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Abstract:

This thesis, titled "A Transformer-Based Ensemble Framework for Farly Diagnosis of
Genetic syndromes Using Facial Feature Analysis”, presents an advanced deep learning
approach for early detection of pediatric genetic syndromes using facial images. The moti-
vation stems from the need to assist clinicians with faster and more accurate diagnosis, as
facial traits often contain key indicators of genetic abnormalities. To address the limita-
tions of traditional convolutional models, this work integrates Transformer architectures
capable of capturing global dependencies and fine-grained facial patterns that are essential
for distinguishing between syndromic and non-syndromic faces.

The proposed system employs three state-of-the-art Transformer-based models — Vi-
sion Transformer (ViT), Data-efficient Image Transformer (DeiT'), and Swin Transformer
(Swin-T') — which are combined through ensemble learning using Random Forest, XG-
Boost, and Logistic Regression meta-classifiers. This hybrid strategy enhances general-
ization and robustness across diverse facial representations. Experimental results on a
custom-built dataset demonstrate a significant improvement in accuracy, achieving 86%,
validating the effectiveness of the ensemble Transformer framework for automated pedi-

atric syndrome diagnosis.

Keywords: Deep learning, Transformers, Genetic diagnosis, Ensemble learning.



Résumé :

Cette mémoir, intitulée « Un cadre d’ensemble basé sur les transformeurs pour le diagnos-
tic précoce des syndromes génétiques a partir de ’analyse des traits du visage », propose
une approche avancée d’apprentissage profond pour la détection précoce des syndromes
génétiques chez les enfants a partir d’images faciales. Ce travail répond au besoin croissant
d’outils intelligents capables d’assister les cliniciens dans I'identification rapide et fiable
des syndromes, les traits du visage constituant souvent des marqueurs clés des anoma-
lies génétiques. Pour pallier les limites des réseaux convolutionnels traditionnels, cette
recherche exploite les architectures Transformer, connues pour leur capacité a modéliser
les dépendances globales et a capturer des détails subtils dans les images.

Le systéme proposé repose sur trois modéles de pointe — Vision Transformer (ViT),
DeiT et Swin Transformer — combinés a l'aide d’un apprentissage par ensemble inclu-
ant Random Forest, XGBoost et Régression Logistique comme méta-classifieurs. Les
expériences réalisées sur un jeu de données personnalisé ont montré une performance re-
marquable, atteignant une précision de 86%, confirmant la supériorité et le potentiel du
cadre basé sur les Transformers pour le diagnostic automatique des syndromes génétiques

pédiatriques.

Mots-clés : Apprentissage profond, Transformers, Diagnostic génétique, Apprentissage

ensembliste.
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(zeneral Introduction

Context

Artificial Intelligence (AI) has rapidly evolved into a cornerstone of modern science and
technology, enabling machines to perform complex cognitive tasks once thought to be
exclusive to humans. By mimicking aspects of human intelligence such as learning, per-
ception, and reasoning, Al has achieved remarkable success in diverse domains including
healthcare, transportation, finance, and education. Among its subfields, computer vi-
sion and deep learning have shown exceptional potential, particularly in the medical
field where they support diagnostic processes, automate image interpretation, and enhance
clinical decision-making.

In medical diagnostics, facial images hold valuable information that can reflect un-
derlying genetic conditions. Many pediatric genetic syndromes manifest through
distinctive craniofacial patterns, which can serve as crucial diagnostic markers. Tradi-
tionally, the identification of such patterns has relied heavily on expert clinicians with
specialized training in dysmorphology—a process that is time-consuming, subjective, and
limited by human expertise. The integration of Al, particularly deep learning, has revo-
lutionized this field by enabling automated facial feature analysis capable of detecting
subtle phenotypic variations linked to genetic syndromes.

Recent progress in Convolutional Neural Networks (CNNs) and Transformer-
based architectures has further enhanced the capacity of Al systems to learn and
generalize from complex image data. These advancements have paved the way for more
robust, accurate, and scalable models capable of assisting in early diagnosis, thereby

supporting clinicians and improving healthcare accessibility worldwide.

Problem Statement

Despite significant advancements in deep learning and computer vision, the automatic

diagnosis of pediatric genetic syndromes through facial analysis remains a chal-
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lenging task. The main difficulties stem from limited and imbalanced datasets, high inter-
syndrome similarity, and intra-syndrome variability in facial features due to age, ethnicity,
and image conditions. Conventional CNN-based models, though powerful, often struggle
to generalize across such variations, leading to suboptimal diagnostic performance.

Recently, Transformer architectures have emerged as a strong alternative to tradi-
tional convolutional models. By leveraging self-attention mechanisms, Transformers
can capture both local and global dependencies within images, enabling a richer and more
discriminative representation of facial traits. However, using a single Transformer model
may not be sufficient to fully exploit these capabilities. Therefore, integrating multiple
Transformer-based models into an ensemble learning framework offers a promising
approach to enhance robustness and predictive accuracy.

This study seeks to design and evaluate an ensemble framework that combines
the strengths of different Transformer models, aiming to improve the classification of
pediatric genetic syndromes based on facial images. Through this approach, we aim to
address existing limitations and advance the state of automated facial analysis in medical

diagnosis.

Objectives

The general objective of this research is to design and implement a Transformer-based
ensemble learning framework for the classification of pediatric genetic syndromes

using facial images. This overall goal is divided into the following specific objectives:

e Develop an ensemble framework based on Transformer architectures (ViT,

DeiT, and Swin) to classify facial images into corresponding syndrome categories.

e Fine-tune and optimize the selected models on a domain-specific dataset to im-

prove feature representation and model performance.

e Evaluate and compare the performance of different meta-classifiers (Logistic Re-
gression, Random Forest, and XGBoost) within the ensemble to determine the most

effective fusion strategy.

e Conduct experimental analyses to assess the contribution of ensemble learning

to model robustness, accuracy, and generalization on unseen data.
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Manuscript Organization

This thesis is structured into three chapters, each addressing a key stage of the research

process.

e Chapter 1: Overview of Artificial Intelligence
This chapter provides the foundational background on Artificial Intelligence, Ma-
chine Learning, and Deep Learning. It introduces key concepts such as supervised
and unsupervised learning and explores the evolution of learning paradigms from
traditional algorithms (e.g., SVMs, Decision Trees) to deep learning techniques like
CNNs and RNNs. It sets the theoretical groundwork necessary for understanding

advanced Al architectures.

e Chapter 2: Recent Advances and State of the Art in Facial Feature Anal-
ysis for Pediatric Genetic Syndrome Diagnosis
This chapter focuses on facial analysis as an emerging application of Al in health-
care. It reviews current research on computer vision-based diagnosis of genetic
syndromes, covering major datasets, methodological approaches, and challenges.
Special attention is given to recent works employing deep learning and Transformer

models for medical image interpretation.

e Chapter 3: Design of a Transformers-Based Ensemble Framework for
Syndrome Classification
This chapter presents the core contribution of the thesis: a Transformer-based en-
semble learning framework for facial syndrome classification. It details the archi-
tecture design, training pipeline, and fine-tuning process for ViT, DeiT, and Swin
models, followed by the integration of meta-classifiers such as Logistic Regression,
Random Forest, and XGBoost. Finally, it reports the experimental results, compar-
ative analysis, and discussion of performance improvements achieved through the

proposed approach. The system implementation is presented in Appendix A and B.

The system implementation is presented in Appendix A and B.



Chapter 1

Overview of Artificial Intelligence

1.1 Introduction

Artificial Intelligence (Al) is a rapidly evolving field that focuses on creating intelligent sys-
tems capable of performing tasks that typically require human intelligence. From speech
recognition and image processing to decision-making and automation, AI has become
an integral part of modern technology. It is transforming industries such as healthcare,
finance, and transportation by enhancing efficiency, accuracy, and innovation. As Al con-
tinues to advance, it paves the way for smarter systems that can learn, adapt, and solve
complex problems, shaping the future of technology and society.

This chapter aims to provide a comprehensive overview of machine learning and deep
learning methodologies. We will begin by discussing fundamental ML concepts, including
supervised and unsupervised learning, before delving into key algorithms such as decision
trees and support vector machines (SVMs). Additionally, we will explore modern deep
learning techniques, covering CNNs and RNNs, and highlight their significance in con-
temporary Al applications. By understanding these concepts, we gain insight into the
evolving landscape of Al and its potential to drive future innovations.

The relationship between AI, ML, and deep learning is shown in the following figure:
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@
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Figure 1.1: AI, ML, and Deep Learning relationships (J. Clin. Med., 2022)

1.2 Artificial Intelligence

Artificial Intelligence (AI) is a field of computer science that aims to equip machines with
intelligent capabilities, allowing them to perform tasks that typically require human inter-
vention. It relies on a set of techniques and algorithms that enable computers to analyze
data, learn from experience, and make autonomous decisions. Al draws upon various dis-
ciplines, including mathematics, logic, statistics, and machine learning, to develop models
capable of processing complex information. Today, Al is widely used in numerous appli-
cations, such as image and speech recognition, virtual assistants, autonomous vehicles,

recommendation systems, and advanced robotics (Russell & Norvig, 2020).

1.3 Machine Learning

Machine Learning (ML) is a subset of Artificial Intelligence that enables systems to learn
from data and improve their performance on specific tasks without being explicitly pro-
grammed. It involves developing algorithms that can identify patterns, make predictions,
and optimize decision-making processes. ML techniques are broadly categorized into su-
pervised learning, unsupervised learning, and reinforcement learning (Mitchell, 1997).

The effectiveness of ML models depends on the quality of data, algorithm design, and
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computational power (Goodfellow et al., 2016).

1.3.1 Types of Machine Learning Techniques

Machine learning techniques encompass a diverse range of approaches designed to enable
computers to learn from data and make intelligent decisions. These techniques can be
broadly categorized into three main types, each addressing different learning paradigms

and problem-solving scenarios (Mitchell, 1997).

Image
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Figure 1.2: Types of machine learning techniques [webl]

1.3.1.1 Supervised Learning

Supervised learning is a fundamental ML approach where models are trained using labeled
data—each input is associated with a known output. The goal is to learn a mapping
function that predicts outputs for new, unseen inputs. Supervised learning is commonly
divided into classification and regression (Hastie et al., 2009). Popular algorithms include

decision trees, support vector machines (SVMs), and neural networks.
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Figure 1.3: Supervised learning technique [webl]

Applications of Supervised Learning Supervised learning is widely applied across
various domains due to its ability to generalize from labeled data. Common applications

include:

e Image and Object Recognition: Used in facial recognition, autonomous driving,

and medical imaging (LeCun et al., 2015).

e Medical Diagnosis: CNNs assist in disease detection from radiology images (Es-
teva et al., 2017).

e Natural Language Processing: Applied in spam detection, sentiment analysis,
and text classification (Mikolov et al., 2013).

e Fraud Detection: Detecting anomalies in financial transactions (Bolton & Hand,
2002).

e Speech Recognition: Used in Siri, Alexa, and Google Assistant (Hinton et al.,
2012).

e Autonomous Systems: Applied in self-driving cars and robotics (Bojarski et al.,
2016).

e Recommendation Systems: Used by Netflix, YouTube, and Amazon (Ricci et
al., 2011).
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1.3.1.2 Unsupervised Learning

Unsupervised learning trains models on data without labeled outputs, allowing them to
identify patterns, structures, and relationships within datasets. These algorithms are
useful for clustering, anomaly detection, and dimensionality reduction (Mitchell, 1997;
Hastie et al., 2009).

Input Raw Data Algorithm Output

& Unkneswn Output
Mo Traising liata Se

byl
@@

Figure 1.4: Unsupervised learning technique [webl]

Applications of Unsupervised Learning

e Customer Segmentation: Grouping customers based on behavior and demo-

graphics.
e Anomaly Detection: Detecting fraud, network intrusions, or equipment failures.
e Recommendation Systems: Collaborative filtering for personalized suggestions.

e Genomics and Bioinformatics: Discovering genetic patterns and disease mark-

ers.
e Dimensionality Reduction: Simplifying data visualization with PCA or t-SNE.
e Text Clustering: Organizing articles or documents by theme or topic.

e Self-Organizing Maps: Applied in pattern recognition and speech analysis.
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1.3.1.3 Reinforcement Learning

Reinforcement Learning (RL) is a paradigm where an agent learns to make decisions
through interaction with an environment, receiving feedback in the form of rewards or
penalties (Sutton & Barto, 2018). The agent’s objective is to maximize cumulative re-

wards by optimizing its policy through exploration and exploitation.

How Reinforcement Learning Works?

Reinforcement Learning

Dbt
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Inpud Raw Dota S
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Figure 1.5: Reinforcement learning technique [webl]

Applications of Reinforcement Learning

e Robotics: Training robots for navigation and manipulation tasks (Kober et al.,
2013).

e Game Playing: AlphaGo and AlphaZero surpass human performance (Silver et
al., 2016).

e Autonomous Driving: Decision-making in dynamic traffic (Sallab et al., 2017).
e Finance: Portfolio management and algorithmic trading (Moody & Saffell, 2001).
e Healthcare: Personalized treatment optimization (Yu et al., 2019).

e Industrial Automation: Process control and logistics optimization (Riedmiller,
2005).
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e Conversational AI: Used in adaptive virtual assistants (Williams et al., 2017).

1.3.2 Machine Learning Models

Machine learning models

are categorized based on their learning type—supervised or

unsupervised. Below are some commonly used models.

1.3.2.1 Supervised Learning Models

Classification Classification assigns input data to predefined categories. Common al-

gorithms include:

e Decision Trees: Hierarchical models for decision making (Quinlan, 1996).

e Support Vector Machines (SVM): Optimal hyperplane-based classifiers (Cortes

& Vapnik, 1995).
2 )
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1.6: Support Vector Machine Algorithm [web2]

e K-Nearest Neighbors (KINN): Classifies based on nearby data points (Cover &

Hart, 1967).

10
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Figure 1.7: K-Nearest Neighbors Algorithm [web3]

e Naive Bayes: A probabilistic classifier based on Bayes’ theorem (McCallum &
Nigam, 1998).

P(X =z|Y =¢)=P(X(i) =z(0)|]Y = )

1.3.2.2 Unsupervised Learning Models

Unsupervised models are used for clustering, dimensionality reduction, and association

rule learning.

Clustering Groups data points into clusters without predefined labels. Examples:
e K-means Clustering

e Hierarchical Clustering

11
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Figure 1.8: Clustering (J. Pacheco, 2021)

Association Rules Used to uncover relationships in large datasets using Apriori or FP-
Growth algorithms—commonly applied in market basket analysis and recommendation

systems.

Principal Component Analysis (PCA) A dimensionality reduction technique that
simplifies high-dimensional data into principal components while retaining key informa-

tion.

1.4 Deep Learning

Deep Learning (DL) refers to a set of techniques that employ deep neural networks,
consisting of multiple hidden layers. An artificial neural network is considered deep if it
has more than one hidden layer, whereas networks with fewer than two hidden layers are

classified as shallow neural networks.

1.4.1 Artificial Neural Networks (ANNSs)

Artificial Neural Networks (ANNs) represent the cornerstone of deep learning and serve as
the foundational framework for most advanced architectures such as Convolutional Neural
Networks (CNNs), Recurrent Neural Networks (RNNs), and Transformers. Inspired by
the biological neural structure of the human brain, ANNs consist of interconnected pro-

cessing elements known as artificial neurons, which collaborate to process information and

12
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learn from data. Each neuron receives one or more input signals, applies a weighted trans-
formation followed by an activation function, and produces an output signal transmitted
to other neurons within the network Tabassum2014.

A standard ANN is organized into three main layers: the input layer, one or more
hidden layers, and the output layer. The input layer serves as the entry point of data,
while hidden layers perform feature transformation through successive linear and non-
linear operations. The output layer provides the final prediction or classification results.
Connections between neurons are characterized by adjustable weights representing the
strength of influence between them. During training, these weights are optimized using
learning algorithms such as stochastic gradient descent (SGD) in combination with the
backpropagation algorithm LeCun2015.

The operation of a single neuron can be mathematically expressed as:

S=3 b (1.1)
=1

where x; represents the input features, w; the corresponding weights, b the bias term,
and z the weighted sum. The neuron’s final output is obtained by applying a non-linear

activation function f(z):

y = f(z2) (1.2)

Common activation functions include Sigmoid, Tanh, and ReLLU, which introduce non-
linearity and allow networks to capture complex data patterns.

The learning process in ANNs aims to minimize a loss function L(y,y) that quantifies
the difference between the predicted output y and the actual target y. Optimization
algorithms such as SGD update the weights as follows:

() _ 0 _, 9L
Y U 8wi]~

w (1.3)

where 7 is the learning rate controlling the step size during gradient updates.

The complexity and learning capability of an ANN are determined by its architec-
ture—particularly the number of hidden layers and neurons. Shallow networks, which
contain only one or two hidden layers, are suitable for simpler problems but often struggle
with high-dimensional and non-linear data. In contrast, deep networks excel in learning
hierarchical representations, where higher layers capture increasingly abstract features.
This hierarchical ability enables ANNs to perform well in domains such as speech recog-
nition, image analysis, and natural language understanding Mijwil2018.

Different architectural variations have been proposed to address specific challenges.
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Feedforward Neural Networks (FNNs) process information unidirectionally from input to
output, while Multilayer Perceptrons (MLPs) introduce multiple hidden layers. Radial
Basis Function (RBF) networks use radial basis functions as activation mechanisms, and
Graph Neural Networks (GNNs) extend the paradigm to non-Euclidean data structures
such as social or molecular graphs Sahu2015, Chen2019.

Despite their effectiveness, ANNs require large datasets and significant computational
resources. They may also suffer from overfitting or vanishing gradients. Nevertheless, im-
provements in optimization algorithms, regularization techniques, and hardware continue

to enhance their capabilities.

1.4.2 Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNNs) are specialized deep learning architectures de-
signed for processing structured grid-like data, such as images. They use convolutional
layers to automatically and adaptively learn spatial hierarchies of features from input
data. CNNs are widely used in computer vision tasks such as image recognition, object
detection, and facial recognition due to their ability to capture spatial dependencies and

hierarchical patterns LeCun1998.

1.4.2.1 CNN Architecture

A CNN typically consists of multiple layers: convolutional, pooling, and fully connected
layers. Convolutional layers extract spatial features by applying filters, pooling layers
reduce dimensionality, and fully connected layers perform final classification. This hier-

archical structure enables CNNs to learn complex representations efficiently LeCun1998.

Feature Maps Feature Maps Feature Maps
Feature Maps e —meeam-
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L1 [ Tree (@.5)
= . 10 [Ocatioo

Convelution Pooling Convolution Pooling

+ Relu +Relu Fully Connected Layers

Dutput Layer

Figure 1.9: Complete CNN architecture Guo2017.

Convolutional Layer. The convolutional layer extracts important spatial features from
input data by applying learnable filters. Mathematically, the convolution operation for
an input X and filter W is:

14
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Z=X+W+DB (1.4)

where B is the bias term. Parameter sharing significantly reduces the number of
trainable parameters, improving efficiency. Non-linear activation functions such as ReLU

are then applied to enhance learning capability.
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Figure 1.10: 33 output matrix example.

Pooling Layer. Pooling layers reduce the spatial dimensions of feature maps while
retaining key information, improving computational efficiency and robustness to small

transformations. Two common techniques are:

e Max Pooling: Extracts the maximum value from each region.

e Average Pooling: Computes the average value of each region.
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Single depth slice
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Figure 1.11: Max pooling operation.
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Figure 1.12: Average pooling operation.

Fully Connected Layer. The Fully Connected (FC) Layer serves as the final stage in
processing extracted features. It transforms the flattened feature maps into final predic-

tions:

Y = f(WX +b) (1.5)

where X is the input vector, W the weight matrix, b the bias vector, and f an activation
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function such as ReLLU or Softmax.
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Figure 1.13: Fully connected layer after pooling Guo2017.

Output Layer. The output layer produces the final prediction. For classification prob-

lems, a Softmax activation converts logits into probabilities:

e

For binary classification, a Sigmoid activation is used:
(5) = (1.7
o(z) = .
1+e>

1.4.2.2 Combination of CNN Layers

The combination of convolutional, pooling, fully connected, and output layers forms a
complete CNN architecture, enabling hierarchical feature learning for applications like

image classification, object detection, and facial recognition LeCun1998.
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1.4.3 Recurrent Neural Networks (RININs)

® @
1 W b We. by
hy s — —‘*“wﬁ,h
Wi Wi
(=)

Figure 1.14: RNN architecture unfolded through time.

Recurrent Neural Networks (RNNs) are designed to process sequential data by maintain-
ing a memory of past inputs through their hidden state h;. This allows them to model
temporal dependencies, making them suitable for speech recognition, time-series forecast-
ing, and natural language processing. However, RNNs often suffer from vanishing or

exploding gradients, limiting their ability to learn long-term dependencies.

1.4.3.1 Long Short-Term Memory (LSTM)

Y:
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Figure 1.15: Long Short-Term Memory (LSTM) cell Cheng2016.

LSTM networks Hochreiter1997 overcome vanishing gradients through gating mecha-

nisms:
e Forget Gate: Determines which information to discard.
e Input Gate: Regulates new information added to the cell state.

e Output Gate: Controls information passed to the next hidden state.
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1.4.3.2 Gated Recurrent Units (GRUs)

x[t]

h(t-1] xt]

x[t]

Figure 1.16: Gated Recurrent Unit (GRU) structure Cho2014.

GRUs simplify the LSTM architecture by merging the forget and input gates into a single
update gate and using a reset gate to control information flow. They require fewer param-
eters and are computationally more efficient while maintaining comparable performance.

Both LSTMs and GRUs have significantly improved sequential modeling capabilities,
becoming essential tools for tasks such as text generation, financial forecasting, and speech

synthesis.

1.4.4 Transformers

Transformers have introduced a paradigm shift in artificial intelligence by providing a
framework capable of modeling complex dependencies without relying on sequential re-
currence or convolutional operations. Originally proposed for natural language processing
(NLP) tasks Vaswani2017, transformers rely heavily on the self-attention mechanism to
capture global contextual relationships, making them highly effective across diverse do-
mains such as machine translation, speech recognition, and computer vision. Their scal-
ability, parallelizability, and strong representational power have positioned transformers

as one of the most influential architectures in deep learning.
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1.4.4.1 Attention Mechanism

The attention mechanism lies at the heart of transformer architectures. At its core,
attention enables a model to assign different levels of importance to various elements
within an input sequence when producing an output. Unlike earlier methods that treated
all input tokens equally, attention dynamically re-weights them, allowing the model to
focus on the most relevant parts of the data Vaswani2017.

In practice, the mechanism is formulated using queries (Q), keys (K), and values (V).
Each input vector is projected into these three spaces, and attention scores are calculated
through a scaled dot-product operation between the query and key vectors. These scores
are normalized using a Softmax function to determine the weight distribution, which is
then applied to the values to produce the output representation.

A significant extension of this is multi-head self-attention, where multiple attention
layers operate in parallel. Each head learns different relational patterns in the data, al-
lowing the model to capture a richer variety of dependencies. For example, in a sentence,
one head may focus on subject—verb relationships, while another captures object refer-
ences. This multiplicity of perspectives enhances the model’s ability to generalize across
tasks.

Compared to recurrent neural networks (RNNs), which process inputs sequentially
and often suffer from vanishing gradient problems when modeling long-term dependencies,
attention mechanisms allow direct connections between any two elements of the input.
Similarly, unlike convolutional neural networks (CNNs) that rely on fixed local receptive
fields, attention can flexibly relate distant elements, overcoming the limitations of purely

local context.

1.4.4.2 Attention Mechanism in Computer Vision

In the field of computer vision, attention mechanisms have been widely adopted to enhance
feature representation by enabling models to focus selectively on informative regions while
suppressing irrelevant ones. Hu et al. Hu2018 introduced the Squeeze-and-Excitation
(SE) module, which recalibrates channel-wise feature responses by explicitly modeling
interdependencies between channels. This innovation improved the representational power
of CNNs by allowing the network to emphasize channels most relevant to a given visual
task.

However, a more powerful formulation emerged with the concept of self-attention,
which enables the model to directly capture pairwise dependencies between any two po-
sitions in an image, regardless of their spatial distance. Unlike convolutional filters that

have limited local receptive fields, self-attention provides a mechanism for modeling global
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spatial relationships across the entire image—for example, relating the eyes and mouth

in a face, which is essential for accurate recognition or syndrome diagnosis Vaswani2017.

A. Self-Attention Self-attention reformulates the attention mechanism by introducing
queries (Q), keys (K), and values (V) derived from the same input feature vectors. For
each input token z; € R®, where i = 1,...,n, the corresponding projections are obtained

using learnable matrices W®, WX and WV:

g =z W9, W eR*% (1.8)
ki =z WE WHE ¢ R (1.9)
v =WV, WYV g R (1.10)

Typically, d, = di. The attention score between elements ¢ and j is computed as the

scaled dot product:

-
oy = Gik; (1.11)

a’.
a;; = Softmax (J> 1.12
J \/d_k ( )

The output representation for each element is then obtained as a weighted sum of

value vectors:

Zi = ZOJUU]‘ (113)
j=1

This can be extended to matrix form for efficient computation. Given X € R**¢, the

matrices (), K, and V are computed as projections, and attention is expressed as:

A = Softmax (QT];:) (1.14)

7 = AV € R¥*d (1.15)

Here, A is the attention matrix containing pairwise dependencies, and Z is the final

output representation.
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B. Multi-Head Self-Attention (MHSA) While single-head self-attention is pow-
erful, relying on one projection may limit expressiveness. Vaswani et al. Vaswani2017
introduced multi-head self-attention (MHSA), where multiple attention heads operate in

parallel, each learning unique dependencies. For h heads:

Z; = Attention(QW<, KWX vw)) (1.16)

MultiHead(Q, K, V) = Concat(Z, ..., Z,)W¢° (1.17)

Each head specializes in different relational aspects—for instance, one may capture
local textures while another models global context—making MHSA essential in vision

transformers (ViTs).

C. CNNs vs. Transformers in Capturing Global Context Traditional CNNs
capture features through local receptive fields, requiring multiple layers to cover long-range
dependencies. Transformers, by contrast, can model global relationships in a single layer
through self-attention. This capacity to relate distant features provides a more holistic
understanding of images—particularly useful in medical imaging and genetic syndrome

diagnosis where subtle spatial cues are crucial Khan2022.

1.4.4.3 Transformer Architecture

The Transformer architecture introduced by Vaswani et al. (2017) Vaswani2017 discards
both recurrence and convolution, relying solely on attention mechanisms to model depen-
dencies. Initially designed for NLP, it has since been adapted to computer vision and

speech processing, offering parallelization and efficient long-range modeling.

A. Encoder—Decoder Structure The Transformer consists of an encoder stack and a
decoder stack. Each encoder layer contains (i) multi-head self-attention and (ii) a position-
wise feed-forward network (FEFN), both followed by residual connections and layer nor-
malization. Each decoder layer adds an extra cross-attention module for encoder—decoder

interaction.

B. Position-wise Feed-Forward Networks (FFN) Each encoder/decoder layer in-
cludes an FFN applied independently to each token:

FFN(z) = max(0, zW; + b)) W + by (1.18)
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C. Positional Encoding Since the Transformer lacks recurrence or convolution, posi-

tional encoding introduces information about token order:

N pos
PE(pos,2i) = sin <—100002i/dmodez) (1.19)
, B pos
PE(pos,2i + 1) = cos (—100002i/dm0dez) (1.20)

D. Transformer Block Schema Each Transformer block integrates MHSA, FFN,

residual connections, and layer normalization.
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Figure 1.17: General Transformer encoder—decoder architecture Vaswani2017.

E. Advantages in Vision In computer vision, Transformers model spatial dependen-
cies across the entire image, outperforming CNNs in capturing global context. This makes
them particularly effective for tasks such as facial recognition, object detection, and med-

ical image analysis.
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1.4.4.4 Vision Transformers (ViT)

The Vision Transformer (ViT), proposed by Dosovitskiy et al. (2020) Dosovitskiy2020,
was the first model to apply the Transformer architecture successfully to image recogni-
tion. ViT divides an image into fixed-size patches, treats them as tokens, and processes

them through a Transformer encoder.

A. Patch Embedding For an image of size H x W x (| it is split into /N patches of
size P x P x C, flattened, and linearly projected:
z, e RP°C. EeRIFOD 4= (2 E; .. ) E] + Epos (1.21)
where E,,; denotes positional encodings.

B. Transformer Encoder Embedded patches are passed through multiple MHSA and

FFN layers. A class token is prepended to represent the entire image.
C. Advantages ViT achieves competitive performance on large datasets such as ImageNet-
21k, efficiently modeling long-range dependencies.
Figure 1.36: VIT Pipeline from Image Patches to Transformer Encoder Outputs
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Figure 1.18: Vision Transformer (ViT) pipeline from patch embedding to encoder outputs
Dosovitskiy2020.

1.4.4.5 Data-Efficient Image Transformers (DeiT)

Touvron et al. (2021) Touvron2021 proposed DeiT to address ViT’s dependency on large

datasets, enabling effective training on smaller datasets such as ImageNet-1k.

A. Distillation Token DeiT introduces a distillation token that learns from a teacher

model during training. The total loss combines classification and distillation terms:

Ltotal - )\Lcls + (1 - /\)Ldistill (122)
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B. Training Efficiency DeiT uses advanced regularization and augmentation tech-
niques (e.g., stochastic depth, RandAugment) to achieve ViT-level performance with re-
duced data.

Transformer

Tokers

Transformer
Layers
- Y
o * Class Token
g— +aken
Transformer
rgn Layers
i 4
i L .
3 Transformer
@
@ Layers J Output
o
=
((®]
w

I - Distillation
T

Transformer
Layers

Distillation

Token A J

Figure 1.19: DeiT architecture including class and distillation tokens Touvron2021.

1.4.4.6 Hierarchical Vision Transformers (Swin)

The Swin Transformer, proposed by Liu et al. (2021) Liu2021, enhances scalability and
efficiency for high-resolution images through a hierarchical structure and shifted window-

based attention.

A. Hierarchical Representation Unlike ViT’s flat patch structure, Swin progressively
merges patches, enabling multi-scale feature learning for dense tasks such as detection and

segmentation.
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B. Shifted Window Attention Self-attention is computed locally within non-overlapping
windows to reduce computational complexity from O(N?) to O(N). To enable cross-

window interaction, windows shift between layers.

. QKT
Attention(Q, K, V') = Softmax Vv (1.23)
Vdy

C. Advantages Swin achieves state-of-the-art results across vision benchmarks. Its

hierarchical design and window-shifting strategy enable efficient scaling.

Swin Transformer Architecture Diagram
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Figure 1.20: Swin Transformer with hierarchical stages and shifted window attention Liu2021.

1.5 Conclusion

This chapter presented the foundational principles of Artificial Intelligence, with a focus
on machine learning and deep learning. We examined paradigms such as supervised and

unsupervised learning and discussed major architectures, including decision trees, support
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vector machines, CNNs, RNNs, and Transformers. These models empower intelligent
systems to extract patterns and make informed decisions.

The concepts introduced here establish the theoretical basis for understanding ad-
vanced Al applications. The following chapter will explore recent research developments
and state-of-the-art techniques—particularly within the domain of facial analysis for syn-

drome diagnosis.
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Chapter 2

Recent Advances and State of the Art
in Facial Feature Analysis for Pediatric

(Genetic Syndrome Diagnosis

2.1 Introduction

In the medical field, information plays a crucial role, especially visual data such as fa-
cial images. These images require specialized processing to enable accurate and timely
diagnosis. Despite significant technological advances, particularly in computer vision and
deep learning, the analysis of facial features for the early diagnosis of pediatric genetic
syndromes remains a challenging and active research area. This chapter presents a theo-
retical study of facial feature analysis and reviews the recent advances and state of the art

in computational methods for the early detection of genetic facial disorders in children.

2.2 Genetic Disorders and Facial Phenotyping

Facial phenotyping refers to the analysis of facial characteristics to identify patterns asso-
ciated with specific genetic disorders. Many pediatric genetic syndromes manifest through
distinct facial features that can be used as diagnostic markers. Automated facial analysis
has become a promising tool to assist clinicians in the early detection of such conditions,

improving diagnosis speed and accuracy (Gurovich et al., 2019).
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2.2.1 Description of Pediatric Genetic Disorders Detectable Through

Facial Analysis

a. Down Syndrome

Down Syndrome is one of the most common chromosomal disorders caused by the presence
of an extra copy of chromosome 21. It is characterized by recognizable facial features such
as upslanting palpebral fissures, flat nasal bridge, and a protruding tongue (Bull, 2020).
These features make it a common target for facial analysis systems (Shah & McKenna,
2021).

b. Goldenhar Syndrome
Also known as oculo-auriculo-vertebral spectrum, Goldenhar Syndrome presents with
hemifacial microsomia, epibulbar dermoids, and ear abnormalities. These asymmetries
pose challenges for automated recognition due to the variability in feature presentation
(Hunter et al., 2018).

c. Angelman Syndrome
Angelman Syndrome is a neurogenetic disorder with characteristic facial features including
a prominent chin, wide mouth, and deep-set eyes. These phenotypes evolve with age,

which complicates early diagnosis (Williams et al., 2019).

d. Apert Syndrome
Apert Syndrome is a craniosynostosis disorder marked by premature fusion of skull bones
and syndactyly. Facial traits include a high forehead, midface hypoplasia, and hyper-
telorism (Cohen, 2017). The pronounced craniofacial abnormalities can be detected

through imaging and facial feature extraction techniques.

e. Cornelia de Lange Syndrome
This syndrome is characterized by synophrys (unibrow), long eyelashes, and a small up-
turned nose. The subtlety and overlap with other syndromes make automatic differenti-
ation challenging (Kline et al., 2020).

2.2.2 Challenges in Automatically Recognizing Disorder-Specific
Facial Traits

Automated facial analysis systems face multiple challenges in accurately recognizing

disorder-specific traits:

e Variability in Expression: Facial features vary with age, ethnicity, and even

facial expressions, complicating model generalization (Gurovich et al., 2019).
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e Data Scarcity: Many syndromes are rare, resulting in limited labeled image
datasets for training robust models (Shah & McKenna, 2021).

e Overlap of Features: Different disorders may share similar facial phenotypes,
making discrimination difficult (Williams et al., 2019).

e Pose and Lighting Conditions: Variations in image capture conditions affect

feature extraction accuracy (Cohen, 2017).

e Facial Asymmetry and Anomalies: Syndromes like Goldenhar cause asymme-
tries that standard facial landmark detectors may not handle well (Hunter et al.,
2018).

To address these challenges, recent research integrates deep learning models with do-
main knowledge, data augmentation, and 3D facial analysis to improve diagnostic perfor-
mance (Gurovich et al., 2019).

2.3 General Framework: From Camera to Facial Trait

Analysis

The contemporary pipeline for automated facial phenotyping in pediatric genetic syn-
drome diagnosis comprises a sequence of computational stages that transform raw image
data into clinically meaningful predictions. While individual systems vary in implemen-
tation, the canonical stages — image acquisition, preprocessing, facial landmarking and
alignment, feature extraction, classification, evaluation, and clinical interpretation — re-
main broadly consistent. This section presents the current state of the art for each stage
and highlights methodological trends, strengths, and limitations relevant to pediatric syn-

drome analysis.

2.3.1 Image Acquisition and Data Quality

High-quality image acquisition is the foundation of reliable facial phenotyping. Modern
studies exploit both standard RGB photography and clinical imaging; acquisition proto-
cols emphasize frontal pose, even illumination, neutral expressions, and minimal occlu-
sion because small morphological cues (e.g., philtrum shape, palpebral fissure orientation)
are diagnostically important (Shorten & Khoshgoftaar, 2019). Mobile and telemedicine
settings have pushed research into robustness under realistic variations (lighting, pose,
background), and contemporary datasets often annotate image quality to enable filtering

or domain adaptation strategies (LeCun, Bengio, & Hinton, 2015).
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2.3.2 Preprocessing: Detection, Cropping, and Normalization

Preprocessing standardizes inputs and reduces irrelevant variability. Face detection and
coarse alignment are typically performed using specialized detectors such as Multi-task
Cascaded Convolutional Networks (MTCNN) or classic HOG/dlib detectors, both of
which remain widely used due to their balance of speed and accuracy (Zhang, Zhang,
& 14, 2016; King, 2009). After detection, images are cropped to the facial region and re-
sized to a model-compatible resolution. Color normalization, histogram equalization, and
photometric augmentations help mitigate illumination differences. Data augmentation
(random flips, rotations, color jitter, cutout, and synthetic occlusions) is now standard
to increase effective dataset size and improve generalization, especially for rare-syndrome

classes with few examples (Shorten & Khoshgoftaar, 2019).

2.3.3 Landmark Detection and Geometric Normalization

Precise landmark localization (eyes, nose tip, mouth corners, and additional fiducial
points) is critical to reduce intra-class variability and to derive geometric descriptors
used in many clinical studies. State-of-the-art approaches combine deep-learning-based
landmark regressors and cascade refinement to achieve sub-pixel accuracy under moderate
pose and expression variation (Kazemi & Sullivan, 2014; Zhang et al., 2016). Landmark-
based alignment (similarity or affine transforms) normalizes scale and pose before feature
extraction; geometric features (inter-landmark distances, ratios, and angles) remain useful

as interpretable, low-data descriptors that complement learned features.

2.3.4 Feature Extraction: Classical Descriptors and Deep Repre-

sentations

Feature extraction has shifted decisively from hand-crafted descriptors toward learned

deep representations.

e Classical approaches: geometric measures, Local Binary Patterns (LBP), His-
togram of Oriented Gradients (HOG), and other texture descriptors continue to
be used in low-data or hybrid systems because of their interpretability and low

computational cost.

e Convolutional Neural Networks (CNNs): CNNs such as ResNet and Mo-
bileNet variants extract hierarchical features (local texture mid-level parts global
shape) and were for a long time the dominant deep-learning approach in facial phe-
notyping (LeCun et al., 2015; He et al., 2016).
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e Vision transformers and hybrid models: more recent state-of-the-art sys-
tems increasingly adopt transformer-based vision models (Vision Transformer, DeiT,
Swin) which use self-attention to capture long-range dependencies across the face
and multiscale patterns (Dosovitskiy et al., 2020; Touvron et al., 2021; Liu et al.,
2021). Transformers excel at modeling global context (e.g., relative geometry be-
tween distant facial regions) and have demonstrated competitive or superior per-
formance to CNNs when appropriately regularized or pretrained on large datasets.
Hybrid CNN-transformer pipelines (CNN front-ends with transformer heads) are

also common to combine local convolutional inductive bias with global attention.

2.3.5 Classification and Ensemble Strategies

Classification in multi-syndrome tasks is commonly implemented with a softmax head on
deep networks. Given class imbalance and inter-class similarity (many syndromes share

overlapping facial features), modern systems often incorporate:
e Cost-sensitive loss functions and class-weighting to address imbalance.

e Metric-learning objectives (triplet/contrastive losses) to improve embedding dis-

criminability for few-shot syndromes.

e Ensemble methods — stacking, voting, or meta-classifiers — to combine comple-
mentary models (e.g., CNNs + transformers) and to improve robustness (Chen &
Guestrin, 2016). Ensembles also provide a practical path to fuse models trained on

different modalities (2D photos, 3D scans) or different preprocessing pipelines.

2.3.6 Evaluation Metrics and Validation Protocols

Robust evaluation is essential because naive accuracy measures can be misleading in
imbalanced, multi-class syndrome datasets. State-of-the-art evaluations report per-class
precision, recall, F1-score, macro- and micro-averaged metrics, confusion matrices, and
receiver-operating-characteristic (ROC) curves where appropriate. Cross-validation and
stratified splits are recommended to ensure stable estimates, and external validation on
independent cohorts (different hospitals, ethnicities, imaging devices) is increasingly ex-

pected to assess generalization and clinical utility.

2.3.7 Interpretability and Explainability

Clinical adoption requires interpretable models. Saliency and explanation methods—Grad-

CAM, integrated gradients, attention visualization—are routinely used to highlight facial
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regions that contributed most to a prediction (Selvaraju et al., 2017). Additionally, hybrid
pipelines that combine geometric features (interpretable) with deep embeddings (accurate)
provide clinicians with both quantitative and visual evidence supporting predictions. Ef-
forts to quantify explanation reliability (e.g., consistency across similar inputs) are an

active research area.

2.3.8 Clinical Integration, Ethical Considerations, and Deploy-
ment

Transitioning models into clinical workflows demands careful consideration of regulatory,

ethical, and practical constraints. Key state-of-the-art practices include:

e Decision-support framing: models present probabilistic outputs and visual ex-
planations to clinicians rather than providing definitive diagnoses, thus preserving

human oversight.

e Bias mitigation: evaluating performance across diverse ethnicities, ages, and

imaging conditions to detect and correct biases (Gurovich et al., 2019).

e Data privacy and consent: de-identification strategies and secure handling of

pediatric data are mandatory.

e Prospective clinical studies: rigorous prospective evaluations, clinician-in-the-
loop studies, and cost—benefit analyses are increasingly used to validate clinical

usefulness.
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Figure 2.1: General Framework: From Camera to Facial Trait Analysis

2.4 State of the Art in Facial Analysis for Syndrome
Diagnosis

Automated facial analysis for pediatric genetic syndrome diagnosis has greatly benefited
from advances in deep learning and the availability of specialized datasets. This section
provides an overview of prominent datasets, explores key convolutional neural network
(CNN) architectures utilized in syndrome classification, and discusses the inherent chal-

lenges and limitations of current state-of-the-art methods.

2.4.1 Key Datasets for Pediatric Syndrome Analysis

Face2Gene
Face2Gene is arguably the most well-known platform in this domain. Developed by
FDNA, it contains a large repository of patient images associated with over 300 genetic

syndromes. The dataset is annotated with clinical and phenotypic information, allowing
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deep learning models to learn correlations between facial gestalt and underlying syn-
dromes (Gurovich et al., 2019). Face2Gene’s extensive size and diversity have made it a
benchmark resource for training and validating facial analysis models.

However, as a proprietary dataset, Face2Gene is not fully open to the research commu-
nity, which limits reproducibility and independent validation. Moreover, it tends to have
imbalances in syndrome representation and ethnic diversity, posing challenges to model

generalization.

GestaltMatcher

GestaltMatcher extends the scope of syndrome diagnosis by providing a platform for
multi-syndrome recognition, especially focusing on ultra-rare diseases (Hsieh et al., 2022).
It enables facial similarity comparisons across syndromes, supporting novel syndrome
discovery and phenotypic clustering. The GestaltMatcher dataset is built with a more
explicit emphasis on phenotype-driven clustering and cross-population analysis.

Despite its novel contributions, GestaltMatcher shares limitations common to syn-
drome datasets, such as small sample sizes for many rare disorders and the need for

continuous curation to incorporate new cases.

GestaltMML

GestaltMML represents a significant advancement in the integration of multimodal
data for the diagnosis of rare genetic diseases. By combining facial images, demographic
information (such as age, sex, and ethnicity), and clinical notes, GestaltMML leverages
a Transformer-based architecture to improve prediction accuracy. This multimodal ap-
proach addresses the limitations of models that rely solely on facial images, capturing a
more comprehensive representation of the patient’s phenotype. Evaluations on diverse
datasets, including Beckwith-Wiedemann syndrome, Sotos syndrome, and Cornelia de
Lange syndrome, have demonstrated the effectiveness of GestaltMML in narrowing down

candidate genetic diagnoses.

Roboflow Universe — MoreThan40 / genetic-znuib

The MoreThan40 dataset, available on Roboflow Universe under the project “genetic-
znuib,” is a comprehensive collection designed for facial phenotyping research in pediatric
genetic syndromes. It contains 10,258 facial images distributed across 60 distinct syn-
drome classes, encompassing both rare and common genetic disorders. Each image is
labeled according to its respective syndrome category, providing a foundation for super-
vised learning tasks such as classification and facial feature analysis. The dataset includes
diverse image conditions and phenotypic variations, reflecting real-world diagnostic com-
plexity. All images are standardized and formatted for deep learning applications, al-

lowing seamless integration into contemporary architectures such as convolutional neural
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networks and vision transformers. The openness and scale of the MoreThan40 dataset
make it a valuable resource for advancing computational approaches to syndrome recogni-
tion and improving generalization across heterogeneous pediatric populations (Roboflow

Universe, n.d.).

2.4.2 Deep Learning Architectures and Approaches

Convolutional Neural Networks (CNNs)

CNNs have been the cornerstone of facial analysis in medical diagnostics, particularly
for identifying genetic syndromes. Architectures such as ResNet, VGGNet, MobileNetV2,
and EfficientNet have been widely adopted due to their ability to extract hierarchical and

discriminative features from facial images.

ResNet (Residual Networks)
ResNet architectures (He et al., 2016) introduced residual connections that mitigate van-
ishing gradient problems, enabling the training of very deep networks. Variants such as
ResNet-50 and ResNet-101 have been used in facial dysmorphology classification tasks,
notably in studies like Zhang et al. (2022), where they achieved high diagnostic accuracy
for conditions such as Williams-Beuren and Noonan syndromes. Their capacity to learn
hierarchical and abstract features makes them suitable for modeling subtle craniofacial

variations, though at the cost of higher computational requirements.

VGGNet
VGGNet (Simonyan and Zisserman, 2014) is known for its simplicity and effectiveness.
Despite being computationally intensive due to its deep and wide architecture, it has
demonstrated success in facial phenotype recognition. Its ability to retain high-resolution
feature maps has been leveraged in syndromic facial recognition tasks, often outperforming

simpler models in precision.

EfficientNet
EfficientNet (Tan and Le, 2019) provides a more balanced approach by scaling depth,
width, and resolution using a compound coefficient. Recent works have applied Effi-
cientNet variants (e.g., EfficientNet-B3) in rare disease classification from facial images

with promising results, achieving strong performance while maintaining computational
efficiency (Kumar et al., 2023).

MobileNetV2
MobileNetV2 is another efficient architecture frequently employed in real-time or resource-
constrained applications. In your system, MobileNetV2 served as the backbone for Down

syndrome detection. Its depthwise separable convolutions offer a good trade-off between
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speed and accuracy. However, its relatively shallow structure compared to ResNet or Effi-
cientNet can limit performance on more complex syndromes without proper augmentation

or fine-tuning.

Transformers

Vision Transformer (ViT)

Transformer architectures, originally introduced for natural language processing, have
recently revolutionized computer vision by enabling models to capture long-range depen-
dencies and contextual relationships between image regions (Vaswani et al., 2017). Unlike
convolutional neural networks (CNNs), which operate on local receptive fields, transform-
ers process an image as a sequence of patches and model global spatial interactions through
self-attention mechanisms. This paradigm shift has allowed transformer-based architec-
tures to surpass traditional CNNs in various visual recognition tasks, including facial
expression analysis, identity recognition, and genetic syndrome diagnosis.

The Vision Transformer (ViT), proposed by Dosovitskiy et al. (2020), was the first
fully transformer-based architecture applied to large-scale image classification. ViT di-
vides an image into fixed-size patches (e.g., 1616), linearly embeds them, and processes
the sequence with a standard transformer encoder. Although ViT requires large training
datasets and computational resources, it demonstrated that self-attention alone—without
convolutions—can achieve competitive or superior accuracy to CNNs when pretrained on

extensive image corpora such as ImageNet-21k.

Data-Efficient Image Transformer (DeiT)
The Data-Efficient Image Transformer (DeiT) (Touvron et al., 2021) addressed ViT’s data
dependency by introducing knowledge distillation and stronger regularization, allowing
efficient training on smaller datasets. DeiT models preserve ViT’s architecture but include
a teacher-student framework where a CNN (teacher) guides the transformer (student)
to accelerate convergence and improve generalization. This design made transformers
accessible for specialized applications—such as medical imaging and facial analysis—where

data scarcity is common.

BEiT and Hybrid Models
Subsequent models such as BEiT (Bao et al., 2022) and hybrid architectures combine
the strengths of CNNs and transformers. BEiT uses masked image modeling—similar to
BERT in NLP—to learn robust visual representations without full supervision. Hybrid
models, including CNN backbones with transformer heads or token mixers, offer an ef-
fective compromise between local detail extraction and global context modeling, making

them well-suited for phenotypic feature localization and syndrome prediction.
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Swin Transformer
The Swin Transformer (Liu et al., 2021) advanced the architecture further by introducing
shifted windows to compute self-attention locally rather than globally. This hierarchical
design allows Swin to capture both fine-grained details and large-scale facial structures
efficiently. The model scales linearly with image size and integrates seamlessly with dense
prediction tasks such as segmentation and landmark detection, which are particularly

relevant in facial feature analysis pipelines.

2.4.3 Recent Research in Syndrome Diagnosis via Facial Analysis

In recent years, multiple research groups have proposed advanced deep learning-based
methods to tackle the challenges of diagnosing genetic syndromes from facial images.
These approaches focus on improving accuracy, generalizability, and interpretability through

architectural innovations and novel training strategies:

e Chambino et al. (2021) developed a GAN-based data augmentation framework
to overcome the limited availability of facial images for rare syndromes. Using the
GMDB dataset, their method generated realistic synthetic faces for conditions like
Williams Syndrome and Treacher Collins Syndrome. When integrated into a CNN
classifier (ResNet-50), this approach improved classification accuracy from 72.3% to

83.6%, particularly for underrepresented syndromes (Chambino et al., 2021).

e Yimingge et al. (2022) introduced a dual-branch convolutional neural net-
work combining local and global attention mechanisms, evaluated on the Face2Gene
dataset. The local branch captured detailed phenotypic traits (e.g., nasal bridge, eye
distance), while the global branch analyzed full-face context. Their model achieved
an Fl-score of 0.89 in diagnosing syndromes such as Noonan and Cornelia de Lange,

outperforming baseline CNNs by over 6% (Yimingge et al., 2022).

e Liu et al. (2023) proposed a multi-label classification system using ResNet-101
on a curated subset of GMDB with images from 25 syndromes. This allowed simul-
taneous prediction of overlapping conditions such as Turner Syndrome and Down
Syndrome. The model achieved a mean average precision (mAP) of 85.1%, signifi-

cantly higher than traditional single-label setups (Liu et al., 2023).

e Kumar et al. (2023) presented a hybrid model combining EfficientNet-B3 with
facial landmark-guided attention maps. The model, trained on a composite dataset

(GMDB + synthetic samples), emphasized syndrome-specific regions like the philtrum
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and jawline. Focused on disorders such as DiGeorge Syndrome and Marfan Syn-
drome, it achieved 91.7% accuracy and offered heatmaps for visual interpretability
(Kumar et al., 2023).

e Hangaragi et al. (2023) utilized a VGG16-based classifier enhanced with Convo-
lutional Block Attention Module (CBAM) and trained it on GMDB. By directing
the network to regions of diagnostic interest (e.g., mouth shape or craniofacial asym-
metry), the model achieved 87.9% accuracy in classifying 15 genetic syndromes, in-

cluding Smith-Magenis Syndrome and Williams Syndrome (Hangaragi et al., 2023).

e Tkromovich et al. (2023) developed a lightweight MobileNetV2-based model
deployed as an Android application for syndrome screening. Trained on a small
clinical dataset of 500 images (Down Syndrome, Apert Syndrome, healthy controls),
the system achieved 80.4% top-1 accuracy and inference under 200ms per image,

making it suitable for mobile use in low-resource settings (Ikromovich et al., 2023).

e Rahman et al. (2023) tackled class imbalance using StyleGAN to generate syn-
thetic samples of rare syndromes, followed by transfer learning from VGGFace2
to ResNet-34. On the GMDB, their model improved average F1-score from 0.76 to
0.88, with substantial gains in rare classes like Cri-du-Chat and Angelman Syndrome
(Rahman et al., 2023).

e Cardaioli et al. (2023) investigated hybrid CNN-Transformer architectures, inte-
grating ResNet-50 with Vision Transformer (ViT) modules for facial region explain-
ability. Tested on the Face2Gene dataset, the model achieved 89.2% accuracy and
provided self-attention maps identifying syndrome-relevant traits, enhancing clinical
interpretability for conditions like Kabuki Syndrome (Cardaioli et al., 2023).

e Rodriguez et al. (2024) introduced a federated learning framework allowing deep
model training across multiple hospitals without centralized image storage. Using
private subsets of clinical data (including Down Syndrome and Turner Syndrome
cases), the system achieved comparable performance (88.6% accuracy) to centralized

models while maintaining patient privacy (Rodriguez et al., 2024).

e Tomasevié¢ et al. (2024) improved model robustness by training a noise-tolerant
ResNet-18 with augmented GMDB images affected by blur, occlusions, and lighting
shifts. The model maintained over 85% accuracy under challenging test conditions,

proving its reliability for real-world syndrome diagnosis (TomaSevié et al., 2024).
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2.5 Conclusion

This chapter presented an overview of the latest advancements in facial analysis for pe-
diatric genetic syndrome diagnosis. We explored key datasets, deep learning models,
and recent research efforts that have significantly improved the accuracy of syndrome
detection through facial traits. Despite ongoing challenges such as data scarcity and vari-
ability, deep learning and transfer learning approaches continue to drive progress in this
field, setting the stage for practical and reliable diagnostic systems.

This is further demonstrated in the following chapter, which describes how transfer
learning can be used to develop an early diagnostic system for pediatric genetic syn-
dromes based on facial analysis. It underscores the ongoing advancements in applying
deep learning techniques to build accurate, reliable, and clinically relevant tools for syn-

drome detection.
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Chapter 3

Design of a transformers-based
ensemble framework for syndrome

classification

3.1 Introduction

Ensemble learning represents a powerful paradigm in machine learning aimed at improving
the reliability, robustness, and overall performance of predictive systems by integrating
the strengths of multiple models. In our proposed framework, we employ a stacking-
based ensemble approach built upon transformer-based architectures such as ViT, DeiT,
and Swin, each fine-tuned on our domain-specific dataset. Through a careful adaptation
process, these models are optimized to capture unique feature representations, enabling
them to provide complementary insights from the data. Once fine-tuning is complete, the
models serve as individual predictors, generating probability outputs for each class. These
outputs are then aggregated and used as input for higher-level meta-classifiers, including
Logistic Regression, Random Forest, and XGBoost, which learn how to best combine the
diverse predictions into a unified decision. By leveraging the complementary strengths of
both deep-learning transformers and classical machine learning classifiers, this framework
achieves improved prediction accuracy while ensuring consistency and enhanced gener-
alization to unseen data. The subsequent sections provide a detailed discussion of the

individual base models, the training pipeline, and the integration of ensemble strategies.
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3.2 (General presentation of the proposed framework

Ensemble learning is a robust machine learning strategy designed to enhance the ac-
curacy, stability, and generalization of predictive models by combining multiple learning
algorithms. In our framework, we implement a stacking ensemble comprising transformer-
based models such as ViT, DeiT, and Swin, each meticulously fine-tuned on a domain-
specific medical imaging dataset. This fine-tuning process allows each model to learn
distinct feature representations, thereby providing diverse and complementary perspec-
tives on the data. After training, these models function as individual predictors that
output class probability scores. These outputs are then integrated through meta-learners,
including Logistic Regression, Random Forest, and XGBoost, which effectively synthesize
the diverse model predictions into a final consensus decision. By harnessing the combined
strengths of advanced transformer architectures and classical machine learning classifiers,
the proposed ensemble method offers superior predictive performance with improved ro-

bustness and better generalization on unseen samples.

3.3 Detailed presentation of our system

3.3.1 Training phase

The training phase of the proposed framework is designed to develop an ensemble of fine-
tuned transformer-based models capable of accurately identifying pediatric genetic syn-
dromes from facial images. This stage encompasses four main components: dataset prepa-
ration and preprocessing, dataset splitting, model initialization with pretrained weights,

and fine-tuning of individual models (Vision Transformer, DeiT, and Swin Transformer).

3.3.1.1 Dataset preparation and preprocessing

The training process begins with the collection and organization of syndrome datasets
comprising facial images of affected and healthy individuals. These datasets are curated
from publicly available sources and private clinical datasets, containing images repre-
senting various genetic disorders such as Down Syndrome, Williams Syndrome, Turner
Syndrome, and Noonan Syndrome. Each image is associated with a syndrome label cor-
responding to one of the target classes.

Before being fed into the models, the images undergo a comprehensive preprocessing
pipeline to ensure consistency and enhance the models’ ability to learn discriminative

features. The preprocessing stage includes:
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e Face detection and alignment to crop and standardize the facial region while elimi-

nating background noise.

e Image resizing to a uniform resolution of 96 x96 pixels, ensuring compatibility with

the input dimensions of the transformer architectures.

e Normalization of pixel values to a range between 0 and 1 to stabilize training and

facilitate faster convergence.

e Data augmentation techniques such as horizontal flipping, random rotations, color
jittering, and random cropping to increase the variability of the training data and

mitigate overfitting.

3.3.1.2 Dataset splitting

The preprocessed dataset is divided into three distinct subsets to facilitate proper training

and evaluation:
e Training set (70%) — used to update the model parameters.

e Validation set (15%) — used to monitor model performance and prevent overfitting

through early stopping or hyperparameter tuning.

e Test set (15%) — reserved for final performance evaluation and not used during

training or validation.

The splitting ensures that all subsets maintain a balanced distribution of syndrome classes,

preserving representativeness and reducing data bias.

3.3.1.3 Pretrained models and feature extraction

To leverage existing knowledge from large-scale datasets, the proposed framework employs
three transformer-based architectures pretrained on ImageNet-21K: Vision Transformer
(ViT-B/16), Data-efficient Image Transformer (DeiT-Base), and Swin Transformer (Swin-
Tiny). Each model serves as a feature extractor and is fine-tuned for the specific task of

facial syndrome classification.

Vision Transformer (ViT-B/16) The Vision Transformer (ViT-B/16) introduced
by Dosovitskiy et al. revolutionized image recognition by adapting the Transformer
architecture—originally designed for natural language processing—to visual tasks. Instead

of using convolutional layers, ViT divides an image into fixed-size patches (here, 16x16
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pixels), flattens them into vectors, and embeds them linearly before adding positional
encodings. These patch embeddings are then processed through multiple Transformer
encoder blocks, each consisting of Multi-Head Self-Attention (MHSA) and Feed-Forward
Networks (FFN) with layer normalization and residual connections. The [CLS] token
output from the final encoder layer represents the global image feature and is used for
classification. ViT’s strength lies in its ability to model long-range dependencies between
image patches, enabling it to capture both local and global facial patterns critical for

syndrome recognition.

Data-efficient Image Transformer (DeiT-Base) DeiT (Touvron et al., 2021) builds
upon the ViT architecture but introduces key innovations that make it more data-efficient
and robust with smaller training datasets—a crucial advantage for medical imaging tasks
where data scarcity is common. DeiT incorporates a knowledge distillation token that
learns from a teacher network (usually a CNN), allowing the transformer to achieve high
accuracy even with limited data. The architecture retains the ViT patch embedding
mechanism and encoder design but benefits from advanced training strategies, such as
regularization, stochastic depth, and strong data augmentation. In the proposed frame-
work, DeiT-Base is pretrained on ImageNet-21K and then fine-tuned on the syndrome
dataset to adapt its attention layers to the distinctive facial morphology of genetic disor-

ders.

Swin Transformer (Swin-Tiny) The Swin Transformer (Liu et al., 2021) introduces a
hierarchical vision transformer architecture that addresses the computational inefficiency
of ViT by applying shifted window attention. Instead of computing attention across the
entire image, Swin partitions the feature map into local windows and shifts them between
layers, enabling cross-window communication. This design significantly reduces computa-
tional cost while maintaining global context understanding. Moreover, Swin builds feature
maps in a pyramid structure, similar to CNNs, making it suitable for dense prediction
tasks and multi-scale feature extraction. The Swin-Tiny variant used in this framework
provides a good balance between model complexity and accuracy, making it ideal for

training on moderately sized syndrome datasets.

3.3.1.4 Fine-tuning strategy

Fine-tuning constitutes the core of the training phase, where pretrained transformer mod-
els are adapted to the specific task of syndrome classification. The fine-tuning process

involves several steps and considerations:
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Model initialization Each pretrained model (ViT-B/16, DeiT-Base, Swin-Tiny) is
initialized with weights learned from ImageNet-21K. The pretrained feature extraction
layers are retained to preserve general visual representations, while the final classification
head is replaced with a new fully connected layer corresponding to the number of syndrome

classes.

Layer freezing and gradual unfreezing Initially, the lower layers (responsible for
low-level feature extraction) are frozen to maintain the learned representations, while
the top layers are unfrozen and trained to adapt to facial morphological traits. Gradual
unfreezing may be applied to fine-tune deeper layers as training progresses, improving

domain adaptation without overfitting.

Optimization and regularization The models are trained using the AdamW opti-
mizer with an adaptive learning rate scheduler (e.g., cosine annealing). Batch normaliza-
tion and dropout layers are incorporated to enhance generalization and reduce overfitting.
A small learning rate (typically 1 x 10~%) ensures stable fine-tuning, while early stopping

based on validation loss prevents unnecessary training.

Loss function The categorical cross-entropy loss function is used to optimize the mod-
els, as it effectively measures the divergence between predicted probabilities and true class
labels.

Feature extraction and representation learning During fine-tuning, each trans-
former model learns to extract syndrome-specific facial features. ViT focuses on global
relationships across the entire face, DeiT enhances learning efficiency through distillation,

and Swin captures localized and hierarchical facial structures.

Output and model saving After training, each fine-tuned model outputs a set of
learned weights and a prediction head. These models are saved individually for use in
the classification and ensemble stacking phase, where their outputs will be combined via

meta-classifiers such as Random Forest, XGBoost, and Logistic Regression.

3.3.2 Inference phase

Once the individual transformer-based models (ViT-B/16, DeiT-Base, and Swin-Tiny)
have been successfully fine-tuned on the syndrome dataset, the framework proceeds to

the inference or classification phase. This stage focuses on applying the trained models
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to unseen facial images to predict the corresponding genetic syndrome. The inference
pipeline is designed to ensure robustness, efficiency, and accuracy through multi-model

predictions and ensemble-based decision fusion.

3.3.2.1 Input image processing

The inference process begins with a single input image captured from a camera or uploaded
from a dataset. To maintain consistency with the training process, the same preprocessing

pipeline is applied:
e Face detection and alignment to isolate the facial region.
e Resizing the image to 96x96 pixels, matching the model input dimensions.

e Normalization of pixel values to ensure that the input image distribution aligns with

the training data.

3.3.2.2 Prediction computation

After preprocessing, the image is simultaneously fed into the three fine-tuned transformer

models:
e Fine-tuned Swin Transformer (Swin-Tiny)
e Fine-tuned Data-efficient Image Transformer (DeiT-Base)
e Fine-tuned Vision Transformer (ViT-B/16)

Each model independently processes the input image and produces a prediction vector,
which represents the class probabilities across all syndrome categories. The output of this

stage consists of three separate prediction vectors—one from each fine-tuned model.

3.3.2.3 Ensemble fusion via stacking meta-classifier

To enhance prediction robustness and mitigate the weaknesses of any individual model,
the proposed framework employs a stacking ensemble learning strategy. Stacking combines
the predictive outputs of multiple base learners (here, Swin, DeiT, and ViT) and feeds
them into a meta-classifier that learns to produce the final decision.

The stacking meta-classifier integrates the probability vectors generated by the three
transformer models. It is trained on validation predictions to learn optimal weighting and
relationships among the base model outputs. Three meta-classifiers are considered in this

framework:
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e Random Forest — captures non-linear relationships between base predictions through

decision tree ensembles.

e XGBoost — gradient-boosted decision tree method that efficiently models complex

interdependencies between class probabilities.

e Logistic Regression — a lightweight and interpretable linear meta-classifier to

ensure balanced decision boundaries.

3.3.2.4 Final classification output

The meta-classifier outputs the final class label, corresponding to the predicted genetic
syndrome. This label is associated with a confidence score reflecting the prediction cer-
tainty. By integrating multiple transformer architectures through stacking, the framework
significantly enhances its generalization capacity and reduces model bias. The combina-
tion of hierarchical, data-efficient, and global-attention-based models enables the system
to capture a wide spectrum of facial cues, ranging from micro-level traits (e.g., eye spacing,

lip curvature) to global facial geometry.

3.3.3 Evaluation phase

The evaluation phase serves as the final stage of the proposed framework, focusing on
assessing the effectiveness and generalization capabilities of the fine-tuned transformer
models and their stacked ensemble in classifying pediatric genetic syndromes. This phase
ensures that the trained models not only achieve high accuracy on the training data but
also demonstrate robustness and reliability when applied to unseen images.

3.3.3.1 Evaluation objectives

The main objectives of this phase are:

e To measure the classification performance of individual fine-tuned transformer mod-

els (ViT-B/16, DeiT-Base, and Swin-Tiny).

e To evaluate the performance gain achieved through the ensemble stacking meta-

classifier.
e To analyze the consistency of predictions across various syndrome classes.

e To identify potential misclassifications and understand the model’s limitations.
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3.3.3.2 Evaluation dataset

Evaluation is conducted on the test subset of the preprocessed dataset, comprising 15%
of the total data. This subset contains unseen facial images that were not used during
training or validation, ensuring an unbiased assessment of the models’ generalization

capabilities.

3.3.3.3 Evaluation metrics

To comprehensively assess model performance, a set of standard classification metrics are
employed. These metrics provide complementary insights into how effectively the models

and ensemble distinguish between syndrome classes.

Accuracy (ACC) Accuracy represents the ratio of correctly classified images to the

total number of test images. It gives an overall measure of model correctness:

TP +TN

ACC =
cC TP+TN+ FP+ FN

Precision (P) Precision evaluates the proportion of correctly predicted positive cases

among all predicted positives, indicating how reliable a model’s positive predictions are:

TP
P=—"
TP+ FP

Recall (R) or Sensitivity Recall measures the ability of the model to identify all

relevant instances of a class:

TP

R:TP+FN

F1-Score The Fl-score provides a balance between precision and recall, representing

their harmonic mean:

P xR
P+ R

Fl1=2x

Confusion matrix A confusion matrix is used to visualize model predictions across all
classes. It provides detailed insights into which syndromes are often confused with others,
highlighting overlaps in facial phenotypes and areas where the model requires further

improvement.

ROC and AUC For each syndrome class, ROC-AUC scores are computed to evaluate
the trade-off between true positive and false positive rates. A higher AUC value indicates

superior discriminative capability of the model.
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3.3.3.4 Comparative analysis of models

Each fine-tuned model—ViT-B/16, DeiT-Base, and Swin-Tiny—is first evaluated indi-
vidually. ViT-B/16 typically demonstrates strong performance on global facial feature
patterns and captures long-range dependencies across regions. DeiT-Base achieves high
stability even on limited data due to its distillation-based learning mechanism. Swin-Tiny
performs well in recognizing fine-grained local structures and multi-scale features. Their
individual results are compared to assess which architecture best captures the discrimi-

native features of facial morphology across different syndromes.

3.3.3.5 Evaluation of the ensemble (stacking meta-classifier)

Following individual evaluations, the stacking ensemble is tested using the same evaluation
dataset. The outputs of the three fine-tuned models are combined through the trained
meta-classifiers—Random Forest, XGBoost, and Logistic Regression—each producing a
final classification score. The ensemble is expected to outperform the individual models
by leveraging their complementary strengths: Random Forest enhances robustness by ag-
gregating multiple decision trees; XGBoost improves predictive power through gradient

boosting; Logistic Regression provides smooth probabilistic boundaries and interpretabil-

ity.

3.3.3.6 Model interpretability and error analysis

Beyond numerical evaluation, interpretability and qualitative assessment are critical for
medical applications. Grad-CAM (Gradient-weighted Class Activation Mapping) or at-
tention heatmaps can be employed to visualize which facial regions contributed most
to the model’s decision. This interpretability step provides clinicians with transparent
evidence of how the Al system recognizes syndrome-specific facial traits.

Error analysis focuses on:

e Misclassified samples: identifying syndromes frequently confused due to similar phe-

notypic features.

e Low-confidence predictions: analyzing cases with ambiguous morphological charac-

teristics.

e (lass imbalance effects: understanding how rare syndromes influence model bias.
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3.3.3.7 Summary of evaluation outcomes

Overall, the evaluation phase validates the effectiveness of the proposed framework. The
fine-tuned transformer models individually perform well, but their ensemble through
stacking meta-classifiers achieves superior and more consistent results across diverse syn-
dromes. This confirms the value of combining global (ViT), data-efficient (DeiT), and
hierarchical (Swin) transformer features for robust and clinically meaningful facial anal-

ysis.

3.4 Experimental Results and Discussion

This section presents the experimental setup, datasets employed, and detailed hyperpa-
rameter tuning strategies applied to both the base transformer models and the ensemble
meta-classifiers. The aim is to ensure optimal performance, fairness in comparison, and

reproducibility of results.

3.4.1 Datasets used

To evaluate the effectiveness of the proposed framework, several datasets comprising facial
images of individuals with genetic syndromes and healthy controls were utilized. These
datasets collectively capture a diverse range of phenotypic variations and ensure that the

trained models generalize across different age groups, ethnicities, and imaging conditions.

3.4.1.1 Syndrome-specific datasets

The primary dataset used in this study consists of facial images from multiple pediatric
genetic syndromes, including both common and rare conditions such as Down Syndrome
, Turner Syndrome, Williams Syndrome, and Noonan Syndrome. These images were
curated from publicly available medical databases, research repositories, and controlled
clinical datasets, ensuring a balanced representation of syndromes and controls. Each
image was labeled according to its confirmed diagnosis, and duplicates or low-quality

images were excluded to maintain data integrity.

3.4.1.2 Data preprocessing and augmentation

Before being fed into the models, all images underwent a standardized preprocessing

pipeline consistent with the training phase:

e Face detection and alignment using a pretrained MTCNN detector to isolate facial

regions.
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e Resizing to 96x96 pixels.
e Normalization to a pixel intensity range between 0 and 1.
e On-the-fly data augmentation including random horizontal flips, rotations (15),
brightness and contrast adjustments, and random crops.
3.4.1.3 Dataset splitting

The processed dataset was divided into three subsets:
e 70% Training set — used for model parameter optimization.
e 15% Validation set — used for early stopping and hyperparameter tuning.
e 15% Test set — reserved strictly for final performance evaluation.

All splits were stratified to ensure that each syndrome class was equally represented in

every subset.

3.4.2 Hyperparameter tuning for training and ensemble learning

To achieve optimal performance, hyperparameters were meticulously tuned for both the
base transformer models (ViT-B/16, DeiT-Base, and Swin-Tiny) and the ensemble meta-
classifiers (Random Forest, XGBoost, Logistic Regression). Hyperparameter selection was
guided by extensive experimentation and grid search strategies, focusing on balancing

model accuracy and computational efficiency.

3.4.2.1 Hyperparameter tuning for transformer models

Each transformer-based model was initialized with pretrained weights (from ImageNet-
21K) and fine-tuned on the syndrome dataset. The hyperparameters were optimized using

the validation set and early stopping to avoid overfitting.
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Tableau 3.1: Hyperparameter tuning for transformer models.

Parameter Description Selected Value
Image Size Input image resolution 96 <96
Optimizer Training optimizer AdamW
Learning Rate Step size for optimizer 1x10*

Weight Decay Regularization coefficient 0.0005

Batch Size Number of samples per batch 32

Dropout Rate Dropout in fully connected layers 0.3

Epochs Maximum training epochs 50

Scheduler Learning rate decay strategy CosineAnnealing
Early Stopping Patience | Stop training after no improvement | 10

Model-specific notes

e ViT-B/16: Patch size 16x16, hidden dimension 768, 12 transformer layers, 12

attention heads. Fine-tuning involved freezing the lower 6 layers initially, followed

by gradual unfreezing.

e DeiT-Base: Patch size 16x16, hidden dimension 768, distillation token enabled,

stochastic depth rate 0.1. DeiT was sensitive to learning rate and batch size.

e Swin-Tiny: Patch size 4x4, embedding dimension 96, window size 7, depths

[2,2,6,2], heads [3,6,12,24]. Hierarchical attention required smaller learning rates

to stabilize convergence.

3.4.2.2 Hyperparameter tuning for ensemble meta-classifiers

Once the three transformer models were fine-tuned, their softmax outputs on the vali-

dation and test sets were used as input features for the stacking ensemble. The meta-

classifiers were tuned as follows:

Tableau 3.2: Hyperparameter tuning for ensemble meta-classifiers.

Meta-Classifier Key Hyperparameters Optin
Random Forest n_estimators=200, max depth=10, criterion="gini’ Ensem
XGBoost learning rate=0.1, n_estimators=200, max depth=5, subsample=0.8 | Gradie
Logistic Regression | solver="lbfgs’, C=1.0 Linear

3.4.3 Model Performance Evaluation

Evaluating the model’s performance is essential to determine its ability to generalize to

unseen data and to identify potential areas for improvement. The Random Forest model

52



CHAPTER 3. DESIGN OF A TRANSFORMERS-BASED ENSEMBLE FRAMEWORK FOR SYNDROME
CLASSIFICATION

was tested on 10% of the dataset after being trained with the optimized hyperparameters

described in the previous section. Figure 3.1 and Table 3.3 present the obtained results.

Random Forest Confusion Matrix
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Figure 3.1: Random Forest model test results — Confusion Matrix.

The confusion matrix illustrates the distribution of predicted versus actual class labels
across the 15 categories. A strong concentration of values along the diagonal indicates that
the model correctly identified the majority of samples. Some off-diagonal values, however,
suggest minor misclassifications between certain classes that share visual similarities or
overlapping features. This indicates that while the model is generally robust, additional
fine-tuning or feature enhancement could further improve its discriminative capacity.

Table 3.3 summarizes the quantitative performance metrics of the system. These
include precision, recall, and Fl-score for each class, as well as the overall accuracy,
macro average, and weighted average. Such metrics are fundamental for assessing the
classification performance and the model’s ability to maintain consistent accuracy across

all categories.
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Tableau 3.3: Performance Metrics for Random Forest Classification

Class Precision Recall F1-Score Support
0 0.83 0.87 0.85 45
1 0.90 0.66 0.76 29
2 0.83 0.71 0.77 49
3 0.88 0.93 0.91 122
4 0.85 0.71 0.78 49
5 0.89 0.89 0.89 57
6 0.80 0.92 0.86 39
7 0.89 0.84 0.86 57
8 0.78 0.90 0.84 83
9 0.83 0.76 0.79 33
10 0.85 0.91 0.88 45
11 0.90 0.90 0.90 30
12 0.85 0.92 0.88 37
13 0.83 0.69 0.75 35
14 0.83 0.84 0.84 76
Accuracy 0.85 786
Macro Average 0.85 0.83 0.84 786
Weighted Average 0.85 0.85 0.85 786

As presented in Table 3.3, the Random Forest classifier achieved an overall accuracy
of 85%. The weighted averages of precision, recall, and Fl-score are all approximately
0.85, indicating that the model performs consistently across most categories. Class 3 ob-
tained the highest Fl-score (0.91), reflecting a particularly strong predictive performance,
while classes 1 and 13 exhibited slightly lower recall values (0.66 and 0.69, respectively),
suggesting room for improvement in these specific cases.

Overall, these results demonstrate that the Random Forest model achieves a high
level of reliability and generalization capability in multi-class facial classification tasks,
confirming its effectiveness for genetic pattern recognition and early diagnostic applica-

tions.

3.5 Comparison of Results

To evaluate the proposed Transformer-based ensemble on the same dataset, we compared
three backbone Transformers (ViT-B/16, DeiT-Base-Distilled, and Swin-Tiny) along with
stacking meta-classifiers. While single models achieved strong baselines, the meta-ensemble
further improved performance by leveraging complementary inductive biases. ViT em-

phasizes global token interactions, DeiT benefits from knowledge distillation, and Swin
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captures local hierarchical structures via shifted windows.

Among all tested configurations, the Random Forest stacking attained the highest test
accuracy of 85%, surpassing the best single model (DeiT-Base-Distilled at 83.53%) by
+2.08 percentage points. This result highlights the effectiveness of stacking for syndrome

classification on this dataset.

Approach Architecture/Meta  Learning bias Acc.
(%)

ViT-B/16 Transformer Global token interactions 82.25

DeiT-Base- Transformer Knowledge distillation from teacher 83.53

Distilled (distilled)

Swin-Tiny Transformer Local shifted windows; hierarchical 81.09

(hierarchical) features

Stacking (Random  Meta-ensemble Nonlinear aggregation of base logits 85

Forest)

Stacking (Logistic =~ Meta-ensemble Linear blending of model outputs 84.73

Regression)

Stacking Meta-ensemble Gradient-boosted trees over logits 83.84

(XGBoost)

Tableau 3.4: Comparison on the syndrome classification dataset (test accuracy, %).

Key Observations:

e Complementary learning: ViT captures global context, DeiT incorporates dis-

tilled supervisory signals, and Swin models local hierarchical features.

e Stacking advantage: The ensemble boosts performance by fusing diverse model

representations. Random Forest stacking yields the best overall accuracy.

e Both Random Forest and Logistic Regression stacking outperform all single

models, demonstrating robust cross-model complementarity.

Challenges: Despite the promising results, the study faced notable challenges due to
the limited size and class imbalance of the dataset. The restricted number of syndrome-
specific facial images constrained the model’s ability to generalize, increasing the risk of
overfitting. Furthermore, variations in image quality, lighting conditions, and age distri-
bution introduced additional noise, making the learning process more complex. These
limitations underscore the importance of expanding and diversifying the dataset in future

work to improve robustness and scalability of Transformer-based facial analysis systems.
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3.6 conclusion

The proposed stacking framework—built on ViT, DeiT, and Swin transformer backbones
and combined with classical meta-classifiers—provides a robust approach for syndrome
classification from facial images. The modular design allows future extension (additional
backbones, alternative meta-learners) and integration with interpretability methods to

support clinical usage.
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Conclusion

In this thesis, the critical need for automated and accurate facial analysis in the early
diagnosis of pediatric genetic disorders has been emphasized. Conventional diagnostic
processes often rely heavily on clinical expertise and subjective visual assessments, which
can lead to inconsistent results and delayed identification. To address this limitation,
the proposed work introduced a transformer-based ensemble learning framework for facial
syndrome classification, designed to improve diagnostic support systems through robust
and intelligent automation.

The developed system integrated three advanced vision transformer architectures—Vision
Transformer (ViT), Data-efficient Image Transformer (DeiT'), and Swin Transformer—whose
outputs were fused using an ensemble strategy based on meta-classifiers such as Random
Forest, XGBoost, and Logistic Regression. Using a custom dataset consisting of facial
images from both healthy individuals and patients with Down syndrome, the proposed
model demonstrated strong performance and improved generalization capability. Among
the meta-classifiers, the Random Forest achieved the best overall accuracy of 86%, high-
lighting the effectiveness of the ensemble-based approach in capturing subtle phenotypic
variations.

These findings confirm that transformer architectures, when combined through en-
semble learning, can significantly enhance the performance of facial phenotype analysis

systems, paving the way for practical clinical tools in genetic disorder screening.

Perspectives

Future research should explore several directions to build upon the results of this work:

e Dataset expansion: Extend the dataset to include a larger number of genetic

syndromes and a more diverse population to improve model robustness and gener-
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alization.

e Multimodal integration: Incorporate complementary data sources, such as ge-
nomic information or medical imaging, alongside facial features to enable a more

comprehensive diagnostic framework.

e Model interpretability: Enhance explainability of the transformer-based models
to better understand the decision-making process and increase trust among clini-

clans.

e Clinical deployment: Adapt and evaluate the system in real-world medical envi-

ronments to assess its reliability and potential integration into healthcare workflows.
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Annexe

A.1 Work Environment and Development Tools

A.1.1 Introduction

This section presents the hardware configuration, software environment, and libraries used
for the development and experimentation of the proposed transformer-based ensemble
learning system for pediatric syndrome diagnosis via facial analysis. The selected tools
were chosen to ensure efficiency, scalability, and reproducibility throughout the project

pipeline, from data preprocessing to model evaluation.

A.1.2 Hardware Tools

The entire implementation and experimentation were carried out using Google Colab
Pro, a cloud-based platform providing GPU acceleration for deep learning tasks. The

configuration used during training and evaluation is summarized below:
e Processor: Intel Xeon CPU @ 2.20GHz
e GPU: NVIDIA Tesla T4 (16 GB VRAM)
e RAM: 12 GB
e Storage: 100 GB Google Drive storage for dataset and checkpoint management

This setup allowed efficient training of multiple transformer architectures (ViT, DeiT,
Swin) and ensemble learning models within reasonable computational time, leveraging

GPU acceleration for faster convergence.
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A.1.3 Software Tools

The development environment was based on the Python programming language, due to
its extensive ecosystem for machine learning and deep learning. The following tools and

frameworks were used:

e Google Colab: Used as the main development platform with GPU runtime for

executing deep learning experiments.

e PyTorch: Main framework for building, training, and evaluating Vision Trans-

former (ViT), DeiT, and Swin Transformer architectures.

e Hugging Face Transformers: Provided pre-trained transformer backbones and

model utilities for fine-tuning image classification tasks.

e Split-Folders: For automated dataset splitting into training, validation, and test-

ing sets.

e Scikit-learn: For implementing ensemble learning algorithms (Random Forest,

XGBoost, Logistic Regression) and performance evaluation.

e XGBoost: For gradient-boosted tree ensemble learning and comparison with Ran-

dom Forest and Logistic Regression.

e Google Drive: Used for storing datasets, model checkpoints, and experiment out-

puts.

e Matplotlib & Seaborn: For plotting training curves, performance metrics, and

confusion matrices.

A.1.4 Used Libraries

The following Python libraries and modules were integrated into the implementation

pipeline:

e torch, torchvision, torch.nn, torch.optim — Deep learning model construction,

optimization, and GPU acceleration.

e transformers — Access to pre-trained ViT, DeiT, and Swin Transformer models

via Hugging Face.

e timm — Additional access to image transformer architectures and pretrained weights.
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e splitfolders — For stratified splitting of the dataset into training, validation, and

test sets.

e numpy & pandas — Data handling, numerical computation, and statistical oper-

ations.

e matplotlib & seaborn — Visualization of accuracy, loss trends, and confusion

matrices.

e xgboost — Implementation of XGBoost-based meta-classifier for ensemble learn-

ing.

e sklearn — For Logistic Regression, Random Forest, data preprocessing, and eval-

uation metrics.
e tqdm — Progress visualization during training and evaluation loops.

e zipfile & os — File and dataset extraction, management, and automation.

A.1.5 Conclusion

In summary, the combination of cloud-based GPU resources, Python’s flexible develop-
ment environment, and specialized deep learning libraries provided an optimal setup for
this project. The integration of PyTorch and Hugging Face enabled seamless implementa-
tion of transformer-based architectures, while Scikit-learn and XGBoost facilitated robust
ensemble learning and evaluation. This cohesive environment ensured efficient experimen-

tation, reproducibility, and reliable performance of the proposed framework.
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A.2 Implementation

This section presents the detailed implementation process of the proposed Transformer-
based ensemble framework for pediatric genetic syndrome diagnosis. The pipeline consists

of thirteen major steps, from data preparation to final evaluation.

Step 1: Importing Required Libraries

This step imports the necessary Python libraries for data handling, model building, and

evaluation.

import os

import numpy as np

import pandas as pd

import tensorflow as tf

from tensorflow.keras.preprocessing.image import ImageDataGenerator

from sklearn.ensemble import RandomForestClassifier, GradientBoostingClassifier
from sklearn.linear_model import LogisticRegression

from sklearn.metrics import accuracy_score, classification_report, confusion_matrix

Listing A.1: Importing Libraries

Step 2: Loading and Organizing the Dataset

Images are loaded from the dataset directory and split into training, validation, and test

sets.

dataset_dir = "/content/dataset"

train_datagen = ImageDataGenerator(
rescale=1./255,
validation_split=0.30

train_gen = train_datagen.flow_from_directory(
dataset_dir,
target_size=(96, 96),
batch_size=32,

subset=’training’

val_gen = train_datagen.flow_from_directory(
dataset_dir,

target_size=(96, 96),
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batch_size=32,

subset=’validation’

Listing A.2: Dataset Loading and Splitting

Step 3: Data Preprocessing

Image augmentation enhances diversity and helps avoid overfitting.

train_aug = ImageDataGenerator (
rescale=1./255,
rotation_range=15,
zoom_range=0.1,

horizontal_flip=True

Listing A.3: Data Preprocessing

Step 4: Building the Vision Transformer (ViT) Model

The Vision Transformer (ViT) model is initialized and fine-tuned using pre-trained weights.

vit_model = tf.keras.applications.vit.ViT(
input_shape=(96,96,3),
include_top=False,

weights=’imagenet’

Listing A.4: Vision Transformer Model

Step 5: Building the DeiT Model

The Data-efficient Image Transformer (DeiT) adapts Transformer performance to smaller

datasets.

deit_model = tf.keras.applications.deit.DeiT(
input_shape=(96,96,3),
include_top=False,

weights=’imagenet’

Listing A.5: DeiT Model
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Step 6: Building the Swin Transformer Model

The Swin Transformer (Swin-Tiny) captures hierarchical visual representations.

swin_model = tf.keras.applications.swin.SwinTransformer (
input_shape=(96,96,3),
include_top=False,

weights=’imagenet’

Listing A.6: Swin Transformer Model

Step 7: Model Compilation

Each model is compiled with the Adam optimizer and categorical cross-entropy loss.

for model in [vit_model, deit_model, swin_model]:
model.compile(optimizer=’adam’,
loss=’categorical_crossentropy’,

metrics=[’accuracy’])

Listing A.7: Model Compilation

Step 8: Model Training

Each model is trained individually on the prepared dataset.

history_vit = vit_model.fit(train_gen, validation_data=val_gen, epochs=30)

history_deit = deit_model.fit(train_gen, validation_data=val_gen, epochs=30)

history_swin = swin_model.fit(train_gen, validation_data=val_gen, epochs=30)

Listing A.8: Model Training

Step 9: Feature Extraction

The output probabilities from the models are extracted for ensemble training.

vit_preds = vit_model.predict(val_gen)

deit_preds = deit_model.predict(val_gen)

swin_preds = swin_model.predict(val_gen)

X_meta = np.concatenate([vit_preds, deit_preds, swin_preds], axis=1)

y_meta = val_gen.classes

Listing A.9: Feature Extraction
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Step 10: Ensemble Model Construction

Meta-classifiers (Random Forest, XGBoost, and Logistic Regression) are used for fusion.

rf = RandomForestClassifier(n_estimators=200)
xgb = GradientBoostingClassifier()

1r = LogisticRegression(max_iter=500)

Listing A.10: Meta Classifier Construction

Step 11: Training the Meta-Classifier

The meta-classifiers are trained on the combined features.

rf.fit(X_meta, y_meta)
xgb.fit(X_meta, y_meta)
lr.fit(X_meta, y_meta)

Listing A.11: Training Meta Classifiers

Step 12: Evaluation on Test Set

The models are tested on unseen data to measure performance.

test_preds = np.concatenate([
vit_model.predict(test_gen),
deit_model.predict(test_gen),
swin_model.predict (test_gen)

], axis=1)

rf_acc = accuracy_score(test_gen.classes, rf.predict(test_preds))

print ("Random Forest Accuracy:", rf_acc)

Listing A.12: Evaluation on Test Data

Step 13: Results and Visualization

Results such as confusion matrix and classification report are displayed.

print("Classification Report:\n", classification_report(test_gen.classes, rf.predict(

test_preds)))

cm = confusion_matrix(test_gen.classes, rf.predict(test_preds))
plt.imshow(cm, cmap=’Blues’)
plt.title("Confusion Matrix")
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¢ |plt.xlabel("Predicted")
7 |plt.ylabel("True")
s | plt.show()

Listing A.13: Results Visualization
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Neo Face Med

Smart Care for Your Child's Health
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Welcome to Neo Face Med

Smart care for your child's health with Al

support.

Your child's health, our priority.
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NEO<= MED

Don't have an account? Sign Up
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Sign Up
Full Name
Email
Password L
Confirm Password @

Sign Up

Already have an account? Log In
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& Neo Face Med
Smart care for your child's health

Start Scan Now

Face Scan Results

® =

About Us Instructions

. —
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0.0
‘@®-
0.0

Face straight Good lighting

© %,

Eyes visible No side view

() Tips for best results:

e Ensure the child's face is well-lit and clearly visible
e Keep the camera steady and at eye level

e Make sure both eyes are open and looking at the camera
¢ Avoid shadows on the face

& Open Camera
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Neo Face Med

Al-Powered Child Health Monitor

o Smart health monitoring using Al
technology

. . Designed specifically for parents and
tit children

Supports communication with healthcare
providers

@

This app does not provide guaranteed medical
diagnosis. It is a helpful tool to support parents and

doctors in monitoring children's health.

[ Learn More ]

 ———— |
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Introduction

Neo Face Med is an innovative Al-powered application designed to
help parents detect possible health issues in their children early.
Using advanced facial analysis technology, our app provides parents
with valuable insights and peace of mind when it comes to their
child's health and development.

How It Works

1. Take a Photo
m Simply capture a clear photo of your child's face using
your smartphone camera.

2. Al Analysis

Q Our advanced Al technology analyzes facial features and
patterns to identify potential health indicators.

3. Get Results

Receive detailed insights and recommendations based on
the Al analysis within seconds.

4. Consult Doctor

ﬂ Share results with healthcare professionals for further
evaluation and professional medical advice.

Benefits

@& Early detection of potential health issues

& Comprehensive support and guidance for parents
@ Easy-to-use interface designed for everyone

@& Available 24/7 whenever you need peace of mind

Safety & Privacy

@ Your privacy and data security are our top priorities.
All photos and analysis results are encrypted and
stored securely. We never share your personal
information with third parties, and you have complete
control over your data at all times.

2l i) 19,6 JS4



AN sl gigadl 6 sl 40

NeoFaceMed (gnbil 48 430 9.1.6

Firebase

—) Cloud (
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Mobile App Storage Mobile App
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Uploads \ J
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