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In modern high-volume payment systems, detecting fraud is still essentially confined by
abhorrent class imbalance, changing transaction patterns, and lack of dependably labelled
fraud occurrences. The current research questions the issue of whether self-supervised
learning (SSL) can add to the extraction of the knowledge related to fraud in comparison
with the capability of strong supervised baselines in the multi-channel payment setting.
Using a real world banking dataset of over 13.3 million transactions in the 2010-2019 period,
we perform an extensive analysis, including supervised machine learning, anomaly-based
SSL, and methods of integrating knowledge into machine learning strategies. Gradient-
boosting models are able to build a strong base (F1 = 0.86, ROC-auc = 0.99) that suggests
that the trained model has a near-saturation discriminative ability that is solely based on
tabular transaction characteristics. We show that naive, generic, SSL-based anomaly
detectors lead to reduced precision, and task-adapted representations of supervised models,
stacked with task-adapted representations, can increase fraud recall by up to 4.9 with a small
F1 increase ( +0.6). However, with strict operationally imposed conditions of accuracy
>0.90, the added benefits of the use of SSL are not experienced, highlighting inherent
thresholds of representation based improvement. Such results enhance a knowledge based
perspective of when self-supervised representations add value to the decision making and
when supervised models have already acquired adequate information about fraud meaning
thereby guiding the design of financial fraud knowledge-management models in a robust
way.

Copyright ©2026 by authors and Galileo Institute of Technology and Education of the Amazon ITEGAM). This work is licensed
By under the Creative Commons Attribution International License (CC BY 4.0).

I. INTRODUCTION

The rapid digitization of payment ecosystems has radically transformed how financial institutions should create, handle and
operationalize knowledge towards preventive fraud [1]. Modern banking systems are now handling millions of heterogeneous transactions
over various channels swipe chip and online, in which fraudulent activity is an exceptionally rare but high-impact event. This discrepancy
is further exacerbated by the slow or partial labeling, which can be very problematic to the classical supervised learning methods that
assume stable distributions and rich labeled examples [2] , [3]. Based on this, fraud analytics is thus being redefined as a knowledge
representation and discovery problem in which the ability to model normality at scale is becoming a crucial component as much as the
ability to identify familiar fraud patterns [4]. The recent developments in the sphere of machine learning highlight the shortcomings of a
strictly supervised model in the context of changing user behavior [5], [6], [7] channel migration and operational noise.
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Even very good classifiers can become untrustworthy as fraud schemes change or as innocent operational failures, including
technical failures or authentication errors, mimic atypical behavior [8]. This has spawned an interest in self-supervised learning (SSL),
that learns the latent representations by using unlabeled data, so that systems can learn the consistent structural knowledge by using the
transaction attributes, temporal interactions, and categorical interactions[9], [10]. A systematic literature review on cyber threat was
investigated by [11] on cyber threat Intelligence for organizational cybersecurity resilience .In the literature on knowledge management,
the concept of SSL is taking on a new form as a tool of extracting the reusable organizational knowledge and not just a preprocessing step
. [12] Improves behavioral security analytics by doing user behavior identification, and it also complements the self-supervised framework
that’s being proposed, for spotting rare fraud events and operational breakdowns in multi-channel payment systems. , [13]reviews self-
supervised recommender systems, showing how they reduce data sparsity and label dependence while improving user and item
representations across recommendation tasks. . [14] provides a thorough analysis of intrusion detection systems, discussing the latest
developments in artificial intelligence and machine learning-based IDS and various deployment scenarios, major challenges, and future
research opportunities in advancing network cybersecurity. . However, there is growing evidence that SSL does not consistently perform
well on strong gradient-boosting baselines on tabular financial data especially when the data has operations that already capture most of
the information that influences the decision being made in Generative hybrid models [15] . This leads to an important research question
in information and knowledge management: when does representation learning provide any new knowledge, and when does it saturate
the decision structures already provided? The solution to this question is to conduct strict comparative analysis on the basis of realistic
deployment policies, among which there are threshold governance and precision-constrained decision rules[16] . This paper aims to
explore a self-managed anomaly detection model on an eleven-year, multi-channel payment system containing more than 13 million
transactions. The study assesses the effect of representation learning on fraud knowledge extraction by systematically comparing
supervised baselines, SSL-enhanced models, and hybrid stacking strategies to obtain a better understanding of the impact of representation
learning on fraud knowledge extraction in extreme class imbalance. The contribution does not therefore claim the universal superiority
of SSL but explains the operational value, constraints and knowledge implications of fraud analytics against the increasingly vital issue
of financial information systems in the modern era , the use of machine learning techniques in Financial fraud detection was reviewd by
[17], and the Exploring biometric technology was invistigated by [18].

II. RELATED WORK

In recent years, the focus in fraud analytics has gradually moved from traditional label-intensive supervised learning to
knowledge-rich representation learning methods that are more resilient to extreme class imbalance, delayed label availability and the
ever-changing nature of payment transaction characteristics [19-23]. In this context, self-supervised learning (SSL) has proven to be a
promising learning framework for extracting informative latent features from massive amounts of tabular data with no labels. Modern
SSL models aim much more than preprocessing; they define stable semantic structures from diverse attributes and payment channels, and
models are able to capture these subtle anomalies and characterize the normal behavioral patterns [24], [25], [26]. Further, recent surveys
confirm that SSL performs best when using strong downstream predictive models, especially when pretext tasks are carefully crafted to
be appropriate to the corruption mechanisms in the domain, such as feature masking, temporal perturbation, and swapping of categorical
values, rather than generic data augmentation tasks [26], [27], [28], [29]. Even with these progressions, financial fraud detection pipelines
still heavily require Explainable Artificial Intelligence (XAI) to improve the transparency of the models and to enable trustworthy
financial decision making in high-risk settings. For instance, in mobile financial fraud, explainable Al has proven to be effective [30] and,
in the field of financial forecasting, Al has shown excellent predictive power at the firm level [31].

These methods are increasingly adopting SSL as a side-component of representation learning, but it appears that discriminative
representation learning is superior to generative representation learning for discriminating between fraudulent transactions and operational
failures. Especially, diffusion-based models and autoencoders are no longer judged only by their reconstruction performance, but also by
their discriminative performance [15-32]. Moreover, it was proven that machine learning technologies can be used to successfully support
predictive decision making and intelligent anomaly prediction in complex financial environments, this is an important methodological
basis that has been established for the payment risk assessment in modern payment systems [32]. To address this, anomaly detection
algorithms based on anomaly-discriminating representations, in addition to reconstruction errors, have become more prevalent in recent
years [33]. Conventional generative detectors, which frequently reconstruct fake observations with high accuracy, however, decrease the
sensitivity of the detector to anomalies [34] that has been a major limitation of such models. Self-supervised diffusion models, for instance,
have been specifically designed with discriminative objectives to address this issue. Meanwhile, graph-based fraud detection works by
building a dynamic and relational graph of payment relationships, allowing the discovery of coordinated fraud activities which would be
hard to capture using transaction-level features alone [35].

The need for explainable Al in enhancing the transparency and interpretability of fraud detection systems has also been
emphasized in complementary research, fostering user trust and aiding in informed operational decisions, a systematic review have been
invistigated by [36].However, the feasibility of implementing graph-based solutions is often hindered by computational complexity, the
availability of graphs, and the scalability of the solutions in practice, especially in industrial payment systems. Many practical financial
applications are still using tabular learning frameworks with some relational attributes and not complete graph-based approaches [37]
[38]. Previous empirical research has also shown that machine learning is effective in assessing organizations' risk and predicting
anomalies [39], which also validates the potential application of self-supervised representation learning in the detection of rare fraud
events and operational failures in multi-channel payment setting. [40] offers a contemporary overview of the state-of-the-art of deep
learning by exploring key recent developments in architectures, innovative training methods, various practical applications, and promising
research avenues to further push the boundaries of Al. In other security areas, self-supervised learning for feature learning has been shown
to be beneficial and has been successfully combined with gradient-boosting methods for detecting intrusions in IoT networks [41].
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Moreover, recent evaluation studies have revealed that the widely cited ROC-AUC metric could give an overly favourable
evaluation on highly imbalanced datasets, for which the practical deployment requires to attain acceptable precision-recall trade-offs. For
financial applications, PR-AUC, combined with operational threshold selection strategies (such as maximizing the F1 score or optimizing
for precision) have gained increased significance as a measure of the performance of rare-event detection systems in real-world
applications [42] [43]. Although these are crucial advances, there are also a number of limitations with the current studies. Most methods
use auxiliary SSL modules and do not fully utilize self-supervised knowledge representation for discriminative learning, and few
frameworks explicitly consider the identification of rare fraud events and operational failures of heterogeneous payment channels
simultaneously. Furthermore, there is a lack of works focusing on combining powerful self-supervised representation learning and
providing explainable decision support with operationally relevant evaluation criteria. The main research gaps found in the literature are
summarized in Table I, which also inspires the proposed framework for Rare Fraud and Operational Failure Detection in Multi-Channel
Payment Systems: Self-Supervised Knowledge Representation. Table I summarizes the main research gaps found in the literature and
motivates the proposed framework for Rare Fraud and Operational Failure Detection in Multi-Channel Payment Systems: Self-Supervised
Knowledge Representation.

Table 1: Research Gap Summary Table.

Gap observed in recent work Why it matters for multi-channel fraud/ops How this work addresses it
SSL often reported without policy- Banks must commit to precision targets; “better AUC” may not reduce Report best-F1 and precision>0.90 operating
level thresholding false alerts points
Generative/AE anomaly models blur Operational failures create hard negatives; mislabeling harms knowledge Treat failures as structured “near-anomalies”
fraud vs. benign declines actions and tune thresholds using fraud labels
SSL gains saturate against strong Tabular GBDT already encodes many stable rules; SSL must add new Use SSL primarily to improve minority recall
GBDT baselines knowledge not redundancy under constraint, not to “replace” Light GBM
Graph methods are powerful but . . . . Keep deployment lightweight: embeddings +
costly to deploy at scale Real-time graph construction/updates are heavy in practice anomaly scores + calibrated classifier

Source: Authors, (2026).
III. METHODOLOGY

This work presents a knowledge based detection of fraud model where controlled learning is communally coupled with self-
managed representative learning. Thus eliminating the twin tragedies of profoundly unequal class distribution and limited quantity of
marked instances that are widespread in massive payment ecosystems. The main contribution is that the normative patterns of transaction
are identified with the help of the self-supervised embeddings. And further incorporated into the high-performing supervised ensemble
through stacking, instead of replacing the latter. This trick is effective in that the anomaly knowledge can be used to complement the
fraud recall at the expense of the powerful discriminative ability of gradient-boosting classifiers. Besides, the method analyzes decision
strength at a high operational threshold (such as having accuracy of at least 0.90) hence reflecting the requirement of modern fraud-
management procedures.

I11.1 DESCRIPTION AND COMPLEXITY OF DATA SETS

The collected dataset is 13.3M verified banking transactions between 2010 and 2019 [44], with only 13,332 cases (0.1 percent)
of them (so-called confirmed fraud) representing an incredibly biased learning task. All the records itself contain heterogenous features
such as payment amount, time of transaction, payment channel (swipe, chip, online) and merchant category codes (MCC) as well as
geographic indicators (e.g., invalid PIN, technical glitches). The scale, diversity, time span and scarcity of fraud incidents make this
corpus unavoidably complex, which requires advanced representation learning algorithms and rigorous evaluation procedures. Proposed
Methodology and Experimental Setting

Phases Experimental Seiting
Data Preparation <::> Temporal windowing & stratified sampling
Feature Engineering <:> Transactional, temporal, and operational
features

Supervised Baseline <:> Gradient boosting (LightGBM)
self-Supervised : : SimCLR-style contrastive pretraining

Learning

R R Focal-loss supervised adaptation
SSL Fine-Tuning <> Focaiess
Knowledge <> stacking ensemble
knowledge

Integration

Evaluation Protocel  fa————— > ROC, PR-AUC, F1, Precision=0.90

Figure 1: Proposed Methodology and Experimental Setting.
Source: Authors, (2026).
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The experimental process starts with data preparation whereby the temporal windows that are rich in fraud are automatically
identified and then balanced, with the use of stratified sampling and controlled negative sampling to maintain the authentic patterns of
fraud. The following step is feature engineering, which includes transactional, temporal and operational variables, numerical features
(amount and time of transaction encoded) and categorical features (channel, merchant category code (MCC), state) transformed, and
operational failure-type signals are included to learn rich multichannel behaviour. A monitored base model is then trained on the gradient-
boosting (LightGBM), defining a performance floor on detection of frauds in a class learning environment. In addition to this, self-
supervised learning is proposed with the help of a contrastive pretraining style based on SimCLR, in which only normal transactions are
used to learn latent representations of typical payment behaviour, without any reference to labels of fraud. The resulting embeddings are
then optimized during the fine-tuning phase by using supervised learning with focal loss, and, therefore, aligning the representations with
fraud-detection goals in highly imbalanced conditions. The system also incorporates the knowledge of both supervised and self-supervised
models in stacking ensemble and thus, combines complementary decision cues. Lastly, ROC, PRb-AUC, F1-score, and operation gauges
(e.g. keeping precision 0.90 and above) are strictly evaluated as model performance metrics in both statistical strength and practical
application effectiveness.

II1.2 METHODOLOGICAL NOVELTY

In this attempt, we introduce a knowledge-intensive approach to detecting frauds synthesising the self-supervised models of the
normative transactional behaviour with the state-of-the-art supervised classifiers through decision-level stacking. Contrary to the
antecedent methodologies that replace supervised learning directly, our method enhances the fraud acumen in the context of the lack of
labelled data, thus improving the recall without compromising the reliability of the operations. In addition, the structure examines the
strength of the decisions with very high levels of precision requirements, where there is agreement between the behaviour of the model
and the practical policies of managing fraud.

IV. RESULTS AND ANALYSIS OF THE EXPERIMENT

The experimental validation of the proposed framework over a series of five experiments outlining a route over the traditional
supervised baselines to the integration of the self-supervised representations and finally the modulation of operational cut-off points.
Representation of results is in terms of the quality a capital of mental essence it adds, accuracy of soundness measurement and delicacy
of the text of choice, as opposed to solitary performance measurements.

IV.1 BASELINE PERFORMANCE (EXP1) UNDER SUPERVISION

Table 2: Supervised Model Comparison (Exp1).

model precision recall fl roc_auc pr_auc
LightGBM 0.896619 | 0.931745 | 0.913844 | 0.990289 | 0.97043
XGBoost 0.883245 | 0.941034 | 0.911224 | 0.989689 | 0.970068

RandomForest 0.934838 | 0.886511 | 0.910033 | 0.987088 | 0.962538
LogisticRegression | 0.841756 | 0.921648 | 0.879892 | 0.979046 | 0.942459

Source: Authors, (2026).

Table 2 delivers a comparative analysis of the canonical supervised algorithms, namely, Logistic Regression, Random Forest,
XGBoost, and LightGBM, applied on the measures of Fl-score, ROC-AUC and PR-AUC. LightGBM achieves the best overall
performance (F1 ~0.91, ROC-AUC =~ 0.99) which forms a high-performance standard in detecting fraud in a situation where only tabular
transaction features are accessible. These results endorse the notion that modern gradient-boosting algorithms are able to infer much
information about frauds on a transactional level, creating a solid foundation on which future developments can be built.

IV.2 SELF-SUPERVISED (EXP2) ANOMALY DETECTION

Table 3: SSL Anomaly Detection Results (Exp2).

model precision recall fl roc_auc | pr_auc best_thresh | thr_at P>=0 | recall_at P>=0
old .90 .90
ng::git/[- 0.87317745 0.86;68933 0.86598058 0.98;86196 0.91325 0.79 0.87 0.838449111
Hybrid-AE+TF 0.874125334 0.8623;)856 0.86212889 0.97259623 0.85§66 06 065 0838449111
Coni};l;;lse-+IF 0.865?387 0.86(?;399 0.86%3891 0.97;3775895 0.879553 0.6 0.67 0.83723748

Source: Authors, (2026).

The results of Table 3 indicate the performance of anomaly-driven approaches to SSL that include an Autoencoder (AE)with an
Isolation Forest (IF), and are not supervised integrated. Even though these techniques are effective in providing the detection of abnormal
transaction patterns, they are less precise, and PR-AUC in comparison to the supervised baselines. It is shown that anomaly ,and only
knowledge fails to help differentiate between the fraud and the ordinary operation anomalies and hence the motivation towards hybrid
knowledge integration and not solely depending on the use of the SSL.
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IV.3 SSL FINE-TUNING AND STACKED KNOWLEDGE INTEGRATION (EXP3)

Table 4: Comparison between Baseline, SSL and Stacked Models (Best-F1 policy)
model precision recall fl roc_auc pr auc | best threshold
LightGBM-Baseline 0.898103 | 0.822294 | 0.858528 | 0.988935 | 0.925073 0.89
Slmcﬁg;ﬁgggi (SSL 0.86358 | 0.851373 | 0.857433 | 0.986442 | 0.916541 0.46
Stacked (Baseline + SSL) 0.865478 | 0.862682 | 0.864078 | 0.987803 | 0.923521 0.95

Source: Authors, (2026).

Paper 3 Exp3 - ROC (Baseline vs SSL finetune vs Stacking)

1.0 1

0.8 1 -

0.6 | -7

True Positive Rate
\

0.4 -

0.2 4 n

LightGBM-Baseline (AUC=0.989)
~ SimCLR+Focal (SSL finetuned) (AUC=0.986)
Stacked (Baseline + S5L) (AUC=0.988)

0.0

0.4 0.6
False Positive Rate

Figure 2: ROC Curves (Exp3).
Source: Authors, (2026).

0.8 1.0

Paper 3 Exp3 - PR (Baseline vs SSL finetune vs Stacking)
1.0 —
0.8
_ 0.6
=
2
0.4
0.2
LightGBM Baseline (AP=0.925)
SimCLR+Focal (SSL finetuned) (AP=0.917)
—— Stacked (Baseline + SSL) (AP=0.924)
0.0 0.2 0.4 0.6 o.8 1.0
Recall

Figure 3. Precision-Recall Curves (Exp3).
Source: Authors, (2026).

As shown in Table 4 this experiment compares task aligned SSL, namely SimCLR with focal loss and a stacking approach,
which combines supervised predictions with outputs of SSL.Figure 2 and 3 show that he stacked model generates a slight (around 45%
to 55%) improvement in fraud recall compared with the baseline with a small F1 improvement (around 0.6). The ROC and PR curves
demonstrate that stacking does not eliminate the discriminative sharpness of supervised learning and can extrapolate to a greater range of
rare cases of frauds. These observations confirm that when used as representational support, one can add value to the use of SSL, but it
does not replace the supervised core.

IV.4 SUPCON SSL ABLATION RESULTS (EXP4)

Table 5 SupCon SSL Ablution Results (Exp4).

model precision recall fl roc_auc pr_auc best threshold
LightGBM-Baseline 0.896 0.814216 | 0.853153 | 0.989504 | 0.918041 0.91
SupCon-+Focal (SSL finetuned) 0.90592 | 0.797254 | 0.84812 0.985089 | 0.910757 0.48
Stacked (Baseline + SupCon-SSL) 0.888792 | 0.823102 | 0.854687 | 0.986496 | 0.916789 0.97

Source: Authors, (2026).

As evidenced by Table 5, a stricter learning regimen of contrastive learning does not provide any extra benefits, and in fact,
slightly decreases F1 and PR-AUC in some measurements. The adverse finding is important, which highlights that increased
representational complexity does not always lead to enhanced knowledge of fraud, especially in the sparsely relational situations.
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IV.5 OPERATION POLICY EVALUATION: PRECISION 6= 0.90 (EXPS)

Table 6 Precision- Constrained Evaluation (Exp5).

model policy threshold | precision recall fl roc_auc pr_auc
LightGBM-Baseline best fl 0.91 0.896 0.814216 | 0.853153 | 0.989504 | 0.918041
LightGBM-Baseline | precision>=0.90 0.92 0.90144 0.808966 | 0.852703 | 0.989504 | 0.918041
SSL-Finetuned best fl 0.53 0.907254 | 0.798061 | 0.849162 | 0.986619 | 0.910215
SSL-Finetuned precision>=0.90 0.54 0.912617 | 0.788772 | 0.846187 | 0.986619 | 0.910215
Stacked best fl1 0.97 0.898706 | 0.813409 | 0.853933 | 0.987591 | 0.916682
Stacked precision>=0.90 0.97 0.898706 | 0.813409 | 0.853933 | 0.987591 | 0.916682
Source: Authors, (2026).
Paper 3 Exp5 - Recall under Precision = 0.90 policy

0.8 A1

0.7 1

0.6

g 0.5 1

= 0.3

0.2 1

0.1

0.0 -

\_'\q\\tGBM-Base‘me =_‘Es\..-F‘"‘E“'mEd sta‘:\@tl

Figure 4. Recall with Precision 0.90 and above.
Source: Authors, (2026).

As shown in Table 6, in the setup of high precision penalties, all the SSL-based techniques outperform the supervised baseline.
Both recall as well as F1 undergo slight decreases which depicts that the original model is already working near the optimal decision
frontier. This observation brings out a significant operational conclusion such that the constraints on decisions may overshadow marginal
gains in the algorithm, and knowledge saturation places constraints on the improvements that can be made by tuning to the threshold.

IV.6 SUMMARY OF EVIDENCE

The obtained results shown on tables and figures taken together demonstrate that although supervised models are able to achieve
most of the knowledge that is of interest to the fraud problem, self-supervised learning only improves the recall when wisely combined
and does not increase the overall performance in a consistent way. The evidence provides a subtle, empirical based insight into the timing
of representation learning in providing decision value in large scale in fraud knowledge management system.

1V.7 DISCUSSION
1V.7.1 Why Self-Supervised Learning Saturates in Fraud Knowledge Extraction

It has been discovered that self-supervised learning does not invariably enhance fraud detection performance as compared to the
robust supervised baselines, especially where there are serious operational restraint conditions. In terms of knowledge-management, this
saturation is a representation of inherent characteristics of the issue of fraud detection and not the methodological deficiencies. Knowledge
of frauds is frequently transaction-local and attribute-based in large scale payment systems, i.e., most discriminative information has
already been included in structured characteristics like amount, timing, merchant category and payment channel. High signal Gradient-
boosting models are good at leveraging these high signal attributes, and there is little residual information that the representation learning
can rediscover. The main reason that regularities of usual behavior are captured using self-supervised learning is that the resulting
representations are very useful in detecting an anomaly compared to the common trends. Nevertheless, numerous operational errors (e.g.,
technical errors, lack of balance, bad PIN attempts) often seem to be anomalous and at the same time do not constitute fraud.

Subsequently, anomaly-based representations bring ambiguity in their pure form to misalign regular process friction with
criminal intent. This is why precision of standalone solutions based on the use of the SSL method remains reduced and why task alignment
in knowledge representation is vital. The gains are also concentrated on recall and not on global discrimination metrics even when self-
supervised embeddings are fine-tuned using labels of fraud and stacked together. This implies that there is no evidence that the marginal
knowledge contributed to the boundary of rare fraud with by the use of the SSL, which enhances covering of the subtle or emerging cases,
but does not transform the overall decision frontier. With a policy which is constrained to precision, the base model already runs in the
Pareto-optimal region, with little more to be gained by representational refinements Notably, this limitation is not overcome by heavier
contrastive objectives and supervised contrastive learning, which implies that an increase in representational complexity does not ensure
richer knowledge of fraud in the case of weak relations density and coordinated fraud structures.
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Taken together, these results point to a key lesson of information and knowledge management, which is that representation
learning can only be useful in situations where latent, underexploited structure is present in the underlying data. Knowledge saturation
may happen in mature transactional data where the signals are strong at the attribute level, and model sophistication is less important to
decision quality than are operational constraints.

1V.7.2 Managerial and Knowledge Implications

The results of this paper present a number of relevant ideas to managers, risk officers, and financial information and knowledge
management systems designers. To begin with, the outcomes show that already when using powerful supervised learning models, a
significant part of the operational knowledge related to fraud can be encoded as a result of structured transactional data. To managers,
this is to say that there should be no automatic replacement of the existing supervised representations learning with new ones, but they
must be assessed as to the extra knowledge they bring with particular decision goals like recall enhancement or span of early warning.
Second, the small returns that have been realized by isolated self-managed anomaly detection point to a significant difference between
operational anomalies and fraudulent behavior. This implies that the anomaly scores should be rather considered as contextual knowledge
rather than direct fraud indicator when viewed through the prism of management. By adding these signals in decision-support systems, it
is possible to prioritize these investigations, minimize analyst fatigue, and distinctions between system friction and real risk, increasing
the efficiency of operations without increasing false-positive rates. Third, the recall gains obtained via stacked integration of supervised
as well as self-supervised models support the usefulness of knowledge-fusion strategies.

Instead of leveraging models that keep growing in complexity, managers can enjoy the benefits of architectures that unite
supplementary knowledge resources, i.c., rule based knowledge, supervised risk scores and self-governing behavioral representations,
into core curation pipelines. The methodology helps in progressive evolution of the system and maintain transparency and regulatory
adherence. Based on the knowledge-management perspective, the findings highlight the significance of alignment of the representation.
In the cases where its representations are clearly aligned with downstream decision tasks and organizational objectives, self-supervised
learning has the most significant impact. The burdened or more complicated representations do not necessarily provide better knowledge
about decisions and can present interpretability problems. Lastly, the saturation in the situation of stringent accuracy requirements
supports the importance of policy-based decision thresholds as the main artefacts of knowledge. Fraud management is effective, however,
not just a matter of the accuracy of the models, but the operationalization of learned knowledge in governance structures, risk attitudes,
and human-in-the-loop processes.

1V.7.3 Key Insights

» Fraud detection is not only a modelling problem, but also a knowledge problem.

*  Most of the fraud-relevant knowledge in structured transaction systems in large-scale payment systems are already embedded in robust
supervised models.

» Self-managed learning is a value addition that is selective.

» Fraud discrimination cannot be done by stand-alone anomaly detection, however with supervised models task-aligned self-supervised
representations can enhance recall.

* Model replacement is of inferior quality to knowledge integration, and by combining supervised and self-supervised output is more
dependable on gains than using self-supervised models alone.

* The operational constraints restrict the gains of algorithms , with very high accuracy conditions (e.g., in excess of 0.90) no further
improvements are obtained with increased representational complexity, indicating there is a saturation point in the extraction of fraud
knowledge.

* Managerial relevance is a factor of alignment.

* The knowledge management of effective fraud and fraud prevention should be aligned with the decision policies, governance
requirements and human in the loop procedures instead of undertaking complexity itself.

V. CONCLUSION

The present investigation has taken the task of fraud detection not as a local competition between competing algorithms, but as
a complex knowledge-representation and decision-making problem. We used a massive, real-world dataset of payment volumes that is
defined by deep class imbalance and an ecology of operation indicators to perform a methodological appraisal of there being supervised
learning, self-bravo anomaly recognition, and mottled knowledge-combination techniques. We find empirically that the existing
supervised models already enshrine a considerable share of fraud-relevant knowledge based on structured transactional features, and have
nearly optimal discrimination performance. On the other hand, self-managed learning, when applied alone, does not always separate fraud
and legitimate operational anomalies but it can introduce uncertainty into subsequent decision making. The key outcome of the research
is the evidence that self-managed representations only add value when they are sensitive to the ultimate decision goals, and they are used
as supplementary sources of knowledge. Task-aligned self-supervised learning can be used to improve the fraud recall of rare cases with
stacked representations of such representations with supervised models without adversely impacting operational reliability. However,
such benefits are automatically limited by the nature of the data. Even with the high level of precision required in the real world of fraud,
representational complexity does not help any further, which highlights a practice limit to algorithmic returns as soon as the knowledge
boundary is over. In terms of information and knowledge management, these findings send an essential signal to researchers and
practitioners the fact that the complexity of any representation is not an assurance of better quality knowledge of decisions. Strong fraud
systems have to achieve a balance between representational richness, interpretability and policy based restraint of decision outcomes.
This work has its benefit in that it establishes the exact circumstances in which self-supervised learning can be used to supplement fraud
knowledge and vice versa.
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We provide a template balancing theory and practice by giving an evidence-based model that can be used to design resilient,
scalable and governable fraud knowledge-management systems. In laying an accentuation on integration, alignment, as well as decision
relevance, the research advances the academic discussion of how emergent learning paradigms ought to be implemented in modern
financial information infrastructures. It promotes a shift of the parochial algorithmic competitions into knowledge-based holistic
approaches, sensitive to organisational goals, regulatory provisions and the demands of real-time operational decision making.
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