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ABSTRACT 

Reactive decision-making is at the heart of traditional HRM, leading to less-than-ideal talent 

outcomes like higher attrition and misaligned hiring practices. Companies that use standardized HR 

analytics frameworks show a 31% increase in internal mobility success rates, an 18% decrease in 

voluntary attrition, and a 23% boost in recruit quality. This study investigates to examine how HR 

analytics affect DDDM and how that affects employee productivity, retention, and the overall 

success of the firm. The analytics cover hiring, training and development, and engagement. The 

study also looks at how adopting new technology might make DDDM have a bigger effect on 

important outcomes for the workforce.  

The study uses structural equation modelling (SEM) to look at data from professionals in a variety 

of fields. It finds that HR analytics greatly improves DDDM (β = 0.32 to 0.41, p < 0.001). DDDM 

had a positive effect on employee productivity (β = 0.45), retention (β = 0.42), and organizational 

performance (β = 0.48), all at p < 0.001. Using technology makes these interactions even stronger, 

showing how important AI-driven HR solutions are in defining current workforce strategies. The 

indirect path analysis also shows that DDDM (β between 0.13 and 0.22, p < 0.001) shows that HR 

analytics has an indirect effect on worker outcomes. 

The results show how important it is to combine HR analytics with digital tools to make better 

decisions and improve company results. Companies who use AI-powered HR analytics find it easier 

to manage their talent, keep their employees engaged, and keep their workers longer. This study 

adds to both theoretical and practical knowledge by showing that HR professionals need to engage 

in advanced analytics, predictive modelling, and AI-driven HR strategies to stay ahead of the 

competition. 

1. INTRODUCTION 

Human resource management is changing dramatically as firms around the world acknowledge the limitations of traditional, 

reactive HR strategies. In an era when personnel is the most important competitive advantage, organizations' incapacity to 

foresee workforce trends, identify high-potential people, and optimize talent investments has become a strategic liability that 

cannot be tolerated. 

"HR analytics is transforming HR. According to a recent industry analysis, it is a data-driven approach that assists in 

understanding workforce trends, making strategic decisions, and developing a more inclusive, engaged, and effective 

workforce. This shift toward predictive capabilities reflects a broader realization that human capital decisions, ranging from  
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recruitment and retention to performance management and succession planning, require the same analytical rigor as financial 

and operational decisions. 

The urgency of this shift has grown dramatically in recent years. According to Adroit industry Research, the HR analytics 

industry is predicted to increase at an 11% annual rate, reaching $3.6 billion in 2025. This amazing development trend 

demonstrates the growing need for advanced analytical approaches to talent management difficulties. Organizations are 

learning that standard HR indicators, while useful for historical reporting, are insufficient for strategic personnel planning in 

today's fast-changing business environment.  

The drawbacks of reactive HR management are becoming more obvious across industries. Organizations continue to see 

unexpected turnover among high-performing individuals, suffer with long recruitment cycles that lead to missed business 

opportunities, and rely promotion choices on insufficient information about leadership potential. These issues are exacerbated 

by the increasing complexity of modern workforces, which includes scattered teams, changing skill needs, and shifting 

employee expectations regarding career growth and workplace flexibility.  

To accomplish CHRO priorities in 2025, HR must harness technology, promote a data-driven strategy, and develop an 

innovative and adaptable culture. This need reflects a broader digital change taking place across organizational functions, in 

which data-driven decision-making has become synonymous with competitive advantage.  

The rise of predictive analytics in people management is more than just a technological advancement; it marks a fundamental 

shift in how organizations view their relationship with human capital. Rather of perceiving personnel as costs to be controlled, 

forward-thinking firms use predictive analytics to maximize talent investments, improve employee experiences, and build 

long-term competitive advantages through superior workforce planning.  

By 2025, its utilization for workforce analytics applications is expected to approach 80%, showing that predictive talent 

management is rapidly transitioning from a novel practice to a commercial requirement. Organizations that do not build these 

capabilities risk slipping behind competitors who can better attract, develop, and retain top individuals using data-driven 

insights.  

This study covers the significant gap between the perceived need for predictive personnel management and the practical 

problems that organizations encounter when implementing these skills. While the theoretical benefits of HR analytics are 

widely recognized, many organizations struggle with the technological, organizational, and ethical challenges of 

transforming data into meaningful workforce insights.  

The paradigm given in this study is based on a thorough investigation of successful deployments in a variety of organizational 

situations, combining best practices in data architecture, predictive modelling, change management, and ethical AI 

deployment. This study intends to expedite corporate adoption of data-driven HR practices by providing a structured method 

to predictive talent management deployment, while also assuring responsible and effective workforce analytics.  

As we enter an era in which "the transformative power of HR data analytics in 2024 has been nothing short of remarkable," 

organizations have the opportunity to fundamentally reimagine their approach to talent management through predictive 

capabilities that anticipate workforce needs, identify emerging challenges, and optimize human capital investments for long-

term competitive advantage.  

2. REVIEW OF LITERATURE 

Evolution and Foundations of HR Analytics 

A tremendous amount of progress has been made in the idea of human resource analytics, which began with personnel 

reporting and has since developed into sophisticated predictive modelling capabilities. Using an integrative synthesis of 

existing peer-reviewed literature on Human Resource analytics, Marler and Boudreau (2017) conducted an evidence-based 

review. The purpose of this analysis was to uncover the scientific underpinning that enables businesses to make critical 

judgments regarding human capital and strategic business decisions. On the other hand, theory-based relationships in HR 

analytics adoption continue to be limited, and there is a noteworthy lack of complete theoretical frameworks (Chhetri et al., 

2024). 

According to Chhetri et al. (2024), recent systematic literature reviews have offered a thorough mapping of the growth of 

the subject. They also noted that in today's data-driven culture, the majority of firms use data to streamline their operations 

and achieve higher efficiencies in human resource management. Because of its dynamic capacity to evolve into a data-driven 

decision-making system for optimizing workforce management, HR analytics has been widely discussed throughout the past 

decade, according to a bibliometric analysis conducted by Hassan et al. (2024). This is owing to the fact that HR analytics 

has the ability to transform into such a system.  

The theoretical underpinnings of human resource analytics are derived from a variety of fields, including as organizational 

psychology, data science, and strategic management. In their early work, Boudreau and Ramstad established the concept of 

"talent ship" as a framework for making strategic decisions regarding talent. More recent contributions, on the other hand, 



Dr. Raies Hamid, Mr. Shaju Meetna, Dr. Divya Thankom Varghese, Dr 

Prashantha Kumar O, Dr. Sourbhi Chaturvedi, Dr Rajlaxmi Pujar  

Page. 2885 

Advances in Consumer Research| Year: 2025 | Volume: 2 | Issue: 4 

 

have focused on the technical implementation and organizational capabilities that are necessary for successful adoption of 

HR analytics (Suri & Lakhanpal, 2024).  

Predictive Analytics in Talent Management 

The use of predictive analytics in labour management is a big change from reporting on facts to planning the workforce 

ahead of time. Ranjan et al. (2021) created a conceptual framework that shows how globalization, new technologies, and AI 

force businesses to change how they work with people who have different types of skills. This change is because HR 

professionals can use more advanced analytical methods and have access to more workforce data.  

A recent study has found a number of important areas where predictive analytics is especially useful. Talent acquisition has 

become one of the most important uses of predictive models. Companies use them to improve their hiring processes, find the 

best candidates, and predict how well their hiring will go. Sharma and Dhar (2022) looked at the role of big data and 

predictive analytics in keeping employees from a resource-based point of view. They showed how analytical skills can give 

a company a competitive edge. 

Predictive models help find high-potential employees and predict their success paths in performance management, which is 

another important area. The link between predictive talent management and organizational outcomes is a big step forward in 

understanding the strategic worth of HR analytics. More and more, organizations see creativity as a key source of their 

effectiveness and competitive edge.  

Different companies and use cases have very different ways of using predictive talent management methods. Regression 

analysis and time series predictions are two examples of traditional statistical methods that are still used in many situations. 

On the other hand, adding machine learning techniques to predictive models has made them much smarter and more accurate.  

Artificial Intelligence and Machine Learning in HR 

In recent years, there has been a significant acceleration of the convergence of human resource management and artificial 

intelligence. One in-depth study, by Singh et al. (2024), looked at how AI can change human resource management. It 

focused on important tasks like hiring, keeping employees, and managing performance. Through advanced topic modelling 

and analytical methods, their study showed that AI can help with planning the workforce.  

There is a lot to learn about the connection between artificial intelligence and human resource management from systematic 

reviews. Barros-Arrieta and García-Cali (2022) did a bibliometric analysis that showed more and more AI-based applications 

being used by companies in their HRM processes to manage people in both domestic and foreign settings. In the same way, 

Ekuma (2024) carefully looked at how AI and robotics have changed Human Resource Development (HRD) practices, 

pointing out specific HRD processes that have changed and how they affect the results of organizations.  

A new study shows important patterns in how AI-enabled labor management is being used. Studies using the PRISMA 

method and systematic literature review have reduced bias and produced reliable results in learning how AI can be used to 

find ability and evaluate potential (López-Jara et al., 2023-2103). The uses of AI in HR have grown beyond simple processing 

to include smart systems that help with decisions and the ability to make predictions.  

The technology tools that AI can use in talent management are always getting better. Natural language processing makes it 

possible to do complex things like look at the tone of employee comments and resumes. Predictive modelling for turnover 

risk, performance forecasting, and job path optimization is made easier by machine learning algorithms. Deep learning 

techniques have the potential to help us see complex patterns in how people behave and how engaged they are in their work. 

A review of recent HRM studies on algorithmic technologies, such as artificial intelligence, machine learning, and natural 

language processing applications, is given by Kim in 2025.  

Implementation Challenges and Organizational Readiness  

Despite the theoretical potential of HR analytics, firms encounter considerable obstacles in real execution. Researchers have 

observed that, although current literature provides a thorough understanding of HR analytics ideas and objectives, the 

practical implementation of HRA within enterprises is still inadequately explored (Chhetri et al., 2024). This implementation 

gap signifies a crucial domain for further research and practical direction.  

Organizational readiness is a crucial determinant of implementation success. Data quality and governance are essential 

prerequisites, although numerous firms have difficulties in implementing dependable data collecting and management 

methods. Technical infrastructure prerequisites, encompassing analytical tools and integration functionalities, provide further 

obstacles for enterprises with constrained technological resources.  

The obstacles of change management and cultural adaptation are equally substantial. Conventional HR procedures frequently 

depend on intuition and experiential decision-making, resulting in opposition to data-driven methodologies. Deficiencies in 

analytics and data interpretation skills among HR professionals constitute a further obstacle to adoption, necessitating 

focused developmental initiatives.  

The incorporation of people analytics has demonstrated potential in facilitating HR strategic collaboration. Suri and 

Lakhanpal (2024) offer an extensive analysis of the potential for people analytics to convert HR from a conventional 



Dr. Raies Hamid, Mr. Shaju Meetna, Dr. Divya Thankom Varghese, Dr 

Prashantha Kumar O, Dr. Sourbhi Chaturvedi, Dr Rajlaxmi Pujar  

Page. 2886 

Advances in Consumer Research| Year: 2025 | Volume: 2 | Issue: 4 

 

administrative role into a strategic business ally. The change necessitates substantial organizational commitment and the 

enhancement of capabilities.  

Ethical Considerations and Algorithmic Bias 

The ethical ramifications of HR analytics and artificial intelligence in talent management have garnered heightened academic 

scrutiny. Calvard and Jeske (2018) articulated significant concerns regarding algorithmic opacity, the operationalization of 

prejudice, discrimination, fairness, and surveillance, emphasizing that algorithmic opacity hinders affected employees' 

comprehension of decision-making processes.  

Bias in algorithmic decision-making constitutes a notably intricate challenge. Historical workforce data frequently embodies 

prevailing organizational biases, which can be sustained and intensified by predictive models. Discrimination risks based on 

gender, race, and age necessitate meticulous attention during model building and validation procedures. Van den Broek et 

al. (2023) performed the inaugural comprehensive assessment of responsible AI in Human Resource Management, analysing 

the capabilities and ethical principles of AI deployment across several fields. 

Transparency and elucidation in AI-driven human resource decisions have emerged as essential prerequisites. Employees 

and management must comprehend the generation of algorithmic recommendations, especially regarding critical decisions 

related to promotions, terminations, or developmental opportunities. The necessity for explain ability frequently clashes with 

the intricacy of sophisticated machine learning models, generating a contradiction between precision and interpretability.  

Privacy and data protection considerations introduce an additional layer of complication. Data pertaining to employees 

utilized in predictive models frequently contains sensitive personal information, necessitating stringent governance 

frameworks and adherence to standards like as GDPR and CCPA. The equilibrium between analytical insight and privacy 

safeguarding poses a continual problem for organizations executing HR analytics.  

Organizational Outcomes and Performance Impact 

Despite the lack of thorough longitudinal research, the industrial benefit of using HR analytics has been documented in a 

variety of organizational scenarios. Organizations that effectively apply predictive talent management observe enhancements 

in critical HR indicators, such as quality of hiring, time-to-fill, employee retention, and internal mobility success rates.  

Performance outcomes encompass not only conventional HR metrics but also wider indicators of corporate success. 

Enhanced talent allocation using predictive analytics leads to superior team performance, heightened innovation, and 

improved strategic alignment between workforce skills and business objectives. Sharma and Dhar (2022) illustrated how big 

data and predictive analytics capabilities can function as strategic assets for employee retention from a resource-based view 

standpoint. 

Cost reduction constitutes another substantial outcome category. Accurate predictive models of turnover risk provide 

proactive retention strategies, hence minimizing replacement expenses and knowledge attrition. Likewise, enhanced hiring 

forecasts decrease recruitment cycle durations and mitigate suboptimal hiring choices.  

Nonetheless, quantifying the return on investment for HR analytics initiatives continues to pose difficulties. The indirect 

character of numerous benefits, along with the challenge of delineating obvious causal linkages between analytics programs 

and organizational outcomes, complicates ROI calculations. This measuring problem signifies a substantial void in the 

literature necessitating further research focus.  

Research Gaps and Future Directions 

Systematic literature evaluations examining the adoption, global acceptance, and implementation of Human Resources 

analytics have revealed numerous significant research gaps necessitating further exploration (Hassan et al., 2024). 

Longitudinal research investigating the enduring effects of HR analytics installations is few, hindering comprehension of 

persistent organizational advantages and obstacles.  

The cross-cultural validation of prediction models constitutes a notable deficiency. Much of the current research concentrates 

on Western organizational settings, raising questions about the relevance of HR analytics frameworks in diverse cultural and 

regulatory contexts. The efficacy of prediction models may fluctuate considerably due to cultural norms around work 

relationships, privacy expectations, and management practices. 

The integration of developing technology offers further research prospects. The integration of HR analytics with Internet of 

Things devices, wearable technologies, and real-time data streams presents novel opportunities for workforce monitoring 

and forecasting. The ethical ramifications and practical difficulties of these integrated approaches necessitate thorough 

scrutiny.  

Lee and Lee (2024) performed an integrative literature analysis on people analytics and its implications within Human 

Resource Development, highlighting persistent gaps in comprehending appropriate implementation options. The 

establishment of industry-specific frameworks and best practices signifies an essential requirement for future research. Kim 

(2025) delineates critical findings and formulates a prospective research agenda for strategic human resource management 

in the context of algorithmic technologies. 
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3. RESEARCH METHODOLOGY 

This study uses a quantitative, explanatory research approach and employs Structural Equation Modeling (SEM) to examine 

the connection between employee performance management results, data-driven decision-making (DDDM), and HR 

analytics. In order to evaluate how DDDM impacts productivity, retention, and organizational performance, the study aims 

to experimentally validate the impact of HR analytics aspects on DDDM. To gather information from professionals in a 

variety of industries, a cross-sectional survey approach was employed. The survey focused on executives from the IT, 

finance, healthcare, manufacturing, and service sectors as well as HR specialists and talent managers. 425 suitable 

respondents with experience in HR analytics or data-driven HR practices were chosen by purposive sampling, guaranteeing 

adequate statistical power and model stability for analysis using structural equation modeling (SEM). Data analysis was 

conducted in three main stages: a. Descriptive Statistics, b. Structural Equation Modeling (SEM) and c. Mediation Analysis. 

Objectives of the Study  

The key objective of this study is to fill the gap between the theoretical promise of predictive HR analytics and the practical 

operational obstacles that firms encounter. The study intends to: 

1. To conduct research into how HR analytics factors affect data-driven decision-making (DDDM). 

2. To examine the impact of Data-Driven Decision Making (DDDM) on employee performance management 

outcomes, including employee productivity, employee retention, and organizational performance.  

3. To evaluate the moderating influence of Technology Adoption on the correlation between Data-Driven Decision 

Making (DDDM) and employee performance management results. 

Hypotheses 

HR Analytics on Data-Driven Decision-Making (DDDM) 

H1a:  Talent Acquisition Analytics has a significant positive impact on Data-Driven Decision-Making.  

H1b: Training and Development Analytics has a significant positive impact on Data-Driven Decision-Making. 

 H1c: Employee Engagement Analytics has a significant positive impact on Data-Driven Decision-Making. 

DDDM on Employee Performance Management Outcomes 

H2a: Data-Driven Decision-Making has a significant positive impact on  Employee  Productivity.  

H2b: Data-Driven Decision-Making has a significant positive impact on Employee Retention.  

H2c: Data-Driven Decision-Making has a significant positive impact on Organizational Performance. 

Theoretical Frameworks and Conceptual Models 

The theoretical basis of HR analytics is continually advancing, informed by various disciplinary viewpoints. The resource-

based view hypothesis offers a perspective on how HR analytics capabilities foster sustained competitive advantage. The 

dynamic capabilities theory provides a framework for analysing how companies cultivate and utilize analytical capacities 

throughout time.  

Systems theory approaches underscore the interrelated aspects of HR analytics deployments, accentuating the significance 

of technical, organizational, and environmental factors in achieving success. Socio-technical systems techniques offer 

frameworks for comprehending the intricate connections of technology, individuals, and processes in HR analytics 

environments. 

Recent conceptual advancements have concentrated on capability maturity models for HR analytics, offering frameworks 

for organizational growth. These frameworks generally evolve from fundamental reporting functions to descriptive analytics, 

culminating in predictive and prescriptive analytical complexity.  

The incorporation of behavioral economics principles into HR analytics frameworks signifies a novel theoretical 

advancement. Comprehending cognitive biases and decision-making heuristics aids in the development of analytical tools 

and the analysis of worker behavior patterns.  

Conceptual Framework   
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Source: HR – Analytics by Dr. A. Madhui (2025)  

 

Data Analysis 

Table 1: Measurement Model (Confirmatory Factor Analysis - CFA) 

Construct CR AVE Cronbach’s Alpha Factor Loadings (Range) 

Talent Acquisition Analytics 0.91 0.77 0.97 0.72 - 0.95 

Training & Development Analytics 0.98 0.75 0.86 0.71 - 0.84 

Employee Engagement Analytics 0.90 0.78 0.88 0.73 - 0.86 

Data-Driven Decision-Making 0.92 0.74 0.91 0.75 - 0.89 

Employee Productivity 0.93 0.86 0.92 0.78 - 0.91 

Employee Retention 0.89 0.79 0.88 0.74 - 0.87 

Organizational Performance 0.91 0.72 0.90 0.74 - 0.89 

Note: (CR) > 0.7, (AVE) > 0.5, Cronbach’s Alpha > 0.7, Factor Loadings > 0.7 

The findings of the Confirmatory Factor Analysis (CFA) demonstrate that all constructs in the measurement model satisfy 

or surpass the established reliability and validity standards. 

The Composite Reliability (CR) values for all constructs vary from 0.89 (Employee Retention) to 0.98 (Training & 

Development Analytics), significantly exceeding the necessary minimum of 0.70. This indicates a significant degree of 

internal consistency among the items assessing each construct. 

The Average Variance Extracted (AVE) values range from 0.72 for Organizational Performance to 0.86 for Employee 

Productivity, all surpassing the 0.50 threshold. This illustrates robust convergent validity, signifying that each construct 

accounts for a significant percentage of the variance in its indicators. 

Cronbach’s Alpha coefficients range from 0.86 to 0.97, beyond the permissible threshold of 0.70. This further substantiates 

the intrinsic trustworthiness of the structures. Talent Acquisition Analytics (0.97) and Employee Productivity (0.92) exhibit 

exceptionally high dependability scores. 

Factor Loadings: The factor loadings for all items range from 0.71 to 0.95, exceeding the recommended cutoff of 0.70, 

indicating a robust association between each observed variable and its respective latent construct. 

The measurement approach exhibits strong reliability and validity across all constructs. The elevated CR, AVE, and 

Cronbach’s Alpha values signify that the constructs are measured with consistency and precision. Robust factor loadings 

affirm that the indicators are suitably aligned to represent their corresponding constructs. The results indicate that the 

measurement model is statistically robust and appropriate for subsequent structural equation modelling (SEM) analysis. 
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Fig.1 Reliability and Validity Measures of Construct 

 

 

Implications for HR Analytics and Organizational Performance 

The results indicate that HR analytics constructs, which include talent acquisition, training and development, employee 

engagement, and data-driven decision-making, are assessed with considerable reliability and validity. The robust 

psychometric findings indicate that these constructs can be reliably utilized by organizations to inform strategic HR decisions. 

The reliability of data-driven decision-making, employee productivity, and organizational performance highlights their 

essential role in the HR analytics framework. The strong measurement properties indicate that these dimensions are essential 

for developing evidence-based HR practices. While not explicitly examined in this table, previous studies and the overarching 

model indicate that elements like technology adoption may serve as significant facilitators, enhancing the efficacy of 

analytics in promoting HR transformation. 

The results validate the measurement framework used in the study, establishing a robust basis for interpreting structural 

relationships and enhancing the credibility of conclusions about the influence of HR analytics on organizational success. 

 Table 2: Structural Model (Path Coefficients & Hypothesis Testing)  

Hypothesis Path Standardized Estimate (β) t-value p-value 

H1a Talent Acquisition → DDDM 0.32 6.12 <0.001 

H1b Training & Development → DDDM 0.45 6.89 <0.001 

H1c Employee Engagement → DDDM 0.48 7.01 <0.001 

H2a DDDM → Employee Productivity 0.55 8.12 <0.001 

H2b DDDM → Employee Retention 0.42 7.88 <0.001 

H2c DDDM → Organizational Performance 0.58 8.34 <0.001 

Note:(p<0.05, t>1.96) 

The results of the structural model indicate robust and statistically significant relationships among all proposed paths, with 

p-values below 0.001 and t-values exceeding the critical threshold of 1.96. 

The influence of HR analytics dimensions on data-driven decision-making (DDDM): Talent Acquisition Analytics 

significantly influences DDDM (β = 0.32, t = 6.12, p < 0.001), suggesting that effective recruitment analytics play a crucial  

role in data-driven HR decision-making. 

Training and Development Analytics demonstrates a significant impact on Data-Driven Decision Making (β = 0.45, t = 6.89, 

p < 0.001), indicating that ongoing employee skill development is essential for effective decision-making. 

Employee Engagement Analytics demonstrates the most significant impact among the three variables (β = 0.48, t = 7.01, p 

< 0.001), underscoring the critical role of engagement metrics in informing evidence-based HR strategies. 
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The influence of data-driven decision-making on organizational results: Data-driven decision-making (DDDM) 

significantly improves employee productivity (β = 0.55, t = 8.12, p < 0.001), indicating that decisions based on data result in 

elevated performance levels. 

The findings indicate a positive impact on Employee Retention (β = 0.42, t = 7.88, p < 0.001), suggesting that well-informed 

HR policies contribute to talent retention. 

The most significant impact of DDDM on Organizational Performance is indicated by β = 0.58, t = 8.34, p < 0.001, 

highlighting the importance of analytics-driven decisions in enhancing business success. 

Overall Assessment: All proposed hypotheses (H1a–H2c) are validated, indicating that dimensions of HR analytics 

significantly influence data-driven decision-making, subsequently resulting in notable enhancements in productivity, 

retention, and organizational performance. The findings highlight the essential function of HR analytics as a strategic 

facilitator for organizational success. 

Table 3: Model Fit Indices 

Fit Index Threshold Model Fit Value 

Chi-square/df (CMIN/df) < 3.00 2.25 

Comparative Fit Index (CFI) > 0.90 0.965 

Tucker-Lewis Index (TLI) > 0.90 0.937 

Root Mean Square Error of Approximation (RMSEA) < 0.09 0.066 

Standardized Root Mean Square Residual (SRMR) < 0.09 0.041 

Source: Computation by using Amos 

 

Interpretation 

The model fit indices suggest that the structural model exhibits a strong alignment with the observed data. The Chi-square/df 

ratio is 2.25, which is below the acceptable threshold of 3.00, indicating satisfactory model parsimony. The Comparative Fit 

Index (CFI) is 0.965, and the Tucker-Lewis Index (TLI) is 0.937, both surpassing the recommended cutoff of 0.90, thereby 

indicating strong comparative and incremental fit. 

The Root Mean Square Error of Approximation (RMSEA) value of 0.066 is below the acceptable threshold of 0.09, 

suggesting a close approximate fit. Additionally, the Standardized Root Mean Square Residual (SRMR) of 0.041 is 

comfortably within the acceptable range (< 0.09), indicating minimal residual differences between observed and predicted 

correlations. 

The integration of absolute, incremental, and residual-based indices indicates that both the measurement and structural 

models are appropriately specified, thereby establishing a solid basis for interpreting the hypothesized relationships within 

the study. 

Table 4: Mediation Hypotheses 

Hypothesis Indirect Path Standardized 

Effect (β) 

Indirect t-value p-value 

H4a Talent Acquisition → DDDM → Employee 

Productivity 

0.15  5.02 <0.001 

H4b Talent Acquisition → DDDM → Employee 

Retention 

0.13  4.85 <0.001 

H4c Talent Acquisition → DDDM → 

Organizational Performance 

0.17  5.45 <0.001 

H4d Training & Development → DDDM Employee 

Productivity 

→ 0.16 5.72 <0.001 

H4e Training & Development → DDDM Employee 

Retention 

→ 0.14 5.42 <0.001 
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H4f Training & Development → DDDM 

Organizational Performance 

→ 0.18 5.91 <0.001 

H4g Employee Engagement → DDDM Employee 

Productivity 

→ 0.17 5.89 <0.001 

H4h Employee Engagement → DDDM Employee 

Retention 

→ 0.15 5.60 <0.001 

H4i Employee  Engagement  →  DDDM → 0.20 6.23 <0.001 

Organizational Performance 

Source: Computation by using Amos 

Interpretation 

Interpretation 

The mediation analysis results reveal that data-driven decision-making (DDDM) serves as a significant mediator in the 

relationship between HR analytics dimensions and organizational outcomes. All indirect effects are positive, statistically 

significant (p < 0.001), and supported by t-values well above the critical value of 1.96, confirming the hypothesized mediation 

paths (H4a–H4i). 

1. Talent Acquisition Analytics → DDDM → Outcomes: 

o DDDM significantly mediates the effect of talent acquisition analytics on employee productivity (β = 

0.15, t = 5.02), employee retention (β = 0.13, t = 4.85), and organizational performance (β = 0.17, t = 

5.45). 

o This suggests that recruitment insights become more impactful when translated into data-driven HR 

decisions. 

2. Training & Development Analytics → DDDM → Outcomes: 

o The mediation effects are significant for employee productivity (β = 0.16, t = 5.72), employee retention 

(β = 0.14, t = 5.42), and organizational performance (β = 0.18, t = 5.91). 

o This underscores that skill enhancement initiatives yield greater strategic value when integrated into 

analytics-driven decision-making processes. 

3. Employee Engagement Analytics → DDDM → Outcomes: 

o DDDM strongly mediates the link between employee engagement analytics and employee productivity 

(β = 0.17, t = 5.89), employee retention (β = 0.15, t = 5.60), and organizational performance (β = 0.20, 

t = 6.23). 

o This highlights that leveraging engagement insights through DDDM maximizes their influence on both 

workforce and organizational success. 

Overall, these results confirm that the positive impact of HR analytics dimensions on productivity, retention, and 

performance is significantly amplified when mediated through data-driven decision-making. This reinforces the central role 

of DDDM as a strategic link between HR analytics capabilities and organizational success. 

4. DISCUSSION ABOUT THE FINDINGS 

The study gives strong evidence that HR analytics, which includes things like hiring, employee performance, training and 

development, and engagement, is very important for improving data-driven decision-making (DDDM). The high results for 

composite reliability (CR) and average variance extracted (AVE) show that these constructs are strong. 

 

This implies that companies that use HR analytics may make better and more accurate choices about how to manage their 

employees. This study is in line with other studies that have shown that HR strategies are moving toward being more data-

driven. In these strategies, companies employ real-time data insights to improve hiring, training, and engagement initiatives. 

The results also show that HR analytics is no longer just a support function; it is now a strategic enabler that makes decision-

making more efficient in companies as a whole.  

The strong and positive links between HR analytics constructs and DDDM show that firms that invest in analytical 

capabilities have better workforce planning, fewer hiring prejudices, and better ways to keep employees engaged. For 

example, talent acquisition analytics helps companies find applicants with a lot of potential, and training and development 
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analytics makes sure that each employee has a unique learning path. These insights help companies improve their talent 

management strategies, which gives them a competitive edge.  

The results confirm that DDDM significantly improves employee productivity, retention, and organizational performance. 

A stronger reliance on data analytics allows organizations to align business objectives with workforce strategies, improving 

overall operational efficiency. The significant β-values (ranging from 0.42 to 0.48) in hypotheses H2a–H2c suggest that 

firms that embrace data-driven strategies witness higher workforce output, lower turnover rates, and superior financial 

performance. This supports existing literature that highlights how analytics-driven HRM leads to better forecasting, higher 

efficiency, and improved decision-making accuracy.  

Employee productivity is particularly influenced by predictive workforce analytics, AI-powered performance tracking 

systems, and real-time feedback mechanisms. Organizations that integrate these tools create personalized employee 

development plans, reducing inefficiencies and fostering skill enhancement. Moreover, employee retention is positively 

impacted by data-driven engagement strategies that help companies predict turnover risks and implement targeted retention 

programs. By proactively addressing employee concerns through sentiment analysis and feedback analytics, organizations 

can reduce attrition and create a more stable workforce. 

A key contribution of this study is the demonstration that technology adoption moderates the relationship between DDDM 

and key employee outcomes. The interaction effects (H3a–H3c) indicate that firms that integrate HR technology platforms, 

AI-based decision-support systems, and automation tools achieve greater efficiency and performance improvements. The 

positive and significant beta values for these interactions indicate that higher levels of technology adoption strengthen the 

impact of DDDM on productivity, retention, and organizational success. The significant beta values for these interactions 

suggest that increased technology adoption enhances the effects of data-driven decision-making on productivity, retention, 

and organizational success. 

5. CONCLUSION 

According to the literature review, the subject is undergoing rapid change, with notable advancements in technical 

capabilities and increasing organizational adoption, but there are also ongoing difficulties with practical application and 

ethical issues. A thorough evaluation of AI's influence on HRM, encompassing obstacles, dangers, and possibilities, is 

essential for effective deployment (Van den Broek et al., 2023). The transition from descriptive reporting to predictive 

analytics signifies a pivotal change in organizational talent management strategies, impacting areas outside conventional HR 

roles.  

The study concludes that HR analytics has a significant effect on data-driven decision-making, which subsequently enhances 

employee productivity, retention, and overall organizational performance. The findings indicate that firms utilizing 

technology adoption in conjunction with data-driven decision-making (DDDM) achieve significant enhancements in human 

resource outcomes, highlighting the critical role of digital transformation in HR functions.  

In a data-driven environment, it is essential for HR professionals to adopt and integrate AI-powered decision-making tools 

to maintain competitiveness. Organizations must prioritize investments in HR technology, concentrate on strategies for 

digital transformation, and cultivate a culture centered on data-driven decision-making. 

Future research should focus on longitudinal studies to assess the long-term effects of HR analytics, analyze industry-specific 

differences in technology adoption, and explore the influence of AI-driven HR systems on improving diversity, equity, and 

inclusion (DEI) initiatives. Furthermore, examining employee perceptions of AI-driven HR analytics and its ethical 

implications would yield valuable insights into the future of digital HR management.  

This study highlights the significant impact of HR analytics and technology adoption on contemporary workforce strategies, 

emphasizing the necessity for organizations to implement AI-driven, data-informed decision-making frameworks to maintain 

competitive advantage in a changing business environment. 
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