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ABSTRACT 

The steadily growing availability of both workforce analytics and finance data has allowed organisations 

to take advantage of advanced analytical techniques for decision-making towards organisational strategy. 

This paper examines the use of predictive modelling using advanced analytics to examine the connection 

between workforce metrics and organisational financial performance. In this research, we analyze how 

important human resource metrics — specifically employee productivity, retention ratio, absenteeism 

statistics, training ROI and volumes and employee engagement — correlate to financial performance; for 

example profitability, revenue growth, operational efficiency and return on investment (ROI). Using a 

cross-sectional organisational dataset (n = 200), the study is quantitative explanatory research design using 

secondary data and employs multiple regression analysis, Decision Tree Regression and Random Forest 

Regression. The Random Forest was the most accurate predictive model (R² = 0.86; RMSE = 4.2), with 

employee productivity emerging as the most significant predictor (importance score = 0.34). Support for 

All Four Hypotheses (p < 0.05) The results add to the HR analytics and business intelligence literature 

through an integrated predictive dashboard of analysis capable of converting human resources data and 

insights into financial terms. This study offers practical implications for HR managers, executives and 
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policymakers by enabling data-driven decisions to optimise human capital investments that favour long-

term business sustainability. 

Keywords: Predictive Modelling; Workforce Metrics; Financial Performance; Advance 

In machine learning, random forest is a very popular predictive model and analytics; HR analytics; Zeichn 

Forster 

INTRODUCTION 

Within the modern enterprise sentiment, data-driven decisions increase operational and financial 

performance that organisations around the world must embrace. In the age of knowledge, human capital 

has become a critical factor for achieving organisational success and sustainability in the long run. 

Workforce metrics – Employee productivity, employee retention, employee engagement levels, 

Absenteeism rates and Training efficiency provides the objective basis to measure how well an 

Organization is doing. At the same time financial metrics like profitability, revenue growth and return on 

investment are also important business performance indicators. 

It has significantly changed the way organisations are able to analyse workforce and financial data through 

advanced analytics and predictive modelling. Predictive analytics employs statistical methods 

along with machine learning algorithms that recognize patterns in historical data to predict outcomes and 

make evidence-based decisions (Marler & Boudreau, 2016). Linking workforce metrics with financial 

performance analysis helps organisations to figure out how employee-related factors impact business 

success and in many cases, may even forecast performances of organisations before they take place. 

While workforce analytics are becoming increasingly central to organisations, many struggle to build a 

solid correlation between HR data and financial results[c]. Most HR systems still do little more than 

describe what has happened (Fitz-enz, 2014). Consequently, a predictive modelling framework that 

precisely connects workforce data with financial forecasting is therefore desperately required. This study 

meets that need by developing and validating a framework to make data-driven decisions regarding 

workforce planning; HR strategy; and business performance. 

The outline of this paper is as follows: in section 2, we present the problem description and research gaps. 

Related literature is reviewed in Section 3. Section 4 detailed the conceptual framework and hypotheses In 

section 5, we elaborate the research methodology. Section 6 presents empirical results. Section 7 discusses 

findings. Section 8 presents limitations and suggestions for future research, and Section 9 provides a 

conclusion. 

PROBLEM STATEMENT AND RESEARCH GAP 

2.1 Problem Statement 

Towards the latter half of the 20th century, organisations started generating a lot more workforce-related 

data and troves of financial data: Yet today, many firms still cannot successfully integrate this data for use 

in strategic decision making. Conventional human resource management systems typically concentrate 

mainly on descriptive reporting and are typically unable to provide foresight into future financial 

performance. As a result, organisations are not often equipped to understand how people solutions in areas 

such as productivity, retention, engagement and absenteeism drive profitability and overall business 

success. 

http://www.ijcrt.org/


www.ijcrt.org                                                     © 2026 IJCRT | Volume 14, Issue 6 June 2026 | ISSN: 2320-2882 

IJCRT2606520 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org e787 
 

Even with the rise of advanced analytics and machine learning techniques, predictive modelling in human 

capital reporting for linking human capital indicators to financial impacts is sparse. We identify a gap 

which is limiting the ability for organisations to predict performance patterns, streamline workforce 

planning and enhance financial efficiency. This, therefore, calls for a systematic predictive modelling 

framework which can predict financial performance from the workforce data. 

2.2 Research Gap 

There has been substantial growth in the existing literature on HR analytics over the past decade; 

nevertheless, a few significant gaps persist. First, the majority of studies investigate either workforce or 

financial performance as independent metrics instead of interchangeably within an overarching analytical 

framework. Second, previous studies have either applied machine learning methods to financial 

forecasting or to HR outcomes but relatively few systematically benchmark multiple predictive algorithms 

(regression, Decision Tree, Random Forest) against one another on workforce–performance linkages. 

Third, the practical shift from workforce data to actionable financial insights in managerial practice is still 

a work in progress. This study tackles these gaps head-on. 

2.3 Need for the Study 

Due to increasingly competitive and data-rich context within specific organisations, there is often a 

demand for more timely and accurate decision-making. Every firm understands that human capital is an 

important driver of success, but few have robust mechanisms in place to evaluate the relationship between 

workforce metrics and financial performance. Growing availability of advanced analytics, machine 

learning and predictive modelling has opened a significant opportunity to realise workforce data as a 

source for actionable insights — insights which help organisations understand how productivity, retention 

engagement and absenteeism dictate profitability. This study establishes a such framework and 

empirically test its efficacy using cross-industry organisational data. 

LITERATURE REVIEW 

3 HR analytics and enterprise decision making 

It is a provider of Human Resources (HR) analytics and data-driven solutions, co-founded by Marler and 

Boudreau, 2016. Their writings form the theoretical basis for the analysis conducted in this study. Coolen 

et al. (2023) took this research direction even further by taking a deeper look into the adoption of 

workforce analytics and how it relates to managerial decision-making quality， concluding that higher 

levels of analytics maturity lead to improved strategic outcomes. Similarly, Baesens et al. (2017) studied 

an important but often understated phenomenon of the paradoxical nature of implementation challenges 

faced by practitioners in organisations that are ready to adopt Human Resource analytics. 

3.2 Workforce Metrics and Financial Performance 

Workforce metrics and financial performance have been studied from a variety of theoretical and 

empirical perspectives. Fitz-enz (2014) provided a conceptual basis to argue that HR metrics show an 

economic relationship between workforce data and the financial outcomes attributable to human capital 

investments. This previously was built up by Becker, Huselid and Ulrich (2016) with the HR scorecard, in 

which the HR practices are using logic of a balanced scorecard to connect the dots between business 

performance and HR. To complete these frameworks, Jiang and Klein (2017) expanded the human capital 
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perspective through a strategic HRM lens by investigating talent management approaches and their 

influence on firm performance. 

In the organisational context, Nurbaiti (2021) emprically showed a positive link between HR analytics 

capabilities and financial performance. Zebua et al. (2024) systematically reviewed it and confirmed HR 

analytics application as a factor for organisational efficiency and productivity. Sharma et al. (2023) 

investigated HR analytics as a lever for managerial insights and strategic decisionmaking, contributing to 

highlight the practical relevance of the current framework. 

3.3 Predictive analytics and machine learning 

Ghasemaghaei (2020) has found that big data analytics is a source of competitive advantage drives 

organizational performance and decision quality. Saxena (2024) showed performance optimisation 

benefits from machine learning applications and thus the extension of the pipeline to AI-based predictive 

workforce analytics. Feuerriegel and Fehrer (2015) considered predictive analytics techniques for 

financial decision-making, which offers methodological background on the machine learning method 

implemented in this paper. Abdelhay et al. (2025) and Abujraiban et al. Data up to October 2023 (2025) 

provide relatively recent empirical studies on HR analytics' influence on employee retention and use 

behaviour. 

3.4 People analytics and Strategic HRM 

Suri and Lakhanpal (2022) has shown how people analytics acts as a strategic enabler of HR effectiveness, 

whereas Sunaryadi (2024) validated data-driven HR decision-making using quantitative methods. Soares 

et al. (2022) examined the role of predictive analytics in SAP success factor HCM systems and Laoh & 

Silaban (2025) presented an empirical analysis to analyse HR analytics maturity model. Andersen (2017) 

traced the evolution of human capital analytics, situating present developments in a larger organisational 

transformation story. When viewed collectively, the body of literature provides evidence for the 

conceptual model presented here as well as underscores the need for an empirical framework that 

synthesizes these distinct strands. 

CONCEPTUAL FRAMEWORK AND HYPOTHESES 

4.1 Conceptual Framework 

In this study, we depict workforce metrics as independent variables (IVs) with regard to organisational 

financial performance (the dependent variable, DV) mediated through advanced predictive analytics 

methods. Based on the logic of the HR value chain (Becker et al., 2016) and respectively the HR analytics 

maturity model (Laoh & Silaban, 2025), this framework assumes that only after workforce data have been 

processed through proper analytical models can its effect on financial consequences be reliably estimated 

and acted upon. 

Dependent Variables (Company-Level Performance): Employee productivity score, employee engagement 

level, Employee Retention / Turnover rate, Absenteeism Rate, Training Hours. 

Mediating Analytical Layer: State-of-the-art predictive analytics model (Multiple Regression, Decision 

Tree Regression, Random Forest Regression) which takes raw data on workforce and transforms it into its 

predictions on the financial performance. 

Dependent Variable (Financial Performance): Organisational Profitabiity Score, Financial Performance 

Index (comprised of Revenue Growth, ROI and Operational Efficiency) 
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4.2 Research Hypotheses 

Table 1: Research Hypotheses 

5. RESEARCH METHODOLOGY 

5.1 Research Design 

The study is a quantitative, explanatory and predictive research designBased oncross-

sectionalsecondarydata. The explanatory portion tests hypothesized associations between workforce 

indicators and firm performance, while the predictive portion evaluates numerous machine learning 

methods to assess their forecasting accuracy. It serves both of these purposes and thus explains our choice 

for inferential statistical methods and supervised machine learning models. 

Statistical Method Significance and Choice: 5.2 

Due to the goals of this study (i) determining linear relationships, (ii) predicting continuous financial 

outcomes and iii) examining relative importance of workforce predictors, three complementary forms of 

analysis were employed: 

Multiple Linear Regression (MLR): Suitable for studying the combined linear impact of several workforce 

predictors on financial performance. MLR gives coefficient estimates interpretable as the effect of an 

increase of 1 on some other predictor (or independent variable), and allows hypothesis testing with t-

statistics and F-statistics. Its assumptions is diagnosed through (linearity, homoscedasticity, normality of 

residuals, and no multicollinearity). 

Decision Tree Regression: A non-parametric, rule-based method which splits the predictor space into 

homogeneous regions It is especially useful for detecting non-linear threshold effects (for example, 

productivity scores beyond which financial performance increases dramatically) and for generating 

interpretable business rules. There are no distributional assumptions made for decision trees. 

Random Forest Regression: an ensemble method that averages predictions from multiple decision trees to 

minimize variance and overfitting. You will find that as a predictive technique, Random Forest improves 

on single-tree-based models in terms of accuracy and yields permutation-based feature importance scores 

to rank the efficiency with which workforce predictors contribute to financial performance. We use this 

approach for the main predictive purpose (H₃) and to validate the relative importance findings (H₄). 

We use three methods to align with best practione in HR analytics research (Baesens et al., 2017; Saxena, 

2024): MLR provides statistical inference for hypothesis testing; Decision Tree results in interpretable 

business rules and Random Forest offers enhanced predictive power. The performance of the models is 

evaluated using R², RMSE & MAPE. 

5.3 Data Collection 

Using secondary data available in the organisational HR databases and financial statements using 

medium-to-large organisations across all sectors particularly, IT, manufacturing, banking & services. At 

the organisational (firm-year) level, workforce and financial indicators were gathered. The analytic sample 

was n = 200. Data were anonymised and analysed in aggregated form to maintain confidentiality. 
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5.4 Variables 

II. Independent Variables(Workforce Metrics):Employee productivity score; Employee engagement level; 

Training hours; Absenteeism rate; Employee turnover rate. 

Dependent Variables (Financial Performance) Organisational Profitability Score; Financial Performance 

Index (composite of Revenue Growth, ROI and Operational Efficiency). 

5.5 Model Specification 

The generalmultiple regression model is given as: 

FP = β + β(Productivity) + β(Engagement) + (βTraining) + (βAbsenteeism)+ (βTurnover)+ε 

where FP is the Financial Performance Index, β₀ refers to intercept, β₁–β₅ represent slope coefficients and 

ε is the error term. The ML models were trained on 80% of the dataset and validated with remaining 20% 

using stratified k-fold cross-validation (k = 5). 

5.6 Ethical Considerations 

At no point were individual employee identities utilized. All data at the organisational level were 

aggregated, and all participating organisations provided consent for their use. The study conforms to any 

appropriate data protection standards. 

RESULTS 

6.1 Descriptive Statistics 

Descriptive Statistics of Study Variables (n = 200) 

According to descriptive analysis employee productivity (M = 76.4) and engagement (M = 7.3 out of 10) 

are higher than average, which points toward a relatively healthy sample from a workforce perspective. 

Financial performance indices (M = 71.5) indicated a moderate variance (SD = 10.4), suggesting 

significant diversity across organisations. Absenteeism (M = 5.2%) and turnover (M = 8.7%) rates further 

corroborate stable workforce conditions in the sampled firms. 

6.2 Correlation Analysis (H₁) 

Table 3: Pearson Correlation Coefficients — Workforce Metrics and Financial Performance 

All correlations were statistically significant at p < 0.001 Financial performance was positively associated 

with productivity (r = 0.74) and engagement (r = 0.68), while absenteeism (r = −0.46) and turnover (r = 

−0.55) were negatively associated at moderate to strong levels, respectively. This supports H₁: a 

relationship exists due to the significance between workforce metrics and financial performance. 

6.3 Multiple Regression Analysis (H₂) 

Table 4: Multiple Regression — Workforce Metrics Predicting Profitability Score 

The overall regression model was statistically significant (F = 41.26, p 80; (ii) Engagement Level > 7.0; 

(iii) Turnover Rate < 6% The highest Financial Performance Index values were recorded for organisations 

meeting all three threshold conditions. The model validated that the primary partition variables — ie, the 
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leading workforce metrics impacting business success — were productivity score, engagement level and 

turnover rate. H₄ is therefore supported. 

6.5 Random Forest Regression Analysis (H₃) 

Table 6: Random Forest Model Performance 

Table 7: Feature Importance Scores — Random Forest Model 

The predictive accuracy of the best Random Forest model was higher than that of any other model, with 

R² = 0.86 and RMSE = 4.2 as evaluated above three models. Permutation-based feature importance 

verified employee productivity as the strongest predictor (0.34) and engagement (0.27) final, trump call 

turnover rate by 0.18. H₃ is supported, predictive analytics techniques successfully forecast financial 

outcomes. 

6.6 Hypothesis Testing Summary 

Table 8: Overall Hypothesis Testing Summary 

7. DISCUSSION 

The findings of this study, which indicate that there is a significant relationship between workforce 

decisions and organisational financial performance, lend strong empirical support for the theoretical 

proposition put forth by Becker and Gerhart [9] - namely that workforce metrics are significant 

antecedents to organisational financial performance. Similarly, the observation that employee productivity 

is the most important individual driver of profitability (β = 0.45; importance = 0.34) aligns with existing 

literature. (2014) Fitz-enz and Becker et al. (2016) also made the case that human capital ultimately is not 

most directly realised in monetary form, but rather through productivity gains, and this relationship was 

the very first to be quantified within a multi-method predictive framework for the present study. 

Notably, the Random Forest model was able to predict the outcomes with R² = 0.86 (the strongest 

predictive performance). This vastly exceeds the multiple regression model (R² = 0.79), indicating that 

non-linear interactions, and ensemble effects across workforce predictors substantially affect financial 

outcomes — something not fully captured with linear models. The finding is consistent with 

Ghasemaghaei (2020) and Saxena (2024), who shows that unilateral approaches for machine learning adds 

cause to organisationaitonal perfomrnace prediction over traditional statistical methods. 

The Decision Tree results provide unique managerial insight. This idea of finding specific workforce 

thresholds (productivity> 80, engagement >7, turnover <6%) provides HR managers with actionable 

thresholds — a type of evidence-based norm for the workforce that serves to bolster more statistically-

minded findings from regression analyses. In this regard aligns with Coolen et al. (2023), called for 

translating analytics outputs to managerial outcomes. 

The deleterious effects of absence and turnover on financial outcomes reinforce past findings (Andersen, 

2017; Abdelhay et al., 2025) and highlight the economic expense of workforce volatility. High-turnover 

firms endure not only the costs of hiring and training people but also losses in productivity and 

knowledge, all of which are reflected in lower financial performance measures. 
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LIMITATIONS AND FUTURE RESEARCH 

There are several limitations to this study, which should be kept in mind when interpreting the data. While 

a sample of n = 200 organisations is enough for the statistical methods used, it limits generalisability 

across all industry contexts and firm sizes. Future research should conduct the exercise with larger and 

more geographically diverse samples. Second, the use of secondary data limits the breadth and detail of 

workforce metrics that can be captured; primary longitudinal data collection would enhance causal 

inference. Third, the models did not account for various macroeconomic and industry-specific contextual 

factors (eg, market conditions, regulatory environment) and their omission may have confounding effects. 

Fourth, the analysis does not take into consideration reciprocal effects between financial performance and 

workforce investment decisions. Future research could employ panel data and structural equation 

modelling to explore the bidirectional nature of these dynamics. 

CONCLUSION 

It was used to discover associations with training indicator variables earlier so that the fiscal outcome 

could be estimated, whenever new data of a financial and workforce quality metrics were available in 

organizations in real-time. For all four hypotheses and three analytical approaches, we subsequently 

reaffirmed that workforce metrics, especially employee productivity, engagement, and turnover — are 

major drivers of financial performance. The Random Forest Regression model achieved the best 

predictiveness (R² = 0.86), surpassing both multiple regression and Decision Tree models, highlighting its 

appropriateness as the primary predictive method for this class of problem. 

This is where the study contributes most significantly. Conceptually, it brings together two areas — the 

HR value chain and HR analytics maturity frameworks — into one predictive modelling framework. 

Methodologically, it compares three complementary analytical approaches — multiple regression; 

Decision Tree; and Random Forest — to each other in the same workforce–performance environment. On 

a practical level it gives HR managers and executives explicit thresholds for workforce measures as well 

as importance ranking of predictors to inform data-driven workforce planning, strategic resource 

allocation. In summary, the research demonstrates that advanced analytics are not only an effective means 

of transforming workforce data into actionable financial insights but a critical tool for supporting HR's 

strategic role in organizational decision-making. 
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