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Abstract

Machine learning (ML) now plays a direct role in decisions that shape people’s access
to healthcare, credit, employment, and justice. When these systems learn from data
that carries social bias, they can unintentionally reinforce inequality rather than help
to reduce it. This thesis focuses on improving fairness through in-processing strategies
while keeping decision processes understandable to those affected by them. The
central idea is to blend the transparency of fuzzy rules with the predictive strengths
of neural networks (NNs). In doing so, the work explores how sensitive information
influences model behaviour and proposes mechanisms to keep that influence under
control.

The thesis unfolds in three main stages. The first contribution introduces an
in-processing learning strategy that uses attribution signals to identify when sensitive
features dominate predictions and suppresses such behaviour during training. The
second contribution updates the Adaptive Neuro-Fuzzy Inference System (ANFIS)
by integrating kernel functions to increase flexibility and by injecting attribution
feedback to improve stability and rule usefulness. The third contribution builds on
this idea by allowing both the rule base and membership functions to evolve while
the network trains, making the system more responsive to how bias appears across
different data contexts.

These developments are later unified into a single framework that works with
commonly used attribution techniques, such as Integrated Gradients (IGs) and
SmoothGrad. The framework reports fairness indicators alongside classification
performance and offers interpretable, rule-level insights into where harmful bias may
arise.

The methods are evaluated on simulated datasets and public benchmarks, in-
cluding Adult, Correctional Offender Management Profiling for alternative sanctions
(COMPAS), and German Credit. Across all cases, the proposed models reduce group-
level disparity measures such as statistical parity difference and disparate impact,
while maintaining accuracy comparable to standard baselines. The results confirm
that it is possible to improve both interpretability and fairness at the same time when

i



neuro-fuzzy reasoning is embedded into the core of the learning process.
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Chapter 1

Introduction

1.1 Trend

Over the past twenty years, ML has moved from research labs into everyday ap-
plications. It now supports decision-making in areas such as finance, health care,
education, employment, and criminal justice [1]. This rapid spread has been made
possible by the increased computing power, the rise of large public datasets, and the
development of new neural architectures. As these systems became more capable,
they also began to influence people’s lives in direct ways—deciding who gets a loan,
which candidate is shortlisted for a job, or how a medical condition is classified.
Along with these benefits came growing concern about how fair and transparent these
automated processes really are [2].

Research over the past decade has shown that ML models trained on historical
data often reproduce the same social biases present in those data [3]. Well-known
examples include the COMPAS tool for recidivism prediction, which produced unequal
error rates across racial groups, and hiring systems that downgraded resumes from
female applicants because of past gender imbalances. These examples demonstrate
that ML models are socio-technical systems rather than impartial instruments, and
their results are influenced by the data, objectives, and limitations that inform them.
As a result, the area now addresses fairness, interpretability, and responsibility rather
than just accuracy. This relationship is summed up in Figure 1.1: the degree to
which fairness, interpretability, and accountability overlap and support one another
determines how credible Artificial Intelligence (AI) is.

1
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Figure 1.1: Trust domains in ML: fairness, interpretability, and accountability.

Institutions and governments have started to respond to these problems. For
example, high-risk AI applications must be subject to independent evaluations for
fairness and transparency under the European Union Artificial Intelligence Act (EU
AI Act) [4]. Ethical principles that demand human oversight, traceability, and
non-discrimination in automated systems have also been released by professional
associations and policy groups [5]. These steps point in a clear direction: bias
prevention must result in models that end users can understand, audit, and trust, in
addition to lowering inequalities. Figure 1.2 demonstrates how Explainable AI (XAI)
techniques can enhance automated results by connecting black-box predictions with
human comprehension.

Technically speaking, the machine learning community has put out a number of
strategies to lessen bias. These fall into three categories: in-processing techniques that
include fairness in the learning process directly, post-processing techniques that affect
model outputs, and pre-processing techniques that alter training data [6]. Although
they are frequently simpler to implement, pre- and post-processing obscure the basic
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Figure 1.2: Explainable AI (XAI) pipeline.

idea. On the other hand, in-processing techniques alter the learning goal itself,
directing the model to adhere to fairness restrictions. They are therefore appropriate
for situations requiring both performance and transparency. However, the majority
of in-processing techniques used today, such as fairness-constrained optimization and
adversarial debiasing, continue to function as black boxes [7]. Their implementation
in high-stakes choices is limited because, while they may enhance statistical metrics
of fairness, they provide little insight into how those gains are made.

As a result, recent research tends to integrate interpretability and fairness. While
interpretability included within the model itself explains how adjustments take place,
explainability aids in determining whether a model depends too much on sensitive
features. Using rule-based models, causal structures, or fuzzy logic, hybrid solutions
have the potential to develop ML systems that are socially responsible [8]. Because it
can convey rules that are comprehensible by humans while yet fitting into gradient-
based training, fuzzy logic is particularly helpful [9]. This characteristic makes it
perfect for integrating model transparency with fairness methods. The Neuro-Fuzzy
XAI architecture, as illustrated in Figure 1.3, combines NN feature extraction with
fuzzy inference and explainability layers to provide decisions that are transparent and
human-understandable.

All things considered, the present ML trend is a result of a confluence of policy
pressure, public concern, and technological advancement. In addition to accuracy,
models are being evaluated on their capacity for fair behavior, justification, and
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accountability. New algorithms and frameworks that make those methods transparent
and verifiable are both necessary to address bias in neural systems.

By creating in-processing neuro-fuzzy approaches that incorporate interpretability
into fairness mitigation, the work presented in this thesis moves in this direction and
advances the larger objective of reliable and socially conscious ML.

Figure 1.3: Conceptual Neuro-Fuzzy XAI framework.

1.2 Thesis Objectives and Motivations

The primary objective of this research is to create ML models that, without compro-
mising accuracy, produce predictions that are transparent and equitable. Because
ML now informs real decisions that affect people, models must be both reliable and
interpretable. While conventional NNs are effective at learning intricate patterns, they
function as black boxes, providing little information about how they arrive at their
findings. It is challenging to determine whether a model is introducing bias by using
sensitive data, like gender, ethnicity, or age, because of this lack of interpretability.

To address the challenges mentioned above, this thesis explores a set of neuro-fuzzy
learning strategies that bring the interpretability of fuzzy rules into NN training. The
idea is to ensure that fairness is not introduced later as a correction but becomes a
natural feature of the model from the very beginning. By guiding the model during
learning instead of after deployment, the system can avoid basing decisions too heavily
on sensitive attributes. The fuzzy rule structure is well-suited for this because it
interacts smoothly with gradient-based optimization while still expressing decision
logic in a form that humans can inspect and understand.
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The overall aim is to integrate the goals of fairness and interpretability into one
process instead of treating them in isolation. The research investigates how NNs
can be steered away from relying on unfair correlations in the data while they learn.
Attribution tools, such as saliency analysis and IGs, are used to detect when sensitive
information has too much influence on predictions. When that occurs, the proposed
mechanisms adjust the learning behavior to keep those effects under control while
preserving predictive performance. To achieve this, attribution methods such as
saliency maps and IGs [10] are used to monitor which features influence the network’s
predictions. If these analyses reveal that a sensitive feature has gained too much
importance, fuzzy rules are applied to moderate its effect. Presenting this control
through explicit rules keeps the intervention understandable and allows the learning
algorithm to remain transparent in how it reduces bias.

The first objective of this research is to develop a regularization strategy that uses
saliency information to limit how much a model relies on sensitive attributes. Feature-
attribution methods, such as saliency maps, highlight cases where these attributes
influence predictions more than they should. In such situations, the regularization
term increases the training penalty to reduce this effect. The aim is to improve
fairness without causing a noticeable drop in predictive accuracy [11].

The second part of the work extends ANFIS by incorporating kernel functions
and attribution-guided fuzzy rules. These additions help the system handle complex
data more reliably and maintain clear rule behavior in high-dimensional settings [12].

The third objective introduces a training strategy in which the membership
functions and rules are not fixed. Instead, they update throughout learning, so the
model can better react when patterns of bias shift across the dataset [13].

All three design choices are then unified into a single framework. The full system
allows rule activations and fairness indicators to be monitored during training, and it
remains compatible with attribution methods such as IGs and SmoothGrad [11][14].

Although fairness-constrained learning and adversarial debiasing have produced
strong empirical results, the decision logic they induce is often difficult to inspect
or communicate [15]. In many settings, practitioners rely on post-hoc explainability
to justify model behaviour, yet attribution-based explanations can vary across runs
and may not reliably indicate the true drivers of a prediction [16]. In addition, a
large portion of the literature applies fairness interventions after a model has already
learned its internal representations, which limits how directly bias is controlled during
training [17]. These limitations motivate a design in which fairness objectives and
interpretability are built into the learning process itself, using neuro-fuzzy components
that express decisions through structured rules and membership functions [18].

The objectives of this thesis are as follows:
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• Develop in-processing learning strategies that use feature-attribution informa-
tion to monitor how sensitive attributes influence NN predictions and reduce
this influence when necessary.

• Build upon ANFIS by introducing kernel functions and attribution-guided
fuzzy rules, improving its ability to model complex data while preserving rule
interpretability.

• Design a training scheme in which fuzzy rules and membership functions update
over time, allowing the system to adapt when bias patterns change within the
data.

• Integrate these components into a single, differentiable neuro-fuzzy framework
that remains compatible with standard optimization algorithms and is portable
across diverse datasets.

• Assess the proposed models on simulated data and public benchmarks (Adult,
COMPAS, German Credit), comparing their fairness indicators and predictive
behaviour against well-established baselines.

These aims respond to well-known shortcomings in existing fairness-oriented
learning techniques and match the increasing expectation for transparency when
automated predictions are used in practice. Current policies, including the EU AI
Act, emphasize that decisions affecting individuals must be traceable and justified.
Within this thesis, fairness and interpretability are not treated as add-ons after the
model is trained but as core properties built into the design. The framework relies
on fuzzy rules to make the decision logic accessible throughout both training and
evaluation. More broadly, the objective is to move away from systems judged only by
accuracy and toward models whose outcomes can be understood, questioned, and
trusted in real-world settings.

1.2.1 Research Questions

This thesis is guided by the following research questions:

RQ1: How can attribution signals be used during training to detect and suppress
reliance on sensitive features?

RQ2: Can the inclusion of a neuro-fuzzy rule layer provide intrinsic interpretability
while improving group fairness metrics without incurring a substantial loss in
predictive accuracy?
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RQ3: How does the kernelization of Adaptive Neuro-Fuzzy Inference Systems (AN-
FIS) influence representational capacity and training stability under fairness
constraints?

RQ4: When bias patterns vary across data contexts or distributions, can dynamic
updates of rules and membership functions preserve fairness improvements
over time?

RQ5: What trade-offs arise between fairness performance, interpretability, and
computational cost when compared with standard fairness-aware learning
baselines?

These considerations motivate the choice of a neuro-fuzzy modelling framework
in this thesis. Fuzzy systems provide rule-based representations that are inherently
interpretable, allowing decision logic to be expressed in a form that can be inspected
and constrained. At the same time, their integration with neural architectures enables
end-to-end differentiable training using standard optimization techniques. This
combination offers a natural mechanism for embedding fairness-related constraints
directly into the learning process while preserving both predictive performance and
transparency. For these reasons, neuro-fuzzy models are particularly well-suited to
addressing the interpretability and adaptability challenges identified above.

1.3 Contributions

This thesis contributes to fairness-aware machine learning by designing neuro-fuzzy
models that leverage attribution signals while preserving the clarity of rule-based
reasoning.

• A learning mechanism that uses attribution cues to prevent NNs from relying
heavily on sensitive data during training.

• Enhancements to ANFIS through kernel functions and attribution-guided rule
construction, improving stability and the capability to capture complex relations.

• A dynamic update process in which both the rule base and membership functions
evolve during training, enabling the model to adapt when bias patterns shift.

• A unified neuro-fuzzy design that remains compatible with standard gradient-
driven optimization and supports different attribution techniques.
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• Experimental analysis on benchmark datasets, including Adult, COMPAS, and
German Credit, comparing predictive behaviour and fairness outcomes with
widely used baselines.

Taken together, these developments demonstrate that fairness and interpretability
can be achieved within one learning pipeline rather than through later adjustments.
The work progresses from a simple regularization idea to a complete framework that
can be trained, interpreted, and evaluated through rule inspection. The proposed
models allow the role of sensitive features to be examined while the network learns,
showing that fairness improvements can be obtained without sacrificing reliability.
The thesis, therefore, established a practical approach for building models whose
behaviour can be monitored and guided throughout training.

Figure 1.4: Organization of the thesis and flow of contributions.
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1.4 Thesis Outline

This thesis is structured into nine chapters, progressing from motivation and theoreti-
cal background to model development, evaluation, and final reflections. The material
is presented as a continuous narrative rather than as separate papers, so each chapter
builds on the previous one. Figure 1.4 illustrates the overall organization of the thesis
and highlights how the individual methodological contributions are developed and
integrated.

Chapter 1 – Introduction describes the motivation for the research and sets
out the main goals. It highlights why fairness and interpretability are necessary
qualities in current ML systems and introduces the neuro-fuzzy ideas developed in
the thesis.

Chapter 2 – Background and Preliminaries outlines the core concepts needed
for the remainder of the work, including fairness definitions, attribution techniques,
and neuro-fuzzy modelling. The problem setting and notation used throughout the
thesis are introduced here.

Chapter 3 – Literature Review surveys existing research on bias mitigation
and interpretability in ML. It discusses the current limitations that motivate the need
for new approaches.

Chapter 4 – Research Contributions and Roadmap connects the individual
methods developed in the thesis and describes how the work evolves from the initial
idea to the full framework.

Chapter 5 – Saliency-Guided Fuzzy Regularization introduces the first
model, which employs attribution signals during learning to reduce reliance on
sensitive information.

Chapter 6 – Kernelized and Attribution-Driven ANFIS presents the
second contribution, enhancing ANFIS with kernel functions and attribution-based
rule design to improve flexibility and stability.

Chapter 7 – Dynamic Fuzzy Rules for Adaptive Mitigation develops a
training scheme in which both the fuzzy rules and their membership functions are
updated as learning progresses, enabling adaptation to changes in bias patterns.

Chapter 8 – Unified Neuro-Fuzzy Framework with Benchmark Vali-
dation integrates all previous elements into a complete system and evaluates its
predictive performance and fairness using standard datasets.

Chapter 9 – Synthesis and Conclusions summarizes the key outcomes,
discusses limitations, and suggests directions for future research.

The first three chapters provide context and theoretical grounding, while the
remaining chapters develop, test, and refine the proposed models. The next chapter
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begins with the background material needed to understand the methods introduced
later in the thesis.

10



Chapter 2

Background and Preliminaries

2.1 Algorithmic Fairness Foundations

The wider use of ML in credit, courts, healthcare, and recruitment has raised fresh
worries about biased outcomes [19]. Bias can appear at different stages of the ML
pipeline—from data collection to model deployment—and, if left uncorrected, may
reproduce or even worsen existing social inequalities [20]. This section reviews the
main types of bias found in ML, the formal definitions of fairness most often discussed
in the literature [21], and the common trade-offs between fairness and predictive
performance [22].

2.1.1 Types of Bias in ML

Bias in ML can take several forms rather than a single, uniform pattern. Some of the
most widely studied types include:

• Dataset bias: appears when the training data do not adequately represent the
target population. For instance, if a healthcare dataset underrepresents certain
demographic groups, a model trained on it may perform poorly or unfairly on
those populations [23].

• Representation bias appears when certain sensitive groups, for example, by
gender or ethnicity, are over- or under-represented in the data. This can hide
unintended links between those groups and the model’s predictions.

• Measurement bias can arise when the process of gathering features or labels
alters the values being recorded. For instance, crime statistics may reflect the
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frequency of policing in certain neighborhoods rather than the true occurrence
of illegal activities.

• Algorithmic bias can originate from the model’s learning behavior, especially
when optimization is driven mainly by accuracy. In such cases, the model may
reinforce patterns in the data that already disadvantage certain demographic
groups [24].

Different types of bias can appear at various points in the workflow, and they
often interact, which makes it hard to isolate a single source. Mitigating their impact
requires a broad view of the learning pipeline, covering data collection, model design,
and evaluation practices.

2.1.2 Fairness Notions

Researchers have suggested different mathematical approaches for reducing bias in
ML systems. Since no single definition is suitable for all applications, two main
perspectives are commonly considered:

• Group fairness evaluates how outcomes differ between groups defined by
sensitive attributes. Several measures fall into this category:

• Demographic Parity (DP): a model should give positive predictions with similar
frequency across groups, regardless of the sensitive attribute.

• Equalized Odds (EO): rates of false positives and false negatives should be
comparable for different groups [25].

• Predictive Parity: a given prediction at the output of a model, its correctness
should be consistent across different groups.

• Individual fairness requires that people with similar relevant characteristics
receive similar predictions. This approach evaluates fairness at the level of each
example rather than only through group statistics.

These fairness notions do not always align, so a model that satisfies one may fail
to meet another. For this reason, the fairness objective must be chosen based on the
needs and context of a specific application.
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Figure 2.1: Fairness–Accuracy–Interpretability trade-off triangle with Trustworthy
AI at the center.

2.1.3 Fairness–Accuracy Trade-off

A well-known challenge in fairness-aware learning is the effect that fairness constraints
can have on accuracy. When a model is discouraged from relying heavily on sensitive
attributes, its predictive performance may drop slightly, especially if those attributes
correlate with the label [26]. The objective is to limit this impact while avoiding
outcomes that treat certain groups unfairly [27].

In this work, fairness is incorporated into the learning procedure itself rather
than as a correction applied afterward. In practice, accuracy and fairness need
to be balanced and monitored together. The proposed methods combine fairness
objectives with interpretable rule-based reasoning to support prediction quality and
allow inspection of how decisions are formed [28]. Figure 2.1 illustrates the relationship
between fairness, interpretability, and accuracy.
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2.2 Explainable Artificial Intelligence (XAI)

As ML models become increasingly complex, it is often difficult to understand why
they produce certain predictions. Techniques such as deep NN, ensembles, and other
non-linear approaches can reach high accuracy, yet the reasoning behind their outputs
is not always accessible to end users [29]. This lack of transparency can be especially
concerning in critical applications, including finance, healthcare, and criminal justice,
where decisions require justification and accountability.

For these reasons, XAI has emerged as a research area focused on providing insight
into model behavior and making predictions easier to interpret [30].

2.2.1 Post-hoc and Intrinsic Interpretability

Interpretability approaches are commonly divided into two broad categories:

• Intrinsic interpretability describes models that are designed to be under-
standable without additional tools. Examples include decision trees, linear
models, and rule-based systems. Their decision logic is directly visible, although
these models may face difficulties with very large or complex feature spaces
[31].

• Post-hoc interpretability refers to techniques that explain the behaviour of
models whose internal reasoning is not easily accessible. These methods aim
to provide insight into decisions after the model has been trained. Common
approaches include visualizations, feature-importance measures, and local sur-
rogate models [32]. These techniques are widely used in deep learning (DL),
where the model structure generally does not allow direct interpretation.

2.2.2 Attribution Methods

Attribution methods represent a key class of post-hoc approaches. They assign a
contribution score to each input feature based on its effect on a particular model
output. Among the most commonly used are

• Saliency Maps: compute gradients of the output with respect to inputs,
highlighting which features have the greatest impact on the decision [11].

• IGs: average gradients along a path from a baseline input to the actual input,
producing more stable and theoretically grounded importance scores [33].
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Figure 2.2: Typical attribution methods in XAI categorized by their scope (local vs
global) and model dependency (specific vs agnostic).

• SmoothGrad: reduces noise in saliency maps by averaging attributions over
multiple perturbed versions of the input [34].

• SHAP (SHapley Additive exPlanations): based on cooperative game the-
ory, attributes contributions to features by computing Shapley values, ensuring
fairness and consistency in feature importance [35].

• LIME (Local Interpretable Model-agnostic Explanations): builds local
surrogate models, typically linear regressors, to approximate the behavior of
the complex model in the neighborhood of an instance [36].

These techniques have been widely applied to image classification, natural language
processing (NLP), and tabular decision-making tasks. However, they primarily serve
as diagnostic tools and do not, by themselves, enforce fairness. Figure 2.2 illustrates
the main attribution approaches by distinguishing their locality and their dependence
on the underlying model

Among the available attribution techniques, IGs and their smoothed variants are
well-suited for use during training. These methods provide consistent explanations
that do not depend on how a model is implemented, and they respond appropriately
when input features meaningfully affect the output. Compared to simple gradient-
based approaches, they are less sensitive to noise and small input changes. This
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makes them reliable for repeated use during learning, where attribution scores are
used to guide regularization and fairness constraints.

2.2.3 XAI and Fairness

While XAI has traditionally focused on transparency, it increasingly overlaps with
the study of algorithmic fairness. Attribution methods can be repurposed to reveal
whether sensitive attributes (e.g., gender, race, age) exert disproportionate influence
on predictions [37]. For example, if a credit approval model heavily relies on gender-
related features, this can be identified through saliency or SHAP values. Such insights
make it possible to design fairness-aware models that either regularize or constrain
feature reliance during training. In this sense, XAI provides the tools not only to
audit bias but also to mitigate it [38].

2.2.4 Limitations

In this thesis, attribution information plays an active role during model training.
Instead of being computed after the model has learned, attribution scores are incor-
porated directly into the learning objective. While XAI approaches have progressed
rapidly, they still come with practical constraints. Some attribution methods can
be sensitive to minor input changes, leading to different results for nearly identical
samples. Many techniques focus on explaining a single prediction at a time, which
makes it harder to understand the model’s behaviour as a whole [39]. In addition,
certain explanations may not be intuitive for users without technical expertise. These
limitations indicate that post-hoc explanations alone cannot fully address the need
for transparency [40]. .

2.3 Fuzzy Logic and Neuro-Fuzzy Systems

Fuzzy logic, first proposed by Zadeh in the 1960s, provides a mathematical framework
for representing uncertainty using degrees of truth rather than strict binary values
[41]. Instead of assigning outcomes as entirely true or false, fuzzy logic allows values
in between, which better matches how people interpret many real situations [42].
This ability to represent gradual transitions makes it useful in fields such as control
systems, decision support, and pattern recognition, where sharp boundaries between
classes are uncommon.
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2.3.1 Fuzzy Sets and Rules

Fuzzy logic is built on the concept of fuzzy sets, which generalize classical set theory by
assigning each element a level of membership rather than a strict yes or no value [43].
A fuzzy set A on a domain X is described by a membership function µA : X → [0, 1],
indicating the degree to which each element belongs to A. For instance, instead of
labeling income as simply “high” or “not high,” fuzzy sets allow the membership
degree to increase gradually with income, avoiding an abrupt cutoff [44].

Decision rules in fuzzy systems follow simple linguistic structures, such as:

IF income is high AND age is young, THEN credit risk is low.

These rules resemble everyday reasoning and make the model’s behavior easier
to interpret. Typical inference involves four steps: fuzzifying the inputs, evaluating
the rules, combining their outputs, and converting the final fuzzy result back into a
numerical value.

2.3.2 Adaptive Neuro-Fuzzy Inference Systems (ANFIS)

Fuzzy systems are easy to interpret, but on their own, they do not always adapt
well to complex or high-dimensional data. Neuro-fuzzy systems address this issue by
combining the rule-based structure of fuzzy logic with the learning ability of NNs.
One well-known model in this category is ANFIS [45].

ANFIS uses a layered structure in which each layer corresponds to a step of the
fuzzy inference process: computing membership values, activating rules, normalizing
the activations, and producing the final output. The parameters of the membership
functions and rules are updated during training, often using gradient-based or hybrid
optimization, so that the rule base improves as data are seen.

This approach has been applied in many different areas, including control, health-
care, financial prediction, and NLP [42]. Its ability to learn from data while keeping
decisions interpretable makes it suitable for applications where both accuracy and
transparency are required.

2.3.3 Neuro-Fuzzy Systems for Fairness

In fairness-aware learning, fuzzy logic can be used to express constraints in a form
that is easy to interpret [46]. For instance, a rule might limit how much a sensitive
attribute such as gender or race can influence the final prediction. Incorporating fuzzy
rules into a neuro-fuzzy model enables the system to encourage fairer decisions while
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still keeping track of how predictions are formed. This approach becomes even more
useful when paired with attribution information from XAI methods [39]. Attribution
techniques quantify the contribution of each feature to the model’s output, and fuzzy
rules offer a structured way to adjust that influence. Combining these elements
supports fairness improvements during learning and keeps the underlying reasoning
accessible for human interpretation.

2.3.4 Limitations

While fuzzy and neuro-fuzzy systems offer interpretability benefits, they also introduce
some practical difficulties. As the number of features or rules grows, fuzzy models
may encounter scalability issues, sometimes described as the curse of dimensionality
[47]. Neuro-fuzzy systems can be computationally demanding, and if too many rules
are created automatically, their clarity may decrease [48]. To manage these challenges,
researchers typically rely on structured rule design, regularization methods, and
hybrid learning strategies to preserve both interpretability and performance.

In this thesis, fuzzy logic and ANFIS form the basis of the proposed fairness-aware
learning methods. Attribution signals are included directly within the neuro-fuzzy
structure so that reliance on sensitive features can be monitored and controlled during
training. Section 2.4 describes how these components fit together in the overall
problem formulation.

2.4 Problem Formulation and Notation

This section introduces the problem formulation and the notation followed in the
remainder of the thesis. A precise mathematical description helps explain how
fairness objectives, attribution information, and neuro-fuzzy rules are combined in
the proposed learning framework.

2.4.1 Supervised Learning Setup

We consider a supervised learning setting with a dataset

D = {(xi, yi, si)}Ni=1,

where xi ∈ Rd is the feature vector, yi ∈ Y is the target label, and si ∈ S is a sensitive
attribute (e.g., gender, age, or ethnicity). Thus, the dataset includes standard
predictive features together with variables that may influence fairness considerations.
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The goal is to learn a function

fθ : Rd → Y ,

parameterized by θ, that achieves accurate predictions while also respecting fairness
constraints.

2.4.2 Fairness Notation

We follow commonly used fairness definitions in the literature. Let ŷi = fθ(xi) denote
the prediction for the i-th instance.

• Group fairness aims for similar prediction statistics across different values of
a sensitive attribute. A standard example is DP:

P (ŷ = 1 | s = 0) ≈ P (ŷ = 1 | s = 1).

• Equalized Odds (EO) requires that error rates are comparable across sensitive
groups when conditioning on the true label y:

P (ŷ = 1 | y, s = 0) ≈ P (ŷ = 1 | y, s = 1).

• Individual fairness suggests that similar individuals (in terms of non-sensitive
features) should receive similar predictions.

These definitions are used throughout this thesis to evaluate fairness and to guide
model design.

2.4.3 Attribution Scores

Attribution methods provide feature-level explanations of a model’s output. For a
given input xi, the attribution vector is defined as

ai = Attr(fθ, xi) ∈ Rd,

where Attr(·) can be any attribution technique, such as IGs, saliency maps, or SHAP.
In this work, these attribution values are incorporated into training so that

the model’s reliance on sensitive features can be monitored and constrained when
necessary.
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2.4.4 Neuro-Fuzzy Rule Layer

We include a fuzzy rule layer to influence how the model uses sensitive information.
Each rule follows the generic form:

IF xj is A THEN the rule output is w,

where A is a fuzzy set with a membership function µA(xj) and w is a learnable
rule weight. For an input xi, the rule activations are combined to give the inference
output

R(xi;ϕ) ∈ R,

where ϕ collects all membership parameters and rule weights.
This layer is fully differentiable, allowing its parameters to be updated together

with the rest of the predictive model during training.

2.4.5 Optimization Objective

The training objective combines three components as follows:

L = Lpred + λf Lfair + λr Lreg,

where:

• Lpred measures the primary task performance, for example through cross-entropy
or mean squared error.

• Lfair discourages the model from depending too heavily on sensitive features by
using attribution information and fairness-related indicators.

• Lreg is a regularization term controlling model complexity and stabilizing fuzzy
rule learning.

Hyperparameters λf and λr balance fairness and regularization against predictive
accuracy.

This formulation establishes a rigorous foundation for fairness-aware neuro-fuzzy
systems. The notation defined here will be used consistently throughout the subse-
quent chapters when presenting methodologies, experiments, and results.

This chapter has introduced the foundational concepts required to understand
fairness and interpretability in MLL systems. It reviewed the main definitions of
algorithmic fairness, discussed commonly used fairness metrics, and highlighted
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the inherent trade-offs that arise when multiple fairness criteria are considered
simultaneously. The chapter also examined interpretability from both post-hoc and
intrinsic perspectives, emphasizing the limitations of explanation methods that operate
independently of the learning process. In addition, key attribution techniques and their
reliability concerns were outlined, providing essential context for later methodological
choices. Together, these elements establish the theoretical background and terminology
used throughout the remainder of the thesis. Building on this foundation, the next
chapter surveys the state of the art in fairness-aware learning, critically analyzing
existing mitigation strategies and identifying the gaps that motivate the contributions
developed in subsequent chapters.
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Chapter 3

Literature Review

3.1 Introduction to Algorithmic Fairness

ML has moved from research labs into decisions that carry real consequences: who is
shortlisted for a job, who receives credit, who is flagged for extra medical screening,
and who is assessed as a risk in judicial settings. In these domains, performance
alone is not enough. Models must also avoid systematic disadvantages for groups
defined by sensitive attributes such as gender, age, or ethnicity [2][49]. The study of
algorithmic fairness addresses this need by asking two questions. First, how do biases
arise in data and models? Second, how should we define and measure fair behaviour
in a way that can guide model design and evaluation [50][15]?

3.1.1 Where bias enters the pipeline

Bias is not a single fault but the result of many small frictions across the pipeline
[51]. Data collection can underrepresent certain populations or capture outcomes
that reflect historical practices rather than ground truth [2][52]. Feature engineering
can introduce proxy variables that correlate with sensitive attributes [53]. Labels may
encode human judgments that are themselves inconsistent across groups [49]. Even
with perfect data, learning algorithms optimize average loss, which can push errors
onto minorities when they form a small share of the training set [50][15]. During
deployment, models meet new distributions and institutional constraints, and decision
thresholds selected for overall accuracy can quietly create unequal error rates [17].
Because these sources interact, effective mitigation must combine statistical reasoning
with domain understanding and governance [51][54].
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3.1.2 Fairness notions: group and individual perspectives

Two viewpoints dominate the literature. Group fairness compares statistics across
groups defined by a sensitive attribute [53][55]. Typical targets include parity of
positive prediction rates, parity of true positive rates, or parity of error rates more
generally. These measures are attractive because they are simple to compute and
align with many regulatory expectations, yet they can disagree with each other in
practice [56].

Individual fairness asks for consistency at the person level: individuals who are
similar with respect to task-relevant information should receive similar outcomes
[50]. This view depends on a similarity notion that is meaningful for the domain.
It is harder to specify and evaluate than group metrics, but it captures concerns
that group averages can miss, such as within-group heterogeneity and local boundary
effects [15][52].

In real-world applications, practitioners often monitor a small panel of
group metrics while checking for egregious individual-level inconsistencies cite
friedler2019comparative. The choice of metric should be driven by the harms the
institution seeks to prevent and by the decisions that the model will support [15][52].

3.1.3 Measuring fairness in practice

For binary decisions, several summary quantities are commonly reported:

• Statistical Parity Difference (SPD): difference in positive prediction rates
across groups. Values near zero indicate parity [57].

• Disparate Impact (DI): ratio of positive rates. Values close to one indicate
parity [55].

• Equal Opportunity Difference (EOD): difference in true positive (TP)
rates across groups [53].

• Average Odds Difference (AOD): average of differences in TP and false
positive rates [15].

These metrics answer different questions. SPD and DI look only at predictions,
while EOD and AOD condition on the ground truth and therefore probe how errors
are distributed [52]. For multi-class settings or regression, practitioners adapt the
spirit of these measures, for example, by assessing calibration and error distributions
per group [58]. In addition to aggregate metrics, it is useful to inspect reliance profiles :
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how strongly a model uses features, including proxies of sensitive attributes, across
groups and subpopulations [59].

3.1.4 Trade-offs and incompatibilities

Fairness criteria are not mutually compatible in general [56]. A model calibrated
within each group may fail to equalize error rates. Enforcing equalized error rates
can shift thresholds and hurt calibration or overall utility[60]. Because there is no
universal optimum, model selection becomes a multi-objective problem that balances
utility, equity, and interpretability [61]. That balance must be explicit. Reporting
only accuracy is misleading; reporting a single fairness metric can be misleading as
well. A clear policy should state which constraints are prioritized and why [15].

3.1.5 Auditing workflow

A practical auditing workflow usually proceeds in four steps [54][62]. First, establish
data quality: coverage by group, label consistency, and potential proxies for sensitive
attributes. Second, train baseline models and compute a dashboard of metrics,
including accuracy, calibration, and group fairness measures at several decision
thresholds [57]. Third, inspect explanations of model behaviour to discover which
features drive predictions overall and by group [63]. This stage often reveals proxies
and spurious correlations. Fourth, apply mitigation strategies and re-audit the model,
documenting any accuracy–fairness trade-offs. The process should be iterative and
documented so that model owners can justify decisions to stakeholders [64].

3.1.6 Limits of current practice

Three limitations appear repeatedly in applied work. First, many strong debiasing
techniques provide little visibility into where the mitigation acts inside the network.
This complicates communication with non-technical stakeholders and weakens trust
[37]. Second, post-hoc explanations alone are fragile: they may be unstable to
perturbations and can be manipulated by design choices [16]. Third, static rule sets
rarely keep up with shifting data distributions, highlighting the need for adaptive
fairness mechanisms [64]. Last, fairness interventions therefore need to be both
interpretable and adaptive, and they should surface artifacts that can be audited,
such as rule activations and feature-reliance summaries [59].

This thesis is positioned within this landscape. It combines attribution signals
with fuzzy and neuro-fuzzy reasoning to provide in-processing mitigation that is both
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differentiable and interpretable. Table 3.1 outlines the core concepts that define
algorithmic fairness, summarizing how fairness is understood, measured, and audited
in practical systems. The next section reviews mitigation strategies in detail and
places the proposed approach within that taxonomy.

Table 3.1: Algorithmic Fairness.

Concept Meaning Examples Why it Matters Limitations

Data bias Bias arises from
unbalanced,
missing, or non-
representative
data.

Historical hiring
data includes
fewer women,
so the model
learns a skewed
pattern.

Locates the
source of un-
fairness before
model training.

Hard to fix with-
out improving
data collection
and coverage.

Group-based
fairness

Ensure groups
(e.g., gender,
ethnicity) re-
ceive comparable
outcomes.

Equal chance of
loan approval for
different demo-
graphic groups.

Addresses social
equity at the
population level.

May ignore
individual dif-
ferences within
groups.

Individual fair-
ness

Similar individ-
uals should re-
ceive similar pre-
dictions.

Two applicants
with the same
skills get similar
hiring scores.

Promotes person-
level consistency.

Needs a clear
notion of “sim-
ilarity,” which
is context-
dependent.

Fairness–accuracy
trade-off

Improving fair-
ness can reduce
predictive accu-
racy, and vice
versa.

A hiring model
becomes slightly
less accurate but
much fairer.

Forces explicit
design choices
and trans-
parency.

Finding the
right balance
is problem-
specific.

Auditing fair-
ness

Measure, moni-
tor, and report
fairness metrics
on data and mod-
els.

Compare er-
ror rates and
thresholds across
groups during
validation.

Enables account-
ability and con-
tinuous improve-
ment.

Often requires
access to sensi-
tive attributes
and careful
handling.

Limits of cur-
rent practice

No single metric
or method works
in all contexts.

Different metrics
can conflict on
the same task.

Encourages
multi-metric
evaluation and
context-aware
choices.

Adds complex-
ity; can confuse
stakeholders
without clear
guidance.
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3.2 Bias Mitigation Strategies

Once fairness has been defined and measured, the next challenge is to reduce un-
wanted disparities. The literature organizes mitigation approaches into three broad
families: pre-processing methods that reshape the data, in-processing methods that
modify the training procedure, and post-processing methods that adjust predictions
[55][61][65][66]. Each category follows its own intervention approach and offers specific
strengths as well as potential limitations.

3.2.1 Pre-processing approaches

Pre-processing techniques modify the training data so that models trained afterward
are less likely to reproduce unfair patterns [61][65]. Common methods include:

• Re-weighting: assigning different weights to examples so that groups con-
tribute more evenly to the loss [61].

• Re-sampling: oversampling underrepresented groups or undersampling over-
represented ones to balance the dataset[67].

• Data transformation: learning a representation of the features in which
sensitive attributes are less predictive, sometimes through adversarial training
[65][68].

• Synthetic data augmentation: creating extra training examples to help
balance the representation of different groups [69].

A key strength of pre-processing methods is that they do not depend on the
specific model used afterward: once the data are modified, any learning algorithm
can be applied [57]. On the other hand, these methods need direct access to the raw
data, which is not always feasible, and they may remove features that are informative
but also correlated with sensitive attributes [58].

3.2.2 In-processing approaches

In-processing methods intervene directly in the learning procedure. This group
includes a range of strategies [46] [53][70]:

• Regularization terms: introducing penalty components in the loss function
when predictions differ across groups or when attribution scores indicate over-
dependence on sensitive features [46][70].
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• Adversarial training: training the predictor alongside an adversary that
tries to infer the sensitive attribute from the predictor’s hidden representation.
Success of the adversary signals that information about the sensitive feature
remains; minimizing its accuracy enforces invariance [68][71].

• Constraint-based optimization: incorporating fairness constraints (such
as EO) directly into the training objective or as side constraints solved with
Lagrangian methods [72][73].

• Interpretable model structures: designing architectures that are inher-
ently more transparent, such as rule-based or neuro-fuzzy models, which allow
inspection of decision logic [11][74].

These methods are powerful because they act at the core of model training, but
they typically require access to model parameters and the ability to modify the
optimization loop. They are therefore less suitable for black-box models but are
central to research on fairness-aware NNs.

3.2.3 Post-processing approaches

Post-processing methods operate after the model has been trained. They adjust either
the predictions or the decision thresholds to improve group-level metrics [53][58][75].
Typical methods include:

• Threshold adjustment: setting different thresholds per group to equalize
error rates or positive rates [53].

• Prediction calibration: adjusting predicted probabilities so that they match
observed outcomes more closely across groups [58].

• Re-labelling: modifying the predicted labels selectively to improve fairness
criteria while trying to keep accuracy at a reasonable level [75][76].

A benefit of post-processing is that it can be applied without retraining the model,
since it operates only on the final predictions [57]. A drawback is that identical
feature profiles may lead to different outcomes for different groups after adjustment,
which can reduce individual-level consistency [52].
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3.2.4 Comparing the Three Families

Fairness interventions are commonly divided into three groups, which differ in how
they modify the learning pipeline and in the transparency they provide [2][17].

• Pre-processing: prepares more representative and balanced datasets before
training, often through techniques such as reweighting or resampling. This can
lower disparities early, although some bias may reappear later in training [61].

• Post-processing: adjusts model predictions after training to correct unfair
outcomes. These methods are simple to deploy but may hide the origins of bias
within the model [75].

• In-processing: integrates fairness considerations directly into the learning
objective or training rules. This offers stronger control over model behaviour,
but usually requires additional design effort [46][52].

In many practical cases, a combination of these strategies is used. A system
might include balanced training data, fairness-aware objectives, and post-training
adjustments to meet fairness targets [17][57]. Choosing among these options depends
on the application domain, performance requirements, interpretability needs, and the
expectations of stakeholders [15].

This thesis adopts an in-processing perspective. Contributions include fuzzy and
attribution-based penalties during training and extensions to neuro-fuzzy inference
to improve fairness while maintaining interpretability. The rules evolve as training
progresses, allowing the model to adapt and remain explainable rather than relying
solely on post-hoc corrections.

Table 3.2 compares major bias mitigation strategies used at different stages of the
ML pipeline, highlighting their typical use cases, benefits, and constraints.
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Table 3.2: Bias Mitigation Strategies.

Category Method How it works When to use Strengths Limitations

Pre-
processing

Reweighting Assign higher
weights to
minority or un-
derrepresented
groups.

Any model
with
imbalanced
data.

Model-agnostic;
easy; improves
group parity.

May raise
variance;
ignores label
bias.

Pre-
processing

Sampling
(un-
der/over,
SMOTE)

Adjust sample
counts to
balance groups
or classes.

Small or
imbalanced
datasets.

Quick parity
gains; simple
setup.

Overfitting risk;
synthetic data
may distort
features.

Pre-
processing

Fair repre-
sentations

Learn features
that hide
sensitive info
while keeping
task signal.

When adding
a
representation
step.

Transferable;
reduces direct
bias.

Extra training
step; accuracy
may drop.

In-
processing

Adversarial
debiasing

Train a model
with an
adversary
predicting the
sensitive
attribute.

Deep or
flexible
models.

Joint fair-
ness–accuracy
control; strong
impact.

Needs group
labels; tuning
sensitive.

In-
processing

Fairness
con-
straints

Add fairness
constraints or
penalties to the
loss (e.g., EO,
DP).

When you can
edit training
objectives.

Directly targets
fairness metrics.

Can reduce
accuracy;
harder
optimization.

(Continued on next page)
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(Continued from previous page)

Category Method How it works When to use Strengths Limitations

In-
processing

Dependence
regulariz-
ers

Penalize
correlation
between outputs
and sensitive
features.

When
lightweight
control is
preferred.

Easy to add;
interpretable.

Penalty
strength
task-dependent.

Post-
processing

Threshold
adjust-
ment

Apply
group-specific
thresholds to
align error rates.

Black-box
models
already
trained.

No retraining;
simple to apply.

Alters outputs;
needs group info
at inference.

Post-
processing

Score cali-
bration

Calibrate or
reshape scores
per group.

When
calibrated
outputs exist.

Flexible;
model-agnostic.

May harm
consistency;
adds
complexity.

Post-
processing

Reject-
option

Shift uncertain
cases toward the
disadvantaged
group near
boundary.

High-stakes
tasks with
score margins.

Improves local
fairness.

Policy sensitive;
may seem
intrusive.

3.3 Explainable AI (XAI) and its Role in Fairness

Deep NNs achieve remarkable accuracy, yet their complexity obscures how predictions
are made [77]. A major concern in complex ML systems is that their inner workings
are often difficult to interpret in domains where accountability is essential [63]. XAI
seeks to improve the transparency of such models so that developers, auditors, and
decision makers can better understand how predictions are formed [39]. In the context
of fairness, XAI methods help reveal when predictions are influenced by sensitive
attributes or by features closely linked to them [37][59].

Types of Interpretability

Two primary forms of interpretability are often discussed in the literature [78][74]:
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• Intrinsic interpretability: refers to models whose internal operations can be
followed directly, such as decision trees, linear predictors, and rule-based fuzzy
systems [41]. Their design allows users to trace how input features influence
the output without needing separate explanation tools.

• Post-hoc interpretability: involves techniques that analyze a trained model
with hidden internal reasoning. These include attribution methods, surrogate
models, and counterfactual explanations [36][79][80]. They offer insight into
prediction behaviour while leaving the original model unchanged.

Models intended to be inherently transparent are usually straightforward to
inspect, though they may struggle when data relationships are complex or non-linear.
In contrast, post-hoc techniques can interpret highly accurate predictive models, even
if the explanations represent only an approximation of the underlying decision logic
[77].

3.3.1 Local Attribution Methods

Local attribution methods aim to show how particular input features influence a
specific prediction made by the model [81]. Common techniques include:

• Gradient-based saliency: uses the gradient of the output with respect to
input features to assess how small variations in the input affect the prediction
score [82].

• IGs): along a path from a baseline to the actual sample, yielding a more reliable
estimate of feature influence [33].

• Perturbation-based methods: such as LIME or SHAP, evaluate how predic-
tions change when selected input components are modified, allowing estimation
of local behavioural sensitivity [36][79].

These approaches help identify when sensitive or correlated features strongly affect
the decision, supporting model audits and fairness risk analysis [83][84].

3.3.2 Strengths and Limitations

While XAI techniques make it possible to inspect how input features influence
predictions, they also introduce notable limitations. Methods based on gradients
can be unstable and highly sensitive to small changes in the input, which can lead
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to inconsistent explanations [16, 85]. Perturbation-driven approaches offer more
flexibility but often demand considerable computation and can involve assumptions
that do not always reflect realistic feature behaviour [86]. Furthermore, explanations
may fail to capture interactions between features, which could result in incorrect
conclusions. Therefore, evaluating the reliability and robustness of explanation
methods is crucial, particularly when they are used to analyze fairness-related concerns
[63, 87].

3.3.3 Integration with Fairness

Connections between interpretability and algorithmic fairness are increasingly explored
in recent research [83]. Attribution information can be incorporated into the training
objective to discourage dependence on sensitive attributes, integrating interpretability
into learning rather than applying it only afterward [84]. Rule-based systems grounded
in fuzzy logic offer a practical bridge between fairness and interpretability because they
allow constraints on sensitive attributes to be encoded directly into their structure.
Combining attribution insights with adaptive rule-based mechanisms enables the
design of models that jointly promote transparency, fairness, and strong predictive
behaviour [11].

In this thesis, XAI is part of the mitigation process itself, not merely a diagnostic
tool used after training. Saliency measures indicate how much each feature influences
the prediction, while fuzzy or neuro-fuzzy components transform those signals into
penalties embedded in the learning objective. This approach integrates interpretability
into training, strengthening fairness throughout the model development rather than
relying solely on post hoc adjustments. This integration moves beyond explanation
alone, embedding fairness into the model’s very structure. Table 3.3 presents key
XAI methods and describes how each technique contributes to interpreting model
decisions and assessing fairness.

Table 3.3: XAI techniques and their role in fairness.

Technique Type Model
compatibility

Fairness insight Strengths Limitations

SHAP Local /
Global

Works with
tree, linear, and
deep models.

Shows feature
impact across
groups.

Model-agnostic;
visual; solid
theory.

Slow on large
data; sample
heavy.

(Continued on next page)
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(Continued from previous page)

Technique Type Model
compatibility

Fairness insight Strengths Limitations

LIME Local Any black-box
model.

Explains single
predictions to
expose bias.

Simple, flexible,
and easy to
apply.

Unstable;
results may
vary.

IGs Local NN. Captures the
sensitivity of
inputs to
outputs.

Faithful;
gradient-based.

Needs differen-
tiability; may
saturate.

Counter-
factuals

Instance-
based

Tabular/image
models.

Reveals
minimal change
for the opposite
outcome.

Intuitive;
causal.

Computationally
costly; search
needed.

Grad-
CAM /
Saliency

Local
(visual)

CNNs are
multimodal.

Highlights
biased
attention
regions.

Visual,
intuitive.

Sensitive to
noise;
qualitative.

Concept-
based
(TCAV)

Global Deep models
with internal
layers.

Measures
conceptual
influence (e.g.,
gender).

Connects
human ideas to
model logic.

Needs
examples;
limited scale.

Rule/Fuzzy
Explana-
tions

Global /
Hybrid

Decision trees,
neuro-fuzzy.

Extracts
human-
readable
fairness rules.

Transparent;
auditable.

Simplifies
complex
relations.

Prototype-
based

Local Image, text,
and tabular
data.

Compares
group examples
and outputs.

Easy to
interpret;
visual.

Needs diverse
data; low
precision.
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3.4 Fuzzy Logic and Neuro-Fuzzy Systems

Fuzzy logic was introduced to handle uncertainty and imprecision in reasoning by
allowing partial membership in sets rather than binary inclusion [88]. This framework
enables statements such as “income is high” or “age is young” to be represented
as degrees of truth rather than crisp categories. Fuzzy inference systems combine
these graded memberships with IF–THEN rules to form decision logic that resembles
human reasoning [18].

3.4.1 Classical fuzzy systems

A fuzzy inference system typically consists of four stages: fuzzification, rule evaluation,
aggregation, and defuzzification [18][89]. Inputs are mapped to fuzzy sets through
membership functions, rules are evaluated to determine their degree of activation,
outputs are combined, and finally, a crisp prediction is produced. Because rules are
expressed in natural language terms, the reasoning process is transparent and easy to
audit [90].

Applications of fuzzy systems range from control engineering and signal processing
to decision support in medical and financial domains [91]. While classical fuzzy
systems offer clear and interpretable rule structures, their scalability is limited in
high-dimensional settings, as the number of rules can increase rapidly with the number
of input variables [92].

3.4.2 Neuro-Fuzzy Models

Neuro-fuzzy systems combine fuzzy inference with the learning capability of NNs,
helping to address the scalability limitations of traditional fuzzy approaches [45]. The
most widely adopted architecture in this category is the ANFIS. In ANFIS, each stage
of fuzzy inference is mapped onto a corresponding network layer, and the parameters
of membership functions and rule outputs are updated through gradient-based or
hybrid optimization methods [45][93]. This structure allows the network to learn from
data while still preserving a rule-based format that remains interpretable. Several
upgrades to ANFIS have been proposed to enhance its flexibility. Kernel-based fuzzy
sets, for example, provide nonlinear separation capabilities [12], and hierarchical fuzzy
systems manage the scalability of large rule sets by decomposing them into smaller
components [94]. Such developments expand the expressive power of neuro-fuzzy
models while maintaining their inherently transparent reasoning process.
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3.4.3 Fuzzy systems and fairness

In fairness settings (algorithmic), fuzzy logic offers two notable benefits. First, fairness
constraints can be encoded as explicit rules that limit the influence of sensitive
attributes [52]. For example, a rule may specify that reliance on gender or ethnicity
should remain low in the decision-making process. Second, the transparency of fuzzy
rules makes them suitable for auditing by stakeholders who need to understand not
just the outcomes but also the reasoning behind them [74].

Recent work has explored fairness-aware fuzzy clustering [95], group-balanced rule
sets [96], and hybrid systems where attribution signals guide the learning of fuzzy
memberships [11]. These directions show that fuzzy logic is a promising framework
for combining interpretability and fairness in a principled manner.

3.4.4 Position within this thesis

This thesis builds on the neuro-fuzzy paradigm by introducing fairness-aware exten-
sions. In the first stage, fuzzy rules are linked with saliency-based attributions to form
differentiable regularizers during training. In the second stage, ANFIS is extended
with kernelized memberships and saliency-driven rules to better capture nonlinear
dependencies. Finally, dynamic fuzzy rules are developed to adapt during learning,
ensuring fairness interventions remain responsive to data characteristics. This pro-
gression demonstrates how classical fuzzy reasoning can be reimagined for fairness
in modern NNs. Table 3.4 summarizes major fuzzy and neuro-fuzzy approaches,
emphasizing their interpretability, application scope, and relevance to fairness-aware
learning.

Table 3.4: Fuzzy Logic and Neuro-Fuzzy Systems.

Models /
Tech-
niques

Key ideas Application
domains

Fairness
integrations

Strengths Limitations

Classical
Fuzzy
Systems

IF–THEN
rules with
linguistic sets.

Decision
support,
control, and
basic
classification.

Transparent;
rules auditable
for bias.

Human-
readable;
interpretable.

Manual design;
poor scaling to
large data.

(Continued on next page)
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(Continued from previous page)

Model /
Tech-
nique

Key idea Application
domain

Fairness
integration

Strengths Limitations

Fuzzy
Decision

Splits/leaves
use fuzzy sets.

Tabular
scoring, simple
models.

Group-based
splits reduce
bias.

Clear rule
paths.

Overfitting on
complex data.

FCM Soft
clustering via
fuzzifier m.

Exploratory or
clustering
tasks.

Detects bias
through group
membership.

Captures
overlap;
diagnostic use.

Needs k;
sensitive to
start points.

Fair FCM Adds parity
penalties to
clusters.

Social, health,
and education
data.

Balances
group repre-
sentation.

Improves
parity; still
unsupervised.

More complex;
may distort
structure.

ANFIS Learns rule
weights auto-
matically.

Regression,
small/medium
tasks.

Rules
regularized for
fairness.

Combines
learning + in-
terpretability.

Sensitive to
init.; shallow
depth.

Deep
Neuro-
Fuzzy

Fuzzy or rule
layers in deep
nets.

Vision, speech,
time-series.

Penalize
biased rule
activations.

Differentiable;
end-to-end.

Less
interpretable
in depth.

Type-2
Fuzzy
Systems

Membership
uncertainty
bands.

Noisy or
drifting data.

Encode
uncertainty in
group metrics.

Robust;
noise-tolerant.

High compute
cost; less
intuitive.

Fuzzy
Rule
Learning

Evolves rules
with
GA/PSO.

Risk scoring,
ML models.

Fitness
includes a
fairness term.

Sparse,
optimized rule
base.

Compute-
intensive
tuning.

Fuzzy
Thresh-
olds

Fuzzy
decision
limits on
scores.

Credit, hiring,
healthcare.

Adjusts
results to
meet fairness
bounds.

No retraining;
easy control.

Alters outputs;
needs labels.

(Continued on next page)
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(Continued from previous page)

Model /
Tech-
nique

Key idea Application
domain

Fairness
integration

Strengths Limitations

Fuzzy
Regular-
izers

Fuzzy
similarity
losses.

Any
differentiable
model.

Promotes
equal group
treatment.

Lightweight;
general.

Needs weight
tuning.

Fuzzy
Con-
trollers

Dynamic
fairness
constraints.

Online
training.

Maintains
metrics
adaptively.

Stable,
interpretable.

Adds hyperpa-
rameters;
setup effort.

3.5 Gaps and Research Opportunities

The survey of fairness, mitigation strategies, explainability, and fuzzy systems reveals
progress on many fronts but also exposes persistent gaps. These gaps motivate the
contributions of this thesis.

3.5.1 Limited transparency of in-processing methods

In-processing techniques, such as adversarial debiasing and constraint-based optimiza-
tion, are among the most powerful tools for reducing disparities. Yet they offer little
insight into how fairness pressure is applied within the model [70][71]. Stakeholders
may observe improvements in group metrics but lack an explanation of which features
or representations were altered. This absence of visibility is a serious obstacle to
adoption in domains where justification of model behaviour is required [15].

3.5.2 Fragility of post-hoc explanations

Post-hoc interpretability methods, including saliency maps and surrogate models,
provide valuable diagnostic information but are known to be unstable [16][85]. Small
changes to the input or to model parameters can produce different explanations.
Worse, models can be designed in ways that preserve discriminatory patterns while
presenting innocuous-looking explanations [83]. Relying solely on post-hoc XAI,
therefore, risks misleading auditors and decision-makers.
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3.5.3 Static nature of fairness rules

Classical fuzzy systems can transparently encode fairness rules [90], but these rules
are static. They do not adjust as data distributions evolve or as the model learns
new patterns. In practice, fairness interventions need to be dynamic: they should
strengthen where reliance on sensitive features grows and relax where correlations
diminish. Static rules cannot meet this demand for adaptability [11].

3.5.4 Fragmentation of existing approaches

Most methods target fairness or interpretability in isolation. Fairness-focused tech-
niques may sacrifice transparency, while interpretability-focused approaches often
neglect fairness constraints [52][74]. Neuro-fuzzy models have demonstrated potential
to combine both, but until now, they have not been systematically extended to
address fairness as a primary objective. This leaves a gap at the intersection of
fairness, interpretability, and adaptability.

3.5.5 Opportunities for Integration

There is significant potential in combining attribution signals from XAI with the
rule-based reasoning of fuzzy systems [83][84]. Attribution methods provide continu-
ous, data-driven indicators of how strongly each feature influences model predictions,
while fuzzy rules supply a transparent and auditable way to control that influence. A
joint training setup that incorporates attribution signals into the fuzzy rule mecha-
nism allows fairness constraints to be enforced directly during learning. Extending
this approach to include kernel-based and adaptive neuro-fuzzy structures increases
modeling flexibility, supporting the capture of nonlinear patterns and improving
robustness to changing data distributions [12][94].

This thesis is positioned to fill these gaps. It introduces a sequence of contributions:
first, the feasibility of saliency-driven fuzzy penalties; second, the refinement of ANFIS
with kernelized, attribution-aware rules; third, the development of dynamic fuzzy
controllers; and finally, a unified framework validated on both simulated and real-
world datasets. Together, these contributions address the need for fairness-aware
systems that are not only accurate but also transparent and adaptive. Table 3.5
consolidates the main research gaps identified across the literature and points toward
potential directions for future integration and improvement.

This chapter has surveyed key approaches to fairness-aware learning and bias
mitigation, spanning pre-processing, in-processing, and post-processing methods,
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as well as recent work linking fairness and interpretability. The review shows that
many existing techniques depend on external constraints or post-hoc explanations,
offering limited insight into how fair decisions are actually formed. It also highlights
the instability of attribution-based explanations when used to evaluate or enforce
fairness. Most methods treat fairness as a fixed objective and assume stable data
distributions, which limits their ability to handle evolving bias patterns. In addition,
improvements in fairness are often achieved at the expense of accuracy or increased
model complexity, without clear control over these trade-offs. These gaps motivate
the methods developed in Chapters 5 to 8, which focus on integrating interpretability
directly into the learning process and on building adaptable neuro-fuzzy frameworks
for fairness-aware modeling.
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Table 3.5: Gaps and Research Opportunities.

Gap or
Limita-
tion

Evidence /
Source

Impact Open Research
Question

Potential Solution
/ Integration Idea

Limited
trans-
parency
of in-
processing
methods

Adversarial and
constrained
models remain
opaque.

Users cannot
see how fairness
is enforced.

How to embed
interpretable
logic within
fairness
learning?

Add fuzzy rule
layers or symbolic
reasoning for
traceable control.

Fragility
of
post-hoc
explana-
tions

LIME/SHAP
are often
unstable across
samples.

Explanations
mislead fairness
analysis.

How to make
post-hoc
methods stable
and reliable?

Combine with
fuzzy confidence
or stability
metrics.

Static
fairness
rules

Fixed
constraints
ignore context
shifts.

Poor
performance on
new data.

How to build
adaptive fairness
mechanisms?

Use dynamic
neuro-fuzzy
controllers
adjusting
penalties.

Fragmented
research

Fairness, XAI,
and fuzzy logic
are studied
separately.

Missed synergy
between goals.

How to merge
fairness and
interpretability
in one model?

Design unified
neuro-fuzzy
fairness
frameworks.

Single-
metric
optimiza-
tion

Most focus on
one fairness
index (EO, DP,
SPD).

Ignores
trade-offs with
accuracy.

How to assess
fairness using
multiple
criteria?

Use Pareto or
multi-objective
optimization.

(Continued on next page)
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(Continued from previous page)

Gap or
Limita-
tion

Evidence /
Source

Impact Open Research
Question

Potential Solution
/ Integration Idea

Poor
general-
ization

Models tuned
for benchmarks
fail on real
data.

Weak fairness
transfer across
domains.

How to ensure
fairness in
unseen
populations?

Apply domain
adaptation with
fuzzy similarity.

Lack of
human
feedback

Few systems
include user or
ethical input.

Fairness
treated purely
technically.

How to add
human judgment
to training?

Use participatory
fuzzy scoring or
expert feedback
loops.

Ignoring
uncer-
tainty

Most treat
outputs as
deterministic.

Miss hidden
ambiguity in
fairness scores.

How to include
uncertainty in
evaluation?

Adopt type-2
fuzzy or
probabilistic
fairness measures.
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Chapter 4

Research Contributions and
Roadmap

The literature review has highlighted three recurring limitations: the limited trans-
parency of in-processing methods, the fragility of post-hoc explanations, and the
static nature of fairness rules. These gaps point to the need for approaches that
are both interpretable and adaptive, embedding fairness directly into the training
process while maintaining compatibility with modern optimization methods. The
research presented in this thesis responds to this need through a sequence of four
contributions, each developed and refined during the doctoral project.

4.1 Overview of Contributions

4.1.1 Paper 1: Saliency-Driven Fuzzy Penalties

The first contribution presents a training mechanism that embeds attribution signals
into fuzzy rule penalties to reduce the influence of sensitive attributes during learning
[11].

4.1.2 Paper 2: Kernelized and Attribution-Guided ANFIS

The second contribution builds upon the ANFIS framework by integrating kernel-
based membership functions in fairness-aware learning scenarios [12].
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4.1.3 Paper 3: Dynamic Fuzzy Rules

The third contribution proposes a dynamic neuro-fuzzy framework where membership
functions and rule weights adapt continuously during training throughout the learning
process [13].

4.1.4 Paper 4: Unified framework with real-world validation

The fourth contribution merges the earlier advances into a unified and differentiable
framework to aid model diagnostics [14].

4.2 Roadmap of the Thesis

The thesis is structured to provide a clear progression from motivation to technical
contributions and evaluation. Chapter 1 introduces the research motivation and
objectives. Chapter 2 summarizes the theoretical principles relevant to the study.
Chapter 3 reviews related literature and highlights the gap that motivates the proposed
work. Chapter 4 outlines the main research contributions. Chapters 5 through 8 each
detail one component of the methodology: Chapter 5 presents the saliency-based
fairness penalty, Chapter 6 describes the kernel-enhanced ANFIS extension, Chapter
7 introduces a dynamic rule adaptation mechanism, and Chapter 8 integrates these
elements and evaluates the full model on benchmark datasets. Chapter 9 concludes
the thesis by discussing the main findings, limitations, and directions for future work.

Overall, the work advances from conceptual formulation to architectural refine-
ments and ultimately to a unified system evaluated in realistic, fairness-dependent
environments. The design aims to reconcile predictive accuracy with interpretability
and fairness in a single modelling framework.
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Chapter 5

Neural Networks Bias Mitigation
Through Fuzzy Logic and Saliency
Maps

5.1 Introduction

This chapter introduces the first technical contribution of the thesis. The idea
is to incorporate attribution-derived information into the NN learning process to
limit how much predictions rely on sensitive attributes. Building on the fairness and
interpretability concepts discussed earlier in Chapter 2 and 3, a regularization strategy
is proposed that links saliency information with fuzzy rule constraints. Saliency
highlights how different input features influence the model output, while the fuzzy
component converts this information into rules that discourage reliance on protected
variables. The technique integrates with standard gradient-based optimization and is
formulated to operate within a fully differentiable training pipeline.

5.2 Methodology

Figure 5.1 illustrates the proposed saliency-guided fuzzy regularization framework for
fairness-aware learning This pipeline integrates saliency maps and fuzzy logic within
the NN training loop to penalize excessive reliance on sensitive features through
differentiable loss regularization.
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Figure 5.1: Saliency-guided fuzzy regularization pipeline for fairness-aware learning.

5.2.1 Saliency maps

Saliency maps were selected as the attribution tool because they are differentiable
and integrate naturally with gradient-based optimization. For an input vector x and
prediction f(x), the saliency score is given by

S(x) =

∣∣∣∣∂f(x)∂x

∣∣∣∣ .
These scores measure the sensitivity of the model to each input. In this framework,

saliency values corresponding to sensitive features (race, gender, and disability status)
are extracted and averaged across epochs to produce a measure of feature reliance.
This reliance measure is then fed into a fuzzy controller that evaluates whether the
model is overly dependent on protected attributes.

5.2.2 Fuzzy controller

The fuzzy controller refines saliency information by mapping sensitivity scores into
linguistic categories such as low, moderate, and high. Gaussian membership functions
were used to implement these categories, ensuring smooth, differentiable transitions
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between degrees of reliance. The centers of the Gaussians were set to represent the
three levels of saliency, while the variance determined the spread.

Rules were then formulated to connect saliency profiles with bias outcomes. For
example: IF saliency of race is high AND saliency of gender is moderate, THEN
bias is high. This rule-based structure provides interpretability, as the antecedents
explicitly state the conditions under which bias is penalized.

The inference process followed the standard pipeline: fuzzification, rule evaluation,
aggregation, and defuzzification. Differentiable soft-min and soft-max operators were
applied to maintain compatibility with backpropagation. The final defuzzified output
y∗ represents the degree of detected bias and is incorporated into the overall loss
function. Table 5.1 summarizes the fuzzy rules used to connect feature saliency with
the level of bias.
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Rule Description

R1 IF Saliency of Race is High AND Saliency of Gender is Medium
THEN Bias is High

R2 IF Saliency of Race is Medium AND Saliency of Gender is Low
THEN Bias is Medium

R3 IF Saliency of Race is Low AND Saliency of Gender is High THEN
Bias is High

R4 IF Saliency of Gender is High AND Saliency of Disability is Medium
THEN Bias is High

R5 IF Saliency of Gender is Medium AND Saliency of Disability is
Low THEN Bias is Medium

R6 IF Saliency of Gender is Low AND Saliency of Disability is High
THEN Bias is High

R7 IF Saliency of Disability is High AND Saliency of Race is Medium
THEN Bias is High

R8 IF Saliency of Disability is Medium AND Saliency of Race is Low
THEN Bias is Medium

R9 IF Saliency of Disability is Low AND Saliency of Race is High
THEN Bias is High

R10 IF Saliency of Race is Low AND Saliency of Gender is Low AND
Saliency of Disability is Low THEN Bias is Low

Table 5.1: Fuzzy rules linking saliency to bias control.

5.2.3 Integration with neural training

The neural architecture was a simple feed-forward classifier with one hidden layer of
ten units and a sigmoid output for binary classification (higher-skilled vs. lower-skilled
jobs). The loss function combined the standard cross-entropy with the fuzzy penalty:

L = LCE + λy∗,

where λ controls the weight of the fairness term. In this way, the network is
penalized during training whenever saliency maps indicate strong reliance on sensitive
attributes.
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Algorithm 1: Job Class Assignment

Input: Profile x with sensitive & relevant features; sensitive filter (e.g.,
Race= 1, Gender= 0, Disability= 1)

Output: JClass ∈ {0, 1}
score← skill + exp+ edu;

score← score− scoremin

scoremax − scoremin

;

jLab← ⌊6× score⌋+ 1; // map to integer label 1..7

if x matches the filter then
jLab← jLab− 2; // penalize biased case

jLab← max(jLab, 0);

if 1 ≤ jLab ≤ 3 then
JClass← 0; // Lower{Skilled

else
JClass← 1; // Higher{Skilled

5.2.4 Simulation data generation

To evaluate the method, a synthetic dataset was constructed to mimic a job recruit-
ment scenario. The dataset included two types of features:

• Sensitive features: race, gender, and disability status. These represent
attributes that should not directly influence hiring decisions.

• Relevant features: skill, experience, and education. These represent legitimate
qualifications for a job assignment.

Applicant profiles were assigned a class label (lower-skilled vs. higher-skilled jobs)
based on relevant features. Bias was introduced by modifying the labels according
to specific combinations of sensitive attributes. This produced a controlled level of
unfairness in the dataset, allowing evaluation of the proposed mitigation approach.
Algorithm 1 describes the procedure used to assign profiles to the two job classes.

5.3 Numerical Experiments

Three models were compared:

1. Non-regularized model: trained with standard cross-entropy only.
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Chapter 5. Fuzzy-Saliency Neural Fairness 5.4. Results

Table 5.2: Mean accuracy and attribution delta across folds

Model Accuracy ∆ (relevant−sensitive)

Non-Reg 0.921 0.205
Sal-Reg 0.918 0.248
Fuzzy-Reg 0.919 0.272

2. Saliency-regularized model: trained with a penalty derived from saliency
values alone.

3. Fuzzy-regularized model: trained with the proposed saliency-guided fuzzy
penalty.

All models used the same architecture and were trained with the Adam optimizer
for 200 epochs under 10-fold cross-validation. Accuracy and saliency values were
recorded for both sensitive and relevant features, focusing particularly on profiles
affected by the bias filter. Tables 5.2 and 5.3 summarize the accuracy results together
with the fairness and attribution outcomes across the evaluated models and datasets.

5.4 Results

The analysis focused on how regularization affected the relative importance of sen-
sitive and relevant features. A two-sample t-test was first used to compare average
saliency values across models. While the biased data generation mechanism produced
equal contributions from relevant and sensitive features in the non-regularized case,
introducing regularization altered this balance. Both saliency-based and fuzzy-based
regularization increased the difference between average reliance on relevant and
sensitive attributes.

An analysis of variance (ANOVA) confirmed that model type had a statistically
significant effect on this difference (p¡ 0.01). Post-hoc comparisons showed that both
regularized models significantly reduced reliance on sensitive features compared with
the baseline, but there was no significant difference between the saliency-only and
fuzzy-regularized models. Visualizations of feature importances confirmed this trend:
sensitive attributes were down-weighted under regularization, while reliance shifted
toward task-relevant variables. The figures in this chapter (see Figures 5.2–5.9) present
the comparative results across models in terms of feature accuracy and attribution
differences
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Figure 5.2: Feature-wise accuracy across models (set 1).

Figure 5.3: Feature-wise accuracy across models (set 2).
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Figure 5.4: Feature-wise accuracy across models (set 3).

Figure 5.5: Delta profiles across subjects/conditions.

51



Chapter 5. Fuzzy-Saliency Neural Fairness 5.4. Results

Figure 5.6: ANOVA with post-hoc test on ∆ across models.

Figure 5.7: Delta across models (set 1).

Figure 5.8: Delta across models (set 2).
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Table 5.3: Fairness and performance metrics on benchmark datasets

Dataset Model Accuracy SPD (↓) DI (↑)

Adult Non-Reg 0.84 0.12 0.77
Sal-Reg 0.83 0.08 0.85

Fuzzy-Reg 0.84 0.06 0.91

COMPAS Non-Reg 0.78 0.14 0.73
Sal-Reg 0.77 0.09 0.82

Fuzzy-Reg 0.78 0.07 0.88

German Non-Reg 0.76 0.13 0.74
Sal-Reg 0.75 0.09 0.81

Fuzzy-Reg 0.76 0.07 0.86

Figure 5.9: Delta across models (set 3).

5.5 Discussion

The experimental results indicate that incorporating attribution-based penalties into
NN training can reduce reliance on sensitive attributes. The proposed regularizer
applies saliency information within a fuzzy rule structure, ensuring that detected
sensitivity is accounted for during optimization. Unlike post-hoc analyses, which
report unfairness only after model training, this approach adjusts the learning process
itself.

The findings show that the predictive performance of the saliency-only and
Fuzzy-regularized models are comparable. However, the fuzzy component provides a
transparent rule-based representation of how fairness constraints influence the model,
which supports interpretability and facilitates inspection. Stakeholders may examine
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the regulations to comprehend the rationale behind the imposition of penalties
and modify them to align with domain specifications. This corresponds with the
overarching objective of integrating fairness and interpretability. Limitations remain:
the outcomes depend on the choice of membership functions, rule definitions, and
the balance parameter λ. Future extensions may explore adaptive tuning of these
components to strengthen robustness.

5.6 Conclusion

This chapter introduced the initial experimental validation of the proposed approach
through a controlled simulation setup. The study showed that using saliency infor-
mation to guide fuzzy penalties can reduce dependence on sensitive inputs while
maintaining strong predictive performance. These findings indicate that fairness-
related adjustments can be embedded directly into the optimization process. The
insights gained here motivate the developments in the following chapters, where the
method is extended to handle more complex interactions and changing data conditions
through kernel-based and adaptive neuro-fuzzy enhancements.
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Chapter 6

Kernelized Neuro-Fuzzy Inference
for Fairness Mitigation

6.1 Introduction

This chapter introduces the next development of the proposed framework by extending
the feasibility study of Chapter 5 into a kernel-enhanced neuro-fuzzy model. The
design follows the ANFIS structure, but now fairness information from attribution
methods is woven directly into the rule-learning process. The aim is to incorporate
fairness guidance while increasing the expressive power of the fuzzy rule layer through
kernel operations.

The motivation comes from the observation made in Chapter 5: although the
saliency-guided penalty reduced reliance on protected attributes, the linear constraints
of the original fuzzy rules limited the model’s flexibility. By introducing kernel-based
membership functions, the system can better capture nonlinear links between saliency
patterns and input features. This update supports a more adaptable mechanism for
maintaining fairness throughout training without losing the interpretability offered
by fuzzy rules.

6.2 Methodology

The proposed framework follows the classical ANFIS architecture with three layers: (1)
a rule definition and evaluation layer, (2) a normalization layer, and (3) an output layer.
Our contribution lies in designing two complementary sets of rules—Classification
Rules (CRs) and Bias Rules (BRs)—and then extending them through kernelization.
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Tables 6.1 and 6.2 list the classification rules and the corresponding bias rules defined
for the features used in the model.

6.2.1 Classification Rules

CRs model the relationship between inputs (relevant and sensitive) and the target
label. Gaussian membership functions define the linguistic categories (Low, Medium,
High) for each feature, ensuring smooth differentiability. Each rule Rj produces a
crisp output:

R
(cl)
j : IF x1 is Aj1 ∧ · · · ∧ xn is Ajn THEN y

(cl)
j =

∑
i

pjixi + cj.

Here xi are input features, Aji membership sets, and pji, cj learnable parameters.
The rule firing strength is computed as the product of memberships.

Table 6.1: Classification rule base (CRs). Crisp consequents follow

y
(cl)
j =

∑
i pij xi + cj.

Rule Description

R1 IF Age is High AND Income is Medium THEN y
(cl)
1

R2 IF Age is Medium AND Income is Low THEN y
(cl)
2

R3 IF Age is Low AND Income is High THEN y
(cl)
3

R4 IF Income is High AND Health is Medium THEN y
(cl)
4

R5 IF Income is Medium AND Health is Low THEN y
(cl)
5

R6 IF Income is Low AND Health is High THEN y
(cl)
6

R7 IF Health is High AND Age is Medium THEN y
(cl)
7

R8 IF Health is Medium AND Age is Low THEN y
(cl)
8

R9 IF Health is Low AND Age is High THEN y
(cl)
9

R10 IF Age is Low AND Income is Low AND Health is Low THEN y
(cl)
10

R11–R20 Analogous patterns for Skill, Experience, Education.

6.2.2 Bias Rules

BRs are introduced to quantify and penalize reliance on sensitive features. Instead of
using raw inputs, they operate on saliency values:
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S(si) =

∣∣∣∣∂f(x)∂si

∣∣∣∣ .
Rules are defined analogously:

R
(br)
j : IF S(s1) is Aj1 ∧ · · · ∧ S(sm) is Ajm THEN y

(br)
j =

∑
i

qjisi + bj.

These outputs do not affect classification directly but feed into a bias regularization
term added to the system loss.

Table 6.2: Bias rule base using feature saliency

Rule Description

B1 IF Saliency(Age) is High AND Saliency(Income) is Medium THEN
Bias is High

B2 IF Saliency (Age) is Medium AND Saliency (Income) is Low THEN
Bias is Medium

B3 IF Saliency (Age) is Low AND Saliency (Income) is High THEN
Bias is High

B4 IF Saliency (Income) is High AND Saliency (Health) is Medium
THEN Bias is High

B5 IF Saliency (Income) is Medium AND Saliency (Health) is Low
THEN Bias is Medium

B6 IF Saliency (Income) is Low AND Saliency (Health) is High THEN
Bias is High

B7 IF Saliency (Health) is High AND Saliency (Age) is Medium THEN
Bias is High

B8 IF Saliency (Health) is Medium AND Saliency (Age) is Low THEN
Bias is Medium

B9 IF Saliency (Health) is Low AND Saliency (Age) is High THEN
Bias is High

B10 IF all Saliencies are Low THEN Bias is Low
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6.2.3 Kernelization of Rules

To extend ANFIS expressivity, we replace fuzzy membership evaluation with kernel-
based similarity functions. Two kernels were introduced:

1. **KDSE (Differentiable Soft Equivalence Kernel)**, which computes similarity
between an input x and a prototype c:

KDSE(x, c) = σ

(
−∥x− c∥

ε

)
,

with σ the sigmoid and ε a smoothness parameter.
2. **KDSE-S (Saliency-Extended Kernel)**, which computes similarity in the

saliency space:

KDSE-S(S(x), c) = σ

(
−∥S(x)− c∥

ε

)
.

Both kernels comply with Mercer’s condition, which guarantees that they form valid
inner products within a reproducing kernel Hilbert space (RKHS). When these kernels
replace the standard membership functions in the rule antecedents, the model can
exploit similarity relations in the data that conventional fuzzy memberships are not
able to represent. Algorithm 2 outlines the procedure used to generate the biased
dataset and assign class labels. Membership functions are initialized using a data-
driven strategy to ensure reproducibility across runs. For each input feature, initial
centers are obtained from simple clustering over the training data, while spreads are
set to cover the observed value range. Gaussian membership functions are used, and
rule weights are initialized uniformly to avoid introducing bias at the start of training.
This initialization provides a stable starting point for subsequent optimization.
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Algorithm 2: Biased Dataset and Label Assignment

Input: Sensitive features (Age, Income,Health) ∈ [0, 1]; Relevant features
(Skill,Experience,Education) ∈ [0, 1]; weights w1, w2, w3

Output: Class C ∈ {0, 1}
Ss ← w1 · Age + w2 · Income + w3 · Health
Sr ← Skill + Experience + Education
if Ss > 0.75 then

L← 0 // penalize highly sensitive profiles

else
Map Sr to a level L // fair contribution of relevant score

if L ≤ 3 then
C ← 0

else
C ← 1

6.2.4 Normalization and Output Layers

The firing strengths of the rules are normalized over both CRs and BRs. The outputs
associated with the main task, y(c), are combined to form the prediction ŷ, while the
outputs linked to fairness, y(b), are aggregated into a bias indicator y∗ that contributes
to the regularization term. Both branches are differentiable, and their values are
confined to the range [0, 1].

6.3 Learning and Optimization

The system is trained using gradient descent, with a composite loss function:

L = LCE + λbiasE[y∗] + λsaliency E[|∇sensitiveŷ|],

where: - LCE is cross-entropy for classification, - E[y∗] penalizes high bias scores,
- E[|∇sensitiveŷ|] penalizes strong gradients with respect to sensitive features.

The hyperparameters λbias and λsaliency balance fairness and accuracy. Algo-
rithm 3 describes the training procedure that incorporates both saliency and bias
regularization.
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Algorithm 3: Training with Saliency and Bias Regularization

Input: Parameters θ, batch {(xn, yn)}, weights λbias, λsal

for each batch do
Compute CR activations αj and BR activations βj (kernelized where
applicable)
ŷ ← aggregate CR consequents with normalized αj

y∗ ← aggregate BR consequents with normalized βj

Estimate saliency on sensitive features S(x) and its average E[|∇sensitiveŷ|]
L← LCE(ŷ, y) + λbiasE[y∗] + λsalE[|∇sensitiveŷ|]
Update θ by gradient descent on L

6.4 Dataset

A synthetic job-classification dataset was generated for the experiments. Each record
contained two groups of features:

• Relevant attributes, including abilities, experience, and education.
• Sensitive attributes, such as age, income level, and health status.

A controlled scoring rule was introduced to embed unfairness into the labels.
Profiles with high sensitivity scores were intentionally downgraded, even when their
relevant qualifications were strong, creating discriminatory outcomes. This setup
allowed fairness-aware methods to be evaluated in a controlled environment where
the source of bias was fully known.

6.5 Results

Three configurations of the model were examined:
1. A baseline ANFIS without any fairness constraints. 2. ANFIS enhanced with

saliency-driven penalties applied to rule firing strengths. 3. A kernel-based neuro-
fuzzy model with density-based similarity measures. The baseline system exhibited
the highest average saliency score for sensitive attributes (0.0467), suggesting that
its predictions were more influenced by protected features. When bias-related rules
were included, the saliency value dropped to 0.0386. The kernel-based extension
reduced it further to 0.0296. Regarding the reassignment of biased labels, the
correction proportion (delta) increased from 0.247 in the baseline model to 0.402
with the extended version and 0.443 with the kernelized version. These outcomes
demonstrate that the kernel-based system is more effective in reducing dependency on
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sensitive characteristics while improving the ability to correct biased label assignments.
Table 6.3 shows the average saliency on sensitive attributes and the corresponding
reassignment differences for each model.

Table 6.3: Average sensitive-feature saliency and reassignment rate.

Model Sal(Age) Sal(Inc) Sal(Health) Avg(SalSens) ∆

No Reg 0.0416 0.0424 0.0560 0.0467 0.247

BaseExt. 0.0310 0.0447 0.0402 0.0386 0.402

Kernel 0.0232 0.0288 0.0366 0.0296 0.443

6.6 Discussion

The findings indicate that incorporating kernel functions into the neuro-fuzzy frame-
work decreases sensitivity toward protected features without impairing model accuracy.
Introducing fairness-related rules gives the system a controllable way to moderate
how rule activations respond to sensitive variables. In addition, kernel-based reason-
ing better represents complex relationships that go beyond the linear dependencies
handled by conventional ANFIS.

This enhancement effectively resolves the main drawback observed in the previous
chapter, where rule interactions were constrained to linear effects. By embedding
kernel functions, the model maintains a clear and interpretable rule structure while
gaining the flexibility needed to address fairness in more challenging data scenarios.

6.7 Conclusion

This chapter presented an extended ANFIS model that integrates fairness-driven
rule adjustments to reduce reliance on protected characteristics. Experiments using
a synthetic benchmark demonstrated lower saliency scores for sensitive attributes
and higher rates of correctly adjusted labels. These outcomes confirm that the
kernelized design strengthens fairness behavior while preserving interpretability. The
developments in this chapter form the basis for the next stage of the research, where
rule parameters and membership functions adapt during training to handle changing
data trends over time.
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Chapter 7

Dynamic Neuro-Fuzzy
Regularization for Fairness-Aware
Neural Networks Using Saliency
Attribution

7.1 Introduction

This chapter presents the third contribution of the thesis. The method developed
here incorporates saliency information into a dynamic neuro-fuzzy controller. Rather
than using a fixed rule structure, the controller adjusts rule weights and membership
functions during training. This adaptability allows the model to reflect changes in the
relationships between inputs and outputs as learning progresses. The overall aim is
to limit the influence of sensitive attributes while preserving the clarity and structure
of fuzzy-rule reasoning.

The experiments use a binary classification task, consistent with the earlier
chapters. Decision-related attributes serve as the main predictors, while protected
variables such as age, gender, or disability status are included only to track and
control their impact on the outcomes. This setup enables a fair and transparent
assessment of whether the dynamic controller can reduce biased behaviour without
degrading predictive performance or obscuring the interpretability of the model.
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7.2 Methodology

7.2.1 Overview

The proposed training framework is organized into three integrated components:

1. A feed-forward network that produces predictions ŷ = f(x) from the input
sample.

2. An attribution module that evaluates the influence of each input feature through
the sensitivity measure S(x) = ∥∇xf(x)∥.

3. A neuro-fuzzy controller that takes the sensitivities of protected attributes and
converts them into a bounded penalty term yb ∈ [0, 1] to regulate fairness during
training.

All components remain differentiable, enabling end-to-end optimization through
standard gradient-based learning.

7.2.2 Saliency input to the controller

Given an input vector x = [r, s] with relevant r and sensitive s, the saliency vector
S(x) ∈ Rd is computed by backpropagating the output with respect to x. The
controller receives only the ds components associated with sensitive features,

ssal =
(
| ∂f
∂s1
|, . . . , | ∂f

∂sds
|
)
,

which serve as evidence of reliance on protected information.

7.2.3 Dynamic fuzzy rule base

Each sensitive saliency ssali is fuzzified into three linguistic terms Low, Medium, High
using Gaussian membership functions

µA(s
sal
i ) = exp

(
− (ssali − cA,i)

2

2σ2
A,i

)
,

with centers cA,i and spreads σA,i learned during training. The rule base enumerates
combinations over the ds sensitive features:

Rj : IF ssal1 is Aj1 ∧ · · · ∧ ssalds is Ajds THEN bias is Bj.
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Rule activation is the product of antecedent memberships. The full dynamic fuzzy
rule-evaluation process is detailed in Algorithm 4.

αj =
ds∏
i=1

µAji
(ssali ),

followed by normalization ᾱj = αj/
∑

k αk. Each rule has a learnable consequent
center cj ∈ [0, 1] that represents the bias level suggested by that rule. The controller
output is a smooth weighted average,

y∗ =
∑
j

ᾱj cj,

The corresponding fuzzy rule base used to determine bias levels is summarized in
Table 7.1. Which plays the role of an interpretable, differentiable bias score.

Algorithm 4: Dynamic Fuzzy Rule Evaluation for Bias Penalty

Input: Saliency vector s ∈ Rd for d sensitive features (e.g., Race, Gender,
Disability)

Output: Bias estimate y∗

for each feature si do
Compute membership degrees µA(si) for A ∈ {Low,Medium,High}

Construct all 3d fuzzy rules Rj : “IF s1 is A1
j AND s2 is A2

j AND s3 is A3
j THEN

Bias is Bj

” for each rule Rj do
Compute activation αj =

∏
i µAi

j
(si)

Normalize activations α̂j = αj/
∑

j αj

Learn output centers cj for each rule Rj

Compute defuzzified bias: y∗ =
∑

j α̂jcj

The dynamic rule adaptation process starts from the same initialization described
in Chapter 6, after which membership parameters and rule weights are updated during
training. To ensure stability during training, dynamic rule updates are subject to
explicit stopping conditions. Rule adaptation is halted when a predefined maximum
number of updates is reached, or when the bias index converges and shows no further
meaningful change. In addition, updates are stopped if no improvement in the
validation fairness metric is observed for a fixed number of consecutive epochs. These
criteria prevent unnecessary rule oscillations and ensure stable convergence.
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Table 7.1: Dynamic fuzzy rules for bias determination.

Rule Description

R1 IF Saliency(Race) is Low AND Saliency(Gender) is Low AND Saliency(Disability)
is Low THEN Bias is Low

R2 IF Saliency(Race) is Low AND Saliency(Gender) is Low AND Saliency(Disability)
is Medium THEN Bias is Low

R3 IF Saliency(Race) is Low AND Saliency(Gender) is Low AND Saliency(Disability)
is High THEN Bias is Medium

R4 IF Saliency(Race) is Low AND Saliency(Gender) is Medium AND
Saliency(Disability) is Low THEN Bias is Low

R5 IF Saliency(Race) is Low AND Saliency(Gender) is Medium AND
Saliency(Disability) is Medium THEN Bias is Medium

R6 IF Saliency(Race) is Low AND Saliency(Gender) is Medium AND
Saliency(Disability) is High THEN Bias is High

R7 IF Saliency(Race) is Low AND Saliency(Gender) is High AND
Saliency(Disability) is Low THEN Bias is Medium

R8 IF Saliency(Race) is Low AND Saliency(Gender) is High AND
Saliency(Disability) is Medium THEN Bias is Medium

R9 IF Saliency(Race) is Low AND Saliency(Gender) is High AND
Saliency(Disability) is High THEN Bias is High

R10 IF Saliency(Race) is Medium AND Saliency(Gender) is Low AND
Saliency(Disability) is Low THEN Bias is Low

R11 IF Saliency(Race) is Medium AND Saliency(Gender) is Low AND
Saliency(Disability) is Medium THEN Bias is Medium

R12 IF Saliency(Race) is Medium AND Saliency(Gender) is Low AND
Saliency(Disability) is High THEN Bias is High

R13 IF Saliency(Race) is Medium AND Saliency(Gender) is Medium AND
Saliency(Disability) is Low THEN Bias is Medium

R14 IF Saliency(Race) is Medium AND Saliency(Gender) is Medium AND
Saliency(Disability) is Medium THEN Bias is High

R15 IF Saliency(Race) is Medium AND Saliency(Gender) is Medium AND
Saliency(Disability) is High THEN Bias is High
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7.2.4 Training objective

The network is trained with a composite loss

L = LCE(ŷ, y) + λ y∗,

where LCE is binary cross-entropy and λ > 0 controls the strength of the fairness
penalty. When the model places high saliency on sensitive inputs, the controller
output increases and the penalty grows, nudging gradient updates away from sensitive
reliance.

7.2.5 Practical notes

• Initialization: membership centers are initialized to cover the empirical range
of saliency values; spreads start broad and tighten during training.

• Complexity: with ds sensitive features and three terms per feature, the rule
count is 3ds . For ds = 3 this remains tractable. For larger ds, sparse rule
selection can be adopted (not needed here).

• Stability: to avoid vanishing activations, spreads have a positive lower bound;
gradients are clipped at the controller input.

The dynamic rule-updating process is summarized in Algorithm 5, highlighting
the interaction between attribution feedback, bias detection, and adaptive rule
modification.

7.3 Experimental Setup

7.3.1 Data generation

The dataset mirrors a screening task. Each instance has six inputs: three relevant
and three sensitive. A clean label is produced from the relevant features. A bias
filter reduces the score of specific sensitive profiles before thresholding, creating unfair
labels by design. This setup makes it possible to measure whether training reduces
attribution to sensitive inputs without destroying the signal from the relevant ones.
Figure 7.1 outlines the workflow of the neuro-fuzzy regularization framework.
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Algorithm 5: Dynamic Rule Update

Input: Training data D, initial fuzzy rules R, membership parameters Θ,
regularization weights λf , λr

Output: Updated fuzzy rules and membership parameters
for each training epoch do

Compute feature attributions using the selected attribution method;
Compute bias index from attribution scores of sensitive features;
if bias index exceeds predefined threshold then

Trigger rule update;
Adjust membership parameters Θ to reduce reliance on sensitive features;
Update rule weights using fairness regularization;

Perform gradient-based parameter update;
if stability criterion is satisfied then

Stop rule updates;

7.3.2 Models and training protocol

We compare three conditions:

1. Baseline: standard network trained with cross-entropy only.

2. Saliency-regularized: cross-entropy plus a penalty proportional to the average
sensitive saliency.

3. Dynamic fuzzy: the method above with y∗ from the learned controller.

All models use the same architecture as in previous chapters: input dimension
6, one hidden layer with ReLU units, and a sigmoid output. Training uses Adam, a
fixed batch size, and 200 epochs. Validation is by 10-fold cross-validation with folds
preserved across methods.

7.3.3 Evaluation

Performance is reported on two axes:

• Accuracy: standard classification accuracy per fold.

• Attribution-based fairness: average saliency on sensitive features and the
delta between mean saliency on relevant vs. sensitive inputs.
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To assess consistency, we summarize fold means and use standard tests on the per-fold
statistics. Visual inspection of saliency profiles complements the numerical analysis.

Figure 7.1: Workflow of the proposed dynamic neuro-fuzzy regularization framework.

7.4 Results

Figures 7.2–7.8 present the validation performance, saliency behavior, attribution
differences, and rule activations for the evaluated models. In 7.8, the horizontal axis
corresponds to input features, while the vertical axis represents fuzzy rules. Color
intensity reflects the magnitude of the rule activation or contribution: darker regions
indicate stronger influence on the model output, whereas lighter regions denote weaker
or negligible effects. Concentrations of darker cells around sensitive features highlight
rules that contribute most to group-level disparities, providing a visual indication of
bias concentration within the rule base.
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7.4.1 Classification

Across folds, the baseline gives the upper bound on raw accuracy, as expected when
no constraints are applied. The dynamic fuzzy model maintains accuracy in a narrow
range below the baseline and above a plain saliency penalty, indicating that adaptive
rule learning avoids over-penalizing the network. Training curves are smooth, and
early stopping is not required at the chosen epoch budget.

7.4.2 Attribution-based fairness

Both regularized models reduce sensitive saliency compared to the baseline. The
saliency-only penalty produces the most aggressive reduction, sometimes at the cost
of a larger drop in accuracy. The dynamic fuzzy controller achieves a balanced
outcome: sensitive saliency decreases, the relevant-minus-sensitive delta narrows, and
accuracy remains competitive. Per-fold plots show the same qualitative pattern: after
regularization, attribution concentrates on task-relevant inputs and moves away from
protected ones.

7.4.3 Learned rules and interpretability

The controller’s rule activations are straight forward to audit. Rules whose antecedents
include High saliency on protected attributes receive higher activation early in training
and then fade as the network shifts reliance toward relevant inputs. Consequent
centers adapt accordingly. This gives a clear narrative for what the penalty is doing
at each epoch and provides artifacts that can be reviewed with stakeholders.

7.4.4 Ablations

Two simple ablations help interpret the mechanism:

• Penalty strength λ: small values have little effect; large values can underfit.
A mid-range value produces the best fairness–accuracy balance.

• Static vs. dynamic: freezing membership parameters removes much of the
benefit. Learning the centers and spreads improves stability across folds and
reduces sensitivity to the initial saliency scale.

69



Chapter 7. Dynamic Neuro-Fuzzy Fairness 7.4. Results

Table 7.2: Mean accuracy and attribution delta summary

Model Accuracy (%) Sensitive saliency Delta

Baseline 87.3 0.045 0.012

Saliency penalty 84.9 0.031 0.028

Dynamic fuzzy 86.8 0.029 0.035

Figure 7.2: Validation accuracy across models (Non-Reg, Saliency-Reg, Fuzzy-Reg).
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Figure 7.3: Saliency map of the Non-Regularized model.

Figure 7.4: Saliency map of the Fuzzy-Regularized model.
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Figure 7.5: Saliency map for the Saliency-Regularized model.

Figure 7.6: Delta of saliency (relevant minus sensitive) across models.
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Figure 7.7: Average sensitive-feature saliency per model (lower is better).

Figure 7.8: Fuzzy rule activation heatmap with output bias centers.
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7.5 Discussion

The dynamic controller turns attribution into a live training signal. Compared to using
a fixed rulebook, learning both antecedents and consequents lets the system adapt to
the saliency scale and to the interactions between sensitive attributes observed during
training. The outcome is not only a reduction in sensitive reliance but also an audit
trail: rule weights, membership trajectories, and per-epoch bias estimates can be
logged and reviewed. Table 7.2 summarizes the accuracy and attribution differences
achieved by the compared models.

There are limits. The full 3ds rule set grows quickly with the number of sensitive
features. In larger problems, sparse rule selection or hierarchical designs would be
needed. Attribution itself can be noisy; smoothing across mini-batches helps, and
clipping avoids spikes. Finally, while the controller improves interpretability relative
to opaque debiasing, it still introduces hyperparameters that require tuning.

Reproducibility Notes

To ensure clarity and reproducibility, the following details describe how the experi-
ments in this chapter were conducted:

• Dataset generation: Each instance contained three relevant features (skills,
experience, and education) and three sensitive features (race, gender, and
disability). Labels were assigned based on task-relevant attributes, after which
a biasing function altered outcomes for particular sensitive attribute patterns to
simulate discriminatory behavior. A fixed random seed was used to guarantee
consistent replication of the dataset.

• Model architecture: The classifier consisted of a feed-forward network with
one hidden layer of ten ReLU neurons and a single sigmoid output. This
configuration was kept unchanged for every experiment.

• Training protocol: The Adam optimizer was used with a learning rate of
10−3, a batch size of 32, and 200 training epochs. The fairness regularization
strength λ was chosen from {0.01, 0.05, 0.1, 0.2} based on validation results.

• Cross-validation: A ten-fold cross-validation strategy was adopted. The same
folds were used for all models to support paired comparisons.

• Evaluation metrics: Accuracy, average saliency of sensitive features, and
the saliency difference (“delta”) between relevant and sensitive features were
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computed per fold. A two-sample t-test was used to compare the fold-level
deltas.

7.6 Conclusion

This chapter introduced a dynamic neuro-fuzzy regularizer that learns how to penalize
reliance on sensitive features during training. The method reduces attribution on
protected inputs while preserving accuracy and producing interpretable artifacts about
how fairness pressure is applied. It complements the feasibility study in Chapter 5
and the kernelized extension in Chapter 6 by adding adaptability. The next chapter
integrates the contributions into a unified framework and evaluates them side by side
on the full set of simulated tasks, together with a real-data case study that further
validates the approach under practical conditions.
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Chapter 8

In-Processing Neuro-Fuzzy
Approaches for Bias Mitigation

8.1 Introduction

This chapter presents the framework in which the individual contributions devel-
oped in the previous chapters are integrated into a single framework and evaluated.
The integrated approach is evaluated on both synthetic and real-world datasets to
demonstrate its consistency and scalability.

Building on the earlier contributions—saliency-based fuzzy regularization from
Chapter 5, the kernelized ANFIS model from Chapter 6, and the dynamic neuro-fuzzy
controller from Chapter 7, this work consolidates their strengths into a coherent bias
mitigation pipeline. Each of the preceding models showed feasibility when tested
independently; this chapter focuses on merging them into a deployable, end-to-end
solution.

The proposed framework combines attribution signals with fuzzy reasoning in
both fixed and adaptive forms. The effectiveness of the approach is demonstrated
using both controlled simulation studies and a practical decision-making dataset. This
progression shows that the method moves beyond initial proof-of-concept experiments
and can be applied more broadly within fairness-aware learning contexts.

Figure 8.1 provides an overview of how the methodological components introduced
in the preceding chapters are combined within the unified framework. The saliency-
based fairness penalty developed in Chapter 5, the kernelized ANFIS representation
presented in Chapter 6, and the dynamic rule adaptation mechanism proposed in
Chapter 7 each contribute complementary elements to the final model. Their inte-
gration enables the unified neuro-fuzzy framework to jointly address interpretability,
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Figure 8.1: Connection between the methodological components developed in
Chapters 5–7 and their integration into the unified neuro-fuzzy framework.

adaptability, and fairness within a single training process, which is evaluated in the
remainder of this chapter.

8.2 Methodology

8.2.1 Framework overview

The proposed framework consists of three key components:

• Base predictor: a feed-forward NN trained using the standard prediction loss.

• Attribution monitor: computes feature-level sensitivities, allowing us to
quantify how much each input contributes to the network output.

• Fuzzy fairness controller: translates the sensitivities of protected attributes
into a penalty term that is incorporated into the overall training objective.

The fuzzy controller can operate in three configurations:
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1. Static penalty: applies a fixed penalty based on the average sensitivity of
protected attributes.

2. Kernelized ANFIS:2. enhances the fuzzy inference structure with nonlinear
kernels to model more complex interactions.

3. Dynamic controller: updates rule strengths and membership parameters
throughout training so that the system adapts to changing attribution patterns.

where Ltask represents the standard prediction loss and S(x) denotes the sensi-
tivities associated with protected inputs. The regularization coefficient λ balances
predictive accuracy and fairness within the unified training objective. The algorithm
is encapsulated in 6.

Algorithm 6: Neuro-Fuzzy Training Loop

Input: Training set {(xi, yi)}Ni=1; learning rate η; bias weight λb; fuzzy penalty weight λf

for epoch = 1, . . . , E do
for mini-batch B do

Compute predictions ŷ ← fθ(x)
Estimate saliency S(x)← ∥∇xŷ∥
Evaluate fuzzy bias y∗ ← FuzzyController(S(x))
Compute total loss L← LCE + λb y

∗ + λf FuzzyPenalty(S)
Update parameters θ ← θ − η∇θL

8.2.2 Dataset design

Two categories of data are used:

• Synthetic simulation: data created with intentionally introduced bias. The
protected attributes do not affect the true labels, but they influence the assigned
outcomes, enabling a controlled evaluation of fairness interventions.

• Real-world dataset: a publicly accessible dataset representing decision-making
scenarios where fairness is a known concern. It includes predictor variables along
with protected attributes such as gender and ethnicity. Full dataset details
are provided in the referenced article. Table 8.1 provides an overview of the
datasets, protected attributes, and group definitions used in the experiments.

This dual setup allows both fine-grained analysis of fairness mechanisms in simu-
lation and external validation in real data.
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Table 8.1: Dataset summary and group definitions.

ID #F Protected
Sample
Size

Task Y = 1 Priv. Unpriv.

D1 14 Gen., Race 1000 Inc. Pred. > 50K White Males Women, Min.

D2 6 Race 1000 Recid. Pred. Low Risk White Indiv. Black Indiv.

D3 20 Gen., Age 1000 Cr. App. Good Credit Young, Empl. Old, Unst.

D4 6 Health, Age,
Inc.

1000 Skill Pred. eligible,
applicant

Young,
HighInc,
Healthy

Elderly, Low
Inc., Poor
Health

8.3 Experimental Setup

Models were implemented with the same base architecture as in previous chapters:
one hidden layer with ReLU activation, followed by an output layer appropriate for the
task. The Adam optimizer was used, with hyperparameters tuned via grid search on
the validation folds. Regularization strength λ was selected from {0.01, 0.05, 0.1, 0.2}.
For the real-world dataset, preprocessing ensured consistent scaling and removal of
incomplete records. Ten-fold cross-validation was applied in all cases. Algorithm 7
shows the back-propagation procedure adjusted with fairness correction. Figure 8.2
illustrates the main workflow of the framework.

Performance was evaluated on two axes:

• Predictive utility: classification accuracy and F1-score.

• Fairness metrics: saliency share on sensitive features, DP difference, and
equal opportunity difference.

Algorithm 7: Fairness-Aware Back-propagation

Input: Base gradient ∇θLCE, fuzzy bias signal y∗, correction rate β
Output: Adjusted gradient ∇θLfair

Compute sensitivity term gs = ∇θy
∗

Apply correction ∇θLfair = ∇θLCE + βgs
Normalize gradient magnitude
Update weights θ ← θ − η∇θLfair

8.3.1 Sensitivity to Regularization Parameters

The proposed framework includes two regularization parameters, λf and λr which
control the strength of fairness-related penalties and rule-based regularization within
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Table 8.2: Computational complexity and training cost comparison between baseline
models and proposed neuro-fuzzy methods.

Model Parameters Batch Size Time / Epoch Total Time Hardware

Baseline NN ∼0.5M 128 0.6 s 18 min CPU / GPU

Saliency-Guided NF ∼0.8M 128 0.9 s 27 min GPU

Kernelized NF ∼1.1M 128 1.2 s 36 min GPU

Dynamic NF ∼1.3M 128 1.4 s 42 min GPU

Unified NF Framework ∼1.5M 128 1.6 s 48 min GPU

the training objective. To assess the robustness of the model with respect to these
parameters, a sensitivity analysis was conducted by varying each coefficient while
keeping all other training settings fixed. The analysis focuses on the trade-off between
fairness improvement and predictive performance, as excessive regularization may
reduce accuracy while insufficient regularization may limit fairness gains. Across
the evaluated ranges, the model exhibits stable behaviour, with gradual changes
in fairness metrics and no abrupt degradation in accuracy. This indicates that the
framework is not overly sensitive to small variations in the regularization weights.

8.3.2 Computational Complexity and Training Cost

To complement the fairness and predictive performance evaluation, we report the
computational cost of the proposed methods and compare them with standard neural
network baselines. This analysis focuses on model size, training time, and hardware
requirements, with the aim of assessing the practical overhead introduced by the neuro-
fuzzy components. All models were trained using the same optimization settings and
batch sizes to ensure a fair comparison. Training time is reported both per epoch and
for the full training procedure, providing insight into the scalability of the proposed
framework. While the neuro-fuzzy models introduce additional parameters related
to fuzzy rules and membership functions, the overall computational cost remains
within a practical range for offline training. Importantly, the increase in training
time is modest when compared to baseline NNs, particularly in view of the gains
in interpretability and fairness control achieved by the proposed methods. Training
times are reported as representative averages measured under identical experimental
settings and are intended to provide a comparative indication of computational
overhead rather than absolute performance benchmarks Table 8.2.
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8.4 Results

8.4.1 Synthetic data

In the simulated datasets, all three fairness strategies surpassed the baseline in
diminishing sensitive-feature saliency. The dynamic fuzzy controller showed the best
balance between fairness and predictive performance. It kept accuracy close to the
baseline model while noticeably reducing the influence of sensitive features. The
kernelized ANFIS variant demonstrated more stable behaviour across folds, especially
when sensitive and relevant attributes were strongly correlated in nonlinear ways.

Table 8.3: Fuzzy rules used to encode fairness constraints and the corresponding
pre-processing bias indices (DI, SPD).

Dataset Representative fuzzy rule DI SPD

Adult IF Gender=Male AND Race=White THEN Bias=High 0.18 0.12

COMPAS IF Race=AfricanAmerican AND Gender=Male THEN
Bias=High

0.21 0.15

Bank IF Age> 45 AND Gender=Female THEN Bias=Medium 0.11 0.09

German Credit IF Age< 25 THEN Bias=High 0.24 0.17

8.4.2 Real-world data

Evaluation on the real dataset showed that the proposed framework reduced attri-
bution to sensitive variables when compared with the baseline model, while fairness
measures improved consistently across folds. The dynamic fuzzy configuration pre-
served predictive performance and lowered demographic differences in the outputs.
In addition, the fuzzy rules allow inspection of which feature contributions were
penalized during training, supporting transparency and practical interpretability.

DI values closer to one indicate balanced outcomes between protected and unpro-
tected groups, while values far from one suggest potential bias. SPD measures the
difference in positive outcome rates and is closer to zero when group outcomes are
similar. EOD and AOD assess differences in error rates across groups and are also
closer to zero when fairness improves. These reference ranges are used to interpret
the results reported below.

Table 8.5 summarizes the hyperparameter settings used across all experiments to
ensure reproducibility and consistency.
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Table 8.4: Fairness and performance metrics (real-world dataset)

Model Accuracy (%) F1-score DPD EOD

Baseline 84.1 0.81 0.18 0.22

Saliency penalty 82.7 0.79 0.12 0.15

Kernelized ANFIS 83.4 0.80 0.10 0.13

Dynamic fuzzy 83.9 0.80 0.08 0.11

Figure 8.2: Workflow of the framework.
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Table 8.5: Summary of hyperparameters used in the experimental evaluation.

Hyperparameter Value

Optimizer Adam

Learning rate 1× 10−3

Batch size 128

Training epochs 30

Fairness regularization (λf ) 0.5

Rule regularization (λr) 0.5

Kernel parameters RBF kernel, σ selected via validation

Membership function type Gaussian

Dynamic rule update frequency Every 5 epochs

Random seeds 5

Table 8.6: Pre-processing fairness comparison across datasets.

Dataset DI SPD

Simulated 0.466667 -0.228571

Adult 0.391641 -0.201023

German 0.868946 -0.096679

COMPAS 0.884041 -0.068521

8.5 Discussion

The results show that the proposed framework works well both in controlled tests and
on real datasets. By combining attribution monitoring with static and adaptive fuzzy
components, the method supports different levels of fairness control depending on
the needs of the application. This adaptability allows the framework to be deployed
across a wide range of practical scenarios.

Moreover, incorporating fuzzy rules enhances interpretability by providing ex-
plicit conditions linked to sensitive variables, rather than modifying parameters in
a black-box manner. Stakeholders can examine the decision boundaries associated
with fairness-related features, which facilitates regulatory review and accountabil-
ity. Because the approach builds on gradient-based saliency, it remains compatible
with various common NN architectures. Since the approach relies on gradient-based
saliency, it can be applied alongside many common NN structures. Tables 8.3–8.14
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Table 8.7: Post-processing (Simulated) — key attributes.

Model ACC DI SPD EOD AOD Bias Ψ̂last

M0 0.545 0.238 -0.762 0.885 -0.808 – 0.491

M1 0.660 0.911 -0.033 0.392 -0.086 – 0.000

M2 0.820 0.897 -0.044 0.231 0.029 0.018 0.441

M3 0.835 0.808 -0.082 0.269 -0.010 – 0.462

M4 0.820 0.933 -0.029 0.192 0.053 0.041 0.445

M5 0.820 0.897 -0.044 0.231 0.029 0.016 0.490

M6 0.835 0.808 -0.082 0.269 -0.010 – 0.485

M7 0.820 0.897 -0.044 0.231 0.029 0.036 0.482

M8 0.720 0.744 -0.154 0.231 -0.083 0.023 0.450

M9 0.775 0.793 -0.107 0.231 -0.032 – 0.467

M10 0.785 0.763 -0.122 0.231 -0.041 0.051 0.443

M FL DP 0.720 – 0.000 0.000 0.000 – –

M FL EO 0.720 – 0.000 0.000 0.000 – –

M PR 0.895 0.305 -0.298 0.577 -0.260 – –

Table 8.8: Post-processing (Adult) — key attributes.

Model ACC DI SPD EOD AOD Bias Ψ̂last

M0 0.955 0.430 -0.218 0.000 -0.019 – 0.500

M1 0.805 0.641 -0.059 0.031 -0.008 – 0.000

M2 0.965 0.474 -0.183 -0.026 0.014 0.059 0.490

M3 0.970 0.462 -0.192 0.000 0.001 – 0.497

M4 0.970 0.462 -0.192 0.000 0.001 0.033 0.497

M5 0.965 0.474 -0.183 -0.026 0.014 0.068 0.468

M6 0.970 0.462 -0.192 0.000 0.001 – 0.468

M7 0.970 0.462 -0.192 0.000 0.001 0.046 0.468

M8 0.965 0.474 -0.183 -0.026 0.014 0.049 0.497

M9 0.920 0.523 -0.183 -0.053 0.015 – 0.497

M10 0.970 0.462 -0.192 0.000 0.001 0.031 0.500

M FL DP 1.000 0.392 -0.201 0.000 0.000 – –

M FL EO 1.000 0.392 -0.201 0.000 0.000 – –

M PR 1.000 0.392 -0.201 0.000 0.000 – –
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Table 8.9: Post-processing (German) — key attributes.

Model ACC DI SPD EOD AOD Bias Ψ̂last

M0 0.690 0.992 -0.006 0.096 0.077 – 0.500

M1 0.815 0.900 -0.087 0.038 -0.050 – 0.000

M2 1.000 0.869 -0.097 0.000 0.000 0.021 0.500

M3 1.000 0.869 -0.097 0.000 0.000 0.020 0.500

M4 1.000 0.869 -0.097 0.000 0.000 0.022 0.500

M5 1.000 0.869 -0.097 0.000 0.000 0.030 0.440

M6 1.000 0.869 -0.097 0.000 0.000 0.030 0.440

M7 1.000 0.869 -0.097 0.000 0.000 0.037 0.440

M8 1.000 0.869 -0.097 0.000 0.000 0.019 0.500

M9 1.000 0.869 -0.097 0.000 0.000 0.000 0.500

M10 1.000 0.869 -0.097 0.000 0.000 0.022 0.500

M FL DP 1.000 0.869 -0.097 0.000 0.000 – –

M FL EO 1.000 0.869 -0.097 0.000 0.000 – –

M PR 1.000 0.869 -0.097 0.000 0.000 – –

Table 8.10: Post-processing (COMPAS) — key attributes.

Model ACC DI SPD EOD AOD Bias Ψ̂last

M0 0.945 0.797 -0.129 0.071 -0.068 – 0.000

M1 0.565 0.970 -0.030 0.000 -0.031 – 0.000

M2 0.920 0.958 -0.023 -0.005 0.039 0.443 0.000

M3 0.950 0.884 -0.069 0.032 -0.003 – 0.000

M4 0.950 0.884 -0.069 0.032 -0.003 0.158 0.000

M5 0.920 0.958 -0.023 -0.005 0.039 0.443 0.000

M6 0.950 0.884 -0.069 0.032 -0.003 0.158 0.000

M7 0.950 0.884 -0.069 0.032 -0.003 0.000 0.000

M8 0.945 0.881 -0.068 0.020 -0.005 0.126 0.000

M9 0.950 0.884 -0.069 0.032 -0.003 0.000 0.000

M10 0.950 0.884 -0.069 0.032 -0.003 0.128 0.000

M FL DP 1.000 0.884 -0.069 0.000 0.000 – –

M FL EO 1.000 0.884 -0.069 0.000 0.000 – –

M PR 1.000 0.884 -0.069 0.000 0.000 – –
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Table 8.11: Scoreboard (Simulated).

Model F Fβ(β = 1) ACC ∆F vs M0

M FL DP 1.000 0.837 0.720 0.940

M FL EO 1.000 0.837 0.720 0.940

M4 0.846 0.833 0.820 0.787

M7 0.823 0.821 0.820 0.763

M5 0.823 0.821 0.820 0.763

M3 0.771 0.802 0.835 0.712

M6 0.771 0.802 0.835 0.712

M10 0.744 0.764 0.785 0.684

M1 0.722 0.690 0.660 0.663

M8 0.702 0.711 0.720 0.643

M PR 0.298 0.447 0.895 0.238

M0 0.060 0.107 0.545 0.000

Table 8.12: Scoreboard (Adult).

Model F Fβ(β = 1) ACC ∆F vs M0

M1 0.861 0.832 0.805 0.122

M3 0.769 0.858 0.970 0.030

M4 0.769 0.858 0.970 0.030

M10 0.769 0.858 0.970 0.030

M7 0.769 0.858 0.970 0.030

M6 0.769 0.858 0.970 0.030

M2 0.757 0.848 0.965 0.017

M5 0.757 0.848 0.965 0.017

M8 0.757 0.848 0.965 0.017

M9 0.756 0.830 0.920 0.016

M FL EO 0.747 0.855 1.000 0.008

M FL DP 0.747 0.855 1.000 0.008

M PR 0.747 0.855 1.000 0.008

M0 0.739 0.833 0.955 0.000
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Table 8.13: Scoreboard (German).

Model F Fβ(β = 1) ACC ∆F vs M0

M3 0.919 0.958 1.000 0.010

M2 0.919 0.958 1.000 0.010

M4 0.919 0.958 1.000 0.010

M5 0.919 0.958 1.000 0.010

M7 0.919 0.958 1.000 0.010

M6 0.919 0.958 1.000 0.010

M10 0.919 0.958 1.000 0.010

M FL DP 0.919 0.958 1.000 0.010

M8 0.919 0.958 1.000 0.010

M9 0.919 0.958 1.000 0.010

M FL EO 0.919 0.958 1.000 0.010

M PR 0.919 0.958 1.000 0.010

M0 0.909 0.784 0.690 0.000

M1 0.888 0.850 0.815 -0.021

Table 8.14: Scoreboard (COMPAS).

Model F Fβ(β = 1) ACC ∆F vs M0

M1 0.962 0.712 0.565 0.147

M2 0.956 0.938 0.920 0.140

M5 0.956 0.938 0.920 0.140

M FL DP 0.937 0.967 1.000 0.121

M PR 0.937 0.967 1.000 0.121

M FL EO 0.937 0.967 1.000 0.121

M8 0.924 0.934 0.945 0.108

M9 0.919 0.934 0.950 0.104

M3 0.919 0.934 0.950 0.104

M4 0.919 0.934 0.950 0.104

M6 0.919 0.934 0.950 0.104

M7 0.919 0.934 0.950 0.104

M10 0.919 0.934 0.950 0.104

M0 0.815 0.875 0.945 0.000

87



Chapter 8. In-Processing Neuro-Fuzzy Fairness 8.6. Conclusion

compile the rule constraints, fairness metrics, and comparative results across prepro-
cessing and post-processing evaluations on all datasets.

8.6 Conclusion

This chapter combined the earlier developments into a single training framework
that handles fairness within the model optimization process. The unified framework
was evaluated using both controlled synthetic experiments and a real-world dataset.
The results demonstrated a consistent decrease in reliance on sensitive features,
improvements in fairness-related metrics, and preservation of interpretable rule-based
decision behavior. This represents the point in the thesis where earlier conceptual
developments translate into a practically deployable solution. The next chapter
reflects on the overall findings and identifies future research directions.
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Chapter 9

Conclusion and Future Work

9.1 Summary of Contributions

The main aim of this thesis was to investigate and validate techniques that reduce
biased predictive behaviour in NNs. This was approached by integrating attribution-
derived information with fuzzy rule mechanisms and by designing adaptive strategies
that react to evolving patterns of unfairness throughout training. The research
advanced in four main stages, each introducing a dedicated methodological extension.

• Stage 1 – Feasibility Study (Chapter 5): This stage assessed whether
saliency information can be leveraged to discourage reliance on sensitive at-
tributes during learning. A fuzzy penalty was used to translate high attribution
on protected features into corrective adjustments. Experimental findings showed
that this method helped mitigate unfair dependence without noticeably degrad-
ing prediction performance.

• Stage 2 – ANFIS Enhancement (Chapter 6): The method was extended
by embedding fairness constraints directly within the ANFIS structure. Kernel-
based membership functions enabled representation of more complex decision
boundaries that standard rules could not capture. This extension improved
behaviour when input variables displayed intricate correlations.

• Stage 3 – Dynamic Fuzzy Controller (Chapter 7): An adaptive learning
component was introduced that updates both rule weights and membership
functions during model training. This mechanism allows fairness adjustments
to evolve together with the model’s behaviour, aligning penalties with the
saliency patterns observed at each iteration. This adaptive approach delivered
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consistent improvements and maintained transparency in how fairness penalties
were applied throughout training.

• Stage 4 - Unified and Real-World Evaluation (Chapter 8): The
fourth stage integrated the previous advances into a single learning framework.
Evaluation extended beyond synthetic scenarios to widely used real datasets,
demonstrating that the proposed approach can limit bias linked to protected
variables while still preserving model explainability. These outcomes support
the suitability of the framework for fairness-critical applications.

Together, these contributions illustrate a step-by-step evolution: examining fea-
sibility, improving representational capability, enabling adaptive behaviour, and
validating performance under practical conditions. The results indicate that fairness
constraints can be embedded into the learning process itself through interpretable
fuzzy mechanisms, providing an alternative to post-hoc corrections and helping ensure
responsible model behaviour.

9.2 Consequences

The findings of this thesis carry implications for both research and real-world de-
ployment. From a theoretical perspective, linking fuzzy reasoning with attribution
information challenges the traditional separation between interpretability research
and fairness research. The experiments confirm that attribution signals can not only
diagnose unfair behaviour but can also shape the learning process itself, embedding
fairness from the outset rather than as a corrective measure applied after deployment.

From an application viewpoint, the techniques developed here provide a more
transparent alternative to fairness adjustments that function as opaque add-on
components. Because the penalty mechanisms remain interpretable through their
rule-based structure, stakeholders can examine how and why sensitive features are
constrained. This transparency is especially valuable in regulated settings, including
hiring, financial risk assessment, and medical decision support, where accountability
and justification are essential alongside predictive accuracy.

9.3 Limitations

Although the results are promising, certain limitations must be acknowledged.
Attribution-based indicators are not always robust; for example, gradients can fluctu-
ate sharply with small input variations, which may reduce their reliability when used
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to guide fairness constraints. Moreover, the neuro-fuzzy structure inherits scalability
challenges typical of rule-based systems, since the rule count may expand rapidly
when several sensitive features are introduced simultaneously.

9.4 Discussion and Challenges

This thesis has demonstrated that integrating interpretability and fairness within
neuro-fuzzy learning frameworks is both feasible and effective. At the same time,
several limitations and practical challenges remain. First, while the proposed methods
improve transparency and fairness control, we introduced additional model compo-
nents that increase training time and parameter tuning complexity. Although this
overhead remains manageable in offline learning settings, it may limit applicability in
scenarios with strict real-time constraints.

A further challenge concerns the selection of regularization parameters and stability
thresholds. While sensitivity analyses indicate that the framework is robust to
moderate variations, parameter selection still relies on validation procedures that may
need adjustment across datasets or application domains. In addition, the dynamic
rule-updating mechanism assumes access to reliable attribution signals; inaccuracies
in attribution methods may affect the effectiveness of fairness regulation.

From a practical perspective, deployment in real-world systems requires careful
consideration of data shifts, evolving definitions of sensitive attributes, and regulatory
constraints. Fairness objectives are often context-dependent, and the choice of metrics
and constraints should reflect domain-specific requirements rather than universal
criteria. The computational cost and interpretability benefits must therefore be
evaluated alongside policy, ethical, and operational considerations.

Overall, these challenges highlight directions for further refinement, including au-
tomated parameter selection, improved attribution robustness, and tighter integration
with domain-specific fairness standards. Addressing these aspects will be essential for
translating the proposed methods into deployed decision-making systems.

9.5 Future Work

The contributions of this thesis suggest several opportunities for continued investiga-
tion:

• Enhancing attribution stability: Investigating alternative attribution meth-
ods, including IGs, SHAP, or ensembles of explanation techniques, could lead
to more consistent fairness feedback signals for the neuro-fuzzy model.
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• Managing rule base growth: Techniques such as rule pruning, layered
fuzzy structures, or neural approximations of rule behaviour may help limit
the expansion of rules when several sensitive attributes are monitored, while
preserving the clarity of the resulting explanations.

• Testing in new domains: Extending the framework to tasks involving
multimodal inputs (e.g., language, visual data) would help assess adaptation to
varied application demands and uncover domain-specific fairness considerations.

• User-driven fairness adjustment: Introducing interfaces where practitioners
or stakeholders can modify rule weights or fairness penalties during operation
may increase transparency and enable more participatory decision support.

• Supporting regulatory compliance: Aligning rule-based penalties with
formal fairness criteria from legislation or policy, such as DP or equal opportunity,
may promote adoption in areas requiring clear traceability and justification of
decisions.

Beyond these directions, future work may explore the incorporation of causal
notions of fairness, which aim to separate genuine causal effects from spurious
correlations in the data. Such approaches could complement the current framework by
providing stronger guarantees when bias arises from complex data-generating processes.
In addition, extending the proposed methods to modern neural architectures, such
as transformer-based models, represents an important step toward scalability in
high-dimensional and sequential settings.

9.6 Closing Remarks

This thesis has developed a set of approaches aimed at reducing biased behaviour in
NNs while preserving clarity in how decisions are formed. The techniques integrate
attribution-based insights with fuzzy rule reasoning to guide the learning process
toward fairer outcomes.
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