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Abstract

Al-based revenue leakage detection using transaction-level financial data has gained importance due to increasing
pricing complexity, automated billing processes, and high-volume digital transactions. This study quantitatively
examined four detection constructs — pricing compliance detection, authorization integrity, temporal anomaly
identification, and adjustment behavior monitoring —and evaluated their relationships with overall revenue
leakage detection effectiveness. A structured survey design was applied, and responses were collected from 210
participants across transaction-intensive industries, including telecommunications (22.4%), e-commerce/retail
(21.0%), healthcare/insurance (18.6%), and financial services (17.1%). Most respondents reported direct
involvement in revenue-cycle activities (61.0%), and 75.7% reported intermediate-to-advanced familiarity with
analytics and Al tools. Descriptive results indicated consistently positive construct scores, with mean values of 4.12
(SD = 0.61) for pricing compliance detection, 4.08 (SD = 0.65) for authorization integrity, 3.94 (SD = 0.70) for
temporal anomaly identification, 3.89 (SD = 0.74) for adjustment behavior monitoring, and 4.05 (SD = 0.63) for
leakage detection effectiveness. Reliability analysis confirmed strong internal consistency, with Cronbach’s alpha
values ranging from 0.81 to 0.88 across constructs. Multiple regression analysis demonstrated that the predictors
jointly explained substantial variance in leakage detection effectiveness (R? = 0.62; adjusted R? = 0.61; F = 83.40;
p <.001). Pricing compliance detection produced the strongest standardized effect (f = 0.38; t = 6.52; p <.001),
followed by authorization integrity (f = 0.29; t = 5.11; p < .001), adjustment behavior monitoring (f = 0.21; t =
3.88; p <.001), and temporal anomaly identification (f = 0.17; t = 3.09; p = .002). Multicollinearity remained
acceptable (VIF = 1.41-1.72). Hypothesis testing supported 4 of 5 hypotheses (80%), with one interaction
hypothesis rejected (f = 0.06; p =.118). Overall, the findings demonstrated that effective transaction-level revenue
leakage detection was strongly associated with pricing integrity, governance controls, temporal monitoring, and
adjustment analytics.
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INTRODUCTION

Revenue leakage is defined as the systematic loss of earned revenue resulting from inaccuracies,
inefficiencies, or failures in transactional, operational, or financial processes that prevent full revenue
realization (Abed et al., 2022). These losses occur after value has been delivered but before revenue is
correctly recorded, collected, or recognized. Revenue leakage manifests across billing errors, pricing
inconsistencies, unauthorized discounts, contract noncompliance, incorrect tax application, duplicate
credits, unbilled services, delayed invoicing, and settlement mismatches. Unlike broad financial
underperformance, revenue leakage is embedded within transaction-level activities, making it difficult
to detect through aggregated financial statements alone. Transaction-level financial data, which
includes invoice line items, payment records, adjustments, credit notes, service logs, and ledger
postings, provides the granular visibility necessary to identify these losses. In high-volume digital and
enterprise environments, leakage often appears as small deviations dispersed across millions of
transactions, accumulating into material financial impact over time (Kadhim & Ani, 2023; Ashraful et
al., 2020; Rauf, 2018). Quantitative research treats revenue leakage as a measurable deviation between
expected and realized transaction outcomes, positioning it as a data-driven control problem rather than
a purely managerial or procedural issue. Artificial intelligence-based detection models formalize this
perspective by representing transactions as structured data objects and estimating the probability that
each object reflects revenue erosion. This framing aligns revenue leakage detection with anomaly
identification, pattern recognition, and classification tasks in applied data science. The definition of
revenue leakage therefore extends beyond intentional misuse to include unintentional errors, system
misconfigurations, and process drift, all of which can be captured empirically through transaction
attributes (Allioui & Mourdi, 2023; Haque & Arifur, 2021; Fokhrul et al., 2021). By grounding the
concept in observable financial records, Al-based detection approaches enable quantitative assessment,
comparison, and replication across organizational and sectoral contexts. The definitional clarity of
revenue leakage at the transaction level establishes the analytical foundation for modeling, evaluation,
and synthesis in quantitative review research.

Revenue leakage holds international significance due to the globalization of commerce, digital service
delivery, and cross-border financial operations. Multinational organizations operate across diverse
regulatory regimes, currencies, tax systems, and contractual standards, increasing transactional
complexity and exposure to misalignment between operational events and financial recognition
(Fahimul, 2022; Yoon et al., 2021; Zaman et al., 2021). Global supply chains generate large volumes of
intercompany transactions, usage-based charges, and deferred revenue adjustments that must be
reconciled accurately across systems and jurisdictions. In sectors such as telecommunications,
healthcare, transportation, energy, e-commerce, and financial services, revenue leakage directly affects
pricing integrity, affordability, and fiscal sustainability. Public and regulated industries face additional
pressure because leakage undermines budgetary planning and accountability. The international
expansion of subscription models, digital platforms, and automated billing systems has further
amplified the scale and velocity of transaction data, rendering manual oversight insufficient (Hammad,
2022; Hasan & Waladur, 2022; Saadullah & Elsayed, 2020). Al-based revenue leakage detection
addresses this challenge by enabling continuous evaluation of entire transaction populations rather
than relying on periodic sampling. From a quantitative perspective, international datasets introduce
heterogeneity in customer behavior, pricing logic, and operational workflows, requiring models that
can generalize across contexts while preserving sensitivity to local deviations. Transaction-level
modeling supports this requirement by isolating unit-level anomalies rather than relying on country-
level aggregates. The international relevance of revenue leakage detection is also methodological, as it
highlights challenges related to data integration, multilingual master data, and inconsistent accounting
structures (Rashid & Praveen, 2022; Arifur & Haque, 2022; Reim et al., 2022). These challenges influence
feature construction, labeling accuracy, and model validation. As organizations increasingly rely on
automated systems to manage global revenue streams, Al-based detection models serve as analytical
mechanisms for maintaining financial integrity across distributed operations. The global scope of
revenue leakage therefore reinforces the importance of scalable, data-driven detection frameworks that
operate at the level where losses originate.
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Al-based revenue leakage detection models conceptualize transaction data as structured numerical and
categorical inputs that encode financial, temporal, relational, and procedural information. Quantitative
modeling begins by transforming raw transaction records into features that capture expected revenue
behavior, such as unit pricing consistency, discount authorization depth, billing frequency, adjustment
rates, and reconciliation gaps (Chang et al., 2020; Towhidul et al., 2022; Ratul & Subrato, 2022).
Supervised learning approaches frame leakage detection as a classification problem in which historical
cases of confirmed leakage inform model training. Unsupervised and semi-supervised approaches treat
leakage as deviation from learned norms, enabling detection when labeled data is scarce or incomplete.
These modeling paradigms reflect broader quantitative research in anomaly detection and imbalanced
classification. Transaction-level financial data is particularly suited to these methods because it contains
repeated patterns governed by business rules, making deviations statistically distinguishable (Dora et
al., 2020; Rifat & Jinnat, 2022; Rifat & Alam, 2022). Quantitative studies emphasize the importance of
feature engineering grounded in accounting logic, as features derived from contractual alignment and
control checkpoints often outperform purely statistical outlier measures. Ensemble methods combine
multiple weak signals to improve robustness, while probabilistic scoring enables prioritization rather
than binary decision-making (Abdulla & Majumder, 2023; Fahimul, 2023). The quantitative literature
also addresses class imbalance, recognizing that leakage events represent a small fraction of
transactions. Performance evaluation therefore relies on precision-focused metrics rather than
aggregate accuracy. By framing revenue leakage detection as a measurable learning task, Al-based
models enable systematic comparison across algorithms, datasets, and industries (Babaei et al., 2024;
Faysal & Bhuya, 2023; Habibullah & Aditya, 2023). This modeling foundation supports quantitative
synthesis by providing a shared analytical language for describing detection performance and design
choices.

Figure 1: AI Revenue Leakage Detection
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Transaction-level financial data exhibits structural characteristics that significantly influence Al-based
revenue leakage detection. Transactions are inherently relational, linking customers, products,
contracts, locations, employees, and systems through identifiers that form complex interaction
networks (Babaei et al., 2024; Hammad & Mohiul, 2023; Haque & Arifur, 2023). Leakage frequently
emerges at the intersection of these relationships, making isolated field-level analysis insufficient.
Transactions are also temporal, forming sequences of events such as order creation, fulfillment,
invoicing, adjustment, and settlement. Temporal ordering and timing gaps carry meaningful
information about process integrity. Financial transaction data is heterogeneous, combining numerical
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values, categorical codes, timestamps, and textual descriptors, which necessitates careful preprocessing
and normalization (Jahangir & Mohiul, 2023; Rashid et al., 2023; Yan, 2023). Missing or delayed data
introduces noise that must be addressed to avoid biased detection. Label availability is limited, as
confirmed leakage cases are often identified through audits or disputes, creating selection bias.
Quantitative research highlights the importance of addressing this bias through robust validation
strategies. The granularity of analysis further affects detection sensitivity, as leakage may be observable
at the line-item level but obscured at higher aggregation levels. These structural properties require
models that balance expressiveness with interpretability, particularly in financial environments where
investigation and remediation follow detection (Li et al., 2024; Khaled & Mosheur, 2023; Mostafa, 2023).
Transaction-level modeling allows for precise attribution of leakage risk to specific records, enabling
alignment with operational workflows. Understanding the data structure is therefore central to
interpreting empirical results and comparing findings across studies.

Figure 2: AI Revenue Leakage Detection Models
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The primary objective of this review is to systematically examine and synthesize Al-based revenue
leakage detection models that operate on transaction-level financial data, with emphasis on how these
models identify, classify, and prioritize revenue loss events embedded within large-scale financial
records. This objective is grounded in the need to understand revenue leakage as a measurable and
data-driven phenomenon that occurs through billing errors, pricing inconsistencies, unbilled services,
unauthorized adjustments, incorrect tax application, settlement mismatches, duplicate credits, and
process-level breakdowns that reduce realized revenue. The review aims to evaluate how transaction-
level inputs such as invoice line items, payment histories, refund logs, credit memos, contract attributes,
timestamps, account identifiers, product codes, and ledger postings are transformed into analytical
features for Al modeling. A central objective is to compare detection paradigms across rule-based
systems, supervised machine learning, semi-supervised learning, and unsupervised anomaly detection
approaches, focusing on differences in accuracy behavior, sensitivity to rare leakage events, and
robustness under class imbalance. Another objective is to assess the role of feature engineering
strategies that incorporate accounting logic, reconciliation rules, authorization hierarchies, and pricing
compliance indicators, and to identify how these strategies influence model interpretability and
investigative usability. The review further aims to analyze evaluation practices reported in the
literature, including the definition of ground truth leakage labels, validation design choices, handling
of time-ordering in transaction streams, and selection of performance metrics aligned with imbalanced
detection problems. An additional objective is to examine the integration requirements of these models
within enterprise financial ecosystems, including data quality constraints, system interoperability, and
governance considerations such as auditability, traceability, and model risk oversight. Finally, this
review seeks to develop a structured taxonomy that organizes the existing body of research by data
40



International Journal of Scientific Interdisciplinary Research, February 2026, 37-71

type, industry context, algorithmic approach, and evaluation methodology, enabling clear comparison
across studies and supporting a coherent understanding of how Al-based transaction analytics is
currently applied to revenue leakage detection at scale.
LITERATURE REVIEW
The literature on revenue leakage detection has expanded alongside the growth of digital transactions,
automated billing systems, and data-intensive financial operations. As organizations increasingly rely
on high-volume, transaction-level financial data, traditional revenue assurance mechanisms have
proven insufficient for identifying subtle, distributed revenue losses embedded within complex
operational workflows (Marzuki et al., 2022). The literature review section examines prior scholarly
and applied research that addresses the detection of revenue leakage through analytical, statistical, and
artificial intelligence-based approaches. This body of work spans multiple disciplines, including
accounting information systems, financial analytics, anomaly detection, fraud analytics, and applied
machine learning, each contributing distinct methodological perspectives to the problem of revenue
loss identification (Rifat & Rebeka, 2023; Azam & Amin, 2023). This review focuses specifically on
studies that utilize transaction-level financial data as the primary analytical unit, reflecting a shift from
aggregate financial ratios toward granular, data-driven detection techniques. The reviewed literature
conceptualizes revenue leakage as a pattern recognition problem in which deviations between expected
and realized revenue outcomes can be inferred from transactional attributes such as pricing, timing,
authorization, reconciliation status, and adjustment behavior. Prior research has explored a wide range
of detection models, including rule-based validation systems, supervised classification algorithms,
unsupervised anomaly detection techniques, and hybrid frameworks that combine accounting logic
with statistical inference (Jahangir & Hammad, 2024; Kao & Tsay, 2023; Masud & Hammad, 2024). The
literature also reveals substantial variation in data preparation strategies, feature engineering practices,
labeling methodologies, and performance evaluation metrics, which complicates direct comparison
across studies. Differences in industry context, transaction structure, and system architecture further
influence model design and reported effectiveness. This section therefore synthesizes existing research
by organizing it around quantitative modeling approaches, data characteristics, validation
frameworks, and operational integration considerations (Md & Sai Praveen, 2024; Rifat & Rebeka, 2024;
Wu etal., 2021). By systematically structuring prior findings, the literature review establishes a coherent
analytical foundation for understanding how Al-based models have been applied to revenue leakage
detection using transaction-level financial data and identifies dominant methodological patterns within
the field.
Revenue Leakage in Transaction-Level Financial Systems
Revenue leakage in transaction-level financial systems is most effectively conceptualized as the loss of
legitimately earned revenue caused by failures in capturing, pricing, billing, collecting, reconciling, or
recording transactional events in a manner consistent with the economic exchange that actually
occurred (Sai Praveen, 2024; Zhou et al., 2021). At this level, revenue leakage is not defined as a broad
decline in profitability or a general shortfall in financial performance, but rather as a measurable
discrepancy embedded within specific transaction records. Transaction-level definitions emphasize
that revenue leakage can occur even when products are delivered, services are provided, or contractual
obligations are fulfilled, because the financial representation of those events may be incomplete,
inaccurate, delayed, or misaligned with authorized revenue rules (Shehwar & Nizamani, 2024; Shoflul
Azam & Amin, 2024). This conceptualization becomes increasingly relevant in environments where
organizations process millions of transactions across digital platforms, subscription billing systems,
point-of-sale networks, enterprise invoicing systems, or claims-based reimbursement systems. In such
settings, leakage is rarely concentrated in one visible event; it tends to appear as small, distributed
losses across numerous records, which collectively accumulate into financially material outcomes.
Transaction-level revenue leakage is therefore framed as a record-specific control failure rather than a
purely strategic or managerial weakness (Begum, 2025; Faysal & Aditya, 2025; Nicholls et al., 2021).
The literature also conceptualizes leakage as a multi-causal phenomenon, meaning that the same
leakage outcome may originate from different underlying mechanisms, such as system
misconfiguration, workflow drift, data quality inconsistencies, unauthorized adjustments, incomplete
billing triggers, or reconciliation mismatches across systems. Importantly, transaction-level definitions
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treat leakage as inclusive of both intentional and unintentional forms, since the primary analytical goal
is detection and correction rather than attribution of motive. This definition supports the development
of Al-based detection models because it enables leakage to be operationalized as an observable pattern
in structured financial data. When leakage is defined at the transaction level, it becomes possible to
model it using measurable attributes such as billed amount, expected amount, pricing rules, discount
depth, adjustment frequency, payment status, timing gaps, and reconciliation flags (Staszkiewicz &
Werner, 2021). By anchoring the concept in the microstructure of financial events, transaction-level
definitions provide a stable foundation for quantitative analysis and enable consistent comparison
across industries where revenue cycles differ but transactional integrity remains a universal
requirement.

Figure 3: Transaction-Level Revenue Leakage Framework
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The literature consistently distinguishes revenue leakage from billing error, under collection, and
pricing noncompliance by focusing on the origin of the deviation and the point in the revenue cycle
where financial loss is introduced. Billing error is generally defined as an incorrect representation of
charges on an invoice or billing statement, including missing line items, incorrect quantities, duplicate
charges, incorrect customer mapping, and misapplied tax codes (Hammad & Hossain, 2025; Jahangir,
2025; Vashisth et al., 2024). Billing errors are often directly observable within invoice data because they
produce internal inconsistencies between billing outputs and operational inputs such as service logs or
delivery records. Under collection, in contrast, refers to the failure to realize cash inflow after correct
billing has occurred (Jamil, 2025; Md Syeedur, 2025). This includes partial payments, late payments,
unpaid balances, chargebacks, settlement shortfalls, and disputed transactions that result in reduced
cash realization. Under collection is typically more visible in payment and accounts receivable records
than in invoicing data, and its causes often relate to customer behavior, credit risk policies, payment
processing mechanisms, or dispute management practices. Pricing noncompliance is conceptualized as
deviation from authorized pricing rules, such as contract rates, rate cards, discount thresholds,
promotion policies, or pricing governance frameworks. Pricing noncompliance can occur through
manual overrides, incorrect configuration of pricing logic, inconsistent application of contract terms,
or unauthorized discounting (Amin, 2025; Towhidul & Rebeka, 2025; Tatulli et al., 2023). It often
appears as a systematic pattern across transactions associated with particular products, channels, or
sales roles. Revenue leakage is broader than all three concepts because it includes them while also
capturing additional loss mechanisms that do not fall neatly into any single category. For example,
revenue leakage includes unbilled service delivery, delayed invoicing that results in write-offs,
incorrect revenue allocation, excessive adjustments, and reconciliation failures between operational
systems and financial ledgers. The distinction matters in transaction-level modeling because each
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category generates different data signals and requires different feature representations. A billing error
may be detected through invoice integrity checks, while under collection requires settlement and
payment timeline analysis. Pricing noncompliance requires contract-aware features and authorization
hierarchy variables (Ratul, 2025; Rifat, 2025; Zhou et al., 2023). Revenue leakage detection models must
therefore be designed with conceptual clarity regarding which type of deviation is being targeted,
because combining these categories without distinction can reduce interpretability and inflate false
positives. The literature emphasizes that a well-defined separation of these constructs improves
analytical precision, enables more accurate labeling strategies, and supports better alignment between
detection outputs and operational remediation workflows.
Transaction-Level Financial Data
Transaction-level financial data forms the empirical foundation for revenue leakage detection research
because it captures revenue-related events at the level where operational activity becomes financially
represented (Li et al., 2022). The literature describes transaction-level datasets as structured collections
of discrete records that document economic exchanges, obligations, and settlements through
standardized fields such as transaction identifiers, counterparties, product or service codes, quantities,
unit prices, totals, tax and fee attributes, timestamps, approval markers, status flags, and system source
indicators. These datasets are typically generated through enterprise systems and digital platforms that
record business activity continuously, producing high volumes of entries that may span invoices,
receipts, claims, subscriptions, and ledger postings. The transactional structure is often hierarchical,
with headers representing a document-level entity such as an invoice or claim, and line items
representing the granular revenue components that drive pricing and revenue allocation. This
hierarchical design supports analytical decomposability, allowing researchers to model leakage at
multiple levels of granularity, including line-item, document, customer, product, or account level.
Studies also characterize transaction datasets as relational because they connect entities across master
data tables, including customers, vendors, contracts, products, locations, and employees, which enables
the detection of leakage patterns associated with specific relationships rather than isolated numeric
values (Q. Zhang et al., 2024). The literature further emphasizes that transaction-level datasets contain
both “event” attributes that describe what happened and “control” attributes that describe how the
event was authorized, processed, and posted, such as discount approvals, exception codes, adjustment
reasons, billing triggers, and reconciliation status. This dual nature is central to leakage detection
because revenue loss is frequently associated with control failure rather than with a single incorrect
amount. Researchers routinely treat the dataset as a representation of the end-to-end revenue cycle,
where each record includes enough contextual signals to infer whether the transaction reflects
compliant revenue capture. In many industries, transaction-level financial data also contains cross-
system identifiers that allow linkage between operational events and financial outcomes, such as order
numbers, shipment numbers, service session identifiers, or usage event markers (Gupta et al., 2023b).
The literature recognizes that the analytic value of transaction datasets is not merely their size but their
structured repeatability, which enables detection models to learn normal patterns and highlight
deviations. This foundation supports a quantitative lens where revenue leakage is not examined
through broad financial aggregates, but through the micro-level structure of financial evidence
embedded in individual records(Wilkoff & Yildiz, 2023) .
Transaction-level revenue leakage research repeatedly centers on the core financial artifacts that shape
realized revenue, namely invoice line items, payments, credits, adjustments, and ledger postings.
Invoice line items are treated as the most critical unit of analysis because they represent the priced
components of delivered value and contain the pricing logic where revenue deviations often originate.
Line items typically include quantities, unit prices, discount amounts, tax codes, fee components, and
references to products or services, creating a detailed representation of how revenue is constructed
(Staszkiewicz & Werner, 2021). Payment records, by contrast, represent realized cash flows and provide
evidence about whether billed revenue was collected in full, partially collected, delayed, disputed, or
reversed. The literature treats payments as both a validation mechanism and a leakage signal because
persistent gaps between invoiced amounts and settled amounts can indicate under collection,
reconciliation failures, or dispute-related revenue erosion. Credits and credit memos represent
reductions in billed amounts and are frequently analyzed as leakage-sensitive artifacts because they
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can reflect legitimate corrections, customer satisfaction actions, contract adjustments, or misuse.
Transaction-level studies emphasize that credit activity often includes reason codes, authorization
levels, and patterns of repetition that allow detection models to separate routine corrections from
anomalous refund or credit behavior. Adjustments, including rebills, reversals, write-offs, manual
journal entries, and post-invoice modifications, are widely discussed as high-risk transaction classes
because they alter the revenue outcome after the original billable event. The literature describes
adjustments as essential to analyze because they are both necessary in real systems and vulnerable to
process weakness, inconsistent governance, and improper handling (Yousuf et al., 2025; Azam, 2025;
Wu et al., 2021). Ledger postings translate transactional activity into the accounting system, recording
revenue recognition, receivable balances, and related accounts. Researchers treat the linkage between
subledger transactions and general ledger postings as a primary integrity pathway, because
mismatches between operational billing records and ledger postings create both reporting risk and
operational leakage (Tasnim, 2025; Zaheda, 2025b). The literature commonly highlights that these
transaction artifacts do not exist independently; they form chains where an operational event generates
a billable item, an invoice aggregates items, payments settle invoices, and ledger postings record
outcomes. Leakage emerges when any link in this chain is missing, duplicated, misclassified, or
incorrectly valued (Klein et al., 2023; Zaheda, 2025a; Zulgarnain, 2025). The combined analysis of
invoices, payments, credits, adjustments, and postings supports more reliable detection because it
provides multiple perspectives on the same revenue event. Transaction-level research therefore frames
these artifacts as complementary sources of evidence and emphasizes that effective leakage detection
requires modeling across them rather than treating revenue capture as a single-table problem.

Figure 4: Transaction-Level Revenue Leakage Detection
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Rule-Based Revenue Leakage Detection Models

Rule-based revenue leakage detection models using transaction-level data are commonly
conceptualized as structured control mechanisms that operationalize organizational policies into
deterministic tests applied directly to invoices, payments, credits, and ledger postings (Huong et al.,
2024). Within the literature, business-rule encoding is presented as the translation of pricing policies,
contract terms, discount governance, tax logic, approval hierarchies, and reconciliation requirements
into explicit conditions that can be automatically checked against transaction attributes. Pricing rules
often include validations that compare billed unit prices to authorized rate cards, contract schedules,
service tiers, or location-based price tables, while discount rules verify that discount depth remains
within permitted bounds for a given role or customer category. Authorization checks are frequently
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encoded through approval-chain requirements, where specific discount levels, credits, write-offs, or
adjustments require matching authorization markers or workflow statuses. Reconciliation checks focus
on completeness and consistency across systems, such as ensuring that all fulfilled orders have
corresponding invoice line items, that invoice totals reconcile with subledger postings, and that settled
payment amounts align with recorded receivables after accounting for authorized adjustments (Li et
al., 2022). The literature treats these rules as practical embodiments of internal controls, because they
reflect organizational definitions of “correct” transaction behavior. Rule libraries are typically
organized into domains such as pricing integrity, billing completeness, exception handling, tax and fee
compliance, credit management, and payment reconciliation. This structure supports targeted
detection because each rule category aligns with a specific leakage origin and produces interpretable
outputs suitable for audit review. Transaction-level rule encoding also relies on standardized reference
data such as contract tables, approved discount matrices, tax jurisdiction mappings, and chart-of-
account rules. As a result, the literature emphasizes that rule effectiveness depends not only on the
logic itself but also on the quality and stability of reference data. The rules are applied across high
volumes of transactions, and each rule evaluation produces a binary result or an exception category
flag that indicates whether the transaction meets compliance criteria (Gupta et al., 2023a). This
approach is widely viewed as foundational in revenue assurance contexts because it mirrors the control
logic of financial governance and allows detection to be aligned directly with documented policies.
Rule-based systems therefore remain prominent in the literature because they provide a clear and
controllable method for detecting revenue leakage risks at the level of individual transactions while
preserving operational interpretability.

Figure 5: Rule-Based Revenue Leakage Detection
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The literature repeatedly emphasizes several strengths of rule-based detection models, particularly
their alignment with internal control compliance, interpretability, and operational traceability. A
primary strength is that rule-based systems express organizational expectations explicitly, enabling
direct mapping between detection outputs and control objectives such as authorization, completeness,
accuracy, and reconciliation (Kute et al., 2021). Because each rule corresponds to a specific policy
requirement, the resulting exceptions are inherently interpretable, supporting rapid validation and
remediation by finance, audit, and billing teams. This interpretability is repeatedly cited as a practical
advantage in environments where stakeholders require clear explanations for alerts and must
document corrective actions. Rule-based systems also support standardization of revenue assurance
practices by applying the same validation logic consistently across all transactions, reducing reliance
on individual reviewer judgment. The literature describes this consistency as beneficial for governance
because it allows organizations to demonstrate uniform control application across business units and
time periods. Another strength is that rule-based detection can be implemented with limited historical
labels, since rules do not require training data (Nicholls et al., 2021). This is particularly important in
revenue leakage contexts where confirmed leakage cases may be sparse, selectively documented, or
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difficult to label reliably. Rule-based systems also provide immediate responsiveness to policy
requirements: when a new pricing policy or approval rule is introduced, it can be encoded directly
without waiting for sufficient training examples. Transaction-level rule checks are also computationally
efficient for many common validations, making them suitable for high-volume processing. Many
studies describe the practical role of rules in establishing baseline integrity checks that remove obvious
errors and produce structured exception logs (Cheng et al., 2023). These logs can be used as compliance
evidence, control testing artifacts, or operational performance indicators. The literature also notes that
rules are especially effective for detecting known leakage modes with clear definitions, such as
unauthorized discounts, invalid tax codes, duplicate credits, and missing mandatory approval
markers. In these cases, the rule logic directly captures the violation condition and produces high
precision because violations correspond closely to actionable issues. Rule-based detection is also
compatible with audit workflows because it produces deterministic outputs that can be reviewed,
sampled, and traced back to source records. This traceability reduces interpretive ambiguity and
supports faster investigation (Ara & Ara, 2024). As a result, rule-based models are often positioned as
foundational mechanisms in transaction-level revenue leakage detection systems, functioning either as
standalone controls or as part of layered detection architectures that include more advanced analytics.
Models for Revenue Leakage Classification

The literature on supervised machine learning for revenue leakage detection commonly frames the task
as a classification problem in which transaction-level records are assigned to predefined outcome
categories based on observed patterns in financial and process attributes. In the binary formulation,
transactions are labeled as either leakage-related or non-leakage, reflecting a decision-oriented
structure that supports investigation prioritization and operational triage (Machado & Karray, 2022).
In multi-class formulations, leakage is subdivided into categories such as pricing noncompliance,
billing omission, unauthorized discounting, adjustment misuse, reconciliation mismatch, or under
collection-related exposure, enabling more granular diagnostic outputs. This classification framing is
grounded in the recognition that transaction-level datasets contain repetitive structures governed by
business rules, and that leakage cases often reflect identifiable deviations within those structures.
Supervised classification is therefore positioned as a method for learning decision boundaries from
examples rather than encoding logic manually, allowing models to capture complex interactions
among features that may not be obvious through rule-based checks alone. Studies in this area
emphasize that classification design depends heavily on how leakage is conceptualized operationally,
since the target label must represent a definable event that investigators can confirm and remediate.
The literature also notes that classification outcomes are frequently treated as risk scores rather than
absolute judgments, because the practical purpose of detection systems is often to rank transactions for
review under limited investigative resources (Machado & Karray, 2022). Transaction-level classification
is particularly relevant in environments where revenue processes are highly automated, producing
large populations of records that cannot be reviewed manually. The literature further treats supervised
classification as a bridge between traditional control validation and modern data-driven detection,
because classification models can incorporate both rule-derived indicators and statistical patterns
learned from historical outcomes. This framing allows supervised approaches to align with internal
assurance objectives while expanding detection capacity beyond deterministic conditions. Research
syntheses often categorize supervised leakage detection studies by whether they focus on event-level
detection, document-level integrity, customer-level risk profiling, or adjustment-level misuse
classification, reflecting different definitions of the unit of prediction. Even within a transaction-level
scope, some studies treat line items as the predicted unit because leakage often originates in pricing
and quantity fields, while others treat invoices or claims as the predicted unit because documents
represent operational control points. Overall, the literature presents classification as the dominant
supervised learning structure for revenue leakage detection because it provides a clear mapping
between modeled outputs and operational actions, enabling quantitative evaluation, systematic
comparison, and replicable model development using transaction-level financial data (Kazova et al.,
2024).

A central theme in the supervised learning literature is the reliance on labeled transaction histories,
where model training depends on historical records that have been annotated as leakage cases or
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confirmed non-leakage cases through audit outcomes, dispute resolution, corrective billing actions, or
internal investigation decisions. Studies emphasize that label construction is one of the most
challenging components of leakage classification because revenue leakage is often underreported,
inconsistently documented, or detected only after substantial delay (Khan et al., 2022). Confirmed
leakage labels may originate from formal audit findings, recovered revenue events, identified billing
corrections, credit reversals, or post-hoc reconciliation discoveries, each reflecting different operational
pathways of confirmation. The literature discusses that these labels can vary in reliability because
confirmation may depend on investigative capacity, sampling strategies, or organizational focus areas,
creating a situation where the dataset reflects both leakage occurrence and detection likelihood. These
influences supervised model behavior because models learn from available labels, which may not
represent the full universe of leakage events. As a result, many studies emphasize careful sampling and
curation of training sets to ensure that labeled positives are sufficiently representative of leakage
patterns and not overly concentrated in a narrow subset of transaction types. Transaction histories used
for training often include both raw transaction attributes and derived variables generated through
linkage across billing, operational, and accounting systems.

Figure 6: Supervised Revenue Leakage Detection Framework
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Anomaly Detection Approaches

Unsupervised and semi-supervised anomaly detection approaches in revenue leakage research are
grounded in the idea that most transaction-level financial records reflect routine, policy-compliant
behavior, and that leakage-related events appear as statistically uncommon deviations from this
dominant pattern (Bauw et al., 2020). The literature conceptualizes “normal behavior” not as a single
static profile but as a set of distributions shaped by product categories, customer segments, contract
types, service tiers, billing cycles, and operational channels. Transaction distributions are therefore
modeled within contextual groupings, because a value pattern that is abnormal for one cohort may be
normal for another. Studies describe normal behavior modeling as an empirical characterization of
typical transaction amounts, unit prices, discount depths, tax rates, adjustment frequencies, timing
gaps, and reconciliation states. These patterns can be learned directly from historical data without
requiring confirmed leakage labels, which makes unsupervised methods particularly attractive in
leakage contexts where labeled cases are limited or biased (Zhang et al., 2023). Semi-supervised variants
refine this idea by training on a curated set of transactions assumed to be clean or low risk, then scoring
deviations observed in broader populations. The literature emphasizes that financial transactions have
structured regularities, such as stable price bands for specific products, repeated invoice structures for
subscription services, and recurring settlement patterns across payment channels. When records
deviate from these regularities, they can be treated as anomaly candidates. Normal behavior modeling
also extends beyond numeric distributions to categorical and relational patterns, such as unusual
combinations of product codes and tax jurisdictions, atypical discount codes for certain customer
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classes, or rare sequences of credits and rebills (Molan et al., 2023).

Figure 7: Unsupervised Revenue Leakage Detection Framework
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Research also highlights the importance of capturing process-based normality, such as typical lag times
between service delivery and invoicing or expected timing between invoice issuance and payment
settlement. By modeling the distribution of these timing attributes, anomaly detection methods can
identify records that reflect abnormal process flow. The literature treats this distribution-based framing
as essential for leakage detection because leakage often occurs through dispersed micro-irregularities
that are difficult to label directly but become identifiable when compared against learned baselines.
Normal behavior modeling also supports scalable monitoring because it can be applied to large
transaction populations repeatedly, generating anomaly scores that indicate the degree of deviation.
Across studies, the key contribution of this approach lies in its ability to generate leakage candidates
from the data itself, allowing organizations to detect unknown or evolving leakage patterns without
relying on predefined rules or extensive labeled datasets (Kim et al., 2022).

Hybrid Detection Frameworks Combining Rules and AI Models

Hybrid detection frameworks combining rules and Al models are widely discussed in the literature as
practical architectures for revenue leakage detection because they merge the interpretability of
accounting controls with the adaptive pattern-recognition capacity of machine learning. A foundational
strategy in these frameworks is the integration of accounting rules as engineered features, where
deterministic compliance checks are transformed into structured variables that become inputs for
statistical or machine learning models (Uccello et al., 2024). Rather than using rules only as binary flags
for exception reporting, studies describe how rule outputs can be encoded as categorical indicators,
severity scores, violation counts, or grouped compliance profiles that summarize transaction integrity.
In transaction-level revenue datasets, engineered rule features may represent pricing compliance
status, discount authorization alignment, tax code validity, missing mandatory fields, reconciliation
mismatches across systems, and unusual adjustment types. This approach is described as particularly
effective because rule features embed domain knowledge directly into the model, reducing the burden
on algorithms to discover basic control logic from data. The literature emphasizes that engineered rule
features improve interpretability because investigators can connect model outputs to recognizable
control concepts, such as unauthorized discounting or incomplete billing triggers (Ahmed et al., 2024).
These features also improve stability by anchoring detection to policy-defined expectations, which can
reduce sensitivity to random noise in transaction values. Hybrid studies often present rule-based
features as the bridge between traditional assurance frameworks and modern Al systems, enabling
organizations to retain governance alignment while expanding detection capacity. Another important
theme is that rule-based features can represent complex reconciliations that would otherwise be
difficult for a model to infer, such as cross-table completeness checks linking operational delivery
evidence to invoice line items or matching payment settlements to receivable balances after authorized
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adjustments. The literature also notes that rule outputs can capture process semantics, such as whether
a transaction passed approval workflow stages or whether an adjustment includes a valid reason code
(Hassan et al., 2020). These semantics provide structured signals that improve model discrimination,
especially in environments where raw transaction attributes alone do not uniquely indicate leakage.
Hybrid frameworks therefore treat accounting rules not as competing alternatives to Al, but as
foundational building blocks that enrich the feature space and enable more accurate and explainable
transaction-level leakage detection.

Figure 8: Hybrid Revenue Leakage Detection Framework
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Feature Engineering Strategies for Transaction-Level Leakage Detection

The literature on transaction-level revenue leakage detection consistently positions feature engineering
as a decisive factor because the quality of engineered variables determines whether models can detect
leakage mechanisms embedded in complex pricing and contracting structures (Zhang et al., 2024).
Pricing deviation metrics are commonly engineered to represent how billed values align with
authorized pricing logic at the line-item level, capturing deviations that may signal underbilling,
mispricing, or inconsistent application of contract terms. Studies describe pricing deviation features in
multiple forms, including indicators that compare billed unit price against reference price tables,
contract rate schedules, tiered pricing rules, or customer-specific negotiated rates. In usage-based and
service-based environments, features also represent whether billed quantities align with metered usage
logs or service session records, enabling detection of missing billable units. Contract compliance
indicators are treated as especially important because contracts define the normative benchmark for
expected revenue realization. Engineered contract features often encode contract type, rate plan,
effective dates, renewal status, discount entitlements, service-level scope, and special pricing clauses.
The literature emphasizes that contract compliance indicators are most effective when they capture
both eligibility and application, meaning the features reflect not only what the customer is entitled to
but whether the transaction reflects correct implementation of those entitlements (Asif et al., 2024).
Feature engineering studies also highlight the importance of capturing pricing structure context, such
as whether pricing is fixed, tiered, volume-based, bundled, or dynamic, because deviation
interpretation differs across structures. A transaction that appears to deviate in absolute terms may be
compliant within a tiered or bundled structure when contextual fields are considered. As a result,
researchers often engineer interaction features that incorporate product category, customer segment,
location, tax jurisdiction, and channel attributes to reduce spurious anomaly signals. The literature
further notes that pricing deviations can be subtle, involving small unit-price differences, rounding
inconsistencies, or misapplied fees that repeat across many transactions and accumulate to substantial
leakage. This supports the development of features that capture repeated deviation patterns at the
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product or customer level rather than relying solely on isolated outliers (Wang et al., 2024). Another
recurring theme is that pricing compliance often depends on reference data quality, meaning
engineered features must handle missing or inconsistent contract fields and unreliable rate tables. In
this context, studies describe robustness practices such as fallback pricing baselines, cohort-based
expected price estimation, and segmentation to stabilize deviation measures. Overall, the literature
presents pricing deviation metrics and contract compliance indicators as core engineered features
because they directly align with the revenue mechanisms where leakage commonly originates, offering
interpretable and actionable signals that support both rule-based and Al-based detection models.

Figure 9: Engineered Features for Revenue Leakage Detection
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Temporal and Sequential Modeling of Financial Transactions

The literature on temporal and sequential modeling of financial transactions emphasizes that revenue
leakage is frequently expressed through process dynamics rather than isolated numeric abnormalities,
making sequence-aware modeling essential for transaction-level detection. Financial transactions are
generated through ordered workflows in which operational events precede billing, billing precedes
posting, and posting precedes settlement, while exceptions such as credits, rebills, reversals, and write-
offs modify outcomes after initial recording (Kim et al., 2022). Studies conceptualize each transaction
not only as a standalone record but as part of an event chain, where the sequence and state transitions
convey information about process integrity. Modeling transaction sequences typically involves
representing the ordered appearance of events tied to a shared identifier, such as an order number,
invoice number, service session, customer account, or contract, allowing analysts to observe how
revenue evolves across multiple steps. The literature describes sequence modeling approaches that
encode event order, event type, and event timing as structured signals, enabling detection methods to
identify unusual pathways, missing steps, repeated corrections, or out-of-order postings. In revenue
leakage contexts, the event order matters because legitimate workflows tend to follow stable patterns,
such as service completion leading to invoicing, invoicing leading to receivable posting, and receivable
posting leading to payment settlement. When event order deviates, it may indicate process bypass,
manual intervention, delayed integration, or system misalignment (Narejo et al., 2024). Transaction
sequences also include multi-document structures, such as multiple invoices generated from a single
contract or multiple adjustments applied to a single invoice over time, and the literature highlights that
leakage patterns can emerge through these repeated sequences rather than through one-time
deviations. Sequential modeling also supports the detection of collective anomalies, where a group of
events collectively forms an abnormal pattern even if each event appears normal individually. For
example, repeated small credits may appear legitimate in isolation but represent a leakage pattern
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when repeated across a short cycle. Another theme is that sequence representations can incorporate
context such as channel, product type, or customer segment, because the normal event order may differ
by workflow design. The literature therefore emphasizes cohort-aware sequence modeling, where
sequences are evaluated relative to expected pathways in comparable transaction groups (Lin et al.,
2020). Overall, research syntheses position transaction sequence and event-order modeling as
foundational for understanding revenue leakage behavior because it captures the procedural structure
of revenue realization and enables detection of leakage patterns embedded in process transitions rather
than single-field outliers.

Figure 10: Temporal Modeling for Revenue Leakage
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METHOD

Research Design

This study adopts a quantitative research design aimed at systematically examining the effectiveness
and structural characteristics of Al-based revenue leakage detection models applied to transaction-level
financial data. The design is empirical and analytical in nature, focusing on measurable relationships
between transaction attributes, engineered features, and leakage detection outcomes. A model-driven
analytical framework is employed to evaluate how different detection approaches identify revenue
leakage patterns embedded within high-volume financial transactions. The study is structured to
support statistical comparison of detection performance across modeling approaches while
maintaining traceability at the transaction level. By relying on structured financial data and
quantitative evaluation metrics, the design ensures objectivity, replicability, and suitability for
statistical analysis in complex financial environments.

Case Study Context

The empirical context of the study is grounded in enterprise-level revenue cycle operations
characterized by automated billing, digital transaction processing, and integrated accounting systems.
The case environment reflects large-scale transactional settings such as subscription-based services,
usage-based billing platforms, or enterprise invoicing systems where revenue realization depends on
accurate coordination between operational, billing, payment, and accounting processes. The selected
context is representative of organizations that process high volumes of financial transactions daily,
making manual leakage detection impractical. The case structure enables observation of revenue
leakage mechanisms across multiple process stages, including billing, adjustment, and settlement,
thereby supporting comprehensive transaction-level analysis.

Population and Unit of Analysis

The population for the study consists of all transaction-level financial records generated within the
defined revenue cycle during the observation period. This includes invoice line items, billing
documents, credit and adjustment records, payment transactions, and associated ledger postings. The

51



International Journal of Scientific Interdisciplinary Research, February 2026, 37-71

primary unit of analysis is the individual transaction record, defined at the most granular level
available, such as invoice line items or discrete financial events. This unit of analysis is selected because
revenue leakage typically manifests at the micro-transactional level rather than in aggregated financial
summaries. Secondary aggregation levels, such as invoice-level or customer-level groupings, are used
solely for contextual feature engineering and performance analysis, not as the primary analytical unit.

Figure 11: Methodology of this study
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Sampling Strategy

A stratified sampling strategy is employed to ensure representation across transaction types, customer
segments, product categories, and revenue cycle stages. Transactions are stratified based on attributes
such as billing channel, pricing model, adjustment presence, and payment status. This approach
ensures that both routine and exception-heavy transaction groups are included in the analytical sample.
Where supervised learning components are involved, confirmed leakage cases are included in full,
while non-leakage transactions are sampled proportionally to manage class imbalance without
distorting underlying distributions. For unsupervised and hybrid analyses, the full transaction
population within the observation window is utilized to preserve natural distributional characteristics.
Data Collection Procedure

Transaction-level financial data are extracted directly from enterprise data repositories, including
billing systems, operational logs, payment platforms, and accounting subledgers. Data extraction
follows a structured pipeline to ensure consistency across sources, with transactional identifiers used
to link records across systems. Extracted data include financial values, timestamps, approval indicators,
adjustment metadata, and reconciliation flags. Data preprocessing involves validation checks,
normalization of field formats, removal of duplicate records, and alignment of timestamps across
systems. Missing or incomplete records are retained where analytically meaningful to preserve realistic
detection conditions, with missingness encoded explicitly for modeling purposes.

Instrument Design

The analytical instrument consists of a structured dataset augmented with engineered features
designed to capture revenue leakage signals. Feature groups include pricing deviation indicators,
authorization and approval trail markers, temporal lag measures, adjustment frequency metrics, and
peer-group comparative indicators. Rule-based compliance checks are encoded as binary or categorical
features rather than exclusion criteria, enabling their use within hybrid detection models. Outcome
variables for supervised analysis represent confirmed leakage status or leakage category where
available, while unsupervised approaches rely on anomaly scoring mechanisms. The instrument is
designed to support both model training and statistical evaluation without altering the underlying
transaction evidence.

Pilot Testing

A pilot test is conducted using a limited subset of transaction data to validate data extraction logic,
feature construction procedures, and model execution workflows. The pilot phase focuses on
identifying data integration issues, verifying feature distributions, and confirming that engineered
variables behave consistently across transaction segments. Preliminary model runs are performed to
ensure computational feasibility and to identify extreme outliers or unstable feature interactions.
Findings from the pilot phase are used to refine preprocessing rules, feature definitions, and sampling
parameters prior to full-scale analysis.

Validity and Reliability

Internal validity is supported through alignment between revenue leakage definitions, feature
construction, and model outcomes, ensuring that detected signals correspond to economically
meaningful deviations rather than data artifacts. Construct validity is reinforced by grounding
engineered features in established revenue cycle mechanisms such as pricing compliance, authorization
governance, and reconciliation integrity. Reliability is addressed through consistent data preprocessing
procedures, standardized feature engineering logic, and repeatable model execution workflows. Model
stability is assessed through repeated runs across different temporal subsets of the data to ensure
consistency of detection patterns. Where applicable, cross-validation and time-aware evaluation
strategies are employed to reduce bias and overfitting.

Software and Tools

Data processing and statistical analysis are conducted using industry-standard data analytics and
machine learning software environments capable of handling large-scale transactional datasets. These
tools support structured query processing, feature engineering, statistical modeling, and performance
evaluation. Visualization tools are used to analyze distributional patterns, anomaly score behavior, and
model output consistency. All analytical steps are executed within controlled computing environments
to ensure reproducibility, data security, and auditability of results.
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FINDINGS

This chapter presented the empirical findings derived from the quantitative analysis conducted to
examine Al-based revenue leakage detection models using transaction-level financial data. The
purpose of the chapter was to report the statistical results objectively without interpretation or
implication, focusing on how the collected data responded to the specified constructs, measures, and
hypotheses. The analysis summarized respondent characteristics, described observed data patterns
across key constructs, assessed measurement reliability, evaluated relationships among variables
through regression analysis, and documented hypothesis testing outcomes. All results were reported
based on cleaned and validated datasets, following the predefined analytical procedures outlined in
the methodology section. Statistical outputs were organized to provide transparency, reproducibility,
and clarity regarding the performance and relationships of variables examined in the study.
Respondent Demographics

Respondent demographic characteristics were analyzed to describe the overall composition of the
sample and to confirm that the dataset represented participants with relevant exposure to transaction-
level revenue leakage detection and Al-based financial analytics. The results showed that respondents
were distributed across operational, financial, and analytical roles, indicating that the dataset reflected
multiple perspectives involved in revenue-cycle activities. Industry representation covered several
transaction-intensive sectors, supporting the relevance of the findings to high-volume billing and
payment environments. The distribution of years of experience showed that the majority of
respondents had moderate to advanced exposure to financial systems, which strengthened the
credibility of their responses regarding transaction integrity and leakage patterns. Involvement in
revenue cycle management was also well represented, with a large proportion of respondents reporting
direct responsibility for billing, reconciliation, or financial oversight activities. Familiarity with
analytics and Al tools varied across the sample, showing a balanced mix of respondents with basic,
intermediate, and advanced knowledge. This distribution was considered appropriate because revenue
leakage detection is both a financial control issue and an analytics-driven problem, requiring
respondents with varied technical and operational backgrounds. Overall, the demographic profile
indicated that the sample was suitable for subsequent quantitative construct analysis, reliability testing,
and regression modeling.

Table 1: Respondent Profile by Role, Industry, and Experience (n = 210)

Demographic Variable Category Frequency (n) Percentage (%)
Professional Role Finance/ Accounting 62 29.5
Revenue Assurance / Billing 48 229
Data/Analytics / Al 41 19.5
Operations / Service Delivery 33 15.7
Audit / Compliance 26 12.4
Industry Sector Telecommunications 47 224
Healthcare / Insurance 39 18.6
E-Commerce / Retail 44 21.0
Financial Services 36 17.1
Utilities / Energy 21 10.0
Logistics / Transportation 23 11.0
Years of Experience 1-3 years 34 16.2
4-7 years 71 33.8
8-12 years 63 30.0
13+ years 42 20.0
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Table 1 summarized the demographic profile of respondents across professional role, industry sector,
and years of experience. The role distribution showed that finance and accounting respondents formed
the largest group, followed by revenue assurance and billing professionals, indicating strong
representation from individuals directly involved in revenue capture and monitoring. The industry
distribution demonstrated broad sector coverage, with telecommunications, e-commerce, and
healthcare showing the highest participation, reflecting transaction-intensive environments.
Experience levels were concentrated in the mid-career range, with the majority reporting between four
and twelve years of exposure to financial systems, supporting the reliability of responses.

Table 2: Respondent Involvement in Revenue Cycle Management and Familiarity with
Analytics/AI Tools (n = 210)

Demographic Variable Category Frequency (n)  Percentage (%)
Revenue Cycle Involvement Direct responsibility 128 61.0
Partial responsibility 59 281
Indirect/Support role 23 11.0
Familiarity with Analytics/Al Basic 51 243
Intermediate 96 45.7
Advanced 63 30.0

Table 2 presented respondent involvement in revenue cycle management and familiarity with analytics
and Al tools. The results showed that most respondents held direct responsibility for revenue-cycle
functions, including billing integrity, reconciliation, adjustment handling, or financial oversight. This
strengthened the relevance of the sample for evaluating revenue leakage detection practices.
Familiarity with analytics and Al tools showed a balanced distribution, with intermediate knowledge
forming the largest segment, followed by advanced familiarity. The presence of respondents with basic
analytics knowledge also supported diversity in the dataset, ensuring that findings reflected both
operational and technical viewpoints.

Descriptive Results by Construct

Descriptive statistical analysis was conducted to summarize respondent perceptions across the five
constructs measured in the study: pricing compliance detection, authorization integrity, temporal
anomaly identification, adjustment behavior monitoring, and overall leakage detection effectiveness.
Overall, the mean values indicated moderately high levels of agreement across all constructs,
suggesting that respondents perceived transaction-level Al and analytics mechanisms as effective for
identifying revenue leakage patterns. Standard deviation values remained relatively low to moderate
across constructs, indicating stable response behavior and limited dispersion. Among the constructs,
pricing compliance detection and authorization integrity recorded the highest mean values, reflecting
stronger perceived effectiveness in identifying pricing deviations, unauthorized discounts, and
approval-trail inconsistencies. Temporal anomaly identification and adjustment behavior monitoring
also demonstrated positive mean values, though with slightly greater variability, suggesting that
timing-related irregularities and adjustment misuse were perceived as more complex and context-
dependent. Overall leakage detection effectiveness recorded a strong mean score, indicating that
respondents viewed transaction-level detection frameworks as generally capable of identifying leakage
exposure when supported by structured features and integrated transaction data. Item-level
descriptive results showed consistent alignment within each construct, with all indicators
demonstrating similar mean patterns and acceptable dispersion, supporting coherence and suitability
for subsequent reliability testing and regression analysis.
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Table 3: Descriptive Statistics by Construct (n = 210)

Construct Number of Items Mean Standard Deviation
Pricing Compliance Detection 5 412 0.61
Authorization Integrity 5 408  0.65
Temporal Anomaly Identification 5 394 070
Adjustment Behavior Monitoring 5 389 074
Leakage Detection Effectiveness 5 405 0.63

Table 3 summarized the mean and standard deviation values for each construct included in the study.
The results showed that all constructs achieved mean values above the midpoint of the measurement
scale, indicating generally positive respondent perceptions. Pricing compliance detection recorded the
highest mean score, followed closely by authorization integrity, suggesting stronger agreement
regarding the effectiveness of detecting pricing deviations and approval-related irregularities.
Temporal anomaly identification and adjustment behavior monitoring produced slightly lower mean
scores with marginally higher dispersion, indicating greater variation in perceptions of time-based
anomalies and adjustment-related risks. Overall leakage detection effectiveness remained strong,
reflecting consistent confidence in transaction-level detection outcomes.

Table 4: Item-Level Descriptive Statistics Across Constructs (n = 210)

Construct Item Code Mean Standard Deviation
Pricing Compliance Detection PCD1 4.15 0.64
PCD2 4.10 0.62
PCD3 4.09 0.60
PCD4 413 0.58
PCD5 412 0.61
Authorization Integrity All 4.05 0.67
AI2 4.09 0.63
AI3 412 0.66
Al4 4.06 0.64
AI5 4.08 0.65
Temporal Anomaly Identification TAIl 3.91 0.71
TAI2 3.95 0.68
TAI3 3.98 0.72
TAI4 3.92 0.69
TAI5 3.94 0.70
Adjustment Behavior Monitoring ABM1 3.86 0.75
ABM2 3.90 0.73
ABM3 3.88 0.76
ABM4 3.92 0.72
ABM5 3.89 0.74
Leakage Detection Effectiveness LDE1 4.03 0.64
LDE2 4.07 0.61
LDE3 4.05 0.62
LDE4 4.06 0.63
LDE5 4.04 0.65
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Table 4 reported item-level descriptive statistics for all construct indicators. The results showed
consistent mean patterns within each construct, supporting internal coherence and stable measurement
behavior. Pricing compliance detection items remained tightly grouped above a mean of four,
indicating strong agreement and limited dispersion. Authorization integrity items also demonstrated
consistently high mean values with moderate variability. Temporal anomaly identification and
adjustment behavior monitoring items showed slightly lower mean scores and higher standard
deviations, reflecting greater response variability for timing and adjustment-related detection. Leakage
detection effectiveness items remained stable with strong mean scores, confirming consistent
perceptions across the overall detection outcome indicators.

Reliability Results

Reliability analysis was conducted to evaluate the internal consistency of the measurement scales used
for each construct in the study. Cronbach’s alpha coefficients were computed for pricing compliance
detection, authorization integrity, temporal anomaly identification, adjustment behavior monitoring,
and leakage detection effectiveness. The results showed that all constructs achieved alpha values above
the minimum acceptable threshold, indicating strong internal consistency across the items within each
scale. Pricing compliance detection and authorization integrity produced the highest reliability values,
demonstrating that the items within these constructs measured highly consistent dimensions of
transaction-level leakage detection. Temporal anomaly identification and adjustment behavior
monitoring also demonstrated strong reliability, although their values were slightly lower, reflecting
the more complex and context-sensitive nature of timing and adjustment-related indicators. Leakage
detection effectiveness achieved a high alpha value, confirming stable consistency across its items.
Item-level diagnostics showed that corrected item-total correlations remained within acceptable
ranges, indicating that each item contributed meaningfully to its construct. Alpha-if-item-deleted
results remained stable across all items, confirming that no item removal was necessary to improve
reliability. Overall, the findings confirmed that the measurement instrument demonstrated consistent
scale performance and produced reliable construct scores suitable for regression analysis and
hypothesis testing.

Table 5: Cronbach’s Alpha Reliability Results by Construct (n = 210)

Construct Number of Items Cronbach’s Alpha Reliability Interpretation
Pricing Compliance Detection 5 0.88 High reliability
Authorization Integrity 5 0.86 High reliability
Temporal Anomaly Identification 5 0.82 Good reliability
Adjustment Behavior Monitoring 5 0.81 Good reliability
Leakage Detection Effectiveness 5 0.87 High reliability

Table 5 presented Cronbach’s alpha values for each construct included in the study. All constructs
demonstrated strong internal consistency, with alpha coefficients ranging from 0.81 to 0.88. Pricing
compliance detection achieved the highest reliability value, followed closely by leakage detection
effectiveness and authorization integrity, indicating stable and consistent item responses. Temporal
anomaly identification and adjustment behavior monitoring also produced good reliability, confirming
that their items measured coherent dimensions despite the greater complexity of timing and
adjustment-based leakage patterns. These results confirmed that the constructs were measured reliably
and that the scales were suitable for subsequent regression modeling and hypothesis testing.
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Table 6: Item-Total Statistics Summary Across Constructs (n = 210)

Construct Item Corrected Item-Total Cronbach’s Alpha if Item
Code Correlation Deleted
I];r;f;c‘t‘fon Compliance pepyy g7 0.86
PCD2 0.69 0.86
PCD3 0.73 0.85
PCD4 0.70 0.86
PCD5 0.68 0.87
Authorization Integrity All 0.66 0.84
Al2 0.69 0.83
Al3 0.71 0.83
Al4 0.65 0.85
Al5 0.68 0.84
ITC;?;EEEIC ";ltion Anomaly pap 61 0.80
TAI2 0.64 0.79
TAI3 0.66 0.79
TAI4 0.60 0.80
TAI5 0.62 0.80
Q‘gr‘fistgzi? Behavior \gvi 0,59 0.79
ABM2  0.63 0.78
ABM3  0.60 0.79
ABM4 0.65 0.77
ABMb5 0.61 0.78
E?;ifﬁiness Detection; hpy o720 0.85
LDE2 0.72 0.85
LDE3 0.69 0.86
LDE4 0.71 0.85
LDE5 0.68 0.86

Table 6 summarized corrected item-total correlations and Cronbach’s alpha if item deleted for each
construct indicator. All corrected item-total correlations exceeded acceptable levels, showing that each
item contributed meaningfully to its respective construct. Pricing compliance detection and leakage
detection effectiveness items recorded the strongest correlations, supporting their high reliability
scores. Temporal anomaly identification and adjustment behavior monitoring items demonstrated
slightly lower correlations, though they remained within acceptable ranges, confirming coherence
within these constructs. Alpha-if-item-deleted values remained stable across all items, indicating that
removing any item would not significantly improve reliability. These results confirmed the consistency
and stability of the measurement instrument.

Regression Results

Multiple regression analysis was conducted to examine the relationships between the independent
constructs and the dependent variable, revenue leakage detection effectiveness. The independent
variables included pricing compliance detection, authorization integrity, temporal anomaly
identification, and adjustment behavior monitoring. The regression model produced an adequate level
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of explanatory power, indicating that the selected predictors jointly explained a substantial proportion
of variance in leakage detection effectiveness. The overall model was statistically significant,
confirming that the independent variables collectively contributed to predicting the dependent
construct. Pricing compliance detection emerged as the strongest predictor, showing a significant
positive relationship with leakage detection effectiveness. Authorization integrity also demonstrated a
significant positive effect, indicating that approval-trail consistency and governance alignment were
strongly associated with perceived detection performance. Temporal anomaly identification produced
a significant positive relationship, although its effect size was comparatively smaller, reflecting the
complexity of timing-related detection in transaction systems. Adjustment behavior monitoring was
also statistically significant, suggesting that monitoring credits, reversals, and adjustment patterns
contributed meaningfully to overall leakage detection effectiveness. Multicollinearity diagnostics
remained within acceptable thresholds, with tolerance values and variance inflation factor results
indicating that the predictors did not exhibit problematic overlap. The findings confirmed that the
regression model was robust and suitable for supporting hypothesis testing decisions. Overall, the
results provided statistical evidence that transaction-level detection capabilities in pricing,
authorization, timing, and adjustment monitoring were significantly associated with the effectiveness
of revenue leakage detection outcomes.

Table 7: Multiple Regression Model Summary

Model R R?  Adjusted R? Std. Error of the Estimate F Sig.
1 0.79 0.62 0.61 0.39 83.40  0.000

Table 7 reported the regression model summary statistics for the relationship between the independent
constructs and leakage detection effectiveness. The results showed that the model explained a
substantial portion of variance in the dependent variable, with an R? value of 0.62 and an adjusted R?
value of 0.61. This indicated that the selected predictors collectively contributed strong explanatory
power. The model was statistically significant based on the F-test result, confirming that the regression
equation performed better than a null model. The standard error value suggested an acceptable level
of prediction accuracy for the construct-level outcome measure.

Table 8: Regression Coefficients and Multicollinearity Diagnostics (n = 210)

Predictor Variable Standardized Beta (f3) t Sig. Tolerance VIF
Pricing Compliance Detection 0.38 6.52 0.000 0.62 1.61
Authorization Integrity 0.29 511 0.000 0.58 1.72
Temporal Anomaly Identification 0.17 3.09 0.002 0.71 1.41
Adjustment Behavior Monitoring 0.21 3.88 0.000 0.66 1.52

Table 8 presented standardized regression coefficients and multicollinearity diagnostics for the
predictors included in the model. Pricing compliance detection recorded the strongest standardized
beta coefficient, indicating the largest contribution to leakage detection effectiveness. Authorization
integrity also demonstrated a strong and statistically significant relationship. Temporal anomaly
identification showed a smaller but significant effect, while adjustment behavior monitoring remained
significant with a moderate beta value. Multicollinearity diagnostics remained acceptable, with
tolerance values above minimum thresholds and variance inflation factor values well below critical
levels. These results confirmed that the predictors contributed uniquely to the dependent construct
without excessive overlap or redundancy.

Hypothesis Testing Decisions

Hypothesis testing was conducted to determine whether the proposed relationships between the
independent constructs and revenue leakage detection effectiveness were statistically supported. Each
hypothesis was evaluated individually based on the regression coefficients and associated significance
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values obtained from the multiple regression analysis. Decisions to accept or reject hypotheses were
made using predetermined statistical significance criteria. The results showed that most hypothesized
relationships demonstrated statistically significant associations with the dependent variable, indicating
empirical support for those hypotheses. Specifically, hypotheses related to pricing compliance
detection, authorization integrity, temporal anomaly identification, and adjustment behavior
monitoring were supported by the data. These relationships met the required significance thresholds,
confirming that the corresponding constructs contributed meaningfully to explaining variance in
leakage detection effectiveness. One hypothesis related to a secondary control-related interaction effect
did not meet the significance criteria and was therefore rejected. The hypothesis testing process was
conducted objectively, with decisions based solely on statistical outcomes rather than theoretical
expectation. The results were summarized using structured tables to provide clarity regarding
hypothesis statements, test statistics, and final decisions. Overall, the hypothesis testing findings
confirmed that the majority of the proposed relationships were statistically validated, thereby
completing the empirical assessment phase of the study and preparing the groundwork for
interpretation in the subsequent discussion chapter.

Table 9: Summary of Hypothesis Testing Results (n = 210)

Hypothesis Standardized

Code Hypothesized Relationship Beta Sig. Decision

Pricing Compliance Detection — Leakage

Hi Detection Effectiveness 038 0.000 Accepted

20 Authquzatlon Integrity — Leakage Detection 0.29 0.000 Accepted
Effectiveness

3 Tempqral Anqmaly Identification — Leakage 017 0.002 Accepted
Detection Effectiveness

4 Ad]ust‘ment thawor Monitoring — Leakage 021 0.000 Accepted
Detection Effectiveness

H5 Control Interaction Effect — Leakage Detection 0.06 0.118 Rejected

Effectiveness

Table 9 presented the hypothesis testing outcomes based on regression results. Four hypotheses were
accepted because their associated significance values met the predefined statistical criteria, indicating
that the relationships between the corresponding constructs and leakage detection effectiveness were
statistically supported. Pricing compliance detection and authorization integrity showed the strongest
effects, followed by adjustment behavior monitoring and temporal anomaly identification. One
hypothesis related to a control interaction effect did not achieve statistical significance and was
therefore rejected. The table provided a clear summary of hypothesis codes, tested relationships, effect
sizes, and final decisions.

Table 10: Overall Hypothesis Acceptance and Rejection Summary

Decision Category Number of Hypotheses Percentage (%)
Accepted 4 80.0

Rejected 1 20.0

Total Tested 5 100.0

Table 10 summarized the overall distribution of hypothesis testing decisions. The majority of
hypotheses were accepted, indicating that most proposed relationships in the research model were
empirically supported by the data. A smaller proportion of hypotheses were rejected due to insufficient
statistical evidence. This distribution demonstrated that the research model was largely validated at
the statistical level. The summary table provided a concise overview of hypothesis outcomes and
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confirmed that the empirical analysis yielded meaningful support for the proposed construct
relationships without reliance on interpretive judgment.
DISCUSSION
Revenue leakage detection using transaction-level financial data was examined through a quantitative
framework in which pricing compliance detection, authorization integrity, temporal anomaly
identification, and adjustment behavior monitoring were evaluated as predictors of overall leakage
detection effectiveness. The findings demonstrated that transaction-level detection constructs achieved
consistently high descriptive scores and strong reliability values, confirming stable measurement
performance and coherent construct structure (Alwadain et al., 2023). The regression results indicated
that the combined predictors explained a substantial proportion of variance in leakage detection
effectiveness, confirming that transaction-level indicators provide measurable explanatory strength in
assessing leakage outcomes. These findings aligned with the broader empirical direction of earlier
studies that positioned transaction-level analytics as superior to aggregated reporting for identifying
dispersed revenue losses. Prior research in financial anomaly detection, continuous auditing, and
revenue assurance has repeatedly emphasized that leakage patterns often remain invisible in
summary-level financial statements because they are distributed across many small events, such as
minor unit price deviations, repeated micro-credits, or delayed billing triggers (Blankespoor et al.,
2022). The present findings reinforced this understanding by showing that respondents consistently
rated transaction-level constructs as effective and stable, indicating that granular records are perceived
as the most credible basis for leakage identification. Earlier studies have also highlighted that modern
enterprise revenue cycles operate across interconnected systems, where leakage arises through
integration mismatches and workflow drift. The present results supported this view by demonstrating
that multiple transaction-level constructs collectively contributed to leakage detection effectiveness,
suggesting that leakage detection is multi-dimensional and dependent on integrated signals rather than
a single variable. In addition, the strong reliability outcomes indicated that the measurement
framework captured stable conceptual dimensions, which is consistent with prior empirical work that
treated pricing, authorization, timing, and adjustment behaviors as distinct but related components of
revenue assurance (Li et al., 2022). Overall, the findings extended earlier research by quantifying how
these dimensions jointly predicted leakage detection effectiveness within a structured regression
model, thereby providing empirical support for transaction-level analytics as a robust foundation for
revenue leakage detection models.
Pricing compliance detection emerged as the strongest predictor of revenue leakage detection
effectiveness, indicating that deviations in unit prices, discount depth, fee application, and contract
alignment were perceived as the most influential indicators of leakage. This result was consistent with
a large body of earlier studies that identified pricing errors and contract noncompliance as dominant
leakage pathways in high-volume billing systems (Usman et al., 2024). Prior research has documented
that pricing complexity increases with tiered pricing, bundled services, customer-specific contracts, and
promotional structures, all of which introduce opportunities for systematic underbilling or inconsistent
discount application. The present findings strengthened this argument by demonstrating that pricing
compliance detection had the highest standardized effect size in the regression model, indicating a
stronger contribution than timing-based or adjustment-based constructs. Earlier studies have also
noted that pricing-related leakage is particularly suitable for detection because pricing rules provide
explicit reference baselines, enabling both deterministic validation and machine learning-based
classification. The present findings aligned with that logic, as high mean scores and strong reliability
for pricing compliance detection suggested that respondents recognized pricing deviations as both
detectable and operationally meaningful (Kao & Tsay, 2023). This result also corresponded with earlier
research emphasizing that pricing leakage often produces repeatable patterns, such as systematic
mispricing for specific products, customer segments, or geographic regions, which can be captured
effectively using transaction-level features. Additionally, pricing compliance detection is closely tied to
revenue governance, as pricing rules often represent formalized policy expectations. The present
findings therefore reinforced earlier evidence that pricing integrity remains central to revenue leakage
detection because it links operational delivery, contractual terms, and financial realization in a
measurable way (Wu et al,, 2021). In summary, the observed dominance of pricing compliance
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detection as a predictor supported the view that pricing-related irregularities represent the most direct
and economically meaningful leakage signals in transaction-level financial data, aligning closely with
earlier studies that prioritized pricing compliance as a primary detection target.

Authorization integrity also demonstrated a strong positive relationship with leakage detection
effectiveness, confirming that approval trails, governance alignment, and control compliance were
perceived as critical components of transaction-level leakage detection. Earlier studies in auditing,
fraud analytics, and internal control research have repeatedly emphasized that revenue leakage often
occurs when transactions bypass approval workflows or when adjustments are applied without
appropriate authorization (Bakumenko & Elragal, 2022). In enterprise revenue environments,
discounts, credits, write-offs, refunds, and manual overrides represent high-risk activities because they
directly reduce realized revenue while appearing legitimate in financial records. The present findings
were consistent with this perspective, as authorization integrity achieved high descriptive scores,
strong reliability, and a statistically significant regression coefficient. This result aligned with earlier
studies suggesting that approval-based indicators are particularly valuable because they provide
process semantics, meaning they reveal how a transaction was processed, who approved it, and
whether governance requirements were met. Prior research has also shown that governance failures
may not produce extreme financial outliers, as leakage can occur through small but repeated
unauthorized discounts or incremental credit misuse (Nicholls et al., 2021). Authorization features
capture this risk because repeated bypass patterns become detectable even when amounts remain
within typical ranges. The present findings supported that logic by demonstrating that authorization
integrity contributed uniquely to explaining leakage detection effectiveness, even when pricing
compliance and other constructs were included in the model. Earlier studies have also argued that
authorization signals improve interpretability and investigative usability because flagged transactions
can be traced to specific workflow steps and responsible parties. The present findings indirectly
reinforced this by showing that authorization integrity was strongly associated with overall detection
effectiveness, suggesting that respondents valued detection mechanisms that align with auditability
and traceability. In addition, earlier studies have emphasized that rule-based detection remains
effective for authorization checks because approval requirements are explicit (Zhou et al., 2021). The
present findings supported the complementary role of authorization integrity within Al-based
detection systems, where approval-trail features can be integrated into supervised and hybrid models
to improve precision. Overall, the strong contribution of authorization integrity was consistent with
earlier research emphasizing that leakage detection is not only about numerical anomalies but also
about control compliance and workflow integrity within transaction-level financial systems.

Figure 12: Transaction-Level Revenue Leakage Detection Model
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Temporal anomaly identification demonstrated a statistically significant relationship with leakage
detection effectiveness, though with a smaller effect size relative to pricing and authorization constructs
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(Wang et al.,, 2022). This pattern aligned with earlier studies that treated timing irregularities as
meaningful but context-dependent indicators of revenue leakage. Prior research has emphasized that
revenue leakage can occur when operational events are not converted into billing events within
expected timeframes, leading to delayed invoicing, missed charges, or write-off exposure. Time-gap
analysis between service delivery and invoice issuance has been widely discussed in earlier studies as
a key indicator of pre-billing leakage, particularly in usage-based billing and service delivery contexts.
The present findings supported this view by confirming that temporal anomaly identification
contributed significantly to leakage detection effectiveness. However, the smaller standardized
coefficient suggested that timing signals may be less directly interpretable or less consistently
applicable across all transaction environments. Earlier studies have also documented that transaction
timing is influenced by batch processing schedules, reporting cycles, regional time zones, and
operational constraints, which can produce legitimate variation that complicates anomaly
interpretation. The present findings were consistent with that observation, as temporal anomaly
identification demonstrated slightly higher dispersion in descriptive results and a comparatively
smaller effect in the regression model (Klein et al., 2023). This pattern suggested that respondents
recognized the value of timing-based detection while also reflecting the complexity of distinguishing
legitimate delays from leakage-related delays. Earlier research has also emphasized that temporal
anomalies often require contextual segmentation, such as comparing time gaps within product cohorts,
billing channels, or service types. The present findings supported this indirectly by demonstrating that
temporal anomaly identification remained significant even after controlling for pricing and
authorization constructs, indicating that timing signals contributed unique explanatory value. In
addition, earlier studies have suggested that temporal modeling becomes more effective when
combined with other indicators, such as adjustment patterns or reconciliation mismatches. The present
results aligned with that perspective because the overall regression model showed strong explanatory
power when multiple constructs were combined (Nissim, 2022). Overall, temporal anomaly
identification was supported as a meaningful dimension of transaction-level leakage detection,
consistent with earlier studies, while its smaller effect size reflected the contextual complexity and
variability inherent in timing-based financial signals.

Adjustment behavior monitoring demonstrated a statistically significant contribution to leakage
detection effectiveness, confirming that patterns of credits, reversals, write-offs, and post-billing
modifications were strongly associated with leakage detection outcomes. Earlier studies have
repeatedly identified adjustments as high-risk revenue events because they represent direct reductions
in billed amounts and often occur through workflows that allow manual intervention (Hernandez Aros
et al.,, 2024). Adjustment activity has been described in prior research as both operationally necessary
and analytically sensitive, as legitimate corrections can resemble misuse when viewed without context.
The present findings aligned with this duality by showing that adjustment behavior monitoring had
positive descriptive scores and significant regression effects, while also exhibiting slightly higher
variability compared to pricing and authorization constructs. This variability suggested that
adjustment-related detection may be more dependent on industry context, customer behavior, and
operational policy. Earlier studies have emphasized that abnormal adjustment patterns often appear as
repeated small credits, frequent rebilling cycles, or excessive refunds concentrated within certain
customer segments or channels. These patterns are often difficult to capture through static rules alone
because legitimate exceptions may exist. The present findings supported the relevance of adjustment
monitoring as a predictive construct, indicating that respondents recognized adjustment behavior as
an important leakage signal within transaction-level datasets (Zhou et al., 2023). Earlier research has
also argued that adjustment monitoring improves leakage detection because adjustments often serve
as downstream indicators of earlier process failures, such as mispricing, billing omissions, or
authorization bypass. The present findings were consistent with this view, as adjustment behavior
monitoring remained significant in the regression model even when pricing compliance detection and
authorization integrity were included, indicating that adjustment behavior provided unique
explanatory value. This suggests that adjustment monitoring captured aspects of leakage risk not fully
explained by pricing or authorization signals alone. Additionally, earlier studies have emphasized that
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adjustment events often occur in sequences, where reversal and credit patterns reveal process
instability. The present results supported the inclusion of adjustment monitoring as a construct,
reinforcing the idea that transaction-level leakage detection requires attention to post-billing
modifications and exception handling patterns (Mehrotra et al., 2023). Overall, the findings aligned
with earlier evidence that adjustment behavior is a core dimension of leakage detection and that
effective models must incorporate adjustment frequency, adjustment reason codes, approval trails, and
temporal clustering to capture leakage signals embedded in post-billing transaction activity.

The overall regression model demonstrated strong explanatory power, indicating that the combination
of pricing compliance detection, authorization integrity, temporal anomaly identification, and
adjustment behavior monitoring jointly explained a substantial proportion of variance in leakage
detection effectiveness. This multi-construct explanatory strength aligned with earlier studies that
conceptualized revenue leakage as a multi-dimensional phenomenon arising from multiple stages of
the revenue cycle (Kute et al., 2021). Prior research has argued that leakage rarely originates from a
single failure point; instead, it emerges through interacting process weaknesses such as pricing
misalignment, incomplete billing triggers, weak governance over adjustments, and delayed
reconciliation between operational and financial systems. The present findings supported this view by
showing that multiple constructs contributed significantly and independently to leakage detection
effectiveness. Earlier studies have also emphasized the importance of hybrid detection architectures
that combine rule-based controls with Al-based modeling, arguing that rule checks provide high
precision for known violations while AI models enhance recall by detecting subtle multi-factor
patterns. The present findings aligned with that conceptual direction by demonstrating that constructs
grounded in rule-based logic, such as pricing compliance and authorization integrity, showed strong
predictive power, while constructs associated with anomaly detection logic, such as temporal
irregularities and adjustment behavior patterns, also contributed significantly. This pattern supported
earlier evidence that effective detection systems integrate both deterministic and probabilistic signals.
Additionally, earlier research has highlighted that transaction-level analytics improves detection
because it preserves the micro-level evidence where leakage originates, enabling models to capture
repeated low-magnitude losses (Saheed et al., 2020). The present findings reinforced this by showing
consistently high descriptive scores and stable reliability across transaction-level constructs. The
model’s robustness was further supported by acceptable multicollinearity diagnostics, indicating that
the constructs captured related but distinct dimensions of leakage detection. This distinction aligned
with earlier studies that treated pricing, authorization, timing, and adjustment behavior as separable
components of revenue assurance. Overall, the findings strengthened the empirical case that
transaction-level Al-based leakage detection is most effective when modeled as a multi-factor system
rather than as a single detection rule or single anomaly indicator, which was consistent with the
dominant themes in earlier research across accounting analytics, continuous monitoring, and
transaction anomaly detection domains (Tatulli et al., 2023).

Hypothesis testing results demonstrated that most hypothesized relationships were statistically
supported, confirming that the research model was largely validated through quantitative evidence.
The accepted hypotheses indicated that pricing compliance detection, authorization integrity, temporal
anomaly identification, and adjustment behavior monitoring each contributed significantly to leakage
detection effectiveness (Farrugia et al., 2020). This pattern aligned with earlier studies that proposed
similar conceptual structures for transaction-level leakage detection, where pricing and governance-
related indicators are central and process-based anomalies provide additional explanatory strength.
The rejected hypothesis related to a secondary interaction effect was consistent with earlier research
observations that interaction terms often require larger samples, more precise measurement, and highly
stable process conditions to demonstrate consistent statistical significance. In transaction-level
environments, relationships among constructs can vary across industries, systems, and operational
policies, making interaction effects less stable than direct effects. The present findings therefore aligned
with earlier evidence that primary detection dimensions tend to show stronger and more consistent
relationships than secondary interaction mechanisms. The descriptive and reliability results further
supported hypothesis outcomes by demonstrating stable construct measurement and consistent item-
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level behavior (Cheng et al., 2023). Earlier studies have emphasized that measurement stability is
essential in transaction-level analytics because financial datasets contain noise, missingness, and
heterogeneity that can weaken construct coherence. The present findings confirmed that the constructs
maintained strong internal consistency, enabling reliable regression and hypothesis testing. The
hypothesis results also aligned with earlier research emphasizing that pricing and authorization
controls represent the most direct leakage prevention mechanisms, while temporal and adjustment
monitoring provide complementary detection signals. The statistical support for all primary constructs
reinforced this integrated view (Tahmasbi et al., 2023). Overall, the discussion of hypothesis outcomes
remained aligned with empirical decision rules and demonstrated consistency with earlier studies that
framed revenue leakage detection as a structured combination of pricing integrity, governance
compliance, temporal process monitoring, and adjustment behavior analysis within transaction-level
financial datasets.

CONCLUSION

Al-based revenue leakage detection models that operate on transaction-level financial data have been
examined extensively in the literature as a response to the growing complexity, volume, and
fragmentation of modern revenue cycles. Revenue leakage has been consistently conceptualized as the
erosion of legitimately earned income arising from pricing inconsistencies, incomplete billing capture,
unauthorized adjustments, delayed invoicing, reconciliation failures, and governance breakdowns that
occur within individual financial transactions rather than at aggregated reporting levels. Transaction-
level financial data, including invoice line items, payment records, credit and adjustment logs, and
ledger postings, provides the granularity necessary to observe these dispersed irregularities that often
remain invisible in summary financial statements. The reviewed studies collectively demonstrated that
Al-based detection models leverage this granularity by transforming transactional attributes into
structured analytical features that capture pricing compliance, authorization integrity, temporal
alignment, and behavioral consistency. Supervised learning approaches have been widely applied to
classify transactions as leakage-related or compliant based on historical confirmation records, while
unsupervised and semi-supervised approaches have modeled normal transaction behavior to identify
anomalous deviations without reliance on extensive labeled datasets. Rule-based detection has
remained foundational, particularly for pricing and authorization checks, and has been increasingly
integrated into hybrid architectures where rule outputs function as engineered features or pre-
screening mechanisms for AI models. Across studies, pricing deviation indicators and contract
compliance measures consistently emerged as the most influential detection signals, reflecting the
central role of pricing integrity in revenue realization. Authorization and approval-trail features also
demonstrated strong relevance, highlighting that leakage is frequently linked to governance
weaknesses rather than extreme financial outliers. Temporal and sequential modeling added an
important process-oriented dimension by capturing abnormal delays, irregular event ordering, and
repeated adjustment cycles that signal leakage risk. Adjustment behavior monitoring further
complemented these approaches by identifying patterns of excessive credits, reversals, and post-billing
modifications that directly reduce realized revenue. Quantitative findings across the reviewed studies
showed that models combining multiple transaction-level constructs achieved stronger explanatory
and predictive performance than single-factor approaches, supporting the view that revenue leakage
is a multi-dimensional phenomenon embedded across the revenue cycle. Reliability and descriptive
analyses consistently indicated stable construct measurement and coherent feature behavior, enabling
robust regression and hypothesis testing. Overall, the reviewed literature converged on the conclusion
that Al-based revenue leakage detection models are most effective when grounded in transaction-level
data, integrated across pricing, governance, timing, and adjustment dimensions, and designed to
balance interpretability with analytical flexibility, thereby providing a comprehensive framework for
identifying revenue erosion within complex financial systems.

RECOMMENDATIONS

using transaction-level financial data, several actionable recommendations emerge for organizations,
system designers, and analytics practitioners seeking to strengthen revenue assurance capabilities.
First, revenue leakage detection initiatives should be anchored at the transaction level rather than
relying on aggregated financial summaries, as granular data provides the necessary visibility to
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identify dispersed and low-magnitude leakage patterns that accumulate into material losses.
Organizations are recommended to prioritize the integration of invoice line items, pricing components,
adjustment records, payment transactions, and ledger postings into a unified analytical dataset,
ensuring consistent identifiers and temporal alignment across systems. Second, detection architectures
should adopt hybrid frameworks that combine deterministic rule-based controls with Al-driven
models. Rule-based mechanisms should be retained for enforcing explicit pricing rules, authorization
thresholds, and reconciliation requirements, while AI models should be leveraged to capture complex,
multi-factor, and previously unknown leakage patterns that rules alone cannot encode. Third, feature
engineering should be treated as a strategic design activity rather than a purely technical step. Features
reflecting pricing deviations, contract compliance, approval hierarchy adherence, temporal lags,
adjustment frequency, and peer-group comparisons should be systematically developed and validated,
as these features have demonstrated strong relevance for leakage detection effectiveness. Fourth,
organizations are encouraged to implement cohort-based baselining and segmentation strategies to
reduce false positives arising from legitimate variability across products, customers, regions, and
billing models. This approach improves detection accuracy by ensuring that anomalies are evaluated
relative to appropriate operational contexts. Fifth, anomaly detection and supervised learning models
should be deployed primarily as prioritization tools rather than binary decision engines, using
continuous risk scores to rank transactions for investigation based on organizational capacity and risk
tolerance. Sixth, robust data governance practices are essential, including standardized master data
management, explicit handling of missing and noisy fields, and documented transformation logic, as
data quality directly influences detection reliability. Seventh, model evaluation and monitoring
processes should emphasize stability, interpretability, and consistency over time, using time-aware
validation and periodic recalibration to account for operational changes, pricing updates, and system
migrations. Finally, organizations should align revenue leakage detection outputs with investigation
workflows and control ownership, ensuring that flagged transactions can be traced, explained, and
corrected efficiently. Collectively, these recommendations support the development of scalable,
explainable, and effective Al-based revenue leakage detection systems that leverage transaction-level
financial data to protect realized revenue in complex, high-volume financial environments.
LIMITATIONS

Several limitations were associated with the review of Al-based revenue leakage detection models
using transaction-level financial data, and these limitations influenced the scope, comparability, and
generalizability of the synthesized findings. A primary limitation involved inconsistency in how
revenue leakage was defined and operationalized across studies, as some research treated leakage as
pricing noncompliance, others treated it as billing omission, and others emphasized under collection
or post-billing adjustment misuse. This definitional variability restricted direct comparison of results
because detection models evaluated different leakage phenomena even when using similar algorithms.
A second limitation involved variation in transaction-level data structure and availability across
industries, as datasets differed substantially in granularity, system integration quality, and presence of
process metadata such as approval trails, reason codes, and operational delivery evidence. These
differences affected feature engineering strategies and limited the ability to generalize findings across
sectors with distinct revenue-cycle architectures. A third limitation concerned label scarcity and label
bias in supervised learning studies, as confirmed leakage cases were often derived from audits,
disputes, or corrective actions, which reflected detection processes rather than the full universe of
leakage events. This limitation introduced selection bias and reduced confidence in model performance
estimates reported in some studies. A fourth limitation involved evaluation inconsistency, as studies
reported different metrics, validation strategies, and sampling procedures, including non-time-aware
splits that may have inflated performance in sequential transaction environments. This restricted the
ability to synthesize performance outcomes quantitatively across studies. A fifth limitation involved
the influence of data quality issues such as missing fields, inconsistent identifiers, duplicate records,
and timestamp ambiguity, which were frequently acknowledged but not uniformly addressed in
published methodologies. Since transaction-level leakage detection is highly sensitive to data
integration accuracy, incomplete handling of these issues may have contributed to unstable results in
some reported models. A sixth limitation involved interpretability constraints, particularly in studies
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applying complex ensemble or deep learning methods, where model outputs were less transparent and
difficult to align with audit requirements and operational remediation workflows. This limitation
reduced practical comparability because detection effectiveness depends not only on statistical
accuracy but also on usability in investigation contexts. A final limitation involved restricted reporting
of organizational context, as many studies did not provide detailed descriptions of revenue-cycle
workflows, governance policies, or system architecture, which constrained understanding of why
certain detection approaches performed well in specific environments. Collectively, these limitations
indicated that while the reviewed literature provided strong evidence supporting transaction-level Al-
based leakage detection, variations in definitions, data structures, labeling quality, and evaluation
practices constrained direct cross-study comparability and reduced the precision of general
conclusions.
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