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Abstract

Supervised learning serves as the foundation for many Al systems because it enables models to
learn from labelled examples. However, label noise resulting from human annotation errors or
systematic biases can diminish model performance and limit generalization capabilities. This
challenge is particularly significant in critical domains such as healthcare, finance, and
autonomous systems. This thesis focuses on studying the impact of label noise on supervised
learning algorithms in order to evaluate its influence across different datasets and to propose
robust strategies for mitigation. This project includes methods of loss correction, data
augmentation, and advanced noise detection frameworks as examples and demonstrates their
prospective advantages through empirical experiments. The provided noise-robust algorithms
in the research can be used with any real-world scenarios to improve the resilience of the
algorithm. The findings are meant to be a connection between academic research and practical
implementation by offering guidelines for handling noisy datasets effectively while ensuring
model reliability and fairness. The proposed approach raised the average F1-Score from 0.647
under baseline conditions to 0.757 after full optimization.

Keywords: Supervised learning, label noise, machine learning, noise correction, ensemble
learning, anomaly detection
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Resumo

A aprendizagem supervisionada constitui um dos pilares fundamentais dos sistemas de
inteligéncia artificial, permitindo, assim, que os modelos sejam treinados com base em
exemplos rotulados. No entanto, o ruido nos rétulos, originado por erros humanos durante o
processo de anotacdo ou por vieses sistematicos, compromete de forma significativa o
desempenho dos modelos limitando as suas capacidades de generalizagdo. Este problema é
particularmente relevante em dominios criticos como a saude, as financas e os sistemas
auténomos, onde decisGes incorretas podem ter consequéncias graves. Esta dissertacdo tem
como objetivo investigar o impacto do ruido nos rétulos em algoritmos de aprendizagem
supervisionada, avaliando a sua influéncia em diversos conjuntos de dados e propondo
estratégias robustas para a sua mitigacdo. O trabalho contempla o desenvolvimento e a
aplicagcdo de métodos avancados, incluindo funcGes de perda adaptadas ao ruido, estratégias
de aumento de dados e frameworks de detec¢do de ruido, cujas vantagens sdo demonstradas
por meio de analises tedricas e de experiéncias empiricas. A abordagem proposta subiu os
valores de F1-Score de 0.647 para 0.757 apds otimizacoes.

Palavras-Chave: Aprendizagem supervisionada, ruido nos rétulos, robustez, corre¢do de ruido,
aprendizagem automatica
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1 Introduction

1.1 Contextualization

The widespread use of machine learning has attracted the public's interest to its underlying
machine learning models that make performance predictions and decisions based on vast
amounts of labelled data. Of course, these programs are going to be very dependent on the
quality of their databases in all such industries [1].

More often than not, real-world data is imperfect because it contains noisy labels injected into
it as a result of the annotation process. Label noise, which could be both random and systematic,
constitutes a threat to unbiased models, reduced accuracy, overfitting, and consequently to the
robustness of machine learning systems.

Machine learning is utilized across a wide range of industries and for various applications, with
different sectors exhibiting varying rates of adoption and implementation. While some sectors
prioritize Al for routine tasks, others focus on decision support rather than immediate action
[2]. Many companies do deploy algorithms in urgent scenarios where rapid human response
and effective problem analysis are essential. Therefore, addressing the potential effects of label
noise in critical settings is central to the success of these organizations. Best practices for
mitigating label noise are not only fundamental for maintaining high performance but also play
acrucial role in ensuring fairness and ethical coding. Therefore, considering the potential effects
of label noise in critical settings and how to solve it is central to the success of companies in the
future. Best practices for the label noise elimination problem are not just covered as a
fundamental requirement for the preservation of high performance but also, they are the base
for fairness and ethical coding [3].

The report's main goal is to provide an all-encompassing solution to the main challenges posed
by label noise in supervised learning systems, which will be the quantification of the extent of
noise in labelled datasets and the methodical identification of new methods for its alleviation.
This research can be seen as an attempt to enhance the robustness, fairness, and ethical
integrity of machine learning models deployed in high-stakes applications by exploring new



corrective measures for label noise, including the in-depth study of advanced correction and
model adaptation methods.

1.2 Problem Statement

Label noise, which can be caused by human annotation errors or systematic biases in the data
labelling process, poses a significant challenge in supervised learning frameworks, particularly
in high-stakes domains such as healthcare, finance, and autonomous systems [4]. The presence
of inaccurate labels can lead to poor model performance, undermining the ability of algorithms
to generalize effectively to unseen data. As organizations increasingly rely on Al systems for
critical decision-making, the implications of label noise become more pronounced, potentially
resulting in erroneous outcomes that could affect human lives, financial stability, and
operational efficiency. Despite the apparent significance of this issue, many prevailing machine
learning models do not adequately account for the impact of label noise, resulting in models
that may fail to perform as intended in real-world applications.

Addressing label noise is not only crucial for enhancing the robustness and accuracy of
supervised learning models; it also underpins the ethical deployment of Al technologies.
Inaccurate labelling can perpetuate biases and inequalities, raising concerns about fairness and
accountability in Al systems. Thus, the challenge of label noise necessitates the development of
effective strategies for noise detection, mitigation, and robust model training [5]. The purpose
of this thesis is to explore implications of label noise for model performance and fairness, and
examine contemporary methods for addressing these challenges within supervised learning
paradigms.

1.3 Objectives

Based on the challenges outlined before, this project is designed to examine the systematic
label noise in supervised learning and to elaborate a framework capable to detect and mitigate
this label noise. By addressing both practical evaluation and methodological development, the
study seeks to strengthen the reliability of predictive models in high-stakes domains.

Therefore, the present study aims to inject noise on different levels into a heterogeneous
collection of datasets, and quantify the resulting degradation in detection metrics, such as
precision, recall and Fl-score. It then analyzes the influence of class imbalance, feature
dimensionality and decision-boundary overlap on noise detection. To do so it is proposed to
develop a hybrid pipeline that combines a calibrated ensemble of classifiers, k-Means++
clustering and anomaly detectors and optimize confidence threshold and contamination rates
through systematic hyperparameter search that enhance the F1-Score. It is also necessary to
measure the gains in terms of accuracy obtained by retraining a model on clean data and then
address if noise filtering induces information loss. Finally establish a practical guideline for
threshold selection, dataset sizing and reproducible experimentation in critical application
scenarios.



1.4 Methodology Selection

The methodology used for the research of this study has been adapted to fit the needs proposed
in the problem statement and objectives section. Accordingly, the use of Cross Industry
Standard Process for Data Mining (CRISP-DM) methodology admits an autonomous
documentation for each phase allowing the generation of a comprehensive study of the
discoveries made on this theme.

Since the CRISP-DM approach allows the documentation of the phases, it is possible to have a
life cycle of the developments proposed well conducted, like stated by [6], that believed in the
use of this methodology as a managing form of the report and evaluation of the objects
generated from one phase to the other one.

The model has an iterative recursion within. The first phase has the key insights and
prerequisites identified during the state of the art, that leads to the second phase, data
understanding, in which the heterogeneous sources are explored and structed. The third phase
the data representations are harmonized in order to preserve their integrity. The next phase,
the modeling, is responsible for building the proposed pipeline and then assessing its results on
the evaluation phase. The last phase is not applicable to this study but in this phase all prior
activities are consolidated and deployed. A full explanation of each phase is detailed in the
chapter three.

1.5 Research Questions

According to the project objectives, the investigation of the impact of label noise on algorithm
performance is structed around a group of research questions designed to guide the systematic
evaluation of label noise detection and mitigation approaches. The questions edge both the
experimental methodology and the analysis of practical findings, as demonstrated in table 1.

Table 1- Research Questions

Identifier Research Questions

RQ1 How effective is the proposed hybrid pipeline in detecting and
mitigating label noise across diverse datasets, compared to
existing baseline approaches?

RQ2 How do dataset characteristics, such as class imbalance,
feature dimensionality, and decision boundary overlap,
influence the pipeline’s detection performance and
robustness?

RQ3 What impact does noise correction have on downstream
predictive accuracy, and under which conditions does
aggressive filtering compromise model generalization?



First, an investigation on how different noise levels application can impact precision, recall and
F1-score across different datasets. Then, the examination of the role played by specific dataset
characteristics in modulating noise detection. After this characterization, the study will do a
comparison between the proposed hybrid pipeline, integrating a calibrated ensemble classifier,
and the conventional baseline approaches. In addition, a systematic hyperparameter search will
be conducted in order to identify which hyperparameter maximize the F1-score. Moreover, the
investigation will quantify the gains in predictive accuracy obtained by retraining models on
clean data and will identify scenarios in which aggressive noise filtering leads to loss of
information. Finally, practical guidelines for threshold selection, dataset sizing and
reproducibility will be formulate providing recommendations for critical application contexts.

1.6 Artificial Intelligence Tools

During the writing of this thesis, the Grammarly plugin was used to enhance the quality of the
written work. Grammarly is one of such platforms, that employs artificial intelligence
technologies to help authors correct mistakes in grammar, spelling, and style or provide
recommendations for improving the text in regards to clarity, coherence, and formality [7].

With regard to linguistics issues of the thesis, the use of Grammarly was restricted to the
mechanical aspects of the work. In particular, the application was used to check for the
likelihood of errors relating to grammar and spelling, checked for the consistency of key terms
and phrases, and finally the content’s formal tone and readability. The application was also used
to provide suggestions on how to enhance clarity and coherence of the content in terms of
meeting scholarly standards.

All the suggestions developed by Grammarly were subject to an evaluation and all changes to
the text were made only when it felt necessary. The program was aimed at providing technical
support only, with no relationship whatsoever with the generation of ideas relating to the study,
interpretation of results and the conclusions which were made in this thesis. It was only
supportive help maintain good language and stylistic quality.

In addition, during the experimental development phase, a large language model (LLM), was
used as a programming assistant to support certain technical tasks. This included refining code
implementation, debugging complex functions, and clarifying technical documentation or
existing methods referenced in the literature. The use of this tool was strictly limited to
supporting the independent work, primarily by providing guidance for technical
implementation details and assisting with code structuring. Importantly, all scientific reasoning,
experimental design, methodology formulation, interpretation of results, and conclusions
drawn in this thesis are the sole intellectual independent contribution.

By acknowledging the application of such tools, this section reinforces the commitment to
maintaining the highest standards of academic integrity while using supportive technologies
responsibly.



1.7 Document Structure

The document is organized in a manner that is intended to first identify the problems of label
noise in supervised learning systems and then the solutions.

The first chapter gives the overall idea of the thesis, the importance of label noise as a challenge
in machine learning, the statement of the problem, research objectives and the research
guestions to be addressed in the study.

The second chapter is devoted to the analysis of the existing literature on the problem and
represents the development of the supervised learning approach as well as increasing attention
paid to the label noise issue. This chapter also provides a comprehensive analysis of the existing
state-of-the-art approaches to deal with noise, the limitations of these works and the
theoretical base upon which this work is developed.

The third chapter is dedicated to the methodology where it is described the research approach
used and also the evaluation criteria taking in consideration.

The fourth chapter gives a summary of the datasets used and the techniques implemented
during the experimental design.

The fifth chapter evaluates the performance of the iterations implemented and discuss the
results making comparisons and taking conclusions analyzing the results.

Finally, the sixth chapter gives the overall conclusion of the thesis, the major conclusions of the
research as well as the recommendations for future research.

This structure was design to make sure that there is a clear and consistent evolution of the
thinking from the definition of the problem to the creation of the solution and its assessment,
in line with the objectives of the study.






2 State of the Art

2.1 Introduction

Label noise is a growing concern in supervised learning tasks, as noisy examples may severely
cripple the training of models and result in skewed or erroneous predictions [5]. As data volume
continues to grow and the practice of outsourcing annotations to human labelers or automated
machines gains traction, the reality of label noise becomes inevitable [1]. Such a problem is
particularly heinous in domains such as healthcare, finance, and high-stakes decision-making
scenarios, where erroneous instances may fan out ethical, legal, and operational misconduct of
even greater proportions than raw technical competence [8]. In light of this fact, the current
work examines approaches for systematic identification and diminution of label noise, placing
focus on the incorporation of clustering and heterogeneous ensemble methods.

The growing body of literature in label noise has led to numerous approaches attempting to
enhance robustness and reverse its effect. These methods are the noise-robust loss functions,
probabilistic models, confidence filtering, ensemble learning, and cluster-based correction
methods[5] . However, all of the proposed approaches make either a random noise distribution
assumption or leverage noise structure prior knowledge, limiting their applicability in real cases
where noise patterns are likely to be complex, structured, and difficult to estimate [5]. Besides,
using multiple complementary detection mechanisms in aggregation is also not explored,
particularly for systematic noise [5].

This work applies a heterogeneous ensemble-based method to detect and fight against
systematic label noise. It draws conceptual insights from the model proposed by [9] and further
develops it by incorporating multiple unsupervised anomaly detection models in a multi-stage
noise filtering system. The approach presented here relies on the fusion of supervised ensemble
confidence, cluster consistency, and feature-label consistency employing Isolation Forest and
Local Outlier Factor models. The fusion allows both low-confidence instance identification and
class-inconsistent instance detection based on structural features of the feature space and
thereby addressing various sides of systematic label noise.



2.2 Label Noise in Supervised Learning

Label noise is referred to as errors in class labels of training instances [4]. Although most
supervised learning algorithms presume clean and properly labelled data sets as a fundamental
assumption, this assumption does not usually hold in practice. Label noise can be divided into
two classes: random noise and systematic noise [10], [11].

Random noise tends to be feature-independent, appearing as uniformly distributed stochastic
labelling errors across the dataset. Systematic noise, by contrast, is highly correlated with
particular feature subsets or class boundaries, leading to systematic misclassification patterns
that are particularly difficult to disentangle from genuine class structures [4]. Systematic label
noise is far more troublesome because it has a tendency to introduce biases that are correlated
with true decision boundaries, potentially reinforcing harmful spurious correlations [12].

Several studies have reported the adverse effects of label noise on model performance,
particularly in healthcare [13], fraud detection [14], and autonomous systems [15], where even
low rates of label errors can cause significant deterioration in predictive accuracy,
generalization capacity, and fairness. Additionally, the presence of label noise has also been
shown to exacerbate model overfitting, variance, and distort feature importance estimates [16].

Classic supervised approaches such as decision trees, support vector machines, and neural
networks each have varying sensitivities to label noise depending on their inherent flexibility,
regularization strategies, and loss functions. Deep neural networks, as high-capacity models,
have the propensity to memorize noise in training data and require special regularization or
correction techniques to preserve generalization performance when there is noise [17].

2.3 Existing Approaches for Noise Mitigation

The minimization of label noise has been addressed by a range of methods, which can be
categorized into loss correction, noise filtering, semi-supervised learning, and ensemble
methods.

Loss correction methods attempt to correct the loss function in-place to counteract noise, often
through noise transition matrices or probabilistic transformations [18][19]. While they work
well in some circumstances, they typically need to know the noise distribution, or at least have
a good estimate of it, something that is hardly ever possible in practice. They also lose their
effectiveness when the noise distribution exhibits rich, instance-specific behavior, as it usually
does in systematic noise conditions.

Noise filtering methods attempt to identify and remove potentially mislabeled samples prior to
model training. Confidence score-based, k-nearest neighbor consistency-based, or clustering
label agreement-based methods have been widely investigated [20]. Confidence filtering
calculates the uncertainty of the classifier for every instance and flags low-confidence instances
as potential noisy [21]. Single confidence scores may be unreliable in high-dimensional feature
spaces, particularly with noisy examples along the class boundaries.

Ensemble learning has exhibited strong robustness to label noise through prediction
aggregation from a number of learners [22]. Heterogeneous ensemble learning, where



classifiers are of different bias and sensitivity, can achieve enhanced robustness by heightened
difficulty in all models perpetuating noise-inducing errors simultaneously. In particular,
calibration of classifiers so as to generate well-calibrated probability estimates supports more
trusted confidence-based filtering [23].

The approach made by [24] demonstrates the strength of integrating supervised ensemble
confidence and unsupervised cluster consistency. Through the fusion of multiple weak noise
indicators as well as precision. Their two-stage approach—ensemble confidence filtering
followed by K-Means cluster consistency, provides the conceptual foundation for this work.

Unsupervised anomaly detection models, such as Isolation Forest [11] and Local Outlier Factor
[25], have also been found helpful in identifying feature-label inconsistencies. These methods
make use of structural deviation in the feature space to identify samples whose features are
not consistent with their predicted labels [10], [11] . While more typically used for unsupervised
outlier detection, their class-conditional application to label noise detection remains a research
area of active interest [5], [26].

Finally, semi-supervised approaches have been explored for greater robustness to label noise
by using unlabeled instances or generating pseudo-labels [27]. These are highly sensitive to the
quality of the original labels, and can amplify mistakes when significant noise already exists.

2.4 Systematic Label Noise: Key Research Gaps

Despite significant progress in noise-robust learning, several critical gaps persist regarding
systematic label noise.

In the first place, most existing works continue to focus on random label noise, while systematic
noise is less investigated due to its complexity. As systematic noise is generally strongly
correlated with feature subspaces or subpopulations, it has the effect of reinforcing hidden
biases, magnifying ethical concerns of fairness and accountability [28]. This is particularly
troublesome for high-stakes applications where systematic mislabeling disproportionately
affects vulnerable populations.

Second, the majority of existing solutions assume knowledge of the noise structure or noise
transition probabilities [18]. In practice, such knowledge is rarely available, especially when
noise is generated by complex domain-specific biases or annotation inconsistencies. Robust,
adaptive solutions that do not rely on prior noise distribution knowledge are becoming ever
more necessary.

Third, while ensemble methods have been encouraging, most existing ensemble methods
utilize homogeneous ensembles, ensembling multiple instances of the same kind of classifier.
There is little exploration in the literature of heterogeneous ensemble models that take
advantage of disparate classifier biases to enhance robustness in the presence of systematic
noise, like [24] have demonstrated.

Fourth, there is limited exploration of the integration of supervised and unsupervised
approaches into unified pipelines that can cross-validate noisy label detection based on
multiple independent signals. Although confidence-based filtering and clustering label

9



consistency both offer partial solutions, their intersection is under-utilized, even as it has the
potential to improve detection precision and recall [5], [27].

Finally, there is a shortage of practical, reproducible frameworks that distil these intricate
methodologies into real-world pipelines for application to heterogeneous datasets. The
majority of existing studies are confined to small-scale, domain-specific datasets, which limits
wider generalizability [29].

The present work attempts to fill these gaps by designing and systematically evaluating a hybrid
multi-phase detection and mitigation system that combines supervised ensemble confidence
filtering, clustering consistency, via K-Means++, and unsupervised anomaly detection, Isolation
Forest and LOF, over a number of publicly available datasets from diverse domains.

2.5 Conceptual Framework for the Present Work

The proposed work posits a multi-step noise detection and mitigation pipeline, in which
systematic label noise is identified and minimized by sequentially concatenating heterogeneous
detectors. The approach borrows from the two-step model discussed in [24] but builds upon it
through iterative updates, hyperparameter tuning, and other anomaly detection models.

In the first stage, a variety of supervised classifiers, Calibrated SVM, Naive Bayes and Random
Forest, are trained and calibrated probability scores are used to estimate per-sample
confidence levels. Low-confidence ensemble samples are labelled as tentative candidates for
noisy labels.

In the second phase, several unsupervised techniques are used to validate or correct the initial
filtering. K-Means++ clustering is utilized to project cluster assignments on class labels, marking
instances of cluster-class inconsistency. Concurrently, Isolation Forest and Local Outlier Factor
are run class-conditioned to identify feature-label inconsistencies not identified by the
supervised models.

Several combination strategies are studied to merge these signals, including conservative
consensus filtering, majority voting, and a strict Two-Stage filter, keeping only samples
identified by both stages as confirmed noise candidates. This combination provides a flexible
trade-off between high precision, not removing clean data, and high recall, complete detection
of noise, which is crucial for effective systematic noise removal.

Finally, after noise detection, there is a noise mitigation step where flagged samples are
removed from the training set and models are retrained with the cleaned datasets to assess
performance improvement. Comparison with baseline models allows quantitative comparison
of the usefulness of the proposed approach across various datasets and noise levels.

2.6 Summary
The problem of label noise continues to be one of the main hindrances to dependable machine
learning, especially in domains with complex, structured noise patterns. While much of the

earlier work has proposed a multitude of solutions to noise mitigation, most current solutions
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are still limited either by their assumption of random noise, by computational complexity, or by
diminished generality to a diversity of domains.

This thesis contributes towards addressing these limitations through the presentation of a novel,
heterogeneous multi-stage approach that integrates calibrated ensemble learning,
unsupervised clustering consistency, and anomaly detection techniques for structured label
noise detection. The approach extends and builds on top of the early ideas of [24] for
applicability on diverse datasets and for quantitatively assessing detection performance,
mitigation effectiveness, and resulting improvements in model robustness.

11



12



3 Methodology

This chapter describes in detail the methodological approach employed during this research.
The research was developed following the CRISP-DM methodology guidelines, which offer an
organized and methodical process for data analysis and machine learning projects. Adhering to
CRISP-DM allowed for a methodical going through steps such as problem understanding, data
preparation, modelling, testing and interpretation [9].

Systematic
Review &
Objectives

Analysis of
Datasets used

Results Showed

Basic Cleaning

Analyze
Accuracy
Recovery from
mitigation

Categorical
Encoding

Analyze
Pipeline Results

Normalization

Feauture
Packaging

Mitigation &
Retrainning

Execute Noise-
Scenario
Pipelines

Collect metrics
per-iteration

Figure 1- Methodology Diagram Based on CRISP-DM adapted to the study
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Figure 1 gives an overview on the methodology used during this study, following an adaptation
of the CRISP-DM model approach to structure the implementations done. Further there is a
detailed explanation on each phase represented on the figure.

3.1 Problem Understanding

The increasing reliance on supervised learning algorithms in domains where data labelling is
prone to human error or uncertainty has put tremendous focus on the problem of label noise.
In particular, systematic label noise, where consistent patterns of mislabeling affect specific
subsets of the data, can severely compromise model generalization and reliability. This issue is
particularly pressing in sensitive application areas such as healthcare and finance, where
decisions based on models can have drastic consequences.

The main research aim of the project was to investigate and develop practical noise detection
and mitigation strategies that can identify systematically mislabeled instances and improve the
downstream performance of supervised models. Rather than seeking solely very specialized or
domain-specific solutions, the project sought to propose broadly applicable detection
frameworks that leverage supervised and unsupervised learning principles.

3.2 Data Understanding and Acquisition

To avoid the imposed limitations on generalizability of the suggested methods, a diverse
collection of datasets was collected from well-known public databases, primarily the UCI
Machine Learning Repository and Kaggle. The datasets were chosen to span across various
domains, including healthcare, finance, education, and general-purpose classification tasks,
thereby introducing heterogeneity in the size of the data, class imbalance, feature types, and
complexity of the classification boundaries.

Every dataset was carefully inspected for data quality, class distribution confirmation, and their
availability for noise injection and evaluation experiments. Such initial inspection was critical to
guarantee that the artificially injected noise would be under systematic control and that the
measures of evaluation would reflect effective differences in performance among datasets and
techniques.

3.3 Data Preparation

Following data gathering, a thorough preprocessing pipeline was implemented to ensure
consistency and comparability across datasets. This process comprised multiple carefully design
stages, intended to prevent the introduction of spurious variability and to prepare the data for
the requirements of noise detection algorithms.

The initial step was the deletion of identifier or index columns that contained no predictive
information. Categorical features were transformed with Label Encoding to generate numerical
forms from discrete nominal variables for application in supervised and unsupervised
techniques. Numerical features were also tested for missing values, which were filled with mean
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substitution to ensure the datasets' integrity. Following imputation, all the features were
normalized using standard scaling, meaning zero mean and unit variance, to prevent excessive
weightage to any single feature due to differences in scales. This scaling operation was
necessary, particularly for the unsupervised methods, such as clustering and outlier detection
methods, that are highly sensitive to feature scales. Lastly, the target features were converted
to consistent numerical labels, allowing for equal treatment of the output space across data
sets.

This preprocessing pipeline was used uniformly on all data sets so that the following analysis
was performed under uniform and controlled circumstances.

3.4 Modelling

The experimental approach was structured around three development iteration stages of
algorithmic evolution, where each stage was developed based on the limitations and findings
identified in the previous phase.

3.4.1 Iteration one — baseline Confidence-Based Ensemble

In the first experimental stage, a supervised ensemble confidence model was designed as the
baseline noise detection mechanism. This approach fused three various base classifiers,
Support Vector Machines, Gaussian Naive Baye, and Random Forest, each of which was
calibrated using isotonic regression to produce well-calibrated probabilistic predictions. The
predicted class probabilities of the calibrated classifiers were averaged for each instance, which
resulted in a combined confidence score representing the ensemble's confidence in the
provided noisy label.

Examples with low aggregated confidence were flagged as suspicious noisy samples on the
hypothesis that true mislabeled examples will create uncertainty between multiple diverse
classifiers. 0.5 was used as the threshold to split low-confidence examples. This ensemble
approach was complemented with a set of unsupervised detectors, such as K-Means++
clustering, Isolation Forest, and Local Outlier Factor. The cluster-based detector relied on
cluster-to-class consistency, while the outlier detectors leveraged feature-label consistency
within each class.

The first iteration provided a full baseline by taking into account single detectors as well as their

logical combinations, which enabled comparison of complementary strengths between
supervised confidence estimation and unsupervised anomaly detection.

3.4.2 Iteration two — Hyperparameter Optimization

The second iteration aimed to address shortcomings observed in the static threshold structure
of the initial ensemble model. To that end, an extensive hyperparameter tuning mechanism

15



was included for optimizing the detection capabilities of the ensemble and unsupervised
models.

For the ensemble detector, a grid search over possible confidence thresholds was performed
to identify the value that resulted in the optimal F1-score on the noisy training folds. Similarly,
the contamination parameters of the Isolation Forest and LOF algorithms were swept iteratively
over a pre-specified range, with the aim of making precision-recall trade-offs optimal for
detection. The K-Means++ method was held fixed, as a baseline unsupervised method
throughout iterations.

This iteration eliminated the combination of detectors and focused instead on enhancing the
individual performance of each method through careful tuning. The introduction of optimized
hyperparameters demonstrated measurable improvements in detection sensitivity and
precision when compared to the static configuration of the first iteration.

3.4.3 Iteration three — Combined Ensemble and Two-Staged Cascading Approach

In the third and final iteration, the insights gained in the previous stages were consolidated into
a hybrid multi-stage detection framework. Here, the optimized ensemble detector and
unsupervised anomaly detection were merged more integrally.

The ensemble model was first optimized to discover an optimal low-confidence threshold,
following the same procedure as in iteration two. Concurrently, the Isolation Forest
contamination rate was re-optimized to determine its optimal setting. With these optimized
pieces in place, a Two-Stage cascade methodology was used: first, the samples that were
identified as low-confidence by the ensemble were further filtered by the unsupervised
detectors. Only the samples marked by both the ensemble and at least one of the unsupervised
methods, Isolation Forest or K-Means++, were ultimately marked as noisy.

Furthermore, majority voting systems were explored, consolidating signals from all detectors
to provide additional robustness against false positives and false negatives. This ensemble of
methods allowed cross-validation of noise signals from multiple independent perspectives,
supervised, clustering-based, and anomaly-driven, resulting in a highly robust and adaptive
noise detection system.

3.5 Evaluation Protocol

The testing process also followed a carefully controlled experimental procedure to ensure
objectivity and comparability. Synthetic label noise was added to the training partitions of every
dataset according to a systematic noise model, with rates of contamination being ten, twenty
and thirty percent. The noise injection procedure ensured class-balanced mislabeling, which
simulates real-world scenarios where systematic misclassification affects all classes
proportionally.

The performance of each detection technique was measured by comparing the detected noisy
instances to the known set of injected noisy labels. Precision, recall, and F1-score were reported
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for each technique at each level of noise, providing a comprehensive quantitative analysis of
detection accuracy.

Apart from detection accuracy, a cause evaluation was conducted to quantify the effect of noise
mitigation on downstream supervised learning accuracy. ldentified noisy examples were
removed from the training set, on which new Random Forest classifiers were retrained on the
cleaned training data and evaluated on the untainted test sets. This final evaluation estimated
the classification accuracy gain from the proposed noise detection and mitigation pipeline.

3.6 Ethical and Practical Considerations

While developing and testing this methodology, a series of measures designed to satisfy
methodological transparency, reproducibility, and ethical responsibility were implemented. All
datasets used in this study are publicly accessed on UCI Machine Learning Repository [30], Open
ML [31] and Sklearn [32]. The previous contain no personal information. There were no desire
to identify individuals or to link information across different sources. This approach is aligned
with the requirements of the EU General Data Protection Regulation (GDPR), which demands
the use of anonymized data and fully prohibits the process of information that may compromise
individual privacy [33].

To consider the impact of label noise in a controlled manner preventing the introduction of
uncontrolled biases, incorrect labels were injected with fixed rates, using random sampling and
hard-coded seeds. This method eliminates any human intervention in noise generation and
guarantees fully reproducible results by the applying the exact same seed values and noise
parameters [34].

Also, the noise injection was unequivocally design to be class-agnostic, avoiding the historical
biases that often manifest as systematic label errors. The application of identical noise rates on
all classes prevents uneven impact on any subgroup, following the best practices for bias
mitigation in machine learning [35].

This study is in conformity with the European Commission’s Ethics Guidelines for Trustworthy
Al, which emphasize human oversight, privacy, transparency and accountability [36]. The
unemployed use of sensitive personal data, by documenting the data sources and procedures,
and by validating the model performance under different noise conditions, this study supports
the ethical measures and sustenance the development of reliable Al systems.

In Summary, the methodological choices employed, ensure that this study advances technical
solutions for label noise and exemplifies responsible and ethical research practices.
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4 Data Analysis and Experimental
Development

This chapter details the data analysis and development followed during this project to evaluate
the impact of label noise on supervised learning algorithms. This section documents a detailed
explanation of dataset selection, preprocessing, noise injection procedures, noise detection
methods, hyperparameter tuning and a possible noise mitigation approach.

4.1 Datasets Description

The experimental data analysis is performed on twelve benchmark datasets, each one selected
based on diversity in complexity, size, dimensionality and varied domains. These are standard
in machine learning research projects and are used frequently for benchmarking algorithms in
different approaches.
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Table 2- Summary of datasets used

Dataset Instances Features Classes Domain

Balance Scale[37] 625 4 3 Psychology

Breast Cancer[38] 569 30 2 Medical Diagnosis

Car Evaluation[39] 1728 6 4 Decision-Making

Dermatology[40] 366 34 6 Dermatological
Diagnosis

Glass[41] 214 9 6 Forensic Identification

Iris[42] 150 4 3 Botanical Classification

Phishing[43] 11055 30 2 Cybersecurity

Satimage[31] 6435 36 6 Remote Sensing

Seeds[44] 210 7 3 Agricultural

User 403 5 4 Educational

Knowledge[45] Assessment

Vertebral 310 6 3 Orthopedics

Column[46]

Wine[47] 178 13 3 Chemical Analysis

As described in table 2, the first dataset, Balance Scale, belongs to the psychology domain,
where balance-scale states are classified based on weight distribution. It is divided in four
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numerical attributes. Its multi class structure with balanced distribution allows the study of
label noise effects on a smaller but structed dataset.

The Breast Cancer dataset is provided by medical diagnosis procedures and is widely used for
binary classification tasks. Its instances are described by thirty numerical features that capture
various properties of breast masses.

The Car Evaluation aggregates crucial information for decision making tasks. This dataset is
described by six categorical features like price, maintenance cost, safety and comfort. With this
four classes, this dataset test the robustness of algorithms in multi class, categorical scenarios.

Then, the Dermatology is a specialized medical dataset with the purpose to diagnose
dermatological diseases. It is organized in thirty four numerical features describing clinical and
histopathological attributes.

The Glass dataset includes forensic data that is aimed to identifying types of glass from chemical
properties. It is described by nine numerical features and is specially challenging due to the
overlapping feature distributions across its six classes.

The Iris dataset is a popular benchmark dataset used in botanical studies, consisting of
measurements of iris flowers. It is described by four numerical features such as petal length,
petal width, sepal length and sepal width. Although its simplicity, this dataset provides a useful
baseline scenario for studying the effects of label noise.

After, the Phishing dataset is sourced from cybersecurity contexts and contains website
characteristics that allows to detect phishing attempts from legitimate websites. With thirty
binary and numerical features this dataset allows a comprehensive evaluation of algorithm
robustness in a large scale binary classification contexts.

The Satimage dataset is a product of remote sensing satellite imagery. Described by thirty-six
numerical attributes, is used to classify land cover types. This dataset represents a scenario with
a large volume of data and numerous classes, ideal for testing algorithm performance under
significant complexity and dimensionality.

The Seeds dataset is sourced from agricultural contexts and consists in classifying three
different wheat varieties based on seven numerical attributes connected to kernel morphology.
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This dataset is essential in a typical scenario in agricultural analysis, emphasizing the relevance
of accurate labelling for quality control.

The User Knowledge is related to educational assessments, divided by five numerical attributes.
It categorizes user knowledge levels, simulating real-world scenarios.

The Vertebral Column dataset is used in orthopedic diagnosis and described by six numerical
features representing biomechanical attributes. The goal is to classify patients based on spinal
abnormalities, making it valuable in hectare diagnosis scenarios.

At last, the Wine dataset, used in chemical analysis contexts, has 13 chemical properties
features, facilitating the classification of wines from different cultivars. This dataset provides an
excellent scenario for examining how label noise affects chemical analysis based datasets.

The comprehensive variety and context of all those datasets allows robust experimentation and
meaningful insights into the effects of systematic label noise on algorithm performance across
diverse real-world scenarios.

4.2 Experimental Development and Methodological
Framework

The experimental development approach is conduct in distinct phases, designed to first
introduce and detect the label noise, evaluate and tune detection methodologies and, at last,
perform noise mitigation. This process starts with i) phase 1, data preprocessing and noise
injection; ii) evaluation and parameter tunning of label noise detection methods; iii) ensemble
based label noise detection (two-staged approach) and iv) label noise mitigation and
performance evaluation.

This process is iterative, so each phase is built upon the previous one, allowing to verify insights
gained at each step to enhance robustness and accurately measure the impact of label noise on
classifier performance.

4.2.1 Data Preprocessing

The data preprocessing is a crucial step to assure homogeneous scaled and suitable data for
further use. All datasets are going through a similar detailed preprocess to achieve the optimal
data status.

Firstly, and since all datasets contain identification columns that don’t have any meaningful
value for the models, they are removed automatically to avoid unnecessary delays in the
model’s learning process.

Subsequently, the target variable, Y, is separated from the rest of the variables, X. The first one
is defined as initial parameter and is emphasized from the rest of the group, in order to turn
the application of the models easier. To tolerate full compatibility with the implemented
methods, all categorical variables are turned into numerical ones. This step is vital since the
methods being used, like Random Forest, or SVM, require numerical representation of the data.
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This transformation is performed with the help of the LabelEncoder, that converts each
different category in a numerical sequential representation, assuring consistency and simplicity.

The existence of missing values in numerical variables is a very common scenario, that may
jeopardize the efficiency of models. For that reason an imputation of values is made generated
by the arithmetic mean of each column. This choice allows a simple approach to minimize the
impact of those missing values.

After this, and because the target variable is categorical by nature, it is necessary to numerical
codify it using the LabelEncoder. This transformation smooths the models process and also
future evaluation of the results.

Finally, the data is normalized with the help of StandardScaler, allowing a zero mean and unit
standard deviation to all the attributes. This process is especially important in sensitive scale
methods, such as SVM and clustering techniques.

Although standard preprocessing operations were applied uniformly across all datasets, the aim
was not to optimize preprocessing itself, but to ensure data compatibility and stability for the
subsequent application of label noise detection algorithms.

4.2.2 Noise Injection Mechanism

It is necessary to artificially inject label noise in a controlled way, in order to evaluate the
performance of the noise detection methodologies being implemented in this study. Since the
original datasets are assumed to be clean, the controlled introduction of label noise allows the
creation of a ground truth that can be used for the evaluation of the distinct detection methods.

The process of the noise injection is done by a custom made function, This allows the
introduction of noise in a controlled and stratified manner, ensuring that noise is distributed
proportionally across all classes of the dataset. The reason for opting for a balanced noise
insertion poses on the need to prevent bias towards majority and minority classes, which could
misrepresent the evaluation of the methods under test.

For each class present in the label vector y, the function will calculate the number of samples
that must be corrupted according to the desired percentage of noise, in this case it is ten,
twenty and thirty percent. The number of noisy instances per class are a result of the
multiplication between the number of samples in the dataset and the defined noise percentage.
Then, for each class, the number of instances are randomly selected without replacement. The
selected instances have their true labels replaced by a randomly chosen one, excluding the
original label, to guarantee label flipping. The indexes of the modified instances are stored and
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returned alongside the noisy label vector, enabling a direct comparison between the ground
truth of noisy samples and the detections performed by the various algorithms.

This approach allows the simulation of systematic label noise with controlled intensity, enabling
the evaluation of the models’ robustness under varying noise levels.

4.2.3 Auxiliary Functions for Evaluation Metrics

To assess the quality of the noise detection methods, it is necessary to define objective
evaluation metrics based on the known set of injected noisy labels. The evaluation is performed
using standard metrics of precision, recall and F1-score, normally used in classification problems
were imbalance between true positives and false positives can affect the performance
interpretation.

Two functions are created and implemented to compute these metrics based on the detected
noisy instances provided by the noise injection. The first one is for calculating the precision and
is defined as the proportion of correctly detected noisy instances, true positives, among all
instances flagged as noisy, true positives and false positives. The second metric calculates the
recall. This represents the proportion of actual noisy instances correctly identified, true
positives, relative to the total number of noisy instances introduced, true positives and false
negatives. The F1-score is computed as the harmonic mean of the precision and recall, providing
a single measure that penalizes both false positives and negatives.

The metrics allow the systematic and quantitative evaluation of the different noise detection
algorithms across the various datasets and noise levels.

4.2.4 Supervised Ensemble Classifier with Probabilistic Calibration

One of the most important core components of the noise detection approach relies on
supervised learning, in particular a probabilistic ensemble classifier. This is created by
combining the outputs of three distinct supervised classifiers, Support Vector Machine, Random
Forest and Naive Bayes.

The idea of combining multiple classifiers happens due to the diversity of their inductive biases
and decision boundaries. When aggregating their predictions, the ensemble can leverage
complementary strengths and mitigate individual weaknesses, leading to a more robust
estimation when classifying potentially noisy instances.

Nevertheless, it is essential that the individual classifiers produce well calibrated probability
estimates, since the goal is to quantify the confidence of the assigned labels for noise detection
purposes. Poorly calibrated probabilities may lead to overconfident predictions that not reflect
true classifications and can potentially degrade noise detection performance.

For this reason, all classifiers were bound using the CalibratedClassifierCV from the scikit-learn
library, using isotonic regression as the calibration method. This isotonic calibration allows
flexibility and superior performance when sufficient calibration data is available. A three-fold
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cross-validation approach is used to fit the calibrators, ensuring that the process of calibration
does not overfit the training data.

This ensemble calibration framework allowed for the computation of confident scores per
instance by averaging the calibrated probabilities assigned to the modified label across all three
classifiers. These confident scores serve as the basis for the noise detection mechanisms in the
ensemble learning phase of the study.

4.2.5 Unsupervised Clustering via K-Means++

In addition to the supervised ensemble learning, an unsupervised clustering strategy is built to
provide complementary information for noise detection. The aim is to, upon clean data,
instances that belong to the same class should exhibit feature similarity and form coherent
clusters in feature space. Consequently, inconsistencies between cluster membership and the
assign labels may serve as an indicator of label noise.

The k-Means++ algorithm is selected for clustering due to its simplicity, scalability and improved
initialization compared to the standard K-Means. For each dataset the number of clusters is set
equal to the number of classes, assuming that a clean dataset would show cluster structures
broadly aligned with the class distribution.

A post processing step was necessary to align the unsupervised cluster assignments with the
known class labels. This is possible by searching for the permutation of cluster labels that
maximized the classification accuracy when comparing the mapped cluster assignments with
the true class labels. This process acknowledges an interpretation of clustering results with
impact, in the context of label noise.

Once the best cluster to class mapping is established, instances whose noisy label differed from
their cluster derived class are flagged as potentially noisy, thus generating a binary detection
mask for evaluation purposes.

4.2.6 Experimental Evaluation and Model Development

Following the preprocessing process and initial model definitions previously explained, the goal
of this study consists in a progressive and iterative framework for label noise detection
evaluation. This methodological design is divided in three consecutive evaluation iterations.
Each iteration build on the insights and limitations observed in the previous one. The initial
iteration begins with a baseline configuration, deliberately avoiding using any hyperparameter
optimization to capture the natural behavior of each noise detection method. In the next
iteration, hyperparameter tuning is introduced to maximize the potential of each individual
model, while still maintaining isolated evaluation. The final iteration evaluates the effect of
combining these optimized detectors into integrated hybrid architectures. Throughout all
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iterations, identical noise injection, evaluation metrics and dataset partitions are preserved, to
ensure experimental consistency. His evolution across iterations is represented in table 3.

Table 3- Summary Table: Evolution Across Iterations

Iteration Key Characteristics Tunning Applied Methods Combined Goal
1 Default parameters No Yes Establish
baseline
2 Individual Yes No Isolate
hyperparameter tunning
tuning effect
3 Tunned parameters Yes Yes Maximize
combined detection
power

4.2.6.1 Iteration one — Baseline Ensemble and Combinatorial Approaches

In the first iteration, the performance of various noise detection methods is evaluated using
default parameter settings. This stage’s purpose is to serve as a baseline assessment, aiming to
reveal the natural sensitivity of each technique without any form of tunning.

Different detection approaches are considered. The supervised method is based on an
ensemble of three distinct classifier, SVM, RF and GNB. To enable reliable confidence estimation,
each classifier is individually calibrated using the isotonic regression through a 3 fold cross-
validation scheme. Calibration is required because ensemble based detection make the
assumption of averaging classifier predicted probabilities.

For each example, ensemble confidence is the average of each classifier's confidence that the
example's (possibly noisy) assigned label was correct. Whenever this confidence is below a
chosen threshold of 0.5, the example is marked as suspected noise. The rationale for this
confidence-based ensemble technique is that systematic label noise would introduce
uncertainty and disagreement among the heterogeneous classifiers, so lower consensus
confidence scores would ensue.

Aided by the supervised detection, several unsupervised methods are employed. K-Means++
clustering is directly applied to the scaled feature space with the number of clusters set to the
number of classes. Cluster labels have the true class labels projected onto the cluster
assignments by optimizing matching accuracy of labels and clusters using permutation
alignment. A sample is labelled as potentially noisy if its noisy label is not consistent with the
most common label in its assigned cluster. This method exploits the fact that label-noise
corrupted samples will contain feature-label inconsistencies leading to cluster-label
inconsistencies.

Moreover, Isolation Forest (IF) and Local Outlier Factor (LOF) are also used to detect outliers
from feature distributions. Both of the above approaches are again used on a per-class basis,
training different models on each class subset to better learn class-conditional outlier behavior.
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For both IF and LOF, the contamination parameter that denotes the anticipated fraction of
outliers is set directly to correspond to the known ratio of injected noise. This environment,
though unrealistic for real-world use, is employed here only to facilitate reasonable baseline
comparisons in idealized situations.

In addition to testing the methods in isolation, the baseline phase also tests numerous
combinations of detection signals. These combinations take logical AND intersections, where
an example needs to be flagged by multiple detectors at once in order to count as noisy. These
configurations are experimented with, Ensemble plus K-Means++, Ensemble plus Isolation
Forest, Ensemble plus LOF, and the complete intersection Ensemble plus K-Means++ and
Isolation Forest. These combinations are attempted to check whether the merging of various
different perspectives in an integrated way can improve detection rates by reducing false
positives, but at the cost of recall.

All the methods are evaluated with respect to the known noisy instances using precision and
recall metrics. Precision gives the proportion of the instances that have been discovered and
are indeed noisy, while recall provides the proportion of the instances found successfully by the
method as noisy.

While the baseline setting offers valuable insight into the intrinsic behavior of each detector, it
is quickly realized that employing default hyperparameters is not the best choice for
accomplishing optimal detection performance. The table 4 and 5 represent the mean precision,
recall and F1-Score per dataset for iteration 1, and also for each method during iteration 1,
respectively.
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Table 4 - Mean Precision, Recall and F1-Score per Dataset for Iteration 1

Dataset Noise Level (%)  Precision Recall F1-Score
10 0.439 0.598 0.442
Balance Scale 20 0.508 0.591 0.506
30 0.600 0.612 0.578
10 0.600 0.513 0.512
Breast Cancer 20 0.680 0.566 0.591
30 0.736 0.589 0.631
10 0.482 0.541 0.445
Car Evaluation 20 0.552 0.538 0.502
30 0.636 0.533 0.551
10 0.724 0.814 0.747
Dermatology 20 0.778 0.815 0.783
30 0.793 0.824 0.797
10 0.157 0.409 0.193
Glass 20 0.333 0.534 0.374
30 0.425 0.604 0.475
10 0.728 0.841 0.759
Iris 20 0.762 0.758 0.744
30 0.796 0.800 0.788
10 0.520 0.360 0.339
Phishing 20 0.586 0.385 0.403
30 0.630 0.411 0.451
10 0.507 0.654 0.529
Satimage 20 0.585 0.651 0.591
30 0.651 0.685 0651
10 0.727 0.857 0.763
Seeds 20 0.738 0.813 0.761
30 0.770 0.781 0.766
10 0.442 0.622 0.449
User Knowledge 20 0.499 0.635 0.521
30 0.537 0.684 0.578
10 0.527 0.565 0.478
Vertebral 20 0.579 0.593 0.542
30 0.582 0.601 0.569
10 0.728 0.836 0.769
Wine 20 0.802 0.838 0.810
30 0.805 0.822 0.804
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Table 5- Mean Precision, Recall and F1-Score by method for iteration 1

Method Precision Recall F1-Score
Ensemble Learning 0.512 0.948 0.647
Ensemble + K- 0.626 0.829 0.647
Means++

Ensemble + K- 0.819 0.487 0.589
Means++ + Isolation

Forest

Ensemble + Isolation 0.732 0.530 0.604
Forest

Ensemble + LOF 0.697 0.484 0.557
K-Means++ 0.482 0.855 0.594
Isolation Forest 0.525 0.541 0.533
Local Outlier Factor 0.485 0.499 0.491

4.2.6.2 Iteration two — Isolated Hyperparameter Optimization

The second iteration is thus solely for hyperparameter tuning for individual models only,
without including any combinations at this time. This intentional segregation is what makes the
true contribution of optimized parameterization possible to be tested independently of the
potential impact of interaction of method integration.

For the ensemble learning detector, the decision threshold applied to the ensemble confidence
scores is no longer fixed. Instead, a grid search over a range of threshold values between 0.3
and 0.9 is performed, and the threshold that maximizes the F1l-score on the noisy indices is
selected. This tuning acknowledges that a fixed threshold cannot possibly achieve the optimal
precision-recall trade-off across different datasets and noise levels.

Also, in the Isolation Forest case, the parameter contamination is set using grid search over
values between 0.01 and 0.20. Contamination is directly influencing the sensitivity of the
detector, and optimal values must vary across datasets due to class structure and feature
separability variation.

Local Outlier Factor also undergoes an identical contamination optimization. Because of the
extreme sensitivity of density-based methods like LOF to contamination assumptions, this
parameter is adjusted to support varying dataset characteristics.

Hyperparameter tuning is not performed with K-Means++. This choice is both a consequence
of the unsupervised learning character of clustering and of the deterministic character of K-
Means++ once initialized using the k-means++ method.

Following hyperparameter tuning, precision and recall metrics are derived for each detector
optimized separately. Isolated evaluation here provides a more accurate estimate of the true
potential of each model under realistic tuning, free from the confounding influence of shared
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detection logic. The table 6 and 7 represent the mean precision, recall and F1-Score per dataset
for iteration 2, and also for each method during iteration 2, respectively.

Table 6- Mean Precision, Recall and F1-Score per Dataset for Iteration 2

Dataset Noise Level (%)  Precision Recall F1-Score
10 0.415 0.633 0.411
Balance Scale 20 0.473 0.614 0.486
30 0.552 0.629 0.557
10 0.483 0.683 0.554
Breast Cancer 20 0.580 0.624 0.600
30 0.618 0.591 0.597
10 0.376 0.642 0.450
Car Evaluation 20 0.449 0.541 0.478
30 0.481 0.514 0.476
10 0.672 0.864 0.751
Dermatology 20 0.741 0.849 0.789
30 0.830 0.778 0.788
10 0.148 0.486 0.213
Glass 20 0.334 0.606 0.407
30 0.436 0.594 0.475
10 0.641 0.850 0.705
Iris 20 0.741 0.767 0.740
30 0.821 0.739 0.757
10 0.306 0.493 0.356
Phishing 20 0.392 0.470 0.414
30 0.452 0.470 0.448
10 0.426 0.684 0.492
Satimage 20 0.507 0.693 0.571
30 0.619 0.660 0.617
10 0.683 0.917 0.773
Seeds 20 0.734 0.827 0.773
30 0.793 0.726 0.746
10 0.326 0.776 0.437
User Knowledge 20 0.459 0.689 0.519
30 0.558 0.636 0.557
10 0.340 0.653 0.433
Vertebral 20 0.463 0.585 0.498
30 0.565 0.551 0.540
10 0.697 0.984 0.815
Wine 20 0.779 0.875 0.824
30 0.791 0.745 0.757

30



Table 7- Mean Precision, Recall and F1-Score by method in iteration 2

Method Precision Recall F1-Score
Ensemble Learning 0.678 0.888 0.755
K-Means++ 0.441 0.820 0.548
Isolation Forest 0.548 0.525 0.524
Local Outlier Factor ~ 0.519 0.482 0.485

4.2.6.3 Iteration three — Integrated Detection through Optimized Combinations

The third iteration remains to explore more sophisticated integration strategies. In this case,
the optimized detectors are incorporated into multi-stage hybrid schemes to take advantage of
supervised and unsupervised detection paradigms' complementary strengths.

The optimum parameters for ensemble confidence thresholds and contamination levels are
reused wholesale for consistency and to enable a fair comparative evaluation. Different
integration architectures are then constructed.

In the Ensemble + K-Means++ combination, the instance is marked as noisy only if both
detectors raise an alarm on their own, thus conservatively adopting an intersection approach.
The same is adopted for the Ensemble + Isolation Forest and Ensemble + LOF combinations. A
voting mechanism approach is adopted in the new Ensemble + K-Means++ + Isolation Forest
combination and that is more liberal. Here, an example is reported if at least two out of the
three detectors have concurred on its noisiness, providing a trade-off between
overconservative and over permissive decision logic.

Finally, a Two-Stage architecture is looked at, drawing inspiration from multi-level noise filtering
architectures in the literature. In this system, the previously tuned ensemble model is first
employed to report high-confidence noise candidates. They are then submitted through
secondary confirmation through either K-Means++ or Isolation Forest. The sample is not tagged
until confirmed by a secondary detector. The tiered design is such that the ensemble model's
high recall is addressed while precision is improved through the confirmation filters.

As in all previous versions, metrics for evaluation are computed for every detection method at
all noise levels. The consistent application of the same noise injection protocols, parameter
grids, and evaluation metrics ensures that the comparison during the experiments is robust and
easily interpretable.

This incremental experimental configuration therefore enables a comprehensive assessment of
the individual and combined efficacy of the new approaches and provides empirical evidence
to support further analysis and conclusions. The table 8 and 9 represent the mean precision,
recall and F1-Score per dataset for iteration 3, and also for each method during iteration 3,
respectively.
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Table 8- Mean Precision, Recall and F1-Score per Dataset for Iteration 3

Dataset Noise Level (%)  Precision Recall F1-Score
10 0.473 0.600 0.459
Balance Scale 20 0.547 0.585 0.524
30 0.649 0.603 0.592
10 0.710 0.682 0.667
Breast Cancer 20 0.768 0.640 0.670
30 0.749 0.612 0.643
10 0.526 0.537 0.493
Car Evaluation 20 0.562 0.462 0.482
30 0.570 0.477 0.493
10 0.813 0.881 0.835
Dermatology 20 0.836 0.853 0.837
30 0.900 0.799 0.829
10 0.201 0.505 0.267
Glass 20 0.398 0.627 0.462
30 0.503 0.598 0.512
10 0.755 0.842 0.780
Iris 20 0.867 0.773 0.807
30 0.899 0.747 0.798
10 0.572 0.444 0.442
Phishing 20 0.645 0.429 0.468
30 0.649 0.432 0.482
10 0.577 0.720 0.599
Satimage 20 0.664 0.727 0.667
30 0.752 0.693 0.691
10 0.749 0.922 0.813
Seeds 20 0.789 0.820 0.795
30 0.846 0.736 0.773
10 0.498 0.782 0.567
User Knowledge 20 0.613 0.689 0.608
30 0.685 0.630 0.618
10 0.523 0.636 0.540
Vertebral 20 0.655 0.576 0.572
30 0.758 0.541 0.599
10 0.772 0.983 0.862
Wine 20 0.878 0.882 0.872
30 0.888 0.767 0.802
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Table 9- Mean Precision, Recall and F1-Score by method for iteration 3

Method Precision Recall F1-Score
Two-Staged 0.729 0.818 0.757
Ensemble Learning 0.678 0.888 0.755
Ensemble + K- 0.728 0.766 0.729
Means++

Ensemble + K- 0.648 0.833 0.719
Means++ + Isolation

Forest

Ensemble + Isolation 0.824 0.496 0.604
Forest

Ensemble + LOF 0.816 0.447 0.559
K-Means++ 0.441 0.820 0.548
Isolation Forest 0.548 0.525 0.524
Local Outlier Factor 0.519 0.482 0.485

4.2.7 Noise Mitigation with Two-Staged Filtering

Following the step-by-step advancement of the noise detection techniques in the above steps,
this final step presents the complete mitigation process. The purpose of this step is no longer
just to discover noisy instances, but to use the installed noise detection system as a
preprocessing filter, removing the noisy samples identified from the training set before
retraining the supervised models. This process allows for testing, whether actively removing
noisy samples from training by active filtering, can improve supervised learning models'
generalization performance under noisy labels.

The mitigation phase is based entirely on the iteration three architecture, leveraging its most
powerful and efficient setup. For example, the Two-Stage detection approach is used as the
primary filtering method to identify noise using a cascade of supervised and unsupervised
approaches. The Two-Stage design features high recall and precision in labelling potential
mislabeled data and minimizes deletions of well labelled data unnecessarily.

The experiment begins with injecting systematic label noise in controlled amounts into the
training set, simulating realistic class noise scenarios at ten, twenty and thirty percent noise
levels. The noise injection technique is formulated to instruct class-balanced perturbations such
that an equal ratio of instances is flipped per class. This stratified approach preserves class
distribution representativeness within experimental testing and prevents class imbalance
artifacts from distorting the noise effects.

Prior to the filtering itself being applicable, calibration of the Two-Stage detection model on
each dataset and noise level is necessary. This tuning process involves discovery of two
hyperparameters that regulate the activities of both stages of the system. The first one is the
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ensemble threshold, i.e., the minimum confidence level that instances are labelled as suspicious
by the ensemble model in the first phase. The second one controls the contamination rate used
by the Isolation Forest model in phase two and acts as a control for its sensitivity when
identifying anomalous patterns in the feature space per class.

The ensemble threshold tuning is done on a grid search basis, iterating through values from 0.3
to 0.9 in increments and observing the resulting precision, recall, and Fl-score on noise
detection against the artificially added noise as ground truth. This helps us decide on the
threshold that gives the best trade-off between correctly detecting noisy instances without too
many false positives. An identical grid search process is performed to tune the contamination
rate of the Isolation Forest. This unsupervised detector is used individually within every class
label, keeping class-conditional patterns intact at anomaly detection, and its contamination
parameter is chosen to optimize its independent F1-score on noise detection.

Once the optimal parameters are determined for a particular dataset and noise level, the overall
noise detection process is executed. During the first phase, ensemble confidence scores are
calculated as the mean predicted probabilities of the three calibrated classifiers, SVM, GNB and
RF, replicating the mechanism set in earlier iteration one. Samples with confidence scores less
than the optimized threshold are labelled as primary noise candidates.

In the second stage, more anomaly detection models are used to narrow down the initial
candidate set. Isolation Forest and Local Outlier Factor models using previously optimized
contamination rates are used within each class in isolation to identify within-class
inconsistencies that could be an indication of label corruption. In addition, K-Means++
clustering is utilized to assess class-cluster consistency, by mapping unsupervised clusters onto
recognized class labels via majority assignment, and identifying cluster assignment vs. noisy
label disputes.

The final Two-Stage filtering approach decision rule operates by accumulating these few
detection signals. l.e., a sample reported by the ensemble in Phase 1 is retained as noisy only if
one of the Phase 2 algorithms, Isolation Forest or K-Means++, individually confirms the
suspicion. The cascaded nature of this reasoning filters out only examples exhibiting both
supervised uncertainty and unsupervised inconsistency, exchanging sensitivity and specificity
in noise filtering.

After the filtering process, the filtered training set is used to retrain the new Random Forest
classifier. This model is then tested on the original, noise-free test set that remains constant
across all experimental conditions for comparison. This post-filtering performance is
systematically compared with baseline performance obtained from training on noisy data
without filtering, thereby allowing the quantification of potential benefits of the proposed
mitigation strategy.

The actions of these mitigation experiments are the best threshold and contamination
hyperparameters selected for a particular setup, the number of instances remaining after
filtering, and the retraining test accuracy achieved after retraining. These are summed up
systematically across all datasets and levels of noise to provide an overall assessment of the
applied benefit of doing noise mitigation using the proposed Two-Stage filtering framework.
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5 Results and Discussion

5.1 Evaluation of Noise Detection Performance

The effectiveness of the noise-detection framework was assessed across the twelve datasets
detailed in the previous section. Each dataset was subject to three level of synthetic label
corruption and over three iterations, beginning with the baseline calibrated ensemble,
progressing to the systematic hyperparameter optimization and ending with the two-staged
hybrid approach, and it is possible to conclude that the last one showed a clear and consistent
enhancement in overall F1-Scores.

The hyperparameter tunning itself conceded an improvement, raising the ensemble learning
F1-Score mean from 0.647 up to 0.75. However, the standalone unsupervised detectors
continued with low values of mean Fl-score, bellow 0.600, even after the tunning step.
Integrating these methods with the two-stage approach showed an uplift, reaching the peak
mean F1-Score of 0.757.

Table 10 summarizes the mean F1-Score values for each method used with different noise levels,

across the three iterations implemented, illustrating the gains obtained through tuning and the
use of the hybrid approach.
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Table 10- Global mean performance of noise detection across all datasets and noises

Method Iteration 1 F1-Score Iteration 2 F1-Score Iteration 3 F1-Score
Ensemble Learning  0.647 0.755 0.754
Ensemble Learning  0.693 - 0.729

+ K-Means ++

Ensemble Learning  0.604 - 0.604
+ Isolation Forest

Ensemble Learning  0.589 - 0.719
+ K-Means ++ +
Isolation Forest

Two-Staged - - 0.757
K-Means ++ 0.594 0.548 0.548
Isolation Forest 0.533 0.524 0.524
Local Outlier Factor 0.491 0.485 0.485

5.2 Performance Analysis per Group

To smooth the analysis of the results, the twelve datasets were separated in three behaviorally
distinct groups, each one composed by four datasets, so that similarities in feature separability,
class balance and response to noise become apparent.

The table 11 describes the organization of each group of datasets. The group A is formed by the
Iris, Wine, Dermatology and Seeds datasets. These have clear boundaries and low overlap,
accommodating consistently strong performance. The Group B has the Balance Scale, Breast
Cancer, Car Evaluation and Vertebral Column, since the classes are moderately overlapping and
have features with medium complexity. The last one, the group C, has Glass, Phishing, Satimage
and User Knowledge, and exhibit high class overlap, class imbalance and high dimensional
structures that complicate noise detection.

Table 11- Datasets separation per group

Group Dataset Characteristics

A Iris, Wine, Dermatology, High-Separability, well
Seeds structed

B Balance Scale, Breast Moderate-Separability, mid-
Cancer, Car Evaluation, sized complexity

Vertebral Column

C Glass, Phishing, Satimage, Low-Separability,
User Knowledge challenging
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5.2.1 Group A

The Group A is portrayed by well separated classes and low over position in the distribution
characteristics. For that reason, even on the first iteration it is possible to see a high mean F1-
score value. The table 12 resumes the mean of the metrics of precision, recall and F1-score for
each level noise and iteration.

Table 12- Group A’s mean precision, recall and F1-Scores per iteration and noise levels

Noise Levels Metrics Iteration 1 Iteration 2 Iteration3
10% Precision 0.727 0.673 0.772
Recall 0.837 0.904 0.907
F1-Score 0.759 0.705 0.780
20% Precision 0.770 0.749 0.843
Recall 0.806 0.830 0.832
F1-Score 0.783 0.789 0.837
30% Precision 0.791 0.809 0.883
Recall 0.807 0.747 0.762
F1-Score 0.797 0.788 0.829

At ten percent noise the iteration 1 achieves a solid F1-Score of 0.759, reflecting balanced
precision, 0.727, and recall, 0.837. The introduction per dataset of the hyperparameters tuning,
in iteration 2, shifts this balance. Precision falls to 0.673 as the decision threshold tightens
against false positives, while recall climbs up to 0.904. Yet the real effect is on the F1-score that
drops to 0.705. To contrast this situation, during iteration 3, two stage recovers both precision,
that rises to 0.772, and recall, that improves to 0.907, lifting the F1-Score to 0.780. This showed
that the hybrid confirmation can sharpen selectivity without discarding sensitivity.

Under twenty percent of noise, the baseline detectors’ F1-Score of 0.783 already says a lot
regarding the quality of the group. Tuning alone contributes with a slight increase to 0.789 by
raising recall to 0.830, but at the expense of a minimal reduction in precision. With the two-
stage architecture, precision is raised up to 0.843 with recall still at 0.832, with a substantial F1-
Score of 0.837 (+0.054 over baseline). This advantage guarantees that, under moderate noise
conditions, ensembling uncertainty with consistency in feature space is the largest performance
advantage.

With the level of noise increased to thirty percent, baseline precision, 0.791, and recall, 0.807,
sum up to the highest early F1-Score of 0.797. Hyperparameter tuning in Iteration 2, gives, once
again, some recall improvements, to 0.747, for greater precision, 0.809, resulting in a slightly
lower F1-Score of 0.788. The final hybrid phase shifts the emphasis significantly in favor of
precision, 0.883, with recall recovering to some extent to 0.762. The resulting F1-Score of 0.829
remains a high value, even if not as good as the moderate noise optimum. This move illustrates
the well-known precision/recall trade-off in high noise environments. The two-stage filter
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sacrifices a fraction of sensitivity, in order to eliminate false positives at the cost of discarding a
minor fraction of noisy true cases.

In summary, Group A's clear class separation facilitates uniformly good baseline detection.
Isolated hyperparameter tuning achieves small gains or losses, while two-stage hybrid achieves
the biggest F1-Score gains, particularly at intermediate noise levels, by mixing calibrated
ensembles' sensitivity with unsupervised confirmation's specificity.

5.2.2 GroupB

The second group presents moderate class overlap and a mix of categorical and numerical
features, which can turn noise detection more challenging when compared to the previous
group A. The table 13 shows values for mean precision, recall and F1-Scores across all iterations
for the different noise levels

Table 13- Group B ’s mean precision, recall and F1-Scores per iteration and noise levels

Noise Levels Metrics Iteration 1 Iteration 2 Iteration3
10% Precision 0.511 0.408 0.562
Recall 0.574 0.659 0.635
F1-Score 0.442 0.411 0.459
20% Precision 0.581 0.494 0.639
Recall 0.588 0.611 0.598
F1-Score 0.506 0.486 0.524
30% Precision 0.641 0.567 0.696
Recall 0.604 0.589 0.585
F1-Score 0.578 0.557 0.592

At ten percent noise, baseline detector works reasonably well, with a F1-Score of 0.442, low
precision, 0.511, and recall, 0.574, in balance. Hyperparameter tuning in Iteration 2 enhances
recall to 0.659 by lowering the ensemble confidence threshold and contamination levels, but
doing so, ends up lowering the precision, 0.408, and there is a net loss of the F1-Score to
0.411. The two-stage cascade of Iteration 3 both captures aspects of performance, precision is
improved to 0.562 and recall remains high at 0.635, raising theF1-Score to 0.459 and
demonstrating that unsupervised validation can reverse the too many false positives induced
by tuning alone.

At the twenty percent noise level, the baseline setting achieves F1-score of 0.506. Iteration 2's
parameter adjustment again increases recall to 0.611, but also pushes down precision to 0.494
so that the F;-Score is lowered slightly to 0.486. Iteration 3's hybrid detection, however,
achieves precision of 0.639 and recall 0.598, giving an F1-Score of 0.52, a 0.018 increase over
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the baseline. This result demonstrates the two-stage model's ability to recover selectivity
without sacrificing sensitivity even in the presence of increased noise.

At thirty percent noise, baseline F1-Score is 0.578, which means higher noise prevalence
paradoxically improves the detector's performance in recognizing mislabeled patterns in these
sets. Iteration 2 also compromises precision, 0.567, and recall, 0.589, with F1-Score of 0.557.
Iteration 3 benefits from both, precision improves to 0.696 and recall continues at 0.585, with
an F1-Score of 0.592. Although this is below baseline peak, it is nonetheless superior to the
stand-alone, it demonstrates the hybrid approach's steady advantage in reducing false positives
and false negatives.

Briefly, Group B's less diversified feature spaces by definition complicate noise detection.
Hyperparameter tuning only leads to over-compensation that boosts recall at the expense of
precision. The two-stage cascade of Iteration 3 only improves consistently over the baseline F1-
Score on all noise levels by harnessing ensemble uncertainty and unsupervised validation in
feature space.

5.2.3 GroupC

The last group poses the greatest challenge due to its pronounced class overlap, heterogenous
feature scales and complex decision boundaries. The table 14 summarizes the mean values of
precision, recall and F1-Scores across all iterations and noise levels.

Table 14- Group C’s mean precision, recall and F1-Scores per iteration and noise levels

Noise Levels Metrics Iteration 1 Iteration 2 Iteration3
10% Precision 0.373 0.260 0.424
Recall 0.464 0.585 0.577
F1-Score 0.193 0.213 0.267
20% Precision 0.473 0.395 0.552
Recall 0.518 0.588 0.582
F1-Score 0.374 0.407 0.468
30% Precision 0.531 0.482 0.612
Recall 0.566 0.567 0.553
F1-Score 0.475 0.475 0.512

At ten percent noise, the baseline detector gives very poor discrimination with a F1-Score of
0.193, whereas recall is moderate, 0.464, precision remains low, 0.373, which indicates fewer
than four in ten labeled as noisy are indeed noisy. Including hyperparameter tuning in Iteration
2 shifts the operating point, recall rises to 0.585 but at the steep cost of precision, 0.260, and
the overall F1-Score rises scarcely at all to 0.213, displaying an obsessive false-positive rate. The
two-stage cascade of Iteration 3 delivers a more even result as precision rises to 0.424 and recall
remains high at 0.577, taking the F1-Score to 0.267. This thirty-eight percent relative gain above
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baseline F1-Score, shows that unsupervised confirmation represses much of the over-flagging
resulting from tuning alone.

As noise is increased to twenty percent, baseline properly flags nearly half of noisy labels, recall
0.518, with corresponding precision of 0.473 and F1-Score of 0.374. Iteration 2 tuning brings
recall up to 0.588 but reduces precision to 0.395, improving only slightly to F1-Score, 0.407. In
contrast, Iteration 3's fusion detection greatly enhances selectivity, accuracy improves to 0.552
while remembering 0.582, driving the F1-Score to 0.468, a persistent 0.094 point increase over
the untuned baseline.

Using the largest thirty percent noise level, baseline performance with F1-Score of 0.475,
records the detector's difficulty in distinguishing true structure from the pervasive label
corruption. Hyperparameter adjustment in Iteration 2 does not result in any F1-Score
improvement, it remains at 0.475, while there are minor improvements in precision. In contrast,
Iteration 3's two-stage structure increases precision to 0.612 while recall is kept at 0.553, with
an F1-Score of 0.512. Although this is less than that for less noisy groups, it again points out the
value of the hybrid method: even with high levels of noise, coupled supervised—unsupervised
filtering recovers more than eight F; points from the baseline.

Overall, high feature heterogeneity and overlapping classes of Group C severely degrade out-
of-the-box noise detection. Hyperparameter tuning alone oscillates between under- and over-
sensitivity, whereas the combined two-stage cascade maximizes systematically the precision vs.
recall balance at all noise levels. These results all validate that systematically label noise can be
reliably identified only by combining ensemble uncertainty with unsupervised confirmation in
feature space.

5.3 Evaluation of Mitigation Effectiveness

After evaluating the performance of noise detection in each of the iterations of the proposed
detection framework, the final task of this experimental study was to evaluate if the process of
noise mitigation can actually contribute to improvement in the performance of the downstream
supervised learning task.

The mitigation process, executed by the proposed iteration three Two-Stage noise detection
approach, is to take the optimized noise detection models, identify suspected noisy instances,
filter them from the training data, and retrain a downstream classifier on the filtered data. As
noted above, the Random Forest classifier was employed as the common evaluation model for
all experiments to allow comparability between baseline and post-mitigation performances.

5.3.1 Global Evaluation of Accuracy Gains During Mitigation Step
To comparatively assess the mitigation impact across the different datasets and noise levels, it

was estimated the accuracy gain, such as the difference in accuracy attained after mitigation
and the baseline accuracy attained during training on the noisily labelled data itself.
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Table 15- Summary of aggregated accuracy gain per dataset and noise level

Group Dataset 10% Noise 20% Noise 30% Noise
Iris -4.44% +2.22% +8.89%
Wine +1.85% +3.70% +1.85%
A Dermatology -0.91% -0.91% -3.64%
Seeds +4.76% +3.17% +11.11%
Balance Scale +4.79% +4,26% +6.91%
Breast Cancer -1.17% 0.00% +4.68%
B Car Evaluation +2.12% +5.20% +0.50%
Vertebral +4.30% +2.15% +3.23%
Glass -7.69% +1.54% -7.69%
Phishing +0.91% 3.87% +1.42%
¢ Satimage -1.55% 1.35% -1.66%
User Knowledge -3.31% +0.83% +0.83%

As has been observed in table 15, the mitigation strategy also shows encouraging accuracy gains
in most of the datasets, particularly at the higher noise rates of twenty percent and thirty
percent. This confirms that the proposed technique was able to successfully identify and
remove noisy mislabeled instances and enhance model performance in heavily label noise-
contaminated cases.

However, certain datasets such as Glass, Dermatology, Satimage, and User Knowledge to some
degree exhibit little or even a negative improvement over certain levels of noise, these kinds of
fluctuations are likely to be related to the inherent complexity, skewness and small data size of
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these specific datasets that make it challenging to determine noise and filtering without
suffering collateral loss of informative examples.

5.3.2 Visual Analysis

The figures bellow provide two graphical representations of accuracy gain distribution across
datasets and noise levels.

The figure 2 presents the accuracy gain pattern per dataset as noise levels increase
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Figure 2- Accuracy Gain vs Noise Level Histogram
The histogram shows that data sets like Seeds, Iris, and Balance Scale show consistent

improvement in accuracy with higher levels of noise, indicating the robustness of the mitigation
algorithm in these data sets. In contrast, data sets like Dermatology and Glass show erratic
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behavior, suggesting that there has been a time when over-filtering has removed some useful
clean instances along with noisy ones.

The second plot, figure 3, is a heatmap of accuracy gains:
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Figure 3- Heatmap of Accuracy Gains

The heatmap is particularly good at picking out the datasets that benefited most from the
mitigation strategy, Seeds to +11 percent gain at thirty percent noise, while picking out tougher
cases where the noise filtering had minimal effect or actually decreased performance.

5.3.3 Global Interpretation

In general the results suggests that the proposed two-stage noise filtering method is quite
effective, particularly in the event of moderately distributed classes, satisfactory sample size,
and relatively separated classes.

The larger the level of noise, the more the effect of filtering, such as in several datasets where
improvement was greater with higher levels of noise contamination.

Datasets with excessive class overlap, imbalance, or limited training instances, such as Glass
and Dermatology, remain challenging and may require more specific preprocessing, or more

43



judicious filtering thresholds or more hybrid methods involving detection with confidence-
based relabeling instead of flat instance removal.

These findings validate the hypothesis that systematic label noise could be effectively
addressed by tight detection and filtering mechanisms and emphasize the importance of
hyperparameter tuning at each step of the mitigation pipeline to acquire maximum robustness.

5.4 Final Discussion

The comprehensive experimental framework developed throughout the duration of this work
enabled a thorough investigation of supervised learning robustness to label noise, and in
particular systematic in nature. The multi-phase experimental design, with incremental
algorithmic revisions, iteration one to three, systematic hyperparameter tuning, and
subsequent mitigation analysis, allows for several high-level observations to be made.

Firstly, the incremental complexity of the noise detection pipeline helped achieve more and
more robust detection results. The initial confidence-based ensemble detector, iteration one,
already provided a solid foundation, particularly due to the diversity generated by the
combination of probabilistic predictions from various classifiers. However, its lack of dataset-
specific specialization limited it from generalizing well to diverse datasets and noise levels.

The second revision, iteration two, by explicit hyperparameter tuning, demonstrated that
diligent ensemble threshold and anomaly contamination rate tuning for Isolation Forest and
LOF could dramatically enhance detection recall and precision. This only goes to highlight that
noise detection is acutely sensitive to dataset-specific structures, class distributions, and
underlying feature spaces.

The final revision, iteration three, consolidated these enhancements into a hybrid two-stage
detection system, cascading supervised and unsupervised detectors. The two-stage method
leveraged the high confidence of ensemble predictions to define an initial candidate set, which
was then purified by feature consistency analysis, K-Means++, Isolation Forest, LOF. This
process consistently yielded higher Fl-scores, indicating better balance between recall and
precision. Remarkably, this framework also demonstrated stability at high noise levels, thirty
percent, where most traditional methods begin deteriorating severely.

Apart from detection quality, the mitigation analysis also revealed strong evidence of
downstream practical utility. By filtering out examples detected as noisy, subsequent
supervised model training on the cleaned datasets frequently led to improved classification
accuracies. Yet, the magnitude of the improvements was not uniform across datasets, with
some of them, for example, Seeds, Balance Scale, Iris and Wine, receiving clear gains while
others, Glass, Dermatology and Satimage, sometimes negatively suffered from inadvertent
over-filtering when class overlap or small sample sizes were present.

Together, the results validate the primary hypothesis of this dissertation: that systematic label
noise can be effectively detected and mitigated under heterogeneous ensemble methodologies,
provided that sufficient model diversity, per-dataset calibration, and multi-phase verification
mechanisms are employed. Furthermore, this work demonstrates that robust noise handling is
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not merely a supplementary preprocessing step but has a direct impact on the downstream
generalization performance of supervised learning models.

These findings suggest several avenues for further development, such as the application of
adaptive thresholding techniques, dynamic ensemble member weighting, and further
exploration of semi-supervised or active learning strategies to enhance detection boundaries.
Nevertheless, the framework developed here provides a solid foundation for establishing
supervised learning robustness to real-world noisy data conditions, with direct applicability to
practical domains such as healthcare, finance, and social sciences where annotation quality
tends to be less than perfect.
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6 Conclusions and Future Directions

6.1 Conclusions

This study has demonstrated that a two-step hybrid pipeline, combining a calibrated ensemble
of Support Vector Machine, Random Forest and Naive Bayes classifiers with k-Means++
clustering and class-conditional anomaly detectors, improves detection and mitigation of
systematic label noise on a dozen heterogeneous benchmark datasets. In a baseline
configuration, the calibrated ensemble alone achieved an average F1-Score of 0.647 under
exposure to ten, twenty and thirty percent synthetic noise. Through systematic hyperparameter
tuning of the ensemble confidence threshold and anomaly contamination rates, that F1-Score
increased to 0.755. Lastly, by cascading supervised uncertainty estimation with unsupervised
consistency checking in a two-stage framework, this approach achieved an overall F1-Score of
0.757, outperforming every single-stage approach and reducing both false positives and false
negatives.

Datasets with well-separated classes and low overlap, such as Iris, Wine, Dermatology and
Seeds, also exhibited the best baseline noise-detection performance with a F1-Score bigger
than 0.75, and still benefited from the two-stage pipeline by up to 0.054. On feature domains
of medium overlap and mixed feature types, like Balance Scale, Breast Cancer, Car Evaluation
and Vertebral Column, where decision boundaries are less clearly defined, the hybrid approach
still produced clear F1 gains of 0.018 to 0.066. Most obviously, even highly overlapping, high-
dimensional datasets, such as Glass, Phishing, Satimage and User Knowledge, which suffered
the worst out-of-the-box detection, with a F1-Score smaller than 0.40, had relative
improvements of up to 0.094 when ensemble predictions were ratified through unsupervised
anomaly and clustering cues. These findings confirm that feature complexity and class overlap
strongly detract from noise detection, yet a carefully tuned two-stage pipeline recovers
performance under all evaluated conditions.

When the two-stage filter was employed as a preprocessing step to remove flagged samples
before retraining a Random Forest classifier, predictive accuracy gains of up to 11.11% were
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observed, in the Seeds dataset with the noise level at thirty percent, with more moderate
improvements of two to five percent on the majority of datasets at the higher noise levels. This
confirms that effective noise mitigation not only cleanses corrupted labels but also results in
better downstream generalization. However, in regions of extensive overlap or small sample
sizes, Glass, Dermatology, Satimage, User Knowledge, vigorous filtering sometimes removed
informative examples, leading to modest declines in accuracy. This points to the need for
tailoring confidence thresholds and contamination parameters to the peculiarities of each data
set.

In conclusion, the evidence shows that the proposed hybrid approach outperforms existing
baseline approaches, is robust against a wide range of dataset complexities, and largely
enhances predictive accuracy under systematic label corruption.

6.2 Limitations and Future Work

In spite of these encouraging results, this study also uncovered some limitations that can be
explored further. In datasets that show severe class imbalance, extremely high feature
dimensionality or strong boundary overlap, for example Glass, Dermatology and Satimage, the
two-stage filter at times deleted informative examples as well as noisy examples, resulting in
suboptimal or even negative improvements in subsequent accuracy. This phenomenon
evidences the intrinsic trade-off between sensitivity and specificity when using deletion-based
mitigation.

Follow-up work should therefore explore more subtle strategies for handling uncertain cases.
One possibility is confidence-association relabeling instead of removal, thereby keeping
potentially useful data while still penalizing low-confidence labels. Adaptive ensemble
techniques that update classifier weights flexibly based on per-class calibration performance
could further improve robustness in imbalanced domains. Enlarging the pipeline to
accommodate more realistic noise models, such as feature-dependent or adversarial labeling
errors, would enhance its applicability to real-world problems further.

Finally, extending this framework to unstructured data modalities, like text, images, time series,
and to streaming environments where labels arrive sequentially, would make it even more
applicable to modern machine learning tasks. Investigation of semi-supervised or active
learning extensions, where human information can be selectively queried to resolve doubtful
cases, offers the promise of trading off automation with intelligent control. Together, these
developments will pave the way towards truly noise-resilient prediction machines suitable for
high-stakes domains such as healthcare, finance and social sciences.
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