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Abstract
The incorporation of HR analytics into strategic human resource management is seen as a means to enhancing organisational performance; however, how HR analytics can be used to enhance employee productivity remains under-researched in developing economy manufacturing environments. The study investigated the mediating effect of data-driven decision making between strategic human resource analytics and employee productivity among manufacturing firms in Nigeria with 357 employees and HR practitioners. Structural equation modelling with bootstrapped mediation analysis was used to test the hypothesised relationships. Employee productivity was significantly influenced directly by strategic human resource analytics (β = 0.418, p < 0.001) and by data-driven decision-making (β = 0.521, p < 0.001); data-driven decision-making significantly predicted employee productivity (β = 0.386, p < 0.001). The indirect effect was partially mediated (β = 0.312, p < 0.001, 42.7 per cent of total effect) between strategic human resource analytics and employee productivity. The model accounted for 54 per cent of the variance in productivity. The results suggest that HR analytics contributes to productivity, in part because it allows for more evidence-based HR decisions, which provides a practical approach to enhancing HR analytics infrastructure and decision-making capacity.
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1.0 Introduction
Strategic human resource analytics has become the focus of modern human resource management due to the fast pace of technological development, increased data availability and the pressure on businesses to maximise employee performance. Human resource analytics is the systematic process of identifying and quantifying the drivers of business outcomes that involve people, and it is now a strategic need for organisations to maximise productivity and maintain competitive advantage (Oladipupo & Olubusayo, 2021; Das & Samal, 2025). The manufacturing industry is especially challenged to transform workforce data into productivity gains in the face of global competition and technological disruption (Okafor & Eze, 2024). Manufacturing is a strategic sector in Nigeria's economic agenda, yet it still faces significant challenges, including high energy costs, raw material import prices, and ongoing workforce management issues, which the Manufacturers Association of Nigeria (MAN) has reported as significant constraints to manufacturing performance in Nigeria (Businessday 2025; Manufacturers Association of Nigeria 2025). The pressures highlight the importance of innovative and evidence-based workforce management strategies. Although the empirical evidence is growing regarding the specific impact of workforce analytics capability on workforce outcomes, the evidence for how it translates to improved workforce outcomes in developing-economy contexts is still limited (Muhammad et al., 2023). Although there is a definite link between HR analytics adoption and performance indicators, the mechanisms that mediate this relationship have received relatively little empirical research attention, particularly in the context of manufacturing firms in Nigeria (Ololade et al., 2023; Ismail et al., 2021). Theoretically, HR analytics capabilities, when combined with Dynamic Capabilities Theory, can create competitive advantage by facilitating better organisational decision-making (Barney, 1991; Teece et al., 1997); however, the proposition that HR analytics capabilities do this, specifically through the mediating role of decision-making practice, has been only partially tested and the mediating role of decision-making practice may be constrained by the infrastructural and organisational conditions found in developing economies (Abujraiban et al., 2025; Onifade & Okrigwe, 2025). This study aims to fill that void by investigating whether data-driven decision making is the mediator between strategic human resource analytics and employee productivity for manufacturing companies in Nigeria and more specifically if HR analytics has a positive effect on employee productivity in part because of its ability to make evidence-based HR decisions. 
1.1 Statement of the Research Problem 
Although human resource analytics is increasingly acknowledged as a strategic tool to enhance workforce performance, empirical studies examining how HR analytics can lead to productivity gains at the individual employee level in developing-economy manufacturing environments are still quite limited. While the manufacturing sector in Nigeria is beset with productivity issues, due to high operating costs, poor infrastructure, and human resource management issues, there is little empirical research on how strategic HR analytics can help overcome these challenges. While many previous studies have confirmed the relationship between HR analytics and performance measures, the mechanisms through which these relationships occur have been under-researched, especially if analytics capability is shown to drive changes in HR decision-making. If there is no evidence on this mechanism, organisations can spend on analytics infrastructure and not reap the full productivity benefits, and policy makers do not have a solid evidence base for promoting HR analytics diffusion. This study tackles this gap by investigating the role of data-driven decision making between strategic human resource analytics and employee productivity in manufacturing firms in Nigeria.
1.2 Aim and Objectives
The general objective of this study is to analyze the mediating effect of data-driven decision making between strategic human resource analytics and employee productivity in manufacturing firms in Nigeria. In particular, the study aims to:
1. examine the effect of strategic human resource analytics on employee productivity in Nigerian manufacturing companies;
2. examine the effect of strategic human resource analytics on data-driven decision-making;
3. examine the effect of data-driven decision-making on employee productivity; and
4. determine whether data-driven decision-making mediates the relationship between strategic human resource analytics and employee productivity.
1.3 Research Questions
The study is guided by four research questions: 
1. What is the effect of strategic human resource analytics on employee productivity?
2. What is the effect of strategic human resource analytics on data-driven decision-making?
3. What is the effect of data-driven decision-making on employee productivity?
4. Does data-driven decision-making mediate the relationship between strategic human resource analytics and employee productivity in Nigerian manufacturing firms?


2.0 Literature Review
2.1 Conceptual Review
2.1.1 Strategic Human Resource Analytics. Strategic human resource analytics is the use of data-analysis techniques to human resource data to make evidence-based decisions and improve the performance of the organisation (Oladipupo & Olubusayo, 2021; Das & Samal, 2025). It involves gathering, processing, and understanding workforce data to guide strategic HR decisions, enhance talent management, and maximise employee performance (Muhammad et al., 2023). Strategic HR analytics is predictive and prescriptive, rather than descriptive and retrospective like traditional HR reporting, allowing organisations to anticipate workforce trends and take action in advance. The construct is operationalized in five dimensions based on the literature: workforce data analysis, predictive HR analytics, employee performance analytics, workforce planning analytics, and talent analytics (Ismail et al., 2021; Alabi et al., 2024; Kamaruzzaman et al., 2025; Abujraiban et al., 2025; Ebbi, 2025; Okafor & Eze, 2024). The use of HR analytics in the manufacturing industry in Nigeria is still in its infancy, but it is gaining momentum, especially in larger companies (Businessday, 2025).
2.1.2 Data-Driven Decision-Making. Data-driven decision making is the decision-making process of an organisation based on systematic data analysis instead of intuition, experience or subjective judgement alone (Madhuri & Kumar, 2025; Ismail et al., 2021). In HRM, it involves the utilization of employee data, HR metrics, analytical evidence, and predictive insight to inform HR policies, practices, and interventions, which differs from the previous HR decision-making process that was based on experience and subjective judgment (Kim et al., 2024; Das & Samal, 2025). It needs data and analytical tools, analytical skills and an organisation culture that values evidence rather than intuition (Abujraiban et al., 2025; Okafor & Eze, 2024), and the adoption of this in Nigerian HR practice is influenced by organisation culture, leadership support and availability of analytical skills (Businessday, 2025; Onifade & Okrigwe, 2025).
2.1.3 Employee Productivity. Employee productivity is the efficiency and effectiveness with which the employees contribute to the organisation's goals (Madhuri & Kumar, 2025; Ismail et al., 2021), which includes task performance, work efficiency, output quality, goal attainment and timeliness (Oladipupo & Olubusayo, 2021; Muhammad et al., 2023; Abujraiban et al., 2025; Okafor & Eze, 2024). It is influenced by individual ability, motivation, organisational support, and resources and tools (Sindhuja & Dunstan Rajkumar, 2025). Strategic HR Analytics and Data-driven decision-making present a potential yet under-researched solution to improving productivity in Nigerian manufacturing, as inadequate infrastructure, high operating costs, and limited technology adoption are all factors affecting productivity (Businessday, 2025; Manufacturers Association of Nigeria, 2025; Nwafor, 2025). which makes strategic HR analytics and data-driven decision-making a promising, if underexamined, pathway for improvement (Ismail et al., 2021; Onifade & Okrigwe, 2025).
2.2 Theoretical Review
This study is based on two complementary frameworks. 
2.2.1 Resource-Based View (RBV) (Barney, 1991) firms can sustain their competitive advantage by having valuable, rare, inimitable, and non-substitutable resources. HR analytics capability analytical tools, data infrastructure, and analytical skill can be considered such a resource that helps make better decisions about the workforce and, if it is rare and difficult to imitate, can create sustainable advantage (Oladipupo & Olubusayo, 2021; Das & Samal, 2025; Abujraiban et al., 2025; Okafor & Eze, 2024). The RBV is about the importance of analytics capability for productivity, but not how it does so. 
2.2.2 Dynamic Capabilities Theory (Teece et al., 1997) provides that mechanism, which explains how organisations are able to recognize changes in the workforce, capitalise on opportunities for improvement and adjust HR practice to meet changing circumstances. Data-driven decision-making is conceptualised here as precisely such a dynamic capability the organisational routine through which HR analytics insight is converted into workforce action (Madhuri & Kumar, 2025; Okafor & Eze, 2024; Ismail et al., 2021). Together, these two theories suggest a causal sequence: HR analytics is a strategic resource (RBV); the productivity payoff of HR analytics relies on the organisation's ability to leverage analytics insight into evidence-based decisions (Dynamic Capabilities), this study tests which is consistent with recent empirical research on the mediating role of decision-making in the HR analytics–performance relationship (Muhammad et al., 2023; Das & Samal, 2025).
2.3 Empirical Review
The empirical literature on HR analytics and workforce outcomes is large and heterogeneous in methodological and contextual aspects. Several studies in the manufacturing sector in Nigeria directly and positively associated HR analytics adoption with employee-level outcomes. Das & Samal (2025) used SEM to examine HR analytics adoption and its relationship with performance management, talent acquisition, employee engagement and productivity among 250 HR professionals and employees; Oladipupo & Olubusayo (2021) examined the relationship between HR analytics dimensions and employee engagement among 180 respondents; and Okafor and Eze (2024) examined the relationship between HR analytics dimensions and the effectiveness of workforce planning and decision making quality among 180 respondents. A parallel and more directly relevant stream considers HR analytics as an antecedent to decision-making, not to performance directly. In both studies, Muhammad et al., (2023) and Madhuri and Kumar (2025) in a cross-sector context, HR analytics has a significant positive relationship with data-driven decision-making (DDDM) (β = 0.32–0.41, p < 0.001) and, in turn, DDDM is positively associated with productivity (β = 0.45, p < 0.001), retention, and organisational performance evidence, consistent with an indirect, decision-mediated pathway rather than a purely direct one. A third stream addresses adoption barriers instead of results, with Ismail et al., (2021) identifying limited awareness, lack of training, and lack of technical expertise as barriers to HR analytics adoption in Nigerian manufacturing; similarly, Onifade & Okrigwe, (2025) and Ololade et al., (2023) report that cost and technical expertise are limiting HR analytics implementation, despite practitioners' positive attitudes. In the broader context, Sindhuja and Dunstan Rajkumar (2025) and Bajaj et al. (2025) have found similar positive relationships in cross-sector and international settings, respectively, while Odiase and Uagbale-Ekatah (2025) established significant predictive relationship between HR accounting practice and performance of manufacturing firms in Edo State, Nigeria, with moderation from size of the manufacturing firms, as observed from Ethiopian organisations, HR analytics has been found to positively influence performance through strategic alignment (Tessema et al.,, 2025).
Table 1 summarises the key studies reviewed.
Table 1: Summary of Empirical Literature Reviewed
	Author(s) & Year
	Focus
	Context
	Method
	Key Findings

	Das & Samal (2025)
	HR analytics and employee performance
	Nigerian manufacturing
	Quantitative, SEM
	Strong positive relationship between HR analytics adoption and employee performance

	Muhammad et al., (2023)
	HR analytics, DDDM, productivity
	Nigerian organisations
	Quantitative, SEM
	HR analytics enhances DDDM; DDDM positively affects productivity

	Okafor & Eze (2024)
	HR analytics for workforce planning
	Nigerian manufacturing
	Quantitative, regression
	Significant effects on planning effectiveness and productivity

	Ismail et al., (2021)
	HR analytics adoption challenges
	Nigerian manufacturing
	Quantitative, survey
	Limited awareness/training hinder adoption; attitudes positive

	Oladipupo & Olubusayo, (2021)
	HR analytics dimensions and engagement
	Nigerian manufacturing
	Quantitative, SEM
	HR analytics dimensions significantly predict engagement

	Abujraiban et al., (2025)
	Technology adoption in HRM
	Nigerian organisations
	Quantitative, SEM
	Perceived usefulness/ease of use drive HR technology acceptance

	Onifade & Okrigwe (2025)
	Technology adoption in manufacturing
	Nigerian manufacturing
	Quantitative, survey
	Awareness exists; adoption constrained by cost and expertise

	Ololade et al., (2023)
	HR technology adoption
	Nigerian manufacturing
	Quantitative, SEM
	Positive attitudes, low practical adoption

	Businessday (2025)
	Digital transformation in manufacturing
	Nigerian manufacturing
	Qualitative, case study
	Digital tools, including HR analytics, enhance efficiency

	Sindhuja & Dunstan Rajkumar (2025)
	HR analytics and performance
	Cross-sector
	Quantitative, regression
	Strong positive correlation with performance metrics

	Madhuri & Kumar (2025)
	HR analytics, DDDM, productivity
	Cross-sector
	Quantitative, SEM
	HR analytics → DDDM → productivity (β = 0.45)

	Bajaj et al. (2025)
	HR analytics for workforce planning
	Cross-sector
	Quantitative, regression
	Significant effects on planning effectiveness and productivity

	Odiase & Uagbale-Ekatah (2025)
	AI and HR accounting
	Nigerian manufacturing
	Quantitative, t-test
	Predictive analytics significant (p = 0.013)

	Effect of HRA on Organizational Performance (2025)
	HRA and performance
	Ethiopian organisations
	Quantitative, SEM
	HRA enhances performance, moderated by firm size



2.4 Research Gaps and Hypotheses Development
Based on this review, three gaps are identified.
First, the direct HR analytics–performance relationship is well established, but the mechanisms, that explain this relationship, are comparatively under-researched, and the specific role of data-driven decision-making as a mechanism has received very limited attention (Muhammad et al., 2023; Das & Samal, 2025). Second, the empirical foundation is still limited to developed-economy contexts, which is problematic because of the unique infrastructural, skills and institutional challenges faced by manufacturing in Nigeria (Abujraiban et al., 2025; Ismail et al., 2021). Thirdly, while both decision-making and productivity have been examined individually in the context of manufacturing in Nigeria (Muhammad et al., 2023; Odiase & Uagbale-Ekatah, 2025), no study has attempted to empirically test data-driven decision-making as a mediating variable between strategic HR analytics and employee productivity in this context. The following hypotheses are tested based on the theoretical framework and these gaps:
H₁: Strategic human resource analytics exerts a significant positive effect on employee productivity. H₂: Strategic human resource analytics exerts a significant positive effect on data-driven decision-making. H₃: Data-driven decision-making exerts a significant positive effect on employee productivity. H₄: Data-driven decision-making mediates the relationship between strategic human resource analytics and employee productivity.
Now, before the methodology, the conceptual framework that guides these hypotheses.[image: ]Figure 1. Conceptual framework of the study. Strategic HR analytics is the independent variable, operationalised through five dimensions (workforce data analysis, predictive HR analytics, employee performance analytics, workforce planning analytics, and talent analytics); data-driven decision-making is the hypothesised mediator; employee productivity is the dependent variable, encompassing task performance, work efficiency, and output quality.
3.0 Methodology
3.1 Research Design. The study used quantitative explanatory research design which was suitable for testing hypothesised relationship and examining causal mechanisms through mediation analysis (Creswell & Creswell, 2018).
3.2 Population and Sample. The study was carried out in manufacturing companies in Nigeria in the thirteen sub-sectors recognised by the Manufacturers Association of Nigeria (MAN) which include food and beverages, textiles, wood products, chemical and pharmaceutical products, motor vehicles and assembly. The selected manufacturing companies' employees and HR/management staff were the target population (using MAN and National Bureau of Statistics data, the formal manufacturing workforce is estimated at 2 million; National Bureau of Statistics, 2025). The minimum sample size of 384 respondents was calculated at the 95 per cent confidence level with the Krejcie and Morgan (1970) formula given this population size. A total of 450 questionnaires were sent out, with 384 returned (85.3 per cent return) and 357 questionnaires completed (79.3 per cent valid return).
3.3 Sampling Technique. A stratified random sampling technique was adopted, the strata being the sub-sectors of MAN. For each stratum, respondents were randomly sampled from registered manufacturing companies, including both management level and non-managerial employees to capture strategic and operational perspectives on HR analytics, decision making and productivity.
3.4 Measurement Instrument. The data were collected through the use of a structured, self-administered questionnaire that covered four sections: Section A collected demographic and organisational characteristics; Section B measured strategic HR analytics across five dimensions using scales adapted from Oladipupo & Olubusayo, (2021) and Das & Samal (2025); Section C measured data-driven decision-making using items adapted from Muhammad et al., (2023) and Madhuri and Kumar (2025); and Section D measured employee productivity using items adapted from Ismail et al., (2021) and Sindhuja and Dunstan Rajkumar (2025). All items were scored on a five-point Likert scale (1 = Strongly Disagree to 5 = Strongly Agree). Face and content validity were determined by three experts in HR management and research methodology. The Cronbach's alpha coefficients of the pilot test (N = 50) obtained from three manufacturing companies were above 0.70 (Nunnally & Bernstein, 1994) in strategic HR analytics (0.89), data-driven decision-making (0.85), and employee productivity (0.87). The questionnaires were given directly, using trained research assistants, during a four-week collection period. Informed consent, confidentiality and anonymity were guaranteed and the study was approved by the institutional ethics committee.



Table 2 presents the operationalisation of the study's variables.
Table 2: Variable Measurement
	Variable
	Type/Role
	Proxy
	Measurement/Formula
	Data Source
	Expected Sign

	Strategic HR Analytics (SHRA)
	Independent
	Composite of 5 dimensions (WDA, PHA, EPA, WPA, TA)
	Mean of 5-point Likert items per dimension, adapted from Oladipupo & Olubusayo, (2021); Das & Samal (2025)
	Structured questionnaire
	+

	Data-Driven Decision-Making (DDDM)
	Mediator
	Extent of data/metric use in HR decisions
	Mean of 5-point Likert items adapted from Muhammad et al., (2023); Madhuri & Kumar (2025)
	Structured questionnaire
	+

	Employee Productivity (EP)
	Dependent
	Composite of task performance, work efficiency, output quality
	Mean of 5-point Likert items adapted from Ismail et al., (2021); Sindhuja & Dunstan Rajkumar (2025)
	Structured questionnaire
	+


Note: WDA = Workforce Data Analysis; PHA = Predictive HR Analytics; EPA = Employee Performance Analytics; WPA = Workforce Planning Analytics; TA = Talent Analytics.
3.5 Model Specification. There were two structural paths and one mediation path specified:
EP = β₀ + β₁SHRAᵢ + εᵢ (H1: direct effect of SHRA on EP) DDDMᵢ = β₀ + β₂SHRAᵢ + εᵢ (H2: effect of SHRA on DDDM) EPᵢ = β₀ + β₂SHRAᵢ + β₃DDDMᵢ + εᵢ (H3: effect of DDDM on EP, controlling for SHRA)
The indirect (mediated) effect of SHRA on EP through DDDM (H4) is the product β₂ × β₃, tested for significance via bootstrapping.
3.6 Estimation Techniques. Data were analysed in SPSS version 26 and AMOS version 24. The characteristics of the respondents and the variables were summarised using descriptive statistics (mean, standard deviation, frequency, percentage). To test the hypothesised relationships, a two-step process was used: the measurement model was tested for reliability and validity, and the structural model was estimated (Anderson & Gerbing, 1988). The indirect effect of strategic HR analytics on employee productivity via data-driven decision making was bootstrapped with 5,000 resamples to test mediation (Preacher & Hayes, 2008).
4.0 Results
4.1 Respondent Profile
A total of 450 questionnaires were sent out, 384 (85.3 per cent) were returned and 357 (79.3 per cent) were suitable for analysis. The sample profile is given in Table 3.
Table 3: Sample and Respondent Profile
	Characteristic
	Category
	Frequency
	Percentage

	Gender
	Male
	220
	61.6

	
	Female
	137
	38.4

	Age Group
	18–25 years
	45
	12.6

	
	26–35 years
	128
	35.9

	
	36–45 years
	109
	30.5

	
	46–55 years
	56
	15.7

	
	56+ years
	19
	5.3

	Education
	Diploma/NCE
	52
	14.6

	
	Bachelor's Degree
	172
	48.2

	
	Master's Degree
	88
	24.6

	
	PhD/Professional
	45
	12.6

	Work Experience
	Less than 5 years
	71
	19.9

	
	5–10 years
	136
	38.1

	
	11–15 years
	89
	24.9

	
	16–20 years
	42
	11.8

	
	Over 20 years
	19
	5.3

	Job Position
	HR Manager/Director
	43
	12.0

	
	Other Manager
	113
	31.7

	
	HR Specialist/Officer
	38
	10.6

	
	Non-managerial Employee
	163
	45.7

	Manufacturing Sub-sector
	Food and Beverages
	86
	24.1

	
	Chemical and Pharmaceutical
	67
	18.8

	
	Textile and Apparel
	56
	15.7

	
	Wood and Wood Products
	42
	11.8

	
	Motor Vehicles and Assembly
	35
	9.8

	
	Other
	71
	19.9

	Questionnaires
	Distributed
	450
	100.0

	
	Returned
	384
	85.3

	
	Valid
	357
	79.3


The respondents were mainly male (61.6 per cent), aged a mean of 36.4 years and primarily Bachelor's level (48.2 per cent). Most (38.1 per cent) had 5-10 years of work experience, and 43.7 per cent held managerial positions, while 56.3 per cent were non-managerial employees, primarily from the food and beverages (24.1 per cent), chemical and pharmaceutical (18.8 per cent), and textile and apparel (15.7 per cent) sub-sectors.
4.2 Descriptive Statistics
Table 4 presents descriptive statistics for the study constructs.
Table 4: Descriptive Statistics
	Variable
	N
	Mean
	Std. Dev.
	Min
	Max
	Skewness
	Kurtosis

	Strategic HR Analytics
	357
	3.56
	0.82
	1.20
	5.00
	-0.42
	0.18

	– Workforce Data Analysis
	357
	3.48
	0.88
	1.00
	5.00
	-0.35
	0.12

	– Predictive HR Analytics
	357
	3.42
	0.85
	1.00
	5.00
	-0.38
	0.15

	– Employee Performance Analytics
	357
	3.61
	0.84
	1.00
	5.00
	-0.45
	0.21

	– Workforce Planning Analytics
	357
	3.55
	0.87
	1.00
	5.00
	-0.40
	0.18

	– Talent Analytics
	357
	3.73
	0.82
	1.00
	5.00
	-0.48
	0.25

	Data-Driven Decision-Making
	357
	3.61
	0.79
	1.00
	5.00
	-0.47
	0.23

	Employee Productivity
	357
	3.78
	0.74
	1.00
	5.00
	-0.51
	0.28

	– Task Performance
	357
	3.82
	0.78
	1.00
	5.00
	-0.50
	0.26

	– Work Efficiency
	357
	3.71
	0.79
	1.00
	5.00
	-0.44
	0.22

	– Output Quality
	357
	3.81
	0.76
	1.00
	5.00
	-0.48
	0.24


The mean scores for constructs ranged from 3.42 to 3.78. The scores for strategic HR analytics were 3.56 (SD = 0.82), indicating moderate uptake, for data-driven decision making 3.61 (SD = 0.79), indicating moderate evidence-based decision making practice and for employee productivity 3.78 (SD = 0.74), which indicates relatively favourable perceived productivity. The skewness and the kurtosis values are within the acceptable range for normality.
4.3 Measurement Model Assessment
Table 5 presents reliability and validity results.
Table 5: Reliability and Validity Results
	Construct
	Cronbach's α
	Composite Reliability (CR)
	AVE
	Factor Loadings Range

	Strategic HR Analytics
	0.89
	0.89
	0.58
	0.68–0.84

	–Workforce Data Analysis
	0.82
	0.83
	0.54
	0.66–0.81

	– Predictive HR Analytics
	0.80
	0.81
	0.52
	0.65–0.80

	– Employee Performance Analytics
	0.85
	0.86
	0.56
	0.68–0.83

	– Workforce Planning Analytics
	0.83
	0.84
	0.55
	0.67–0.82

	– Talent Analytics
	0.81
	0.82
	0.53
	0.66–0.81

	Data-Driven Decision-Making
	0.85
	0.86
	0.56
	0.68–0.83

	Employee Productivity
	0.87
	0.88
	0.59
	0.70–0.84

	– Task Performance
	0.84
	0.85
	0.55
	0.67–0.82

	– Work Efficiency
	0.82
	0.83
	0.54
	0.66–0.81

	– Output Quality
	0.83
	0.84
	0.54
	0.67–0.82


Note: The Cronbach's alpha and CR values are all above 0.70, and AVE values are all above 0.50 (Fornell & Larcker, 1981; Nunnally & Bernstein, 1994), which are considered as good internal consistency and convergent validity. Discriminant validity was supported by the square root of AVE being greater than the correlations for each construct (see Table 6).
4.4 Correlation Analysis
Table 6 presents the correlation matrix.
Table 6: Correlation Matrix
	Variable
	1
	2
	3
	4
	5
	6
	7
	8

	1. SHRA (Overall)
	0.76
	
	
	
	
	
	
	

	2. WDA
	0.82**
	0.73
	
	
	
	
	
	

	3. PHA
	0.79**
	0.68**
	0.74
	
	
	
	
	

	4. EPA
	0.81**
	0.64**
	0.63**
	0.72
	
	
	
	

	5. WPA
	0.78**
	0.62**
	0.61**
	0.66**
	0.71
	
	
	

	6. TA
	0.76**
	0.58**
	0.57**
	0.62**
	0.64**
	0.70
	
	

	7. DDDM
	0.58**
	0.52**
	0.49**
	0.54**
	0.51**
	0.48**
	0.71
	

	8. EP (Overall)
	0.56**
	0.48**
	0.45**
	0.52**
	0.50**
	0.46**
	0.61**
	0.72


Note: SHRA = Strategic Human Resource Analytics; WDA/PHA/EPA/WPA/TA = its five dimensions; DDDM = Data-Driven Decision-Making; EP = Employee Productivity. Bold values (diagonal) are square roots of AVE. **Correlation significant at p < 0.01 (2-tailed).
Strategic HR analytics positively correlated with employee productivity (r = 0.56, p < 0.001) and data-driven decision-making (r = 0.58, p < 0.001) as hypothesised, and data-driven decision-making correlated positively with employee productivity (r = 0.61, p < 0.001).
4.5 Regression Analysis and Mediation Testing
Table 7 presents the structural (direct, indirect, and total effect) results.
Table 7: Direct and Mediation Regression/SEM Results
	Path
	β
	Std. Error
	t-value
	p-value
	VIF

	Direct Effects
	
	
	
	
	

	SHRA → EP
	0.418
	0.053
	7.835
	<0.001
	1.87

	SHRA → DDDM
	0.521
	0.051
	10.234
	<0.001
	1.00

	DDDM → EP
	0.386
	0.056
	6.891
	<0.001
	1.87

	Indirect Effect (Mediation)
	
	
	
	
	

	SHRA → DDDM → EP
	0.312
	0.068
	—
	<0.001
	—

	Total Effect
	
	
	
	
	

	SHRA → EP (Total)
	0.730
	0.071
	10.284
	<0.001
	—


Model Summary: R² = 0.54; Adjusted R² = 0.53; F = 208.5, p < 0.001. The indirect effect was estimated by bootstrapping (5,000 samples), and was found to be [0.184, 0.451] at 95 per cent CI. The indirect effect makes up 42.7 per cent of the total effect. VIF values < 3.0 mean that there is no significant multicollinearity.
Table 8 summarises hypotheses testing outcomes.
Table 8: Summary of Hypotheses Testing Outcomes
	Hypothesis
	Statement
	β
	p-value
	Decision

	H₁
	SHRA has a significant positive effect on EP
	0.418
	<0.001
	Supported

	H₂
	SHRA has a significant positive effect on DDDM
	0.521
	<0.001
	Supported

	H₃
	DDDM has a significant positive effect on EP
	0.386
	<0.001
	Supported

	H₄
	DDDM mediates the SHRA–EP relationship
	0.312 (indirect)
	<0.001
	Supported


All four hypotheses were supported. The direct effect of SHRA on EP (β = 0.418) and indirect effect through DDDM (β = 0.312) combine to produce a total effect (β = 0.730) which is mediated by 42.7 per cent of the total effect (0.418/0.730 = 0.570), meaning that the effect of SHRA on EP is partially, not fully, mediated by DDDM.
Figure 2. Structural Model and Estimated Effect 
(Estimated standardized path coefficients)

Strategic HR Analytics
SHRA
Data-Driven Decision-Making
DDDM
Employee Productivity
EP| R2 = 0.54
Indirect Effect
β = 0.312***
Total Effect
β = 0.730***
Direct effect β = 0.418***

β = 0.521***
β = 0.386***

Figure 2. Path model with estimated path coefficients for the direct effect (SHRA→EP), the two parts of the mediated path (SHRA→DDDM and DDDM→EP), and the indirect and total effects. All paths are significant at p < 0.001.
5.0 Discussion
The findings lend empirical support to the hypothesized mediation model, and broadly support and extend the literature reviewed above. Strategic HR analytics had a strong positive direct impact on employee productivity (β = 0.418, p < 0.001), in line with Das & Samal (2025) who found that HR analytics adoption was positively associated with performance management, talent acquisition, and productivity in manufacturing firms in Nigeria, and with the cross-sector findings of Sindhuja and Dunstan Rajkumar (2025). This reinforces the Resource Based View proposition that the capability to generate analytics is a strategic resource that has productivity payoffs (Barney, 1991). Nigerian manufacturers that develop workforce-data infrastructure, predictive capability and talent analytics seem to be seeing measurable productivity benefits from that capability.
The results revealed a significant relationship between strategic HR analytics and data-driven decision-making (β = 0.521, p < 0.001), which is in line with Muhammad et al., (2023) and Madhuri and Kumar (2025) who reported similar coefficients (β = 0.32–0.41, p < 0.001) for the same relationship in Nigeria and cross-sector settings respectively. This aligns with Dynamic Capabilities Theory (Teece et al., 1997): organisations that build analytics infrastructure are, in turn, more likely to be able to use data from their workforce to inform HR decision making, as opposed to relying on intuition.
Data-driven decision-making, in turn, significantly predicted employee productivity (β = 0.386, p < 0.001) in line with Madhuri and Kumar (2025) who found that DDDM was positively related with productivity, retention, and organisational performance. Most importantly, the indirect effect of strategic HR analytics on productivity through data-driven decision-making (β = 0.312, p < 0.001) accounted for 42.7 per cent of the total effect (β = 0.730), suggesting partial mediation, which means the direct path is still statistically significant, but a significant portion of the productivity payoff from HR analytics comes through the intervening mechanism of data-driven decision making. This is the core theoretical contribution of this study, which is consistent with, and empirically specifies, the RBV–Dynamic Capabilities integration proposed in the theoretical framework, where analytics capability is a necessary but not sufficient condition for productivity gains: organisations must also be able to act on analytics insight. This finding aligns with Bajaj et al. (2025), who determined that the quality of decision-making, rather than the mere presence of analytics, is a key factor in organisational productivity.
On a practical level, this partial-mediation finding suggests that Nigerian manufacturing companies who invest in HR analytics infrastructure but fail to invest in decision-making culture and capability will only reap the direct-effect share of the productivity gain, leaving the larger, decision-mediated share untapped. The R² value of 0.54 shows that both strategic HR analytics and data-driven decision-making together account for just more than half of the variance in employee productivity; the rest of the variance is due to factors not included in the current model, which the study did not measure and does not claim to explain, including organisational culture, leadership, and infrastructure constraints (Abujraiban et al., 2025; Onifade & Okrigwe, 2025).
These findings also need to be interpreted in the light of the literature on adoption barriers. Although positive attitudes towards HR analytics have been reported by Ismail et al., (2021), Onifade & Okrigwe (2025) and Ololade et al., (2023), the adoption of HR analytics in manufacturing in Nigeria is limited due to low awareness, lack of training and resource availability. The current findings corroborate this picture of partial, rather than mature, adoption, with the mean adoption score for strategic HR analytics being moderate—3.56. This means that the productivity gains reported here could be an understatement of what can be achieved when these adoption barriers are overcome.
6.0 Conclusion and Recommendations
6.1 Conclusion
The study concludes that strategic human resource analytics has a direct and indirect positive effect on the productivity of employees in the manufacturing firms in Nigeria based on the use of data for decision making. The findings lead to four conclusions. First, strategic HR analytics has a significant and positive impact on employee productivity, which supports the Resource-Based View proposition that the capability of HR analytics is a strategic resource (Barney, 1991; Das & Samal, 2025). Second, strategic HR analytics has a significant positive impact on data-driven decision making, as per Dynamic Capabilities Theory (Teece et al., 1997; Muhammad et al., 2023; Madhuri & Kumar, 2025). Thirdly, data-driven decision making has a significant and positive impact on employee productivity, which shows how important it is to practice HR based on data (Okafor & Eze, 2024; Ismail et al., 2021; Sindhuja & Dunstan Rajkumar, 2025). Fourth, the relationship between strategic HR analytics and productivity is partially mediated by data-driven decision making, as it accounts for 42.7 per cent of the total effect, suggesting that the productivity impact of HR analytics is partly contingent on whether the analytics insight is translated into decisions (Oladipupo & Olubusayo, 2021; Bajaj et al., 2025; Abujraiban et al.,2025).
6.2 Recommendations
The study recommends the following based on these findings: Nigerian manufacturing firms should invest in strategic HR analytics capability analytical tools, data infrastructure, and workforce-data skills due to its direct link with improved productivity (Alabi et al., 2024; Das & Samal, 2025). Second, and more importantly, because of the size of the mediated effect, organisations should actively create a culture of evidence-based decision making in addition to analytics infrastructure, as analytics capability alone only accounts for half of the productivity gain available (Muhammad et al., 2023; Madhuri & Kumar, 2025; Ismail et al., 2021). Third, HR analytics should be implemented throughout the entire HR value chain, not just in isolated pilot projects (Ololade et al., 2023; Kamaruzzaman et al., 2025; Okafor & Eze, 2024). Fourth, HR professionals and academic institutions need to integrate HR analytics and data-driven decision-making into HR curriculum and continuing-professional-development programmes, because HR skills gaps are reported in the adoption-barrier literature (Kim et al., 2024; Abujraiban et al., 2025; Onifade & Okrigwe, 2025). Fifth, industry associations and policy makers should promote the diffusion of HR analytics in the sector through awareness creation and capacity building, as the challenge of productivity in the Nigerian manufacturing sector is large (Businessday, 2025; Manufacturers Association of Nigeria, 2025).
6.3 Limitations and Future Research
There are five limitations of the study. First, because of its cross-sectional design, causal inference cannot be made with this design; longitudinal or panel designs are recommended to explore these relationships over time. Second, self-reported HR analytics, decision-making, and productivity measures could have social desirability and common method biases, which should be addressed in future studies by using objective organisational records and performance data (Muhammad et al., 2023; Das & Samal, 2025). Third, the study is limited to manufacturing in Nigeria and does not generalise to other sectors and countries; future research should consider other sectors, such as services, banking, and telecommunications, and other national contexts (Abujraiban et al., 2025; Ismail et al., 2021). Fourth, the study only tested one mediator, future research should test other mediators like employee engagement, job satisfaction and organisational commitment (Oladipupo & Olubusayo, 2021). Fifth, the study did not include moderating conditions, and future studies are needed to determine how the relationships identified in this study can be strengthened or weakened by the moderating conditions of organisational culture, leadership support, and environmental dynamism (Ololade et al., 2023; Onifade & Okrigwe, 2025).
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