Indonesian Journal of Electronics, Electromedical Engineering, and Medical Informatics

Homepage: https://ijeeemi.org/; Vol. 8, No. 3, pp. 299-316, August 2026

e-ISSN: 2656-8624

RESEARCH PAPER

Data Splitting Strategies for Down

| OPENACCES
Syndrome

Facial Classification: A Comparative Study Using

EfficientNet-B0 and MobileNetV2

Dzaky Dhiya Ul-Haq'®, Yunidar Yunidar'®, Melinda Melinda'®, Nurlida Basir?®, and

Rosmawinda’

" Department of Electrical Engineering and Computer, Universitas Syiah Kuala, Banda Aceh, Indonesia

2Faculty of Science and Technology, Universiti Sains Islam Malaysia (USIM), Nilai Negeri Sembilan, Malaysia

Abstract

Early identification of Down Syndrome (DS) is essential for timely intervention;
however, conventional diagnostic approaches often require specialized clinical
expertise and significant resources. Recent advances in deep learning-based facial
image analysis offer a promising alternative, yet the impact of data partitioning
strategies on model performance and stability remains insufficiently explored. This
study investigates the effects of different data-splitting strategies on DS facial
image classification using EfficientNet-B0. A total of 3,030 facial images were
collected from Roboflow and curated through preprocessing techniques, including
Gaussian noise reduction, image sharpening, and contrast enhancement. Two data
partitioning configurations, 70:20:10 and 80:10:10, were evaluated using five-fold
cross-validation. Model performance was assessed using accuracy, precision,
recall, and F1-score, while statistical significance was examined using the
Friedman test. The results show that the 70:20:10 configuration achieved an
average accuracy of 87.88% * 3.03%, while the 80:10:10 configuration achieved a
slightly higher accuracy of 89.09% * 2.53%. The Friedman test indicates statistically
significant differences (p < 0.05). However, the improvement is relatively marginal,
with a small-to-moderate effect size (Cohen’s d = 0.43) and no significant difference
in variance (p > 0.05), indicating limited practical significance. A trade-off between
accuracy and evaluation stability was observed. While the 80:10:10 configuration
benefits from a larger training set, the 70:20:10 configuration provides more stable
and balanced performance, particularly in minimizing false negatives. These
findings highlight that higher accuracy does not necessarily imply more reliable or
clinically meaningful performance, emphasizing the importance of appropriate data
partitioning in medical image classification.

I. Introduction
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observation and invasive prenatal techniques, which,

Down Syndrome (DS), also referred to as trisomy 21, is
recognized as the most prevalent genetic disorder
globally, resulting from the existence of an extra copy of
chromosome 21. Individuals diagnosed with DS display
unique craniofacial features that can serve as visual
biomarkers for automated analysis [1] [2]. While DS can
be clinically diagnosed at birth, the issue of delayed
diagnosis persists as a significant concern, as it hampers
access to early intervention programs crucial for
enhancing cognitive development, functional
independence, and long-term quality of life [3], [4], [5]. In
developing nations like Indonesia, the detection of DS
faces additional obstacles due to the scarcity of genetic
specialists, disparities in healthcare access, and
inadequate diagnostic infrastructure, which frequently
leads to late or erroneous diagnoses [4]. Traditional
diagnostic methods predominantly depend on clinical

although reliable for diagnosis, carry medical risks,
substantial financial burdens, and logistical challenges
that hinder the implementation of large-scale screening
[6]. These issues highlight the pressing necessity for non-

invasive, accessible, and cost-effective postnatal
screening solutions for DS [7].
Deep learning, particularly convolutional neural

networks (CNNs), has demonstrated strong capability in
medical image analysis by automatically learning
discriminative features from raw data [8], [9], [10]. In
facial-based DS detection [11], [12], CNN models have
shown promising performance  in identifying
morphological patterns associated with DS, enabling
automated screening systems. Furthermore, lightweight
architectures such as MobileNetV2 have been widely
adopted due to their efficiency and suitability for limited
computational environments, while still maintaining
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competitive classification performance [13], [14].
However, most existing studies primarily focus on model
architecture improvements, with limited attention given to
experimental design factors that may affect the reliability
and validity of the results.

Despite the promising performance of deep learning-
based DS detection models, their reliability and
generalizability are strongly influenced by experimental
design choices, especially dataset partitioning strategies.
Data splitting determines how available samples are
allocated into training, validation, and testing subsets,
directly affecting both model learning capacity and
evaluation robustness [15], [16]. Several studies have
demonstrated that different train-test split ratios
significantly affect model performance and stability, and
that increasing the amount of training data does not
always guarantee better generalization, potentially
introducing variability in results [17]. Moreover, improper
data splitting strategies may lead to biased evaluation or
unrealistic performance estimates, especially when
random splits are used without accounting for data
distribution characteristics [18].

Dataset splitting is a fundamental in machine
learning. It ensures models are tested on unseen data.
Typically, datasets are divided into training, validation, and
test subsets. The training set teaches model parameters.
The validation set tunes the model. The test set evaluates
generalization. The split ratio balances learning and
reliable evaluation. A poor split can cause underfitting,
overfitting, or bias [17]. Thus, proper data partitioning is
key to stable, generalizable results. To address these
limitations, this study develops an automated DS
detection system based on facial images using two deep
learning architectures: EfficientNet-BO and MobileNetV2.
EfficientNet-BO, designed with compound scaling to
network depth, width, and resolution, enables high
accuracy at relatively low computational cost [18], [19]. In
contrast, MobileNetV2 employs depthwise separable
convolutions and inverted residual blocks, delivering a
lightweight and efficient solution for real-world
applications with limited computational resources [13],
[20]. This study comprehensively evaluates how each
model performs under different data-splitting strategies to
clarify the strengths and limitations of both architectures
in DS detection.

The primary objective of this research is not only to
analyze the impact of different dataset partitioning
strategies on model performance, but also to provide a
structured evaluation framework for understanding how
data splitting influences learning stability and
generalization in deep learning-based DS classification.
Specifically, this study compares two commonly used data
splitting configurations, namely 70:20:10 and 80:10:10,
for training, validation, and testing sets. Beyond direct
comparison, this works aims to explore how variations in
training data proportion affect model robustness across
different architectures, namely EfficientNet-BO and
MobileNetV2. Furthermore, this study seeks to establish
an initial foundation for adaptive data splitting strategies
by identifying performance trends and trade-offs across

different partitioning schemes. Rather than assuming a
fixed optimal ratio, the findings of this study are intended
to support the development of more data-driven and
context-aware splitting strategies in future research. To
ensure robust and unbiased evaluation, a 5-fold cross-
validation scheme is applied [21], and statistical
significance is assessed using the Friedman test [22]. By
combining empirical evaluation with statistical validation,
this work aims to contribute not only to model
performance analysis but also to the methodological
design of reliable and generalizable deep learning
experiments.

Il. Methods
A. System Workflow

This study adopts a structured workflow to evaluate the
performance of two deep learning models: EfficientNet-B0
and MobileNetV2. EfficientNet-BO and MobileNetV2 are
convolutional neural network architectures commonly
used for image classification tasks. The workflow
compares different data-splitting strategies, which
determine how the dataset is divided into training and
validation sets. It is designed for fair, systematic, and
reproducible comparisons between the proposed data
partitioning configurations. The process also maintains
robust model validation procedures. The complete
process includes dataset acquisition (gathering raw data),
preprocessing (preparing data for use), data partitioning
(dividing data into subsets), model training, cross-
validation (assessing model performance across different
splits), and statistical evaluation (analyzing results
quantitatively).

Afacial image dataset is collected and labeled into two
classes: Down Syndrome (DS) and non-Down Syndrome
(Non-DS). Before model training, all images are
preprocessed to improve data quality and ensure feature
consistency. Preprocessing includes resizing (changing
image size to a standard shape), normalization (scaling
pixel values to a standard range), image enhancement
(adjusting contrast, brightness, or sharpness), and
augmentation (creating a modified version using
rotations, flips, or lighting changes) to improve robustness
to variations in lighting, pose, and image quality. After
preprocessing, the dataset is split into training, validation,
and test sets with 70:20:10 and 80:10:10 ratios. These
approaches test how varying proportions of training data
affect model performance and evaluation stability.

For each data splitting strategy, a five-fold cross-
validation (5-fold CV) scheme is applied to the training set:
the training set is divided into five equally-sized subsets,
each serving as a validation set once. This improves
generalization capability and reduces bias caused by
random data partitioning. Both EfficientNet-BO and
MobileNetV2 are trained independently on each fold.
Validation performance is monitored to assess learning
behaviour across folds. Performance metrics from each
fold are recorded for later analysis. The classification
results from all folds and data-splitting configurations are
statistically evaluated. The Friedman test, a
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Fig. 2. Proposed deep learning workflow for facial
classification using EfficientNet-B0 and MobileNetV2
under different data-splitting.

nonparametric statistical method that does not assume
data come from a specific distribution, is used to compare
multiple related samples. This analysis determines
whether performance differences among models and
data-splitting strategies are statistically significant. The
complete system workflow is illustrated in Fig. 1.

B. Dataset Collection

The facial image dataset used in this study was obtained
from the Roboflow platform [23], which provides a publicly
available dataset for computer vision research. Initially, a
total of 6,332 facial images were collected and labeled
into two classes: namely Down Syndrome (DS) and non-
Down Syndrome (Non-DS). Examples of facial images
from both classes are shown in Fig. 2.

(@) (b)

Fig. 1. Sample facial images showing (a) Down
Syndrome and (b) non-Down Syndrome

Before model development, a data screening process
ensured image quality and uniformity. Images with
insufficient resolution, significant blur, occlusion, or
improper facial alignment were excluded. This initial
filtering reduced the dataset to 3,030 images. A second,
more stringent quality control stage was then applied to
further refine the dataset by removing ambiguous,
duplicated, or borderline-quality samples. As a result, the
dataset was reduced to a total of 2,620 images for
experimentation. Further clarification of the dataset’s
composition is essential for ensuring transparency. The
dataset comprises facial images of children ranging from
0 to 15 years, as indicated in the initial documentation.
The images display differences in lighting, facial

orientation, background intricacy, and overall quality.
Comprehensive metadata, including ethnicity, geographic
origin, or the condition under which the images were
acquired (such as camera type and environment), is not
readily accessible. This absence arises from the data
being publicly aggregated. Such a limitation may lead to
demographic bias and influence the generalizability of the
model. To mitigate potential data-related issues, duplicate
or visually identical images were removed during
preprocessing. The curated dataset was then used for
preprocessing, partitioning, and model training. Various
data-splitting strategies were applied as detailed in the
following sections. All data splitting used random shuffling
with a fixed seed to ensure reproducibility.

The dataset was compiled from various sources that
lacked explicit subject identifiers. Consequently, a
rigorous strategy for splitting data by subject could not be
applied. This situation presents a potential risk of data
leakage, as multiple images of the same person might be
present in the training, validation, and testing subsets.
Although efforts were made to reduce duplication,
complete elimination of identity-level overlap is not
feasible due to the lack of subject-level annotations. This
limitation may lead to somewhat optimistic performance
estimates; therefore, the findings should be interpreted
with caution. Nevertheless, the dataset still provides
sufficient variability and diversity to support the evaluation
of data-splitting strategies for deep learning-based DS
facial classification. Despite the relatively small size of the
dataset in this study, which includes 3,030 images after
initial filtering and 2,620 images for final experimentation,
efforts were made to ensure a balanced class distribution
between DS and non-DS samples. This balance helps
minimize classification bias and facilitates a fair
evaluation of model performance across both classes. To
compensate for the Ilimited dataset size, data
augmentation techniques-such as horizontal flipping,
slight rotation, brightness and contrast adjustment, and
minor zooming-were applied exclusively to the training
dataset. These augmentations simulate real-world
variations, including differences in lighting, pose, and
scale, thereby improving model robustness and reducing
the risk of overfitting. However, the relatively small dataset
size remains a significant limitation of this study. Since
deep learning models typically require larger, more
diverse datasets to capture broader populations and real-
world clinical scenarios. As a result, the scalability and
generalizability of the proposed approach may be
constrained. To address these limitations, future work
should focus on expanding the dataset, incorporating
cross-dataset validation, and including a more diverse
range of demographic representations to enhance model
reliability.

C. Data Processing

Data preprocessing was performed to enhance image
quality and improve the robustness of the classification
model [24], [25]. Facial images were obtained from the
Roboflow platform. All filtering and quality control
procedures were conducted before preprocessing. This
yielded a refined dataset for subsequent experiments. A
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Fig. 3 Data preprocessing flowchart with resizing splitting and augmentation processes.

customized preprocessing and augmentation strategy
was implemented on the training dataset. This method
mimicked real-world variations while maintaining crucial
facial features. Various augmentation techniques were
utilized: horizontal flipping (50%), minor angle rotation
(10 °), brightness modification (x20%), contrast
modification (x20%), and slight zooming (0.9-1.1).

These transformations added variability in pose,
lighting, and scale without considerably changing facial
structure. In addition to geometric and photometric
augmentation, Gaussian noise was manually applied to a
portion of the training data. This simulated sensor noise
and real-world image imperfections [26], [27]. The
approach aimed to improve the model’'s robustness
against variations in image acquisition conditions. Unlike
geometric transformations, Gaussian noise introduces
subtle pixel-level perturbations that mimic realistic noise
patterns. However, introducing artificial Gaussian noise
during medical image preprocessing is not a standard
practice and may potentially reduce clinical realism.
Therefore, an ablation study was conducted to evaluate
the impact of Gaussian noise by comparing model
performance with and without noise augmentation. This
analysis aims to assess whether including noise improves
model robustness or introduces performance bias.

Image sharpening was applied using convolutional
filters to enhance edge details and emphasize facial
features [28] [29]. Contrast adjustment was also
incorporated. This improved the distinction between light
and dark regions, reduced the impact of illumination
variations, and enhanced feature consistency across
samples [30], [31]. All preprocessing and augmentation
techniques were applied exclusively to the training
dataset. The validation and test datasets remained
unchanged to ensure unbiased performance evaluation.
This strategy aimed to improve generalization, reduce
overfitting, and support stable learning under different
data-splitting configurations [32].

D. Data Splitting Strategy

To evaluate the impact of different data partitioning
strategies on model performance, this study applies two
commonly used data split configurations, namely
70:20:10 and 80:10:10, for training, validation, and testing
sets. Both strategies were designed to maintain class
balance between DS and Non-DS samples, ensuring a
fair and unbiased comparison. The distribution of samples
for the 70:20:10 data split configuration is presented in
Table 1, showing the allocation of DS and Non-DS images
across the training, validation, and testing subsets.

Following the initial split, each training set was further

Table. 1 Dataset distribution using 70:20:10 split for
training validation testing subsets.

Down
Subsets Syndrome Non-DS Total
Training 916 916 1,832
Validation 262 262 524
Testing 132 132 264
Total 1,310 1,310 2,620

evaluated using five-fold cross-validation to improve
generalization capability and reduce dependence on a
single data partition. In the 70:20:10 configuration, the
balanced allocation of training and validation data enables
stable model tuning, whereas the 80:10:10 configuration
emphasizes a larger training set to assess whether
increased data exposure enhances learning. The
corresponding sample distribution for the 80:10:10
configuration in Table 2, which provides the number of DS
and Non-DS images assigned to each subset. The
purpose of this evaluation is to determine if the impact of
data splitting strategies remains consistent across two
different deep learning architectures, EfficientNet-B0O and
MobileNetV2. To ensure that any observed performance
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Fig. 4. EfficientNet-B0 architecture showing convolution blocks scaling and feature extraction process.

differences are due to the data splitting strategy rather

than data imbalance or sample size variation, identical Table. 2 Dataset distribution using 80:10:10 split for
dataset sizes and class distributions are used for both training validation testing subsets.

configurations. The results are then statistically analyzed Down

using the Friedman test to determine if performance Subsets Syndrome Non-DS Total

differences across configurations and models are —

significant. Beyond direct comparison, this design also Training 1,048 1,048 2,096
aims to provide insights into how data partitioning Validation 131 131 262

influences model stability and generalization, contributing

toward the development of more adaptive and data-driven Testing 131 131 262
splitting strategies in deep learning experiments. Total 1,310 1,310 2,620
E. Model Architecture

This study uses EfficientNet-B0 and MobileNetV2 for For the classification task, the original fully connected

layers of both EfficientNet-BO and MobileNetV2 are
replaced with a custom classification head. This head
uses global average pooling to reduce spatial dimensions,

facial image classification due to their strong performance
and computational efficiency, achieved through network
depth, width, and input resolution optimization. Compared ; o
to deeper models, EfficientNet-B0 balances capabilityand ~ followed by a fully connected layer with ReLU activation
simplicity, making it ideal for experiments with different and a dropout layer to mitigate overfitting. The final output

data splits [28], [33]. Fig. 4. shows the EfficientNet-B0 layer uses a sigmoid activation function for binary
model architecture, while Fig. 5. presents the classification between DS and Non-DS classes. All

MobileNetV?2 architecture. models are initialized with ImageNet-pretrained weights
for faster convergence and transfer learning. During
training, the base architectures are fine-tuned to better
adapt to facial features for DS classification. The same

The EfficientNet-BO0 architecture consists of a series of
MBConv blocks, combined with a Squeeze-and-
Exitation (S.E) rr_1echams_m, that enh.anc?es_ chgnnel-wse configurations-architecture, initialization, and training
feature recallt_)ratlon and Improves . fe_ature procedure-is applied across both data split strategies
learning. The inputimages are resized to 224 x 224 pixels, (70:20:10 and 80:10:10) for fair comparison
following the standard EfficientNet-BO configuration, and T T o '
then passed through successive convolutional and F- Training Model and Validation
pooling layers to extract hierarchical facial features [34].  EfficientNet-BO and MobileNetV2 were deployed for
MobileNetV2 is a streamlined convolutional neural  binary classification between DS and Non-DS facial
network designed for efficient processing, especially in ~ images. Training used a binary cross-entropy loss
resource-constrained environments. It employs function, suitable for two-class tasks. The Adam optimizer,
depthwise separable convolutions to separate spatial ~ set at a 0.0001 learning rate, balanced convergence
filtering from feature combination, thereby lowering both ~ speed and training stability [37], [38]. During training, input
computational complexity and the number of parameters ~ images were processed in mini-batches of 16. Each
compared to traditional convolutions [35]. The model was trained for 50 epochs per experimental
architecture is built on inverted residual blocks: feature  configuration. A checkpoint mechanism automatically
maps are enlarged using pointwise convolutions, spatial ~ saved weights with the best validation performance,
features are gathered through depthwise convolutions,  ensuring the best generalization. For each data splitting
and the output is mapped to a reduced-dimensional space  strategy (70:20:10 and 80:10:10), the training procedure
[35]. Linear bottleneck layers further retain essential ~was run independently using five-fold cross-validation.
features during dimensionality reduction, boosting  Foreach fold, the model was trained on part of the training
efficiency without compromising performance. This  data. The rest was used for validation. This reduces bias
structure enables MobileNetV2 to achieve high accuracy ~ from a single data partition and provides more robust,
while maintaining a low computational cost, making it  reliable model evaluation.
ideal for real-time and mobile applications [36].
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Fig. 5. MobileNetV2 architecture illustrating inverted residual blocks with linear bottlenecks for efficient feature

extraction.

Table. 3. Model training hyperparameter including
optimizer learning rate batch size epochs.

Parameter Value
EfficientNet-B0O, MobileNetV2
Binary Cross-Entrophy

Architecture

Loss Function

Optimizer Adam
Learning Rate 0.0001
Batch Size 16

Epoch 50
Input Image Size 224 x 224
Cross-Validation 5-Fold

Model Selection Best Validation Loss

All training metrics, including training and validation
losses and accuracy, were recorded for subsequent
analysis. The same training procedure and
hyperparameter configuration were consistently applied
to both EfficientNet-BO and MobileNetV2 across all
experimental setups to ensure a fair and controlled
comparison. The hyperparameter configuration used in
this study is summarized in Table 3. These settings were
selected based on prior empirical studies and preliminary
experiments to ensure stable training behavior and fair
performance comparison. In particular, initial trials were
conducted to identify suitable values for the learning rate,
batch size, and number of epochs that provide consistent
convergence across folds. Although an extensive
hyperparameter optimization strategy, such as grid search
or Bayesian optimization, was not employed due to
computational constraints, the selected configuration
produced stable, reliable performance. The same
parameters were therefore fixed across all experiments to
isolate the effect of dataset partitioning and preprocessing
techniques on model performance. Future work may

explore automated hyperparameter optimization to further
improve model performance.

G. Model Evaluation Metrics

The performance of each classification model was
evaluated using a confusion matrix, which provides a
detailed representation of the model’s ability to distinguish
between DS and Non-DS classes. Based on the
confusion matrix, four commonly used metrics in binary
classification were computed, namely accuracy,
precision, recall, and F1-score, as defined in Eq. (1)-(4)
[39].

) _ (TP +TN) (1)
ccuracy = (TP + FP + TN + FN)
. (TP
Precision = (TP + FP) 2)
___@P)
Recall = (TP + FN) ®

Fl—s 5 Precision x Recall 4

core=2x Precision + Recall )
In Eq. (1)-(4), TP represents true positives, TN denotes
true negatives, FP indicates false positives, and FN
represents false negatives. To obtain a more reliable
estimation of model performance, five-fold cross-
validation (5-fold CV) was employed [40]. The dataset
was divided into K=5 equally sized folds; in each iteration,
one fold was used for validation, and the remaining folds
for training. The evaluation process was repeated across
all folds, and the average performance was computed as:

K
_ 1
M= Z M, (5)
k=1
In Eq. (5), M denotes the average validation
performance, K represents the total number of folds in

cross-validation, and M, indicates the validation
performance obtained from the k-th fold.
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To evaluate the statistical significance of performance
differences across configurations, this study employs a
nonparametric test, namely the Friedman test. This
approach is selected because cross-validation folds are
not independent, as they share portions of the training
data, leading to correlated performance estimates and
violating the independence assumption required by
parametric statistical tests. The Friedman test evaluates
differences among multiple models by ranking their
performance across each fold [22]. For each fold, models
are assigned ranks based on their performance, where

the best-performing model receives rank 1. The average
rank for each model is then computed, and the Friedman
test statistic is defined as:

12N k k(k + 1)2
oD ] ©

In Eq. (6), xf2 represents the Friedman test statistic, N
denotes the number of cross-validation folds, k is the
number of models being compared, and R;is the average
rank of the j- th model. The test statistic approximately
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Fig. 6. Learning curves (accuracy and loss) of EfficientNet-B0 and MobileNetV2 across different data split
configurations: (a) EfficientNet-B0 with 70:20:10 split, (b) EfficientNet-B0 with 80:10:10 split, (c) MobileNetV2
with 70:20:10 split, and (d) MobileNetV2 with 80:10:10 split.
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follows a chi-square distribution with k —1 degrees of
freedom. If the computed statistic exceeds the critical
value or the p-value is less than the significance level (a =

further evaluate the stability of model performance, a
variance comparison was conducted using Levene’s test.
This test assesses whether the variances of performance

Table. 4. Comparative performance of EfficientNet-B0 and MobileNetV2 under different data splits.

Model Split Precision Recall Specificity F1-Score
EfficientNet-BO 70:20:10 0.9845 0.9621 0.9848 0.9732
EfficientNet-BO 80:10:10 0.9603 0.9237 0.9618 0.9416
MobileNetV2 70:20:10 0.9048 0.8636 0.9091 0.8837
MobileNetV2 80:10:10 0.7605 0.9695 0.6947 0.8523

0.05), the null hypothesis indicating no significant  metrics across cross-validation folds differ significantly

difference among models, is rejected. In addition to
statistical significance testing, the practical significance of
performance differences was evaluated using effect size
measurement. Cohen’s d was used to quantify the
magnitude of difference between two configurations,
defined as:

d= =2 @)

SDpooled
- 120
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80

Actual
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- 20
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(@)

Fig. 7. Confusion matrices of EfficientNet-B0 under
80:10:10.

In Eq. (7), M; and M, present the mean performance
of the two configurations, and SD,,,,.q denotes the pooled
standard deviation, which was calculated as:

/SD2 + SD2
SDpooled = 1#2 8

InEq. (8), SD, and SD, denote the standard deviations
of the two configurations being compared. This metric
provides a standardized measure of effect size, enabling
interpretation of whether observed differences are small,
moderate, or large in practical terms. Confidence intervals
were also considered to assess the stability and overlap
of performance estimates across configurations. To

between configurations and is robust to deviations from
normality, making it suitable for small-sample
experimental settings.

H. Statistical Analysis

Statistical analysis was conducted to evaluate the
significance of performance variations across different
data splits using a 5-fold cross-validation scheme. In this

- 120

100

Actual

- 60

- 40

- 20

Predicted

(b)
different data split configurations: (a) 70:20:10 and (b)

approach, the dataset was divided into five subsets, with
each fold used once for validation and the remaining folds
for training. The average validation performance across
folds was computed to obtain a robust estimation of model
performance, as defined in Eq. (5). The average validation
accuracy for each fold was calculated and then
aggregated to produce an overall performance measure
across all folds. This approach provides a comprehensive
evaluation by capturing both fold-specific variability and
overall model performance, thereby reducing dependency
on a single data partition. To assess whether the observed
performance differences across models and data-splitting
strategies are statistically significant, a nonparametric
Friedman test was employed. Unlike parametric methods
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Fig. 8. M Mean validation accuracy across K-folds for EfficientNet-B0 and MobileNetV2 under different data
split configurations: (a) EfficientNet-B0 with 70:20:10 split, (b) EfficientNet-B0 with 80:10:10 split, (c)
MobileNetV2 with 70:20:10 split, and (d) MobileNetV2 with 80:10:10 split.

such as ANOVA, the Friedman test does not assume
independence or normal distribution of the observations,
making it more suitable for repeated cross-validation
experiments where performance measurements are
inherently correlated. The Friedman test ranks model
performance across folds, with the best-performing model
receiving the highest rank. The average rank of each
model is then computed across all folds, and the
Friedman test statistic is used to determine whether there
are significant differences among the compared models.
The null hypothesis (H,) assumes that there is no
statistically significant difference in model performance
across the evaluated configurations, while the alternative
hypothesis (H;) indicates that at least one model
performs significantly differently. A significance level of p
< 0.05 was used to determine statistical significance. This
statistical framework ensures that model evaluation is not
dependent on a single data split, but instead reflects
consistent performance across multiple folds, thereby
improving the reliabilty and robustness of the
experimental results.

lll. Results

A. Training and Validation Performance Under
Different Data Splits

To evaluate the effect of different data partitioning
strategies on model learning behavior, EfficientNet-BO
and MobileNetV2 were trained using two split
configurations, namely 70:20:10 and 80:10:10. The
validation accuracy curves for all configurations are
presented in Fig. 6(a)-(d). For EfficientNet-BO, both
configurations achieved stable convergence with high
validation performance across the five-fold cross-
validation process. In the 70:20:10 configuration, the
model achieved a mean validation accuracy of 95.98%
with a standard deviation of 0.99%, corresponding to a
variance value of 0.00010, as shown in Table 6. In
comparison, the 80:10:10 configuration achieved a
slightly lower mean validation accuracy of 95.80% with a
higher standard deviation of 1.34% and variance of
0.00018. These results indicate that the 70:20:10
configuration provides more stable learning performance
across folds. The learning curves in Fig. 6(a) and Fig. 6(b)
further demonstrate that EfficientNet-BO converges
rapidly within the early training epochs and maintains
relatively smooth validation trends throughout training.
Although the 80:10:10 configuration visually appears
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Table. 5. Ablation study on preprocessing techniques using 70:20:10 split.

Model Configuration Precision Recall Specificity F1-Score
EfficientNet-B0  /ugmentation + 0.9845 0.9621 0.9848 0.9732
Gaussian
EfficientNet-BO Augné";]rl‘;a”o” 0.9580 0.8636 0.9621 0.9084
- No
EfficientNet-BO o Chiation 0.9466 0.9394 0.9470 0.9430
. Augmentation +
MobileNetV2 Cavseian 0.9048 0.8636 0.9091 0.8837
MobileNetV2 Augnéi’:;a”"” 0.8601 0.9318 0.8485 0.8945

smoother, the variance analysis shows only a small
difference between the two configurations.

For MobileNetV2, validation performance was
generally lower and more variable than that of
EfficientNet-B0. Under the 70:20:10 configuration,
MobileNetV2 achieved a mean validation accuracy of
87.80% with a standard deviation of 1.32% (variance =
0.00017). Meanwhile, the 80:10:10 configuration
produced a lower mean accuracy of 85.96% with
substantially higher variability, indicated by a standard
deviation of 3.62% and variance of 0.00131. These

MobileNetV2. The 70:20:10 configuration provides the
most balanced and stable performance, particularly for
EfficientNet-BO0, indicating that a larger validation portion
contributes to more reliable performance estimation
during training.

B. Cross-Validation and Statistical Analysis

To further examine model consistency and reliability, five-
fold cross-validation was applied to all experimental
configurations. The evaluation focused on the average
validation accuracy and fold variability across training
epochs, as presented in Fig. 7(a)—(d). EfficientNet-BO

Table. 6 Variance Comparison of Accuracy Across Folds

Model Configuration Mean Accuracy Std. Dev Variance
- 70:20:10, Aug +
EfficientNet-BO A 0.9598 0.0099 0.00010
EfficientNet-B0 80:10:10, Aug + 0.9580 0.0134 0.00018
Gaussian
EfficientNet-B0  70:20:10, Aug only 0.9311 0.0098 0.0098
EfficientNet-BO 70:20:10, No Aug 0.9568 0.0131 0.00017
MobileNetV2 70:20:10, Aug + 0.8780 0.0132 0.00017
Gaussian
MobileNetV2 801250:10’ Aug + 0.8596 0.0362 0.00131
aussian
MobileNetV2 70:20:10, Aug only 0.8659 0.0533 0.00284

findings suggest that MobileNetV2 is more sensitive to
changes in data distribution and in data-splitting
strategies. In addition, the fold-to-fold fluctuations
observed in Fig. 6(c) and Fig. 6(d) indicate that
MobileNetV2 converges less stably during the early
training epochs. This behavior is particularly evident in the
80:10:10 configuration, where several folds show
inconsistent validation trends before convergence.
Overall, the experimental results demonstrate that both
data splitting strategies enable effective model learning.
However, EfficientNet-BO consistently achieves higher
validation accuracy and lower variability compared to

demonstrates consistently strong performance under both
data partitioning strategies. In the 70:20:10 configuration,
the model achieved a mean validation accuracy of
95.98% with a standard deviation of 0.99%, while in the
80:10:10 configuration, it achieved 95.80% with a
standard deviation of 1.34%. The relatively small
deviation values indicate that EfficientNet-BO maintains
stable performance across all folds, reflecting good
reproducibility and reliable generalization capability. The
variance analysis in Table 6 further supports these
findings. EfficientNet-BO with the 70:20:10 split and
augmentation plus Gaussian preprocessing produced the
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lowest variance value of 0.00010, whereas the 80:10:10
configuration resulted in a slightly higher variance of
0.00018. These results indicate that the 70:20:10
configuration provides more consistent validation
performance across repeated experiments.

In contrast, MobileNetV2 shows greater variability
across folds. The 70:20:10 configuration achieved a mean
validation accuracy of 87.80% with a standard deviation
of 1.32%, while the 80:10:10 configuration achieved
85.96% with a substantially larger standard deviation of
3.62%. The higher fluctuation indicates that MobileNetV2
is more sensitive to differences in the composition of
training and validation data. This trend is also reflected in
the variance values. MobileNetV2 with the 80:10:10

all evaluated configurations.
C. Comparative Performance Analysis

Table 4 summarizes the comparative performance of
EfficientNet-BO and MobileNetV2 under the 70:20:10 and
80:10:10 data split configurations using augmentation
combined with Gaussian preprocessing. Among all
evaluated configurations, EfficientNet-BO with the
70:20:10 split achieved the best overall performance,
obtaining a precision of 0.9845, recall of 0.9621,
specificity of 0.9848, and F1-score of 0.9732. These
values indicate that the model can correctly distinguish
DS and non-DS facial images with high sensitivity and low
misclassification rates. When the data split was changed
to 80:10:10, EfficientNet-BO showed a decrease in

Table. 7 Friedman Test Results for Model Performance Comparison Across Configurations

Model Configuration Statistic p-value Significance
EfficientNet-BO 70:20:10, Aug + 49.9313 0.000000 Significant
Gaussian
- 80:10:10, Aug + Significant
EfficientNet-BO Gaussian 40.3117 0.000000
EfficientNet-BO 70:20:10, Aug only 44.3471 0.000000 Significant
EfficientNet-BO 70:20:10, No Aug 4.5397 0.000005 Not Significant
MobileNetv2 70:20:10, Aug + 16.9728 0.0132 Significant
Gaussian
MobileNetv2 80:10:10, Aug + 30.1010 0.000005 Significant
Gaussian
MobileNetV2 70:20:10, Aug only 0.000144 0.000144 Significant

configuration produced a variance of 0.00131, while the
augmentation-only configuration reached the highest
variance value of 0.00284. Compared to EfficientNet-BO,
these results demonstrate lower stability and less
consistent fold performance for MobileNetV2. To
determine whether the observed performance differences
were statistically significant, the Friedman test was
conducted across all configurations. As summarized in
Table 7, EfficientNet-B0 with augmentation and Gaussian
preprocessing achieved Friedman statistics of 49.9313 for
the 70:20:10 configuration and 40.3117 for the 80:10:10
configuration, both with p-values < 0.001. Similarly,
MobileNetV2 achieved statistically significant results with
Friedman statistics of 16.9728 and 30.1010 for the
70:20:10 and 80:10:10 configurations, respectively. The
statistical results confirm that the preprocessing strategy
and data partitioning significantly influence model
performance. EfficientNet-BO consistently achieved
higher statistical scores and lower variability, indicating
superior  robustness across folds. Meanwhile,
MobileNetV2 maintained competitive classification
capability but exhibited greater sensitivity to data
distribution changes. Overall, the combination of cross-
validation analysis and statistical testing demonstrates
that EfficientNet-BO with the 70:20:10 configuration
provides the most stable and reliable performance among

performance, with precision, recall, specificity, and F1-
score declining to 0.9603, 0.9237, 0.9618, and 0.9416,
respectively. The approximately 3.16% reduction in F1-
score suggests that increasing the training proportion
does not necessarily improve overall classification
reliability. Instead, the smaller validation portion may
reduce the model’'s ability to generalize consistently
across folds.

Compared to EfficientNet-B0O, MobileNetV2 produced
lower performance across both configurations. Under the
70:20:10 split, MobileNetV2 achieved a precision of
0.9048, a recall of 0.8636, a specificity of 0.9091, and an
F1-score of 0.8837. Although the model maintained
acceptable classification capability, all performance
metrics remained lower than those obtained by
EfficientNet-B0O. The weakest performance was observed
in MobileNetV2 using the 80:10:10 configuration. While
the recall increased to 0.9695, the specificity decreased
substantially to 0.6947, indicating that the model
incorrectly classified a larger number of non-DS samples
as DS. This imbalance caused the F1-score to decrease
to 0.8523, demonstrating reduced classification stability
and poorer class discrimination capability. The confusion
matrix analysis in Fig. 8 further supports these findings.
As shown in Fig. 8(a), EfficientNet-BO with the 70:20:10
configuration produced only 2 false positives and 5 false
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negatives. In contrast, Fig. 8(b) shows that the 80:10:10
configuration resulted in 5 false positives and 10 false
negatives, indicating a higher number of classification
errors. The increase in false negatives is particularly
significant because undetected DS cases may reduce the
effectiveness of early screening systems. Although the
80:10:10 configuration achieved competitive accuracy,
the confusion matrix results demonstrate that the
70:20:10 configuration provides a more balanced trade-
off between sensitivity and specificity, resulting in more

reliable classification performance. Overall, the
comparative analysis confirms that EfficientNet-BO
consistently outperforms MobileNetV2 across all

evaluation metrics and data split strategies. In addition,
the 70:20:10 configuration provides the most balanced
and stable performance, achieving higher F1-scores,
lower misclassification rates, and greater consistency
across validation folds.

D. Ablation Study on Preprocessing Techniques

This section evaluates the influence of preprocessing
techniques, specifically data augmentation and Gaussian
noise, on the classification performance of EfficientNet-BO
and MobileNetV2. To ensure a controlled comparison, all
ablation experiments were conducted using the 70:20:10
data split configuration, which previously demonstrated
the most stable performance. The experimental results
are summarized in Table 5. For EfficientNet-B0O, the
combination of augmentation and Gaussian noise
produced the best overall performance, achieving a
precision of 0.9845, a recall of 0.9621, a specificity of
0.9848, and an F1-score of 0.9732. When Gaussian noise
was removed, and only augmentation was applied, the
F1-score decreased substantially to 0.9084, while recall
also declined to 0.8636. This represents a 6.48%
reduction in F1-score, indicating that Gaussian noise
significantly improves feature robustness and model
generalization.

The configuration without augmentation performed
worse than the augmented configurations. EfficientNet-BO
without augmentation achieved a precision of 0.9466, a
recall of 0.9394, a specificity of 0.9470, and an F1-score
of 0.9430. Although the results remain relatively high, they
are still inferior to the augmentation plus Gaussian
configuration, suggesting that preprocessing techniques
help reduce overfitting and improve classification
consistency. For MobileNetV2, the influence of
preprocessing was less consistent. Using augmentation
with Gaussian noise, the model achieved precision of
0.9048, recall of 0.8636, specificity of 0.9091, and an F1-
score of 0.8837. In contrast, the augmentation-only
configuration produced a slightly higher F1-score of
0.8945 and a higher recall of 0.9318. However, this
improvement was accompanied by a decrease in
specificity to 0.8485, indicating an increase in false
positive predictions. These results indicate that
MobileNetV2 is more sensitive to preprocessing
variations and less robust to Gaussian perturbations
compared to EfficientNet-BO. Although the recall
improved under augmentation-only preprocessing, the
reduced specificity demonstrates weaker class

discrimination capability and less balanced classification
performance.

To further evaluate the consistency of these
performance differences, the Friedman test was applied
across all experimental configurations, as summarized in
Table 7. EfficientNet-BO with augmentation and Gaussian
preprocessing achieved the highest Friedman statistic
values, namely 49.9313 for the 70:20:10 configuration
and 40.3117 for the 80:10:10 configuration, both with p-
values < 0.001. These results indicate statistically
significant and  highly  consistent  performance
improvements across cross-validation folds. Similarly,
MobileNetV2 configurations also produced statistically
significant results, including Friedman statistics of
16.9728 (p = 0.0132) for the 70:20:10 configuration and
30.1010 (p < 0.001) for the 80:10:10 configuration.
However, the lower statistical values compared to
EfficientNet-BO indicate higher variability and reduced
consistency across folds. The configuration without
augmentation produced the weakest statistical result and
did not demonstrate consistent performance improvement
across folds. This finding confirms that preprocessing
techniques, particularly augmentation combined with
Gaussian noise, play an important role in stabilizing model
learning and improving classification robustness,
especially when working with limited datasets. Overall,
the ablation study demonstrates that preprocessing
strategies substantially influence model performance and
stability. The combination of augmentation and Gaussian
noise consistently provides the best and most reliable
results, particularly for EfficientNet-BO, by improving
feature robustness, reducing overfitting, and enhancing
classification consistency across cross-validation folds.

V. Discussion
A. Model Performance Analysis

This study evaluates the effect of two data partitioning
strategies, namely 70:20:10 and 80:10:10, on the
classification performance of EfficientNet-BO for Down
Syndrome facial image classification. The evaluation was
conducted using five-fold cross-validation to ensure
reliable performance estimation across different training
and validation subsets. Based on the experimental results
in Table 4, EfficientNet-B0 with the 70:20:10 configuration
achieved precision of 0.9845, recall of 0.9621, specificity
of 0.9848, and an F1-score of 0.9732. In comparison, the
80:10:10 configuration produced lower performance
values, with a precision of 0.9603, recall of 0.9237,
specificity of 0.9618, and F1-score of 0.9416. The
approximately 3.16% decrease in F1-score indicates that
increasing the proportion of training data does not
necessarily improve classification reliability. The cross-
validation analysis further demonstrates that the 70:20:10
configuration provides more stable performance across
folds. As reported in Table 6, this configuration achieved
a mean validation accuracy of 95.98% with a standard
deviation of 0.99% and variance of 0.00010, whereas the
80:10:10 configuration achieved a mean validation
accuracy of 95.80% with a higher standard deviation of
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1.34% and variance of 0.00018. These findings indicate
that the larger validation portion in the 70:20:10
configuration contributes to more consistent model
evaluation and reduced fold-to-fold variability. The
confusion matrix analysis shown in Fig. 8 also supports
these findings. The 70:20:10 configuration produced only
2 false positives and 5 false negatives, while the 80:10:10
configuration resulted in 5 false positives and 10 false
negatives. The higher number of false negatives in the
80:10:10 configuration indicates that more DS cases were
incorrectly classified as non-DS. From a clinical
perspective, minimizing false negatives is particularly
important because undetected DS cases may delay early
diagnosis and intervention. Therefore, although the
80:10:10 configuration achieved competitive accuracy,
the 70:20:10 configuration provides more balanced
classification performance and better reliability for
screening applications.

The Friedman test results presented in Table 7 further
confirm that the observed performance differences are
statistically significant (p < 0.05). EfficientNet-BO with
augmentation and Gaussian preprocessing achieved
Friedman statistics of 49.9313 for the 70:20:10
configuration and 40.3117 for the 80:10:10 configuration,
both with highly significant p-values (< 0.001). These
results indicate that the differences in performance are not
caused by random variation but are influenced by the
selected data partitioning strategy and preprocessing
approach. From a machine learning perspective, these
findings reflect the bias-variance trade-off. The 80:10:10
configuration benefits from a larger training dataset, which
may improve learning capability and reduce bias.
However, the smaller validation set increases sensitivity
to data distribution changes, resulting in higher variability
across folds. In contrast, the 70:20:10 configuration
provides a more balanced allocation between training and
validation data, leading to improved stability and more
reliable performance estimation. Overall, the discussion
demonstrates that model evaluation should not focus
solely on achieving the highest accuracy value. Stability,
consistency across folds, and balanced error distribution
are equally important, particularly in medical image
classification tasks where reliable prediction performance
is required for practical clinical applications.

B. Comparison with Previous Study

The findings of this study are consistent with previous
research regarding the influence of data partitioning
strategies on machine learning performance. Bichri et al.
[17] reported that increasing the proportion of training data
beyond 70% can improve classification performance;
however, the improvement is generally limited and
strongly influenced by dataset characteristics and
evaluation methodology. Similarly, Racz et al. [16]
demonstrated that dataset quality and size have a greater
impact on model performance than the train-test split ratio
itself. Their study emphasized that allocating a larger
portion of data for training does not always guarantee
better generalization, particularly when the validation or
testing subsets become too limited for reliable evaluation.

The results obtained in this study support these
observations. Although the 80:10:10 configuration
provided competitive performance, the improvement in
validation accuracy compared to the 70:20:10
configuration was relatively small. EfficientNet-BO
achieved a mean validation accuracy of 95.80% under the
80:10:10 configuration, compared to 95.98% for the
70:20:10 configuration. Furthermore, the 80:10:10
configuration produced higher variability, with a standard
deviation of 1.34% and a variance of 0.00018, whereas
the 70:20:10 configuration achieved a lower standard
deviation of 0.99% and a variance of 0.00010. These
findings indicate that increasing the training proportion
does not necessarily improve performance stability. This
study also extends previous work by employing a more
comprehensive evaluation framework that integrates five-
fold cross-validation and Friedman statistical testing.
Unlike conventional single-split evaluation approaches,
repeated cross-validation provides more reliable
performance estimates because the model is evaluated
across multiple training and validation subsets. In
addition, the Friedman test is more appropriate for cross-
validation analysis because the observations across folds
are not fully independent.

The statistical analysis confirms that the observed
performance differences are significant (p < 0.05),
particularly for EfficientNet-BO with augmentation and
Gaussian preprocessing, which achieved Friedman
statistics of 49.9313 for the 70:20:10 configuration and
40.3117 for the 80:10:10 configuration. These results
demonstrate that the differences between configurations
are not caused by random variation but are associated
with the selected data partitioning and preprocessing
strategies. Compared with previous studies, the present
work provides additional insight into the relationships
among data splitting strategy, model stability, and
classification reliability in medical image analysis. The
results indicate that the 70:20:10 configuration offers
more balanced and consistent performance, particularly
in reducing fold variability and minimizing false negative
predictions. This is particularly important in Down
Syndrome screening applications, where stable and
reliable classification performance is required to support
early detection. Overall, this study confirms that model
evaluation should consider not only average accuracy but
also performance consistency, statistical significance, and
error distribution. These findings contribute to a more
comprehensive understanding of how data partitioning
strategies influence deep learning performance in medical
image classification tasks.

C. Research Limitations

Despite achieving promising classification performance,
several limitations of this study should be acknowledged.
First, although five-fold cross-validation was implemented
to improve evaluation reliability, the dataset remains
relatively limited in diversity because all facial images
were collected from a single publicly available source.
After the filtering and quality control stages, only 2,620
images were used for experimentation. For deep learning
applications, this dataset size is still relatively small and
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may limit the model’s ability to learn more complex facial
feature variations. As a result, the generalization
capability of the proposed model to broader real-world
populations may remain limited. Another limitation is
related to the absence of detailed subject-level metadata.
The dataset does not provide comprehensive information
regarding ethnicity, geographic background, acquisition
conditions, or subject identity. Consequently, subject-wise
data splitting could not be performed, creating a potential
risk of identity overlap between training and testing
subsets. Although duplicate filtering was conducted
during preprocessing, complete elimination of identity-
level similarity could not be guaranteed. This limitation
may lead to optimistic performance estimation and should
therefore be interpreted carefully.

The study also evaluates only two data partitioning
strategies, namely 70:20:10 and 80:10:10. While the
results demonstrate that the 70:20:10 configuration
provides more stable performance, other partitioning
methods, such as stratified cross-validation, nested
cross-validation, or subject-independent validation, were
not investigated. Exploring additional validation
approaches may provide a more comprehensive
understanding of optimal data partitioning strategies for
medical image classification. In terms of model
architecture, this research primarily focuses on
EfficientNet-BO and MobileNetV2. Although EfficientNet-
B0 achieved the best overall performance, with an F1-
score of 0.9732 and variance of 0.00010 under the
70:20:10 configuration, comparisons with more recent
architectures or transformer-based models were not
included. Additional experiments using larger and more
advanced architectures may provide further insight into
performance scalability and robustness. The
preprocessing strategy used in this study also remains
relatively limited. While augmentation and Gaussian noise
successfully improved classification performance, more
sophisticated augmentation approaches, such as
generative adversarial networks (GANs) or synthetic
facial image generation, were not explored. These
methods may help increase data diversity and improve
robustness, particularly for limited medical datasets.

In addition to technical limitations, ethical
considerations are important when applying facial image
analysis for Down Syndrome screening. Although the
dataset was obtained from publicly accessible sources,
facial images still contain sensitive biometric information
that may raise concerns regarding privacy, consent, and
responsible data usage. Furthermore, the lack of
demographic diversity in the dataset may introduce bias
and reduce model fairness across different populations.
From a practical perspective, the proposed system should
not be considered a definitive diagnostic tool. The
increase in false negatives observed in certain
configurations, particularly under the 80:10:10 split,
indicates that some DS cases may remain undetected.
Therefore, this approach is more appropriate as a
supportive screening system to assist healthcare
professionals rather than as a replacement for clinical
diagnosis. Future work should focus on collecting larger

multi-source datasets, implementing subject-independent
evaluation  protocols, exploring more advanced
augmentation techniques, and improving fairness across
demographic groups. These improvements are necessary
to enhance model generalization, reliability, and
readiness for real-world clinical implementation.

D. Implications and Practical Significance

The results of this study demonstrate that the data
partitioning strategy plays an important role in determining
both classification performance and evaluation stability in
deep learning-based medical image analysis. Although
increasing the amount of training data is generally
expected to improve feature learning capability, the
experimental findings show that higher ftraining
proportions do not always produce more reliable model
performance. In this study, EfficientNet-BO using the
80:10:10 configuration achieved competitive performance
with a mean validation accuracy of 95.80%. However, this
configuration also produced higher variability, indicated by
a standard deviation of 1.34% and a variance of 0.00018.
In comparison, the 70:20:10 configuration achieved a
slightly higher mean validation accuracy of 95.98%, while
maintaining lower variability with a standard deviation of
0.99% and variance of 0.00010. These findings indicate
that a more balanced allocation between training and
validation data contributes to more stable and consistent
model evaluation. The practical implications of these
results are particularly important in medical screening
applications. Based on the confusion matrix analysis, the
70:20:10 configuration generated only 2 false positives
and 5 false negatives, whereas the 80:10:10 configuration
produced 5 false positives and 10 false negatives. The
increase in false negatives is clinically significant because
undetected Down Syndrome cases may delay early
diagnosis and intervention. Therefore, despite the
competitive accuracy achieved by the 80:10:10
configuration, the 70:20:10 configuration provides more
balanced and clinically reliable classification
performance.

The findings also indicate that evaluation stability
should be considered together with overall accuracy. A
larger training subset may improve learning capability, but
a smaller validation subset can increase sensitivity to fold
variability and reduce the reliability of performance
estimation. This observation reflects the bias-variance
trade-off in machine learning, where reducing bias
through larger training data may simultaneously increase
variance across validation folds. Another important
contribution of this study is the implementation of a more
rigorous evaluation framework through the integration of
five-fold cross-validation and Friedman statistical testing.
The Friedman test is particularly appropriate for repeated
cross-validation experiments because it does not assume
independence between observations across folds. In this
study, the Friedman analysis produced statistically
significant results (p < 0.05) for most experimental
configurations, confirming that the observed differences in
performance were not caused by random variation. From
a methodological perspective, the combination of cross-
validation, variance analysis, confusion matrix evaluation,
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and non-parametric statistical testing provides a more
comprehensive and reliable framework for evaluating
deep learning models in medical image classification. This
evaluation approach improves  the reliability,
reproducibility, and interpretability of the experimental
findings, making the results more suitable for real-world
clinical applications. Overall, this study highlights that the
evaluation of medical Al systems should not focus solely
on achieving the highest accuracy value. Performance
consistency, balanced error distribution, statistical
significance, and evaluation stability are equally important
to ensure that Al-based screening systems can provide
reliable and clinically meaningful support in practical
healthcare environments.

V. Conclusion

This study evaluated the performance of an EfficientNet-
B0-based model for Down Syndrome (DS) facial image
classification, with a particular emphasis on comparing
two data splitting strategies: 70:20:10 and 80:10:10.
Experimental results demonstrate that both configurations
achieved strong classification performance, with average
accuracies exceeding 87% across five-fold cross-
validation. The 80:10:10 data split consistently yielded
higher peak performance, achieving a maximum accuracy
of 92.36% and a higher average F1-score than the
70:20:10 configuration, while also exhibiting lower fold-to-
fold performance variability. Statistical analysis using the
Friedman test confirmed that performance differences
among configurations are statistically significant (p <
0.05), which is more appropriate for cross-validation-
based evaluation.
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