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Abstract Down syndrome (trisomy 21) is a genetic disorder caused by an extra copy of chromosome 21,
resulting in distinctive developmental facial characteristics and intellectual delays. Early detection is
crucial to enable timely medical intervention. However, conventional diagnostic procedures still rely on
clinical observation and genetic testing, which can be invasive and expensive. This study proposes a facial
image-based classification system for detecting Down syndrome using a Convolutional Neural Network
(CNN) approach. Seven CNN architectures were evaluated, namely EfficientNetB0, MobileNetV2, ResNet34,
ShuffleNetV2, AlexNet, VGG19, and InceptionV3, under two training scenarios: with and without early
stopping. The dataset consisted of 1,000 facial images of children with and without Down syndrome, split
into training, validation, and test sets at 60:20:20. Face detection was performed using the Haar Cascade
Classifier, followed by data augmentation techniques including rotation, zoom, translation, horizontal
flipping, and Gaussian noise to improve model generalization and reduce overfitting. Experimental results
show that the VGG19 architecture achieved the best performance, with an accuracy of 94.5%, precision of
91.59%, recall of 98%, and an F1-score of 94.69%. A one-way ANOVA test yielded an F-value of 0.003 and a
p-value of 0.955 (> 0.05), indicating no statistically significant difference between models trained with and
without early stopping. Grad-CAM visualization highlighted key facial regions, namely the eyes, nose, and
mouth, as the primary contributors to classification, while analysis using 68 facial landmark points revealed
distinctive morphological patterns associated with Down syndrome. The integration of CNN models, Grad-
CAM visualization, and facial landmark analysis demonstrates a promising, interpretable, and non-invasive
approach to supporting early Down syndrome screening using facial images.
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. Introduction developmental delays, such as slower growth and mild

Down Syndrome (trisomy 21) is a genetic disorder
caused by the presence of all or part of an extra
chromosome on chromosome 21. This condition is the
most common chromosomal disorder, with a
prevalence of approximately 1 in every 700 live births
worldwide [1]. Syndromes are also at high risk of
various medical disorders that affect almost all organ
systems in the body, including the cardiovascular,
respiratory, immune, and digestive systems [2]. Based
on data from the World Population Review, the highest
number of Down Syndrome cases was recorded in
Malta, with approximately 989,000 cases, while in
Indonesia, there were approximately 32,000 cases [3],
[4]. Clinically, Down Syndrome is characterized by a
combination of distinctive facial features and

to moderate intellectual disability. These genetic
changes result in unique facial morphological features,
including epicanthic folds, a flat nasal bridge, and
hypertelorism (widely spaced eyes), which are
important  diagnostic  indicators. Evolutionary
morphological research indicates that both genetic and
environmental factors during facial development
contribute to the formation of these distinctive
characteristics, with relatively slight variation across
populations [5]. Although the core facial features
associated with Down syndrome are generally
consistent across populations, subtle variations in
facial morphology may still occur due to ethnic
diversity, environmental influences, and demographic
differences. Therefore, the availability of diverse,
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Fig. 1. Sample Facial Image Dataset of Normal and Down Syndrome Children

representative datasets remains important to ensure
that deep learning models generalize effectively across
different populations.

Although visual observation-based diagnostic
methods are non-invasive and readily accessible, their
accuracy remains highly dependent on the clinician's
expertise. This study demonstrates that an Al-based
Down syndrome detection model can achieve 99.1%—
99.2% accuracy, providing a more objective and
standardized alternative to manual observation [6], [7].
Challenges with conventional methods, such as
subjective bias and limited access to chromosome
testing in remote areas [3], mean that many cases are
not identified until significant developmental delays
have already emerged.

Various studies have sought to address these
limitations by leveraging facial imagery and artificial
intelligence (Al). Studies [8], [9] used fetal ultrasound
images to detect Down Syndrome and found that fetal
head and facial morphological patterns could be
potential visual indicators. Studies [10], [11], [12] used
a deep learning-based facial recognition approach to
identify various genetic syndromes and demonstrated
that facial features can be an effective, non-invasive
diagnostic indicator.

However, most previous Down Syndrome research
has been limited to using a single CNN architecture and
has not considered the influence of training strategies
such as early stopping, which can significantly impact
model performance and generalization. Furthermore,
studies that deeply analyze facial landmark patterns or
provide visual interpretations of classification results
using Grad-CAM remain scarce, even though both are
crucial for ensuring model transparency,
interpretability, and reliability in medical contexts.

Based on these gaps, this research contributes in
three main ways.

1. This study evaluates and compares seven CNN
architectures: EfficientNetBO, MobileNetV2,
ResNet34, ShuffleNetV2, AlexNet, VGG19, and
InceptionV3 for facial image-based Down syndrome
detection. These architectures were selected to

represent different generations and design
philosophies of convolutional neural networks,
ranging from classic deep learning architectures like
AlexNet and VGG19, residual networks like
ResNet34, and multi-scale architectures like
InceptionV3, to lightweight and computationally
efficient models like MobileNetV2, ShuffleNetV2,
and EfficientNetBO.

2. It evaluates 68 facial landmark points on facial

images of individuals with Down Syndrome to

identify distinctive morphological patterns that

influence classification.

Therefore, this research is expected to provide an
integrated approach that not only assesses model
classification performance but also visually explains
how CNNs recognize typical facial features of Down
Syndrome. This approach has the potential to support
the development of a non-invasive, objective, and
efficient facial-image-based early-diagnosis system,
especially for healthcare facilities with limited
resources.

Il. Material and Methods
A. Database Facial Image

This study utilized a dataset of children's facial images
categorized into two classes: normal children and
children with Down syndrome. The dataset was
obtained from publicly available sources previously
used in related studies [12], [13]. Specifically, the
dataset referenced in [12] originates from a Kaggle
repository developed for Down syndrome detection,
containing facial images of children aged
approximately 0-15 years, including both individuals
with Down syndrome and healthy controls. The dataset
was curated to incorporate variations in skin tone, eye
color, hair type, and facial appearance, thereby
improving diversity in facial characteristics.

For this study, a dataset of 1,000 images (500 per
class) was selected for analysis. The data were
accessed through publicly available platforms,
including Kaggle and Roboflow [14], which provide
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Fig. 2. Haar-like features, (a) Edge feature, (b) Line
feature and (c) Four-rectangle feature

datasets specifically prepared for machine learning
research. All images were distributed in anonymized
form, meaning that no personally identifiable
information, such as names, medical records, or
geographic identifiers, was included. The dataset
contains only facial photographs intended for academic
research, ensuring compliance with  ethical
considerations for pediatric image data. The dataset
was split into training, validation, and test sets at a
60:20:20 ratio. This split was chosen to ensure a
sufficient number of samples for model training while
maintaining separate validation and test sets for
reliable performance evaluation. For relatively small
datasets such as the 1,000 images used in this study,
this proportion provides a balance between maximizing
the amount of training data and preserving enough
samples for unbiased validation and testing, which is a
common practice in deep learning—based image
classification studies. An example of the dataset is
shown in Fig. 1.

B. Haar Cascade Classifier

The Haar Cascade Classifier is a classic yet effective
method for object detection, particularly face detection,
in digital images. This algorithm was first introduced by
Paul Viola and Michael Jones (2001) [14], [15] through
the Rapid Object Detection using a Boosted Cascade
of Simple Features approach, which became a
milestone in real-time face detection systems. This
method uses a combination of Haar-like features,
integral image processing, AdaBoost learning, and a
cascade classifier to quickly and efficiently detect facial
regions [16], [17]. Haar-like features are simple
representations of the intensity differences between
two or more rectangular areas in an image. This feature
mimics the working principle of an edge detector,
where light and dark areas of the face, such as around
the eyes, nose, and mouth, produce distinctive contrast
patterns. As illustrated in Fig. 2 , Haar-like features
consist of basic patterns such as edge features, line

features, and four-rectangle features that capture
essential facial structures. Each Haar-like feature is
calculated using Eq. (1) [18], which represents the
difference between the sum of pixel intensities in the
bright and dark rectangular regions. The integral image
representation in Eq. (2) [19] enables efficient
computation, while the cascade classifier defined in Eq.
(3) [19] is used for face detection

f(x) = X(wnite) — XUpiack) (1)
where Iyni.e and I.) indicate the sum of pixel
intensities in the light and dark areas, respectively. To

accelerate feature computation, the algorithm uses an
integral image representation, defined as:

11(x,y) = 1,y") @

x!'<x.yr<y
where II(x,y)represents the integral image value at
position (xry)and I(x',y")is the pixel intensity at
location (x"»y'). This representation allows rapid
computation of rectangular region sums regardless of
their size. During detection, a sliding window scans the
entire image to evaluate candidate regions. The
cascade classifier then applies a sequence of
increasingly complex classifiers to determine whether
a region corresponds to a face. Mathematically, the
detected facial region can be represented as:
R=H() 3)

where [ represents the input image and H denotes the
Haar Cascade detection function that outputs the
detected facial region R. In this study, face detection
was implemented using a pre-trained Haar Cascade
classifier provided by the OpenCV library, specifically
the haarcascade_ frontalface default.xml model. This
classifier has been widely used for frontal face
detection and was trained on a large dataset of positive
and negative facial samples using the Viola—Jones
framework. The pre-trained model allows efficient
detection of frontal facial regions without requiring
additional training. During preprocessing, each input
image was scanned using a sliding detection window
across multiple scales. Regions detected as faces were
then cropped and resized to 224 x 224 pixels to ensure
consistent input dimensions for the CNN models used
in the classification stage.

C. Augmentation

To improve model generalization and reduce the risk of
overfitting, data augmentation was applied exclusively
to the training dataset. Data augmentation is a widely
used technique in deep learning that artificially
increases the diversity of training data by generating
new image variations from existing samples [20], [21].
In this study, five augmentation techniques were
implemented: (1) zoom, with a scaling factor of 0.1 to
simulate variations in the distance between the face
and the camera; (2) random rotation, within a range of
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+15° to represent variations in head orientation; (3)
image translation, shifting the image by 2% of its
original dimensions both horizontally and vertically; (4)
horizontal flipping, which reflects natural symmetry
variations in facial appearance; and (5) Gaussian noise
addition, with a sigma value of 25 to improve the
model's robustness to image noise. These
augmentation operations were applied during training,
before the images were fed into the CNN models.

"
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o

(f)

Image Augmentation

Fig. 3.
Techniques Applied to a Down Syndrome
Dataset: (a) Original, (b) Flipping, (c) Rotation, (d)
Translation, (e) Zoom, and (f) Noise

Examples of

Through these transformations, the number of training
samples increased from 600 original images to 3,600
augmented images. This augmentation strategy helps
the model learn more robust facial representations that
are invariant to variations in pose, scale, and noise.
Examples of augmented images are shown in Fig. 3.
Data augmentation has been proven to significantly
improve recall and convergence performance in facial
expression-based ASD classification tasks, particularly
in medical-oriented deep learning evaluations [22],[23].
This augmentation process increases the amount of
training data and enriches the distribution of children’s
facial variations. These enhancements play a crucial
role in improving the performance and generalization
capability of Convolutional Neural Network (CNN)
models [24], [25]. By applying augmentation
techniques such as zooming, rotation, translation,
horizontal flipping, and the addition of Gaussian noise,
the model becomes more robust to variations in image
conditions, including differences in facial pose and the
presence of visual noise [26].

D. Classification Scheme

Fig. 4 illustrates the overall architecture and workflow
of the proposed Down syndrome classification system.

The process begins with inputting a facial image
dataset, followed by face detection using the Haar
Cascade Classifier method to identify facial regions.
The detected faces are then cropped to Regions of
Interest (ROIs) and resized to a uniform 224 x 224
pixels. The dataset is then split into training, validation,
and test sets in a 60:20:20 ratio. Data augmentation
techniques are applied to the training data to increase
data diversity and improve model generalization. The
augmentation process uses five techniques: rotation,
zoom, translation, horizontal flipping, and the addition
of Gaussian noise, resulting in a total of 3,600
augmented training images. The augmented images
are then used to train several Convolutional Neural
Network (CNN) architectures. Model performance is
then evaluated using standard classification metrics:
accuracy, precision, recall, and F1-score. In the final
stage, model interpretation is performed using Grad-
CAM visualizations on the last convolutional layer of
the trained architecture, as well as the detection of 68
facial landmark points to identify the facial areas that
contribute most to the classification results. In this
study, several CNN architectures were evaluated,
including EfficientNetB0, MobileNetV2, ResNet34,
ShuffleNetV2, AlexNet, VGG19, and InceptionV3.
These models were selected to represent different
design characteristics in modern convolutional neural
networks. AlexNet is one of the earliest deep CNN
architectures to demonstrate strong performance in
image classification tasks [27]. VGG19 is a deeper
network with stacked 3x3 convolutional layers that
enable detailed feature extraction from facial images
[28]. ResNet34 incorporates residual connections that
facilitate deeper network training and improve feature
learning [29]. InceptionV3 employs multi-scale
convolutional modules that allow the network to capture
visual patterns at different spatial resolutions [30].
Meanwhile, EfficientNetB0 [31], MobileNetV2 [32], and
ShuffleNetvV2 [33] are lightweight architectures
designed for computational efficiency and optimized
parameter utilization, making them suitable for
deployment in resource-constrained environments. By
evaluating architectures with varying depths, feature
extraction mechanisms, and computational
efficiencies, this study aims to provide a
comprehensive comparison of CNN models for facial
image—based Down syndrome detection.

Table 1. Hyperparameter Training

Learning ._ Batch
Epoch Rate Optimizer Size
100 0.0001 Stochastic Gradient 32

Descent (SGD)

During CNN model training, several key
parameters affect performance: epoch, learning rate,
batch size, optimizer, and loss function. Epoch
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Fig. 4. Simulation of Deep Learning System for Automated Down Syndrome Detection

represents a complete cycle in which the model
processes the entire dataset through forward and
backward propagation [34]. Learning rate controls the
amount of weight updates during each iteration [35],
while batch size defines the number of data samples
processed simultaneously. The optimizer determines
how the model updates its weight based on the
calculated loss [36]. This study uses a Stochastic
Gradient Descent (SGD) optimization algorithm with
Binary Cross-Entropy (BCE) as a loss function, which
is suitable for binary classification tasks [36]. Binary
Cross-Entropy (BCE), also known as Log Loss, is a
standard loss function used in binary classification
problems. The BCE loss value for each sample is
defined as follows [37]:

L B = yilog(®) + (1 —y) log(1 —py)] (4)
In model training practice, what is minimized is the

average loss value of all the data in the dataset, which
is formulated as:

1 n
Lgce(0) = ;Z L (yi,0:) (5)

by stating the total number of samples and 6 is a
parameter of the CNN model. To iteratively update
model parameters based on the loss values, the
Stochastic Gradient Descent (SGD) optimization
algorithm is used. The weight update process is
performed using the following equation [38]:
we+1=w,—n.VLgce (W) (6)

where w;denotes the weight at the t-th iteration, 7 is
the learning rate, and VZLgce(w;) represents the
gradient of the loss function with respect to the weights.

Table 1 presents the training hyperparameters
applied in this study. The model used 100 epochs,
meaning it processed the entire training dataset 100
times in a single training cycle. The learning rate was

set to 0.0001 to enable gradual, stable weight updates
throughout training. The model processed 32 images
per iteration as the batch size, which determined the
number of samples used before updating the weights.
In addition to the standard training configuration, an
early stopping mechanism was applied in one of the
training scenarios to prevent overfitting and reduce
unnecessary training iterations. Early stopping
monitors the validation loss during training and stops
the training process when no improvement is observed
for a predefined number of epochs. In this study,
validation loss was used as the monitored metric, with
a patience value of 10 epochs and a minimum delta of
0.0001 to define a significant improvement. If the
validation loss did not decrease by at least this
threshold within 10 consecutive epochs, the training
process was automatically terminated. This strategy
helps prevent overfitting while improving training
efficiency.
D. Evaluation Metrics
To evaluate the performance of the proposed CNN
models, four standard classification metrics were
employed, namely accuracy, precision, recall, and F1-
score [32]. These metrics are computed based on the
confusion matrix components: True Positive (TP), True
Negative (TN), False Positive (FP), and False Negative
(FN) [39]. Accuracy measures the proportion of
correctly classified samples among all samples and is
defined as:

4 B TP + TN
CUTaY = TP ¥ TN+ FP + FN (")
Precision represents the proportion of correctly

predicted positive samples among all predicted positive
samples and is expressed as:

p L TP
recision = TP + FP (8)
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Recall, also known as sensitivity, measures the

proportion of correctly predicted positive samples

among all actual positive samples and is calculated as:
R = —

ccall = 75 FN ©)

The F1-score is the harmonic mean of precision and

recall, which provides a balanced measure between

the two, and is defined as:

2 (Precision . Recall)
F1 Score =

Precision + Recall (10)
Overall, the use of multiple evaluation metrics enables
a more rigorous and reliable assessment of model
performance, particularly in medical screening. While
accuracy provides a general overview of classification
correctness, it may be insufficient when class
distributions are imbalanced. In this regard, precision
and recall become more critical, as they reflect the
model’s ability to minimize false positives and false
negatives, respectively. Notably, in medical
applications such as Down syndrome screening, a high
recall is essential to reduce the risk of missed
diagnoses, which could delay early intervention. The
F1-score further complements this analysis by
providing a balanced measure between precision and
recall. Therefore, the combined use of these metrics
ensures a comprehensive evaluation framework that
not only measures performance but also supports the
reliability and clinical relevance of the proposed CNN-
based classification system.

Additionally, beyond these commonly used
metrics, it is important to consider the model's
consistency, stability, and generalization across
different data splits, architectures, and training
strategies. Variations in training, validation, and test
data can significantly influence performance,
particularly with relatively limited and heterogeneous
datasets such as pediatric facial images. Therefore,

evaluating how models behave under different
experimental settings, such as with and without early
stopping, or across lightweight and deep architectures,
provides deeper insight into their robustness. A reliable
model is not only one that achieves high accuracy, but
also one that consistently maintains high recall and a
balanced F1-score across various conditions,
indicating its ability to detect positive cases while
minimizing both false positives and false negatives.
This is especially crucial in medical screening tasks,
where inconsistent performance could lead to
unreliable decision-making. Furthermore, consistent
evaluation results strengthen confidence that the model
is not overfitting to specific data patterns, but instead
learning meaningful and generalizable features. This
ensures the model is reliable for real world clinical
applications.

lll. Result

A. Training and Validation

The training and validation loss curves for the seven
CNN architectures, with and without early stopping, are
presented in fig. 5. In general, different training
behaviors depend on their complexity. For
efficientnetb0, MobileNetV2, ResNet34, VGG19,
AlextNet, and InceptionV3, the validation loss remains
consistently higher than the training loss, indicating a
tendency toward overfitting. In contrast, ShuffleNetV2
shows a more stable pattern, with both training and
validation losses decreasing at a similar rate,
suggesting better generalization. Early stopping helps
reduce overfitting across several models. For example,
training stops at epoch 48 for EfficientNetBO, 31 for
MobileNetV2, 23 for ResNet34, 26 for VGG19, 30 for
AlexNet, and 20 for InceptionV3. These earlier stopping
points indicate that the models reach their optimal
performance before completing the full training

Table 2. Performance Comparison of CNN Models for Down Syndrome Facial Image Classification

Architecture Accuracy Precision Recall F1 Score

EfficietNetB0 92% 90,38% 94% 92,16%
EfficietNetB0O Early Stopping 90% 86,36% 95% 90,48%
MobileNetV2 83,5% 81,31% 87% 84,06%
MobileNetV2 Early Stopping 84% 84% 84% 84%

ResNet34 94% 90,74% 98% 92,43%
ResNet34 Early Stopping 93,5% 93,07% 94% 93,53%
ShuffleNetV2 75% 70,83% 85% 77,27%
ShuffleNetV2 Early Stopping 77% 72,88% 86% 78,9%
VGG19 94,5% 91,59% 98% 94,69%
VGG19 Early Stopping 93,5% 89,18% 99% 93,83%
AlexNet 94% 94,89% 93% 93,93%
AlexNet Early Stopping 94% 92,31% 96% 94,12%
InceptionV3 94% 90,74% 98% 92,43%
InceptionV3 Early Stopping 91,5% 91,92% 91% 91,46%
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Fig. 5 Training and Validation Loss Graphs with Early Stopping Across CNN Models: (a) EfficietNetB0, (b)
EfficietNetB0 Early Stopping, (c) MobileNetV2, (d) MobileNetV2 Early Stopping, (e) ResNet34, (f) ResNet34
Early Stopping, (g) ShuffleNetV2, (h) ShuffleNetV2 Early Stopping, (i) VGG19, (j) VGG19 Early Stopping, (k)
AlexNet, (I) AlexNet Early Stopping, (m) InceptionV3, and (n) InceptionV3 Early Stopping

process. Meanwhile, ShuffleNetV2 behaves differently,
where early stopping is triggered at epoch 98, which is
much closer to the maximum training limit. This
suggests that the model maintains stable learning
without significant overfitting throughout training.
Overall, implementing early stopping with a
patience value of 10 and a maximum of 200 epochs
effectively prevents unnecessary training iterations in
models prone to overfitting, while still allowing stable
models such as ShuffleNetV2 to converge properly. In
addition, this strategy helps optimize computational
efficiency by reducing training time without significantly

compromising model performance. It also improves
generalization by stopping training at an optimal point
before the model begins to memorize noise in the
training data. As a result, the model achieves a better
balance between accuracy and generalization.

B. Testing

The testing phase evaluates the performance of each
CNN architecture using quantitative metrics derived
from the confusion matrix (Fig. 6) and summarized in
Table 2, including accuracy, precision, recall, and F1-
score. These metrics enable direct comparison of the
architectures and form the basis for further analysis
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and discussion. Based on Table 2, VGG19 achieves
the highest performance among all models, with an
accuracy of 94.5%, precision of 91.59%, recall of 98%,
and F1-score of 94.69%. Compared to other
architectures, this model appears better at capturing
distinguishing facial characteristics between the normal
and Down syndrome classes. Similar observations
have also been reported in previous studies, where
deeper architectures tend to learn more discriminative
features [26]. This indicates that increasing network
depth enhances feature extraction, leading to more
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ResNet34, AlexNet, and InceptionV3 achieve the
same accuracy (94%), though their detailed metrics
differ. ResNet34 and InceptionV3 both achieve a recall
of 98%, indicating strong sensitivity, while AlexNet
achieves the highest precision (94.89%), suggesting
fewer false positives. This difference reflects a typical
trade-off in classification models, where improving
sensitivity may reduce precision, and vice versa [40].

A different pattern is observed in lightweight
architectures. EfficientNetB0O achieves 92% accuracy,
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while MobileNetV2 drops to 83.5%. ShuffleNetV2
performs worst, with 75% accuracy, 70.83% precision,
85% recall, and an F1-score of 77.27%. Although its
training process appears stable, the lower scores
indicate that the model struggles to represent more
complex facial patterns. This aligns with previous
findings that lightweight models often prioritize
efficiency over feature representation capacity [34].
Looking more closely at recall values, models such as
VGG19, ResNet34, and InceptionV3 (all 98%) show a
strong ability to detect positive cases. In contrast,
MobileNetV2 (87%) and ShuffleNetV2 (85%) are more
likely to miss some cases. In medical screening, this
difference becomes important because undetected
cases can lead to delayed diagnosis [40]. The F1-score
further supports this observation. VGG19 achieves
94.69%, followed by AlexNet (93.93%) and ResNet34
(92.43%), indicating relatively balanced precision and
recall. ShuffleNetV2, on the other hand, remains
significantly lower (77.27%), reinforcing its weaker

technique to identify facial regions that contribute to
classification decisions between the normal and Down
syndrome classes. The best-performing model,
VGG19, achieved an accuracy of 94.5%, precision of
91.59%, recall of 98%, and F1-score of 94.69%, as
shown in Table 2. The visualization results in Fig. 7
show that the model consistently focuses on specific
facial areas, particularly the eyes, nose, and mouth.
These regions appear as high-activation areas (red—
yellow), indicating their strong contribution to the
classification output. Interestingly, these regions align
with clinically recognized facial characteristics of Down
syndrome, such as hypertelorism (widened
interpupillary distance), a flattened nasal bridge, and a
distinctive mouth structure. In terms of quantitative
performance, the recall value of 98% suggests that the
model is highly sensitive in detecting Down syndrome
cases, meaning that only a small number of positive
cases are missed. This aspect is especially important
in medical screening, where false negatives can delay

Table 3. One-Way ANOVA Results Comparing CNN Models with and without Early Stopping

Source of Variation SS df MS F P-value Fcrit
Between Groups 0.1875 1 0.1875 0.003278 0.955473 4.,964603
Within Groups 572.0416667 10 57.20417
Total 572.2291667 11

overall performance.

The impact of early stopping is not uniform across
models. For deeper architectures, such as VGG19,
accuracy decreases slightly from 94.5% to 93.5%,
while EfficientNetBO drops from 92% to 90%. In
contrast, MobileNetV2 shows a small improvement
(83.5% to 84%), and ShuffleNetV2 increases from 75%
to 77%. This suggests that early stopping may help
simpler models avoid overfitting, but can limit deeper
networks before reaching optimal performance [35].
From the confusion matrix in Fig. 6, misclassifications
are relatively limited in high-performing models such as
VGG19 and ResNet34. Most errors occur when facial
characteristics are less distinct, suggesting that data
variability also affects model performance. In general,
the results point to the importance of model
architecture. Deeper networks, particularly VGG19,
consistently achieve higher accuracy and recall.
Although slight overfitting can be observed (Fig. 5), the
models still perform well on unseen data, suggesting
that their generalization capability remains acceptable.
The testing phase evaluates the performance of each
CNN architecture using quantitative metrics derived
from the confusion matrix (Fig. 6) and summarized in
Table 2, including accuracy, precision, recall, and F1-
score.

C. Evaluation Grad-CAM
This study applied the Gradient-weighted Class
Activation Mapping (Grad-CAM) model interpretability

diagnosis and treatment. The statistical analysis further
supports these findings. The one-way ANOVA test
yielded an F-value of 0.003 and a p-value of 0.955

Table 4. Quantitative Facial Morphology Analysis
Using 68-Point Landmark Measurements

Forehead Mouth Nose Face
Class width width  height height
(cm) (cm) (cm) (cm)
253- 204- 514-
Normal 4.69-5,78 537 4.31 9.48
285- 216- 5,66 -

Syndrome 4.79 - 5,78 5,36 3,90 9,51

(Table 4), indicating no significant difference between
models trained with and without early stopping. This
implies that the observed performance differences are
more likely to be influenced by the choice of CNN
architecture than by the training stopping strategy.
Overall, the agreement between Grad-CAM
visualization and quantitative metrics suggests that the
model does not rely on arbitrary features. Instead, it
focuses on facial regions that are both visually and
clinically meaningful. This enhances the model's
interpretability and supports its potential use in practical
medical applications. Furthermore, this alignment
between visual explanation and numerical
performance increases trust in the model’s decision-
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making process, which is essential in sensitive
domains such as healthcare. It also indicates that the
model has successfully learned relevant feature
representations that are consistent with established
medical knowledge, thereby strengthening its potential
for real-world clinical adoption.

D. Evaluation Using Facial Landmark 68

This study applied a 68-point facial landmark detection
method to analyze morphological differences between
normal children and children with Down syndrome. The
detection was performed using a pre-trained dlib
model, resulting in 68 key points distributed across
major facial regions, including the eyes, nose, mouth,
and facial contours, as illustrated in Fig. 8.

-

Fig. 8. Facial Landmark Detection Example
Showing 68-Keypoint Localization

Quantitative analysis based on Euclidean distance
measurements between landmark points (Table 3)
shows clear differences between the two groups. In
terms of mouth width, children with Down syndrome
exhibit values ranging from 2.85 to 5.36 cm, compared
with 2.53 to 5.37 cm in normal children. For nose
height, the range in Down syndrome cases is 2.16-3.90
cm, which is generally lower than that of normal
children (2.04-4.31 cm). Similarly, face height in
children with Down syndrome ranges from 5.66 to 9.51
cm, slightly higher than the range observed in normal
children (5.14-9.48 cm). These numerical differences
indicate  distinct facial morphology patterns.
Specifically, children with Down syndrome tend to have
a relatively wider mouth, a shorter nasal structure, and
a facial proportion that appears more vertically
compact. These findings are consistent with known
clinical characteristics, such as hypertelorism, a
flattened nasal bridge, and a distinctive facial structure.
In addition to distance measurements, the spatial
distribution of landmark points also shows a noticeable
pattern. Landmark points in Down syndrome faces
appear more concentrated in the central region of the
face, suggesting a denser facial structure around the
eyes, nose, and mouth. This observation is consistent
with the Grad-CAM results (Fig. 7), which show that the

CNN model places greater attention on these same
regions.

The agreement between geometric measurements
(Table 3) and visual attention (Grad-CAM) suggests
that the model is not only accurate but also relies on
meaningful facial features. This combination of
quantitative analysis and visual interpretation
strengthens the reliability of the proposed system.
Furthermore, it enhances model interpretability,
making the system more suitable for practical use in
medical image analysis. Moreover, these findings
highlight the potential of integrating geometric feature
analysis with deep learning to improve both model
transparency and diagnostic confidence. This
integrated approach can serve as a robust foundation
for developing clinically relevant and explainable Al
systems in pediatric healthcare applications.

IV. Discussion

A. CNN Architecture Performance

VGG19, characterized by its deeper architecture and
stacked 3x3 convolutional layers, achieved the best
performance among all evaluated models, with an
accuracy of 94.5%, precision of 91.59%, recall of 98%,
and an F1-score of 94.69% (Table 2). The high recall
value (98%) indicates that the model is highly sensitive
in detecting Down syndrome cases, meaning that only
a small number of positive cases are missed. This is
particularly important in medical screening, where
minimizing false negatives is critical for early diagnosis
and intervention. Other architectures, including
ResNet34, AlexNet, and InceptionV3, also achieved
high accuracy values of 94%, although their
performance differs in terms of precision and recall. For
instance, AlexNet achieved the highest precision
(94.89%), indicating fewer false positive predictions,
while ResNet34 and InceptionV3 reached recall values
of 98%, demonstrating comparable sensitivity to
VGG19. In contrast, EfficientNetBO achieved 92%
accuracy, while MobileNetV2 achieved 83.5%,
suggesting limitations in capturing more complex facial
features.

ShuffleNetV2 exhibited the lowest performance,
with an accuracy of 75%, precision of 70.83%, recall of
85%, and F1-score of 77.27%. Despite showing stable
generalization, as indicated by the close alignment
between the training and validation loss curves in Fig.
5, its lower accuracy and precision suggest that the
model lacks sufficient representational capacity for this
classification task. This highlights a trade-off between
computational efficiency and classification
performance. The effect of early stopping appears to
be relatively limited across models. For example,
VGG19 accuracy decreased slightly from 94.5% to
93.5%, EfficientNetBO from 92% to 90%, and
InceptionV3 from 94% to 91.5%. These small
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differences are consistent with the ANOVA results
(Table 4), which show a p-value of 0.955, indicating no
statistically significant difference between models
trained with and without early stopping. This suggests
that performance variation is primarily influenced by the
choice of CNN architecture rather than the training
stopping strategy. Overall, these findings indicate that
the representational capacity of the CNN architecture
plays a more dominant role in determining
performance. Deeper architectures, such as VGG19,
are more effective in learning complex facial patterns,
resulting in higher accuracy and recall. This
observation is consistent with previous studies, which
found that VGG19 achieved higher accuracy than
lightweight models such as ShuffleNet, due to its
stronger feature extraction capabilities [26].

B. Model Interpretability and Validation

The main contribution of this study lies in integrating
quantitative performance evaluation with
interpretability  techniques to improve model
transparency. Based on the results in Table 2, the best-
performing model (VGG19) achieved an accuracy of
94.5%, a precision of 91.59%, a recall of 98%, and an
F1-score of 94.69%. These values indicate that the
model not only performs well in terms of accuracy but
is also highly sensitive in detecting Down syndrome
cases. The Grad-CAM visualization in Fig. 7 shows that
the model consistently focuses on key facial regions,
particularly the eyes, nose, and mouth. These regions
appear as high-activation areas, indicating their strong
contribution to classification. The model’'s focus on
these areas is consistent with known clinical
characteristics of Down syndrome, suggesting that the
classification decisions are based on meaningful facial
features rather than irrelevant patterns.

Further validation is provided by the facial landmark
analysis (Table 3), which quantifies morphological
differences between normal and Down syndrome
subjects. For example, the mouth width in Down
syndrome cases ranges from 2.85 to 5.36 cm,
compared to 2.53 to 5.37 cm in normal cases. Similarly,
the nose height is generally lower in Down syndrome
cases (2.16-3.90 cm) than in normal subjects (2.04—
4.31 cm). These measurable differences support the
Grad-CAM findings and confirm that the model
captures anatomically relevant variations. The
relationship between interpretability and performance
is evident in the model’s high recall (98%), indicating
that the features it uses are effective at identifying
Down syndrome cases. In other words, the regions
highlighted by Grad-CAM are not only visually
prominent but also contribute directly to improved
classification performance.

Overall, the agreement between Grad-CAM
visualization  (Fig. 7) and landmark-based
measurements (Table 3) suggests that the model relies

on clinically meaningful facial features. This enhances
the interpretability and reliability of the system, making
it better suited for medical screening applications that
require both accuracy and transparency.

C. Implications, Limitations, and Future Work

The proposed system demonstrates strong potential as
a non-invasive, fast, and cost-effective tool for
preliminary screening, particularly in settings where
access to genetic testing, such as karyotyping, is
limited. This is supported by the experimental results
(Table 2), which show that the best-performing model
achieved 94.5% accuracy and 98% recall. The high
recall value indicates that the system can identify most
Down syndrome cases, which is essential for early
detection and timely intervention in medical practice.
Despite these promising results, several limitations
should be acknowledged. First, the dataset used in this
study consists of 1,000 facial images, which is relatively
limited for training deep learning models such as
VGG19. A dataset of this size may restrict the model’s
ability to generalize well to unseen data, especially
when dealing with real-world variability.

Second, the dataset was collected from publicly
available sources, which introduces variations in pose,
lighting conditions, age distribution, and ethnic
representation. These factors may affect model
performance and introduce bias. For instance, although
the model achieves a high overall accuracy (94.5%),
this performance may not be consistent across all
demographic groups. From an ethical perspective, the
use of non-representative data can reduce the
reliability of Al-based screening systems when applied
to broader populations. If certain groups are
underrepresented in the training data, the model may
produce less accurate predictions for those
populations. This highlights the importance of
developing more diverse and balanced datasets in
future research.

Future work should focus on expanding the dataset
to include a larger, more diverse population and on
improving robustness to variations in real-world
conditions. In addition, integrating multimodal data,
such as combining facial images with clinical or genetic
information, may further improve classification
performance. Exploring more advanced architectures
or hybrid approaches could also enhance both
accuracy and interpretability. Overall, while the
proposed system achieves high performance
(accuracy 94.5%, recall 98%), it should be considered
as a supporting tool rather than a replacement for
clinical diagnosis, ensuring that final decisions remain
under professional medical supervision.

V. Conclusion

This study developed a deep learning—based facial
image classification system for Down syndrome
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detection using multiple CNN architectures. The results
show that model architecture has a greater impact on
performance than training strategy adjustments, with
VGG19 achieving the best results (accuracy 94.5%,
recall 98%, precision 91.59%, F1-score 94.69%). The
high recall is especially important in medical screening
to minimize missed cases. In contrast, ShuffleNetV2
demonstrated the most stable training behavior and
good generalization but achieved lower accuracy
(75%), highlighting the trade-off between model
complexity and predictive performance. Beyond
classification accuracy, this study emphasizes model
interpretability and clinical relevance. Grad-CAM
visualization confirmed that the CNN focuses on
medically meaningful facial regions such as the eyes,
nose, and mouth, while 68-point facial landmark
analysis quantitatively validated morphological
differences associated with Down syndrome. The
agreement between deep learning attention maps and
geometric facial measurements strengthens the
reliability and transparency of the proposed system.
Overall, the approach shows strong potential as a non-
invasive, fast, and cost-effective preliminary screening
tool, with future work needed to expand dataset
diversity, perform external validation, and explore more
advanced architectures and multimodal integration.
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