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Abstract

Researchers are increasingly concerned with the challenge of providing nutritious, high-quality food to meet

the growing global population. In this context, applying machine learning (ML) and deep learning (DL)

models to classify and identify key protein properties, such as antioxidants and allergens, holds significant

potential. This approach can improve food formulation, safety, and sustainability, contributing to healthier

products that meet nutritional needs.

This project, in collaboration with OmniumAI, a spin-off from the University of Minho, focused on ad-

vancing the development of OmniA, an automated machine learning (AutoML) platform. In the Proteins

sub-package, new protein descriptors were added to the feature extraction module, and three encoding

methods were updated (Non-linear fisher, Evolutionary scale modeling, and Protbert) to handle sequences

of up to 600 amino acids through padding and truncation. In the Generics sub-package, four DL mod-

els were implemented: Autoencoder and 1D convolutional neural networks (CNN1D), for tabular data;

recurrent neural networks (RNNs), and CNN1D-RNNs for matrix data. Cross-validation support was added

and both sub-packages now include presets at three complexity levels, which progressively increase the

computational resources utilized.

Benchmarking was conducted on specific antioxidant and allergen datasets to validate OmniA’s devel-

opment. In the antioxidant study, OmniA’s top pipeline (based on pre-trained ESM2 model, with a tabular

predictor) achieved balanced results (accuracy and F1-scores around 0.7). While not the top-performing

approaches, it provided strong reliability through robust methods that maintained the integrity of the test

set. For the allergenic study, OmniA’s pipeline (similar configuration) outperformed other approaches with

excellent results (accuracy and F1-score of 0.94).

In conclusion, OmniA strikes a balance between predictive capacity and computational efficiency

across both case studies. The platform is flexible, automatic, and user-friendly, even for individuals without

deep expertise, while remaining competitive with traditional approaches.

Keywords Automated machine learning, OmniA, proteins
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Resumo

Os investigadores estão preocupados com o desafio de fornecer alimentos nutritivos e de alta qualidade

para satisfazer a crescente população mundial. Neste contexto, a aplicação de modelos de aprendizagem

de máquina e de aprendizagem profunda para classificar propriedades proteicas, como antioxidante e

alergénica, tem um potencial significativo. Esta abordagem pode melhorar a formulação, segurança e

sustentabilidade dos alimentos, contribuindo para produtos que satisfaçam as necessidades nutricionais.

Este projeto, em colaboração com a OmniumAI, uma spin-off da Universidade do Minho, focou-se

no desenvolvimento da OmniA, uma plataforma de aprendizagem máquina automática. No sub-pacote

de proteínas, foram adicionados novos descritores proteicos ao módulo de extração de caraterísticas,

e três métodos de codificação foram actualizados para lidar com sequências de até 600 aminoácidos

através de preenchimento e truncagem. No sub-pacote de genéricos, foram implementados quatro mod-

elos de aprendizagem profunda (Autoencoder, CNN1D para dados tabulares, RNN e CNN1D-RNN para

dados matriciais), juntamente com suporte para validação cruzada. Ambos os sub-pacotes incluem agora

predefinições em três níveis de complexidade: leve, médio e pesado.

Para validar o desenvolvimento, foi efectuada uma avaliação comparativa com comparativa em con-

juntos de dados específicos de proteinas antioxidantes e alergénicas para validar o desenvolvimento da

OmniA. No estudo de antioxidantes, a melhor pipeline da OmniA (baseada no modelo ESM2 pré-treinado,

com um modelo tabular predictor) obteve resultados equilibrados (accuracy e F1-score de 0,7). Embora

não seja a abordagem com melhor desempenho, proporcionou uma forte fiabilidade através de métodos

robustos que mantiveram a integridade do conjunto de testes. Para o estudo em proteinas alergénicas, a

pipeline do OmniA (configuração semelhante) superou as outras abordagens com excelentes resultados

(accuracye F1-score de 0,94). .

Em suma, a OmniA consegue um equilíbrio entre a capacidade preditiva e eficiência computacional.

A plataforma é flexível e automática , mantendo-se competitiva em relação às abordagens tradicionais.

Palavras-chave Aprendizagem máquina automatizada, OmniA, proteinas
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and ŷ are the predicted outputs. . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

2 Main types of descriptors, as well as an example of each and its description. . . . . . . 32

3 Recent studies applying machine learning and deep learning methodologies to predict

the antioxidant (blue) and allergenic (green) properties of proteins. . . . . . . . . . . . 35

4 Machine learning models used in ProPythia alongside their respective hyperparameters,

which were tuned using randomized search optimization. . . . . . . . . . . . . . . . . 49

5 Descriptor presets that generate a set of descriptors from protein sequences. . . . . . . 55

6 Overview of preset configurations for protein sequence analysis, detailing the complexity

levels and the respective choices available for standardization and feature extraction. . . 56

7 Default hyperparameters of the developed deep learning models . . . . . . . . . . . . 57

8 Validation metrics for the top 4 pipelines selected for the antioxidant case study. . . . . 68

9 Validation metrics for the top 4 pipelines selected for the allergenic case study. . . . . . 70

10 Optimized hyperparameters and performance metrics for each model and type of data

representation in the antioxidant case study. . . . . . . . . . . . . . . . . . . . . . . 71

11 Optimized hyperparameters and performance metrics for each model and type of data

representation in the allergenic case study. . . . . . . . . . . . . . . . . . . . . . . 74

xi



Acronyms

Adam Adaptive Moment Estimation

AE Autoencoder

AI Artificial Intelligence

ANN Artificial Neural Networks

ANOVA Analysis of Variance

API Application Programming Interface

ASPs Allergen-Specific Patterns

AutoML Automated machine learning

BLOSUM Block Substitution Matrix

CART Classification And Regression Trees

CKSAAP Composition of k-Spaced Amino Acid Pairs

CNN Convolutional Neural Networks

COMPARE Comprehensive Protein Allergen Resource

CT Conjount Triad

DDE Dipeptide Deviation from Expected Mean

DL Deep Learning

DNA Deoxyribonucleic Acid

DNN Deep Neural Networks

xii



ESM Evolutionary Scale Modeling

FAO Food and Agriculture Organization

GAAC Grouped Amino Acid Composition

GPU Graphics Processing Unit

GRU Gated Recurrent Unit

ID3 Iterative Dichotomiser 3

IUIS International Union of Immunological Societies

IoT Internet of Things

KNN K-Nearest Neighbor

LASSO Least Absolute Shrinkage and Selection Operator

LSTM Long Short-Term Memory

NB Naïve bayes

MCC Matthews Correlation Coefficient

MLM Masked Language Modelling

MAE Mean Absolute Error

MSE Mean Square Error

MRMR Maximum Relevance Minimum Redundancy

ML Machine Learning

MCC Matthews Correlation Coefficient

MLP Multi-Layer Perceptron

NLP Natural Language Processing

NN Neural Network

NNI Neural Network Intelligence

xiii



NLF Non-Linear Fisher

PCA Principal Component Analysis

PCs Principal Components

PDB Protein Data Bank

PR Precision Recall

PSI-BLAST Position-Specific Iterative Basic Local Alignment Search Tool

PSSM Position-Specific Scoring Matrices

PSFM Position-Specific Frequency Matrix

R2 Coefficient of Determination

ReLU Rectified Linear Unit

ROC Receiver Operating Characteristic

RNA Ribonucleic Acid

scRNA-seq single-cell RNA sequence

SDAP Structural Database of Allergenic Proteins

RNA-seq RNA sequence

RMSE Root Mean Square Error

RMSprop Root Mean Square Propagation

RNN Recurrent Neural Networks

SGD Stochastic Gradient Descent

SNE Stochastic Neighbor Embedding

SVM Support Vector Machines

t-SNE t-Distributed Stochastic Neighbor Embedding

Tanh Tangent Hyperbolic

xiv



TPE Tree-structured Parzen Estimator

UniProt Universal Protein Resource

WHO World Health Organization

xv



Chapter 1

Introduction

This chapter covers the context and motivation for carrying out this project, including a description of

the main and intermediate objectives that will contribute to the completion of everything that has been

suggested and discussed with the company OmniumAI.

1.1 Context and motivation

In modern society’s complex challenges, Artificial Intelligence (AI) is emerging as a vital discipline within

computer science. Within this vast field, Machine Learning (ML) stands out, a specialised domain whose

purpose is to use models capable of offering accurate predictions for unseen data . The generalised ML

pipeline, which ranges from pre-processing raw data to choosing suitable algorithms for training models

and evaluating their performance, demonstrates its versatility and usefulness in various areas. A crucial

subdivision within the ML field is Deep Learning (DL), which uses Neural Networks (NNs) as its backbone.

Especially effective for tackling highly complex problems, intricate feature engineering requirements and

large datasets, DL stands out as a powerful tool [1].

New omics technologies, especially in areas such as proteomics, generate large-scale datasets and,

as such, ML and DL algorithms have emerged as indispensable tools [2]. The application of suitable

algorithms and relevant descriptors makes it possible to efficiently process this type of data, providing

robust results in a scenario where manual processing would be impractical and prone to inaccuracies [3].

However, despite the computational limitations, the real complexity in implementing these algorithms lies

in carefully analysing each stage of the pipeline [1].

On the other hand, nowadays, a fundamental issue is causing growing concern among the world’s

leading organisations: the ability to provide nutritious and quality food to keep up with the increase in the

global population [4]. In this sense, the application of ML and DL to classify and identify specific protein

properties is extremely important, as it can influence food formulation, concerns related to food safety and

1



sustainability, and the creation of healthier food products suited to the nutritional needs of the population

[5, 6]. In this context, the development of personalized foods and those based on alternative proteins

present viable solutions to address the challenges posed by current demographic growth [5].

OmniA, developed by OmniumAI, is an advanced AI platform that uses precise ML and DL models to

analyse a variety of data. One of OmniA main highlights is its ability to automate the creation of models

using an Automated machine learning (AutoML) approach, making it a ”hands-off” tool that can be used

even by users with little prior knowledge. Thus, the continued development of this platform is highly

justified, allowing it to be used to analyze and classify proteins with specific properties in the food industry,

such as antioxidants and allergens. This expansion of OmniA’s capacity will contribute significantly to

advances in food formulation, driving the creation of safer, high-quality products [7].

1.2 Objectives

The main objective of this work is to develop an automated ML and DL framework based on Python, cover-

ing back-end development to solve protein classification challenges based on their amino acid sequences,

extending and validating existing software developed at OmniumAI. More specifically, the work will address

the following scientific/technological objectives:

• A literature review on the relevant topics and exploring potential applications of ML and DL models

in a related context;

• Exploring different datasets for protein properties, from which a few will be chosen to test the

package’s ability to deal with binary, multiclass and regression problems;

• Explore OmniA, and possibly other competitive frameworks, for protein sequence representation

and classification, assessing their performance in different case studies, including antioxidant and

allergenic classification;

• Improving OmniA’s back-end, namely in what pertains to the module that handles protein informa-

tion, which will include code optimization, bug fixing, the automation of some pipeline steps, and

the possible addition of new models, algorithms and general ML and DL features;

• Validate the previous application in different scenarios, with a focus on the ones provided by the

case studies put forward above;

• Writing the thesis and, possibly, scientific publications with the main results of this work.

2



1.3 Thesis Organization

The thesis is organized in six chapters, a brief description of the chapters is given as follows:

• Chapter 1: Introduces the motivation and main goals of this work, providing a brief overview of the

research context.

• Chapter 2: Provides a bibliographical review on topics essential to this work, addressing the chal-

lenges that motivate the study of proteins and their properties. It explores the biological context

of protein and delves into the foundations of ML and DL. Additionally, discusses the application

of these techniques in predicting specific protein properties, such as antioxidant and allergenic

characteristics, along with relevant software tools used throughout the study.

• Chapter 3: Describes the methods used, with emphasis on the architecture of the OmniA platform

and the Propythia framework.

• Chapter 4: Details the enhancements made to OmniA, particularly the development of modules

within the Proteins and Generics sub-packages.

• Chapter 5: Presents the results and discussion, highlighting the characteristics of the datasets, the

performance of the enhanced AutoML platform integrated into OmniA, and a comparative analysis

with other methods reported in the literature.

• Chapter 6: Concludes the dissertation with key aspects and suggestions for future work.
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Chapter 2

Fundamentals and Applied Approaches

This chapter provides a bibliographical review on the topics essential to the development of this work. The

challenges that justify research into this topic will be addressed, with a focus on proteins, which represent

the biological aspect of the investigation. ML and DL techniques, which form the computational basis

of this study, will also be explored, as well as the applicability of these techniques in predicting protein

properties of interest, namely antioxidant and allergenic properties.

2.1 Food challenges

By 2050, the world´s population is expected to reach 9.7 billion people, representing an increase of

around 2.3 billion compared to today [8]. This continued growth presents significant challenges for guar-

anteeing universal access to nutritious and healthy food. Population growth is directly associated with

increasing demand, as shown in Figure 1, for products such as meat, fruits, vegetables, and cereals,

putting considerable pressure on natural resources [9].

Figure 1: Projection of food demand and food production, in millions of tonnes, from 2020 to 2050 [9].
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Faced with this challenge, there is a pressing need to adopt the ’sustainable food system’ [10]. This

new concept aims to guarantee everyone’s food security and nutritional value, while respecting economic,

and environmental standards [11]. The fundamental objective is to ensure that the well-being of future

generations is not compromised by promoting a sustainable approach to food production, distribution, and

consumption [10].

In response, the advent of Industry 4.0, which incorporates concepts such as Big Data, Cyber Security,

Cloud Computing, Internet of Things (IoT), Advanced Robotics, AI, Digital Twins and Blockchain, stands out

as a beacon of hope. It revolutionizes food production and safety processes sustainably and opens doors to

practical applications in research into customized functional foods, providing unprecedented opportunities

to create innovative products that benefit human health [12].

Recently, the research and application of functional foods have experienced a remarkable transfor-

mation, driven by the incessant search for new sources of bioactive molecules [13, 14]. Proteins have

been the focus of special attention in this scenario, with efforts aimed not only at optimizing production

processes, but also at personalizing the nutritional offer. Industry 4.0 plays a crucial role in this panorama,

enabling not only improved efficiency in the extraction of these molecules from different sources, but also

a dynamic response to the specific demands of developing functional foods [13].

Food traceability technology is a fundamental pillar of this innovation [15]. By integrating advanced

systems, the industry ensures safety and transparency in protein production. Consumers can now trace

the origin, production methods, and even quality tests associated with the proteins present in the functional

foods they consume. This synergy between cutting-edge research and Industry 4.0 not only guarantees

quality, but also strengthens consumer confidence in the origin and beneficial properties of the proteins

they eat [13, 16]. By integrating Food Industry 4.0 innovations into protein research and application, we

are not only driving efficiency, but also shaping the next generation of functional foods in an adaptable,

connected, and transparent way [13, 15].

Although functional and fortified foods offer notable advantages, their application faces substantial

challenges that transcend the sphere of nutritional composition. The degradation and loss of functional-

ity associated with the instability of bioactive compounds, in particular the stability of proteins, not only

compromise the sensory properties of food products, but also introduce a complicated dilemma in the

search for effective and sustainable production of these innovative foods [13, 17]. It is therefore impera-

tive to implement innovative strategies that also take into account the highest quality standards and market

demands, giving rise to a more nutritionally, healthy and easily marketed customized food [18, 13, 14].
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2.2 Proteins

Proteins, as essential macromolecules with high nutritional value, are present in all living organisms, play-

ing an irreplaceable role in a variety of biochemical processes crucial to cellular structure and functioning

[19]. Their intricate structure and functional diversity give them the status of ’molecular machines’ in the

context of the biological world, being the subject of research since the 19th century, and thus placing them

at the heart of biological complexity [19, 20].

2.2.1 Protein sources

The growing demand for protein raises serious concerns, especially given the predominance of the current

source, which is animal-based [21, 22, 23]. This type of source is associated with considerable amounts

of resources and has significant impacts on environmental sustainability. Given this scenario, it becomes

imperative to direct efforts toward the development of new protein sources capable of addressing the

imminent shortage of this vital nutrient [21, 22]. Figure 2 provides a comprehensive overview of the main

protein sources discussed in the literature, highlighting the positive aspects and the challenges associated

with each category of protein source.

Figure 2: Exploring alternative protein sources: A comprehensive overview of the different options, high-

lighting some benefits and challenges. Adapted from [21, 22].
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Analyzing recent data and considering the technological innovations underway, it is clear that the

alternative protein market is constantly advancing [21, 22]. However, the sector faces several challenges

that demand attention. Price parity, achieving competitive flavors and textures, consumer acceptance,

lack of functional and technological properties (e.g., solubility, emulsion, gelation, and foaming), as well as

access, security, and distribution issues, emerge as crucial constraints to overcome if the alternative protein

sector is to achieve a more significant market share globally [21, 22]. In this way, proteins of alternative

origin are becoming a real revolution in food, presenting clear benefits for industry and consumers [21].

2.2.2 Amino acids residues

Proteins come from a Deoxyribonucleic Acid (DNA) molecule, which is transcribed into an Ribonucleic

Acid (RNA) molecule and then translated in ribosomes, resulting in a linear sequence of amino acids

connected by covalent bonds, forming a polypeptide [19, 24]. These monomeric molecules have a general

structure, illustrated in Figure 3, with a central alpha carbon covalently linked to a carboxyl group, an amino

group, a hydrogen atom, and a side chain (R group) that varies for each amino acid [19].

Figure 3: Tetrahedral arrangement of an amino acid residue. A common structure to almost all α-amino

acids. Adapted from [19].

There are 20 common amino acids designated as standard amino acids [19, 25]. Diversity in the

side chain (R group) gives each amino acid unique properties, such as size, electrical charge, polarity,

molecular weight, and structure, playing a crucial role in the biochemical processes associated with these

molecules [19, 20].

To simplify the identification of amino acids and reduce the size of files containing protein sequences,

coding systems have been adopted [19]. These systems generally use abbreviations of the real names of

each amino acid or just consider symbols.
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2.2.3 Protein structure

Proteins are often described in four structural levels, each marked by increasing complexity: primary,

secondary, tertiary, and quaternary [19, 20, 26]. This hierarchy reveals the architecture and functionality

of proteins, offering an engaging analogy with the construction of a house, as shown in Figure 4 [20].

In the primary structure, the linear sequence of covalently linked amino acids, from the N to the C-

terminal, acts as the building blocks, outlining the backbone of the protein [20, 24, 25]. The secondary

structure adds layers of complexity, with the peptide chain forming stable patterns such as α-helices, β-

sheets, and non-regular coils - comparable to the walls of a house [20, 24]. In tertiary structure, the protein

folds three-dimensionally, creating a unique shape stabilized by more subtle interactions, such as Van der

Waals bonds [19, 27]. This phase is equivalent to the architecture of the rooms and corridors [20]. In

the quaternary structure, the final architecture of the house is completed, where two or more polypeptides

organize themselves three-dimensionally, folding independently to form complexes called oligomers [19,

20]. These oligomers can be homooligomers, composed of identical subunits, or heterooligomers, with a

mixture of different tertiary structures.

Figure 4: The four levels of protein structure. The building blocks, the amino acid sequence forms the

primary structure; The assembly of the building blocks into a uniform formation constitutes the secondary

structure; The assembly of the secondary structures into a further dimension forms the tertiary structure;

The quaternary structure consists of the spatial association of all polypeptides. Adapted from [19, 20].
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This analogy between protein architecture and the construction of a house not only simplifies under-

standing, but also highlights the beauty and functionality present at each structural level. Just as a house

requires harmony between its parts, each structural level contributes to the functional integrity of proteins,

revealing a true spectacle of molecular bioengineering [20].

2.2.4 Protein function

Proteins perform crucial functions, such as building and maintaining tissues, transporting key substances,

supporting the immune system, hormonal regulation, acting as catalysts in biochemical reactions, cellular

communication, storage, and controlling the cell cycle, among others [19, 28].

The diversity of protein functions opens the door to countless applications, including in the food indus-

try [27, 28]. Understanding these functions and their relationship with specific protein properties makes

this sector attractive, enabling the creation of products that sustainably promote health and well-being. In-

novative approaches, such as computational biology, have been employed to explore the protein properties

of diverse sources, providing valuable alternatives in a constantly growing food market [29, 30].

It is crucial to recognize that the chemical properties of proteins are shaped by their interactions with

major food constituents, such as water, other proteins, lipids, and carbohydrates, as well as minor con-

stituents such as salts, metal ions, and phenolic compounds [19, 25, 27]. Therefore, exploring protein

properties alone is not enough. Key characteristics, such as surface properties of proteins, foaming ca-

pacity, and creating emulsions, play a crucial role and must be taken into account [27], especially in

processed products, where texture, appearance, and stability are critical factors in satisfying consumer

demands [25, 27].

2.2.5 Case studies

Antioxidant proteins

Antioxidant properties have come under increasing researches due to their crucial role in minimising and

controlling the formation of free radicals [31]. These highly reactive compounds are associated with food

spoilage and the development of pathologies such as diabetes, alzheimer’s, cancer, among others [32].

Xu et. al, highlighted six amino acids (tryptophan, methionine, histidine, lysine, cysteine, arginine, and

tyrosine) with remarkable antioxidant capacity [33]. However, it is important to emphasize that analyzing

the protein structure may offer more comprehensive insights, suggesting that the linkage and structural

arrangement between amino acids significantly influences the antioxidant activity of peptides [31].
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In summary, it must be recognized that the relationship between the structure and antioxidant activity

of peptides is not yet completely established. There are significant gaps in understanding the structure of

antioxidant peptides from different protein sources, highlighting the critical need for bioinformatics tools to

overcome this challenge [31, 32]. However, it is undeniable that foods enriched with antioxidant proteins

would be of added value to both the food industry and the well-being of the population [32, 34].

Allergenics proteins

Allergenic properties have been the subject of study for several decades, since, according to the World

Health Organization (WHO), food allergies are among the 5 most important public health concerns [35,

36]. A food allergy is an adverse immune response to a normally tolerated food protein, the clinical

manifestations of which can range from minor digestive disturbances to life-threatening situations [36].

According to Food and Agriculture Organization (FAO), more than 90% of food allergens are proteins

and are present in eight types of food: Fish, eggs, milk, crustaceans, soybeans, peanuts, nuts, and

wheat [37]. However, it is necessary to analyze and identify a characteristic pattern for this type of protein

property. Laboratory methods, mostly impregnated, although highly effective, are very expensive and time-

consuming, and there is a need to apply bioinformatics methods to speed up the detection of allergenic

proteins [38, 39]. Thus, bioinformatics approaches play an important role in identifying what the literature

refers to as Allergen-Specific Patterns (ASPs) [39].

Ongoing research in the area of allergenic proteins aims, in parallel, to identify and promote the

development of safe and effective substitute molecules for those associated with allergic reactions. This

approach not only contributes to food safety, but also paves the way for alternatives that meet the needs

of consumers with dietary restrictions, promoting a more inclusive approach in the food industry [38, 39].

2.3 Machine and deep learning

In the 1950s, AI emerged as a groundbreaking innovation, raising expectations for technological transfor-

mation. As a sub-field of AI, ML has significantly evolved, particularly since the 1990s, enabling systems

to learn from data, identify patterns, and make decisions without explicit programming [40, 41]. This

subfield also covers DL, which will be discussed in greater detail in subsection 2.3.4. The interrelationship

between AI, ML and DL is illustrated in Figure 5 [42].
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Figure 5: AI and its subfields. Adapted from [42].

ML methods can be categorized into four distinct types: supervised learning, unsupervised learning,

semi-supervised learning, and reinforcement learning. In supervised learning, models learn from labeled

data, while in unsupervised learning the data is unlabelled. Semi-supervised learning uses datasets that

combine labeled samples with a larger number of unlabelled samples, overcoming the limitation of fully

labeled datasets [43, 44, 45]. By incorporating unlabelled samples, which are more easily accessible,

the approach aims to enrich the information about the problem, resulting in more robust models [45]. In

reinforcement learning, an agent interacts with an environment, seeking to achieve a goal linked to the

state of that environment [43, 46]. The agent, without prior knowledge of the best actions, learns a policy

by executing actions, observing the rewards and subsequent states, to maximize the rewards over time.

In the context of ML, data quality is fundamental to building robust and effective models [1]. Before

diving into the specifics of supervised and unsupervised learning, it is essential to first address a critical

aspect of the ML process: data collection and preparation.

2.3.1 Data collection and preparation

The dataset usually takes the form of a matrix structure, composed of samples (rows) collected from

observations and their extracted features (columns) [1]. These features cover a variety of information,

from physical data to specific biochemical properties. Each characteristic can be classified as continuous

(a subset of real numbers that can take on any value within a range), nominal categorical (samples grouped

into unordered categories), or ordinal categorical (samples grouped into ordered categories) [47].

The dataset may include undesirable attributes, such as missing values and outliers, requiring pre-

processing (data cleaning) [47, 48]. In addition to these challenges, data normalization may be necessary

to ensure that features are on similar scales, especially when dealing with scale-sensitive algorithms [48].
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2.3.2 Unsupervised learning

Unsupervised learning, whose pipeline is represented in Figure 6, consists of algorithms designed to

analyze, detect, and provide valuable insights into data [1, 49]. The characteristic dataset for this type

of learning has N inputs X(i), i =1,..., N, without any associated output (label), that is, no labeled data.

Thus, this approach is considered an exploratory analysis technique that infers knowledge, mainly using

clustering and/or dimensionality reduction methods on each independent variable [49].

Figure 6: Pipeline of unsupervised learning. Adapted from [50].

Clustering

Clustering aims to identify subgroups (clusters), that best separate the data [51]. Essentially, it groups

similar data in the same cluster, while distinct data is placed in separate clusters. From this partitioning, it

is possible to associate a particular example with a specific group. Clustering methods, such as k-means

and hierarchical, differ in their definition of similarity, as well as in the presentation of the results [51, 52].

A hierarchical cluster, visually represented in a dendrogram, can be constructed in two ways: ag-

glomerative, where samples are initially assigned to individual clusters and then merged sequentially; or

divisive, where all the data starts in a general cluster and it is separated consecutively [52]. Both methods

use different approaches such as single, complete, or average linkage, as well as Euclidean or Manhattan

distances to define the similarity between clusters.

The linkage method determines how the similarity or dissimilarity between two clusters is measured.

Single linkage calculates the smallest distance between any pair of points from the two clusters, complete

linkage considers the largest distance and average linkage computes the average of all pairwise distances.

The choice of linkage method is data-dependent and significantly influences the structure of the resulting,

thereby shaping the interpretation of clustering results [52].
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In K-means, the parameter k represents the desired number of clusters. Initially, the algorithm ran-

domly populates the space of observations with k centroids, which are the initial centers for each cluster.

In each iteration, each observation is assigned to the nearest centroid, and then the centroid values are

recalculated as the average of the assigned observations. This process is an optimization problem, seek-

ing the minimum value for the objective function in each iteration. The model continues to iterate until it

reaches a predetermined number of iterations or until there are no more significant improvements [51, 53].

Dimension reduction

Dimension reduction is a process that involves reducing the number of features, while preserving most of

the information contained in the data [49]. This technique makes it possible to represent the dataset in a

space with reduced dimensions, simplifying data visualization and requiring less computing power.

A notable example of this type of procedure is Principal Component Analysis (PCA). PCA starts by

calculating new characteristics called Principal Components (PCs) [54, 55]. These PCs are orientated in

a new coordinate space, following the decreasing order of the variance explained in the data. In this way,

the data is projected onto a more compact and representative coordinate system of new latent variables.

Another approach is t-Distributed Stochastic Neighbor Embedding (t-SNE), a variation on an older

technique called Stochastic Neighbor Embedding (SNE). Widely used for data visualization, t-SNE can also

be applied to dimensionality reduction [56, 57]. This method focuses on preserving the local structure of

the data, unlike PCA, which preserves the global structure and supports non-linear relationships between

the new latent variables and the original ones, unlike PCA which is based on linear transformations [57].

2.3.3 Supervised learning

The main objective of a Supervised learning algorithm, whose general pipeline is represented in Figure

7, is to infer precise relationships between independent variables (x) and dependent variables (y) after a

determined number of iterations [58].

However, before feeding data to the model, this type of learning requires an additional step known

as data split [47]. The dataset is divided into a training and a test set. Training data is used to train the

model, while test data is only used to evaluate the performance of the trained models [1, 49]. In many

cases, a validation set may also be necessary to evaluate different model parameters [49].
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Figure 7: Pipeline of supervised learning. Adapted from [50].

This type of learning allows two types of variables to be predicted: continuous and/or discrete [1, 49].

When the output variable is continuous, it is a regression problem, where an output value is calculated

(e.g. the biological activity of a protein). When it is discrete, it is called a classification problem (e.g.

identification of protein subgroups), which can be binary or multiclass. Given this, supervised learning

models share the aforementioned objective but adopt different approaches [1]. Below, some examples of

these models are listed to better illustrate how they can be applied to achieve your specific purposes.

Linear models

Linear models can be used to predict continuous and categorical outcomes. Examples of linear models

include Linear, Logistic, Ridge regression, and Least Absolute Shrinkage and Selection Operator (LASSO).

These models differ in the way the parameters are calculated and how the complexity of the model is

managed [49].

The Linear regression model seeks to establish a linear relationship between multiple independent

features, presented as a vector of input values, and a numerical output variable [59]. Equation (1)

represents the formula for a Linear regression model:

ŷ = θ0 +

p∑
j=1

xjθj (1)

where ŷ is the numerical output variable, obtained from an input vector X, p is the number of values in

the input vector (number of features), θ is a vector with the values of the model parameters and θ0 is

called bias. In short, the key aspect of this Linear regression model is to find the optimum values of θ to

minimize a given cost function (e.g. mean squared error) between the predicted and actual values.

Logistic regression is an algorithm widely used in classification problems [60]. This model is based

on a sigmoidal function, which makes it possible to calculate values between 0 (indicating a negative
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label) and 1 (representing a positive label) [58, 60]. In binary classification, the threshold is usually set at

0.5. The model parameters are optimized by estimating the maximum likelihood to obtain the maximum

probability for each discrete value [60]. This process aims to adjust the function to maximize the probability

of the labels observed in the data, giving the model improved predictive capacity.

Ridge regression and LASSO are regularization methods designed to address overfitting in Linear

or Logistic regression models, differing in their approach to penalizing θ parameters [49]. In Ridge,

penalization keeps θ close to zero, allowing each feature to have a minimal impact. On the contrary,

LASSO, by permitting θ = 0, distinguishes between dispensable and essential features. It is important to

note that the difference arises from the type of penalization each imposes: LASSO penalizes parameters

by their absolute values, while Ridge penalizes them by their squared values. The combination of these

approaches results in Elastic Net, providing a balance between LASSO’s selective capacity and Ridge’s

smoothing, offering flexibility in managing the model’s complexity [61].

K-Nearest neighbor

The K-Nearest Neighbor (KNN) algorithm is a non-parametric approach used in classification and regres-

sion problems. Being non-parametric, it is particularly useful when there is little knowledge about the

distribution of the data. This instance-based method does not create a model to learn the training data,

but instead stores the training instances and uses them exclusively to classify new examples [49, 62].

In short, the essence of the KNN algorithm lies in calculating the distance between the sample to be

predicted and the k nearest neighbors in the search space. These nearest neighbors, determined by the

Euclidean distance (or other distance metrics), are crucial references for classifying the new sample [62].

Naïve bayes

The Naïve bayes (NB) algorithm is part of a set of probabilistic models that use statistical approaches

to analyze data. This particular algorithm is based on Bayes’ theorem, which assumes independence

between the characteristics of each sample, considering all features to be equally important [49].

This algorithm calculates the probability of an example belonging to each output class, determining

the conditional probability of each attribute in the sample for that class. The final classification is based

on the highest probability value among the available classes. Each probability is calculated by multiplying

the class representation (resulting from dividing the number of instances belonging to the class by the

total number of samples in the dataset) by the product of the conditional probabilities of each attribute

belonging to that class [49, 63].
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Support vector machines

Support Vector Machines (SVM) models are versatile and can be used in both classification and regression

problems, although their most common application is in binary classification [64]. In this context, the

model aims to establish a decision boundary, known as a hyperplane, which maximizes the margin of

separation between the two classes (Figure 8), that is, maximizes the distance between the support

vectors [49, 64].

Figure 8: SVM ideal hyperplane. In situation A, it shows the process of optimizing an ideal hyperplane

that maximizes the distance between support vectors. In situation B, this optimal hyperplane has already

been found, guaranteeing the separation between two classes: red squares and blue circles. Adapted

from [65].

Support vectors are the data points closest to the decision boundary and play a crucial role in de-

termining the position and orientation of the hyperplane [64]. They are essential since changes in the

position of data points that do not belong to the support vectors do not affect the location of the decision

hyperplane, unlike changes in the support vectors themselves, which have a direct impact on the position

and orientation of the hyperplane.

To create this hyperplane, it is necessary to choose a kernel that defines the essential mathematical

equations for transforming the data [66]. If the data is linearly separable, a linear kernel is the appropriate

choice. However, in most cases, where the separation is not linear, kernels such as sigmoid, polynomial,

and radial basis function are useful for applying non-linear transformations to deal with complexity [49, 66].

It is important to note that each kernel has its hyperparameters that also influence the model per-

formance [67]. Thus, this type of model, despite having a time-consuming training process, is widely

described in the literature as highly accurate and capable of dealing with large volumes of data [64].
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Decision trees

Decision trees are used to solve classification problems, following a model based on recursive division rules

[68, 69]. The hierarchical structure of the tree is formed by nodes, where the parent nodes encompass the

child nodes. Each node makes a decision based on a certain characteristic value, and the branches that

originate from that node represent the different possible values (or ranges of values) for that characteristic.

The tree is traversed from top to bottom, reaching the terminal nodes (leaves), which determine the

value of the output variable for the corresponding sample [68, 69, 70]. Node formation occurs by find-

ing data division conditions that minimize variation within each separate group of samples [68]. To avoid

overfitting, the addition of nodes is limited using specific measurements. This includes stopping group sep-

aration if there is no significant increase in subset purity, limiting the maximum tree depth, and removing

leaf nodes to improve performance on test/validation data.

The widely adopted algorithm for building decision trees is Iterative Dichotomiser 3 (ID3), which fol-

lows a greedy top-down search approach without backtracking [69, 70]. It uses the concepts of entropy

and information gain to guide the construction of the tree. Other algorithms, such as Classification And

Regression Trees (CART), can also be applied, presenting variations in approach, splitting criteria, and

impurity measurements [69].

Ensemble

Ensemble learning is an approach that integrates several models to form a newmodel that is more accurate

than the individual models [49, 71]. This method is particularly effective when the models used are

simple and have difficulty dealing with complex datasets. By combining the results of several models,

ensemble learning can overcome individual limitations and offer more robust performance. There are

several methods of ensemble learning, like voting, bagging, and boosting [71, 72].

There are two main types of methods used in voting models for class prediction: majority voting and

weighted voting [71]. In majority voting, a pool is created with the classes predicted by each model, and

the class chosen as the output from the pool is the one with the highest number of votes. In weighted

voting, the procedure is similar, but each vote has a different ”weight” in the voting process, depending

on the model performance. Models with better predictive quality have a greater influence on the outcome

of the vote compared to models with lower performance. For regression problems, two methods are

generally adopted: simple average and weighted average. In the simple average method, the average of

the results generated by the models is calculated. In the weighted average method, similar to weighted

voting, different weights are applied to each model output value [49, 58, 71].
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Bagging (Bootstrap Aggregating) is an ensemble learning technique [72]. In this method, several

models are trained with different subsets of data obtained by sampling with replacement, ensuring that

each model has equal weight in the final decision.

A notable example of bagging is Random Forest, which uses multiple decision trees [73]. Unlike

traditional trees, Random Forest introduces more randomness by selecting different sets of features to

train each tree, reducing the correlation between them. This gives the model robustness, as each tree is

unique, capturing features with low correlation and improving overall accuracy.

Boosting is an algorithm designed to reduce bias and variance in ML models [71]. It achieves this by

initially assigning equal weights to all data points. As the algorithm iterates, it dynamically adjusts these

weights, placing more emphasis on samples that were misclassified. This iterative process encourages

subsequent models to focus on capturing nuanced patterns that might have been overlooked initially. The

final result is determined by aggregating the votes or averages of these iteratively refined models. Notable

examples of boosting algorithms include AdaBoost, XGBoost, and gradient boosting [72].

2.3.4 Deep learning

The previously assessed models are categorized as forms of ”shallow” learning, a term used to distin-

guish traditional machine learning models from deep learning algorithms.DL stands as a subfield within

ML, showcasing remarkable achievements in recent decades. This approach emphasizes the sequential

learning of layers, progressively evolving towards more insightful and meaningful representations [42].

DL represents a notable breakthrough by removing the necessity for manual feature design, a time-

consuming and expertise-demanding task. This enables to directly engage with raw data, learning from it

effectively, which is an advantageous edge over traditional ML methods. Such progress holds substantial

implications, empowering DL to address more intricate challenges and extract valuable insights from the

extensive information embedded in raw data [74].

Neural networks

A NN, also commonly referred to as Artificial Neural Networks (ANN), aims to simulate the functioning

of the human brain, using neurons as interconnected building blocks to process the output based on the

input data. In this process, the process of calculating the output (Z) of a neuron (summarised in Figure

9) results from multiplying the data in the neurons by the weights of the connections with other neurons,

adding bias [75]. Subsequently, this result is subjected to the application of an activation function, chosen

on the basis of different types of problems [42].
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The most common activation functions include softmax, sigmoid, Tangent Hyperbolic (Tanh), and

Rectified Linear Unit (ReLU). The softmax function is applied in multi-class classification problems, trans-

forming real values into normalized probabilities, making it easier to interpret the output as the probability

of belonging to each class. The sigmoid function is used in binary classification problems. It transforms

values into an interval between 0 and 1, and is useful for modeling probabilities (given a certain threshold)

of belonging to a positive or negative class. The Tanh function maps values to the interval between -1 and

1, making it suitable for hidden layers. The ReLU function is widely adopted in DL, improving computa-

tional efficiency. However, it is important to note that because the output is 0 for negative inputs, it can

result in neurons entering a perpetually inactive state, known as ”Dying ReLU” [42, 76].

Figure 9: Scheme of an artificial neuron and the entire process of calculating the output from the input

data. This process involves multiplying the input data in the neurons by the weights, followed by adding

the bias. Subsequently, this result is subjected to the application of an activation function, giving rise to

an output value, represented by ”Z”. Adapted from [75].

Training a NN involves continuously adjusting the learnable parameters (weights and bias), which are

initially defined randomly. Successive comparisons between the model’s predictions and the actual values

are made using a loss function (also called an objective function). During forward propagation, the inputs

are processed by the NN to generate an output, which is then compared to the actual values via the

loss function. To improve the model’s predictions, parameters are updated using backpropagation, which

computes gradients of the loss function with respect to each parameter. This process enables the network

to minimize loss and improve predictions over time. The choice of an optimizer, such as Adaptive Moment

Estimation (Adam), Root Mean Square Propagation (RMSprop), or Stochastic Gradient Descent (SGD), is

essential, as it adjusts the learning rate and update rules to efficiently navigate the parameter space and

speed up convergence [42].
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Optimizers are selected based on the specific characteristics of the dataset and the network architec-

ture, aiming to balance between computational efficiency and model performance. This choice impacts

training speed, stability, and the final quality of the trained NN model [42].

A Deep Neural Networks (DNN), also known as a dense neural network, has an additional level of

complexity compared to a ANN. This complexity is associated with an increase in layers, resulting in an

input layer, several hidden layers and an output layer. The input layer contains one neuron for each feature,

while in the output layer the number of neurons is equal to the number of possible labels in a classification

problem or to a single neuron in regression models [42].

Convolutional neural networks

Convolutional Neural Networks (CNN) are part of the feedforward NN group and are widely used in com-

puter vision problems, image recognition and video [76, 77]. They generally consist of an input layer,

followed by alternating convolutional and pooling layers. After this sequence, a flatten layer is used to

transform the data structure into a one-dimensional vector. In the final stage, one or more dense layers

are used to determine the output of the model, with all layers being connected, including the output layer.

This architectural arrangement is illustrated in Figure 10 [78].

Figure 10: Representation of a CNN applied to an image of a zebra, illustrating the sequential flow through

three convolutional layers with ReLU activation, followed by flattening, and concluding with dense layers

for a classification problem [78].
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Convolutional layers operate on feature maps with two spatial dimensions (height and width) and one

depth dimension (colour channels in the input image or different types of features in the hidden layers)

[42]. A new feature map is generated by multiplying the input feature map by a kernel/filter [42, 79]. In

this process, convolution extracts patches from the feature map and applies the same transformation to

all correspondences, resulting in a new feature map. The resulting feature map represents the presence

of local patterns in the different blocks [42, 77].

Pooling layers are used to reduce the dimension of resource maps, reducing the number of coefficients

and increasing efficiency [42, 79]. The most common strategies are average pooling, which calculates the

average for the defined window, and max-pooling, which extracts the maximum value from the window.

In comparison, max-pooling has been shown to lead to faster convergence, better generalization, and

superior selection of invariant features [42].

In addition, other essential concepts influence the architecture and performance of CNN. Padding is a

technique often used to preserve the spatial dimensions of the feature map during convolution by adding

zeros around the input. On the other hand, stride refers to the number of positions the kernel moves

through along the feature map. A larger stride reduces the spatial resolution of the feature map, speeding

up the process, while a smaller stride captures more detailed information. The choice of appropriate values

for padding and stride plays a critical role in the effectiveness of CNN, impacting the network’s ability to

learn and generalize patterns in complex data [42].

After several layers of convolution and pooling, one or more fully connected layers follow. At this

point, the output is flattened to feed the dense layer as a 1D feature vector. This feature vector can be

applied to classification tasks based on the extracted features, by fully connected layers, or used for further

processing [42, 76].

Therefore, the main distinction between CNN and other DL architectures lies in the convolution and

pooling operations. While dense layers identify global patterns, convolutional layers focus on local patterns,

with subsequent layers learning more complex patterns based on previous detections [42].

Recurrent neural networks

In feedforward networks, communication between the layers is unidirectional, with each layer process-

ing signals independently and forwarding the results sequentially. In Recurrent Neural Networks (RNN),

this unidirectional communication is extended, allowing the network to maintain a memory of previous

information when processing input sequences over time [76, 79].
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In practice, a RNN can be understood as a type of NN equipped with an internal loop (Figure 11 A).

This loop mechanism is crucial, as it gives the network the ability to process sequential data, allowing it to

maintain a memory or state containing information from previous processing steps. In operational terms,

the RNN takes a sequence of vectors as input and iterates over this sequence. The output production is

the result of an activation function (f ), which takes into account the current iteration (t) of the input with

its respective weights (Wi), the current state of the model with its associated weights (Ws), and a bias (b).

This output then becomes the new state at t+1 (Figure 11 B) [42]. Consequently, each state, representing

an output influenced by previous outputs, incorporates information related to all previous segments of the

sequences, eliminating the need to keep records of all states [42, 79].

Figure 11: RNN model’s architecture (A) and its unfolded version (B). Adapted from [42].

Hochreiter et al. point out the main limitation of RNN: the difficulty in effectively dealing with long-term

sequences, known as the vanishing gradient problem. To overcome this limitation, improved variants such

as Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) have emerged [80].

An LSTM is often made up of memory blocks consisting of a cell state and three gates: the input gate,

the forget gate, and the output gate [79, 81]. The cell state, also known as the latent vector, is responsible

for transferring information along the sequence chain. As the neural network processes the sequence,

information is aggregated and manipulated by the cell state, allowing relevant information to be retained

over time [81].

Figure 12 shows the structure of LSTM, where the memory block starts by adding the current input

(X(t)) to the output of the previous memory block (h(t − 1)), both weighted by the corresponding

weights. This value is then increased by a bias (b) and subjected to an activation function. The output of

the Forget Gate is multiplied by the previous cell state (C(t − 1)). Two activation functions are applied

to the Input Gate: Tanh and the sigmoid function. The result of the input gate is obtained by multiplying

the resulting values of the activation functions. This result is added to the product of the multiplication

between the previous cell state (C(t− 1)) and the output of the forget gate, thus generating the new cell

22



state (C(t)). With the new value, it is necessary to update the memory block that is still in h(t−1). To do

this,C(t) is entered into the activation function Tanh and multiplied by the result of the sigmoid activation

function, obtaining the value h(t), which is the output of this unit LSTM, giving rise to the name output

gate [79, 81, 82].

Figure 12: The structure of the LSTM neural network. Adapted from [83].

In short, the complexity of LSTM lies in the ability of the gates to make judicious decisions during

sequential processing [81]. The input port decides what information from the input is relevant, the output

port decides what information can be outputted based on the cell state, and the forget port can decide

what information to discard from the cell state. LSTM to efficiently process data sequences and adapt to

varied contexts, making it a powerful model [81, 82].

The GRU layers, first mentioned in 2014 by Cho et al. whose architecture is shown in Figure 17, have

only two gates: the reset and update [84, 83, 85]. The reset gate determines the amount of information

to be passed and performs the sigmoid function on the sum of the current input (X(t)) and the previous

state (h(t − 1)). The update gate performs a similar process, with the particularity of how the result

is used. The output of this gate is used in the computation of both the current state (h(t)) and in the

provisional state (hp(t)). The provisional state is calculated by applying the Tanh activation function on

the sum of the current input (X(t)) and the result of the reset gate, multiplied by the result of the update

gate. The current state is obtained by adding the provisional state to the product of the previous state

(h(t− 1)) and the inverted output (1 - output) of the update gate. The final output (h(t)) of this memory

block will be used in the next memory block [85].
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Figure 13: The structure of the GRU neural network. Adapted from [85].

To summarize, GRU offer a simplified and more computationally efficient alternative to LSTM. Despite

their simpler structure, GRU are capable of capturing long-term dependencies in data sequences, making

them suitable for many natural language processing and time series applications [85]. However, LSTM,

with their more complex architecture, may still be preferable in scenarios where modeling very long-term

dependencies and more intricate relationships within the data are crucial [82].

In addition to traditional RNN architectures, bidirectional RNNs have emerged as a powerful approach

to analysing complex biological sequences such as proteins. By processing the sequence in both the for-

ward and reverse directions, these models capture contextual information from both directions, providing

a more detailed understanding of the interactions between amino acids along the chain. This bidirec-

tional approach can significantly improve the modelling of long-range dependencies, which are typical in

biological sequences [42].

Transformers

Recurrent architectures in Natural Language Processing (NLP), such as LSTM, were widely used for se-

quential data like text. However, these approaches faced challenges when dealing with long sequences of

data [42, 79]. In 2017, the introduction of transformers by Vaswani et al., with their innovative attention-

based approach, overcame these limitations, representing a significant advance in understanding more

extensive contexts in language models [86].
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The transformers are built with encoding and decoding blocks. The attention mechanism, essential

to this architecture, processes data in parallel, eliminating sequential dependency [87]. In contrast to the

LSTM approach, where each token in the sequence is represented by a hidden state, the encoder in a

transformer architecture transforms all the information in the input sequence into a set of hidden states

simultaneously, expressed as a numerical vector. The decoder has the function of reverting the vector

representation provided by the encoder back to the original information. However, when dealing with long

sequences, there is a risk of information loss. To get around this challenge, the attention mechanism

comes into play, an essential feature of this architecture [87, 88].

The attention mechanism plays a key role between the encoder and decoder. While the increase in

hidden states in the decoder can result in a voluminous input, attention allows it to select specific states

of the encoder to focus on. This ability to give differentiated weight to certain states optimises processing

and efficiency in generating the output sequence, thus improving the overall performance of the model

[88].

Nowadays, there exist three main types of transformer models. Encoder-only models, exemplified

by BERT [89], aim to craft robust representations of input sequences. These models undergo training

using Masked Language Modeling, where specific parts of the sequences are masked for subsequent

reconstruction. On the other hand, decoder-only models, including GPT [90], are designed to predict the

next token in a sequential context. Finally, encoder-decoder models, such as BART [91], adeptly map

complex sequences from one form to another, being particularly suited for sequence-to-sequence tasks

like translation, text summarization, and question-answering [88].

Alternative arquitectures

The previously mentioned architectures are the most popular among the DL community. However, other

architectures have also proven to be highly useful, such as Autoencoder (AE) [92].

AE can be employed for tasks like dimensionality reduction and the creation of generative models. The

key element is the ”bottleneck” layer, where the number of units is typically reduced compared to other

layers [92]. This layer forces the model to learn a compressed representation of the input data, capturing

the most relevant features. AE can be built using various sub-architectures, including DNN, CNN, and

RNN, each bringing unique strengths to different types of data and tasks [92, 74, 79].

A classical AE creates a latent vector space capable of reconstructing the original data. The typical

architecture includes an encoder and a decoder. The encoder is responsible for transforming the data

into the latent space, while the decoder performs the reverse operation, reconstructing the original data
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from this latent representation [92]. This latent space can then be utilized in various ML and DL models

for tasks such as classification and regression. The advantages of using the latent space include reduced

dimensionality, which leads to faster training times and improved performance, as well as the extraction

of the most relevant features, enhancing the model’s ability to generalize from the data [92, 42, 44].

2.3.5 Feature Selection

In some cases, especially in biological problems, it is advantageous to reduce the number of input attributes

to simplify the analysis of the data and the models created. This can be achieved by extracting features

or selecting the most important ones [47].

There are three main classes of algorithms for feature selection: filter, wrapper, and embedded meth-

ods. Filter methods select features independently of the model, using statistical measures. Wrapper

methods create different subsets of attributes, which are evaluated by training a model and estimating

its error. Examples of heuristic wrapper algorithms include forward and backward selection. The forward

selection method starts with a few attributes and adds one more to the model each time until accept-

able results are obtained, while the backward selection method starts with all attributes and removes one

at each iteration. Finally, embedded methods perform feature selection along with model creation and

evaluation simultaneously [47, 93].

2.3.6 Hyperparameter tunning

When training ML and DL models, it is essential to consider two types of parameters: model parameters

and hyperparameters. Model parameters are learned during training, while hyperparameters define the

model configuration and are set before training begins [1].

The proper selection of hyperparameters aims to minimize errors and can be done manually or auto-

matically. Manual hyperparameter tuning, while sometimes effective, involves adjusting hyperparameters

by hand, making it a labor-intensive and time-consuming process, even for experts. To overcome these

challenges, automatic hyperparameter tuning methods have been developed [49].

The grid search method efficiently explores all possible combinations of hyperparameter values spec-

ified by the user, though it can become computationally expensive due to the exponential growth in com-

binations as additional values are included. On the other hand, random search mitigates this issue by se-

lecting a fixed number of combinations randomly within defined ranges, offering a more efficient approach

to discovering high-performing models. Beyond these methods, other advanced techniques like Bayesian

optimization, successive halving, and hyperband further enhance the optimization process [49, 1].
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2.3.7 Model evaluation

A thorough evaluation of predictive models is crucial for gauging their reliability and effectiveness. This

process entails more than mere performance testing; it necessitates a systematic evaluation of their ability

to generalize to new data and achieve intended task objectives [49].

Different error estimation methods, such as holdout, cross-validation, and leave-one-out, are used to

evaluate the model’s performance [49]. In holdout, the data is split into training and test sets, usually

using 2/3 for training and 1/3 for testing. Cross-validation, the most commonly used method, divides the

data set into k folds, using one fold for testing and the remaining k-1 for training, and iterating this over the

k folds. The Leave-one-out method, less common due to the computational cost, makes N (the number

of samples) error estimates, using each sample as a test set in each iteration [49, 58].

After this stage, it is crucial to analyze the metrics in detail to assess the predictive capacity of the

model used. The metrics chosen vary depending on the nature of the problem, be it classification or

regression [94].

The metrics for evaluating binary classification problems are grounded in the confusion matrix, which

compares predicted labels with real labels, organizing the outcomes into four categories: true positives,

false negatives, false positives, and true negatives (Figure 14 in blue) [1, 94]. From these categories,

essential metrics emerge, including accuracy, precision, and recall, among others, as illustrated in Figure

14 in green.

However, it is crucial to strike a balance between certain metrics, as an increase in sensitivity may

lead to a decrease in specificity. In this context, Receiver Operating Characteristic (ROC) curves play a

pivotal role by correlating sensitivity with the false positive rate (specificity) [1, 49, 58]. Furthermore, the

area under the ROC curve quantifies the model’s performance. In situations of class imbalance, Precision

Recall (PR) curves prove more suitable than ROC curves for evaluating these models [49].

It is also essencial to emphasise the change in approach when tackling multi-class classification prob-

lems. Unlike binary classification, where the metrics are derived directly from the confusion matrix, in

multi-class problems it is essential to calculate these metrics individually for each class. This approach

provides a more thorough evaluation of the model’s performance in different categories, allowing for a

more detailed understanding of how the model performs in each specific class [1].
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Figure 14: A confusion matrix in blue and commom metrics in green. Adapted from [1].

For regression problems, other types of metrics are used, the most popular being Mean Square Error

(MSE), Root Mean Square Error (RMSE), Mean Absolute Error (MAE) and Coefficient of Determination (R2),

shown in table 1 [49, 58]. These metrics provide a comprehensive view of the model’s accuracy in terms

of absolute and relative errors and are essential for effective evaluation in regression problems [49].

Table 1: Common metrics for evaluating regression models, where y are the real outputs and ŷ the

predicted outputs [49, 58].

Metric Formula Description

Mean Square Error (MSE) MSE = 1
n

∑n
i=1(yi − ŷi)

2 Mean squared error between the

real and predicted values.

Root Mean Square Error (RMSE) RMSE =
√
MSE Root mean square error between

the real and predicted values.

Mean Absolute Error (MAE) MAE = 1
n

∑n
i=1 |yi − ŷi| Average absolute error between

the real and predicted values.

Coefficient of Determination (R2) R2 = 1−
∑n

i=1(yi−ŷi)
2∑n

i=1(yi−ȳ)2
Measure of prediction quality for

unseen samples, calculating the

proportion of variance explained.

The evaluation of MLmodels is crucial to determine whether they are underfitted, overfitted, or properly

fitted (Figure 15) [1]. Underfitting, characterized by high bias, results in poor adaptation to the training

data, while overfitting, with high variance, leads to a lack of generalization to new data.
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Figure 15: Behaviour of ML models: Underfitting when the model fails to capture the complexity of the

data, resulting in poor performance; Good fit which is where the model fits the training data efficiently

and can generalize well to unseen data; Overfitting when the model adapts too much to the training data,

losing generalization to new data. Adapted from [1].

Underfitting occurs when a model is too simplistic to capture the underlying patterns in the training

data, leading to poor performance on both the training and validation/test datasets [49]. Various tech-

niques are employed to improve the model’s complexity and ability to fit the data better, including:

• Increasing Model Complexity: Using more complex models with additional layers or neurons can

help capture more intricate patterns in the data [49].

• Feature Engineering: Creating new features or modifying existing ones can provide the model with

more relevant information, improving its ability to learn from the data [49].

• Reducing Regularisation: While regularisation helps prevent overfitting, too much regularisation can

lead to underfitting. Adjusting regularisation parameters can help find a balance [49].

• More Training Data: Increasing the amount of training data can provide the model with more ex-

amples, helping it learn better and generalize more effectively [49].

• Hyperparameter Tuning: Adjusting hyperparameters such as learning rate, batch size, and number

of epochs can improve the training process and model performance [49].

Overfitting arises due to the ability to capture an extensive variety of patterns in the training data [42].

Various techniques are employed to improve the generalisation capacity of these models, including:
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• Regularisation: Adds terms to the loss function during training, penalising weights that are too large

and avoiding excessive adjustments to the training data [49].

• Dropout: Randomly deactivates neurons during training, preventing the network from relying too

heavily on specific parts and promoting better generalisation [49, 42].

• Early Stopping: Monitors performance on a validation set, stopping training when performance

stops increasing for a specified number of iterations (epochs) [49, 42].

• Transfer Learning: Uses pre-trained models in related tasks to initialise weights, taking advantage

of prior knowledge, especially useful when training data is limited [42].

Therefore, accurate predictions in new data require an equilibrium between overfitting and underfitting.

Achieving this balance ensures that the model is complex enough to capture the underlying patterns in the

data, yet general enough to perform well on unseen datasets [49].

2.4 Automated machine learning

The idea of automation in ML, known as AutoML, is promising. Over time, ML algorithms and strategies

have evolved, and the complexity associated with these methods has increased significantly. The automa-

tion provided by AutoML can provide substantial benefits, making the application of ML techniques more

accessible and efficient [95].

By simplifying the development of ML pipelines, AutoML democratizes access to these technologies,

allowing even users without in-depth knowledge of the area to enjoy the benefits of ML. This accessibility

is particularly valuable in complex scenarios, where aspects such as selecting and engineering features,

choosing algorithms, and adjusting hyperparameters can be challenging [96].

Figure 18 shows the general pipeline used in ML, highlighting the stages where the application of

AutoML takes place, delimited by dashes. AutoML plays an active role in optimizing the selection of

relevant features, as well as in the automatic generation of new features, simplifying the feature engineering

process by finding patterns and relationships in the data. In addition, it automates the choice of the model

and its hyperparameters, training several models to find the best combination, and eliminating the need

for extensive manual adjustments. In short, AutoML focuses mainly on areas that can be optimized

automatically, while some responsibilities, such as initial data preparation and final model validation,

remain important and often user-driven tasks [95, 96].
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Figure 16: The fundamental stages of an ML pipeline are highlighted, with feature selection and engi-

neering, choosing the appropriate model and optimizing hyperparameters being particularly focused on

AutoML, simplifying these processes in an automated way [96].

The history of AutoML models is recent, but since the creation of AutoWEKA [97] in 2013, several tools

that realize AutoML have been developed. Some notable examples include:

• Auto-SKlearn [98]: Automates the selection and configuration of algorithms, as well as hyperpa-

rameter tuning.

• TPOT [99]: uses genetic algorithms to optimize complete ML pipelines, including feature selection,

feature engineering, and hyperparameter tuning.

• H20 [100]: Automates the ML workflow, which includes automatic training and tuning of various

models.

• Auto-Keras [101]: automates the design of neural network architectures, simplifying the creation of

DL models.

• Auto-PyTorch [102]: AutoML system based on the PyTorch library.

• Auto-Gluon [103]: automates ML tasks on image, text, time series, and tabular data.

• Neural Network Intelligence (NNI) [104]: Open-source AutoML toolkit for feature engineering, neural

architecture search, hyperparameter optimization, and model compression.
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2.5 Machine and deep learning applied to proteins

This section will focus first on the use of tools to enhance studies on protein properties, where numerical

alternatives to represent protein sequences (through descriptions and encodings) are essential, and then on

articles that have studied in more detail the classification of a set of proteins according to their antioxidant

or allergenic properties.

2.5.1 Protein descriptors

In predicting protein functions and interactions, several properties play a crucial role, such as composition,

amino acid distribution, highly mutable locations, and structural organization. These characteristics serve

as descriptors in protein studies and are collected during the feature extraction process, providing explicit

or implicit information about the protein samples [105]. Table 2 summarises the main types of descriptors,

providing examples and corresponding descriptions [106]

Table 2: Main types of descriptors, as well as an example of each and its description [106].

Type of descriptors Examples of descriptors Description

Physicochemical Isoelectric point The pH at which a protein has zero

net charge, indicating the electrical

neutrality of the molecule, influenc-

ing its solubility and biochemical in-

teractions.

Structural Van der Waals Refer to the properties related to

the space and interaction between

the hydrophobic and hydrophilic re-

gions of molecules.

Sequence order Sequence order coupling numbers Statistical descriptors that capture

specific correlations between con-

secutive pairs of amino acids.

Sequence Composition Aminoacid composition Represents the proportion of each

type of amino acid.
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Common descriptors include amino acid, dipeptide, and tripeptide composition, counting the number

of each amino acid, pairs, and triples of amino acids in each sequence, respectively. The pseudo-amino

acid composition, which provides additional details on the position of the amino acids, is often used.

Physicochemical descriptors, covering properties such as charge and hydrophobicity, and autocorrelation

descriptors, which consider residue position information, are widely employed, taking the analysis into a

more comprehensive protein dimensional space [107].

In addition to physicochemical properties, structural descriptors, such as hydrophobicity scale, Van

der Waals volume, among others, are used. Structural representations based on torsion angles, secondary

structure elements, and other structural components are valid alternatives [108]. Binary profiles, indicating

the presence or absence of sequence motifs (for example, protein motifs from databases such as PFAM),

also offer valuable insights. This variety of descriptors highlights the multifaceted approach to protein

characterization, especially in the context of ML and DL [106].

2.5.2 Sequence encoding

Proteins are made up of sequences of letters, each representing an amino acid residue. However, ML and

DL models are unable to process raw text directly. Given this limitation, it is necessary to transform the

text into a numerical tensor, a process known as vectorizing text. Therefore, only by properly representing

the protein in a mathematical vector can the models extract crucial information about the composition of

these proteins [42].

A common technique for encoding sequences is one-hot encoding, which converts tokens into binary

vectors with the length of the vocabulary. In this process, the text is divided into tokens, which can

represent individual words or characters. The resulting vector is predominantly made up of zeros, except

for a specific index that corresponds to each token. Thus, if the residue corresponds to the corresponding

amino acid, the value will be 1, otherwise it will be 0 [42].

Another relevant technique for coding protein sequences is the use of substitution matrices, such as

the Block Substitution Matrix (BLOSUM). The score assigned to two residues reflects the probability that

they are aligned in a homologous sequence, and is derived from the study of sequence conservation in

large databases of related proteins. Matrices with lower numbers are more suitable for aligning sequences

with lower identity, while those with higher values excel at identifying highly conserved regions. These

substitutions, based on the conservation of protein sequences, provide an effective representation of the

evolution and functionality of amino acids, facilitating analyses and modelling in bioinformatics studies

applied to molecular biology [109].
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The Non-Linear Fisher (NLF) matrix, which represents the supervised transformation of features using

the NLF transformation, is another common approach to coding protein sequences. It aims to preserve

the distances between amino acid residues by incorporating eighteen specific numerical characteristics

[110]. In addition, Z-scales, which cover physicochemical properties calculated for each residue, such as

hydrophobicity or charge, is another viable option. In this coding method, each amino acid is replaced by

the corresponding list of property values, following the order of the residues in the protein sequence. This

strategy provides detailed information about each amino acid, enhancing ML and DL models [111].

The use of embedding layers has emerged as an alternative to conventional one-hot coding. This

embedding layer compacts the input feature space into a smaller space by identifying the optimal mapping

of each unique token to a vector of real numbers. Techniques such as word2vec and protVec, used in this

context, perform distribution coding to characterize the relationships between tokens, making it possible

to represent co-occurrence relationships between blocks of amino acids rather than between individual

amino acids [112, 113].

Another effective approach involves applying Position-Specific Scoring Matrices (PSSM) or Position-

Specific Frequency Matrix (PSFM) to understand evolutionary constraints in protein families [109]. These

matrices, derived from multiple sequence alignments, highlight specific residues at certain positions,

identifying possible conserved regions. High positive scores indicate high amino acid conservation. These

PSSM based descriptors improve prediction in bioinformatics applications and are applicable in sensitive

searches for similarities between sequences, as demonstrated by Position-Specific Iterative Basic Local

Alignment Search Tool (PSI-BLAST) [114].

Transformers, widely used in sequence data such as text, have found effective applications in protein

sequences. Notable examples include ProtTXL, ProtBert, ProtXLNet, ProtAlbert, ProtElectra, ProtT5-X, and

ProtT5-XXL, all derived from transformers and trained on protein sequence data [87]. A notable example

is Evolutionary Scale Modeling (ESM), which originated from the BERT model developed by Facebook AI.

This model is a transformer designed for tasks such as predicting variant effects, reverse folding, and

predicting contacts. During training, a specific task involves predicting a percentage of masked amino

acids, forcing the model to learn complex relationships [115]. These representations, similar to BERT

embedding layers, serve as information-rich encodings of the characteristics of amino acid sequences. In

summary, the application of these transformers as feature extractors to represent protein sequences has

demonstrated superior performance in several related tasks [89].
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2.5.3 Relevant work

The use of pipelines that employ ML and DL models to predict the properties of proteins has created

considerable interest in the scientific community. Table 3 highlights various approaches for predicting

antioxidant and allergenic properties, the case studies in this work. These pipelines generally follow five

main steps: (1) collection of protein sequences from specific databases and processing to form a dataset,

(2) feature extraction to capture various characteristics of the protein sequences, (3) feature selection to

enhance model performance, (4) model training using appropriate algorithms, and (5) model evaluation

to ensure accuracy and reliability of the predictions [116].

It is important to note that, based on the literature consulted, there could have been other articles

included in the table. However, we have specifically selected those that will be used in a later stage of the

work to carry out benchmarking using the different tools created and available to the user.

Table 3: Recent studies applying ML and DL methodologies to predict the antioxidant (blue) and allergenic

(green) properties of proteins.

Classification Task Tool Created Best Strategy Ref. Year

Antioxidant AodPred Protein descriptors + SVM [117] 2016

AOP-SVM Protein descriptors + SVM [118] 2019

PredAoDP Protein descriptors + SVM [119] 2022

DP-AOP Protein descriptors + SVM [120] 2023

Allergenic Allertop V2 Protein descriptors+ KNN [121] 2014

AlgPred 2.0 Protein descriptors + Random forest [122] 2020

ProAllD E-descriptors + Auto cross-covariance

transformation + LSTM

[123] 2022

DeepAlgPro One-hot encoding + CNN [124] 2023

Overall, the articles mentioned in Table 3 follow similar premises in the data collection phase, although

they may differ in the origin of this data. The authors emphasize the importance of keeping the similarity

between the amino acid sequences in the dataset below 70%. The exclusion of non-standardized amino

acids is necessary, imposing limitations on the dataset, which is already naturally restricted. Thus, the

main challenge lies in the need to build a more robust dataset, taking into account the aforementioned

premises and the imbalances between positive and negative samples that are commonly observed, espe-

cially when the positive classes are numerically limited [125, 123].
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In the feature extraction phase, it is imperative to convert each amino acid sequence into a numerical

tensor, as detailed in 2.5.1 and 2.5.2. The second stage varies greatly between authors, with different

approaches, such as one-hot encoding [124], and the use of protein descriptors [117, 118, 119, 120, 121,

122, 123]. Within the realm of protein descriptors, there are various types addressed across different

studies demonstrating that no single set of descriptors is universally applied. However, the common goal

remains: to numerically encode amino acid sequences to enable the application of ML and DL models.

Regarding the feature selection stage, some articles use specific techniques, such as Analysis of

Variance (ANOVA) [122] or Maximum Relevance Minimum Redundancy (MRMR) [117, 118, 119, 120].

However, other studies, like the others mentioned in the table, choose not to apply any feature selection

method. Both approaches are valid, but in the end it is crucial to consider not only performance metrics,

but also the time and computational resources involved.

In the model training and evaluation phase, the methodology adopted is fairly consistent among the

articles, with variations mainly in the validation techniques used. While some studies apply cross-validation

[119, 120, 121, 122, 123, 124], others utilize the leave-one-out method [117, 118]. Although the models

explored vary between studies, the general strategy is the same: test multiple ML or DL models, and the

table highlights only the model with the best results.

Concerning antioxidant case studies, no available tool was identified that used a DL model as the best

strategy. However, Usman et al [126] presented a strategy using DL for predicting antioxidant properties

in proteins. This approach employs Composition of k-Spaced Amino Acid Pairs (CKSAAP) as a coding

technique to capture patterns in amino acid sequences, alongside a DNN (Deep-LSE) as a decoder, which

allows the model to learn abstract, non-linear representations of the encoded features. The combination

of CKSAAP as the encoder and the neural network as the decoder is designed to extract a non-redundant

feature space, enabling the model to incorporate the original features non-linearly, filter out irrelevant data,

and achieve significant improvements compared to other methods. Although the AOP-LSE tool from this

work is not available for direct benchmarking, the protein descriptor type and model developed by Usman

et al. will be considered during the development of this project.

To summarise, predicting the antioxidant and allergenic properties of proteins involves various strate-

gies, all anchored in the steps mentioned above. Therefore, this subsection highlights the challenges over-

come by recent work and points out more advantageous alternatives compared to previous approaches to

facilitate and improve future research in this field [116].
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2.5.4 Relevant packages and tools

As ML and DL have gained popularity, Python has emerged as a dominant language with a rich ecosystem

of packages and tools. This thesis leveraged several key Python libraries, each playing a crucial role in its

development and implementation. Below is a brief summary of the essential packages utilized:

• NumPy is a fundamental package for scientific computing in Python, known for its efficient handling

of multi-dimensional arrays. It provides a wide range of functions for mathematical operations,

logical operations, shape manipulation, sorting, selection, I/O operations, and more. NumPy is

highly efficient and is widely used in various fields such as mathematics, physics, engineering, and

data science for its performance and ease of use.

• Pandas is a powerful Python library designed for data manipulation and analysis. It provides high-

level data structures which are ideal for handling structured and labeled data. Pandas offers func-

tions to load data from various file formats such as CSV, Excel, SQL databases, and more. It allows

for fast and efficient data manipulation operations such as filtering, sorting, grouping, merging, and

reshaping data.

• Scikit-learn is an open-source library for ML frameworks, offering a versatile architecture for following

established pipelines in traditional supervised and unsupervised learning models. Its simplicity

gives it a competitive advantage over its predecessors [49].

• TensorFlow stands out as a robust platform designed by the Google Brain team for conducting ML

and DL research. It offers a comprehensive ecosystem of libraries, tools, and community resources.

TensorFlow excels in developing and training neural network models for various applications. It

boasts high performance on powerful servers, supports exporting models to different devices, and

scales efficiently on Graphics Processing Units (GPUs), making it widely adopted in the field [49, 58].

• Keras, integrated with TensorFlow, simplifies the process of building NNs. It provides a high-level

approach to model building and sequential compilation, emphasizing simplicity, flexibility, and scal-

ability. Keras is renowned for its user-friendly design, making it an excellent choice for both begin-

ners and seasoned experts in ML and DL [49].

• PyTorch is a prominent ML and DL library, often regarded as an enhanced version of the traditional

NumPy Python library. It has gained significant popularity among researchers and developers for

its intuitive approach to creating DL models. PyTorch excels in tensor operations and offers func-

tionalities like automatic differentiation, making it versatile for building complex models. As an
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open-source framework, PyTorch supports the implementation of deep learning models and facil-

itates efficient manipulation of numerical data, including vectors, matrices, and tensors. Its com-

putational capabilities are accelerated by GPUs, leveraging a majority of its backend operations in

C++, which contributes to its high performance. PyTorch is also recognized for its optimization

capabilities in scientific computing within the Python ecosystem.

• AutoGluon, developed by Amazon Web Services, is an advanced AutoML package designed to au-

tomate the creation of ML and DL models. It simplifies complex tasks such as data preprocessing,

hyperparameter tuning, and ensemble model building across various data types including tabular

datasets, images, and text. AutoGluon is widely recognized for its robust capabilities in achiev-

ing high predictive performance across diverse applications, from image classification to natural

language processing and time-series predictions [103].

• NNI is a tool designed to automate and optimize ML and (DL) models. Focussing on automated

model creation, it covers automated data processing, feature engineering, and hyperparameter

tuning. In addition, it supports various tasks related to neural networks, contributing to the efficient

development and improvement of AI models.

• Optuna is an automatic hyperparameter optimization framework for ML tasks. It allows users to de-

fine a search space of hyperparameters, specify an objective function to optimize, and automatically

search for the best set of hyperparameters. Optuna uses various algorithms such as Tree-structured

Parzen Estimator (TPE), Grid Search, and Random Search to explore the hyperparameter space ef-

ficiently.

• Fair-esm is a specialized Python package developed by Facebook AI for seamless access to state-

of-the-art transformer-based protein language models. These models, including ESM2, ESM1, and

MSA Transformer, are pre-trained by Facebook AI Research. Fair-esm enables researchers and

developers to effortlessly download and utilize these models to extract per-residue representations,

leveraging the advanced capabilities of transformer architectures in protein sequence analysis.

• Transformers is an Application Programming Interface (API) provided by Hugging Face that facili-

tates the use of pre-trained transformer models across various domains such as NLP, Computer

Vision, Audio, and Multimodal applications. It allows users to access state-of-the-art models trained

on large generic datasets, enabling tasks like text classification, language generation, image under-

standing, and more. Additionally, the Transformers API supports interoperability with both PyTorch
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and TensorFlow frameworks, making it versatile for integration into different ML pipelines and en-

vironments. This flexibility and the extensive range of available models empower researchers and

developers to leverage cutting-edge transformer technology efficiently in their applications.

• ProPythia is a versatile Python-based tool designed for applying ML and DL pipelines for protein

studies. It stands out for its modular architecture and flexibility, which enable adaptation to var-

ious protein-related problems and user needs. Unlike other packages, ProPythia simplifies the

implementation of ML/DL pipelines, making it accessible even to users without extensive coding

experience. It automates critical steps in protein analysis, including dataset generation, feature

calculation and selection, and application of both unsupervised and supervised learning methods.

Using the libraries mentioned above, facilitates sequence processing, descriptor generation, and

comprehensive data preprocessing. Its capabilities span from traditional ML algorithms to advanced

DL models, empowering researchers with powerful tools for protein classification tasks. ProPy-

thia’s modular design ensures adaptability without sacrificing overall usability, making it a valuable

resource for the scientific community engaged in protein studies. For more information and to

download ProPythia, visit its GitHub repository at: https://github.com/BioSystemsUM/propythia

[106].

• OmniA is an AutoML tool developed by OmniumAI, a spin-off from the University of Minho fouded in

2021 specializing in AI and Data Sciences for bioinformatics and biomedical data. This tool lever-

ages the expertise of the OmniumAI team in ML and DL to provide advanced solutions for biological

and biomedical data processing, analysis, mining, and integration. It utilizes packages mentioned

above to streamline tasks like data processing, feature extraction and selection, model selection and

evaluation, and hyperparameter tuning. More details about this package and its applications will be

discussed in the following chapter. For more information, visit https://www.omniumai.com/home.
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Chapter 3

Methods

This chapter describes the datasets used, as well as the architecture of the OmniA platform, with a specific

focus on the Proteins and Generics sub-packages, as these are the ones related to the project under study.

It also makes reference to other tools discussed in the literature, namely the Propythia framework developed

at the University of Minho in the Bioinformatics and Systems Biology research group.

3.1 Data Collection

The first critical step in training ML and DL models is identifying or creating datasets that meet the specific

needs of the task. In this project, the focus is on addressing protein classification challenges, particularly

those related to antioxidant and allergenic properties. To effectively address these challenges, a thorough

literature review was conducted to identify a single, well-established dataset for each case study allowing

for more generalized conclusions to be drawn from the outcomes of this work.

3.1.1 Antioxidant dataset

The dataset selected for this case study was the same used by Meng et al. [120]. To construct the

dataset, protein sequences were collected from the Universal Protein Resource (UniProt) database, and

sequences containing non-standard amino acids were removed. This resulted in 710 protein sequences

being retained as the original positive samples for the experiment.

To generate the negative sample set, 1567 protein sequences were extracted from the Protein Data

Bank (PDB) database using the PISCES program, ensuring that no more than 20% sequence similarity

was allowed between proteins [127].
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Furthermore, sequences with more than 60% identity were filtered out from the benchmark dataset

using the CD-HIT program [128]. After this preprocessing, a final dataset of 1805 protein sequences

was obtained, consisting of 253 antioxidant proteins (positive samples) and 1552 non-antioxidant proteins

(negative samples). Therefor, the resulting dataset was highly imbalanced, with the ratio of positive to

negative samples being approximately 1:6.

3.1.2 Allergenic dataset

The dataset selected for this case study was the same used by He et al. [124]. It consisted of 3550

allergen and 3550 non-allergen protein sequences, ensuring a balanced dataset.

The allergen sequences were extracted from the Structural Database of Allergenic Proteins (SDAP),

International Union of Immunological Societies (IUIS) Allergen Nomenclature, Comprehensive Protein Aller-

gen Resource (COMPARE), AllergenOnline and UniProt databases using specific allergen-related keywords.

Additionally, datasets from previous studies (AllerTOP [121] and AlgPred [122]) were also included. CD-

HIT was then used to remove sequences with more than 40% identity and an alignment coverage greater

than 0.8 for the shorter sequence [128]. Sequences longer than 1000 amino acids and those containing

non-standard characters were excluded.

The non-allergen sequences were collected from UniProt using the query ‘Protein Existence: Evidence

at protein level NOT allergen NOT allergenic NOT allergy NOT cancer NOT antigen AND reviewed: yes’.

These sequences were further filtered to exclude proteins with more than 40% similarity to allergens and

among themselves. Sequences containing non-standard characters were also removed.
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3.2 OmniA

As this project aims to enhance the capabilities of OmniA, it is crucial to understand the existing function-

alities integrated into its architecture. OmniA, with its modular design illustrated in Figure 17, includes a

range of methods for processing and analyzing biological data. These functionalities are organized into

specific sub-packages developed in Python:

• Generics: contains basic and universal data handling and transformation methods. It provides the

ability to load data, transform data, and train ML models. All sub-packages listed below depend on

this sub-package.

• Compounds: Contains specific methods for compound data. It is capable of performing compound

feature extraction, compound standardization, and data splitting based on molecular information.

• Genes: contains specific methods to process DNA sequences. It is capable of performing DNA

feature extraction.

• Metabolomics: contains specific methods for processing and scaling metabolomics data.

• Transcriptomics: Provides methods for processing transcriptomics data, including RNA sequence

(RNA-seq) and single-cell RNA sequence (scRNA-seq), with capabilities for parsing, scaling, feature

selection, and instance selection.

• Text mining: contains methods to process text data. It is capable of performing text feature extrac-

tion and text processing.

• Proteins: Contains specific methods to handle protein sequences. It provides a set of methods

implemented to perform protein standardization, calculate protein descriptors and perform the

encoding of protein sequences.
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Figure 17: OmniA architecture and respective methods implemented in each subpackage.

To achieve the project’s goal mentioned above, the primary focus will be on further developing the

Proteins and Generics sub-packages. This enhancement is particularly valuable as it aligns with the devel-

opment of an AutoML platform.
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3.2.1 Proteins sub-package

The Proteins sub-package plays a pivotal role in this project. To fully understand its significance, it is

essential to delve into its structure and functionalities, which are illustrated in Figure 18.

Figure 18: The Proteins sub-package in OmniA and its implement modules.

As illustrated in Figure 18, the Proteins sub-package is organized into three primary modules: Protein

Standardization, Feature Extraction, and Encoding. Each method addresses specific aspects of protein

sequence analysis. This modular organization ensures flexibility and usability, allowing researchers to

employ specific methods as required. Detailed discussions on each component will follow below.

Protein standardization

Protein sequencing can present limitations in identifying the amino acids in a protein, which results in

sequences containing non-standard amino acids, such as selenocysteine (U) and pyrrolysine (O), or letters

representing ambiguities between amino acids.

The letter B represents the uncertainty between aspartic acid (D) and asparagine (N), Z between glu-

tamic acid (G) and glutamine (Q) and J between leucine (L) and isoleucine (I). X represents an unknown

or unspecified amino acid in the sequence. In such cases, it is often necessary to standardize protein
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sequences by removing or substituting these non-standard amino acids with their closest standard equiv-

alents. For instance, B may be replaced by asparagine (N), Z by glutamine (Q), selenocysteine (U) by

cysteine (C), and pyrrolysine (O) by lysine (K). X is typically removed during this process [116].

Standardizing protein sequences is essential for preparing data, and ensuring consistency and com-

patibility in subsequent analyses like feature extraction and model training [1].

Feature extraction

Protein descriptors are features derived from the protein sequence that capture various biochemical proper-

ties of the amino acid residues, as discussed in subsection 2.5.1. The Feature extraction module facilitates

the calculation of diverse descriptors essential for ML applications. These descriptors encompass physico-

chemical properties, amino acid composition, pseudo amino acid composition, auto-correlation, sequence

order, and other relevant characteristics [106].

Encoding

Besides using protein descriptors, another approach to achieve this is through encoding methods. The

encoding methods present in OmniA, which have already been detailed in subsection 2.5.2, include one-

hot encoding, BLOSUM, NLF, Z-scales, and attention-based transform.

For one-hot encoding, each amino acid residue is represented as a binary vector of length 21, covering

the 20 standard amino acids and one ambiguous residue (X). Consequently, this results in a matrix with

21 columns and N rows, where N corresponds to the sequence length.

The BLOSUM62 matrix encodes standard and non-standard amino acid residues, excluding the am-

biguous amino acid J, into a vector of length 24, resulting in a 24 x N matrix. BLOSUM50 encodes all

amino acid residues into a vector of length 25, producing a 25 x N matrix. The columns represent the

substitution likelihood scores [109].

The NLF encoding is applied exclusively to protein sequences that have undergone a standardization

process, ensuring they contain neither non-standard residues nor ambiguous amino acids. This encoding

generates a matrix with 18 columns and N rows. Similarly, the Z-scale encoding is applied to standardized

sequences, where each amino acid residue is represented by five attributes: Z1 (lipophilicity), Z2 (steric

properties), Z3 (electronic properties), Z4 (electronegativity), and Z5 (electrophilicity). This encodinig gen-

erates a matrix with 5 columns and N rows [42].
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ProtBert and ESM models are transformers with attention-based architectures used for encoding pro-

tein sequences. ProtBert, trained on approximately 216 million proteins from the UniRef100 dataset,

captures biophysical properties related to protein shape. Each amino acid residue is transformed into a

numeric vector with a dimension of 1024, resulting in a 1024 x N representation for a protein sequence

[89].

The ESMmodels offer various dimensions based on the number of trainable parameters. For instance,

ESM2 with 8 million parameters generates a vector of 320 features per amino acid residue, while ESM2

with 15 billion parameters produces a vector of 5120 features per residue. The default ESM model in

OmniA, ESM2-650, comprises 33 layers and 650 million trainable parameters, producing a representation

similar to the ESM1-b model but trained with updated reference data.

3.2.2 Generics sub-package

The Generics sub-package provides a range of models from the AutoGluon framework, including both

traditional ML algorithms and NN enabling efficient model selection and tuning for various tasks. The

models included in this sub-package are:

• RandomForestModel: A widely used ensemble model that constructs multiple decision trees during

training and outputs the mode of the classes ( for classification) or mean prediction ( for regression)

of the individual trees.

• CatboostModel: Is an algorithm for gradient boosting on decision trees, where loss is reduced with

each consecutively tree.

• KNNModel: A KNN algorithm that classifies samples based on the majority class of their nearest

neighbors in the feature space.

• LGBModel: is a gradient boosting framework that uses tree based learning algorithms. It is designed

to be distributed and efficient with advantages in regard to training speed, efficiency, accuracy,

among others.

• LinearModel: Implements linear regression or classification models. These models serve as simple

yet effective baselines, particularly in cases where the relationship between features and the target

variable is linear or approximately linear.
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• FastAINN: A DL model built on the FastAI library, which leverages NN to capture complex patterns

in the data. This model is well-suited for tasks where data has intricate, non-linear relationships,

though it typically requires a sufficient amount of data to perform effectively.

• VowpalWabbitModel: A fast online ML model designed to work efficiently with large datasets. It

excels in scenarios requiring fast learning and prediction, often used in recommendation systems

and real-time applications.

• XGBoostModel: An advanced implementation of gradient boosting that supports both classification

and regression tasks. Is highly efficient and capable of handling large datasets with high perfor-

mance.

• XTModel: Also known as extra trees, this ensemble learning method builds multiple unpruned deci-

sion trees with randomized splits in feature selection, reducing variance and controlling overfitting

while improving predictive accuracy.

• MultilayerPerceptron: A type of NN composed of multiple layers of nodes. MLP are powerful models

that can capture complex, non-linear relationships in the data and are suitable for a wide range of

prediction tasks.

In addition to these individual models, AutoGluon offers powerful techniques for model optimization

and ensemble learning. AutoGluon’s Tabular Predictor automatically manages model selection and hy-

perparameter optimization across these algorithms. It incorporates weighted ensembling, allowing it to

combine the strengths of different models by assigning weights based on their individual performance,

thus improving generalization on unseen data. Furthermore, AutoGluon employs techniques such as bag-

ging, which trains multiple models on random subsets of the data to reduce variance, and stacking, where

models are combined in a layered architecture to enhance predictive accuracy.

A key enhancement to this process is the integration of Optuna, a hyperparameter optimization frame-

work that can work in synergy with AutoGluon. Optuna allows for more efficient hyperparameter tuning

through advanced optimization strategies such as TPE. By leveraging Optuna, AutoGluon can intelligently

search for the best hyperparameter settings across models, reducing the number of trials needed and

speeding up the optimization process. This ensures that critical parameters like learning rates, regular-

ization terms, among others are adjusted to maximize model performance while minimizing overfitting

risks.
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By integrating Optuna and AutoGluon, OmniA significantly improves the efficiency of model selection

and hyperparameter tuning across a diverse range of algorithms, as previously discussed. This combi-

nation offers strong adaptability for both simple and complex machine learning tasks, ensuring robust

and scalable performance. While the platform optimizes each model’s parameters to achieve optimal

results, there remains potential for further enhancement, particularly through the integration of additional

DL models, which could further boost performance in more demanding scenarios.

3.2.3 Global pipeline

It is important to note that the primary objective of OmniA is to serve as an AutoML tool. This involves not

only automatically selecting the best ML or DL model but also choosing the entire pipeline that ensures

the best final result and optimal predictive capacity. In this context, Figure 19 demonstrates the sequence

of events during the execution of the AutoML pipeline created by OmniA, as well as the different elements

required to execute the pipeline effectively.

Figure 19: Sequence of steps in the AutoML pipeline implemented in OmniA, emphasizing the role of

presets in the Proteins (Stage A) and Generics sub-packages (Stage B).

The pipeline encompasses various stages, where the sub-packages for Proteins and Generics play a

crucial role. Additionally, to better understand the pipeline’s operation, it is essential to be familiar with the

concept of presets. Presets refer to predefined configurations or settings that simplify and standardize the

use of certain functionalities. They provide users with optimized options for specific tasks or scenarios,

reducing the need for manual customization and ensuring consistency across different runs or applications.
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The pipeline assumes that a set of sequences and their respective labels are already available, forming

the foundation for the subsequent steps in dataset processing and model development. In Stage A (Figure

19 green), the Proteins sub-package provides the necessary methods to transform the dataset through

standardization, feature extraction, or encoding techniques. Stage B (Figure 19 blue), managed by the

Generics sub-package, guides the steps for scaling, feature selection, model training, and evaluation.

The presets control how these steps are applied, offering three levels of complexity: light, medium,

and heavy. The choice of complexity allows the pipeline to be tailored to the specific requirements and

constraints of the experiment, balancing performance and computational resource usage.

3.3 Propythia

ProPythia, a tool previously presented in subsection 2.5.4, is a powerful, Python-based, free tool designed

for applying ML and DL models, with a strong emphasis on protein classification [106]. Given this context,

to perform a comparative analysis and truly verify the advantages of OmniA, we decided to compare it with

ProPythia.

Once the dataset, containing the set of sequences and their respective labels, is available, the numer-

ical representation of each sequence (with feature extraction or encoding techniques) is performed. A grid

search space was then defined with the parameters to be optimized (as detailed in Table 4) for the shallow

ML models implemented in ProPythia. Hyperparameter optimization was carried out using a randomized

search with 50 iterations and 5-fold cross-validation.

Table 4: Machine learning models used in ProPythia alongside their respective hyperparameters, which

were tuned using randomized search optimization.

Models Parameter Grid

SVC
C 0.01, 1.0, 10

kernel rbf, linear

gamma ’auto’, ’scale’

class_weight None, balanced

Linear-SVC
C 0.01, 1.0, 10

penalty l2

class_weight None, balanced
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Random-Forest
n_estimators 10, 100, 500

max_features sqrt, log2

penalty l2

criterion gini, entropy

class_weight None, balanced

GBoosting
n_estimators 010, 100, 500

max_features 0.6, 0.9

max_depth 1, 3, 5, 10

learning_rate 0.1, 1

KNN
n_neighbors 2, 5, 10, 15

weights uniform, distance

leaf_size 15, 30, 60

SGD
loss hinge, log, modified_huber, perceptron

alpha 0.00001, 0.0001, 0.001, 0.01

n_iter_no_change 5,10

class_weight None, balanced

Logistic regression
C 0.01, 0.1, 1.0, 10.0

solver liblinear, lbfgs, sag

class_weight None, balanced

NN
hidden_layer_sizes (50,), (100,), (200,)

activation tanh, relu

solver adam, sgd

alpha 0.00001, 0.0001, 0.001

learning_rate_init 0.0001, 0.001, 0.01

Alongside the use of ProPythia’s shallow ML models, we also developed a DL model for further exper-

imentation, which will be described in the development section (4.4.3). In summary, Propythia includes

functionalities for building predictors, optimizing hyperparameters, evaluating models, and making predic-

tions. Additionally, it supports a range of models, including SVM, Random Forest, KNN, as well as neural

network-based approaches like NNs and RNN, among others.
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Chapter 4

OmniA development

This chapter outlines the enhancements made to OmniA, focusing on the modules developed within the

Proteins and Generics sub-packages. Most of the code was created for OmniumAI and is subject to sharing

policies; therefore, the GitHub repository (https://github.com/GuilhermeLoboSousa/thesis) contains only

scripts for data exploration, comparative analysis with Propythia, and the general OmniA pipeline. Python

3 was chosen for development due to its compatibility with the existing OmniumAI infrastructure and its

extensive libraries for implementing AutoML software.

The enhancements to OmniA involve integrating new functionalities across two main sub-packages:

Proteins and Generics. We will first discuss the implementations in the Proteins sub-package (subsections

4.1, 4.2, 4.3) followed by a detailed overview of the improvements in the Generics sub-package (4.4).

4.1 Feature extraction

The Proteins sub-package includes a module dedicated to feature extraction, particularly for protein de-

scriptors. This module is organized into files, with each file handling specific categories of descriptors

and containing classes that compute various protein descriptors. New descriptors— Grouped Amino Acid

Composition (GAAC), CKSAAP, Conjount Triad (CT), and Dipeptide Deviation from Expected Mean (DDE)-

were implemented and integrated into this module. These descriptors were chosen for their frequent

use in relevant case studies related to this work. Their inclusion in the Proteins package is significant as

they provide new methods for analyzing protein sequences, uncovering complex structural and functional

relationships that were previously not addressed.
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4.1.1 Grouped amino acid composition

As known, the 20 standard amino acids can be categorized into 5 groups based on their properties: the

aliphatic group (g1: GAVLMI), aromatic group (g2: FYW), positively charged group (g3: KRH), negatively

charged group (g4: DE), and uncharged group (g5: STCPNQ). In this context, the class called GAAC was

created to calculate the frequency of each amino acid group, resulting in 5 descriptors, as described in

Equation (1).

Group Amino Acid Composition (g) =
N(g)

N
(1)

where N(g) is the number of amino acids in group g, and N is the total length of the protein sequence.

4.1.2 Composition of K-spaced amino acid pairs

The CKSAAP class allows to calculate the frequency of each pair of amino acids separated by any k

residues. There are 400 possible amino acid pairs, so the feature vector created by this class will have a

length of 400, unless more than one value for k is chosen. In that case, the feature vector length will be

400 multiplied by the number of k values selected. Equation (2) illustrates how each descriptor associated

with this class is calculated:

Frequency(AA) =
NAA

N − (k + 1)
(2)

where N is the total length of the protein sequence and NAA is the number of times the amino acid pair

”AA” appears in the protein sequence separated by k residues. Thus, as an example, in the sequence

”AYAYKDAGAAC” with a length of 11, the CKSAAP descriptor for the pair ”AA” would have a value of

2
11−(1+1)

for k = 1.

4.1.3 Conjount triad

The CT class categorizes amino acids into 7 groups based on their properties: g1 (AGV), g2 (ILFP),

g3 (YMTS), g4 (HNQW), g5 (RK), g6 (DE), and g7 (C). The method counts how often combinations of

three groups occur together. Since there are 7 possible groups for each position in the combination, the

descriptor vector size is 343 (7 x 7 x 7).

However, as the protein sequence length increases, the probability of the descriptor vector containing

higher values compared to smaller proteins also increases. To mitigate this, a normalized descriptor vector

d is defined, as shown in Equation (3):
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d =
f − min(f1, f2, . . . , f343)
max(f1, f2, . . . , f343)

(3)

where f is the descriptor vector for a specific combination of three units of amino acid groups. Normalization

is carried out considering the minimum and maximum values obtained in the descriptors.

4.1.4 Dipeptide deviation from expected mean

The DDE class allows for the extraction of descriptors that explore the relationship between the observed

frequency of dipeptides and the expected frequency based on a random distribution of amino acids within

the protein sequence. To achieve this, three parameters need to be computed: dipeptide composition

(DC), theoretical mean (Tm), and theoretical variance (Tv). Using the dipeptide ”AC” as an example, we

demonstrate the computation of these parameters in Equations (4), (5), and (6), respectively.

Dipeptide composition (Dc) =
NAC

N − 1
(4)

where NAC is the number of occurrences of the dipeptide AC in the protein sequence, and N is the length

of the protein sequence.

Theoretical mean (Tm) =
CA

CN
· CC

CN
(5)

where CA represents the number of times the amino acid ’A’ occurs, Cc represents the number of times

the amino acid ’C’ occurs, and CN is the total number of amino acids in the protein sequence.

Theoretical variance (Tv) =
Tm · (1− Tm)

N − 1
(6)

The DDE is calculated by combining these parameters, as shown in Equation (7):

Dipeptide deviation expected mean (DDE) =
DC − Tm√

Tv
(7)

where DC, Tm, and Tv correspond to dipeptide composition, theoretical mean, and theoretical variance,

respectively.
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4.2 Encoding

In most datasets, including those used in this project, proteins vary in sequence length. To ensure consis-

tency during processing, padding and truncation techniques are used. Padding involves adding zeros or

predefined values to shorter sequences to match either the length of the longest sequence or a predefined

maximum length. Conversely, truncation shortens longer sequences by removing tokens until a prede-

fined maximum length is achieved. These techniques are critical for ensuring uniform sequence lengths,

facilitating batch processing, and maintaining compatibility with models that require fixed-length inputs.

In this work, padding and truncation were applied across all three encoding methods: NLF, ESM, and

ProtBert.

4.2.1 NLF encoder

The NLFEncoder class supports truncation in three distinct ways: by removing tokens from the start, from

the end, or by discarding tokens from the middle, focusing on the terminal regions of the protein sequence.

The latter method is particularly relevant since key functional and structural characteristics of proteins often

reside at their terminals. This flexibility allows us to explore how different truncation strategies affect model

performance while preserving essential biological features.

4.2.2 ESM-2 encoder

The Esm2Encoder class also includes parameters that allow different encoding approaches. A key pa-

rameter is pretrained_model, which generates a transformation matrix with dimensions that depend on

the selected model. These dimensions are indicative of the model’s capacity to capture complex protein

characteristics. When choosing a pretrained_model, it is essential to balance the accuracy of the protein

representation with the available computational resources.

Another important parameter is two_dimensional_embeddings, a boolean flag that dictates the output

format. When set to True, the encoded data is presented as a matrix; when set to False, it is output in

a tabular format. This flexibility is crucial, as it impacts the compatibility with downstream models and

influences whether ML or DL approaches will be more effective in utilizing the encoded data
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4.2.3 ProtBert

The ProtBert class represents a model pretrained on protein sequences using the Masked Language Mod-

elling (MLM) technique. Based on the BERT model, it was trained in a self-supervised way on a large

corpus of protein sequences, without the need for human labelling. This approach allows the model to

learn and generate protein representations automatically by leveraging large public datasets [129].

4.3 Presets

The OmniA platform is an AutoML solution, making the creation of presets essential for simplifying its

configuration and use, particularly within the Proteins sub-package. Three main types of presets have

been implemented, each orchestrating different aspects of the platform: one more specific for the feature

extraction module, and two associated with the pipeline (highlighted in green and blue in Figure 19).

The feature extraction preset streamlines the selection of descriptors. Table 5 lists the 10 descriptor

presets implemented, along with an explanation of the descriptor groups that each one extracts. This

preset facilitates quick selection, enabling users to easily choose an appropriate set without the need for

manual configuration.

Table 5: Descriptor preset string values that generate a set of descriptors from protein sequences.

Presets Description

all All descriptors available in OmniA

performance Descriptors that tend to generate high-performing models

physico-chemical Physicochemical characteristics of proteins

aac Single amino acid, dipeptide and tripeptide composition

paac Pseudo amino acid composition - returns the amino acid compo-

sition as well as the sequence order information

auto-correlation Physicochemical and molecular structure-based descriptors

composition-transition-distribution Calculates the composition, transition rate, and quartile distribu-

tion of amino acids for each physicochemical property.

seq-order Calculates dissimilarity values for all residue pairs.

modlamp-correlation Correlation descriptors from the modlAMP python package

modlamp-all All descriptors available from the modlAMP python package
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The two pipeline presets are designed to cater to different user needs, featuring increasing levels of

complexity. While they offer a more tailored user experience, this added complexity may lead to decreased

processing efficiency. Users can choose the preset that best aligns with their requirements, balancing

complexity and efficiency. These presets are available in three distinct levels of complexity:

• Light: Offers fast configurations ideal for preliminary tests or when computational resources are

limited.

• Medium: Balances performance and processing time with a moderate number of configurations

for more robust analyses;

• Heavy: Involves complex and computationally intensive configurations, maximizing performance

through a comprehensive set of choices.

The capabilities of each general preset and the distinctions between these levels of complexity are

illustrated in Table 6, highlighting how the choices and computational demands increase with each level.

Table 6: Overview of preset configurations for protein sequence analysis, detailing the complexity levels

(Light, Medium, and Heavy) and the respective choices available for standardization and feature extraction

or encoding.

Preset Standardization Feature extraction or Encoding

Light Protein Standardizer Protein Descriptor (all)

NLFEncoder

ESM2Encoder (”8M” and ”35M”)

Medium Protein Standardizer Protein Descriptor (all)

NLFEncoder

ESM2Encoder (”35M” and ”150M” and ”650M”)

Heavy Protein Standardizer Protein Descriptor (all)

NLFEncoder

ESM2Encoder (”150M” and ”650M” and ”3B”)

ProtbertEncoder

In conclusion, the implementation of both descriptor presets facilitate the quick and effective selection

of descriptor groups, while the general presets offer flexibility in choosing the desired level of complexity,

adjusting the balance between the number of choices, computation time, and performance as required.

56



4.4 Deep learning models

The Generics sub-package was improved through the addition of four DL models: an Autoencoder and

a 1D CNN for handling tabular data, and a CNN-RNN and RNN for working with matrix data. Table 7

provides a detailed overview of the default key hyperparameters for each model, including model-specific

and general, relevant to our classification problem. These values can be significantly customized, allowing

the models to be highly adaptable and flexible for various data types and tasks.

Table 7: The developed deep learning models feature hyperparameters with default values that can be

optimized during training, including individual for each model and globalshared across all models.

Models Hyperparameters

Model-specific Global

AutoEncoder

num_dense_unit_encoder (2)

num_dense_layers (2)

latent_dim (32)

first_hidden_dense_unit (256)

num_dense_layers_classifier (32)

CNN1D

n_conv_layers (2)

first_filter_size (128)

kernel_size (3)

stride (1)

pool_size (2)

n_dense_layers (1)

first_dense_units (64)

n_tasks (1)

n_classes (1)

activation (ReLU)

last_layer_activation (sigmoid)

epoch (100)

loss (binary-crossentropy)

batch_size (32)
RNN

RNN_type (LSTM)

bidirectional (False)

n_rnn_layers (3)

hidden_units_rnn_layers (64)

num_dense_layers (1)

hidden_units_dense_layers (32)

CNN-RNN
All model-specific and global parameters are common with the CNN

and RNN models
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In addition, regularization techniques, such as dropout layers, have been incorporated to prevent

overfitting and improve generalization, ensuring reliable performance across diverse applications.

The inclusion of DL models in the Generics sub-package has greatly expanded its scope. These

new models provide flexibility for handling both tabular and matrix data, allowing for more efficient and

adaptable solutions to a wider range of tasks.

4.4.1 AutoEncoder

The AutoEncoderMLP class is a NN model that integrates an autoencoder with a Multi-Layer Percep-

tron (MLP). This architecture is designed to simultaneously reduce data dimensionality and perform clas-

sification or regression tasks. The model comprises three main components: the encoder, the decoder,

and the MLP, as illustrated in Figure 20.

Figure 20: Architecture of the AutoEncoderMLP model, illustrating the main components: encoder, de-

coder, and Multi-layer Percepton

The encoder compresses the input data into a smaller latent space by reducing its dimensionality, while

the decoder mirrors the encoder to reconstruct the original input from this latent space. The compressed

data is then passed through the MLP network, which executes the final classification or regression task.

The MLP ends with a dense layer, applying an appropriate activation function, such as sigmoid for binary

classification.
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To ensure effective dimensionality reduction and accurate task performance, the model utilizes a

combination of loss functions during training. The MSE loss function is specifically employed by the

autoencoder to measure the difference between the input and output, ensuring that the reconstructed

output closely resembles the original input. For the other models, the choice of loss function depends on

the task: binary cross-entropy loss is applied for classification tasks, while MSE is used for regression tasks.

This approach allows all models to optimize their performance according to the specific requirements of

the task at hand.

4.4.2 CNN1DModel

The CNN1DModel class is a one-dimensional CNN designed for classification or regression tasks. The net-

work’s architecture, detailed in Figure 21, is structured to handle tabular data by applying 1D convolutional

layers followed by dense layers for final prediction.

Figure 21: Architecture of the CNN1DModel, showing the 1D convolutional neural network and dense

layers used for processing tabular data.

The input data undergoes a reshaping process to make it suitable for the 1D convolutional layers.

Each Conv1D layer is followed by batch normalization and max pooling layers, which stabilize the learning

process and reduce the data’s dimensionality while retaining essential features. After the convolutional

layers, the data is passed through a flattening layer that converts the multi-dimensional output into a one-

dimensional vector. This vector is then fed into a series of dense layers that perform the final prediction,

whether for classification or regression.

The CNN1Dmodel combines the strengths of convolutional and dense layers, making it a powerful tool

for capturing local and sequential patterns in the data from protein sequence descriptors and generating

accurate predictions.
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4.4.3 RNNModel

The RNNModel class is a RNN designed for classification or regression tasks on matrix data. The model’s

architecture, as shown in Figure 22, offers flexibility by allowing users to choose between various RNN layers

like LSTM, GRU, or SimpleRNN. Additionally, these layers can be configured as bidirectional, enabling the

capture of information from both forward and reverse sequences.

Figure 22: Architecture of the RNNModel, illustrating the use of RNN layers, including options for LSTM,

GRU, or simpleRNN, with bidirectional configuration.

The RNN layers excel at extracting and consolidating temporal dependencies, whether they are local

or more distant. After processing through these layers, the outputs are passed to dense layers that utilize

the extracted features to generate predictions.

The RNNModel is well-suited for effectively handling and analyzing sequential data. The model is

trained using techniques like backpropagation through time and optimized through gradient descent meth-

ods. With its extensive configuration options, this model serves as a versatile tool for a wide range of ap-

plications. However, it is important to note that while RNN are powerful, they may struggle with long-range

dependencies due to issues such as vanishing gradients, necessitating careful consideration during model

training.
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4.4.4 ConvRNNModel

The ConvRNNModel class is a NN that combines convolutional, recurrent, and dense layers, similar to

the architectures of previously mentioned models. This model, illustrated in Figure 23, is designed for

classification or regression tasks on matrix data.

Figure 23: Architecture of the ConvRNNModel, combining convolutional and recurrent layers to extract

spatial and temporal features from matrix data.

The convolutional layers are designed to extract spatial patterns, by applying filters across the input.

This step is crucial for detecting spatial hierarchies and reducing dimensionality while retaining important

information. Next, the recurrent layers capture temporal dependencies across the sequence of spatial fea-

tures, allowing the model to learn from the order and progression of data over time. After the convolutional

and recurrent layers, the output is passed through dense layers, which integrate the learned features and

produce the final prediction.

In summary, the ConvRNNModel is a versatile architecture well-suited for tasks that involve matrix

data with inherent spatial and temporal patterns. This makes it applicable to a wide range of problems.
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4.5 Global Pipeline

The presets mentioned above describe three possible levels of complexity. However, given the computa-

tional resources available, it was decided to apply only the light preset. In the Generics sub-package, the

preset allows the use of all the ML and DL models, but only with the hyperparameters set by default. To

make this pipeline easier to understand, Figure 24 illustrates how it works with the light preset.

Figure 24: Representation of the OmniA pipeline using the light configuration preset. In the image, black

represents fixed default settings, while colored sections indicate the parameters that Optuna can optimize

within the light preset. This configuration streamlines the process, automating adjustments while retaining

flexibility for specific pipeline configurations.

An analysis of Figure 24 clearly demonstrates how the AutoML platform operates with the least com-

plex preset, and is notable for its “hands-off” approach. This means that it can be used by users with

specialist knowledge and those with less experience, simply by providing the data set. Furthermore, it can

be seen that although the light preset uses fewer computing resources, it still allows for a considerable

range of different configurations (more that 700), guaranteeing flexibility without compromising computing

efficiency.
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Chapter 5

Results and discussion

This chapter presents the results and discussion of the aforementioned case studies, focusing on the

distribution of datasets in terms of sequence length and binary classification classes, as well as on the

application of the updated AutoML platform, which integrates all the improvements discussed in Chapter

4. The results obtained with the AutoML platform were compared with models from the literature and with

the Propythia tool, providing a comprehensive performance analysis. This approach aims to highlight the

competitiveness of the solution developed in relation to the state of the art, identifying its strengths and

areas for improvement in different contexts, providing a complete assessment of the platform’s capabilities.

5.1 Data analysis

5.1.1 Sequence length

First of all, it is important to note that in the allergen study, both the training and test sets are provided.

In contrast, only the global dataset is available in the antioxidant study, without a pre-defined training-test

split. Therefore, although the main dataset is the same in both case studies, when compared to the

data used in the original publications, we can only guarantee an exact match to the training and test sets

used for the allergen study. This discrepancy makes it impossible to ensure a fully fair comparison in the

antioxidant case study, as the test split may differ from the original setup, potentially affecting the results.

To better understand the datasets to be explored, we analyzed the length distribution of the protein

sequences, as shown in Figure 25. This analysis was essential for ensuring consistency across the datasets

and for gathering valuable insights for the later stages of the work. The length distribution directly influences

the choice of preprocessing techniques, such as padding or truncation, which are necessary for models

that require fixed-length inputs. By understanding this distribution, we can apply appropriate padding or

truncation to preserve key biological information.
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Additionally, the selection of the encoding method plays a crucial role. For example, complex models

like ProtBert are well-suited for handling long or varied sequences, while simpler encoders may be suf-

ficient for shorter ones. This understanding also impacts computational efficiency, as longer sequences

demand more memory and processing power. Furthermore, significant variations in sequence lengths can

introduce bias during model training, leading to certain lengths being over- or underrepresented. Thus,

this analysis ensures that our preprocessing steps effectively mitigate these risks, resulting in models that

generalize better to new data.

Figure 25: Sequence length distribution histograms for (A) the antioxidant dataset and (B) the allergen

dataset.

For both antioxidant (Figure 25-A) and allergen (Figure 25-B) datasets, the histograms indicate that

most sequences fall within the 100 to 200 amino acid range, exhibiting a left-skewed distribution. Notably,

only around 10% of the sequences exceed 600 amino acids in the allergen dataset and 400 amino acids

in the antioxidant dataset.

Based on this analysis and in line with the literature, a crucial parameter was defined for both the

OmniA pipeline and Propythia: the maximum allowed sequence length. This parameter is essential for

tasks like padding or truncating sequences, and the limit was set at 600 amino acids. This threshold

was chosen because 600 amino-acid length strikes a balance between computational efficiency and the

retention of meaningful information.

While this limit preserves most sequences without truncation and ensures efficient processing, the

issue of padding arises, particularly because many sequences are significantly shorter than 600 amino

acids. This is especially relevant for the antioxidant dataset, where a limit of 400 amino acids might have

been sufficient. Excessive padding could introduce noise into the models, a concern that will be addressed

in more detail in later sections.
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5.1.2 Labels

Another crucial aspect to consider is the distribution of labels, particularly in the context of binary clas-

sification. It is essential to assess whether the dataset is balanced, and if not, to understand the class

proportions, identifying the majority and minority classes. Figure 26 provides a circular graph that shows

these proportions, offering an intuitive view that is valuable for subsequent stages of analysis.

Figure 26: Class distribution for (A) the antioxidant dataset and (B) the allergen dataset. The allergen

dataset shows balanced classes, while the antioxidant dataset displays a significant class imbalance, with

the positive class (antioxidant properties) being the minority.

The label distribution reveals two distinct scenarios: in the allergen dataset (Figure 26-B), the classes

are balanced, while in the antioxidant dataset (Figure 26-A), there is a significant imbalance, with a ratio

of approximately 1:6. In this case, the positive class (class 1), which represents antioxidant properties, is

the minority. This imbalance will necessitate specialized strategies during model training to ensure robust

performance across both classes.

5.1.3 Distribution of sequence length by label

An essential aspect to consider when processing protein sequences is the sequence length distribution

associated with each label, as shown in Figure 27. This analysis aims to assess whether the sequence

lengths are balanced across the labels in the case studies. An imbalance in sequence lengths can introduce

challenges for ML models, particularly due to the effects of padding and truncation, which can influence

model performance.
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Figure 27: Sequence length distribution for (A) the antioxidant dataset and (B) the allergen dataset, cate-

gorized by class label. Both panels reveal an imbalance in sequence lengths across the labels.

In both case studies, no explicit effort was made to balance sequence lengths between the labels.

In the allergenic dataset, represented in Figure 27-B, this issue becomes more pronounced. With a 600-

amino-acid threshold, most label 1 sequences require padding, while label 0 sequences face a mix of

padding and truncation. This imbalance leads to label 1 sequences containing significant amounts of

padding, potentially introducing considerable noise. Meanwhile, label 0 sequences undergo both padding

and truncation, resulting in more heterogeneous processing. This asymmetry could hinder the model’s

ability to generalize well and affect prediction accuracy.

5.2 OmniA

The OmniA platform utilizes Optuna for hyperparameter tuning and pipeline selection, optimizing the com-

bination of each model’s architecture and feature representation or encoding method to enhance perfor-

mance across 100 trials.

The models were evaluated using a range of performance metrics, including accuracy, recall, F1-score,

and either Matthews Correlation Coefficient (MCC) or precision. These specific metrics were chosen based

on the literature, where MCC is commonly reported for antioxidant datasets and precision for allergenic

datasets, alongside the other referred metrics.
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In addition, for the antioxidant dataset, which is imbalanced, the F1-score was selected as the op-

timization metric because it balances precision and recall, making it more suitable for handling class

imbalances. Conversely, in the allergenic case study, where the dataset is balanced, accuracy was cho-

sen as the primary optimization metric, as it provides a straightforward measure of overall performance

when the classes are evenly distributed.

The following results highlight the optimized pipelines along with the final evaluation metrics obtained

from testing the models on unseen data, as well as the optimization metric derived from training the

models.

5.2.1 Antioxidant case study

In this study, two evaluation approaches were used for the antioxidant case study: the hold-out approach

and cross-validation.

In the hold-out approach, the dataset was split into a training set, a validation set, and a test set. The

model was trained only once using the training set, validated on the validation set, and then evaluated on

the test set, which remained unseen throughout the training and validation phases.

In contrast, the cross-validation approach involved splitting the training data into multiple folds (k-

folds= 5), where the model was trained and validated iteratively across different subsets of the data. This

provided a more robust estimate of the model’s performance by averaging the results across the folds.

After cross-validation, the best-performing models were then tested on a separate test set, to assess their

final performance.

Thus, Table 8 presents the metrics obtained from the test set for both the hold-out and cross-validation

approaches. It also includes the optimization metric used during the training and validation phases.
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Table 8: Top 4 pipelines selected for the antioxidant case study, with and without cross-validation. Metrics

presented include: accuracy, recall, Matthews correlation coefficient, F1-score in test set and optimization

F1_score in the validation set (hold-out) or calculated from a cross-validation process.

Pipeline Configuration Optimization

F1_score

Accuracy Recall Matthews

Correlation

Coefficient

F1-score

Hold-out

Protein descriptor + Tabular Predictor 1.000 0.893 0.342 0.465 0.473

ESM (pretrained_model=”35M” and

preset=”features”) + Tabular Predictor

0.842 0.923 0.500 0.638 0.644

Protein descriptor + MLPClassifier 0.612 0.882 0.421 0.446 0.500

Protein descriptor + GBoosting 0.609 0.908 0.342 0.556 0.510

With cross validation

ESM (pretrained_model=”35M”

and preset=”features”) + Tabu-

lar Predictor

0.690 0.930 0.632 0.685 0.716

ESM (pretrained_model=”8M” and

preset=”representations”) + GBClassi-

fier

0.662 0.911 0.500 0.525 0.613

Protein descriptor + Tabular Predictor 0.552 0.900 0.395 0.496 0.517

ESM (pretrained_model=”35M” and

preset=”features”) + GBClassifier

0.488 0.915 0.421 0.597 0.582

These results highlight the importance of implementing cross-validation to prevent overfitting in small

datasets with unbalanced label distributions. Initially, the best optimization score achieved on the validation

set, applying hold-out, was 1.00. Although this score might suggest perfect performance, it actually reflects

overfitting to the validation. Additionally, running a large number of trials—especially with Optuna’s TPE

sampler, which builds on information from previous trials—probably intensified the overfitting issue.

As evidence of this overfitting, the model’s performance dropped significantly when evaluated on the

test set, indicating that it had learned to fit the validation set rather than generalizing to unseen data. This

underscores the necessity of employing more robust validation techniques, such as cross-validation, to

obtain a more reliable measure of a model’s ability to generalize.
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The implementation of cross-validation was therefore fundamental in correcting this behavior, balanc-

ing the model’s fit to the data and allowing a more accurate assessment of its generalization capacity.

After applying cross-validation, the models with the best optimization scores were also those that obtained

the best metrics in the test set, which suggests that the model is actually learning patterns and not just

memorizing specific examples.

Finally, considering the overfitting issue, we decided to select the best pipeline based on cross-

validation approach, using the highest optimization score as a reference. The pipeline that performed

best after cross-validation was the one using ESM (pretrained_model= ”35M” and preset=”features”)

combined with a Tabular Predictor. It achieved an accuracy of 0.93, a recall of 0.63, an MCC of 0.69,

and an F1-score of 0.72 on the test set. Although these metrics are not exceptionally high, this pipeline

outperformed the alternatives, demonstrating its robustness in addressing the dataset’s challenges. The

complexity in this case stems primarily from the limited amount of data and its imbalance, which made it

difficult for most models to generalize effectively. Despite these challenges, the selected pipeline consis-

tently delivered the best performance, underscoring its resilience under these conditions.

5.2.2 Allergenic case study

Table 9 shows the results for the top four pipelines obtained with OmniA for the allergenic dataset. In this

case, we did not implement the cross-validation technique but instead employed the hold-out approach,

splitting the dataset into training, validation, and test sets. The dataset was sufficiently large to ensure

robust performance without the need for cross-validation. Additionally, the results from both the validation

and evaluation stages were consistent and similar, suggesting that the absence of cross-validation did not

compromise the reliability of the selected pipelines. Although cross-validation could have provided even

more robust results, it would have significantly increased computational time, which was not ideal for this

analysis.
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Table 9: Top 4 pipelines selected for the allergenic case study. Metrics presented include: accuracy,

precision, recall, F1-score on test set and optimization accuracy as validation score.

Pipeline Optimization

Accuracy

Accuracy Precision Recall F1-score

ESM (pretrained_model=”8M” and

preset=”representations”) + Tabular

Predictor

1.000 0.941 0.940 0.942 0.941

Protein descriptor + Tabular Predictor 1.000 0.926 0.948 0.901 0.924

ESM (pretrained_model=”8M” and pre-

set=”representations”) + AutoEncoderMLP

0.928 0.927 0.942 0.911 0.926

ESM (pretrained_model=”8M” and pre-

set=”representations”) + CNN1D

0.916 0.915 0.936 0.890 0.913

Another interesting aspect to mention is that the DL models, such as RNN, were also not selected as

the best options for this case study. However, we do not believe that this is due to the dataset size, as it is

sufficiently large. Instead, the selected models demonstrated such robust performance that other pipeline

configurations, including DL models, were not prioritized.

It is immediately clear that, among the top 4 configurations, the one using ESM (pretrained_model=”8M”

and preset=”representations”) is the most recurrent, underscoring that the choice of ESM with this spe-

cific setup was key to optimizing the model’s performance. Despite having two pipelines with the highest

optimization score, we ultimately selected this encoding combined with the ML Tabular Predictor model

as the best pipeline. This configuration achieved an accuracy, precision, recall, and F1-score of 0.94 on

the test set.

5.3 Propythia

The best hyperparameters for each model were selected using 5-fold cross-validation with Propythia, em-

ploying the same data split and performance metrics as the OmniA pipelines in both case studies. Once

the optimal hyperparameters were determined, the models were evaluated on the unseen test set.
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5.3.1 Antioxidant case study

The results and the best-optimized hyperparameters for each model of Propythia for the antioxidant case

study are presented in Table 10, which specifies the type of numerical data representation (feature extrac-

tion or encoding technique) utilized for each model, providing essential context for interpreting the results

effectively. In this case, the F1-score was used as the optimization metric to obtain the best hyperparam-

eters, due to the imbalanced nature of the dataset.

Table 10: Optimized hyperparameters and performance metrics (accuracy, recall, MCC, F1-score) on test

set for each model applied to the antioxidant case study. The table also specifies the type of numerical

data representation used for the protein sequences.

Note: Hyperparameters not explicitly mentioned are set to their default values as specified in the scikit-learn library.

Models Numerical

data represen-

tation

Accuracy Recall Matthews

Correlation

Coefficient

F1-score

Linear-SVC( C=0.01,

class_weight=’balanced’)

Protein

descriptors

0.911 0.970 0.596 0.636

RandomForest(

n_estimators=10)

Protein

descriptors

0.782 0.184 0.06 0.192

KNN( leaf_size=15,

n_neighbors=2,

weights=’distance’)

Protein

descriptors

0.889 0.342 0.447 0.464

GradientBoosting(

max_features=0.6,

n_estimators=500)

Protein

descriptors

0.668 0.763 0.294 0.392

LogisticRegression( C=0.01,

class_weight=’balanced’,

solver=’liblinear’)

Protein

descriptors

0.882 0.526 0.489 0.555
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Neural networks( activa-

tion=’tanh’,

alpha=0.001,

hidden_layer_sizes=(50,),

learning_rate_init=0.01,

solver=’sgd’)

Protein

descriptors

0.911 0.395 0.575 0.555

SGD (alpha=0.001,

class_weight=’balanced’,

early_stopping=True,

loss=’modified_huber’)

Protein

descriptors

0.860 0.632 0.481 0.558

SVC( C=0.01,

class_weight=’balanced’,

gamma=’auto’,

kernel=’linear’)

Protein

descriptors

0.900 0.473 0.532 0.571

AutoEncoder(

num_dense_unit_encoder=128,

num_dense_layers=2,

latent_dim=6,

first_hidden_classifier_unit=20,

num_dense_layers_classifier=3,

dropout=0.1)

Protein

descriptors

0.889 0.211 0.432 0.348

RNN( RNN_type=LSTM,

bidirectional=False,

n_rnn_layers=2,

hidden_units_rnn_layers=64,

num_dense_layers=2,

hidden_units_dense_layers=64,

dropout=0.3)

ESM (150 M) 0.860 0.000 0.000 0.000
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RNN( RNN_type=GRU,

bidirectional=False,

n_rnn_layers=3,

hidden_units_rnn_layers=128,

num_dense_layers=3,

hidden_units_dense_layers=64,

dropout=0.1)

NLFEncoder 0.857 0.000 0.000 0.000

Based on the metrics presented, with a focus on F1-score and MCC due to the imbalanced nature

of the dataset, it is evident that the shallow ML models outperformed the DL models. This outcome is

expected, as DL models typically excel with larger datasets, where they can leverage their ability to learn

complex patterns. In contrast, simpler ML models are better suited for smaller datasets like the one

analyzed, due to their reduced risk of overfitting and stronger generalization capacity.

Among the tested models, Linear-SVC achieved the best performance with an F1-score close to 0.64

and an MCC around 0.60. This result, however, does not imply that the data is perfectly linearly sep-

arable. Although Linear-SVC aims to separate classes through a linear hyperplane, its effectiveness, in

this case, can be attributed to regularization (with an l2 penalty) and hyperparameter adjustments, such

as automatic class balancing. In scikit-learn, the ”balanced” mode automatically adjusts class weights

inversely proportional to their frequencies, ensuring that underrepresented classes have a higher weight

during training, which helps mitigate the effects of class imbalance and improves model performance on

minority classes.

Even with moderate complexity, Linear-SVC can perform well, though perfect linear separation is not

guaranteed with the available data. The model’s success highlights the importance of fine-tuning key

hyperparameters. Additionally, optimizing other parameters like tolerance for stopping criteria (tol) and

maximum iterations (max_iter) could further improve performance by enhancing convergence and pre-

venting premature stopping, potentially leading to more accurate and stable results.

5.3.2 Allergenic case study

The results for the models created with Propythia for the allergenic dataset are shown in Table 11, detailing

the best-optimized hyperparameters and the numerical data representation selected for each model. In

this case, the accuracy score was used as the optimization metric to obtain the best hyperparameters.
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Table 11: Optimized hyperparameters and performance metrics (accuracy, recall, precision, F1-score) on

test set for each model applied to the allergenic case study. The table also specifies the type of numerical

data representation used for the protein sequences.

Note: Hyperparameters not explicitly mentioned are set to their default values as specified in the scikit-learn library.

Models Numerical data

representation

Accuracy Precision Recall F1-score

Linear-SVC( C=0.01) Protein

descriptors

0.897 0.949 0.839 0.891

RandomForest( n_estimators=500) Protein

descriptors

0.700 0.646 0.886 0.747

KNN( leaf_size=15,

n_neighbors=2,

weights=’distance’)

Protein

descriptors

0.641 0.586 0.956 0.723

GradientBoosting( max_features=0.6,

n_estimators=500,

max_depth=5)

Protein

descriptors

0.802 0.933 0.651 0.767

LogisticRegression( C=0.01,

solver=’sag’)

Protein

descriptors

0.893 0.956 0.823 0.885

Neural networks(

activation=’logistic’,

alpha=0.00001,

hidden_layer_sizes=(50,),

learning_rate_init=0.0001)

Protein

descriptors

0.894 0.953 0.828 0.886

SGD (alpha=0.001,

class_weight=’balanced’,

early_stopping=True,

loss=’modified_huber’,

n_iter_no_change=10)

Protein

descriptors

0.891 0.962 0.814 0.882
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SVC( C=10) Protein

descriptors

0.895 0.950 0.834 0.888

AutoEncoder(

num_dense_unit_encoder=64,

num_dense_layers=2,

latent_dim=6,

first_hidden_classifier_unit=20,

num_dense_layers_classifier=2,

dropout=0.1)

Protein

descriptors

0.111 0.145 0.159 0.152

RNN( RNN_type=GRU,

bidirectional=True,

n_rnn_layers=2,

hidden_units_rnn_layers=128,

num_dense_layers=3,

hidden_units_dense_layers=64,

dropout=0.1)

NLFEncoder 0.842 0.861 0.817 0.838

RNN( RNN_type=GRU,

bidirectional=True,

n_rnn_layers=2,

hidden_units_rnn_layers=256,

num_dense_layers=2,

hidden_units_dense_layers=128,

dropout=0.3)

ESM (150 M) 0.939 0.939 0.939 0.939

For the balanced dataset of allergens, accuracy becomes a more reliable metric. In this context, the

RNN model, utilizing features from the ESM encoding with a ”150M” pre-trained model, achieved the

highest performance. It obtained an accuracy, precision, recall and F1-score close to 0.94 demonstrating

an excellent ability to correctly classify both classes. This result aligns with the general understanding

that DL models, like RNN, tend to have good performance with larger datasets, as they can capture more

complex patterns and adjust their parameters effectively.
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Interestingly, while the RNN model paired with the ESM encoder delivered the best performance, it

was significantly worse when combined with the NLF encoder. Furthermore, utilizing protein descriptors,

the Linear-SVC model outperformed the RNN with the NLF encoder. This highlights that it is not correct

to draw definitive conclusions from a single result without considering the interaction between the model

and the chosen numerical data representation.

The optimal choice is not determined solely by the model’s architecture or the feature representation,

but by the synergy between both. This highlights the value of AutoML approaches, which systematically

explore various combinations of models and numerical data representations in a flexible and automated

manner. By doing so, it adapts to the unique characteristics of each dataset without requiring extensive

manual input from the user, ensuring a tailored and effective solution.

5.4 Comparison with different studies

Finally, the performance of OmniA and Propythia models was compared to the performance of published

tools using the same datasets and metrics as before.

5.4.1 Antioxidant case study

Figure 28 shows the results obtained for the antioxidant dataset, revealing that, although the OmniA’s

AutoML platform demonstrated competitive performance, it did not achieve the highest results in the F1-

score and MCC metrics, which are particularly well-suited for evaluating unbalanced datasets.
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Figure 28: Bar chart comparing the performance metrics (Accuracy, Recall, MCC, and F1-score) of various

approaches ( ’AodPred’, ’AOP-SVM’, ’PredAOP’, ’Propythia’, and ’OmniA’) in the antioxidant case study, with

scores presented as percentages.

When comparing OmniA to the AOP-SVM and PredAOP approaches, both showed very similar results.

However, OmniA did not achieve the best performance in any of the evaluated metrics. A notable distinction

is that these alternative approaches employ the leave-one-out validation technique, where the model is

trained on all but one sample, which is then used for testing. This process is repeated until every sample

has been used as a test case [118, 119].

The leave-one-out approach has the advantage of making maximum use of the data set, which is

particularly advantageous for small data sets. However, it also has notable drawbacks. In particular, its

execution time is considerably longer than that of the k-fold cross-validation used by OmniA, which makes

it more computationally expensive.

Initially, it was expected that the approach by Meng et al., from which our dataset was obtained,

would be included for comparison in Figure 28. However, according to the authors, this method uses

an oversampling technique to address the imbalance in the dataset [120]. A critical point to note is that

oversampling was applied not only to the training data but also to the test set. As a result, it did not make

sense to include this method for comparison with the others, since its test set would differ from ours due

to the oversampling. Therefore, it was excluded from the comparative analysis.
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Oversampling the entire dataset introduces artificial samples into the evaluation process, which can

distort performance metrics. This leads to an inflated sense of the model’s generalizability, as the artificial

samples may not reflect real-world data, creating a false impression of robustness. Ideally, oversampling

should only be applied to the training set to ensure the test set consists solely of real data, providing

an accurate assessment of the model’s performance. This methodological oversight may explain part of

DP-AOP’s superior performance, but it also raises concerns about the real-world applicability of its results.

In datasets with a pronounced class imbalance, such as the 1:6 ratio in our case, a high accuracy

score may simply reflect the model’s ability to predict the majority class (true negatives) correctly, while

overlooking the minority class (false negatives), which is undesirable. This gives a misleading sense of

good performance, as the model may fail to identify the positive class effectively.

Furthermore, it is important to highlight that when examining metrics such as accuracy, OmniA showed

the weakest performance. However, this can be explained by the fact that OmniA was specifically optimized

for the F1-score, which is a more appropriate metric for imbalanced datasets. As a result, its lower accuracy

compared to other approaches is expected, as the model prioritizes balancing precision and recall rather

than focusing on overall accuracy.

In this context, OmniA stood out by offering a more effective balance between stability and computa-

tional efficiency, presenting a more robust and consistent methodological approach. By employing rigorous

validation techniques and avoiding procedures that could compromise the integrity of the test set, such

as oversampling during evaluation, this AutoML platform produced more reliable results. Consequently,

OmniA demonstrated greater robustness in the scenarios analyzed, highlighting its potential as a tool for

handling unbalanced datasets in a methodologically sound manner.

5.4.2 Allergenic case study

In the case of allergens (Figure 29), three approaches, OmniA, Propythia, and AllerCatPro, achieve robust

and similar performance metrics, with OmniA showing a slightly higher performance, although only by

a small margin. However, the AllerCatPro approach is distinct from the methods explored in this project

and is therefore not referenced in subsection 2.5.3. Unlike the ML and DL models employed in this work,

AllerCatPro uses a k-mer hit principle and 3D epitope similarity to predict allergens.
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Figure 29: Bar chart comparing the performance metrics (accuracy, precision, recall, and F1-score) of vari-

ous approaches (’DeepAlgPro’, ’AlgPred 2.0’, ’AllerCatPro 2.0’, ’AllerTOP V2’, ’ProAllD’,’Propythia’,’OmniA’)

in the allergenic case study, with scores presented as percentages.

Algpred 2.0 stands out as the only approach where the recall score (97.61%) is significantly higher

than the other performance metrics, indicating that the model is better at identifying the positive class

compared to its overall accuracy or precision.

While a high recall is generally advantageous, it is important to consider this metric in relation to

others, such as the precision of 85%. The relatively lower precision suggests that although the model is

highly effective at identifying positive cases, it also misclassifies a significant number of negative cases

as positives. In the context of allergen prediction, this may not be overly problematic, as the model

tends to classify proteins as allergenic even when they are not. This can be acceptable in terms of food

safety, ensuring that potential allergens are not missed. However, this conservative approach could hinder

innovation. Proteins that are flagged as allergens but are in fact non-allergenic might be overlooked as

viable alternatives for use in food products. These proteins could offer similar characteristics to allergenic

ones but without triggering allergic reactions, potentially offering safe and innovative solutions for the food

industry.

In the context of allergen prediction, this may not be overly problematic, as the model tends to classify

proteins as allergenic even when they are not. While this cautious approach ensures that potential allergens

are less likely to be missed, which is important for food safety, it may also limit innovation. Proteins

incorrectly flagged as allergens could be disregarded as potential alternatives for use in food products,

even though they are non-allergenic.
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Thus, the ideal approach in a balanced dataset like the one used here should aim for a more even

distribution of high scores across all metrics. This supports both safety and innovation, enabling the

identification of non-allergenic proteins that still meet the desired product characteristics.

In short, the OmniA platform developed stood out in this case study by presenting more robust and

balanced metrics, offering significant advantages as an AutoML solution. Unlike manual approaches such

as Propythia, which require individual model optimization, OmniA automates the process, making it more

efficient and accessible to both experts and users without technical knowledge. In addition, the platform

offers flexibility through different presets, and the use of more advanced configurations, such as “medium”

or “heavy”, could even improve the performance obtained, as long as the cost-benefit in terms of con-

sumption of computing resources to guarantee the performance increase is justified.
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Chapter 6

Conclusions and future work

This final chapter summarizes the main results of the project, highlighting the main developments, con-

clusions and contributions of the work. It also explores potential future directions for improving the per-

formance of the OmniA platform and expanding its applicability, not only at the protein level, but also in

broader contexts.

6.1 Conclusions

This project involved the extension of the OmniA AutoML platform, with a focus on backend development

to address protein classification challenges based on amino acid sequences. The platform was applied

and validated for predicting antioxidant and allergenic properties.

As part of this initiative, five new protein descriptors were implemented in the feature extraction mod-

ule of the Proteins sub-package. These descriptors include GAAC, CKSAAP, CT, and DDE. Additionally,

three specific encoders— NLF, ESM, and ProtBert— were developed within the encoder module, ensuring

compatibility with padding and truncation for sequences up to 600 amino acids.

To explore different approaches for representing protein sequences, either through protein descriptors

or encoders, four deep learning models were developed: an Autoencoder, a CNN1D for tabular data,

an RNN, and a hybrid CNN1D-RNN for matrix data. These models were implemented in the Generics

sub-package, ensuring their applicability extends beyond protein classification problems.

The implementation of presets was crucial for the overall functionality of the OmniA pipeline. For this

project, presets were developed for both the Protein and Generics sub-packages, offering three levels of

complexity: light, medium, and heavy. The analysis primarily focused on the light preset, which, while not

optimizing model hyperparameters, effectively enhanced the selection of numerical data representations—

specifically protein descriptors, or ESM, or NLF— alongside their parameters and the appropriate ML and

DL models.
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To further improve model robustness, cross-validation techniques were employed during pipeline op-

timization to mitigate overfitting issues, particularly those arising from the use of unbalanced datasets, as

seen in the antioxidant case study.

The aforementioned development made it possible to run the OmniA platform’s global pipeline with

the light preset, allowing benchmarking against other approaches, based on the same data sets selected

for each case study.

In the case of the study on antioxidant properties, OmniA’s results were compared to those ob-

tained with literature approaches such as DP-AOP, AodPred, AOP-SVM, PredAOP and Propythia. The

best-performing pipeline on the OmniA platform was obtained after cross-validation with the ESM model

(pretrained_model=“35M” and preset=“features”), combined with a tabular predictor. This configuration

achieved an accuracy of 0.69, recall of 0.63, MCC of 0.69 and F1-score of 0.72. Although these results

did not surpass the performance of other approaches, they offer greater confidence due to the techniques

and procedures performed, which preserved the integrity of the test set. In addition, this approach pre-

sented an adequate theoretical balance in terms of computational efficiency, avoiding methods such as

leave-one-out in favour of cross-validation.

As for the study of allergenic properties, OmniA was compared to tools such as DeepAlgPro, Al-

gPred 2.0, AllerCatPro 2.0, AllerTOP V2, ProAllD and Propythia. For OmniA, the ESM configuration (pre-

trained_model=“8M” and preset=“representations”), in conjunction with a tabular predictor, obtained

impressive results, with accuracy, recall, precision, and F1-score around 0.94. In this context, OmniA

stood out with a more robust performance compared to the other approaches, as did Propythia, another

tool developed at the University of Minho in the Bioinformatics and Systems Biology research group.

That said, it is fair to conclude that the development of OmniA has enabled a more effective bal-

ance between stability and computational efficiency for both case studies explored, presenting a robust

and consistent methodological approach. Furthermore, as an AutoML platform, OmniA offers significant

advantages, as it can be used by both users with advanced knowledge and those with no experience in

the field. This makes it an automatic and flexible process, capable of competing with more traditional

approaches that rely on manual trial and error, such as Propythia.

6.2 Prospect for future work

During the course of the work, some aspects were identified that could be improved or implemented. The

main suggestions include:
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• Exhaustive research: More in-depth research, covering all relevant databases and available litera-

ture, could increase the quality and diversity of the datasets used in the case studies. This would

result in more robust and generalizable models.

• Implementing sequence similarity filtering: Incorporating the ability to detect and filter out highly

similar sequences within the dataset is crucial to avoid redundancy and ensure that the model is

not trained on overlapping information.

• Implementation of oversampling and undersampling techniques: To deal with unbalanced datasets,

the inclusion of oversampling and undersampling tools would help improve model performance by

balancing out minority classes and avoiding bias in the results.

• Explainability of Models: Increasing the transparency of the models developed is fundamental to

ensuring that users can understand and trust the predictions made by the platform.

• Implementation of more feature selection and data normalization methods: Adding a variety of

feature selection and data normalization methods can improve model performance, particularly

when dealing with datasets that exhibit specific characteristics.

• Analysis of results with medium and heavy presets: Exploring the results obtained with more com-

plex presets can provide additional insights into the performance of models in different scenarios

and would help assess the consumption of computing resources required for these more advanced

presets.

• Exploration of 3D Features and spatial conformation of proteins: The exploration of tools that con-

sider the 3D structure of proteins and their spatial conformations can bring a new dimension to

protein analysis. Models that integrate 3D representations can improve the accuracy of predictions,

capturing crucial information about structural interactions that are not evident from linear amino

acid sequences alone.
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• Integration of Graph-based models: The implementation of models using graphs could significantly

enrich data analysis. This type of approach is especially useful in cases where there are complex

intrinsic relationships between elements, such as interactions between protein residues. Graph

models can capture these interconnections, providing a more in-depth view and revealing patterns

that traditional methods may not detect.

• Development of a graphical interface: The creation of a graphical interface for the OmniA platform

would be an important step forward, making it more accessible to a wide range of users regardless

of their technical level. This would allow non-expert users to use the platform intuitively, without the

need to run the pipeline through code, significantly extending its reach.
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