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Abstract: Predicting employee attrition risk provides a useful signal for human resource
decision-making. However, this signal alone does not determine which employee groups
should be targeted first for retention interventions. This study develops a data-driven decision-
support framework for prioritizing retention interventions among employees at risk of attrition.
The framework uses the IBM HR Analytics Employee Attrition and Performance dataset and
integrates calibrated machine learning, SHAP-based explanatory analysis, Entropy—CRITIC
weighting, and PROMETHEE II ranking. Machine-learning models were first used to estimate
employee-level attrition probabilities. These probabilities were then aggregated into segments
defined by combinations of Department, JobRole, and OverTime, from which the high-
risk segment pool was identified for multi-criteria analysis. Eight high-risk segments were
detected. The segment ranked first by PROMETHEE II was not the segment with the highest
attrition risk, indicating that intervention priority and attrition risk represent distinct decision
outputs. Sensitivity analyses further showed that the segment-ranking structure remained
stable under alternative weight-shift and threshold scenarios. The proposed framework is
therefore not intended to identify individual employees at risk; rather, it supports transparent,
auditable, and ethically compliant segment-level retention decisions.

Keywords: HR analytics; people analytics; explainable machine learning; SHAP;
PROMETHEE II; multi-criteria decision-making; workforce planning

1. Introduction

Employee turnover is a strategic human resource management issue that affects
institutional knowledge retention, operational continuity, and recruitment costs.
The significance of this issue is underscored by meta-analytic evidence showing an
association between employee turnover and organizational performance [1]. Voluntary
turnover is shaped by multiple factors, including job attitudes, organizational
conditions, job alternatives, and individual characteristics [2,3]. Turnover is therefore
a multidimensional phenomenon, and retention decisions cannot be based solely
on a single individual-level risk score. Such decisions should consider not only
drivers of leaving but also factors that support retention. Hausknecht et al. [4] found
that motives for retention may vary across performance levels, job attributes, and
employee groups. This finding suggests that retention interventions should account
for such group-level differences. Hausknecht and Trevor [5] conceptualized turnover
as a collective process that produces outcomes at the group, unit, and organizational
levels. This perspective indicates that, although attrition can be predicted at the
individual level, managerial action is often more feasible and operationally relevant at
the segment level.
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HR analytics has emerged as an approach that transforms employee data
into information that can support evidence-based human resource decisions [6].
Its organizational value depends on translating analytical outputs into actionable
decision priorities [7]. Attrition prediction is one of the main applications through
which HR analytics can support this transformation. Open benchmark datasets enable
prediction models to be compared and decision-support frameworks to be developed
in a reproducible manner. Studies using the IBM HR Analytics dataset have shown
that machine learning models can predict employee attrition risk [8,9]. Explainable
attrition prediction studies further strengthen the interpretability of prediction in the
HR context by identifying the variable contributions that shape the risk estimate [10].
This body of work indicates that attrition risk can be estimated using data-driven
methods. However, the managerial value of model output depends on whether it is
linked to a clear and actionable decision question.

An attrition model produces a probability of leaving for each employee and
indicates where risk is concentrated. Retention decisions, however, require more
than the identification of risk. Decision makers need to determine which employee
group should be prioritized, on what basis, and in what sequence. Therefore, before
individual risk probabilities are used directly in human resource decisions, they
should be reorganized at the level of segments defined by shared working conditions,
such as department, job role, and overtime status. Segment-level analysis captures
both attrition tendency and the intervention-relevant conditions that characterize each
segment. High-risk segments may differ in terms of income pressure, job satisfaction,
work-life balance, promotion delay, training support, and distance burden. These
differences make it difficult to determine retention priorities from the output of a
single classification model. Classification performance metrics such as PR-AUC
and recall indicate how effectively a model captures employees with attrition risk
in an imbalanced data structure, but they do not indicate which segment should be
addressed first [11]. Setting priorities among high-risk segments therefore requires
a transition from a prediction problem to a multi-criteria decision problem. The
PROMETHEE approach supports this transition by ranking high-risk segments across
multiple intervention-relevant indicators, such as income pressure, job satisfaction,
work-life balance, and promotion delay [12]. This transition reveals a key limitation
in the existing literature: although attrition prediction models have advanced,
integrated and auditable frameworks that translate predicted risk into segment-level
retention priorities remain limited.

This study develops a data-driven decision-support framework that prioritizes
retention interventions for employee segments with high attrition risk. In this
framework, a machine-learning model generates a calibrated attrition-risk probability
for each employee. This calibrated probability serves as the risk signal used to
identify the high-risk segment pool for the PROMETHEE analysis. Thus, the
prediction model is positioned not as a decision tool for ranking individual employees
but as the initial filter in the intervention priority analysis. In the second stage, SHAP
analysis identifies the variables that contribute most substantially to the risk model.
This explanation layer helps justify the selection of decision criteria and supports the
translation of attrition prediction output into the HR decision context [10]. In the final
stage, PROMETHEE II compares high-risk segments using intervention-relevant
HR indicators and ranks them by intervention priority. The study thereby shifts the
analytical focus from predicting which employee may leave to determining which
employee segment should be examined first.
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The framework contributes by converting attrition prediction output into an
auditable segment-level prioritization process. The calibrated probability defines
the segment pool for PROMETHEE analysis. The explanation layer supports the
selection of decision criteria. The outranking stage then ranks high-risk segments
across intervention-relevant HR indicators.

2. Literature review

2.1. Employee turnover and the rationale for targeted retention

Job attitudes, organizational commitment, job alternatives, working conditions,
and individual characteristics have been identified in the employee turnover
literature as factors that influence employees’ decisions to leave voluntarily [2,3].
This multidimensionality implies that retention decisions should be made in the
context of a wider decision-making process, not just on the basis of individual-level
risk prediction. Retention concerns both the prediction of who is likely to leave and
the conditions that encourage employees to remain in the organization. The Job
embeddedness theory is used to understand why employees remain in their jobs, their
connection to the organization, and their connection to the community [13]. These
ties and reasons for staying can differ by performance level, job characteristics, and
employee segments, so retention interventions should take into account differences
in segment-level conditions [4]. The results of turnover at the group, unit, and
organizational level suggest that individual turnover events can have collective
consequences and thus require retention decisions to go beyond the individual level
[5]. Therefore, individual risk estimates need to be converted to segment-level
decision information to inform intervention priorities by employee segment.

This segment-level view is further supported by evidence on the organizational
consequences of turnover. The relationship between employee turnover rates and
organizational performance suggests that the problem of predicting turnover is
not simply an individual-level prediction problem [1]. Turnover is associated with
HR practices and is related to productivity and financial outcomes in the context
of strategic human resource management (SHRM) [14]. Retention interventions
should be evidence-based and targeted, not broad and undifferentiated responses
[15]. Evidence-based retention design, in turn, brings up the question of which group
of employees should be targeted for intervention. Prioritization is a fundamental
decision problem, not a secondary one, when the segments of employees are not only
different in risk level, but also in the factors that cause the risk.

2.2. HR analytics and the predictive basis for attrition decision support
The usefulness of the analytical information derived from employee data is
related to the degree to which it is used for decision making [6,7]. In the field of
HR analytics, attrition prediction is one of the important applications that involves
predicting the probability of an employee leaving the organization based on data-
driven approaches. Open benchmark datasets allow for the evaluation and comparison
of the performance of attrition prediction models in a reproducible way. Research
with the IBM HR Analytics dataset has demonstrated that machine learning
models can predict attrition risk [8,9]. These results demonstrate the predictive
potential of attrition modeling, but do not necessarily define intervention priorities.
Retention decision-making must go beyond predictive feasibility, however, and
involve determining which employee segments should be targeted for intervention.
This involves identifying the areas of risk, the risk indicators and the method for
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prioritizing the segments. Attrition prediction output needs to be organized around
the purpose of the retention decision before it can be used to inform decision-making.
This process is divided into three steps: risk screening, calibration, and explainability,
as done in the present study.

The first step is to assess the model’s risk screening ability. If attrition cases
are a minority class, the model’s performance on these cases should be evaluated
separately. The classification performance metrics include PR-AUC and recall,
which measure the ability of the model to identify employees at risk of attrition when
there is class imbalance [11]. The second step is to make sure that the estimated risk
probabilities of the model can be interpreted reliably. At this stage, classification
models can yield poorly calibrated probabilities, so calibration is a crucial step for
providing a reliability check [16]. These probabilities are then transformed into a
calibrated risk signal that can be utilized in decision support. This signal is used to
identify the segments that will be part of the high-risk segment pool for decision
analysis. The third step is to identify the variable contributions underlying this signal.
SHAP does this by breaking down model predictions into contributions at the level
of the variables [17]. In the context of attrition prediction, explainability helps to
interpret the risk estimates for HR decision making [10]. In this regard, the present
study proposes a machine-learning model to create a calibrated risk signal and applies
SHAP to determine the variables that underlie the risk signal, which helps to select
and justify the decision criteria.

2.3. The transition from predicted risk to intervention priority

An attrition model estimates each employee’s probability of leaving and
indicates where risk is concentrated at the individual level. Retention interventions,
however, require individual risk estimates to be translated into segment-level decision
units that are manageable for intervention planning. In practice, HR interventions are
often planned at the level of employee groups defined by shared working conditions,
such as department, job role, and overtime status. Accordingly, individual risk
estimates are aggregated at the segment level. On the basis of attrition tendency, the
segment risk score identifies which segments should be included in the preliminary
high-risk pool for intervention assessment. The prioritization process then considers
attrition tendency alongside intervention-relevant conditions, such as income
pressure, job satisfaction, work-life balance, promotion delay, job involvement,
training support, and distance burden. Because high-risk segments may exhibit
different profiles across these indicators, prioritization cannot rely on a single risk
score. The managerial task therefore becomes determining which segment should be
prioritized for initial assessment and which intervention areas should receive priority.
This transition reframes attrition prediction output as an input to a multi-criteria
decision-making problem.

In this study, the decision alternatives are the high-risk employee segments
included in the PROMETHEE analysis. These segments are assessed using
intervention-relevant human resource indicators rather than risk levels alone.
An outranking approach is well suited to such comparisons because it considers
preference relations among alternatives across multiple criteria [18]. PROMETHEE
operationalizes this logic by translating such relations into a ranking of alternatives
[12]. Applications of PROMETHEE across various decision domains indicate its
suitability for prioritizing alternatives in multi-criteria decision problems [19]. In
this study, it is therefore used to rank high-risk segments using intervention-relevant
indicators.
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Because PROMETHEE II ranks segments across multiple criteria, the relative
importance of these criteria must be determined explicitly. Assigning weights solely
on the basis of researcher or decision-maker judgment may make the resulting
priority ranking sensitive to preference bias. The present study therefore uses
objective, data-driven weighting methods. The CRITIC method derives weights from
criterion variability and inter-criterion correlations [20]. Entropy-based weighting
derives criterion importance from information diversity in the decision matrix [21].
Because these two methods capture complementary properties of the decision matrix,
the main analysis uses combined Entropy—CRITIC weights. The combined weight
set reflects both the discriminating power of the criteria and the matrix’s information
diversity. Because objective weighting methods are sensitive to the structure of the
decision matrix, the robustness of the resulting rankings should also be assessed
[22]. The robustness analysis includes Entropy-only, CRITIC-only, and equal-weight
scenarios. This structure strengthens the transparency, auditability, and robustness of
the PROMETHEE II ranking under alternative weighting scenarios.

2.4. Research gap and contribution of the present study

Turnover and retention research indicates that voluntary turnover is a
multidimensional phenomenon shaped by job attitudes, organizational commitment,
job alternatives, working conditions, and individual characteristics [2,3]. This
multidimensionality suggests that employees’ reasons for staying may differ across
groups, thereby supporting a segment-level approach to retention decisions [4,5].
Segment-level decision-making therefore begins with the data-driven estimation of
attrition risk. HR analytics and attrition prediction studies further suggest that this risk
can be estimated using machine learning models [6,8,9]. However, prediction output
can support retention decision-making only when it is calibrated and interpretable.
Calibration supports this requirement by assessing the reliability of probabilities
estimated by classification models [16]. SHAP-based explainability identifies the
variables underlying the risk signal and links prediction output to the selection
of decision criteria [10,17]. This explanation layer therefore provides a basis for
selecting intervention-relevant criteria for comparing high-risk segments. Multi-
criteria decision-making and outranking approaches provide a suitable decision logic
for ranking high-risk segments across multiple criteria [12,18,19]. In this study, these
segments are defined as decision alternatives.

Because the resulting ranking is based on employee data, its ethical boundaries
must also be clearly established. People analytics research indicates that decisions
based on employee data should be evaluated in terms of transparency, fairness, and
accountability [23,24,25,26]. Integrating these literature streams within a single
decision problem reveals a clear research gap: integrated and auditable decision-support
frameworks for translating predicted attrition risk into segment-level retention priorities
remain limited. Table 1 summarizes this gap and the contribution of the present study.

Table 1. Literature streams, research gaps, and study contributions.

Literature stream

Core knowledge provided by
the literature

Remaining gap Contribution of this study

Turnover and retention

Turnover is a multidimensional
phenomenon, and reasons for
retention may differ across
groups.

Limited attention to Establishes intervention
prioritizing interventions  priority at the segment
among high-risk segments. level.
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Continuation Table:

Core knowledge provided by

Literature stream Remaining ga Contribution of this stud
! " the literature 1ning gap outt 18 study
. .. Employee attrition risk can Limited translation of L
HR analytics and attrition P > . . - . Uses the risk signal as a
. be estimated in a data-driven  prediction output into
prediction . . segment-level filter.
manner. retention decision support.
The risk signal can be Weak integration between "
S & . . & Positions SHAP as a
XAI and calibration made probability-based and explanation outputs and e .
. .. . . criterion-justification layer.
interpretable. decision-criteria selection.
. Limited use of outranking L
Alternatives can be ranked . Ranks high-risk segments
MCDM and PROMETHEE methods for prioritizing & g

Ethical people analytics

across multiple criteria.

Decision-making with
employee data carries ethical
and fairness risks. support.

. . using PROMETHEE I1.
attrition-risk segments.

Insufficient distinction
between individual labeling
and segment-level decision

Constrains the output to
segment-level decision

support.

This study addresses the identified gap by integrating prediction, explanation,
and prioritization layers into a single decision process. First, attrition prediction
output is transformed into a risk signal that identifies the high-risk segment pool.
This transformation shifts the prediction result from the individual employee level
to a manageable set of segment-level decision alternatives. Second, SHAP identifies
the variable contributions that shape the risk signal and supports the selection and
justification of the decision criteria. Third, PROMETHEE II compares high-risk
segments using intervention-relevant human resource indicators. Objective weighting
and robustness checks contribute to a transparent and testable ranking process. Thus,
the study shifts the analytical focus from predicting which employee may leave to
providing segment-level decision support that identifies which employee segment
should be examined first for potential retention intervention.

Because this decision support is based on employee data, the boundaries of its
appropriate use should be clearly established. The use of artificial intelligence in
HRM carries specific risks related to fairness, accountability, data limitations, and
employee reactions [25]. The ethics of people analytics requires these risks to be
addressed through clear purpose, careful governance, and harm reduction principles
[26]. Research on algorithmic decisions in the HR context indicates that fairness
claims should be evaluated in their specific context [23,24]. The requirement for
ethical design in Al-based HRM decisions supports explicitly limiting the level
at which analytical output is used [27]. Therefore, the study frames its output as
segment-level, transparent, auditable, and intervention-oriented decision support
rather than as an evaluation of individual employees.

3. Methodology

3.1. Data source, variable roles, and preprocessing

The empirical implementation of the framework follows a three-layer structure
linking attrition prediction, explanation, and segment-level prioritization. The first
layer estimates employee-level attrition risk probabilities using machine learning;
the second layer applies SHAP to identify variable-level contributions to the risk
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prediction; and the third layer ranks high-risk segments by intervention priority using
PROMETHEE II. The calibrated risk signal is used to identify the high-risk segment
pool that enters the PROMETHEE II analysis. Accordingly, the analytical unit is the
employee segment, and the output is framed as segment-level decision support rather
than individual employee labeling. This design is consistent with the HR analytics
approach of translating employee data into decision-relevant information [6].

The framework was implemented using the IBM HR Analytics Employee Attrition
and Performance dataset, which was treated as an open-access dataset commonly
used in HR analytics research. The dataset is not used to make organization-specific
generalizations about current employee behavior; rather, it serves to demonstrate the
reproducible implementation of the proposed decision-support framework. The target
variable is Attrition, which indicates whether an employee left the organization. In the
machine-learning layer, Attrition is coded as Yes = 1 and No = 0.

Before analysis, the dataset was audited for modeling reliability, variable roles,
and ethical boundaries of use. For modeling reliability, missing values, duplicate
records, constant variables, and the target variable distribution were checked. In terms
of variable roles, variables that functioned as identifiers or exhibited no analytical
variation were excluded. Categorical variables were transformed into machine-learning-
compatible formats. Model performance was evaluated using stratified 5-fold cross-
validation. Class imbalance was addressed through class weighting in the main analysis;
SMOTE was retained for robustness checks rather than used in the main model.
Classification performance was evaluated using recall, precision, F1-score, ROC-
AUC, PR-AUC, and balanced accuracy. The suitability of calibrated risk probabilities
as a decision signal was assessed using the Brier score and calibration-curve analysis.
Sensitive variables such as Age, Gender, and MaritalStatus were excluded from the
decision criteria and from inputs to PROMETHEE prioritization; they were retained
only for fairness checks. This exclusion is consistent with discussions of the ethical and
accountability risks of artificial intelligence applications in HRM [25]. The prediction
layer is therefore interpreted as a risk-estimation tool rather than as a causal model.
Some variables appear in both the prediction layer and the PROMETHEE criterion
pool, but they serve different analytical functions: in the former, they contribute to risk
estimation; in the latter, they serve as intervention-relevant criteria. Table 2 presents the
variable roles and preprocessing decisions used in the analysis.

Table 2. Variable roles and preprocessing decisions.

Component

Variables or procedure Function in the analysis Control/preprocessing note

Target variable

Segment variables

Prediction variables

Attrition (Yes = 1; No =0)

Class imbalance addressed
through class weighting
during model training

Serves as the machine-
learning target variable

Used for segmentation;

Department, JobRole, OverTime Define employee segments OverTime is not used as a

PROMETHEE criterion
Selected variables including
MonthlyIncome, JobSatisfaction,
WorkLifeBalance, Used to estimate attrition ~ Model outputs are not
JobLevel, YearsAtCompany, risk probabilities interpreted causally

DistanceFromHome, and
YearsSinceLastPromotion
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Continuation Table:

Component Variables or procedure Function in the analysis = Control/preprocessing note
Monthlylncome, JobSatisfaction,
WorkLifeBalance
. ’ . . . lect HAP
PROMETHEE YearsSinceLastPromotion, Form the intervention- Selec ed.based on S
o . . .. . results, literature support,
criterion candidates  DistanceFromHome, priority criterion pool . .
and ethical screening
Joblnvolvement,

Sensitive variables

Excluded variables

Model validation

Class imbalance

TrainingTimesLastYear

Age, Gender, MaritalStatus

EmployeeNumber, EmployeeCount,

Overl8, StandardHours

Stratified 5-fold cross-validation

Class weighting

Excluded from
PROMETHEE criteria and
prioritization inputs
Removed before modeling
and prioritization
Evaluates predictive
performance

Mitigates majority-class
bias

Retained only for fairness
checks

Identifiers or constant-value
fields

Accuracy not reported as a
standalone metric

SMOTE used in robustness
checks

3.2. Predictive risk filtering and explainable criterion justification
The machine-learning layer estimates an attrition probability for each employee.
In this study, the predicted probability is calibrated and treated as a risk signal for
identifying high-risk employee segments. Logistic Regression was evaluated as an
interpretable baseline model, whereas Random Forest and Gradient Boosting models
were included to capture nonlinear patterns. Previous studies using the IBM HR
Analytics dataset have shown the feasibility of predicting attrition risk with machine-
learning models [8,9].
For employee i, the predicted attrition probability is defined as:
p=P(y =1x) ()
Here, y; denotes the attrition status of employee 7 , x; denotes the vector of
predictor variables, and P, denotes the predicted attrition probability. Employee
segments are defined by the Department % JobRole % OverTime combination. This
specification combines organizational unit, job role, and overtime status within a
single segment definition. Individual predicted probabilities are aggregated within
these segments. The average risk score for segment g is calculated as:
l -
R =—2 b 2)
g icg
In the main analysis, the high-risk segment pool consists of segments whose
average risk score exceeds the overall attrition rate:
H={g| R, >7} 3)
Here, ¥ denotes the overall observed attrition rate in the dataset. This threshold
is specified a priori in the analysis protocol as the main risk filter. Calibration is
assessed to ensure that the probabilities used to define the risk filter can be interpreted
reliably. Because probability estimates from classification models may be poorly
calibrated, the Brier score and calibration-curve analysis are used to assess the
reliability of the risk signal [16]. Alternative filters are used in robustness checks to
assess whether the high-risk segment pool is sensitive to the threshold definition. The
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risk-filtering and segment-formation protocol is summarized in Table 3.

Table 3. Risk-filtering and segment-formation protocol.

Stage Procedure Output Validation/robustness check
Estimate employee-level attrition
Risk prediction probabil.ities using Logistic Emplo;lfe.e-level predicted  PR-AUC, recall, and F1-
Regression, Random Forest, and  probability score
Gradient Boosting models
Assess calibration using Compare calibrated and
Calibration calibration-curve analysis and the Calibrated risk signal uncalibrated segment risk
Brier score rankings
Define segments using
Segment definition ~ Department % JobRole x Employee segments Test alternative segmentation
OverTime
Compute the average predicted Examine median risk and the

Segment risk score

Main risk filter

Segment size

risk within each segment
Select segments whose average
risk score exceeds the overall High-risk segment pool
attrition rate

Apply minimum segment-size
threshold n, > 10

Segment-level predicted risk share of high-risk employees
Test top-quartile and
observed-attrition filters

Evaluate n,> 15 and n, > 20

Eligibl t pool i
1gible segment poo scenarios

Probability calibration was implemented using sigmoid calibration, also known
as Platt scaling. After Logistic Regression was selected as the main screening model,
calibrated probabilities were generated using a five-fold internal calibration procedure
through CalibratedClassifierCV (method = “sigmoid”, cv = 5). This procedure
allowed the calibrated probabilities used for segment aggregation to be estimated
within a cross-validated calibration structure. Calibration was therefore treated
as a reliability-control step for the segment-level decision signal rather than as an
additional model-selection criterion.

After identifying the high-risk segment pool, the analysis uses SHAP-based
variable contributions to justify the intervention-relevant decision criteria. In attrition
prediction, the explainability layer addresses the need for interpretability in HR
decisions [10]. SHAP provides an additive explanation approach that decomposes
model predictions into variable-level contributions [17]:

F(x) =+ 24 )

Here, ¢, denotes the expected model output, and ¢, denotes the contribution
of variable k to the prediction for observation i. SHAP outputs are used as
explanatory evidence for selecting and justifying the decision criteria. The criteria
are selected based on SHAP findings, HRM literature, intervention feasibility, and
ethical suitability. Sensitive variables and variables that are not directly actionable
are excluded from the main decision criteria, even when they show high SHAP
importance.

The criterion-selection procedure did not translate SHAP importance
mechanically into PROMETHEE criteria. Variables were retained only when they met
three conditions. First, they had to be interpretable as segment-level HR conditions.
Second, they had to represent an area that could plausibly inform managerial review
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or intervention design. Third, they had to pass ethical screening by avoiding direct
use of sensitive or non-actionable employee attributes in the prioritization matrix.
For this reason, TrainingTimesLastYear was retained as a development-support
indicator, whereas YearsAtCompany was not used as a PROMETHEE criterion.
YearsAtCompany contributed to prediction, but it reflects accumulated tenure rather
than an intervention lever that HR units can directly adjust.

3.3. Outranking-based segment prioritization and robustness protocol

The PROMETHEE decision matrix is constructed using the high-risk segments
as decision alternatives. Rows represent high-risk employee segments, whereas
columns represent intervention-relevant HR indicators. Because the risk signal is
used as the segment filter in the preceding layer, it is not included as a criterion in the
PROMETHEE matrix. This choice prevents the same risk information from being
double-counted in the decision model.

To ensure consistency in PROMETHEE comparisons, all criteria are aligned
in the same direction. Higher criterion values therefore indicate greater intervention
need. Variables with favorable higher values are converted into risk-oriented criteria
when lower values imply greater intervention need:

x = max(x ) =, 5)

Here, max (xgl.) denotes the maximum value of criterion j across all segments.
Cost-oriented variables are retained directly as risk-oriented indicators. The
transformed criteria are rescaled to a comparable range using min—max normalization:

risk . risk
xg/' Hgn (xgi )
Zg/ - risk : risk (6)
max| x,_. —min|x,_;
g g g g

where the minimum and maximum are calculated across segments for criterion
J. Higher z,; values indicate greater intervention need for segment g with respect to
criterion j. Criteria that do not produce segment-level variance are removed from the
decision matrix before normalization. Before constructing the PROMETHEE matrix,
conceptual overlap and correlations among criteria are assessed. This step reduces
redundant representation of the same HR dimension in the decision model.

Because the criteria carry different decision information, relative criterion
weights must be determined in the PROMETHEE application. For this purpose,
Entropy and CRITIC methods are used. Entropy weighting derives criterion weights
from information diversity in the decision matrix [28]:

w=—7_L

] Zj:ldf (7)

In the Entropy calculation, when p,=0, the term p,; In(p,;) is defined as zero.

If a normalized criterion takes a zero value in all segments, it is removed from the

decision matrix. CRITIC derives weights from criterion variability and inter-criterion
correlations [20]:
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J
C; =5, (1=r;)
=1
C

WJC = Jj 8

Zh:lch ©

Here, s; denotes the standard deviation of criterion j, and 7, denotes the
correlation coefficient between criteria j and /. Because Entropy and CRITIC capture
complementary properties of the decision matrix, the main analysis uses a combined

Entropy—CRITIC weight set. The combined weight for criterion j is calculated as:

wh +wS
Wj — J 2 J (9)

Because objective weighting methods may be sensitive to the structure of the
decision matrix, alternative weight scenarios are also evaluated in the robustness
analysis [22].

After the weighted decision matrix is constructed, high-risk segments are
prioritized with PROMETHEE II. PROMETHEE is an outranking-based approach
that compares alternatives through pairwise preference relations [12,18]. Applications
of PROMETHEE across decision domains indicate its suitability for ranking
alternatives in multi-criteria decision problems [19].

A linear preference function is used for criteria on a continuous scale, such
as income pressure, promotion delay, and distance burden. A V-shape preference
function with an indifference threshold is used for restricted-scale criteria, such as
low job satisfaction, poor work-life balance, and low job involvement. Preference
thresholds were defined using the interquartile range (IQR) of each normalized
criterion distribution. For criterion j, the interquartile range was defined as IOR; = Oy~
0,;- This choice reduces the influence of extreme segment-level values when setting
the indifference and strict preference thresholds. In the main scenario, the following
thresholds are used:

q;=0.10xI0R;; p,=0.50xI0R, (10)

The main g—p setting was interpreted as a moderate-sensitivity scenario. The
indifference threshold avoids treating very small criterion differences as meaningful
preferences. The strict preference threshold requires a clearer difference before
assigning full preference. These values are not proposed as universal PROMETHEE
parameters. They should be recalibrated in organizational applications according to
criterion measurement reliability, segment size, and the decision maker’s tolerance for
small differences among segments.

Threshold sensitivity is evaluated using more sensitive and more conservative q—
p scenarios.

For any pair of segments a and b, the criterion-specific difference d; (a,b) is
defined as:

d,(a.b)=z,-z, (11)
The V-shape preference function with an indifference threshold is defined as:
0, d;(a.b)<gq,
d.(a,b)—q.
P (a,b)= {eh) =, q,<d;(a,b)<p, (12)
P;—4q;

1, d(/.(a,b)ij



Human Resources Management and Services 2026, 8(3), 6021.

Here, g, denotes the indifference threshold, and p; denotes the strict preference
threshold. The overall preference index is calculated as:

7(a,b)= Y w,P,(a.b) (13)

Positive flow, negative flow, and net flow are calculated as follows:

#'(a)

¢ (a)=

#(a)

! IZﬁ(a,b)

m—=1j.,

! IZE(b,a)

m—=132,

¢ (a)-¢ (a) (14)

Higher net flow values indicate higher intervention priority. PROMETHEE II
produces a complete ranking. PROMETHEE [ evaluates positive and negative flows
separately, allowing the complete PROMETHEE II ranking to be compared with the

partial ranking structure.

In the robustness analysis, weight sets, risk-filter thresholds, minimum segment-
size thresholds, and PROMETHEE preference thresholds are varied. Ranking
stability is assessed using Spearman rank correlation, top-k overlap, and rank-change
range. Consistent with ethical boundaries in people analytics, the PROMETHEE
output is not interpreted as an individual employee label. Instead, it is interpreted only
as segment-level intervention priority [26]. The PROMETHEE decision model and

robustness protocol are shown in Table 4.

Table 4. PROMETHEE decision model and robustness protocol.

Component

Main specification

Robustness/control

Decision alternatives

Decision criteria

Risk signal

Criterion direction

Criterion cleaning

Weighting

Main ranking method

Preference thresholds

Ranking stability

High-risk employee segments

Income pressure, low job satisfaction, poor
work-life balance, promotion delay, distance

burden, low job involvement, and low
training support

Not used as a PROMETHEE criterion

Higher values indicate greater intervention

need

Correlations and conceptual overlap assessed

Entropy—CRITIC combined weights
PROMETHEE II

g,=0.10 X IQR ; p, = 0.50 x IQR,

Spearman rank correlation, top-k overlap, and

rank-change range

Alternative risk-filter definitions

SHAP, literature, and ethical
suitability checks

Observed-attrition filter tested

Alternative transformation checks

Highly correlated criteria eliminated
or justified

Entropy-only, CRITIC-only, and
equal-weight scenarios

Partial ranking check with
PROMETHEE I

More sensitive and more conservative
g—p scenarios

Weight, threshold, filter, and segment-
size sensitivity
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4. Results

4.1. Data structure, model comparison, and calibration

The IBM HR Analytics dataset was used for analysis, and contained 1,470
employees and 35 variables. No missing values or duplicate records were found
during the data audit. Thus, no imputation or duplicate-record cleaning was needed
prior to modeling. EmployeeCount, Over18, and StandardHours were not included
in the analysis as they were constant. The target variable Attrition is a binary variable
that shows if an employee has left the organization or not. The number of employees
with Attrition = Yes in the dataset was 237 and the number of employees with
Attrition = No was 1,233. The positive class, Attrition = Yes, constitutes 16.12% of
the dataset and represents the minority class.

The imbalanced structure of the target variable did not allow the use of an
accuracy-based approach to interpret the performance of the models. The performance
of the classifiers was assessed by PR-AUC, recall, F1-score and balanced accuracy.
The Brier score was used to evaluate the reliability of the probability estimates. The
model comparison was performed using Logistic Regression, Gradient Boosting and
Random Forest. For the risk-screening objective, Logistic Regression achieved the
best PR-AUC and recall scores, which were the two metrics that were most important.
It had the highest PR-AUC (0.5627) and the highest recall (0.7089) for the attrition
class, which is the best profile for identifying the attrition class. This recall-oriented
profile was less precise; as in the study design, the model output is not used as a
decision rule for the individual, but rather as a screening signal. Gradient Boosting
had a higher precision and lower Brier score, but a lower recall of 0.2363, meaning
that it was less effective at capturing the attrition class for the risk-screening purpose.
Random Forest achieved competitive F1-score and balanced accuracy but was not
as good as Logistic Regression in PR-AUC and recall. The performance of the three
models is reported in Table 5.

Table 5. Machine-learning model performance.

Model ROC-AUC PR-AUC Recall Precision F1 Balanced accuracy Brier

Logistic Regression 0.8154 0.5627 0.7089 0.3574 0.4752 0.7320 0.1648
Gradient Boosting ~ 0.8100 0.5508 0.2363 0.7467 0.3590 0.6104 0.1025
Random Forest 0.7971 0.5251 0.5654 0.4820 0.5204 0.7243 0.1490

Logistic Regression was selected as the main risk model because it provided
a performance profile more suitable for capturing the attrition class. The risk
probabilities estimated by the selected model were calibrated before being used as
a segment-level decision signal. Calibration was not used as an additional model-
selection criterion; rather, it served as a separate control stage for assessing the
reliability of risk probabilities as a decision signal. In the post-calibration evaluation,
the Brier score was 0.0936. ROC-AUC and PR-AUC were also reported for the
calibrated risk signal, with values of 0.8603 and 0.6405, respectively. Because the
calibrated risk signal was evaluated as a separate decision-signal output, these metrics
are reported separately from the initial model-comparison results. Together, these
values support the use of the calibrated risk signal as a segment-level screening input
in terms of discrimination and probability reliability. Table 6 reports the summary
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metrics for the calibrated risk signal.

Table 6. Calibrated risk signal performance summary.

Indicator Value

Brier score 0.0936
ROC-AUC 0.8603
PR-AUC 0.6405

Recall was prioritized because the prediction layer was designed to screen the
attrition class before segment-level aggregation. At this stage, false negatives could
remove potentially relevant attrition cases from the segment risk signal and could
lead to the exclusion of segments that deserve managerial review. Lower precision
was considered acceptable because the model output was not used to label, rank, or
evaluate individual employees.

These calibrated probabilities were aggregated at the segment level and used as
a preliminary screening signal to identify the high-risk segment pool. SHAP analysis
was applied to identify the variable contributions underlying the selected risk model.
The SHAP results indicated that OverTime, YearsAtCompany, YearsInCurrentRole,
JobLevel, and TotalWorkingYears were prominent contributors to the model
prediction. These contributions are interpreted as model-explanation outputs rather
than causal effects. These findings support considering workload-related and career-
related dimensions when interpreting the risk model and constructing the decision
criteria. Training support and income pressure were included in the decision matrix
on the basis of intervention relevance and HRM rationale rather than as direct
extensions of the SHAP output. Although OverTime showed high SHAP importance,
it was not used as a PROMETHEE criterion. Because OverTime is part of the
segment definition, including it again in the decision matrix would double-count the
same information. This distinction preserves the analytical boundary between risk
prediction and intervention prioritization.

This exclusion does not imply that overtime is substantively unimportant. It
reflects its analytical role in the present framework. In this implementation, OverTime
defines the segment itself, and using it again as a PROMETHEE criterion would
allow the same work-condition attribute to influence both segment construction and
segment ranking. In organizational applications where overtime is not used to define
segments, it may be reconsidered as a decision criterion after checking conceptual
overlap with other workload-related indicators.

4.2. Formation of the high-risk segment pool

After individual-level risk probabilities were estimated, they were aggregated
at the segment level. Segments were defined using the Department x JobRole x
OverTime combination. Table 7 reports this three-part structure as a composite
segment label, with the OverTime value shown in parentheses. The analysis identified
22 segments in total. The minimum segment-size threshold n, > 10 was applied,
and 20 segments remained eligible for analysis. The main risk threshold was set
at 0.1612, corresponding to the overall attrition rate in the dataset. Eight segments
whose average predicted risk score exceeded this threshold were included in the high-
risk segment pool. Table 7 reports the resulting high-risk segments, which serve as
decision alternatives in the PROMETHEE analysis.
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Table 7. High-risk segment pool for PROMETHEE analysis.

Segment Segment size n, Predicted risk score Observed attrition rate
Human Resources X Human Resources x
. 13 0.326 0.3846

OverTime (Yes) 7
Research & Development x Laboratory
Technician x OverTime (No) 197 0.1737 0.1574
Research & Development x Laboratory
Technician x OverTime (Yes) 62 0.3805 0.5000
Research & Development x Manufacturing

. . A 102
Director x OverTime (Yes) 39 0.1936 0.1026
Research & Development x Research

. . 3024 .3402
Scientist x OverTime (Yes) o7 0.30 0.340
Sales x Sales Executive x OverTime (Yes) 94 0.3026 0.3298
Sales x Sales Representative x OverTime 59 0.2808 0.2881
(No)
(S;l:es)s x Sales Representative x OverTime 24 0.5301 0.6667

Note. Segment labels follow the Department X JobRole x OverTime structure; the value in parentheses denotes
OverTime status.

The minimum segment-size threshold was set at n, > 10 as a pragmatic lower
bound to avoid ranking extremely sparse segment profiles. Of the 22 initially
identified segments, two segments were excluded because they did not meet this
threshold. This threshold should not be interpreted as a statistical guarantee of
segment-level stability. It serves as a screening rule for excluding very small decision
alternatives before PROMETHEE analysis.

Table 7 indicates that the high-risk segment pool is heterogeneous in terms of both
predicted risk and observed attrition. The Sales % Sales Representative x OverTime (Yes)
segment has the highest predicted risk, with a predicted risk score of 0.5301 and an observed
attrition rate of 0.6667. The Research and Development X Laboratory Technician X
OverTime (Yes) segment also shows elevated predicted risk, with a predicted risk score
of 0.3805 and an observed attrition rate of 0.5000. The Research and Development x
Manufacturing Director x OverTime (Yes) segment exceeds the overall attrition threshold
but has a lower observed attrition rate than some other segments in the pool. Because some
segments have small sample sizes, observed attrition rates are interpreted descriptively
rather than as independent validation of the predicted risk scores. This variation indicates
that inclusion in the high-risk pool does not imply equal intervention priority. The high-risk
filter determines which segments enter the analysis, whereas PROMETHEE 1I ranks these
segments by comparing them across intervention-relevant criteria.

The Human Resources x Human Resources x OverTime (Yes) segment should
therefore be interpreted with particular caution because its segment size is close to the
minimum threshold. Its observed attrition rate is reported descriptively and should not
be treated as a stable estimate of segment behavior.

4.3. PROMETHEE-based intervention priority ranking

After the high-risk segment pool was formed, the eight selected segments served
as decision alternatives in the PROMETHEE decision matrix. Because the risk
signal was used in the preceding stage to select the segments, it was not included as
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a criterion in the decision matrix. This choice restricted predicted risk information to
the segment-filtering stage and ensured that the PROMETHEE ranking was based on
intervention-relevant HR indicators.

The decision criteria consist of income pressure, low job satisfaction, poor work-
life balance, promotion delay, distance burden, low job involvement, and low training
support. All criteria are oriented in the risk direction, such that higher values indicate
greater intervention need in the relevant segment. Criterion weights were calculated
using the combined Entropy—CRITIC weight set. Table 8 reports the Entropy,
CRITIC, and combined weights assigned to the decision criteria.

Table 8. Entropy—CRITIC weights for PROMETHEE decision criteria.

Criterion Entropy weight CRITIC weight Combined weight
Promotion delay 0.2865 0.1479 0.2172
Low training support 0.1726 0.1529 0.1627
Income pressure 0.0995 0.1998 0.1496
Low job satisfaction 0.1272 0.1445 0.1358
Poor work-life balance 0.1056 0.1542 0.1299
Distance burden 0.0996 0.1132 0.1064
Low job involvement 0.1091 0.0875 0.0983

According to the combined weights, Promotion delay received the highest
weight, indicating that it is an important intervention-relevant discriminator among
high-risk segments. The next highest weights are assigned to low training support,
income pressure, and low job satisfaction. This weight distribution indicates that
the PROMETHEE II ranking gives greater emphasis to dimensions related to career
progression, training support, income pressure, and job satisfaction.

PROMETHEE II ranked the high-risk segments using positive, negative, and
net flow values. Because higher net flow values indicate higher intervention priority,
Table 9 reports the net flow values used for the final ranking.

Table 9. PROMETHEE II segment-level intervention priority ranking.

Rank Segment

Segment size Predicted risk score Observed attrition rate Net flow

Research & Development x
1 Manufacturing Director x OverTime 39 0.1936 0.1026 0.2890

(Yes)

Research & Development x

2 Research Scientist x OverTime (Yes) o7 0.3024 0.3402 0.1955
Research & Development x

3 Laboratory Technician x OverTime 62 0.3805 0.5000 0.0878
(Yes)

4 Sales x Sales Executive x OverTime 94 03026 0.3298 0.0611
(Yes)
Research & Development X

5 Laboratory Technician x OverTime 197 0.1737 0.1574 0.0242

(No)
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Continuation Table:

Rank Segment

Segment size Predicted risk score Observed attrition rate Net flow

6

Human Resources x Human
Resources x OverTime (Yes)

Sales x Sales Representative x

OverTime (No)

Sales x Sales Representative x

OverTime (Yes)

13 0.3267 0.3846 —0.1165
59 0.2808 0.2881 —0.2335
24 0.5301 0.6667 —0.3076

Table 9 should be interpreted in light of the different analytical functions of
the risk filter and the PROMETHEE ranking. Whereas the risk signal identifies the
high-risk segment pool, PROMETHEE II ranks the segments in this pool according
to their composite profiles across intervention-relevant HR criteria. This distinction
explains why the Sales x Sales Representative X OverTime (Yes) segment, which has
the highest predicted risk score, receives the lowest PROMETHEE rank. This ranking
does not negate the segment’s high-risk status. Rather, its composite profile across
the intervention-relevant criteria corresponded to a lower relative priority within the
high-risk pool.

For managerial interpretation, net flow values should be read as relative priority
signals within the analyzed decision pool. In the present decision matrix, segments
with net flow values above 0.10 can be treated as the first review band because they
show a clearly positive outranking profile relative to the other high-risk segments.
This value is used only as a context-specific interpretive aid and should not be
transferred as a universal cut-off to other datasets or organizations.

The first-ranked Research and Development x Manufacturing Director x
OverTime (Yes) segment does not have the highest predicted risk. Nevertheless, it
received the highest net flow value. This result indicates that the segment’s composite
profile across the decision criteria corresponded to a higher intervention priority than
those of the other high-risk segments. The second-ranked Research and Development
x Research Scientist x OverTime (Yes) segment combines high intervention priority
with both high predicted risk and high observed attrition. The third-ranked Research
and Development x Laboratory Technician X OverTime (Yes) segment also has high
predicted risk and high observed attrition. These three segments can therefore be
considered priority areas for managerial review before any retention intervention
is designed. No causal claim is made regarding the effects of any intervention. The
findings therefore indicate which segments and intervention areas should be examined
first in subsequent managerial assessment.

4.4. Robustness analyses and descriptive fairness check

The robustness of the final ranking was assessed by examining whether the
ranking was preserved under alternative weighting schemes, PROMETHEE threshold
settings, and risk-filter definitions. In addition, sensitive variables were examined
only descriptively to characterize the demographic composition of the high-risk
segment pool. For weight sensitivity, Entropy-only, CRITIC-only, and equal-weight
scenarios were compared with the combined weight set. For PROMETHEE threshold
sensitivity, more sensitive and more conservative q—p scenarios were evaluated
alongside the main scenario. Table 10 reports ranking stability under changes in
weights and PROMETHEE thresholds.
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Table 10. Weight and PROMETHEE threshold sensitivity.

Robustness dimension Scenario Spearman rank correlation Segment-set overlap, k =8
Weight Combined 1.0000 1.00
Weight Entropy-only 0.9762 1.00
Weight CRITIC-only 0.9762 1.00
Weight Equal weights 0.9524 1.00
Threshold Sensitive 0.9762 1.00
Threshold Main 1.0000 1.00
Threshold Conservative 1.0000 1.00

Table 10 indicates a high degree of stability in the PROMETHEE ranking under
the evaluated weight and threshold scenarios. The Spearman rank correlation was
0.9762 under both Entropy-only and CRITIC-only weights and 0.9524 under equal
weights, supporting a high degree of ranking stability across alternative weight sets.
Threshold scenarios showed similar stability, with a correlation of 0.9762 in the
sensitive scenario and 1.0000 in both the main and conservative scenarios. Because
segment-set overlap was calculated with k = 8, which equals the size of the decision
pool, the overlap values should be interpreted only as supporting indicators for
scenario comparison within the same pool, not as evidence of top-group stability.

To assess the effect of risk-filter design on the decision pool, three additional
alternative filters were evaluated. Above-segment-average risk, top-quartile predicted
risk, and observed attrition rate were compared with the main filter. Table 11 reports
the number of segments included in the decision pool under these scenarios.

Table 11. Risk-filter sensitivity analysis.
Filter Threshold Segments included
Main predicted-risk filter 0.1612 8
Above-segment-average risk 0.1821
Top-quartile predicted risk 0.2862 5
Observed-attrition-rate filter 0.1612 8

Table 11 shows that the size of the segment pool changes with the risk-filter
threshold. The main predicted-risk and observed-attrition-rate filters each included 8
segments, whereas the above-segment-average and top-quartile predicted-risk filters
included 7 and 5 segments, respectively. These results suggest that risk-filter design
affects the size of the decision pool. The similarity between the main and observed-
attrition-rate filters refers only to pool size and not necessarily to identical segment
membership.

Additional filter-specific checks indicated that the above-segment-average
predicted-risk filter reduced the decision pool from eight to seven segments, while
the three leading R&D-based segments remained in the same priority order. Under
the stricter top-quartile predicted-risk filter, the pool decreased to five segments,
and the leading segment changed because some alternatives included in the main
PROMETHEE pool no longer met the stricter eligibility condition. The observed-
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attrition-rate filter also produced a partly different leading structure. These results
indicate that weight and PROMETHEE-threshold scenarios support ranking stability
within a fixed decision pool, whereas risk-filter changes affect the composition of
the pool itself. Therefore, filter sensitivity should be interpreted as a decision-pool
robustness check rather than as evidence that the same top-ranked segment will
necessarily appear under every eligibility rule.

In the descriptive fairness check, gender and age distributions in the high-risk
segments were compared with those in the overall dataset. Sensitive variables were
not used as PROMETHEE decision criteria; they were examined only descriptively
to characterize the demographic composition of the decision pool. Table 12 compares
the overall dataset with the subset of employees in high-risk segments.

Table 12. Descriptive fairness check for the high-risk segment pool.

Group Sample size Proportion of women Average age Attrition rate
Overall dataset 1,470 0.4000 36.92 0.1612
Employees in high-risk segments 585 0.4017 34.50 0.2872

Table 12 indicates that the proportion of women in high-risk segments is close
to that in the overall dataset. In the overall dataset, the proportion of women is 0.4000,
whereas in high-risk segments it is 0.4017. The average age is 34.50 in high-risk
segments and 36.92 in the overall dataset. This difference indicates that the average
age in the high-risk segment pool is lower than that in the overall dataset. This
descriptive comparison should not be interpreted as evidence of fairness. It does not
constitute a formal fairness audit or bias test. Rather, Table 12 reports a descriptive
check of the demographic composition of the decision pool. Accordingly, the study
outputs should be interpreted as segment-level decision support for prioritizing areas
of managerial review, not as evidence of individual-level fairness or intervention
effects.

No formal bias mitigation technique, such as reweighting, adversarial debiasing,
or fairness-constrained optimization, was applied in this demonstration because the
framework output was restricted to segment-level review. Before deployment in an
organization, however, formal fairness testing and, where necessary, bias mitigation
would be required. Such testing should examine not only direct sensitive variables but
also proxy variables that may reproduce demographic disparities.

5. Discussion

The results indicate that attrition analytics is more useful for managerial
decision making if predicted risk is not considered an end goal, but rather an input
to segment-level prioritization. Logistic Regression had the best recall and PR-
AUC profile for screening the minority attrition class among the models compared.
This model-selection finding is consistent with the larger concept of HR analytics,
which is to convert technical prediction results into information that can be used to
make managerial decisions [6]. Machine-learning models have been previously used
to estimate the risk of attrition in the IBM HR Analytics dataset [8,9]. The value
of the framework lies in using prediction to identify segments that require further
managerial assessment.

Since the number of positive attrition cases was small, the evaluation of the
models should be based on the ability of the models to identify the minority class,
not on the overall accuracy. Therefore, the use of precision-recall analysis was
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appropriate, as PR-based evaluation is more informative than ROC analysis in
imbalanced settings [11]. Calibration was also used as a necessary step prior to the
use of predicted probabilities as decision inputs. Ranking classifiers can have good
ranking performance, but can also produce poor probability estimates, reducing
the trustworthiness of probability-based decisions [16]. The probabilities were then
combined at the segment level and the high-risk segment pool was created after
calibration. In HR contexts, where algorithmic outputs must be held accountable,
interpreted in context, and monitored by humans, this limited use of the risk signal is
particularly significant [25].

The main empirical contribution is the separation between predicted attrition
risk and segment review priority. The most obvious indication of this distinction
is that the segment Sales x Sales Representative X OverTime (Yes) is the highest
predicted risk segment and the highest observed attrition rate segment, but is the
lowest ranked in the PROMETHEE II intervention priority ranking. On the other
hand, the R&D x Manufacturing x OverTime (Yes) segment had the highest net
flow value, even though the risk was lower than the other segments. This outcome
indicates that the overall criterion profile of each segment was more important
than the predicted risk in determining intervention priority. This is a pattern that is
consistent with the outranking logic of PROMETHEE, which is based on criterion-
level preference relations and a composite profile ranking of alternatives [12]. The use
of PROMETHEE in various decision contexts also confirms its applicability in multi-
criteria prioritization problems [19]. The main findings are summarized in Table 13,
which shows how they are related to the literature and what implications they have
for the discussion.

Table 13. Study findings, related literature, and discussion implications.

Study finding

Related literature basis Discussion implication

Logistic Regression produced a recall
and PR-AUC profile suitable for the

risk-screening purpose.

Attrition prediction performance
varies by algorithm, and imbalanced
data should be evaluated using metrics
other than accuracy [8,9,11].

Model selection should be guided by
the intended screening function rather
than by overall accuracy alone.

The calibrated probability should be

Calibration supported the reliability of Probability estimates may require used to identify segments for further

the risk signal for decision use.

The highest-risk segment ranked last

calibration before decision use [16].  assessment, not to label individual
employees.

PROMETHEE ranks alternatives High predicted risk does not

through preference relations across automatically imply the highest

in PROMETHEE I1. . . . .

criteria [12,19]. intervention priority.

Turnover is associated with job Career and development indicators
Promotion delay received the highest attitudes, career processes, and should be considered alongside risk
combined weight. conditions related to embeddedness ~ magnitude when defining intervention

[3,13,29]. priorities.
The descriptive fairness check People analytics systems require Descriptive checks improve
characterized the demographic transparency, proportionality, and transparency but cannot establish that
composition of the decision pool. careful bias assessment [23,26]. the framework is fair.

The use of segments is not just a methodological decision, but also a way of
understanding and managing turnover in organizations. The research on turnover

20
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indicates that job attitudes, working conditions, career processes, and contextual
factors influence voluntary turnover [2,3,29]. The segment is also used as the decision
unit because the treatment of turnover as a collective phenomenon at group and unit
levels further justifies the use of the segment as the decision unit [5]. In the current
context, segments were identified based on the Department, JobRole and OverTime
variables, as they are shared organizational and work-condition contexts. The
segment is thus not a tool for the identification of individual employees, but rather a
managerial decision unit.

The weighting results indicate which indicators best separated the high-risk
alternatives. The combined weights for the Entropy and CRITIC weights were:
promotion delay (highest combined weight), low training support, income pressure,
and low job satisfaction. This pattern is significant because it indicates that the high-
risk segments were not only segmented by attrition tendency, but also by career and
development related conditions that are potentially actionable. This interpretation
aligns with the perspective that retention strategies should be evidence-based and
context-specific [15]. It is also related to the job embeddedness perspective that posits
that staying is related to links, fit, and sacrifices of leaving [13]. The salience of
promotion delay and training support indicates that intervention planning should not
focus solely on the magnitude of risk, but also consider the mobility of careers, access
to development, and continuity of roles within each segment.

The SHAP results add interpretive depth to this finding, although they should
not be read as causal evidence. OverTime, tenure indicators, JobLevel, and work
experience variables contributed prominently to the model’s risk predictions. Studies
that integrate attrition prediction and explainability show that such explanation layers
can improve the interpretability of model outputs for HR decision-making [10]. The
explainable artificial intelligence literature similarly emphasizes that understanding
the basis of a model prediction is important for trust in decision support [30,31]. For
this reason, the PROMETHEE criteria were not derived from SHAP alone. They
were selected by considering model explanations together with turnover theory,
intervention feasibility, and ethical suitability.

The practical value of the framework depends on how its outputs are used.
The descriptive fairness check showed that the proportion of women in the high-
risk segment pool was close to that in the overall dataset and that the average age
of employees in the pool was lower. This result provides useful information about
the demographic structure of the decision pool, but it should not be interpreted as
evidence of fairness. HR algorithms may produce bias through proxy variables even
when sensitive variables are removed [23]. People analytics applications should
therefore be evaluated in relation to transparency, proportionality, and employee
welfare [26]. The proposed framework should not be used to make individual
employee decisions, impose disciplinary measures, or rank employees. Its appropriate
use is limited to segment-level intervention prioritization. This boundary is consistent
with discussions of fair and accountable algorithmic decision processes in HR
contexts [24].

Organizational use of this framework requires a governance process around
interpretation and action. The ranking should be reviewed jointly by HR analytics
specialists, HR managers, relevant line managers, and data-governance or ethics
representatives. The model should be updated periodically when workforce
composition, job roles, or work arrangements change. The output should be used
to initiate diagnostic review of segment-level working conditions, not to justify
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automated decisions about individuals. Safeguards should include documentation of
model updates, review of proxy bias, human oversight of intervention design, and a
prohibition on using segment membership for disciplinary, promotion, or termination
decisions.

Several data and methodological limitations constrain the generalizability of
the results. The IBM HR Analytics dataset is an open dataset commonly used in HR
analytics research; therefore, the findings should not be generalized to a specific
organization without local validation. In addition, the cross-sectional structure of the
dataset does not allow conclusions about whether any retention intervention would
reduce attrition. The objective weights should also be interpreted cautiously. Entropy
and CRITIC reflect the information structure of the decision matrix; they do not
represent the absolute theoretical importance of each criterion [20,22,28]. Within
these limits, the framework makes a measured contribution by showing how attrition
prediction can be redirected from individual risk identification toward segment-level
decision support. Predicted risk serves as a calibrated screening signal, explainability
informs the selection of intervention-relevant criteria, and PROMETHEE II provides
a transparent basis for prioritizing high-risk segments.

6. Conclusion

This study created a data-driven decision-support framework to prioritize
retention intervention areas for employee segments at high risk of attrition. In this
framework, employee-level risk probabilities were aggregated into a segment-
level risk signal for prioritization.The results show that the predictive risk signal
offers a practical basis for the identification of the high-risk segment pool. The
PROMETHEE II results indicate that the segments in this pool are not equal in terms
of intervention priority when compared to the HR criteria relevant to the intervention.
Interestingly, the segment with the highest risk score was not the highest ranked in the
PROMETHEE ranking. This result demonstrates that attrition risk and intervention
priority are distinct decision outputs, supporting the use of multi-criteria decision
analysis before retention decisions are made.

The methodological contribution of the study is to separate the prediction,
explanation, and prioritization layers as different but related steps in the same decision
process. The probabilities of employee-level attrition risk were estimated using
machine learning and then calibrated for use in decisions. SHAP was used to explain
the variable contributions that underlie this risk signal and to justify the decision
criteria chosen. The high-risk segment pool was identified using the calibrated risk
signal, after which PROMETHEE II ranked the segments based on the intervention-
relevant indicators. The risk signal was not included in the PROMETHEE decision
matrix, thus avoiding double counting of the same information in the decision
process. The stability of the PROMETHEE ranking was confirmed by entropy—
CRITIC weighting and sensitivity analyses under alternative weight and threshold
scenarios. This architecture provides a human resource analytics model that
transitions from prediction performance reporting to auditable segment-level decision
support.

The proposed framework offers HR units a prioritization tool to help them
identify segments to investigate more closely from an application perspective.
This strategy focuses retention planning on manageable segments and measurable
intervention areas. The framework outputs are not intended to be a statement of a
specific intervention that will reduce attrition, but rather a decision support input for
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segment-level examination and intervention design. Therefore, the framework should
only be used as a transparent and auditable segment-level prioritization tool.

In practical use, the framework should therefore be embedded in a governed HR
analytics process. Segment priority should trigger further diagnosis, consultation, and
intervention design. It should not be converted into an automatic action rule.

The main drawbacks of the study are the use of an open dataset that is widely
used in HR analytics research and the cross-sectional analytical design. The dataset
allowed for the proposed framework to be implemented in a repeatable manner. It is
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