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1. Abstract 
Employee absenteeism remains a persistent and multifaceted challenge for modern enterprises, directly influencing 

productivity, operational costs, and workforce morale. Traditional absence management systems, while effective at 

documenting attendance records, are predominantly reactive focusing on post-event analysis rather than proactive forecasting. 

This limitation often leads to delayed interventions, increased administrative burden, and reduced organizational agility.  

This paper introduces a machine-learning-driven absence forecasting framework within Oracle Cloud Human Capital 

Management (HCM) that transforms conventional absence tracking into an anticipatory, data-informed decision process. The 

proposed system leverages a hybrid architecture that integrates historical absence records, demographic information, 

employment duration, and behavioral indicators extracted from Oracle HCM’s data ecosystem. By applying multiple 

predictive models including linear regression, tree-based learners such as Random Forest and Gradient Boosting, and 

advanced deep learning techniques like recurrent neural networks (RNNs) the framework identifies potential patterns of 

absenteeism before they manifest operationally. 

Empirical evaluation demonstrates that ensemble and deep learning models significantly outperform traditional statistical 

approaches in predictive accuracy, offering up to a 15-20% improvement in forecast precision. Furthermore, the system 

seamlessly integrates with Oracle’s cloud-native architecture, ensuring scalability, compliance, and real-time adaptability. The 

results highlight how AI-powered forecasting within Oracle Cloud HCM can enable proactive workforce planning, reduce 

absenteeism-related costs, and reinforce enterprise resilience in dynamic business environments. 

 
2. Keywords 
Oracle HCM Cloud, Absence Forecasting, Machine 

Learning, Deep Learning, Predictive HR Analytics, Time 

Series Forecasting, HR Data Science, Employee 

Engagement, Workforce Planning, AI in Human Capital 

Management. 

 

3. Introduction 
Workforce absence continues to represent a significant 

productivity and financial burden for organizations across 

industries. Absenteeism disrupts operational continuity, 

increases overtime costs, and can erode employee morale 

when workloads are redistributed unevenly. For large 

enterprises managing globally distributed teams, even 

marginal fluctuations in absence rates can translate into 

substantial economic losses and decreased service quality. As 

organizations evolve toward digital transformation, data-

driven workforce management has emerged as a strategic 

imperative for maintaining resilience and efficiency. 

 

The digitization of Human Resource (HR) processes through 
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modern Human Capital Management (HCM) systems has 

shifted the HR function from a transactional recordkeeping 

role to a predictive and strategic discipline. Within this 

transformation, predictive analytics serves as the foundation 

for proactive decision-making empowering HR professionals 

to forecast employee behavior, identify workforce risks, and 

optimize staffing levels before disruptions occur. Machine 

learning (ML), as an extension of predictive analytics, 

provides the computational capability to model complex 

behavioral patterns and detect subtle correlations between 

absence trends and employee attributes. 

 

Oracle Cloud HCM has redefined this analytical paradigm by 

offering a unified, cloud-based infrastructure that seamlessly 

integrates payroll, time, absence, and workforce management 

data into a cohesive ecosystem. This integration enables the 

development of advanced ML-driven forecasting models that 

can identify at-risk employees, seasonal trends, and 

departmental vulnerability patterns long before absenteeism 

peaks. The platform’s extensibility through Oracle 

Integration Cloud (OIC) and Oracle Analytics Cloud (OAC) 

allows for real-time model deployment, continuous learning, 

and automated insights delivered through dashboards and 

notifications. 

 

This study presents a structured framework for developing, 

training, and validating machine learning–based absence 

forecasting models within Oracle Cloud HCM. The 

framework emphasizes architectural design, feature 

engineering, and governance principles that align with 

enterprise compliance and scalability requirements. By 

integrating statistical, tree-based, and deep learning models 

within Oracle’s HCM ecosystem, this research demonstrates 

how organizations can transition from reactive absence 

management to anticipatory workforce planning, driving both 

operational efficiency and strategic HR innovation. 

 

4. Literature Review (2000-2019) 
Between 2000 and 2019, a growing body of research 

explored computational and statistical methods to predict and 

manage employee absenteeism, reflecting the convergence of 

human resource analytics and artificial intelligence. Early 

foundational work by Hevner, et al. (2004) established the 

design-science paradigm in information systems, providing a 

theoretical framework for the development of data-driven HR 

solutions. Their approach emphasized the iterative design and 

evaluation of technological artifacts, a principle later adopted 

in the construction of predictive analytics modules within 

Human Resource Information Systems (HRIS). 

 

In the early 2010s, researchers began applying quantitative 

and econometric models to understand and forecast absence 

behavior. Bergström, et al. (2013) and Boot, et al. (2017) 

conducted empirical studies using logistic regression and 

survival analysis to evaluate the influence of demographic, 

occupational, and psychosocial factors on long-term sickness 

absence. These studies demonstrated that organizational data 

when appropriately structured and cleansed can serve as a 

reliable basis for predictive modeling. Their findings 

established the feasibility of using structured HR datasets to 

detect emerging patterns of absenteeism and to inform policy 

design and wellness interventions. 

 

The rise of cloud computing technologies during this period 

fundamentally changed how organizations collected, 

processed, and analyzed HR data. Armbrust, et al. (2010) and 

Khajeh-Hosseini, et al. (2010) introduced frameworks that 

emphasized the scalability, elasticity, and cost-effectiveness 

of cloud-based infrastructures, which became pivotal for 

modern predictive analytics. These innovations laid the 

groundwork for platforms such as Oracle Cloud HCM, which 

leverage distributed architectures to integrate payroll, time, 

and absence data within a unified analytical environment. 

 

As the field evolved, machine learning (ML) emerged as a 

superior alternative to conventional statistical methods. 

Recent studies by Jayme, et al. (2018) and Wahid, et al. 

(2019) highlighted the application of ensemble learning 

techniques such as Random Forest, Gradient Boosted Trees, 

and Support Vector Machines to large-scale absenteeism 

datasets. Their results confirmed that ML models could 

capture nonlinear relationships and temporal dependencies 

often missed by traditional approaches. Furthermore, deep 

learning architectures, including Recurrent Neural Networks 

(RNNs) and Long Short-Term Memory (LSTM) networks, 

showed promise in modeling sequential patterns in absence 

histories, enabling dynamic forecasting at the individual and 

departmental levels. 

 

Collectively, these developments illustrate the progressive 

fusion of HR analytics, machine learning, and cloud 

computing, forming the conceptual and technological 

foundation for AI-driven absence forecasting systems. By 

integrating predictive algorithms within enterprise-grade 

HCM platforms such as Oracle Cloud HCM, organizations 

can now transition from reactive workforce management to 

proactive, data-informed decision-making, achieving 

improved operational efficiency, workforce engagement, and 

long-term organizational resilience. 

 

5. Conceptual Framework 
The proposed architecture (Figure 1) illustrates the end-to-

end absence forecasting pipeline within Oracle Cloud HCM, 

integrating data extraction, preprocessing, model training, 

and performance monitoring into a unified workflow. The 

framework leverages Oracle’s native APIs and analytics tools 

to ensure scalability, automation, and real-time insights. 

 

Data from payroll, attendance, and demographic modules are 

extracted via Oracle REST APIs, providing secure and 

continuous access to workforce records. Once ingested, the 

data undergoes preprocessing cleansing, normalization, and 

feature engineering to ensure model-ready quality. Key 

derived attributes include average absence frequency, tenure-

adjusted absence ratios, and department-level seasonal 

patterns. 

 

The machine learning forecasting engine forms the analytical 

core, supporting regression, tree-based, and deep learning 

algorithms such as Random Forest, Gradient Boosting, and 

LSTM networks. These models predict short- and long-term 

absence probabilities across employee groups.  

 

A validation layer evaluates model performance through 

accuracy, precision, recall, and F1 metrics, while continuous 

feedback from HR dashboards informs retraining cycles. The 

system’s visualization layer, powered by Oracle Analytics 

Cloud, delivers dynamic dashboards that display predicted 

trends, anomaly alerts, and actionable insights for HR 

decision-makers. 

 

This architecture enables proactive workforce planning, 
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transforming absence management from a reactive process to 

a predictive and adaptive capability embedded within 

Oracle’s HCM ecosystem. 

 

Figure 1: Workflow of the Machine-Learning-Based 

Forecast System. 

 
 

6. Model Selection and Forecasting 

Approaches 
Machine learning models for absence forecasting can be 

broadly classified into three major categories (Figure 2). 

Each category reflects a distinct level of analytical 

sophistication and capability in identifying temporal and 

behavioral patterns in employee data. 

 

6.1. Classical statistical models 

Techniques such as Linear Regression, Logistic Regression, 

ARIMA, and Exponential Smoothing represent the foundation 

of predictive analytics. These models establish linear or 

temporal relationships between input variables such as 

attendance history, seasonality, and tenure, offering 

interpretable outputs for HR managers. However, their ability 

to model nonlinear or multi-dimensional interactions is 

limited. 

 

6.2. Machine learning models 
Algorithms like Decision Trees, Random Forests, Gradient 

Boosting Machines (GBM), and Support Vector Machines 

(SVM) have become central to predictive HR analytics. These 

methods excel at uncovering nonlinear dependencies, feature 

interactions, and hierarchical decision rules from large 

datasets. Random Forests and GBM handle categorical 

workforce variables effectively, making them ideal for 

absence prediction in complex organizational structures. 

 

6.3. Deep learning models 
With advancements in computational power and big data 

availability, Recurrent Neural Networks (RNN), Long Short-

Term Memory (LSTM), and Gated Recurrent Units (GRU) 

architectures have been applied to time-series absence 

forecasting. These models capture temporal dependencies, 

such as recurring absence cycles or seasonally influenced 

behaviors. 

 

By combining these model classes in an ensemble or hybrid 

architecture, organizations can achieve both interpretability 

and predictive precision. 

 

Figure 2: Forecasting Model Taxonomy. 

 
 

7. Implementation in Oracle Cloud HCM 
Data integration and model execution leverage Oracle 

Analytics Cloud (OAC) and Oracle Integration Cloud (OIC) 

as the foundational middleware components of the absence 

forecasting framework. These tools facilitate seamless 

connectivity between Oracle HCM modules and the external 

machine learning environment, enabling real-time data 

synchronization and model deployment. 

 

As illustrated in Figure 3, data flows through the Oracle 

HCM Cloud Absence Management module, which serves as 

the central repository for workforce absence records, accrual 

balances, and plan configurations. Each absence transaction 

such as leave requests, approvals, and accrual adjustments is 

logged with corresponding metadata to maintain contextual 

consistency. 

 

The integration workflow begins with data extraction using 

Oracle REST APIs, pulling information on absence types, 

accrual plans, and employee demographic attributes. This 

data is preprocessed within OIC to ensure consistency in 

metadata mapping and compliance with corporate data 

governance standards. The prepared dataset is then passed to 

the ML forecasting engine, hosted on OAC, where predictive 

models are executed and monitored through visual 

dashboards. 

 

The architecture supports bidirectional data flow, allowing 

prediction outputs such as absence risk scores to be written 

back into Oracle HCM for managerial review and 

intervention. By maintaining a unified data model across 

systems, the solution ensures that predictive insights directly 

inform HR actions, scheduling decisions, and strategic 

workforce planning. 

 

Figure 3: Absence Management Components in Oracle 

Fusion HCM. 

 
 

8. Advanced Model Hierarchy 
To enhance prediction reliability and achieve greater 

generalization across diverse workforce conditions, hybrid 

machine learning architectures are employed. These models 

combine the interpretability of traditional statistical methods 

with the adaptability of deep learning approaches, yielding 
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robust forecasts even in dynamic operational environments 

(Figure 4). 

 

The hybrid ensemble framework begins by processing 

sequential data such as time-stamped absence records 

through Recurrent Neural Network (RNN) or Long Short-

Term Memory (LSTM) layers. These deep learning 

components excel at identifying temporal dependencies and 

cyclical trends, such as recurring absenteeism patterns during 

specific periods or project phases. The output of these 

networks forms a high-level representation of temporal 

behavior. 

 

In parallel, structured categorical and numerical variables (for 

example, department, job role, tenure, and leave type) are 

processed using Gradient-Boosted Trees (GBTs) or Random 

Forests. These models efficiently handle tabular HR data, 

capturing nonlinear feature interactions and cross-

dependencies that influence absenteeism likelihood. 

 

The predictions from both deep learning and tree-based 

components are then fused using a meta-learning layer often 

a regression or voting mechanism to generate the final 

forecast. This hybrid design balances precision with 

explainability, allowing HR professionals to understand both 

when absences are likely to occur and why specific risk 

factors contribute. 

 

Such ensemble models are particularly suited for Oracle 

Cloud HCM environments, where data diversity 

(demographics, attendance logs, and contextual policies) 

requires models that adapt across temporal and categorical 

domains. By leveraging both architectures, organizations can 

achieve consistent forecasting performance across regions, 

departments, and job categories. 

 

Figure 4: Advanced Time-Series Forecasting Model 

Hierarchy. 

 
 

9. Results and Discussion 
A simulation using anonymized enterprise data comprising 

10,000 employees over 24 months yielded significant and 

quantifiable results that demonstrate the efficacy of the 

proposed absence forecasting framework. 

 

 Forecast Accuracy: The ensemble-based hybrid model 

achieved an overall prediction accuracy of 88%, while 

the deep learning variant (LSTM) reached 91%. These 

outcomes highlight the capability of deep neural 

architectures to capture sequential dependencies in 

employee attendance data more effectively than 

traditional approaches. 

 Early-Warning Detection: The system improved the 

lead time for high-risk absenteeism detection by an 

average of 3.5 weeks, allowing HR teams to act 

proactively before productivity dips occur. This early 

detection window enabled targeted interventions such as 

wellness check-ins, workload redistribution, and 

scheduling optimization. 

 Operational Efficiency: Through seamless integration 

with Oracle Cloud HCM dashboards, predictive outputs 

were converted into actionable insights. Managers 

received automated alerts and visual summaries within 

the Absence Management and Workforce Analytics 

modules, facilitating data-driven workforce adjustments 

without manual report generation. 

Beyond predictive performance, the results confirm that the 

machine learning pipeline can be fully embedded within 

Oracle Cloud HCM’s native environment without 

compromising data privacy, compliance, or security. Oracle’s 

secure REST API architecture and role-based access controls 

ensure that predictive processing remains transparent and 

auditable an essential requirement for enterprise-grade HR 

analytics. 

 

Moreover, the study highlights that machine learning extends 

beyond simple prediction; it becomes a strategic enabler for 

policy design, workforce planning, and employee retention. 

By quantifying absenteeism trends and correlating them with 

demographic and operational factors, organizations can 

redesign attendance policies, identify stress-prone 

departments, and align resource allocation with forecasted 

demand. 

 

10. Conclusion 
The integration of machine learning for absence forecasting 

within Oracle Cloud HCM represents a pivotal advancement 

in the evolution of predictive human resource management. 

This study illustrates that enterprise-grade cloud platforms 

can seamlessly accommodate advanced analytics frameworks 

bridging the gap between traditional HR operations and 

intelligent decision-making ecosystems. 

 

By embedding predictive algorithms directly into Oracle’s 

cloud-native architecture, HR teams transition from reactive 

absence tracking to proactive workforce intelligence. The 

framework empowers managers to anticipate staffing 

shortages, allocate resources efficiently, and design 

interventions that reduce absenteeism-related disruptions. 

 

By June 2019, early adopters of this model reported 

measurable gains in operational performance, including 

improved forecasting accuracy, a notable reduction in 

unplanned absences, and enhanced workforce planning 

agility. These outcomes validate the scalability and 

practicality of integrating AI-driven forecasting tools within 

existing HR infrastructures. 

 

Looking ahead, future research should emphasize the 

adoption of Explainable AI (XAI) and ethical transparency 

frameworks to enhance interpretability and trust. Integrating 

XAI within Oracle Cloud HCM would ensure that predictive 

outcomes remain auditable, bias-aware, and compliant with 

global labor regulations. Such advances will reinforce the 

position of HR as a strategic, data-informed partner, driving 

organizational resilience through analytics-driven foresight. 
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