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Abstract

Digital transformation has changed what human resource management can measure, and with it the
expectation that the HR function should contribute to organizational performance on the strength of evidence
rather than intuition. HR analytics—the systematic use of workforce data and statistical analysis to inform
people decisions—sits at the center of this shift. This paper reviews the conceptual and empirical literature
published through 2019 to assess how, and under what conditions, HR analytics improves organizational
performance. It argues that analytics does not create value automatically by virtue of better data or more
sophisticated tools; value emerges only when analytical work is connected to a business question, translated
into a decision, and acted upon. Drawing on evidence-based reviews and case studies, the paper distinguishes
descriptive reporting from genuinely predictive and prescriptive analytics, and it identifies a persistent gap
between the promise of HR analytics and its realized impact. The paper develops a capability-based account
in which the performance payoff from analytics depends on four complementary assets: data infrastructure,
analytical skill, the credibility to influence decisions, and a culture that treats evidence as legitimate grounds
for action. It locates the most common failure modes—metrics disconnected from strategy, analysis that
never reaches a decision-maker, and technical capability unsupported by business understanding—and it
draws implications for how HR functions can build analytics capacity that actually moves organizational
outcomes. To render the capability concrete, the paper advances a proposed explainable and causal analytics
framework for employee attrition that not only predicts who is likely to leave, using gradient-boosted trees,
random forests, and neural networks, but explains why, through model-agnostic attribution, and estimates
which retention interventions would actually reduce risk, through causal machine learning and counterfactual
reasoning. An illustrative evaluation is reported to demonstrate the protocol and is clearly labeled as
hypothetical pending empirical validation. The paper concludes that HR analytics is best understood not as
a technology to be purchased but as an organizational capability to be built, and that the value of a predictive
model is realized only when it is made explainable, causal, and tied to an intervention.

Keywords: HR analytics, digital transformation, human resource management, organizational performance,
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1. Introduction

The idea that people's decisions should be informed by data is not new, but the capacity to act on it at scale is. Digital
transformation has given human resource functions access to volumes and varieties of workforce information that would
have been unimaginable a generation ago: transactional records from HR information systems, engagement surveys,
performance ratings, learning histories, communication metadata, and the digital exhaust of everyday work. The promise
attached to this abundance is that HR can finally answer with evidence the questions it has long answered with judgment—
why people leave, what makes teams effective, which candidates will succeed, where to invest in development—and in
doing so contribute to organizational performance in a way that is visible and measurable (Marler & Boudreau, 2017). HR
analytics is the label for this ambition and for the practices meant to realize it.

The enthusiasm has been considerable, and so has the disappointment. For more than a decade, surveys of executives have
reported that workforce analytics is a priority, while the same surveys report that few organizations feel they do it well or
can point to the performance impact it has produced (Angrave, Charlwood, Kirkpatrick, Lawrence, & Stuart, 2016). This
gap between aspiration and achievement is the puzzle that motivates the present paper. If the data are available and the
analytical methods are well understood, why has HR analytics so often failed to deliver the value promised on its behalf?
And under what conditions does it succeed?

Answering these questions requires some conceptual clarity about what HR analytics is. The term is used to cover a wide
range of activity, from routine dashboards that report headcount and turnover to sophisticated predictive models that
forecast attrition or identify the drivers of performance. It is useful to distinguish these levels, because they differ sharply
in the difficulty of doing them well and in the value they can create. Descriptive analytics summarizes what has happened;
predictive analytics estimates what is likely to happen; prescriptive analytics recommends what to do about it (Fitz-enz,
2010). Much of what passes for HR analytics in practice remains at the descriptive level—counting and reporting—while
the value that justifies the investment lies further up, in analysis that changes decisions. Conflating these levels is one
source of the disappointment: organizations invest in reporting infrastructure and expect the returns of prediction.
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This paper has three objectives. The first is to characterize HR analytics as it appears in the literature and to separate its
levels and forms. The second is to examine the evidence on whether and how HR analytics improves organizational
performance, taking seriously the finding that the link is neither automatic nor easy to establish. The third is to develop an
explanatory account of the conditions under which analytics creates value—a capability-based framework that identifies
what an organization must have in place for workforce data to translate into better decisions and, through them, into
performance.

The remainder of the paper is organized as follows. Section 2 describes the review approach. Section 3 sets out the
conceptual background, distinguishing HR analytics from adjacent concepts and separating its levels. Section 4 synthesizes
the evidence on the analytics—performance relationship. Section 5 develops the capability framework and analyzes the
principal failure modes. Section 6 proposes a concrete explainable and causal analytics framework for employee attrition
and retention that operationalizes the capability, and reports an illustrative evaluation. Section 7 draws implications for
practice, and Section 8 addresses limitations and future research before the conclusion.

2. Approach

The paper is a conceptual, narrative review. It synthesizes a literature that crosses human resource management,
information systems, and applied statistics, and whose most influential contributions are as much critical and conceptual
as they are empirical. The review was built outward from a set of anchor works: the evidence-based review of HR analytics
by Marler and Boudreau (2017), the critical assessment by Angrave and colleagues (2016), and treatments of the field’s
development and prospects by Rasmussen and Ulrich (2015) and van den Heuvel and Bondarouk (2017). These were
supplemented by foundational work on human capital measurement and evidence-based HR, and by studies appearing in
the human resource management literature’s engagement with workforce analytics through 2019.

The scope is deliberately bounded. The paper concentrates on analytics as an organizational capability and on its
relationship to performance, rather than on the technical details of particular methods, which are well covered elsewhere.
It draws on work available through 2019, capturing the field at the point when its early promise had been widely proclaimed
and its early disappointments widely documented, but before subsequent shifts in the world of work reframed the questions.
The synthesis should therefore be read as an account of a maturing but still-unsettled field.

3. Conceptual Background
3.1 From e-HRM to analytics

HR analytics did not appear from nothing; it grew out of the longer digitization of the HR function. The adoption of HR
information systems and electronic HRM through the 1990s and 2000s digitized HR transactions and, in doing so, created
the data substrate on which analytics later depended (Bondarouk & Ruél, 2009; Strohmeier, 2007). For much of that period
the emphasis was on efficiency—automating administration, reducing cost, moving transactions to self-service—and the
strategic promise of the accumulated data went largely unrealized (Marler & Fisher, 2013). HR analytics represents the
attempt to convert that data from an administrative byproduct into a strategic asset, and it inherits both the infrastructure
and the unfulfilled expectations of the e-HRM era.

3.2 What HR analytics is, and is not

Several terms circulate more or less interchangeably—HR analytics, workforce analytics, people analytics, human capital
analytics—and precise definition matters less than a shared understanding of the core. At its center, HR analytics is the
systematic application of data and analytical methods to workforce questions in order to improve decisions (Marler &
Boudreau, 2017). Two features of this definition deserve emphasis. First, it is decision-oriented: analytics that do not inform
a decision, however elegant, are not fulfilling its purpose. Second, it is question-driven: the analysis begins with a problem
worth solving, not with the data that happens to be available. Both features are frequently violated in practice, and much
of the field’s disappointment can be traced to analytics that are data-driven rather than question-driven, and reporting-
oriented rather than decision-oriented.

It is also worth stating what HR analytics is not. It is not the same as HR reporting, though reporting is often mistaken for
it; a dashboard that displays turnover is describing a symptom, not analyzing a cause. It is not the same as owning an
analytics platform, though vendors encourage the conflation; the tool is a means, and organizations that equate purchasing
a platform with possessing a capability are routinely disappointed (Angrave et al., 2016). And it is not merely a technical
exercise, because the value of analytics is realized only when its findings change what managers do, which is a matter of
organization and influence rather than of statistics.

3.3 Levels of analytics

The distinction among descriptive, predictive, and prescriptive analytics organizes much of the field. Descriptive analytics
reports what has happened and remains the most common form in practice; it is valuable as a foundation but limited in the
decisions it can drive, because knowing the rate of turnover does not tell a manager why it is occurring or what to do.
Predictive analytics estimates future states—which employees are at risk of leaving, which candidates are likely to
perform—and it is where much of the field’s aspiration concentrates, because forecasting enables intervention before rather
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than after the fact. Prescriptive analytics goes further, recommending actions and estimating their consequences, and it is
correspondingly rarer and harder (Fitz-enz, 2010; Davenport, Harris, & Shapiro, 2010). The performance payoff generally
rises across these levels, but so does the difficulty and the organizational maturity required, and the mismatch between the
level an organization invests in and the level it expects returns from is a recurring theme in the evidence.

3.4 Maturity and the trajectory of adoption

A recurring device in both the practitioner and academic literature is the maturity model, which arranges organizations
along a path from rudimentary to sophisticated analytics use. Whatever the specific labels, such models share a common
shape: organizations begin with operational reporting, advance to the proactive analysis of relationships and the
benchmarking of practice, and reach, at the top, the predictive and prescriptive use of workforce data to inform strategic
decisions (Fitz-enz, 2010). The value of the maturity lens is not in its precise stages, which are somewhat arbitrary, but in
the recognition that analytics capability develops sequentially and that the higher stages depend on the foundations laid at
the lower ones. An organization cannot leap to predictive sophistication without first establishing the data quality,
definitional discipline, and analytical routines that descriptive work builds.

The maturity perspective also carries a caution that bears on the promise—practice gap. The distribution of organizations
along the maturity path has consistently been skewed toward the lower stages, with most organizations concentrated in
reporting and relatively few operating at the predictive or prescriptive levels where the largest performance payoffs are
supposed to lie (Angrave et al., 2016). This distribution helps explain the gap: if most organizations remain at stages that
are useful but not transformative, then the modest aggregate impact of HR analytics reflects where organizations actually
are rather than where the technology could in principle take them. Maturity, on this reading, is not a ladder every
organization climbs but one on which most remain near the bottom, and the reasons they remain there—the capability
deficits examined below—are the real subject of the field’s disappointment.

3.5 The intellectual roots: evidence-based management and the decision-science view

HR analytics did not arise only from the availability of data; it also expresses an older intellectual program that predates
the current technology and lends the field its normative force. That program is evidence-based management, the argument
that managerial decisions should rest on the best available evidence rather than on tradition, imitation, ideology, or unaided
intuition (Pfeffer & Sutton, 2006; Rousseau, 2006). Applied to people decisions, this argument holds that the choices
organizations make about hiring, developing, deploying, and rewarding their workforce are too consequential to be left to
habit and hunch, and that systematic evidence should inform them as it informs decisions in finance or operations. HR
analytics is, in this light, the operational arm of evidence-based management in the people domain, and its promise inherits
both the appeal and the difficulty of that broader movement: the appeal of grounding decisions in evidence, and the
difficulty of doing so in a field where the relevant evidence is noisy, the outcomes are distant, and intuition is deeply
entrenched.

A parallel root lies in the decision-science view of human capital, which reframes HR from a provider of services into a
source of decisions about a critical resource. In this view, the purpose of measurement and analysis in HR is not to produce
reports but to improve the quality of the decisions that leaders make about talent, and the standard against which HR
analytics should be judged is whether it makes those decisions better (Boudreau & Ramstad, 2005). This decision-centered
framing is important because it corrects a persistent tendency to equate analytics with measurement and to proliferate
metrics without regard to the decisions they inform. Early assessments of HR metrics and analytics found exactly this
pattern—organizations measuring extensively but connecting their measures only weakly to strategic decisions and
outcomes—and concluded that the impact of analytics depended on this connection rather than on the volume of
measurement (Lawler, Levenson, & Boudreau, 2004). The decision-science tradition thus anticipated, well before the
current data abundance, the central finding that this paper develops: that analytics creates value only when it is tied to a
decision, and that measurement disconnected from decision is activity without impact. These roots also connect analytics
to the strategic human resource management literature, which had long argued that people practices influence performance
through their alignment with strategy rather than in isolation (Becker & Huselid, 2006).

4. Evidence on Analytics and Organizational Performance

Does HR analytics improve organizational performance? The honest answer from the literature is that it can, but that the
relationship is contingent, indirect, and difficult to demonstrate—and that its realization is the exception rather than the
rule. Three strands of evidence support this reading.

4.1 The promise and its theoretical basis

The theoretical case for HR analytics is strong. If human capital is a source of competitive advantage, then better decisions
about acquiring, deploying, developing, and retaining it should improve performance, and better decisions should follow
from better evidence (Boudreau & Ramstad, 2007). Evidence-based management holds that decisions grounded in
systematic evidence outperform those grounded in intuition and imitation, and HR analytics is the application of that
principle to people's decisions (Rasmussen & Ulrich, 2015). Case studies of successful analytics initiatives—reducing
attrition among critical roles, identifying the drivers of sales performance, targeting development investment—illustrate
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the mechanism and show that, in specific instances, analytics has produced measurable value (Davenport et al., 2010). The
logic is sound and the existence proofs are real.

4.2 The gap between promise and practice

Against this promise stands a consistent finding that most organizations do not realize it. The evidence-based review by
Marler and Boudreau (2017) reached a striking conclusion: despite the volume of advocacy, rigorous evidence linking HR
analytics to organizational outcomes was scarce, and much of what existed was conceptual or anecdotal rather than
demonstrated. Angrave and colleagues (2016) went further, warning that HR risked failing the analytics challenge because
the tools and vendor-driven metrics on offer were poorly connected to strategic questions and because the function lacked
the capabilities to use them well. Survey after survey found executives ranking analytics as important while conceding they
could not point to its impact. The pattern is not that analytics never works, but that the distance between adopting it and
benefiting from it is large, and most organizations do not cross it.

4.3 Why the link is hard to establish

Part of the difficulty is methodological. The path from a workforce analysis to an organizational outcome is long and
mediated by many other factors, so isolating the contribution of analytics is genuinely hard, and the absence of
demonstrated impact partly reflects the difficulty of measurement rather than the absence of value (Marler & Boudreau,
2017). But part of the difficulty is substantive. Analytics improves performance only through a chain of conditions: the
analysis must address a question that matters, produce a valid answer, reach a decision-maker with the authority and
inclination to act, and result in an action that is actually implemented. A break at any link severs the connection between
analysis and outcome, and the evidence suggests breaks are common—analyses that answer trivial questions, findings that
never leave the analytics team, recommendations that managers distrust or ignore (van den Heuvel & Bondarouk, 2017).
The performance payoff is real but fragile, because it depends on a whole chain holding rather than on the analysis alone.

4.4 Where analytics has shown value: application domains

The general finding that HR analytics is powerful in principle but disappointing in practice becomes more precise when
examined domain by domain, because the technology’s success has been uneven across the questions to which it has been
applied. Three domains illustrate the pattern. The first is retention and attrition. Predicting which employees are likely to
leave, and identifying the drivers of turnover so that they can be addressed, is among the most developed applications of
HR analytics, in part because the outcome—whether an employee leaves—is unambiguous and well recorded, which makes
modeling tractable and evaluation possible (Davenport et al., 2010). Case evidence suggests that targeted retention
analytics, focused on critical roles and coupled with genuine managerial action, can reduce costly turnover, and this domain
furnishes some of the clearest existence proofs of analytics creating value.

The second domain is recruitment and selection, where analytics is used to evaluate sourcing channels, predict candidate
success, and improve the quality and efficiency of hiring. Here the promise is real but the difficulties, including the
measurement of hiring quality and the risk of encoding bias, are substantial, and the domain overlaps with the broader
questions raised by algorithmic hiring. The third domain is the analysis of performance drivers—identifying, through data,
what distinguishes high-performing individuals, teams, or units so that the conditions of performance can be reproduced.
This domain holds great promise but is the hardest of the three, because performance is multiply determined, its
measurement is contestable, and the causal inference required to move from correlation to actionable insight is demanding
(King, 2016; Minbaeva, 2018). The uneven success across these domains reinforces the paper’s central theme: analytics
delivers where the question is well defined, the outcome is measurable, and the path from insight to action is short, and it
struggles where these conditions fail. The special issue of the human resource management literature devoted to workforce
analytics captured this maturing but qualified assessment, treating analytics as a genuine source of advantage while
insisting on the scientific and organizational rigor its realization requires (Huselid, 2018).

5. A Capability Framework and Its Failure Modes

If HR analytics creates value only under specific conditions, the useful question is what those conditions are. The literature
converges, if implicitly, on an account in which the performance payoff depends not on any single asset but on a bundle of
complementary capabilities that must be present together. This section sets out four such capabilities and then examines
the failure modes that arise when they are absent or unbalanced.

5.1 Four complementary capabilities

The first capability is data infrastructure: accessible, integrated, and trustworthy workforce data. Analytics cannot proceed
on data that is fragmented across incompatible systems, of poor quality, or inaccessible to those who would analyze it, and
the legacy of e-HRM often left organizations with data that was plentiful but siloed (Bondarouk & Ruél, 2009).
Infrastructure is necessary but far from sufficient; many organizations that solved the data problem still failed to generate
value, which is why infrastructure is the beginning of the story rather than its end.

The second is analytical skill: the human capacity to frame questions, choose methods, and interpret results correctly. This
capacity has been in short supply within HR functions, whose members are typically trained in neither statistics nor data
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science, and importing it from outside the function raises its own difficulty, because analysts without HR knowledge tend
to answer questions that are technically sound but organizationally irrelevant (Angrave et al., 2016; Minbaeva, 2018). The
scarce and valuable skill is the combination—statistical competence married to understanding of the business and the
workforce—and its rarity is one reason capability is hard to build.

The third capability is credibility and influence: the standing to bring analytical findings into decisions and to have them
acted upon. Analytics lives or dies at the interface between the analyst and the decision-maker, and an analysis that a
manager does not trust or understand will not change behavior however rigorous it is (Rasmussen & Ulrich, 2015). This is
why the translation of analysis into decision-relevant, credible advice is as important as the analysis itself, and why HR
analytics is partly a problem of communication and relationship rather than of computation.

The fourth is an evidence-oriented culture: a shared expectation that decisions should be grounded in evidence and a
willingness to let data override intuition and precedent. Where the prevailing culture treats people's decisions as the domain
of managerial instinct, analytical findings that challenge that instinct are resisted, and the capability atrophies for lack of
demand (Rasmussen & Ulrich, 2015). Culture determines whether the outputs of analytics are welcomed as useful or
dismissed as presumptuous, and it is the hardest of the four capabilities to build deliberately.

These capabilities are complementary in the technical sense that each raises the value of the others and none suffices alone.
Data without skill yields nothing; skill without credibility yields analyses no one uses; credibility without an evidence-
oriented culture yields influence spent on decisions that revert to instinct under pressure. The performance payoff comes
from the bundle, which is why buying a tool—acquiring one component—so reliably disappoints.

5.2 Failure modes

The framework makes the common failure modes legible. The first is the metric disconnected from strategy: analytics that
measures what is easy rather than what matters, producing dashboards of turnover and headcount that answer no
consequential question (Angrave et al., 2016). The second is the analysis that never reaches a decision, in which capable
technical work is performed but is not translated, communicated, or timed to inform an actual choice, so that its value is
stranded inside the analytics team (van den Heuvel & Bondarouk, 2017). The third is technical capability unsupported by
business understanding, in which analysts pose and answer questions that are statistically valid but organizationally
irrelevant, a failure especially common when analytics is imported wholesale from outside HR (Minbaeva, 2018). The
fourth is the tool mistaken for a capability, in which the purchase of a platform is treated as the acquisition of an ability the
organization does not in fact possess. Each failure mode corresponds to a missing or unbalanced capability, and each is
common enough in the evidence to explain why so many analytics initiatives disappoint.

5.3 Digital transformation as enabler and distraction

Digital transformation figures ambiguously in this account. On one hand, it is the enabler: it produces the data, provides
the platforms, and lends analytics the organizational momentum that accompanies technology initiatives (Stone, Deadrick,
Lukaszewski, & Johnson, 2015). On the other, it can become a distraction, encouraging organizations to equate
transformation with the acquisition of technology and thereby to under-invest in the human and cultural capabilities that
determine whether the technology creates value. The lesson of the capability framework is that digital transformation
supplies at most one of the four capabilities—infrastructure—and that treating the technological component as the whole
is precisely the error that produces the promise—practice gap.

5.4 The governance and ethics dimension

A capability the early framing of HR analytics tended to underplay, but which the literature increasingly recognized, is the
governance of the data and analyses themselves. Workforce analytics operates on information about identifiable people,
often sensitive, and the same analytical power that can improve decisions can also enable surveillance, erode privacy, and
produce inferences that employees would find intrusive or unfair (Angrave et al., 2016). An organization that pursues
analytics without attending to these concerns risks a backlash that undermines the trust on which the enterprise depends,
because employees who believe their data is being used against them will resist the measurement and disclosure that
analytics requires. Governance is therefore not merely a compliance obligation external to the analytics capability but a
condition of its sustainability: the credibility that lets analytics influence decisions extends to the credibility, in employees’
eyes, that their data is handled responsibly.

This dimension interacts with the four capabilities in a specific way. Trust is a resource that analytics both consumes and
depends upon, and heavy-handed use depletes it. The organizations best positioned to benefit over the long run are those
that treat the ethical use of workforce data as integral to building analytics capability rather than as a constraint upon it—
being transparent about what is measured and why, limiting analysis to legitimate purposes, and involving employees rather
than subjecting them. The reputational and relational costs of getting this wrong can exceed the analytical benefits of
getting it right, and as the data available about work continues to expand, the governance of analytics moves from the
periphery of the capability toward its center (Rasmussen & Ulrich, 2015).
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5.5 Why the capability is hard to build and easy to overstate

The complementarity at the heart of the framework has a further implication worth drawing out, because it explains both
why HR analytics capability is genuinely valuable and why it is so often overstated. A capability composed of
complementary assets, each of which raises the value of the others and none of which suffices alone, is difficult to build
and difficult to imitate, which is precisely what makes it a potential source of advantage rather than a commodity that any
organization can purchase (Boudreau & Ramstad, 2007). If analytics capability could be acquired by buying a platform, it
would confer no advantage, because every competitor could acquire it equally; its value derives from the fact that it must
be assembled through sustained organizational effort that many organizations undertake poorly or abandon. This is the
optimistic reading of the promise—practice gap: the gap exists because the capability is hard, and its hardness is what makes
it worth building for those who succeed.

This complementarity account is not merely conceptual; it has empirical support in the information systems and economics
literature. A notable study of the returns to HR analytics found that the practice raised performance not on its own but in
combination with complementary practices—performance-based incentives and supporting information technology—so
that the three together produced gains that none produced in isolation (Aral, Brynjolfsson, & Wu, 2012). This three-way
complementarity is precisely the pattern the capability framework predicts: the value of analytics is contingent on the
presence of the other assets with which it must combine, and studies that examine analytics in isolation from those assets
are apt to find weak or inconsistent effects. The evidence thus corroborates the framework’s central claim that the payoff
from analytics is a property of a bundle rather than of any single component, and it helps explain why organizations that
invest in one element while neglecting the others are so reliably disappointed.

The same logic explains the persistent overstatement. Because the visible, purchasable component—the technology—is
the easiest to acquire and the easiest to point to, it is the component that vendors sell, that executives approve, and that
organizations mistake for the whole. The invisible components—skill, credibility, culture—are harder to buy, harder to
demonstrate, and slower to build, so they are chronically under-invested and their absence is discovered only when the
purchased technology fails to deliver. The field’s cyclical enthusiasm and disappointment, in which analytics is repeatedly
heralded and repeatedly found wanting, follows from this asymmetry between the visible and purchasable on one side and
the invisible and cultivable on the other (Rasmussen & Ulrich, 2015). Understanding analytics as a complementary
capability thus does double duty: it accounts for the value the capability can create and for the reliability with which
organizations fail to create it, and it points the way past the fad cycle toward the patient, balanced building that the capability
actually requires.

6. A Proposed Explainable and Causal Analytics Framework for Employee Attrition and Retention

The capability framework of the preceding sections is an argument about the conditions under which analytics creates
value; this section makes it concrete by proposing an analytics system for one of the highest-value applications identified
earlier, the prediction and reduction of employee attrition. The framework is presented as a design contribution and a
research agenda, not as a validated system, and the quantitative results reported below are explicitly illustrative, constructed
to demonstrate the evaluation protocol rather than to report findings from real data. Its ambition is to embody the paper’s
central thesis—that analytics delivers value only when it is tied to a decision and an action—by moving deliberately beyond
prediction, through explanation, to the estimation of what an organization should actually do.

6.1 Motivation: from prediction to intervention

Attrition prediction is the most mature application of HR analytics, yet in its common form it stops short of usefulness. A
model that flags which employees are likely to leave tells a manager that a problem exists but not why it exists or what
would resolve it, and a flag without a cause and a remedy is precisely the kind of analysis that, in the terms of Section 5,
fails to reach an actionable decision. The framework proposed here is built to close that gap. It has three layers that
correspond to three questions a manager actually asks: who is at risk (prediction), why they are at risk (explanation), and
what intervention would reduce that risk (causal estimation and prescription). Only the third layer changes behavior, and
it is the layer that conventional attrition analytics most often omits.

6.2 Data and features

The framework draws on the employee data that organizations already hold, assembled into a per-employee feature set
spanning compensation and its history, promotion and career progression, workload and working-time patterns,
performance ratings, engagement-survey responses, absenteeism, training participation, manager assessments, and
indicators of work—life balance. These features are chosen because turnover theory and a century of research identify them
as plausible antecedents of the decision to leave (Hom, Lee, Shaw, & Hausknecht, 2017), and because they are, at least in
principle, actionable by the organization. Consistent with the governance discussion of Section 5.4, the data would be
handled under explicit privacy protections, minimized to what is necessary, and used for the legitimate purpose of retention
rather than surveillance.
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6.3 The predictive layer

The first layer estimates each employee’s risk of leaving within a defined horizon. Because attrition is a structured, tabular
prediction problem with complex non-linear interactions, ensemble tree methods are well suited to it: random forests, which
aggregate decorrelated decision trees (Breiman, 2001), and gradient-boosted trees such as XGBoost and LightGBM, which
have proven especially effective on this class of problem (Chen & Guestrin, 2016; Ke et al., 2017). Neural networks provide
an additional model class where the data are large and the interactions especially intricate. Because leavers are typically a
minority, the protocol attends to class imbalance and to calibration, so that predicted probabilities can be trusted as
probabilities rather than merely as rankings, and it evaluates the models on the area under the ROC curve, the F1 score,
and calibration in addition to raw accuracy.

6.4 The explanatory layer

Prediction alone is insufficient and, when opaque, is difficult for managers to trust or act upon. The second layer therefore
attaches an explanation to every prediction. Shapley-value attribution decomposes an individual employee’s risk score into
the contributions of each feature, grounded in a principled and consistent theory of feature importance (Lundberg & Lee,
2017), while local surrogate models offer an accessible rationale for a specific case (Ribeiro, Singh, & Guestrin, 2016). At
the population level, the same techniques reveal which factors drive attrition across the workforce, and the broader literature
on interpretable machine learning supplies the methods and cautions that govern their responsible use (Guidotti et al., 2018;
Molnar, 2019). The explanatory layer transforms the model from an oracle into an instrument a manager can interrogate,
satisfying the credibility condition that Section 5 identified as essential to analytics influencing decisions.

6.5 The causal layer

Explanation identifies what is associated with attrition, but association is not the guide to action that managers need,
because a factor correlated with leaving may not be a lever that, if pulled, reduces leaving. The third and most distinctive
layer therefore estimates the causal effect of candidate interventions. Using methods designed to recover heterogeneous
treatment effects from observational data—causal forests and generalized random forests (Wager & Athey, 2018; Athey,
Tibshirani, & Wager, 2019) and double or debiased machine learning (Chernozhukov et al., 2018), set within the potential-
outcomes framework (Rubin, 1974)—the framework asks whether a salary increase, a promotion, additional training, a
shift to flexible working, or a change of manager would actually lower a given employee’s risk, and by how much. Because
these effects are heterogeneous, the same intervention may help one employee and not another, and the causal layer
estimates the effect for each individual rather than assuming a common response. This is the analytical machinery that
converts a diagnosis into a prescription, and it is what allows the system to recommend not merely attention but a specific,
evidence-based action.

6.6 Counterfactual and prescriptive reasoning

The causal layer is complemented by counterfactual reasoning that identifies, for a high-risk employee, the smallest set of
changes that would move them to low risk (Wachter, Mittelstadt, & Russell, 2017). Where the causal layer evaluates the
effect of a specified intervention, counterfactual analysis searches for the minimal intervention that would achieve the
desired outcome, yielding a concrete and personalized retention recommendation—this employee’s risk falls below
threshold if their workload is reduced and a stalled promotion is addressed, for instance. The combination gives HR a
defensible, individualized answer to the question the whole system exists to serve: what, specifically, should we do to keep
this person.

6.7 Evaluation protocol and illustrative results

The framework is evaluated on predictive quality (AUC, F1, and calibration), on the fidelity and stability of its
explanations, on the validity of its causal estimates against the assumptions those methods require, and on fairness,
checking whether risk scores or recommended interventions differ systematically across protected groups in ways that
would raise legal and ethical concern. Table 1 reports an illustrative comparison of the predictive models, and Table 2 an
illustrative set of estimated intervention effects; both are hypothetical, constructed to demonstrate the evaluation design,
and must not be cited as empirical findings.

Table 1. lllustrative (hypothetical) predictive performance of attrition models. Values demonstrate the protocol and are
not empirical results.

Model AUC Fl Calibration error  Notes

Logistic 0.78 0.61 0.06 Transparent but
regression limited on
(baseline) interactions
Random forest 0.85 0.70 0.05 Robust, handles

non-linearity
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Model AUC F1 Calibration error ~ Notes

XGBoost / 0.88 0.74 0.04 Strong  tabular
LightGBM performance
Neural network ~ 0.87 0.73 0.07 Competitive;

needs larger data

Table 2. lllustrative (hypothetical) estimated average effect of retention interventions on 12-month attrition risk for a high-
risk segment, from causal-forest / double-ML estimation. Values are constructed for demonstration only.

Estimated reduction in

Intervention attrition risk Heterogeneity

10% salary increase —8 percentage points Larger for below-market
earners

Overdue promotion —11 percentage points Concentrated in high
performers

Additional training /" —4 percentage points Larger  for  early-tenure

development employees

Shift to flexible / hybrid —6 percentage points Larger for long commuters

working and caregivers

Change of manager —9 percentage points Concentrated under low-rated
managers

The illustrative pattern conveys the framework’s logic: interventions differ in their estimated effect, the effects are
heterogeneous across employees, and the most effective action for one person is not the most effective for another. A
system that reported only risk scores could not surface any of this; it is the causal and counterfactual layers that turn
analytics into guidance an organization can act on, which is exactly the transition from analysis to decision that the paper
argues is where value is created or lost.

6.8 From model to decision

The framework is deliberately constructed to satisfy the conditions the capability model specifies. Its explanations give it
the credibility to influence managers; its causal and counterfactual layers connect it to a specific decision and action; and
its fairness and privacy safeguards protect the trust on which its continued use depends. It is, in effect, the capability
framework of Section 5 rendered as an architecture, and it illustrates the paper’s thesis in concrete form: the technology of
prediction is the easy part, and the value lies in the explanation, the causal reasoning, and the organizational action that
surround it.

7. Implications for Practice

Several implications follow for HR functions seeking to make analytics contribute to performance. The overarching one is
that analytics should be approached as a capability to be built rather than a technology to be bought, and that the building
must be balanced across the four assets rather than concentrated in the one—infrastructure—that vendors are eager to sell.

Concretely, this means starting from questions rather than data. The most productive analytics initiatives begin with a
decision that matters and works backward to the data and methods needed to inform it, rather than beginning with available
data and searching for something to say (Rasmussen & Ulrich, 2015). It means investing in the scarce hybrid skill of people
who understand both analysis and the business, whether by developing it within HR or by embedding analysts closely
enough in the function that they acquire its knowledge (Minbaeva, 2018). It means treating the translation of findings into
credible, decision-ready advice as a core part of the work rather than an afterthought, because analysis that does not
persuade a decision-maker changes nothing. And it means cultivating, patiently and by demonstration, a culture in which
evidence is accepted as a legitimate basis for people's decisions—which is achieved less by exhortation than by a sequence
of analyses that visibly improve outcomes and thereby earn the function the right to be believed.

For the HR profession more broadly, the implication is a shift in the capabilities it cultivates and the standing it seeks. The
function that will benefit from analytics is one that can pose sharp questions, evaluate evidence critically, and hold its own
in a conversation about causation and inference (Angrave et al., 2016; Ulrich & Dulebohn, 2015). This is a meaningful
change from the competencies HR has traditionally emphasized, and building it is the work of years rather than of a
purchasing cycle.

8. Limitations and Future Research

The conclusions here are subject to limitations. As a narrative synthesis, the paper reflects interpretive choices in
assembling and weighing the literature, and the evidence base itself is uneven—rich in conceptual argument and case
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illustration, thin in rigorous demonstration of the analytics—performance link (Marler & Boudreau, 2017). This scarcity is
partly a genuine finding and partly a reflection of how hard the relationship is to measure, and readers should be cautious
about strong claims in either direction.

A distinct set of limitations attaches to the framework proposed in Section 6. It is a design contribution that has not been
implemented or validated, and the figures in Tables 1 and 2 are illustrative constructions that demonstrate the evaluation
protocol rather than empirical results. Its causal layer, in particular, rests on assumptions that observational HR data may
not satisfy—most importantly the absence of unmeasured confounding—so that its treatment-effect estimates should be
treated as conditional and subjected to sensitivity analysis rather than accepted at face value (Chernozhukov et al., 2018).
The framework’s central propositions—that its explanations aid managerial decisions, that its causal estimates recover
genuine intervention effects, and that acting on its counterfactual recommendations reduces attrition—are hypotheses for
future empirical work, and the framework should be read as a reference architecture to be tested rather than a validated
tool.

The gaps define the research agenda. The field needs studies that establish, with credible identification, whether and how
much HR analytics improves organizational outcomes, moving beyond the case study and the executive survey. It needs
research on the capability-building process itself—how organizations develop the bundle of assets the framework
describes, in what sequence, and against what obstacles. It needs closer study of the interface between analyst and decision-
maker, where so much value is created or lost, and of the cultural conditions under which evidence displaces intuition. And
as digital transformation continues to expand the data available about work, it needs sustained attention to the governance
and ethics of workforce analytics, which this paper has touched only in passing but which will bear increasingly on whether
analytics is trusted enough to be used.

9. Conclusion

HR analytics occupies an odd position: widely regarded as important, widely invested in, and widely disappointing. This
paper has argued that the disappointment is not evidence that analytics cannot improve organizational performance but
evidence of how demanding the conditions for that improvement are. Value does not flow from data or tools by themselves;
it flows from a chain that runs from a question worth answering, through a valid analysis, to a decision-maker willing and
able to act, and it is realized only when an organization possesses together the infrastructure, skill, credibility, and culture
that keep the chain intact. Digital transformation supplies the raw material and some of the momentum, but it supplies only
one link, and mistaking that link for the whole is the characteristic error of the field. HR analytics, properly understood, is
not a technology an organization can acquire but a capability it must build—and the organizations that build it deliberately,
in balance, and in service of real decisions are the ones for which the long-promised payoff becomes real.
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