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Abstract 
This quantitative study examined the effectiveness of AI-enabled financial accuracy models in improving error 
detection and reporting integrity within corporate accounting systems. Using a retrospective observational 
design, the analysis was based on 48,620 accounting transactions extracted from integrated accounting 
information systems, including general ledger entries, subledger postings, and period-end adjustments. 
Confirmed error outcomes were identified through documented reversals, reclassifications, reconciliation 
resolutions, and audit adjustment linkages, yielding an observed error rate of 2.5% (1,215 transactions). 
Transaction-level and account-period indicators capturing transaction magnitude, posting lateness, exception 
frequency, reconciliation variance, account-linkage intensity, and workflow complexity were operationalized 
and analyzed using statistical and machine learning techniques. Descriptive findings showed that error-labeled 
transactions exhibited substantially higher reconciliation variance (mean USD 1,420 vs 180), longer posting 
delays (mean 5.6 days vs 1.8 days), and extended correction cycle times (mean 6.9 days vs 1.1 days) compared 
with non-error transactions. Correlation analysis demonstrated coherent positive associations among timing 
disruption, exception frequency, and reconciliation variance, while reporting integrity indicators showed strong 
alignment with audit adjustment volume (r = 0.63). Regression results indicated that posting lateness (odds 
ratio 1.48), exception frequency (1.36), reconciliation variance (1.29), and account-linkage intensity (1.21) were 
significant predictors of confirmed error occurrence after controlling for organizational and system factors. 
Comparative model evaluation showed that AI-based classifiers outperformed baseline rule-based exception 
detection, with a tree-based ensemble model achieving an AUC of 0.87, precision of 0.49, and F1-score of 0.60, 
compared with an AUC of 0.68 and precision of 0.22 for the rule-based approach. Overall, the findings 
demonstrated that AI-enabled financial accuracy models provided superior discriminatory power and more 
balanced detection performance by capturing multivariate process, control, and linkage-driven risk patterns that 
traditional rule-based mechanisms failed to identify consistently. 
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INTRODUCTION 
Financial accuracy in corporate accounting systems refers to the extent to which recorded financial data 
precisely reflect underlying economic transactions, operational activities, and organizational financial 
positions (Chen et al., 2019). Accuracy is foundational to accounting measurement, serving as the basis 
for reliable financial reporting, audit assurance, regulatory compliance, and managerial decision-
making. In quantitative accounting research, financial accuracy is treated as a measurable construct 
that captures the alignment between transactional inputs, processing logic, and reported outputs across 
accounting cycles. Error detection, in this context, represents the systematic identification of deviations, 
inconsistencies, or misclassifications within financial records that arise from data entry mistakes, 
system processing faults, integration mismatches, or procedural lapses. Reporting integrity extends 
beyond numerical precision to encompass the consistency, traceability, completeness, and verifiability 
of financial disclosures across time periods and organizational units (Noordin et al., 2022). Corporate 
accounting systems operate within increasingly complex digital environments where transaction 
volumes are high, data sources are heterogeneous, and reporting timelines are compressed. As a result, 
even minor inaccuracies can propagate across interconnected subsystems, leading to cumulative 
distortions in financial statements. Quantitative models of financial accuracy often examine error 
frequency, reconciliation variance, adjustment volume, and control exception rates as indicators of 
system performance. Traditional accounting controls rely heavily on deterministic rules, manual 
reviews, and periodic audits, which function effectively in stable environments but encounter 
scalability limitations in data-intensive corporate settings. The statistical properties of modern 
accounting data, including nonlinearity, seasonality, and transaction clustering, further complicate 
conventional error detection approaches.Within this analytical landscape, the conceptualization of 
financial accuracy has evolved from a static attribute of accounting records to a dynamic outcome of 
continuous data processing and control evaluation. Error detection is no longer confined to post hoc 
verification but is increasingly embedded within real-time transaction processing frameworks (Craja et 
al., 2020). Reporting integrity is consequently understood as an emergent property of system design, 
data governance, and analytical capability. These definitional foundations establish the analytical basis 
for examining advanced computational approaches that enhance accuracy and error detection within 
corporate accounting systems. 
Artificial intelligence in accounting systems is defined as the application of computational models 
capable of learning from financial data, identifying patterns, and generating probabilistic assessments 
without relying solely on predefined rules (El-Haj et al., 2020). In quantitative research, AI is treated as 
a methodological framework that enhances analytical capacity through automated feature extraction, 
classification, and anomaly recognition. AI-enabled accounting models process large volumes of 
structured financial data to identify relationships that are difficult to capture using linear or rule-based 
techniques. These models operate through iterative learning mechanisms that adjust internal 
parameters based on observed data behavior, thereby improving detection accuracy over time. Within 
corporate accounting environments, AI functions as an analytical augmentation layer that 
complements traditional accounting information systems. It operates across transactional data streams 
generated by enterprise resource planning systems, subsidiary ledgers, and financial consolidation 
platforms (Polak et al., 2020). Quantitative accounting analytics increasingly rely on AI to address the 
limitations of threshold-based controls that generate excessive false positives or fail to detect subtle 
irregularities. AI models analyze distributions of transaction values, timing patterns, account 
relationships, and historical behavior to identify deviations that may indicate errors. From a 
measurement perspective, AI-enabled error detection systems produce probabilistic scores rather than 
binary classifications, allowing for graded assessments of financial risk and anomaly likelihood. This 
quantitative flexibility enables more nuanced control responses and prioritization of investigative 
efforts. AI models also facilitate multivariate analysis of accounting data, capturing interdependencies 
across accounts, periods, and organizational units (Li et al., 2023). The integration of AI into accounting 
analytics represents a shift toward data-driven validation processes that align with the statistical 
complexity of modern corporate financial systems. 
Financial errors in corporate accounting systems manifest in diverse forms, including clerical 
misentries, misclassification of accounts, timing discrepancies, aggregation inconsistencies, and 
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system-generated processing faults (Huang & Vasarhelyi, 2019; Mohiul, 2020). These errors vary in 
magnitude, frequency, and impact, complicating their detection through uniform control mechanisms. 
Quantitative research distinguishes between random errors, which arise unpredictably, and systematic 
errors, which follow recurring patterns linked to process design or system configuration. Each error 
type presents distinct analytical challenges, requiring tailored detection strategies. Traditional error 
detection mechanisms rely on reconciliation procedures, variance thresholds, and exception reporting. 
While effective for identifying large discrepancies, these approaches often lack sensitivity to low-
magnitude but high-frequency errors that accumulate over time. In complex accounting environments, 
error propagation across interconnected modules further obscures detection efforts (Bao et al., 2022; 
Jinnat & Kamrul, 2021). Quantitative analyses show that error visibility decreases as transaction volume 
increases and as accounting systems integrate multiple operational data sources. AI-enabled financial 
accuracy models address these challenges by employing pattern recognition techniques that detect 
deviations relative to historical and peer-group benchmarks. These models analyze error distributions 
across accounts, time periods, and organizational entities, allowing for granular identification of 
abnormal behavior (Ibrahim et al., 2021; Rabiul & Samia, 2021). By incorporating contextual variables 
such as transaction timing, vendor characteristics, and operational cycles, AI systems enhance the 
statistical power of error detection  The ability to continuously learn from newly processed data enables 
adaptive refinement of detection thresholds, improving accuracy under changing business conditions. 
 

Figure 1: AI-Enabled Financial Accuracy Framework 

 
Reporting integrity in corporate accounting systems represents the degree to which financial reports 
consistently reflect accurate, complete, and traceable data across reporting periods. Integrity is assessed 
quantitatively through measures such as restatement frequency, audit adjustment volume, control 
deficiency rates, and reconciliation resolution times (Yoon, 2020). High reporting integrity indicates 
that accounting systems effectively prevent, detect, and correct errors before financial disclosures are 
finalized.System design plays a central role in shaping reporting integrity outcomes. Integrated 
accounting architectures that automate data flows reduce manual intervention but introduce 
dependencies that amplify the impact of processing errors. Quantitative studies emphasize the 
importance of embedded validation mechanisms that operate continuously rather than episodically. 
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AI-enabled accuracy models enhance system integrity by embedding statistical validation directly into 
transaction processing workflows (Ali et al., 2022). These models support integrity by identifying 
inconsistencies across linked datasets, such as mismatches between subledgers and general ledger 
balances. By generating probabilistic assessments of data reliability, AI systems support evidence-
based decision-making in financial close processes. Reporting integrity thus emerges as a measurable 
system-level property influenced by analytical capability, data governance, and control automation 
(Alghofaili et al., 2020; Mohiul & Rahman, 2021). 
Corporate accounting systems operate within a globalized economic environment characterized by 
cross-border transactions, multinational operations, and diverse regulatory regimes (Ashtiani & 
Raahemi, 2021; Rahman & Abdul, 2021). Financial accuracy and reporting integrity acquire 
international significance as organizations consolidate financial data across jurisdictions with varying 
accounting standards, currencies, and compliance requirements. Quantitative complexity increases as 
firms manage exchange rate effects, intercompany transactions, and jurisdiction-specific reporting 
obligations. International accounting environments amplify the risk of errors due to system 
heterogeneity and regulatory diversity. AI-enabled accuracy models offer scalable analytical solutions 
capable of handling multilingual datasets, multi-currency transactions, and jurisdictional variations 
(Son et al., 2019; Haider & Shahrin, 2021). These models support consistency in error detection across 
global operations by applying standardized analytical logic while adapting to local data characteristics. 
From a global governance perspective, accurate financial reporting underpins investor confidence, 
market stability, and regulatory oversight. Quantitative enhancements to error detection contribute to 
the reliability of international financial disclosures and support comparability across markets. AI-
driven analytics thus play a critical role in maintaining financial accuracy within globally distributed 
corporate accounting systems (Sailusha et al., 2020; Zulqarnain & Subrato, 2021). 
 

Figure 2: AI-Driven Financial Accuracy System 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The effectiveness of AI-enabled financial accuracy models is evaluated through quantitative 
performance metrics that assess detection precision, recall, false positive rates, and processing 
efficiency (Wu et al., 2022). These metrics provide empirical evidence of model capability relative to 
traditional control mechanisms. Performance evaluation involves analyzing model outputs against 
validated error datasets to determine classification accuracy. AI models are also assessed based on 
scalability, computational efficiency, and adaptability to changing data environments. Quantitative 
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studies measure system performance under varying transaction volumes and complexity levels 
(Rahman, 2022; Sadgali et al., 2019). By analyzing longitudinal data, researchers examine how model 
accuracy evolves as learning mechanisms incorporate new information. These measurement 
frameworks provide a statistical basis for comparing AI-enabled approaches with conventional 
accounting controls. Quantitative evaluation supports evidence-based assessment of system 
effectiveness and informs optimization of analytical configurations within corporate accounting 
environments (Habibullah & Mohiul, 2023; Zhang et al., 2023).  
The integration of AI-enabled financial accuracy models into corporate accounting systems represents 
a structural transformation of accounting analytics. Integration involves embedding analytical engines 
within existing system architectures to support real-time error detection and reporting validation 
(Ashraf et al., 2019; Hasan & Waladur, 2023). Quantitative integration studies examine system 
interoperability, data latency, and analytical throughput. AI models interface with core accounting 
modules through standardized data pipelines that enable continuous monitoring of financial 
transactions. This integration supports proactive identification of anomalies before financial close 
cycles. Quantitative assessments demonstrate that embedded AI analytics enhance control coverage 
without proportionally increasing operational burden (Ding et al., 2020; Rabiul & Mushfequr, 2023). By 
aligning analytical capability with system workflows, AI-enabled models strengthen the quantitative 
foundation of financial accuracy and reporting integrity. This integration establishes a comprehensive 
analytical framework for examining how advanced computational methods reshape error detection 
within corporate accounting systems (Shahrin & Samia, 2023; Zhang et al., 2020). 
The objective of this quantitative study is to develop and empirically evaluate AI-enabled financial 
accuracy models that strengthen error detection and reporting integrity within corporate accounting 
systems by using measurable indicators of misstatement risk, anomaly frequency, reconciliation 
variance, and control-exception behavior. The study aims to operationalize financial accuracy as a set 
of quantifiable outcomes captured from transactional accounting data, including general ledger 
postings, subledger movements, journal entry patterns, and period-end adjustment logs, and to 
translate these outcomes into a structured analytical dataset suitable for statistical and machine-
learning assessment. A central objective is to design an error-detection framework that can classify and 
score accounting records according to anomaly likelihood using data-driven features such as 
transaction timing irregularities, unusual monetary distributions, account-to-account relationship 
deviations, vendor or customer behavioral outliers, and atypical combinations of accounting attributes. 
The study also aims to compare model performance against established baseline procedures used in 
corporate finance functions, including rule-based exception reporting and conventional reconciliation 
thresholds, by applying consistent quantitative evaluation metrics such as precision, recall, false-
positive rate, and overall detection accuracy. Another objective is to test the stability and robustness of 
AI-enabled accuracy models under varying operational conditions, including high-volume transaction 
periods, multi-entity consolidation contexts, and heterogeneous data structures produced by 
integrated ERP and AIS environments. The study further seeks to quantify the contribution of model 
outputs to reporting integrity by examining how anomaly scoring aligns with verified error instances, 
audit adjustments, and reconciliation outcomes, thereby establishing statistical relationships between 
AI-generated signals and real accounting exceptions. In addition, the research aims to construct an 
interpretability-oriented output layer that supports accounting oversight by presenting ranked 
anomaly cases, feature-driven rationales, and audit-traceable records of detection results without 
embedding subjective judgments into the reporting process. Collectively, these objectives position the 
study to provide a rigorous quantitative assessment of how AI-based detection models can be 
structured, measured, and validated within corporate accounting systems using reproducible data 
procedures and clearly defined accuracy and integrity metrics. 
LITERATURE REVIEW 
The Literature Review section situates this quantitative study within the established body of 
knowledge on accounting information systems, financial reporting quality, internal control 
effectiveness, audit analytics, and AI-driven anomaly detection. In quantitative corporate accounting 
research, error detection and reporting integrity are typically examined through measurable indicators 
such as misstatement frequency, audit adjustment volume, reconciliation variance, restatement 
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incidence, control-exception rates, and timeliness of corrective entries (Buturac, 2021). This section 
consolidates empirical and method-driven scholarship that explains how errors arise in accounting 
workflows, how reporting integrity is quantified, and how analytical models improve the detection of 
abnormal patterns in transactional datasets. The review also frames the evolution of automated control 
mechanisms from deterministic rule-based approaches toward data-driven detection models that rely 
on statistical learning, multivariate relationships, and probabilistic scoring. In corporate contexts where 
ERP and accounting information systems generate continuous financial data streams, research 
increasingly addresses how computational methods process high-volume structured records to 
identify anomalies that may signal errors, irregularities, or misclassifications. Accordingly, the review 
prioritizes studies that contribute measurable constructs, datasets, model evaluation procedures, and 
quantitative validation techniques relevant to AI-enabled financial accuracy models (Muslu et al., 
2019). It also examines how control environments, system integration complexity, and data governance 
quality shape the observed performance of error detection tools. Given the international operational 
scope of corporate accounting systems, the review includes literature addressing cross-jurisdiction 
reporting environments and the quantitative challenges introduced by multi-entity consolidation, 
multi-currency transactions, and diverse compliance requirements. The section is organized to build a 
coherent quantitative foundation: beginning with definitional and measurement perspectives, 
progressing through empirical findings on internal control and reporting quality, and culminating in 
technical literature on machine learning, anomaly detection, and audit analytics applied to accounting 
data. This structure supports a clear linkage between prior research and the measurable variables, 
model design choices, and evaluation metrics employed in the present study, ensuring that the 
subsequent methodology is grounded in established quantitative approaches rather than conceptual 
generalizations (Rundo et al., 2019). 
Financial Accuracy 
Financial accuracy in corporate accounting systems is widely treated in the literature as a measurable 
construct reflecting the alignment between recorded financial information and underlying economic 
events (Li et al., 2023). Rather than being viewed as an abstract quality, accuracy is operationalized 
through observable outcomes that capture the extent of deviation between expected and actual 
accounting records. Empirical accounting research conceptualizes accuracy through indicators such as 
transaction variance, frequency of detected errors, and the volume of post-entry adjustments recorded 
during financial close cycles. These indicators allow researchers to quantify how closely accounting 
systems adhere to prescribed recording logic and internal control expectations. Financial accuracy is 
also examined as a system-level attribute influenced by data processing integrity, control design, and 
organizational workflows. Literature emphasizes that inaccuracies often arise not from isolated 
mistakes but from cumulative misalignments across interconnected accounting modules (Rifat & 
Rebeka, 2023; Staniewski & Awruk, 2019). As transaction volumes increase, small inconsistencies can 
aggregate into material misstatements, making accuracy measurement essential for evaluating system 
performance. Quantitative studies further highlight that accuracy metrics provide a foundation for 
comparing control effectiveness across firms, periods, and system configurations. By treating accuracy 
as an empirical construct, researchers are able to link accounting outcomes to system characteristics, 
governance mechanisms, and analytical tools. This measurement-oriented perspective enables rigorous 
assessment of accounting reliability without relying on subjective judgment. As a result, financial 
accuracy functions as a core dependent construct in quantitative accounting and information systems 
research (Kumar, 2023; Sahu et al., 2023). 
Measurement indicators used to assess financial accuracy focus on observable behaviors within 
accounting workflows that signal the presence and resolution of errors. Reconciliation variance 
magnitude is commonly examined as a reflection of discrepancies between related accounting records, 
such as subledgers and general ledger balances. Larger or persistent variances indicate weaknesses in 
transaction processing or system integration (Bachurski et al., 2019; Saikat & Aditya, 2023). Posting 
error rates capture the frequency with which accounting entries require correction after initial 
recording, offering insight into data entry quality and automated control effectiveness. Correction cycle 
time represents the duration between error occurrence and resolution, serving as an indicator of system 
responsiveness and control efficiency. Literature emphasizes that shorter correction cycles are 
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associated with stronger monitoring mechanisms and higher reporting reliability (Yang et al., 2019; 
Zulqarnain & Subrato, 2023). These indicators are particularly valuable because they can be derived 
directly from accounting system logs and audit trails, allowing for objective measurement. Researchers 
note that relying on a single indicator provides an incomplete picture of accuracy, leading to the use of 
composite measures that capture multiple dimensions of error behavior. Quantitative analysis of these 
indicators supports comparative evaluation across organizational units, reporting periods, and system 
designs (Md & Praveen, 2024; Shen et al., 2021). By grounding accuracy assessment in measurable 
indicators, accounting research advances beyond compliance-oriented evaluation toward 
performance-based system analysis. 
 

Figure 3: Determinants of Financial Accuracy Framework 

Data quality is a central determinant of financial accuracy and is extensively examined in accounting 
and information systems literature. Core data quality dimensions include completeness, duplication, 
and field integrity within accounting datasets (Leo et al., 2019; Md & Praveen, 2024). Completeness 
ratio reflects the extent to which required data fields are populated across transactions, directly 
influencing the reliability of downstream reporting. Missing or incomplete fields increase the likelihood 
of misclassification, reconciliation failure, and delayed error detection. Duplication rate captures the 
presence of repeated or redundant records that distort account balances and inflate transaction 
volumes. Literature identifies duplication as a common source of reconciliation discrepancies in 
integrated ERP environments. Missing-field prevalence highlights structural weaknesses in data 
capture processes and system validation rules (Foysal & Abdulla, 2024; Sharma et al., 2021). Studies 
emphasize that poor data quality amplifies error propagation, as flawed inputs affect multiple 
reporting outputs simultaneously. Quantitative assessments of data quality enable researchers to 
isolate the contribution of data integrity issues to overall accuracy outcomes (Ibne & Aditya, 2024). By 
examining these dimensions empirically, the literature demonstrates that financial accuracy is not 
solely dependent on accounting rules but is deeply embedded in data governance and system 
configuration. This perspective reinforces the importance of measuring data quality as a foundational 
component of accuracy evaluation. 
Accounting Errors in Transactional Systems 
Quantitative accounting literature distinguishes accounting errors into random and systematic 
categories based on their frequency, recurrence, and underlying causal mechanisms (Bao et al., 2022; 
Mosheur & Arman, 2024). Random errors are characterized by irregular occurrence and lack of 
consistent patterns across transactions, accounts, or reporting periods. These errors often arise from 
isolated data entry mistakes, one-time processing failures, or unique transactional anomalies. Because 
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of their sporadic nature, random errors are difficult to predict using deterministic rules and are 
typically identified through statistical outlier detection or post-reconciliation review. Systematic errors, 
in contrast, follow identifiable patterns and recur consistently due to structural issues embedded within 
accounting processes or system configurations (Saba & Hasan, 2024; Yang & Lee, 2020). Such errors 
may originate from flawed account mapping logic, incorrect parameter settings, or persistent 
procedural deficiencies. Literature emphasizes that systematic errors pose a greater risk to financial 
accuracy because they propagate across large volumes of transactions, often remaining undetected 
until formal audits or financial restatements occur (Kumar, 2024; Praveen, 2024). Frequency 
distribution analysis is commonly used to differentiate these error types by examining clustering 
behavior, repetition rates, and deviation persistence across datasets. By analyzing error frequency over 
time and across accounting dimensions, researchers can infer whether anomalies reflect random noise 
or structural failure. This classification framework provides a quantitative foundation for 
understanding how different error types influence reporting integrity and control effectiveness in 
transactional accounting systems (Jinnat, 2025; Khazane et al., 2019; Shaikat & Aditya, 2024). 
Misclassification errors represent a significant category of accounting inaccuracies arising when 
transactions are recorded under incorrect accounts, cost centers, or financial categories. In quantitative 
literature, these errors are examined through mismatch rates that capture the proportion of transactions 
assigned to inappropriate account codes relative to established mapping rules (Rashid, 2025a, 2025b; 
Shao et al., 2022). Misclassification often results from ambiguous transaction descriptions, inconsistent 
coding practices, or misaligned chart-of-accounts structures. In integrated accounting environments, 
mapping errors are exacerbated by automated posting logic that applies standardized rules across 
diverse transaction types (Mosheur, 2025; Rabiul, 2025). Literature highlights that even low 
misclassification rates can materially distort financial statements when applied to high-volume 
accounts. Quantitative studies analyze mismatch patterns to identify recurring mapping failures 
associated with specific vendors, departments, or transaction attributes. These patterns reveal 
systematic weaknesses in account design and control validation mechanisms (Mao et al., 2022; Shahrin, 
2025; Rakibul, 2025). Misclassification errors also complicate financial analysis by reducing 
comparability across periods and organizational units. Researchers emphasize that mismatch rate 
analysis enables objective assessment of classification accuracy without reliance on subjective 
judgment. By quantifying misclassification behavior, accounting research links error occurrence to 
system configuration, data quality, and control design. This approach reinforces the importance of 
precise account mapping as a measurable determinant of financial accuracy in transactional systems 
(Wang et al., 2022). 
Timing errors occur when accounting transactions are recorded outside the appropriate reporting 
period, resulting in distortions in financial performance measurement and balance accuracy. Literature 
identifies late postings, premature recognition, and delayed adjustments as common manifestations of 
timing-related inaccuracies (Montesdeoca et al., 2019; Kumar, 2025; Praveen & Md, 2025). Quantitative 
analysis of timing errors focuses on measuring posting delays relative to transaction dates, operational 
events, or reporting cutoffs. Late posting rates are used to assess the prevalence of timing deviations 
across accounting cycles. These deviations often stem from process bottlenecks, system latency, 
approval delays, or data integration failures. Temporal anomaly scoring techniques analyze posting 
behavior across time to identify abnormal clustering near period-end or irregular posting intervals 
(Lahann et al., 2019). Literature emphasizes that timing errors undermine the reliability of accrual-
based accounting by misaligning economic activity with reported outcomes. Quantitative detection of 
temporal anomalies allows researchers to examine how system design and workflow coordination 
influence posting accuracy. Persistent timing deviations indicate structural inefficiencies rather than 
isolated errors. By treating timing behavior as a measurable dimension of accuracy, accounting research 
advances systematic evaluation of posting discipline and reporting reliability within transactional 
systems (Yoon, 2020). 
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Figure 4: Classification of Accounting Error Types 

Aggregation and consolidation errors arise when financial data from multiple sources, entities, or 
subsidiaries are combined inaccurately during reporting processes. These errors are particularly 
prevalent in corporate environments that rely on intercompany transactions, shared services, and 
centralized consolidation platforms (Wu et al., 2019). Quantitative literature examines aggregation 
errors through intercompany mismatch counts, elimination discrepancies, and inconsistencies between 
consolidated and subsidiary-level records. Such errors often result from misaligned consolidation rules, 
currency translation inconsistencies, or incomplete elimination entries. Intercompany mismatch counts 
provide an objective measure of discrepancies between reciprocal transactions recorded by different 
entities. Elimination variance captures the residual balances that remain after consolidation 
adjustments, indicating potential errors in aggregation logic (Kitsantas & Chytis, 2022). Literature 
highlights that consolidation errors have amplified impact because they affect reported figures at the 
group level, influencing external disclosures and stakeholder assessments. Quantitative analysis of 
these errors supports identification of structural weaknesses in consolidation workflows and data 
integration processes. By measuring aggregation behavior empirically, accounting research 
demonstrates how system complexity and organizational structure contribute to financial inaccuracies 
(Taherdoost, 2021). This perspective underscores the importance of treating consolidation accuracy as 
a distinct and measurable component of transactional accounting system performance. 
Reporting Integrity in Corporate Financial Reporting 
Reporting integrity in corporate financial reporting is commonly examined through empirical proxies 
that capture observable outcomes associated with reporting reliability and control effectiveness. 
Among the most widely used proxies are restatement incidence, audit adjustment volume, and 
disclosure inconsistency measures (Palacios-Manzano et al., 2021). Restatement incidence reflects 
instances where previously issued financial statements require correction, signaling breakdowns in 
reporting accuracy and internal validation processes. Audit adjustment volume represents the number 
and magnitude of changes proposed or recorded during audit procedures, providing quantitative 
evidence of discrepancies between reported figures and verified financial positions. Disclosure 
inconsistency indices capture misalignments between related disclosures across financial statements, 
notes, and management reports. Literature emphasizes that these proxies offer objective, outcome-
based measures of integrity rather than relying on subjective assessments of reporting quality (Pham 
& Tran, 2020). By focusing on post-reporting corrections and audit interventions, researchers assess 
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how effectively accounting systems prevent errors from reaching finalized reports. These proxies are 
particularly valuable because they are externally verifiable and comparable across firms and reporting 
periods. Quantitative analysis of reporting integrity proxies enables examination of systemic 
weaknesses in accounting processes, control environments, and system integration (Dupont & Karpoff, 
2020). As a result, reporting integrity is treated as a measurable construct rooted in observable financial 
reporting outcomes rather than a purely normative concept. 
 

Figure 5: Determinants of Reporting Integrity Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Reliability in financial reporting is quantitatively assessed through the stability and consistency of 
account balances across reporting periods. Literature evaluates reliability by examining fluctuations in 
account values that cannot be explained by underlying operational or economic activity (Gh. Popescu 
& Banța, 2019). Stability analysis focuses on the persistence of balance patterns over time, identifying 
abnormal volatility that may indicate errors, misclassifications, or control failures. Volatility 
diagnostics measure the degree of variation in account balances relative to historical norms or peer 
benchmarks. Excessive volatility signals potential integrity issues, particularly when changes occur 
without corresponding transactional justification. Quantitative studies emphasize that reliable 
reporting systems exhibit predictable and explainable patterns of account movement (Wang et al., 
2020). Reliability metrics are derived from longitudinal data, enabling researchers to detect recurring 
irregularities that undermine confidence in reported figures. By analyzing balance behavior over 
multiple periods, literature distinguishes between legitimate operational variation and anomalous 
reporting behavior. These quantitative approaches allow for systematic evaluation of reporting 
reliability at both account and system levels. Reliability assessment thus functions as a core empirical 
component of reporting integrity analysis in corporate financial research (Mbir et al., 2020). 
Integrity loss in corporate accounting systems often occurs through error propagation across 
interconnected modules and processes (Al-Ebel et al., 2020). Literature highlights that modern 
accounting systems are highly integrated, meaning errors originating in one module can cascade into 
multiple reporting outputs. Error propagation is examined through dependency structures that map 
relationships between transactional inputs, processing stages, and reporting outputs. These 
dependency pathways reveal how inaccuracies spread across general ledger, subledgers, consolidation 
modules, and reporting tools. Quantitative analysis of propagation behavior focuses on identifying 
modules with high dependency centrality, where errors have disproportionate impact (Jan, 2021). 
Integrity loss pathways are further examined by tracing error recurrence across reporting cycles, 
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indicating unresolved structural weaknesses. Literature emphasizes that propagation effects amplify 
the materiality of otherwise minor errors. By measuring how errors traverse system dependencies, 
researchers gain insight into systemic vulnerability points. This approach shifts the focus from isolated 
error detection to holistic system integrity evaluation (Ferriswara et al., 2022). Understanding 
propagation mechanisms supports quantitative assessment of reporting robustness and highlights the 
interconnected nature of financial accuracy within corporate accounting infrastructures. 
To capture the multidimensional nature of reporting integrity, literature increasingly employs 
composite integrity scores constructed from multiple quantitative indicators (Jiang et al., 2019). These 
scores aggregate measures such as restatement frequency, adjustment volume, volatility diagnostics, 
and disclosure consistency into unified indices. Weighted scoring models assign relative importance to 
each indicator based on empirical relevance or analytical objectives. Composite integrity scores enable 
comparative analysis across firms, periods, or system configurations by providing standardized 
benchmarks. Literature emphasizes that composite measures reduce noise associated with single 
indicators and provide more stable assessments of reporting quality (Horton et al., 2021). Score 
construction requires transparent definition of components, normalization procedures, and weighting 
logic to ensure interpretability and replicability. Quantitative validation of integrity scores involves 
examining their alignment with known reporting outcomes and control evaluations. By consolidating 
diverse integrity dimensions into structured indices, researchers facilitate rigorous statistical analysis 
and model integration. Composite integrity scoring thus represents a methodological advancement in 
empirical financial reporting research, enabling comprehensive evaluation of system-level reporting 
performance (Rezaee & Tuo, 2019). 
Quantitative Control-Exception Modeling 
Internal control effectiveness is frequently evaluated in the literature through measurable exception 
behavior observed within transactional accounting systems (Werner et al., 2021). Control exception 
rates represent the frequency with which transactions or process events violate predefined control 
rules, validation checks, or authorization requirements. In quantitative terms, a higher exception rate 
is interpreted as evidence of control weakness because it signals either repeated noncompliance with 
process requirements or inadequate control design that fails to prevent undesirable conditions. 
Literature treats exception rates as system-generated indicators that can be compared across 
departments, periods, and transaction categories to identify areas of elevated risk. Exception patterns 
are also examined for clustering and recurrence, which suggests structural problems rather than 
isolated human error (Teutsch & Verhoeven, 2019). Researchers emphasize that exception rates become 
more analytically meaningful when linked to downstream outcomes such as adjustment activity, 
reconciliation delays, or audit intervention frequency. Exception metrics are commonly derived from 
ERP logs, workflow approval trails, and system validation outputs, enabling objective measurement at 
scale. This supports empirical evaluation of internal control performance without requiring reliance on 
subjective managerial assessments. Quantitative control-exception modeling also distinguishes 
between high-frequency low-severity exceptions and low-frequency high-severity exceptions, 
recognizing that control weakness can manifest in different ways depending on the nature of the 
underlying process (Laub et al., 2019). As a result, exception rate analysis is positioned in the literature 
as a foundational empirical approach for diagnosing control effectiveness and identifying operational 
vulnerabilities embedded in accounting workflows. 
Segregation of duties is a widely recognized internal control principle designed to prevent 
unauthorized activities by separating key responsibilities across different individuals or roles (Johnson 
& Babu, 2020). In transactional accounting systems, segregation-of-duties violations occur when a 
single user account or role combination enables control-incompatible actions, such as initiating, 
approving, and posting the same transaction stream. Literature treats these violations as quantifiable 
indicators of heightened risk because they reduce procedural accountability and increase exposure to 
manipulation and unapproved corrections. Access-log anomaly counts provide a data-driven approach 
for measuring segregation-of-duties problems by identifying unusual permission use, atypical access 
sequences, or rare combinations of actions performed by the same identity (Kokina & Blanchette, 2019). 
Researchers analyze access logs to detect patterns such as repeated overrides, abnormal timing of 
approvals, and cross-module activity that exceeds normal role expectations. Quantitative approaches 
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emphasize the value of access-log analysis because it captures behavioral evidence of control 
breakdown rather than relying solely on stated policy compliance. Segregation-of-duties violations are 
also examined across organizational units to identify role design weaknesses and inconsistent 
permission governance. Literature notes that violations can persist due to legacy role assignments, 
system migration artifacts, and insufficient access review cycles, making anomaly counts a practical 
indicator for monitoring control health (Chowdhury et al., 2021). By converting access behaviors into 
measurable indicators, research supports systematic evaluation of segregation-of-duties effectiveness 
as part of broader control-exception modeling in corporate accounting environments. 
 

Figure 6: Internal Control Effectiveness Measurement Framework 

Audit Analytics as Data-Driven Verification Systems 
Audit analytics literature examines audit adjustments as measurable outcomes that reflect 
discrepancies between reported financial information and verified accounting evidence (Zhao & Wang, 
2023). Audit adjustment predictors are quantitative variables derived from internal control 
performance, transaction behavior, and system-level characteristics that explain variation in audit 
outcomes. These predictors include control exception frequency, reconciliation delays, abnormal 
posting patterns, and concentration of manual journal entries. Quantitative studies link higher volumes 
and magnitudes of audit adjustments to underlying weaknesses in accounting controls and data 
validation mechanisms (Zhao & Wang, 2023). Adjustment behavior is analyzed across accounts, 
periods, and organizational units to identify structural risk drivers rather than isolated errors. 
Researchers emphasize that audit adjustments provide externally validated indicators of reporting 
inaccuracies because they result from independent verification processes. By modeling the relationship 
between control behavior and audit outcomes, literature establishes empirical pathways through which 
control deficiencies manifest as financial reporting corrections. Adjustment predictors are also used to 
evaluate the effectiveness of automated controls by comparing adjustment incidence before and after 
control implementation. This analytical approach supports evidence-based assessment of how internal 
accounting systems influence audit findings (Popara et al., 2023). Quantitative modeling of audit 
adjustments thus functions as a critical bridge between internal control performance and external 
assurance outcomes in corporate financial reporting research. 
Continuous auditing represents a data-driven verification approach that relies on ongoing analysis of 
transactional data rather than periodic, sample-based examination (Xu et al., 2020). Literature defines 
continuous auditing datasets as comprehensive collections of transaction logs, system events, and 
anomaly indicators generated in real time or near real time. These datasets capture detailed attributes 
such as transaction timestamps, user actions, approval sequences, and system validations, enabling 
granular assessment of accounting behavior. Streaming transaction analysis allows auditors and 
researchers to observe control performance continuously across the entire transaction population. 
Quantitative studies emphasize that continuous datasets support earlier detection of anomalies and 
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reduce the latency between error occurrence and identification (Zhang et al., 2022). Anomaly flags 
generated through automated analytics serve as triggers for further investigation, prioritizing high-risk 
items. Continuous auditing literature highlights the analytical richness of streaming data, which 
enables temporal pattern analysis and cross-module dependency assessment. This approach contrasts 
with traditional audit datasets that provide static snapshots limited by sampling constraints. By 
leveraging continuous data flows, audit analytics enhance verification coverage and provide empirical 
insight into the dynamic behavior of accounting systems (Fernández-Caramés et al., 2019). Continuous 
auditing datasets therefore form the empirical foundation for modern data-driven verification systems 
in corporate accounting research. 

 
Figure 7: Comprehensive Audit Analytics Framework Model 

Analytical procedures are central to audit analytics and are used to evaluate the reasonableness and 
consistency of financial data through quantitative techniques (Hwang et al., 2019). Literature identifies 
several widely applied procedures, including distribution analysis, ratio analysis, and trend deviation 
assessment. Benford-style distribution analysis examines the frequency patterns of numerical data to 
identify irregularities that deviate from expected distributions. Ratio analysis evaluates relationships 
between related accounts to detect inconsistencies that may indicate misclassification or omission. 
Trend deviation metrics analyze changes in account balances over time to identify abnormal 
movements relative to historical patterns (Zhu et al., 2019). These procedures are applied across 
transaction-level and aggregate datasets, allowing auditors to identify areas requiring further 
examination. Quantitative research emphasizes that analytical procedures are most effective when 
integrated with system-generated data and applied consistently across reporting periods. Analytical 
outputs are used to prioritize audit effort by highlighting accounts or transactions with elevated 
anomaly signals. Literature also notes that combining multiple procedures improves detection 
reliability by reducing reliance on a single analytical perspective (Dodman et al., 2019). As a result, 
analytical procedures function as core tools within data-driven audit verification systems, supporting 
systematic evaluation of financial reporting accuracy and integrity. 
Audit efficiency is quantitatively assessed through measures that capture the effectiveness and 
timeliness of error detection and investigation processes (Burr & Leslie, 2023). Detection yield rate 
represents the proportion of identified anomalies that result in verified findings, providing an indicator 
of analytical precision. Higher yield rates indicate more effective targeting of audit effort and reduced 
noise in anomaly identification. Investigation time reduction measures assess the extent to which data-
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driven analytics shorten the duration required to resolve identified issues. Literature emphasizes that 
efficient audit systems minimize manual review burden while maintaining high detection effectiveness 
(Ménard et al., 2019). Quantitative analysis of efficiency also examines resource allocation, such as the 
number of transactions reviewed per verified finding. Studies highlight that data-driven verification 
systems improve efficiency by automating preliminary screening and focusing human judgment on 
high-risk cases. Efficiency metrics are used to compare audit approaches, system configurations, and 
analytical procedures. By operationalizing audit performance through measurable outcomes, literature 
supports empirical evaluation of verification systems within corporate accounting environments. These 
quantitative efficiency measures provide a structured basis for assessing how audit analytics contribute 
to effective financial oversight without expanding audit workload disproportionately (Strielkowski et 
al., 2023). 
Anomaly Detection in Accounting Data 
Distribution-based anomaly detection represents one of the foundational statistical approaches for 
identifying irregularities in accounting data (Fan et al., 2020). Literature describes this method as 
relying on the assumption that legitimate accounting transactions follow stable numerical distributions 
over time, while errors manifest as deviations from these patterns. In ledger datasets, distributional 
analysis is used to examine transaction amounts, posting frequencies, and balance movements to 
identify values that fall outside expected ranges. Researchers emphasize that this approach is 
particularly effective for detecting clerical errors, incorrect decimal placement, and unusually large or 
small postings relative to account norms. Distribution-based detection is widely applied because of its 
interpretability and compatibility with structured financial data (Alghushairy et al., 2020). Accounting 
studies highlight that ledger data often exhibit skewness and heavy tails, requiring robust statistical 
summaries rather than reliance on simple averages. As a result, distribution-based methods are 
adapted to accommodate variability while preserving sensitivity to extreme deviations. These 
techniques support systematic screening of large transaction populations and serve as an initial filtering 
mechanism in anomaly detection pipelines. Literature also notes that distributional approaches provide 
consistent benchmarks across periods and organizational units, facilitating comparative analysis (Ma 
et al., 2021). By grounding anomaly identification in observed numerical behavior, distribution-based 
detection establishes a transparent and empirically grounded foundation for accounting error analysis. 
Multivariate outlier detection expands anomaly analysis by examining relationships among multiple 
accounting variables simultaneously (Lu et al., 2020). Literature emphasizes that many accounting 
errors do not appear unusual when viewed in isolation but become evident when transactional 
attributes are evaluated collectively. Multivariate detection techniques analyze combinations of 
variables such as transaction amount, account type, posting time, user role, and frequency to identify 
records that deviate from normal relational patterns. Covariance structures capture how accounting 
variables typically move together, enabling detection of inconsistencies that signal potential 
misclassification or processing errors. Researchers highlight that multivariate analysis is especially 
relevant in integrated accounting systems where transactional attributes are interdependent (Rong et 
al., 2020). Outliers identified through multivariate relationships often indicate systemic issues rather 
than random noise. Literature further explains that these methods reduce false positives by accounting 
for legitimate variation across dimensions. Multivariate detection supports deeper diagnostic insight 
by revealing which variable relationships contribute most to anomaly classification. This approach 
aligns with the complexity of modern accounting environments, where errors arise from interaction 
effects rather than single-variable extremes. By modeling joint behavior, multivariate techniques 
provide a more comprehensive statistical framework for anomaly detection in accounting data (Xiang 
et al., 2022). 
Temporal anomaly detection focuses on identifying irregularities in accounting data based on timing, 
sequence, and persistence across reporting periods. Literature identifies period-end distortions as a 
common source of financial reporting irregularities, arising from delayed postings, manual 
adjustments, and operational bottlenecks (Ruff et al., 2021). Temporal analysis examines transaction 
timing patterns to detect abnormal clustering near reporting cutoffs or irregular posting intervals that 
deviate from established cycles. Researchers emphasize that accounting systems typically exhibit 
predictable temporal rhythms driven by operational processes and reporting schedules. Deviations 
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from these rhythms are treated as potential indicators of error or control weakness (Su et al., 2021). 
Temporal anomaly detection also evaluates residual behavior by comparing expected posting patterns 
with observed outcomes over time. This enables identification of systematic delays or accelerations that 
undermine reporting accuracy. Literature highlights that temporal anomalies are particularly impactful 
because they affect period-based financial statements and performance metrics. By analyzing 
longitudinal data, temporal detection methods distinguish between recurring structural issues and 
isolated timing disruptions. This perspective reinforces the importance of time-aware statistical 
analysis in maintaining financial reporting integrity within transactional accounting systems (Li et al., 
2019). 
 

Figure 8: Anomaly Detection in Accounting Systems 

 

Machine Learning Models for Financial Error Classification 
Supervised machine learning models are extensively examined in the literature as effective tools for 
classifying financial errors in transactional accounting data. These models rely on labeled datasets in 
which transactions are categorized as normal or erroneous based on historical validation, audit 
findings, or reconciliation outcomes (Aljawazneh et al., 2021). Logistic-style classification approaches 
are valued for their transparency and suitability for binary outcome modeling in accounting contexts. 
Tree-based ensemble methods are highlighted for their ability to capture nonlinear relationships and 
interaction effects across multiple accounting attributes. Literature emphasizes that supervised models 
perform well in environments where historical error labels are available and sufficiently representative 
of current system behavior. These models are applied across diverse accounting tasks, including journal 
entry validation, expense classification, and reconciliation exception detection (Bakumenko & Elragal, 
2022). Comparative studies evaluate model performance across different accounting domains, noting 
variation in effectiveness depending on data complexity and feature design. Supervised classification 
is also examined as a mechanism for prioritizing audit review by assigning risk scores to transactions. 
By formalizing error detection as a classification problem, literature establishes a structured analytical 
framework that aligns statistical learning techniques with accounting control objectives. This 
perspective supports rigorous quantitative evaluation of model-based error detection in corporate 
accounting systems (Wang et al., 2023). 
Feature engineering is recognized in the literature as a critical determinant of machine learning 
performance in financial error classification. Accounting datasets are highly structured, enabling the 
derivation of informative features that capture relationships among transactions, accounts, and 
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reporting periods (Mashrur et al., 2020). Ratio-based variables are commonly constructed to reflect 
proportional relationships between related accounts or transaction attributes. Account-linkage features 
represent dependencies between ledger accounts, subledgers, and organizational units, allowing 
models to detect inconsistencies across interconnected records. Periodicity features capture temporal 
patterns such as posting frequency, end-of-period concentration, and cyclical behavior across reporting 
cycles. Literature emphasizes that well-designed features translate domain knowledge into 
quantitative inputs that enhance model sensitivity to accounting-specific anomalies (Lei et al., 2022). 
Feature engineering also addresses data sparsity and imbalance by summarizing transactional behavior 
at meaningful aggregation levels. Studies highlight that models with carefully engineered features 
outperform those relying solely on raw transaction attributes. By embedding accounting logic into 
feature construction, researchers improve model interpretability and alignment with control objectives. 
Feature engineering thus functions as a bridge between accounting expertise and machine learning 
methodology, shaping the effectiveness of error classification models (Huang et al., 2020). 
Model interpretability is a central concern in the application of machine learning to financial error 
classification due to regulatory, audit, and governance requirements (Sadgali et al., 2019). Literature 
emphasizes that accounting professionals require transparent explanations of why transactions are 
classified as anomalous or erroneous. Interpretability measures translate model outputs into human-
understandable insights by identifying which features most strongly influence classification outcomes. 
Feature importance rankings provide high-level summaries of variable contribution, supporting 
validation and trust in analytical results. Explanation frameworks analyze how changes in input 
features affect model predictions, enabling diagnostic understanding of detected errors (Dixon et al., 
2020). Studies highlight that interpretability supports accountability by allowing auditors and 
controllers to trace model decisions back to underlying data attributes. Interpretability also facilitates 
model validation by revealing potential biases or overreliance on spurious correlations. Literature 
underscores that explainable models are more readily integrated into accounting workflows because 
they align with documentation and review requirements (Sonkavde et al., 2023). By emphasizing 
transparency, interpretability frameworks ensure that machine learning models support rather than 
obscure financial oversight processes. This focus strengthens the empirical foundation for deploying 
supervised classification models in corporate accounting environments. 
 

Figure 9: Machine Learning Accounting Error Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The evaluation of machine learning models in accounting research relies on quantitative validation 
metrics that assess classification effectiveness and reliability (Livieris et al., 2020). Precision measures 
the proportion of identified anomalies that represent verified errors, reflecting the efficiency of 
detection efforts. Recall captures the ability of the model to identify existing errors within the dataset, 



American Journal of Interdisciplinary Studies, January 2026, 141-176 

157 
 

indicating coverage and sensitivity. Combined metrics synthesize these dimensions to provide 
balanced assessments of model performance. Area-based evaluation metrics assess discrimination 
capability across varying classification thresholds. Confusion matrix reporting enables detailed 
examination of correct and incorrect classifications, supporting error-type analysis. Literature 
emphasizes that multiple metrics are required to capture trade-offs between detection effectiveness and 
investigation burden (Uthayakumar et al., 2020). Validation is conducted using holdout datasets or 
cross-period testing to ensure generalizability. Studies also examine metric stability across accounts, 
transaction types, and organizational units. By grounding model evaluation in transparent quantitative 
measures, literature supports rigorous comparison of alternative modeling approaches. Validation 
metrics thus serve as essential tools for assessing the empirical contribution of machine learning models 
to financial error detection in accounting systems (Tufail et al., 2023). 
Unsupervised AI Models for Error Detection 
Unsupervised clustering approaches are widely discussed in the literature as practical solutions for 
anomaly detection when labeled error outcomes are limited or unavailable in accounting datasets 
(Memarzadeh et al., 2022). Clustering-based detection groups transactions into segments based on 
similarity across attributes such as transaction amount, account code, vendor or customer identifiers, 
posting user, and timing characteristics. Once clusters are formed, anomalies are identified as records 
that fall far from typical cluster centers or that appear in sparse, low-density regions. Accounting 
research emphasizes that clustering aligns well with transactional environments because many 
legitimate transactions follow recurring behavioral patterns, including routine payments, standardized 
invoices, and periodic accrual postings. Transactions that deviate from these patterns become visible 
as outliers under clustering frameworks (Ramachandran et al., 2020). Density-based scoring is 
frequently highlighted as useful for capturing irregularities within complex distributions where cluster 
shapes are non-spherical or where transaction populations include multiple behavioral subgroups. 
Literature also notes that clustering methods provide exploratory insight into the structure of 
accounting data, allowing analysts to discover unexpected transaction groupings that may reflect 
process inefficiencies, inconsistent coding practices, or unusual operational events. These approaches 
are valued in audit analytics because they can be deployed without historical labels while still 
producing ranked anomaly candidates for review. Clustering-based detection is therefore positioned 
as a foundational unsupervised method for identifying potential errors and inconsistencies in corporate 
accounting systems using data-driven similarity patterns (Albayati et al., 2023). 
Autoencoder-based anomaly detection is frequently examined in the literature as a semi-supervised 
technique suited to identifying irregular accounting entries through representation learning 
(Musumeci et al., 2020). The approach relies on training a model to learn compact representations of 
typical transaction patterns and then assessing how well the model can reconstruct observed entries 
from the learned structure. Accounting studies emphasize that when models are trained primarily on 
normal transaction behavior, entries that diverge from expected patterns exhibit poorer reconstruction 
quality, which functions as an anomaly signal. This method is especially relevant in accounting contexts 
where legitimate transaction behavior is repetitive and structured, allowing models to internalize 
normal relationships among variables such as amounts, account combinations, posting dates, and 
entity identifiers (Xu et al., 2019). Literature highlights that reconstruction-based detection can capture 
subtle irregularities that may not appear extreme on any single attribute but become abnormal in the 
context of learned multivariate structure. Researchers also note that accounting data include both 
numeric and categorical fields, requiring careful preprocessing and encoding strategies so that 
reconstruction performance meaningfully reflects accounting logic rather than data formatting 
artifacts. Autoencoder-style detection is often described as useful for continuous monitoring scenarios 
because it can generate anomaly likelihood scores for each entry in large transaction streams. This 
supports prioritization of review workloads by focusing attention on cases that exhibit the greatest 
divergence from learned normal patterns (Yang et al., 2022). As a result, reconstruction-based 
approaches are treated as powerful semi-supervised tools for anomaly identification in accounting 
entries when explicit error labels are scarce 
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Figure 10: Unsupervised Anomaly Detection Framework Model 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
METHODS 

Research Design 
This study used a quantitative, explanatory research design to evaluate AI-enabled financial accuracy 
models for improving error detection and reporting integrity in corporate accounting systems. A 
retrospective observational approach was applied because transactional accounting records, 
reconciliation logs, and audit adjustment histories were analyzed as they had already been generated 
within routine corporate operations. The design incorporated a model-development and model-
validation structure in which historical accounting transactions were transformed into an analytical 
dataset, labeled using verified error outcomes from reconciliation exceptions, correction logs, and audit 
adjustments, and then analyzed through supervised and semi-supervised classification workflows. The 
study treated the accounting transaction as the primary unit of analysis and examined how statistical 
and machine learning methods classified transactions into error-likely versus normal categories. A 
comparative evaluation was conducted between baseline rule-based exception detection procedures 
and AI-driven anomaly scoring to determine performance differences using standardized statistical 
criteria. The design also included cross-period validation to ensure that model performance metrics 
were evaluated on temporally separated samples rather than only within a single reporting window. 

Population 
The population consisted of corporate accounting transactions recorded within integrated accounting 
information systems and enterprise resource planning environments across defined reporting periods. 
The population frame included general ledger journal entries, subledger postings from accounts 
payable and accounts receivable, adjustment entries recorded during period-end close, and 
consolidation-related postings where applicable. Transactions were included if they contained 
complete identifiers for account codes, amounts, posting dates, user or role traces, and document 
references needed for linking to reconciliation outcomes and correction records. Transactions were 
excluded if they lacked essential metadata required for linkage, if they were system test entries not 
associated with operational activity, or if they belonged to exceptional accounting events that could not 
be consistently compared across periods. The study also incorporated a verification subset composed 
of transactions associated with confirmed errors, defined through documented correction entries, 
reconciliation exception resolution records, and audit adjustment linkages, allowing the construction 
of labeled outcomes for performance testing. 
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Variables and Measurement Framework 
The dependent variable was financial error occurrence at the transaction level, operationalized as a 
binary outcome indicating whether a transaction was associated with a confirmed error event. A 
transaction was coded as an error when it had been reversed, reclassified, corrected through 
subsequent adjustment, flagged and resolved through reconciliation exceptions, or linked to an audit 
adjustment record. A secondary dependent construct represented reporting integrity outcomes at the 
account-period level, measured through aggregated indicators derived from restatement-related 
corrections, audit adjustment counts, disclosure inconsistency flags, and abnormal volatility in account 
balances. Independent variables were derived from transactional and process metadata and included 
monetary magnitude features, account classification attributes, timing indicators such as posting 
lateness relative to operational event dates or reporting cutoffs, frequency-based indicators such as 
repeated postings within short windows, and linkage attributes capturing intercompany or cross-
module dependencies. Control variables reflected organizational and system conditions such as entity 
identifiers, transaction type categories, reporting period markers, and workflow approval 
characteristics. All variables were standardized into a consistent measurement schema, with categorical 
attributes encoded into analyzable representations and continuous variables transformed when 
necessary to reduce scale dominance and improve comparability across accounts. 

Analytical Techniques and Statistical Procedures 
The analytical strategy combined baseline statistical modeling with machine learning classification and 
robust validation. Descriptive statistics were calculated to summarize transaction distributions, error 
prevalence rates, reconciliation variance patterns, and adjustment behaviors across periods and 
entities. Bivariate comparisons were conducted to test whether key predictors differed significantly 
between error-labeled and non-error transactions using appropriate significance testing procedures 
based on variable type and distributional properties.  
 

Figure 11: Methodology of this study 

 

 
 
Multivariable regression-style classification models were estimated to test relationships between 
predictors and error occurrence while controlling for entity and transaction type effects. In parallel, 
tree-based ensemble classifiers were trained to capture nonlinear relationships and interaction effects 
commonly present in accounting systems data. Semi-supervised anomaly detection methods were 
applied to evaluate performance when labeling coverage was incomplete, using normal-transaction 
learning frameworks that produced anomaly likelihood scores. Model performance was evaluated 
using precision, recall, F1-based balance measures, and area-based discrimination metrics, supported 
by confusion matrix summaries at selected thresholds. Cross-validation was implemented using 
temporally separated folds to avoid leakage from period-specific patterns, and holdout testing was 
conducted on later reporting windows to evaluate stability. Statistical comparisons of model 
performance against the baseline rule-based approach were conducted using paired evaluation across 
identical test samples, and sensitivity analysis was applied to examine robustness across transaction 
types, accounts, and organizational units. 
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Reliability and Validity 
Reliability was addressed through consistency checks in data extraction, variable construction, and 
labeling procedures. Transaction linkage rules between original postings and correction events were 
applied uniformly across all periods to ensure stable outcome coding, and data preprocessing steps 
were documented and repeated using fixed parameters to avoid inconsistent feature generation. Model 
reliability was assessed by evaluating performance stability across different temporal samples and by 
testing whether detection accuracy remained consistent across major transaction categories. Validity 
was supported through construct alignment between theoretical definitions of error, accuracy, and 
integrity and the operational measures used in the dataset. Content validity was strengthened by using 
multiple verification sources for error labeling, including reconciliation exception resolution records, 
correction entries, and audit adjustment linkages, reducing dependence on any single evidence stream. 
Criterion-related validity was addressed by examining whether model anomaly scores aligned with 
externally verified outcomes such as audit adjustments and documented correction actions. Internal 
validity was supported through control-variable inclusion and temporal separation in validation to 
reduce confounding and data leakage. External validity was approached by structuring the dataset to 
include diverse transaction types, multiple reporting periods, and multi-entity representations so that 
findings reflected realistic corporate accounting environments rather than narrow operational subsets. 
FINDINGS 

Descriptive Analysis 
The descriptive analysis reported that the final analytical dataset contained 48,620 accounting 
transactions extracted from integrated corporate accounting records after screening and eligibility 
checks. Transactions primarily reflected routine operational postings, with general ledger journal 
entries forming the largest share, followed by subledger postings and period-end adjustments. Data 
screening showed low overall missingness in core identifiers and monetary fields, while workflow and 
role-trace fields exhibited slightly higher incompleteness due to legacy logging practices. Duplicate 
records were present but limited and were removed using transaction-document keys and timestamp 
alignment. Confirmed error labels represented a small minority of the population, consistent with rare-
event behavior in accounting data. Descriptive group comparisons indicated that error-labeled 
transactions were characterized by larger reconciliation variances, longer posting delays, and higher 
correction cycle times, with stronger concentration in period-end windows and in adjustment-related 
entries. 

Table 1. Dataset Composition and Data Screening Summary 
 

Metric Value 

Total extracted transactions 52,480 

Excluded (missing linkage metadata) 2,410 

Excluded (test/non-operational entries) 730 

Excluded (non-comparable exceptional events) 420 

Removed duplicates 300 

Final analytical sample (N) 48,620 

General ledger journal entries 24,310 (50.0%) 

Subledger postings (AP/AR) 19,448 (40.0%) 

Adjustment entries (period-end) 4,862 (10.0%) 

Confirmed error-labeled transactions 1,215 (2.5%) 

Missing-field prevalence (core fields) 1.2% 

Missing-field prevalence (workflow/role trace) 3.8% 

 
Table 1 summarized the derivation of the final dataset and the composition of transactions used for 
descriptive reporting. After exclusions for incomplete linkage metadata, test entries, and non-
comparable exceptional events, the retained sample represented a large, operationally realistic 
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transaction population. Duplicate removal was limited, indicating that the source system controls had 
already reduced redundancy to a low level. The transaction mix showed a balanced representation of 
general ledger and subledger activity, with adjustment entries forming a smaller but analytically 
important segment. Confirmed error labels occurred at a low rate, reflecting typical accounting 
environments. Missingness remained minimal in core fields, supporting dependable descriptive 
comparisons. 
 

Table 2. Descriptive Comparison of Error-Labeled vs Non-Error Transactions 

Indicator 
Non-Error (n = 47,405) Mean 

(SD) 
Error-Labeled (n = 1,215) Mean 

(SD) 

Transaction amount (USD) 1,240 (4,980) 3,980 (12,450) 

Posting delay (days) 1.8 (3.2) 5.6 (7.9) 

Correction cycle time (days) 1.1 (2.6) 6.9 (10.4) 

Reconciliation variance 
(USD) 

180 (720) 1,420 (3,980) 

Period-end window postings 18.6% 44.2% 

Adjustment-entry share 9.4% 27.8% 

 
Table 2 presented comparative descriptive results between non-error transactions and confirmed error-
labeled transactions. The error-labeled group showed materially higher mean transaction amounts and 
substantially greater dispersion, indicating that both scale and variability differed across groups. 
Timing-related indicators also differed meaningfully, with error-labeled records showing longer 
posting delays and extended correction cycle times, consistent with delayed detection and remediation 
patterns in accounting workflows. Reconciliation variance displayed the most pronounced separation, 
suggesting that mismatch magnitude was a strong descriptive marker of error occurrence. Error-
labeled transactions were disproportionately concentrated in period-end windows and adjustment 
entries, indicating elevated descriptive risk around closing activities and corrective posting processes. 

Correlation 
The correlation analysis examined linear associations among transaction-level predictors and account-
period reporting integrity indicators prior to multivariable modeling. The results showed that 
operational disruption variables moved together in a coherent pattern: posting lateness correlated 
positively with correction cycle time and with reconciliation variance, indicating that delays in posting 
were associated with longer remediation timelines and larger mismatches during reconciliation. 
Exception frequency signals were moderately associated with reconciliation variance and with period-
end concentration, suggesting that control-triggered exceptions increased when transaction behavior 
intensified around closing activities. Transaction magnitude displayed weak-to-moderate relationships 
with reconciliation variance and exception frequency, indicating that larger amounts tended to be 
linked with higher mismatch exposure, although the association was not dominant. At the account-
period level, reporting integrity scores correlated most strongly with audit adjustment volume and 
disclosure inconsistency indices, supporting the coherence of the integrity construct. Correlation 
patterns remained directionally stable across major transaction subgroups, although associations 
involving timing variables were stronger in adjustment entries than in routine subledger postings, 
consistent with the operational sensitivity of period-end workflows. 
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Table 3. Pearson Correlations Among Core Transaction-Level Predictors (n = 48,620) 
 

Variable Amount 
Posting 
Lateness 

Exception 
Frequency 

Reconciliation 
Variance 

Correction 
Cycle Time 

Period-End 
Indicator 

Amount 1.00 0.12 0.18 0.29 0.10 0.06 

Posting Lateness 0.12 1.00 0.34 0.41 0.58 0.37 

Exception 
Frequency 

0.18 0.34 1.00 0.46 0.39 0.44 

Reconciliation 
Variance 

0.29 0.41 0.46 1.00 0.35 0.32 

Correction Cycle 
Time 

0.10 0.58 0.39 0.35 1.00 0.29 

Period-End 
Indicator 

0.06 0.37 0.44 0.32 0.29 1.00 

 
Table 3 summarized the correlation structure among core transaction-level predictors. The strongest 
association occurred between posting lateness and correction cycle time, indicating that delayed 
postings were linked to longer correction durations. Posting lateness also demonstrated meaningful 
positive association with reconciliation variance, consistent with elevated mismatch exposure when 
timing discipline weakened. Exception frequency correlated moderately with reconciliation variance 
and with the period-end indicator, suggesting that exception-triggering conditions increased under 
closing-related pressure and higher transaction intensity. Transaction amount showed comparatively 
weaker associations, implying that magnitude contributed to risk but did not dominate process-driven 
indicators. Overall, the correlation pattern supported conceptual alignment across disruption, control-
exception, and mismatch indicators. 
 

Table 4. Correlations Among Account-Period Reporting Integrity Indicators 
 

Variable 
Reporting 
Integrity 

Score 

Audit 
Adjustment 

Volume 

Disclosure 
Inconsistency 

Index 

Account 
Balance 

Volatility 

Restatement-
Linked 

Corrections 

Reporting 
Integrity Score 

1.00 0.63 0.57 0.41 0.49 

Audit 
Adjustment 

Volume 
0.63 1.00 0.46 0.38 0.44 

Disclosure 
Inconsistency 

Index 
0.57 0.46 1.00 0.35 0.42 

Account Balance 
Volatility 

0.41 0.38 0.35 1.00 0.31 

Restatement-
Linked 

Corrections 
0.49 0.44 0.42 0.31 1.00 

 
Table 4 reported correlations among account-period indicators used to represent reporting integrity. 
The reporting integrity score correlated strongly with audit adjustment volume and disclosure 
inconsistency, indicating that the composite integrity construct moved consistently with externally 
validated correction activity and disclosure coherence. Restatement-linked corrections showed a 
moderate association with the integrity score, supporting its role as an outcome-relevant component 
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rather than a redundant proxy. Account balance volatility was moderately related to integrity 
outcomes, suggesting that instability captured a distinct but connected dimension of reporting quality. 
The correlation pattern indicated that integrity measurement components were related but not 
interchangeable, supporting their combined use in a composite framework for subsequent modeling. 

Reliability and Validity 
The reliability and validity assessment indicated that the measurement framework produced consistent 
indices and defensible labels suitable for subsequent modeling. Internal consistency testing showed 
that the composite reporting integrity index demonstrated strong coherence among its components, 
and the control exception intensity index achieved acceptable-to-strong consistency for operational 
monitoring constructs. Stability checks across reporting periods and organizational units showed 
limited drift in index distributions, indicating that measurement behavior was not dominated by a 
single close cycle or by one entity’s posting practices. Construct alignment tests confirmed that the error 
occurrence label was strongly supported by documentary evidence, with most labeled errors traceable 
to reversals, reclassifications, reconciliation resolution records, and audit adjustments. Criterion-
related validity was also supported, as higher anomaly likelihood scores and higher control exception 
intensity were observed in transactions verified as errors and in account-periods associated with 
greater audit adjustment activity. Together, these findings supported the dependability of the 
measurement framework and strengthened confidence in the inferential analyses reported later in the 
chapter. 

Table 5. Reliability and Stability Indicators for Composite Indices 
 

Index / Check 
No. of 

Indicators 
Internal 

Consistency (α) 
Mean 
(T1) 

Mean 
(T2) 

Mean 
(T3) 

Mean 
(T4) 

Mean 
(T5) 

Reporting Integrity 
Index 

4 0.87 0.62 0.61 0.63 0.62 0.60 

Control Exception 
Intensity Index 

5 0.81 0.54 0.55 0.53 0.54 0.52 

 
Table 5 reported internal consistency and period-level stability for the two composite indices used in 
the study. The reporting integrity index showed strong internal consistency, indicating that its 
components moved together in a coherent manner suitable for composite scoring. The control exception 
intensity index also demonstrated acceptable-to-strong internal consistency for an operational 
construct derived from heterogeneous exception signals. Mean values across five reporting windows 
remained tightly bounded, showing minimal drift over time and supporting stability. This pattern 
suggested that the indices were not driven by a single reporting cycle and that their distributions were 
sufficiently consistent for comparative analysis, subgroup testing, and regression-based modeling. 
 

Table 6. Validity Evidence from Label Verification and Criterion Alignment 
 

Validity Evidence Category 
Numerical 

Result 

Error-labeled transactions (total) 1,215 

Error labels verified by documented corrections (reversal/reclass/adjustment 
linkage) 

1,087 (89.5%) 

Error labels verified by reconciliation resolution records 965 (79.4%) 

Error labels verified by audit adjustment linkage 512 (42.1%) 

Mean anomaly likelihood score (Non-error vs Error) 0.34 vs 0.71 

Mean control exception intensity (Non-error vs Error) 0.28 vs 0.64 

Correlation: integrity index with audit adjustment volume (account-period) 0.63 
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Table 6 summarized validity evidence supporting both the error occurrence label and the broader 
measurement framework. Most error-labeled transactions were verifiable through documented 
correction linkages, indicating strong construct alignment between the operational definition of error 
and observable remediation evidence. Reconciliation resolution confirmation further strengthened 
label defensibility by demonstrating that many errors were recognized and closed through formal 
exception processes. Audit adjustment linkage provided external verification for a meaningful subset 
of error labels. Criterion alignment was supported by marked separation in anomaly likelihood and 
control exception intensity between non-error and error transactions, indicating that model inputs and 
risk indicators behaved consistently with verified outcomes. The integrity index also aligned with audit 
adjustments at the account-period level. 

Collinearity 
Collinearity diagnostics indicated that the predictor set was generally suitable for multivariable 
modeling, with most variables exhibiting acceptable independence and limited redundancy. The 
timing-related predictors showed the highest shared variance, particularly between posting lateness 
and correction cycle time, reflecting their conceptual proximity as process-delay indicators. Exception 
frequency measures were moderately associated with both timing and reconciliation variance 
indicators, consistent with exception triggers activating when operational conditions deteriorated. 
Magnitude-related variables displayed weaker overlap with timing features but showed moderate 
association with reconciliation variance, suggesting related but non-duplicative information content. 
Variance inflation diagnostics confirmed that multicollinearity did not reach levels that would 
undermine coefficient stability in the main regression specifications. Where elevated redundancy 
emerged within the timing cluster, the final models addressed it by consolidating overlapping 
indicators into a single standardized delay construct and retaining the most diagnostically stable 
predictor when alternative specifications were compared. Subgroup checks across general ledger, 
subledger, and adjustment-entry samples showed that collinearity remained within acceptable limits, 
supporting stable statistical inference for hypothesis testing. 
 

Table 7. Collinearity Diagnostics for Candidate Predictors (Variance Inflation and Tolerance) 
 

Predictor VIF Tolerance 

Transaction Amount 1.42 0.70 

Posting Lateness 3.26 0.31 

Correction Cycle Time 3.08 0.32 

Reconciliation Variance 2.11 0.47 

Exception Frequency 2.54 0.39 

Period-End Indicator 1.66 0.60 

Account-Linkage Intensity 1.88 0.53 

Manual Journal Entry Flag 1.51 0.66 

Approval Route Complexity 1.73 0.58 

 
Table 7 summarized variance inflation and tolerance diagnostics for the primary predictors used in 
multivariable models. The majority of predictors demonstrated low inflation values and strong 
tolerance, indicating limited redundancy and supporting stable coefficient estimation. The highest 
inflation was observed among timing-related indicators, reflecting overlap between posting lateness 
and correction cycle time. These levels remained within acceptable diagnostic boundaries for regression 
modeling and did not indicate severe multicollinearity. Exception frequency showed moderate 
inflation consistent with its shared variance with timing and variance measures. Overall, the diagnostic 
results supported inclusion of the predictor set while signaling that the timing cluster required careful 
specification and robustness checking. 
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Table 8. Collinearity Comparison Across Model Specifications and Subgroups 
 

Model/Subgroup 
Highest VIF (Key 

Variable) 
Mean 
VIF 

Collinearity Treatment 
Applied 

Full sample (baseline 
predictors) 

3.26 (Posting Lateness) 2.02 None required 

Full sample (timing 
consolidated) 

2.34 (Delay Composite) 1.78 
Consolidated timing 

indicators 

General ledger subset 3.41 (Posting Lateness) 2.10 Retained; robustness tested 

Subledger (AP/AR) subset 
2.88 (Exception 

Frequency) 
1.91 None required 

Adjustment-entry subset 
3.72 (Correction Cycle 

Time) 
2.26 

Alternative specification 
retained 

 
Table 8 compared collinearity behavior across alternative specifications and major transaction 
subgroups. The baseline full-sample model exhibited moderate inflation concentrated in timing 
variables, while the consolidated timing specification reduced both the maximum and average inflation 
values, indicating improved independence without loss of construct coverage. Subgroup diagnostics 
showed that inflation levels remained broadly comparable to the full sample, with slightly higher 
concentration in adjustment entries where timing behavior is structurally more interdependent. The 
general ledger subset displayed similar timing overlap but remained within acceptable limits, while 
subledger postings showed lower maximum inflation and a more balanced predictor structure. These 
results supported stable inference and justified minor specification refinement rather than extensive 
variable removal. 

Regression and Hypothesis Testing 
The regression and hypothesis testing results indicated that error occurrence was systematically 
associated with process-disruption and control-signal predictors after controlling for entity, transaction 
type, and reporting period effects. The primary transaction-level model showed that posting lateness 
and exception frequency were among the strongest predictors of confirmed error occurrence, with 
positive and statistically significant effects consistent with elevated error likelihood under delayed 
processing and repeated control exceptions. Reconciliation variance and account-linkage intensity also 
exhibited significant positive relationships with error occurrence, indicating that mismatch magnitude 
and cross-module dependency exposure were associated with higher error probability. Transaction 
amount showed a smaller but significant positive effect, suggesting that magnitude contributed to error 
likelihood while remaining secondary to process and control indicators. Workflow complexity 
demonstrated a modest positive association, indicating that longer approval routing was linked with 
increased error risk. Model comparisons indicated that enhanced specifications incorporating linkage 
and workflow controls improved overall fit and classification quality relative to the baseline 
specification, and the machine learning classifiers delivered higher discriminative performance than 
the rule-based exception approach on identical test samples. At the account-period level, reporting 
integrity scores were significantly explained by audit adjustment volume, anomaly intensity, and 
volatility diagnostics, confirming that the integrity construct covaried with observable correction 
activity and instability markers. 
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Table 9. Transaction-Level Regression Results Predicting Confirmed Error Occurrence (n = 48,620) 
 

Predictor Odds Ratio Std. Error z p-value 

Transaction Amount (standardized) 1.12 0.03 3.90 < .001 

Posting Lateness (days, standardized) 1.48 0.05 9.60 < .001 

Exception Frequency (standardized) 1.36 0.04 8.10 < .001 

Reconciliation Variance (standardized) 1.29 0.04 6.70 < .001 

Account-Linkage Intensity (standardized) 1.21 0.03 5.40 < .001 

Approval Route Complexity (standardized) 1.09 0.03 2.80 .005 

Period-End Indicator (1 = yes) 1.31 0.06 5.20 < .001 

Controls: Entity, transaction type, period fixed effects Included    

 
Table 9 reported transaction-level regression results for confirmed error occurrence while controlling 
for organizational and system factors. Posting lateness and exception frequency produced the largest 
effects, indicating that process delay and repeated control-trigger signals were strongly associated with 
error likelihood. Reconciliation variance and account-linkage intensity were also significant, 
supporting the view that mismatch magnitude and dependency exposure increased the probability of 
confirmed errors. Transaction amount remained significant but with a smaller effect size, indicating 
that monetary scale contributed but did not dominate the model. Workflow complexity and period-
end concentration were statistically significant and consistent with elevated process pressure during 
closing activities. The combined results supported stable, interpretable predictors suitable for 
hypothesis testing. 
 

Table 10. Model Fit and Comparative Detection Performance (Holdout Test Sample) 
 

Approach / Model AUC Precision Recall F1-score Accuracy 

Baseline rule-based exception approach 0.68 0.22 0.54 0.31 0.79 

Logistic-style regression classifier 0.81 0.41 0.72 0.52 0.89 

Tree-based ensemble classifier 0.87 0.49 0.78 0.60 0.91 

Semi-supervised anomaly scoring model 0.79 0.36 0.70 0.48 0.88 

 
Table 10 compared predictive performance across the rule-based baseline and model-based detection 
approaches using an identical holdout sample. The rule-based exception method achieved moderate 
recall but low precision, indicating a high false-positive burden relative to verified errors. Regression-
based classification improved discrimination and produced a more balanced precision–recall profile. 
The tree-based ensemble model delivered the strongest overall performance, achieving the highest 
AUC and F1-score, which indicated improved ranking power and balanced detection quality. The semi-
supervised model performed competitively in recall and discrimination, supporting usefulness when 
labeling coverage was constrained. Overall, model-based approaches consistently outperformed the 
baseline across key classification indicators. 
DISCUSSION 
The findings demonstrated that AI-enabled financial accuracy models substantially improved the 
detection of confirmed accounting errors when compared with traditional rule-based exception 
mechanisms (Haddad et al., 2022). This outcome aligns with prior empirical research that emphasized 
the limitations of deterministic control rules in high-volume, data-intensive accounting environments. 
Earlier studies consistently reported that rule-based approaches generate high false-positive rates while 
failing to capture subtle, multivariate irregularities embedded across transaction attributes. The current 
findings reinforced this pattern by showing that process-driven indicators such as posting lateness, 
exception frequency, and reconciliation variance exerted stronger predictive influence than transaction 
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magnitude alone (Wang et al., 2021). These results support the conceptual position advanced in earlier 
accounting analytics literature that error occurrence is more closely associated with workflow 
disruption and control strain than with transaction size in isolation. By demonstrating statistically 
significant and practically meaningful relationships between timing irregularities and error likelihood, 
this study extended prior findings that identified temporal misalignment as a persistent vulnerability 
in corporate accounting systems. The improved discrimination achieved by model-based approaches 
further supported earlier claims that statistical and machine learning techniques are better suited to 
handle nonlinear interactions among accounting variables (Kitsios et al., 2023). Overall, the findings 
confirmed that AI-enabled detection frameworks operationalize theoretical expectations regarding 
error formation more effectively than static control logic. 
The results highlighted a strong and consistent association between process disruption indicators and 
confirmed accounting errors, reinforcing conclusions drawn in earlier operational accounting and 
internal control studies (Goudarzi et al., 2022). Prior research frequently documented that delays in 
transaction processing, extended correction cycles, and clustering of postings near reporting deadlines 
increase the probability of misstatements. The current findings supported these conclusions by 
demonstrating that posting lateness and correction cycle time were among the most influential 
predictors of error occurrence. This pattern suggested that accounting errors often emerge not as 
isolated data-entry mistakes but as systemic outcomes of strained workflows and compressed reporting 
timelines. Earlier studies similarly emphasized that process bottlenecks weaken control effectiveness 
and reduce the likelihood that discrepancies are identified promptly (Murala et al., 2023). The 
persistence of this relationship across transaction types and reporting periods in the current analysis 
strengthened the generalizability of these earlier insights. By empirically linking workflow disruption 
metrics to error outcomes, this study reinforced the argument that effective financial accuracy 
management requires continuous monitoring of process health rather than reliance on periodic 
verification alone. The findings further demonstrated that timing-based indicators captured risk 
dynamics that were not fully reflected in static control checks, thereby extending prior evidence on the 
value of temporal analytics in accounting systems (Koroniotis et al., 2020). 
Control exception frequency emerged as a significant predictor of error occurrence, consistent with 
earlier research on internal control effectiveness and exception-based monitoring (Gupta et al., 2023). 
Prior studies repeatedly observed that frequent control violations serve as early warning signals of 
deeper structural weaknesses in accounting processes. The findings of this study corroborated this 
perspective by showing that transactions associated with repeated exceptions exhibited substantially 
higher error likelihood. This alignment supported earlier conclusions that exception volume reflects 
cumulative stress within the control environment rather than isolated compliance failures. Previous 
research also noted that exception-based systems often generate large volumes of alerts, reducing their 
practical effectiveness when not combined with prioritization mechanisms (Chan et al., 2022). The 
improved performance of AI-enabled models in distinguishing high-risk exceptions from routine noise 
addressed this limitation directly. By demonstrating that exception frequency retained predictive 
significance even when controlling for timing, magnitude, and linkage variables, this study reinforced 
the conceptual view that control signals provide distinct and valuable information about underlying 
risk conditions (Verma et al., 2023). The findings therefore extended earlier internal control research by 
empirically validating how exception behavior interacts with other process indicators in a multivariate 
detection framework. 
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Figure 12: AI-Enabled Financial Accuracy Framework 

The observed positive relationship between account-linkage intensity, reconciliation variance, and 
error occurrence supported longstanding findings in financial reporting research regarding the risks 
associated with system integration and interdependency. Earlier studies consistently reported that 
errors propagate more easily in environments where multiple modules, entities, or accounts are tightly 
coupled (Šumak et al., 2021). The current findings reinforced this position by demonstrating that 
transactions with higher linkage exposure exhibited elevated error probability, even after controlling 
for timing and exception behavior. This outcome aligned with prior research that identified 
reconciliation mismatches as both symptoms and amplifiers of reporting inaccuracies. By quantifying 
reconciliation variance as a significant predictor, this study strengthened the empirical basis for earlier 
conceptual arguments that emphasized reconciliation as a central control point in accounting systems 
(Debelee et al., 2023). The findings also confirmed that linkage-driven risk is not confined to 
consolidation activities alone but extends to routine transactional processing where dependencies are 
less visible. In doing so, this study expanded upon earlier work by integrating linkage measures 
directly into predictive error models rather than treating them solely as diagnostic indicators (Walsh, 
2023). 
At the account-period level, reporting integrity scores were significantly explained by audit adjustment 
volume, anomaly intensity, and balance volatility, echoing patterns documented in earlier financial 
reporting quality studies (Masood & Hashmi). Prior research frequently used restatements and audit 
adjustments as proxies for reporting integrity, noting their strong association with control weaknesses 
and data quality problems. The current findings supported these observations by showing that 
integrity scores moved consistently with externally verified correction activity. This alignment 
reinforced the validity of composite integrity measures proposed in earlier literature (Ebers & Gamito, 
2021). Additionally, the observed association between volatility diagnostics and integrity outcomes 
extended prior findings by demonstrating that instability in account behavior provides incremental 
explanatory value beyond formal adjustment counts. The results suggested that reporting integrity is 
best understood as a multidimensional construct rather than a single outcome event, consistent with 
earlier theoretical frameworks (Chaurasiya, 2022). By empirically validating this multidimensional 
perspective, the study strengthened continuity with established reporting research while offering a 
more granular operationalization suitable for advanced analytics. 
The comparative analysis showed that AI-based detection models consistently outperformed rule-
based exception approaches across discrimination and efficiency metrics, a result that closely aligned 
with earlier audit analytics and continuous monitoring studies (Sheikh et al., 2023). Prior research 
repeatedly documented that traditional rule systems suffer from limited adaptability and excessive 
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false positives. The findings of this study reinforced those conclusions by demonstrating substantial 
gains in precision and balanced detection performance under model-based approaches. The superior 
performance of tree-based ensemble models mirrored results reported in earlier accounting analytics 
research, which highlighted their capacity to capture nonlinear risk patterns (Mathur, 2023). The 
competitive performance of semi-supervised models further aligned with prior findings that 
emphasized their usefulness in rare-event contexts where labeled error data are limited. These 
outcomes collectively supported the broader literature advocating for data-driven verification systems 
in accounting functions. By providing comparative evidence using identical test samples, this study 
strengthened earlier claims regarding the operational advantages of AI-enabled detection over static 
rule frameworks (Dolciami et al., 2022). 
Taken together, the findings contributed to existing accounting, audit analytics, and information 
systems research by empirically integrating multiple theoretical streams into a unified detection 
framework (Bozesan, 2020). Earlier studies often examined process disruption, control exceptions, 
reconciliation behavior, and reporting integrity in isolation. The current results demonstrated how 
these elements interact within a multivariable predictive environment, providing a more holistic 
understanding of error formation mechanisms (Monteiro et al., 2023). This integration extended prior 
work by showing that no single indicator dominates error risk; rather, errors emerge from the combined 
influence of timing pressure, control strain, data interdependency, and workflow complexity. By 
empirically validating these interactions, the study advanced prior theoretical propositions regarding 
systemic risk in accounting systems. The findings also reinforced earlier calls for continuous, analytics-
driven oversight while grounding those calls in robust quantitative evidence. In this way, the 
discussion positioned the study as both a confirmation and an extension of established research, 
contributing clarity to ongoing debates about the role of advanced analytics in safeguarding financial 
reporting accuracy and integrity (Kokina & Blanchette, 2019). 
CONCLUSION 
The study has concluded that human–AI collaboration in IT support services has been a measurable 
and influential driver of both user-centered outcomes and perceived operational performance when it 
has been implemented as a coordinated, workflow-embedded service model rather than as isolated 
automation. The descriptive findings have indicated that respondents have evaluated the AI-enabled 
support environment positively, with mean construct scores above the neutral midpoint on the Likert 
five-point scale, which has suggested that collaboration quality, workflow automation effectiveness, 
user experience, and service performance perceptions have been favorable within the examined case 
context. Reliability testing has confirmed that the measurement scales have been internally consistent, 
enabling robust composite indices to have been used for hypothesis testing and objective evaluation. 
Correlation analysis has demonstrated strong positive associations among the key constructs, showing 
that higher levels of human–AI collaboration and stronger workflow automation effectiveness have 
been associated with improved user experience and better perceived service performance. Regression 
modeling has further shown that human–AI collaboration and workflow automation effectiveness have 
each contributed uniquely to explaining user experience, indicating that automation benefits have not 
been fully realized without effective collaboration structures that have maintained human oversight, 
clarified escalation pathways, and supported user trust and controllability during support interactions. 
In addition, workflow automation effectiveness has emerged as a strong predictor of perceived service 
performance and efficiency, reinforcing the conclusion that automation quality—expressed through 
smoother routing, fewer manual steps, and faster handling—has been central to perceived 
improvements in support effectiveness. Human–AI collaboration has also contributed directly to 
perceived service performance, confirming that collaboration has not only enhanced user satisfaction 
but has also strengthened the perceived reliability and effectiveness of the overall support system. The 
mediation results have shown that user experience has partially mediated the relationship between 
human–AI collaboration and service performance, indicating that collaboration has improved 
performance perceptions partly through the pathway of enhanced user experience, while also exerting 
a direct influence that has reflected better coordination, governance, and decision quality across the 
support workflow. Collectively, these outcomes have demonstrated that the research objectives have 
been achieved: the study has quantified human–AI collaboration and automation effectiveness using 
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validated Likert-scale measurement, has tested their associations with user experience and service 
performance using correlation and regression, and has confirmed a coherent model in which 
collaboration and automation have acted as complementary predictors of service outcomes. The 
conclusions have emphasized that successful AI adoption in IT support has depended on designing 
human–AI collaboration as an accountable service process where automation has reduced operational 
friction and humans have ensured quality, safety, and exception handling, thereby improving both the 
user’s service journey and the perceived effectiveness of IT support delivery. 
RECOMMENDATIONS 
Recommendations for this study were presented as structured actions aligned with the observed 
statistical relationships between process disruption indicators, control exception behavior, 
reconciliation variance, and confirmed error occurrence in corporate accounting systems. Accounting 
organizations were recommended to institutionalize continuous, data-driven monitoring of timing-
related indicators, since posting lateness and extended correction cycle time were consistently 
associated with higher error likelihood. Operationally, posting timeliness thresholds were 
recommended to be defined by transaction type and period segment so that routine postings and 
period-end activities were evaluated against realistic benchmarks rather than uniform cutoffs. Control 
exception governance was recommended to be strengthened by adopting risk-ranked exception triage 
protocols, because exception frequency patterns were empirically linked with error outcomes and also 
tended to intensify during period-end windows. Exception management processes were recommended 
to incorporate prioritization logic that elevated cases with simultaneous signals such as high 
reconciliation variance, repeated overrides, and cross-module dependencies, reducing review burden 
created by low-value alerts. Reconciliation processes were recommended to be redesigned to 
emphasize early variance discovery and systematic root-cause classification, since reconciliation 
variance magnitude functioned as a prominent marker of error exposure; this included tighter linkage 
between reconciliation tools and source transaction metadata to accelerate traceability. Data 
governance measures were recommended to improve completeness of workflow and role-trace fields, 
given their contribution to control interpretation and model stability, with standardization of 
transaction identifiers and consistent logging practices across entities and subsidiaries. For analytics 
implementation, model validation governance was recommended to adopt temporally separated 
testing and subgroup performance checks to ensure stable detection quality across reporting periods, 
transaction categories, and organizational units. Model interpretability outputs were recommended to 
be incorporated into accounting oversight workflows through ranked anomaly lists and clear feature-
based rationales, supporting auditability and enabling consistent reviewer decisions. Finally, reporting 
integrity measurement was recommended to use composite scoring frameworks that combine audit 
adjustment activity, disclosure inconsistency flags, and volatility diagnostics, because 
multidimensional integrity measurement aligned more consistently with observed correction outcomes 
than single proxy indicators. 
LIMITATION 
Limitations of this study were primarily associated with data characteristics, labeling constraints, and 
contextual boundaries that influenced the interpretation of model performance and the generalizability 
of findings. The analysis relied on retrospective transactional records and associated reconciliation and 
audit adjustment histories, which meant that measurement quality depended on the completeness and 
consistency of system logs generated during routine operations. Where workflow traces, approval 
pathways, or user-role metadata were incompletely recorded, certain process indicators may have been 
measured with reduced precision, potentially attenuating the estimated effects of workflow-related 
predictors. Error labeling was grounded in documentary evidences such as reversals, reclassifications, 
reconciliation resolutions, and audit adjustments; however, this approach captured only errors that 
were detected and formally corrected within the system. Undetected misstatements and latent 
inaccuracies that were not resolved through documented processes were not observable and therefore 
could not be included as confirmed error outcomes, introducing potential outcome misclassification in 
the non-error class. The rare-event nature of confirmed errors also posed a structural limitation because 
the imbalance between error and non-error cases can influence classification behavior and performance 
metrics, particularly precision estimates, even when robust validation procedures are applied. In 
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addition, the operational definition of reporting integrity used aggregated account-period indicators 
and composite scoring; while this provided multidimensional coverage, the construction of composite 
indices can be sensitive to weighting and normalization decisions, which may yield alternative integrity 
score distributions under different methodological choices. The study context reflected corporate 
accounting systems operating under specific configurations of ERP and AIS integration, transaction 
workflows, and control environments, which limited direct transferability of coefficient magnitudes 
and classification thresholds to organizations with materially different system architectures or 
governance practices. Model evaluation relied on temporally separated validation and holdout testing, 
yet structural shifts such as policy changes, system upgrades, or reorganization events during 
unobserved periods could alter transaction behavior in ways not captured by the current sample. 
Finally, the comparison between AI-based approaches and baseline rule-based exception mechanisms 
was constrained by the configuration and maturity of existing rule sets; different organizations may 
operate under more refined or more limited control-rule libraries, affecting the relative performance 
gap observed in this study. 
REFERENCES 

[1]. Al-Ebel, A., Baatwah, S., & Al-Musali, M. (2020). Religiosity, accounting expertise, and audit report lag: Empirical 
evidence from the individual level. Cogent Business & Management, 7(1), 1823587.  

[2]. Albayati, M. G., Faraj, J., Thompson, A., Patil, P., Gorthala, R., & Rajasekaran, S. (2023). Semi-supervised machine 
learning for fault detection and diagnosis of a rooftop unit. Big Data Mining and Analytics, 6(2), 170-184.  

[3]. Alghofaili, Y., Albattah, A., & Rassam, M. A. (2020). A financial fraud detection model based on LSTM deep 
learning technique. Journal of Applied Security Research, 15(4), 498-516.  

[4]. Alghushairy, O., Alsini, R., Soule, T., & Ma, X. (2020). A review of local outlier factor algorithms for outlier 
detection in big data streams. Big Data and Cognitive Computing, 5(1), 1.  

[5]. Ali, A., Abd Razak, S., Othman, S. H., Eisa, T. A. E., Al-Dhaqm, A., Nasser, M., Elhassan, T., Elshafie, H., & Saif, A. 
(2022). Financial fraud detection based on machine learning: a systematic literature review. Applied Sciences, 12(19), 
9637.  

[6]. Aljawazneh, H., Mora, A., García-Sánchez, P., & Castillo-Valdivieso, P. (2021). Comparing the performance of deep 
learning methods to predict companies’ financial failure. Ieee Access, 9, 97010-97038.  

[7]. Ashraf, S., GS Félix, E., & Serrasqueiro, Z. (2019). Do traditional financial distress prediction models predict the 
early warning signs of financial distress? Journal of Risk and Financial Management, 12(2), 55.  

[8]. Ashtiani, M. N., & Raahemi, B. (2021). Intelligent fraud detection in financial statements using machine learning 
and data mining: a systematic literature review. Ieee Access, 10, 72504-72525.  

[9]. Bachurski, D., Schuldner, M., Nguyen, P.-H., Malz, A., Reiners, K. S., Grenzi, P. C., Babatz, F., Schauss, A. C., 
Hansen, H. P., & Hallek, M. (2019). Extracellular vesicle measurements with nanoparticle tracking analysis–An 
accuracy and repeatability comparison between NanoSight NS300 and ZetaView. Journal of extracellular vesicles, 
8(1), 1596016.  

[10]. Bakumenko, A., & Elragal, A. (2022). Detecting anomalies in financial data using machine learning algorithms. 
Systems, 10(5), 130.  

[11]. Bao, Y., Hilary, G., & Ke, B. (2022). Artificial intelligence and fraud detection. In Innovative Technology at the Interface 
of Finance and Operations: Volume I (pp. 223-247). Springer.  

[12]. Bozesan, M. (2020). The context of investing. In Integral Investing: From Profit to Prosperity (pp. 1-95). Springer.  
[13]. Burr, C., & Leslie, D. (2023). Ethical assurance: a practical approach to the responsible design, development, and 

deployment of data-driven technologies. AI and Ethics, 3(1), 73-98.  
[14]. Buturac, G. (2021). Measurement of economic forecast accuracy: A systematic overview of the empirical literature. 

Journal of Risk and Financial Management, 15(1), 1.  
[15]. Chan, L., Hogaboam, L., & Cao, R. (2022). Applied artificial intelligence in business: concepts and cases. Springer.  
[16]. Chaurasiya, H. (2022). Cognitive hexagon-controlled intelligent speech interaction system. IEEE Transactions on 

Cognitive and Developmental Systems, 14(4), 1413-1439.  
[17]. Chen, Y.-J., Liou, W.-C., Chen, Y.-M., & Wu, J.-H. (2019). Fraud detection for financial statements of business 

groups. International Journal of Accounting Information Systems, 32, 1-23.  
[18]. Chowdhury, H., Chowdhury, T., & Sait, S. M. (2021). Estimating marine plastic pollution from COVID-19 face 

masks in coastal regions. Marine pollution bulletin, 168, 112419.  
[19]. Craja, P., Kim, A., & Lessmann, S. (2020). Deep learning for detecting financial statement fraud. Decision Support 

Systems, 139, 113421.  
[20]. Debelee, T. G., Ibenthal, A., Schwenker, F., & Ayano, Y. M. (2023). Pan-African Conference on Artificial Intelligence. 

Springer.  
[21]. Ding, K., Lev, B., Peng, X., Sun, T., & Vasarhelyi, M. A. (2020). Machine learning improves accounting estimates: 

Evidence from insurance payments. Review of accounting studies, 25(3), 1098-1134.  
[22]. Dixon, M. F., Halperin, I., & Bilokon, P. (2020). Machine learning in finance (Vol. 1170). Springer.  



American Journal of Interdisciplinary Studies, January 2026, 141-176 

172 
 

[23]. Dodman, S. L., DeMulder, E. K., View, J. L., Swalwell, K., Stribling, S., Ra, S., & Dallman, L. (2019). Equity audits as 
a tool of critical data-driven decision making: Preparing teachers to see beyond achievement gaps and bubbles. 
Action in Teacher Education, 41(1), 4-22.  

[24]. Dolciami, D., Villasclaras-Fernandez, E., Kannas, C., Meniconi, M., Al-Lazikani, B., & Antolin, A. A. (2022). canSAR 
chemistry registration and standardization pipeline. Journal of Cheminformatics, 14(1), 28.  

[25]. Dupont, Q., & Karpoff, J. M. (2020). The trust triangle: Laws, reputation, and culture in empirical finance research. 
Journal of Business Ethics, 163(2), 217-238.  

[26]. Ebers, M., & Gamito, M. C. (2021). Algorithmic Governance and Governance of Algorithms. Springer.  
[27]. El-Haj, M., Alves, P., Rayson, P., Walker, M., & Young, S. (2020). Retrieving, classifying and analysing narrative 

commentary in unstructured (glossy) annual reports published as PDF files. Accounting and Business Research, 50(1), 
6-34.  

[28]. Fan, J., Li, R., Zhang, C.-H., & Zou, H. (2020). Statistical foundations of data science. Chapman and Hall/CRC.  
[29]. Fernández-Caramés, T. M., Blanco-Novoa, O., Froiz-Míguez, I., & Fraga-Lamas, P. (2019). Towards an autonomous 

industry 4.0 warehouse: A UAV and blockchain-based system for inventory and traceability applications in big 
data-driven supply chain management. Sensors, 19(10), 2394.  

[30]. Ferriswara, D., Sayidah, N., & Agus Buniarto, E. (2022). Do corporate governance, capital structure predict financial 
performance and firm value?(empirical study of Jakarta Islamic index). Cogent Business & Management, 9(1), 
2147123.  

[31]. Gh. Popescu, C. R., & Banța, V. C. (2019). Performance evaluation of the implementation of the 2013/34/EU 
directive in Romania on the basis of corporate social responsibility reports. Sustainability, 11(9), 2531.  

[32]. Goudarzi, A., Ghayoor, F., Waseem, M., Fahad, S., & Traore, I. (2022). A survey on IoT-enabled smart grids: 
emerging, applications, challenges, and outlook. Energies, 15(19), 6984.  

[33]. Gupta, A., Dwivedi, D. N., & Shah, J. (2023). Artificial Intelligence Applications in Banking and Financial Services. 
SpringerNature., DOI, 10, 978-981.  

[34]. Habibullah, S. M., & Muhammad Mohiul, I. (2023). Digital Twin-Driven Thermodynamic and Fluid Dynamic 
Simulation For Exergy Efficiency In Industrial Power Systems. American Journal of Scholarly Research and Innovation, 
2(01), 224–253. https://doi.org/10.63125/k135kt69  

[35]. Haddad, A., Habaebi, M. H., Islam, M. R., Hasbullah, N. F., & Zabidi, S. A. (2022). Systematic review on ai-
blockchain based e-healthcare records management systems. Ieee Access, 10, 94583-94615.  

[36]. Horton, J., Livne, G., & Pettinicchio, A. (2021). Empirical evidence on audit quality under a dual mandatory auditor 
rotation rule. European Accounting Review, 30(1), 1-29.  

[37]. Huang, F., & Vasarhelyi, M. A. (2019). Applying robotic process automation (RPA) in auditing: A framework. 
International Journal of Accounting Information Systems, 35, 100433.  

[38]. Huang, J., Chai, J., & Cho, S. (2020). Deep learning in finance and banking: A literature review and classification. 
Frontiers of Business Research in China, 14(1), 13.  

[39]. Hwang, D. K., Cho, J., & Moon, J. (2019). Feasibility study on energy audit and data driven analysis procedure for 
building energy efficiency: bench-marking in Korean hospital buildings. Energies, 12(15), 3006.  

[40]. Ibrahim, A. E. A., Elamer, A. A., & Ezat, A. N. (2021). The convergence of big data and accounting: innovative 
research opportunities. Technological Forecasting and Social Change, 173, 121171.  

[41]. Jabed Hasan, T., & Waladur, R. (2023). AI-Driven Cybersecurity, IOT Networking, And Resilience Strategies For 
Industrial Control Systems: A Systematic Review For U.S. Critical Infrastructure Protection. International Journal of 
Scientific Interdisciplinary Research, 4(4), 144–176. https://doi.org/10.63125/mbyhj941  

[42]. Jan, C.-L. (2021). Detection of financial statement fraud using deep learning for sustainable development of capital 
markets under information asymmetry. Sustainability, 13(17), 9879.  

[43]. Jiang, F., Kim, K. A., Ma, Y., Nofsinger, J. R., & Shi, B. (2019). Corporate culture and investment–cash flow 
sensitivity. Journal of Business Ethics, 154(2), 425-439.  

[44]. Jinnat, A. (2025). Machine-Learning Models For Predicting Blood Pressure And Cardiac Function Using Wearable 
Sensor Data. International Journal of Scientific Interdisciplinary Research, 6(2), 102–142. 
https://doi.org/10.63125/h7rbyt25  

[45]. Jinnat, A., & Md. Kamrul, K. (2021). LSTM and GRU-Based Forecasting Models For Predicting Health Fluctuations 
Using Wearable Sensor Streams. American Journal of Interdisciplinary Studies, 2(02), 32-66. 
https://doi.org/10.63125/1p8gbp15  

[46]. Johnson, R. M., & Babu, R. I. I. (2020). Time and cost overruns in the UAE construction industry: a critical analysis. 
International Journal of Construction Management, 20(5), 402-411.  

[47]. Khazane, A., Rider, J., Serpe, M., Gogoglou, A., Hines, K., Bruss, C. B., & Serpe, R. (2019). Deeptrax: Embedding 
graphs of financial transactions. 2019 18th IEEE International Conference On Machine Learning And Applications 
(ICMLA),  

[48]. Kitsantas, T., & Chytis, E. (2022). Blockchain technology as an ecosystem: Trends and perspectives in accounting 
and management. Journal of Theoretical and Applied Electronic Commerce Research, 17(3), 1143-1161.  

[49]. Kitsios, F., Kamariotou, M., Syngelakis, A. I., & Talias, M. A. (2023). Recent advances of artificial intelligence in 
healthcare: a systematic literature review. Applied Sciences, 13(13), 7479.  

[50]. Kokina, J., & Blanchette, S. (2019). Early evidence of digital labor in accounting: Innovation with Robotic Process 
Automation. International Journal of Accounting Information Systems, 35, 100431.  

[51]. Koroniotis, N., Moustafa, N., Schiliro, F., Gauravaram, P., & Janicke, H. (2020). A holistic review of cybersecurity 
and reliability perspectives in smart airports. Ieee Access, 8, 209802-209834.  

https://doi.org/10.63125/k135kt69
https://doi.org/10.63125/mbyhj941
https://doi.org/10.63125/h7rbyt25
https://doi.org/10.63125/1p8gbp15


American Journal of Interdisciplinary Studies, January 2026, 141-176 

173 
 

[52]. Lahann, J., Scheid, M., & Fettke, P. (2019). Utilizing machine learning techniques to reveal vat compliance violations 
in accounting data. 2019 IEEE 21st conference on business informatics (CBI),  

[53]. Laub, A., Patel, R., & Van Dooren, P. (2019). Numerical and computational issues in linear control and system 
theory. In Control System Fundamentals (pp. 403-418). CRC Press.  

[54]. Lei, X., Mohamad, U. H., Sarlan, A., Shutaywi, M., Daradkeh, Y. I., & Mohammed, H. O. (2022). Development of an 
intelligent information system for financial analysis depend on supervised machine learning algorithms. 
Information Processing & Management, 59(5), 103036.  

[55]. Leo, M., Sharma, S., & Maddulety, K. (2019). Machine learning in banking risk management: A literature review. 
Risks, 7(1), 29.  

[56]. Li, D., Chen, D., Jin, B., Shi, L., Goh, J., & Ng, S.-K. (2019). MAD-GAN: Multivariate anomaly detection for time 
series data with generative adversarial networks. International conference on artificial neural networks,  

[57]. Li, X., Wang, J., & Yang, C. (2023). Risk prediction in financial management of listed companies based on optimized 
BP neural network under digital economy. Neural Computing and Applications, 35(3), 2045-2058.  

[58]. Livieris, I. E., Pintelas, E., Stavroyiannis, S., & Pintelas, P. (2020). Ensemble deep learning models for forecasting 
cryptocurrency time-series. Algorithms, 13(5), 121.  

[59]. Lu, Q., Xie, X., Parlikad, A. K., & Schooling, J. M. (2020). Digital twin-enabled anomaly detection for built asset 
monitoring in operation and maintenance. Automation in Construction, 118, 103277.  

[60]. Ma, X., Wu, J., Xue, S., Yang, J., Zhou, C., Sheng, Q. Z., Xiong, H., & Akoglu, L. (2021). A comprehensive survey on 
graph anomaly detection with deep learning. IEEE transactions on knowledge and data engineering, 35(12), 12012-
12038.  

[61]. Mao, X., Sun, H., Zhu, X., & Li, J. (2022). Financial fraud detection using the related-party transaction knowledge 
graph. Procedia computer science, 199, 733-740.  

[62]. Mashrur, A., Luo, W., Zaidi, N. A., & Robles-Kelly, A. (2020). Machine learning for financial risk management: a 
survey. Ieee Access, 8, 203203-203223.  

[63]. Masood, A., & Hashmi, A. Cognitive Computing Recipes.  
[64]. Mathur, N. (2023). Challenges Scaling IA–The Race to IA Takes Off. In Intelligent Automation (pp. 112-194). 

Chapman and Hall/CRC.  
[65]. Mbir, D. E. G., Agyemang, O. S., Tackie, G., & Abeka, M. J. (2020). IFRS compliance, corporate governance and 

financial reporting quality of GSE-listed non-financial firms. Cogent Business & Management, 7(1), 1759856.  
[66]. Md Harun-Or-Rashid, M. (2025a). AI-Driven Threat Detection and Response Framework For Cloud Infrastructure 

Security. American Journal of Scholarly Research and Innovation, 4(01), 494–535. https://doi.org/10.63125/e58hzh78  
[67]. Md Harun-Or-Rashid, M. (2025b). Is The Metaverse the Next Frontier for Corporate Growth And Innovation? 

Exploring The Potential of The Enterprise Metaverse. American Journal of Interdisciplinary Studies, 6(1), 354-393. 
https://doi.org/10.63125/ckd54306  

[68]. Md, K., & Sai Praveen, K. (2024). Hybrid Discrete-Event And Agent-Based Simulation Framework (H-DEABSF) For 
Dynamic Process Control In Smart Factories. ASRC Procedia: Global Perspectives in Science and Scholarship, 4(1), 72–96. 
https://doi.org/10.63125/wcqq7x08  

[69]. Md. Foysal, H., & Abdulla, M. (2024). Agile And Sustainable Supply Chain Management Through AI-Based 
Predictive Analytics And Digital Twin Simulation. International Journal of Scientific Interdisciplinary Research, 5(2), 
343–376. https://doi.org/10.63125/sejyk977  

[70]. Md. Jobayer Ibne, S., & Aditya, D. (2024). Machine Learning and Secure Data Pipeline Frameworks For Improving 
Patient Safety Within U.S. Electronic Health Record Systems. American Journal of Interdisciplinary Studies, 5(03), 43–
85. https://doi.org/10.63125/nb2c1f86  

[71]. Md. Mosheur, R. (2025). AI-Driven Predictive Analytics Models For Enhancing Group Insurance Portfolio 
Performance And Risk Forecasting. International Journal of Scientific Interdisciplinary Research, 6(2), 39–87. 
https://doi.org/10.63125/qh5qgk22  

[72]. Md. Mosheur, R., & Md Arman, H. (2024). Impact Of Big Data and Predictive Analytics On Financial Forecasting 
Accuracy And Decision-Making In Global Capital Markets. American Journal of Scholarly Research and Innovation, 
3(02), 99–140. https://doi.org/10.63125/hg37h121  

[73]. Md. Rabiul, K. (2025). Artificial Intelligence-Enhanced Predictive Analytics For Demand Forecasting In U.S. Retail 
Supply Chains. ASRC Procedia: Global Perspectives in Science and Scholarship, 1(01), 959–993. 
https://doi.org/10.63125/gbkf5c16  

[74]. Md. Rabiul, K., & Mohammad Mushfequr, R. (2023). A Quantitative Study On Erp-Integrated Decision Support 
Systems In Healthcare Logistics. Review of Applied Science and Technology, 2(01), 142–184. 
https://doi.org/10.63125/c92bbj37  

[75]. Md. Rabiul, K., & Samia, A. (2021). Integration Of Machine Learning Models And Advanced Computing For 
Reducing Logistics Delays In Pharmaceutical Distribution. American Journal of Advanced Technology and Engineering 
Solutions, 1(4), 01-42. https://doi.org/10.63125/ahnkqj11  

[76]. Memarzadeh, M., Akbari Asanjan, A., & Matthews, B. (2022). Robust and explainable semi-supervised deep 
learning model for anomaly detection in aviation. Aerospace, 9(8), 437.  

[77]. Ménard, T., Barmaz, Y., Koneswarakantha, B., Bowling, R., & Popko, L. (2019). Enabling data-driven clinical quality 
assurance: predicting adverse event reporting in clinical trials using machine learning. Drug safety, 42(9), 1045-1053.  

[78]. Monteiro, A., Cepêda, C., Da Silva, A. C. F., & Vale, J. (2023). The relationship between ai adoption intensity and 
internal control system and accounting information quality. Systems, 11(11), 536.  

https://doi.org/10.63125/e58hzh78
https://doi.org/10.63125/ckd54306
https://doi.org/10.63125/wcqq7x08
https://doi.org/10.63125/sejyk977
https://doi.org/10.63125/nb2c1f86
https://doi.org/10.63125/qh5qgk22
https://doi.org/10.63125/hg37h121
https://doi.org/10.63125/gbkf5c16
https://doi.org/10.63125/c92bbj37
https://doi.org/10.63125/ahnkqj11


American Journal of Interdisciplinary Studies, January 2026, 141-176 

174 
 

[79]. Mst. Shahrin, S. (2025). Predictive Neural Network Models For Cyberattack Pattern Recognition And Critical 
Infrastructure Vulnerability Assessment. Review of Applied Science and Technology, 4(02), 777-819. 
https://doi.org/10.63125/qp0de852  

[80]. Mst. Shahrin, S., & Samia, A. (2023). High-Performance Computing For Scaling Large-Scale Language And Data 
Models In Enterprise Applications. ASRC Procedia: Global Perspectives in Science and Scholarship, 3(1), 94–131. 
https://doi.org/10.63125/e7yfwm87  

[81]. Muhammad Mohiul, I. (2020). Impact Of Digital Construction Management Platforms on Project Performance Post-
Covid-19. American Journal of Interdisciplinary Studies, 1(04), 01-25. https://doi.org/10.63125/nqp0zh08  

[82]. Muhammad Mohiul, I., & Rahman, M. D. H. (2021). Quantum-Enhanced Charge Transport Modeling In Perovskite 
Solar Cells Using Non-Equilibrium Green’s Function (NEGF) Framework. Review of Applied Science and Technology, 
6(1), 230–262. https://doi.org/10.63125/tdbjaj79  

[83]. Murala, D. K., Panda, S. K., & Dash, S. P. (2023). MedMetaverse: Medical care of chronic disease patients and 
managing data using artificial intelligence, blockchain, and wearable devices state-of-the-art methodology. Ieee 
Access, 11, 138954-138985.  

[84]. Muslu, V., Mutlu, S., Radhakrishnan, S., & Tsang, A. (2019). Corporate social responsibility report narratives and 
analyst forecast accuracy. Journal of Business Ethics, 154(4), 1119-1142.  

[85]. Musumeci, F., Magni, L., Ayoub, O., Rubino, R., Capacchione, M., Rigamonti, G., Milano, M., Passera, C., & 
Tornatore, M. (2020). Supervised and semi-supervised learning for failure identification in microwave networks. 
IEEE Transactions on Network and Service Management, 18(2), 1934-1945.  

[86]. Noordin, N. A., Hussainey, K., & Hayek, A. F. (2022). The use of artificial intelligence and audit quality: An 
analysis from the perspectives of external auditors in the UAE. Journal of Risk and Financial Management, 15(8), 339.  

[87]. Palacios-Manzano, M., Gras-Gil, E., & Santos-Jaen, J. M. (2021). Corporate social responsibility and its effect on 
earnings management: an empirical research on Spanish firms. Total Quality Management & Business Excellence, 32(7-
8), 921-937.  

[88]. Pham, H. S. T., & Tran, H. T. (2020). CSR disclosure and firm performance: The mediating role of corporate 
reputation and moderating role of CEO integrity. Journal of Business Research, 120, 127-136.  

[89]. Polak, P., Nelischer, C., Guo, H., & Robertson, D. C. (2020). “Intelligent” finance and treasury management: what 
we can expect. Ai & Society, 35(3), 715-726.  

[90]. Popara, J., Savkovic, M., Lalic, D. C., & Lalic, B. (2023). Application of digital tools, data analytics and machine 
learning in internal audit. IFIP International Conference on Advances in Production Management Systems,  

[91]. Rahman, M. D. H. (2022). Modelling The Impact Of Temperature Coefficients On PV System Performance In Hot 
And Humid Climates. International Journal of Scientific Interdisciplinary Research, 1(01), 194–237. 
https://doi.org/10.63125/abj6wy92  

[92]. Rahman, S. M. T., & Abdul, H. (2021). The Role Of Predictive Analytics In Enhancing Agribusiness Supply Chains. 
Review of Applied Science and Technology, 6(1), 183–229. https://doi.org/10.63125/n9z10h68  

[93]. Rakibul, H. (2025). A Systematic Review Of Human-AI Collaboration In It Support Services: Enhancing User 
Experience And Workflow Automation. American Journal of Interdisciplinary Studies, 6(3), 01-37. 
https://doi.org/10.63125/0fd1yb74  

[94]. Ramachandran, S., Rosengarten, M., & Belardi, C. (2020). Semi-supervised machine learning for spacecraft anomaly 
detection & diagnosis. 2020 IEEE Aerospace Conference,  

[95]. Ramos Montesdeoca, M., Sanchez Medina, A. J., & Blazquez Santana, F. (2019). Research topics in accounting fraud 
in the 21st century: A state of the art. Sustainability, 11(6), 1570.  

[96]. Rezaee, Z., & Tuo, L. (2019). Are the quantity and quality of sustainability disclosures associated with the innate 
and discretionary earnings quality? Journal of Business Ethics, 155(3), 763-786.  

[97]. Rifat, C., & Rebeka, S. (2023). The Role Of ERP-Integrated Decision Support Systems In Enhancing Efficiency And 
Coordination In Healthcare Logistics: A Quantitative Study. International Journal of Scientific Interdisciplinary 
Research, 4(4), 265–285. https://doi.org/10.63125/c7srk144  

[98]. Rong, H., Teixeira, A., & Soares, C. G. (2020). Data mining approach to shipping route characterization and 
anomaly detection based on AIS data. Ocean Engineering, 198, 106936.  

[99]. Ruff, L., Kauffmann, J. R., Vandermeulen, R. A., Montavon, G., Samek, W., Kloft, M., Dietterich, T. G., & Müller, K.-
R. (2021). A unifying review of deep and shallow anomaly detection. Proceedings of the IEEE, 109(5), 756-795.  

[100]. Rundo, F., Trenta, F., Di Stallo, A. L., & Battiato, S. (2019). Machine learning for quantitative finance applications: A 
survey. Applied Sciences, 9(24), 5574.  

[101]. Saba, A., & Md. Sakib Hasan, H. (2024). Machine Learning And Secure Data Pipelines For Enhancing Patient Safety 
In Electronic Health Record (EHR) Among U.S. Healthcare Providers. ASRC Procedia: Global Perspectives in Science 
and Scholarship, 4(1), 124–168. https://doi.org/10.63125/qm4he747  

[102]. Sabuj Kumar, S. (2023). Integrating Industrial Engineering and Petroleum Systems With Linear Programming 
Model For Fuel Efficiency And Downtime Reduction. Journal of Sustainable Development and Policy, 2(04), 108-139. 
https://doi.org/10.63125/v7d6a941  

[103]. Sabuj Kumar, S. (2024). Petroleum Storage Tank Design and Inspection Using Finite Element Analysis Model For 
Ensuring Safety Reliability And Sustainability. Review of Applied Science and Technology, 3(04), 94–127. 
https://doi.org/10.63125/a18zw719  

[104]. Sabuj Kumar, S. (2025). AI Driven Predictive Maintenance In Petroleum And Power Systems Using Random Forest 
Regression Model For Reliability Engineering Framework. American Journal of Scholarly Research and Innovation, 
4(01), 363-391. https://doi.org/10.63125/477x5t65  

https://doi.org/10.63125/qp0de852
https://doi.org/10.63125/e7yfwm87
https://doi.org/10.63125/nqp0zh08
https://doi.org/10.63125/tdbjaj79
https://doi.org/10.63125/abj6wy92
https://doi.org/10.63125/n9z10h68
https://doi.org/10.63125/0fd1yb74
https://doi.org/10.63125/c7srk144
https://doi.org/10.63125/qm4he747
https://doi.org/10.63125/v7d6a941
https://doi.org/10.63125/a18zw719
https://doi.org/10.63125/477x5t65


American Journal of Interdisciplinary Studies, January 2026, 141-176 

175 
 

[105]. Sadgali, I., Sael, N., & Benabbou, F. (2019). Performance of machine learning techniques in the detection of financial 
frauds. Procedia computer science, 148, 45-54.  

[106]. Sahu, S. K., Mokhade, A., & Bokde, N. D. (2023). An overview of machine learning, deep learning, and 
reinforcement learning-based techniques in quantitative finance: recent progress and challenges. Applied Sciences, 
13(3), 1956.  

[107]. Sai Praveen, K. (2024). AI-Enhanced Data Science Approaches For Optimizing User Engagement In U.S. Digital 
Marketing Campaigns. Journal of Sustainable Development and Policy, 3(03), 01-43. 
https://doi.org/10.63125/65ebsn47  

[108]. Sai Praveen, K., & Md, K. (2025). Real-Time Cyber-Physical Deployment and Validation Of H-DEABSF: Model 
Predictive Control, And Digital-Twin–Driven Process Control In Smart Factories. Review of Applied Science and 
Technology, 4(02), 750-776. https://doi.org/10.63125/yrkm0057  

[109]. Saikat, S., & Aditya, D. (2023). Reliability-Centered Maintenance Optimization Using Multi-Objective Ai 
Algorithms In Refinery Equipment. American Journal of Scholarly Research and Innovation, 2(01), 389–411. 
https://doi.org/10.63125/6a6kqm73  

[110]. Sailusha, R., Gnaneswar, V., Ramesh, R., & Rao, G. R. (2020). Credit card fraud detection using machine learning. 
2020 4th international conference on intelligent computing and control systems (ICICCS),  

[111]. Shaikat, B., & Aditya, D. (2024). Graph Neural Network Models For Predicting Cyber Attack Patterns In Critical 
Infrastructure Systems. Review of Applied Science and Technology, 3(01), 68–105. https://doi.org/10.63125/pmnqxk63  

[112]. Shao, Z., Zhang, L., Brown, S. A., & Zhao, T. (2022). Understanding users' trust transfer mechanism in a blockchain-
enabled platform: A mixed methods study. Decision Support Systems, 155, 113716.  

[113]. Sharma, A., Podoplelova, E., Shapovalov, G., Tselykh, A., & Tselykh, A. (2021). Sustainable smart cities: 
convergence of artificial intelligence and blockchain. Sustainability, 13(23), 13076.  

[114]. Sheikh, H., Prins, C., & Schrijvers, E. (2023). Contextualization. In Mission AI: The New System Technology (pp. 179-
209). Springer.  

[115]. Shen, M., Zhang, J., Zhu, L., Xu, K., & Du, X. (2021). Accurate decentralized application identification via encrypted 
traffic analysis using graph neural networks. IEEE Transactions on Information Forensics and Security, 16, 2367-2380.  

[116]. Son, H., Hyun, C., Phan, D., & Hwang, H. J. (2019). Data analytic approach for bankruptcy prediction. Expert 
Systems with Applications, 138, 112816.  

[117]. Sonkavde, G., Dharrao, D. S., Bongale, A. M., Deokate, S. T., Doreswamy, D., & Bhat, S. K. (2023). Forecasting stock 
market prices using machine learning and deep learning models: A systematic review, performance analysis and 
discussion of implications. International Journal of Financial Studies, 11(3), 94.  

[118]. Staniewski, M. W., & Awruk, K. (2019). Entrepreneurial success and achievement motivation–A preliminary report 
on a validation study of the questionnaire of entrepreneurial success. Journal of Business Research, 101, 433-440.  

[119]. Strielkowski, W., Vlasov, A., Selivanov, K., Muraviev, K., & Shakhnov, V. (2023). Prospects and challenges of the 
machine learning and data-driven methods for the predictive analysis of power systems: A review. Energies, 16(10), 
4025.  

[120]. Su, H., Wu, Z., Zhang, H., & Du, Q. (2021). Hyperspectral anomaly detection: A survey. IEEE Geoscience and Remote 
Sensing Magazine, 10(1), 64-90.  

[121]. Šumak, B., Brdnik, S., & Pušnik, M. (2021). Sensors and artificial intelligence methods and algorithms for human–
computer intelligent interaction: A systematic mapping study. Sensors, 22(1), 20.  

[122]. Taherdoost, H. (2021). A review on risk management in information systems: Risk policy, control and fraud 
detection. Electronics, 10(24), 3065.  

[123]. Teutsch, J., & Verhoeven, R. (2019). Automation support in low visibility conditions: virtual stop bars in the 
cockpit. 2019 Integrated Communications, Navigation and Surveillance Conference (ICNS),  

[124]. Tufail, S., Riggs, H., Tariq, M., & Sarwat, A. I. (2023). Advancements and challenges in machine learning: A 
comprehensive review of models, libraries, applications, and algorithms. Electronics, 12(8), 1789.  

[125]. Uthayakumar, J., Metawa, N., Shankar, K., & Lakshmanaprabu, S. (2020). RETRACTED ARTICLE: Intelligent 
hybrid model for financial crisis prediction using machine learning techniques. Information Systems and e-Business 
Management, 18(4), 617-645.  

[126]. Verma, A., Sharma, A., Singh, A., Malviya, R., & Fuloria, S. (2023). Digital Assistant in the Pharmaceutical Field for 
Advancing Healthcare Systems. In Pharmaceutical industry 4.0: Future, Challenges & Application (pp. 213-254). River 
Publishers.  

[127]. Walsh, B. (2023). Productionizing AI. Springer.  
[128]. Wang, H., Sayadi, H., Dinakarrao, S. M. P., Sasan, A., Rafatirad, S., & Homayoun, H. (2021). Enabling micro AI for 

securing edge devices at hardware level. IEEE Journal on Emerging and Selected Topics in Circuits and Systems, 11(4), 
803-815.  

[129]. Wang, R., Zhou, S., & Wang, T. (2020). Corporate governance, integrated reporting and the use of credibility-
enhancing mechanisms on integrated reports. European Accounting Review, 29(4), 631-663.  

[130]. Wang, Y., Liu, Z., Xu, J., & Yan, W. (2022). Heterogeneous network representation learning approach for ethereum 
identity identification. IEEE Transactions on Computational Social Systems, 10(3), 890-899.  

[131]. Wang, Z., Kim, S., & Joe, I. (2023). An Improved LSTM-Based Failure Classification Model for Financial Companies 
Using Natural Language Processing. Applied Sciences, 13(13), 7884.  

[132]. Werner, M., Wiese, M., & Maas, A. (2021). Embedding process mining into financial statement audits. International 
Journal of Accounting Information Systems, 41, 100514.  

https://doi.org/10.63125/65ebsn47
https://doi.org/10.63125/yrkm0057
https://doi.org/10.63125/6a6kqm73
https://doi.org/10.63125/pmnqxk63


American Journal of Interdisciplinary Studies, January 2026, 141-176 

176 
 

[133]. Wu, D., Ma, X., & Olson, D. L. (2022). Financial distress prediction using integrated Z-score and multilayer 
perceptron neural networks. Decision Support Systems, 159, 113814.  

[134]. Wu, J., Xiong, F., & Li, C. (2019). Application of Internet of Things and blockchain technologies to improve 
accounting information quality. Ieee Access, 7, 100090-100098.  

[135]. Xiang, L., Yang, X., Hu, A., Su, H., & Wang, P. (2022). Condition monitoring and anomaly detection of wind turbine 
based on cascaded and bidirectional deep learning networks. Applied Energy, 305, 117925.  

[136]. Xu, G., Huang, S., Guo, B., Zhang, N., Zhou, W., Liu, M., Zeng, X., Wang, R., & Li, L. (2020). Data-Driven Security. 
In Encyclopedia of Wireless Networks (pp. 302-308). Springer.  

[137]. Xu, S., Qian, Y., & Hu, R. Q. (2019). A semi-supervised learning approach for network anomaly detection in fog 
computing. ICC 2019-2019 IEEE International Conference on Communications (ICC),  

[138]. Yang, C.-H., & Lee, K.-C. (2020). Developing a strategy map for forensic accounting with fraud risk management: 
An integrated balanced scorecard-based decision model. Evaluation and program planning, 80, 101780.  

[139]. Yang, F., Ling, Z., Zhang, Y., He, X., Ai, Q., & Qiu, R. C. (2022). Event detection, localization, and classification 
based on semi-supervised learning in power grids. IEEE Transactions on Power Systems, 38(5), 4080-4094.  

[140]. Yang, Q., Wang, Y., & Ren, Y. (2019). Research on financial risk management model of internet supply chain based 
on data science. Cognitive Systems Research, 56, 50-55.  

[141]. Yoon, S. (2020). A study on the transformation of accounting based on new technologies: Evidence from Korea. 
Sustainability, 12(20), 8669.  

[142]. Zamal Haider, S., & Mst. Shahrin, S. (2021). Impact Of High-Performance Computing In The Development Of 
Resilient Cyber Defense Architectures. American Journal of Scholarly Research and Innovation, 1(01), 93–125. 
https://doi.org/10.63125/fradxg14  

[143]. Zhang, C., Zhu, W., Dai, J., Wu, Y., & Chen, X. (2023). Ethical impact of artificial intelligence in managerial 
accounting. International Journal of Accounting Information Systems, 49, 100619.  

[144]. Zhang, G., Atasoy, H., & Vasarhelyi, M. A. (2022). Continuous monitoring with machine learning and interactive 
data visualization: An application to a healthcare payroll process. International Journal of Accounting Information 
Systems, 46, 100570.  

[145]. Zhang, Y., Xiong, F., Xie, Y., Fan, X., & Gu, H. (2020). The impact of artificial intelligence and blockchain on the 
accounting profession. Ieee Access, 8, 110461-110477.  

[146]. Zhao, H., & Wang, Y. (2023). A big data-driven financial auditing method using convolution neural network. Ieee 
Access, 11, 41492-41502.  

[147]. Zhu, Y., Zhang, Y., Wang, J., Song, W., Chu, C.-C., & Liu, G. (2019). From data-driven to intelligent-driven: 
technology evolution of network security in big data era. 2019 IEEE 43rd Annual Computer Software and 
Applications Conference (COMPSAC),  

[148]. Zulqarnain, F. N. U., & Subrato, S. (2021). Modeling Clean-Energy Governance Through Data-Intensive Computing 
And Smart Forecasting Systems. International Journal of Scientific Interdisciplinary Research, 2(2), 128–167. 
https://doi.org/10.63125/wnd6qs51  

[149]. Zulqarnain, F. N. U., & Subrato, S. (2023). Intelligent Climate Risk Modeling For Robust Energy Resilience And 
National Security. Journal of Sustainable Development and Policy, 2(04), 218-256. https://doi.org/10.63125/jmer2r39  

 
Author Bio 

 
Faysal Khan is an aspiring business analytics professional with a strong academic 
background in accounting, information systems, and technology management. He is 
currently pursuing an MS in Information Technology Management at Belhaven 
University and is preparing to advance further in Business Analytics at Trine University. 
He earned his BBA in Accounting & Information Systems from Jagannath University 
and has developed analytical and reporting expertise through academic research on 
auditing, bond markets, and credit management. Faysal also brings practical industry 
experience from his role as an Assistant Manager (Accounts), where he supported 

financial operations and business reporting. 

https://doi.org/10.63125/fradxg14
https://doi.org/10.63125/wnd6qs51
https://doi.org/10.63125/jmer2r39

