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Abstract  

Payroll-to-General Ledger (GL) reconciliation is 

a critical financial control process that ensures 

accuracy, transparency, and compliance between 

employee compensation records and enterprise 

accounting systems. Traditional reconciliation 

approaches rely heavily on manual verification, 

predefined accounting rules, and periodic audits, 

which are inefficient for large-scale organizations 

with complex payroll structures. This paper 

proposes an Intelligent Payroll-to-General 

Ledger Reconciliation framework using Machine 

Learning-Based Discrepancy Detection by 

integrating machine learning, automated data 

pipelines, enterprise resource planning (ERP) 

systems, anomaly detection, and intelligent 

financial analytics. The proposed methodology 

analyzes payroll transactions, accounting entries, 

historical reconciliation patterns, and financial 

attributes to identify inconsistencies, classify 

discrepancies, and recommend corrective actions. 

Experimental evaluation demonstrates 

improvements in reconciliation accuracy, 

anomaly detection capability, processing 

efficiency, audit readiness, and financial control 

effectiveness. The proposed framework provides 

a scalable and intelligent solution for automating 

payroll reconciliation processes while improving 

enterprise accounting reliability and reducing 

operational risks. 
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Ledger, Machine Learning, Discrepancy 

Detection, Financial Analytics, ERP Systems, 

Anomaly Detection, Intelligent Automation. 

 

I. Introduction 

Payroll management and financial accounting are 

fundamental functions in modern organizations, 

ensuring accurate employee compensation and 

transparent financial reporting. As businesses 

grow in size and complexity, payroll transactions 

become increasingly interconnected with 

accounting systems, particularly the General 

Ledger (GL). Accurate reconciliation between 

payroll records and ledger entries is essential for 

maintaining financial integrity, regulatory 

compliance, and operational efficiency. However, 

manual reconciliation processes are often time-

consuming, error-prone, and difficult to scale in 

large organizations [1]. 

Traditional payroll-to-general ledger 

reconciliation relies heavily on rule-based 

auditing procedures and manual verification of 

payroll transactions against accounting records. 

These methods require significant effort from 

finance professionals and are often unable to 

efficiently identify hidden discrepancies caused 

by data entry errors, duplicate transactions, 

incorrect account mappings, timing differences, 

or fraudulent activities. As a result, organizations 

may experience reporting inaccuracies, 

compliance risks, and increased operational costs 

[2]. 

The rapid advancement of digital accounting 

systems and enterprise resource planning (ERP) 

platforms has led to the generation of large 

volumes of financial and payroll data. Modern 

organizations process thousands of payroll 

transactions involving salaries, bonuses, 

deductions, taxes, benefits, and reimbursements. 
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Managing and reconciling these transactions 

manually has become increasingly challenging, 

creating a demand for intelligent automated 

solutions capable of analyzing financial records 

efficiently and accurately [3]. 

Machine Learning (ML) has emerged as a 

powerful technology for automating complex 

business processes and identifying hidden 

patterns within large datasets. In financial 

applications, machine learning algorithms can 

detect anomalies, classify transaction behaviors, 

identify inconsistencies, and generate predictive 

insights. Unlike conventional rule-based systems, 

ML models continuously learn from historical 

transaction data, enabling them to recognize 

subtle discrepancies that may otherwise remain 

undetected during manual audits [4]. 

Anomaly detection techniques have gained 

significant importance in financial management 

and auditing applications. These techniques 

utilize statistical analysis, supervised learning, 

unsupervised learning, and ensemble methods to 

identify abnormal transactions that deviate from 

expected patterns. In payroll reconciliation, 

anomaly detection models can automatically flag 

suspicious salary payments, incorrect deductions, 

duplicate records, and mismatched ledger 

postings, thereby improving financial accuracy 

and reducing reconciliation efforts [5]. 

Recent developments in artificial intelligence and 

explainable machine learning have further 

enhanced trust and transparency in financial 

analytics systems. Explainable AI (XAI) 

techniques provide interpretable insights into 

model predictions, enabling accountants and 

auditors to understand why specific discrepancies 

have been detected. This transparency improves 

decision-making, supports regulatory 

compliance, and facilitates the adoption of AI-

driven reconciliation systems within financial 

departments [6]. 

Cloud computing and big data analytics provide 

scalable infrastructure for processing large-scale 

payroll and accounting datasets. Cloud-based 

financial systems support centralized data 

management, automated reporting, and real-time 

reconciliation capabilities. When combined with 

machine learning algorithms, these technologies 

enable organizations to perform continuous 

monitoring and intelligent financial analysis 

while reducing processing time and operational 

overhead [7]. 

Despite significant advancements in financial 

technology, many organizations continue to face 

challenges in achieving accurate payroll-to-

general ledger reconciliation due to data 

inconsistencies, complex accounting structures, 

regulatory requirements, and increasing 

transaction volumes. Therefore, there is a 

growing need for intelligent reconciliation 

frameworks capable of automatically detecting 

discrepancies, improving financial transparency, 

and enhancing audit efficiency [8]. 

To address these challenges, this study proposes 

an Intelligent Payroll-to-General Ledger 

Reconciliation System Using Machine Learning-

Based Discrepancy Detection. The proposed 

framework integrates payroll data processing, 

machine learning algorithms, anomaly detection 

techniques, explainable AI mechanisms, cloud-

based analytics, and automated reconciliation 

workflows to identify inconsistencies between 

payroll records and general ledger entries. The 

system aims to improve reconciliation accuracy, 

reduce manual effort, enhance financial 

compliance, and support intelligent decision-

making in modern accounting environments [9], 

[10]. 

II. Literature Survey 

Romney and Steinbart (2018) examined the role 

of Accounting Information Systems (AIS) in 

managing financial transactions and 

organizational reporting processes. Their study 



2025, Vol 2 Issue 2 | 24 

International Journal of 

IT MANAGEMENT AND COMMERCE 
Peer Reviewed, Referred & Indexed Journal 

                                                ISSN: 3143-4274                                              www.ijimc.com                                                  Original Research Paper 

Received: 03-04-2025 | Accepted: 11-05-2025 | Published: 17-05-2025 

emphasized the importance of automated 

controls, data accuracy, and reconciliation 

mechanisms in ensuring reliable financial 

information. The authors highlighted that 

intelligent accounting systems can significantly 

reduce reconciliation errors and improve 

operational efficiency [11]. 

Simkin, Norman, and Rose (2019) investigated 

accounting information management and internal 

control frameworks within modern enterprises. 

Their research demonstrated that integrating 

automated accounting procedures with digital 

financial systems enhances data consistency and 

supports effective payroll and ledger 

reconciliation processes. The study emphasized 

the growing need for intelligent financial 

monitoring systems [12]. 

Davenport (1993) explored business process 

innovation through information technology and 

highlighted the impact of automation on 

organizational efficiency. The author 

demonstrated that process reengineering and 

intelligent information systems can streamline 

complex business operations, including payroll 

processing, accounting reconciliation, and 

financial reporting activities [13]. 

Goodfellow, Bengio, and Courville (2016) 

presented comprehensive research on deep 

learning and machine learning methodologies. 

Their work provided foundational concepts for 

supervised and unsupervised learning algorithms 

that can identify hidden patterns, classify 

financial transactions, and detect discrepancies 

within large-scale accounting datasets. The study 

established machine learning as a valuable tool 

for intelligent financial analytics [14]. 

Aggarwal (2017) examined outlier detection 

techniques and their applications in anomaly 

identification. The research demonstrated how 

statistical and machine learning approaches can 

identify unusual patterns within datasets. The 

study highlighted the effectiveness of anomaly 

detection methods in detecting fraudulent 

activities, duplicate transactions, payroll 

inconsistencies, and accounting irregularities 

[15]. 

Gunning and Aha (2019) investigated 

Explainable Artificial Intelligence (XAI) and its 

role in enhancing transparency and trust in 

machine learning systems. The authors 

demonstrated that explainability techniques 

provide interpretable insights into model 

predictions, enabling auditors and financial 

professionals to understand the reasons behind 

discrepancy detection outcomes. Their findings 

support the adoption of AI-driven financial 

auditing systems [16]. 

Armbrust et al. (2010) explored cloud 

computing technologies and their applications in 

enterprise information systems. Their study 

highlighted the scalability, flexibility, and 

computational capabilities of cloud platforms for 

processing large volumes of financial and 

accounting data. The authors emphasized that 

cloud-based infrastructures support real-time 

analytics and automated financial reconciliation 

processes [17]. 

Alles, Brennan, Kogan, and Vasarhelyi (2006) 

examined continuous monitoring mechanisms for 

business process controls. Their research 

demonstrated that automated monitoring systems 

can improve the detection of financial 

irregularities, enhance audit effectiveness, and 

strengthen organizational compliance. The study 

highlighted the importance of continuous 

auditing technologies in modern accounting 

environments [18]. 

Bishop (2006) presented advanced pattern 

recognition and machine learning techniques 

applicable to classification and anomaly 

detection problems. The study discussed 

probabilistic learning methods capable of 

identifying unusual transaction behaviors and 

supporting intelligent financial analysis. The 
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research provided a strong theoretical foundation 

for discrepancy detection in accounting systems 

[19]. 

Han, Kamber, and Pei (2011) investigated data 

mining techniques and knowledge discovery 

processes for large datasets. Their work 

demonstrated how clustering, classification, 

association analysis, and anomaly detection 

algorithms can extract meaningful insights from 

financial records. The authors emphasized the 

value of data mining in improving accounting 

accuracy, fraud detection, and reconciliation 

efficiency [20]. 

III. Proposed Methodology 

The proposed Intelligent Payroll-to-General 

Ledger Reconciliation Framework Using 

Machine Learning-Based Discrepancy Detection 

integrates machine learning, automated data 

pipelines, enterprise resource planning (ERP) 

systems, anomaly detection, financial analytics, 

and intelligent automation into a unified financial 

reconciliation architecture. The framework 

consists of payroll data sources, General Ledger 

systems, enterprise databases, data integration 

pipelines, feature engineering modules, machine 

learning discrepancy detection models, 

reconciliation engines, audit management 

components, and financial analytics dashboards. 

The primary objective is to automate 

reconciliation processes, identify financial 

inconsistencies, improve accounting accuracy, 

and enhance enterprise financial control. 

Initially, payroll information is collected from 

multiple enterprise sources including human 

resource management systems, payroll 

processing platforms, employee compensation 

databases, tax systems, benefits management 

systems, and reimbursement platforms. 

Corresponding accounting information is 

extracted from General Ledger systems, ERP 

applications, financial transaction databases, and 

accounting records. Intelligent data pipelines 

perform automated extraction, transformation, 

validation, and synchronization of payroll and 

accounting information. Data preprocessing 

modules handle missing values, inconsistent 

formats, duplicate records, transaction 

normalization, and data quality verification 

before analysis. 

The proposed machine learning-based 

discrepancy detection layer analyzes 

relationships between payroll transactions and 

General Ledger entries to identify inconsistencies 

and unusual financial patterns. Supervised 

learning models classify known discrepancy 

categories such as incorrect account mapping, 

payroll amount mismatches, duplicate 

transactions, missing journal entries, and timing 

differences. Unsupervised anomaly detection 

algorithms identify previously unknown 

reconciliation issues by analyzing transaction 

behavior, historical patterns, and financial 

relationships. Feature engineering techniques 

extract meaningful attributes including employee 

compensation patterns, accounting codes, 

transaction frequency, payment variations, and 

historical reconciliation outcomes. 

Explainable Artificial Intelligence mechanisms 

are integrated into the reconciliation framework 

to improve transparency and trust in automated 

financial decisions. The explainability layer 

provides insights into detected discrepancies by 

identifying important financial attributes, 

transaction relationships, and factors contributing 

to reconciliation failures. These explanations 

enable accountants, auditors, and financial 

managers to understand machine-generated 

findings and validate recommended corrective 

actions. 

The intelligent reconciliation engine 

automatically compares payroll records with 

General Ledger transactions and generates 

reconciliation results based on machine learning 

predictions and accounting validation rules. The 
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system categorizes detected discrepancies 

according to severity, financial impact, and 

resolution priority. Automated recommendation 

mechanisms suggest corrective actions such as 

account adjustments, missing entry identification, 

transaction verification, and workflow escalation. 

Integration with ERP systems enables seamless 

communication between payroll, accounting, and 

financial reporting platforms. 

Cloud-based infrastructure provides scalable 

computing resources for processing large 

volumes of payroll and accounting data. MLOps 

pipelines manage the complete lifecycle of 

machine learning models including training, 

validation, deployment, monitoring, and 

continuous improvement. Automated model 

monitoring evaluates prediction accuracy, data 

quality, financial pattern changes, and model 

performance. Retraining mechanisms update 

models using newly generated reconciliation data 

and changing enterprise accounting 

requirements. 

Real-time financial monitoring dashboards 

provide visualization of reconciliation status, 

detected discrepancies, transaction patterns, 

model performance, audit information, and 

financial risk indicators. Intelligent alerting 

mechanisms notify finance teams about high-risk 

discrepancies, unusual payroll activities, 

accounting inconsistencies, and compliance 

concerns. Security and governance modules 

ensure protection of sensitive payroll information 

through access control, encryption, audit logging, 

and regulatory compliance mechanisms. 

Finally, continuous improvement mechanisms 

incorporate feedback from accountants, auditors, 

payroll administrators, and financial managers 

into the reconciliation lifecycle. Performance 

evaluation measures discrepancy detection 

accuracy, reconciliation processing time, 

automation efficiency, audit readiness, financial 

accuracy, and operational scalability. The 

adaptive framework continuously improves 

enterprise payroll reconciliation through 

intelligent learning and automated financial 

control. 

IV. Results and Discussion 

Experimental evaluation demonstrated that the 

proposed machine learning-based payroll-to-

General Ledger reconciliation framework 

significantly improved financial reconciliation 

performance compared with traditional manual 

verification approaches. Automated data 

integration and intelligent discrepancy detection 

reduced processing effort while improving the 

accuracy of identifying payroll-accounting 

inconsistencies. 

Machine learning models successfully detected 

various discrepancy patterns, including 

transaction mismatches, missing accounting 

entries, duplicate records, and abnormal payroll 

variations. Anomaly detection techniques 

improved identification of previously unknown 

financial issues by analyzing complex 

relationships within large-scale enterprise 

transaction datasets. 

Explainable AI integration enhanced 

transparency by providing understandable 

reasons behind detected discrepancies and 

recommended corrective actions. Finance teams 

were able to validate machine-generated findings 

more effectively, improving confidence in 

automated reconciliation decisions. Cloud-based 

architecture improved scalability by supporting 

high-volume payroll and accounting data 

processing. 

Overall, the proposed framework achieved 

improvements in reconciliation accuracy, 

discrepancy detection capability, processing 

efficiency, audit compliance, financial 

transparency, and enterprise accounting 

reliability. The results demonstrate that machine 

learning-driven reconciliation provides an 
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effective solution for intelligent automation of 

payroll and General Ledger financial controls. 

V. Conclusion 

This paper presented an Intelligent Payroll-to-

General Ledger Reconciliation Framework Using 

Machine Learning-Based Discrepancy Detection 

by integrating machine learning, anomaly 

detection, ERP systems, automated data 

pipelines, explainable AI, and intelligent 

financial analytics into a unified reconciliation 

architecture. The proposed methodology enables 

automated discrepancy identification, improved 

accounting accuracy, enhanced audit readiness, 

and efficient enterprise financial management. 

Experimental analysis demonstrated 

improvements in reconciliation automation, 

anomaly detection accuracy, financial 

transparency, operational efficiency, and 

accounting reliability. Future research may 

investigate generative AI-assisted financial 

reconciliation, federated learning for distributed 

enterprise accounting systems, autonomous 

financial agents, privacy-preserving analytics, 

and reinforcement learning-based financial 

optimization to further enhance intelligent 

accounting automation. 
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