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Abstract: Human resource (HR) analytics has shifted the HR function from administrative reporting toward
evidence-based workforce decision-making. This study examined the impact of HR analytics on employee
productivity by testing a model in which data quality and analytics capability influence productivity directly
and indirectly through evidence-based HR decision-making. An illustrative synthetic dataset representing 240
employees from service-sector organizations was analysed using reliability analysis, descriptive statistics,
Pearson correlation, hierarchical multiple regression, and bootstrap mediation. The scales demonstrated
acceptable internal consistency, with Cronbach’s alpha values ranging from .73 to .90. The final regression
model explained 35.9% of the variance in employee productivity. Evidence-based HR decision-making
emerged as the strongest predictor of productivity (f = .495, p < .001). Data quality and analytics capability
showed significant indirect effects through evidence-based HR decision-making. The findings indicate that
collecting workforce data alone is insufficient. Organizations obtain productivity benefits when accurate data
are translated into timely managerial actions concerning staffing, performance feedback, training, workload
allocation, and employee support. The paper concludes with managerial recommendations and ethical
safeguards for responsible HR analytics adoption.
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1. Introduction Despite the growing popularity of people
Organizations increasingly use workforce data analytics, the relationship between analytics and
to improve recruitment, retention, learning, performance is not automatic. Angrave et al. (2016)

performance management, and workforce planning.
HR analytics refers to the systematic use of
employee-related data, analytical methods, and
business knowledge to support people-related
decisions. It is not limited to dashboards or routine
HR reports. Its strategic relevance lies in its
capacity to convert data into actionable evidence
for managers (Marler & Boudreau, 2017;
Minbaeva, 2018).

Employee productivity remains a central
organizational outcome because it captures the
extent to which employees complete tasks
efficiently, maintain quality, meet targets, and
contribute to service delivery. Productivity is
shaped not only by individual effort but also by
staffing decisions, workload distribution, training,
feedback, incentives, and the quality of managerial
support. HR analytics can improve these decisions
by identifying patterns that are difficult to detect
through intuition alone.
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cautioned that HR analytics may fail to create value
when HR professionals lack analytical capability or
when organizations rely on commercially attractive
tools without understanding business problems.
Rasmussen and Ulrich (2015) similarly argued that
analytics should remain close to managerial
concerns rather than becoming an isolated technical
exercise. These arguments suggest that productivity
improvements arise when analytics strengthens the
quality of HR decisions.

The present study focuses on three practical
elements. The first is HR data quality, including
accuracy, completeness, timeliness, and
consistency. The second is analytics capability,
referring to the ability to interpret workforce data,
identify meaningful patterns, and communicate
insights to decision-makers. The third is evidence-
based HR decision-making, which reflects the
routine use of analytics in staffing, training,
appraisal, and employee support decisions.
Together, these factors form a pathway through
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which HR analytics may improve employee
productivity.

2. Review of Literature

2.1. HR Analytics as an Organizational
Capability

Marler and Boudreau (2017) observed that the
academic literature on HR analytics was
developing but remained limited in relation to
practitioner interest. They emphasized the need for
evidence-based research that explains when
analytics produces organizational value. Minbaeva
(2018) conceptualized human capital analytics as
an organizational capability rooted in data quality,
analytical competencies, and the strategic ability to
act. This capability perspective is important
because organizations may possess HR information
systems without being able to convert workforce
data into productive action.

Margherita (2022) systematized HR analytics
research into  enabling factors, analytical
applications, and value outcomes. The review
identified employee and organizational value as
central outcomes while highlighting the fragmented
nature of the field. Bonilla-Chaves and Palos-
Sanchez (2023) also documented the evolution of
HR analytics scholarship and noted its growing
relevance across organizational contexts.

2.2. Evidence-Based Decisions and

Productivity

The practical value of HR analytics depends on
whether insights influence decisions. Levenson
(2018) argued that workforce analytics should
begin with strategic questions and systems
diagnostics rather than disconnected metrics.
Ellmer and Reichel (2021) found that analytics
teams create relevant outputs when their technical
work remains aligned with immediate business
problems and broader organizational conditions.
This alignment can help managers act on
employee-related evidence in a timely manner.

McCartney and Fu (2022) provided empirical
evidence from 155 Irish organizations and
demonstrated a chain in which HR technology
enables HR analytics, analytics facilitates evidence-
based management, and evidence-based
management enhances organizational performance.
Samson and Bhanugopan (2022) similarly
examined strategic human capital analytics and
found that managerial decision-making plays a
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mediating role in organizational performance.
These studies provide a strong basis for testing
evidence-based HR decision-making as the
mechanism connecting analytics capability and
employee productivity.

2.3. Challenges and Ethical Considerations

The use of HR analytics also raises concerns.
Bechter et al. (2022) showed that the use of
analytics for employee performance monitoring is
shaped by organizational capability, opportunity,
and motivation. Giermindl et al. (2022) reviewed
the darker aspects of people analytics, including
surveillance, power asymmetry, privacy risks, and
possible harms to employees. Belizén and Kieran
(2022) showed that the legitimacy of HR analytics
develops through organizational processes rather
than through technology alone. Thus, responsible
implementation requires transparency, proportional
data collection, and managerial accountability.

3. Objectives and Hypotheses

The study examined whether data quality and
analytics capability influence employee
productivity and whether evidence-based HR
decision-making mediates these relationships. The
following hypotheses were tested:

H1: HR data quality positively influences employee
productivity.

H2: HR analytics capability positively influences
employee productivity.

H3:  Evidence-based HR  decision-making
positively influences employee productivity.

H4: Evidence-based HR decision-making mediates
the relationship between HR data quality and
employee productivity.

H5: Evidence-based HR decision-making mediates
the relationship between HR analytics capability
and employee productivity.

4. Methodology
4.1. Research Design

The study adopted a quantitative, cross-
sectional explanatory design. The empirical
workflow was designed to examine the relationship
between HR analytics and employee productivity
through a structured survey model. As no primary
dataset was supplied, a synthetic dataset of 240
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employees was generated to demonstrate the
complete analysis process. The dataset reflects
plausible Likert-scale responses and should not be
presented as field evidence. It is suitable for
research planning, classroom demonstration, and
manuscript development before real data collection.

4.2. Population and Sample Structure

The illustrative sample represented employees
working in service-sector organizations, including
information technology, banking and financial
services, education and professional services, retail,
and other services. Service-sector settings were
selected because employee productivity frequently
depends on knowledge, communication, service
quality, and timely managerial decisions. The
sample size of 240 was adequate for reliability
analysis, correlation, multiple regression, and
mediation analysis involving the four study
constructs.

4.3. Measurement of Variables

All items were measured on a five-point Likert
scale ranging from 1 = strongly disagree to 5 =
strongly agree. HR data quality included four items
relating to accuracy, completeness, timeliness, and
consistency of workforce information. HR analytics
capability included four items measuring analytical
interpretation, identification of workforce patterns,
communication of insights, and the use of
analytical tools. Evidence-based HR decision-
making included four items covering the use of
analytics in staffing, training, performance
management, and employee support. Employee
productivity included five items measuring
efficiency, quality, target achievement, time
management, and service contribution.

4.4. Analytical Procedure

The analysis involved five stages. First,
demographic frequencies were reviewed. Second,
Cronbach’s alpha was used to assess scale
reliability. Third, descriptive statistics and Pearson
correlations were calculated. Fourth, hierarchical
regression tested the predictive contribution of data
quality, analytics capability, and evidence-based
HR decision-making. Finally, bootstrap mediation
with 3,000 resamples estimated the indirect effects
of data quality and analytics capability on
employee productivity through evidence-based HR
decision-making. Variance inflation factor values
were examined to assess multicollinearity.
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4.5. Profile and Measurement Structure
Table 1: Sample Profile

Variabl s Frequenc | Percentag
e y e
Male 134 55.8
Gender Ef;::rle - 102 42.5
4 1.7
to say
30-39 97 40.4
Below 30 79 32.9
Age 40-49 42 17.5
50 and |, 9.2
above
3-6 years 73 30.4
7-10 years | 72 30.0
Tenure Below 3 58 24.2
years
Above 10 37 154
years
Information 86 35.8
technology
Banking
and 60 25.0
financial
services
Sector Education
and 49 20.4
professiona
| services
Retail and
other 45 18.8
services

The sample included employees from varied
service settings and experience levels. The
distribution was designed to support a general
workplace productivity model rather than a sector-
specific causal claim.

Table 2: Constructs and Illustrative Measurement
Items

Construct Codes Coverage
Accuracy,
|
HR  data | DQL. | COMPeteness,
ualit DO4 timeliness, and
quatity consistency of

employee data

HR analytics | AC1-
capability AC4

Interpretation, pattern
identification,
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communication, and
tool use
Evidence- Use. of analytlc.s_ in
EBM1- | staffing, training,
based HR .
. EBM4 | appraisal, and
decisions
employee support
Efficiency, quality,
Employee EP1- targets, time
productivity EP5 management, and
service contribution

5. Results
5.1. Reliability and Descriptive Statistics

The internal consistency of the scales was
evaluated through Cronbach’s alpha. All
coefficients were above the commonly accepted
threshold of .70, indicating that the illustrative
measures were sufficiently reliable for further
analysis. Employee productivity recorded the
highest reliability coefficient. The mean scores
were close to the midpoint of the five-point scale,
suggesting that the synthetic responses represented
moderate levels of HR analytics maturity and
productivity rather than artificially high ratings.

Table 3: Reliability and Descriptive Statistics
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Table 4: Pearson Correlations Among Study
Variables

Variable | DQ | AC EBM | EP
DQ — 0.390 | 0.526 | 0.393
AC 0.390 | — 0.453 | 0.349
EBM 0.526 | 0.453 | — 0.586
EP 0.393 | 0.349 | 0.586 | —

Note. DQ = HR data quality; AC = HR analytics
capability; EBM = evidence-based HR decision-
making; EP = employee productivity.

5.3. Hierarchical Regression Analysis

The hierarchical regression results are
presented in Table 5. In Model 1, HR data quality
and analytics capability jointly explained 20.0% of
the variance in employee productivity. When
evidence-based HR decision-making was added in
Model 2, the explained variance increased to
35.9%, representing an additional 15.9 percentage
points. The final model was statistically significant,
F(3, 236) = 44.08, p < .001. Evidence-based HR
decision-making was the strongest predictor of
productivity (B = 495, p < .001). The direct
coefficients of data quality and analytics capability
became statistically non-significant after the
mediator was introduced. Variance inflation factor
values ranged from 1.31 to 1.54, indicating that
multicollinearity was not a concern.

Table 5: Hierarchical Regression Predicting
Employee Productivity

Construct Cod | Cronbach Mea D
@ Sa n

Data 1.04
. D 77 2.904

quality Q 0 %0 1

Analytics - | 5739 2.940 | 0%

capability 4

Evidence-

based  HR | oyt | 0,807 2877 | 110

decision- 2

making

Employee 121

productivit | EP 0.896 2.881 4'

y

5.2. Correlation Analysis

Pearson correlation analysis indicated positive
relationships among the study variables. Employee
productivity was moderately associated with data
quality (r = .393), analytics capability (r = .349),
and evidence-based HR decision-making (r = .586).
The strongest relationship was between evidence-
based HR decision-making and employee
productivity, supporting the argument that analytics
produces value when insights are converted into
managerial actions.

Predic Mod | Mod | Mod | Mod | Mod VI
tor el 1|el 1(|el 2|el 2|el 2 E
B p B B p
(?L?;Tlity 035 | 0.00 | 011 | 009 | 011 |14
ooy |3 |0 |5 o |7 e

Analyt

'C;Spab” 0.28 | 0.00 | 010 | 008 |0.14 |13
. 3 o |6 |7 |7 |1
ity

(AC)

Eviden

ce-

based 054 | 049 | < 15
decisio | | 5 5 001 |4
ns

(EBM)
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Model 1: RZ = 0.200. Model 2: Rz = 0.359;
adjusted R?> = 0.351; AR? = 0.159.

5.4. Mediation Analysis

Bootstrap mediation analysis indicated that
evidence-based HR decision-making carried the
effects of both data quality and analytics capability
to employee productivity. The confidence intervals
for both indirect effects excluded zero. Therefore,
H4 and H5 were supported. The results suggest that
organizations gain productivity benefits when
reliable data and analytical skills are embedded in
routine HR decisions.

Table 6: Bootstrap Indirect Effects Through
Evidence-Based HR Decision-Making

Indirect 95% 95% ..
Path Effect CILL | c1uL Decision
DQ —

EBM — | 0.238 | 0.160 | 0.323 | Supported
EP

AC —
EBM — | 0.177 | 0.094 | 0.271 | Supported
EP

6. Discussion

The empirical analysis indicates that HR
analytics improves employee productivity primarily
when it strengthens evidence-based HR decision-
making. This finding is consistent with the view
that analytics is an organizational capability rather
than a software product. Data quality and analytics
capability —matter because they create the
foundation for better decisions. However, data and
analytical competence do not automatically
improve employee output unless managers use the
resulting insights in operational and strategic HR
practices.

The dominant role of evidence-based HR
decision-making supports the chain logic described
by McCartney and Fu (2022). Their study linked
HR technology, HR analytics, evidence-based
management, and organizational performance. The
present analysis applies a similar reasoning to
employee productivity. Managers can improve
productivity when they use analytics to identify
skill gaps, match employees with suitable roles,
allocate workloads, design targeted training,
provide timely feedback, and recognize early signs
of disengagement or avoidable turnover.
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The findings also align with Minbaeva’s (2018)
capability  framework.  Accurate  workforce
information, analytical competence, and the
strategic ability to act should be developed
together. Organizations that invest only in
dashboards may generate reports without creating
productivity gains. Similarly, Ellmer and Reichel
(2021) emphasized the importance of keeping
analytical work close to business issues.
Productivity improvement is more likely when
analytical questions are derived from actual
workplace problems rather than from the
availability of data alone.

The direct relationships of data quality and
analytics capability with productivity weakened
after evidence-based HR decision-making entered
the model. This pattern indicates mediation rather
than a simple direct-effect relationship. The result
is practically meaningful. For example, accurate
attendance, performance, or training data have
limited value unless managers use them to redesign
schedules, intervene in skill development, or
correct performance  bottlenecks.  Analytical
maturity must therefore be assessed through the
quality of decisions and actions, not merely the
volume of HR reports produced.

6.1. Hypothesis Decisions

Hypothesis | Statement Decision
Partially

HR data quality suppgrted:

positively p05|t|ye_

H1 . association, but
influences L
productivity. ngn-5|gn|f|cant

direct effect after

mediation.

Partially
Analytics supported:
capability positive

H2 positively association, but
influences non-significant
productivity. direct effect after

mediation.
Evidence-based
HR decision-
making

H3 positively Supported.
influences
productivity.

H4 EEM medlthe:j Supported.
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productivity
relationship.

EBM mediates
the AC-
" productivity | SuPported

relationship.

7. Managerial Implications

The study offers several practical implications
for organizations seeking to improve productivity
through HR analytics. First, HR departments
should establish a reliable data foundation.
Employee records, performance indicators, training
histories, attendance information, and workforce
planning data should be accurate, updated, and
consistently defined. Data cleaning and common
definitions are essential because poor-quality data
can produce misleading recommendations.

Second, organizations  should  develop
analytical capability within both HR teams and line
management. HR professionals require competence
in interpreting data, asking relevant business
questions, and communicating findings clearly.
Line managers require sufficient data literacy to
understand the limits of an analysis and to convert
evidence into appropriate decisions. Cross-
functional collaboration between HR, information
technology, operations, and finance can strengthen
analytical relevance.

Third, analytics projects should be tied to
specific productivity problems. Rather than
beginning with a general demand for more
dashboards, managers should identify operational
questions such as: Which roles experience
avoidable delays? Which training interventions
improve task completion? Where do workload
imbalances occur? Which employee groups require
targeted support? Clear questions improve the
usefulness of analytics and make evaluation
possible.

Fourth, organizations should evaluate analytics
initiatives through decision outcomes. Useful
indicators include improvement in task completion,
error  reduction, service quality, training
effectiveness, absenteeism reduction, and employee
retention. This approach is consistent with
Levenson’s (2018) argument that workforce
analytics should support strategy execution and
with Ben-Gal’s (2019) emphasis on practical
implementation and return on investment.
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8. Ethical Safeguards

Productivity-oriented  analytics must not
become indiscriminate surveillance. Organizations
should collect only data that are necessary for
legitimate HR purposes and should explain how
employee data will be used. Employees should be
protected from opaque scoring  systems,
discriminatory profiling, and decisions based solely
on automated outputs. Human review is
particularly important when analytics affects
appraisal, promotion, discipline, or job security.
These safeguards respond to the concerns identified
by Giermindl et al. (2022) and reinforce the
legitimacy perspective of Belizon and Kieran
(2022).

A responsible HR analytics framework should
include data minimization, role-based access,
privacy protection, bias testing, documentation of
analytical assumptions, and a mechanism for
employee clarification or appeal. Productivity
should be treated as a multidimensional outcome
that includes quality, sustainable workload, and
employee well-being rather than only speed or
output volume.

9. Conclusion

This study examined the impact of HR
analytics on employee productivity through an
empirical model involving HR data quality,
analytics capability, and evidence-based HR
decision-making. The analysis demonstrated that
evidence-based HR decision-making was the
strongest immediate predictor of productivity. Data
quality and analytics capability influenced
productivity mainly through their contribution to
better HR decisions. The central conclusion is that
analytics creates value when organizations move
from data collection to informed action.

For practitioners, the message is clear: a
successful HR analytics initiative requires more
than technology. Organizations need reliable
workforce data, analytically capable HR teams,
data-literate managers, relevant business questions,
and ethical governance. When these conditions are
present, analytics can improve staffing, training,
feedback, workload planning, and employee
support. These decisions can contribute to greater
efficiency, better quality, and improved target
achievement.
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10. Limitations

The paper has an important limitation. The
statistical analysis is based on a synthetic dataset
created because primary responses were not
supplied. The results are methodologically coherent
and useful for developing a research manuscript,
questionnaire, and analytical plan, but they should
not be claimed as field findings. Before submission
to a journal, researchers should collect primary
data, retain the same constructs where appropriate,
and rerun the reliability, correlation, regression, and
mediation tests.

A second limitation is the cross-sectional
design. Even with real survey data, cross-sectional
associations  would not establish causality.
Longitudinal studies, multi-source data, and
productivity indicators from organizational records
could provide stronger evidence. Future studies
may compare sectors, test organizational size as a
moderator, examine employee trust as a boundary
condition, and assess whether responsible analytics
practices influence acceptance of HR analytics.
Researchers may also incorporate structural
equation  modelling  after  validating the
measurement model with field data.

A field-based version of this study may use a
sample of 250 to 400 employees from selected
service organizations. Stratified sampling can
improve sector representation. The questionnaire
may retain the seventeen items used in the
illustrative dataset and add demographic variables
such as designation, department, education, and
organizational tenure. Researchers should obtain
informed consent, avoid collecting unnecessary
personal identifiers, and explain that the analysis is
intended for academic purposes.
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