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Abstract

Proteins are essential biomolecules that perform a wide range of functions in all living organisms. Pro-
teomics, the large-scale study of proteins, aims to characterize their structure, function, and abundance
in biological systems. Within this field, one major challenge is the accurate quantification of proteins
through their peptides. In particular, there is a lack of tools capable of predicting the quantotypic prop-
erty of peptides, a task which could reduce reliance on expensive and time-consuming experiments. This
thesis explores the feasibility of using artificial intelligence to predict the quantotypic property of peptides
based solely on their amino acid sequences. We first applied supervised learning techniques on a labeled
dataset, testing classical machine learning models (Random Forest, XGBoost) and deep learning architec-
tures (Multilayer Perceptron, Bidirectional Long Short-Term Memory). Both training from scratch and
transfer learning strategies were evaluated. Transfer learning used pre-trained models on peptide-related
tasks (AlphaPeptDeep) and protein-related tasks (Evolutionary Scale Modeling). Two transfer learning
approaches were compared: fine-tuning and feature extraction. To deal with severe class imbalance in the
data, cost-sensitive learning and Random Oversampling were applied. In the second part of the thesis, we
explored self-training to leverage unlabeled data. We tested three pseudo-labeling strategies: threshold-
based, proportion-based, and optimal thresholding. Additionally, we experimented with both hard and soft
pseudo-labels, and introduced a dual loss function to further penalize the misclassification of true labels.
Despite the modest results, this work represents a first step towards the development of predictive tools
for the quantotypic property of peptides and provides valuable insights for future research in this field.
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Chapter 1

Introduction

1.1 Context and general objective of the thesis

Proteins are essential biomolecules that perform a wide range of functions in all living organisms. They are
composed of chains of amino acids, linked together by peptide bonds to form complex three-dimensional
structures. The specific sequence of amino acids, dictated by genetic information, determines a protein’s
structure and function. Proteins play diverse roles, including catalyzing biochemical reactions (enzymes),
providing structural support, facilitating molecular transport, and mediating cellular communication. Given
their importance in biological systems, the study of proteins is crucial for understanding life at the molecular
level. There are a total of 20 different amino acids incorporated into proteins (proteinogenic), represented
by a letter in practice (see Figure 1.1).
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Figure 1.1: Proteinogenic amino acids. Reproduced from [1].

Proteomics is the large-scale study of proteins, encompassing their structure, function, interactions,
and expression within a given biological system. One of the main challenges in proteomics is the accurate
quantification of proteins, which is essential for understanding their biological roles and identifying poten-
tial biomarkers in various medical and biotechnological contexts.



CHAPTER 1 1.1. CONTEXT AND GENERAL OBJECTIVE OF THE THESIS

Mass spectrometry-based proteomics (MS-based proteomics) is a powerful analytical technique used
to identify and quantify proteins in biological samples. In MS-based proteomics, there exist two possible
approaches: top-down and bottom-up. The top-down approach involves analyzing intact proteins directly
in order to identify and characterize protein structure. On the other hand, bottom-up proteomics begins
with the enzymatic digestion of proteins into smaller amino acids sequences, called peptides (see Figure
1.2a). This digestion is carried out by specific proteins, called enzymes, which catalyze the cleavage of
proteins. One of the most widely used enzymes is trypsin, which cleaves proteins at the carboxyl side
of lysine (K) and arginine (R) amino acids (see Figure 1.2b). After protein digestion into peptides, the
resulting peptide mixture is typically separated by liquid chromatography (LC) and analyzed by tandem
mass spectrometry (MS/MS) to quantify the peptide abundances, which should ideally be equivalent to
the abundances of their corresponding proteins. More detailed information on these processes can be
found in [2—4] for those interested.
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(a) Bottom-Up proteomics workflow. (b) Trypsin cleavage sites illustration.

Figure 1.2: lllustration of MS-based proteomics principles. (a) Bottom-up proteomics workflow. (b)
[llustration of trypsin cleavage sites in a 30-amino acid sequence. The enzyme trypsin cleaves the peptide
bond at every occurrence of lysine (K) or arginine (R).

Three types of peptides are considered in MS-based proteomics (see Figure 1.3):

¢ Non-Proteotypic Peptides: These are peptides that are not unique to a specific protein, they may
be shared by several proteins. Consequently, their presence does not unambiguously confirm the
expression of any single protein.

¢ Proteotypic Peptides: These are peptides present in only one protein (unique peptide) and which
can be detected by MS. They confirm the presence of the corresponding protein in a biological
sample.

¢ Quantotypic Peptides: A subset of proteotypic peptides whose abundance is stoichiometrically
equivalent to that of their protein. In other words, measuring a protein or their quantotypic peptides
IS equivalent.
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Figure 1.3: Diagram showing the hierarchy of peptides: quantotypic peptides form a subset of proteotypic
peptides, which in turn are a subset of all peptides.

Targeted proteomics is an analytical strategy that focuses on the precise measurement of selected
proteins of interest within biological samples. This approach monitors a set of predefined peptides. In tar-
geted proteomics, selecting appropriate peptides (quantotypic peptides) for reliable protein quantification
is crucial, as typically only a few peptides per protein are analyzed. However, the selection of quantotypic
peptides is an overlooked topic in MS-based proteomics. To date, there is no reliable method to guide
the a priori selection of quantotypic peptides. A key challenge is that not all peptides accurately reflect
the parent protein’s abundance. Traditional selection methods employ guiding rules based on peptide
characteristics, such as amino acid composition. The different rules are split into three categories:

e Ensure complete proteolysis: For example, avoid peptide sequence with N-terminal (the beginning
of the peptide sequence) proline cleavage (KP, RP).

e Avoid peptides prone to chemical modifications: For example, avoid peptides containing amino
acids such as tryptophan (W) and methionine (M), which are susceptible to oxidation.

e Avoid peptides prone to biological modifications: For example, avoid peptides from the N-
terminal (the beginning of the peptide sequence) and C-terminal (the end of the peptide sequence)
regions, as these are more prone to degradation.

However, Chiva et al. [5] demonstrated that following or not following these rules do not affect the
reliability of protein quantification. In other words, the usefulness of these rules has been called into
question. Worboys et al. [6] evaluated the quantotypic property of peptides based on the following idea:
if they are quantotypic, two peptides from the same protein should present a perfect correlation across
samples. Based on this idea, they demonstrated that performing correlation matrix of peptides derived from
the same protein can be used to estimate the quantotypic property of peptides. Peptides exhibiting high
correlations within this matrix can be considered quantotypic, an example of such behaviour is displayed
in Figure 1.4. While this method has proven effective, it requires experiments to measure the abundances
of multiple peptides for each protein. In contrast, our work aims to develop an a priori method that
enables peptide selection before experimental quantification, thereby avoiding costly and time-consuming
experiments.
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(a) Peptide signal intensities across samples. (b) Correlation matrix of peptide signals.

Figure 1.4: Comparison of peptide signals and their Spearman correlation for the A1AG1 protein, from
the SPARE study. (a) Peptide signal intensities across samples. (b) Correlation matrix of peptide signals.
Analysis of these correlations reveals that the peptide WFYIASAFR exhibits a low correlation with the
other two peptides (0.4 and 0.45). In contrast, the other two peptides show a higher correlation (0.84
between them). Hence, the quantotypic property of the peptides TEDTIFLR and EQLGEFYEALDCLR
are better than the peptide WFYIASAFR. In an ideal theoretical scenario, the correlation should be 1, but
this is rarely observed in practice.

With the rapid advancements in artificial intelligence (Al), its applications have expanded across various
fields, including proteomics, where machine learning and deep learning technologies have revolutionized
multiple subfields. From protein structure prediction to mass spectrometry data analysis, Al-driven meth-
ods have significantly enhanced the accuracy and efficiency of proteomic research.

Several studies have explored computational and experimental strategies to improve peptide selection
in mass spectrometry-based proteomics. These works primarily focus on identifying proteotypic peptides.
Various approaches have been proposed such as leveraging machine learning models or empirical screening
techniques [7—10]. CONSeQuence [11] is a machine learning tool designed to predict whether peptides are
proteotypic. It first establishes a baseline by testing four distinct machine learning models to assess peptide
detectability. Then, it employs a consensus method, referred to as CONS, that combines the predictions
from these models using a simple voting system. In addition, it uses the physicochemical properties of
peptides to make its predictions. This approach has been shown to outperform existing tools like ESP-
Predictor, making CONSeQuence a more reliable option for identifying peptides that uniquely represent
proteins in mass spectrometry-based proteomics. However, by focalising on the selection of proteotypic
peptides, these approaches do not adress the question of quantotypic peptides. In this context, there is
no guarantees that a proteotypic peptide will provide a reliable protein quantification. To address this
limitation, there is a need to develop computational methods for predicting quantotypic peptides.

The integration of artificial intelligence into peptide selection for protein quantification could transform
the field by enabling an a priori selection of peptides, reducing reliance on expensive and labor-intensive
experimental techniques.

Objectives

This work aims to explore the use of artificial intelligence to predict the quantotypic property of
peptides solely based on their amino acid sequence.

1.2 Dataset

In this thesis, two datasets were used to train models.
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1.2.1 SPARE dataset

The first dataset used in this thesis originates from a study (SPARE [12]) conducted by the laboratory of
translational gastroenterology at the University of Liege. This dataset comprises 230 peptides measured
in the blood samples from 200 patients with Crohn's disease. Peptide signals and their correlations can
be analyzed to evaluate the quantotypic property of each peptide, hence providing labels for each peptide.

1.2.2 Unique peptides of the human proteome

The second dataset consists of a list of unique peptides covering the entire human proteome, this gives us
around 330 000 new peptides that can be exploited. This list was extracted using Skyline [13] by applying
appropriate filters and selection criteria to retain peptides specific to the human proteome, ensure peptide
uniqueness, and select proteins digested with trypsin as the enzyme. This dataset will be particularly useful
for a self-training strategy, where pseudo-labels will be generated based on predictions from models trained
on the first dataset. This approach aims to expand the training data and improve model generalization
for peptide quantotypic property prediction.

1.3 Methodology overview

As previously mentioned, the objective of this thesis is to explore the use of artificial intelligence to predict
the quantotypic property of peptides solely based on their sequence. In machine learning terminology,
this amount to a binary classification task that aims to classify a peptide as either quantotypic or non-
quantotypic, using its amino acid sequence as input. The methodology of this work can be structured into
the following key steps:

e Peptide labeling:
In order to perform supervised learning, we must use the first dataset (SPARE) to label peptides. To
achieve this, we analyze the correlations among peptides belonging to the same protein by examining
their peptide signals.

e Supervised learning:
This step involves exploring various machine learning models, including Random Forest and XGBoost,
alongside deep learning architectures such as Multi-Layer Perceptron (MLP) and Long Short-Term
Memory (LSTM) networks, which will serve as baseline models for comparison. Additionally, transfer
learning will be investigated, employing techniques such as fine-tuning and feature extraction.

e Self-training:
The number of labeled peptides at our disposal being unfortunately low, this limits the performance
of fully supervised learning techniques. We will hence investigate self-training approaches to leverage
the (higher quantity of) unlabeled peptides.

1.4 Outline
This section outlines the structure of the remainder of this thesis, providing a description of each chapter.

e Chapter 2: Machine learning
The Machine learning chapter presents an overview of the key artificial intelligence concepts used
in this thesis. It explores fundamental principles such as Machine Learning, Supervised Learning,
Transfer Learning, Self-Training, and various architectural frameworks relevant to this thesis.
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e Chapter 3: Dataset
The Dataset chapter provides an analysis of the SPARE dataset, details the methodology for labeling
peptides, and introduces class imbalance along with the techniques used to handle it.

e Chapter 4: Supervised learning
The Supervised learning chapter provides a detailed explanation of the methodology related to
the first task of this thesis. The results are also presented and discussed after introducing the
methodolody.

e Chapter 5: Self-training
The Self-training chapter provides a detailed explanation of the methodology related to the second
task of this thesis. After explain the methodology, the results are presented and discussed.

e Chapter 6: Discussions
The Discussions chapter outlines several points that could explain the poor quality of the results
obtained. Potential directions for future work are also mentioned.

e Chapter 7: Conclusion

The Conclusion chapter provides a summary of this thesis.

The data and the Python implementation of the methods discussed in this thesis are available at
https://github.com/Ziboce/TFE-proteomics.
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Chapter 2

Machine Learning

Machine learning is a field of artificial intelligence that focuses on learning patterns from observed data
to make predictions or decisions without being explicitly programmed. In machine learning, a model is a
mathematical representation of such patterns in data. The process of optimizing the parameters of the
model so that its predictions match the observed data is called training.

A machine learning model follows a learning algorithm, which defines how it optimizes its internal
parameters based on the data it receives. Depending on the nature of the problem and the available data,
different learning approaches can be used.

The learning process involves multiple stages, including feature extraction, where relevant attributes
are selected from raw data, and optimization, where the model fine-tunes its parameters to minimize
errors. A trained model is then evaluated on a separate test set to assess its generalization performance.

In machine learning, learning methods can be categorized into different families based on how models
process and adapt to data. This chapter describe the families that are relevant for the thesis. It also
introduces well-known machine learning algorithms based on decision trees and popular deep learning ar-
chitectures [14].

2.1 Families of learning methods

2.1.1 Supervised learning

Supervised learning is a machine learning approach where a model is trained using labeled data, meaning
that each input sample x; is associated with a corresponding target output y;. The objective is to learn
a function f* that minimizes a predefined loss function £, which quantifies the difference between the
predicted output f(x;) and the true label y;.

Formally, given a training dataset D = {(x,-,y,-)}le, where x; € R? represents an input feature vec-
tor and y; is the corresponding target, the goal is to learn a function f : R? — R for regression or
f:RY—={0,1,..., K} for classification, where K is the number of classes.

The function f belongs to a hypothesis space H, which defines the set of all models the learning
algorithm can explore. Learning consists of selecting the best f* € H that minimizes the loss function £
over the training set.
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Once trained, the model undergoes evaluation on unseen data to assess its ability to generalize. The
capacity to generalize beyond the training data depends on the complexity of H, where overly simple
models may underfit, while excessively complex ones may overfit. Regularization techniques, validation
strategies, and careful model selection are used to ensure that f* effectively captures the underlying data
distribution while maintaining good generalization to new inputs.

In supervised learning, the labeled data are typically obtained through human annotation, where experts
manually assign correct labels to each input sample. This process ensures high-quality training data but
can be time-consuming and costly, especially in domains requiring specialized knowledge [14].

In this thesis, the focus is on binary classification models, where the objective is to assign a discrete
label to each input sample based on learned patterns (quantotypic vs non-quantotypic).

2.1.2 Unsupervised learning

Unsupervised learning is a machine learning approach where models are trained on unlabeled data, meaning
that the input samples x € R? do not have associated target values. Instead of learning an explicit map-
ping from inputs to outputs as in supervised learning, the goal is to identify hidden structures, patterns,
or relationships within the data.

Formally, given a dataset D = {x;}7_;, where each x; is an input feature vector, the objective is to
learn a function f : RY — R™ that transforms the data into a meaningful representation, where m can be
equal to or smaller than d depending on the task.

Unsupervised learning methods are often associated with clustering and dimensionality reduction [14].

2.1.3 Self-training

Self-training serves as an intermediary approach between supervised learning and unsupervised learning,
enabling the utilization of both labeled and unlabeled data to improve model performance [15]. The
process begins with training a model on a labeled dataset and subsequently using this model to generate
pseudo-labels for an unlabeled dataset. This technique is particularly beneficial in scenarios where labeled
data is scarce, but a large amount of unlabeled data is available. By leveraging self-training, it becomes
possible to label data without requiring human intervention, thereby expanding the training dataset and
enhancing model generalization. The self-training process can be broken down into several key steps:

e Step 1: Training an Initial Model Using Labeled Data
The process begins by splitting the available labeled dataset into a training set and a test set.
A preliminary model is then trained using the training set, leveraging the limited labeled data to
establish an initial predictive function.

e Step 2: Predicting on Unlabeled Data
Once the initial model is trained, it is used to generate predictions on the unlabeled dataset. These
predictions are referred to as pseudo-labels. Different strategies can be employed to determine
which pseudo-labels to retain: for example, one approach considers all predicted labels as valid, while
another filters pseudo-labels based on a confidence threshold, ensuring that only highly confident
predictions contribute to subsequent training steps.
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e Step 3: Merging Labeled Data and Pseudo-Labeled Data for Re-Training
After filtering and selecting the most reliable pseudo-labels, they are merged with the original labeled
dataset to form an expanded training dataset. The model is then retrained on this augmented
dataset, allowing it to leverage additional training examples and potentially improve its performance.

e Step 4: Evaluating the Model on Labeled Data
The updated model is tested on a held-out labeled dataset to assess its performance using appropriate
evaluation metrics. This step ensures that the self-training process contributes to improving model
generalization rather than reinforcing incorrect predictions.

e Step 5: Iterative Refinement
The self-training cycle is repeated iteratively, refining the model with each iteration. The process
continues until no more pseudo-labels meet the confidence threshold or until there are no remaining
unlabeled samples to process.

All the steps described above can be visualized in the figure 2.1.

Step 1 Step 2 Step 3 Step 4

Labeled Training Data i T Labeled Test Data
and “Pseudo-Labeled” Data

il Re-Train Classifier on

Train “Pseudo-Labels” i Make Test

ees : e Labeled + "Pseudo- . o

Classifier with Classifier i Predictions
i Labeled” Data

Predictions

Evaluate

Classifier

Figure 2.1: lllustration of the self-training process. The procces is composed of four iterative steps: (1)
Training a classifier on labeled training data, (2) Generate pseudo-labels using predictions from the trained
model, (3) Concatenate the pseudo-labeled data with the labeled dataset and retraining the classifier, and
(4) Evaluation of the retrained model on labeled test data. The process is repeated until no more confident
pseudo-label is generated or all unlabeled data has been used. Figure adapted from [16].

2.1.4 Transfer learning

Transfer learning is a machine learning technique where a model trained on one task is reused to improve
performance on another related task. This approach is particularly useful when the second task has limited
labeled data, as it allows leveraging knowledge learned from a pretrained model. The core idea of transfer
learning is to repurpose learned representations rather than training a model from scratch [17]. There
are two main transfer learning techniques: Feature Extraction and Fine-Tuning. In both approaches, the
pretrained model serves as an encoder, providing learned representations that are used as input for a new
classifier [18].
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e Feature extraction:
In feature extraction, the pretrained model is used as a fixed feature extractor. The lower layers of
deep neural networks typically capture general patterns while the final layers are more task-specific.
Instead of training the entire network, the pretrained model is kept frozen, and only a new classifier
(e.g., fully connected layers) is trained on top of it using the new dataset. This approach is effective
when the new dataset is small but sufficiently similar to the original dataset used for pretraining (see

Figure 2.2).
V:
Ye
Ky Peptide :*: a .
. € IR{f—- ! L, uantotypic
Protein Sequence | B, Kz - uenw" B ™Ze clf Non-
= Quantotypic
Kﬂ

Pre-training Transfer — feature extraction

Figure 2.2: lllustration of supervised transfer learning using feature extraction. A first model is trained
using labeled data on a specific task. 65 refers to the encoder, while 8, refers to the decoder on the
original task. Only 6; is reused as an encoder for feature extraction, and its parameters are frozen during
training on the new task. The cl/f classifier is the new decoder for the target task, built on top of the
frozen encoder 6s. Figure adapted from Romain Mormont’'s PhD thesis [18].

e Fine tuning:
In fine-tuning, the pretrained model is also reused, but unlike feature extraction, some or all of its
layers are updated during training on the new task. Typically, the final layers are unfrozen and fine-
tuned to adapt to the specific characteristics of the new dataset, while earlier layers could remain
frozen to keep their general feature extraction capabilities. Fine-tuning is beneficial when the new
task is sufficiently different from the original task but still shares some underlying structure (see

Figure 2.3).
Xg %
Vs

Ye

K4 Peptide Quantotypic
Protein Sequence | 0 Kz - o,

Sequence Non-
K, Quanintypic
Pre-training Transfer = fine-tuning

Figure 2.3: lllustration of supervised transfer learning using fine-tuning. A first model is trained using
labeled data on a specific task. 05 refers to the encoder, while 8, refers to the decoder on the original
task. Only 65 is reused as an encoder for fine-tuning, and its parameters are updated during training on
the new task. The 6, classifier is the new decoder for the target task, built on top of the encoder 6s.
Figure adapted from Romain Mormont’s PhD thesis [18].

2.2 Classical machine learning models

2.2.1 Decision trees

A decision tree is a widely used machine learning model for classification tasks, structured as a tree where
each internal node represents a decision based on a specific feature, branches correspond to possible
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outcomes, and leaf nodes indicate the final predicted class. The core principle of a decision tree is to
recursively split the dataset into increasingly homogeneous subsets, ensuring that samples within each
subset belong to the same class as much as possible. The algorithm determines the best feature to split
on using a splitting criterion, commonly Gini impurity or entropy (information gain), both of which measure
how mixed the classes are in a given subset. The goal is to minimize impurity at each step, making the
groups purer and improving classification accuracy [14].

The tree-building process starts at the root node, where the dataset is evaluated to find the most
discriminative feature for the first split. The process continues recursively, with each subset being further
divided based on the optimal feature at each step, until a stopping condition is met, such as reaching a
maximum depth or having too few samples to justify further splitting. The final leaf nodes assign a class
label based on the majority class of the samples they contain. An example of a decision tree is displayed
on Figure 2.4.

Outlook
Sunny Overcast Hm’u\
Humidirty Yes Wined
High Normal Strong Weak
Neo Yes No Yes

Figure 2.4: Famous example of a decision tree that determines whether one should play tennis based on
various features, where the final decision is either "Yes" or "No". Figure reproduced from [19].

2.2.2 Ensemble method

While a single decision tree is easy to interpret and can capture complex decision boundaries, it often
lacks robustness and generalization, making it prone to overfitting on training data. A powerful approach
to mitigate these limitations is the use of ensemble methods, which combine multiple models to improve
predictive performance, stability, and resilience to noise. The core idea behind ensemble learning is that
by aggregating the outputs of multiple weak models, the overall prediction becomes more accurate and
reliable than any individual model.

Ensemble methods typically fall into two main categories: bagging and boosting. Bagging (Boot-
strap Aggregating) aims to reduce variance by training multiple models independently on different random
subsets of the data and averaging their predictions. Random Forest, one of the most widely used bagging-
based algorithms, constructs multiple decision trees using randomly selected features and samples, leading
to a more stable and accurate model. In contrast, Boosting focuses on reducing bias by training models se-
quentially, where each new model learns to correct the mistakes of its predecessors. XGBoost enhances the
decision-making process through an iterative boosting framework, progressively improving model accuracy
by correcting errors from previous iterations [14].

11
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2.2.2.1 Random forest

Random Forest is an extension of the bagging (Bootstrap Aggregating) method, incorporating both data
and feature randomness to construct a collection of decision trees. Each decision tree is trained on a
random subset of the training data, sampled with replacement (bootstrapping), ensuring diversity among
the trees. Additionally, at each split within a tree, only a random subset of features is considered,
which reduces correlation between individual trees and enhances model robustness. Once all trees have
made their predictions, the final output is obtained by aggregating their results (using majority voting for
classification) [14]. The algorithm is illustrated in Figure 2.5.

Random Forest Algorithm s
in Machine Learning

- Training Data
Instance

Model
Training 4

N Decision
Trees

Class A

S

[ Bagging (voting majority) J

Model
Testing 3

Y

3 Prediction output

Class A

Figure 2.5: Random Forest Algorithm: The original dataset is divided into multiple subsets using boot-
strapping, with each subset used to train an individual decision tree. The final prediction is obtained by
aggregating the outputs of all trees. Figure reproduced from [20].

2.2.2.2 XGBoost

XGBoost (eXtreme Gradient Boosting) is an extension of the boosting method, designed to enhance both
accuracy and computational efficiency in machine learning tasks. As an ensemble learning technique,
XGBoost builds multiple weak learners (decision trees) and combines them to form a stronger predictive
model. Unlike Random Forest, which grows trees independently in parallel (bagging), XGBoost constructs
trees sequentially, where each new tree corrects the errors of its predecessors through gradient boosting.
The core principle of gradient boosting is to iteratively train an ensemble of weak decision trees, where
each tree is trained on the residual errors of the previous trees. This process enables XGBoost to minimize
bias and improve model accuracy, as each tree is specifically designed to reduce the error of the previous
one. At each iteration, the model adjusts predictions by optimizing an objective function, which consists
of a loss function (to measure error) and a regularization term (to prevent overfitting) [14,21]. The
algorithm is illustrated in Figure 2.6.
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Figure 2.6: XGBoost Algorithm: the algorithm begins with an initial prediction, typically the average of
the target variable. It then computes the residuals, which represent the difference between predicted and
actual values. The first decision tree is trained to learn these residuals, finding the best splits that minimize
the overall error. Subsequent trees are added iteratively, each focusing on correcting the remaining residual
errors from the previous trees. The ensemble continuously updates predictions by aggregating the outputs
of all trained trees. XGBoost optimizes this process using a loss function, which is minimized through
gradient descent to enhance predictive accuracy. The process continues until a stopping criterion is met,
such as reaching a maximum number of trees or achieving minimal improvement in the loss function.
Figure reproduced from [22].

2.3 Deep learning architectures

2.3.1 Multi-Layer Perceptron

A Multi-Layer Perceptron (MLP) is a fundamental type of artificial neural network that learns patterns by
passing data through multiple layers of interconnected neurons. It is composed of an input layer, one or
more hidden layers, and an output layer. Each neuron in a given layer is fully connected to neurons in the
next layer, forming a dense feedforward network [23, 24].

Each connection between neurons is associated with a weight that determines the importance of the
input value, and each neuron has an additional bias term that helps shift activations. Given an input vector
X = (x1, %2, ..., Xn), the weighted sum of inputs for a neuron i is computed as:

ai = f()_ wix + by)
J
where:
e w;j; represents the weight of the connection between neuron / and neuron J,

e b; is the bias associated with neuron 1/,

e f(-) is an activation function. Activation functions introduce non-linearity, allowing the MLP to
learn complex patterns.
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The number of neurons in the input layer corresponds to the number of features in the dataset, while
the output layer size depends on the task. For binary classification, a single neuron with a sigmoid acti-
vation function is often used, where the probability of class 1 is given by the output, and the probability
of class 0 is 1 — output. Such architecture is illustrated in Figure 2.7.

However, a key limitation of MLP is that neurons operate independently of each other within a given
layer. This means that each neuron’s output is computed solely based on its own weighted sum of inputs,
without considering contextual information from other elements in a sequence.

Layer0 Layer1 Layer -1 Layer/ Layer L-1  Layer L

Figure 2.7: MLP Architecture: The input layer (Layer 0) consists of nodes (purple) representing features
from the dataset. The output layer (Layer L) contains the final prediction node (red). The layers between
the input and output layers are hidden layers, responsible for learning representations through weighted
connections. Each node in a layer is fully connected to the nodes in the next layer. The activation of
node i at layer | is denoted as a,/-, while b,( represents the bias term of node i at layer |. The weight of the
connection between node j in layer I-1 and node i in layer | is denoted as WIS-. Figure reproduced from [25].

2.3.2 Recurrent Neural Networks

A Recurrent Neural Network (RNN) is a neural network architecture designed to process sequences by
incorporating memory. Unlike standard neural networks that process each input independently (like MLP),
an RNN maintains an internal hidden state that retains information from previous time steps [24].

The two equations representing an RNN is:

he = f(Whnhe—1 + WynXe + bp)
Yt = g(Whyht + by)

where:

e h; represents the hidden state at time step t,

Xt 1s the input at time t,

V¢ Is the output at time t,

Whn, Wxn, and W, are weight matrices learned during training,

bp, by are bias terms,
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e f is the activation function applied to the hidden state,
e g is the activation function applied to the output.

The hidden state hy acts as a short-term memory, storing information about previous inputs and al-
lowing the model to make predictions based on contextual information.

At each time step t, the RNN receives an input x; and updates its hidden state h;. The updated
hidden state is used to generate an output y;, and it is also passed to the next time step to maintain
memory of past inputs. This process continues for the entire sequence. An illustration of the architecture
is depicted in Figure 2.8.

While RNN are effective at capturing local dependencies in short sequences, they suffer from several
significant limitations. Training an RNN relies on Backpropagation Through Time (BPTT) to update the
weights. However, when dealing with long sequences, two major issues arise:

e The vanishing gradient problem, where gradients shrink exponentially as they are propagated
backward, making it difficult for the model to learn dependencies from earlier time steps.

e The exploding gradient problem, where gradients grow uncontrollably, leading to instability in
training and excessively large weight updates.

As a result, standard RNN struggle to retain long-term dependencies effectively. Their recurrent struc-
ture inherently limits their memory, causing important information from earlier steps in a sequence to be
"forgotten” as new inputs are processed.

Figure 2.8: RNN architecture illustration. On the left, the compact representation of an RNN is shown,
where the recurrent connection loops over time. On the right, the unfolded version demonstrates how the
hidden state h; is propagated across multiple time steps, influenced by both the current input x; and the
previous hidden state h;_1. Each hidden state is connected to an output y; through learned weights Wj,,.
Figure adapted from Gawde et al. [26].

2.3.3 Long Short-Term Memory

To overcome the limitations of standard RNN, an improved architecture called Long Short-Term Memory
(LSTM) was developed. LSTM are specifically designed to mitigate the vanishing gradient problem and
improve the model’s ability to capture long-term dependencies by introducing a more structured memory
mechanism [23, 24].

Unlike standard RNN, which rely solely on a hidden state h; to pass information between time steps,

LSTM introduce a dedicated cell state ¢; that serves as a memory unit capable of carrying information
over long distances in a sequence. The flow of information in an LSTM is controlled by three key gates:

15



CHAPTER 2 2.3. DEEP LEARNING ARCHITECTURES

e Forget gate: Determines how much information from the previous cell state should be retained or
discarded.

e Input gate: Regulates how much new information from the current input should be added to the
cell state.

e Output gate: Controls how much of the updated cell state should be passed to the next hidden
state.

The mathematical formulation of an LSTM cell is given by:

fe = o(Wr - [he—1, x¢] + br)

ir = a(W; - [he—1, xe] + bi)

or = 0(Wo - [ht—1, X¢e] + bo)

& = tanh(We - [ht—1, x¢] + bc)
G=FfOCc 1+itOC

h: = o ® tanh(c;)

where:
e f;, Iy, and o are the forget, input, and output gate activations, respectively,

e C; is the candidate cell state update, representing a filtered version of the input data that has been
processed and prepared for potential integration into the current cell state,

e (; is the cell state at time step t,
e h: is the hidden state at time step t,

o W, W;, W,, W, are the weight matrices learned during training, each corresponding to the forget
gate, input gate, output gate, and candidate cell state update, respectively,

® br, bj, by, be represents bias terms,
e 0(-) denotes the sigmoid activation function, and
e ( represents element-wise multiplication.

An illustration of the LSTM architecture is shown in Figure 2.9.
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Figure 2.9: lllustration of a Long Short-Term Memory (LSTM) cell. The diagram shows the internal
operations of an LSTM unit, including the three main gates: the forget gate (f;), the input gate (i), and
the output gate (o). The forget gate determines how much of the previous cell state Cy—1 should be
retained. The input gate regulates how much new information is added to the cell state, with a candidate
update Ct computed using a tanh activation function. The output gate controls how much of the updated
cell state contributes to the hidden state h;. The cell state C; acts as a memory unit, enabling long-term
information retention. The sigmoid (o) and tanh functions ensure controlled gating and non-linearity.
Figure reproduced from [27].

While LSTM significantly improve memory retention and mitigate vanishing gradients, they still process
sequences in a unidirectional manner, meaning that only past information influences the current state. To
address this limitation, an extension called Bidirectional LSTM (BiLSTM) was introduced [24].

A Bidirectional LSTM (BiLSTM) enhances the standard LSTM by processing sequences in both for-
ward and backward directions. This is achieved by using two separate LSTM networks:

e A forward LSTM, which processes the sequence fromt=1tot=T.

e A backward LSTM, which processes the sequence fromt=T tot = 1.

The outputs of these two networks are then concatenated to form the final representation:

ht — Concat(hgorward' hlt)ackward)

By incorporating future context alongside past information, BiLSTMs achieve superior performance in
tasks where contextual dependencies span both directions.

2.4 Evaluation Metrics

This section presents the metrics used to evaluate the performance of the models in both the supervised
learning setting and during the self-training process.

2.4.1 Accuracy

Accuracy is one of the most commonly used metrics for evaluating classification models. |t measures the
proportion of correctly classified instances over the total number of instances in the dataset. Mathemati-
cally, accuracy is defined as:
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TP+TN
TP+TN+FP+FN

Accuracy = (2.1)
where:

e TP (True Positives): The number of correctly predicted positive samples.

TN (True Negatives): The number of correctly predicted negative samples.
e [P (False Positives): The number of negative samples incorrectly classified as positive.
e FN (False Negatives): The number of positive samples incorrectly classified as negative.

While accuracy is a useful metric, it can be misleading in cases of class imbalance, where one class
dominates the dataset.

2.4.2 Receiver Operating Characteristic - Area Under the Curve (ROC AUC)

The ROC AUC is a performance metric commonly used to evaluate classification models, particularly in
binary classification tasks. It measures the ability of a model to distinguish between positive and nega-
tive classes by analyzing the trade-off between the true positive rate (sensitivity) and the false positive rate.

The ROC curve is a graphical representation that plots the true positive rate (recall) against the false
positive rate at various classification thresholds. The ROC AUC (Area Under the Curve) computes the
area under that curve and quantifies the overall performance of the model. An AUC value of 1.0 indicates
a perfect classifier, while an AUC of 0.5 corresponds to a model unable to differentiate between classes,
performing no better than random guessing. A higher AUC value reflects a model that is better at distin-
guishing between positive and negative cases across different thresholds.

ROC AUC is particularly useful when dealing with imbalanced datasets, as it evaluates the model's
ability to rank positive instances higher than negative ones, regardless of the specific classification thresh-
old.

2.4.3 Precision

Precision, also known as positive predictive value, evaluates the proportion of correctly predicted positive
instances among all predicted positives. It measures how many of the samples classified as positive are
actually positive. Mathematically, precision is defined as:

. TP
Precision = TP+ FP (2.2)

where:
e TP (True Positives): The number of correctly predicted positive samples.
e [P (False Positives): The number of negative samples incorrectly classified as positive.

A high precision value indicates a low false positive rate, meaning that the model makes fewer incorrect
positive predictions. However, precision alone does not provide a complete evaluation of a model's perfor-
mance, as it does not consider false negatives. Therefore, it is often used alongside recall and Fl-score
for a more comprehensive assessment.
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2.4.4 Recall

Recall, also known as sensitivity or true positive rate, measures the proportion of actual positive instances
that are correctly identified by the model. It evaluates how well the model captures positive cases, making it
particularly useful in scenarios where missing positive instances (false negatives) is costly. Mathematically,
recall is defined as:

TP
Recall = m (23)

where:
e TP (True Positives): The number of correctly predicted positive samples.
e (N (False Negatives): The number of positive samples incorrectly classified as negative.

A high recall indicates that the model correctly identifies most positive instances, but it does not take
into account false positives.

2.4.5 F1l-score

The Fl-score is a metric that combines both precision and recall into a single value, providing a balanced
measure of a model's performance. It is particularly useful when dealing with imbalanced datasets, where
relying solely on precision or recall may be misleading. The Fl-score is defined as the harmonic mean of
precision and recall, ensuring that both metrics are given equal importance. Mathematically, it is expressed
as:

1o« Precision x Recall (2.4)
- Precision + Recall '

A high Fl-score indicates that the model achieves a good balance between precision and recall, making
it well-suited for applications where both false positives and false negatives carry significant consequences.

2.4.6 Precision-Recall - Area Under the Curve (PR AUC)

The PR AUC is a performance metric commonly used to evaluate classification models, particularly in cases
where class imbalance is present. Unlike the ROC AUC, which considers both true positives and false posi-
tives across different thresholds, PR AUC focuses specifically on the trade-off between precision and recall.

The Precision-Recall (PR) curve is a graphical representation that plots precision against recall at
various classification thresholds. It provides insights into the model’s ability to correctly identify positive
instances while minimizing false positives. PR AUC quantifies the overall area under this curve, with higher
values indicating a model that maintains both high precision and high recall.

PR AUC is particularly useful when the positive class is rare, as it prioritizes the model's performance
on the minority class rather than evaluating how well it distinguishes between both classes. In highly
imbalanced datasets, PR AUC often provides a more realistic assessment of model performance than
ROC AUC, as it better reflects the model’s effectiveness in retrieving relevant positive instances [28].
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Chapter 3

Dataset

This chapter presents the steps taken to prepare the dataset and address the class imbalance issue in the
context of quantotypic peptide prediction. It first details the labeling process, including the filtering of
peptides and the method used to assign quantotypic or non-quantotypic labels based on peptide signal
correlations. The impact of the chosen correlation threshold on data distribution and class balance is
also analyzed. The second part focuses on the class imbalance challenge. Since quantotypic peptides
are overrepresented in the final dataset, various techniques are explored to mitigate this issue. These
include oversampling, cost-sensitive learning, and a discussion of why standard oversampling methods are
unsuitable for biological sequence data.

3.1 Dataset labelling and analysis

As a reminder, the first dataset (SPARE) consists of 230 peptides, each measured across 200 samples,
all derived from human proteins. Our first task is to attribute a label (quantotypic or non-quantotypic) to
each peptide. This labelling will be achieved by analyzing the correlations between the abundances of the
peptides of a same protein. The first step in processing this dataset is to remove non-unique peptides, as
a peptide must be unique (i.e., to correspond to only one protein) to be considered quantotypic. After
filtering out non-unique peptides, 213 peptides remain in the dataset. We also must ensure that each
protein is still represented by at least two peptides. If a protein is represented by only one peptide, it is
removed from the dataset, along with its corresponding peptide. After applying this filter, the dataset is
reduced to 206 peptides. The second step is to analyze the spearman correlation between peptide signals
belonging to the same protein. Peptides from the same protein that exhibit a high correlation in their
signal intensities are more likely to be quantotypic. An example of a peptide signal is illustrated in Figure
3.1, while the corresponding correlation matrix is shown in Figure 3.2.

Peptide signals for Protein: sp|P01024|CO3_HUMAN

—e— IPIEDGSGEVVLSR
VLLDGVQNPR

—— TGLQEVEVK

—— GYTQQLAFR

Peak area

Replicate

Figure 3.1: Peptide signals for the protein P01024.
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Correlation matrix for Protein: sp|P01024|CO3_HUMAN

IPIEDGSGEVVLSR VLLDGVQNFPR TGLQEVEVK GYTQQLAFR
IPIEDGSGEVVLSR 10 0.54007 0.79139 0.76862
VLLDGVQNPR 0.534007 10 0.60961 0.60896
TGLQEVEVK 0.79139 0.60961 10 0.94234
GYTQQLAFR 0.76862 0.60896 0.94234 10

Figure 3.2: Correlation matrix derived from the peptide signals for the protein P01024.

We now need to determine a threshold value on the correlation to classify peptides into two distinct
categories: quantotypic and non-quantotypic. There is no predefined rule for selecting this threshold, and
it is important to note that this choice will directly impact our dataset.

If we use a correlation matrix and label peptides based on a chosen threshold, it is possible that some
correlation matrices may contain peptides exclusively from one category. For instance, if all peptides within
a matrix exhibit high correlation values that exceed the threshold, they can be classified as quantotypic
peptides. However, in cases where all peptides display low correlation, we cannot automatically conclude
that they are all non-quantotypic. Consider a simple case with a correlation matrix of two peptides. If the
correlation between them exceeds the threshold, they can both be categorized as quantotypic. However,
if their correlation is below the threshold, it remains unclear which of the two peptides is responsible for
the low correlation, making classification ambiguous. Both peptides must hence be discarded from the
dataset. This issue can be extended with matrix correlation of bigger size.

To assist in selecting an appropriate threshold, | have decided to experiment with multiple threshold

values and evaluate their impact on the quantotypic/non-quantotypic distribution (lllustrated in Figure
3.3a), as well as the overall number of peptides retained in the dataset (Illustrated in Figure 3.3b).

Percentage of quantotypic peptides as a function of the threshold Number of peptides as a function of the threshold

Number of peptides

entage of quantotypic peptides

perc:

070 075 0.80 085 0.90 095 070 075 080 085 090 095
Threshold Threshold

(a) Percentage of quantotypic peptides as a function (b) Number of peptides as a function of the thresh-
of the threshold. old.

Figure 3.3: Quantotypic peptide percentage and peptide count as a function of the threshold.

By analyzing these two graphs, we observe a logical trend: as the threshold increases, the number
of defective correlation matrices (matrices in which all values fall below the threshold) also increases,
leading to the removal of more peptides. Furthermore, we observe a class imbalance, where quantotypic
peptides are overrepresented (percentage > 50%). This imbalance can be explained by the fact that at
the lowest threshold (0.7), nearly all peptides are labeled as quantotypic. When the threshold is raised,
more peptides are classified as non-quantotypic, as shown by the decreasing trend. Even with the highest
threshold (0.94), about 75% of the peptides are still labeled as quantotypic.

Additionally, around 0.9 in Figure 3.3b, we observe a sharp decline in the number of retained peptides,
indicating a steep drop-off. Regarding the percentage of quantotypic peptides, the objective is to minimize
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class imbalance as much as possible to prevent overfitting and simplify further processing.

Based on these observations, a threshold of 0.9 is selected. With this threshold, 155 peptides remain,

of which 117 are classified as quantotypic and 38 as non-quantotypic. The final dataset distribution is as
follows (lllustrated in Figure 3.4):

Number of Quantotypic and Non-Quantotypic Peptides

120 4 117

100 4

80

60

Count

20 A

Quantotypic Non-quantotypic
Peptide Type

Figure 3.4: Distribution of quantotypic and non-quantotypic peptides in the final dataset.

3.2 Class imbalance

Class imbalance is a well-known challenge in artificial intelligence, occurring when one class (in this case,

quantotypic peptides) is significantly overrepresented compared to the other (non-quantotypic peptides).
Several techniques exist to address class imbalance:

e Oversampling: A technique that increases the representation of the minority class by generating
synthetic samples or duplicating existing ones.

e Undersampling: A method that balances classes by reducing the number of samples in the majority
class.

e Cost-sensitive learning: An approach that adjusts model weights to compensate for class imbalance
by assigning higher costs to misclassification errors in the minority class.

In our case, the undersampling method will not be used. Applying this technique would result in a
dataset with only 38 peptides per class, which is far too limited for deep learning. Given that we already
have a small dataset, further reducing the number of samples would be counterproductive. For this reason,
undersampling is not considered a viable approach.

22



CHAPTER 3 3.2. CLASS IMBALANCE

3.2.1 Oversampling

Due to the proteomics context of this thesis, we cannot apply advanced oversampling techniques such
as SMOTE (Synthetic Minority Over-sampling Technique), ADASYN (Adaptive Synthetic Sampling), or
similar methods that generate synthetic data based on the existing dataset variables. While these tech-
niques are commonly used in machine learning to balance class distributions, their application to peptide
data poses significant challenges.

The fundamental issue with using SMOTE, ADASYN, or similar algorithms in proteomics is that they
generate new synthetic samples by interpolating between existing data points. This approach works well
in numerical datasets where features can be mathematically mixed without violating domain constraints
(for further details, please refer to [29,30]). However, in the context of peptide sequences, this could
result in artificial combinations of amino acids that do not correspond to real biological peptides. This
could mislead the model, negatively impacting its generalization and performance in real-world applications.

For these reasons, synthetic peptide generation via oversampling is not a viable option. Instead, the
only feasible approach in our case is RandomOverSampler. Unlike interpolation-based methods, Rando-
mOverSampler does not create artificial sequences; instead, it randomly selects and duplicates existing
peptides from the minority class (non-quantotypic peptides). This ensures that all samples used for train-
ing remain biologically valid, maintaining the integrity of the dataset while addressing class imbalance.
The impact of this oversampling approach on the dataset distribution is illustrated in Figure 3.5.

Number of Quantotypic and Non-Quantotypic Peptides after ROS

120 A 117 117
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Figure 3.5: Distribution of quantotypic and non-quantotypic peptides in the dataset after applying Ran-
domOverSampler (ROS).

3.2.2 Cost-sensitive learning

Cost-sensitive learning involves penalizing the misclassification of the minority class by assigning higher
weights during model training. The idea behind this approach is to counteract the natural bias that models
develop when trained on imbalanced datasets. Without such adjustments, a model may favor the majority

23



CHAPTER 3 3.2. CLASS IMBALANCE

class, thereby overlooking the minority class. By increasing the penalty for misclassifying minority class
instances, the model is encouraged to learn features specific to that class, hence improving overall perfor-
mance.

When training models, one typically computes a loss function and assigns a specific weight to each
class. In a binary cross-entropy implementation, the weight for the minority class (in our case, non-
quantotypic) is explicitly set while keeping the majority class weight at 1. A common approach is to define
the weight of the minority class as the ratio of the number of examples in the majority class to the number
of examples in the minority class:

Number of quantotypic examples
Number of non-quantotypic examples

Weight of minority class =

For the first part of this thesis which consists in leveraging artificial intelligence models using labeled
data and referring to Figure 3.4, the weight of the minority class is 3.0789 (i.e., %) (for all techniques
except Random Forest). In contrast, when using a Random Forest with the "balanced” option, the class
weights are also determined based on class frequencies. Specifically, in scikit-learn, the “balanced” weight

for each class i is given by:

Nsamples

w; = )
Nclasses X Nsamples;

where Ngamples is the total number of samples, Njasses is the number of classes (2 in the binary case),
and Nsamples; 1S the number of samples belonging to class /. This approach adjusts both weights instead of
fixing one class weight to 1. Despite this, the proportional relationship between the two classes remains
the same: a 1:3.0789 ratio between class 0 (quantotypic) and class 1 (hon-quantotypic).
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Chapter 4

Supervised learning

This chapter describes the supervised learning task carried out in this thesis, using the now labelled SPARE
data for training and evaluating models. We start by building and testing models trained from scratch,
such as a multi-layer perceptron (MLP), a bidirectional LSTM (BiLSTM), and traditional machine learning
models like Random Forest and XGBoost. Then, we explore transfer learning by using pretrained encoders
from models coming from AlphaPeptDeep and ESM, and applying two strategies: feature extraction and
fine-tuning.

To make the evaluation reliable, we also introduce several important techniques: stratified cross-
validation to split the data, grid search to tune hyperparameters, early stopping to prevent overfitting,
and methods to handle class imbalance. Throughout this section, we compare the different models and
techniques using performance metrics that do not depend on a threshold, such as PR AUC and ROC AUC.

The whole process, from data splitting to final evaluation, is explained in the following sections.

4.1 Methodology

4.1.1 Splitting strategy

Cross-validation is a statistical technique used to evaluate the performance of a machine learning model
on unseen data, especially useful when working with limited datasets. By splitting the data into several
subsets, or folds, the method involves training the model on a combination of these folds and validating
it on the remaining portion. In the common approach known as k-fold cross-validation, the dataset is
divided into k equal parts; the model is then trained k times, each time leaving out one distinct fold
as the test set and using the remaining k-1 folds for training. The performance metrics obtained from
each iteration are averaged to provide a more reliable estimate of the model’s generalization capability [14].

In this work, cross-validation was employed due to the limited availability of data for supervised learn-
ing. Specifically, we used Stratified KFold which is a variant of k-fold cross-validation that preserves the
distribution of quantotypic and non-quantotypic peptides across each fold, thereby ensuring that each
subset faithfully represents the overall dataset. This approach mitigates the risk of obtaining folds that
contain only peptides from the same class, an issue that could arise from random splitting. A 5-fold
cross-validation strategy was adopted, meaning that our dataset of 155 data points was divided into five
subsets of 31 data points each, with an approximate distribution of 23—24 quantotypic peptides and 7-8
non-quantotypic peptides per fold.

To correctly determine the best hyperparameter configuration, our approach involves training the
model on a training set and evaluating it on a validation set, with the final performance measured on a
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separate test set. We begin by applying cross-validation to the entire dataset. In each fold, the data is
split into two parts: a test set and the remaining data. The remaining data is then further divided to
form a validation set. Ultimately, this results in three distinct subsets: a test set comprising 20% of the
original dataset, a validation set accounting for 16%, and a training set covering the remaining 64%.

lteration 1 ——— Test \Validation Train

lteration 2 ———  Train Test  Validation Train
lteration 3 —— Train Test Train Validation
lteration 4 ———\Validation Train Test Train
lteration 5 —— Train Validation  Test

Figure 4.1: Splitting strategy: The dataset is initially divided using stratified cross-validation to ensure
that each fold maintains the original class distribution. Another stratified split is performed, resulting in
3 sets in total: a test set, a validation set and a training set. In this process, 20% of the original data is
allocated as the test set, while the remaining 80% is further divided so that the validation and training
sets represent 16% and 64% of the original dataset, respectively.

4.1.2 Encoding technique

For models built from scratch, the amino acid sequence is encoded as follows: first, each of the 20 amino
acids is replaced by a unique integer, starting from 1 (i.e., 'A" — 1, ..., 'Y’ — 20). To ensure consistent
input sizes, all sequences are padded to match the maximum sequence length observed in the dataset.
Padding positions are filled with the value 0. For deep learning models (MLP and BiLSTM), these integers
are then mapped to higher-dimensional vectors using PyTorch’s built-in Embedding function. For RF and
XGBoost models, the integer-encoded sequences are instead transformed using one-hot encoding.

4.1.3 Training configuration

We used the Adam optimizer to train all the deep learning models, using the binary cross entropy as loss
function. We also set the batch size to 32.
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4.1.3.1 Hyperparameter tuning

For each of the models tested, we conducted a GridSearch to tune the hyperparameters. GridSearch is
a commonly used technique in machine learning that involves exhaustively evaluating every possible com-
bination of hyperparameter values to determine the optimal configuration. Although this method can be
computationally expensive, it ensures a thorough exploration of the parameter space, ultimately leading
to more robust and reliable model performance. A detailed explanation of the different values tested can
be found in the appendix A.

When performing a grid search over all the possible combinations of hyperparameters, we obtain
one model per combination. It is then crucial to optimally select the best model among all. Metrics
such as accuracy, precision, recall, and F1 rely on setting a threshold to convert the model's output
probabilities into class labels. Since choosing the threshold is both crucial and tedious, these metrics are
not ideal as criteria for model selection. In contrast, ROC AUC and PR AUC have the advantage of
being threshold-free, meaning that no specific threshold value has to be chosen, which makes them more
reliable performance metrics. In binary classification tasks with imbalanced data, although ROC AUC
is popular, it can provide an overly positive view when negatives greatly outnumber positives because it
takes true negatives into account, potentially masking poor performance on the positive class. Conversely,
the Precision-Recall (PR) curve focuses solely on precision (the proportion of predicted positives that are
actually correct) and recall (the proportion of true positives captured). This focus makes the PR AUC a
more sensitive and honest measure of a model’s ability to identify rare positive cases [28]. Thus, in our
framework, we choose the optimal model as the one yielding the highest PR AUC score on the validation
set.

4.1.3.2 Early stopping

Early stopping is a regularization technique commonly used in deep learning. It involves monitoring the
model's performance on a validation set during training and stopping the training process once the vali-
dation error begins to increase, even if the training error continues to decrease. This divergence indicates
that the model is starting to overfit—i.e., it is learning noise and irrelevant details from the training data
that do not generalize well to unseen data. By terminating training at this optimal point, early stopping
helps to prevent overfitting and ensures better generalization performance [23].

In this work, early stopping is implemented by evaluating the validation loss every 5 epochs, and if the
loss increases compared to the previous epochs, the training process is stopped.

During training, | observed that only the MLP exhibited the desired behavior, which is why | applied
early stopping exclusively to the MLP. For the other models, the validation loss increased immediately
regardless of the hyperparameters tested. Consequently, | fixed the number of epochs for those models
and added the epoch parameter to the grid search. This is surely due to the very small size of my dataset
(only 155 data points). As we can see in Figure 4.2, only the MLP does have a little improvement at the
very beginning of the training on the validation loss for each fold. For the other models, it either increases
directly or sometimes one of the folds does have a validation loss that decreases. This is the reason why
| decided to only apply Early stopping to MLP.
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Figure 4.2: Training and validation loss curves for the different deep learning models for the 5 folds. For
each model, the left subfigure shows the training loss and the right subfigure shows the validation loss.
The MLP and BILSTM models were trained from scratch, while the ESM, RT, and CCS models were
used in a transfer learning setting. Each plot correspond to a configuration with a batch size of 32 and a
learning rate of 0.001.
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4.1.4 Transfer learning baselines
4.1.4.1 AlphaPeptDeep

Zeng et al. present a modular deep learning framework, called AlphaPeptDeep [31], designed to predict
peptide properties in proteomics from the amino acid sequences. It is built to be highly flexible, allowing
people (even those new to Al) to easily reuse pre-trained models or integrate components into their own
architectures. Currently, the framework includes three models. The first model predicts peptide retention
time (RT), which is a measure of the time taken for a solute to pass through a chromatography column.
The second model predicts collision cross section (CCS), a measure of the effective surface area of a
peptide ion as it travels through a gas, providing insights into its three-dimensional structure. Finally,
the third model predicts MS2 intensities, representing the abundance of fragment ions produced during
tandem mass spectrometry experiments.

Given that pre-trained models for various tasks are available (on their github repository [32]), this
framework is promising for transfer learning. These models can be fine-tuned to address new challenges,
which significantly reduces the need for extensive datasets since the models have already captured essential
patterns. We will further investigate whether these pre-learned patterns can be effectively used to predict
the quantotypic property of peptides.

For the scope of this thesis, the MS2 model will not be used since, in addition to the amino acid
sequence, it requires access to ion fragment data, whereas our aim is to predict the quantotypic charac-
teristics of a peptide solely based on its sequence. Regarding the two remaining models, the CCS model
requires an additional input column for " charge” which represents the net electrical charge of the peptide
ion. In our dataset, this value will be set to 0 for each peptide to minimize its influence on the prediction,
with the expectation that the model will learn to adjust accordingly. Similarly, the RT model requires two
additional input columns: "mods” and "mods sites”. These columns represent any chemical modifications
present on the peptide and the specific sites of those modifications, respectively. Both will be set as empty
strings for the same reason.

The models for predicting retention time (RT) and collision cross section (CCS) both combine a
convolutional neural network (CNN) layer with two bidirectional LSTM layers and fully connected layers.
Each of these models contains fewer than one million parameters, ensuring rapid and efficient training.
To encode amino acid sequences, each amino acid is first mapped to a unique integer (1-26 for letters
A—Z, with 0 reserved for padding). These integers are one-hot encoded into 27-dimensional vectors and
then passed through a learnable embedding layer using torch.Embedding, which maps each input to a
continuous N-dimensional vector.

In this work, the CCS or RT model will serve as an encoder to either a MLP /RF/XGBoost model. Each
model consists of two main entities: an encoder and a decoder. We simply reuse the encoder component,
which follows an architecture that first embeds the input, then processes it through a series of CNN layers,
followed by LSTM layers, and finally applies attention mechanisms. In both cases, the initialization of the
weights simply consists of reusing those learned by the encoder during training on the original task. We
also test the two techniques used for transfer learning which are Feature Extraction and Fine Tuning.

4.1.4.2 Evolutionary Scale Modeling (ESM)

ESM is a set of protein language models developed by Meta's Al research team. It includes a variety
of models designed for tasks such as structure prediction and protein design based on structural infor-
mation [33]. The model that interests us is ESM2 [34], which is recognized as the state-of-the-art
general-purpose protein language model, it can be used to predict structure or proteins properties. Al-
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though this thesis focuses on predicting a property of peptides, it is important to remind that peptides
are a subsets of proteins, and they share the same underlying language. The idea for using ESM?2 is that
the patterns and representations learned from large-scale protein data could potentially be transferred to
peptides. This study will explore whether these learned patterns can be effectively applied to predict the
quantotypic property of peptides.

ESM2 [34] is, a state-of-the-art protein language model based on a Transformer architecture and
trained in a self-supervised manner using a sequence masking objective. In this approach, randomly se-
lected amino acids within a protein sequence are masked, and the model is tasked with predicting the
identity of these masked residues by analyzing the context provided by the remaining sequence. This
training strategy forces the model to learn the dependencies and interactions between amino acids, cap-
turing both local and long-range patterns that reflect the evolutionary and structural relationships inherent
in protein sequences. Trained on millions of sequences, ESM2 effectively captures subtle evolutionary reg-
ularities and residue interactions. Moreover, there exist several ESM2 models ranging from 8 million to 15
billion parameters, and each increase in scale significantly enhances the model's ability to represent and
understand underlying structures. This scaling results in an improved accuracy in predicting contacts and
three-dimensional structures, establishing ESM2 as a state-of-the-art tool for protein structure prediction.
With this understanding of the dependencies and interactions between amino acids, we will explore whether
these patterns can be applied to property prediction.

In this work, the ESM will serve as an encoder to either a MLP/RF/XGBoost model. We use the
version with 8 million parameters, which includes 6 representation layers. Features can be extracted from
any of these layers; in our case, we choose to use the output from the 6th (final) representation layer.
The initialization of the weights simply consists of reusing those learned by the encoder during training on
the original task. We also test the two techniques used for transfer learning which are Feature Extraction
and Fine Tuning.

4.1.5 Training variants

Table 4.1 summarizes the different variants tested for each model, where the approach to training is
different, such as Early stopping, Feature extraction / Fine tuning, and class imbalance technique.

Table 4.1: Table summarizing the variants tested for each model. “Early Stopping” indicates that this
technique was evaluated. “Transfer Learning” means that both fine-tuning (updating the encoder param-
eters) and feature extraction (freezing the encoder parameters) were tested. “Class Imbalance” refers to
the application of oversampling, weighting or none of these.

Model Early Stopping Transfer Learning Class Imbalance
Random Forest X X v
XGBoost X X v
MLP v X v
BILSTM X X v
RT X v v
CCS X v v
ESM X v v

4.1.6 Overview of the methodology

Figure 4.3 illustrates the methodology applied for the supervised learning task. First, a model and its
training variant are selected. Then, a cross-validation procedure is performed to ensure a robust evaluation,
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with each fold kept fully independent. For each training fold, a grid search is conducted to identify the
best combination of hyperparameters. The best model is subsequently evaluated on the corresponding
test set. Finally, the results across all folds are aggregated by computing the mean and standard deviation
of the evaluation metrics.

Eval on
Test set

Fold2 GridSearch Best Model Evalon
Test set
) ’ ) ( ) ( ) Final
Fold3 H GridSearch H Best Model H E:;l :ent performance
) . ) L ) L ) (mean * std)

Fold1 —— GridSearch — Best Model —»

Choice of
variant

Eval on
Test set

Fold5 HGridSearch HBest Model H Eval on

Test set
Figure 4.3: lllustration of the process for the supervised learning task. First, a model is chosen with its
combination of variant. Then, cross-validation is performed, each fold is represented by a different color to
remind their independence. GridSearch is done in order to find the best combination of hyperparameters,

then we select the best model and then we evaluate its performance on the test set. Finally, the results
from all folds are aggregated by calculating the mean and standard deviation (std).

Foldd ——— GridSearch —» Best Model —»

4.2 Results

This section presents the results of the different models tested. It also compares the various variants
explored, such as early stopping, transfer learning, and handling of class imbalance, and provides insights
into their impact. When analyzing the effect of a specific variant, the results are grouped by that variant,
and only the PR AUC and ROC AUC metrics are plotted, as they are the most relevant to us due to being
threshold-independent. The plot is designed to avoid any aggregation between combinations of variants.
For instance, if a model is trained using two different variants, we plot the PR AUC and ROC AUC scores
with respect to the other variant on the x-axis. For each x-tick (each configuration of the other variant),
we plot the performance of the variant of interest, allowing us to isolate and visualize its effect more
clearly. All the numerical results can be found in Appendix B.1.

4.2.1 Early stopping effect

As a reminder, early stopping refers to stopping the training when the error on the validation set starts
increasing while the error on the training set is still decreasing. This is a sign of overfitting, which we
want to avoid. Stopping the training at the right moment helps prevent this problem. This method is only
tested on the MLP as explained in the methodology (see 4.1.3.2).
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By analyzing Figure 4.4, the MLP was tested with two different variants. As a result, the x-axis
represents the three different class imbalance handling techniques with both PR AUC and ROC AUC.
For each x-tick (each class imbalance method, where N=None, O=Oversampling and W=Weighting), we
can compare the effect of early stopping. Regardless of the variant configuration, applying early stopping
consistently leads to higher values for both PR AUC and ROC AUC. The best performance appears to
be achieved when using the "W’ configuration, which corresponds to the weighting technique for handling

class imbalance.
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Figure 4.4: Effect of early stopping on the MLP model. The figure shows PR AUC and ROC AUC across
different class imbalance handling techniques (N=None, O=Oversampling and W=Weighting). For each
method, early stopping consistently improves performance, with the best results observed for the weighting
strategy ("W).

4.2.2 Transfer learning effect

As a reminder, transfer learning involves using a model that was previously trained on one task and reapply-
ing it to a different task. In our case, we use only the encoder part of the pre-trained models, which serves
as input to a MLP. The encoder’s weights can either be frozen, which corresponds to feature extraction,
or updated during training, which corresponds to fine-tuning. The encoder is taken from either ESM or
AlphaPeptDeep, specifically from the RT or CCS models. The graphs also present PR AUC and ROC
AUC scores across different class imbalance handling techniques.

For the RT model (Figure 4.5a), feature extraction performs better when using either oversampling
('O’) or no ('N") class imbalance handling. In contrast, when applying the weighting strategy ("W’), fine
tuning yields better results. The best performance for both PR AUC and ROC AUC is achieved when
combining fine tuning with the weighting technique.

For the CCS model (Figure 4.5b), feature extraction performs better in terms of PR AUC when using
either the weighting ("W") or oversampling ('O") techniques. When no class imbalance handling is applied
('N"), fine tuning outperforms feature extraction. For ROC AUC, fine tuning consistently yields better
results regardless of the class imbalance technique used. Once again, the best overall performance is
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observed when combining fine tuning with no class imbalance handling.

For the ESM model (Figure 4.5c), feature extraction performs better when no class imbalance tech-
nique is applied ('"N"), for both PR AUC and ROC AUC. In contrast, fine tuning yields better performance
when using either weighting ("W'") or oversampling ('O") techniques. However, determining the best con-
figuration is not straightforward, as the mean results are quite close. Regardless of the class imbalance
technique used, both PR AUC and ROC AUC achieve similar mean values. Therefore, the standard devi-
ation becomes a key factor for comparison. In this context, fine tuning combined with oversampling ('O")
exhibits the lowest standard deviation, suggesting it provides the most consistent and reliable performance.
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Figure 4.5: Effect of transfer learning on model performance across different encoders (RT, CCS, and
ESM). For each encoder, the impact of updating the encoder weights during training (fine tuning) is
compared to keeping them frozen (feature extraction), across various class imbalance handling techniques
(N=None, O=0Oversampling and W=Weighting). Although feature extraction occasionally outperforms
fine tuning depending on the encoder and class imbalance configuration, the best overall performance is
achieved with fine tuning.

4.2.3 Class imbalance effect

As a reminder, our dataset is affected by class imbalance, with the quantotypic class being overrepresented
compared to the non-quantotypic class. This can cause issues during prediction, as the model might learn
to favor the quantotypic class. Figure 4.6 shows the impact of the different strategies we used to address
this imbalance (cost-sensitive learning, oversampling or none of these) across all models.

Among the 13 models tested, three show identical values for both PR AUC and ROC AUC. These
models clearly fail to learn any useful patterns. They correspond to the models that use a transfer learning
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encoder followed by an XGB classifier (Figure 4.6k, Figure 4.6g and Figure 4.6i).

For the remaining 10 models, we first focus on those where one class imbalance handling technique
consistently outperforms the others across both metrics and all variants. Two models perform best without
any class imbalance handling: the CCS model with an MLP (Figure 4.6¢), and the RT encoder followed by
a Random Forest (RF) (Figure 4.6j). Two other models achieve better results with cost-sensitive learning
(i.e., weighting): the MLP (Figure 4.6a) and XGB models (Figure 4.6m). Finally, four models perform
best when using oversampling: the BiLSTM (Figure 4.6b), CCS + RF (Figure 4.6f), ESM + RF (Figure
4.6h), and RF models (Figure 4.61).

There is two last models, RT + MLP and ESM + MLP stand out due to their more complex behavior.
In both cases, the optimal class imbalance handling technique varies depending on the transfer learning
strategy applied. For the ESM + MLP model (Figure 4.6¢), feature extraction leads to the best overall
performance when no class imbalance technique is applied. On the other hand, when fine tuning is used,
oversampling yields better results for PR AUC, while weighting is more effective for ROC AUC. Despite
these variations, the smallest standard deviation in terms of PR AUC is when using fine tuning and
oversampling. A similar trend is observed for the RT + MLP model (Figure 4.6d), feature extraction
performs best in combination with oversampling, while fine tuning works better with weighting. Although
the mean scores are very close in both cases, the lower standard deviation associated with feature extraction
and oversampling suggests that this combination is more stable and therefore preferable for this model.
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Figure 4.6: Class imbalance experiment across multiple models and metrics. In the case of the MLP
model, ES refers to Early Stopping, while NES indicates that no early stopping was applied. For transfer
learning models (RT + MLP, CCS + MLP, and ESM + MLP), FT stands for Fine Tuning and FE for
Feature Extraction. Among the 13 configurations tested, three show identical results for both PR AUC
and ROC AUC, indicating that these models fail to learn meaningful patterns; all correspond to models
using a transfer learning encoder followed by an XGB classifier. Among the remaining models, some exhibit
a clear preference: two perform best without any class imbalance correction (CCS + MLP and RT +
RF), two with cost-sensitive learning (MLP and XGB), and four with oversampling (BiLSTM, CCS + RF,
ESM + RF, and RF). However, for ESM + MLP and RT + MLP, the optimal strategy depends on the
transfer learning configuration. For ESM + MLP, feature extraction achieves the highest performance
when no class imbalance strategy is applied. In contrast, fine tuning performs better with oversampling for
PR AUC, and with weighting for ROC AUC. Nevertheless, the overall best results are obtained with fine
tuning combined with oversampling as it is the smallest standard deviation in terms of PR AUC. For RT +
MLP, a similar trend is observed: feature extraction performs best in combination with oversampling, while
fine tuning works better with weighting. Although the mean scores are very close in both cases, the lower
standard deviation associated with feature extractiotPand oversampling suggests that this combination is
more stable and therefore preferable for this model.
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4.2.4 Inter model comparison

Table 4.2 presents a comparison of the best models, showing the best configuration for each of the models
tested. For example, among all the MLP models (across different variant configurations), the best results
are achieved when using early stopping combined with the weighting technique. This is consistent with
the conclusions drawn earlier in the section discussing the effects of different variants.

When comparing the performance of the different models across the various metrics, it is clear that
the two models built from scratch (MLP and BiLSTM) outperform all others. They are the only ones to
achieve the highest PR AUC and ROC AUC scores, reaching around 0.42 and 0.6 respectively. Among
them, the MLP performs better than the BiLSTM, with a higher mean and lower standard deviation for
both PR AUC and ROC AUC. Regarding transfer learning, the results are particularly disappointing for
the ESM encoder, with a ROC AUC below 0.5 on average, indicating performance worse than a dummy
classifier. Other transfer learning models perform slightly better but still achieve low values. Models based
on classical machine learning algorithms, such as Random Forest (RF) or XGBoost (XGB), also show poor
results, with PR AUC and ROC AUC values far behind those achieved by MLP and BiLSTM, regardless of
the encoding technique used, from simple one-hot encoding (scratch) to transfer learning encoders (ESM,
RT, or CCS).

Overall, the results are not fully convincing, as even the best models fail to achieve high PR AUC
and ROC AUC scores. However, the MLP and BiLSTM models seem to capture the most meaningful
patterns, achieving the best results. To continue this work, we will apply self-training on the MLP and
BILSTM models, as they showed the strongest performance. Finally, it is important to recall that we are
working with a very limited amount of data, which likely contributes to the disappointing results in this
supervised learning task.
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Table 4.2: Inter-model comparison: this table presents the best configuration identified for each model
across different variant settings. The first four columns describe the model configuration: the first indicates
the model name; the second (ES) specifies whether early stopping was applied (‘Yes' for enabled, ‘No’ for
disabled, and ‘/' for not evaluated); the third (TL) refers to the transfer learning strategy used (‘FT' for
Fine Tuning, 'FE' for Feature Extraction, and ‘/" if transfer learning was not used); and the fourth (Cl)
denotes the class imbalance handling strategy (‘N for none, ‘W'’ for weighting, and ‘O’ for oversampling).
The comparison shows that MLP and BiLSTM models, both trained from scratch, consistently outperform
other approaches, achieving the highest PR AUC and ROC AUC scores. In contrast, transfer learning
models using ESM, CCS, or RT encoders perform poorly, and traditional machine learning models such
as Random Forest and XGBoost also fail to deliver strong results regardless of the encoder used. Overall,
while the general performance remains modest, MLP and BiLSTM stand out as the most effective models
in this study.

Model ES TL d Accuracy Precision Recall F1 PR AUC ROC AUC

MLP Yes / W |067+009 044+030 032+0.18 030+£0.12 0.43 £0.10 0.61 + 0.12
BiLSTM / / O |065+012 032+0.15 031+£023 030+0.16 042 4+0.15 0.60+0.19
ESM / FT O ]061+0.09 018+0.10 026+ 020 021+0.13 0.31+0.04 0.49+0.05
CCS / FT N | 072+ 0.02 028+ 0.15 0234+0.18 025+0.16 0.38+0.08 0.54+0.10
RT / FT W/|070+0.07 020+020 0.08+0.06 0.11+0.09 037+0.12 0.56+0.16
scratch_RF / / O |065+0.14 038+020 0414+0.16 037 +0.13 0.31 +£0.08 0.56+0.09
scratch XGB | / / W |064+008 031+011 038+0.16 0.33+0.12 0.28+0.03 0.55=+0.07
RT_RF / / N |074+007 057+042 0.13+£0.08 0.20+0.12 0.30+ 0.06 0.53 +0.06
RT_XGB / / W |074+007 055+£040 0.13+0.08 0.18+0.09 0.29 +£0.05 0.53+0.04
ESM_RF / / O ]072+0.06 0.11+0.16 0.07+0.10 0.09 +£0.12 0.25+ 0.03 0.50 + 0.04
ESM_XGB / / W |0.75+0.02 0.00+£0.00 0.00+0.00 0.00£0.00 0.25+0.02 0.50+0.00
CCS_RF / / O |077+0.02 057+033 0.15+0.09 024 +0.13 0.31+0.05 0.56+0.04
CCS_XGB / / W |076+0.02 053+£0.32 0.13+0.08 0.20+0.12 0.30+0.05 0.55=+0.04
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Self-training

Self-training is a semi-supervised learning method that uses unlabeled data as input to generate pseudo-
labels, thus increasing the number of examples available for training the model. |Initially, the model is
trained on a small set of labeled data before being used to predict labels for a larger set of unlabeled data.
The predictions that meet a certain criterion are then selected as pseudo-labels and incorporated into the
training set, allowing the model to be retrained on an expanded dataset. This iterative process continue
until a stopping condition is met.

In self-training, the quality of pseudo-labels plays a crucial role in the overall success of the learning
process. Assigning incorrect or uncertain labels can lead the model to learn misleading patterns and degrade
its performance over time. Therefore, it is essential to use reliable strategies to select and apply pseudo-
labels effectively. In this chapter, we begin by presenting different pseudo-labeling strategies, including
threshold-based, proportion-based, and optimal threshold-based methods (Pseudo labeling techniques).
We then explore other important aspects of the self-training process, such as whether to assign soft or
hard targets (Soft labels and hard labels), when to stop the self-training loop (Stopping criteria), and how
to design the training objective when combining labeled and pseudo-labeled data (Double loss). Each of
these components helps ensure that pseudo-labeling contributes positively to model learning, rather than
introducing noise or bias.

5.1 Methodology

5.1.1 Pseudo labeling techniques
5.1.1.1 Threshold-based method

In practice, pseudo-labeling strategies can follow different approaches to determine which unlabeled ex-
amples are reliable enough to be added to the training set. One common strategy is the threshold-based
method [15], where pseudo-labels are assigned only if the model’s confidence exceeds a predefined thresh-
old. By setting high absolute confidence thresholds, this approach ensures that only predictions with
strong certainty are incorporated, thereby reducing the risk of introducing erroneous labels. However,
fixed thresholds may not always be ideal since the optimal confidence level can vary as the model improves
through successive iterations. For instance, Dong-Hyun Lee [35] demonstrates a straightforward appli-
cation of this idea. In that work, the pseudo-labels are generated by simply selecting the class with the
maximum predicted probability to train deep neural networks on both labeled and unlabeled data. Although
the paper employ this strategy to a multi-class problem (handwritten digit recognition), the principle can
be applied to binary classification as well.

By looking at the output probability distributions on the unlabeled samples for the MLP (Figure 5.1)
and BILSTM (Figure 5.2), | decided to test four different threshold values: 0.7, 0.9, 0.95, and 0.99. The
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reason is that the probability distributions vary a lot from one model to another and even between folds.
Sometimes, when zooming in on a smaller range of probabilities, the distribution appears almost uniform,
which suggests that we should try higher threshold values. However, in other cases, the model is not
confident at all, and we don't see any probabilities in that zoomed range. This is not a major issue, as it
simply means that no pseudo-labels are added when the model is unsure, which helps avoid adding noisy
or incorrect labels.

For the MLP model, the last two folds (Figure 5.1j to Figure 5.10) are particularly interesting for test-
ing different threshold values. In these cases, the model shows some confidence, so applying thresholds
can help select reliable pseudo-labels. However, for the first three folds (Figure 5.1a to Figure 5.1i), no
pseudo-labels are added because the model does not output any probabilities above the zoomin thresholds
(0.9, 0.95, 0.99). This is actually a good thing, if any pseudo-labels had been added, they would have
likely been uncertain and potentially misleading.

For the BiLSTM model, only one fold (Figure 5.2c) shows some predictions in the 0.9-1.0 range, with
a few visible bars in the histogram. In the zoomed-in view of the 0.0-0.1 range, the model seems quite con-
fident for the first two folds (Figure 5.2a to Figure 5.2f), with many predictions close to 0. So, when using
thresholds like 0.9, 0.95, or 0.99, we will end up with almost the same number of pseudo-labels. This is be-
cause the distribution is nearly the same at the right (resp. left) of the threshold value (resp. 1-threshold).
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Figure 5.2: BILSTM output probabilities on the unlabeled samples across folds. Each row shows the full
view and two zoomed-in views ([0.0 ; 0.1] and [0.9 ; 1.0]) for a specific fold.
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5.1.1.2 Proportion-based method

An alternative is the proportion-based method [15], which does not rely on an absolute confidence thresh-
old. Instead, it selects a predetermined proportion of the most confident unlabeled examples for pseudo-
labeling. In this approach, one might start by pseudo-labeling only a small percentage of the most confi-
dently predicted samples, and then gradually increase this proportion as the model becomes more reliable.
This dynamic adjustment allows the pseudo-labeling process to adapt to the model’s evolving performance,
helping to balance the trade-off between incorporating a sufficient amount of new data and minimizing the
introduction of noise. For instance, Zou et al. [36] demonstrate a self-paced learning strategy in which
pseudo-labeling begins with only 20% of the most confident predictions and is incrementally increased by
5% per round, thereby dynamically adapting the pseudo-label selection to the model’'s evolving accuracy.
This approach improved classification performance and also achieved superior results on several different
datasets in the context of image segmentation. Once again, this example is done on a multi-class problem
(image segmentation) but the principle can also be applied to a binary classification problem. In this work,
we will explore proportion-based pseudo-labeling strategies by selecting the top 0.1%, 1%, and 5% most
confident predictions. Additionally, we will investigate a dynamic evolution strategy, where the proportion
of selected pseudo-labels progressively increases from 1% up to 50%, following the sequence 0.01, 0.05,
0.1, 0.2, 0.3, 0.4, 0.5. This gradual inclusion of pseudo-labeled samples is intended to mirror the self-
paced learning paradigm, allowing the pseudo-labeling process to adapt to the improving reliability of the
model over time.

5.1.1.3 Optimal thresholding

The last pseudo-labeling technique is inspired from Radhakrishnan et al. [37]. In their work, the authors
propose a method for selecting pseudo-labels based on entropy thresholding, which aims to better account
for the uncertainty present in the model's predictions. Rather than simply using the maximum softmax
score of the predicted class to determine whether a pseudo-label should be trusted, this method evaluates
the entropy of the entire softmax output vector, which provides a more global and reliable measure of
prediction confidence.

To apply this approach, for each prediction on the validation set, we compute its normalized entropy,
which is obtained by dividing the entropy of the prediction by the logarithm of the number of classes
(i.e., log(N¢) for N¢ classes). This normalization ensures that entropy values lie within the range [0, 1],
regardless of the number of classes. Next, a grid search is performed over a wide range of possible entropy
thresholds (typically 500 values between 0 and 1). For each threshold, predictions with entropy below the
threshold are selected as confident pseudo-labels, while those above the threshold are discarded. We then
evaluate the true positive rate (TPR) and false positive rate (FPR) of these selections on the validation
set, where ground-truth labels are available. This allows us to assess the effectiveness of each entropy
threshold in identifying reliable pseudo-labels. To select the optimal entropy threshold, we perform Re-
ceiver Operating Characteristic (ROC) analysis, the best threshold is selected as the one corresponding
to the point on the ROC curve that has the smallest Euclidean distance to the top-left corner of the plot,
which represents ideal classification performance.

However, it is important to note that the utility of entropy thresholding depends on the number of
classes. In binary classification, where the softmax output is a two-dimensional vector (e.g., [p,1 — p]),
the entropy is a simple, symmetric function that reaches its maximum at p = 0.5 and minimum at p =0
or p = 1. In such cases, the entropy and the softmax score are strongly correlated, and thresholding on
entropy is effectively equivalent to thresholding on the softmax score. Hence, in this work, since we are
dealing with a binary classification problem, we propose to apply a similar strategy directly on the softmax
score. Specifically, instead of thresholding the entropy, two distinct methods will be evaluated. In the
first method, we will perform a grid search over possible softmax score thresholds and select the optimal
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threshold based on ROC analysis, by choosing the threshold that minimizes the Euclidean distance to the
ideal point (TPR = 1, FPR = 0) on the ROC curve. In the second method, we will conduct a similar grid
search but based on Precision-Recall (PR) analysis, selecting the threshold that minimizes the Euclidean
distance to the ideal point (precision = 1, recall = 1) on the PR curve.

5.1.2 Soft labels and hard labels

In binary classification tasks, once pseudo-labels are selected, we still need to decide how to use the
model's predictions as targets during training. There are two main approaches: hard pseudo-labeling and
soft pseudo-labeling [18, 37].

Hard pseudo-labeling transforms the probability into a strict binary label. If the predicted probability
is greater than 0.5, the target becomes 1; otherwise, it becomes 0. This method forces the model to
learn hard decisions rather than probabilities. Even if the original model was only slightly confident, the
model will receive a full 0 or 1 label. This can simplify the learning process but may introduce more noise,
especially if the model’s predictions are not very reliable.

Soft pseudo-labeling means using the raw probability output by the model (after the sigmoid activa-
tion) as the training target. For example, if the model predicts a probability of 0.85 for the positive class,
this value is directly used as the target. During training, the model minimizes the difference between its
own output and this soft target, usually using binary cross-entropy. This method allows the model to
learn not only the predicted class but also the model’s level of confidence in that prediction, providing a
smoother and potentially more robust training signal.

In our work, the method for selecting which pseudo-labels to accept (based on confidence thresholds
or proportions) is handled separately. Here, hard and soft pseudo-labeling only refer to how we transform
the model's output into a training target once a pseudo-label has been accepted.

5.1.3 Stopping criteria

In self-training, it is important to decide when to stop the process. This helps avoid wasting time and
prevents the model from learning bad or useless information. There are several simple ways to decide
when to stop.

The most basic rule is to stop when there are no more unlabeled data left. In this case, everything
has been labeled, and the process is complete.

Another rule is based on how many new data points are added at each step. If the number is very
small compared to the current training set, less than 1% for example, it may not be worth continuing.
For instance, if only 2 new peptides are added while the training set already has 300 000 examples, this
will not make a big difference.

Another common method is to use a proportion-based strategy. Here, we always add a fixed percent-
age of the most confident predictions, for example, the top 1% for each class. In this case, we can decide
in advance how many steps to run, and stop when we reach that number.

Finally, we can also stop based on performance. After each step, we check how well the model per-

forms, using a validation set, and compare the results with the previous step. If the PR AUC gets worse,
it may mean the new data is hurting the model. In that case, we stop to avoid making things worse.

44



CHAPTER 5 5.2. RESULTS

In this work, we compare the previously described methods with the performance-based approach to
evaluate the impact of each stopping criterion.

5.1.4 Double loss

In many self-training approaches, pseudo-labels are treated the same as true labels. They are added directly
to the training set, and the loss is calculated on all the data without making any difference between real
labels and pseudo-labels. However, this can be a problem because pseudo-labels are not always correct,
especially in the early stages of training.

To reduce this risk, a better approach is to separate the loss into two parts [35]: one part for the
labeled data and another part for the pseudo-labeled data. The total loss is then a combination of both,
where the second part is weighted by a factor a to control its influence:

1< RN
Lrotal = - > LUy fo(x))) + - > L7} (") (5.1)
i=1 j=1

Where:

° X,-’ and y,-’ are the j-th labeled input and its true label,

° xj“ and )7J-“ are the j-th unlabeled input and its pseudo-label,

e fy(-) is the model’s prediction,

e L is the loss function (e.g., binary cross-entropy),

e « is a weight that controls how much we trust the pseudo-labels.

In some works, a increases over time, so that pseudo-labels get more importance as the model improves.
But in our case, since there is a few self-training steps, we test fixed values of o from 0.1 to 1.0, increasing
by 0.1 each time. This helps us understand how the weight of pseudo-labels affects the final results. We
will also perform a grid search over the 10 values within each fold to select the optimal a value.

5.2 Results

All the detailed numerical results can be found in Appendix B.2.

5.2.1 PR AUC as stopping criterion effect

As a reminder, | applied a basic stopping criterion for the self-training loop at first. The process stop
under one of two conditions: either when the entire unlabeled dataset had been pseudo-labeled, or when
the number of newly pseudo-labeled samples was too small relative to the size of the current training set.
In the case of proportion-based pseudo-labeling, where a fixed percentage of pseudo-labeled data is added
to the training set at each iteration, it is a bit different, | chose to limit the process to a maximum of
five iterations. After conducting experiments using these criteria, | introduced a more dynamic stopping
condition based on performance monitoring. Specifically, | monitored the evolution of the PR AUC score
on the validation set and stopped the process when the addition of new pseudo-labeled data began to
degrade the model’s performance. The following plots illustrate the impact of this new stopping criterion
in comparison to the basic approach.
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For the MLP model (first three plots of Figure 5.3), applying the PR AUC stopping criterion is clearly
beneficial across all pseudo-labeling techniques and for both PR AUC and ROC AUC metrics. The mag-
nitude of improvement varies depending on the pseudo-labeling strategy. For the optimal thresholding
technique, the gain is more moderate, with an increase of up to 0.05 in the mean performance. In con-
trast, for the other two techniques, the improvement reaches up to 0.1, which is notable.

For the BILSTM model (last three plots of Figure 5.3), the conclusions are less straightforward than
for the MLP. As shown in Figure 5.3d, the first two threshold-based values appear to perform better with-
out applying the PR AUC stopping criterion. However, for all other pseudo-labeling techniques, applying
the PR AUC stopping criterion consistently leads to better performance.

| decided to keep the PR AUC stopping criterion, as it improves the overall performance of the model
in nearly all cases for both MLP and BILSTM.
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Figure 5.3: PR AUC stop effect on MLP and BILSTM grouped by pseudo-labeling techniques with hard
labels. The first three plots correspond to MLP results, while the last three correspond to BILSTM results.
For MLP, applying the PR AUC stopping criterion is clearly beneficial across all pseudo-labeling techniques
and for both PR AUC and ROC AUC metrics. For BILSTM, the conclusions are less straightforward. The
first two threshold-based values perform better without applying the stopping criterion, while for all other
techniques, applying the PR AUC stopping criterion consistently improves performance. Overall, applying
the performance-based stopping criterion leads to better results than not using it.

5.2.2 Comparison of pseudo labeling techniques

As a reminder, we explored ten different pseudo-labeling configurations, including three main approaches:
threshold-based (referred to as fixed), proportion-based (referred to as TopK), and optimal thresholding
(referred to as optimal), each with multiple hyper-parameters tested.

For the MLP model (see Figure 5.4a), it is surprising that within the threshold-based approach, the
lowest threshold value (0.7) yields better PR AUC and ROC AUC results. This is counterintuitive, as
one would expect that increasing the threshold would lead to better performance. However, this was not
observed in our case. For the proportion-based approach, the best results were obtained when using the
0.1 value. In the optimal thresholding approach, the highest performance was achieved by performing a
grid search of the thresholds on the ROC curve. The performance values are very close to each other, par-
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ticularly among the best configurations. It appears that the optimal ROC configuration performs slightly
better than the other top-performing configurations.

For the BILSTM model (see Figure 5.4b), the results are more intuitive. In the threshold-based ap-
proach, the best performance is achieved with the most restrictive threshold. Similarly, for the proportion-
based approach, the most restrictive setting yields the best results. Finally, in the optimal thresholding
approach, the best performance is obtained by performing a grid search on the PR curve. As previously
discussed, PR AUC is considered a more reliable performance metric than ROC AUC in the presence of
class imbalance. When comparing the different approaches, it can be seen that optimal PR outperforms
the others, even though the values are really close among the top-performing methods.

Comparison of pseudo-labeling technique - MLP

- fixed_99

optimal_roc

07 optimal_pr s TopK_fixed_001

- fixed_70 = TopK_fixed_01

o fixed_90 TopK_fixed_05
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(a) MLP
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1
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Figure 5.4: Comparison of the different pseudo-labeling techniques using hard labels and with the PR
AUC stopping criterion enabled. For MLP, the threshold-based approach with the lowest threshold (70)
surprisingly yielded the best results, while for the proportion-based approach, the best performance was
obtained with a proportion of 1%. Optimal thresholding performed best when using a grid search on the
ROC curve, with very close performance values overall. For BiLSTM, results were more intuitive, with the
most restrictive thresholds leading to the best outcomes for both threshold-based and proportion-based
approaches. Optimal thresholding achieved the highest performance when applying a grid search on the
PR curve. Optimal PR slightly outperformed the other top configurations despite the close performance
values overall.

5.2.3 Hard vs soft labels

As a reminder, when incorporating pseudo-labels, there are two approaches: converting those probabilities
into a discrete class (in the binary case: 1 or 0), referred to as hard labels, or keeping the probabilities
output by the model, referred to as soft labels. In this way, the data from true labels differ from pseudo-
labels, as the target values are different. Additionally, the soft label approach can help the model learn
that some pseudo-labels are less certain, since the probabilities reflect lower confidence. In contrast, with
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the hard label approach, a pseudo-label with low probability might be converted into a definitive 1 (or 0),
giving the model a much more confident target despite the underlying uncertainty.

The effect is not straightforward because the results vary depending on the model and the pseudo-
labeling configuration. For the MLP, in the threshold-based approach (Figure 5.5a), soft labels perform
better in 3 out of 4 configurations for both PR AUC and ROC AUC. In the proportion-based approach
(Figure 5.5b), soft labels outperform in 2 cases, while hard labels perform better in the other 2. In the
optimal thresholding approach (Figure 5.5¢), the results are also inconclusive, with soft labels being better
in one case and hard labels in the other. For the BILSTM, the situation is similar. In the threshold-
based approach (Figure 5.5d), soft labels perform better in 3 out of 4 configurations. However, in the
proportion-based configuration (Figure 5.5¢), hard labels perform better in 3 out of 4 configurations. In
the optimal thresholding approach (Figure 5.5f), hard labels show better performance. In conclusion, it is
not possible to definitively determine the superiority of soft or hard labels, as performance depends on both
the pseudo-labeling configuration and the model. Therefore, to continue the self-training experiments, |
decided to evaluate both soft and hard label approaches while also incorporating the double loss strategy
as described in the methodology. This will allow us to compare the impact of double loss across both
models and both soft and hard label strategies.
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Figure 5.5: Hard loss vs Soft loss on MLP and BiLSTM grouped by pseudo-labeling techniques. The first
three plots correspond to MLP results, while the last three correspond to BILSTM results. The effect is
not straightforward, as performance varies by model and pseudo-labeling configuration. For the MLP, soft
labels perform better in most threshold-based configurations (3 out of 4) and in half of the proportion-
based configurations, while results are mixed for optimal thresholding. For the BIiLSTM, soft labels
dominate in threshold-based settings (3 out of 4), whereas hard labels outperform in most proportion-
based configurations (3 out of 4) and in the optimal thresholding approach. No clear superiority of soft
or hard labels can be made, as results vary depending on the model and pseudo-labeling configuration.

5.2.4 Impact of double loss

As a reminder, the impact of the loss related with pseudo-labels can be mitigated by introducing a regular-
ization weight, referred to as a. We tested ten different values of «, ranging from 0.1 to 1.0 in increments
of 0.1. This approach treats true labels and pseudo-labels as different. A lower o places greater penalty
on misclassifying true labels compared to pseudo-labels, which is the behavior we wanted to evaluate.

By analyzing Figure 5.6, it can be observed that, within the proportion-based approach (Figure 5.6e to
Figure 5.6h), MLP models generally outperform BiLSTM models. Moreover, the use of hard labels con-
sistently provides better results than the soft label variant across most a values. For the threshold-based
approach (Figure 5.6a to Figure 5.6d), the results vary depending on the configuration: the best model
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depends on the chosen threshold (BiLSTM with soft labels for a threshold of 70%, MLP with hard labels
for thresholds of 90% and 95%, and BiLSTM with hard labels for a threshold of 99%). In the optimal PR
setting (Figure 5.6i and Figure 5.6j), MLP outperforms BiLSTM for most « values. In contrast, in the
optimal ROC setting, MLP clearly emerges as the best option.

It can also be noted that the combination of double loss with hard labels appears to be more favorable
than with soft labels. In most cases, and for a given model, the hard label configuration outperforms
the soft label one. The only exceptions occur in the threshold-based configuration (70, 90, and 95) for
BILSTM, and in the optimal PR, TopK 05, and fixed 90 configurations for MLP, each pseudo-labeling
approach having at least one configuration where soft labels outperform hard labels. This is particularly
interesting, as analyzing the effect of hard vs soft labels alone made it difficult to determine which ap-
proach was more beneficial.

We also evaluated the performance of selecting the o value using a grid search. This method consists
of choosing the a that achieves the highest PR AUC score on the validation set. Its performance is indi-
cated by a star in the graphs and is placed at the last position on the x-axis, labeled GS (for GridSearch).
In most situations, the grid search strategy yields a PR AUC score that is comparable or higher than the
best performing value of a.

We also investigated the a values yielding the highest PR AUC scores for each model and configuration.
By counting how often each a produced the best score, we obtained the following distribution:

o« |01 02 03 04 05 06 07 08 09 10
cont| 6 9 4 4 4 5 0 2 1 5

Table 5.1: Distribution of best-performing o values across all runs.

It is clear that the majority of models favor an a value of 0.5 or lower, with 82.5% of the best results
falling within this range. The most frequently selected a value is 0.2, which corresponds to an impor-
tant regularization. This observation validates the underlying intuition behind the use of the double loss
approach: penalizing the error on true labels more heavily appears to yield better performance when a is
small, as it increases the regularization effect.
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Figure 5.6: Mean PR AUC scores obtained when training with a double loss, across pseudo-labeling
strategies and configurations, with different o values. For each setting, the result obtained via grid search
is highlighted with a star and displayed as the final point on the x-axis (labeled GS). In the proportion-
based setting, MLP models generally outperform BiLSTM. The threshold-based approach shows varying
results depending on the chosen threshold (BiLSTM with soft labels for a threshold of 70%, MLP with
hard labels for thresholds of 90% and 95%, and BiLSTM with hard labels for a threshold of 99%). In the
optimal PR setting, MLP models often perform better than BiLSTM, while in the optimal ROC setting,
MLP consistently achieves the best results. Hard labels show better performance than soft labels across
most o values and configurations. Moreover, applying grid search can occasionally improve performance,
only 14 out of 40 configurations outperformed thé*Pest fixed . This suggests that grid search is not
consistently beneficial and should not be used as the only strategy.
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5.2.5 Model’'s performance comparison

A total of 250 different models were tested during the self-training phase for both the MLP and BiLSTM
architectures, resulting in 500 models in total. Table 5.2 shows that only 21.6% of the MLP models
improved upon the baseline performance (i.e., a MLP trained using only the true labels) in terms of PR
AUC. For the BiLSTM models, the proportion is slightly higher, at 23.6%. These results suggest that
self-training often degrades the model's ability to generalize patterns compared to the baseline. However,
since some models do achieve better performance than the baseline, this implies that a subset of models
successfully learn meaningful patterns, which we will further investigates.

Table 5.2: Number of self-trained models that outperform or underperform the baseline PR AUC value.

Model Better Worse %
MLP 54 196 21.6%
BiLSTM 59 191 23.6%

Table 5.3 presents the five best MLP models and the five best BiLSTM models selected from all con-
figurations, including pseudo-labeling techniques, hard or soft label settings, and the presence or absence
of the PR AUC stopping criterion. The first two rows correspond to the best MLP and BILSTM models
obtained from the supervised learning task, providing a baseline to assess whether self-training leads to
improved model performance.

It can be observed that, compared to the baseline, the five best models achieved improved perfor-
mance in both PR AUC and ROC AUC metrics. This is encouraging, as it suggests that the application of
self-training was beneficial. For both model types, the best configuration yielded an improvement of 0.05
in PR AUC over the MLP baseline and of 0.04 in PR AUC over the BiLSTM baseline. Moving on to the
comparison between MLP and BiLSTM, MLP consistently remains the best model, which is consistent
with its superior performance in the supervised learning part. Additionally, five out of the ten selected
models use the optimal thresholding approach as the pseudo-labeling technique, which is consistent when
we compared the different pseudo-labeling strategies. In contrast, there is a clear under-representation
of models using the double loss strategy, indicating that models trained without double loss generally
performed better. This is somewhat surprising, as the intention was to penalize the misclassification of
true labels more heavily. However, it appears that, in general, the models performed better without this
additional regularization. Finally, regarding the comparison between hard and soft labels, no definitive
conclusion can be made: five models used soft labels, and five used hard labels, resulting in only a slight
superiority of hard label configurations. We can conclude that the best-performing model is the MLP
when using the optimal thresholding strategy on the PR curve for the pseudo-labeling technique, applying
soft labels, using the PR AUC as a stopping criterion, and performing a grid search to find the optimal o
value for the double loss.

Despite the improvement, it is not sufficient to consider the solution fully satisfactory. Although the
metrics have increased, the PR AUC and ROC AUC values remain relatively low, indicating that the
models still struggle to identify highly convincing and meaningful patterns for predicting the quantotypic
property.
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Table 5.3: Comparison of the five best MLP models with the five best BiLSTM models. The first two rows
serve as a reminder of the best supervised learning model. The first five columns describe the configuration
of each model: the first column indicates the model name; PL specifies the pseudo-labeling technique used;
LT refers to the label type, with hard (H) or soft (S) labels; PR indicates whether the PR AUC STOP
criterion is enabled; and DL refers to the double loss strategy. For DL, a value of '/’ means double
loss was not applied, ‘GS’ indicates that a grid search was performed over 10 a values, and a numeric
value represents a fixed a. Self-training led to overall performance improvements over the baseline for
both architectures, with MLP consistently outperforming BiLSTM. The optimal thresholding approach was
frequently selected. On the other hand, models employing the double loss strategy were under-represented
among the top models, suggesting that additional penalization of true label misclassification did not yield
consistent benefits. No clear advantage was observed between soft and hard labels. However, despite
the improvements, overall PR AUC and ROC AUC values remain relatively low, indicating limited model
ability to capture highly predictive patterns for the quantotypic property.

Model PL LT PR DL Accuracy Precision Recall F1 PR AUC ROC AUC
MLP_ES_N.W 0.67 £0.09 044 £030 0.32+0.18 0.30+£0.12 043 £0.10 0.61 £0.12
BiLSTM_NES_N_O 0.65+0.12 0.32+0.15 031+£023 0.30+0.16 042+ 0.15 0.60+ 0.19
MLP Opt - pr S Yes GS|043+024 0314012 0.78+0.30 040+0.11 0.48+0.09 0.64+0.11
MLP TopK fixed - 0.01 S Yes 0.1|067+0.14 036+£023 021+010 026+0.14 047 +0.13 0.64+0.14
MLP TopK fixed - 0.01 S Yes / |041+020 028+0.05 0.72+0.34 0.36+0.05 047 +£0.10 0.62 £0.12
MLP Opt - roc H Yes / |064£011 028+0.11 029+ 0.17 028 +£0.13 0.46 +0.12 0.64 +0.11
MLP Opt - pr S Yes / |043£024 0314012 0.78+0.30 0.40+0.11 0.46+0.09 0.62=+0.11
BIiLSTM Opt - pr H Yes / |069+0.14 039+020 0264019 0.30+0.19 046 +0.18 0.64 £0.21
BiLSTM fixed - 0.99 H Yes / |068£014 0474031 034+027 033+£020 045+0.15 0.62+0.21
BiLSTM TopK fixed - 0.001 H Yes / | 0.66+0.14 047 +0.31 040+0.28 0.35+020 0.45+0.15 0.61+0.18
BiLSTM fixed - 0.9 S Yes / |072£009 0394020 032+0.19 0.35+0.19 0.45+0.17 0.61+0.16
BiILSTM Opt - pr H Yes 040694014 0.34+028 027 +025 0.28=+0.23 045+0.17 0.61 +£0.19
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Discussion

This chapter aims to critically examine the limitations and challenges encountered in this study, as well as
to propose potential directions for improvement. While the goal was to predict the quantotypic property
of peptides using only their amino acid sequence, the results were not as promising as expected. Several
factors may have contributed to this outcome, including the limited amount of training data, the chosen
labeling method, and the use of raw sequence information without additional biochemical context. By
analyzing these aspects, we can better understand the weaknesses of the current approach and identify
opportunities for future work to improve model performance and reliability.

6.1 Quantity of data

One possible explanation for the disappointing results is the limited amount of data. In artificial intelli-
gence, data plays a key role in achieving good performance. Traditional machine learning algorithms such
as Random Forest or XGBoost usually require less data to perform well, mainly because they are simpler
and less data-hungry than deep learning models. Deep learning models, on the other hand, typically require
much more data due to their large number of parameters [38].

AlphaPeptDeep models have around 4 million parameters, which means they need a large dataset
to properly update the weights during training. In the AlphaPeptDeep paper [31], they mention using
approximately 40 million spectra for training the MS2 models and about 500,000 values for the RT and
CCS models.

In contrast, our dataset only contains 155 peptides. To follow a proper training protocol, this dataset
is split into training, validation, and test sets. The training set includes about 64% of the data, which
corresponds to roughly 100 data points. When the task is as complex as predicting a peptide’s quantotypic
property based solely on its amino acid sequence, such a small training set is likely not sufficient to expect
good results. Deep learning models need enough examples to learn meaningful patterns.

In other machine learning domains, data augmentation techniques are often used to artificially increase
the size of the training set. However, in the context of peptide sequences, generating artificial data is
not straightforward. Randomly modifying or creating new sequences could result in biologically invalid
peptides.

6.2 Labeling technique

Another possible reason for the disappointing results could be the way the peptides were labeled. Although
Worboys et al. showed that using the correlation matrix of peptide signals can help identify quantotypic
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peptides, there are still limitations to this approach. We have access to another dataset similar to SPARE,
called PREMIDID, which comes from a different study. This dataset also contains 230 peptides, but each
peptide is measured across 58 samples. The preprocessing steps used for this dataset are the same as
those described in Chapter 3.

This allows us to compare the peptide signals and the resulting correlation matrices for the same
protein across both datasets (SPARE vs PREMIDID) (see Figure 6.1 and Figure 6.2). We can observe
two different behaviors when comparing the peptide signals and their corresponding correlation matrices
between the SPARE and PREMIDID datasets. These differences are likely due to experimental variability
introduced during data acquisition. In proteomics, factors like chemical environment, temperature, hu-
midity, or even slight variations in sample preparation can influence peptide ionization and detection. As
a result, the same peptide may show different intensity patterns across datasets, even if the biological
context is similar. These variations impact the correlation between peptides and can lead to inconsistent
labeling of quantotypic peptides when using correlation-based approaches.

Based on the threshold defined in Chapter 3 (0.9), the correlation matrix from the SPARE dataset
would label the peptides VNEPSILEMSR and VTEPISAESGEQVER as quantotypic, and the other pep-
tide as non-quantotypic. In addition, in the SPARE dataset, the strongest correlation is between VNEP-
SILEMSR and VTEPISAESGEQVER, while in the PREMIDID dataset, the highest correlation is between
two different peptides: VTEPISAESGEQVER and LNILNNNYK. This shows that the labeling can change
depending on the dataset. Figure 6.3 also highlights that the distributions of correlation values differ
between the two datasets. In the SPARE dataset, 155 peptides were retained after labeling, whereas
only 98 peptides remained in the PREMIDID dataset. This inconsistency suggests a difference between
the datasets, although such variation should not exist as a peptide that is truly quantotypic should be
consistently labeled across different datasets. Of all the peptides, 85 are present in both datasets, 13 are
unique to PREMIDID, and 70 are unique to SPARE. Among the 85 shared peptides, 59 are labeled as
quantotypic in both datasets, 12 are labeled as non-quantotypic in both, and 14 receive conflicting labels
(being considered quantotypic in one dataset and non-quantotypic in the other).

This kind of variation creates inconsistencies in the labeling process and raises questions about how
reliable and meaningful the current labeling method really is.

56



CHAPTER 6 6.2. LABELING TECHNIQUE
Peptide signals for Protein: sp|014791|APOL1_HUMAN
—e— VTEPISAESGEQVER
—e— VNEPSILEMSR
—e— LNILNNNYK
Replicate
(a) SPARE
Peptide signals for Protein: sp|014791|APOL1_HUMAN
—e— VTEPISAESGEQVER
= B
’ : ‘ ReplicateN : : :
(b) PREMIDID
Figure 6.1: Peptide signals for the protein APOLL.
Correlation matrix for Protein: sp|O014791|APOL1_HUMAN
VTEPISAESGEQVER VNEPSILEMSR LNILNNNYK
VTEPISAESGEQVER 1.0 0.93148 0.75129
VNEPSILEMSR 0.93148 1.0 0.75323
LNILNNNYK 0.75129 0.75323 1.0
(a) SPARE
Correlation matrix for Protein: sp|O14791|APOL1_HUMAN
VTEPISAESGEQVER VNEPSILEMSR LNILNNNYK
VTEPISAESGEQVER 1.0 0.55077 0.89123
VNEPSILEMSR 0.55077 1.0 0.53681
LNILNNNYK 0.89123 0.53681 1.0
(b) PREMIDID

Figure 6.2: Correlation matrices derived from the peptide signals for the protein APOLL.

o7



CHAPTER 6 6.3. ONLY USING SEQUENCE AS INPUT
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Figure 6.3: Distribution of quantotypic and non-quantotypic peptides for both dataset applying a 0.9
threshold to process the correlation matrices.

6.3 Only using sequence as input

Another limitation of this work may come from the fact that we chose to use only the raw peptide sequence
as input. Although there are likely meaningful patterns hidden in the sequences, the models receive very
limited information to support accurate predictions. Amino acids have specific physicochemical proper-
ties such as hydrophobicity, charge, size, and polarity which influence peptide behavior in biological and
experimental contexts. These properties are available in databases such as AAindex [39], as used in the
CONSeQuence paper [11], where the authors extracted physicochemical features from peptide sequences.

In that study, a feature analysis was performed to remove redundancy and retain only the most
informative features, which helped reduce noise and improve model performance. A similar strategy
could be beneficial in our work, especially since our results show that sequence information alone may
not be sufficient for accurate quantotypic peptide classification. Moreover, physicochemical properties
are inherently interpretable, which can help researchers understand why certain peptides are predicted as
quantotypic, offering potential biological insights.

6.4 Future work

As discussed earlier, using only the peptide sequence as input may not provide enough information for
accurate prediction. Therefore, one possible direction for future work would be to enhance the input data
by incorporating additional features related to the physicochemical properties of the amino acids. These
properties can offer valuable insights into peptide behavior and improve model performance when used
alongside sequence-based representations.

Another important aspect to consider is the labeling process. The current method for defining peptides
as quantotypic or non-quantotypic relies on correlation thresholds, which may introduce inconsistencies
across datasets. Exploring alternative labeling strategies could help build a more reliable ground truth.
Improving both the input representation and the quality of the labels would likely lead to more robust and
generalizable models.
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Lastly, this study was conducted using data from targeted proteomics experiments, where only selected
peptides are measured across a limited number of samples. While this approach provides high precision,
it also restricts the amount of available data. Moving toward untargeted proteomics could help address
this limitation. Untargeted approaches generate much larger datasets by measuring a broad range of
peptides without prior selection, which could provide a richer foundation for training Al models requiring
large dataset such as deep learning architectures. However, untargeted data typically requires much more
cleaning, processing, and filtering before it can be used effectively, as it is generally less precise and reliable
than data from targeted proteomics. Nevertheless, the significantly larger volume of data available in
untargeted approaches could mitigate these challenges when training Al models requiring large datasets.
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Conclusions

In the field of proteomics, several solutions exist to predict proteotypic properties, but there is still a critical
lack of tools capable of predicting the quantotypic property of peptides. Such a tool could reduce the
dependence on costly and equipment-intensive a posteriori methods. This work focused on developing an
artificial intelligence approach to explore the feasibility of such a prediction task. We deliberately limited
the input to peptide sequences alone in order to train the models. Our research was conducted within
the framework of targeted proteomics, which, although providing fewer data compared to untargeted pro-
teomics, offers greater reliability. The project was divided into two main parts. The first part involved the
use of a labeled dataset to perform supervised learning. The second part explored the use of self-training
methods, addressing the limited availability of annotated data.

In the first part of the study, we explored various artificial intelligence models, including machine learning
models (Random Forest and XGBoost) and deep learning architectures (MLP and BiLSTM). We investi-
gated both models trained from scratch and transfer learning approaches, leveraging pre-trained models
initially developed for different tasks but still based on peptide (AlphaPeptDeep) or protein (ESM) data.
The dataset presented a significant class imbalance problem. To address this, we tested cost-sensitive
learning and oversampling techniques, particularly RandomOverSampling. We also evaluated two transfer
learning strategies: fine-tuning (updating the weights of the pre-trained models) and feature extraction
(freezing the pre-trained weights). The results showed that deep learning models trained from scratch
outperformed both transfer learning models and traditional machine learning algorithms. The transfer
learning results were particularly disappointing, and the machine learning models did not exceed the per-
formance of the deep learning approaches. Overall, the performance of all models remained modest, with
low PR AUC and ROC AUC values.

In the second part of the study, we aimed to incorporate additional data by applying self-training meth-
ods. We experimented with several pseudo-labeling techniques, including the threshold-based approach,
the proportion-based approach, and the optimal thresholding approach. We also implemented a stopping
criterion based on PR AUC performance. Both hard labels and soft labels were tested to assess their
impact on model performance. Additionally, we explored splitting the loss function by introducing a reg-
ularization term on the pseudo-label loss, with the objective of penalizing misclassification of true labels
more strongly. Although the best models showed some improvement in metrics such as PR AUC and ROC
AUC, the overall performance remained low and unsatisfactory.

Several factors may explain the poor performance of the models. First, the limited amount of data is a
major challenge, especially for deep learning, as neural networks require large datasets to effectively learn
and identify relevant patterns, particularly in such a complex prediction task. Another critical factor may
be the reliability of the dataset. The labels were generated based on signal measurements, and inconsisten-
cies were observed when comparing two similar datasets. Specifically, the same peptides across different
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datasets were sometimes assigned conflicting labels, indicating inconsistency in the labeling process.

For future work, increasing the size of the dataset could help improve the models. It may also be
useful to explore different ways of labeling peptides to avoid differences between datasets. In this study,
only the peptide sequence was used. Future work could combine this with additional information, such
as the physicochemical properties of amino acids, by using available databases. Another idea would be to
test datasets from untargeted proteomics, as they contain much larger amounts of data. With careful
selection of good quality data, it may be possible to build a more reliable dataset.

Despite the modest results, this work represents a first step towards the development of predictive

tools for the quantotypic property of peptides and provides valuable insights for future research in this
field.
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Appendices

A Hyperparameter tuning for supervised learning task

Here is a detail overview of the hyperparameter tuning for the supervised learning task.

A.1 Machine learning models
A.1.1 Random forest

To train a Random Forest, several hyperparameters must be specified. Two key hyperparameters to fine-
tune are max_depth and max_features.

The max_depth parameter limits how deep the decision trees can grow. In our work with 155 data
points, the upper bound for max_depth was set to 8. This is because random forests typically perform
binary splits, and at a depth of 8 the maximum number of terminal nodes would be 28 = 256 (for a
balanced tree) which already exceeds our dataset size. Consequently, while we test multiple values for
max_depth, none extend beyond 8.

The max_features parameter restricts the number of features considered when making a split at each
node. Below is a detailed explanation of the options we explore:

e sqrt: The algorithm considers a number of features equal to the square root of the total number of
available features.

e log2: The algorithm considers a number of features equal to the base-2 logarithm of the total
number of features.

e None: No restriction is placed on the number of features; all available features are considered at
each split.

n_estimators controls the number of trees in the forest, increasing the number of trees generally
improves performance. Therefore, we have fixed the n_estimators parameter at 1000.

The specific parameter values tested during our grid search were:
Max depth: {None, 1, 3, 5, 6}
Max features: {sqrt, log2, None}

A.1.2 XGBoost

To train an XGBoost model, several hyperparameters must be tuned. For our XGBoost model, two key
parameters that we fine-tune are max_depth and learning rate.
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The max_depth parameter controls the maximum depth of the decision trees used in the boosting
process. We tested the same parameter values as for the Random Forest model.

The learning rate parameter, also referred to as eta, determines the contribution of each tree during
the boosting process. A lower learning rate often leads to slower but more refined learning, which can help
prevent overfitting, while a higher learning rate accelerates training but may compromise model accuracy.

The different parameter values tested during our grid search were:
Max depth:{None, 1, 3,5, 6}

Learning rate:{0.01, 0.1, 0.2, 0.3, 0.4}

We fixed the n_estimators parameter at 1000.

A.2 Deep Learning Models
A.2.1 MLP

To train our MLP, we modify several hyperparameters. Specifically, we explore the following values:

e Learning Rate (LR): {0.0001, 0.001, 0.01, 0.1}
This hyperparameter determines the step size during gradient descent updates. Lower learning rates
(e.g., 0.0001 or 0.001) allow for finer adjustments, whereas higher values (e.g., 0.01 or 0.1) can
speed up convergence but might risk overshooting the optimum.

e Number of Hidden Layers: {1, 2, 3}
This parameter sets the number of hidden layers in the network. Increasing the number of layers
can enable the model to learn more complex representations, although it may also increase the risk
of overfitting, particularly with limited data.

e Dropout Rate: {0.2, 0.3}
Dropout is a regularization technique that randomly deactivates a portion of neurons during training
to prevent overfitting. We test dropout rates of 0.2 and 0.3 to determine the optimal balance
between retaining sufficient model capacity and ensuring robust regularization.

e Hidden and Embedding Sizes: {(64, 64), (128, 128)}
Here, each tuple corresponds to the hidden layer size and the embedding dimension, respectively.
For simplicity, we set both values to be equal and evaluate two different configurations.

This lead to a total of 48 different configurations to be tested.

A.2.2 BiLSTM

To train our BILSTM model, we adjust several hyperparameters. Specifically, we explore the following
values:

Learning Rate (LR): {0.0001, 0.001, 0.01, 0.1}

Number of LSTM Layers: {1, 2, 3}

Dropout Rate: {0.2, 0.3}

Hidden and Embedding Sizes: {(64, 64), (128, 128)}
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e Number of Epochs: {25, 50, 100}
This hyperparameter defines the number of complete passes over the training dataset. We vary the
number of epochs to assess the impact on training performance and convergence.

This lead to a total of 144 different configurations to be tested.

A.2.3 AlphaPeptDeep and ESM

For the transfer learning models, we reuse the encoder from each architecture and append a feed-forward
network (MLP) as a decoder. Consequently, the hyperparameters tuned are nearly identical to those
detailed in Section A.2.1, with the additional tuning of the number of epochs. The following values were
tested:

Learning Rate (LR): {0.0001, 0.001, 0.01, 0.1}

Number of Hidden Layers: {1, 2, 3}

Dropout Rate: {0.2, 0.3}

Hidden and Embedding Sizes: {(64, 64), (128, 128)}

Number of Epochs: {25, 50, 100}

This lead to a total of 144 different configurations to be tested.

B Tables

This section includes all tables that may be helpful in understanding this thesis, but are not essential and
do not provide significant insights.

B.1 Supervised learning

The following tables show the results for the supervised learning task. The accuracy, precision, recall, F1
are computed using a threshold of 0.5 (to classify probabilities). The first four column correspond to the
following:

e Model: Indicates the name of the model evaluated.
e ES (Early Stopping): Specifies whether early stopping was applied.

— Yes — Early stopping enabled
— No — Early stopping disabled
— / — Early stopping not evaluated

e TL (Transfer Learning): Describes the transfer learning strategy used.

— FT — Fine Tuning
— FE — Feature Extraction

— / — Transfer learning not used
e CI (Class Imbalance): Indicates the class imbalance handling strategy.

— N — No class imbalance technique applied
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— W — Weighting strategy

— 0 — Oversampling strategy

Model | ES TL (I Accuracy Precision Recall F1 PR AUC ROC AUC
MLP No / W/|073+£006 045+0.15 0.24+0.05 0.30+£0.07 0.42+0.04 0.60=+0.07
MLP |Yes / N [072+£0.05 023+£023 0.12+0.14 0.16 +£0.17 0394+ 0.11 0.61 +£0.10
MLP No / O |065+005 0244008 0.18+0.06 0.20+0.05 0.34+0.08 0.55=+0.13
MLP | Yes / W |0.67+0.09 044 +030 032+0.18 0304012 0434+0.10 0.61 £0.12
MLP |Yes / O |061+£0.16 021+0.14 021+0.14 0204+0.12 0.36+0.05 0.56+0.11
MLP No / N |069+007 0334035 0.13+£0.08 0.18+0.13 0.38+0.13 0.60+ 0.13
Table 7.1: MLP intra model comparison
Model ES TL I Accuracy Precision Recall F1 PR AUC ROC AUC
BiLSTM | / / W |050+024 031+035 045+045 0.22+0.14 0.37+0.09 054 +0.12
BiLSTM | / / N | 0654007 018+ 0.16 0.21 +£0.19 0.20+0.17 0.33 £ 0.07 0.54 £ 0.09
BiLSTM | / / O 10654012 0324015 0.31+023 0.30+0.16 0.42+0.15 0.60 £+ 0.19
Table 7.2: BILSTM intra model comparison
Model | ES TL (I Accuracy Precision Recall F1 PR AUC ROC AUC
ESM / FE O ]049+024 013+£0.11 0454+042 020+0.17 0.254+0.05 041+0.12
ESM / FT N |072+0.07 0.05+0.11 0.07+0.15 0.06 +0.13 0.26 +0.08 0.38 + 0.14
ESM / FE N |0.74+0.04 0.00+0.00 0.00+£0.00 0.00£0.00 0.30%+0.07 049 +0.10
ESM / FT O |061+009 018+0.10 0.26+0.20 0.21 £0.13 0.31 +£0.04 0.49 4+ 0.05
ESM / FE W] 065+0.18 0.05+0.10 0.204+ 040 0.08+0.16 0.26 +0.03 0.42 + 0.09
ESM / FT W] 057+0.19 0.15+0.12 0.36 +0.37 020+0.17 0.29 +0.06 0.50+ 0.07
Table 7.3: ESM intra model comparison
Model | ES TL CI Accuracy Precision Recall F1 PR AUC ROC AUC
CCS / FE N | 0.75+0.02 0.00+ 0.00 0.004 0.00 0.00+ 0.00 0.31 +0.05 0.51+0.13
CCS / FE W |048+021 023+0.12 0.64+037 032+£0.16 0.33+0.07 048+ 0.07
CCS / FE O ]048+0.15 026+0.08 0.58+021 035+0.10 0.29+0.06 048+ 0.16
CCS / FT N |0724+0.02 028+0.15 0.234+0.18 025+0.16 0.384+0.08 0.54 +0.10
CCS / FT W] 070+0.07 022+024 0.11+0.11 0.14+0.15 0.31 +£0.04 0.50 + 0.07
CCSs / FT O | 067004 0.03+0.07 0.03+£0.05 0.03+£0.06 0.28+0.03 0.51+0.06
Table 7.4: CCS intra model comparison
Model | ES TL CI Accuracy Precision Recall F1 PR AUC ROC AUC
RT / FE N |071+0.05 0.03+£0.07 0.03+0.06 0.03+0.06 0.31+0.04 0.50+0.06
RT / FE W] 050+0.17 0.15+0.10 0404+ 040 0.21+0.16 0.304+0.07 0.50 + 0.09
RT / FE O] 065+0.06 030+0.05 0.29+0.11 028+ 0.07 0.35+0.06 0.53+0.12
RT / FT N |062+005 022+0.07 021+006 0.21+006 0.30%£0.05 048+ 0.06
RT / FT W|0.70+0.07 020+020 0.08+0.06 0.11 £0.09 037+ 0.12 0.56 +0.16
RT / FT O ]068+0.05 024+£0.15 0254+0.19 024 +0.17 0.344+0.16 050+ 0.19

Table 7.5: RT intra model comparison
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Model ES TL I Accuracy Precision Recall F1 PR AUC ROC AUC
scratch_RF / / N | 0.75+£0.04 0383+£039 0.10+£0.09 0.16£0.14 029+ 0.05 0.53+£0.04
scratch_RF / / W | 074+£004 022+027 0.10+0.15 0.14+0.18 0.28 £ 0.06 0.53 + 0.07
scratch_RF / / O ]065+014 038+020 041+0.16 0.37+0.13 0.31 +£0.08 0.56 + 0.09
scratch XGB | / / N | 071 £0.06 029+ 020 0.214+0.16 0.24+0.16 0.28+ 0.05 0.54 + 0.07
scratch XGB | / / W 0.64+008 031+0.11 0.38+0.16 0.33+0.12 0.28 +0.03 0.55+ 0.07
scratch XGB | / / O ]065+£006 031+006 0.34+£010 032+0.05 0.27+0.02 054 +0.04
Table 7.6: scratch intra model comparison
Model ES TL I Accuracy Precision Recall F1 PR AUC ROC AUC
RT_XGB | / / N | 074+£007 055+£040 0.134+0.08 0.18+ 0.09 0.29+ 0.05 0.53 + 0.04
RT_RF / / N | 074+007 057+042 0.134+0.08 020+ 0.12 030+ 0.06 0.53+0.06
RT_RF / / O ]1075+£002 037+£037 0074006 0.12+0.10 027 +0.05 0.52+0.03
RT_XGB | / / O ]1074+£007 055+£040 0.134+0.08 0.18+ 0.09 0.29+0.05 0.53 +0.04
RT_RF / / W |071+007 032+£037 0.16+0.16 0.17+0.15 027 +£0.04 0.52 £ 0.05
RT_XGB | / / W |074+007 055+040 0.134+0.08 0.18+ 0.09 0.29 +0.05 0.53 + 0.04
Table 7.7: RT_ML intra model comparison
Model Es TL I Accuracy Precision Recall F1 PR AUC ROC AUC
ESMXGB | / / W |075+0.02 0.0040.00 0.00+0.00 0.00+0.00 0.254+0.02 0.50+0.00
ESMXGB| / / O ]0.75+0.02 0.00+ 0.00 0.00+ 0.00 0.00+ 0.00 0.25+ 0.02 0.50 + 0.00
ESMXGB | / / N |075+0.02 0.0040.00 0.00+0.00 0.00+0.00 0.254+0.02 0.50+0.00
ESM_RF / / W/|065+007 011+0.13 0.10+0.12 0.10+0.13 0.25+ 0.02 0.46 + 0.06
ESM_RF / / O]072+£006 0.11+0.16 007 +0.10 0.09£0.12 025+ 0.03 0.50+ 0.04
ESM_RF / / N |0724+006 0.05+0.10 0.05+0.10 0.05+ 0.10 0.24 +0.02 0.49 +0.01
Table 7.8: ESM_ML intra model comparison
Model ES TL (I Accuracy Precision Recall F1 PR AUC ROC AUC
CCSXGB | / / W |076+002 053+032 0.13+0.08 020+0.12 030+ 0.05 0.55+ 0.04
CCS_RF / / O ]077+0.02 057+033 0.15+0.09 024 +0.13 0.31+0.05 0.56+ 0.04
CCS_RF / / N |076+004 0604039 0.15+0.09 022+0.12 0314005 0.56+0.03
CCSXGB | / / N |076+0.02 053+032 0.13+0.08 0.20+0.12 030+ 0.05 0.55+ 0.04
CCS_RF / / W |065+£005 022+0.12 0274015 024 +0.13 026+ 0.02 0.52+0.04
CCSXGB | / / O ]076+0.02 053+0.32 0.13+0.08 020+ 0.12 030+ 0.05 0.55+ 0.04

B.2 Self-training

Table 7.9: CCS_ML intra model comparison

This section presents the tables related to the second part of this work. As a reminder, we applied self-
training on both the BILSTM and MLP models. For each model, three different tables are shown. The
first table includes all the results using the threshold-based pseudo-labeling technique (named 'fixed'). The
second table shows the results using the proportion-based pseudo-labeling technique (named '"TopK fixed'
or '"TopK evo'). The third table presents the results when using the optimal thresholding pseudo-labeling
technique (named 'optimal pr’ or 'optimal roc’). For the two first approaches, the table is divided in two
due to its large size.

The first row of each table corresponds to the best model (either MLP or BiLSTM) from the first
part of this work (Supervised Learning). The first 5 columns correspond to the following:
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e Model: Name of the model evaluated.
e PL (Pseudo Labeling): Indicates the pseudo-labeling technique used during self-training.
e LT (Label Type): Specifies whether hard or soft labels were used.

— H - Hard labels

— S — Soft labels

PR (PR AUC STOP): Indicates whether the PR AUC stopping criterion was used.

DL (Double Loss): Refers to the use of a double loss strategy during training.

— / — Double loss not used
— GS — Grid search performed over the 10 o values

— <value> — A fixed value of a was used
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B.2.1 MLP
Model PL LT PR DL Accuracy Precision Recall F1 PR AUC ROC AUC
MLP_ES_N.W 0.67 £ 0.09 044 +£030 0.32+0.18 030+0.12 043+0.10 0.61+0.12
MLP fixed - 0.7 H No / 1059 +0.07 025+0.11 0.38+021 0.29+0.14 0.33+£0.08 0.59 £ 0.12
MLP fixed-09 H No / |066+009 0424030 0.32+0.18 029+0.10 0.38+0.07 0.60+0.11
MLP fixed-095 H No / |0.67+0.09 044 +029 032+0.18 0.30+0.11 0.38+0.06 0.60+ 0.11
MLP fixed-0.99 H No / 10.67 £0.09 0444030 029+ 0.17 0294 0.10 0.37 £ 0.07 0.58 + 0.11
MLP fixed-07 H Yes / |0.64+£0.06 030+0.08 035+0.15 031+009 043+0.11 0.62+0.13
MLP fixed-09 H Yes / |0.66+0.09 0434030 0.29+0.17 028+ 0.09 0.41+0.07 0.61+0.11
MLP fixed-095 H Yes / |0.66+0.09 043+030 032+0.18 030+0.11 040+0.06 0.61+0.11
MLP fixed-099 H Yes / |0.66+0.09 045+028 034+0.16 032+0.08 040+0.06 0.62=+0.11
MLP fixed-099 S Yes / |0.66+0.09 045+ 029 037 +0.19 033+£0.12 041+0.09 0.61+0.11
MLP fixed-095 S Yes / |0.66+0.09 044 +029 037+0.19 033+0.11 042+0.08 0.61+0.11
MLP fixed-09 S Yes / |067+£010 0464029 0.39+023 035+0.15 042 +0.08 0.61+0.11
MLP fixed-07 S Yes / |054+0.16 033+0.12 0.69+ 028 042+0.12 040+ 0.10 0.63+0.10
MLP fixed - 0.7 H Yes 0.1]060+£0.16 0.19+0.15 024 +0.21 0.20+0.16 0.39+0.10 059 £0.14
MLP fixed-07 H Yes 02 |055+0.17 022+0.13 035+028 025+0.14 0.39+0.11 0.59+0.13
MLP fixed-07 H Yes 03|055+0.15 024+0.12 0.39+0.30 027 +0.14 039 +0.11 0.59+0.13
MLP fixed - 0.7 H Yes 0.4 ]056+014 025+0.12 040+0.29 028+ 0.14 0.40+0.11 0.60 £0.13
MLP fixed-07 H Yes 0.5 ]056+0.14 025+0.12 0.41+0.28 0.29+0.13 0.40+0.11 0.60 +0.13
MLP fixed-07 H Yes 06 |056+0.13 026+ 0.11 041 +0.27 029+0.13 040+ 0.12 0.60 + 0.13
MLP fixed - 0.7 H Yes 0.7]057+£013 026+0.11 040+0.26 0.29+0.12 041 +0.12 0.60 £ 0.13
MLP fixed-07 H Yes 0.8]057+0.12 026+0.11 041 +025 0.30+0.13 0.41+0.11 0.60+ 0.13
MLP fixed-07 H Yes 09 |057+0.12 026+0.11 041 +0.25 030+0.12 040+ 0.11 0.60+ 0.13
MLP fixed - 0.7 H Yes 10| 057+£012 0.26+0.11 041 +0.24 0.30+0.12 0.40+0.11 0.60 £ 0.13
MLP fixed-07 H Yes GS |057+0.11 027 4+0.09 043+£020 031+0.10 041+0.08 0.62=+0.12
MLP fixed-09 H Yes 0.1|0.68+0.09 048+ 027 0.32+0.15 0.32+0.07 042+0.11 0.61+0.12
MLP fixed - 0.9 H Yes 0.2]068+009 048+027 032+0.15 032+0.06 041+0.09 0.61+0.11
MLP fixed-09 H Yes 0.3)|068+009 047 +027 032+0.15 032+0.06 042+0.09 0.61+0.11
MLP fixed-09 H Yes 0.4 |068+009 047 +0.28 0.32+0.15 031+0.06 042+0.09 0.61+0.11
MLP fixed - 0.9 H Yes 05]068+009 047 +£028 032+0.15 0.32+0.07 0424+0.09 0.61+0.11
MLP fixed-09 H Yes 0.6 |068+0.09 0474028 0.32+0.15 031+0.07 043+£0.09 0.61+0.11
MLP fixed-09 H Yes 0.7|0.68+0.09 046+ 0.28 0.31+0.16 0.31+0.07 042+0.09 0.61+0.11
MLP fixed-09 H Yes 0.8|0.67+0.09 046+028 0.31+0.16 0.30+0.08 0.42=+0.09 0.61+0.11
MLP fixed-09 H Yes 09 |067+009 0454028 0.31+0.16 0.30+0.08 0.42+0.09 0.61+0.11
MLP fixed-09 H Yes 1.0|0.67+0.09 0454+ 0.28 0.31+0.16 0.30+4+0.08 0.42+0.09 0.61+0.11
MLP fixed - 0.9 H Yes GS|0.66+0.09 043+029 029+ 0.17 028+ 0.08 042+ 0.10 0.62 +0.11
MLP fixed-095 H Yes 0.1 ]0.68+0.09 047 +0.27 0324+0.15 031+£0.06 043+£0.10 0.61+0.11
MLP fixed-095 H Yes 02| 0.67+0.09 046 +028 032+0.15 031 +£0.06 044 +011 061 +0.11
MLP fixed-0.95 H Yes 0.3 |0.67+0.09 046 +028 0.324+0.15 031 +£0.06 044+ 0.10 0.61 £0.11
MLP fixed-095 H Yes 04 ] 0.67+0.09 045+028 0324+0.15 031+£0.06 043+£0.10 0.61+£0.11
MLP fixed-095 H Yes 05| 0.67+0.09 046 +028 032+0.15 031 +£0.06 043+0.10 0.61+0.11
MLP fixed-0.95 H Yes 0.6 |0.67 £0.09 045+0.28 0.314+0.15 030+£0.06 043+ 0.10 0.61 £0.11
MLP fixed-095 H Yes 0.7|0.67+0.09 045+028 0.31+0.15 030£0.07 043+0.10 0.61+0.11
MLP fixed-095 H Yes 0.8|0.67+0.09 045+028 031+0.15 031+£0.07 043+009 061+0.11
MLP fixed-095 H Yes 0.9 | 0.67 +0.09 0.45+0.28 0.324+0.15 0.31 £0.07 043 +0.09 0.61 +0.11
MLP fixed-095 H Yes 1.0|0.67 +£0.09 045+028 0.31+0.15 0.30+0.07 043+0.09 0.61+0.11
MLP fixed-095 H Yes GS | 0.66+0.09 043+029 029+0.17 028+0.08 043+0.09 0.61+0.11
MLP fixed-099 H Yes 0.1|0.65+0.09 043+029 0.32+0.15 0.30+0.07 043+0.10 0.61 +0.11
MLP fixed-099 H Yes 0.2 ]065+0.10 043+029 0324+0.15 030£0.07 043+£0.09 0.61+0.11
MLP fixed-099 H Yes 03] 0.66+0.09 044 +029 032+0.15 0.30+£0.07 043+0.09 0.61+0.11
MLP fixed-099 H Yes 04| 065+0.09 043+029 031+0.15 030£0.06 043+0.09 0.61+0.11
MLP fixed-099 H Yes 05 |0.65+0.09 043+029 031+0.15 030+0.06 043+0.09 0.61+0.11
MLP fixed-099 H Yes 06| 0.65+0.09 043+029 031+0.15 030£0.06 043+0.09 061+0.11
MLP fixed-099 H Yes 0.7|0.65+0.09 043+029 031+0.15 030+0.06 043+0.09 0.61+0.11
MLP fixed-099 H Yes 08| 0.65+0.09 043+029 031+0.15 0.30+0.07 043+0.09 0.61+0.11
MLP fixed-099 H Yes 0.9 0.66+0.09 043 +029 031+0.15 0.30+£0.07 043+0.09 0.61+0.11
MLP fixed-099 H Yes 1.0|0.66+0.09 043 +029 0.32+0.15 0.30+0.08 0.43+0.09 0.61+0.11
MLP fixed-099 H Yes GS |0.66+0.09 044+029 034+0.16 032+0.09 042+0.09 0.60+0.11
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Model PL LT PR DL Accuracy Precision Recall F1 PR AUC ROC AUC
MLP_ES_N_W 0.67 £0.09 044 +030 0.324+0.18 030+0.12 043+0.10 0.61+0.12
MLP fixed-0.7 S Yes 0.1 |058+0.10 0.29+0.08 0.45=+0.12 0.35+0.08 0.38+0.11 0.60 +0.13
MLP fixed-07 S Yes 0.2 ]058+0.12 030+0.11 047 +£0.17 0354013 0.37+0.11 0.59 +0.13
MLP fixed-07 S Yes 0.3|058+£0.11 030+0.11 048 +0.18 0.36+0.12 0.38=+0.11 0.60+ 0.13
MLP fixed-0.7 S Yes 04]059+011 031+011 049+0.17 036+0.12 0.38+0.11 059 +0.13
MLP fixed-07 S Yes 0.5 ]058+0.11 031+£0.11 050+0.18 037 +0.12 0.38+0.12 0.60 + 0.13
MLP fixed-07 S Yes 0.6 |058+0.11 030+0.12 048 +0.18 0.36 £0.12 0.38+0.12 0.60 + 0.13
MLP fixed-0.7 S Yes 0.7]058+£012 030+0.11 049+0.18 0.36+0.11 0.38+0.12 0.60 £ 0.13
MLP fixed-07 S Yes 0.8 |057+012 030+£0.11 048+£0.18 0.36+0.11 0.38+0.12 0.59 +0.13
MLP fixed-07 S Yes 09 |057+0.12 030+0.11 048+0.17 0.36+0.11 0.38+0.12 0.59 +0.13
MLP fixed-07 S Yes 1.0|057+£012 030+£0.12 048+0.17 0.36+0.12 0.38+0.12 059 £0.13
MLP fixed-07 S Yes GS |059+0.15 031+£0.16 045+0.19 0.36+0.17 0.37 £0.13 0.58 +0.15
MLP fixed-09 S Yes 0.1 |0.66+0.09 045+028 034+£0.16 032+009 0424008 0.61+0.11
MLP fixed-09 S Yes 0.2]067+£009 045+028 034+0.16 032+0.09 0424+0.08 0.61+0.11
MLP fixed-09 S Yes 0.3]067+009 046+028 035+£0.17 033+£010 0424008 0.61+0.11
MLP fixed-09 S Yes 0.4 |067+009 046+028 035+£0.17 033+010 0424008 0.61+0.11
MLP fixed-09 S Yes 05]067+£009 046+029 035+0.18 0.33+0.10 0424+0.08 0.61£0.11
MLP fixed-09 S Yes 0.6 |0.67+£0.09 045+£029 035+£0.17 032+010 0.42+0.08 0.61+0.11
MLP fixed-09 S Yes 0.7 |0.66+0.09 045+029 034+£0.17 032+010 042+0.08 0.61+0.11
MLP fixed-09 S Yes 08067 +009 045+029 035+£0.18 0324010 0.424+0.08 0.61+0.11
MLP fixed-09 S Yes 09067 +£009 045+£029 035+£0.18 0.32+0.10 0.42+0.08 0.61+0.11
MLP fixed-09 S Yes 1.0|0.66+0.09 045+029 035+£0.17 032+010 0424008 0.61+0.11
MLP fixed-09 S Yes GS |065+010 043+030 034+0.16 031+009 0424008 0.61+0.11
MLP fixed-095 S Yes 0.1 |0.66+0.10 043+0.31 032+0.18 030+0.12 0.42+0.08 0.61+0.11
MLP fixed-095 S Yes 0.2 |0.66+0.10 045+030 034+0.19 032+0.12 042+0.08 0.61+0.11
MLP fixed-095 S Yes 0.3 |0.67+0.10 045+029 035+0.19 033+0.13 042+0.08 0.61+0.11
MLP fixed-095 S Yes 0.4 |0.67+0.09 045+029 034+018 032+£0.11 042£0.09 0.61+0.12
MLP fixed-095 S Yes 05 |0.67+0.09 045+029 034+0.18 032+0.11 042+0.09 0.61+0.12
MLP fixed-095 S Yes 0.6 |0.67 +0.09 045+029 034+0.17 032+0.10 042 +0.09 0.61+0.11
MLP fixed-095 S Yes 0.7 |0.67 £0.09 0454029 0.34+0.17 032+0.10 0.42=+0.09 0.61+0.11
MLP fixed-095 S Yes 08| 0.67+0.09 045+029 033+0.17 031+0.09 042+0.09 0.61+0.11
MLP fixed-095 S Yes 0.9 |0.67+0.09 045+029 033+0.17 032+0.09 042+0.09 0.61+0.11
MLP fixed-095 S Yes 1.0 |0.67 +£0.09 0454029 0.34+0.17 032+£0.09 042=+0.09 0.61+0.11
MLP fixed-095 S Yes GS | 0.66+0.09 044 +028 034+0.16 0.31+0.08 042+0.07 0.61+0.11
MLP fixed-099 S Yes 0.1 |0.68+0.10 056+ 036 029+0.15 0.31+0.06 043+0.09 0.60+0.11
MLP fixed-099 S Yes 0.2 |0.66+0.11 050+ 0.34 033+0.17 031+£0.09 0.42=+0.08 0.60+0.11
MLP fixed-099 S Yes 0.3 |0.66+0.11 047 +032 033+0.17 031+0.09 041+0.08 0.60+0.11
MLP fixed-099 S Yes 04066 +0.10 047 +032 034+0.17 032+0.09 042+0.08 0.60+0.11
MLP fixed-099 S Yes 05 |0.66+0.10 046 +0.31 033+0.17 031+£0.09 0.42=+0.08 0.60+0.11
MLP fixed-099 S Yes 06 |0.66+0.10 046+ 031 033+0.16 031+0.09 042+0.08 0.60+0.11
MLP fixed-099 S Yes 07066 +0.10 046+ 031 032+0.16 0.31+0.08 042+0.08 0.60+0.11
MLP fixed-099 S Yes 08| 0.66+0.10 045+0.30 032+0.16 0.31+0.08 0.42=+0.08 0.60+0.11
MLP fixed-099 S Yes 09066 +0.10 045+030 033+0.16 0.31+0.08 042+0.08 0.60+0.11
MLP fixed-099 S Yes 10| 066 +0.10 045+030 033+0.17 031+0.09 042+0.08 0.60+0.11
MLP fixed-099 S Yes GS | 0.66+0.09 044 +030 034+021 031+£0.14 0.41=£0.07 0.60=+0.11
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Model PL LT PR DL Accuracy Precision Recall F1 PR AUC ROC AUC
MLP_ES_N_W 0.67 £0.09 044 +030 032+0.18 030+0.12 043+£0.10 0.61+0.12
MLP TopK fixed-0.001 H No / |0.61+£0.08 029+0.08 038+0.12 0.32+0.07 0.34+0.08 0.60+0.12
MLP TopK fixed-0.01 H No / |056+0.08 032+0.06 071+0.12 044+ 0.07 0.32+0.05 0.62 +0.08
MLP TopK fixed-0.05 H No / |053+0.08 031+£0.07 073+0.19 043+0.10 0.31+0.06 0.61+0.10
MLP TopK evo H No / |059+0.09 033+0.08 060+0.15 0424011 0.31+0.06 0.60+0.10
MLP TopK fixed-0.001 H Yes / |0.67+£0.10 027 +0.17 023+£0.12 024+0.14 044 +0.13 0.63+0.10
MLP TopK fixed-0.01 H Yes / |0.65+0.08 0.31+0.11 031+0.05 0.31+0.08 044+0.12 0.62+0.12
MLP TopK fixed-0.05 H Yes / | 0.61+0.07 031+0.10 050+0.16 0.39+0.12 0.42+0.09 0.61+0.10
MLP TopK evo H Yes / |061+£007 0254+0.09 031+0.12 0.28+0.10 0.40+0.10 0.60+0.12
MLP TopK fixed-0.001 S Yes / |051+0.19 0.31+010 0.56+026 0.36+0.05 040+0.15 0.60+0.11
MLP TopK fixed-0.01 S Yes / |041+020 028+0.05 072+034 036+0.05 047+0.10 0.62+0.12
MLP TopK fixed-0.05 S Yes / | 0414021 028+0.07 0.78+0.30 0.38+0.08 0.36+0.13 0.54+0.15
MLP TopK evo S Yes / |042+023 030£0.10 0.725+0.34 0.37+0.06 046 +0.10 0.61 +0.10
MLP TopK fixed-0.05 H Yes 0.1 |0.62+0.09 031+0.16 0.35+0.15 031+0.11 044 +0.12 0.59+0.13
MLP TopK fixed-0.05 H Yes 0.2 |0.64+008 031+014 035+£0.18 031+011 044 +0.11 0.60+0.13
MLP TopK fixed -0.05 H Yes 0.3|0.63+0.09 0.30+0.13 0.34+0.15 031+011 043+0.10 0.60=+0.13
MLP TopK fixed-0.05 H Yes 0.4 |0.62+0.10 033+£020 0.34+0.14 031+0.10 042+0.10 0.60=+0.12
MLP TopK fixed-0.05 H Yes 0.5|0.62+0.10 0.33+£0.18 0.36 +0.14 0.32+0.10 0.42+0.10 0.60+ 0.12
MLP TopK fixed-0.05 H Yes 0.6 |062+0.11 033+£0.18 036+0.13 032+0.10 042+0.10 0.60+0.13
MLP TopK fixed -0.05 H Yes 0.7 |0.62+0.10 0.32+0.17 0.36+0.13 032+0.10 042+0.10 0.60+0.13
MLP TopK fixed-0.05 H Yes 0.8|0.62+0.10 0.32+0.16 0.37+0.13 0.32+0.10 042+0.10 0.60=+0.13
MLP TopK fixed-0.05 H Yes 09 |062+010 032+0.16 036+0.12 032+0.10 042+0.10 0.60+0.12
MLP TopK fixed-0.05 H Yes 1.0|0.62+0.10 0.32+0.15 0.36+0.12 032+0.09 042+0.10 0.60=+0.12
MLP TopK fixed-0.05 H Yes GS | 0.61+0.09 0.28+0.10 0.34+0.07 031+0.09 043+0.11 0.61+0.12
MLP TopK fixed-0.01 H Yes 0.1 |0.74+0.07 049+020 026+0.08 034+012 045+0.12 0.62+0.14
MLP TopK fixed-0.01 H Yes 0.2 |072+0.10 050+£032 025+£0.09 032+014 045+0.13 0.62+0.14
MLP TopK fixed-0.01 H Yes 0.3|0.69+0.10 043+£029 026+0.10 031+0.14 044+0.13 0.61+0.14
MLP TopK fixed-0.01 H Yes 04 )|070+0.11 046+032 025+0.10 030+0.14 045+0.13 0.62+0.14
MLP TopK fixed-0.01 H Yes 05069 +0.10 044 +031 026+0.11 030+£0.14 0454013 0.62+0.14
MLP TopK fixed-0.01 H Yes 0.6|0.69+0.10 042+029 025+0.10 0.30+0.14 045+0.13 0.62+0.14
MLP TopK fixed-0.01 H Yes 0.7 0.69+0.10 042+029 0.27+0.14 030+0.14 045+0.13 0.62+0.14
MLP TopK fixed-0.01 H Yes 0.8 |069+0.11 043+030 027+0.14 031+014 0454013 0.62+0.14
MLP TopK fixed-0.01 H Yes 09| 068+ 0.11 041 +029 028+0.13 031+0.14 044 +0.13 0.62+0.14
MLP TopK fixed-0.01 H Yes 1.0|0.68+0.11 041 +£029 028+0.13 031+0.14 044+0.13 0.62+0.14
MLP TopK fixed-0.01 H Yes GS | 067 +0.10 040+031 029+0.11 032+014 044 +0.12 0.62+0.14
MLP TopK fixed - 0.001 H Yes 0.1|0.72+£0.07 039+034 0184013 0.24+0.17 045+0.14 0.62+0.14
MLP TopK fixed - 0.001 H Yes 0.2]0.72+0.06 0.34+028 020+0.15 0.24+0.17 045+0.14 0.62+0.14
MLP TopK fixed - 0.001 H Yes 0.3 |071+£006 031+026 020+0.15 0.24+0.17 045+0.14 0.62+0.14
MLP TopK fixed - 0.001 H Yes 04| 070+£006 0314025 0204015 023+0.17 045+0.14 062+0.14
MLP TopK fixed - 0.001 H Yes 05]0.70+£0.06 0304024 020+0.15 0.23+0.17 045+0.14 0.62+0.14
MLP TopK fixed - 0.001 H Yes 0.6 |070+£0.06 0304023 020+0.15 0.23+0.17 045+0.14 0.62+0.14
MLP TopK fixed - 0.001 H Yes 07| 069+006 030+022 021+014 024+016 045+0.14 062+0.14
MLP TopK fixed - 0.001 H Yes 0.8 0.69+006 029+021 0214014 024+016 044 +£0.14 062+0.14
MLP TopK fixed - 0.001 H Yes 09 ]069+006 029+021 021+0.14 024+016 044 +0.14 062+0.14
MLP TopK fixed - 0.001 H Yes 10| 069+0.06 030+£020 021+014 024+0.15 044 +0.14 062+0.14
MLP TopK fixed - 0.001 H Yes GS|0.68+0.07 0314016 0214010 025+0.12 044 +0.14 062+0.14
MLP TopK evo H Yes 01]068+008 033+035 0.16+0.10 0.20+0.14 043+0.12 0.60+0.14
MLP TopK evo H Yes 02]069+008 035+035 0.18+0.13 0.22+0.15 043+0.12 0.60+0.14
MLP TopK evo H Yes 03)|069+011 040+035 021+0.12 026+0.16 043+0.12 0.61+0.14
MLP TopK evo H Yes 04]067+010 036+031 021+011 0254014 043+0.12 0.61+0.14
MLP TopK evo H Yes 05]068+010 036+032 021+0.12 025+0.15 043+0.12 0.61+0.14
MLP TopK evo H Yes 06 |068+010 037+032 022+0.12 025+0.15 043+0.12 0.61+0.14
MLP TopK evo H Yes 0.7|067+0.10 036+030 022+0.12 026+0.15 043+0.12 0.61+0.14
MLP TopK evo H Yes 08]0.67+010 036+030 023+£0.12 0.26+0.15 043+0.12 0.61+0.14
MLP TopK evo H Yes 09]067+010 036+030 024+0.12 027 +0.15 043+£0.12 0.61+0.14
MLP TopK evo H Yes 1.0|0.67+0.10 036+029 024+0.11 027+014 043+0.12 0.61+0.14
MLP TopK evo H Yes GS|068+0.10 039+022 0.26+008 0.30+0.12 044 +0.12 0.63+0.13
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Model PL LT PR DL Accuracy Precision Recall F1 PR AUC ROC AUC
MLP_ES_N_W 0.67 £ 0.09 0.44 +0.30 032+0.18 0.30+£0.12 043+0.10 0.61 +0.12
MLP TopK fixed - 0.05 S Yes 0.1|056+0.13 024 +0.10 0.36+£0.24 027 +0.14 039+0.11 0.58+£0.13
MLP TopK fixed - 0.05 S VYes 02]057+014 029+0.14 042+025 031+014 042+0.12 059 +0.13
MLP TopK fixed - 0.05 S VYes 03]055+£0.14 028+0.13 045+£026 031+£013 041+£0.11 0.59+0.13
MLP TopK fixed - 0.05 S VYes 04 ]055+£0.14 028+0.12 046+025 032+0.12 042+0.10 059 +0.13
MLP TopK fixed - 0.05 S VYes 05]054+014 028+0.11 047 +£027 032+0.11 042+0.10 0.60+0.12
MLP TopK fixed-0.05 S Yes 0.6 |053+0.14 028+0.11 048+027 032+0.11 042+0.10 0.60+ 0.13
MLP TopK fixed-0.05 S Yes 0.7]0.53+0.15 0.28+0.12 048+0.27 0.32+0.12 043 £0.10 0.60 +0.13
MLP TopK fixed-0.05 S Yes 0.8]053+0.15 0.28+0.11 049+027 0324012 043 £0.10 0.60+0.13
MLP TopK fixed-0.05 S Yes 0.9 ]052+0.15 0.28+0.11 050+027 0334011 043+0.10 0.60+0.13
MLP TopK fixed-0.05 S Yes 1.0|052+0.16 028+0.11 052+028 0334011 043 +0.10 0.60+0.13
MLP TopK fixed-0.05 S Yes GS|049+0.15 030+0.05 070+032 0.38+0.05 044 +0.11 0.61+0.15
MLP TopK fixed-0.01 S Yes 0.1]0.67+0.14 036+023 021+0.10 0.26+0.14 047 £0.13 0.64 £0.14
MLP TopK fixed-0.01 S Yes 0.2]0.66+0.13 0.36+022 028+0.15 0.30+0.15 043 £0.14 0.62+0.14
MLP TopK fixed - 0.01 S Yes 03]064+014 035+022 031+017 030+0.14 042+0.14 0.61+0.13
MLP TopK fixed - 0.01 S Yes 04]064+014 035+£021 033+£0.16 031+0.13 042+0.14 0.61+0.13
MLP TopK fixed - 0.01 S Yes 05|063+£0.13 034+020 033+£0.17 031+0.14 042+0.14 0.60+0.13
MLP TopK fixed - 0.01 S Yes 06]062+0.14 034+020 034+018 031+0.14 042+0.14 0.60+0.13
MLP TopK fixed - 0.01 S VYes 0.7]062+014 035+022 035+0.18 032+0.14 042+0.14 0.60+0.14
MLP TopK fixed - 0.01 S Yes 08|062+0.14 034+022 035+£0.18 0.31+0.14 0424+0.14 0.60+£0.13
MLP TopK fixed - 0.01 S VYes 09]061+015 034+£021 036+£0.18 031+£013 042+0.15 0.60+0.14
MLP TopK fixed - 0.01 S VYes 1.0]061+0.14 033+£021 036+£019 031+014 042+0.15 0.60+0.13
MLP TopK fixed - 0.01 S VYes GS |059+0.12 028+0.17 035+£022 029+0.14 041+0.15 0.58+0.13
MLP TopK fixed-0.001 S Yes 0.1 |064+0.10 031+0.15 029+ 0.11 029+ 0.12 043 +0.13 0.63+0.14
MLP TopK fixed - 0.001 S Yes 0.2 |0.64+0.10 0.30+0.14 031 +0.15 029+0.13 043 +0.13 0.62+0.14
MLP TopK fixed - 0.001 S Yes 0.3|063+0.10 0.30+0.14 033+020 0.30+0.14 043+0.14 0.62=+0.14
MLP TopK fixed-0.001 S Yes 04 |062+0.10 030+0.14 034+021 030+0.13 042+0.14 0.62+0.13
MLP TopK fixed-0.001 S Yes 05 |062+0.10 029+ 0.14 035+024 030+0.14 042+0.14 0.62+0.13
MLP TopK fixed-0.001 S Yes 0.6 |062+0.11 029+ 0.14 036+ 025 0.30+0.14 042+0.14 0.62+0.13
MLP TopK fixed-0.001 S Yes 0.7 |061+0.11 029+ 0.14 036+026 030+0.14 042+0.14 0.62+0.13
MLP TopK fixed - 0.001 S Yes 0.8|061+0.11 0.29+0.14 0.37 £027 030+0.14 042+ 0.14 0.62 £ 0.13
MLP TopK fixed - 0.001 S Yes 09| 0614011 0.29+0.14 0.38+028 030+0.14 042+ 0.14 0.62 £ 0.13
MLP TopK fixed-0.001 S Yes 1.0|061+0.11 029+ 0.14 038+0.28 0.30+0.14 042+0.14 0.62+0.13
MLP TopK fixed-0.001 S Yes GS |059+0.13 030+0.15 044 +033 032+0.16 042+0.14 0.62+0.12
MLP TopK evo S Yes 0.1]064+£012 043+£0.29 038+0.12 0.34+£0.06 043+0.09 0.62+0.12
MLP TopK evo S Yes 0.2]061+£0.13 035+0.24 032+0.12 0.30+£0.09 0.40+0.11 059 +£0.12
MLP TopK evo S Yes 03]061+£0.12 033+£0.21 033+£0.15 0.30+£0.10 0.40+0.10 0.58 £0.12
MLP TopK evo S Yes 04]060+0.12 032+£0.20 033+0.16 029+0.11 0.40+0.11 0.59 £0.12
MLP TopK evo S VYes 05]061+012 031+0.19 034 +0.17 030+£0.11 040+0.12 0.59 +£0.12
MLP TopK evo S Yes 06]060£012 031+£0.18 035£0.17 0.30=£0.11 040=£0.12 059 £0.12
MLP TopK evo S VYes 0.7 ]059+0.12 030+0.17 036+£0.19 030+0.11 040+0.12 059 +0.12
MLP TopK evo S VYes 08]059+0.12 030+£0.17 035+£0.19 029+0.12 040+0.12 059 +£0.12
MLP TopK evo S VYes 09]059+0.12 029+0.17 035+£0.19 029+0.12 041+0.13 059 +0.12
MLP TopK evo S VYes 1.0]059+0.13 029+0.17 036+£0.19 029+0.12 041+0.13 059 +0.12
MLP TopK evo S Yes GS|055+0.17 031+0.16 040+ 0.17 0.31+009 043+0.14 0.61+0.12

Table 7.13: MLP - proportion-based pseudo-labeling technique - 2/2
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Model PL LT PR DL Accuracy Precision Recall F1 PR AUC ROC AUC
MLP_ES_N_W 0.67 £0.09 044 +030 032+£0.18 03040.12 043 +£0.10 0.61 +0.12
MLP Opt-pr H No / |0.68£007 035+0.13 0.32+0.18 0.31+0.13 0.41+0.06 0.62+0.11
MLP Opt-roc H No / |061+0.10 027 +0.10 033+0.16 0.28+0.10 043+0.12 0.61£0.13
MLP Opt-pr H Yes / |0.68£006 036+0.12 0.32£0.18 0.31+0.13 0.45+0.13 0.63+0.12
MLP Opt-roc H Yes / |064+0.11 028+0.11 0.29+0.17 0.28£0.13 0.46 +0.12 0.64 £0.11
MLP Opt-pr S Yes / |043£024 0314012 0.78+030 0.40+0.11 046 £0.09 0.62+0.11
MLP Opt-roc S Yes / |056+0.18 029 +£0.11 046+ 0.30 0.32£0.11 0.394+0.08 0.63 £ 0.10
MLP Opt-pr H Yes 0.1 |0.67+0.10 0434+0.30 0.294+0.11 0.314+0.10 047 +£0.10 0.62 +0.12
MLP Opt-pr H Yes 0.2|0.68+0.09 0444029 0.314+0.13 0.324+0.11 0.46+0.12 0.62 +0.12
MLP Opt-pr H Yes 0.3]0.68+0.09 0414025 0.304+0.14 0.31+0.10 0.46+0.11 0.62 +0.12
MLP Opt-pr H Yes 04 |0.68+0.09 0414+026 0.304+0.15 0.30+0.10 0.46 +0.11 0.62 £ 0.12
MLP Opt-pr H Yes 05 |0.68+0.08 0424027 0304+0.16 0.30+0.10 0.46 +0.11 0.62 £ 0.12
MLP Opt-pr H Yes 0.6 |0.67+0.08 0404025 0.30+0.15 0.30+0.10 0.46+0.11 0.62 +0.11
MLP Opt-pr H Yes 0.7 |0.67+0.08 0394024 0304+0.15 0.304+0.10 0.46+0.11 0.62 £ 0.12
MLP Opt-pr H Yes 0.8]0.68+008 0404024 0.30+0.16 0.30+0.10 046 +0.11 0.62+0.12
MLP Opt-pr H Yes 0.9]0.68+008 0404025 029 +0.15 0.29+0.10 046 +0.10 0.62+0.12
MLP Opt-pr H Yes 1.0|0.67+0.08 0404024 029+0.15 0294+ 0.10 0.46 +£0.10 0.62 £+ 0.12
MLP Opt-pr H Yes GS|0.66+0.07 033+0.11 029+0.17 0.28+0.09 0.44+0.11 0.62 £ 0.11
MLP Opt-roc H Yes 0.1]059=+0.15 0.23£0.14 040=£0.31 0.26£0.16 0.44 £0.09 0.60 £ 0.09
MLP Opt-roc H Yes 0.2|057+0.19 0.24£0.17 041 +£0.34 0.26=£0.16 043 =£0.10 0.61 £0.10
MLP Opt-roc H Yes 0.3]059+0.17 024£0.16 0.38=+0.31 0.26£0.16 0.45=+0.12 0.62 £0.10
MLP Opt-roc H Yes 04 ]058+0.18 0.24+0.17 038=+0.32 0.26£0.16 044 £0.12 0.62 £0.10
MLP Opt-roc H Yes 05|058=+0.19 0.24£0.18 0.38=+0.33 0.25£0.16 043 £0.13 0.61 £0.10
MLP Opt-roc H Yes 0.6|059+0.18 0.25£0.18 037 £0.31 0.26 £0.16 043 £0.12 0.61 £0.10
MLP Opt-roc H Yes 0.7]059+0.17 024 £0.18 0.35+0.30 0.25£0.16 043 £0.12 0.61 £0.10
MLP Opt-roc H Yes 0.8 059 +0.18 0.25£0.17 0.36 £0.30 0.26 £0.15 0.43 £0.12 0.61 £0.10
MLP Opt-roc H Yes 0.9]058+0.18 0.25+0.17 037 +0.31 0.25£0.15 043 £0.12 0.61 £0.10
MLP Opt-roc H Yes 1.0|0.58+0.18 0.24£0.17 037 +0.31 0.25£0.15 043 £0.12 0.61 £0.10
MLP Opt-roc H Yes GS|054+0.19 0.22+0.14 040=£035 0.25£0.15 041=+0.12 0.60 £0.11
MLP Opt-pr S Yes 0.1 |0504+0.16 0.314+0.10 0.69+ 0.24 0.40+0.09 0.43 +0.09 0.61 +0.11
MLP Opt-pr S Yes 02047 +£0.19 031+0.11 071+025 040+0.10 042+0.11 0.60+0.11
MLP Opt-pr S Yes 0.3 |046+020 0304+0.11 0.714+0.27 0.39+0.10 042+ 0.11 0.61 +0.11
MLP Opt-pr S Yes 0.4 |0454+020 0304+0.10 0.724+0.29 0.384+0.09 043 +0.11 0.61 +0.12
MLP Opt-pr S Yes 05|0454+0.21 0304+0.11 0.724+0.29 0.394+0.09 043 +0.11 0.61+0.12
MLP Opt-pr S Yes 0.6 |0454+021 0304+0.11 0.734+0.29 0.394+0.10 043 +0.11 0.61 +0.12
MLP Opt-pr S Yes 0.7|0454+021 0304011 0.744+0.29 0.394+0.10 043 +0.11 0.61+0.12
MLP Opt-pr S Yes 0.8 |044+022 0304011 0.744+0.29 0.39+0.10 044 +0.11 0.61+0.12
MLP Opt-pr S Yes 09 |044+022 0304012 0.744+0.29 0.39+0.10 044 +0.12 0.61+0.13
MLP Opt-pr S Yes 1.0|044+022 0314012 0754+0.29 0.39+0.10 044 +0.12 0.62 £0.12
MLP Opt-pr S Yes GS |043+£024 031+0.12 0.78+030 040+0.11 048 £0.09 0.64+0.11
MLP Opt-roc S Yes 0.1 |064+0.07 032+0.15 0354+0.15 0.31+0.11 0404+ 0.12 0.59 £0.11
MLP Opt-roc S Yes 0.2|0.65=+0.07 033+£0.14 042=+026 0.34=£0.13 041=£0.13 0.61+£0.11
MLP Opt-roc S Yes 0.3]|0.64+£0.08 035£021 041+024 034=£0.13 041=£0.13 0.60+£0.11
MLP Opt-roc S Yes 04]063£0.09 034£020 041£023 033+£0.13 041=£0.13 0.60+£0.11
MLP Opt-roc S Yes 05]0.63£0.09 033£0.19 040=£023 033£0.12 041 =£0.13 0.61£0.11
MLP Opt-roc S Yes 0.6|0.63£0.09 034£021 039£022 032=£0.12 041=£0.13 0.61 £0.11
MLP Opt-roc S Yes 0.7]0.63£0.09 033£020 038=£022 032=£0.12 040=*0.13 0.61 £0.11
MLP Opt-roc S Yes 0.8]0.62£0.09 0.33£0.19 0.38=£0.22 0.31£0.12 040=*0.12 0.61 £0.10
MLP Opt-roc S Yes 0.9]0.63£0.09 032£0.19 037+£022 0.31£0.12 040=*0.12 0.61 £0.10
MLP Opt-roc S Yes 1.0|0.63+0.08 0.32%£0.18 0.37+£0.22 0.31£0.12 0.40=*0.12 0.61 £0.10
MLP Opt-roc S Yes GS | 0.65+0.05 0.32+0.11 0.35+0.20 0.31£0.11 042=£0.09 0.63 £ 0.10

Table 7.14: MLP - optimal thresholding pseudo-labeling technique
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B.2.2 BIiLSTM

Model PL LT PR DL Accuracy Precision Recall F1 PR AUC ROC AUC
BILSTM_NES_N_O 0.65+012 032+0.15 031+023 030+016 042=+0.15 0.60 % 0.19
BILSTM fixed-07 H No / [065+0.13 032=£0.17 037 £025 034020 043 +£0.14 064 *0.17
BILSTM fixed-0.9 H No / |073£0.08 048031 027+016 033+017 043+016 0.62=+0.16
BILSTM fixed-0.95 H No / |067+013 043+031 022£0.12 025+012 037+010 057017
BILSTM fixed-0.99 H No / |066+013 0254019 0.31+029 027+023 0404012 056+ 0.17
BILSTM fixed-07 H Yes / |[0.66+013 033+0.16 0404028 0.35+021 038+0.11 0.60+0.19
BILSTM fixed-09 H Yes / [070+007 036+016 035+027 033+018 041+0.13 062+0.17
BILSTM fixed-0.95 H Yes / |0.67+0.14 035+£019 032+019 033+019 039+0.13 0.59 +0.19
BILSTM fixed-0.99 H Yes / | 0684014 047+031 034£027 033+020 045+015 0.62+021
BILSTM fixed-0.99 S Yes / |0.66+013 033+016 034=£027 032+£020 044016 0.61=+020
BILSTM fixed-0.95 S Yes / |067+014 0354019 032+019 033+019 0444019 0.58+0.18
BILSTM fixed-09 S Yes / [072+009 039+020 0324019 0.35+019 045+0.17 0.61+0.16
BILSTM fixed-07 S Yes / [065+013 033+£017 034+023 032+018 042+0.16 059 +0.19
BILSTM fixed-0.7 H Yes 0.1|0.64+009 029+012 034+023 030016 0.36+0.10 057 +0.18
BILSTM fixed-07 H Yes 02]065+010 030013 034+023 031+017 037+011 056018
BILSTM fixed-07 H Yes 03]065%011 031+014 036+025 032+018 039014 057 =£0.19
BILSTM fixed-07 H Yes 04(065+011 030+014 0374026 032018 0.39+013 058+0.19
BILSTM fixed-07 H Yes 05(0.65+011 031+015 0374025 032018 040+0.14 058+0.19
BILSTM fixed-0.7 H Yes 0.6|0.65+012 031+015 037026 033+019 040+0.14 059 +0.19
BILSTM fixed-0.7 H Yes 0.7]0.65%+011 031+015 038+£026 033+019 040+0.14 058+ 0.19
BILSTM fixed-07 H Yes 0.8|065+011 031+015 038+026 033+019 040014 058019
BILSTM fixed-07 H Yes 09]065%011 031+015 038+026 033+£019 039014 058=£0.19
BILSTM fixed-07 H Yes 1.0|065%011 031+014 038+026 033019 039013 058=£0.19
BILSTM fixed-0.7 H Yes GS|0.65+009 030+013 0374025 032017 0.36+0.10 057 +0.19
BILSTM fixed-0.9 H Yes 0.1]0.69+009 038+019 033+022 033+016 042+0.12 0.60+0.17
BiLSTM fixed-0.9 H Yes 02069010 038+0.19 034+023 034018 041+0.12 0.60+0.17
BILSTM fixed-0.9 H Yes 03]069=+009 037017 032+023 032+017 041+011 060017
BILSTM fixed-0.9 H Yes 04|070£0.09 037018 031+022 032+017 041+011 0.60=£0.16
BILSTM fixed-0.9 H Yes 05]069+009 037+018 031£022 032+£017 041+012 0.60=£0.16
BILSTM fixed-0.9 H Yes 0.6|070+009 037+018 0314021 032017 041+011 061+0.16
BILSTM fixed-0.9 H Yes 0.7]070+009 038+019 0314021 033+018 041+0.12 061+0.16
BILSTM fixed-0.9 H Yes 0.8|070+009 037+019 032+022 033+018 041+0.12 061+0.16
BILSTM fixed-0.9 H Yes 09|070£0.09 038019 032+021 033+018 041+012 061017
BILSTM fixed-0.9 H Yes 1.0|070£0.09 037+019 032+021 033+£018 041+012 061=£0.16
BILSTM fixed-0.9 H Yes GS|071+£006 036015 035+023 035+018 040013 061=+0.14
BILSTM fixed- 095 H Yes 0.1|0.66+013 033+016 027+016 029+0.15 0394011 0.61+0.21
BILSTM fixed - 0.95 H Yes 02067 +0.13 035+0.17 030019 031+016 040+0.13 0.60 + 0.20
BILSTM fixed - 0.95 H Yes 0.3|0.66+0.12 032£0.16 030019 030+0.15 041+0.14 0.59 % 0.19
BILSTM fixed-0.95 H Yes 04|0.66+012 033+016 031+020 0314017 041+014 059019
BILSTM fixed-0.95 H Yes 050.66+012 033+016 032£022 031+017 041+014 059=£0.19
BILSTM fixed - 0.95 H Yes 0.6|0.66+012 033+016 032£022 031017 041£013 059=£0.19
BILSTM fixed- 0.95 H Yes 0.7|065+012 0324016 0324021 031+017 0404013 0.59 +0.19
BILSTM fixed - 0.95 H Yes 0.8|0.66+0.12 0334016 0.32+021 031+017 040+0.13 0.59 + 0.19
BILSTM fixed - 0.95 H Yes 009 |0.66+012 033£016 032+021 031+017 041+0.13 0.59 +0.19
BILSTM fixed-0.95 H Yes 100664013 033+016 033£021 0324017 040013 059 =£0.19
BILSTM fixed-0.95 H Yes GS|0.68+014 037+018 035+0.19 035+019 038013 059020
BILSTM fixed-0.99 H Yes 0.1]0.66+013 025+019 031£029 027023 044015 0.60=£0.20
BILSTM fixed- 0.99 H Yes 02|0.66+013 0254019 0.33+031 027+023 0444015 0.61+020
BILSTM fixed-0.99 H Yes 0.3|067+0.14 033+026 0.35+032 030+024 044+015 0.61+020
BILSTM fixed - 0.99 H Yes 0.4 |0.66+0.13 030£0.24 0.35+032 029+023 044+015 0.61+020
BILSTM fixed-0.99 H Yes 05]0.66+013 028+023 034=+031 028+023 044015 061020
BILSTM fixed-0.99 H Yes 0.6 |0.65+013 027+022 033£031 027+022 043+014 061020
BILSTM fixed - 0.99 H Yes 0.7]0.66+013 030+024 034=£031 028022 043+014 061=+020
BILSTM fixed-0.99 H Yes 0.8|0.66+013 0324026 0.34+031 029+022 0434014 0.61+020
BILSTM fixed-0.99 H Yes 09 |0.66+013 0314025 034+031 028+022 043+0.15 0.61+020
BILSTM fixed - 0.99 H Yes 1.0|0.66+0.13 0.30£0.25 0.34+030 028+022 043+0.15 0.61+020
BILSTM fixed-0.99 H Yes GS|0.66+013 025+019 031£029 0274023 043+015 061020
Table 7.15: BiLSTM - threshold-based pseudo-labeling technique - 1/2
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Model PL LT PR DL Accuracy Precision Recall F1 PR AUC ROC AUC
BILSTM_NES_N_O 065+ 0.12 032+0.15 031+023 030+0.16 042+0.15 0.60+0.19
BILSTM fixed-0.7 S Yes 0.1]067+006 033+011 042+026 036+0.17 044 +0.14 062=+0.17
BiLSTM fixed-0.7 S Yes 020674011 034+016 041+027 0364020 042+0.13 0.61+0.17
BILSTM fixed-07 S Yes 03[067+011 034+017 0424028 036+022 044+016 0.61+0.18
BILSTM fixed-07 S Yes 04|067+012 034+019 0394028 035+022 044+017 0.61+0.19
BILSTM fixed-0.7 S Yes 050664012 033+0.18 038+027 0344021 043+0.16 0.61+0.19
BILSTM fixed-0.7 S Yes 0.6|066+011 033017 039+027 0344021 043+0.16 0.61+0.19
BiLSTM fixed-0.7 S Yes 070664012 033+018 039+027 034+021 043+0.16 0.61+0.19
BiLSTM fixed-0.7 S Yes 080664012 033+017 039+027 0344021 043+0.15 0.60=+0.19
BILSTM fixed-07 S Yes 0.9]0.66+012 033+0.17 0384027 034+020 042+0.15 0.60+0.19
BILSTM fixed-07 S Yes 1.0(0.66+0.12 033+0.17 0384027 0.34+020 043+0.16 0.60+0.19
BILSTM fixed-0.7 S Yes GS|0.664+ 013 0.33+0.17 037+025 0344020 044+0.17 0.60=+0.21
BILSTM fixed-0.9 S Yes 010664008 031+013 027+016 0274012 037+0.10 0.58=+0.15
BiLSTM fixed-0.9 S Yes 020694007 034014 030=£018 0314015 040+0.13 059=+0.15
BiLSTM fixed-0.9 S Yes 03|070+009 036018 030+018 0324017 041+0.14 059+0.15
BILSTM fixed-0.9 S Yes 04|070+008 036+0.17 0304018 032+017 041+0.14 0.60+0.15
BILSTM fixed-09 S Yes 05(0.69+008 035+016 0304019 032+016 041+0.14 0.60+0.16
BILSTM fixed-0.9 S Yes 0.6|0.694008 035+0.16 031+019 0324016 042+0.14 0.60+0.16
BiLSTM fixed-0.9 S Yes 070694008 035+016 030+019 0324016 042+0.14 0.60=+0.16
BiLSTM fixed-0.9 S Yes 080694008 035+016 030£019 0314016 042+0.14 0.60=+0.16
BILSTM fixed-0.9 S Yes 090694008 035+016 031+020 0324017 042+0.14 0.60=+0.16
BILSTM fixed-09 S Yes 1.0(0.69+008 035+0.16 0314019 032+017 041+0.14 061 +0.16
BILSTM fixed-09 S Yes GS|070+009 037+016 0294015 032016 041+0.14 062+0.18
BILSTM fixed- 095 S Yes 0.1|0.66+013 0334016 033+022 032+018 0384011 0.59 +0.19
BiLSTM fixed-0.95 S Yes 020674013 035+0.17 0324020 0334018 041 +0.14 0.60+0.20
BiLSTM fixed-0.95 S Yes 030674013 034+0.17 031+£019 0314017 039+0.13 059+0.19
BiLSTM fixed-0.95 S Yes 0.4 |066+0.13 033+016 032+020 0314017 040+0.13 059+0.19
BILSTM fixed- 0.95 S Yes 05|0.66+013 0334016 031+021 031+017 0404013 0.59 +0.19
BILSTM fixed- 0.95 S Yes 0.6 |0.66+013 0334016 032+021 031+017 0404014 0.59 +0.19
BILSTM fixed-0.95 S Yes 0.7|0.66+013 0334016 033+022 032+018 041+015 0.59 +0.19
BILSTM fixed-0.95 S Yes 0.8 0664013 034+0.17 033+£022 0324018 041+0.15 059 +0.19
BiLSTM fixed-095 S Yes 090674013 034+0.17 0324022 0324018 041+0.15 059+0.19
BiLSTM fixed-0.95 S Yes 1.0|067+0.13 034+0.18 033+£022 0324019 041+0.14 059+0.19
BILSTM fixed- 0.95 S Yes GS|0.69+0.15 0394020 0354023 036+022 0424013 0.60+ 0.19
BILSTM fixed-0.99 S Yes 0.1|0.68+0.15 0494032 0.34+027 034+021 0424013 0.60 + 0.19
BILSTM fixed-0.99 S Yes 02|0.68+014 0474032 0.34+027 033+£020 0424013 0.60 %+ 020
BILSTM fixed-0.99 S Yes 030674014 040+030 033+£028 031+021 043+0.14 0.61+0.20
BiLSTM fixed-0.99 S Yes 0.4 |067+0.14 039+027 034+028 031+021 043+0.14 0.61+020
BiLSTM fixed-0.99 S Yes 050674014 038+026 034+028 031+021 043+0.14 0.60=+0.20
BILSTM fixed- 0.99 S Yes 0.6 |067+014 0384024 035+029 032+021 0434014 0.60+ 020
BILSTM fixed-0.99 S Yes 0.7|067+013 0364024 035+029 031+021 043+014 0.61+020
BILSTM fixed-0.99 S Yes 0.8|067+013 0364023 035+029 031+021 0434014 0.61+020
BILSTM fixed-0.99 S Yes 09 |067+0.13 037+024 0354029 0314021 043+0.14 0.61+0.20
BiLSTM fixed-0.99 S Yes 1.0|067+0.13 037 +025 0354028 0314020 043+0.14 0.61+0.20
BiLSTM fixed-0.99 S Yes GS|067+0.14 045+031 034+027 032+0.18 044+0.14 0.60=+0.20
Table 7.16: BiLSTM - threshold-based pseudo-labeling technique - 2/2
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Model PL LT PR DL Accuracy Precision Recall F1 PR AUC ROC AUC
BiILSTM_NES_N_O 0.65+0.12 0.32+0.15 0.31+0.23 030+0.16 042+ 0.15 0.60 +0.19
BILSTM TopK fixed - 0.001 H No / 0.63 +£0.10 027 £0.16 027 £0.20 0.26 +£0.16 0.40 +0.15 0.61 £0.19
BiLSTM TopK fixed - 0.01 H No / 0.55+0.11 026 +£0.14 045+£026 0.33+0.16 0.36 +0.13 0.58+0.16
BiLSTM TopK fixed-0.05 H No / |054+0.08 026+011 054+029 0344016 0.34+0.11 0.59+0.18
BiLSTM TopK evo H No / |054+009 027+0.11 0564025 0.36+0.14 0.30+0.06 0.55+0.14
BiLSTM TopK fixed - 0.001 H Yes / | 0.66+0.14 047 +0.31 040+0.28 0.35+020 0.45+0.15 0.61+0.18
BiLSTM TopK fixed - 0.05 H Yes / |0.68+0.10 0.35+020 0.38+0.31 033+023 0.38+0.14 0.58+0.23
BiLSTM TopK fixed-0.01 H Yes / |0.69+0.11 0.27+0.24 0.30+0.27 028 +026 043 +0.15 0.64 +0.19
BILSTM TopK evo H Yes / 0.66 + 0.09 024 +£020 035+£0.30 0284023 042+0.16 0.64 +£0.17
BiLSTM TopK fixed - 0.001 S Yes / |071£0.09 0274026 026+029 0.26+026 044 +0.14 0.61+0.20
BiLSTM TopK fixed-0.01 S Yes / |0.66+0.12 0.33+0.15 040+ 0.28 0.35+0.20 0.33+0.09 057 +0.16
BiLSTM TopK fixed-0.05 S Yes / |0.68+0.13 033+023 0384031 0354026 039+0.14 059 +0.21
BiLSTM TopK evo S Yes / |066£009 0274019 035+0.32 0.30+024 0.39+0.17 0.58+0.20
BiLSTM TopK fixed-0.05 H Yes 0.1 |0.66+ 0.15 0.34+0.20 0.30+0.22 0.31+021 039+0.15 0.57+0.17
BiLSTM TopK fixed-0.05 H Yes 0.2|070+0.11 040+ 0.16 038+ 023 037 +0.19 042 +0.13 0.60+0.14
BILSTM TopK fixed - 0.05 H Yes 03)|069+012 0434+023 038+024 037+020 042+0.14 0.59 +0.17
BiLSTM TopK fixed-0.05 H Yes 0.4 ]0.65+0.15 038+0.22 0394026 0.35+0.19 041 +0.13 0.59 +0.16
BiLSTM TopK fixed-0.05 H Yes 0.5 |0.66+0.14 0.36+0.22 0.39 +0.27 0.34+020 041 +0.13 0.59 +0.17
BiILSTM TopK fixed - 0.05 H Yes 06 |066+014 037+022 039+028 035+021 041 +0.14 0.59+0.18
BiLSTM TopK fixed-0.05 H Yes 0.7|0.66+0.14 037 +0.21 040+028 035+021 041 +0.14 059 +0.18
BiLSTM TopK fixed-0.05 H Yes 0.8 ]0.66+0.14 0.36 +0.21 040+ 0.28 0.35+0.22 041 +0.14 0.59 +0.19
BiLSTM TopK fixed-0.05 H Yes 0.9 ]0.66+0.14 0.37+0.23 0404028 035+022 041+0.15 059 +0.19
BiILSTM TopK fixed - 0.05 H Yes 1.0|066+0.14 037 +022 040+0.28 035+022 041 +0.15 0.59 +0.20
BiLSTM TopK fixed-0.05 H Yes GS |0.66+ 0.14 0.33+0.19 037 +0.26 035+022 042+0.15 0.58 +0.23
BiLSTM TopK fixed-0.01 H Yes 0.1]0.70+0.09 031+024 0324029 0314026 042+0.17 056 + 0.22
BiILSTM TopK fixed - 0.01 H Yes 02 |070£009 0314+024 032+029 031+026 041 +0.16 0.57 £0.22
BiLSTM TopK fixed-0.01 H Yes 0.3]|0.72+0.08 0.36+0.22 0.34+0.27 033+024 042+0.16 059+ 0.22
BiLSTM TopK fixed-0.01 H Yes 0.4 ]0.72+0.08 0354022 0344029 0334025 042+0.16 0.60 £ 0.21
BiLSTM TopK fixed-0.01 H Yes 0.5|072+0.07 0344022 033+£029 032+025 0.42+0.15 0.60+ 0.20
BiLSTM TopK fixed-0.01 H Yes 0.6|072+0.08 0354025 033+£029 031+025 0.41+0.15 0.59 + 0.20
BiLSTM TopK fixed-0.01 H Yes 0.7 ]0.72+0.07 0.36 +£0.27 0.31 +£0.28 0.30 £ 0.24 041 +0.15 0.59 + 0.20
BiLSTM TopK fixed-0.01 H Yes 0.8]0.71+0.08 0.36 +0.28 0.30+ 0.28 0.29 +0.24 0.41 +0.14 0.59 + 0.20
BiLSTM TopK fixed-0.01 H Yes 0.9 |0.71+0.08 0344028 0.29+027 0284023 0.40+0.14 0.59 +0.20
BiLSTM TopK fixed - 0.01 H Yes 1.0|071+£008 0334027 028+0.27 028+023 041 +0.14 0.59 £ 0.20
BiLSTM TopK fixed-0.01 H Yes GS |0.69+0.08 022+ 0.20 0.24 +0.28 022+ 0.23 041 +0.15 0.58 +0.22
BiILSTM TopK fixed - 0.001 H Yes 0.1 0.69+ 0.08 025+022 0304027 027+024 041 +0.14 059 +0.17
BiLSTM TopK fixed - 0.001 H Yes 0.2]0.70+0.09 036+031 029+026 029+024 041+0.16 059 +0.18
BiLSTM TopK fixed - 0.001 H Yes 0.3]0.71+£0.09 040+0.32 033+028 0.32+0.24 0.41+0.15 0.59+0.18
BiLSTM TopK fixed - 0.001 H Yes 0.4 |070+0.09 041 +032 033+028 0.32+0.23 0.41+0.15 0.59 +0.18
BiLSTM TopK fixed - 0.001 H Yes 05| 071+£0.09 043+033 033+£028 0.32+0.23 041+0.15 0.59+0.18
BiLSTM TopK fixed-0.001 H Yes 06| 0704009 043+033 033+£027 0324022 0404014 059 +0.18
BiLSTM TopK fixed - 0.001 H Yes 0.7 |0.70£0.09 043 +0.33 033+027 0.32+0.23 0.41+0.14 0.59 +0.18
BiLSTM TopK fixed - 0.001 H Yes 0.8|0.70+0.09 044 +033 033+027 0.32+0.23 041+0.14 059 +0.18
BiLSTM TopK fixed - 0.001 H Yes 09| 0.70+0.09 043+£032 034+028 032+023 041+0.14 059 +0.18
BiLSTM TopK fixed - 0.001 H Yes 1.0|0.70+0.09 043 +0.32 0.34+028 0.32+0.23 0.41+0.14 0.60+ 0.18
BiLSTM TopK fixed - 0.001 H Yes GS |0.70+0.10 046 +£033 035+028 0.33+0.22 0.44+0.15 0.60+ 0.18
BiLSTM TopK evo H Yes 0.1]070+0.07 033+021 0464034 038+025 038+0.12 058+ 0.20
BiLSTM TopK evo H Yes 0.2 )|068+£0.09 0304020 038+0.32 033+£025 040+0.15 0.56 + 0.22
BiLSTM TopK evo H Yes 03]068+009 031+021 0394032 0334024 039+0.14 056 +0.21
BiLSTM TopK evo H Yes 04]069+009 035+025 0384031 0334023 039+0.14 0.58+0.20
BiLSTM TopK evo H Yes 050694009 035+024 0384032 033+024 040+0.13 0.58+0.21
BiLSTM TopK evo H Yes 06 ]069+010 0354023 0404033 0.34+024 040+0.14 058+ 0.21
BiLSTM TopK evo H Yes 07]069+010 037+025 0394032 034+024 040+0.14 058+0.21
BiLSTM TopK evo H Yes 080694010 0.36+026 0384032 0.33+025 040+0.14 0.59 +0.21
BiLSTM TopK evo H Yes 09 |069+0.10 0354026 0.37+033 033+£026 041+0.15 0.59 4+ 0.22
BiLSTM TopK evo H Yes 10]069+0.10 033+0.26 0.37+0.33 0324025 041+0.15 059 +0.21
BiLSTM TopK evo H Yes GS|065+008 021+0.19 035+0.33 026+024 039+0.14 057 +0.19

Table 7.17: BILSTM - proportion-based pseudo-labeling technique - 1/2
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Model PL LT PR DL Accuracy Precision Recall F1 PR AUC ROC AUC
BiILSTM_NES_N_O 0.65+0.12 0.32+0.15 0.31+0.23 030+0.16 042+ 0.15 0.60 + 0.19
BILSTM TopK fixed - 0.05 S Yes 0.1|067+014 0304+023 022+0.18 023+£0.18 0.39+0.15 0.60+ 0.17
BiLSTM TopK fixed-0.05 S Yes 0.2 |0.66+0.14 0.33+0.22 033+022 031+021 038+0.15 0.59 +0.18
BiLSTM TopK fixed-0.05 S Yes 0.3 |0.66+0.14 0.35+0.21 0.38 +0.27 0.34+022 038+0.15 0.59+0.18
BiLSTM TopK fixed-0.05 S Yes 0.4 |0.66+0.14 0354020 0.38+0.27 034+022 039+0.15 0.60+0.18
BiLSTM TopK fixed-0.05 S Yes 0.5|0.67+0.14 0354021 039+029 0354024 0.40+0.16 0.60+ 0.19
BiLSTM TopK fixed-0.05 S Yes 0.6 ]0.68+0.14 0.38+0.24 0.37 +0.28 0.34+0.23 040+ 0.15 0.60 + 0.20
BiLSTM TopK fixed-0.05 S Yes 0.7 ]0.67+0.14 0.37+0.23 0.38+0.28 0.34+023 040+0.15 0.60 £+ 0.19
BiLSTM TopK fixed-0.05 S Yes 0.8|0.67+0.13 0.37 +£0.23 0.38+0.28 0.34+023 0.39+0.16 0.59 + 0.20
BiLSTM TopK fixed-0.05 S Yes 0.9 ]0.67+0.14 0.36+0.23 0.38+0.28 0.34+0.23 0.39 +0.15 0.59 + 0.20
BiLSTM TopK fixed-0.05 S Yes 1.0 0.67+0.14 0.35+0.23 0.38+0.29 0.34 +0.24 0.39+0.15 0.59 + 0.20
BiLSTM TopK fixed-0.05 S Yes GS |0.69+0.11 0324022 0404034 035+027 038=+0.15 0.59 + 0.20
BiLSTM TopK fixed-0.01 S Yes 0.1|0.68+0.04 0.23+0.14 029+025 025+0.18 0.36 £0.07 0.57 +0.16
BiLSTM TopK fixed-0.01 S Yes 0.2 ]0.68+0.08 0.29+0.18 0.31 +0.24 0.28 +0.19 0.34 +0.08 0.56 + 0.16
BiLSTM TopK fixed-0.01 S Yes 0.3]0.68+0.09 0304020 0294025 028+021 036=+0.13 057 +0.19
BiLSTM TopK fixed-0.01 S Yes 0.4 |068+0.08 0314019 031+£026 0294021 0.36+0.12 056+ 0.19
BiLSTM TopK fixed-0.01 S Yes 0.5]0.68+0.09 0.31+0.19 0.33+0.27 030+ 022 0.36=+0.12 057 +0.19
BiLSTM TopK fixed-0.01 S Yes 0.6 ]0.68+0.09 0314020 0344028 031+023 036+0.12 057 +0.19
BiLSTM TopK fixed-0.01 S Yes 0.7 ]0.68+0.09 032+020 0354028 032+023 036+0.13 0.58+0.19
BiLSTM TopK fixed-0.01 S Yes 0.8]0.69+0.09 0324020 0.35+029 0324023 0.37+0.14 058+ 0.20
BiLSTM TopK fixed-0.01 S Yes 0.9 ]0.69+0.09 0314020 0354028 0.32+023 037+0.14 058+ 0.20
BiLSTM TopK fixed-0.01 S Yes 1.0]0.68+0.09 031+020 0354029 032+023 037+0.14 0.58+0.20
BiLSTM TopK fixed-0.01 S Yes GS |0.65+0.10 0.294+0.19 038+0.31 031+024 037+0.16 0.55=+0.20
BiLSTM TopK fixed - 0.001 S Yes 0.1]0.68+0.09 025+021 032+029 0.28+0.24 0.36+0.10 0.58 + 0.17
BiLSTM TopK fixed - 0.001 S Yes 0.2]0.68+0.08 023+021 031+030 0.26+024 0.38+0.12 0.59 + 0.17
BiLSTM TopK fixed - 0.001 S Yes 0.3]0.68+0.08 023+021 029+027 025+0.23 0.37+0.12 059+ 0.17
BiLSTM TopK fixed - 0.001 S VYes 0.4 |0.68+ 0.08 0.24+0.21 0.29+0.28 0.26 +0.24 0.38+0.12 0.59 +0.17
BiLSTM TopK fixed - 0.001 S Yes 0.5 0.69+0.08 024 +022 0.29+028 0.26+0.24 0.37+0.12 059+ 0.17
BiILSTM TopK fixed - 0.001 S Yes 0.6|0.68+ 0.08 024 +022 0294028 0.26+024 037+011 058+0.17
BiLSTM TopK fixed - 0.001 S VYes 0.7 | 0.69 &£ 0.08 0.24 +£0.22 0.29 +0.28 0.26 £ 0.24 0.37 £0.11 0.58 £ 0.17
BiLSTM TopK fixed - 0.001 S Yes 0.8|0.69+0.08 024 +022 0.29+028 0.26+0.24 0.37+0.11 0.59 +0.17
BiLSTM TopK fixed - 0.001 S Yes 0.9 |0.69 +0.08 0.25+022 0.29+028 0.26+024 0.37+0.12 0.59 +0.17
BiILSTM TopK fixed - 0.001 S Yes 1.0|0.69+ 0.09 024 +022 029+028 0.26+024 037+011 059 +0.18
BiLSTM TopK fixed - 0.001 S VYes GS | 0.68+ 0.09 0.23+0.22 0.26+0.29 0.24+0.25 037 +0.10 0.59 +0.18
BiLSTM TopK evo S Yes 0.1]068+0.09 0304023 035+028 0324025 036+0.12 058 +0.18
BiLSTM TopK evo S Yes 02]069+010 0.34+020 0344027 032+022 037+0.13 057 +0.16
BiLSTM TopK evo S Yes 03069 +0.09 033+£0.19 0354027 032+022 037 +0.12 0.57 +0.18
BiLSTM TopK evo S Yes 04]068+0.10 0304020 0.31+0.27 029+ 022 037+0.13 057 +0.19
BiLSTM TopK evo S Yes 05]068+0.10 0.30+0.19 0314027 029 +021 036+0.12 056+ 0.19
BiLSTM TopK evo S Yes 06]068+010 031+020 033+028 0.30+022 036+0.13 057 +0.19
BiLSTM TopK evo S Yes 0.7 068+ 0.10 0.31 +£0.20 0.33+0.28 0.30+0.23 0.36+0.13 0.57 +£0.20
BiLSTM TopK evo S Yes 08]068+0.10 0.31+020 0324028 0.30+0.23 0.36=+0.13 057 +0.20
BiLSTM TopK evo S Yes 09]068+0.10 0.31+020 0.33+0.28 0.30+023 037+0.14 0.58+0.20
BiLSTM TopK evo S Yes 1.0(0.68+0.10 0.32+0.20 0.33+0.28 0.31+0.22 037+0.14 0.58+0.20
BiLSTM TopK evo S Yes GS |0.66+0.08 0.34+0.14 0384023 0.33+0.16 0.38+0.15 0.58 + 0.20

Table 7.18: BiLSTM - proportion-based pseudo-labeling technique - 2/2

79



APPENDICES

Model PL LT PR DL Accuracy Precision Recall F1 PR AUC ROC AUC
BILSTM_NES_N_O 065+ 012 032+015 031+023 030+0.16 042+ 0.15 0.60 =+ 0.19
BILSTM Opt-pr H No / [069+014 029+024 023+£022 025+022 040+ 012 058+ 0.15
BiLSTM Opt-roc H No / |0644+011 029+012 034+023 030£0.16 0.36+0.12 056+ 0.17
BiLSTM Opt-pr H Yes / |069+014 039+020 026+019 0304019 046+ 018 0.64+ 0.21
BiLSTM Opt-roc H Yes / |0664013 035+0.16 037 +025 0344019 0414016 0.57 +0.19
BILSTM Opt-pr S Yes / | 0714015 053+031 029+020 033£020 042+ 0.16 0.58 + 0.20
BiLSTM Opt-roc S Yes / |065+011 0324012 037+025 0324017 040+ 0.14 059 +0.18
BILSTM Opt-pr H Yes 0.1|07040.12 028+026 026+029 0264026 042+ 0.14 0.60 + 0.16
BiLSTM Opt-pr H Yes 02|069+013 028+024 025+025 0264024 042+ 015 059+ 0.18
BiLSTM Opt-pr H Yes 030694014 029+ 025 026+026 0274024 0444016 0.61+0.19
BiLSTM Opt-pr H Yes 04|069+014 034+028 027+025 0284023 0454017 0.61+0.19
BiLSTM Opt-pr H Yes 05|070+0.14 034+028 028+026 0284024 0444017 0.60 + 0.19
BILSTM Opt-pr H Yes 0.6|070+0.14 035+027 028+026 0294024 0454017 0.60 +0.19
BiLSTM Opt-pr H Yes 07|070+014 037+028 028+025 0304023 044+ 016 0.61+0.18
BILSTM Opt-pr H Yes 080694014 036+027 027+024 028+023 0454016 0.61 +0.18
BiLSTM Opt-pr H Yes 09|069+014 037+028 027+024 029+022 0444016 0.61+0.18
BiLSTM Opt-pr H Yes 1.0|06940.14 036+ 028 027+024 0284022 0444016 0.61+0.18
BiLSTM Opt-pr H Yes GS|068+014 029+024 023+022 0254022 0424013 0.61+0.15
BiLSTM Opt-roc H Yes 0.1|06540.13 033+018 0.34+023 0324018 040+ 0.12 0.59 +0.18
BILSTM Opt-roc H Yes 020654012 032+017 034+023 032+0.18 0404 0.13 0.59 + 0.19
BiLSTM Opt-roc H Yes 03|065+013 032+017 035+024 0324018 040+ 0.13 059+ 0.19
BILSTM Opt-roc H Yes 040654013 032+016 036+024 032+0.18 040+ 0.13 0.58 +0.18
BiLSTM Opt-roc H Yes 05|065+012 032+016 035+024 0324018 040+ 0.13 058+ 0.18
BiLSTM Opt-roc H Yes 0.6|065+012 032+0.16 0.36+024 0324018 040+ 0.13 0.58 + 0.18
BiLSTM Opt-roc H Yes 07|065+012 032+016 036+024 0324018 040+ 0.13 058+ 0.18
BiLSTM Opt-roc H Yes 08|065+012 033+016 036=+024 0334018 040+ 0.13 058+ 0.18
BILSTM Opt-roc H Yes 0.9 |065+0.12 033+016 0.36+024 0334018 040+ 0.13 058 +0.18
BiLSTM Opt-roc H Yes 1.0|065+012 033+016 036=+024 0334018 040+ 0.13 058+ 0.18
BiLSTM Opt-roc H Yes GS|0654012 033+014 04+023 0354017 0414013 057 +0.18
BiLSTM Opt-pr S Yes 01|063+015 022+020 020+022 0194017 0384015 054+ 0.21
BiLSTM Opt-pr S VYes 020654015 027+023 0234020 023+0.18 038+ 0.14 0.55 + 0.20
BiLSTM Opt-pr S Yes 03|066+015 031+023 027+021 0274019 0414015 058+ 0.21
BiLSTM Opt-pr S Yes 04|067+015 037+028 030+023 0294020 0414015 059+ 0.21
BILSTM Opt-pr S Yes 050664015 0384030 028+023 028=+020 042+ 0.15 0.60 + 0.21
BiLSTM Opt-pr S Yes 06|067+015 039+029 028+023 0294021 0424015 0.60+ 0.21
BiLSTM Opt-pr S VYes 070674015 0394028 0290+022 030=£021 0414015 0.60+ 0.21
BiLSTM Opt-pr S Yes 08|068+015 040+ 030 028+022 0304021 0424015 0.60+ 0.21
BILSTM Opt-pr S VYes 090684015 040+ 030 028+022 0294021 0414015 059+ 0.21
BILSTM Opt-pr S Yes 1.0|068=+0.15 041+030 028+022 030=£021 0414016 0.59 +0.21
BiLSTM Opt-pr S Yes GS|071+016 055+033 034+021 0384021 043+0.18 059+ 0.23
BILSTM Opt-roc S Yes 0.1]066+0.13 033+016 037 +025 034=+0.19 0.37+0.13 0.60 + 0.20
BiLSTM Opt-roc S Yes 02|066+013 034+017 036+024 0334018 0394014 059+ 0.19
BiLSTM Opt-roc S VYes 03]065+012 033+016 0.36+024 033+0.18 040+ 0.15 0.59 + 0.19
BiLSTM Opt-roc S Yes 04|065+012 034+016 036+025 0334018 040+ 0.15 059+ 0.19
BiLSTM Opt-roc S VYes 050654012 033+0.16 0.36+024 033+0.18 040+ 0.15 0.59 + 0.19
BILSTM Opt-roc S Yes 0.6|065+0.12 0324015 0.36+024 0324018 040+ 0.15 0.59 + 0.19
BiLSTM Opt-roc S Yes 07|065+012 0324015 036+025 0324017 040+ 0.15 059+ 0.19
BILSTM Opt-roc S VYes 0.8|065+012 032+015 036+024 032+0.17 039+ 0.15 0.58 +0.19
BiLSTM Opt-roc S Yes 09|065+012 032+015 036=+024 0324017 039+ 015 058+ 0.18
BiLSTM Opt-roc S VYes 1.0|06540.12 031+0.15 0.36+024 0324017 039+ 0.15 0.58 + 0.18
BiLSTM Opt-roc S Yes GS|064+011 029+013 034+023 0314017 0384015 056+ 0.19
Table 7.19: BILSTM - optimal thresholding pseudo-labeling technique
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