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Abstract: Fraud detection in digital financial transactions is traditionally formulated as a binary classi-
fication problem, although real-world fraud investigation requires analysts to prioritize a limited num-
ber of suspicious transactions according to operational risk and potential financial impact. This study
reformulates fraud detection as an amount-aware operational ranking problem for fraud-risk prioriti-
zation. Transactions are organized into time-window query groups, and fraudulent transactions are
assigned graded relevance based on training-only transaction-amount quartiles, enabling the ranking
objective to distinguish low- and high-severity fraud without relying on proprietary cost matrices. The
proposed formulation is implemented using a representative Learning-to-Rank framework based on
LambdaMART, while an out-of-fold XGBoost risk score is incorporated as an auxiliary feature to
refine the ranking representation rather than serve as the primary contribution. Experiments conducted
on a public credit-card fraud dataset using chronological validation and future-holdout testing demon-
strate that amount-aware relevance consistently improves severity-aware top-rank ordering compared
with conventional binary relevance. The proposed HybridLTR_amount model significantly outper-
forms XGBClassifier and PureLTR_binary in terms of all-query NDCG@10, wheteas its petformance
is not statistically different from PureLTR_amount, indicating that the primary empirical improvement
is attributable to the amount-aware ranking formulation rather than the auxiliary hybrid component.
Additional operational analyses show that high-risk transactions and fraudulent financial losses are
concentrated within a compact top-ranked segment, while budget-oriented evaluation demonstrates
the practical value of the proposed formulation under limited analyst review capacity. These findings
establish amount-aware operational ranking as an effective formulation-centric framework for opera-

tional fraud-risk prioritization rather than as a new classification algorithm.

Keywords: Amount-Aware Operational Ranking; Binary Classification; Financial Fraud Detection;
Fraud-Risk Prioritization; Investigation Budget; Learning-to-Rank; Operational Risk Assessment;
Transaction Fraud Detection.

1. Introduction

Digital financial transactions have become a fundamental component of modern pay-
ment ecosystems. Their rapid growth has substantially increased transaction volume, pro-
cessing speed, and service accessibility while simultaneously expanding opportunities for in-
creasingly sophisticated fraudulent activities that must be detected under strict operational
constraints [1]—[3]. Consequently, financial fraud detection has become a critical research
area, with recent advances focusing on improving predictive performance through machine
learning, deep learning, and hybrid intelligence models. Despite these developments, most
existing studies continue to formulate transaction fraud detection as a binary classification
problem, in which each transaction is independently classified as either fraudulent or legiti-
mate [1], [2], [4]. Although this formulation provides reliable transaction-level risk estimation,
it does not fully reflect the operational requirements of real-world fraud investigation.

The primary limitation of binary fraud classification is that it assumes all fraudulent
transactions are equally important. Under this formulation, a low-value fraudulent transaction
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receives the same positive label as a high-value fraudulent transaction, despite the substantial
difference in their financial consequences. This creates a fundamental mismatch between the
optimization objective of conventional fraud classifiers and the decision-making process fol-
lowed by fraud analysts. In operational environments, investigators typically work under lim-
ited review capacity and must determine not only whether a transaction is fraudulent but also
which suspicious transactions should be investigated first. Consequently, high classification
performance, as measured by metrics such as AUC or AUPRC, does not necessarily imply
that the most financially consequential fraud cases appear at the top of the analyst review list.

Beyond this objective mismatch, operational fraud detection is further complicated by
severe class imbalance and temporal distribution shift. Fraudulent transactions usually con-
stitute only a small proportion of all transactions, making accuracy-oriented evaluation po-
tentially misleading and encouraging models to favor the dominant legitimate class [2], [4],
[5]. Moreover, transaction behavior, customer activity, merchant characteristics, and fraud
strategies evolve continuously over time, causing the statistical properties of future data to
differ from historical observations [2], [6]. These characteristics suggest that fraud detection
should not be viewed solely as a retrospective classification problem but also as a future-
oriented prioritization problem that must remain effective under changing operational con-
ditions.

These limitations motivate a shift from binary prediction toward operational fraud-risk
prioritization. Rather than independently estimating the probability of fraud for each transac-
tion, this study reformulates fraud detection as an amount-aware operational ranking prob-
lem. Transactions are grouped into time-based operational query windows, and fraudulent
transactions are assigned graded relevance according to their financial severity. High-impact
fraud therefore receives greater relevance than low-impact fraud, allowing the learning objec-
tive to prioritize financially consequential cases while remaining consistent with practical an-
alyst review constraints. This formulation explicitly separates fraud identification from inves-
tigation priority, thereby aligning model optimization with the operational objective of mini-
mizing financial loss under limited investigation capacity.

Learning-to-Rank (L'TR) provides an appropriate learning paradigm for this formulation
because it directly optimizes the relative ordering of candidate items within a query rather
than predicting independent labels [7]. In the proposed framework, each operational time
window is treated as a query, transactions within the window are treated as candidate items,
and amount-aware fraud severity serves as graded relevance. LambdaMART is selected as the
ranking model because it has demonstrated strong performance on structured tabular data
and directly optimizes ranking quality through the rank:ndcg objective [7], [8]. It should be
emphasized that this study does not introduce a new Learning-to-Rank algorithm. Instead,
LambdaMART serves as a representative implementation for evaluating whether an amount-
aware operational ranking formulation better supports fraud-risk prioritization than conven-
tional binary classification or binary-relevance ranking.

To further strengthen the ranking representation, the proposed framework incorporates
an out-of-fold XGBoost classifier score as an auxiliary risk signal. XGBoost remains one of
the most effective supervised learning algorithms for structured tabular data because of its
scalability, robustness, and predictive performance [9]. In this study, the classifier-derived
score provides complementary evidence of transaction risk while reducing direct training leak-
age through chronological out-of-fold prediction. Nevertheless, the hybrid component is in-
tentionally positioned as an auxiliary refinement rather than the primary scientific contribu-
tion. The central contribution lies in the reformulation of fraud detection as an amount-aware
operational ranking problem and in demonstrating that the resulting formulation better sup-
ports operational fraud prioritization under temporal and investigation-budget constraints.

Based on this motivation, this study investigates the following research hypothesis: re-
formulating fraud detection as an amount-aware operational ranking problem provides more
effective operational fraud-risk prioritization than conventional binary classification or bi-
nary-relevance ranking while remaining robust under realistic temporal deployment condi-
tions. To evaluate this hypothesis, the proposed framework is assessed using operational rank-
ing metrics, including NDCG@K, Recall@K, FraudAmountRecall@K, captured fraud
amount, risk concentration, and investigation-budget analysis. Conventional classification
metrics, including AUC and AUPRC, are retained only as supporting references for the clas-
sifier baseline. The experimental protocol further incorporates chronological data partition-
ing, future-holdout evaluation, paired block-bootstrap significance testing, query-window
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sensitivity analysis, rolling-origin validation, temporal drift analysis, and ablation studies to
comprehensively validate both the proposed formulation and its individual components.
The main contributions of this study are summarized as follows. First, this study refor-
mulates transaction fraud detection from binary classification into an amount-aware opera-
tional ranking problem that explicitly aligns the learning objective with practical fraud inves-
tigation. Second, it introduces an amount-aware graded-relevance strategy that represents fi-
nancial severity and overcomes the limitation of conventional binary fraud labels. Third, it
implements the proposed formulation using a LambdaMART-based Learning-to-Rank
framework enhanced by an out-of-fold XGBoost risk score as an auxiliary feature. Fourth, it
evaluates the proposed formulation using operationally relevant ranking metrics and investi-
gation-budget-oriented analyses rather than relying primarily on conventional classification
performance. Finally, it demonstrates the robustness of the proposed formulation through
temporal validation, risk-decile analysis, and ablation experiments, thereby distinguishing the
contribution of amount-aware ranking from that of the auxiliary hybrid component.

2. Literature Review
2.1. Conventional Fraud Detection and Its Operational Limitations

Financial fraud detection has been extensively studied as a supervised learning problem
in which each transaction is classified as either fraudulent or legitimate. Early research pri-
marily relied on rule-based systems and statistical models, whereas recent advances have in-
creasingly adopted machine learning, ensemble learning, deep learning, graph-based learning,
self-supervised learning, and federated learning to improve fraud detection performance [1]—
[3], [5], [10]-[12]. Collectively, these developments have significantly enhanced the capability
of fraud detection systems to model complex transaction patterns, mitigate class imbalance,
capture temporal behavior, and exploit relational dependencies among financial entities.

Despite these methodological advances, most existing studies continue to formulate
fraud detection as a binary classification problem. Under this formulation, the model predicts
whether an individual transaction belongs to the fraud class, and its performance is typically
evaluated using classification-oriented metrics such as accuracy, precision, recall, F1-score,
AUC, and AUPRC [1], [2], [4]. Although this paradigm is effective for transaction-level dis-
crimination, it does not fully represent the operational workflow of fraud investigation. In
practice, fraud analysts must determine not only whether a transaction is suspicious but also
which suspicious transactions should be investigated first when review resources are limited.

This formulation introduces two important operational limitations. First, all fraudulent
transactions receive the same positive label regardless of their financial impact. Consequently,
low-value and high-value fraud cases are treated equally, even though their operational con-
sequences may differ substantially. This creates a severity gap between binary fraud labels and
the actual financial risk faced by investigators. Second, binary classifiers optimize transaction-
level discrimination rather than investigation-oriented prioritization. As a result, a model may
achieve high AUC or AUPRC while still failing to rank the most financially consequential
fraud cases near the top of the analyst review queue. Therefore, strong classification perfor-
mance does not necessarily translate into effective operational fraud-risk prioritization.

Another limitation arises from the dynamic nature of financial fraud. Real-world fraud
detection systems operate under continuously evolving transaction behavior, customer activ-
ity, merchant characteristics, seasonal patterns, and adversarial fraud strategies [4], [6]. Recent
surveys have consequently highlichted that modern fraud detection must address not only
severe class imbalance but also temporal drift, dataset limitations, interpretability, and realistic
evaluation protocols [4], [13]. These observations indicate that conventional random data
splitting and classification-oriented metrics are insufficient for assessing deployment perfor-
mance. Instead, chronological validation, future-holdout testing, temporal drift analysis, and
budget-aware evaluation are required to determine whether a fraud detection model remains
effective under future operational conditions.

Taken together, the current literature suggests that the principal challenge is no longer
the development of another high-performing fraud classifier. Rather, the fundamental issue
lies in the mismatch between the optimization objective of binary classification and the oper-
ational requirement to prioritize suspicious transactions under limited investigation capacity.
This observation motivates the reformulation proposed in this study, in which fraud detection
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is viewed as an amount-aware operational ranking problem rather than solely as a binary clas-
sification task.

2.2. Cost-Sensitive, Severity-Aware, and Operational Fraud Decision-Making

Recognizing the limitations of conventional binary classification, several studies have
sought to make fraud detection more operationally meaningful by incorporating class imbal-
ance, misclassification costs, financial losses, and decision consequences into the learning
process [3], [4], [6], [13]. Among these approaches, cost-sensitive learning has become one of
the most widely adopted strategies because false positives and false negatives impose substan-
tially different operational costs. Missing a high-value fraudulent transaction may result in
considerable financial loss, whereas reviewing excessive false positives increases analyst work-
load and operational expenses. By assigning different penalties to different prediction errors,
cost-sensitive learning extends the conventional classification framework toward more prac-
tical decision-making,.

Nevertheless, cost-sensitive classification remains fundamentally a transaction-level pre-
diction problem. Although it modifies the learning objective or decision threshold, it does
not explicitly optimize the order in which suspicious transactions should be reviewed. In op-
erational fraud investigation, analysts typically work with a constrained review budget, making
prioritization as important as classification accuracy. Under these circumstances, the practical
objective is to maximize the financial value of detected fraud within limited investigative ca-
pacity rather than simply minimize classification errors. Consequently, a statistically accurate
classifier may still be operationally inefficient if high-impact fraud cases are not concentrated
within the top-ranked portion of the review queue.

Severity-aware and amount-aware fraud modeling further extend this perspective by rec-
ognizing that fraudulent transactions differ considerably in their financial consequences. In-
stead of treating every fraud instance as an equally important positive sample, these ap-
proaches incorporate transaction amount or estimated financial loss into either the learning
objective or the evaluation process [4], [6], [14]. Such considerations are closely aligned with
operational fraud investigation, where transactions associated with greater financial risk
should receive higher investigation priority. However, most existing studies continue to eval-
uate performance primarily through classification-oriented metrics, while financial severity
and investigation-budget constraints remain secondaty considerations.

These observations reveal an important research opportunity. Existing studies
acknowledge that fraud severity influences operational decision-making, yet most approaches
continue to formulate the problem as weighted binary classification rather than explicit pri-
oritization. This study builds upon the severity-aware perspective but advances it by reformu-
lating fraud detection as a Learning-to-Rank problem. Rather than adjusting classification
penalties, the proposed framework directly learns the investigation order of suspicious trans-
actions according to their operational importance. This formulation is also consistent with
recent developments in financial risk ranking, where ranking models are increasingly adopted
to allocate limited attention and intervention resources to the highest-risk entities [14]. Based
on this synthesis, we hypothesize that explicitly optimizing transaction ranking according to
fraud severity provides a more operationally appropriate framework for fraud investigation
than conventional cost-sensitive or binary classification approaches.

2.3. Learning to Rank for Financial Risk Prioritization

Learning to Rank (LTR) provides a natural learning paradigm for operational fraud-risk
prioritization because it optimizes the relative ordering of candidate items within a query ra-
ther than predicting each transaction independently [7]. Originally developed for information
retrieval, LTR learns to rank documents according to their relevance to a user query. The
same principle can be extended to fraud investigation by treating each operational time win-
dow as a query and the transactions within that window as candidate items. Under this for-
mulation, the learning objective shifts from transaction-level classification toward prioritizing
transactions according to their investigation priority.

This ranking formulation is inherently more consistent with operational fraud investiga-
tion than conventional pointwise binary classification. Fraud analysts typically operate under
limited review capacity, making the quality of the highest-ranked transactions more important
than overall classification performance. Consequently, ranking-oriented metrics, including
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NDCG@K, Recall@K, FraudAmountRecall@K, captured fraud amount, and risk concen-
tration, provide a more meaningful assessment because they directly measure whether finan-
cially important fraud cases are concentrated within the available investigation budget [7], [8].

Recent studies in financial risk management further support this perspective by demon-
strating that ranking-based models are preferable when limited investigative or intervention
resources must be allocated to the highest-risk entities [14]. Although these studies address
different financial applications, they share the same operational objective of prioritizing lim-
ited resources according to risk. This convergence suggests that fraud investigation can also
benefit from a ranking-oriented formulation rather than relying solely on transaction-level
classification.

Based on this rationale, the present study adopts LambdaMART as a representative
Learning-to-Rank implementation because of its effectiveness on structured tabular data and
its direct optimization of ranking quality through the rank:ndcg objective [7], [8]. Importantly,
the contribution of this study does not lie in proposing a new ranking algorithm. Instead,
LambdaMART serves as an implementation framework for evaluating the hypothesis that an
amount-aware ranking formulation better supports operational fraud-risk prioritization than
binary classification or binary-relevance ranking.

2.4. Temporal Robustness and Ablation-Oriented Evaluation

Operational fraud detection systems must remain effective under continuously evolving
transaction environments rather than only on historical datasets. In practice, customer behav-
ior, merchant activity, fraud prevalence, and adversarial strategies change over time, causing
future transaction distributions to differ from those observed during model development [4],
[6], [13]. Consequently, evaluation protocols based solely on static or randomly partitioned
datasets may overestimate real-world deployment performance and provide an incomplete
assessment of operational utility.

To better reflect practical deployment scenarios, recent studies increasingly advocate
chronological validation, future-holdout testing, rolling-origin validation, and temporal drift
analysis as more realistic evaluation strategies [4], [6], [13]. Unlike conventional random train-
test splitting, these protocols assess whether a model maintains its effectiveness when con-
fronted with future transaction streams and evolving fraud patterns. Such evaluations provide
stronger evidence of model robustness and are therefore more representative of operational
fraud detection systems.

Beyond robustness evaluation, it is equally important to determine which methodologi-
cal component is responsible for any observed performance improvement. This issue is par-
ticularly relevant for hybrid frameworks, where performance gains may originate from multi-
ple factors, including the learning formulation, relevance definition, feature representation, or
auxiliary prediction signals. Recent studies have consequently emphasized the importance of
ablation analysis to isolate the contribution of individual components rather than attributing
improvements solely to the overall framework [15].

Collectively, these studies indicate that a convincing evaluation of operational fraud pri-
oritization should assess not only predictive performance under temporal distribution shifts
but also the contribution of each methodological component. Therefore, a comprehensive
evaluation framework should combine deployment-oriented validation with component-wise
analysis to provide reliable evidence of both model robustness and scientific contribution.

2.5. Research Gap and Positioning of This Study

The preceding review highlights substantial progress in financial fraud detection through
advances in classification algorithms, representation learning, graph-based modeling, privacy-
preserving learning, and robustness-oriented evaluation. As summarized in Table 1, these re-
search directions have significantly improved transaction-level fraud prediction and addressed
important challenges such as class imbalance, temporal distribution shifts, and model reliabil-
ity. Nevertheless, their primary objective remains the accurate identification of fraudulent
transactions rather than the operational prioritization of investigation resources.

Although recent studies have recognized the importance of financial severity and risk-
aware decision-making, comparatively limited attention has been devoted to reformulating
transaction fraud detection as a ranking problem that explicitly reflects investigation capacity
and financial impact. Consequently, a model with excellent classification performance may
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still provide limited operational value if financially significant fraud cases are not concentrated
within the relatively small set of transactions that analysts can realistically review. This obser-
vation reveals a fundamental gap between conventional fraud prediction and practical fraud
investigation.

Table 1. Positioning of the proposed study relative to major fraud-detection research ditections.

Primary Typical Operational Position of this

Research direction s . c.
objective formulation limitation study

Uses data-driven
ranking within
operational time
windows

Rule-based and Limited adaptability

- Detect suspicious  Rule-based or .
statistical methods . . . . and no severity-
transactions  binary classification S
[11-[3] aware prioritization

High classification Reformulates fraud

Conventional ~ Improves transac- performance does .
. . . . . . . . detection as an
machine learning  tion-level predic- Binary classification not ensure effective . .
. . S operational ranking
[2], [9] tion investigation
Lo problem
ptiotitization.
Imbalance-aware Binary classification Introduces amount-

. Improve minority Treats all fraud
learning [2], [4], [5], frl: ud detection cases equally aware graded rele-

[13] learning vance

or representation

Deep and sequential Capture nonlinear
learning [9], [13], and temporal pat-

Does not explicitly ~ Learns ranking

Classification or o . .
optimize within operational

anomaly detection

[16], [17] terns investigation order  query windows
Graph-based and Focuses primarily Prioritizes
explainable Exploit relational Graph-based classi- on fraud detection investigation order
methods [10], [11], information fication rather than instead of relational
[17]-[25] priotitization modeling
Federated and . . o Addresses deploy— -
vacy-awar Privacy-preserving Distributed ment constraints Targets limited ana-
privacy-awate fraud detection classification but not investiga- lyst review capacity

learning [20] . S
tion prioritization

Incorporates chron-

Distribution-shift Classification with  Limited emphasis ; L.
Improve robust- . S ological validation
and trustworthy robustness on investigation
. ness . . and temporal ro-
learning [6] evaluation utility .
bustness analysis
. Extends rankin
Not specifically rincinles &
. L Lo . . ) ciples to
Financial risk ~ Prioritize high-risk designed for p P

Learning to Rank amount-aware
transaction fraud

prioritization

transaction-level
fraud priotitization

ranking [14] entities

Separates the
contribution of
amount-aware rele-
vance from the aux-
iliary hybrid signal

Ablation-oriented  Identify compo- Component-wise  Rarely applied to
evaluation [15]  nent contribution comparison fraud priotitization

L. L Time-window- Provides an opera-
Prioritize high-im- . Focuses on problem p
based Learning to

tional formulation

Proposed act fraud under . reformulation rather . .
p p .. . Rank with . aligned with real
framework limited review than a new ranking J L
ity amount-aware alootithm investigation
capac
pacity graded relevance 8 workflows

Motivated by this gap, this study hypothesizes that reformulating transaction fraud de-
tection as an amount-aware operational ranking problem provides a learning objective that is
more consistent with operational fraud investigation than conventional binary classification
or binary-relevance ranking. Rather than treating all fraudulent transactions as equally im-
portant, the proposed formulation prioritizes suspicious transactions according to their finan-
cial severity while preserving realistic operational constraints.
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Figure 1 presents the overall framework of the proposed amount-aware operational
ranking formulation. The framework integrates leakage-safe feature construction, time-based
query formation, amount-aware graded relevance, an auxiliary out-of-fold XGBoost risk sig-
nal, and a LambdaMART ranking model to generate prioritized transaction lists for opera-
tional fraud investigation. Importantly, the proposed contribution lies in the problem formu-
lation and its operational evaluation rather than in the development of a new Learning-to-
Rank algorithm.

Input Data
FraudTrain.csv & FraudTest.csv
chronological transaction records

v

Temporal Data Partitioning
Chr logical Train-Validation-Test Setting
Sort by transaction time; future holdout evaluation

v

Leakage-Safe Feature Construction

<
<
Amount&log | | T Categori F Age& | Gos distance
amount Teatures hash features feature
Time-Based Query Formation and Relevance Design
<
/ -

| Operational Query Construction | Amount-Aware Graded Relevance |
time-window query groups prioritize higher-impact

(15m, 30m, 1H, 2H, 6H) fraud cases
Auxiliary Risk Signal
Out-of-Fold XGBoost Classifier

generate leakage-reduced transaction risk score

¥

Hybrid Representation

Hybrid Feature Matrix
tranzaction features + classifier risk score

v

Ranking Model

LambdaMART Ranking Model
rank-ndcg objective within each query window

¥

Ranked Output
Ranked Transaction Lists

prionitized suspicious transactions
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Evaluation and Robustness Analysis
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P S
Query-window Ablation
semsitivity study

Figure 1. Amount-aware operational ranking formulation for transaction fraud-risk prioritization.

The proposed framework is subsequently evaluated using ranking-oriented performance
measures, investigation-budget analysis, temporal robustness assessment, and component-
wise ablation experiments to determine whether the proposed formulation provides mean-
ingful operational advantages under realistic fraud investigation scenarios.

3. Proposed Method

This study implements transaction fraud detection as an amount-aware operational rank-
ing framework rather than as a standalone binary classification task. Instead of optimizing
transaction-level fraud prediction, the proposed framework prioritizes suspicious transactions
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within time-based investigation windows according to both fraud risk and financial severity.
This design enables the learning objective to better reflect practical fraud investigation, where
analyst capacity is inherently limited and only a subset of transactions can be reviewed. Figure
1 presents the overall workflow of the proposed framework and illustrates how leakage-safe
feature construction, query formation, relevance design, and ranking are integrated into a uni-
fied operational fraud-prioritization pipeline.

3.1. Implementation Scope and Design Rationale

The proposed framework is designed to evaluate a single research question: Can fraud
detection better support operational investigation when transactions are ranked according to
both fraud risk and financial severity within time-based review windows? This perspective
differs from conventional fraud detection, which predicts each transaction independently and
typically assigns identical importance to all fraudulent cases.

To address this question, the framework is constructed around three complementary
design decisions. First, transactions are organized into time-based query windows, allowing
the ranking model to learn the relative investigation priority of transactions within each op-
erational review period instead of producing independent fraud scores. This query-based for-
mulation reflects the way fraud analysts process transaction queues in practice.

Second, fraudulent transactions are represented using amount-aware graded relevance
rather than binary labels. The graded relevance design distinguishes fraud cases according to
their financial severity, enabling the ranking objective to prioritize transactions with greater
operational impact while preserving the distinction between legitimate and fraudulent trans-
actions.

Third, the experimental design explicitly isolates the contribution of each major compo-
nent. Rather than evaluating only the complete framework, multiple model variants are intro-
duced to determine whether observed improvements originate from the ranking formulation,
the proposed relevance design, or the auxiliary classifier-derived risk signal. This formulation-
oriented evaluation is intended to separate the contribution of the proposed learning objective
from that of supporting implementation components.

Table 2 summarizes the experimental variants and their respective roles in validating the
proposed framework. Together, these comparisons provide a structured evaluation of the
proposed formulation from the perspectives of ranking strategy, relevance design, and auxil-
lary information integration.

Table 2. Experimental model variants and their roles in the evaluation.

Model variant Purpose Role in the evaluation
NGBClassifier Conventional pointwise fraud Ba.sehne. for compating b1na.ry .cl.assl.ﬁca—
classifier tion with ranking-based prioritization
PurcL TR binary LambdaMART using binary EvaluaFes th? effect of tl}e ranking formu-
fraud relevance lation without severity awareness

Evaluates the proposed relevance formula-
tion independently of the auxiliary classi-
fier

LambdaMART using amount-

PureLTR_amount
aware graded relevance

PureLTR_amount enhanced with Assesses whether classifier-detived evi-
HybridLTR _amount an out-of-fold XGBoost risk  dence further improves ranking perfor-
score mance
Verifies that the auxiliary signal contrib-
utes meaningful information rather than
random variation

Hybrid model with randomly

ShuffledHybridControl shuffled auxiliary scores

Ranking based solely on transac- Determines whether performance can be

AmountScore . . .
tion amount. explained by transaction amount alone

Lower-bound reference for ranking per-

Random Random transaction ordering f
ormance

3.2. Data Partitioning and Leakage-Safe Feature Construction

The proposed framework adopts a chronological data-partitioning strategy to approxi-
mate future deployment conditions and minimize information leakage between historical and
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future transactions. The original training data are first sorted according to transaction time
before being divided into training and validation subsets, while the provided test data are
preserved as an independent future holdout set. The training subset is used for model fitting,
whereas the validation subset supports model selection, hyperparameter tuning, and early
stopping. The future holdout set is reserved exclusively for final performance evaluation. This
temporal partitioning reflects realistic deployment scenarios in which future transactions are
unavailable during model development and therefore avoids the optimistic bias that may arise
from random data splitting.

Hach transaction is represented by an engineered feature vector composed of six com-
plementary feature groups. Rather than introducing new feature representations, the frame-
work combines commonly used transactional, behavioral, spatial, and categorical descriptors
to provide a comprehensive representation of transaction characteristics while maintaining
leakage-safe feature construction. Table 3 summarizes the implemented feature groups and
their respective purposes.

Table 3. Implemented feature groups.

Feature group Implemented features Purpose

Raw amount and log-transformed ~ Capture transaction magnitude while

Amount features )
amount reducing skewness

Hour, day of week, month, weekend — Capture time-dependent behavioral
Temporal features

indicator, and night indicator patterns
. Age and available customer Represent customer behavioral
Demographic features . .
attributes characteristics

Customer location, merchant
Geographic features  location, and customer—merchant
distance

Capture spatial inconsistency between
customer and merchant

Categorical hash fea-  Merchant, category, gender, city, ~ Represent high-cardinality categorical
tures state, and job variables without vocabulary refitting.
Capture repeated behavioral patterns
while preventing future information
leakage

Frequency features Training-only freque.ncy enc.odlng
for selected categorical variables

To maintain temporal consistency, all frequency encodings are estimated exclusively
from the training subset before being applied to the validation and future holdout data. Sim-
ilarly, stable hash encoding is adopted for high-cardinality categorical attributes so that previ-
ously unseen categories can be represented without reconstructing the encoding space. Other
feature transformations, including logarithmic transformation of transaction amount and
Haversine-based customer—merchant distance computation, are incorporated as standard im-
plementation procedures and are therefore presented without further theoretical elaboration.
When the auxiliary classifier-derived risk signal is incorporated, the resulting transaction rep-

5
resentation is denoted by (Zi), which extends the engineered feature vector with the classi-

fier-derived score. The construction of this hybrid representation and its integration into the
proposed ranking framework are described in the following subsection.

3.3. Operational Query Construction and Amount-Aware Relevance Labeling

The proposed ranking task is constructed by grouping transactions into fixed time-based
operational query windows, where all transactions within the same window are ranked against
one another. This query-based formulation reflects the practical workflow of fraud investiga-
tion, in which analysts review batches of transactions generated during a specific operational
interval rather than evaluating transactions independently. The primary experiments use a
one-hour query window, as this interval provides a practical balance between transaction vol-
ume and analyst review capacity.

To evaluate whether the proposed formulation is robust to different operational settings,
additional query-window sizes are considered during sensitivity analysis. Specifically, 15-mi-
nute, 30-minute, 1-hour, 2-hour, and 6-hour windows are evaluated to represent increasingly
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restrictive and relaxed investigation intervals. i, the query identifier ¢; is determined from
the transaction timestamp t;, the eatliest timestamp ty,in, and the selected window size A:

t; — tm
ql — [ l Amln] (1)

Fraud severity is then represented through an amount-aware graded relevance scheme.
Legitimate transactions are assigned relevance level 0, whereas fraudulent transactions receive
graded relevance values from 1 to 4 according to transaction-amount quartiles estimated ex-
clusively from fraudulent transactions in the training subset. Using training-only quartiles pre-
vents information leakage while ensuring that the relevance definition remains consistent
across validation and future test data. The relevance label is defined as:

{0, y; =0

1, yi=landq < Qs

= {2' Yi = land Q25 < a; < Qs @)
3, ¥i=1land Q50 < a; < Qs
t‘l’, v = 1 and a; > Q75

whete y; denotes the fraud label, a; represents the transaction amount, and @5, @sg, and
Q75 denote the fraud-amount quartiles computed exclusively from the training subset. This
relevance design separates fraud identification from investigation priority by allowing trans-
action amount to determine the ranking priority only after fraud status has been established.
Consequently, the ranking objective emphasizes financially significant fraud without modify-
ing the underlying fraud labels.

To further enrich the transaction representation, the proposed framework incorporates
an auxiliary classifier-derived risk score generated by an XGBoost classifier. Rather than serv-
ing as the final prediction, this score is used as an additional feature that complements the
engineered transaction representation while preserving the amount-aware ranking objective.
To prevent information leakage, auxiliary scores for the training subset are generated using
chronological out-of-fold prediction based on three time-series folds. In each fold, the clas-
sifier is trained on eatlier observations and predicts the immediately following chronological
segment. For the validation and future holdout sets, a final classifier trained on the complete
training subset is used to generate the corresponding risk scores. This procedure ensures that
every auxiliary prediction is obtained without access to future observations. The hybrid trans-
action representation is therefore defined as:

Z; = [%, 0] €)

where X; denotes the engineered transaction feature vector and P; denotes the auxiliary
XGBoost-derived fraud-risk score. The resulting representation is subsequently optimized
using a LambdaMART ranker, where each query corresponds to a time window, each item
corresponds to a transaction, and the graded relevance label represents fraud severity. The
implementation details of the auxiliary classifier and ranking model are summarized in Table
4.

To distinguish the contribution of each component, several ranking variants are imple-
mented using the same Learning-to-Rank framework. PureL’TR_binary evaluates the ranking
formulation with binary relevance, PureLTR_amount evaluates the proposed amount-aware
relevance independently of the auxiliary classifier, Hybrid LTR _amount assesses the additional
value of classifier-derived risk information, and ShuffledHybridControl replaces the auxiliary
score with a randomly shuffled counterpart to verify that any improvement originates from
meaningful predictive information rather than random variation. The principal implementa-
tion parameters used throughout these experiments are summarized in Table 5.

The scale_pos_weight parameter is computed automatically from the class distribution
of the training subset and is applied only to the auxiliary classifier. In contrast, the Lambda-
MART model is optimized directly using query groups and amount-aware relevance labels
rather than classifier probabilities. After training, each transaction receives a ranking score
within its corresponding query window, and transactions are ordered in descending score to
produce the final investigation priority list. This design ensures that the classifier-derived
score serves only as complementary evidence, while the final prioritization remains governed
by the proposed amount-aware ranking formulation.
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Table 4. Implementation of the auxiliary classifier and LambdaMART ranking framework.

Component

Implementation

Auxiliary classifier
Auxiliary objective
Training score generation
Number of out-of-fold splits

Validation and test score generation

Ranker input

Ranking model
Query definition
Ranking item

Relevance label

Training evaluation metric

Model output

XGBoost binary classifier

binaty: logistic

Chronological out-of-fold prediction

Final classifier trained on the complete training subset

Engineered transaction features + auxiliary classifier-de-
rived score
LambdaMART implemented using the XGBoost
rank:ndcg objective.

Time-based operational query window

Individual transaction

Amount-aware graded relevance (r; € 0,1,2,3,4)
NDCG@10, NDCG@50

Ranked transaction list within each query window

Table 5. Main configuration of the XGBoost classifier and LambdaMART ranker.

Component Parameter Value
Objective binary: logistic
Evaluation metrics AUC, AUPRC
Boosting rounds 450
Early stopping 40
Learning rate 0.035
Auxiliary XGBoost Maximum depth 5
Minimum child weight 5
Subsample/column subsample 0.85/ 0.85
Regulatization A =2.0,a=0.2)
Tree method hist

Class imbalance

scale_pos_weight

Auxiliary score

OQOF strategy

Time-series split (3 folds)

Objective rank:ndcg
Evaluation metrics NDCG@10, NDCG@50
Boosting rounds 450
Early stopping 40
Learning rate 0.045
LambdaMART .
Maximum depth 5
Minimum child weight 10
Subsample/column subsample 0.85/0.85
Regularization A=2.0,a=0.1)
Tree method hist
Random seed Base seed 42

3.4. Evaluation Design

The evaluation framework is designed to determine whether the proposed ranking for-
mulation improves operational fraud prioritization under realistic analyst-capacity constraints.
Because the objective of this study is to prioritize transactions within time-based investigation
windows rather than to classify transactions independently, the evaluation primarily relies on
ranking-oriented and budget-oriented measures. Conventional classification metrics, includ-
ing AUC and AUPRC, are retained only as supporting references for the XGBoost classifica-
tion baseline and are not used to assess the proposed ranking framework.
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All experiments adopt a single all-query evaluation setting in which every operational
query window is included, regardless of whether fraudulent transactions are present. This
evaluation protocol reflects continuous fraud-monitoring environments, where a deployed
system must rank transactions for every review interval without prior knowledge of fraud
occurrence. Consequently, the evaluation measures both ranking effectiveness and opera-
tional consistency across the complete transaction stream.

To represent different levels of analyst capacity, investigation budgets of K =5, 10, 20,
50, and 100 transactions per query are evaluated. Smaller budgets represent highly constrained
investigation resources, whereas larger budgets approximate more relaxed review scenarios.
The operational evaluation metrics used throughout the experiments are summarized in Table
6. Together, these metrics quantify ranking quality, fraud retrieval capability, investigation
efficiency, and the financial value of fraud captured within limited review budgets.

Table 6. Operational evaluation metrics.

Metric Evaluation objective Operational interpretation

Determines whether financially se-
vere fraud cases appear near the top
of the investigation list

Measures ranking quality using
amount-aware graded relevance

NDCG@K

Measures the proportion of fraudu-
Recall@K lent transactions retrieved within the
review budget

Evaluates fraud coverage under lim-
ited analyst capacity

Measures the proportion of fraudu-
FraudAmountRecal@K lent transaction amount recovered
within the review budget

Evaluates the ability to prioritize fi-
nancially significant fraud

Measures the proportion of reviewed

Precision@K . Evaluates investigation efficiency
transactions that are fraudulent
Measures the average fraudulent . .
CapturedFraudA- . & .. Quantifies the financial value recov-
transaction amount captured within . . . .
mount@K ered during operational investigation

the top-K transactions of each query

Among these measures, NDCG@K serves as the primary evaluation metric because it
directly reflects the proposed amount-aware graded relevance formulation. The remaining
metrics provide complementary perspectives by measuring fraud coverage, review efficiency,
and financial impact under different investigation budgets, thereby offering a more compre-
hensive assessment of operational performance than ranking quality alone.

To evaluate statistical significance, paired block-bootstrap resampling is performed over
operational query windows. Each bootstrap block contains 24 consecutive query windows,
corresponding approximately to one day under the primary one-hour query configuration,
and the procedure is repeated 400 times. Performing resampling at the query level preserves
the temporal dependency of operational transaction streams while providing paired compar-
isons between the proposed framework and the principal baseline and control variants.

3.5. Robustness, Drift, and Ablation Analysis

Beyond overall ranking performance, the proposed framework is further evaluated
through a series of robustness and diagnostic analyses designed to examine its reliability under
different deployment conditions and to identify the contribution of individual framework
components. These complementary analyses assess scote concentration, temporal stability,
operational sensitivity, future generalization, and formulation-level contribution, thereby
providing a comprehensive validation of the proposed ranking framework.

Risk-decile analysis evaluates whether fraudulent transactions are concentrated within
the highest-ranked portion of the transaction stream. Test transactions are sorted according
to their HybridLTR_amount ranking scores and divided into ten approximately equal-sized
deciles, where the first decile represents the highest investigation priority. This analysis exam-
ines whether the proposed ranking formulation successfully concentrates fraudulent activity
within the earliest review segments.

Temporal drift analysis investigates ranking stability under evolving transaction distribu-
tions. The future holdout period is partitioned into monthly intervals, and ranking
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performance together with fraud prevalence is evaluated for each period. In addition, the
Population Stability Index (PSI) is computed using ten bins to quantify distributional changes
between the training and future holdout data. This analysis determines whether the proposed
framework maintains consistent performance as transaction characteristics evolve over time.

Query-window sensitivity analysis examines whether the proposed formulation remains
effective under different operational review intervals. Besides the primary one-hour configu-
ration, additional window sizes of 15 minutes, 30 minutes, 2 houts, and 6 hours are evaluated
to represent institutions with different transaction volumes, alert frequencies, and analyst
workloads.

Rolling-origin validation provides an additional assessment of temporal robustness be-
yond a single chronological partition. Three expanding chronological folds are constructed
so that each model is trained on earlier transactions, validated on the subsequent period, and
evaluated on later observations. This future-oriented evaluation examines whether the pro-
posed formulation consistently generalizes across multiple deployment periods.

Finally, ablation analysis is conducted to isolate the contribution of the principal com-
ponents of the proposed framework. Rather than evaluating only the complete model, indi-
vidual components are removed or modified while maintaining the same Learning-to-Rank
framework. This experimental design enables the contribution of the amount-aware relevance
formulation, the auxiliary classifier-derived score, and individual feature groups to be assessed
independently. The evaluated ablation variants are summarized in Table 7.

Table 7. Ablation variants.

Ablation variant Modification Evaluation objective

Complete framework with amount-
ProposedFull aware relevance, auxiliary classifier Reference implementation
score, and all engineered features

Removes the auxiliarty XGBoost-de- Evaluates the contribution of the

NoHybridScore rived risk score auxiliary classifier

Replaces graded relevance with bi- ~ Evaluates the contribution of

BinaryRelevance
nary fraud relevance amount-aware relevance

Removes frequency-encoding fea- Evaluates the importance of be-

NoHighCardinalityFrequency . . .
& yhreq y tures havioral frequency information
Evaluates the contribution of
NoTemporalFeatures Removes temporal features . .
temporal transaction behavior

. Removes geographic and distance-  Ewvaluates the contribution of
NoGeoDistanceFeatures geograp

related features spatial transaction information
Removes transaction-amount fea- Distinguishes the contribution of
NoAmountFeatures tures while retaining graded rele-  feature representation from rele-
vance labels vance formulation

Removes hash-encoded categorical Evaluates the contribution of cat-

NoCategoricalHashFeatures . .
features egorical transaction context

Replaces the auxiliary classifier score Negative control for validating

ShuffledHybridScore with randomly shuffled values the auxiliary risk signal

For all trainable variants, the same Learning-to-Rank framework is retained to ensure
fair comparison across ablation settings. Existing trained models are reused whenever an
equivalent configuration already exists, while new models are trained using identical optimi-
zation settings. Each variant is evaluated using the same query-level metrics employed in the
main experiments, including NDCG@K, Recall@K, FraudAmountRecall @K, and Preci-
sion@K, thereby ensuring that performance differences can be attributed directly to the mod-
ified component rather than to changes in the evaluation protocol.

4. Results and Discussion
4.1. Amount-Aware Operational Ranking as the Main Contribution

The primary contribution of this study is the reformulation of transaction fraud detec-
tion as an amount-aware operational ranking problem rather than the development of a new
hybrid classification algorithm. This distinction reflects the practical nature of fraud
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investigation, where analysts must prioritize suspicious transactions under limited review ca-
pacity instead of merely determining whether individual transactions are fraudulent. Accord-
ingly, the proposed framework organizes transactions into time-based query windows and
ranks them according to both fraud relevance and financial severity, thereby shifting the learn-
ing objective from independent pointwise classification toward investigation-oriented priori-
tization.

To evaluate this formulation under realistic deployment conditions, the expetiments
adopt a strictly chronological protocol. The original training file is divided into training and
validation subsets, whereas the provided test file is retained as an independent future holdout
period. In addition, the amount thresholds used to construct the graded relevance labels are
estimated exclusively from fraudulent transactions in the training subset. This design prevents
future information from influencing either feature construction or relevance definition, en-
suring that the evaluation remains consistent with future-facing fraud detection. The resulting
data partitions and query statistics are summarized in Table 8.

Table 8. Chronological data partition and operational query statistics.

Split Transactions Fraud cases Fral(,loi)rate Period w(iillili)rzvs
Training 1,037,340 5,968 0.5753 22(1)3602)}503) (:O 10,304
Validation 259,335 1,538 0.5931 Zg%)gigé_gg 1t © 2,574
Future holdout test 555,719 2,145 0.3860 22326(3?_22_2 1t © 4,044

The proposed formulation represents fraud severity using amount-aware graded rele-
vance, where transaction amount serves as an operationally interpretable proxy for financial
impact. Unlike conventional binary relevance, which assigns identical importance to all fraud-
ulent transactions, the proposed design differentiates fraud cases according to transaction-
amount quartiles computed from the training subset. Because the public dataset does not
provide institution-specific loss estimates or investigation cost matrices, quartile-based grad-
ing offers a transparent, reproducible, and leakage-safe mechanism for representing investi-
gation priority. The resulting relevance definitions are summarized in Table 9.

Table 9. Amount-aware graded relevance definitions.

Relevance Condition Operational interpretation
0 Non-fraud transaction Not relevant for fraud investigation
1 Fraud amount < 243.03 Low-severity fraud
2 243.03 < Fraud amount =< 397.84 Moderate-severity fraud
3 397.84 < Fraud amount < 902.91 High-severity fraud
4 Fraud amount > 902.91 Very high-severity fraud

The effectiveness of this relevance formulation is evaluated by comparing Learning-to-
Rank models trained with conventional binary relevance and the proposed amount-aware
relevance. The comparison, summarized in Table 10, shows that incorporating graded rele-
vance consistently improves ranking quality. At K = 10, PureLTR _amount increases NDCG
from 0.201074 to 0.205367, corresponding to an absolute improvement of 0.004293 (2.14%).
A similar improvement is observed at K = 50, where NDCG increases from 0.202072 to
0.206278, an absolute gain of 0.004206 (2.08%). These improvements indicate that incorpo-
rating financial severity into the relevance definition enables the ranking model to produce
better top-rank ordering than conventional binary relevance.

The improvement is most apparent in NDCG@K, which directly reflects the quality of
severity-awate ranking. By contrast, FraudAmountRecall@K and MeanCapturedFraudA-
mount@K remain relatively similar among the strongest models, particulatly under larger
investigation budgets. This observation suggests that the principal benefit of the proposed
relevance formulation lies in improving the ordering of financially important fraud cases
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rather than substantially increasing the total amount of fraud captured. Consequently, the
proposed formulation primarily enhances which transactions appear first in the investigation
queue rather than how many fraudulent transactions are ultimately retrieved.

Table 10. All-query ranking performance under binary and amount-aware relevance.

MeanCap-

Model K NDCG@K Recall@K FraudAmountRe- turedFtaugA-
call@kK mount@K
PureLTR_binary 10 0.201074 0.213677 0.216576 242.924457
PureLTR_amount 10  0.205367 0.213252 0.216796 242.717326
HybridLTR_amount 10  0.205217 0.214349 0.217380 242.955080
XGBClassifier 10 0.199055 0.213555 0.216629 242.435327
PureLTR_binary ~ 50  0.202072 0.220295 0.220301 243.868374
PureLTR_amount 50  0.206278 0.220162 0.220234 243.846363
HybridLTR _amount 50  0.206211 0.221102 0.221163 243.997857
XGBClassifier 50  0.200352 0.221469 0.221383 244.004440

An additional observation is that the difference between HybridLTR_amount and
PureLTR_amount is very small. This finding indicates that the auxiliary XGBoost-derived
risk score provides only limited refinement to the final ranking, whereas the principal perfor-
mance gain originates from the proposed amount-aware relevance formulation itself. This
interpretation establishes the foundation for the subsequent analyses, which further examine
the operational implications, the contribution of the auxiliary risk signal, and the robustness
of the proposed ranking framework.

4.2. Operational Prioritization Performance under Limited Review Budget

Building upon the formulation introduced in the previous subsection, the following ex-
periments evaluate whether the proposed ranking framework improves transaction prioriti-
zation under realistic investigation constraints. Since fraud analysts typically review only a
limited number of transactions within each operational time window, the effectiveness of the
proposed approach should be assessed using ranking-oriented and budget-oriented measures
rather than conventional classification metrics alone. Accordingly, NDCG@K is adopted as
the primary evaluation metric, while Recall@K, FraudAmountRecall@K, MeanCap-
turedFraudAmount@K, and Precision@K provide complementary perspectives on fraud
coverage, financial impact, and investigation efficiency under fixed review budgets. All exper-
iments employ the all-query evaluation protocol to reflect continuous fraud-monitoring envi-
ronments in which ranking must be performed for every operational query, regardless of
whether fraudulent transactions are present.

The overall operational performance is summarized in Table 11. Across both investiga-
tion budgets, the Learning-to-Rank models consistently achieve higher ranking quality than
the pointwise classification baseline. At K = 10, HybridLTR_amount obtains an NDCG@10
of 0.205217, compared with 0.199055 for XGBClassifier. A similar pattern is observed at K
= 50, where HybridLTR_amount achieves 0.206211, exceeding the 0.200352 obtained by the
classifier baseline. These results indicate that optimizing the learning objective for ranking
rather than classification produces more effective ordering of investigation-relevant transac-
tions.

A more detailed comparison reveals two consistent patterns. First, PureLTR_amount
and HybridLTR _amount occupy the highest positions in terms of NDCG@K, followed by
ShuffledHybridControl, PureLTR_binary, and XGBClassifier. This ordering suggests that in-
corporating graded relevance contributes more substantially to ranking quality than simply
replacing the classifier with a Learning-to-Rank algorithm. Second, the close performance
between PureL’TR_amount and HybridLTR_amount indicates that the principal improve-
ment originates from the proposed relevance formulation, whereas the auxiliary classifier-
derived score provides only limited additional refinement. These observations are consistent
with the formulation-oriented interpretation established in Section 4.1.

The statistical significance of these improvements is evaluated using paired block-boot-
strap resampling, and the results are presented in Table 12. Compared with XGBClassifier,
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HybridLTR _amount significantly improves NDCG@XK at both investigation budgets. At K
= 10, the average improvement is +0.006162 (95% CI: 0.004552—0.007930, p < 0.001), while
at K = 50, the improvement remains significant at +0.005860 (95% CI: 0.004326—0.007661,
p < 0.001). Likewise, comparisons with PureLTR_binary demonstrate statistically significant
gains at both budgets, indicating that the proposed amount-aware relevance formulation con-
sistently produces better top-rank ordering than conventional binary relevance.

Table 11. All-query operational ranking performance under limited investigation budgets.

MeanCap-
turedFraudA Precision@K
mount@K
PureLTR_amount 10 0.205367  0.213252 0.216796 242717326  0.043712
HybridLTR_amount 10 0.205217  0.214349 0.217380  242.955080  0.043885
ShuffledHybridControl 10 0.204466  0.213094 0.216801 242756242 0.043626

FraudAmoun

Model K NDCG@K Recall@K tRecall @K

PureLTR_binary 10 0.201074  0.213677 0.216576 242.924457 0.043885
XGBC(lassifier 10 0.199055  0.213555 0.216629 242.435327 0.043755
AmountScore 10 0.143180  0.164100 0.181988 239.298988 0.034281

Random 10 0.011540  0.022762 0.023072 20.314272 0.004414

PureLTR_amount 50  0.206278  0.220162 0.220234  243.846363 0.009211
Hybrid LTR_amount 50  0.206211  0.221102 0.221163 243.997857 0.009241
ShuffledHybridControl ~ 50  0.205264  0.219714 0.219852 243.782905 0.009189

PureLTR_binary 50  0.202072  0.220295 0.220301 243.868374 0.009211
XGBClassifier 50  0.200352  0.221469 0.221383  244.004440  0.009254
AmountScore 50  0.145633  0.179576 0.193241 242.687168 0.007548

Random 50  0.032900  0.116276 0.115242 109.326583 0.004525

Table 12. Paired block-bootstrap comparison of the principal operational ranking metrics.

95% Confidence

Comparison K Metric A Mean Interval p-value Interpretation
. Significant im-
HybtidLTR_amount — [0.004552, .
+0. .
XGBClassifier 10 NDCG@K +0.006162 0.007930] <0.001 provement in
ranking quality
. Significant im-
HybridLTR_amount — [0.002785,
+0. .
PurcL TR_binary 10 NDCG@K +0.004144 0.005755] <0.001 provement over
binary relevance
HybridLTR _amount — _ [—0.001234, .
PurelTR_amount 10 NDCG@K -0.000150 0.000946] 0.715 Not significant
HybridLTR _amount — FraudAmoun [—0.000459, .
XGBClassifier 10 Recati@i. 0T g 01845 180 Notsignificant
HybridLTR _amount — FraudAmoun [—0.000161, .
+
Purel.TR_binary 10 Recai@i TO00080% g 001913 0105 Notsignificant
. Significant im-
HybridLTR _amount — [0.004320, ‘
XGBClassifier 50 NDCG@K +0.005860 0.007661] <0.001 provement in
ranking quality
. Significant im-
HybridLTR _amount — [0.002869,
Purel TR_binary 50 NDCG@K +0.004140 0.005714] <0.001 provement over
binary relevance
HybridLTR _amount — _ [-0.001091, _
PureL TR amount 50 NDCG@K —0.000066 0.000959] 0.815 Not significant
HybridLTR_amount — FraudAmoun _ [—0.000654, _
XGBClassifier 0 Recai@k 00220 g gogoop V080 Notsignificant

An important observation is that the greatest improvement consistently appears in
NDCG@K, whereas the differences in FraudAmountRecall@K are comparatively small
among the strongest models. This behavior is expected because the proposed framework is
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optimized to improve the ordering of transactions according to graded relevance rather than
to maximize the total amount of fraud captured within a fixed review budget. Consequently,
two models may retrieve similar amounts of fraudulent transactions while differing substan-
tially in how effectively high-severity cases are positioned near the top of the investigation
queue. The statistically significant gains in NDCG@XK, together with the consistently small
differences between HybridLTR_amount and PureL.TR_amount, therefore reinforce the
conclusion that the primary empirical advantage arises from the proposed amount-aware
ranking formulation rather than from the auxiliary classifier-derived signal. This interpretation
naturally motivates the following subsection, which examines the specific contribution of the
hybrid XGBoost risk score to the overall framework.

4.3. Role of the Hybrid XGBoost Signal

The previous subsection demonstrated that the proposed amount-aware ranking formu-
lation consistently improves operational ranking quality. This subsection further examines
whether the observed improvement is primarily attributable to the proposed formulation it-
self or to the auxiliary XGBoost-derived risk signal incorporated into the hybrid framework.
Rather than serving as the final prediction, the classifier-derived score is used as an additional
feature to complement the engineered transaction representation, while the final transaction
ordering remains determined by the LambdaMART ranker using amount-aware graded rele-
vance. This design enables the auxiliary classifier to provide complementary risk information
without altering the underlying ranking objective.

To ensure that the auxiliary score remains free from future information, it is generated
using a chronological out-of-fold strategy. The training period is divided into three expanding
folds, where each model is trained only on eatlier observations and evaluated on the immedi-
ately following temporal segment. As summarized in Table 14, the optimal boosting iteration
remains highly consistent across all folds, ranging from 219 to 224, indicating stable learning
behaviour throughout the chronological training process. Together with the strong discrimi-
nation performance reported previously for the future holdout set, these results support the
use of the XGBoost output as an informative auxiliary feature rather than as the final opera-
tional decision.

Table 14. Chronological out-of-fold performance of the auxiliary XGBoost classifier.

Fold Training size Validation size Best iteration Best score
1 259,335 259,335 224 0.992924
2 518,670 259,335 223 0.995707
3 778,005 259,335 219 0.997000

The practical contribution of the auxiliary score is evaluated by comparing Hy-
bridLTR_amount, PureLTR_amount, and ShuffledHybridControl. As reported in Table 11,
the difference between PureLTR_amount and HybridLTR_amount is negligible in terms of
NDCG@K. At K = 10, the corresponding NDCG values are 0.205367 and 0.205217, while
at K =50 they are 0.206278 and 0.206211, respectively. These results indicate that introducing
the auxiliary classifier-derived score does not materially alter the ordering quality achieved by
the amount-aware ranking formulation.

Although the improvement in NDCG@K is marginal, the auxiliary score consistently
produces slightly higher Recall@K, FraudAmountRecall @K, and MeanCapturedFraudA-
mount@XK than the pure ranker. This pattern suggests that the classifier-derived score pro-
vides complementary information that helps retrieve additional fraud cases within the limited
review budget without substantially changing the graded ordering learned by the ranking
model. Consequently, the hybrid component functions primarily as a refinement mechanism
for fraud capture rather than as the principal contributor to ranking quality.

The role of the auxiliary signal is further examined using ShuffledHybridControl, in
which the classifier-derived score is randomly permuted before being supplied to the ranker.
If the auxiliary score contained no meaningful predictive information, the shuffled and origi-
nal hybrid models would be expected to produce similar performance. Instead, Hy-
bridLTR _amount consistently achieves higher Recall @K, FraudAmountRecall@K, and
MeanCapturedFraud Amount@K, particularly under the larger investigation budget (K = 50).
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This comparison confirms that the original classifier-detived score contains useful fraud-risk
information, even though its influence on ranking quality remains relatively small.

The statistical comparisons presented in Table 15 further clarify this interpretation. The
differences in NDCG@XK between HybridLTR _amount and PureL’TR_amount are not sta-
tistically significant at either investigation budget (p = 0.715at K =10 and p = 0.815 at K =
50). In contrast, under K = 50, the hybrid model produces statistically significant improve-
ments in Recall @K and FraudAmountRecall@K telative to the pure ranker, while also out-
performing the shuffled-score control on both metrics. These findings indicate that the aux-
iliary score contributes primatily to fraud retrieval rather than to the graded ordering itself.

Table 15. Paired block-bootstrap comparison of the hybrid ranking vatiants.

95% Confi-

Comparison K Metric A Mean dence Interval p-value Interpretation
_ [-0.001234, .
T 10  NDCG@K —0.000150 0.000946] 0.715 Not significant
ybrdL AR [~0.000297, .
amount — 10 Recall@K  +0.001097 0.145 Not significant
0.002641]
PureL’TR_amount FraudA (0.000687
raud Amoun- —0. -
+ b
10 Recal @K 0.000584 0.001739] 0.365 Not significant
[—0.000431, -
+
S 10  NDCG@K +0.000751 0.001864] 0.195 Not significant
ybri _ B . —
amount — Shuf- 10 Recall@K  +0.001255 | 0%832;%2’ 0.060 Margmalc’;‘f signift
fledHybridControl FraudA [ 0 000519
raud Amoun- —0. -
+0. > .
10 Recal @K 0.000579 0.001613] 0.295 Not significant
_ [-0.001091, .
50 NDCG@K -—0.000066 0.000959] 0.815 Not significant
0.000187 Significant improve-
HybridLTR_ 50 Recall@K  +0.000940 [0- > <0.001 mentin fraud re-
0.001760] .
amount — trieval
PureL.TR_amount Significant improve-
FraudAmoun- [0.000186 ment in amount-
+ >
>0 tRecall@K 0.000929 0.001722] <0.001 weighted fraud re-
trieval
[~0.000098, Marginal, not signifi-
50 NDCG@K +0.000947 0.001964] 0.080 ant
. Significant improve-
HybridLTR _ [0.000545,
amount — Shaf. 50 Recall@K  +0.001389 0.002411] <0.001 ment (i)lzzeryshuiﬂed
fledHybridControl S aflfx ary score
ignificant improve-
FraudAmoun- [0.000421
+ 5
50 Recal @K 0.001311 0.002312] <0.001 ment over shuffled

auxiliary score

4.4. Investigation-Budget and Risk-Concentration Implications

Having established that the proposed amount-aware ranking formulation improves or-
dering quality and that the auxiliary XGBoost signal provides only incremental refinement,
the following analyses examine the practical implications of the proposed framework under
realistic investigation constraints. In operational fraud detection, analysts are typically able to
inspect only a limited number of transactions within each monitoring period. Consequently,
the effectiveness of a ranking model depends not only on its overall predictive performance
but also on how efficiently it concentrates high-risk transactions within a restricted review
budget. The investigation-budget analysis therefore evaluates the proposed framework across
K = 5,10, 20, 50, and 100, where each value represents the maximum number of transactions
reviewed in each operational query window.
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Figure 2. Investigation-budget analysis based on total captured fraud amount across K =5, 10, 20,
50, and 100.

As illustrated in Figure 2, the amount of recovered fraud increases rapidly when the
investigation budget expands from K = 5 to K = 10, whereas the incremental benefit gradu-
ally diminishes as larger review budgets become available. This pattern indicates that the pro-
posed ranking framework delivers its greatest practical value under strict investigation con-
straints, where correctly prioritizing a small number of transactions has the largest operational
impact. The amount-aware ranking variants consistently outperform the simple AmountScore
baseline and remain competitive with the pointwise XGBClassifier. Furthermore, both Hy-
bridLTR_amount and PureLTR_amount approach a performance plateau near K = 20, sug-
gesting that most recoverable fraud has already been concentrated within a relatively small

review list. The operational interpretation of these investigation-budget regimes is summa-
rized in Table 16.

Table 16. Operational interpretation of different investigation-budget regimes.

Investigation

budget Empirical observation Operational implication
K=5 Largest separ'ation between com-  Ranking quality is critical becaus; only a few
peting models transactions can be investigated.
K =10 Sharp increase in captured fraud Small increases in anaI'ySt capacity yield substantial
amount operational benefit.

K=20  Performance begins to subiize, " rors o) MPOIAOC T cases have ab

K = 50 Differences among stronger  Additional review capacity provides diminishing
models become smaller operational returns.

K =100 Performance approaches satura- Relaxed investigation budget with limited addi-

tion tional practical benefit.

The investigation-budget analysis demonstrates that the proposed formulation is partic-
ularly effective when review resources are scarce. However, prioritization performance is
meaningful only if the ranking model is capable of concentrating fraud within a relatively
small portion of the ranked transactions. To examine this property, the future-holdout trans-
actions are sorted according to the HybridLTR_amount ranking score and divided into ten
equal-sized risk-score deciles, where D1 represents the highest-risk transactions and D10 the
lowest.

The resulting fraud distribution, summarized in Table 17, shows an exceptionally strong
concentration of fraud within the highest-score segment. The first decile (D1) contains 2,134
of the 2,145 fraudulent transactions in the future-holdout set, corresponding to 99.49% of all
observed fraud cases. Its fraud rate reaches 3.8401%, whereas the remaining deciles contain
very few fraudulent transactions and several lower-score groups contain none at all. These
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results indicate that the proposed ranking framework successfully compresses the vast major-
ity of operationally relevant cases into a compact investigation region.

Table 17. Fraud concentration across HybridLTR _amount ranking-score deciles on the future-hold-
out test set.

Risk-score decile  Transactions Fraud cases Fraud rate (%) Fraud amount
D1 55,572 2,134 3.8401 1,132,345.04
D2 55,572 6 0.0108 561.07
D3 55,572 2 0.0036 243.26
D4 55,572 1 0.0018 1.99
D5 55,572 1 0.0018 5.26
Do 55,572 0 0.0000 0.00
D7 55,572 0 0.0000 0.00
D8 55,572 0 0.0000 0.00
D9 55,572 0 0.0000 0.00

D10 55,571 1 0.0018 4.11
Total 555,719 2,145 0.3860 1,133,160.73

Cumulative risk concentration
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Figure 3. Cumulative fraud-count and fraud-amount concentration across HybridLTR _amount
ranking-score deciles.

The concentration pattern becomes even more evident when cumulative fraud counts
and fraud amounts are examined. As illustrated in Figure 3, the highest-score decile alone
contains 99.49% of all fraud cases and 99.93% of the total fraudulent transaction amount
observed in the future-holdout period. The cumulative curves therefore confirm that the pro-
posed framework concentrates nearly all operationally significant fraud into a very small pro-
portion of ranked transactions, substantially reducing the effective search space for fraud an-
alysts.

To complement the aggregate analyses, a transaction-level inspection of the highest-
ranked cases is provided in Table 18. Rather than serving as quantitative evidence, this analysis
illustrates the practical characteristics of the generated investigation queue. All 100 highest-
ranked transactions correspond to confirmed fraud cases, with a cumulative fraud amount of
104,293.13, while shopping_net emerges as the dominant transaction context. This qualitative
example demonstrates that the proposed ranking framework produces an operationally inter-
pretable review list composed primarily of financially significant and highly suspicious trans-
actions.
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Table 18. Qualitative characteristics of the highest-ranked investigation queue.

Indicator Observation
Transactions reviewed 100
Fraudulent transactions 100
Total fraud amount 104,293.13
Dominant transaction context shopping net
Overall pattern High-value and operationally suspicious transactions

Taken together, the investigation-budget analysis, risk-concentration evaluation, cumu-
lative-decile visualization, and transaction-level inspection provide complementary evidence
of the proposed framework's operational effectiveness. The budget analysis demonstrates that
most recoverable fraud can be identified using relatively small review capacities, whereas the
decile analyses show that neatly all fraud cases and fraudulent transaction amounts are con-
centrated within the highest-ranked transactions. Rather than merely improving predictive
performance, the proposed amount-aware ranking formulation produces a compact, high-
yield investigation queue that better aligns model outputs with the practical workflow of fraud
analysts operating under limited investigation resources.

4.5. Robustness and Additional Analysis
4.5.1. Temporal Robustness and Generalization

The effectiveness of the proposed amount-aware ranking formulation has been demon-
strated under the primary future-holdout evaluation. To further assess its practical applicabil-
ity, additional experiments are conducted to examine whether the framework remains reliable
under different temporal conditions and operational configurations. Specifically, this subsec-
tion evaluates temporal robustness across monthly test periods, analyzes feature distribution
stability, investigates the influence of different query-window sizes, and validates the formu-
lation using multiple rolling-origin chronological splits. Together, these analyses provide evi-
dence of the proposed framework's ability to generalize beyond a single evaluation setting.

Table 19. Monthly robustness of the proposed HybridLTR_amount model under the all-query eval-
uation protocol (K = 10).

Time block E;z‘e‘g Fra‘(i,i)‘ate af;i‘;it NDCG@10 Recall@10 F‘Ia{‘e‘jﬁlm@"l‘(‘)‘“
202006 133 04425 7327493 0238917 0246223 0.253662
202007 321 03739 15866949 0193284 0.202269 0.204948
202008 415 04676 20878543 0219539  0.234124 0.240224
202000 340 04890 20270099 0230384 0238199 0.239814
202010 384 05537 19557297 0218707 0227281 0.229023
202011 204 04048 15318219 0207967 0213495 0.215203
202012 258 01849 14113868 0151996 0161703 0.164602

The monthly robustness analysis evaluates the proposed framework throughout the fu-
ture-holdout period to determine whether ranking performance remains consistent under
changing fraud characteristics. As summarized in Table 19, the monthly evaluation exhibits
natural performance variation across different operational periods. The highest performance
is observed in June 2020, where HybridLTR_amount achieves an NDCG@10 of 0.238917,
together with Recall@10 and FraudAmountRecall@10 values of 0.246223 and 0.253662, re-
spectively. By comparison, the lowest performance occurs in December 2020, where
NDCG@10 decreases to 0.151996 while the fraud rate simultaneously declines to 0.1849%.
These observations suggest that the difficulty of fraud prioritization varies naturally with
changing fraud prevalence and transaction characteristics rather than remaining constant
throughout the evaluation period.

Although the monthly metrics fluctuate, this variation should not be interpreted as in-
stability of the proposed formulation. Instead, it reflects the evolving nature of fraud detec-
tion, where fraud prevalence and transaction distributions change over time. To further
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distinguish temporal variation from feature instability, the Population Stability Index (PSI) is
examined for the principal input vatiables.

As presented in Table 20, the largest distribution shifts occur in the temporal variables,
particularly unix_time and month, with PSI values of 12.433856 and 4.390929, respectively.
These shifts are expected because the evaluation deliberately employs a chronological future-
holdout protocol. In contrast, behavioral and demographic variables exhibit very small PSI
values, indicating that most non-temporal characteristics remain highly stable between the
training and testing periods. Consequently, the observed monthly performance variation is
primarily associated with intended temporal separation rather than widespread feature drift.

Table 20. Highest Population Stability Index (PSI) values between the training and future-holdout

periods.
Feature PSI (Train vs Test) Interpretation
unix_time 12.433856 Strong temporal separation by design
month 4.390929 Strong calendar-period shift
dayofweek 0.080150 Mild temporal-pattern shift
dow_sin 0.053901 Mild weekly-cycle shift
dow_cos 0.025474 Small weekly-cycle shift
day 0.012606 Small day-level shift
age 0.009342 Negligible demographic shift
cc_num_freq 0.000289 Negligible behavioral-frequency shift
city_freq 0.000220 Negligible behavioral-frequency shift
merchant_freq 0.000100 Negligible behavioral-frequency shift

Beyond temporal robustness, the proposed formulation is evaluated under different op-
erational query granularities to determine whether its effectiveness depends heavily on a spe-
cific query-window configuration. The results summarized in Table 21 show that larger query
windows consistently produce higher ranking metrics because more transactions become
available within each operational quety. For example, NDCG@10 increases from 0.083964
for a 15-minute window to 0.205292 for the 1-hour configuration, reaching 0.519709 for a 6-
hour window. Similar trends are observed for FraudAmountRecall@K.

This improvement, however, should not be interpreted as evidence that larger windows
are universally preferable. Increasing the query duration naturally enlarges the candidate trans-
action pool, thereby making the ranking task easier while reducing operational responsiveness.
The one-hour configuration adopted throughout this study therefore represents a practical
compromise between investigation latency and sufficient candidate density for effective rank-

ng.

Table 21. Sensitivity analysis of different operational query-window durations.

ue Test FraudAmount FraudAmount
\Y%nd:)yw Queries VPCC@I0 Recall@10 ~p - @19 NDCC@50Recall@30 - o @50
15min 18,576 0.083964  0.087595  0.087639  0.084120 0.088232  0.088232
30min 9,288  0.137062  0.144031  0.144453  0.137439  0.145887  0.145887
Thour 4,644 0205292 0.214601  0.217596  0.206226 0.221102  0.221163
2hours 2322 0285308 0295090 0304974  0.288143 0315157  0.315774
Ghours 774 0519709 0525257 0567776 0.526277 0581003  0.588206

To further evaluate temporal generalization, rolling-origin validation is performed using
three independent chronological train-test partitions. Unlike the single future-holdout evalu-
ation, this experiment examines whether the proposed formulation remains effective across
multiple temporal splits.

The results, presented in Table 22, demonstrate consistent ranking performance
throughout the three rolling folds. NDCG@10 ranges from 0.219384 to 0.254698, while
NDCG@50 varies between 0.221201 and 0.256200. Likewise, FraudAmountRecall@10 re-
mains consistently high, ranging from 0.231640 to 0.274485, despite differences in fraud
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prevalence across evaluation periods. These findings indicate that the proposed amount-
aware ranking formulation generalizes well under different chronological partitions rather
than depending on a single train-test split.

Table 22. Rolling-origin validation of the proposed amount-aware operational ranking framework.

Fold Tfi?criffld Testperiod K NDCG@K Recall@K Ft;‘::ﬁg;m Test fz:/‘:;d rate
2019-10-31

1 0.45 2019‘12-1:0 10 0249831 0260692 0266148 0.4990
2019-10-31

1 0.45 2019‘12-1;0 50 0250516 0.267833  0.268677 0.4990
2020-01-28

2 0.65 2020_04_0;0 10 0219384 0227644 0231640 0.6555
2020-01-28

2 065 4_03“’ 50 0221201 0238185  0.238608 0.6555
2020-05-29

3 085 o 6_21“’ 10 0254698 0270827  0.274485 0.5691
2020-05-29

3 0.85 2020_06_21“’ 50 0256200 0280048 0.280275 0.5691

Taken together, the monthly robustness analysis, feature-stability assessment, query-win-
dow sensitivity study, and rolling-origin validation provide consistent evidence that the pro-
posed framework remains reliable under realistic future-oriented evaluation settings. Alt-
hough absolute performance naturally varies with changing fraud prevalence and temporal
transaction characteristics, the observed variation reflects the evolving operational environ-
ment rather than instability of the proposed formulation. Collectively, these results support
the generalizability of the amount-aware operational ranking framework across different tem-
poral conditions while reinforcing its suitability for practical fraud-investigation scenatios.

4.5.2. Component Contribution Analysis

Although the previous subsection demonstrates that the proposed framework general-
izes well under different temporal conditions, temporal robustness alone does not explain
which components are primarily responsible for the observed performance improvement.
The following analyses therefore investigate the contribution of the principal design elements
through ablation experiments and statistical significance testing. In particular, the experiments
examine whether the performance gain originates from the proposed amount-aware relevance
formulation, the auxiliary XGBoost-derived risk score, or the major feature groups incorpo-
rated into the ranking model.

The ablation results are summarized in Table 23. Across both investigation budgets, re-
placing the proposed amount-aware relevance with conventional binary relevance produces
the largest reduction in ranking quality. At K = 10, the BinaryRelevance variant decreases
NDCG@10 by 0.006682, while at K = 50 the reduction remains substantial at 0.006440.
These degradations are considerably larger than those observed when removing the auxiliary
hybrid score or excluding individual feature groups. This pattern indicates that the empirical
improvement is primarily attributable to the proposed relevance formulation rather than to
the additional classifier-derived signal or any individual feature subset.

A more detailed examination reveals three consistent observations. First, removing the
amount-aware relevance produces the largest degradation in NDCG@K, confirming that the
learning objective itself constitutes the principal contribution of the proposed framework.
Second, excluding temporal or amount-related features also reduces ranking quality, although
the magnitude of these changes is substantially smaller. Third, removing the auxiliary
XGBoost-detived score has only a negligible effect on NDCG@K, indicating that the hybrid
component functions primarily as a complementary enhancement rather than as the dominant
source of ranking improvement. These findings are consistent with the formulation-oriented
interpretation established throughout the preceding sections.

The statistical comparisons presented in Table 24 further reinforce these observations.
Replacing amount-aware relevance with binary relevance results in statistically significant
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reductions in NDCG@XK at both investigation budgets (p < 0.001). Likewise, removing tem-
poral or amount-related features also produces significant performance degradation, indicat-
ing that these feature groups contribute meaningfully to the final ranking model. In contrast,
removing the auxiliary hybrid score does not produce a statistically significant reduction in
NDCG@K at either K =10 (p = 0.715) or K = 50 (p = 0.815). Similarly, randomly shuffling
the hybrid score weakens ranking performance only marginally and does not significantly af-
fect the primary ranking metric.

Table 23. Ablation analysis for identifying the principal source of performance improvement.

FraudAmount A FraudAmount

Ablation Variant K NDCG@K ANDCG Recall@K A Recall Recall@K Recall
ProposedFull 10 0.205217 0.000000 0.214349 0.000000 0.217380 0.000000
NoHybridScore 10 0.205367 +0.000150 0.213252 —0.001097 0.216796 —0.000584
BinaryRelevance 10 0.198535 —0.006682 0.212859 —0.001491 0.215987 —0.001393
NoTemporalFeatures 10 0.203651 —0.001566 0.213233 —0.001117 0.216576 —0.000803
NoAmountFeatures 10 0.203194 —0.002023 0.212678 —0.001671 0.215954 —0.001426
ShuffledHybridScore 10 0.204466 —0.000751 0.213094 —0.001255 0.216801 —0.000579
ProposedFull 50 0.206211 0.000000 0.221102 0.000000 0.221163 0.000000
NoHybridScore 50 0.206278 +0.000066 0.220162 —0.000940 0.220234 —0.000929
BinatyRelevance 50 0.199771 —0.006440 0.220457 —0.000646 0.220517 —0.000646
NoTemporalFeatures 50 0.204831 —0.001380 0.220887 —0.000215 0.220948 —0.000215
NoAmountFeatures 50 0.204592 —0.001619 0.221038 —0.000065 0.220952 —0.000211
ShuffledHybridScore 50 0.205264 —0.000947 0.219714 —0.001389 0.219852 —0.001311

Table 24. Paired block-bootstrap statistical comparison of key ablation variants based on NDCG.
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Taken together, the ablation experiments and statistical analyses provide consistent evi-
dence regarding the origin of the observed performance improvement. The largest and most
statistically significant degradation occurs when the amount-aware relevance formulation is
removed, whereas eliminating the auxiliary hybrid score produces no significant loss in rank-
ing quality. These findings strengthen the central claim of this study by demonstrating that
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the principal contribution lies in reformulating fraud detection as an amount-aware opera-
tional ranking problem rather than in introducing an additional hybrid classification compo-
nent. The auxiliary XGBoost-derived score remains valuable as a complementary source of
fraud-risk information, but its role is to refine fraud retrieval rather than to define the ranking
objective itself. This interpretation provides a coherent explanation for the empirical obser-
vations presented throughout Sections 4.1-4.4 and establishes a clear foundation for the
model interpretation presented in the following subsection.

4.5.3. Model Interpretation and Dataset-Family Positioning

Beyond demonstrating strong predictive performance, interpreting the learned ranking
model provides additional insight into how the proposed framework prioritizes fraudulent
transactions. Such interpretation is particularly important because the primatry contribution
of this study lies in the amount-aware operational ranking formulation rather than in the in-
troduction of a new learning algorithm. Accordingly, this subsection examines the feature
contributions learned by the ranking model and subsequently positions the proposed frame-
work within the broader family of Sparkov-based fraud detection studies.

The feature-importance analysis is summarized in Table 25. The learned ranking model
assigns the highest importance to the transaction amount (amt) and its logarithmic represen-
tation (log_amt), followed by the auxiliary xgb_oof_risk_score. This ordering is consistent
with the proposed formulation, in which transaction amount directly determines the graded
relevance used for ranking, while the classifier-derived score serves as complementary risk
information. The remaining influential variables consist primarily of behavioral-frequency
features, temporal attributes, and encoded categorical variables, indicating that the final rank-
ing is produced through a combination of financial severity, transaction behavior, and tem-
poral context rather than by relying on a single predictor.

Table 25. Top feature gains learned by the HybridLTR _amount ranking model.

Rank Feature Gain Interpretation

1 amt 198.317352 Direct transaction-amount signal

2 log_amt 98.527054 Scale-adjusted amount representation
3 xgb_oof_risk_score 55.868195 Auxiliary classifier-derived risk signal
4 category_freq 46.690842 Behavioral frequency information

5 unix_time 18.818117 Temporal information

6 category_hash 15.113388 Encoded transaction-category identifier
7 hour 10.219227 Time-of-day behavioral pattern

8 merchant_freq 9.426815 Merchant-level transaction frequency
9 hour_cos 8.903326 Cyclical temporal pattern
10 gender_hash 7.344675 Encoded contextual information

The feature ranking provides additional evidence supporting the conclusions drawn
from the ablation study. Specifically, the dominance of amt and log_amt is consistent with
the observation that replacing the amount-aware relevance formulation with binary relevance
produces the largest degradation in NDCG@K. Likewise, the position of
xgb_oof_risk_score as the third most influential feature agrees with the earlier finding that
the auxiliary classifier contributes useful fraud-risk information while remaining secondary to
the amount-aware formulation. Together, the feature-importance and ablation analyses pre-
sent a consistent interpretation of how the proposed ranking framework produces its opera-
tional prioritization.

To further contextualize the proposed framework, Table 26 compares this study with
representative fraud detection approaches evaluated on the Sparkov family of simulated
credit-card transaction datasets. Rather than providing a direct state-of-the-art comparison,
this analysis highlights the different research objectives addressed by previous studies and by
the proposed framework. The comparison illustrates that previous Sparkov-family studies
have consistently achieved excellent fraud-classification performance using conventional ma-
chine-learning algorithms, AutoML frameworks, deep-learning architectures, and graph neu-
ral networks. These studies demonstrate that the dataset family contains rich predictive infor-
mation and has been extensively investigated from a classification perspective. However, their
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primary objective is to determine whether individual transactions are fraudulent, with evalu-
ation typically based on AUC-ROC, F1-score, precision, or recall.

Table 26. Dataset-family positioning of the proposed framework relative to representative Sparkov-based fraud detection studies.

Reported evaluation

Study Dataset relation Main method  Primary objective focus

Relation to this study

AUC-ROC (CatBoost

Includes Sparkov, a simulated Random Forest, Cat- 0.995; AFD OFI

Provides a strong classifi-

credit-card transaction dataset ~ Boost, LightGBM, Binary fraud classi- cation benchmark but
[27] e . 0.998; AutoGluon and .
within the Sparkov/Kaggle fam- MLP, and AutoML fication does not consider opera-
ily frameworks H200.997; Auto- tional rankin
) W sklearn 0.995) &

Fraud classification

US.CS Sparkoygenerated LANSAC BERTLSTM hybrid using sequential ~ Accuracy, Precision, I')emonst.rates.deepAlearry
[28] tion data with numerical and . ing classification but not
network and textual infor- Recall, and F1-score

textual attributes . investigation prioritization
mation
Uses a large-scale Sparkov-based ~Encoder-decoder Graph-based fraud Precision, Recall, F1- Provides graph-based con-

[29] customer-merchant transaction ~ Graph Neural Net- classification  score, and AUC-ROC textual modeling Witbout
graph work amount-aware ranking
Uses the Kartik Shenoy dataset NDCG@K,
[30], where fraudTrain.csvis Amount-aware Learn- FraudAmountRe- Introduces a formulation-
Proposed  chronologically divided into  ing-to-Rank with aux- Operational fraud call@K, MeanCap- otiented approach for se-
framework training and validation sets, and  iliary XGBoost-de- prioritization turedFraudA- verity-aware investigation
fraudTest.csv is retained as the rived risk score mount@K, and risk priotitization
future holdout concentration

By contrast, the present study addresses a different operational problem. Rather than
maximizing binary classification performance, the proposed framework focuses on determin-
ing which fraudulent transactions should be investigated first when analyst resources are lim-
ited and fraudulent transactions differ substantially in financial severity. Consequently the
comparison presented in Table 26 should be 1nterpreted as dataset-family positioning rather
than as a direct state-of-the-art performance comparison, since the learning objectives and
evaluation criteria differ fundamentally.

Taken together, the feature-importance analysis and the dataset-family comparison rein-
force the central contribution of this study. The learned ranking behavior is fully consistent
with the proposed amount-aware relevance formulation, while the comparison with previous
Sparkov-based studies highlights that the present work addresses a complementary research
direction centered on operational investigation prioritization rather than conventional binary
fraud classification. Combined with the robustness analyses and component-level evaluation
presented in the preceding subsections, these findings provide converging evidence that re-
formulating fraud detection as an amount-awatre operational ranking problem offers a practi-
cally meaningful framework for supporting fraud analysts operating under limited investiga-
tion budgets.

5. Conclusions

This study reformulated transaction fraud detection as an amount-aware operational
ranking problem rather than a conventional binary classification task. Motivated by the prac-
tical constraints of fraud investigation, the proposed framework assigns graded relevance us-
ing training-only transaction-amount quartiles and ranks transactions within operational time-
window queries, thereby aligning the learning objective with severity-aware investigation pri-
oritization. The experimental results demonstrate that the proposed formulation consistently
improves operational fraud prioritization compared with conventional binary relevance. The
ablation and statistical analyses further show that the observed performance gains originate
primarily from the amount-aware relevance formulation rather than from the auxiliary
XGBoost-derived risk score. Operational evaluations also indicate that substantial fraud
amounts can be captured within relatively small investigation budgets while maintaining con-
sistent performance across different temporal evaluation settings.

This study has several limitations. Transaction amount is used as a proxy for financial
severity because the public dataset does not provide institution-specific information such as
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realized financial loss, recovery outcome, or investigation cost. In addition, the evaluation is
conducted on a single public dataset using LambdaMART as the ranking model, meaning that
the reported findings primarily validate the proposed ranking formulation rather than a spe-
cific learning architecture. Future work may extend the proposed framework by incorporating
institution-specific cost functions or adaptive relevance definitions, investigating drift-aware
learning-to-rank models for evolving fraud patterns, and evaluating alternative ranking archi-
tectures under the same operational protocol using diverse real-world financial datasets. Such
extensions would further strengthen the applicability of amount-aware operational ranking as
a practical decision-support framework for fraud investigation under limited analyst re-
sources.
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