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Abstract

As artificial intelligence (AI) becomes increasingly embedded in high-stakes
decision-making systems, ensuring fairness in algorithmic outcomes has emerged
as a critical concern. This thesis investigates bias and fairness in Al-based credit
scoring systems, with a particular focus on gender disparities. Using the German
Credit Dataset as a case study, the research evaluates the performance and fair-
ness of several supervised machine learning models, including Logistic Regression,
Decision Tree, Random Forest, XGBoost, Support Vector Machine, and Neural
Network.

The study applies fairness metrics such as Statistical Parity Difference (SPD)
and Disparate Impact (DI) to assess group-level inequalities in predicted loan
approval outcomes. Results reveal a consistent trade-off between model accuracy
and fairness, where high-performing models like Random Forest and XGBoost
demonstrate notable biases against female applicants. Even interpretable models,
such as Logistic Regression, exhibit fairness issues due to historical and structural
biases embedded in the training data.

To address these challenges, the thesis highlights the importance of incor-
porating fairness-aware strategies across the machine learning pipeline, including
data pre-processing, fairness evaluation, and potential post-processing mitigation.
The use of tools like ATF360 and stratified sampling further strengthens the anal-
ysis.

This research contributes to the growing discourse on responsible AI by
demonstrating that achieving fairness is not merely a technical goal but a socio-
technical imperative. It calls for an interdisciplinary approach that combines eth-
ical reasoning, regulatory compliance, and algorithmic transparency to ensure eq-
uitable access to financial services. The findings advocate for the development of
AT systems that are not only accurate but also accountable and inclusive.

Keywords: Fairness in Al, Bias Mitigation, Credit Scoring, Machine Learning,
Gender Disparities, Statistical Parity Difference, Disparate Impact, Responsible
Al, AIF360, Algorithmic Fairness, Socio-technical Systems, Ethical Al

v



Annarna

Kacanpr unresuiekr (ZKU1) )korapbl MaHbI3Fa Me MENMIep KaObLIIAy Kyii-
eJIepiHjle KeHiHeH KOJIJAHbLIFaH CalbIH, aJITOPUTMJIK OJIJJIIK MOCeJleci epekie
©3eKTIJIiKKe e 060J1ajibl. Byil juccepTanusiblK KYMbICTa »KacaHIbl WHTEJJIEKT
HeTi3iH/er] HeCHeJliK CKOPHUHT YKYieiepiHIeri 9MiIeTTiIK MeH TeHIePJIiK TeHCI3 K
Mmocesesepi Kapactoipbliaabl. 3eprrey German Credit Dataset mepekrep »KuUbIHBI
HeriziHjie *Kyprisiiin, JOrMCTUKAJIBIK, perpeccus, mernrim arairbl, Random Forest,
XGBoost, Ko/1j1ay BEeKTOPJIBIK, MAITMHACHI >KOHE HEHPOHIBIK, 2KeJIi CUSIKThI OipHere
MallliHA OKBITY MOJIE/IbIEPIHIH OHIMIIIIrT MeH oiaeTTiairi 6araaaHaibl.

3eprTey 6apBICHIH/IA OJIIETTLIIK METPUKAIAPHI — CTATUCTUKAJIBIK TTAPUTET aii-
pipMarnblIbirsl (SPD) 2xone ominercis ocep xoaddurmenti (DI) xosmganbuiaibr.
Hotumxenep MomeIbaiH A9JIAIr MEH 9UJIETTLIIr apachIHIa TYPAKThl KOMIIPOMUC-
cti kepcerei. Mbicasisr, Random Forest xxone XGBoost cusgkTbr j1o/1iri »Korapbl
MOJIEJIBJIEp dfiesjiepre KaTbICThl aifKbIH 9JIlIeTCI3IiKTepl KopceTedi. Tycinmipyre
OHall JIOTUCTUKAJIBIK, PEIPECCHUs CEKLIJII MOJIeTbAEP/IiH 631 OKBITY JepeKTepiHIeri
TaApUXH >KOHE KYPBLIBIMIBIK OefTapaliChI3IbIKThIH 9CePiHeH OIiIeTCi3IiKKe KOJI
bepe/i.

Mymnait Mocesieiepi ety yImiH JuccepTainsd 9iIeTTiTIIKKe OarbITTaIraH CTpa-
rerusnapabl 2K xyitecinin 6apJiblK Ke3eHAepiHae KOIIaHy/IbIH MaHbI3/IbLIbIFbIH
aTall eTeJli: JIepeKTep/dil ajJIbIH ajia OHJIey, oLIeTTLIIKTI Oarajay »KoHE ITOCTIIPO-
neccwar. AIF360 kypamapsr MeH crparnduKanusiIaHFaH ipikTey CUsIKThI TOCLIIep
TaJIIay bl KYTIIerTe .

byt 3epTTey omimerTiikKe KO )KETKi3y — TeK TEXHUKAJBIK MiHJIET eMeC, COHbI-
MeH KaTap 9JeyMeTTiK MaHbI3Fa ue eKeHiH JI9JIe/1Ieil OTBIPHII, YKayallThl KACAHThI
MHTEJIIEKT JTaMYbIHA Y/IeC KOCAbl. DTUKA, KYKBIKTHIK PETTEY KOHE aJIrOPUTMIIK
AIlIBIKTBIKTHI OIPIKTIpeTiH MoHAPAJIBbIK TOCLI OiIeTTi, ecell DepeTiH »KoHe MHKJIFO-
3MBTI KacaH/Ibl MHTEJJIEKT XKylenepid Kypy KaKeTTITIrH KopceTe.



AHHOTAIUA

[To mepe Toro Kak ucKyccrBenubiii uuresuiekt (M) Beé gamie ucnosb3yercs B
cucTeMax NPUHATHs PElIeHni, 0COOEHHO B KPUTHUIECKU BasKHBIX cdepax, BOIIPOC
CIIPABE/JIMBOCTH AJITOPUTMUIECKUX PEIIEHUl CTAHOBUTCS BCE 00JIee aKTyaJbHBIM.
B nannoit pabore nccieyorcest mpobdeMbl IPeaB3ATOCTH U ciipaBeuBoctu B M-
cUCTeMax KPEJIUTHOTO CKOPHWHIA, ¢ OCOOBIM AKIICHTOM Ha TEeHJCPHbIC Pa3TUYUs.
B kadgectBe 00bekTa uccaegoBanns ucmosiblyercss German Credit Dataset. Ana-
JIN3UPYETCs TPOU3BOIUTEIBHOCTD U CIIPABEINBOCTD PA3INIHBIX AJITOPUTMOB Ma-
IIHHHOI'O OOYYeHUSI: JIOTUCTUIECKAsT PEIPECCHsI, I€PEBO PEIeHnil, Iy YaifHbIi J1ec,
XGBoost, MeTo1 OITOPHBIX BEKTOPOB U HEHPOHHAST CETh.

B wuccieoBannn nMpuMeHSAIOTCS METPHUKHU CIIPABEJIMBOCTH, TaKHe KaK CTa-
THCTHYecKOe pasynaune 1o napurery (SPD) u koaddunuenT ucKpuMuHAIHOHHO-
ro Bozzeiicteus (DI), jijisg OleHKN HEPABEHCTBA MEXKJLy I'PYNIAMU B Pe3yJIbraTax
o/100peHus KpeanToB. Pe3ybTaThl MOKa3bIBAIOT, 9TO MEXKY TOYHOCTHIO MOJIETIU
1 €€ CIPaBEJINBOCTHIO CYIIECTBYET KOMITPOMUCC: MOJIE/IA C BBICOKOI TOYHOCTHIO,
takue kKak Random Forest u XGBoost, 1eMOHCTPUPYIOT 3HAUUTE/IBHYIO MTPE/IB35I-
TOCTBH 10 OTHOIIEHUIO K YKeHITuHAM. /lazke nHTeprpeTupyeMble MO, KaK JIOTH-
CTUYECKas perpeccusi, CTpaJaioT OT BCTPOCHHON B 00ydJaloIye JaHHbIe CTPYKTYP-
HOH TIPeIB3ATOCTH.

g pertenus 3Tux mpodsieM padoTa MOYePKUBAECT BaXKHOCTDH UCIIOJIH30BaA-
HUsI CTPATEruil, yINTHIBAKOIINX CIIPABEJIMBOCTD, HA BCEX HTAINIAX MAITUHHOTO 00Y-
JeHHsI: OT IPe100PabOTKHU JAHHBIX 0 OIEHKH CIIPABEIIMBOCTU U IIOCTOOPAOOTKH.
Takzke HCIoIB3yI0TCsT MHCTPYMeHThI, Takue Kak AIF360 u crparudunuposannast
BBIOOPKA.

NccnenoBanne BHOCUT BKJIaJ B pasButue orBercrBenHoro MU, mokasbiBast,
YTO JIOCTHKEHUE CIPABEJIMBOCTH — 3TO HE TOJBKO TEeXHUYECKas 3ajada, HO U
conuasibHasdg HeoOXoMMOCTh. [oauépkuBaeTcs 3HAUUMOCTD MEXKIUCITATLTHHAPHO-
'O TTOJIX0/1a, COYETAIOIIET0 STUYECKHE, ITPABOBbIE U aJI'OPUTMUYIECKNE ACTIEKThI /I
obecrievueHnsl PABHOTO JIOCTYIIa K (PUHAHCOBBIM yciayraMm. lloydeHHbie pesysibTa-
ThI MOJMEPKUBAIOT HEOOXOIUMOCTh paspaborku NU-cucrem, KoTopbie HE TOJHKO
TOYHBI, HO ¥ CIPABEJIUBbI, ITPO3PAIHBI 1 UHKJIIO3UBHBI.

vi



Abbreviations
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AUC
AWI
BRIO
DI

DT
ECOA
GDPR
LIME
LR
ML
NN
RF
ROC
SHAP
SPD
SVM
XAI
XGB

Artificial Intelligence

Area Under the Curve

Aggregate Weighted Index

Bias Risk and Impact Overview
Disparate Impact

Decision Tree

Equal Credit Opportunity Act
General Data Protection Regulation
Local Interpretable Model-Agnostic Explanations
Logistic Regression

Machine Learning

Neural Network

Random Forest

Receiver Operating Characteristic
SHapley Additive exPlanations
Statistical Parity Difference
Support Vector Machine
Explainable Artificial Intelligence
Extreme Gradient Boosting
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Chapter 1

Background and motivations

1.1 Introduction

In recent years, Artificial Intelligence (AI) has materialized as a revolutionary
influence in the financial services sector, reshaping established procedures and eas-
ing data-centric decision-making at outstanding levels. Among its main applica-
tions, Al-driven credit approval systems distinguish themselves for their skill with
streamlining lending procedures, diminishing operational costs, and improving pre-
dictive accuracy within assessing borrowers’ creditworthiness. Through exploiting
detailed machine learning algorithms, financial entities can now scrutinize wide-
ranging quantities of consumer data. The institutions can do this to make nearly
instantaneous lending decisions that had been, in the past, manual, time-intensive,
as well as inconsistent.

However, while these systems proffer efficiency as well as scalability, they also
raise grave concerns respecting fairness, transparency, plus accountability. One
of the chief quandaries stems from the olden data used for Al models. A pro-
portion of these data reflect prior human decisions. Such choices may have been
swayed via systemic biases and unfair practices. As a consequence, Al systems
designed from this data might inherit, reinforce, or also increase such patterns re-
garding unfair biases, particularly toward underrepresented, marginalized, or even
socioeconomically disadvantaged various groups [1].

The problem of bias for AI models is thorough and diverse. Bias might arise
not solely from the dataset proper, but from organized architecture decisions as
well, including attribute designation, targeted purposes, and refinement strategies.
In circumstances wherein datasets stand as skewed—as an instance, when a ma-
jority proportion of approved loans had historically went to certain demographic
groups—models can learn so as to favor those aforementioned groups while disad-
vantaging other such groups. Furthermore, the utilization of surrogate variables
such as ZIP codes and status concerning property ownership could introduce prej-
udice. This could transpire unknowingly, and it is perhaps circuitous. These at-
tributes, even if viewed as neutral to one, may be quite correlated with protected
traits such as race, gender, also socioeconomic status, which results within skewed
treatment that violates both ethical standards along with authorized mandates

[2].



Globally and also nationally, regulatory bodies now recognize hazards presented
by algorithmic bias in financial services. Regulations such as the General Data Pro-
tection Regulation (GDPR) throughout the European Union as well as the Equal
Credit Opportunity Act (ECOA) across the United States, do have a purpose.
These regulations aim toward ascertaining that automated systems do not culmi-
nate in inequity. These regulations also aim toward interpretability of their Al
models. Even with these legal frameworks, practical enforcement is still a chal-
lenge because of the complexity of modern algorithms and also the difficulty in
attributing outcomes to specific sources of bias.

In response, researchers as well as practitioners have put forward various fairness-
aware machine learning techniques that are designed to reduce bias and also pro-
mote equitable outcomes. These methods fall mostly into three broad groups.
Such methods are categorized thus:

o Pre-processing: Methods change inputted data to lessen bias before the
model trains. These involve methods like reweighting, sampling, and data
anonymization, that aim for addressing imbalances or for removing discrim-
inatory patterns from within the training set.

o In-processing: Algorithms incorporate constraints of fairness directly into
the process of learning. These very techniques modify the learning algo-
rithm itself, as often by introducing fairness-aware regularization terms or
constraints, to actually balance trade-offs between predictive accuracy and
equity.

o Post-processing: Methods which adjust predictions of the model after its
training ensure more fair treatment across demographic groups. Examples
include approaches for equalized odds, with demographic parity adjustments,
and threshold optimization, which modify decision boundaries for reduction
of disparities in outcomes.

While each category of the methods offers advantages that are distinct, no
single approach guarantees fairness in contexts of all kinds. Fairness metrics like
statistical parity, equal opportunity, and predictive parity can conflict. This forces
practitioners to make normative decisions about which idea of fairness to prioritize.
This reflects the broader tension within Al ethics, including accuracy as well as
fairness, with models maximizing predictive performance, often doing it at a cost
for equity [3], [4].

Beyond technical solutions, there is now an awareness that there is a need for an
approach interdisciplinary for fairness within Al-driven credit systems. Addressing
algorithmic bias requires computational tools in addition to certain understand-
ings from fields, such as ethics, law, sociology, as well as economics. Biased lending
models exacerbate existing economic disparities via denials of credit access to cer-
tain groups. Such models additionally pose particular, broader social challenges.
For example, communities historically excluded from formal credit systems may
find that it is even harder for them to build financial resilience, widen their eco-
nomic opportunities, or access necessary services.

This paper has the aim to give a broad overview of the bias and fairness chal-
lenges that are in Al-based credit approval systems, with focus given to under-
standing where they originate, assessing what current mitigation techniques do,



and exploring all the broader social and regulatory implications. The work lever-
ages real-world datasets like the German Credit Data. It is widely used to study
algorithmic bias and fairness interventions. Through analyzing case studies, eval-
uating bias detection tools, as well as reviewing algorithmic correction techniques,
this research seeks to highlight both the technical limitations as well as the ethical
responsibilities involved throughout building equitable Al systems in finance.

Ultimately, the goal of this paper is not only to diagnose existing problems
in Al lending platforms but also to contribute to the development of guidelines,
frameworks, and best practices for responsible and fair AI deployment. As the use
of Al continues to expand in critical decision-making areas, it is imperative that
fairness is not treated as an afterthought but integrated into every stage of system
design and implementation. Only through such a comprehensive and inclusive
approach can we ensure that the benefits of Al in finance are accessible to all,
without reinforcing or deepening historical patterns of exclusion.

1.1.1 Motivation

The motivation for this research stems from a reliance growing in Artificial Intel-
ligence (AI) during high-stakes decision-making processes such as credit approval,
where outcomes biased can have consequences in the real world of importance. Fi-
nancial institutions increasingly adopt automated systems to evaluate credit risk,
and so it becomes necessary to ensure the systems do not discriminate. It is im-
portant these systems do not discriminate against people based on race, gender, or
socioeconomic background. My interest in this topic was driven by the realization
that Al, although powerful, is not naturally neutral. It reflects the data plus as-
sumptions upon which it is built—both of which may carry historical inequalities.
By studying sources of algorithmic bias as well as evaluating fairness-aware ma-
chine learning methods, I aim to contribute to development of ethical, inclusive,
and socially responsible Al systems in finance. This research aspires to close the
divide between technical innovation and human values, ensuring that access to
financial services is consistently fair, transparent, and equitable for people, irre-
spective of background.



Chapter 2

Literature review

2.1 Sources of Bias in Financial Al

Artificial Intelligence (AI) and Machine Learning (ML) have become central to
modern financial decision-making, offering the potential to automate and optimize
tasks such as loan approvals. These tools enhance consistency and speed, but
also pose ethical and regulatory challenges when deployed without safeguards for
fairness. Research has shown that models trained on biased or incomplete datasets
can replicate, and even amplify, discrimination found in historical lending practices
[1], [2]. Furthermore, Priya et al. note that bias in financial Al systems is often
systemic, reflecting structural inequalities and the institutions that use them [3].

Abhulimen et al. (2024) claim Al needs careful audits, since financial data
often encode social inequities, to stop disparities from continuing. Garcia et al.
(2023) emphasize the issue’s complexity, highlighting both direct discrimination
and more subtle indirect forms embedded in data and institutional norms [4]. Bias
can result not only from datasets but from the design of model objectives and the
use of features correlated with protected attributes.

Historical bias arises when past inequalities in financial systems are reflected
in datasets used for model training. When unchecked, these patterns lead models
to perpetuate exclusion and disadvantage marginalized groups [5]. Unbalanced
datasets contribute further by causing underrepresentation, while algorithmic bias
may arise through optimization functions that fail to penalize inequity [6]. No-
tably, proxy variables—like ZIP codes or employment types—can act as surrogates
for protected traits, indirectly embedding bias [7]. Social bias—often rooted in cul-
tural assumptions—can manifest in decisions even without explicit discriminatory
intent [8].

2.2 Fairness Metrics and Definitions

Mehrabi et al. [9] discuss a wide array of fairness metrics and strategies to audit
such systemic effects. Statistical Parity Difference (SPD) and Disparate Impact
(DI) serve as key indicators to quantify disparities between demographic groups.
SPD reveals differences in outcome probability, while DI assesses the relative ratio
of favorable outcomes. Empirical analyses of the German Credit dataset reveal

4



that women applicants receive disproportionately fewer favorable decisions despite
equivalent financial data [8]. This aligns with Cozarenco and Szafarz [10], who
observed higher interest rates imposed on women in microfinance contexts even
when risk profiles were similar.

These results underscore that gender-based disparities are not theoretical but
empirically confirmed. Likewise, Ashraf and Faheem [11] note that fairness must
be monitored dynamically as model performance changes over time with new data.
Wu [6] further explores how models might violate ethical or legal expectations even
when technically performing well.

2.3 Bias Mitigation Strategies

Bias mitigation strategies are broadly classified into three main categories: pre-
processing, in-processing, and post-processing. FEach approach intervenes at a
different stage of the machine learning pipeline and has unique advantages and
trade-offs. In this section, we present detailed descriptions of these strategies and
additional emerging methods in fairness-aware machine learning.

2.3.1 Pre-Processing Techniques

Pre-processing methods aim to modify the training data prior to model learning,
such that the model is less likely to encode biased patterns. One widely-used
technique is reweighing, which adjusts the weights of data instances to ensure
balanced representation across protected and unprotected groups [4]. This method
preserves the original feature space while correcting for dataset-level imbalances,
making it especially effective for classical classifiers like Logistic Regression and
Random Forest.

Another powerful pre-processing method is synthetic data generation. Guided
by causal inference, synthetic augmentation creates balanced datasets by gener-
ating additional examples for underrepresented subgroups [14]. When applied to
datasets such as the German Credit Dataset, this technique has demonstrated
improvements in Statistical Parity Difference (SPD).

Participatory preprocessing frameworks are also emerging. These approaches
involve affected communities in the data collection and cleaning process, ensuring
that cultural and structural biases are acknowledged from the outset [17].

2.3.2 In-Processing Techniques

In-processing methods incorporate fairness constraints directly into the learning
algorithm. Among these, adversarial debiasing has gained significant traction.
This technique introduces an adversary network that tries to predict the protected
attribute from the main model’s output. The main model is penalized for revealing
any sensitive information, thereby reducing bias in its predictions [12].

We explored various adversarial configurations, including the use of Focal Loss,
Gradient Reversal Layers (GRL), and dynamic lambda schedulers, each contribut-
ing uniquely to performance-fairness trade-offs. GRL, in particular, was effective



in suppressing gradient signals related to sensitive features.

Emerging in-processing methods include fairness-constrained optimization and
causal regularization, which explicitly add fairness objectives to the loss function
or regularization terms. These methods are promising but computationally expen-
sive.

Hybrid approaches also fall under this category. Singh et al. [20] demonstrate
that combining in-processing with preprocessing (e.g., reweighing + adversarial)
yields stronger fairness across intersectional dimensions like race and gender.

2.3.3 Post-Processing Techniques

Post-processing methods apply fairness adjustments to a trained model’s output
without altering its internal structure. This is particularly useful for black-box
or deployed systems where retraining is impractical. Techniques include threshold
adjustment, equalized odds post-processing, and fairness-aware rejection sampling.

Dattachaudhuri et al. [13] emphasize that post-processing can correct group-
level disparities with minimal performance loss. However, these techniques do not
remove the underlying bias — they simply mask it at the output level.

Post-processing is also critical for real-time fairness monitoring. As Ashraf
et al. [11] highlight, threshold-based alerts on fairness metrics (e.g., SPD, DI)
can trigger automated rebalancing or retraining workflows before biased outcomes
reach deployment.

2.4 Gaps in the Literature

Despite progress, challenges remain. First, there is limited adoption of fairness
auditing tools in practice, particularly in small financial institutions. While tools
like IBM’s AT Fairness 360 or Google’s What-If Tool exist, their integration requires
technical expertise [9)].

Second, most studies use static datasets, limiting insights into how fairness
evolves over time. Longitudinal fairness tracking is underexplored, yet essential in
finance where model decisions accumulate [11].

Third, fairness definitions remain context-dependent. No single metric fits all
regulatory, social, or ethical standards. This highlights the need for domain-
specific frameworks informed by stakeholder input [18], [17].

Finally, there is a need to bridge the gap between technical debiasing techniques
and legal standards like GDPR and ECOA [6]. Few studies propose concrete
integration strategies that ensure regulatory alignment from the design stage.

In conclusion, the literature strongly supports the claim that algorithmic decision-
making in finance can reinforce existing social inequities unless deliberate fairness-
aware interventions are made. This includes model auditing, statistical testing,
transparency mechanisms, and continuous feedback. Fairness is not merely a tech-
nical constraint but a design philosophy, and its success depends on how deeply it
is integrated into the machine learning lifecycle - from data collection and feature
selection to deployment and regulation.



2.5 Related Work

Numerous studies have explored the intersection of machine learning fairness and
financial decision-making, particularly in the context of credit scoring. Among the
most influential is the work of Mehrabi et al. [33], who provide a comprehensive
survey of over 20 fairness metrics and categorize them by use case, highlighting the
trade-offs between group, individual, and causal fairness. Their findings emphasize
that no universal solution exists and that fairness evaluation must be context-
specific.

Zhang et al. [12] propose adversarial debiasing as an effective in-processing
method for mitigating bias in classification models. Their framework, which in-
volves a dual-objective learning approach, inspired the architecture adopted in
this thesis. The method has since become a standard reference for fairness-aware
neural network training.

Bellamy et al. [24] introduced the AIF360 toolkit, which has enabled widespread
adoption of fairness assessment techniques in industry and research. This toolkit
provides standardized implementations of fairness metrics, debiasing algorithms,
and visualization tools, and is used extensively in this work.

Beutel et al. [25] explore fairness in financial lending using real-world credit
datasets. They show that fairness constraints often conflict with accuracy, but that
combining preprocessing and in-processing approaches can mitigate performance
loss. Their hybrid strategy parallels the multi-phase framework used in this study.

In terms of domain-specific fairness, Cozarenco and Szafarz [28] find that women
are often penalized in microfinance despite having equal or better repayment rates
than men. This supports our findings on gender disparities in credit approval
outcomes and motivates further study into intersectional fairness.

Other researchers, such as Kamiran and Calders [26], have proposed prepro-
cessing techniques like reweighing and preferential sampling, which were evalu-
ated and extended in this thesis. Feldman et al. [31] propose fairness certification
techniques that check if a model’s decisions can be explained without access to
protected attributes, reinforcing the need for explainability.

Lastly, the work of Hardt et al. [27] on equalized odds and equal opportunity
remains foundational. These definitions of fairness were referenced during the
evaluation phase of our models, even if not directly implemented.

Together, these studies provide the theoretical and technical backbone for our
methodology. They collectively indicate that fairness-aware modeling must balance
predictive accuracy, ethical responsibility, and legal compliance — a principle that
guided the design of our experimental pipeline.

2.6 Theoretical Foundations of Fairness

Fairness in machine learning is a multidimensional concept with diverse interpre-
tations across disciplines. In algorithmic decision-making, it typically refers to the
absence of unwanted bias or discrimination against individuals or groups based on
protected attributes such as gender, race, or age. Two primary schools of thought
dominate fairness theory: group fairness and individual fairness.



Group fairness focuses on ensuring that subgroups receive similar treatment on
average. Statistical Parity Difference (SPD) and Disparate Impact (DI), which
are used in this thesis, are group-level fairness metrics. These metrics evaluate
disparities in outcomes between protected and unprotected groups. For example,
SPD measures the difference in positive classification rates, while DI compares
their ratio [33, 31].

Individual fairness, by contrast, posits that similar individuals should be treated
similarly, regardless of group membership. This principle was first formalized by
Dwork et al., who defined fairness as a function of individual similarity under a
specified distance metric [30]. While theoretically appealing, individual fairness is
difficult to operationalize in practice due to the challenge of defining and computing
appropriate similarity measures in high-dimensional datasets.

A fundamental tension exists between competing fairness goals. Kleinberg et
al. [32] showed that in non-trivial cases, it is mathematically impossible to simul-
taneously satisfy several commonly used fairness criteria - specifically, predictive
parity, equalized odds, and calibration - when base rates differ across groups.

Moreover, fairness can be procedural (focused on the fairness of the process) or
distributive (focused on fairness of the outcomes). Legal systems often emphasize
procedural fairness - ensuring decisions can be explained, contested, and traced
[38]. In contrast, machine learning frameworks frequently target distributive fair-
ness, measuring how outcomes are allocated across demographics.

This divergence creates an additional challenge: aligning fairness definitions
used in model training with those recognized by law and policy. Thus, fairness
is not merely a technical property to be optimized, but a socio-technical design
choice requiring normative judgment and stakeholder engagement.

In summary, fairness in Al systems is a balancing act. Achieving fairness re-
quires deliberate decisions about which metrics to use, which trade-offs to accept,
and how to align technical outcomes with ethical and legal standards.



Chapter 3

Methodology

3.1 Dataset Selection

The dataset used in this study is the German Credit Dataset, a well-established
benchmark for evaluating fairness and predictive performance in credit scoring
models. This dataset was originally provided by Professor Dr. Hans Hofmann
from the Institut fiir Statistik und Okonometrie at Universitit Hamburg, and has
been widely used in the StatLog project as well as in various studies involving bias
detection and classification in financial services.

The dataset comprises 1,000 instances, each representing a loan applicant. Two
versions of the dataset are available: the original form (german.data) containing
20 attributes (13 categorical and 7 numerical), and a preprocessed numeric form
(german.data-numeric) with 24 fully numerical features. In this study, the nu-
meric version is used to ensure compatibility with machine learning models that
require numerical input and to facilitate the application of fairness-aware tech-
niques.

The dataset includes a diverse set of financial, demographic, and personal at-
tributes, such as credit history, employment duration, loan amount, savings account
status, personal status and sex, age, and foreign worker status. These features allow
for both credit scoring and fairness assessment, especially across sensitive dimen-
sions such as gender, age, and nationality. For instance, Attribute 9 encodes both
gender and marital status, making it suitable for detecting gender-based dispar-
ities, while Attribute 13 captures applicants’ age, which is often associated with
indirect discrimination.

The target variable is binary and represents creditworthiness, where:

e 1 = Good credit risk

e 2 = Bad credit risk

Moreover, the dataset is accompanied by a cost matrix that highlights the real-
world asymmetry in classification errors. Specifically, it is considered five times
more costly to misclassify a “bad” customer as “good” than vice versa. This
asymmetry is modeled by the following cost matrix:

Given the dataset’s structured format, inclusion of sensitive attributes, and
known limitations, it serves as a suitable foundation for exploring bias detection
and fairness-aware machine learning in credit scoring.



Table 3.1 — Asymmetric Cost Matrix for Credit Scoring

Predicted Good | Predicted Bad
Actual Good 0 1
Actual Bad 5) 0

3.2 Data Processing

The data preprocessing stage is crucial for ensuring that the machine learning
models operate on clean, consistent, and unbiased inputs. In fairness-aware credit
scoring systems, preprocessing not only serves the standard function of preparing
data for modeling but also plays a key role in addressing historical and systemic
biases embedded within datasets [9].

3.2.1 Data Cleaning and Transformation

The German Credit dataset was first subjected to cleaning procedures to remove
missing or inconsistent entries. Since this dataset does not contain null values, no
imputation was necessary. However, certain categorical attributes such as ‘hous-
ing‘, ‘job‘, and ‘personal status’ required standardization. Features with textual
or symbolic categories were label-encoded or one-hot encoded to make them com-
patible with standard classifiers. Normalization was applied to numerical variables
such as ‘credit amount‘ and ‘duration to ensure that scale did not disproportion-
ately affect learning outcomes.

3.2.2 Encoding Protected Attributes

To support fairness evaluation, the sensitive attribute ‘sex‘ was explicitly encoded
as a binary variable (‘1 = male‘, ‘0 = female*). This facilitated the measurement of
group fairness metrics such as Statistical Parity Difference (SPD) and Disparate
Impact (DI), which require group membership to be clearly defined [8, 9]. In
addition, the ‘age‘ variable was binarized at the threshold of 25 years to create a
‘young' vs. ‘old* grouping, consistent with prior fairness literature [6].

3.2.3 Feature Selection

Features that were either weakly correlated with the outcome variable or strongly
collinear with other predictors were excluded to avoid redundancy and noise. A
Pearson correlation matrix and mutual information ranking were used to assess
feature utility. Additionally, variables that serve as potential proxies for sensitive
attributes - such as ‘job‘ or ‘housing’ (which may reflect socio-economic status)
- were flagged for further fairness analysis, though they were retained in some
baseline models to test for proxy bias effects [7].
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3.2.4 Train-Test Split

The dataset was partitioned into training and test sets using a stratified split to
maintain the distribution of the target variable across both sets. A typical 80/20
division was used to allow sufficient training data while preserving a representative
test sample for unbiased evaluation.

3.2.5 Fairness-Aware Preprocessing

To assess the impact of dataset balancing on fairness outcomes, the ‘reweighing’
technique was applied as a pre-processing debiasing method [4]. This method as-
signs different weights to samples based on group membership and label, effectively
correcting imbalances in the joint distribution of sensitive attributes and target
values. The weighted dataset was then passed to each classifier to evaluate the
effectiveness of this intervention in mitigating disparities in prediction outcomes.

3.2.6 Summary

In sum, the preprocessing pipeline ensured that the dataset was not only ready
for model ingestion but also primed for fairness analysis. By explicitly incorporat-
ing protected attributes, identifying proxy variables, and applying fairness-aware
transformations, the preprocessing stage laid the groundwork for reliable and eq-
uitable model training and evaluation.

3.3 Evaluation Metric

To comprehensively assess model effectiveness, this study utilizes two categories
of evaluation metrics: (1) performance metrics for measuring predictive accuracy,
and (2) fairness metrics for quantifying bias with respect to sensitive attributes.

3.3.1 Performance Metrics

Standard classification metrics were employed to evaluate the models’ predictive
capabilities on the binary credit risk classification task:
e Accuracy — Measures the proportion of correctly predicted instances out
of all predictions.
o Precision — Indicates the proportion of positive predictions that were truly
positive (useful in minimizing false positives).
e Recall — Measures the proportion of actual positives that were correctly
predicted (sensitive to false negatives).
e F1-Score — Harmonic mean of precision and recall, balancing the two.
« Area Under the ROC Curve (AUC) — Evaluates the model’s ability
to distinguish between positive and negative classes across thresholds.
These metrics were calculated using stratified 5-fold cross-validation on the test
set to ensure robustness and reduce variance due to data splits.
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3.3.2 Fairness Metrics

Since the central focus of this study is to assess and mitigate bias, two group
fairness metrics were implemented:

Statistical Parity Difference (SPD) — Defined as the difference in the probabil-
ity of receiving a favorable outcome between the unprivileged group (A = 0) and
the privileged group (A = 1):

SPD=P(Y =1|A=0—PY =1|4=1) (3.3.1)

A value of 0 indicates parity, while negative values suggest that the unprivileged
group is disadvantaged [9].

Disparate Impact (DI) — Measures the ratio of favorable outcomes for unpriv-
ileged and privileged groups:

pr— P =114=0) (3.3.2)
PY=1|A=1)

A value below 0.8 is generally considered evidence of potential discrimination,
based on the 80% rule used in legal frameworks [8].

These fairness metrics were computed for the sensitive attributes sex and age,
allowing an evaluation of how model decisions affect different demographic groups.
By integrating both performance and fairness metrics, the analysis ensures that
improved predictive power does not come at the cost of discriminatory outcomes.

3.4 Model Architectures

To investigate the relationship between predictive performance and fairness, a va-
riety of supervised classification models were implemented. These include Logistic
Regression, Decision Tree, Random Forest, XGBoost, Support Vector Machine
(SVM), and a shallow Neural Network. Logistic Regression served as a baseline
due to its simplicity and interpretability, offering insight into linear relationships
between features and predictions. Decision Trees provided a rule-based structure
that is inherently interpretable and useful for feature impact analysis. Random
Forest and XGBoost, both ensemble methods, were chosen for their ability to
reduce overfitting and capture complex interactions, with XGBoost offering im-
proved regularization and performance on structured financial data. SVM was
included for its robustness in high-dimensional spaces, and the Neural Network
model allowed for exploring non-linear and data-driven feature representations,
despite its limited interpretability. In addition to these standard models, fairness-
aware adaptations were implemented using in-processing methods such as adver-
sarial debiasing to mitigate discrimination without compromising accuracy. All
models were trained and evaluated using Python libraries such as scikit-learn,
xgboost, and the AIF360 toolkit. Hyperparameter tuning was performed using
grid search and 5-fold cross-validation. By comparing these models across both
accuracy and fairness metrics defined earlier, this study assesses how model archi-
tecture influences fairness outcomes in credit scoring.
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3.5 Model Explainability and Fairness

Explainability supports fairness in two critical ways. First, it enables practition-
ers to detect whether sensitive or proxy features disproportionately influence model
outcomes - even when such influence is not explicitly encoded. For instance, if a
model relies heavily on employment status or housing type, which may correlate
with gender or socioeconomic background, this could signal indirect discrimination
36].

Second, explainability bridges the gap between technical model behavior and
regulatory expectations. Under Article 22 of the GDPR, individuals have the right
not to be subject to fully automated decisions without explanation or recourse
[37, 38]. Even in jurisdictions without such provisions, transparency is increasingly
viewed as a critical component of trust in Al systems.

While the models in this thesis focused on fairness through statistical metrics
such as SPD and DI, future extensions of this research could incorporate post-hoc
interpretability techniques to audit the decision logic of debiased models [39]. This
would enhance the system’s transparency and provide actionable insights into how
mitigation strategies reshape the model’s internal behavior.

In summary, even when not directly applied, explainability remains a core pillar
of fairness-aware machine learning. Its integration into credit scoring systems is
not only methodologically beneficial but also increasingly necessary to meet ethical
and legal standards [40].
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Chapter 4

Experimental design and
implementation

4.1 Fairness Analysis

To quantify bias present in the dataset prior to training any model, a fairness
analysis was conducted using group fairness metrics—Statistical Parity Difference
(SPD) and Disparate Impact (DI). These metrics were calculated for key protected
attributes including sex and age, using the AIF360 fairness toolkit from IBM. SPD
measures the difference in the rate of favorable outcomes between unprivileged
and privileged groups, while DI captures the ratio of these rates. A perfectly fair
outcome yields an SPD of 0 and a DI of 1. Values of DI below 0.8 typically indicate
discriminatory outcomes under the 80% rule [9)].

Statistical parity difference

positive_unprivileged

Statistical parity difference : -0.058

positive_privileged

0.0 ol 02 03 0.4 0.5 0.6 07

Figure 4.1 — Model training and evaluation workflow with integrated performance
and fairness metrics.
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As illustrated in Figure 4.1, the proportion of favorable outcomes (i.e., credit
approved) for the privileged group—typically males—was 0.71, while for the un-
privileged group—typically females—it was 0.65. This results in a Statistical Par-
ity Difference (SPD) of -0.058, indicating that females were 5.8 percentage points
less likely to receive positive outcomes compared to males. While the magnitude
of the disparity may appear moderate, its presence is statistically and ethically
significant. Even such small differences can compound over time in high-stakes
decision-making processes like credit approvals, contributing to systemic inequal-
ity. The visual representation confirms that the baseline model exhibits measur-
able group bias, validating the need for fairness-aware mitigation techniques in
subsequent stages of the modeling pipeline.

4.2 Model Training

[ Trained baseline models ]

C.agisticRegressiun) C Decision Tree ) C Random Forgs[) C SVM ) ( MLP )
[ Evaluation J

(Accuracy) CFLscore) (ROC-AUC) C Fairness metrics )

Compared model
performance across groups

v

Identified bias levels in
standard (unmitigated)
models

Figure 4.2 — Model training and evaluation workflow with integrated performance
and fairness metrics.

The training process followed a structured pipeline as illustrated in Figure 4.2. Six
baseline classifiers were used: Logistic Regression, Decision Tree, Random Forest,
Support Vector Machine (SVM), XGBoost, and a Multi-Layer Perceptron (MLP).
These models were chosen to represent a diverse range of linear and nonlinear
learners commonly used in credit scoring.

All models were trained using the processed German Credit dataset, employ-
ing an 80/20 stratified train-test split to preserve the distribution of the target
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variable. Hyperparameters were optimized using 5-fold cross-validation. The im-
plementation was carried out using Python libraries scikit-learn, xgboost, and
ATF360. Each model was first trained on the original dataset (without debiasing)
to assess the inherent bias present in standard predictions.

Evaluation was performed using three standard performance metrics: Accu-
racy, Fl-score, and ROC-AUC, along with two fairness metrics—Statistical Parity
Difference (SPD) and Disparate Impact (DI). The goal was not only to measure
predictive capability but also to quantify fairness across sensitive subgroups, es-
pecially regarding gender. After evaluation, models were compared based on both
sets of metrics, and bias levels in the unmitigated outputs were identified to es-
tablish a baseline for fairness intervention.

4.3 Bias Mitigation using Fairness Techniques

To reduce the disparities identified in the fairness analysis, two bias mitigation
strategies were employed: Reweighing and Adversarial Debiasing. These meth-
ods represent two major categories of fairness-aware interventions—pre-processing
and in-processing, respectively—and were selected to evaluate their comparative
effectiveness in addressing group-level bias.

Reweighing is a pre-processing technique that adjusts the weights of samples
before training, based on the joint distribution of protected attributes and labels.
This aims to balance representation across demographic groups without modifying
the model itself. It was implemented using the Reweighing class from IBM’s
ATF360 library.

Adversarial Debiasing, on the other hand, is an in-processing technique that in-
corporates fairness constraints directly into model training. It uses a dual-network
architecture, where the primary classifier predicts the target outcome while an
adversarial component tries to predict the protected attribute. The classifier is
trained to minimize prediction error while also reducing the adversary’s ability
to detect the sensitive group, thus discouraging bias. This approach was also
implemented using AIF360.
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Figure 4.3 — Bias mitigation workflow using reweighing and adversarial debiasing
techniques.

As shown in Figure 4.3, each mitigation method was applied to the training
process, followed by evaluation using both predictive and fairness metrics. This
allowed for direct comparison of model performance before and after bias miti-
gation. The effectiveness of each technique was assessed based on improvements
in Statistical Parity Difference (SPD) and Disparate Impact (DI), as well as the
ability to maintain acceptable levels of predictive accuracy and F1-score.

These fairness-aware models serve as a critical component in the experimental
setup, enabling the evaluation of trade-offs between fairness and performance in
credit scoring systems.
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Chapter 5

Results and Discusion

5.1 Result

5.1.1 Overview of Model Performance

The predictive performance of all five baseline classifiers—Logistic Regression, De-
cision Tree, Random Forest, XGBoost, and Support Vector Machine (SVM)—was
evaluated using Accuracy as the primary metric. Overall, all models demonstrated
reasonable performance on the credit risk prediction task, with accuracy ranging
between 0.7033 and 0.8200. Notably, SVM achieved the highest accuracy (0.8200
after reweighing), followed by Neural Network and Random Forest, both exceeding
0.77. Logistic Regression also performed well, offering a strong balance between
interpretability and predictive strength.

5.1.2 Fairness Improvements via Reweighing
5.1.2.1 SPD Evaluation

To assess bias mitigation effectiveness, Statistical Parity Difference (SPD) was
measured before and after applying the Reweighing pre-processing technique. Fig-
ure 5.1 and Table 5.1 present the comparative SPD values alongside model accu-
racy. The goal was to shift SPD values closer to zero, indicating improved group
fairness across protected attributes (e.g., gender).
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Figure 5.1 — SPD values before (red) and after (green) reweighing for each model.

Table 5.1 — SPD Performance after Reweighing (pre-processing)

Model Accuracy SPD SPD (After) Accuracy
(Before) (Before) (After)
Logistic Regression 0.7467 -0.1964 -0.1177 0.7567
Decision Tree 0.7033 -0.0361 -0.0475 0.7233
Random Forest 0.7733 -0.0969 -0.0873 0.7767
XGBoost 0.7167 0.0131 0.0104 0.7267
SVM 0.8133 -0.1128 -0.0573 0.8200

From the results, it is evident that Logistic Regression, SVM, and the Neural
Network showed the most substantial fairness improvements. Logistic Regression’s
SPD improved from -0.1964 to -0.1177, indicating a meaningful reduction in
gender-based disparity. SVM’s fairness also improved significantly (SPD shift from
-0.1128 to -0.0573) without sacrificing predictive performance, which slightly
increased from 0.8133 to 0.8200. XGBoost showed minimal disparity to begin
with and remained largely fair after reweighing.

In contrast, the Decision Tree showed a negligible change in SPD, and Random
Forest improved only slightly. These outcomes underscore that fairness enhance-
ment is model-dependent, with linear and margin-based methods responding more
effectively to pre-processing debiasing. Furthermore, these changes were achieved
with minimal or no compromise in predictive accuracy, confirming the viability

5.1.2.2 Disparate Impact Evaluation

In addition to Statistical Parity Difference, Disparate Impact (DI) was used to
evaluate model fairness. DI is defined as the ratio of favorable outcomes for the
unprivileged group to the privileged group. A DI of 1 indicates perfect fairness,
while values below 0.8 typically suggest potential discrimination according to the
80% rule.
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Figure 5.2 and Table 5.2 present the DI values before and after applying the
Reweighing mitigation technique. As seen in the results, most models already
had DI values above the fairness threshold prior to mitigation. However, Logistic
Regression showed the most significant improvement, increasing from 0.7609 to
0.8511—thus crossing the 0.8 threshold into an acceptable fairness range.

Figure 5.2 — DI values before (red) and after (green) reweighing for each model.

Table 5.2 — DI Performance after Reweighing (pre-processing)

Model Accuracy DI (Before) DI (After) Accuracy
(Before) (After)
Logistic Regression 0.7467 0.7609 0.8511 0.7567
Decision Tree 0.7033 0.9491 0.9358 0.7233
Random Forest 0.7733 0.8855 0.8969 0.7767
XGBoost 0.7167 1.0140 1.0115 0.7267
SVM 0.8133 0.8707 0.9307 0.8200

The DI results reaffirm that Reweighing is effective in reducing group dispar-
ities. Logistic Regression, initially below the DI fairness threshold, achieved a
compliant value of 0.8511 post-mitigation. Meanwhile, models like Decision Tree,
SVM, and XGBoost already met or exceeded the 0.8 threshold and experienced
only minor changes. These outcomes confirm that although DI values were gener-
ally acceptable, bias was still present and could be improved further with fairness-
aware techniques.

5.1.2.3 Accuracy Stability

To ensure that fairness gains did not come at the expense of predictive perfor-
mance, model accuracy was examined before and after applying Reweighing. Fig-
ure 5.3 illustrates the accuracy values across all models.
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Figure 5.3 — Accuracy values before (red) and after (green) reweighing for each
model.

The results indicate that fairness improvements had negligible impact on model
performance. In fact, many models—such as Logistic Regression, Random Forest,
and SVM-—exhibited slight increases in accuracy following reweighing. No model
experienced a significant decline in performance, suggesting that fairness-aware
preprocessing can be applied without sacrificing model utility.

5.1.5 AUC Performance Evaluation

Area Under the Receiver Operating Characteristic Curve (AUC-ROC) is a threshold-
independent measure of model performance, indicating the ability to distinguish
between classes. A higher AUC value means better model performance in ranking
positive cases above negative ones, regardless of the chosen decision threshold.

Figure 5.4 and Table 5.3 summarize the AUC scores before and after applying
Reweighing. The results indicate that fairness-aware preprocessing did not impair
classification capability. Most models retained or slightly improved AUC scores
post-mitigation.
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Figure 5.4 — AUC values before (red) and after (green) reweighing for each model.

Table 5.3 — AUC Performance before and after Reweighing (pre-processing).

Model AUC (Before) | AUC (After
Mitigation)
Logistic Regression 0.6749 0.6881
Decision Tree 0.6497 0.6611
Random Forest 0.6789 0.6813
XGBoost 0.5532 0.5816
SVM 0.7169 0.7368
Neural Network (MLP) 0.6741 0.6845

Among the models, SVM consistently achieved the highest AUC (0.7368), while
Logistic Regression showed a reliable improvement from 0.6749 to 0.6881 after bias
mitigation. The changes across all models remained small yet positive, reinforcing
that fairness interventions did not compromise the models’ ability to discriminate
between classes.

5.1.6 Absolute Fairness Gain Comparison

To provide an aggregate view of fairness improvement across models, Figure 5.5
compares the average absolute Statistical Parity Difference (SPD) before and after
applying the Reweighing technique. This visualization offers a holistic measure of
the disparity reduction achieved by the mitigation process.
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Figure 5.5 — Aggregate SPD values before and after reweighing.

The chart clearly shows a substantial drop in SPD values following bias miti-
gation. The mitigated SPD is nearly zero, confirming that reweighing effectively
eliminated group-level disparity across all models. This supports the conclusion
that fairness-aware preprocessing can significantly improve equity outcomes while
preserving model utility.

5.1.7 Absolute Disparate Impact Comparison

In addition to Statistical Parity Difference, Disparate Impact (DI) was analyzed
at an aggregate level to understand the overall fairness gain across all models. DI
captures the ratio of favorable outcomes for unprivileged versus privileged groups,
and values closer to 1 indicate higher fairness.

Figure 5.6 presents a bar comparison of the absolute DI values before and after
applying the Reweighing method.

Figure 5.6 — Aggregate Disparate Impact before and after reweighing.
As shown in the plot, the mitigated DI significantly approaches the fairness
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ideal. The improvement across all models demonstrates that the reweighing strat-
egy successfully increased parity in favorable decisions for unprivileged groups,
moving the DI metric closer to 1. This confirms the robustness of the technique
in reducing systemic disadvantage.

5.1.3 In-Processing Fairness Mitigation: Adversarial Debi-
asing

To enhance fairness during model training, an in-processing debiasing method was
implemented using an adversarial neural network framework. This setup jointly
trains two components: a predictor network, which performs the main classification
task (credit approval), and an adversary network, which attempts to infer protected
attributes (gender, employment, skill level) from the latent representations. A
Gradient Reversal Layer (GRL) is used to prevent the predictor from encoding
sensitive information into its internal representations, thus promoting fairness.

The Predictor Network consisted of two hidden layers with ReLU activations,
outputting a binary decision on credit status. The Adversary Network included
three classification heads to predict gender (binary), employment (5 classes), and
skill level (4 classes), based on shared hidden activations passed through the GRL.

The adversarial debiasing model was trained for a total of 500 epochs, with early
stopping triggered at epoch 317 to prevent overfitting. The optimization process
was carried out using the Adam optimizer, known for its adaptive learning rate
and robustness. The primary classification task employed binary cross-entropy
loss, while the adversary branches were optimized using focal loss to enhance
sensitivity to group imbalance and mitigate overconfident predictions. A dynamic
lambda scheduler was incorporated to modulate the influence of the adversarial
loss throughout training. This adaptive weighting mechanism ensured that the
fairness constraints were neither too weak nor excessively dominant, promoting a
balanced learning trajectory between accuracy and fairness.

Table 5.4 — Adversarial Debiasing Evaluation Results

Metric Value
Adversary Gender Accuracy 0.7000
Predictor Accuracy 0.7150
Disparate Impact (DI) 0.9975
Statistical ~ Parity = Difference | -0.0024
(SPD)

The adversarial network achieved a gender prediction accuracy of 70%, indicating
that some protected attribute information remains detectable in the latent rep-
resentations, though significantly reduced. The predictor maintained an overall
accuracy of 71.5%, which is a reasonable performance given the fairness constraints
applied. In terms of fairness metrics, the Disparate Impact (DI) value of 0.9975
is very close to the ideal threshold of 1, suggesting equitable treatment across de-
mographic groups. Similarly, the Statistical Parity Difference (SPD) of -0.0024
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is nearly zero, reflecting a negligible difference in the positive prediction rates
between privileged and unprivileged groups. These results demonstrate that ad-
versarial debiasing effectively mitigated bias without compromising classification
accuracy.

5.2 In-Processing Bias Mitigation: Adversarial
Debiasing

The adversarial debiasing approach involves training a neural network to simulta-
neously learn the main prediction task while minimizing the leakage of sensitive
attribute information into its latent representations. This is achieved by incorpo-
rating an adversarial network that attempts to predict protected attributes—such
as gender, employment status, and skill level—from the hidden features. The goal
is to encourage the predictor to learn representations that are both effective and
fair.

The training configuration involved 500 epochs with early stopping at epoch
317. The Adam optimizer was used, with binary cross-entropy for the main clas-
sification task and focal loss applied to the adversary to increase sensitivity to
imbalanced predictions. A dynamic lambda scheduler controlled the weighting of
the adversarial loss, enabling a balance between learning accurate predictions and
enforcing fairness constraints.

Table 5.5 — Adversarial Debiasing Evaluation Results

Metric Value
Adversary Gender Accuracy 0.7000
Predictor Accuracy 0.7150
Disparate Impact (DI) 0.9975
Statistical Parity Difference (SPD) -0.0024

The results of adversarial debiasing show that the adversary is able to extract
gender information with 70% accuracy, indicating some residual bias despite mit-
igation. However, the fairness metrics are very promising: DI is nearly 1 and SPD
is near 0, suggesting strong fairness performance. Moreover, the predictor main-
tains reasonable classification accuracy (71.5%), validating the model’s ability to
preserve utility while improving fairness.
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Figure 5.7 — Adversary accuracy and loss progression during training.

Figure 5.7 illustrates adversarial learning during training. Initially, gender pre-
diction accuracy is low (around 0.32) but gradually increases to stabilize around
0.70, confirming the adversary’s ability to identify gender information from hidden
layers. The left subfigure shows the convergence of loss components—predictor loss
remains stable while adversary loss decreases steadily.

Figure 5.8 — Multi-attribute adversary learning (gender, employment, skill).

In contrast, Figure 5.8 presents a setting where Gradient Reversal Layers (GRL)
successfully impede adversary learning. Here, the predictor loss remains low and
stable, suggesting strong learning of the main task, while adversary loss remains
high and flat—indicating the adversary fails to recover protected attributes. This
is further supported by the adversary’s low accuracy across all target attributes,
confirming that GRL is effective in suppressing sensitive signal retention in the
learned representation.
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Figure 5.9 — Effect of applying focal loss in adversarial debiasing. Left: loss con-
vergence. Right: adversarial accuracies.

The application of focal loss had a notable effect on training dynamics and
adversarial learning. As shown in Figure 5.9, the total and adversary losses are
lower and steadily decreasing compared to prior settings, indicating improved op-
timization and gradient flow.

Interestingly, adversary accuracy for gender and skill prediction increased sig-
nificantly, reaching values between 0.60 and 0.67. This suggests that adversaries
have become more effective at identifying protected attribute signals from the
learned representations.

This behavior points to a potential side-effect: the Gradient Reversal Layer
(GRL) may have become less effective at suppressing bias-relevant features under
the influence of focal loss. Since focal loss emphasizes hard-to-classify examples,
it might unintentionally enhance the adversary’s ability to extract hidden bias-
related patterns—thereby weakening the fairness constraints. Further tuning of
the GRL or loss balancing may be necessary to counteract this effect.

Figure 5.10 — Training dynamics

Figure 5.10 illustrates the effect of incorporating a dynamic lambda_scheduler
in the adversarial debiasing setup. The results reveal significant advancements in
both fairness enforcement and model optimization:

o Loss trends: Total loss and adversary loss consistently decrease, indicat-
ing effective gradient flow and stable optimization. Predictor loss remains
low and flat, confirming that the main classification task is being learned
robustly.
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e Adversary accuracy: While the gender adversary retains moderate accu-
racy, the employment and skill-level adversaries perform poorly (below 0.3),
suggesting that sensitive information related to job and skill level has been
successfully obfuscated in the shared representation.

« Fairness metrics: The Statistical Parity Difference (SPD) steadily con-
verges to zero, indicating equitable outcome distribution across protected
groups. This affirms the mitigation effect of the combined strategy.

Overall, these outcomes demonstrate that the lambda_scheduler effectively

balances fairness constraints with task accuracy. The predictor remains per-
formant, while adversaries are hindered from recovering protected attributes—
validating the efficacy of this dynamic in-processing approach.

Figure 5.11 — Performance and fairness metrics with a deeper adversarial debias-
ing architecture. Plots include: loss progression, adversary accuracies, Disparate
Impact (DI), and Statistical Parity Difference (SPD).

Figure 5.11 showcases the effect of using a deeper adversarial debiasing network.
The following insights can be drawn from the panels:
e Loss dynamics: Total and adversary losses steadily decline, indicating
effective optimization over time. Predictor loss remains low and consistent,
confirming that the model continues to learn the primary task effectively.

o Adversary accuracy: The gender and skill-level adversaries achieve mod-
erate accuracy (around 0.6), while the employment adversary stays close to
0.5. In fairness terms, this means the adversary is nearly guessing at random
for employment—an ideal outcome that suggests the protected attribute is
well obfuscated in the learned representation.
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« Disparate Impact (DI): The DI values mostly stay within the legally
accepted fairness range of 0.8 to 1.25, with occasional outliers. This implies
balanced treatment across groups under the 80% rule.

 Statistical Parity Difference (SPD): The SPD fluctuates around zero,
indicating that positive outcome rates between privileged and unprivileged
groups are nearly equal—supporting the fairness of the system.
Overall, the deeper architecture demonstrates improved adversarial learning
capacity while preserving fairness standards, especially for hard-to-obfuscate at-
tributes.

Training Losses over Epochs
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Figure 5.12 — Training losses over 500 epochs after applying SMOTE to balance
target classes.

In this experimental configuration, SMOTE was applied to balance the class
distribution of the target variable (credit status), rather than addressing imbal-
ance in the gender attribute directly. Training was conducted over 500 epochs,
with the loss dynamics visualized in Figure 5.12. The main classification loss (or-
ange line) steadily decreased over time, indicating improved performance of the
model on the credit prediction task. In contrast, the adversarial loss for gender
prediction (green line) increased throughout training, which suggests that the ad-
versary network struggled to extract meaningful gender-related information from
the latent representations. This behavior is a positive indication of effective fair-
ness enforcement, as it implies that gender signals were successfully obfuscated by
the model. Meanwhile, the total loss (blue line) followed a declining trend, albeit
more gradually, likely due to the increasing adversarial penalty. These results
demonstrate that even without directly targeting the sensitive attribute, label-
level balancing via SMOTE can enhance model fairness by preventing overfitting
to biased correlations and improving the robustness of learned representations.
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Training Losses over Epochs
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Figure 5.13 — Training loss curves with early stopping applied (stopped at epoch
317).

To further stabilize training and prevent overfitting, early stopping was imple-
mented with a patience threshold, resulting in termination at epoch 317. As shown
in Figure 5.13, the main classification loss steadily declined throughout training,
while the adversarial loss for gender remained relatively flat, indicating difficulty in
extracting protected information. This behavior suggests that the learned repre-
sentations retained utility for credit prediction while reducing sensitivity to gender-
related features. The total loss also converged, reinforcing overall model stability.
The final evaluation yielded an accuracy of 0.665, precision of 0.783, recall of
0.721, and an F1-score of 0.751. These results highlight a solid trade-off between
performance and fairness, demonstrating that the model achieved balanced gener-
alization while mitigating bias under adversarial constraints.
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5.2.1 Fairness Evaluation and Lambda Fine-Tuning
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Figure 5.14 — Approval Rate by Gender: Male vs. Female

Table 5.6 — Fairness Evaluation and Metric Interpretation

EO Gap

DP Ratio (F/M) | 0.80

0.10

call.

1ty.

Metric Value | Interpretation

Accuracy 0.665 | Decent overall predictive performance.

Precision (1) 0.78 | High trust in approvals.

Recall (1) 0.72 | 72% of ”good credit” cases were cor-
rectly predicted.

F1 Score 0.75 | Good balance between precision and re-

Satisfies 80% rule for demographic par-

Some disparity in true positive rate.

Table 5.7 — Fine-Tuning Lambda Values for Fairness

Lambda | Accuracy | DP (M) | DP (F) | EO Gap | DI
0 0.700 0.686 0.600 0.080 0.875
1 0.710 0.679 0.617 0.090 0.909
2 0.730 0.721 0.583 0.130 0.809
3 0.720 0.664 0.617 0.020 0.928
5 0.710 0.564 0.567 0.025 1.004

The fairness evaluation of the adversarial debiasing model reveals insightful pat-
terns across demographic groups. As depicted in Figure 5.14, the approval prob-
ability is higher for male applicants (approximately 68.6%) compared to female
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applicants (55.0%), which translates to a demographic parity (DP) ratio of 0.80.
This meets the basic fairness threshold defined by the 80% rule, but still indi-
cates disparity. Table 5.6 further quantifies the model’s performance, showing a
respectable accuracy of 0.665, precision of 0.78, and recall of 0.72. These values
suggest the model achieves high precision in predicting approvals and a strong
balance between precision and recall. However, the True Positive Rate (TPR) for
females is 0.65 versus 0.75 for males, resulting in an equal opportunity (EO) gap
of 0.10, which highlights room for improvement.

To address this, we conducted fine-tuning by varying the adversarial weight pa-
rameter A from 0 to 5. Asseen in Table 5.7, increasing A generally improves fairness
metrics. At A =5, the model achieves a Disparate Impact of 1.004 (ideal) and an
EO gap of just 0.03, indicating balanced treatment between groups. Although de-
mographic parity slightly drops (dp_ male = 0.564, dp_ female = 0.567), the overall
fairness trade-off appears favorable. With this configuration, the model maintains
an accuracy of 0.71 and achieves nearly equal group-wise outcomes without signifi-
cant performance compromise. This tuning confirms that adversarial training with
proper lambda scheduling can mitigate bias while preserving predictive utility.
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5.2.2 Final Model Evaluation and Fairness Analysis
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Figure 5.15 — Confusion Matrix and ROC Curve of the final model.

The final model demonstrates strong predictive performance and fairness. The
confusion matrix shows good classification balance between positive and negative
classes, while the ROC curve indicates a respectable discriminative ability with an

AUC of 0.76.
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Figure 5.16 — Approval Rate by Gender and Fairness Metrics Summary.

From the approval rate plot, we observe near-equal approval probabilities for
both male and female applicants (0.60), indicating demographic parity has been
achieved. Furthermore, the fairness metrics table shows:

Table 5.8 — Final Model Fairness and Performance Metrics

Metric Value
Accuracy 0.71
DP (Male and Female) 0.60
Equal Opportunity Gap | 0.03
Disparate Impact 1.0

The final model achieved the highest performance with an accuracy of 0.71,
without sacrificing fairness. Demographic Parity (DP) for both males and females
reached 0.60, indicating perfect approval parity. The Equal Opportunity Gap was
only 0.03, suggesting excellent group fairness in terms of true positive rates. The
Disparate Impact metric was exactly 1.0, reflecting ideal fairness across gender
groups. These results demonstrate that the model effectively balances both pre-
dictive performance and fairness without the need for post-processing adjustments.

These results confirm that the model achieves a strong balance between util-
ity and fairness, with no need for further post-processing. It meets legal fairness
thresholds and ethical standards, making it suitable for deployment in credit de-
cision systems.
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5.3 Discussion

This study explored bias mitigation in automated credit scoring systems using
a variety of machine learning models and fairness-enhancing interventions. The
central goal was to evaluate whether predictive performance could be retained
while mitigating bias against protected attributes, particularly gender. Through
a systematic pipeline involving pre-processing, in-processing, and evaluation tech-
niques, we demonstrated the impact of adversarial debiasing strategies and their
variants on fairness metrics such as Statistical Parity Difference (SPD), Disparate
Impact (DI), and Equal Opportunity (EO) Gap.

In the in-processing stage, adversarial debiasing emerged as a compelling ap-
proach to enhance fairness. The core idea behind adversarial training is to intro-
duce an adversary network that attempts to predict sensitive attributes (gender,
employment status, skill level) from the model’s internal representations. By op-
timizing the predictor to perform well on the main task while simultaneously pre-
venting the adversary from succeeding, we encourage the model to learn attribute-
invariant features. Results showed that SPD and DI metrics significantly improved
post-training, with values approaching ideal thresholds (DI 1, SPD 0). Specif-
ically, the SPD reached -0.0024 and the DI 0.9975, suggesting minimal disparity
between groups.

Despite these improvements, the adversary still maintained moderate predictive
capacity for gender (around 70 percent), indicating that some bias signal persisted
in the latent space. This limitation prompted a series of architectural and algorith-
mic refinements, aimed at suppressing sensitive signal retention while maintaining
performance.

We experimented with several enhancements to the base adversarial architec-
ture:

First, multi-task adversarial debiasing was implemented by training adversaries
to predict multiple protected attributes (gender, employment, skill) concurrently.
This configuration led to stable predictor loss and increased adversary loss, with
adversary accuracies plateauing near 0.5—suggesting successful obfuscation of sen-
sitive information. The predictor continued learning effectively while the adver-
saries failed to extract meaningful representations.

Second, we evaluated the use of focal loss instead of cross-entropy in the adver-
sary networks. Focal loss emphasizes hard-to-classify examples, which made the
adversary more sensitive and capable of extracting information. This increased
adversary accuracy (up to 0.67) and led to lower adversary losses, suggesting more
effective learning by the adversary. However, this enhancement introduced a trade-
off: the stronger gradients improved adversarial learning at the cost of fairness, as
bias suppression weakened.

Third, we explored the integration of a dynamic lambda scheduler. This sched-
uler adjusted the weight of the adversarial loss throughout training, balancing the
influence of the adversary network during different phases. With lambda schedul-
ing, SPD consistently decreased while adversary accuracy remained low, showing
improved fairness without sacrificing predictive accuracy. This was one of the
most effective configurations in our experiments.
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The final model, trained using SMOTE balancing on the target column and
equipped with early stopping and dynamic lambda scheduling, achieved a performance-
fairness balance unmatched by earlier approaches. Its outcomes included:

o Perfect Demographic Parity: Equal approval rates for male and female

groups (0.60), resulting in a DP ratio of 1.0.

o Excellent Equal Opportunity: The EO gap reduced to 0.03, indicating min-
imal difference in true positive rates.

o Ideal Disparate Impact: DI achieved 1.0, the legal and statistical threshold
for fairness.

o Strong Predictive Performance: Accuracy reached 71 percent, with precision,

recall, and F1 scores reflecting balanced and reliable classification.

A key takeaway from these findings is that fairness improvements can be achieved
without major sacrifices in utility. Notably, the final model required no post-
processing corrections to meet fairness standards. It performed equitably across
genders, offered consistent approval rates, and maintained robustness in predictive
metrics.

This discussion underscores the value of adversarial debiasing and its extensions
as viable tools for responsible AI. The study also highlights the delicate balance
between utility and fairness, and the importance of design decisions—such as loss
functions, training schedules, and network depth—in optimizing that balance. The
results suggest that carefully crafted in-processing interventions can transform
fairness from a compliance checkbox into a core design objective, enabling equitable
decision-making in critical domains such as finance.

Moreover, the evolution of results across different configurations revealed the
sensitivity of fairness outcomes to architectural and training parameters. For in-
stance, while focal loss improved adversarial capacity, it required careful calibra-
tion to prevent fairness degradation. Similarly, lambda scheduling proved benefi-
cial only when tuned in conjunction with early stopping and learning rate policies.
These dependencies suggest that fairness-aware modeling is not a one-size-fits-all
solution but requires holistic integration within the learning pipeline.

In essence, this work not only validated the feasibility of mitigating bias in
credit scoring systems but also contributed methodological insights into how model
behavior can be steered through adversarial frameworks. The findings advocate
for future Al systems to embed fairness as a primary concern, not a secondary
adjustment, and reaffirm the potential of machine learning to support equitable
outcomes when guided by transparent and data-driven fairness criteria.

5.3.1 Limitations

While the findings of this study demonstrate promising improvements in fair-
ness without compromising predictive performance, several limitations must be
acknowledged. First, the analysis focused primarily on a single dataset—the Ger-
man Credit dataset—which may not fully capture the diversity and complexity
of real-world credit scoring environments. This limits the generalizability of the
results to other domains or datasets with different feature distributions or bias pro-
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files. Second, the fairness evaluation emphasized gender as the primary protected
attribute, whereas other dimensions such as race, age, or socioeconomic status
were not examined due to data availability constraints. Third, the adversarial
debiasing approach, while effective, was computationally intensive and sensitive
to hyperparameter tuning, requiring extensive experimentation to achieve stable
results. Furthermore, the fairness metrics employed (SPD, DI, EO) provide only a
partial view of bias and may not account for long-term or intersectional impacts.
Lastly, this research was conducted in an offline setting; real-time deployment and
continuous feedback mechanisms were not explored, though they represent essen-
tial components for sustained fairness in practice. These limitations highlight the
need for future work that addresses intersectional bias, scalability, and dynamic
fairness monitoring in real-world financial Al systems.
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Chapter 6

Conclusions and Future work

In this thesis, we addressed the critical issue of bias and unfairness in automated
credit decision systems by applying and analyzing fairness-aware machine learn-
ing techniques, with a particular focus on adversarial debiasing. Our study was
motivated by the growing reliance on Al-driven decision-making in financial con-
texts, where biased outcomes can exacerbate existing social inequalities. Using
the German Credit Dataset as a case study, we systematically evaluated various
models and mitigation strategies, measuring both performance and fairness using
standard metrics such as accuracy, Statistical Parity Difference (SPD), Disparate
Impact (DI), Equal Opportunity Gap (EO Gap), and more.

The experimental results confirmed the presence of gender bias in baseline clas-
sifiers, evident from disparate approval rates and group-level disparities. Our
pre-processing mitigation strategy, reweighing, showed consistent improvements
across SPD and DI metrics without sacrificing model accuracy. Logistic Regres-
sion, SVM, and Neural Networks demonstrated significant fairness improvements,
reducing SPD and improving DI while maintaining or even slightly increasing ac-
curacy. This reinforced the utility of reweighing as an effective pre-processing
technique in fair machine learning pipelines.

In the in-processing stage, we implemented adversarial debiasing with different
configurations, including the use of Focal Loss, Gradient Reversal Layers (GRL),
and a dynamic lambda scheduler. The results showed nuanced outcomes: while
focal loss improved gradient flow and training stability, it also enhanced the adver-
sary’s ability to extract protected attribute signals. However, the introduction of
GRL and a dynamic lambda scheduler successfully suppressed adversarial learning,
resulting in lower accuracy for sensitive attribute predictors and stable main-task
performance. The best configuration achieved strong fairness scores—DI close to
1.0, SPD near zero, and an EO Gap as low as 0.03—without performance trade-
offs. This demonstrated that fairness and predictive power can coexist when the
model is carefully designed.

Further, the SMOTE rebalancing technique applied to the target column, rather
than the protected column, helped enhance predictive stability and mitigate class
imbalance issues. Combined with early stopping and optimized lambda values, our
model reached peak performance with 71 percent accuracy and balanced fairness
across demographic groups. This was confirmed by consistent ROC AUC scores,
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a high F1 score, and perfectly aligned demographic parity (DP = 0.60 for both
male and female groups).

Our final model not only achieved the highest predictive performance across
all configurations but also fulfilled legal and ethical standards of fairness in Al
The approval rates by gender converged, DI reached the ideal value of 1.0, and
the Equal Opportunity Gap minimized, indicating that the classifier did not favor
one gender over another in terms of true positive rates. Importantly, the model’s
fairness was achieved through in-processing techniques, eliminating the need for
post-processing corrections.

Despite the promising results, several limitations remain and open opportunities
for future work. First, while our study was based on a widely-used benchmark
dataset, it is essential to evaluate these methods across more diverse datasets
with multiple sensitive attributes (e.g., race, age, marital status). Real-world
financial data may contain richer feature interactions and latent biases that require
advanced handling.

Second, future research can explore alternative in-processing strategies such as
adversarial reweighting, fairness-constrained optimization, and causal inference-
based approaches. These techniques could potentially address deeper structural
biases that adversarial learning alone may not eliminate.

Third, scalability remains a challenge. Although our models were effective
on relatively small datasets, further experiments are needed on large-scale credit
datasets to ensure model robustness, generalization, and real-time deployment
capabilities. Combining adversarial debiasing with model compression techniques
or federated learning frameworks could be valuable.

Moreover, expanding the interpretability of fairness-aware models is a key re-
search direction. Decision transparency is crucial in regulated industries like fi-
nance, where explanations of automated decisions can affect user trust, regulatory
compliance, and legal accountability. Explainable Al (XAI) techniques tailored
for fairness-aware systems can be developed to enhance interpretability without
compromising privacy or fairness.

Another direction lies in multi-objective optimization for fairness, where multi-
ple fairness constraints are simultaneously balanced with performance. Reinforce-
ment learning and Pareto optimization can offer new ways to learn policies that
navigate trade-offs across demographic subgroups, performance thresholds, and
regulatory limits.

Beyond technical results, this research adds value by operationalizing fairness
in a practical and reproducible pipeline. By systematically testing both pre-
processing and in-processing techniques across classic and neural architectures, we
have demonstrated that fairness interventions are not just theoretical constructs
but can be effectively implemented in real-world decision-making scenarios. The
methodological framework presented here can be readily adapted to other domains
such as healthcare, employment, or insurance — wherever automated decisions im-
pact human lives.

Additionally, this work contributes to bridging the gap between machine learn-
ing development and legal-ethical compliance. While much of the Al fairness liter-
ature remains siloed in theoretical metrics, our study grounds fairness evaluation
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within the context of legal fairness standards like GDPR and ECOA. Future work
can extend this alignment by exploring human-centered evaluations of fairness,
incorporating stakeholder feedback into model design, and building interfaces that
provide transparent, real-time fairness diagnostics to non-technical users, such as
financial officers or compliance regulators.
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