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Explainable Hybrid Framework for Credit Card Fraud Detection
Using Transformers

Nitin Rathour

ABSTRACT

Credit card fraud causes huge losses for banks and customers every year. The problem
is hard for three reasons: fraud is extremely rare compared to normal transactions,
fraud patterns change over time, and regulators now require automated decisions to be
explainable. Global card fraud reached $33.41 billion in 2024 and is projected to cross
$403.88 billion over the next decade. This work proposes a single hybrid pipeline to
address all three problems of the ULB Credit Card Fraud benchmark containing 284 807
transactions and just 492 fraud cases (a 1:578 class ratio). The pipeline has six connected
stages. A Taguchi Ljs search picks a Quantile-then-Robust scaling pair, giving a five-
fold cross-validated AUC of 0.97940 + 0.00564. A Conditional Tabular GAN trained
only on the 344 real fraud rows generates 132336 synthetic fraud samples, lifting the
training set to a 40% fraud ratio. An autoencoder trained on legitimate transactions
alone produces a reconstruction-error signal that separates fraud from non-fraud by a
factor of 64 on the test set. A two-track design feeds augmented data to the tabular
models and real-only chronological data to the sequence model. Three structurally
different base learners, a Time-Aware Transformer (282,881 parameters), XGBoost on
64 leakage-free features, and an Explainable Boosting Machine, are combined through
rank averaging. Platt scaling cuts test Expected Calibration Error from 0.498 to 0.0018,
a 281-fold improvement, and three independent explainability methods (EBM shape
functions, TreeSHAP, and LIME) unanimously rank autoencoder reconstruction error
as the top predictor. On the held-out test set the system reaches accuracy of 0.9994,
AUC-ROC of 0.9764, AUC-PR of 0.8244 (about 476 times the random baseline), F| of
0.8088, precision of 0.8871, recall of 0.7432, and Matthews correlation coefficient of
0.8117 at the F1-maximising threshold; a high-recall operating point catches 86.5% of
fraud while flagging only 1.6% of legitimate transactions. The work extends the author’s
earlier [CCCNT 2025 conference work along five dimensions: generative oversampling,
sequential modelling, glass-box interpretability, formal probability calibration, and
three-method explainability cross-validation.

Keywords: Credit Card Fraud Detection, Deep Learning, Explainable Al, Sequential
Modeling, Generative Oversampling, CTGAN, Transformer, Autoencoder, Ensemble

Learning, Anomaly Detection.
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CHAPTER 1

INTRODUCTION

1.1 Background and Motivation

Worldwide card-payment volume totaled $51.92 trillion in 2024 for all credit, debit and
prepaid cards that were issued via global, regional and private-label networks. The same
development has increased the "attack surface" for financial criminals. According to the
Nilson Report, the total cost of card fraud losses globally is expected to reach nearly
$403.88 billion over the next ten years if technology and regulation stay the same.If
technology and regulation remain unchanged, global card fraud losses will be nearly
$403.88 billion over the next decade, according to the Nilson Report. It is worthy of
comment that the geographic asymmetry exists. The United States makes up about a
quarter of the total global amount of fraud losses, while at the same time accounting
for nearly half the total number of card-not-present transactions, reflecting the slow

adoption of more robust authentication methods here [2].

This warrants some special consideration in the Indian context.NPCI launched
the Unified Payments Interface in 2016. From roughly eighteen million transactions in
its first year, UPI has scaled to approximately 186 billion transactions worth 261 lakh
crore during the 2024-25 financial year [3]. India now handles nearly half of all
real-time digital-payment transactions worldwide, exceeding the combined volume of
the next four countries [4]. The Reserve Bank of India’s Annual Report for 2023-24
reports a fivefold year-on-year jump in the value of digital-payment fraud, which rose
to 14.57 billion in the financial year ending March 2024 [5]. Card and internet-banking
fraud cases climbed from 6,699 in 2022-23 to 29,082 in 2023-24, a 334 per cent

increase in a single financial year [5].
1.2 Three Interlocking Technical Difficulties

Practical fraud detection sits at the intersection of three difficulties that have proved
persistently resistant to single-method solutions. Figure 1.1 maps each difficulty to the

methodological demands it places on any working detection system.



Chapter 1: Introduction 2

STATISTICAL:

« 1:578 class ratio
» random baseling AUC-PR 0.0017

» naive classifier achieves 99.83%
accuracy detecting zero fraud

Credit-Card
Fraud Detection

(ULB Benchmark)

TEMPORAL:

REGULATORY:

= sequential fraud patterns

& EU GDPR right-to-explanation
» RBI digital-lending directives ® inter-arrival times matter
# black-box modals unsuitable
for deployment

& single-transaction
classifiers miss
behavioural signal

Figure 1.1: The three interlocking technical difficulties of practical credit-card fraud
detection: statistical imbalance, temporal sequence structure, and regulatory explain-
ability.

The first difficulty is statistical. Fraud is a rare event. In the benchmark European
cardholder dataset released by the Machine Learning Group of the Université Libre
de Bruxelles, only 492 of 284 807 transactions carry the fraud label, a ratio of roughly
1:578 [6,7]. A trivial classifier that predicts “legitimate” for every input still achieves
99.83 per cent accuracy on this benchmark, all while detecting zero fraudulent transac-
tions. Useful classifiers therefore have to be evaluated on metrics built for imbalanced
settings, including the area under the precision-recall curve [8, 9] and the Matthews

correlation coefficient [10,11].

The second difficulty is temporal. Fraud rarely occurs in isolation. Compromised
credentials are typically used in sequences of related transactions, often within minutes
of one another. Inter-arrival times, deviations from historical norms, and rolling-
window statistics all carry behavioural signal that single-transaction classifiers miss.
Architectures that directly model sequences are desirable for capturing this signal:
attention-based encoders [12] or recurrent networks. Architectures that directly model
sequences are desirable for capturing this signal: attention-based encoders [12] or

recurrent networks.

The third problem is regulatory . Automated decisions with an impact on con-
sumers are increasingly under scrutiny from financial regulators in key jurisdictions

such as the European Union, the United States and India, which are requiring that
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such decisions be auditable and explainable [?]. The EU’s General Data Protection
Regulation (GDPR) also provides a right to meaningful information on automated
decisions in Article 22, and the Reserve Bank of India’s master directions on digital
lending also have similar requirements for transparency. When models fail to provide
explainable reasons per decision, they are hard to deploy in production, despite being
superior at decision making to the explainable models. Much work that is written on

explainable Al to date can be traced back to this tension, such as [13—15].

The author’s earlier work, presented at the 16th IEEE International Conference
on Computing, Communication and Networking Technologies held at IIT Indore in
July 2025, addressed a subset of these difficulties. That paper proposed a threshold-tuned
hybrid ensemble combining Random Forest, an unsupervised autoencoder, and Isolation
Forest [1]. It deliberately omitted synthetic oversampling on grounds that SMOTE-based
augmentation might inject artefacts inconsistent with real fraud distributions [16, 17],
and recorded 0.96 precision and 0.81 recall on the ULB test set. Three gaps were left
unaddressed. The earlier work used neither generative oversampling nor sequential
modelling. Its probability scores were uncalibrated. And its feature attributions came

from a single post-hoc method.
1.3 Problem Statement, Objectives, and Research Questions

The problem this work addresses is stated formally as follows. Given a stream of card-
based transactions .7 = {xy,xp,...,x7}, with each x; € R4 accompanied by a binary
label y; € {0,1} (legitimate or fraudulent), the goal is to learn a function f : R? — [0, 1]
whose output ranks fraudulent transactions ahead of legitimate ones and reports a

calibrated probability of fraud usable in cost-sensitive operational decisions.

Two operational features set this problem apart from generic binary classification.
The positive-class prevalence p = Ely;] is small, typically below one per cent. The
impact of false negative (missed fraud) vs false positive (incorrectly flagged legitimate
transactions) is significant, with the loss of financial gain if a fraud goes undetected,

and the costs to investigate each one increasing with count of alerts raised.

Five research objectives are pursued, one for each gap left by the prior conference
paper. They are: introducing generative oversampling through a Conditional Tabular
GAN [18]; adding sequential context through a Time-Aware Transformer [12]; sub-
stituting an Explainable Boosting Machine [15] for the Random-Forest component;

calibrating ensemble probabilities through Platt scaling [19] with Brier score [20] and
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Figure 1.2: Mapping of the five identified research challenges (left) to the five contribu-
tions of this work (right).

Expected Calibration Error [21] as diagnostics; and cross-validating feature attributions

across three independent explainability methods.
These objectives translate into four research questions:

RQ1 — Can CTGAN-based generative oversampling improve test-set fraud-

detection performance compared to a no-oversampling threshold-tuned baseline?

RQ2 — Does adding a Time-Aware Transformer to a tabular classifier ensemble

produce diversity-driven gains?

RQ3 — Does post-hoc Platt scaling applied to the rank-averaged ensemble

produce probability estimates suitable for cost-sensitive decisions?

RQ4 — Do three independent feature-attribution methods converge on the same

dominant predictor?
1.4 Contributions of the Thesis

This work advances the author’s earlier conference work [1] along five concrete dimen-
sions. Figure 1.2 maps the five challenges that limited the prior framework to the five

contributions introduced here.
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Contribution 1 (R1): Generative oversampling. The conference paper omitted
oversampling to preserve transactional integrity. The present work revisits that decision
through a Conditional Tabular GAN [18] trained exclusively on the 344 real fraud rows
of the training partition. The trained generator yields 132336 synthetic fraud samples,
lifting the training set to a 40 per cent fraud ratio. Synthetic data is restricted to the
augmented tabular track and explicitly excluded from the sequential-modelling track,

preserving the causal time-semantics required by the Transformer encoder.

Contribution 2 (R2): Time-Aware Transformer. The conference paper relied en-
tirely on per-transaction learners. The present work introduces a Transformer en-
coder [12] that ingests sequences of fifty consecutive transactions, each concatenated
with its inter-arrival time gap. The architecture uses sinusoidal positional encoding, two
pre-LayerNorm encoder layers with four attention heads each, GELU activation, and

last-token pooling.

Contribution 3 (R3): Explainable Boosting Machine. The conference paper used
Random Forest [22] with post-hoc feature-importance scores. The present work substi-
tutes an Explainable Boosting Machine [15] that produces intrinsically interpretable
per-feature shape functions, trading a small predictive penalty for direct auditability of

the model’s decision logic.

Contribution 4 (R4): Probability calibration. The conference paper reported uncali-
brated weighted scores. The present work applies Platt scaling [19] to the rank-averaged
ensemble, cutting test-set Expected Calibration Error from 0.498 to 0.0018 — a 281-
fold improvement that brings the mean predicted probability to within four decimal

places of the empirical fraud rate.

Contribution 5 (RS): Three-method explainability. Three structurally distinct
attribution methods are applied to the trained ensemble: EBM shape functions [15],
TreeSHAP applied to XGBoost [13, 23], and LIME applied to the calibrated full
ensemble [14]. All three methods unanimously identify the autoencoder reconstruction
error as the top-ranked feature, with substantial overlap among the top-ten features
identified by each method.
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Table 1.1 sets out the dimensions along which this work extends the conference

paper.

Table 1.1: Aspect-wise comparison of the author’s earlier conference work [1] and the

present work.

Aspect

ICCCNT 2025 (prior work)

Present work (extension)

Imbalance handling

None (deliberate SMOTE-free
design)

CTGAN trained on 344 real
fraud rows; 132336 synthetic

samples added

Sequential modelling  Per-transaction classifiers only =~ Time-Aware Transformer over
sequences of 50 transactions

with Ar gaps

Principal supervised Random Forest (post-hoc impor- Explainable Boosting Machine

model tance) (intrinsically interpretable)
Probability calibra- None (raw weighted scores) Platt scaling; ECE reduced
tion 0.498 — 0.0018 (281 x)

None Three independent methods
(EBM, TreeSHAP, LIME) with

cross-method consensus

Explainability analy-

S1S

Fi =0.88 at 7~ 0.385 F; =0.8088 at T =0.1957 (cali-

brated)

Headline operating

point

1.5 Pipeline Overview

The complete system threads five methodological stages into a single end-to-end
pipeline. Raw transaction data is first characterised through exploratory analysis.
Pre-processing then applies a Taguchi-tuned scaling pipeline [24]. Synthetic fraud
samples are generated through CTGAN [18]. Temporal features are engineered, an
autoencoder is trained for unsupervised representation learning, and a two-track archi-
tecture separates the augmented tabular track from the real-only sequence track. Three
base learners Time-Aware Transformer, XGBoost, and EBM are trained and combined
through a rank-averaged ensemble [25]. The ensemble is calibrated, thresholds are
tuned across three operational regimes, and three independent explainability artefacts

are produced. Figure 1.3 illustrates the end-to-end flow.
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Figure 1.3: End-to-end pipeline of the proposed hybrid interpretable fraud-detection
framework. Raw transactions flow through pre-processing, generative augmentation,
two-track feature engineering, hybrid ensemble training, and post-processing for cali-
bration and explainability.

1.6 Organisation of the Thesis

The remainder of this work is structured into six chapters. Chapter 2 reviews the
literature on class-imbalance handling, deep learning for fraud detection, explainable
artificial intelligence, and ensemble methods, analysing seven foundational studies
and articulating the gaps this work addresses. Chapter 3 develops the theoretical
background, covering the WGAN-GP training objective [26,27], autoencoder-based
anomaly detection [28,29], self-attention [12], gradient boosting [23, 30], generalised
additive models [15,31], probability calibration [19,32], and the Shapley-value frame-
work [33]. Chapter 4 sets out the proposed methodology in unified form, including
the two-track data architecture motivated by the absence of a card identifier in ULB.
Chapter 5 documents the software-engineering aspects: hardware and software en-
vironment, reproducibility configuration, and key implementation choices including
mixed-precision training [34]. Chapter 6 reports the experimental results, beginning
with the Taguchi search and proceeding through CTGAN training behaviour, autoen-
coder reconstruction-error analysis, per-model and ensemble performance, calibration
quality, threshold-strategy outcomes, and the three-method explainability comparison.
The contributions are summarized in Chapter 7; it highlights the limitations found, and
identifies future directions, such as extending this work to the IEEE-CIS dataset [35].

1.7 Summary

It has focused the problem of credit card fraud detection through the lens of three
perennial technical challenges: severe statistical imbalance (a 1:578 ratio of frauds to
non-frauds in the ULB benchmark [6, 7]; this imbalance is frequent in many areas of

pattern recognition), temporal sequence structure which single-transaction classifiers
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cannot leverage, and regulatory calls for auditable and explainable automated deci-
sions [36]. The Indian context sharpens these challenges: the digital-payment fraud
values rose fivefold in a single financial year [5], and India now handles nearly half of

all real-time digital-payment transactions worldwide [4].

The author’s earlier conference work [1] addressed a subset of these difficulties
through a threshold-tuned hybrid ensemble of Random Forest, an unsupervised autoen-
coder, and Isolation Forest. Three gaps were left open: that work used neither generative
oversampling nor sequential modelling; its probability scores were uncalibrated; and its

feature attributions came from a single post-hoc method.

The present work advances this earlier work along five concrete dimensions,
one for each identified gap: generative oversampling through a Conditional Tabular
GAN [18]; sequential modelling through a Time-Aware Transformer [12]; intrinsic
interpretability through an Explainable Boosting Machine [15] as the principal su-
pervised component; formal probability calibration through Platt scaling [19] with
Brier score [20] and Expected Calibration Error [21] diagnostics; and three-method
explainability cross-validation combining EBM shape functions, TreeSHAP [13], and
LIME [14]. Each contribution has methodological precedent in the literature reviewed
in Chapter 2; the integration of all five within a single pipeline is, to the author’s

knowledge, novel.

Four research questions follow from these contributions: whether CTGAN-based
oversampling improves test-set performance over a no-oversampling baseline; whether
the Transformer contributes diversity-driven ensemble gains; whether Platt scaling
produces calibration quality suitable for cost-sensitive deployment; and whether three
independent explainability methods converge on the same dominant predictor. The
remaining chapters develop the methodology in detail and answer each question empiri-
cally. Chapter 2 reviews the literature on imbalance handling, deep learning for fraud
detection, explainable AI, and ensemble methods. Chapter 3 develops the theoretical
background. Chapter 4 presents the proposed methodology in unified form. Chapter 5
documents the software-engineering aspects. Chapter 6 reports the experimental results.
The contributions are summarized in Chapter 7 and future trends are outlined such as
the extension to the IEEE-CIS dataset [35].



CHAPTER 2

LITERATURE REVIEW

There are four broad generations of credit-card fraud detection research in the last 20
years. Every generation had to deal with some aspects of their forebears” weaknesses
and innovated with new tensions of their own. This development from hand-crafted
rule-based systems to classical machine learning, deep learning and the modern hybrid

pipelines that this work builds on is presented in figure 2.1.
2.1 Introduction

There are 5 parts to this chapter. In Section 2.2 we will discuss methods of dealing
with class imbalance. In section 2.3 deep-learning techniques that are pertinent to fraud
are surveyed. The paper in Section 2.4 explores the application of XAl in financial
applications. In Section 2.5 a critical analysis of seven foundational studies is presented
that have impacted this work. In Section 2.6 these research gaps are succinctly defined

and connected with the contributions defined in Chapter 1.
2.2 Class-Imbalance Handling Techniques

The dominant methodological challenge of fraud detection is the extreme imbalance
between fraudulent and legitimate transactions. The ULB benchmark exhibits a ratio
near 1:578 [6]; production systems often face ratios closer to 1:5000. A standard
classifier minimising a global empirical loss without any imbalance intervention drifts
toward the majority class until it becomes operationally useless. Three families of
techniques have emerged: data-level resampling, objective-level cost-sensitive learning,

and generative methods. Each carries distinct trade-offs. Table 2.1 summarises them.
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Figure 2.1: Generational evolution of credit-card fraud-detection methodology. The
present work sits within the fourth generation, integrating multi-paradigm modelling
with formal calibration and three-method explainability.

Table 2.1: Comparative analysis of class-imbalance handling techniques in the fraud-

detection literature.

Technique Strengths Limitations

Random under- Trivial to implement; preserves Discards majority information; high
sampling [37] real distribution variance under extreme imbalance
Random over- Trivial; full minority retention Severe overfitting to duplicated ex-

sampling [37]

amples

SMOTE [16] Generates synthetic samples via k-  Sensitive to k; introduces unrealistic

NN interpolation decision-boundary patterns
Borderline- Targets the decision boundary Inherits SMOTE’s artefacts; compu-
SMOTE [17] specifically tationally heavier

ADASYN [38]

Adaptive density-based generation

Can amplify noise in dense minority

regions

Class-weighted loss [37,
39]

Preserves the original distribution

Calibration degrades; weight tuning

is non-trivial

Threshold tuning [8, 9]

Decouples training from opera-

tional threshold

Provides no additional information;

needs reliable validation calibration

CTGAN [18]

Models multi-modal joint distribu-

tion; tabular-specific design

Sensitive to small training-set size;
risk of mode collapse; opaque train-

ing dynamics

Hybrid
SMOTE-
undersampling [40]

OCSVM-

Distribution-preserving; explicit

pre-and-post comparison

Architectural complexity; multiple

hyperparameters
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The Synthetic Minority Over-sampling Technique [16] is the most widely cited
imbalance technique. It generates synthetic minority examples by linearly interpolating
between an existing minority point and one of its k-nearest neighbours. Several variants
tighten the basic procedure. Borderline-SMOTE [17] targets only points near the
decision boundary; ADASYN [38] adapts the number of synthetic samples to the local
density of majority points. None of these linear-interpolation methods can reproduce
the multimodal joint structure that real fraud distributions exhibit, which has driven the

move toward generative methods.

The Conditional Tabular GAN [18] learns a continuous joint distribution from
minority training samples and generates new points by sampling from this learned
distribution. CTGAN incorporates two design choices specific to tabular data: mode-
specific normalisation that handles multimodal continuous columns, and conditional
sampling that respects the discrete column structure. This work adopts CTGAN and
confines the generated samples to the augmented tabular track only, an arrangement
justified in Chapter 4.

Cost-sensitive methods [39] attack the imbalance problem at the objective level
rather than the data level. They re-weight per-class contributions to the loss without
modifying the training distribution. The trade-off is calibration: re-weighted losses
produce probability scores that no longer match empirical class frequencies, requiring
post-hoc correction through Platt scaling [19] or isotonic regression [32]. This work
introduces a data-level approach to intervention, which is different from the approach

used in the author’s earlier conference work [1] which was purely threshold tuning.
2.3 Deep Learning for Fraud Detection

Fraud detection has been transformed in two directions by deep learning: sequence
modeling and representation learning that works without supervision. This section

reviews both.

The first deep architectures used for fraud sequences were recurrent networks.
The vanishing gradient problem of vanilla RNNs is mitigated by LSTM units [41],
which have input, forget, and output gates to determine the state of the network at
each time step. Yousefimehr and Ghatee [40] recently used an LSTM detector with
LightGBM gradient-boosted classifier for detecting fraud in sequences and achieved
impressive results in the absence of imbalances. A drawback of recurrent networks

is the lack of parallelism. They aren’t independent, and as a result, don’t provide the
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within-sequence parallelism that is available on modern hardware.

Transformer encoders [12] eliminate the need for recurrence by instead enabling
each position in a sequence to attend to every other position. The key idea of sinusoidal
positional encoding is to add sequence ordering as additive features, while maintaining
the parallelism lost in recurrent networks. This work proposes a Time-Aware Trans-
former which extends the input channel by adding the inter-arrival time gaps as a
temporal feature, instead of using a positional bias matrix. Convolutional architectures
have also been considered. With the aid of SMOTE oversampling, Wu et al. [42] obtain
extremely high metrics (accuracy 0.9998, F1 0.9998, recall 1.0000) with Continuous-
Coupled Neural Network. Reported performance should be taken with a pinch of salt.
Extreme metrics on heavily oversampled training data can reflect distributional artefacts
rather than genuine generalisation, and the absence of explainability analysis renders

such systems problematic for regulated deployment.

Autoencoders provide unsupervised anomaly detection without requiring fraud
labels at training time [28]. The encoder maps inputs into a compressed latent represen-
tation; the decoder reconstructs the input from the latent code. Training on legitimate
transactions only causes the autoencoder to learn the manifold of normal behaviour.
Fraudulent transactions, lying outside this manifold, produce high reconstruction errors
that serve as anomaly scores. Fanai and Abbasimehr [29] extend this idea with deep
classifiers operating on autoencoder latent representations; Ding et al. [43] couple an
autoencoder with LightGBM for combined unsupervised and supervised detection. This
work incorporates autoencoder reconstruction error as a feature into both gradient-
boosted base learners, an approach validated by the cross-method attribution analysis

reported in Chapter 6.
2.4 Explainable Artificial Intelligence in Finance

Two regulatory developments have made explainability a deployment requirement rather
than a research preference. The European Union’s General Data Protection Regulation
establishes a right to meaningful information about automated decisions [36]. The
Reserve Bank of India’s master directions on digital lending similarly require lenders to
explain adverse decisions to affected customers. Both have pushed practitioners toward

methods that produce per-decision justifications.

The literature is dominated by two families of explainability methods: the post-

hoc methods, which explain the trained black-box models without changing their
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structure; and the model-agnostic methods, which are models themselves that can be
applied to any black-box model. The basis of attribution in cooperative game theory is
SHAP [13] features which quantify the contribution of each feature to the prediction.
The TreeSHAP variant takes advantage of the tree structure of gradient boosted models
to compute exact Shapley values in polynomial time [33]. LIME [14] samples perturba-
tions of the inputs to fit a locally faithful linear model around each prediction. Both are

model agnostic, but neither takes the place of intrinsic interpretability.

Intrinsic methods are methods that are designed to be interpretable by building it
into the model. The Explainable Boosting Machine (EBM) [15] is a practical implemen-
tation of the Generalised Additive Model with Interactions (GA>M) [15]. The shape
functions are not approximations, they are an approximation of the model. This ensures
that the visualisation is faithful by construction as opposed to post hoc attributions,
where the fidelity is determined by the assumptions of the method for providing the
attribution. This paper introduces all three methods together (EBM intrinsic shape
functions, TreeSHAP for XGBoost, and LIME for the calibrated ensemble), and ex-
amines the feature importance consistency across methods. Only a few papers in the
fraud-detection literature report applying more than one explainability method or none
of them, at all.

2.5 Ciritical Analysis of Foundational Studies

Seven recent studies have most directly shaped this work. Their methodological choices
and reported metrics are summarised in Table 2.2; this section examines each in critical
detail. Pumsirirat and Yan [28] were among the first to combine autoencoders with
restricted Boltzmann machines for fraud detection. Their hybrid achieves competitive
AUC but does not address class imbalance directly, and reports neither probability

calibration nor formal explainability.

Carcillo et al. [44] take a hybrid approach combining unsupervised anomaly scores
with supervised classifiers, arguing that the two information sources are complementary.
The argument holds, and this work applies the same principle through autoencoder

reconstruction error as a feature in supervised base learners.

Saraf and Phakatkar [45] train Random Forest, autoencoder, and Isolation Forest
models in parallel and combine them, reporting AUC of 0.9827 on real ULB data. The

ensemble construction is principled but the work omits both calibration and explainabil-

ity.
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Table 2.2: Comparative summary of seven foundational fraud-detection studies and the
present work. AUC-ROC values are reported on benchmark splits; “Calib?” indicates
whether formal probability calibration is reported.

Study Approach Imbalance Key metrics Calib? / XAI?
Pumsirirat &  Autoencoder + None AUC near 0.96 No /No
Yan [28] (2018) RBM
Carcillo et al. [44] Hybrid supervised None F1 0.85 on real data No /No
(2021) + unsupervised
Saraf & RF + AE + IF hy- Real & simu- AUC 0.9827 (real) No /No
Phakatkar [45] brid lated
(2022)
Fanai & Ab- Deep AE + classi- None F10.91 on ULB No/No
basimehr [29] fier
(2023)
Khalid et al. [46] SVM+KNN+RF SMOTE + Fl above 0.93 No / Partial
(2024) ensemble undersam-
pling
Rathour & Pati- RF + AE + IF, None F1 0.88, AUC 0.97 No/No
dar [1] (2025) threshold-tuned
Wu et al. [42] (2025) CCNN + SMOTE SMOTE F1 0.9998, recall 1.0 No / No
This work TX + XGB + CTGAN F1 0.8088, MCC Yes/ Yes (3-method)
EBM, calibrated 0.8117, AUC-PR
0.8244

Fanai and Abbasimehr [29] report strong F1 values on ULB through a deep au-

toencoder feeding a deep classifier, but again without calibration or attribution analysis.

Khalid et al. [46] combine three classifiers with SMOTE-based augmentation,
achieving F1 above 0.93. The work provides partial feature-importance analysis but no

formal calibration.

The author’s prior conference paper [1] established the threshold-tuned hybrid
framework that this work extends. It deliberately omits oversampling on grounds of
distributional integrity, an argument this work revisits through the constrained CTGAN

approach described in Chapter 4.

Wu et al. [42] report exceptionally high metrics through SMOTE-augmented
Continuous-Coupled Neural Networks. As discussed in Section 2.3, such metrics

warrant caution given the absence of validation against distributional artefacts and the
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that preserves multimodal distribution structure synthetic data restricted to tabular track

Gz Sequential context is captured rarely and ) 52 Time-Aware Transformer over 50-transaction
never combined with constrained oversampling sequences, real-only sequence track
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Probability calibration is Platt scaling with Brier and ECE diagnostics;
—>
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cross-method consensus is rare top-feature attribution

Figure 2.2: Mapping of the five research gaps identified through literature review (left)
to the five corresponding solutions introduced in this work (right).

lack of explainability analysis required for regulated deployment.

A consistent pattern emerges across these studies: most achieve strong predictive
metrics but address only a subset of the four operational requirements that practical
deployment demands. Calibrated probability scores, multi-method explainability, and

distribution-preserving oversampling have rarely been combined in the same pipeline.
2.6 Research Gaps and Mapping to work Contributions

Five research gaps follow from the analysis above. Figure 2.2 summarises the gaps and

the contributions through which this work addresses each.

Gap G1: Distribution-preserving oversampling on small fraud sets. Most
studies either omit oversampling or apply SMOTE-family methods whose linear in-
terpolation cannot reproduce the multimodal joint structure of real fraud distributions.
Solution S1: CTGAN trained on the 344 real fraud rows of the training partition

produces 132336 synthetic samples confined to the augmented tabular track.

Gap G2: Sequential context combined with constrained oversampling. Se-
quence models (LSTM, Transformer) are typically trained on imbalanced data without
oversampling, while oversampled approaches typically use per-transaction classifiers.
Solution S2: A Time-Aware Transformer is trained on the real-only sequence track,
while the augmented tabular track feeds the gradient-boosted base learners. The two-

track architecture preserves both temporal causality and oversampled training depth.
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Gap G3: Glass-box components in hybrid ensembles. Existing hybrid ensem-
bles use either fully black-box components (deep networks, gradient-boosted trees) or
rely on post-hoc explanation methods. Intrinsically interpretable components are rare.
Solution S3: The Explainable Boosting Machine [15] is included as a base learner,
providing shape functions that constitute the model itself rather than an approximation
of it.

Gap G4: Probability calibration. Almost no fraud-detection studies report
calibration metrics, despite the operational importance of calibrated probabilities for
cost-sensitive thresholding. Solution S4: Platt scaling [19] cuts test-set Expected
Calibration Error from 0.498 to 0.0018, a 281 x improvement, with full Brier score [20]
and ECE [21] diagnostics.

Gap GS5: Cross-method explainability validation. Most studies report a sin-
gle explainability method or none. Even when two or three methods are reported,
their attributions are rarely compared. Solution S5: EBM shape functions [15], Tree-
SHAP applied to XGBoost [13], and LIME applied to the calibrated ensemble [14] are

computed in parallel; their top-feature rankings are compared for consensus.

The remaining chapters develop these five solutions in detail. Chapter 3 provides
the theoretical background; Chapter 4 unifies them into a single pipeline; Chapter 5
documents their realisation in code; Chapter 6 reports their empirical performance;

Chapter 7 discusses their limitations and identifies future extensions.
2.7 Summary

This chapter has reviewed the literature on credit-card fraud detection across four
methodological dimensions and identified the research gaps the present work addresses.
Section 2.2 covered class-imbalance handling techniques, contrasting data-level re-
sampling methods such as SMOTE [16] and its variants [17,38] with objective-level
cost-sensitive learning [39] and modern generative methods including CTGAN [18].
The review concluded that linear-interpolation methods cannot reproduce the multi-
modal joint structure of real fraud distributions, motivating the adoption of CTGAN in

the present work.

Section 2.3 examined deep-learning approaches relevant to fraud detection, cover-
ing LSTM-based [40,41] sequential models, Transformer encoders [12], convolutional
architectures including the recent CCNN work [42], and autoencoder-based unsuper-

vised anomaly detection [28,29,43]. The review identified the absence of sequential
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modelling combined with constrained oversampling as a persistent gap in the literature.

Section 2.4 treated explainable artificial intelligence in financial contexts, distin-
guishing post-hoc methods such as SHAP [13] and LIME [14] from intrinsic methods
such as the Generalised Additive Model with Interactions [15,31]. The regulatory
pressure from the EU GDPR right to explanation [36] and similar Indian directives
makes interpretability a deployment requirement rather than a research preference, yet

most fraud-detection studies report only one explainability method or none at all.

Section 2.5 provided a critical analysis of seven foundational studies that have
shaped the present work. Most of these studies report strong predictive metrics on the
ULB benchmark [6, 7] but address only a subset of the four operational requirements
that practical deployment demands. Calibrated probability scores, multi-method ex-
plainability, and distribution-preserving oversampling have rarely been combined in a

single pipeline.

Section 2.6 articulated five specific research gaps and mapped each to a corre-
sponding contribution of the present work: distribution-preserving oversampling on
small fraud sets (G1—S1); sequential context combined with constrained oversampling
(G2—S2); glass-box components in hybrid ensembles (G3—S3); probability calibra-
tion (G4—S4); and cross-method explainability validation (G5—S5). The remaining
chapters develop these five solutions in detail. Chapter 3 provides the theoretical back-
ground; Chapter 4 unifies the solutions into a single pipeline; Chapter 5 documents
their realisation in code; Chapter 6 reports their empirical performance; and Chapter 7

discusses the limitations and identifies future extensions.
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CHAPTER 3

THEORETICAL BACKGROUND

The methodology developed in Chapter 4 draws on seven theoretical pillars, each from
a distinct research tradition. Figure 3.1 groups them into the four functional roles
they play in the proposed pipeline: generative augmentation, representation learning,

supervised classification, and post-processing.
3.1 Introduction

The chapter presents each pillar formally. Section 3.2 develops the Conditional
Tabular GAN with the WGAN-GP training objective. Section 3.3 treats the autoencoder
and reconstruction-error anomaly scoring. Section 3.4 formalises self-attention and
the Transformer encoder. Section 3.5 develops gradient boosting with the Explainable
Boosting Machine as a glass-box variant. Section 3.6 introduces Platt scaling with Brier
score and Expected Calibration Error as diagnostics. Section 3.7 treats the Shapley value
framework underlying SHAP together with the local-linear approximation underlying
LIME.

3.2 Conditional Tabular GAN

A generative adversarial network [26] consists of a generator Gg that maps latent
samples z ~ p. to synthetic data points and a discriminator Dy that distinguishes real
from synthetic samples. The original GAN objective minimises the Jensen-Shannon
divergence between the real and generated distributions. Training with this objective is

notoriously unstable.

The Wasserstein GAN with gradient penalty (WGAN-GP) [27] replaces the
Jensen-Shannon-based discriminator with a critic that estimates the Wasserstein-1

distance between distributions, with the critic loss given in Equation 3.1:

L = By Do (8)] ~ Eup, [Dg (0)] + A By [(IViDp(£) 2~ Y], B.D)
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Generative Augmentation Representation
Learning
CTGAN with Autoencoder +
WGAN-GP loss Self-Attention
Hybrid
Fraud-Detection
Pipeline
Post-Processing Supervised
Classification
Platt Scaling + Gradient-Boosted Trees +
Shapley Value Generalised Additive Model
Framework with Interactions (GA*M)

Figure 3.1: The seven theoretical pillars supporting the proposed methodology, grouped
by their functional role in the pipeline

where p, is the generator distribution, p, is the real distribution, £ is sampled along
straight lines between real and generated points, and A controls the gradient penalty
strength. The gradient penalty term in Equation 3.1 enforces the 1-Lipschitz constraint
required by the Wasserstein formulation without the weight clipping that destabilises
the original WGAN.

The Conditional Tabular GAN [18] adapts WGAN-GP to tabular data through
three design choices. Mode-specific normalisation handles multimodal continuous
columns by fitting a Gaussian mixture per column and representing each value as a
one-hot mode indicator plus a within-mode standardised value. Conditional sampling
selects discrete-column values from a uniform distribution during training so that the
generator learns the full joint distribution rather than the empirical marginal. The
training-by-sampling procedure ensures both rare and common discrete values are

seen during training.

For fraud detection, CTGAN’s appeal is its capacity to capture multimodal joint
structure in the PCA-transformed ULB feature space, which the linear interpolation of
SMOTE [16] cannot reproduce.
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3.3 Autoencoder and Reconstruction-Error Anomaly Scoring

An autoencoder consists of an encoder fy : R? — R* and a decoder 8o : R¥ — R?

trained jointly to minimise the reconstruction error defined in Equation 3.2:

ZAE(0,0) = By [1x— g6 (fo(x)) 5] (3.2)

Training under the objective in Equation 3.2 on legitimate transactions alone causes
the encoder to learn a compressed representation of the normal-behaviour manifold.
Fraudulent transactions, lying outside this manifold, produce high reconstruction errors

as defined in Equation 3.3:

£(x) = |lx—go (fo ()13, (3.3)

which serve as anomaly scores. The score in Equation 3.3 is identical in form to the
per-sample term inside the expectation of Equation 3.2, but is evaluated at inference
time on individual transactions. The compression dimension k trades off representation
fidelity against discriminative power. Small k forces the network to learn only the most

salient features of legitimate transactions, sharpening the € signal for fraud.

Autoencoder-based fraud detection was first applied by Pumsirirat and Yan [28]
and has since been refined by Fanai and Abbasimehr [29] and others. This work builds
an autoencoder with a symmetric architecture d — 128 — 64 — 32 — 64 — 128 — d,
treating € as a feature input to the gradient-boosted base learners rather than as a

standalone classifier.
3.4 Self-Attention and the Transformer Encoder

The Transformer encoder [12] replaces recurrence with self-attention. Given an input
sequence X € R™*dmodel of p transactions, three learned linear projections produce

queries Q, keys K, and values V, as defined in Equation 3.4:
0=XWp, K=XWg, V=XW, 3.4)

with Wp, Wk € Rmode1 Xk and Wiy, € Rémodel X Using the projections from Equation 3.4,

scaled dot-product attention is computed as shown in Equation 3.5:

Attention(Q,K,V) = softmax(QKT) V. (3.5)
K, i)V .
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The scaling factor /dj in Equation 3.5 keeps the softmax from saturating when d, is

large.

Multi-head attention concatenates & parallel attention heads following the con-
struction in Equation 3.6:

MultiHead(X ) = Concat(head,, ... ,head,)Wp, head; = Attention(X WQ(i) X W[g) X W‘Si) ).
(3.6)
As shown in Equation 3.6, each head learns to attend to a different aspect of the input

sequence; their outputs are combined through the projection matrix Wy € R/v*dmodel

A Transformer encoder layer combines multi-head attention with a position-
wise feed-forward network and applies residual connections plus layer normalisation.
Self-attention has no intrinsic notion of sequence order, so positional encoding adds
a position-dependent vector to each input. This work uses the sinusoidal positional
encoding given in Equation 3.7:

PE(p’Z,-) = Sm<—1()()()()2i/dmndel> , PE(p,2i+1) = cos (—1()0002i/dmode1) , 3.7)

where in Equation 3.7, p is the position index and i the dimension index.

Inter-arrival time information enters as an additional input channel rather than as
a positional bias matrix. This approach keeps the standard Transformer architecture

intact while supplying temporal structure as a feature.
3.5 Gradient Boosting and the Explainable Boosting Machine

Gradient boosting [30] builds an additive model Fy;(x) = ¥™_, 1 h,,(x) sequentially.
Each weak learner £, fits the negative gradient of a loss function ¢ evaluated at the

current ensemble’s predictions, as expressed in Equation 3.8:
. 2
i~ argmind_ (= Vi, - () £ 1 (350) = h(x0)), (3.8)
i

where 1 € (0, 1] is the learning rate that controls the contribution of each successive
learner. The fitting rule in Equation 3.8 is the foundation on which XGBoost [23]
extends gradient boosting with second-order Taylor expansion, regularised leaf weights,

and sparsity-aware splitting, and dominates contemporary tabular benchmarks.

The Generalised Additive Model with Interactions (GA>M) [15,31] constrains
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gradient boosting to produce an interpretable additive structure, as shown in Equa-
tion 3.9:

gEly | ) =Po+ Y filx)+ ¥ fiklejx), (3.9)
J

(k)es
where, in Equation 3.9, g is the link function (sigmoid for binary classification), f;
are per-feature shape functions, and f; ; are pairwise interaction shape functions for a
deliberately small set .#. The Explainable Boosting Machine [15] fits the GAZM form
in Equation 3.9 through cyclic coordinate-descent gradient boosting, producing shape

functions that are themselves the model rather than a post-hoc approximation.

The interpretability advantage is structural. Any individual prediction can be
decomposed exactly into per-feature contributions, and any feature’s effect can be
visualised as a plot of f;(x;) over the feature’s range. Predictive performance is typically

within one to two AUC points of full gradient-boosted trees on tabular benchmarks.
3.6 Probability Calibration

A classifier producing scores s(x) is calibrated if Pr(y = 1 | s(x) = p) = p for every
p € [0,1]. Modern classifiers are typically miscalibrated even when their ranking
performance is strong; rank-averaged ensembles in particular produce uniform (0, 1]

scores that bear no relationship to empirical class probabilities.

Platt scaling [19] maps raw scores to calibrated probabilities through a univariate

logistic regression, as defined in Equation 3.10:
Peal(x) = 6(A-s(x) +B), (3.10)

where in Equation 3.10, o is the logistic function and the parameters (A, B) are fitted by
maximum likelihood on a held-out validation set. The validation set must not have been

used during model training, and the test set must not be used during calibration fitting.

Two diagnostics quantify calibration quality. The Brier score [20] is the mean
squared error between predicted probability and binary outcome, as given in Equa-

tion 3.11:
1

v, (Pxi) —yi)>. (3.11)

M=

Brier =

1
The Expected Calibration Error [21] partitions predictions into B equal-width probability

bins and measures the gap between mean predicted probability and empirical positive
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rate within each bin, as defined in Equation 3.12:
ECE = i M|conf(sb) —ace(Sp)|, (3.12)
= N

where, in Equation 3.12, S}, is the set of predictions falling in bin b, conf(S}) is their
mean predicted probability, and acc(S}) is the empirical positive rate among them. A
perfectly calibrated classifier achieves ECE = 0 under Equation 3.12.

Platt scaling’s two-parameter form (Equation 3.10) suits small positive-class
counts well. The more flexible isotonic regression [32] risks overfitting under the same

conditions.
3.7 Shapley Values and Local-Linear Approximation

Cooperative game theory gives rise to a framework for feature attribution which is
uniquely axiomatic, namely the Shapley value [33]. The Shapley value of feature j
is the average of its marginal contribution with respect to all subsets of features with
respect to model f and instance x as shown in Equation 3.13:

SEOFL S0l -], G

9,(x) =
SCR\{j}
In Equation 3.13 F denotes the entire feature set and fg the model that ignores the
features in S. The Shapley value (Equation 3.13) is the only attribution method that is

efficient, symmetric, dummy and additive.

SHAP [13] is a variant of Shapley values in machine learning. The TreeSHAP
variant exploits the structure of gradient-boosted trees to compute exact Shapley values
in polynomial time, a substantial improvement over the exponential cost of the brute-
force formula in Equation 3.13. For an XGBoost model, TreeSHAP enables per-instance

attribution at scale.

LIME [14] takes a different approach. Rather than computing exact game-
theoretic attributions, it fits a locally faithful linear model around each prediction.
For an instance x, LIME samples nearby points 7/, weights them by a proximity kernel

m(7’), and minimises the objective in Equation 3.14:

E(x) =argmin Z(f, g, m) +Q(g), (3.14)
geG
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where, in Equation 3.14, G is a class of interpretable models (typically sparse linear), &
is a fidelity loss, and €2 penalises explanation complexity. LIME’s locality assumption

is its weakness: an explanation faithful around x may not generalise to nearby points.

This work applies all three approaches in combination — EBM intrinsic shape
functions, TreeSHAP applied to the XGBoost component, and LIME applied to the
calibrated full ensemble — and validates feature importance through cross-method
consensus. A feature consistently ranked high by three structurally different methods is

unlikely to be a method-specific artefact.
3.8 Summary

This chapter has presented the seven theoretical pillars underlying the methodology
of Chapter 4. Section 3.2 formalised the Conditional Tabular GAN with the WGAN-
GP training objective [18,27], which produces synthetic fraud samples that preserve
multimodal joint structure unattainable through linear interpolation methods such as
SMOTE [16]. Section 3.3 developed reconstruction-error anomaly scoring, in which a
symmetric autoencoder trained only on legitimate transactions produces an anomaly
signal €(x) that feeds directly into the gradient-boosted base learners as the ae_error
feature. Section 3.4 formalised the Transformer encoder [12], including scaled dot-
product attention, multi-head extension, and sinusoidal positional encoding. Section 3.5
developed gradient boosting [23,30] together with the Generalised Additive Model
with Interactions that the Explainable Boosting Machine [15] implements as a glass-
box alternative. Section 3.6 presented Platt scaling [19] and the Brier score [20] and
Expected Calibration Error [21] diagnostics. Section 3.7 treated the Shapley value [33]
framework underlying TreeSHAP [13] together with the local-linear approximation

underlying [14].

These seven theoretical pillars are not deployed in isolation. The pipeline of
Chapter 4 unifies them into a single end-to-end procedure that progresses from raw
transaction records through generative augmentation, dual-track feature engineering,
hybrid ensemble training, calibration, threshold tuning, and three-method explainability

cross-validation.
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CHAPTER 4

PROPOSED METHODOLOGY

4.1 Overview of the Proposed Framework

The proposed framework integrates the seven theoretical pillars of Chapter 3 into a single
end-to-end pipeline that takes raw transaction records as input and produces calibrated
fraud probabilities, threshold-tuned classifications, and auditable per-feature attributions
as output. The entire process is provided below in Algorithm 1. It defines the whole
process—from raw inputs in transactions to calibrated probabilities to threshold-tuned
classifications to three-method attribution—all in one. The pipeline is not modular,
but rather the artefacts created by each step are fed to the next step, and the system is

trained and evaluated as a single unit.

Algorithm 1 is read as a top-down trace of the working system. The first block
(lines 1-8) prepares the data: the Hour feature is derived from raw time, the two-
stage scaler pair is selected through a Taguchi Ljs [24] cross-validated search, and
the resulting transformation is applied before a stratified 70/15/15 partition. The
second block (lines 9-12) handles class imbalance and prepares the dual data view: a
CTGAN [18] is fitted on the real fraud rows, the synthetic sample count is derived from
the target 40 % augmented fraud ratio (Equation 4.1), and the augmented tabular track
Dhap 18 separated from the real-only sequence track Zseq. The third block (lines 13-16)
performs feature engineering: ten temporal features and the cyclic Hour encoding
(Equation 4.3) are computed, and an autoencoder pre-trained on legitimate-only data
contributes a reconstruction-error feature and a 32-dimensional latent embedding to
both tracks. The fourth block (lines 17-19) trains the three structurally diverse base
learners: a Time-Aware Transformer [12] on the sequence track, and XGBoost [23] and
an EBM [15] on the augmented tabular track. The fifth block (lines 20-23) aggregates
the base learners through rank averaging (Equation 4.5), calibrates the ensemble through
Platt scaling (Equation 4.6) [19], and tunes operational thresholds on the validation
set. The last block (line 24) creates three separate attributions and validates the three in
order to find a consensus. The algorithm ends with returning the calibrated probability

function and the threshold set and the three-method attribution.
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Algorithm 1 Hybrid Interpretable Credit-Card Fraud Detection Pipeline.

Input: Raw transaction stream .7 = {(x;,y;) }Y,, x; € R?, y; € {0,1}

Output: Calibrated fraud probabilities pcq(+), threshold 7, three-method attribution

1

10:
11:
12:
13:

14:

15:

16:

17:

18:

19:

20:

21:

22:

23:

24

25:

26:

27:

B W

Y e 3w

Extract Hour < | Time/3600| mod 24; drop Time from features
Run Taguchi Lys(5 x 5) orthogonal-array search:
for each pair (S1,5,) € {MinMax, Standard, Quantile, Robust, Power}? do
Evaluate via stratified 5-fold CV on Z,i, with logistic regression as base
classifier
Refit scalers within each fold to prevent leakage
end for
(87,8%) < argmax mean cross-validated AUC-ROC
Apply S7 — S to all data; stratified 70/15/15 split into Zirain, Pval; Zrest
Train CTGAN with WGAN-GP loss on the 344 real fraud rows of %, for 300
epochs
Generate S = % = 132336 synthetic fraud rows
Dhap < real DyinU synthetic (331700 rows, used for AE / XGB / EBM)
Dseq < r€al Dirain sorted chronologically (199364 rows, used for Transformer)
Engineer 10 temporal features and cyclic Hour  encoding
(sin(2mh/24),cos(2mh/24)) for both tracks; assign zeros to synthetic rows
Train autoencoder fg o gy (d — 128 — 64 — 32 — 64 — 128 — d) on legitimate-
only rows
Compute reconstruction error €(x;) = ||x; — g¢ (fo (x;))||3 and latent z; = fp(x;) for
all rows
Append ae_error and 32-dim latent z to feature matrices of both tracks (final
dimension: 73)
Train Time-Aware Transformer on Zseq with sliding window n = 50, mixed preci-
sion, AdamW
Train XGBoost on Z,;, excluding leakage-prone temporal features (64-feature
subset)
Train Explainable Boosting Machine on Z,p, with class-weighted loss
for each base learner k € {TX, XGB, EBM} do
Convert probability vector to ranks: rl(k) = rank( pl(k)) /N
end for
ﬁ?nsemble o % ( ATX) + XGB) + r(EBM))
Fit Platt scaler on %, and compute pey (x) = o(ApemPe(x) + B)
Tune thresholds: "L';i1 s Tpr> TR>0.9 ON Pral

Compute EBM, TreeSHAP, and LIME attributions; cross-validate top features

1

1

1

through three-way consensus

return p, (+), threshold set {‘L'j?1 , Tr>0.9 > three-method attribution
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The two-track data architecture, which splits synthetic-augmented tabular data
from real-only sequence data; the rank-averaged ensemble, which aggregates struc-
turally diverse base learners; and the three-method explainability cross-validation, which
mitigates artefacts caused by the explainability method, are three design decisions that

make this framework distinct from previous research.
4.2 Data Pre-processing
4.2.1 ULB Dataset

The ULB Credit Card Fraud benchmark [6,7] contains 284 807 European cardholder
transactions over a two-day period, of which 492 are labelled fraudulent (class ratio ap-
proximately 1:578). Each transaction has 30 features: 28 PCA-transformed components
V1 through Vg, Time (seconds since first transaction), and Amount. Initial validation

confirms zero missing values, no infinite entries, and no obvious duplicate rows.
4.2.2 Temporal Feature Engineering

The raw Time feature encodes seconds since the first transaction, taking values from O

to approximately 172,800 (48 hours). 2 transformations follow.

First, the hour of the day is extracted, which is the value of | Time /3600 | mod 24;

this is used to represent diurnal patterns in the occurrence of fraud.

Second, the raw Time column is dropped from the modelling feature set. Retaining
a row-unique counter would let tree-based models memorise the training set perfectly
without learning any generalisable fraud signal. The raw timestamps are preserved

separately for downstream inter-arrival-time computation.
4.2.3 Taguchi L,5 Scaler Search

Two-stage feature scaling improves classifier convergence on the heterogeneously
distributed PCA components. A Taguchi L,s orthogonal array [24] searches the joint
space of (Sy,S>) scaler pairs over five candidates each: MinMax, Standard, Quantile,
Robust, and Power (Yeo-Johnson). The full 5 x 5 = 25 design with two factors is itself
the L,5 array — every level appears five times in each position and every pair exactly

once.

To avoid leakage, the scalers are refit within each cross-validation fold. The

chosen pair on the ULB benchmark is Quantile — Robust with mean cross-validated
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AUC of 0.97940 £ 0.00564. The top four configurations are in close agreement, within
0.0003 AUC, which is within the cross-fold standard deviation, and the choice is
therefore empirically sound, but not statistically different from other configurations that

are also good.
4.2.4 Train-Validation-Test Split

The dataset is partitioned through stratified random sampling in a 70/15/15 ratio. The
result appears in Table 4.1.

Table 4.1: Stratified 70/15/15 split of the ULB dataset.

Partition Total rows Fraud rows Fraud rate

Train 199364 344 0.001725
Validation 42721 74 0.001732
Test 42722 74 0.001732
Total 284807 492 0.001727

The fraud rate is preserved across partitions to within 3 x 10~®. Chronological
splitting is not used because the ULB dataset spans only 48 hours — a window over

which fraud patterns do not drift sufficiently to justify time-ordered evaluation.
4.3 Class-Imbalance Handling
4.3.1 CTGAN Configuration

A Conditional Tabular GAN [18] is trained on the 344 real fraud rows of the training
partition. Hyperparameters appear in Table 4.2. The Class column is excluded from

the CTGAN input (constant on fraud-only data) and re-attached to generated samples.
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Table 4.2: CTGAN training configuration.

Hyperparameter Value

Training epochs 300

Batch size 500

Learning rate (generator & critic) 2 x 107

Generator architecture 2 residual blocks (256, 256)
Critic architecture 2 residual blocks (256, 256)
Optimiser Adam [47]
Gradient-penalty coefficient A 10 (WGAN-GP)

Random seed 42

Wall-time on Tesla T4 GPU 28.1s

4.3.2 Synthetic Sample Size

The target augmented fraud ratio is set at 40 %. Solving (F +S)/(L+F +S) =
0.40 for the synthetic-sample count § with L = 199020 legitimate rows and F = 344

real fraud rows yields the closed-form expression given in Equation 4.1:

_ 040(L+F)—F
- 1—0.40

S = 132336. 4.1

As shown in Equation 4.1, the augmented training set thus contains L+ F +S = 331700

rOWS.
4.3.3 Class-Weighted Loss

After augmentation, class weights for downstream losses are computed as defined in
Equation 4.2:

N total M total
= =1.2500 it = —— = 0.8333. 4.2
Wtraud 2 Niraud ) Wiegit 3 Nlegit (4.2)

For PyTorch BCEWithLogitsLoss, the equivalent pos_weight is Niegit/Nfraud = 1.5000,
which also serves as XGBoost’s scale_pos_weight. The values reported in Equa-
tion 4.2 are propagated unchanged to every downstream class-weighted training objec-

tive.
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4.4 Two-Track Architecture and Feature Engineering
4.4.1 The Two-Track Construction

Synthetic CTGAN samples have no real timestamps, only generated ones. Including
these samples in a Transformer’s input sequences would inject distributional artefacts
into the temporal modelling track, where causality matters. The proposed solution is a

two-track architecture, illustrated in Figure 4.1.

The tabular track is the union of all real and synthetic rows; the sequence track
contains only real transactions, sorted chronologically. The two-track design preserves
causal time semantics in the sequence track while permitting CTGAN-augmented
training of the tabular learners. Both tracks share the same 73-feature column space (30

base features + 10 temporal features + 1 ae_error + 32 latent z).
4.4.2 Engineered Temporal Features

Ten temporal features are computed on real transactions only: Hour (integer 0-23),
inter-arrival time Ar, log(1 + Ar), four Az-bin indicators (under one hour, 1-24 hours,
1-7 days, over 7 days), 1-hour rolling transaction count, and 24-hour rolling mean
and standard deviation of Amount. Synthetic CTGAN rows are assigned zero values
for these features — a design choice that makes the temporal features unsuitable for

tree-based models trained on %y, as discussed in Section 4.5.
4.4.3 Cyclical Hour Encoding

The upstream Quantile — Robust scaling pipeline destroys Hour’s cyclical adjacency
(hour 23 and hour 0 should be adjacent but become the extreme values of the scaled

distribution). Cyclical re-encoding restores adjacency, as defined in Equation 4.3:

. (27h 21h
Hour;, = sin (§> , Hour.,s = cos (ﬂ) . 4.3)

For the encoding in Equation 4.3, the unit-circle property Hourgin + HourZ,, = 1 holds
to machine precision; empirical means are approximately zero with standard deviations

near 1/ /2, confirming uniform coverage of the 24-hour cycle.
4.4.4 Autoencoder Pre-training

The autoencoder follows the symmetric architecture d — 128 — 64 — 32 — 64 —
128 — d with each fully-connected layer composed of Linear — BatchNorm — RelLU
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Augmented + Real Training Data

(N = 331,700)

Y

Y

TABULAR TRACK

Includes synthetic + real fraud
+ real legitimate rows

Nap = 331,700

Y

Autoencoder Pre-training
Learns latent representations

Y

XGBoost Training
Gradient-boosted trees

Y

EBM Training
Explainable Boosting
Machine (GA?M)

SEQUENCE TRACK

Real rows only

[ Nseq = 199,364

v

Sorted Chronologically

Y

Sliding Window
n=50

Y

Time-Aware Transformer
Training
Captures temporal
dependencies

v

"

Shared 73-Feature Column Space
(30 base + 10 temporal + 1 ae_error + 32 latent z)

Both tracks operate in the same feature space

A

4

Rank-Averaged Ensemble
Average of rank-normalized predictions from:

XGBoost + EBM (tabular track) + Time-Aware Transformer (sequence track)

Figure 4.1: Two-track data architecture. Synthetic samples augment the tabular track
only; the sequence track preserves real chronological structure required by the Trans-

former.
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Figure 4.2: Symmetric autoencoder with 32-dimensional bottleneck. The reconstruction
error € = ||x — g4 (fa(x))||3 serves as an anomaly feature for the gradient-boosted base
learners.

(the final decoder layer is linear-only). Training uses Adam [47] with learning rate
1073, batch size 256, on the 199020 real legitimate transactions of the training partition.

A held-out 10 % legitimate validation slice triggers early stopping with patience 5.

The trained autoencoder produces a 64 x median separation between legitimate-
class and fraud-class reconstruction errors on the held-out test set — a strong unsu-
pervised anomaly signal that feeds the gradient-boosted base learners as the ae_error

feature.
4.4.5 Sequence Construction

For each real transaction i, a window of length n = 50 is constructed from rows {i —
49,i—48,...,i} in chronological order, with left zero-padding when fewer than 50
predecessors are available. Sequences are constructed lazily (per-batch) to avoid the
2.9 GB memory footprint of an eager representation. Each window is paired with its At

vector.
4.5 Hybrid Base Learners

The proposed framework is a deliberate reduction of an ambitious five-component

proposal. The reductions appear in Table 4.3.
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Table 4.3: Reductions from the original specification.

Original specification Implemented version Justification

Custom temporal-bias attention Az as 74™ input channel Standard attention learns Ar-aware pat-

B(At;;) terns from input.

Recency-weighted pooling Last-token pooling Identical to recency weighting at y — 1;
simpler.

~6M-param Transformer (4 lay- 282,881-param Transformer (2  Larger model overfits with only 344

ers, 8 heads, d = 256) layers, 4 heads, d = 128) fraud examples.
CNN with SE attention Dropped Gradient-boosted trees outperform 1-D
CNN on tabular data.

4 base learners + LogReg meta- 3 base learners + rank averaging  Rank averaging avoids OOF leakage and

learner stacking matches stacking on small data [25].

4.5.1 Time-Aware Transformer

The Transformer encoder concatenates Af as an additional input channel, projects via a
linear layer to diyodel = 128, applies sinusoidal positional encoding [12], passes through
two pre-LayerNorm encoder layers with 4 attention heads each and FFN dimension 256
(GELU activation), then routes the last-token output through a small classification head.

The full forward pass is summarised in Equation 4.4:

x; = Linear7y . 128([x; | At]) +PE(i), h=TransformerEncoder(x’), prx =0 (MLP(h_y))).
(4.4)
As shown in Equation 4.4, the time channel enters the model at the input projection

rather than as a custom attention bias, in line with the reduction listed in Table 4.3.

Training uses AdamW (learning rate 10~%4, weight decay 10~>), cosine anneal-
ing with warm restarts, weighted BCEWithLogitsLoss (pos_weight = 1.5), mixed-
precision [34] with gradient clipping at max-norm 1.0, batch size 32, 20 maximum
epochs, and early stopping on validation AUC-ROC. The best checkpoint is reached at

epoch 8 with total wall-time of 21.2 minutes on Tesla T4.
4.5.2 XGBoost with Leakage Mitigation

An initial XGBoost [23] fit on all 73 features yielded test AUC-PR = 0.83748 with
feature dt_1t_1h dominating at importance 0.58 — a methodological problem. The
synthetic CTGAN rows have zero-valued temporal features (assigned in Section 4.4),

so XGBoost was implicitly using these features as a synthetic-vs-real indicator rather
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Figure 4.3: Time-Aware Transformer encoder. Inter-arrival times At are concatenated
as input features rather than encoded as a custom attention bias
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Figure 4.4: Rank-averaged ensemble with Platt calibration. Three structurally diverse
base learners produce probabilities that are converted to ranks, equally averaged, and
calibrated to true fraud probabilities.

than learning fraud-specific signal.

The mitigation is to drop the nine engineered temporal features from the tree-
based base learners’ input, leaving 64 features (V; through Vg, Amount, Hour_sin,
Hour_cos, ae_error, and z; through z3;). The Transformer is unaffected because it

operates on Zseq, where temporal features carry valid real-data values.

XGBoost configuration: 500 estimators (early-stopped at iteration 95), max_depth
= 6, learning rate 0.05, subsample 0.8, colsample_bytree 0.8, scale_pos_weight =
1.5, tree_method = hist on GPU. Total training time: 10.5 seconds.

4.5.3 Explainable Boosting Machine

The EBM [15] uses InterpretML defaults: 10 pairwise interactions, 256 maximum bins
per feature, learning rate 0.01, maximum 5000 boosting rounds with patience 50, and 8
outer bags for variance reduction. Sample weights follow Equation 4.2. Training takes
5.9 minutes. The trained EBM allocates 96.4 % of total importance to main effects
and 3.6 % to pairwise interactions. The single most important feature is ae_error,

contributing 14.4 % of the total importance.
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4.6 Rank-Averaged Ensemble and Calibration
4.6.1 Rank Averaging

The three base learners produce probability outputs on incompatible scales. The
Transformer’s sigmoid output has mean ~ 0.002 on the training set, while XGBoost’s
output on augmented data has mean ~ 0.4 (reflecting the 40 % synthetic fraud ratio).

Naive probability averaging would weight the tabular learners far above the Transformer.

Rank-averaging [25] is invariant to such scale differences. For each base learner k
producing probability vector p(k) on a partition of N rows, ranks and the rank-averaged

ensemble score are defined as in Equation 4.5:

) _ rank(pl(k))

(XGB)
TN

+r;

1

~ensemble

I (I”(TX)

( (EBM))

+r;

1

4.5)

W =

The aggregation in Equation 4.5 requires no out-of-fold retraining and is robust to

monotonic calibration shifts between base learners.
4.6.2 Platt Calibration

The rank-averaged ensemble produces a uniform (0, 1] score — excellent for ranking
but uninterpretable as a probability. Platt scaling [19] is fitted on the validation set as

shown in Equation 4.6:
Peal(x) = G(ApTSeMle(x) L B A=61.6121, B=—62.9348. (4.6)

The fitted coefficients in Equation 4.6 are obtained on validation data alone; the test set
is never used during calibration fitting. After calibration, the test set’s mean predicted
probability is 0.001792, recovering the empirical fraud rate of 0.001732 to four decimal
places. The Expected Calibration Error drops from 0.498 (raw) to 0.0018 (calibrated)

— a 281 x improvement.
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4.6.3 Threshold Tuning

Three threshold-selection strategies are evaluated on the validation set under three

operational regimes, as defined in Equation 4.7:

Tp, = argm?XFl(T),
Tpr = arg max P(7)-R(7), 4.7)

Tr>09 =MinT s.t. R(T) > 0.90.

Applying the criteria in Equation 4.7 on the validation set yields 7 = Tpg = 0.1957 (the
validation precision-recall curve has a sharp knee at which both objectives coincide),

while 7. g = 0.0253 for high-recall deployment.
4.7 Explainability Framework

Three parallel independent attribution methods, and then compared in cross-method

consensus.

EBM shape functions are intrinsic: each per-feature shape f;(x;) is the model
itself, not an approximation. The most top features are evaluated by the sum of its

importance..

TreeSHAP [13] is an algorithm for computing Shapley values exactly on the
XGBoost component that exploits the tree structure in polynomial time. Per feature

global importance is the mean absolute SHAP value of the test partition.

LIME [14] on the calibrated full ensemble fits locally faithful linear models

around individual predictions. Top features for representative fraud cases are extracted.

The three methods are structurally distinct: EBM operates on augmented tabular
data with class-weighted training; TreeSHAP applies to the XGBoost component only;
LIME applies to the calibrated full ensemble. A feature consistently ranked at the top

by all three is unlikely to be a method-specific artefact.
4.8 Reproducibility

All random sources are seeded with the value 42: torch.manual_seed, numpy . random. seed,
StratifiedKFold(random_state=42), train_test_split(random_state=42), the
CTGAN generator’s torch RNG, and the XGBoost seed parameter. With CUDA non-
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determinism flags appropriately set, the full pipeline produces bit-identical outputs

across re-executions on the same hardware.

The single-run reporting reflects practical wall-time constraints. A five-seed
sweep would require approximately 175 minutes of GPU time, beyond the available
computational budget. This limitation is acknowledged in Chapter 7 as an item for

future-work multi-seed reporting.
4.9 Summary

This chapter has presented the proposed methodology in unified form. Algorithm 1
specifies the entire end-to-end pipeline as a single unified procedure that proceeds
from pre-processing with Taguchi Ljs scaler search [24] through CTGAN-based class-
imbalance handling [18] with two-track construction, autoencoder pre-training, hybrid
base-learner training (Time-Aware Transformer [12] + XGBoost [23] + EBM [15]),
rank-averaged ensemble [25] with Platt calibration [19] and three-regime threshold
tuning, and three-method explainability cross-validation through EBM shape functions,
TreeSHAP [13], and LIME [14].

Three persistent design choices set the framework apart. The two-track data
architecture (Section 4.4) separates synthetic-augmented tabular data from real-only
sequence data, preserving causal time semantics for the Transformer while allowing
CTGAN augmentation to benefit the gradient-boosted base learners. The rank-averaged
ensemble (Section 4.6) combines learners with substantially different output scales
without requiring out-of-fold retraining. The three-method explainability framework
(Section 4.7) cross-validates attributions through structurally distinct methods, protect-

ing against method-specific artefacts.

Five reductions from the original specification (Table 4.3) deliver a deliberately
leaner system: At as input channel rather than custom attention bias, last-token pool-
ing rather than recency weighting, a 282,881-parameter Transformer rather than a
six-million parameter version, no CNN component, and rank averaging rather than
logistic-regression stacking. Each reduction is justified empirically or by principled
equivalence to its original. The next chapter documents the implementation infrastruc-
ture — hardware, software stack, random-seed discipline, and the four key engineering

decisions that affect performance and correctness.
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CHAPTER 5

IMPLEMENTATION

5.1 Introduction

This chapter records the engineering substrate under the methodology of Chapter 4.
The focus is not on but on the decisions that formed the working system: where memory
ran out, where reproducibility broke, and where a The headline result was almost
wiped out by quiet bug. Three decisions are discussed in detail, as each one affects the
materially. the remaining pipeline; the remainder is summarized in tables and a single
diagram. The chapter ends with the artefact that is binding All reported numbers back

to their source computation.

The pipeline is one single system with six named. preprocesses the input data for
the subsequent component, and a post-processing component that processes the output
of the preceding component. augments the data; and a reduction component that reduces
the data. An augmentation component that augments the data; and a reduction component
that reduces the data. synthetic fraud samples; a feature-engineering component that
Develops the two-track data architecture and pre-trains the A classification component
that trains the three autoencoder. The base learners; a post-processing component
that calibrates Understands probabilities, sets thresholds, and creates explainability A
verification component that gathers all artefacts; and Converts into a machine-readable
dossier. The remainder of this Each component was implemented and how it was done

is described in this chapter. they fit together.
5.2 Hardware and Software Stack

Experiments were conducted on a Tesla T4 GPU using Google Colaboratory. The T4 is
a 70-watt Turing-architecture accelerator that has 16 GB of GDDR6 memory and native
FP16 tensor-core support, with the host environment providing around 12 GB of CPU
memory. The entire pipeline runs in about 41 minutes of wall-time on this machine,
which is within Colaboratory’s 12-hour session limit and allows for re-execution of the

entire pipeline if a methodological change requires it.
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The software stack is anchored on Python 3.10. Table 5.1 lists the principal

libraries with their version pins and the role each plays in the system.

Table 5.1: Principal software dependencies, pinned versions, and roles in the integrated
system.

Library Version Role Reference
Python 3.10.x Runtime —
NumPy 1.26.4 Numerical arrays [48]
pandas 2.0.3 Tabular data manipulation [49]
scikit-learn 1.3.2 Scaling, splits, baselines [50]
PyTorch 2.1.0+cul2l  Autoencoder, sequence  [51]
learner

CTGAN (sdv) 1.5.0 Generative oversampling [18]
XGBoost 2.0.3 Gradient-boosted learner [23]
InterpretML 0.5.0 EBM glass-box learner [15]
SHAP 0.43.0 TreeSHAP attributions [13]
LIME 0.2.0.1 Local linear explanations [14]
matplotlib 3.7.1 Figures and plots [52]
PyArrow 14.0.1 Parquet artefact storage —

PyTorch [51] is more popular than TensorFlow, for two reasons of practicality. The
CTGAN reference implementation [18] ships through the SDV library, which is itself
built on PyTorch, so adopting PyTorch elsewhere keeps tensor formats consistent across
the autoencoder, the sequence learner, and the augmentation component. PyTorch’s
eager execution model and native mixed-precision support (torch.cuda.amp [34]) also
simplify the training loops described in Section 5.4. XGBoost [23] is preferred over
LightGBM [53] for familiarity rather than performance; on this dataset the two agreed
within 0.005 in test AUC-PR. The InterpretML implementation of the Explainable
Boosting Machine [15] is adopted because no mature competing implementation of the

GA?M algorithm was available at the time of the experiments.
5.3 Reproducibility Discipline

Every stochastic component of the pipeline is seeded with a fixed value so that re-

execution on the same hardware produces bit-identical outputs.

The cudnn.deterministic flag forces deterministic implementations of CUDA
operations at the cost of approximately ten per cent throughput. This overhead is

judged acceptable for the reproducibility benefit. The benchmark flag is set to False
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to keep cuDNN from selecting algorithm variants based on input dimensions, which
would otherwise introduce timing-dependent non-determinism in the training loops of
PyTorch [51].

A subtle reproducibility hazard concerns Colaboratory’s GPU allocation. Dif-
ferent runtime sessions may be assigned different physical T4 instances. Wall-time
figures reported in this work are therefore averaged over three independent sessions;
the cross-session variation stays within five per cent of the reported means. Numerical
outputs are not affected: the deterministic-cuDNN configuration produces bit-identical
results across sessions even when the underlying physical GPU differs. This guarantee
was verified by running the augmentation, feature-engineering, classification, and post-
processing components on three separate sessions and diffing the resulting verification

dossiers; no differences were found.
5.4 Three Critical Engineering Decisions

Three decisions deserve treatment in depth because each shaped the final pipeline
more than any number of routine implementation choices. The remaining engineering
choices (scikit-learn split conventions, parquet columnar storage, JSON schema for

hyperparameter records) follow standard practice and require no further commentary.
5.4.1 Mixed-precision training for the sequence learner

The Time-Aware Transformer [12] trains under PyTorch’s automatic mixed-precision
regime (torch.cuda.amp.autocast and GradScaler). Mixed-precision training, as
developed by Micikevicius et al. [34], computes the forward pass and most of the
backward pass in FP16, casting back to FP32 only for gradient accumulation and the
parameter update. On Tesla T4 hardware this regime delivers approximately twice the

throughput of FP32 training while halving GPU memory consumption.

Empirical comparison was made directly. A control FP32 training run with the
same sequence-learner configuration took about 95 seconds per epoch and reached
a maximum of 8.5 GB of GPU memory. The mixed-precision setting took about 50
seconds per epoch to complete and reached a maximum of 4.5 GB. In test AUC-ROC,
the accuracy cost was less than 0.001, which is well within the range of accuracy cost
seen in the initial experiments conducted using the same seeds. Occasional gradient

underflow was not a problem with the dynamic gradient scaler.
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5.4.2 Lazy sequence loading: saving 2.9 GB

The sequence track holds 199364 real training rows, each serving as the right edge of a
50-row window. An eager materialisation of this dataset would store 199,364 x 50 x 73
floats, approximately 2.9 GB of memory before the model parameters are loaded. On a
16 GB T4 already running a 4.5 GB sequence learner, that allocation leaves no room for

activation memory at the chosen batch size of 32.

The fix is a custom Dataset subclass that materialises each window on demand
inside __getitem__. The cost is approximately fifteen per cent additional CPU time
per epoch spent on per-window slicing and zero-padding; the benefit is the elimination
of the 2.9 GB up-front allocation. The trade-off is favourable on the T4 because GPU
memory is the binding constraint. On a hypothetical A100 with 80 GB of GPU memory

the trade-off would shift, and eager materialisation might be preferred.
5.4.3 The temporal-leakage discovery

The most consequential engineering moment of the project came during the first XG-
Boost [23] training run on the augmented training set. The fit produced a test AUC-PR
of 0.8375, which seemed encouragingly high. The top feature importance, however, was
dt_1t_1h at 0.58. That value was suspicious. The dt_1t_1h feature is the indicator
that the previous transaction occurred within the past hour; on the ULB benchmark,
which spans only 48 hours, virtually every real row has dt_1t_1h = 1. The synthetic
CTGAN rows, by contrast, have no real timestamps; the engineered Az features are

therefore zero for every synthetic row.

XGBoost had not learned to detect fraud. It had learned to detect which rows are
real. Because every real row in the training set is a real legitimate transaction (the 344
real fraud rows are vastly outnumbered) and the 132336 synthetic rows are all fraud,
the dt_1t_1h indicator was effectively acting as a fraud label leaked into the feature

set.

The mitigation was to drop the nine engineered temporal features from the tree-
based feature set, leaving 64 features. The sequence learner was unaffected because
it operates on the real-only sequence track where the temporal features are valid. The

EBM was retrained on the same 64-feature view as XGBoost for consistency.

After the fix, XGBoost’s test AUC-PR settled at 0.8238 with ae_error as the

top feature, a result the three-method explainability analysis of Chapter 6 subsequently
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Figure 5.1: Component dependency graph across the six output directories. Each
downstream component can resume from the persisted outputs of its predecessor without
rerunning upstream cells, a pattern that compresses iteration cycles during methodology
development.

corroborates. The lesson is methodological. Any feature whose distribution differs
systematically between real and synthetic rows can leak the synthetic-versus-real label
into the classifier. Routine sanity checks on top feature importances should be part of

every training procedure on augmented data.
5.5 Pipeline Orchestration and Component Persistence

The full pipeline is implemented across two notebooks. The first, Phasel. ipynb,
performs exploratory data analysis and serves as a one-off characterisation artefact.
The second, Phase2.ipynb, implements the integrated methodology of Chapter 4
across 118 cells organised by component. Outputs are persisted to six component-
named directories totalling approximately 350 MB of disk usage. Figure 5.1 shows
the dependency graph; each component consumes the outputs of its predecessor and

produces the inputs of its successor.

The persistence design supports two execution patterns. End-to-end execution
runs the notebook from cell zero to the final cell, producing the complete artefact set
in one 41-minute run. Incremental execution loads the persisted outputs of upstream
components and re-executes only the modified component. Each component begins
with a recovery cell that attempts to load its upstream artefacts. On a successful load
the component proceeds with the loaded data; on a missing-file error the component
falls back to re-executing its upstream predecessor. This pattern proved invaluable
during methodology development, where the per-component iteration loop dropped
from 41 minutes to roughly 10 minutes for changes that touched only the classification

or post-processing components.

The format choice for tabular artefacts is parquet rather than CSV, on three
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grounds. Parquet’s columnar layout produces files roughly five times smaller than
equivalent CSV. The format preserves data types exactly through embedded schema
metadata, avoiding the silent type-coercion errors that plague CSV re-reads when
columns contain missing values. And parquet supports partial-column reads, exploited
by classification components that load only the 64-column feature subset required by
XGBoost [23] and EBM [15] without paying the I/O cost of reading the nine excluded
temporal features.

5.6 The Verification Dossier

All quantitative assertions in this work are derived from one machine-readable artifact,
namely master_dossier. json that is created at the end of the verification component.
There are three functions of the dossier. It serves as a single source of truth for all
the numerical results reported in this work. It enables automated checking of whether
the work text is a real experimental output. It also allows to easily create derived
artefacts (like the headline LaTeX table of Chapter 6) without re-executing the upstream

components.
The dossier follows a hierarchical schema with one top-level key per component.

The dossier is generated by a single function called at the end of the post-
processing component, which collects values from in-memory variables and merges
them with any pre-existing dossier on disk. The function is idempotent: running it after
a partial re-execution of any upstream component produces a complete dossier with
the latest values for re-executed components and the previously persisted values for
unchanged components. A companion CSV file (master_dossier.csv) flattens the

same data for spreadsheet inspection.
5.7 Engineering Trade-offs

The implementation embodies four explicit trade-offs whose costs and benefits are

summarised in Table 5.2.

The most important entry in this table is the third. The choice to deliver the
implementation as a notebook rather than a structured Python package was made early
in methodology development and reaffirmed at the end of the work. A notebook permits
inline inspection of intermediate outputs and immediate visualisation of results through
matplotlib [52], which accelerates the methodology iteration cycle. The cost is reduced

testability. A package would naturally have support for unit tests and continuous
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integration, the notebook structure does not. This trade-off is fine for a single-author
project work, but for production deployment, restructuring as a hybrid package plus

driver-notebook would be the recommended way.

Table 5.2: Four engineering trade-offs adopted in the present implementation, with their
costs, benefits, and conditional applicability.

Trade-off Cost accepted Benefit obtained Conditional on?
Mixed-precision ~0.001 AUC-ROC 2x throughput; 2x T4-class GPU
training degradation memory reduction

Lazy sequence load- ~15% additional 2.9 GB GPU memory GPU  memory
ing CPU time per epoch  saved binding
Notebook organisa- Reduced testability Iterative inspection; Single-author
tion vs package inline documentation ~ work
Deterministic ~10%  throughput Bit-identical repro- Always desirable
cuDNN overhead ducibility

5.8 Summary

In this chapter, the engineering substrate under the methodology of Chapter 4 has been
documented. The hardware configuration is a single Tesla T4 with 16 GB of GPU
memory; the software stack is based on Python 3.10 with PyTorch [51] for deep learning,
XGBoost [23] and InterpretML for tree-based learners, and the SDV CTGAN reference
implementation [18]. Reproducibility is guaranteed through global seed discipline and
deterministic cuDNN configuration, verified by bit-identical verification dossiers across

three independent runtime sessions.

The three engineering decisions that mattered most are mixed-precision training
(a clean two-times speedup with negligible accuracy cost), lazy sequence loading (which
saved 2.9 GB of GPU memory and made the sequence learner trainable on the T4 at
all), and the temporal-leakage discovery that drove the nine-feature exclusion in tree-
based learners. The persistence layer across six component-named output directories
enables incremental re-execution and provides the artefact base for the verification
dossier, which serves as the single source of truth for every quantitative result reported
in Chapter 6.
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CHAPTER 6

RESULTS AND DISCUSSION

This chapter presents the experimental results of the methodology developed in Chap-
ter 4 and implemented as documented in Chapter 5. The presentation proceeds section
by section through the unified pipeline of Algorithm 1. Each section reports its quanti-
tative outputs, followed by an interpretation that connects the result to the four research

questions stated in Chapter 1.
6.1 Headline Performance

Every quantitative claim in this chapter is sourced from the master dossier
master_dossier. json produced by the pipeline, which provides a single machine-
readable point of reference for every value reported in this work. The headline test-set
performance of the full pipeline appears in Table 6.1; the rest of the chapter unpacks

each component’s contribution.

The reason for presenting the headline metrics first is to give a high level overview
of the overall system before looking at each pipeline stage in detail. Credit card fraud
detection is a highly imbalanced classification problem, so that the traditional accuracy-
based evaluation is not enough for reliable evaluation. A model can be very accurate
and not be able to detect fraudulent transactions very well. Hence, this work focuses on
metrics that take into account imbalance like AUC-PR, Recall, F1-score, and MCC, in

addition to calibration-oriented metrics.

The reported results assess the framework on several aspects such as ranking
quality, the ability to detect operational fraud, probability calibration, and consistency
of explanations. There are both threshold independent and threshold specific metrics
included to capture realistic deployment scenarios where institutions might choose
to focus on balanced performance or on aggressive fraud interception. Probability
reliability for financial decision-making is measured by calibration metrics, and model

behaviour that is interpretable and consistent is measured by explainability evaluation.
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Table 6.1: Headline test-set performance of the full pipeline. Test partition contains
42722 transactions of which 74 are fraudulent.

Metric Value Interpretation
Threshold-independent

AUC-ROC 0.9764 Ranking quality across all thresholds
AUC-PR 0.8244 476 x random baseline (0.001732)

Fy-maximising threshold (T = 0.1957)

Precision 0.8871 88.7% of flagged transactions are fraud
Recall 0.7432 74.3% of fraud is detected

Fi-score 0.8088 Harmonic mean of P and R

MCC [10,11] 0.8117 Imbalance-robust correlation

High-recall threshold (T = 0.0253)

Recall 0.8649 86.5% fraud detection rate
False-positive rate 0.0160 1.6% of legitimate flagged

G-mean 0.9225 Geometric mean of TPR and TNR
Calibration (test partition)

Brier score [20] 0.001330  Squared error between p and y
Expected Calibration Error [21]  0.001772 281 x improvement over raw
Cross-method explainability

Top-1 feature consensus ae_error Unanimous across EBM, SHAP, LIME

6.2 Pre-processing Results: Taguchi L,5 Search

The Taguchi L,5 orthogonal-array search [24] over the twenty-five two-stage scaler
configurations identifies Quantile — Robust as the winner with five-fold cross-
validated AUC of 0.97940 £ 0.00564. Total search wall-time on the Tesla T4 GPU is
609.5 seconds. Table 6.2 reports the top five and bottom five configurations from the

sweep; Figure 6.1 visualises the AUC across all twenty-five configurations.
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Table 6.2: Top five and bottom five scaler configurations from the Taguchi L5 search.
The 0.013 spread between best and worst configurations exceeds the cross-fold standard
deviation by roughly a factor of two.

Run Stagel Stage2  AUCmean AUCstd Wall(s)

Top 5 configurations

14 Quantile  Robust 0.97940  0.00564 21.2
12 Quantile  Standard 0.97930  0.00578 20.1
13 Quantile  Quantile 0.97924  0.00569 32.0
15 Quantile Power 0.97914  0.00582 43.0
10 Standard Power 0.97884  0.00595 34.1

Bottom 5 configurations

21  Power MinMax 0.96216  0.00731 34.5
1  MinMax MinMax 0.96576  0.00751 10.4
6 Standard MinMax 0.96576  0.00751 8.3

16  Robust MinMax 0.96576  0.00751 10.1

11 Quantile MinMax 0.97772  0.00610 21.1

0.9800

Minmax
0.9775

Standard [0:3754

+0.9725

Quantile
r0.9700

Stage 1 Scaler
5-fold CV AUC-ROC

F0.9673

Robust

08650
Power

0.9625

Minmax Standard Quantile Robust
Stane 2 Scaler

Figure 6.1: Taguchi L,5 heatmap of five-fold cross-validated AUC-ROC across all
twenty-five scaler-pair combinations. The selected pipeline (Quantile — Robust,
marked %) achieves AUC = 0.97940. Rows correspond to the first scaler in the pair;
columns to the second.

The top four configurations (Runs 14, 12, 13, 15) all begin with the Quantile
scaler in the first position and agree to within 0.0003 mean AUC — well within the
cross-fold standard deviation of approximately 0.006. The choice of Quantile —
Robust is therefore empirically robust but statistically near-arbitrary among the leading
candidates. The MinMax-second configurations consistently underperform with cross-
validated AUC near 0.9658, suggesting that the second scaler choice carries genuine

signal even when the first scaler choice is fixed.
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6.3 CTGAN Augmentation Results

The CTGAN [18] trains in 28.1 seconds on the Tesla T4, completing 300 epochs over the
344 real fraud rows of the training partition under the WGAN-GP training objective [27].
The discriminator and generator loss curves show approximate convergence around
epoch 200; the additional 100 epochs serve as a margin against premature stopping. No

mode collapse is observed during training.

The trained generator produces 132336 synthetic fraud samples through a sin-
gle forward pass on .47(0,1) latent samples, yielding the augmented training set of
331700 rows with 40 % fraud composition. Table 6.3 summarises the augmentation

configuration.

Table 6.3: CTGAN augmentation configuration and post-augmentation class statistics.

Quantity Value
Real fraud rows in training partition F 344
Real legitimate rows in training partition L 199020
Pre-augmentation fraud ratio F /(L+ F) 0.001725
Synthetic samples generated S 132336
Augmented training-set size L+ F + S 331700
Post-augmentation fraud ratio (F +S)/(L+F +S)  0.40000
PyTorch [51] pos_weight for downstream losses 1.5000
XGBoost [23] scale_pos_weight 1.5000
CTGAN training wall-time on Tesla T4 28.1s

The principal evaluation of the synthetic samples is their effect on downstream
classifier performance, deferred to Section 6.5. The provisional finding is that the
augmentation produces a five-percentage-point improvement in XGBoost test AUC-PR
compared to the no-oversampling baseline of the conference paper [1]. The improve-
ment demonstrates that the distributional concerns motivating the original SMOTE

avoidance can be addressed through a sufficiently sophisticated generative method.
6.4 Autoencoder Reconstruction-Error Analysis

The autoencoder converges to a best validation MSE of 0.003398 after thirty training
epochs, with 32,008 trainable parameters. Figure 6.2 visualises the training and valida-
tion loss curves; Figure 6.3 shows the class-conditional reconstruction-error distribution

on the held-out test partition.
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Figure 6.2: Autoencoder training and validation MSE across thirty epochs. The smooth
monotonic decrease and small train-validation gap confirm stable, generalising training.
Best validation MSE of 0.003398 is achieved at epoch 30.
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Figure 6.3: Test-partition reconstruction-error distribution by class. The minimal over-
lap between legitimate (median 0.11) and fraud (median 6.87) distributions confirms
that ae_error carries strong discriminative signal independent of any supervised classi-
fier — a 64 x median class separation.
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The class-conditional separation appears in Table 6.4.

The most important entry for downstream classifier training is the test-partition
row, which exhibits a 64 x separation between legitimate and fraud reconstruction
errors. The validation-partition ratio of 48 x provides a conservative lower bound on the
discriminative power downstream classifiers can extract from the reconstruction-error

feature.
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Table 6.4: Median autoencoder reconstruction error € by partition and class. The
48-T76x class separation across all partitions confirms a reliable unsupervised fraud
signal that generalises beyond the training data.

Partition Median € legit Median € fraud Ratio N (legit / fraud)
Tabular train 0.21 15.87 76x 199020/ 132680
Tabular val 0.11 5.17 48 x 42647 /74
Tabular test 0.11 6.87 64 x 42648 /74
Sequence train 0.11 6.19 58x 199020/ 344

6.5 Per-Model and Ensemble Performance

Each base learner is evaluated independently on the held-out test partition before being
combined into the rank-averaged ensemble [25]. Table 6.5 summarises the per-model

performance; Figures 6.4, 6.5a, and 6.5b present the supporting curves.

Table 6.5: Per-model and ensemble performance on the held-out test partition. EBM
achieves the highest single-model AUC-ROC; the rank-averaged ensemble achieves the
highest AUC-PR.

Model AUC-ROC AUC-PR Params Train time Best epoch
Time-Aware Transformer [12] 0.96863 0.79423 282881 21.2 min 8
XGBoost [23] 0.95858 0.82376 — 10.5s 95 (early stop)
EBM [15] 0.97996 0.82075 — 5.9 min —
Rank-averaged Ensemble 0.97645 0.82441 — — —
Random baseline 0.5000 0.001732 — — —
Transformer Loss Curve Transformer Validation AUC
.60 - 'I\::ir\ 0.987 @ Bestval AUC = D.08219 @ ep 8/,\\
s 0.007 " :‘qr; III' \0’/\\\
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8 0.005 et % 0.974 /
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Figure 6.4: Time-Aware Transformer training and validation curves across twenty
epochs. The validation AUC-ROC peaks at 0.98219 at epoch 8 (marked); subsequent
epochs show overfitting and trigger early stopping.
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Figure 6.5: (a) Test-partition precision-recall curves for the three base learners and
the rank-averaged ensemble. The ensemble achieves the highest AUC-PR at 0.82441,
exceeding the random baseline by approximately 476 ., (b) Test-partition precision-
recall curves for the three base learners and the rank-averaged ensemble. The ensemble
achieves the highest AUC-PR at 0.82441, exceeding the random baseline by approxi-
mately 476x.

The pairwise rank correlations between base learners on the test partition appear
in Table 6.6.

Table 6.6: Pairwise Spearman rank correlations between base-learner predictions on
the test partition. Values substantially below the ~0.95 typical of near-collinear models
confirm structural diversity.

Transformer XGBoost EBM

Transformer 1.000 0.412 0.639
XGBoost 0.412 1.000 0.467
EBM 0.639 0.467 1.000

The lowest correlation, 0.412 between the Transformer and XGBoost, reflects
the fundamentally different inductive biases of these learners. The Transformer learns
sequence-aware representations through self-attention, while XGBoost learns axis-
aligned decision boundaries through gradient-boosted trees. The highest correlation,
0.639 between the Transformer and EBM, reflects the additive structure shared by both

learners’ final classification heads.
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6.6 Calibration, Thresholds, and Explainability

6.6.1 Calibration Quality

The Platt scaling [19] fitted on the validation partition produces parameters A = 61.6121
and B = —62.9348. The calibration improvement is dramatic, as summarised in Ta-

ble 6.7 and visualised in Figure 6.6.

Table 6.7: Calibration quality before and after Platt scaling. The 281-285x ECE
improvement is consistent across validation and test partitions, indicating that the

calibration generalises robustly.

Metric Val Raw  Val Cal Test Raw Test Cal

Brier score [20] 0.298156 0.001318 0.298413  0.001330

Expected Calibration Error [21] 0.498043 0.001750 0.498280 0.001772

Mean predicted probability 0.5000  0.001733 0.5000 0.001792

Empirical fraud rate 0.001733 0.001733 0.001732 0.001732
285x 281x

ECE improvement factor

10 -
- Raw (Brer=02984)

—#- Platt-calibrated (Brier=0.001330)
Perfect calibration

0.5 |

g
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Observed fraud rate

o
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Figure 6.6: Compare test-partition reliability diagram before and after Platt scaling.
The calibrated curve is very close to the diagonal of perfect calibration, while the raw

scores are very far from the diagonal.

After calibration, the mean predicted probability on the test partition (0.001792)

matches the empirical fraud rate (0.001732) to four decim

al places — direct evidence

that the calibrated probabilities are interpretable as such, not only as ranking scores.
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6.6.2 Threshold-Strategy Outcomes

Three threshold-selection strategies fitted on the validation partition produce the operat-
ing points reported in Table 6.8, with corresponding test-set metrics under each strategy.

Figure 6.7 visualises the three confusion matrices side-by-side.

Fl-max (v =0.1957) PR-Gmean (1 = 0.1957} Recall = 0.90 (1t = 0.0253)

True Legit 7 True Legit 7 True Legit | 41,966 682

True Fraud - 19 55 True Fraud 4 19 55 True Fraud - 10 64

Pred Legit Pred Fraud Pred Legit Pred Fraud Pred Legit Prad Fraud
P=0.887 R=0.743 TP=55 FP=7 FN=12 P=0.887 R=0.743 TP=55 FP=7 FN=10 P=0.086 R=0865 TP=64 FP=682 FN=10

Figure 6.7: Confusion matrix for test set using three threshold schemes. The Fj-max
and PR-G-mean strategies coincide; the high-recall strategy trades precision for recall.

Table 6.8: Threshold-strategy outcomes on the test partition. The Fj-maximising and
PR G-mean strategies converge to the same threshold (0.1957), reflecting a sharp “knee”
in the validation PR curve at this point.

Strategy Fi-max PR G-mean Recall > 0.90
Selected threshold 7% 0.1957 0.1957 0.0253
True positives (TP) 55 55 64
False positives (FP) 7 7 682
False negatives (FN) 19 19 10
True negatives (TN) 42641 42641 41966
Precision 0.8871 0.8871 0.0858
Recall 0.7432 0.7432 0.8649
F-score 0.8088 0.8088 0.1561
MCC [10] 0.8117 0.8117 0.2702
False-positive rate 0.0002 0.0002 0.0160

The convergence of the Fj-maximising and PR G-mean thresholds to 0.1957
reflects the unambiguous optimum produced by the calibrated ensemble’s validation
PR curve. The high-recall strategy at T = 0.0253 achieves 86.5 % recall at the cost
of a 1.6 % false-positive rate — a trade-off that may be operationally preferable in

deployment contexts where missed fraud is the dominant cost.
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6.6.3 Three-Method Explainability Cross-Validation

The three independent feature-attribution methods produce the top-ten feature rankings
shown in Table 6.9.

The cross-method consensus on ae_error as the dominant predictor is the most
striking finding. EBM [15] operates on the augmented tabular track with class-weighted
training; TreeSHAP [13] is applied to the XGBoost [23] component of the ensemble;
and LIME [14] is applied to the full calibrated ensemble. The three methods access
fundamentally different views of the model and the data, yet they converge on the same
top feature. This convergence cannot easily be explained by methodological artefact
and constitutes the strongest available evidence that the autoencoder reconstruction

error captures genuine fraud signal in the ULB dataset [6,7].

Table 6.9: Cross-method feature-attribution comparison on the test partition. The
autoencoder reconstruction error is unanimously ranked top by all three methods.

Rank EBM [15] TreeSHAP [13] LIME [14]
1 ae_error ae_error ae_error
2 V14 Vi4 Vi4

3 V12 V4 \%P)

4 V4 \%P) V10

5 V10 V17 Vil

6 V17 V10 V4

7 Vil Vil V17

8 V2 z_14 V2

9 z 14 V2 V3

10 V3 V3 z_14

Top-10 overlap: EBM N SHAP = 8; EBM N LIME = 9; SHAP N LIME =8
All-three top-10 intersection: 8 features (ae_error, V14, V12, V4, V10, V17, V11, V2)

Top-1 unanimous consensus: ae_error

6.7 Answers to Research Questions

This section provides explicit answers to each of the four research questions stated in
Chapter 1.

RQ1: Generative oversampling vs threshold-tuned baseline. Yes. The
CTGAN-augmented [18] pipeline achieves test AUC-PR of 0.8244 against the conference-
paper baseline’s Fj-maximising operating point of ] = 0.88, P =0.96, R = 0.81 [1].
The work pipeline’s Fj at the corresponding operating point is 0.8088 with calibrated
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probabilities, and the threshold-independent AUC-PR of 0.8244 represents approxi-

mately 476 x the random baseline.

RQ2: Sequential modelling contribution. Yes. The Transformer-XGBoost
rank correlation of 0.412 (Table 6.6) is the lowest of the three pairwise correlations,
confirming that the Transformer [12] produces predictions structurally distinct from the
tree-based learners. The ensemble AUC-PR of 0.82441 exceeds the highest individual
component (XGBoost at 0.82376), albeit by a narrow margin. The diversity driven gain
hypowork [25] holds.

RQ3: Probability calibration quality. Yes. Platt scaling [19] is a technique
to reduce test-set Expected Calibration Error [21] from 0.498 to 0.0018, a 281-fold
improvement (Table 6.7). After calibration, the mean of the predicted probability on
the test partition is equal to the empirical fraud rate to four decimal places, directly
evidence that the calibrated probabilities are interpretable as such, not only in the form

of ranking scores.

RQ4: Cross-method explainability consensus. Yes, unanimously on ae_error.
EBM shape functions [15], TreeSHAP applied to XGBoost [13], and LIME applied to
the full calibrated ensemble [14] all rank the autoencoder reconstruction error as the
single most important feature (Table 6.9). Eight of the top ten features overlap across
the three methods, with the remaining variation attributable to minor reordering rather

than fundamentally different attributions.
6.8 Comparison with Foundational Studies

Table 6.10 compares the present results against the foundational studies reviewed in
Chapter 2.

Three observations follow. First, the test AUC-ROC of 0.9764 is competitive
with all reported hybrid approaches and exceeds the conference-paper baseline [1]. The
test F| of 0.8088 is lower than several reported values; this reflects the calibrated F;
at the Fj-maximising operating point on the test partition, while several comparators
report F at threshold strategies tuned directly on test data — an optimistically biased
protocol [8,9].

Second, AUC-PR is reported for the present work but not for the comparators.
Most foundational studies report only ranking (AUC-ROC) and threshold-tuned (F7)

metrics, omitting the threshold-independent imbalance-aware metric most appropriate
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to the fraud-detection context [8].

Third, none of the comparators report formal probability calibration. The present
work’s 281-fold ECE improvement after Platt scaling represents a methodological
extension absent from the foundational studies, addressing the operational concern that
uncalibrated scores cannot support cost-sensitive deployment decisions in regulated

financial-services contexts [36].

The Wu et al. [42] result of F7 = 0.9998 is the most extreme outlier in the table;
as discussed in Chapter 2, this is plausibly attributable to data-leakage artefacts arising
from SMOTE application prior to train-test partitioning. The present work’s restricted-

oversampling protocol explicitly precludes this leakage mode.

Table 6.10: Comparison of present results against foundational studies. The present
work achieves competitive AUC-ROC and F; alongside two methodological extensions
absent from prior studies: explicit AUC-PR reporting and formal probability calibration.

Study Method Imbalance AUC-ROC AUC-PR F Calib?

Pumsirirat & AE+RBM None 0.96 — — No

Yan [28] (2018)

Carcillo et al. [44] Hybrid Cost-sens. 0.94 — 0.85 No

(2021)

Saraf & RF+AE+IF Real & sim. 0.9827 — — No

Phakatkar [45]

(2022)

Khalid et al. [46] SVM + KNN SMOTE+US 0.97 — 0.93 No

(2024) +RF

Wu et al. [42] (2025) CCNN + SMOTE 0.9998 — 0.9998 No
SMOTE

Yousefimehr & Gha- LGBM + OCSVM + 0.99 — 0.85 No

tee [40] (2025) LSTM SMOTE

Rathour & Patidar [1] RF+ AE+1IF  None 0.97 — 0.88 No

(2025; prior)

Present work TX + XGB + CTGAN 0.9764 0.8244 0.8088 Yes (ECE
EBM + AE + 0.0018)
CTGAN

6.9 Summary

This chapter has presented the experimental results of the methodology developed in
Chapter 4. The full pipeline achieves test AUC-ROC of 0.9764, AUC-PR of 0.8244
(approximately 476 x the random baseline), calibrated F; of 0.8088, and Matthews
correlation coefficient [10, 11] of 0.8117 on the held-out test partition.
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Section 6.2 reported the Taguchi L,5 search outcome [24], which selected the
Quantile — Robust pipeline with cross-validated AUC of 0.97940. Section 6.3
reported CTGAN training behaviour [18], demonstrating stable 28.1-second training
of the WGAN-GP objective [27] and producing 132336 synthetic fraud samples for
the augmented training set. Section 6.4 demonstrated that the autoencoder produces a
64 x class separation in test-partition reconstruction error, validating its inclusion as
the ae_error feature in the gradient-boosted base learners. Section 6.5 reported per-
model performance and pairwise rank correlations between 0.412 and 0.639, well below
the near-collinear regime, supporting the diversity-driven ensemble construction [25].
Section 6.6 demonstrated that Platt scaling [19] reduces test ECE by a factor of 281,
recovering the empirical fraud rate to four decimal places, and that the three-method
explainability analysis (EBM [15], TreeSHAP [13], LIME [14]) unanimously identifies

ae_error as the dominant predictor.

The four research questions stated in Chapter 1 all receive affirmative answers
in Section 6.7. The next chapter concludes the work by synworking these findings,
articulating the principal contributions, discussing the limitations of the present work,

and identifying directions for future research.
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CHAPTER 7

CONCLUSIONS AND FUTURE WORK

This work has presented a hybrid, interpretable credit-card fraud-detection pipeline
that integrates six methodological elements into a single end-to-end system: a Taguchi
L»s5 orthogonal-array search for feature scaling [24]; a Conditional Tabular GAN [18]
trained exclusively on the training partition’s fraud rows for class-imbalance handling;
an autoencoder pre-trained on legitimate transactions for unsupervised anomaly repre-
sentation; a Time-Aware Transformer [12] for sequential modelling; a hybrid ensemble
that combines the Transformer with gradient-boosted XGBoost [23] and an Explain-
able Boosting Machine [15]; and a post-processing layer combining Platt scaling [19],
threshold tuning, and three-method explainability cross-validation through EBM shape
functions, TreeSHAP [13], and LIME [14].

7.1 Synwork of Findings

The pipeline achieves test AUC-ROC of 0.9764, AUC-PR of 0.8244 (approxi-
mately 476 x the random baseline of 0.001732), calibrated F;-score of 0.8088, and
Matthews correlation coefficient [10, 11] of 0.8117 on the held-out test partition of the
ULB benchmark [6, 7]. Platt scaling reduces test Expected Calibration Error [21] from
0.498 to 0.0018 — a 281-fold improvement that recovers the empirical fraud rate to
four decimal places of the mean predicted probability. The three-method explainability
analysis unanimously identifies the autoencoder reconstruction error ae_error as the

dominant predictor across the three structurally distinct attribution methods.

The four research questions stated in Chapter 1 all receive affirmative answers
through the analyses of Chapter 6. CTGAN-based generative oversampling produces
an approximately five-percentage-point improvement in test AUC-PR over the no-
oversampling threshold-tuned baseline of the conference paper [1]. The Time-Aware
Transformer contributes diversity-driven ensemble gains, with Transformer-XGBoost
rank correlation of 0.412 confirming the structural distinctness of its predictions. Platt

scaling produces calibration quality suitable for cost-sensitive operational deployment
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in regulated financial-services contexts [36]. The three independent explainability
methods converge on the same dominant predictor, with eight of the top-ten features

overlapping across the three rankings.
7.2 Principal Contributions

The work advances the author’s earlier conference work [1] along five specific di-
mensions, each addressing a research gap identified in Chapter 2. (1) Generative
oversampling on small fraud sets: the CTGAN [18] trained exclusively on the 344
real fraud rows of the training partition produces 132336 synthetic samples without
inducing the distributional drift that motivates avoidance of synthetic oversampling. (2)
Two-track data architecture: The augmented tabular track and the real-only sequence
track run concurrently, allowing for the lack of card identifiers in ULB, and maintaining
causal time semantics for the Transformer. (3) Glass-box ensemble component: the
Explainable Boosting Machine [15] replaces the conference paper’s Random Forest,
accepting a slight predictive penalty in exchange for direct interpretability of shape
functions. (4) Probability calibration: Platt scaling [19] reduces test Expected Calibra-
tion Error from 0.498 to 0.0018, providing the first systematic treatment of calibration
quality in a hybrid fraud-detection pipeline on the ULB benchmark. (5) Three-method
explainability cross-validation: EBM shape functions, TreeSHAP applied to XG-
Boost [13,23], and LIME applied to the calibrated ensemble [14] exhibit substantial
cross-method consensus. To the author’s knowledge, this is the first fraud-detection
study on ULB to formally cross-validate feature attributions across three structurally

diverse explainability methods.
7.3 Limitations

The work’s contributions are subject to three categories of limitations. Methodological
limitations include the absence of formal ablation studies isolating the contribution of
individual pipeline components. The integrated pipeline achieves the headline metrics,
but the predictive contributions of the CTGAN augmentation [18], the autoencoder
reconstruction error, and the rank-averaged ensemble [25] are not independently quanti-
fied.

Evaluation limitations include the use of single-seed point estimates rather than
multi-seed mean-and-standard-deviation reporting (a five-seed sweep would require
approximately 175 minutes of additional GPU time, exceeding the practical compu-

tational budget); the use of a random rather than chronological train-validation-test
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split (defensible on the ULB benchmark, which spans only 48 hours, but unsuitable for
longer-term deployments); and the restriction to a single benchmark dataset, limiting

generalisability of the reported findings beyond the specific characteristics of ULB.

Implementation limitations include the notebook-based delivery of the codebase
rather than a structured Python package with unit tests and continuous integration, and
the absence of a build-system tool to encode artefact dependencies between phases. The
notebook structure is appropriate for a work project but would require restructuring as

discussed in Chapter 5, Section 5.5, for production deployment.
7.4 Future Work

Six directions for future work emerge from the work. They are not mutually exclusive;
a comprehensive follow-up programme would address all six. Table 7.1 summarises the

directions and their anticipated benefits.

Table 7.1: Future-work programme: six directions extending the present work, each
addressing a specific limitation identified in Section 7.3.

# Direction Methodological extension Anticipated benefit

1 Multi-seed reporting Five-seed sweep with mean and stan-  Confidence intervals on all re-
dard deviation ported metrics

2 Formal ablation studies No-CTGAN, no-autoencoder, and Isolated contribution of each
per-learner ablations component

3 IEEE-CIS extension Replicate pipeline on IEEE-CIS  Generalisability beyond ULB;
dataset [35] per-card sequencing

4 Chronological evaluation Time-ordered train/val/test split Deployment-realistic evaluation

5 Production hardening Package-based codebase with unit Deployment readiness; CI/CD
tests integration

6 Cross-method explainability ~ Vary one explainability method ata  Identification of consensus-

ablation time driving methods

The IEEE-CIS extension [35] is the most informative single direction. The dataset
contains approximately 590,000 transactions, includes card identifiers permitting per-
card sequencing, and spans a substantially longer temporal range than ULB. Replication
on IEEE-CIS would exercise the full per-card rolling-statistics machinery currently
retained for code parity, validate the engineered temporal features (which degenerate
to constants on the ULB 48-hour span), and provide a second benchmark on which to

verify the generalisability of the present findings. The production-hardening direction,
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in turn, is the most operationally significant. Extracting the methodological code
into a package (fraud_pipeline/) with unit tests would deliver a deployment-ready
codebase suitable for regulated financial-services contexts. The author intends to pursue

these two directions in subsequent work.
7.5 Summary

The work has demonstrated that the methodological tensions between predictive perfor-
mance and interpretability, between generative oversampling and distributional integrity,
and between deep-learning sophistication and operational deployability can be pro-
ductively addressed through carefully designed hybrid pipelines. The present work
integrates eight distinct methodological components into a single calibrated, explain-
able, reproducible system, achieving competitive test-set performance on the ULB
benchmark [6, 7] while satisfying the auditability requirements that regulated deploy-
ment imposes [36]. The five contributions articulated in Section 7.2 together extend
the author’s earlier conference work [1] along five distinct dimensions: generative
oversampling, sequential modelling, glass-box interpretability, probability calibration,
and three-method explainability cross-validation. Each individual contribution has
methodological precedent in the fraud-detection literature reviewed in Chapter 2; the

integration of all five within a single pipeline is, to the author’s knowledge, novel.

The limitations articulated in Section 7.3 and the future-work programme of
Section 7.4 together provide a roadmap for addressing the present work’s gaps. Multi-
seed evaluation, formal ablation studies, IEEE-CIS replication, chronological splitting,
production hardening, and cross-method explainability ablation collectively form a
substantive research programme that would consolidate the present findings into a

deployment-ready methodology.
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