained clinicians
and the complexity of these assessments make large-scale population screening difficult. As a
result, many children at risk for ASD are identified only after significant developmental delays
have already emerged, thereby missing critical opportunities for early therapeutic intervention.

Although these gold-standard diagnostic tools remain clinically robust, they are not designed
to function as scalable screening mechanisms. Their reliance on expert administration and
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observational protocols limits their feasibility in large populations
or in resource-constrained environments. This situation creates a
significant methodological and public health challenge: the need
for objective, cost-effective, and scalable computational screening
systems that can serve as pre-diagnostic triage tools. Such systems
are not intended to replace clinical diagnosis but rather to assist
clinicians by identifying children who may benefit from further
evaluation. Early automated screening technologies therefore have
the potential to support healthcare systems by prioritizing high-
risk cases and improving early referral pathways.

Recent advances in artificial intelligence (AI), particularly in
computer vision and deep learning, have opened promising
opportunities for developing automated ASD screening tools. Digital
phenotyping has emerged as an increasingly influential approach in
psychiatry, referring to the extraction of quantifiable behavioural and
physiological indicators through digital technologies (Chia and
Zhang, 2022). Within this framework, computer vision algorithms
can analyse facial expressions, gaze behaviour, and other visual cues
to detect subtle patterns associated with neurodevelopmental dis-
orders. Deep learning models, especially convolutional neural net-
works (CNNs), have demonstrated strong performance in learning
hierarchical visual representations from image data (He et al., 2016;
Tan and Le, 2019; Wang et al.,, 2015). Several early studies have
shown that computer vision algorithms analysing gaze behaviour
and facial expressions can estimate ASD risk with accuracy rates
between approximately 87% and 91% (Hashemi et al, 2015;
Carpenter et al., 2021). These results suggest that Al-based screening
systems could offer scalable and objective alternatives for identifying
individuals who may require further diagnostic evaluation (Litjens
et al., 2017; Lord et al., 2012).

The growing literature on Al-assisted ASD detection explores a
wide range of data modalities and algorithmic strategies. Many
studies have investigated visual features derived from facial
expressions, eye gaze patterns, skeletal motion, and speech char-
acteristics. Multimodal approaches that integrate several data
sources have been shown to improve classification performance by
capturing complementary behavioural signals (Jaiswal, 2020;
Dietterich, 2000; Khan et al., 2025). For example, Jaiswal (2020)
demonstrated that combining facial emotion analysis with speech
features can significantly enhance the accuracy of ASD classification
systems. More recently, multimodal benchmark datasets such as
CALMED and MMASD have incorporated facial, skeletal, and audio
features, enabling more comprehensive modelling of ASD-related
behavioural patterns (Sousa et al., 2023). These frameworks reflect
the multidimensional nature of human social perception and
therefore provide a valuable foundation for computational psy-
chiatry research (Atlam et al, 2025; Farhat et al, 2025; Kiela
et al., 2020).

Despite these advances, several methodological limitations
remain in the existing literature (Baltrugaitis et al, 2019). Many
studies report high classification accuracy but do not sufficiently
address issues related to diagnostic reliability and safety. Most
research focuses on optimizing standalone performance metrics such
as accuracy or area under the curve (AUC), while neglecting system-
level considerations such as false-negative risk, diagnostic robustness,
and redundancy in decision making. From a clinical perspective,
false-negative outcomes - cases in which at-risk children are
incorrectly classified as non-ASD - represent a critical concern
because they may delay necessary intervention. However, relatively
few studies explicitly model the probability of joint diagnostic failure
when multiple classifiers are combined. Similarly, the mathematical
structure of multimodal fusion strategies is often insufficiently
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specified, making it difficult to determine whether reported per-
formance gains arise from genuine cross-modal integration or from
dataset-specific artefacts.

To address this methodological gap, the present study proposes
a hybrid deep learning framework that integrates two comple-
mentary modelling paradigms. The first component is a fine-tuned
convolutional neural network based on the ResNet18 architecture,
which leverages transfer learning to adapt pre-trained visual fea-
tures to ASD screening tasks. Transfer learning enables deep
networks to benefit from large-scale pretraining on general image
datasets, thereby improving generalization performance even when
ASD datasets are relatively small. The second component is an
ensemble learning model composed of multiple CNN architectures
- ResNet50, EfficientNet-B0, and DenseNet121. Ensemble learning
exploits architectural diversity by combining the predictions of
several models, thereby reducing variance and improving robust-
ness against overfitting. By integrating these two paradigms within
a unified framework, the proposed hybrid approach aims to
capture complementary visual representations while enhancing
diagnostic reliability.

The effectiveness of ensemble and hybrid deep learning
approaches has been widely documented in medical image analysis
(Cai et al., 2021). Previous studies have demonstrated that combining
multiple neural network architectures can significantly improve
performance in fields such as dermatology (Esteva et al., 2017),
ophthalmology (Ting et al., 2019), and pathology detection (Xia et al.,
2025). Similarly, ensemble frameworks have been applied in neu-
roimaging studies to enhance the detection of structural brain
anomalies associated with ASD (Eslami et al, 2019; Sewani and
Kashef, 2020). However, the application of reliability-oriented hybrid
architectures to visual ASD pre-screening remains relatively
underexplored, particularly in frameworks that explicitly quantify
system-level false-negative probability.

In this study, we adopt a decision-level parallel fusion strategy
to integrate two visual subsystems: a static periocular image
classifier (M) and a facial-image classifier (M,). The system-level
referral decision is defined using a logical OR operation so that a
child is referred for further evaluation when either subsystem
exceeds the risk threshold:

D = M, (x) V My(x)

Under the assumption of conditional independence between the
classifiers, the system-level false-negative probability becomes:

system __ rgaze face
PFN =P FN p EN

This formulation shifts the optimization objective from maxi-
mizing individual classifier accuracy toward minimizing the
probability of simultaneous diagnostic failure. Such a reliability-
oriented framework aligns more closely with safety-driven
screening principles, where the primary goal is to minimize the
risk of missed cases.

It is important to clarify that the first public dataset used in this
study consists of static periocular images rather than temporal eye-
tracking sequences or gaze-coordinate recordings. Consequently,
terms such as ‘gaze’ are used only as a shorthand for spatial per-
iocular visual traits and should not be interpreted as fixation
dynamics, scan paths, or oculomotor time-series behaviour. This
distinction ensures methodological transparency and prevents
overstating the temporal modelling capacity of the dataset.
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Autism Pre Diagnostic Flow Diagram
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Building on these methodological considerations, the present
study makes several contributions to the literature on Al-assisted
ASD screening. First, it proposes a reliability-aware hybrid
deep learning architecture that integrates transfer learning and
ensemble learning within a unified framework. Second, it formalizes
the mathematical structure of parallel decision fusion and explicitly
models system-level false-negative probability. Third, the proposed
approach demonstrates improved diagnostic stability and generali-
zation compared with single-model architectures. Fourth, the study
introduces a lightweight and reproducible Al pipeline that can
potentially serve as an automated decision-support tool for clinicians.
Finally, the framework provides methodological guidance for inte-
grating visual subsystems into future multimodal ASD screening
systems that may incorporate additional modalities such as speech
analysis or physiological monitoring.

The primary motivation of this research is therefore not merely to
combine multiple CNN architectures but to design a safety-aware
computational screening framework that prioritizes minimizing
missed-risk cases in early ASD triage. By emphasizing diagnostic
reliability alongside predictive performance, this work aims to
contribute to the development of clinically meaningful AT tools that
support early identification and intervention in ASD.

The remainder of this paper is organized as follows. Section
Materials and methods reviews existing studies on deep learning
approaches for ASD screening. Section Results describes the datasets
and the proposed hybrid methodology. Section Discussion presents
the experimental results and comparative analyses with related
studies. Section Conclusion discusses the implications, limitations,
and clinical significance of the findings. Finally, Section 6 summa-
rizes the main conclusions and outlines directions for future research.

Materials and methods
Experimental framework overview

This study integrates two complementary deep learning pipelines
to improve ASD risk screening using publicly available open-access

Figure 1. Flow diagram of the systematic parallel
model for autism pre-diagnostic model.

datasets. The first dataset consists of static periocular images and
was used to analyse spatial regional visual traits associated with
clinically annotated autism severity levels, while the second dataset
focuses on facial image analysis for binary classification between
autistic and non-autistic children. Both pipelines were designed,
trained, and validated independently and subsequently integrated
into a hybrid diagnostic framework aimed at enhancing sensitivity,
reliability, and clinical interpretability.

The overall workflow, illustrated in Figure 1, encompasses
dataset acquisition, preprocessing, static periocular and facial
feature learning, model training, validation, and decision-level
reliability fusion. The periocular pathway is represented as a fine-
tuned ResNetl8-softmax classifier, while the facial pathway is
represented as a weighted CNN ensemble. All computational
experiments were implemented in Python 3.10 using PyTorch 2.0
and scikit-learn 1.4, executed on an NVIDIA RTX 4090 GPU
platform.

For the specific Zenodo datasets used in this study, reliable
subject-level identifiers were not consistently available in the
released metadata. Therefore, subject-level separation could not be
independently verified for both datasets. The facial dataset was
evaluated using its provided train/validation/test partition, while
the periocular dataset was assessed with stratified 10-fold cross-
validation at the image level. This design reduces class imbalance
but does not eliminate the possibility that images from the same
child could appear across folds when identifiers are absent; this
issue is explicitly reported as a limitation.

The proposed system integrates two independent but com-
plementary data-driven diagnostic modules operating in parallel:
(1) a Static Periocular Image Model that analyses spatial eye-
region traits from still images without claiming fixation or tem-
poral gaze dynamics, and (2) a Facial Image-Based Deep Learning
Model that classifies facial morphology using a hybrid ensemble of
ResNet50, EfficientNet-B0, and DenseNet121 architectures.

Each subsystem produces an independent posterior probability
estimate P;(ASD|x). Decision-level fusion follows a parallel
screening logic: a positive ASD risk is flagged if either subsystem
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exceeds a predefined probability threshold. A negative screening
outcome is assigned only if both subsystems predict below
threshold.

Under the assumption of conditional independence between
subsystem errors, the system-level sensitivity Sqystem under OR-based
fusion is expressed as:

Ssystem =1- (1 - Sgaze)(l - Sface)
where Sgy,. and Sg.. denote the sensitivities of the individual
modules. This formulation prioritizes minimizing joint false-negative
probability in screening contexts, while acknowledging that speci-
ficity may decrease under parallel logic.

Datasets

Static periocular image dataset

The first dataset, titled ‘A Real-Time Eye-Tracking Dataset for
Autism Severity Classification Using Deep Learning’(Zenodo
record: https://zenodo.org/records/14243186), comprises static
images of participants’ eyes categorized into four autism severity
levels labelled as mild, low, medium, and high, corresponding to
clinically annotated autism severity levels derived from behav-
ioural screening tools.

Although the dataset consists of static periocular images rather
than dynamic eye-tracking sequences, it captures discriminative
visual patterns potentially associated with atypical gaze-related
phenotypes.

The dataset contains approximately 1,000 colour images
(224 x 224 pixels) per class, totalling 4,000 balanced samples.
Images were anonymized to exclude broader identifiable facial
features, retaining only the eye region. This dataset should
therefore be interpreted as static periocular visual phenotype data,
not as a direct measurement of gaze fixation, scan-path behaviour,
or oculomotor dynamics.

The following preprocessing and augmentation operations
were applied to the data. All images were rescaled to 224 X 224
pixels, normalized, and converted to RGB tensors. To enhance
generalization, data augmentation included random horizontal
flips, rotations (£10°), Gaussian noise, and brightness jittering.
Stratified 10-fold cross-validation was employed to preserve pro-
portional class representation. Because reliable subject-level
identifiers were not consistently available in the public release, the
folds should be interpreted as image-level stratified folds; the
possibility of subject overlap across folds could not be fully
excluded and is treated as a dataset-related limitation.

Facial image dataset

The second dataset, titled ‘Enhancing Autism Spectrum Disorder
Detection Using Facial Image Analysis: A Deep Learning and
Generative Al Approach’ (Zenodo record: https://zenodo.org/reco
rds/14998568), comprises curated facial photographs of autistic
and non-autistic children, collected and anonymized according
to ethical data handling standards. The dataset contains three
subsets — train, validation, and test — each containing two folders
corresponding to the classes Autistic and Non_Autistic.

The training set includes 2,000 images per class, while the
validation and test sets include 500 images per class, resulting in a
total of 5,000 images. All images were standardized to 224 x 224
pixels, and faces were pre-aligned to ensure consistency in pose and
illumination. The dataset is suitable for transfer learning and
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hybrid ensemble modelling, given its relatively balanced dis-
tribution and high-quality annotations.

To mitigate dataset bias and improve generalization, aug-
mentation strategies were applied conservatively to preserve
morphological features, including controlled horizontal flipping,
slight brightness variation, and minor geometric transformations
(Wei et al., 2024).

Prior studies have identified subtle but measurable facial feature
differences in individuals with ASD - such as atypical eye spacing,
midface development, or altered emotional expressivity
(Hammond et al., 2008; Hashemi et al., 2021). This dataset thus
supports the binary classification of autistic vs. neurotypical
profiles using deep convolutional feature extractors.

Model architectures and training

Static periocular severity classification with ResNet18

For the static periocular image dataset, a ResNet18 architecture
pre-trained on ImageNet was employed. The final fully connected
layer was replaced with a 4-unit softmax classification layer cor-
responding to the severity classes. This fully connected layer
constituted the decision boundary of the implemented periocular
pathway. The model was fine-tuned end-to-end using the Adam
optimizer (learning rate = le-4, weight decay = le-5) and cat-
egorical cross-entropy loss.

Training was conducted over 50 epochs per fold in a 10-fold
cross-validation scheme, utilizing early stopping and learning-
rate reduction on plateau. The model achieved an average cross-
validation accuracy of 91.9%. Gradient-weighted Class Activation
Mapping (Grad-CAM) confirmed that the model focused on static
periocular regions such as the iris, sclera, and eyelid contours.

Facial-based binary classification with a hybrid ensemble
For the facial image dataset, a hybrid ensemble was constructed
from three pre-trained CNNs: ResNet50, EfficientNet-B0, and
DenseNet121. Each network contributed unique inductive biases:
ResNet50 with its residual learning, EfficientNet-BO with com-
pound-scaled efficiency, and DenseNet121 with dense feature reuse.
Each model was fine-tuned on the facial image dataset with data
augmentation (horizontal flips, brightness variation, random
crops). The Adam optimizer (learning rate = le-4) was used with a
batch size of 32. Early stopping was applied to prevent overfitting.
The ensemble combines the softmax outputs of the three models
via a weighted average. The weights were empirically assigned based
on individual model AUC performance: ResNet50 (0.38),
EfficientNet-BO (0.31), and DenseNetl121 (0.31), favouring the
highest-performing model while leveraging architectural diversity.

Evaluation metrics and implementation

Model performance was assessed using accuracy, precision, recall,
Fl-score, and Area Under the Receiver Operating Characteristic
Curve (AUC). Given the screening objective, sensitivity (recall)
was emphasized during threshold calibration to reduce false-
negative risk. Results for the gaze-based model were averaged over
10 cross-validation folds. Facial-based ensemble results were
averaged over three independent training runs.

Random seeds were fixed to ensure reproducibility. System-level
performance under parallel fusion was computed empirically from
observed subsystem sensitivities rather than assuming fixed theo-
retical maxima. The gaze-based model required approximately
3.2 hours to train, and the hybrid ensemble required 4.8 hours. All
code will be made publicly available upon publication.

Downloaded from https://www.cambridge.org/core. UNIVERSIDAD AUTONOMA METROPOLITANA, on 12 Nov 2026 at 19:36:30, subject to the Cambridge Core terms of use, available at
https://www.cambridge.org/core/terms. https://doi.org/10.1017/51463423626101698


https://zenodo.org/records/14243186
https://zenodo.org/records/14998568
https://zenodo.org/records/14998568
https://www.cambridge.org/core/terms
https://doi.org/10.1017/S1463423626101698
https://www.cambridge.org/core

Primary Health Care Research & Development

Reliability-theoretic modelling

To formalize the parallel diagnostic structure, the hybrid system is
modelled as a two-component parallel reliability system.
Let:

o D denote the true disease state (ASD or non-ASD).
G denote the static periocular image classifier decision.
o F denote the facial-image classifier decision.

Define subsystem sensitivities:

Ss=PF=1|D=1)

and subsystem specificities:

Co=P(G=0|D=0)
C;=P(F=0|D=0)

Parallel (OR-based) fusion logic
Under parallel screening logic:

System=1if G=1lorF=1
System =0 only if G=0and F=0

Assuming conditional independence of error events given disease
state, system-level sensitivity becomes:
Ssystem =1- (1 - SG)(I - SF)

This formulation minimizes the probability of joint false-negative
detection:

P(FNsystem) = (1 - SG)(I - SF)

Thus, parallel fusion increases sensitivity relative to each individual
subsystem.

System-level specificity
Under independence, system specificity is:

Csystem =GCg - C

This reveals the classical screening trade-off: parallel logic increases
sensitivity but may reduce specificity.

Correlated error extension
The conditional independence assumption may not strictly hold,
particularly if subsystems extract partially overlapping visual cues.
Let p denote the conditional correlation between subsystem
false-negative events.
Then:

P(FNsystem) = P(G =0,F=0 | D= 1)

= (1 — SG)(l — SF) —+ pw/VarGVarF

where Varg = Sg(1 — Sg) and Varp = Sg(1 — Sg).
Positive correlation (p > 0) weakens the redundancy benefit,
while negative correlation strengthens it.

Ensemble Confusion Matrix
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Figure 2. Confusion matrix of ensemble model for face images.

ROC-space interpretation
In ROC space, each subsystem defines a curve (FPR(t),TPR(t)).
Parallel fusion corresponds to a transformation:

TPRyygtem = 1 — (1 — TPRG)(1 — TPRy)
FPRem = 1 — (1 — FPRg)(1 — FPRg)

This mapping shifts the operating point upward (higher TPR) and
rightward (higher FPR). Threshold calibration was therefore
performed to maintain clinically acceptable specificity while
maximizing sensitivity.

Screening-oriented risk minimization
Given disease prevalence n =P(D=1), expected misclassification
cost is defined as:
Risk = - Cen - (1 - Ssystem) + (1 - TE) - Cpp - (1 - Csystem)
where Cgy and Cgp denote cost weights for false-negative and false-
positive errors.
In paediatric ASD screening, Cgy >> Cgp. Therefore, threshold
selection was guided by minimizing expected risk rather than
maximizing raw accuracy.

Results
Model performance overview

The hybrid ensemble model integrating ResNet50, EfficientNet-B0,
and DenseNet121 demonstrated improved classification stability and
discriminative performance compared to individual architectures.
The standalone models achieved AUC values of 0.919 (ResNet50),
0.883 (EfficientNet-B0), and 0.907 (DenseNet121), reflecting com-
plementary representational strengths. When combined through
weighted probabilistic fusion, the ensemble attained an overall AUC
of 0.948, an accuracy of 88.3%, and an F1-score of 0.881.

The facial ensemble confusion matrix (Figure 2) shows strong
diagonal dominance, indicating reliable class separation for the
binary facial image classification task. Misclassifications were
symmetrically distributed across classes, suggesting no systematic
bias toward over- or under-detection.
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Figure 3. AUC-ROC Curve of ensemble model for
face images.

The ROC curve in Figure 3 further illustrates the ensemble’s
strong discriminative capacity across thresholds, with a smooth
convex curve approaching the upper-left corner of ROC space
(AUC =0.948), confirming robust sensitivity-specificity balance.

The ROC curve for the ensemble model (AUC = 0.948) con-
firms strong class separability across thresholds.

Performance consistency across validation folds indicated that the
hybrid approach successfully mitigated the overfitting observed in
individual architectures. Each constituent model contributed distinct
feature representations: EfficientNet-B0 enhanced generalization on
low-resolution samples, DenseNet121 excelled at finer textural dif-
ferentiation, and ResNet50 provided robust global structural
encoding. The ensemble’s probabilistic fusion mechanism effectively
leveraged these complementary strengths, reducing predictive
uncertainty in borderline cases and achieving a balanced sensitivity—
specificity profile well-suited to the context of early ASD screening.

The static periocular ResNetl8 pathway achieved a high
classification sensitivity of 90% and a macro-average F1-score of
0.90 across the four autism severity levels (mild, low, medium, and
high). The corresponding confusion matrix (Figure 4) shows
strong diagonal dominance, with the majority of misclassifications
confined to adjacent severity levels. This pattern indicates that the
model captures graded spatial periocular traits associated with the
dataset labels, rather than dynamic fixation behaviour.

Performance stability across 10 stratified folds is illustrated in
Figure 5. The narrow dispersion of fold accuracies demonstrates
low variance and stable convergence.

These findings demonstrate that both models exhibit stable
convergence and consistent performance across multiple random
initializations, indicating low variance and high robustness to
different data splits.

Reliability analysis of the parallel diagnostic system

To evaluate the system-level behaviour of the proposed framework,
the static periocular and facial-image models were formalized as

T T

0.2 0.4 06 0.8 1.0

False Positive Rate

two screening subsystems operating in parallel under an OR
decision rule. In this configuration, a subject is flagged as at-risk if
either subsystem predicts ASD risk. Consequently, a system-level
false negative occurs only when both subsystems simultaneously
fail to detect a true positive case.

Let Sg and Sg denote the sensitivities (true positive rates) of the
static periocular and facial-based models, respectively. Under the
conditional independence assumption between subsystem error
events, the system-level sensitivity of the parallel configuration is
derived as:

Ssystem =1- (1 - SG)(I - SF)
Using the empirically estimated sensitivities from the 10-fold
cross-validation results:

S = 0.9, Sy = 0.871
the joint false-negative probability becomes:
(1 —Sg)(1 — Sg) = (0.1)(0.129) = 0.0129
Thus,
Seystem = 1 — 0.0129 = 0.9871

This indicates that, under the independence assumption, the
probability that both subsystems simultaneously fail to detect ASD
risk is below 1%. The reliability gain arises from decision-level
redundancy rather than from an increase in individual classifier
performance.

System-level specificity follows a different aggregation rule.
Under parallel (OR) fusion, a negative decision is issued only if
both subsystems return negative predictions. Therefore, overall
specificity is given by:
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Csystem - CG X CF CG = 0912, CF = 0886
yields:

where C;Cr denote the specificities of the static periocular and
facial-based subsystems. Substituting the cross-validated estimates: Cyystem = (0.912)(0.886) = 0.807
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This demonstrates the classical screening trade-off: parallel
redundancy substantially increases sensitivity while reducing
specificity. From a reliability-engineering standpoint, the archi-
tecture minimizes the probability of joint detection failure; from an
epidemiological standpoint, it prioritizes minimizing missed cases
at the expense of increased referral rates.

It is important to emphasize that the calculated system-level
sensitivity of 0.9871 represents an analytical estimate derived
under conditional independence of subsystem errors. In practice,
partial correlation between error events may reduce the magnitude
of the reliability gain. Nevertheless, even under moderate
dependence, the redundancy-based structure remains more robust
than either standalone subsystem.

Overall, the parallel diagnostic configuration transforms ASD
screening from a single-classifier prediction problem into a dual-
channel reliability system in which the principal risk metric is the
probability of simultaneous subsystem failure. This formulation
provides a transparent and quantitatively interpretable framework
for evaluating safety-oriented Al screening architectures.

Diagnostic decision strategy

The following decision logic was implemented for the integrated
deployment of the screening framework:

o Referral: If either the static periocular image model or the
facial analysis model returns a positive classification (indi-
cating detected autism risk), the system recommends referral
to a paediatric neurologist, developmental psychologist, or
other qualified specialist for further evaluation.

« Low-Risk Finding: If both models return a negative classi-
fication (no risk detected), the outcome is considered a low-
risk screening result. It is emphasized that this is not a
diagnostic all-clear.

This strategy prioritizes patient safety and ethical responsibility by
minimizing the chance of missing a true positive case. The
framework is therefore inherently conservative, designed to favour
over-referral rather than under-detection. This approach is con-
sistent with World Health Organization guidelines on early
childhood intervention and established best practices in devel-
opmental paediatric screening (Zwaigenbaum et al., 2015; Bolte
et al., 2018, 2021).

Interpretation and clinical implications

From a systems-engineering perspective, the proposed framework
reframes ASD screening as a redundancy-based dual-channel
detection architecture rather than a single-model classification
task. By integrating static periocular visual traits with facial
morphological representations under a parallel (OR) fusion rule,
the system reduces the probability of simultaneous detection
failure relative to either subsystem alone. This redundancy
improves robustness in scenarios where one modality may be
compromised (e.g., image occlusion or suboptimal acquisition
conditions), thereby enhancing operational stability without
increasing architectural complexity.

Clinically, the decision logic explicitly prioritizes sensitivity:
referral is recommended if either subsystem signals ASD risk. Such
a design is consistent with established paediatric screening prin-
ciples, which emphasize minimizing false negatives to prevent
delayed intervention (Zwaigenbaum et al., 2015; Bélte et al., 2021).
Although parallel fusion reduces overall specificity, this trade-off is
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epidemiologically defensible in tiered screening contexts where
secondary clinical evaluation follows initial risk detection.

From a population-health perspective, screening utility depends
not only on sensitivity and specificity but also on predictive values
under realistic prevalence conditions. Given the relatively low
prevalence of ASD in general populations, high system-level sen-
sitivity contributes to an elevated negative predictive value (NPV),
reducing the likelihood of missed high-risk children. Conversely,
positive predictive value (PPV) remains prevalence-dependent,
reinforcing the role of the framework as a pre-diagnostic triage tool
rather than a definitive diagnostic system.

The analytically derived system-level sensitivity (~0.99 under
conditional independence) reflects a probabilistic reduction in
joint false-negative risk rather than a deterministic guarantee.
Real-world performance may be influenced by subsystem error
correlation and demographic variability. Nonetheless, expressing
performance in terms of joint failure probability provides a
transparent and clinically interpretable safety metric.

Interpretability further supports clinical relevance. Grad-CAM
visualizations indicate that the gaze model concentrates on peri-
ocular regions associated with attentional processing, while the
facial ensemble highlights midface and ocular structures that have
been discussed in ASD-related morphological studies (Mehrabi
et al., 2021; Rane et al., 2024; Selvaraju et al., 2017; Topol, 2019).
Such anatomical plausibility enhances transparency and aligns
with emerging expectations for explainable and ethically
accountable medical AI systems (Sun et al, 2024; Agrawal and
Agrawal, 2025).

Overall, by combining behavioural and morphological visual
biomarkers within a reliability-aware screening architecture, the
framework provides a structured and safety-aligned approach for
early ASD risk indication in community-based and telehealth
environments.

Summary of quantitative findings

The integration of the static periocular model and the hybrid facial
classifier into a parallel reliability framework resulted in a system
with exceptionally high operational reliability for screening.

The performance of the individual models was as follows:

o Model 1 (Static periocular ResNetl8): Sensitivity =0.9,
Accuracy = 91.9%, AUC =0.912.

e Model 2 (Facial CNN ensemble):
Accuracy = 88.3%, AUC =0.948.

Sensitivity = 0.871,

The parallel decision framework calculates the system-level
false-negative rate as the joint probability that both subsystems fail
to detect a true ASD-risk case. This calculation uses empirical
sensitivities (true positive rates), not accuracy values. Sensitivity is
defined as TP/(TP + FN), and the false-negative rate is 1 — sen-
sitivity. Using Sg = 0.9 and Sg = 0.871, the joint false-negative
probability is (1-0.9)(1-0.871) = 0.0129, yielding a system-level
sensitivity of 1-0.0129 = 0.9871.

(1-0.9) x (1 —0.871) ~ 0.01

This corresponds to an analytically estimated system-level
sensitivity of approximately 99% against missing a true positive
case under the stated conditional-independence assumption.
Consequently, if either model detects potential ASD-risk
markers, a recommendation for professional evaluation is
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generated, ensuring a highly sensitive and conservative pre-
screening approach.

This dual-modality fusion - linking static periocular traits with
facial morphology - provides a reproducible blueprint for scalable,
pre-clinical ASD risk assessment in non-clinical settings.

The integration of static periocular visual traits and facial
morphological representations within a reliability-aware frame-
work significantly reduces the probability of simultaneous detec-
tion failure.

Rather than maximizing isolated accuracy, the system
emphasizes quantified joint error reduction, providing a structured
foundation for safety-oriented ASD risk screening.

Discussion

This study demonstrates that integrating two independent deep
learning pipelines - one analysing periocular visual patterns and
another facial morphology - yields a highly reliable framework for
early ASD screening.

Under the conditional independence assumption formalized in
Section summary of quantitative findings, the parallel configura-
tion reduces the joint false-negative probability to approximately
0.95%, corresponding to a derived system-level sensitivity of 0.99.
This value reflects an analytically modelled redundancy gain rather
than a deterministic guarantee.

While each model achieved high standalone sensitivity
(S_Periocular =0.9; S_Face =0.871), their parallel integration
substantially mitigates the core limitation of single-source Al
systems. This underscores the critical value of reliability-oriented
architectures in medical AL

From an epidemiological perspective, screening systems must
be evaluated not only by sensitivity and specificity but also by
predictive values under realistic prevalence conditions.

Let ASD prevalence be denoted as . PPV and NPV are:

PPV = nssystem
nssystem + (1 - T()(l - Csysrem)
NPV = (1 B H)Csystem

(1 - 7[) Csystem + ﬂ(l - Ssystem)

Given the relatively low prevalence of ASD in general populations
(approximately 1-2%), the parallel system’s very high sensitivity
substantially increases NPV, thereby reducing the probability of
missed cases. However, specificity reduction under parallel logic
may lower PPV, particularly in low-prevalence contexts. This
trade-off is consistent with established paediatric screening prin-
ciples, which prioritize minimizing false negatives over minimizing
false positives (Zwaigenbaum et al., 2015; Bolte et al., 2021).

Table 1. Performance summary of subsystems and parallel configuration

These findings align with emerging research advocating for
multimodal fusion in neurodevelopmental disorder screening
(Hashemi et al., 2021; Agrawal and Agrawal, 2025). The two
modalities capture complementary image-derived information:
static periocular traits represent spatial regional phenotypes
inferred from eye-region photographs, while facial morphology
encodes genetically influenced developmental biomarkers
(Hammond et al., 2008; Carpenter et al., 2021).

Importantly, the periocular dataset used in this study consists of
static eye-region images rather than dynamic eye-tracking
sequences. Therefore, complementarity arises from distinct visual
feature domains rather than independent temporal signal streams.

By combining these channels, the framework bridges two visual
pre-screening paradigms - static periocular feature assessment and
facial morphological assessment — without claiming dynamic eye-
tracking or fixation analysis.

Methodologically, the framework shifts evaluation from iso-
lated classifier accuracy toward system-level error probability
modelling. By formalizing the architecture as a parallel reliability
system, diagnostic risk is defined as the probability of simulta-
neous subsystem failure. This approach does not eliminate error
risk but quantifies and reduces the probability of joint false
negatives, aligning model design with safety-oriented engineer-
ing logic.

The substantial agreement between the models (x = 0.76)
indicates moderate-to-strong concordance. However, k must be
interpreted cautiously, as agreement metrics are influenced by class
prevalence and threshold selection.

Interpretability analyses reinforced biological plausibility. Grad-
CAM visualizations showed the static periocular model’s attention to
iris, scleral, and eyelid regions, while the facial model emphasized
periocular, nasal, and orofacial structures. These regions are fre-
quently discussed in ASD-related morphological and social-atten-
tion literature (Dapretto et al., 2006; McLaughlin et al., 2021).

Clinically, this approach holds promise for scalable, early-stage
community screening. Its reliance on non-invasive, easily captured
inputs (a static periocular image and a facial photograph) makes it
suitable for mobile health, primary care, school health, and tele-
health settings. Parallel logic increased system-level sensitivity to
0.9871 while reducing specificity to approximately 0.807. This
reduction in specificity implies increased referral rates, a higher
false-positive burden, and greater downstream clinical evaluation
demand. In community screening contexts, such a trade-off may
be acceptable if the cost of false negatives substantially exceeds the
cost of additional clinical assessments. Thus, the system functions
as an Al-assisted pre-screening and referral-support tool rather
than a diagnostic mechanism. The performance of the parallel
system is presented in Table 1.

In practical deployment, the reliability-oriented parallel structure
can be implemented as a conservative triage layer in primary care,
school health, community health, and telehealth workflows. Because

Model Dataset Accuracy Sensitivity Specificity AUC Fl-score
Periocular ResNet18 Zenodo 14243186 0.919 0.9 0.912 0.93 0.90
Hybrid Face Ensemble Zenodo 14998568 0.883 0.871 0.886 0.948 0.881
Parallel System Combined 0.987* 0.807* - -

*Derived analytically under conditional independence assumption:
Seystem = 1 — (1= Sg)(1 — S¢)
Csyslem = CG - Ce

Downloaded from https://www.cambridge.org/core. UNIVERSIDAD AUTONOMA METROPOLITANA, on 12 Nov 2026 at 19:36:30, subject to the Cambridge Core terms of use, available at

https://www.cambridge.org/core/terms. https://doi.org/10.1017/51463423626101698


https://www.cambridge.org/core/terms
https://doi.org/10.1017/S1463423626101698
https://www.cambridge.org/core

10

referral is triggered when either visual subsystem identifies risk, the
system is designed to reduce missed-risk cases and to support earlier
referral decisions, while final diagnosis remains the responsibility of
qualified clinicians.

In comparison to single-modality ASD classifiers, which typi-
cally report accuracy values between 75% and 90% (Li et al., 2023;
Agrawal and Agrawal, 2025), the present framework advances the
field by providing explicit system-level sensitivity modelling,
quantifying joint failure probability and integrating redundancy
theory into AI screening design. Reliability-oriented evaluation
may offer a more clinically meaningful metric than standalone
accuracy in screening applications.

Conceptually, this study operationalizes a paradigm of parallel
diagnostic intelligence by integrating independent modality-specific
classifiers within a decision-level redundancy framework, supported
by analytical risk modelling and a transparent formulation of joint
error probability. Unlike feature-level fusion systems, this structure
maintains subsystem accountability and facilitates independent
performance auditing. Such properties are increasingly relevant for
regulatory evaluation of medical Al systems.

Limitations and future research

The principal limitations are as follows. First, the two visual
subsystems were trained and evaluated on separate public Zenodo
datasets rather than on a unified cohort containing both periocular
and facial samples from the same individuals; consequently, the
analytical fusion result should be interpreted as a reliability model
rather than a prospectively validated multimodal patient-level
estimate. Second, reliable subject-level identifiers were not con-
sistently available in the public metadata, so subject-level leakage
could not be fully ruled out. Third, the periocular dataset contains
static eye-region images and cannot support claims about fixation
dynamics, scan-path behaviour, or temporal eye-tracking. Fourth,
the OR-fusion reliability estimate assumes conditional inde-
pendence between subsystem false-negative events; positive error
correlation would reduce the redundancy gain. Finally, the datasets
may not represent the full diversity of age, sex, ethnicity, camera
conditions, and clinical severity encountered in real-world
screening. Future work should validate the framework pro-
spectively on unified cohorts, quantify empirical error correlations,
report prevalence-adjusted PPV/NPV, and evaluate operational
impacts such as referral load and clinician workflow integration.

The hybrid framework demonstrates that dual-modality
screening can substantially reduce joint false-negative probability,
that gains in sensitivity occur at a measurable specificity cost, that
reliability-theoretic modelling clarifies these trade-offs, and that
screening-oriented evaluation fundamentally differs from con-
ventional classification benchmarking. Together, these findings
position reliability-aware multimodal AI as a structured, sup-
portive approach for early ASD risk indication and referral support
rather than as a standalone diagnostic replacement.

Conclusion

This study proposed a dual-modality Al framework for early ASD
pre-screening that integrates a static periocular ResNet18 model
with a facial-image-based hybrid ensemble classifier within a
formally defined parallel decision architecture. Rather than opti-
mizing isolated classifier accuracy, the framework was designed
and evaluated from a system-level reliability perspective. By
modelling the architecture as a parallel screening system, the
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probability of joint false-negative detection was analytically
derived under conditional independence assumptions. Using
empirically observed subsystem sensitivities, the integrated con-
figuration yields an estimated system-level sensitivity of approx-
imately 0.9871, corresponding to a substantial reduction in
simultaneous subsystem failure relative to standalone models.

This reliability-oriented formulation reframes ASD screening
AT as a redundancy-engineered system rather than a single pre-
dictive model. The parallel logic prioritizes sensitivity — an essential
principle in paediatric screening contexts where the cost of missed
cases outweighs the burden of additional referrals. While this
design improves joint detection robustness, it also reduces system-
level specificity, highlighting the inherent sensitivity-specificity
trade-off in parallel screening systems. From an epidemiological
standpoint, the framework is therefore positioned as a pre-diag-
nostic triage mechanism rather than a diagnostic substitute. Its
utility lies in reducing the probability of undetected at-risk chil-
dren, particularly in low-prevalence community screening envi-
ronments where high NPV is clinically valuable.

Conceptually, the study contributes to the development of
reliability-aware medical AI by combining decision-level redun-
dancy, probabilistic error modelling, and interpretable visual
explanations within a unified architecture. The separation of
modality-specific subsystems enhances transparency, facilitates
independent auditing, and supports structured performance cal-
ibration. However, the analytical reliability gain depends on
assumptions regarding subsystem error independence, and real-
world validation in prospective paediatric cohorts remains nec-
essary. Future work should quantify empirical error correlations,
incorporate prevalence-adjusted predictive value analyses, and
evaluate performance under operational screening conditions.

Overall, the findings demonstrate that integrating comple-
mentary visual modalities within a reliability-theoretic framework
can meaningfully reduce joint false-negative risk in ASD screening.
By aligning architectural design with epidemiological screening
principles, this study provides a structured foundation for devel-
oping safety-oriented, interpretable, and clinically aligned digital
screening tools in neurodevelopmental healthcare.
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