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Abstract: Down syndrome (DS) is a genetic disorder caused by trisomy 21 and is asso-
ciated with distinctive facial characteristics that can support early screening, particularly
in resource-limited settings. This study aims to evaluate and compare the performance
of convolutional neural network (CNN) architectures, EfficientNet-B1 and MobileNetV3-
Large, for facial image-based DS classification, while enhancing model interpretability us-
ing Grad-CAM visualization. A dataset of 3,030 facial images derived from previously
published studies was utilized, and after data cleaning and quality control, 2,620 images
were used for model development. Image enhancement was applied only to the train-
ing data to avoid data leakage. The dataset was split into training, validation, and test
sets with a 70:20:10 ratio, and both models were fine-tuned using ImageNet pre-trained
weights. Model performance was evaluated using accuracy, precision, recall, and F1-score,
while robustness was assessed through five-fold cross-validation. Performance differences
were analyzed using one-way ANOVA. Experimental results indicate that EfficientNet-
B1 achieved a higher average accuracy of 91.14%, compared to 88.56% for MobileNetV3-
Large, with lower variability across validation folds. ANOVA analysis confirmed a sta-
tistically significant difference between the models (p < 0.05). Furthermore, Grad-CAM
visualizations revealed that both models focused on clinically relevant facial regions, with
EfficientNet-B1 demonstrating more consistent and interpretable attention patterns. These
findings suggest that EfficientNet-B1 offers a robust and interpretable approach.
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1 Introduction

Down Syndrome (DS) is a genetic condition caused by an extra copy of chromosome
21. It is a leading cause of learning and developmental challenges in children. Studies
show that early detection of DS is important for timely intervention, which can improve
development and quality of life [1,2]. In many areas, including Indonesia, where health-
care access can be difficult, early detection is often slowed by limited testing resources,
a shortage of trained professionals, and differences in support services. These issues can
delay help and affect a child’s development [3-5]. Despite the importance of early iden-
tification, traditional DS screening approaches are constrained by the need for specialized
tests, trained clinicians, and laboratory facilities. These limitations make consistent early
assessment difficult, particularly in low-resource settings. This challenge underscores the
need for more accessible, objective, and scalable screening methods that do not rely heavily
on specialized infrastructure.

In recent years, deep learning has emerged as a powerful tool in medical and biometric
image analysis. Convolutional neural networks (CNNs) are particularly effective because
they can extract complex visual patterns directly from images, enabling them to distinguish
individuals with DS from those without high reliability [6-9]. Earlier studies demonstrated
that CNN-based classifiers can identify DS with strong performance [6], while other studies
validated the ability of CNN-based models to classify DS and related syndromes [7]. More
recent studies have combined modern architectures such as MobileNetV3 and ResNet to
achieve accuracy above 99% across diverse datasets, highlighting the rapid advancement
of DS-focused deep learning methods [10].

Deep learning has also been applied to prenatal imaging. Previous studies developed a
CNN-based segmentation model for identifying nuchal translucency in ultrasound images,
achieving a promising accuracy of early risk assessment of DS [11]. Although ultrasound
and facial image approaches differ, both areas underscore the potential of deep learning
for identifying DS-related visual characteristics. In addition to prenatal and facial imaging
studies, several researchers have reported that CNN-based facial image analysis can also be
effectively applied to other medical and developmental conditions. Facial morphology has
been shown to contain discriminative visual features that can be learned reliably by CNN
models for classifying conditions such as stunting and autism, using both conventional and
lightweight architectures.

These studies indicate that deep learning-based facial analysis is not limited to a sin-
gle disorder but has broader applicability for medical screening and early detection across
different populations and datasets [12-15]. Furthermore, the use of an efficient CNN ar-
chitecture supports practical implementation in real-world and resource-constrained envi-
ronments, reinforcing the feasibility of deploying deep learning models for health-related
facial images [12,15,16].

Among current architectures, MobileNetV3 and EfficientNet-B1 stand out for their effi-
ciency and balanced performance. EfficientNet-B1 has been shown to perform well in facial
recognition tasks due to its optimized scaling strategy [17], while MobileNetV3 is widely
used for lightweight deployment scenarios because of its low computational requirements.
These characteristics make both architectures suitable candidates for DS classification, es-
pecially in environments with limited computing resources. A common challenge in deep
learning is the lack of interpretability, which can reduce clinician trust. To address this,
explainable Al techniques such as Gradient-weighted Class Activation Mapping (Grad-
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CAM) generate visual heatmaps highlighting which image regions influence the model’s
prediction. Such interpretability tools have been successfully applied in facial recognition
and emotion analysis tasks, making them relevant for DS-related classification as well [18].

Despite the promising results reported in previous studies, several limitations remain
that restrict the practical adoption of deep learning-based DS screening systems. Most
existing approaches rely on complex or computationally intensive architectures, which
limit their deployment in low-resource environments such as rural healthcare facilities or
mobile-based screening platforms. Moreover, comparative analyses focusing specifically
on lightweight CNN architectures for DS facial classification remain limited, making it dif-
ficult to identify models that provide an optimal balance between accuracy, stability, and
computational efficiency.

Another critical limitation is the lack of interpretability analysis in many prior stud-
ies. While high classification accuracy is often reported, insufficient attention is given
to explaining how models reach their decisions. In medical applications, this lack of
transparency can reduce clinician trust and hinder real-world adoption. Although Grad-
CAM has demonstrated effectiveness in visualizing discriminative regions in facial analysis
tasks, its systematic integration into DS facial classification remains underexplored.

In addition to the aforementioned limitations, a significant concern in contemporary
research is the insufficient examination of model stability and reliability. Many previous
studies rely on a single train—test split, which may lead to overly optimistic performance
estimates and fail to capture the inherent variability of medical image data. Moreover,
limited efforts have been made to evaluate whether model performance remains consistent
across different data partitions, thereby reducing the reliability and reproducibility of the
reported results.

In the context of medical image classification, robustness and consistency are as critical
as accuracy, since unstable predictions may lead to unreliable or unsafe clinical decisions.
Therefore, a more rigorous evaluation strategy, incorporating cross-validation and statisti-
cal analysis, is necessary to ensure that model performance is both reliable and generaliz-
able.

To address the identified research gaps, this study makes the following contributions:

1. Structured Comparison of Lightweight CNN Architectures. This study provides a
systematic and fair comparison between two modern lightweight convolutional neu-
ral network architectures, MobileNetV3-Large and EfficientNet-B1, specifically for
Down Syndrome facial classification. Unlike prior works that evaluate models inde-
pendently or focus on complex architectures, this study offers a structured analysis
of the trade-off between classification performance, stability, and computational effi-
ciency. This comparison advances current knowledge by providing clearer guidance
on model selection for DS classification in resource-constrained environments.

2. Robustness and Statistical Reliability Evaluation. To overcome the limitations
of single train—test split evaluation, this study employs a more rigorous validation
framework using 5-fold cross-validation. In addition, one-way Analysis of Variance
(ANOVA) is applied to statistically assess performance consistency across folds. This
contribution advances current practice by introducing a reliability-oriented evalua-
tion approach, ensuring that model performance is not only accurate but also stable,
reproducible, and less sensitive to data partitioning.

3. Integration of Explainable AI for Model Interpretability. This study integrates
Grad-CAM as an explainability technique to visualize the important facial regions in-
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fluencing model predictions. Unlike many previous DS classification studies that fo-
cus solely on accuracy, this work emphasizes interpretability to enhance transparency
and support clinical trust. This contribution improves practical applicability by pro-
viding visual insights into the model’s decision-making process, which is essential
for real-world medical deployment.

In this study, we present a comparative analysis focusing on how two modern
lightweight CNN architectures MobileNetV3 and EfficientNet-B1, perform in classifying
facial images of individuals with and without DS. The primary objective is to systemat-
ically compare their classification effectiveness using accuracy, precision, recall, and F1-
score, as well as their interpretability through a Grad-CAM-based analysis of prioritized
facial regions. The models are trained on a dataset of 6,332 facial images obtained from the
online platform, and split into 70% training, 20% validation, and 10% test sets to ensure
robust performance assessment. To further enhance robustness and reduce bias, we use 5
fold cross validation. One-way Analysis of Variance (ANOVA) is applied to examine the
statistical consistency of model performance across folds [19,20].

This research provides a comprehensive comparison of MobileNetV3-Large and
EfficientNet-B1 for facial-based DS classification, integrates Grad-CAM visual explanations
to enhance model transparency and reliability, and proposes an accessible Al based screen-
ing framework that can support DS identification in settings with limited clinical expertise
or diagnostic resources. Although the results demonstrate strong potential, limitations re-
main regarding dataset size and demographic diversity, which may affect generalizability.
Future research should focus on collecting multi-center and multi-ethnic datasets to im-
prove generalizability. Additional deep learning architectures and ensemble approaches
can be explored. Integration of the model into a mobile-based screening application and
clinical validation with medical experts are also important directions for further develop-
ment.

2 Research Method

This study aims to compare two CNN architectures, MobileNetV3-Large and
EfficientNet-B1, for classifying facial images of individuals with and without DS. The re-
search workflow consists of five main stages: (1) data collection, (2) data preprocessing and
augmentation, (3) model training and validation, (4) model evaluation and interpretability
analysis, and (5) performance comparison between architectures. A total of 6,332 facial im-
ages from the public platform are used, with 70% for training, 20% for validation, and 10%
for testing. Figure 1 summarizes the study’s workflow, illustrating the sequential process
from dataset preparation to performance comparison.

The overall workflow of this study is illustrated in Figure 1. The research process con-
sists of several sequential stages designed to ensure systematic and reproducible exper-
imentation. The workflow begins with the data collection stage, where facial images of
individuals with and without DS are gathered and curated. This is followed by the prepro-
cessing stage, which includes image enhancement, resizing, and partitioning the dataset
into training, validation, and test subsets.
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Figure 1: Research workflow.

2.1 Data Collection

The facial image dataset used in this study was compiled from publicly available, peer-
reviewed sources and included labeled facial images of children with and without Down
Syndrome (DS). This dataset has been used in several previous studies on face-based DS
identification [9]. Specifically, the dataset referenced in comes from the Roboflow reposi-
tory [21] developed for Down Syndrome detection, which contains facial images of children
aged approximately 0-15 years, including individuals with Down syndrome and healthy
controls.

All images were collected in accordance with ethical guidelines and anonymized to pro-
tect subject privacy. The dataset consists predominantly of frontal facial images captured
under various lighting conditions and backgrounds, with a balanced distribution between
DS and non-DS categories.

The facial image dataset used in this study was compiled from publicly available and
peer-reviewed sources that provide labeled facial images of individuals with and without
DS. The dataset was originally developed for research purposes and has been utilized in
several previous studies on facial-based DS identification. All images in the dataset were
collected in compliance with ethical guidelines and anonymized to protect subject’s pri-
vacy. The dataset consists of frontal facial images captured under various lighting con-
ditions and backgrounds, representing a balanced distribution between DS and non-DS
categories.

To ensure dataset quality and suitability for deep learning analysis, a set of explicit
filtering criteria was applied. First, only images with a minimum resolution of at least
224 x 224 pixels were retained to preserve sufficient facial detail for feature extraction. All
images were then resized to match the input requirements of each model, namely 224 x 224
pixels for MobileNetV3-Large and 240 x 240 pixels for EfficientNet-B1.

Images exhibiting excessive blur were excluded by visual inspection, supported by edge
clarity assessment; images with indistinguishable facial contours or low sharpness were
removed. In terms of illumination, images with extreme overexposure or underexposure
where key facial regions such as the eyes, nose, or mouth were not clearly visible were
discarded.

Furthermore, only frontal or near-frontal facial poses were included, with approximate
head rotation limited to +15 degrees to ensure consistent feature representation. Images
with occlusions covering critical facial regions (e.g., eyes, nose, or mouth), such as masks,
hands, or accessories, were also excluded. Additionally, images with incomplete facial
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structures or dominant background interference were removed to maintain focus on rele-
vant facial features.

These criteria were applied consistently across the dataset to ensure data quality, reduce
noise, and improve the reliability and reproducibility of the model training process. These
examples demonstrate the application of the predefined quality criteria and provide visual
confirmation of the dataset consistency.

(@ (b)

Figure 2: Sample image: (a) Non-DS, (b) DS.

Figure 2 presents representative examples of the facial image dataset after the qual-
ity filtering process. The images illustrate the visual differences between Non-DS and DS
categories, highlighting distinctive facial characteristics that can be learned by the CNN
models. These examples also reflect the quality criteria applied in this study, including
clear facial visibility, frontal pose, and sufficient resolution.

2.2 Pre-processing Data

Figure 3 illustrates the dataset preparation process used in this study. The process began
with the collection of 6,332 facial images as the initial dataset (raw dataset). The data then
underwent filtering and quality control to remove low-quality images, such as those with
blurriness, inadequate lighting, or inappropriate facial poses. After this stage, the data size
was reduced to 3,030 images (the curated dataset).

In the next stage, the dataset underwent preprocessing and further refinement, resulting
in a final dataset of 2,620 images used for model development. This process ensured that
only high-quality and relevant facial images were used for model training and evaluation.
After obtaining the final dataset, the data was divided into three subsets: training, valida-
tion, and testing data, with a ratio of 70:20:10. This division was carried out to ensure an
optimal training process and fair and unbiased model evaluation.

The next stage was data augmentation, applied only to the training data. Unlike com-
mon augmentation approaches such as rotation or flipping, this study employed domain-
based image enhancement techniques. Gaussian noise was added to approximately 23%
of the training data to simulate variations in sensor conditions and improve the model’s
robustness to data variations [22].
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Figure 3: Dataset preparation and preprocessing workflow, illustrating the transition from
raw data collection to the final dataset used for model training.

Furthermore, image sharpening using a convolution-based filter was applied to en-
hance edge details of facial features, and contrast adjustment was performed to address
lighting variations in the images [23,24]. These techniques aim to improve the model’s
ability to distinguish features without altering the underlying facial structure. The final
stage is image resizing, during which all images are resized to the input size of each model
architecture. Images for MobileNetV3-Large were resized to 224 x 224 pixels, while those
for EfficientNet-B1 were resized to 240 x 240 pixels, in accordance with the standard speci-
fications of each model.

Overall, this process was designed to ensure optimal data quality, improve model ro-
bustness to image variations, and support the model’s performance and generalization
capabilities in Down Syndrome classification. The final dataset distribution is shown in
Table 1.

Table 1: Dataset distribution for training, validation, and testing

Dataset Down Syndrome Non-DS Total

Training 916 916 1,832
Validation 262 262 524
Testing 132 132 264

Table 1 presents the final distribution of the dataset across training, validation, and test-
ing subsets. The dataset is evenly divided between the Down Syndrome (DS) and Non-DS
classes in each subset, ensuring a balanced representation for model training and evalua-
tion. Specifically, the training set consists of 1,832 images, with 916 per class. The valida-
tion set contains 524 images, evenly distributed across 262 per class, while the testing set
includes 264 images, with 132 per class. This balanced distribution is designed to minimize
classification bias and to ensure that the model learns representative features from both
categories [25].

2.3 Model Architecture

This research uses lightweight convolutional neural network (CNN) architectures:
MobileNetV3-Large and EfficientNet-Bl. These models perform binary classification of
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facial images into DS and non-DS categories. Their efficiency in image classification and
balance of performance led to their selection. This makes them suitable for use in environ-
ments with limited resources [17,26-28].

2.3.1 MobileNetV3-Large

MobileNetV3-Large is a compact CNN architecture specifically designed for effective
inference on devices with limited computational capabilities. It achieves this by integrating
depthwise separable convolutions (which use a single filter per input channel before merg-
ing the outputs), squeeze-and-excitation (SE) blocks (which dynamically adjust channel-
wise feature responses), and the hard swish activation function (a non-linear function that
enhances learning efficiency). Consequently, MobileNetV3-Large reduces computational
expenses while ensuring robust feature extraction. This enables it to effectively learn dis-
tinctive facial features pertinent to DS classification, all while minimizing model size and
inference latency. In this research, facial images are resized to 224 x 224 pixels to conform
to the architecture’s standard input requirements [27,28], as depicted in Figure 4.

FeeTTT T T
|
| 1x1 Conv + 3x3 DwConv SE Module 1x1 Conv + Global I
= e BN —>| +BN M xiconv [ BN —>| Average Down
| Hard-Swish Hard-Swish Hard-Swish Pooling
| Syndrome
Down Syndrome | | _ _ _ _ _ _ _ _ _ _ N _

Dataset | Non-Down
| Syndrome
|
|
| Global Output Layer

1x1 Conv + 3x3 DwConv + N o (mi g
: BN > Hard-Swish /F\)ver:_age (Binary Classification)
ooling
|

L ch = [16, 32, 64,128, 160, 160, 960, 960] — ——————— Syndrome
Non-Down
Syndrome

Figure 4: Architecture of the MobileNetV3-Large [29].

As illustrated in Figure 4, the input facial image (224 x 224 pixels) first passes through
an initial convolutional layer, followed by batch normalization and the hard-swish activa-
tion function. The feature maps are then processed through a sequence of inverted resid-
ual bottleneck blocks, which consist of depthwise separable convolution and squeeze-and-
excitation (SE) modules to enhance channel-wise feature representation [29].

These blocks are utilized repeatedly to incrementally derive more advanced facial fea-
tures pertinent to DS classification. Subsequent to feature extraction, the resulting output is
directed through a global average pooling, which diminishes spatial dimensions while re-
taining critical information. Ultimately, the refined features are input into a fully connected
layer for binary classification, yielding the final output as either DS or Non-DS.

2.3.2 EfficientNet-B1

EfficientNet-B1 is a CNN architecture that employs a compound scaling approach to
simultaneously adjust the network’s depth, width, and input resolution harmoniously
[17,26]. Compared with traditional CNN models, EfficientNet improves accuracy while us-
ing fewer parameters by effectively optimizing the distribution of computational resources.
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EfficientNet-B1 is notably proficient in recognizing intricate visual patterns, which are cru-
cial for facial analysis tasks where minor morphological variations are significant [17]. Con-
sequently, EfficientNet-B1 is incorporated into this research to assess its ability to identify
facial features associated with DS. The facial images processed with EfficientNet-B1 are
resized to 240 x 240 pixels, which aligns with the architecture’s recommended input reso-
lution. The structure of the proposed model is depicted in Figure 5.

ST

Figure 5: Architecture of the EfficientNet-B1 [26].

Input Image
(240 x 240)

MBConv6, 5 x §

MBConv6, 5 x 5

MBConv6, 5 x 5
Feature Map

MBConv1,3x 3

As shown in Figure 5, the input image (240 x 240 pixels) is first processed through an
initial convolutional layer, followed by series of mobile inverted bottleneck convolution
(MBConv) blocks. Each block integrated depthwise convolution, a squeeze-and-excitation
optimization, and residual connections to efficiently capture both low-level and high-level
facial features [17].

The architecture employs compound scaling, balancing depth, width, and resolution
simultaneously to enhance feature representation. As the data propagates through succes-
sive MBConv layers, increasingly complex patterns are learned. The final feature maps
are then aggregated using global average pooling and passed to a fully connected layer to
generate the classification output. Compared to MobileNetV3-Large, EfficientNet-B1 em-
phasizes balanced scaling across network dimensions, leading to improved stability and
generalization performance.

2.4 Model Training and Validation

The classification models in this study were developed using two lightweight convo-
lutional neural networks architectures, namely MobileNetV3 and EfficientNet-Bl. These
architectures were selected due to their proven ability to achieve high classification per-
formance while maintaining computational efficiency, which is essential for practical de-
ployment in resource-constrained environments [26,27]. MobileNetV3-Large is specifi-
cally designed to operate efficiently on devices with limited processing capabilities [27,28],
whereas EfficientNet-B1 applies a compound scaling strategy to improve feature represen-
tation without significantly increasing computational cost [26].

All facial images used for training and evaluation were preprocessed according to the
procedures described in Section 2.2. The curated dataset was divided into training, vali-
dation, and testing subsets using a stratified 70:20:10 ratio to ensure balanced class distri-
butions across all partitions. This data partitioning strategy was adopted to obtain reliable
performance estimation and to minimize potential bias during model training and evalua-
tion.

During the training phase, both models were initialized with ImageNet-pretrained
weights and fine-tuned using the binary cross-entropy loss function. The Adam optimizer

#®  https://ejournal.ittelkom-pwt.ac.id /index.php/infotel


https://ejournal.ittelkom-pwt.ac.id/index.php/infotel

ROBUST FACIAL CLASSIFICATION OF DOWN SYNDROME - - - 27

with a learning rate of 0.0001 was used to achieve stable, efficient convergence [30]. Model
checkpoints were used to save the best-performing weights based on validation loss, en-
suring that the final evaluation was conducted with the optimal model configuration.

Training Data
Enchancement

Gaussian
Noise

Image
Preprocessing

Pre-Aligned

Dataset Split Data
Facial Images 70/20/10

Resize

Image ——>| Final Dataset
Sharpening

Contrast
Adjustment

v

Figure 6: Preprocessing data flowchart.

Figure 6 illustrates the preprocessing pipeline applied in this study, including dataset
preparation, image resizing, data splitting, and enhancement techniques such as Gaussian
noise, image sharpening, and contrast adjustment. This pipeline standardizes and enriches
input data before model training, improving robustness and generalization to variation in
image quality and lighting.

Table 2: Model training hyperparameters

Parameter MobileNetV3 EfficientNet-B1
Architecture MobileNetV3-Large EfficientNet-B1
Loss Function = Binary Cross-Entropy  Binary Cross-Entropy

Optimizer Adam Adam
Epoch 50 50
Learning Rate  0.0001 0.0001
Batch Size 16 16

Input Size 224 x 224 240 x 240

Table 2 presents a summary of the training hyperparameters employed for the
MobileNetV3-Large and EfficientNet-B1 models. The uniform configuration across both
architectures facilitates a fair and controlled comparison, whereas variations in input size
correspond to the specific architectural needs of each model. The ultimate model was cho-
sen based on achieving the lowest validation loss and all relevant training metrics were
recorded for evaluation.

2.5 Model Evaluation

The effectiveness of each classification model was assessed using a confusion matrix,
which provides a comprehensive overview of the model’s ability to differentiate between
DS and non-DS classes. From this confusion matrix, four frequently utilized metrics in bi-
nary classification were derived: accuracy, precision, recall, and F1-score, which are defined
as follows [31]:
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In this context, TP, TN, FP, and FN represent True Positive, True Negative, False Pos-
itive, and False Negative, respectively. These metrics comprehensively assess classifica-
tion accuracy, which is crucial in healthcare applications where misclassification can have
serious impact [31]. To ensure reliable and impartial performance assessment, K-fold
cross-validation was used, aligning with contemporary deep learning research method-
ologies [19].

Dataset |

-

Index Randomisation (Shuflling) | Fixed Seed (random_state=42) for
consistency

| Fold 1 ” Fold 2 “ Fold 3 ” Fold 4 ” Fold 5 | Relatively Balanced Sized

. P P Training and Evaluation

o

Iteration 1 Test (10%) Training (70%) Process Fold 1

Aggregation
" - " Training and Evaluation of Results

Iteration 2 Training Test Training (70%) Process Fold 2

Training and Evaluation

Iteration 3 Training Test Training Process Fold 3

5-Fold Cross
Validation Average

Training and Evaluation Metrics

Iteration 4 Training (70%) Test Training Process Fold 4

IR |

Training and Evaluation

Iteration 5 Training (70%) Test Process Fold 5

Figure 7: Evaluation workflow of the 5-fold cross-validation strategy with a 70:20:10 dataset
split.

As shown in Figure 7, the dataset was split into training (70%), validation (20%), and
test (10%) subsets. Cross-validation was done only on the training data, which was ran-
domly shuffled and divided into 5 similar-sized folds. At each step, one fold served as
internal validation and the rest for training. This was repeated until each fold was used as
the validation set once. The model’s final performance was evaluated using consolidated
metrics across all folds.

Figure 8 provides additional insight into the evaluation phase that follows the cross-
validation procedure. In contrast to Figure 7, which emphasizes data partitioning and the
training process, this figure underscores the calculation of evaluation metrics for each fold
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Figure 8: Model evaluation process across folds, including prediction, metric computation,
and result aggregation.

and their subsequent aggregation to derive overall performance metrics. The average vali-
dation performance across all folds is calculated in the following manner:

1 K
M:?;Mk (5)

Where M, represents the validation performance obtained from the k-th fold and K =
5 in this study. In addition to cross-validation, one-way Analysis of Variance (ANOVA) was
applied to statistically assess whether the performance variations observed across folds
were significant. The mean validation accuracy for each fold is defined as:

X; = i Z Xij (6)

Where X;; denotes the validation accuracy obtained from the i-th observation in the j-
th fold, and n; represents the number of observations in that fold. The overall mean across
all folds is calculated as:

S

The variability between folds is measured using the Sum of Squares between Groups
(SSB):

K
SSB =Y n;(X; - X)? (8)

j=1
While the variability within folds is measured using the Sum of Squares within Groups

(SSW):

K nj

SSW =3 "> (Xi; — X;)° ©)

j=11i=1
The F-statistic is then computed as:
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p_ SSB/(k—1)
- SSW/(N —k)

The null hypothesis H, assumes that there is no statistically significant difference
among in mean validation performance across folds, whereas the alternative hypothesis
H, assumes that at least one fold exhibits a statistically significant difference. A signifi-
cance level of p < 0.05 was used to determine statistical significance, consistent with prior
deep learning evaluation studies.

(10)

2.6 Model Interpretability Using Grad-CAM

To improve interpretability and understand the mechanism underlying each model’s
predictions, Grad-CAM was applied to MobileNetV3-Large and EfficientNet-B1. Grad-
CAM functions by examining the gradients that pass into the last convolutional layer of a
CNN, thereby facilitating the visualization of the spatial areas that have most significant
impact on a specific class prediction [18].

Rectified Conv FC Layer
Featured Maps Activation

A< -/—

. Non-DS

F . Down Syndrome
pR—
Y

Grad-CAM

Figure 9: The Grad-CAM process for visualizing important regions in DS classification [32].

Figure 9 illustrates the Grad-CAM process for visualizing important regions in Down
Syndrome (DS) classification. The process begins by feeding an input image into the CNN
to obtain a class prediction. Subsequently, the gradient of the predicted class score with
respect to the feature maps of the final convolutional layer is computed. These gradients are
then globally averaged to produce channel-wise weights, which indicate the importance of
each feature map for the target class.

The weighted feature maps are then combined to generate a coarse localization map. A
Rectified Linear Unit (ReLU) activation function is applied to retain only the positive con-
tributions, ensuring that the resulting heatmap highlights regions that positively influence
the model’s decision [33]. Mathematically, the Grad-CAM localization map for class c can
be expressed as:

L°Grad — CAM = RELU (Z a;Ak> (11)
k

After obtaining the Grad-CAM formulation, the components of this expression can be
understood as follows. The term L°Grad — CAM represents the localization map for the
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target class, showing the regions of the image that contribute most strongly to the model’s
prediction. The coefficient af, denotes the importance weight of the k-th feature map and
is computed as the global average of the gradients of the class score with respect to that
feature map. Meanwhile A, it corresponds to the activation map produced by the k-th
convolutional feature map in the final convolutional layer. Together, these components
determine how each spatial location influences the output, and the ReLU function ensures
that only positive contributions, those that support the predicted class, are retained in the
final heatmap [18,33,34].

2.7 Comparative Analysis

This stage compares the performance of MobileNetV3-Large and EfficientNet-B1 us-
ing the evaluation metrics described in Section 2.5, including accuracy, precision, recall,
and Fl-score, K-Fold, and ANOVA. Both models underwent training and testing under
the same conditions to guarantee a fair and uniform evaluation. In addition to quantita-
tive metrics, Grad-CAM visualizations were examined to determine how each architecture
emphasizes significant facial areas during prediction, offering further understanding of
model interpretability. Computational factors, including inference speed and parameter
efficiency, were also taken into account to evaluate the practical applicability of each model
for real-world implementation.

3 Results

This section presents the experimental findings obtained from training and evaluating
the EfficientNet-B1 and MobileNetV3-Large models for Down Syndrome (DS) facial image
classification. The analysis includes training behavior, model performance comparison,
cross-validation results, statistical testing, and Grad-CAM-based interpretability.

3.1 Training and Validation Results of EfficientNet-B1

The EfficientNet-B1 model was trained using a 5-fold cross-validation framework to
evaluate its learning behavior and generalization capability across multiple data partitions.
During the early stages of training, the model exhibited rapid convergence, with training
accuracy exceeding 85% within the first few epochs. This indicates that the model effi-
ciently learned discriminative facial features relevant to Down Syndrome (DS) classifica-
tion.

Validation accuracy showed fluctuations during the initial epochs, reflecting an adapta-
tion phase as the model adjusted to variations in facial characteristics and image quality. As
training progressed, validation performance stabilized and gradually improved, reaching
values above 90% in later epochs. Meanwhile, training loss decreased consistently across
all folds, approaching near-zero values, while validation loss followed a generally decreas-
ing trend, though it occasionally spiked.

Figure 10 presents the training and validation accuracy and loss curves of the
EfficientNet-B1 model over 50 epochs. In the accuracy plot (left), training accuracy in-
creases rapidly and approaches near-perfect performance, while validation accuracy shows
early fluctuations before stabilizing at a high level. In the loss plot (right), training loss
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Figure 10: Training validation accuracy and loss curves of the EfficientNet-B1 model.

steadily decreases toward zero, indicating effective optimization. In contrast, validation
loss shows an overall downward trend with several fluctuations, which may reflect data
variability or the model’s adaptation process during early training.

Across the five validation folds, EfficientNet-B1 demonstrates consistent performance
with only minor variations in accuracy, indicating strong robustness to different train-
ing—validation splits. The stability of both accuracy and loss curves further confirms that
the model converges smoothly and generalizes well across different data partitions.

Overall, these results indicate that EfficientNet-B1 achieves a well-balanced trade-off
between learning capacity and generalization performance, with controlled overfitting and
reliable predictive behavior, making it suitable for facial-based DS classification tasks.

3.2 Training and Validation Results of MobileNetV3-Large

The MobileNetV3-Large model was also evaluated using 5-fold cross-validation. Sim-
ilar to EfficientNet-Bl, MobileNetV3-Large exhibited rapid learning during the early
epochs, with training accuracy exceeding 80% by the second epoch and approaching near-
perfect performance in later stages. However, validation accuracy showed greater fluctua-
tions, particularly during the first 10 epochs, indicating greater sensitivity to variations in
the training data. Although the ReduceLROnPlateau scheduler helped control overfitting,
the gap between training and validation performance remained more pronounced than in
EfficientNet-Bl. Test accuracy across folds ranged from approximately 86% to 90%, re-
flecting reasonable but less stable generalization capability. Figure 11 presents the training
and validation accuracy and loss curves for the MobileNetV3-Large model, illustrating rel-
atively unstable convergence and greater variability between the training and validation
trends. These findings demonstrate that while MobileNetV3-Large is computationally effi-
cient and capable of learning discriminative features, its performance is more sensitive to
data partitioning than that of EfficientNet-B1.

Figure 11 presents the training and validation accuracy and loss curves of the
MobileNetV3-Large model over 50 epochs. In the accuracy plot (left), the training accu-
racy increases rapidly during the initial epochs and approaches near-perfect performance,
indicating that the model effectively learns discriminative features from the training data.
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Figure 11: Training validation accuracy and loss curves of the MobileNetV3-Large model.

However, the validation accuracy exhibits noticeable fluctuations, particularly within the
first 10 epochs, before gradually stabilizing at around 84-85%.

In the loss plot (right), the training loss decreases sharply and approaches near-zero
values, indicating efficient optimization. In contrast, the validation loss shows significant
fluctuations and remains relatively higher throughout the training process, with several
spikes observed in the early and middle epochs. This pattern suggests that the model is
more sensitive to variations in the validation data and may experience mild overfitting.

Overall, the divergence between the training and validation curves indicates that al-
though MobileNetV3-Large is capable of learning useful features, its generalization perfor-
mance is less stable than that of EfficientNet-B1l. The observed variability across epochs
reflects greater sensitivity to data partitioning, which may compromise the consistency of
the model’s predictions.

3.3 Performance Comparison

A detailed performance comparison between the two models was conducted using con-
fusion matrix analysis. EfficientNet-B1 correctly classified 119 DS and 122 Non-DS samples,
with 13 false negatives and 10 false positives. In contrast, MobileNetV3-Large correctly
identified 100 DS and 128 Non-DS samples but produced a substantially higher number
of false negatives (32 cases). Figure 12, illustrates the confusion matrix of the EfficientNet-
Bl model, highlighting its balanced classification performance between DS and Non-DS
classes.

This imbalance indicates that MobileNetV3-Large tends to favor Non-DS predictions,
resulting in reduced sensitivity for DS detection. From a medical screening perspective,
this is a critical limitation, as false negatives may delay diagnosis and early intervention.
EfficientNet-B1, on the other hand, demonstrated more balanced classification across both
classes, making it more suitable for real world DS screening applications.

Following the analysis of EfficientNet-B1, the performance of MobileNetV3-Large was
also examined using confusion matrix analysis. Figure 13 presents the confusion matrix
of the MobileNetV3-Large model. In contrast to EfficientNet-B1, MobileNetV3-Large cor-
rectly classified 100 DS samples and 128 Non-DS samples. However, the number of DS
samples misclassified as Non-DS increased significantly to 32 false negatives, while only 4
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Figure 12: Confusion matrix of EfficientNet-B1 performance.

Non-DS samples were misclassified as DS. This pattern indicates that MobileNetV3-Large
exhibits a stronger bias toward predicting the Non-DS class, resulting in reduced sensitivity
for DS identification. From a clinical screening perspective, such a bias is problematic, as a
high false negative rate may delay diagnosis and early intervention.

3.4 K-Fold Cross-Validation and Statistical Analysis

To ensure robust evaluation, both models were assessed using 5-fold cross-validation.
Table 3 summarizes the cross-validation performance of EfficientNet-B1 and MobileNetV3-
Large across all folds. EfficientNet-B1 achieved test accuracies ranging from 89.39% to
92.80%, demonstrating relatively stable performance across different data partitions. In
contrast, MobileNetV3-Large exhibited greater variability, with test accuracies between
86.36% and 90.15%, indicating higher sensitivity to changes in training—validation splits.
One-way ANOVA was performed on epoch-wise validation accuracies to examine statis-
tical differences among folds. For both models, p-values were significantly below 0.05,
indicating that data partitioning had a measurable influence on model performance. Nev-
ertheless, as reflected in Table 3, EfficientNet-B1 consistently showed smaller performance
variations compared to MobileNetV3-Large, confirming its superior stability and robust-
ness for facial-based DS classification tasks.

To further determine whether the observed differences between the two models were
statistically significant, a one-way ANOVA analysis was conducted on the validation ac-
curacies obtained from each fold. The outcomes of this statistical test are summarized in
Table 4. The ANOVA results confirm that for both models the p-values were below 0.05,
indicating a significant effect of data partitioning on model performance. However, when
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Figure 13: Confusion matrix of MobileNetV3-Large performance.

Table 3: K-Fold performance of EfficientNet-B1

Fold Test Accuracy TestLoss Last Validation Accuracy

1 0.9280 0.2950 0.9537
2 0.9167 0.3302 0.9046
3 0.8939 0.4512 0.9208
4 0.9053 0.3478 0.9044
5 0.9129 0.3272 0.9317

comparing the two architectures, EfficientNet-B1 demonstrated lower variability and more
consistent behavior, reinforcing the performance trends presented in Table 3.

Table 4: K-Fold performance of MobileNetV3-Large

Fold Test Accuracy TestLoss Last Validation Accuracy

1 0.8977 0.3852 0.9264
2 0.9015 0.3833 0.8665
3 0.8788 0.5192 0.8907
4 0.8864 0.4203 0.8962
5 0.8636 0.5496 0.8470

Together, Table 3 and Table 4 provide complementary evidence: Table 3 illustrates the
empirical performance stability of each model, while Table 4 statistically validates the ob-
served differences, confirming the superior robustness of EfficientNet-B1 for facial based
DS classification.
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3.5 Grad-CAM Results

Grad-CAM visualization was applied to analyze the interpretability of both models and
to identify the facial regions that contributed most to the classification decisions. Figure 14
illustrates the Grad-CAM visualization results for DS classification using EfficientNet-B1
(a) and MobileNetV3-Large (b), presenting the original input images, generated heatmaps,
and overlay representations. The visualization demonstrates that EfficientNet-B1 gener-
ated more focused and localized activation maps, primarily concentrated on clinically rele-
vant regions such as the forehead, periocular area, and midface. In contrast, MobileNetV3-
Large produced broader and less concentrated attention patterns, indicating less discrimi-
native feature localization.

These findings suggest that EfficientNet-B1 learns more reliable and meaningful facial
features, thereby enhancing confidence in its decision-making process. The Grad-CAM
analysis confirms that both models base their predictions on relevant facial characteris-
tics rather than on irrelevant background information. However, the more precise and
consistent attention patterns produced by EfficientNet-B1 indicate superior interpretabil-
ity, which is essential for the practical deployment of Al-based screening tools in medical
environments.

Original Image Grad-CAM Heatmap Grad-CAM Overlay (Down Syndrome)

Original Grad-CAM Heatmap Grad-CAM Overlay (Predicted class)

\

(®)

Figure 14: Grad-CAM visualization for DS classification using EfficientNet-B1 (a) and
MobileNetV3-Large (b), showing the original image, heatmap, and overlay.
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4 Discussion

This study aimed to evaluate the effectiveness, robustness, and interpretability of two
lightweight CNN architectures EfficientNet-B1 and MobileNetV3-Large, for facial-based
DS classification.

4.1 Performance Analysis

The experimental findings indicate that both models achieved strong classification per-
formance. However, EfficientNet-B1l consistently demonstrated higher accuracy, better
stability across folds, and more balanced sensitivity between DS and Non-DS classes.
MobileNetV3-Large, while efficient, showed greater variability and a higher false-negative
rate, which is less desirable in medical screening contexts.

The application of 5-fold cross-validation and ANOVA confirmed that model perfor-
mance is influenced by data partitioning, emphasizing the importance of rigorous vali-
dation in medical Al research. EfficientNet-Bl maintained superior average performance
despite these variations, indicating stronger generalization capability.

4.2 Model Interpretability Using Grad-CAM

Interpretability analysis revealed that EfficientNet-B1 produced more localized and
anatomically consistent attention maps than MobileNetV3-Large. This suggests that
EfficientNet-B1 relies on more relevant facial features when making predictions, increasing
its suitability for clinical decision support.

4.3 Comparison with Previous Research

The accuracy achieved by EfficientNet-B1 (91.14%) aligns with the performance range
reported in the comprehensive review by [9], which indicates that DCNN-based methods
typically achieve 90-98% accuracy. Although some prior studies reported higher accuracy,
many relied on single train—test splits without robust validation. In contrast, this study
applied cross-validation, statistical testing, and interpretability analysis, providing a more
reliable and transparent evaluation framework.

4.4 Theoretical and Practical Implications

Beyond performance comparison, this study provides important contributions to both
the theoretical understanding and practical implementation of deep learning models for
Down Syndrome (DS) classification.

From a theoretical perspective, this study advances current knowledge by demonstrat-
ing that model robustness and stability are critical factors alongside accuracy in medical
image classification. While many previous studies emphasize achieving high accuracy,
this work shows that performance consistency across different data splits can significantly
affect a model’s reliability. The use of cross-validation and ANOVA further underscores
the need to incorporate statistical analysis to ensure reproducibility and avoid misleading
conclusions from single train—test splits.
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In addition, this study contributes to the growing body of research on lightweight CNN
architectures by providing a structured comparative analysis between MobileNetV3-Large
and EfficientNet-B1 specifically for DS facial classification. Unlike prior work, which often
evaluates models independently, this comparison offers deeper insight into the trade-offs
among accuracy, stability, and computational efficiency, thereby helping guide model se-
lection in future research.

From a practical perspective, the findings of this study support the development of
deployable and trustworthy Al-based screening systems. The superior stability and inter-
pretability of EfficientNet-B1 suggest it is better suited for real-world medical applications,
particularly in resource-limited settings where both computational efficiency and decision
transparency are essential.

Furthermore, integrating Grad-CAM enhances model interpretability by providing vi-
sual explanations of the decision-making process, thereby improving clinician trust and
facilitating the adoption of Al systems in healthcare environments. Therefore, this study
not only compares model performance but also provides actionable insights for selecting
reliable and interpretable models for DS screening applications.

4.5 Limitations of the Study

Despite promising results, several limitations exist. The dataset size and demographic
diversity were limited, which may restrict generalizability. The models were evaluated on
retrospective data and have not yet been validated in real clinical environments. Addition-
ally, only two architectures were investigated.

4.6 Future Work

Future research should focus on multi-center data collection, exploration of additional
architectures, and prospective clinical validation. Integration into mobile-based screening
tools is also an important direction.

5 Conclusion

This study presents a comparative analysis of two lightweight convolutional neural
network architectures, EfficientNet-B1 and MobileNetV3-Large, focusing on face-based DS
classification performance. Both models demonstrated strong classification accuracy, in-
dicating the effectiveness of deep learning for DS screening using facial images. Between
the two, EfficientNet-B1 consistently outperformed MobileNetV3-Large in terms of vali-
dation stability and balance of classification outcomes across folds, demonstrating greater
robustness and reliability under varied evaluation conditions.

To further support these results, K-fold cross-validation and one-way ANOVA con-
firmed the reliability of the evaluation process, revealing statistically significant perfor-
mance differences across folds for both models. Together, these findings highlight the im-
portance of cross-validation and statistical analysis in medical image classification to miti-
gate bias and ensure reproducibility. In addition, Grad-CAM visualization improves model
interpretability by highlighting facial regions associated with DS characteristics, thereby in-
creasing transparency and supporting clinical confidence in the model’s decision-making
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process. Looking ahead, future research should focus on collecting multi-center and multi-
ethnic datasets to improve generalizability. Additional deep learning architectures and en-
semble approaches can also be explored. Furthermore, integrating the model into mobile-
based screening applications and conducting clinical validation with medical experts are
important directions for further development.
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