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Abstract: 

Purpose: This paper examines how Indian firms adopt HR analytics, the barriers that impede maturity, and 

the extent to which analytics contributes to HR and business decision-making. Grounded in the Resource-

Based View, Human Capital Theory, Dynamic Capabilities, Diffusion of Innovation, and Institutional 

Theory, it positions HR analytics as a potential strategic lever rather than a reporting tool. 

Methodology: A quantitative, cross-sectional survey instrument was developed to measure adoption 

maturity (descriptive → prescriptive), outcomes in talent acquisition, training needs identification/ROI, 

engagement, and decision-making, alongside organisational and ethical barriers. A pilot (n ≈ 30) was 

conducted to pre-test item clarity, feasibility, and preliminary patterns; the full doctoral study targets ~350–

400 responses for inferential analysis. 

Findings (pilot): Most organisations remain at descriptive analytics, with limited diagnostic use and rare 

predictive/prescriptive applications. Recruitment emerges as the common entry point (time-to-hire, sourcing 

mix, offer acceptance), while training ROI and engagement-to-retention linkages are underutilised. Key 

barriers include fragmented systems, skills gaps, cultural reliance on intuition, leadership hesitation, and 

heightened governance requirements under India’s DPDP Act (2023). Sectoral differences are evident: 

IT/ITeS leads; SMEs lag due to cost and capability constraints. 

Practical implications: A staged roadmap is proposed—data foundations, descriptive dashboards, 

diagnostic analyses, predictive pilots, and prescriptive interventions—enabled by leadership sponsorship, 

HR–analytics upskilling, integration of HRIS/ATS/payroll/performance data, and privacy-preserving 

governance. 

Originality: The study contributes India-specific empirical insight, a validated survey instrument for larger-

scale testing, and a theory-informed framework that links adoption maturity to measurable HR and business 

outcomes. 
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1. INTRODUCTION 

1.1 Evolution of HRM 

The role of Human Resource Management (HRM) has changed dramatically over the last century. In the 

early industrial period, HRM largely functioned as an administrative and compliance-oriented activity. Its 

focus was on payroll, record keeping, dispute resolution, and adherence to labour laws. Workers were 

considered replaceable resources, and the primary managerial concern was efficiency. The emphasis during 

this stage was aligned with the principles of Taylor’s scientific management, which treated employees as 

cogs in a machine rather than as human capital capable of adding unique value to organisations. 

A shift began with the recognition of psychological and social factors in the workplace. Elton Mayo’s 

Hawthorne studies in the 1930s provided one of the earliest indications that motivation, team dynamics, 

and supervisory relationships could strongly influence productivity (Mayo, 1933). This was a turning point 

that expanded the remit of HR beyond administrative tasks to include attention to human motivation and 

employee relations. Over time, HRM evolved into a discipline concerned with balancing efficiency with 

employee well-being. 

By the late twentieth century, the view of HRM had expanded further. Scholars and practitioners began to 

argue that HR was not merely a support function but a strategic partner. Ulrich’s (1997) HR champion 

model articulated how HR could deliver value not only through administrative efficiency but also by enabling 

organisational capability, developing talent, and shaping corporate strategy. Around the same time, the 

Resource-Based View (RBV) of the firm (Barney, 1991) reinforced the idea that people—through their 

skills, knowledge, and behaviours—could provide a source of sustainable competitive advantage, provided 

those capabilities were valuable, rare, inimitable, and non-substitutable. These developments reframed HR 

from an operational cost centre into a potential driver of strategy. 

1.2 The Emergence of HR Analytics 

The advent of digital technologies in the late 20th and early 21st centuries further changed HRM. 

Organisations gained the ability to collect, store, and analyse large volumes of workforce data. This gave rise 

to HR analytics—also known as people analytics or workforce analytics—which refers to the systematic 

collection, analysis, and interpretation of HR-related data to inform decision-making (Davenport, Harris, & 

Shapiro, 2010). 

HR analytics can be understood across four levels of maturity: 

 Descriptive analytics focuses on “what happened” through reporting (e.g., headcount, turnover 

rates). 

 Diagnostic analytics explores “why it happened” by uncovering causal factors (e.g., reasons for 

attrition). 

 Predictive analytics addresses “what is likely to happen” (e.g., identifying employees at risk of 

leaving). 

 Prescriptive analytics suggests “what should be done” to achieve a desired outcome (e.g., 

interventions for retention or succession planning). 
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Global corporations have demonstrated the power of these tools. For example, Google’s Project Oxygen 

identified the behaviours of effective managers through rigorous data analysis (Garvin, 2013). IBM 

developed attrition models with high predictive accuracy, saving millions in replacement costs (Rasmussen 

& Ulrich, 2015). Unilever employed digital assessments and analytics to shorten recruitment cycles and 

reduce hiring costs (Deloitte, 2021). These cases highlight how HR analytics, when institutionalised, can 

transform HR from a reporting function to a strategic contributor. 

1.3 The Indian Context 

While global progress is evident, the adoption of HR analytics in India presents a more mixed picture. Large 

IT and IT-enabled services firms such as Infosys, TCS, and Wipro have invested heavily in analytics for 

workforce planning, attrition prediction, and productivity improvement (Chatterjee & Saini, 2020). These 

firms operate in highly competitive global markets where attrition is high, skill demands change rapidly, and 

digital readiness is essential. For them, analytics is not optional but a necessity to manage scale and 

complexity. 

In contrast, small and medium enterprises (SMEs), which constitute the backbone of India’s economy, 

continue to rely largely on manual HR processes or at best on basic dashboards. Studies suggest that budget 

constraints, lack of in-house analytics talent, and cultural resistance are major reasons for this lag (Joshi & 

Patel, 2021). Even when SMEs adopt technology, it often takes the form of fragmented systems—payroll 

here, attendance there—without integration to support deeper analysis. 

The demographic and labour market context in India makes analytics adoption especially urgent. India’s 

workforce is not only young but also increasingly mobile, with attrition levels in the IT sector often exceeding 

20 percent annually. Rapid technological shifts are creating urgent reskilling needs, while the growth of gig 

and contract work complicates workforce planning. Moreover, compliance demands have increased. The 

Digital Personal Data Protection Act (2023) imposes stricter rules on consent, purpose limitation, and data 

protection, compelling firms to manage HR data more responsibly. Analytics is thus both an opportunity for 

strategic value creation and a challenge that requires careful governance. 

1.4 Research Gaps 

Despite these dynamics, academic research on HR analytics in India remains sparse compared to the global 

literature. Most empirical studies have been conducted in North America and Europe (Marler & Boudreau, 

2017). Indian research has tended to be descriptive, focusing on IT sector adoption, with limited evidence 

from other industries. There is little systematic work linking analytics adoption to specific HR outcomes 

such as recruitment efficiency, training ROI, engagement, or retention. Similarly, barriers such as data quality, 

skills shortages, cultural resistance, and ethical dilemmas are often acknowledged but not empirically 

analysed. 

Thus, there is a need for studies that: 

 Provide India-specific empirical evidence; 

 Examine adoption maturity beyond descriptive metrics; 

 Explore how HR analytics connects to measurable HR and business outcomes; and 

 Investigate barriers that inhibit progression to advanced stages of maturity. 
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1.5 Research Objectives, Questions, and Hypotheses 

To address these gaps, the present study draws on Resource-Based View (Barney, 1991), Human Capital 

Theory (Becker, 1964), Dynamic Capabilities (Teece, 2007), Diffusion of Innovation (Rogers, 2003), and 

Institutional Theory (DiMaggio & Powell, 1983). It explores how Indian firms are adopting HR analytics, 

the barriers they encounter, and how analytics contributes to HRM and business decision-making. 

Research Questions 

1. How does HR analytics improve efficiency in talent acquisition processes such as cycle time, fill rate, 

and offer acceptance? 

2. To what extent does HR analytics assist organisations in identifying training needs, reducing skill 

mismatches, and aligning training with strategic goals? 

3. How does HR analytics influence employee engagement factors such as satisfaction, career 

advancement, retention, and work culture? 

4. What are the primary barriers to HR analytics adoption in India, including technological, 

organisational, cultural, and ethical factors? 

5. In what ways does HR analytics contribute to business decision-making, particularly in forecasting 

workforce needs and supporting evidence-based HR strategies? 

6. How can a conceptual framework be developed to explain the role of HR analytics in HRM and 

business decision-making within the Indian context? 

Research Hypotheses 

Table 1. Research Hypotheses 

Domain Null Hypothesis (H₀) Alternative Hypothesis (H₁) 

Talent Acquisition HR analytics has no significant effect 

on talent acquisition outcomes such as 

hiring cycle time, offer acceptance, and 

quality of hire. 

HR analytics significantly improves 

talent acquisition outcomes, reducing 

cycle time, increasing offer acceptance, 

and enhancing quality of hire. 

Training Needs 

Identification 

HR analytics use has no significant 

relationship with effective training 

needs identification (TNI). 

HR analytics significantly enhances TNI 

by aligning skill development with 

organisational requirements and 

improving training ROI. 

Employee 

Engagement 

HR analytics adoption has no 

significant association with 

engagement outcomes such as 

satisfaction, retention, and 

commitment. 

HR analytics adoption is positively 

associated with engagement, leading to 

higher satisfaction, retention, and 

organisational commitment. 

Implementation 

Challenges 

Barriers such as poor data, lack of skills, 

leadership support, and cultural 

resistance have no significant impact on 

HR analytics adoption. 

Barriers significantly hinder HR analytics 

adoption in Indian organisations. 

Business Decision-

Making 

HR analytics does not significantly 

contribute to evidence-based decision-

making in Indian organisations. 

HR analytics significantly contributes to 

evidence-based decision-making, 

including workforce forecasting and 

strategic planning. 
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2. LITERATURE REVIEW 

The literature on HR analytics has grown rapidly over the past two decades. Early enthusiasm framed it as 

the next frontier for strategic HRM, promising to move beyond intuition and experience toward evidence-

based practice. At the same time, scepticism has persisted, with some scholars questioning whether HR 

functions have the skills, culture, or data integration to deliver on that promise (Angrave et al., 2016). This 

section reviews the global and Indian literature across six themes: (a) global evolution of HR analytics, (b) 

case evidence from multinational corporations, (c) adoption in the Indian context, (d) documented benefits 

of HR analytics, (e) barriers and challenges, and (f) theoretical perspectives that provide explanatory power. 

2.1 Global Evolution of HR Analytics 

In developed economies, HR analytics has matured from basic reporting to predictive and prescriptive 

applications. The early 2000s saw HRIS (Human Resource Information Systems) evolve into integrated 

platforms, enabling descriptive reporting on headcounts, absenteeism, and attrition (Marler & Boudreau, 

2017). Gradually, diagnostic tools emerged to identify underlying causes, while predictive analytics began 

to forecast risks such as voluntary turnover. Prescriptive analytics, though still rare, involves recommending 

specific interventions—for instance, which retention bonus might keep a high-risk employee. 

Scholars such as Bassi (2011) argued that HR analytics represented a paradigm shift: from measuring inputs 

and outputs to examining the causal chain between workforce behaviours and business outcomes. By the 

2010s, “people analytics” became a mainstream term in HR discourse, with large consultancies like Deloitte, 

McKinsey, and PwC publishing regular reports that showcased adoption trends. Despite this, surveys often 

show a gap between rhetoric and practice. While more than 70 percent of global corporations claim to use 

analytics, only 15–20 percent report advanced use (CIPD, 2023). 

2.2 Global Case Evidence 

Several case studies demonstrate the tangible impact of HR analytics when deployed at scale: 

 Google: Through Project Oxygen, Google analysed performance data and interviews to identify the 

behaviours of effective managers. The project overturned the belief that managers added little value 

and informed leadership development initiatives (Garvin, 2013). 

 IBM: Developed attrition prediction models with up to 95 percent accuracy, enabling proactive 

retention interventions (Rasmussen & Ulrich, 2015). 

 Unilever: Introduced digital assessments and AI-based video interviews, reducing recruitment cycle 

times and costs (Deloitte, 2021). 

 Microsoft: Used network analytics to understand collaboration patterns and redesign hybrid work 

policies (LinkedIn, 2022). 

 Accenture: Built a global workforce analytics platform linking skills data to client project demands, 

improving talent deployment efficiency (Accenture, 2020). 

These cases illustrate that when HR analytics is integrated into organisational processes and supported by 

leadership, it produces measurable business value. They also highlight the role of scale, data availability, and 

technological capability—factors less prevalent in smaller firms and developing economies. 
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2.3 HR Analytics in India 

The Indian context is complex and uneven. Large IT and IT-enabled services (IT/ITeS) firms have been at 

the forefront of adoption. Infosys, TCS, and Wipro have invested in predictive models for attrition, 

productivity, and workforce planning (Chatterjee & Saini, 2020). These firms operate in global markets 

where attrition is high, skill requirements shift quickly, and client contracts demand reliable staffing. 

Outside IT/ITeS, adoption has been slower. BFSI firms use analytics for fraud detection and customer 

insights, but HR functions often lag behind. Pharma and manufacturing sectors show selective use—mainly 

in compliance and performance reporting. SMEs, which form the backbone of India’s economy, continue to 

struggle with adoption due to budget limitations, lack of analytical expertise, and reliance on manual 

processes (Joshi & Patel, 2021). 

A consistent finding in Indian studies is that fragmentation of systems is a major barrier. Many organisations 

maintain payroll, attendance, recruitment, and appraisal on separate platforms, making integration difficult 

(Ravichandran, 2022). Furthermore, HR professionals often lack advanced statistical or programming skills. 

Training programmes exist but remain concentrated in elite business schools and IT hubs, creating an uneven 

distribution of expertise (Sharma & Jha, 2023). 

Finally, the introduction of India’s Digital Personal Data Protection Act (DPDP, 2023) has reshaped the 

debate. While it encourages responsible data governance, it also increases compliance costs, especially for 

SMEs. Firms must now balance the promise of analytics with legal obligations around consent, purpose 

limitation, and data minimisation. 

2.4 Benefits of HR Analytics 

The literature consistently highlights four domains where HR analytics creates value: 

1. Talent Acquisition 

Analytics helps improve sourcing channels, reduce hiring time, and increase offer acceptance rates. 

For example, predictive models can identify the likelihood of a candidate accepting an offer or 

succeeding in a role (Chamorro-Premuzic et al., 2016). In India, large IT firms report using 

analytics to screen thousands of applications more efficiently, though SMEs remain reliant on 

traditional methods. 

2. Training Needs and ROI 

Human Capital Theory argues that training is an investment that should yield returns (Becker, 

1964). Analytics can identify critical skill gaps, prioritise learning interventions, and measure ROI 

(Gupta & Kumar, 2021). Global studies show that firms using analytics for training see higher 

alignment between L&D and business strategy. In India, however, studies reveal that most training 

effectiveness is still assessed through post-programme feedback forms rather than systematic 

analysis. 

3. Employee Engagement and Retention 

Analytics allows firms to track engagement through surveys, digital footprints, and performance 

data. Singh and Sharma (2020) found that engagement analytics correlated with higher retention in 

Indian IT firms, though overuse risked eroding trust. Globally, engagement analytics has been 

linked to productivity and customer satisfaction (Deloitte, 2021). 
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4. Strategic Decision-Making 

At the highest level, analytics links HR data with operational and financial outcomes. McKinsey 

(2020) documented that firms integrating HR and financial data improved workforce planning and 

competitiveness. Indian organisations, however, often struggle to connect HR dashboards to 

business metrics, limiting analytics’ strategic influence. 

2.5 Barriers to Adoption 

Despite recognised benefits, barriers are well documented: 

 Data Quality and Integration: Fragmented HRIS, incomplete records, and lack of interoperability 

reduce data credibility (Ravichandran, 2022). 

 Skills Gap: Many HR professionals lack statistical, programming, or data-visualisation expertise 

(Sharma & Jha, 2023). 

 Cultural Resistance: Managers continue to rely on intuition and personal experience, sometimes 

viewing analytics as a threat (Narayan & Jha, 2019). 

 Ethical and Legal Concerns: Algorithmic bias, lack of transparency, and privacy risks have been 

flagged globally (Verma & Saini, 2022). In India, compliance with the DPDP Act creates additional 

obligations. 

 Leadership and Costs: Analytics initiatives often require strong sponsorship, investment in 

platforms, and ongoing governance. SMEs and even some large firms cite costs as prohibitive. 

Barriers rarely operate in isolation. For example, poor data quality undermines trust in analytics outputs, 

which reinforces cultural scepticism, making leaders less likely to invest. This cycle explains why adoption 

often stalls at the descriptive stage. 

2.6 Theoretical Perspectives 

The literature employs several theoretical frameworks to interpret adoption: 

 Resource-Based View (Barney, 1991): Positions HR analytics as a potential source of competitive 

advantage, provided it is developed into a capability that is rare, valuable, inimitable, and non-

substitutable. 

 Human Capital Theory (Becker, 1964): Frames analytics as a tool to measure the returns on 

investments in training and development. 

 Dynamic Capabilities (Teece, 2007): Suggests that analytics enables firms to sense skill gaps, seize 

opportunities for reskilling, and reconfigure workforce resources. 

 Diffusion of Innovation (Rogers, 2003): Explains uneven adoption, with IT/ITeS firms as 

innovators, large firms as early adopters, and SMEs as late adopters. 

 Institutional Theory (DiMaggio & Powell, 1983): Highlights how regulatory pressures (e.g., DPDP 

Act) and professional norms push adoption, sometimes more for legitimacy than efficiency. 

These theories together provide a robust conceptual foundation for the current study, helping explain not only 

why adoption occurs but also why it stalls. 
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Table 2. Barriers and Enablers of HR Analytics  

Barriers Enablers 

Data silos and poor quality Integrated HRIS, cloud platforms 

Skill gaps among HR professionals Upskilling, cross-functional HR-analytics roles 

Cultural resistance to evidence Leadership sponsorship, change champions 

High costs for SMEs Shared analytics platforms, industry associations 

Privacy and ethical concerns Strong governance frameworks, DPDP compliance 

 

Figure 1. Conceptual View of Barriers and Enablers  

Barriers → (Data | Skills | Culture | Costs | Ethics)   

Enablers → (Leadership | Governance | Training | Integration)   

Outcome → Shift from Descriptive → Diagnostic → Predictive → Prescriptive Analytics 

 

3. METHODOLOGY 

3.1 Research Design 

This study adopts a quantitative, cross-sectional survey design. The choice is appropriate for three reasons. 

First, cross-sectional surveys allow researchers to capture the prevailing state of HR analytics adoption across 

multiple organisations at a single point in time. Second, survey research provides comparability by asking 

all respondents the same set of questions, which is essential for testing hypotheses on adoption, barriers, and 

outcomes. Third, surveys are well suited to exploratory phases of research where the purpose is to identify 

relationships and patterns that can later be validated with more sophisticated statistical models. 

While qualitative interviews can generate depth, the survey approach was prioritised here because the 

objective is not only to understand perceptions but also to quantify adoption maturity and linkages to HR 

outcomes. Moreover, prior HR analytics research has frequently used surveys (Marler & Boudreau, 2017; 

Chatterjee & Saini, 2020), making this design methodologically consistent with the field. 

3.2 Target Population and Sampling Frame 

The target population for this research is HR professionals and decision-makers working in India across 

diverse industries. The inclusion criteria were: 

 Employment in an HR role (CHRO, HR Head, HRBP, Talent Acquisition, Learning & Development, 

or Analytics/MIS). 

 Experience with HR processes at the organisational level. 

 Willingness to participate in the survey and provide informed consent. 

Industries targeted included IT/ITeS, BFSI, Pharma, and SMEs in manufacturing and services. This 

multi-sector approach ensures that findings are not restricted to the IT sector, which dominates existing Indian 

studies. 

Because the exact size of the HR professional population in India is difficult to establish, a sample size 

estimation was calculated using Cochran’s formula: 

n0=Z2⋅p⋅(1−p)e2n_0 = \frac{Z^2 \cdot p \cdot (1-p)}{e^2}n0=e2Z2⋅p⋅(1−p)  
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Where: 

 ZZZ = 1.96 for a 95% confidence level, 

 ppp = 0.5 (maximum variability), 

 eee = 0.05 (margin of error). 

This yields an ideal sample size of 384. For practical feasibility, the doctoral study aims to collect 350–400 

valid responses. 

The present paper, however, reports only a pilot survey conducted with a smaller sample. The pilot was 

intended to pre-test the questionnaire, refine wording, and assess feasibility. The findings are illustrative, 

not generalisable, and provide early evidence for instrument validity. 

3.3 Data Collection Procedure 

Data were collected using an online questionnaire built on Google Forms. Respondents were approached 

through a combination of professional networks, LinkedIn outreach, and referrals from HR associations. This 

method was chosen to maximise reach, given the geographical spread of HR professionals in India. 

The survey link was accompanied by an introductory note explaining the study’s objectives, voluntary 

participation, and confidentiality assurance. Respondents were required to provide informed consent before 

proceeding. To increase response quality, duplicate submissions were screened, and incomplete responses 

were removed. 

3.4 Instrument Development 

The survey instrument was developed after an extensive review of academic and practitioner literature on 

HR analytics adoption, barriers, and outcomes. The final questionnaire was divided into five domains: 

1. Adoption Maturity: items assessing whether organisations use descriptive, diagnostic, predictive, or 

prescriptive analytics. 

2. Talent Acquisition Outcomes: items on hiring cycle time, offer acceptance, quality of hire, and 

sourcing channels. 

3. Training Needs Identification and ROI: items on identifying skill gaps, aligning training with 

strategy, and measuring training outcomes. 

4. Employee Engagement: items on survey use, recognition programmes, engagement–retention 

linkages, and integration into HR strategy. 

5. Barriers: items on data quality, system integration, skills gaps, leadership support, cultural resistance, 

and ethical concerns. 

Each construct was measured on a five-point Likert scale (1 = strongly disagree to 5 = strongly agree). 

Reverse-coded items were included to check attentiveness. 
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Table 3. Survey Dimensions and Example Items 

Dimension Example Item (5-point Likert) 

Adoption Maturity “Our organisation uses predictive models to forecast attrition.” 

Talent Acquisition “Analytics has reduced our average time-to-hire.” 

Training Needs & 

ROI 

“Analytics helps us identify critical skill gaps and evaluate training 

effectiveness.” 

Engagement “Engagement data are regularly reviewed in HR strategy meetings.” 

Barriers “Data from HRIS, ATS, and payroll systems are fully integrated.” (reverse-

coded) 

The questionnaire also collected demographic variables such as industry, organisation size, and 

respondent’s HR role. These enable comparison of adoption maturity across sectors and firm types. 

3.5 Pilot Testing 

Before full rollout, the instrument was tested with a pilot group of HR professionals (n ≈ 30). Feedback 

revealed areas for improvement: 

 Certain terms (e.g., “prescriptive analytics”) required examples for clarity. 

 Questions on training ROI were rephrased to avoid jargon. 

 Some respondents found the Likert scale too narrow; however, five points were retained for 

comparability with prior studies. 

The pilot confirmed that the survey was understandable, feasible, and relevant to practitioners, although 

statistical reliability tests are reserved for the larger dataset. 

3.6 Validity and Reliability 

Content validity was strengthened by expert review from both academics and practitioners. Construct 

validity will be evaluated in the full study using Confirmatory Factor Analysis (CFA). Reliability will be 

assessed using Cronbach’s alpha (≥ 0.70) and Composite Reliability (≥ 0.70). 

In addition, Average Variance Extracted (AVE ≥ 0.50) will be calculated for convergent validity, while the 

Fornell–Larcker criterion and Heterotrait–Monotrait ratio (HTMT ≤ 0.85) will test discriminant validity. 

These analyses cannot be reported on the pilot due to its small size but are fully planned for the main study. 

 

3.7 Ethical Considerations 

The study adhered to ethical principles of voluntary participation, informed consent, and confidentiality. No 

personally identifiable data (e.g., employee IDs, payroll details) were collected. Respondents were informed 

that their participation was voluntary and that they could exit at any time without consequence. 

In line with India’s Digital Personal Data Protection (DPDP) Act (2023), data collection followed the 

principles of consent, purpose limitation, and storage minimisation. Only aggregated results are reported, 

and access to raw data is restricted to the researcher. GDPR principles were also considered, given their 

influence on global data governance standards. 

3.8 Conceptual Framework 

The conceptual model guiding this study integrates adoption maturity, HR outcomes, and barriers. It 

illustrates hypothesised relationships between constructs. 
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Figure 2. Conceptual Research Model (Placeholder) 

Adoption Maturity ──────→ Talent Acquisition (H1) 

                       ├─→ Training Needs & ROI (H2) 

                       ├─→ Employee Engagement (H3) 

                       └─→ Business Decision-Making (H5) 

Barriers (H4) ──────────┘ (moderating all paths) 

3.9 Data Analysis Plan 

The pilot results are presented descriptively in Section 4. For the full dataset, the following analyses are 

planned: 

1. Data Screening: Handling missing values, checking normality, and identifying outliers. 

2. Reliability Testing: Cronbach’s alpha and composite reliability. 

3. Validity Testing: CFA to confirm factor structures, AVE for convergent validity, and HTMT for 

discriminant validity. 

4. Common Method Bias: Harman’s single-factor test and marker variable technique. 

5. Hypothesis Testing: 

o H1–H3, H5: Multiple regression or PLS-SEM to test the effect of adoption maturity on 

outcomes. 

o H4: Moderation analysis using interaction terms in regression or multi-group PLS. 

6. Robustness Checks: Alternative model specifications, VIF for multicollinearity, and sensitivity 

analyses by industry and firm size. 

7. Fit Indices: For SEM, CFI/TLI ≥ .90, RMSEA ≤ .08, and SRMR ≤ .08 will be reported. 

This step-by-step plan ensures rigour and transparency, positioning the study to provide valid and 

generalisable results in later stages. 

4. Results (Pilot Findings – Illustrative Only) 

The purpose of the pilot survey was to test the feasibility of the questionnaire, assess clarity of items, and 

capture early descriptive trends in HR analytics adoption across Indian organisations. While the sample is 

not large enough for statistical generalisation, the findings are valuable for refining hypotheses and 

illustrating likely patterns. 

4.1 Respondent Profile 

Respondents represented a range of HR roles: senior decision-makers (CHROs and HR Heads), functional 

managers (Talent Acquisition, Learning and Development), and specialists (HR Analytics/MIS). This mix is 

significant because perspectives on HR analytics often differ by role. Senior leaders view it as a strategic 

tool, while operational managers focus on immediate efficiency gains. 
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Industry distribution. Most responses came from the IT and IT-enabled services (IT/ITeS) sector, 

reflecting its greater technological maturity. Smaller shares came from Banking, Financial Services, and 

Insurance (BFSI), pharmaceuticals, and SMEs. 

Geographic spread. The majority of respondents were based in large urban centres such as Bengaluru, 

Hyderabad, Pune, and Ahmedabad. These hubs are known for technology adoption and concentration of 

HR talent. Fewer responses came from Tier-2 cities, suggesting that analytics adoption may be 

geographically uneven. 

Organisation size. Larger firms (500+ employees) were better represented than micro or small enterprises. 

This is consistent with the resource demands of analytics and indicates that SMEs may remain under-

represented in adoption research. 

4.2 Candidate Evaluation Priorities 

One of the survey’s aims was to identify which criteria are most influential when evaluating candidates. 

Respondents ranked technical experience and skills as the dominant factor. Cultural fit and attitude were 

rated as important but secondary. Communication ability mattered more in client-facing roles than in back-

office roles. Salary expectations were seen as negotiable but still factored into final decisions. 

Table 4. Candidate Evaluation Priorities (Pilot Sample) 

Criterion Relative Emphasis in Sample 

Technical experience/skills High 

Cultural fit and attitude Moderate to High 

Communication ability Moderate 

Salary fit Low to Moderate 

 

Interpretation. This suggests that Indian organisations—particularly in IT—still privilege technical skills 

as the first screening layer. Cultural fit is considered but often later in the process, while communication is 

role-dependent. Analytics in recruitment may therefore be most useful at the technical skill-screening stage 

but should not ignore softer dimensions. 

4.3 Recruitment Platforms 

Respondents were asked which platforms their organisations rely on most for sourcing candidates. 

Naukri.com and LinkedIn emerged as dominant, with employee referrals as a secondary but important 

source. Other job boards, campus partnerships, and niche platforms were rarely used. 

Table 5. Recruitment Platforms (Pilot Sample) 

Platform Relative Use in Sample 

Naukri.com High 

LinkedIn High 

Employee referrals Moderate 

Other sources Low 

 

Interpretation. This reliance on a narrow set of platforms creates both opportunities and risks. On the one 

hand, firms can use analytics to optimise sourcing mix and predict channel performance. On the other, 

dependency on a few portals exposes firms to market fluctuations and rising costs. 
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4.4 Engagement Practices 

The survey explored how organisations approach employee engagement. Most reported using annual or 

pulse surveys. Manager one-to-one interactions were common but informal, varying by managerial style. 

Recognition programmes existed but were not consistently tied to analytics. Very few organisations linked 

engagement data systematically to retention or performance. 

Table 6. Engagement Practices (Pilot Sample) 

Engagement Practice Relative Frequency 

Pulse or annual surveys High 

Manager one-to-one interactions Moderate 

Recognition programmes Moderate 

Engagement tied to strategy Low 

 

Interpretation. Measurement is common, but data utilisation is weak. This aligns with Singh & Sharma 

(2020), who found that Indian firms often collect engagement data without turning it into actionable insight. 

4.5 Hiring Turnaround Time (TAT) and Interview Panels 

The average reported time-to-hire was 30–45 days, depending on role complexity and market conditions. 

Most organisations used interview panels comprising HR managers, line managers, and sometimes senior 

leaders. 

Table 7. Hiring TAT and Interview Panel Use 

Metric Observed in Sample 

Average TAT 30–45 days 

Interview panel presence Widely reported 

 

Interpretation. While panel interviews support collective judgement, they may also extend hiring timelines. 

Analytics could help by identifying process bottlenecks and predicting time-to-hire based on role type. 

4.6 Adoption Maturity 

Respondents were asked to indicate the level of analytics adoption in their organisations. Most reported using 

descriptive analytics (e.g., headcount, attrition reports). A smaller group reported diagnostic analytics (e.g., 

analysing attrition drivers). Very few used predictive analytics, and prescriptive analytics was almost 

absent. 

Figure 3. Adoption Maturity Levels (Pilot Sample) 

Descriptive ████████████████ (Majority)   

Diagnostic  ██████ (Smaller group)   

Predictive  ██ (Few)   

Prescriptive █ (Rare)   

Interpretation. This finding is consistent with global reports (Marler & Boudreau, 2017) that most firms 

remain at early stages of maturity. In India, resource constraints, fragmented systems, and skill shortages 

appear to slow the shift toward advanced analytics. 
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4.7 Cross-Sectoral Observations 

Although sample sizes are small, some patterns by sector were visible: 

 IT/ITeS: More likely to report diagnostic use, particularly in attrition and productivity analytics. 

 BFSI: Reported reliance on descriptive compliance dashboards; minimal predictive use. 

 Pharma: Focused on training analytics due to regulatory learning requirements. 

 SMEs: Largely descriptive, with adoption barriers linked to cost and capability. 

These differences justify the need for sector-specific roadmaps in later research. 

4.8 Barriers Identified in Pilot Feedback 

Beyond structured survey items, pilot respondents offered open-ended feedback. Common barriers included: 

 Data fragmentation across payroll, attendance, and recruitment systems. 

 Lack of analytical talent within HR teams. 

 Leadership hesitation to allocate budgets for analytics projects. 

 Cultural reliance on intuition and experience. 

 Concerns about privacy and misuse under new DPDP regulations. 

This qualitative input reinforces earlier literature (Narayan & Jha, 2019; Verma & Saini, 2022). 

4.9 Note on Statistical Analysis 

Given the pilot’s small size, inferential statistics (e.g., regression, CFA, SEM) are not reported here. These 

analyses will be applied to the full dataset in the doctoral study. The current results should therefore be 

interpreted as illustrative patterns, not definitive conclusions. 

 

5. Discussion 

The pilot survey provides an early window into the state of HR analytics adoption in Indian organisations. 

While not statistically generalisable, the patterns observed are consistent with both global evidence and prior 

Indian studies. This section interprets the findings in three layers: (a) comparison with global studies, (b) 

theoretical implications, and (c) managerial and policy-level lessons. 

5.1 Comparison with Global Studies 

The results confirm that descriptive analytics dominates, with diagnostic emerging and 

predictive/prescriptive being rare. This mirrors global surveys. Marler and Boudreau (2017) report that 

most organisations worldwide still use analytics for descriptive reporting, despite aspirational discourse 

around “predictive HR.” The pilot reinforces that India is no exception, though its maturity curve is shaped 

by unique conditions. 

 Recruitment as the entry point. Consistent with Chamorro-Premuzic et al. (2016), Indian firms 

apply analytics most readily in recruitment—optimising sourcing channels, reducing time-to-hire, 

and improving quality of hire. The emphasis on technical skills in candidate evaluation resonates with 

the IT sector’s dominance. 

http://www.ijcrt.org/


www.ijcrt.org                                                      © 2025 IJCRT | Volume 13, Issue 10 October 2025 | ISSN: 2320-2882 

IJCRT2510173 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org b391 
 

 Engagement remains under-analysed. The limited integration of engagement data into strategy 

aligns with Singh and Sharma (2020), who found that many Indian firms administer engagement 

surveys but fail to convert findings into retention interventions. By contrast, global cases such as IBM 

and Unilever have linked engagement to retention and productivity (Deloitte, 2021). 

 Training analytics is sporadic. While international literature highlights training ROI as a key benefit 

(Gupta & Kumar, 2021), the pilot shows Indian organisations are still heavily reliant on subjective 

feedback forms. 

 Barriers mirror but magnify global concerns. Data fragmentation, skills gaps, and cultural reliance 

on intuition are common worldwide (Angrave et al., 2016). In India, however, these are amplified by 

resource asymmetries between large IT firms and SMEs. The DPDP Act (2023) adds a regulatory 

dimension unique to the Indian context. 

Thus, the pilot situates India as a “follower” in global HR analytics adoption, with isolated examples of 

advanced use in large IT firms but slow progress elsewhere. 

5.2 Theoretical Implications 

The findings can be interpreted through five theoretical lenses. 

Resource-Based View (RBV) 

RBV positions HR analytics as a potential strategic capability. In the pilot, however, analytics has not yet 

become a rare, inimitable resource. Most organisations use descriptive dashboards easily replicated by 

competitors. This suggests that Indian firms have not yet developed analytics into a source of sustained 

competitive advantage. To achieve RBV conditions, firms must integrate analytics into decision-making 

routines, creating unique “know-how” that cannot be easily copied. 

Human Capital Theory (HCT) 

HCT views investments in people as analogous to capital investments, yielding measurable returns 

(Becker, 1964). The pilot shows limited use of analytics in training ROI. Many firms measure training 

effectiveness through subjective surveys rather than data-driven ROI analysis. This gap restricts the ability 

of HR leaders to justify learning budgets in financial terms, weakening alignment with business goals. 

Dynamic Capabilities (DC) 

Teece (2007) argued that firms must sense opportunities, seize them, and reconfigure resources. The pilot 

indicates that Indian firms are beginning to “sense” issues through descriptive metrics but rarely move to 

“seize” (diagnostic/predictive modelling) or “reconfigure” (strategic workforce planning). For example, 

attrition rates are tracked, but predictive attrition modelling and reskilling strategies remain rare. 

Diffusion of Innovation (DoI) 

Rogers’ (2003) framework helps explain uneven adoption. Large IT firms behave as innovators and early 

adopters, while SMEs remain late adopters. Barriers such as cost and expertise reinforce this divide. 

Adoption therefore spreads unevenly across the ecosystem rather than uniformly. 

Institutional Theory 

Institutional pressures are visible in the influence of regulation and professional norms. The DPDP Act 

(2023) obliges firms to strengthen data governance, pushing even hesitant organisations to formalise data 

handling. Client and stakeholder expectations also exert coercive pressure, particularly in export-oriented 

IT services. However, mimetic isomorphism (adopting analytics for legitimacy rather than effectiveness) 

may explain why some firms adopt dashboards without integrating insights into strategy. 
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5.3 Managerial Implications 

The pilot highlights three clear takeaways for HR leaders: 

1. Start with recruitment, then expand. Recruitment is already seen as a “quick win” domain for 

analytics. Organisations can build credibility here, then extend analytics to training ROI and 

engagement-retention linkages. 

2. Integrate data across systems. Fragmented HRIS platforms undermine trust in analytics outputs. 

Firms should prioritise integration of payroll, recruitment, and performance systems to improve data 

quality. 

3. Invest in hybrid HR–analytics skills. Traditional HR roles often lack statistical or programming 

expertise. Upskilling HR staff in data interpretation—or building cross-functional teams with data 

scientists—will be critical. 

4. Secure leadership sponsorship. Analytics initiatives often fail without senior support. Embedding 

analytics in strategic HR reviews can normalise evidence-based decision-making. 

5.4 Policy Implications 

Beyond organisational lessons, the findings suggest broader implications for the HR ecosystem: 

 Industry bodies (e.g., NASSCOM, SHRM India) should create shared analytics platforms or 

training academies for SMEs that cannot afford in-house capability. 

 Regulators should provide practical guidelines under the DPDP Act for privacy-preserving HR 

analytics, such as anonymisation techniques or aggregated reporting. Without clear guardrails, firms 

may either avoid analytics entirely or misuse employee data. 

 Universities and professional institutes should embed HR analytics in management curricula, 

addressing the skills gap observed in the pilot. 

 Public–private partnerships could support analytics adoption in priority sectors such as 

manufacturing, where productivity gains are nationally strategic. 

5.5 Limitations of the Pilot 

The pilot has several limitations. The sample size is small, limiting statistical inference. The sector 

distribution is skewed toward IT/ITeS, reflecting digital maturity but underrepresenting SMEs and 

traditional industries. The cross-sectional design captures adoption at a single point, missing longitudinal 

dynamics. Finally, self-reported data are vulnerable to bias, particularly social desirability bias where 

respondents may overstate adoption maturity. 

These limitations, however, serve a constructive purpose. They demonstrate that the instrument is feasible, 

highlight areas for refinement, and point toward promising directions for the full doctoral study. 
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6. Conclusion 

6.1 Summary of Findings 

This paper set out to investigate the adoption, barriers, and business impact of HR analytics in Indian 

organisations. Drawing on the Resource-Based View, Human Capital Theory, Dynamic Capabilities, 

Diffusion of Innovation, and Institutional Theory, the study framed HR analytics as a potential strategic 

lever that could transform HRM from a transactional function to an evidence-based decision partner. 

The pilot survey demonstrated that: 

 Most organisations remain at the descriptive analytics stage, with limited progression to diagnostic 

and very few applying predictive or prescriptive models. 

 Recruitment is the most common application area, particularly in screening and sourcing channel 

optimisation. 

 Training ROI and engagement analytics are underdeveloped, with most firms relying on subjective 

assessments rather than data-driven measures. 

 Barriers include data fragmentation, lack of analytics skills, cultural reliance on intuition, 

leadership hesitation, and new compliance demands under the DPDP Act (2023). 

 Adoption maturity differs across sectors: IT/ITeS are relatively advanced, BFSI remains compliance-

driven, Pharma shows selective use, and SMEs lag significantly. 

While the findings are preliminary, they provide a foundation for the larger doctoral study and highlight 

where Indian firms stand on the HR analytics maturity curve. 

6.2 Contributions of the Study 

This paper makes contributions on three levels: 

(a) Academic Contributions. 

 It provides early empirical insights into HR analytics adoption in India, a context underrepresented 

in the global literature. 

 It integrates multiple theoretical perspectives to explain adoption and barriers, demonstrating how 

RBV, HCT, DC, DoI, and Institutional Theory intersect. 

 It develops and pre-tests a survey instrument that can be scaled for larger samples, contributing a 

methodological resource for future HRM research. 

(b) Managerial Contributions. 

 The study identifies recruitment as the “entry point” for HR analytics, offering HR leaders a roadmap 

for building credibility and expanding into training and engagement. 

 It highlights the importance of data integration, leadership sponsorship, and hybrid HR–analytics skill 

development. 

 It provides a phased adoption roadmap that managers can use to plan capability building in a 

structured way. 
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(c) Policy Contributions. 

 It underscores the role of regulators in clarifying privacy-preserving analytics practices under the 

DPDP Act. 

 It points to the need for industry associations such as NASSCOM and SHRM India to provide shared 

platforms, especially for SMEs. 

 It highlights the role of universities and professional bodies in bridging the HR analytics skills gap. 

6.3 Limitations 

As with any exploratory study, this paper has limitations: 

1. Sample size and representativeness. The pilot survey involved a small, non-random sample, skewed 

toward IT/ITeS firms. Findings cannot be generalised. 

2. Cross-sectional design. Results capture adoption at a single point in time and may not reflect 

longitudinal changes in maturity. 

3. Self-reported measures. Reliance on HR respondents introduces risks of bias, including over-

reporting of maturity or outcomes. 

4. Lack of inferential analysis. Due to the small sample, statistical tests (e.g., regression, SEM) were 

not applied. These will be included in the larger doctoral study. 

Despite these limitations, the pilot was successful in testing the instrument, revealing early patterns, and 

confirming the feasibility of a larger-scale survey. 

6.4 Directions for Future Research 

Future work should focus on four key areas: 

1. Large-scale empirical validation. The doctoral study will collect a larger sample (≈350–400 

responses) to enable regression, CFA, and SEM testing of the hypotheses outlined in Section 1. 

2. Sectoral comparisons. Future research should explore how adoption differs across IT, BFSI, Pharma, 

manufacturing, and SMEs, identifying sector-specific drivers and barriers. 

3. Longitudinal designs. Tracking adoption over time would help capture how organisations progress 

along the maturity curve. 

4. Ethical and governance dimensions. With the DPDP Act in place, future studies must explore how 

firms balance analytics with privacy, trust, and employee acceptance. 

6.5 Practical Roadmap 

The study proposes a staged roadmap to help organisations progress from descriptive reporting to prescriptive 

analytics. 

Figure 4. Roadmap for HR Analytics Adoption in Indian Firms  

Stage 1: Data Foundations 

  - Clean and integrate HRIS, ATS, payroll, and performance data. 

  - Establish basic governance and compliance under DPDP. 
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Stage 2: Descriptive Dashboards 

  - Build standard reports on headcount, attrition, and hiring metrics. 

  - Create baseline visibility for HR leaders and line managers. 

 

Stage 3: Diagnostic Analytics 

  - Analyse causes of attrition, absenteeism, or hiring bottlenecks. 

  - Identify linkages between engagement survey results and retention. 

 

Stage 4: Predictive Models 

  - Pilot attrition forecasting and candidate fit models. 

  - Use predictive analytics for workforce planning and skills forecasting. 

 

Stage 5: Prescriptive Analytics 

  - Apply simulations to test the impact of HR policies. 

  - Provide managers with recommended interventions for retention, training, or succession. 

 

Cross-cutting enablers: 

  - Leadership sponsorship 

  - Upskilling HR staff in analytics 

  - Privacy-preserving governance frameworks 

  - Alignment with organisational strategy 

 

6.6 Closing Note 

HR analytics in India can best be described as a field in transition. The pilot findings confirm enthusiasm 

but also highlight barriers that prevent progression beyond descriptive reporting. For HR leaders, the 

challenge is not just to adopt dashboards but to embed analytics into strategic decision-making. For 

policymakers, the task is to create supportive ecosystems that reduce barriers for SMEs and clarify ethical 

boundaries. 

If Indian firms can move along the maturity curve—from descriptive to prescriptive analytics—HR analytics 

has the potential to become not only a reporting tool but a genuine strategic lever for national 

competitiveness in a global, digital economy. 
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