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Artificial intelligence supports workforce analytics by improving skill
assessment, attrition prediction, and talent planning. However, external labor-
market skill demand and internal employee attrition risk are often analyzed
separately. This study presents a workforce intelligence framework based on
explainable Al that combines skill-demand cluster analysis, attrition prediction,
explainability (SHAP), and aggregate risk-aware decision support. Two public
datasets were used: the Jobs and Skills Mapping for Career Analysis dataset and
the IBM HR Analytics Employee Attrition Dataset. TF-IDF was applied to job-
related text to generate clusters of job-required skills and to predict auxiliary
pay grades, and Logistic Regression, Random Forest, and XGBoost were
evaluated for attrition prediction. Logistic Regression was the best-performing
model for identifying the risk of attrition, with a recall of 0.6170, an F1-score of
0.4328, and an ROC-AUC of 0.7954. The best recall and F1-score were obtained
at a threshold of 0.40, with values of 0.7872 and 0.4901, respectively, as
determined by threshold analysis. Over time, SHAP identified frequent business
travel, job level, lab technician position, and total years of work as important
factors in attrition. The Workforce Risk Score was a combination of normalized
skill demand and normalized aggregate attrition risk, with the highest-ranked
skill-demand cluster being moderate at 0.396. The framework provides
actionable summary-level decision support for workforce planning.

1. Introduction

practical use [4]. Machine learning adoption in organizations

The rapid advancement of artificial intelligence (Al) and
machine learning (ML) has shifted workforce analytics from
descriptive reporting toward predictive and decision-support
applications. Organizations increasingly rely on data-driven
methods to understand employee behavior, manage talent
more effectively, and anticipate future workforce
requirements. In this context, interpretability has become
essential because algorithmic outputs used in employment,
retention, and workforce planning must be transparent and
reliable. Early research in explainable machine learning
emphasized the need to make complex models
understandable in high-stakes contexts [1], while SHAP
provided a consistent method for explaining model
predictions via feature-level contributions [2]. These
developments have strengthened the argument that
interpretable systems are preferable to opaque black-box
models in high-impact applications [3], and broader
interpretability frameworks have also been formalized for
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has increased due to scalable algorithms and widely available
computational tools. Libraries such as Scikit-learn have
simplified model development [5], while ensemble and
boosting methods, such as XGBoost and LightGBM, have
improved predictive modeling of structured HR data [6,7].
These developments are relevant in labor markets shaped by
automation, digitalization, and changing skill requirements.
As job roles evolve, organizations need to monitor external
skill demand while maintaining internal workforce capability.
Autor [8] argued that technological change does not
necessarily make human skills obsolete, but reshapes their
composition, making continuous skill monitoring and
workforce adjustment necessary. Nevertheless, as much as
these have been achieved, a key difficulty is that external
labor market trends and internal employee retention are
usually studied independently. Job market data show demand
for skills, while attrition models focus on internal
organizational variables. This division restricts workforce
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planning, preventing a holistic view of talent requirements,
skills shortages, and retention risks. Consequently,
organizations might have difficulty integrating hiring,
upskilling, and retention plans with broader labor market
trends. Three gaps are identified in the literature. First,
external skill-demand analysis and internal attrition
prediction are rarely integrated within a single framework.
Second, although machine learning models can achieve strong
predictive performance, limited interpretability remains a
barrier to trust and adoption in HR settings. Third, existing
approaches often emphasize prediction accuracy rather than
decision-oriented analytics that can support managerial
action.

To address these gaps, this study proposes an
explainable Al-based workforce intelligence framework that
integrates external job market analytics with internal HR
data. The framework uses natural language processing to
identify skill-demand patterns in job-related text and applies
machine learning models to predict employee attrition.
Explainable Al, including SHAP, is used to improve
transparency, while the Workforce Risk Score converts
predictive outputs into aggregate decision-support
information. This study's scientific contribution lies not in the
creation of a novel machine learning algorithm, but in the
formulation of an integrated and explicable workforce
intelligence framework that interlinks three analytical
components: external skill-demand cluster analysis, internal
employee attrition prediction, and comprehensive risk-aware
decision support. The proposed paradigm integrates both
attrition prediction and labor-market skill analysis inside a
unified decision-support system, in contrast to research that
addresses only one of these aspects. The framework provides
four primary contributions. Initially, it uses job market data
to pinpoint skill-demand clusters that reflect external
workforce needs. Second, it applies supervised machine
learning models to predict the risk of internal employee
attrition. Third, it uses SHAP-based explainability to identify
the main drivers of attrition predictions. Fourth, it introduces
a Workforce Risk Score that combines normalized skill
demand and normalized aggregate attrition risk to support
strategic prioritization. The score is intended as an aggregate
decision-support index rather than a causal employee-level
prediction model.

This contribution 1is therefore positioned as a
framework-level integration of predictive modeling,
explainability, and workforce decision analytics. It supports
practical workforce planning by linking skill-demand
information, attrition-risk modeling, and interpretable
decision-support outputs. The research objectives are
summarized as:

e To develop an integrated Al-based framework combining
job market analysis and employee attrition prediction.

e To predict employee attrition using machine learning
models with optimized performance.

e To provide explainable insights and a Workforce Risk Score
for decision-oriented workforce analytics.

2. Literature review

The use of machine learning (ML) to predict employee
attrition has been increasing rapidly, driven by the growing
volume of organizational data and the need to proactively
manage the workforce. Initial research assessed the
predictive power of classification models, and Sisodia etal. [9]
demonstrated that ensemble approaches tend to outperform
single classifiers and that preprocessing and feature selection
are essential for achieving good results. The predictive
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analytics underpin the predictive HR analytics of Alaskar etal.
[10], who further demonstrated the managerial relevance of
attrition modeling by linking predictive analytics to
minimized turnover-related costs. The field was further
developed by subsequent studies, which introduced more
effective algorithms, optimization methods, and strategies.
Raza et al. [11] have indicated that nonlinear workforce
patterns are better captured by optimized ML models,
whereas lyiade et al. [12] have revealed important trends in
the literature, such as the emergence of ensemble learning,
the expanded use of real-world HR datasets, and growing
interest in explainability. Their review also highlighted the
continued methodological concerns of the imbalance between
classes, heterogeneous features, and inconsistent evaluation
practices, which show that performance improvement will
not help with general analytical limitations.

Interpretability has become as important as predictive
performance in HR analytics. Explainable Al can reveal the
key factors driving employee turnover and improve trust in
model outputs. Konar et al. [13] also showed that Bayesian-
optimized stacked ensemble models can support both
predictive performance and interpretability. Marin Diaz et al.
[14] highlighted XAI's ability to translate model behavior into
retention-relevant insights, while AL-Ali et al. [15]
demonstrated the practical use of ML and XAl in HR analytics.
More broadly, Sakib and Islam [16] showed that Al-based HR
research is expanding across recruitment, performance
management, and workforce planning, indicating that
attrition prediction is now part of a broader intelligent
decision-making system. Workforce intelligence also requires
greater attention to external labor-market dynamics.
Although internal HR analytics have been developed
significantly, external skill-demand analysis remains loosely
related to attrition modeling. NLP has facilitated the
identification of emerging skills and labor market patterns
from job advertisements and associated textual data, but
these findings are seldom combined with internal workforce
analytics. This lack of connection limits the strategic use of
current systems, as organizations are forced to handle
internal retention and external changes in required
competencies simultaneously.

Model evaluation is also central to workforce analytics.
Fawcett [17] stated that ROC analysis is an effective method
for imbalanced classification, but Sokolova et al. [18] argued
that multi-metric assessment is more effective than one-
dimensional accuracy. The relevance of the principles is
particularly high in attrition studies, where precision-recall
trade-offs  strongly affect managerial usefulness.
Simultaneously, the developer of the powerful algorithm for
high-dimensional, interaction-rich data, Breiman [19],
introduced Random Forests as an effective ensemble learning
method for such data.

Although evident improvements have been made, three
constraints remain. To begin with, most studies examine
either internal HR data or external labor market data in
isolation. Second, explainable Al is often implemented at the
model level but is not integrated into broader workforce
intelligence systems. Third, the current literature is focused
on prediction rather than decision support. Therefore, the
literature justifies the need to integrate Al-based workforce
intelligence technologies that combine ML to predict attrition,
NLP to analyze skill demands, and explainable Al to interpret
these predictions transparently. This type of framework may
enable a more successful alignment between internal
retention risk and external labor market change, as well as
inform a more workforce strategy that considers risk.
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3. Methodology

This study proposes an explainable artificial intelligence-
based workforce intelligence framework that integrates
external job market analytics with internal workforce
behavior modeling to support risk-aware decision-making.
The methodology combines natural language processing
techniques for skill demand extraction with supervised
machine learning models for employee attrition prediction,
followed by a strategic integration layer that enables
workforce risk assessment.

3.1 Proposed framework

The proposed framework is in three layers: a data input
layer, an analytics layer, and an explainability and decision-
support layer. The skill-demand analysis module identifies
common clusters of skill-demand in the job data set using job-
related text. The attrition prediction module helps analyze
employee turnover behavior using structured HR data. The
decision-support layer combines standardized skill demand
and standardized aggregate attrition risk to derive the
Workforce Risk Score, enabling risk-informed workforce
planning. The overall design of the proposed system is shown
in Figure 1. It has three main layers: Data input layer,
Analytics layer, and Decision-support layer. Data Input layer
- This consists of external Job and internal HR attrition data.
The analytics layer analyzes job posting text to identify skill-
demand clusters and uses supervised machine learning
models to predict attrition. The decision-support layer
combines the standardized skill demand and standardized
aggregate attrition risk through the Workforce Risk Score.
Explainability is used with SHAP to provide insights into the
attrition model and understand the key drivers of the
expected employee attrition. The system integrates external
labor market data with internal HR attrition data to provide
comprehensive decision support. The skill-demand module
identifies skill-demand clusters from job-related text by
preprocessing and applying TF-IDF, whereas the attrition
module forecasts employee attrition risk using supervised
machine learning models. SHAP is used to elucidate attrition
forecasts, while the Workforce Risk Score combines
normalized skill demand and normalized aggregate attrition
risk to support informed workforce decision-making.

August 2026] Volume 05 | Issue 03 | Pages 319-330

3.2 Data description

Two publicly accessible datasets on Kaggle were used to
capture both external labor market dynamics and internal
organizational workforce characteristics.

Jobs dataset: The first dataset, Jobs and Skills Mapping for
Career Analysis, contains information on job markets, such as
job titles, job descriptions, required skills, industry types, and
pay-grade categories [20]. This data is particularly oriented
for use in job analytics, skills, and career intelligence systems,
to discover patterns in skills demand and industry trends.
HR dataset: The second dataset, IBM HR Analytics Employee
Attrition Dataset, comprises employee-level organizational
data, including demographic attributes, work-related data,
and an attrition indicator [21]. The dataset is widely used in
predictive analytics for workforce loss and personnel
analytics.

Dataset summary and selection rationale: This study used
two publicly available datasets to capture two dimensions of
workforce intelligence: external skill demand and internal
employee attrition. The Jobs and Skills Mapping for Career
Analysis dataset was selected because it contains job titles,
descriptions, skill-related text, industry information, and pay-
grade categories, making it suitable for skill-demand cluster
analysis. The IBM HR Analytics Employee Attrition Dataset
was selected because it is a widely used benchmark dataset
for employee attrition prediction and includes demographic,
job-related, satisfaction-related, and attrition-label variables.
Table 1 summarises the datasets used in the study.

Although the datasets are useful for reproducible
workforce analytics, they have limitations. The IBM HR
dataset represents a single organizational context, whereas
the jobs dataset does not provide real-time labor market
information. In addition, the two datasets do not share
employee-level identifiers, job IDs, organizational IDs, or
directly matched skill inventories. Therefore, the integration
was performed at an aggregate decision-support level rather
than through direct record-level merging. Accordingly, the
Workforce Risk Score 1is interpreted as a strategic
prioritization index, not as a causal estimate of employee-
level risk.

Layer 1:
Data Input Layer Jobs and Skills Mapping Dataset: job title,

External Job Market Dataset
job description, skills, industry, pay grade

Internal HR Dataset
IBM HR Analytics Dataset: demographics,
job attributes, satisfaction variables, attrition label

.

v

Skill-Demand Analysis Module
Text cleaning

Attrition Prediction Module
One-hot encoding
Standardization
Logistic Regression / Random Forest / XGBoost
Threshold analysis

SHAP Explainability Layer

» Feature contribution analysis

Normalized Aggregate Attrition Risk * Top attrition drivers
Aham * Interpretable HR insights
T

.
Layer 2 « Skill-demand cluster extraction
Analytics Layer « TF-IDF vectorization

« Auxiliary pay-grade prediction

Normalized Skill Demand
Derm
i

Layer 3:

Explainability and
Decision-Support Layer

Workforce Risk Score Layer
WRS e Dﬂ.OTﬂ'l X Anorm
i i

integration; no direct

] Aggregate decision-support
employee-level dataset merge

Risk-Aware Workforce Decision Support ]

« Skill prioritization
¢ Retention planning

+ Upskilling strategy s
+ Workforce risk monitoring

Figure 1. Proposed explainable Al-based workforce intelligence framework
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Table 1. Summary of datasets used in the study
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Dataset Source Records Features/ Target Class Missing Duplicate Purpose
Columns Variable Distribution Values Rows
Jobs and Kaggle 970 6 Pay_grade Average 0 Skill-demand
Skills paying: 545; cluster
Mapping High paying: analysis and
for Career 285; Low auxiliary pay-
Analysis paying: 140 grade
prediction
IBM HR Kaggle 1470 35 Attrition No attrition: 0 Employee
Analytics 1233; attrition
Employee Attrition: 237 prediction and
Attrition explainability
Dataset analysis
3.3 Data preprocessing and feature engineering meaningful workforce intelligence signals that can

Both datasets were pre-processed separately because
they served different analytical purposes. The jobs dataset
was used for skill-demand cluster analysis and auxiliary pay-
grade prediction, while the HR dataset was used for employee
attrition prediction. For the jobs dataset, text fields were
converted to lowercase, unnecessary punctuation was
removed, and whitespace was standardized. Job title, short
description, and skill-related text were combined into a single
textual feature. The skills_required field was used to extract
skill-demand clusters. Since the dataset contains grouped
skill phrases rather than consistently separated individual
skills, the extracted outputs were treated as skill-demand
clusters rather than atomic skills. No external skill ontology,
synonym normalization, stemming, lemmatization, or named
entity recognition model was applied. The combined job-text
feature was converted into numerical form using TF-IDF
vectorization with English stop-word removal, unigram
representation, and a maximum of 500 features. Since the
jobs dataset does not contain time-stamped postings, the
study does not detect temporal trends. Therefore, the results
are interpreted as skill-demand patterns observed in the
dataset. For the HR dataset, the attrition label was converted
into a binary target variable, where attrition was coded as 1
and non-attrition as 0. Categorical variables were one-hot
encoded, and numerical variables were standardized. To
avoid data leakage, the train-test split was performed before
scaling; the scaler was fitted only on the training data and
then applied to the test data. A stratified 80:20 train-test split
with a random seed of 42 was used. Missing-value and
duplicate-record checks were performed, and no missing
values or duplicate rows were found in the cleaned datasets.

3.4 Data preprocessing and leakage control

Both datasets were used to train supervised machine
learning models for classification tasks. For the job’s dataset,
classification models were trained to predict pay-grade
categories using textual features from job descriptions and
skill-demand clusters. For the HR dataset, employee attrition
was predicted using organizational and demographic
variables.
Pay-grade prediction as an auxiliary task: Pay-grade
prediction was included as an auxiliary classification task for
the job’s dataset. Its purpose was to examine whether job
descriptions and skill-demand cluster features contain

distinguish compensation-related categories. This task
supports the evaluation of the textual feature representation
derived from the job’s dataset. However, pay-grade
prediction was not used directly in the Workforce Risk Score.
The primary role of the jobs dataset in the proposed
framework was to identify and rank skill-demand clusters,
while pay-grade prediction served as a supporting analytical
task.

Model configuration and validation strategy: Logistic
Regression, Random Forest, and XGBoost were employed for
both classification tasks. A stratified 80:20 train-test split
with a random seed of 42 was employed to maintain class
distribution between training and testing groups. In addition,
stratified 5-fold cross-validation was performed for the HR
attrition models to assess robustness. Table 2 summarises the
main hyperparameters used in the models. No exhaustive grid
search, random search, or Bayesian hyperparameter
optimization was performed. The models were trained using
fixed hyperparameter settings, while class imbalance was
handled using class_weight="balanced' for Logistic
Regression and Random Forest, and scale_pos_weight for
XGBoost.

Since the attrition dataset is imbalanced, evaluation was not
based solely on accuracy. Precision, recall, F1-score, and ROC-
AUC were used to assess model performance. Synthetic
oversampling methods such as SMOTE and ADASYN were not
applied because the HR dataset is relatively small, and
synthetic examples may alter the original distribution of
employee-related attributes. Instead, class weighting and
threshold analysis were used to improve the identification of
attrition-risk cases.

3.5 Model evaluation and optimization

Various classification metrics, such as accuracy,
precision, recall, F1-score, and ROC-AUC, were used to assess
model performance. Since there is a class imbalance in the
attrition dataset, particular attention was paid to recall and
Fl-score to effectively identify at-risk employees. The
attrition model was optimized using a threshold to improve
its predictive power. The default probability threshold was
not used, but a set of threshold values was tested to find the
best decision boundary.
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Table 2. Model hyperparameter settings
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Dataset Model Key Hyperparameters
Jobs Logistic max_iter=2000, random_state=42
Regression
Jobs Random n_estimators=200, class_weight="balanced’, random_state=42, n_jobs=-1
Forest
Jobs XGBoost n_estimators=200, max_depth=6, learning_rate=0.1, subsample=0.9, colsample_bytree=0.9,
objective="multi:softprob', eval_metric="mlogloss', random_state=42
HR Logistic max_iter=2000, class_weight="'balanced’, random_state=42
Attrition Regression
HR Random n_estimators=200, class_weight="balanced’, random_state=42, n_jobs=-1
Attrition Forest
HR XGBoost n_estimators=200, max_depth=6, learning _rate=0.1, subsample=0.9, colsample_bytree=0.9,
Attrition scale_pos_weight=negative_count/positive_count, objective="binary:logistic', eval_metric="logloss’,
random_state=42

The maximum F1-score threshold was chosen to
guarantee a balanced trade-off between precision and recall
and to enhance the model's practical relevance in identifying
workforce risks.

3.6 Explainable Al and workforce risk scoring

To improve model transparency, SHAP was applied to
the selected Logistic Regression attrition model. Logistic
Regression was selected for explanation because it provided
the best balance among recall, F1-score, and ROC-AUC for the
attrition prediction task. Since the selected model is linear,
SHAP LinearExplainer was used to estimate the contribution
of each feature to the model prediction. Global feature
importance was calculated using mean absolute SHAP values,
which helped identify the most influential factors affecting
attrition-risk predictions. The Workforce Risk Score was
formulated as an aggregate decision-support index that
combines normalized skill-demand intensity with normalized
attrition-risk indication. Because the jobs dataset and HR
dataset do not share employee-level identifiers, job IDs,
organizational IDs, or directly matched skill inventories, the
score was calculated at an aggregate level. Therefore, the
Workforce Risk Score should be interpreted as a strategic
prioritization measure rather than as a causal employee-level
prediction. The Workforce Risk Score for the skill-demand
cluster i is defined as:

WRS; = DI'O"™ x Agperm (1)

where WRS; represents the Workforce Risk Score for the
skill-demand cluster i, D]**"™ represents the normalized skill-
demand value for the cluster i, and AT'°"™ Represents the
normalized aggregate attrition-risk indicator. Skill demand
was normalized by dividing each skill-demand -cluster
frequency by the maximum observed cluster frequency:

prorm — D; 2

i o (2)
The attrition-risk indicator was derived from aggregate job-
role-level attrition patterns in the HR dataset and normalized
relative to the maximum observed attrition rate:

Aporm = A 3)
The final Workforce Risk Score was obtained by multiplying
the normalized skill-demand value and the normalized
attrition-risk indicator. Risk categories were assigned using
the following thresholds: High risk for scores of 0.66 and
above, Moderate risk for scores from 0.33 to 0.65, and Low
risk for scores below 0.33. In the revised aggregate scoring
output, no High-risk cluster was identified because the

maximum observed Workforce Risk Score was 0.396. This
reflects the conservative aggregate-level design of the
proposed score.

3.7 Integration strategy

A strategic-level integration was performed rather than
a record-level merge due to the lack of a direct mapping
between job market data and organizational workforce data.
The skill demand analysis and attrition prediction modules
aggregated their insights to generate decision-oriented
outputs. This methodology will ensure methodological
consistency and avoid unrealistic assumptions about dataset
alignment, thereby enabling the development of a scalable
workforce intelligence framework.

4. Results
4.1 Skill demand analysis

The Jobs and Skills Mapping dataset was used to identify
prevailing skill-demand groups in employment-related text.
Following preprocessing and TF-IDF-based feature
representation, the Skills_required field was examined to
identify recurring patterns in skill-demand clusters across
various employment roles. The findings indicate that multiple
clusters integrate concepts associated with communication,
analytics, technology, leadership, and reporting. These
clusters signify observed skill-demand patterns in the dataset
rather than temporal industry trends. Figure 2 illustrates the
predominant skill-demand groups derived from the
employment information.

4.2 Attrition prediction results

The IBM HR Analytics Attrition Dataset was used to train
and evaluate Logistic Regression, Random Forest, and
XGBoost models for employee attrition prediction. In
addition, the Jobs and Skills Mapping dataset was evaluated
through the auxiliary pay-grade prediction task. Model
performance was assessed using accuracy, precision, recall,
F1-score, and ROC-AUC. The results are presented in Table 3.
For the HR attrition task, Logistic Regression achieved the
highest recall, F1-score, and ROC-AUC among the evaluated
models, while XGBoost achieved the highest accuracy and
precision. Since the objective of attrition modeling is to
identify employees at risk of leaving, recall and F1-score are
especially important. Therefore, Logistic Regression was
retained for threshold analysis and SHAP-based
interpretation. For the auxiliary pay-grade prediction task,
Logistic Regression also achieved the strongest overall
performance, with an accuracy of 0.8093 and an ROC-AUC of
0.8993.
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analytics branding communication technology reporting

retention strategy analytics communication technology reporting

ux leadership communication technology analytics

growth strategy leadership communication technology analytics

analytics data interpretation communication technology reporting

content analysis communication technology analytics reporting

growth strategy analytics communication technology reporting

partnerships leadership communication technology negotiation

creative thinking strategic planning communication leadership project management
biology programming data analysis mathematical modeling research skills
chemistry creativity quality control safety protocols customer service
psychelogy communication goal setting technology awareness lifestyle coaching
hr compliance auditing communication documentation organization

accessibility advocacy communication technology ux

documentation writing technology communication organization
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Frequency

Figure 2. Distribution of top skill-demand clusters extracted from the jobs dataset

Table 3. Model performance comparison

Dataset Model Accuracy Precision Recall F1-score ROC-AUC
HR Dataset — Attrition Prediction Logistic Regression 0.7415 0.3333 0.6170 0.4328 0.7954
HR Dataset — Attrition Prediction XGBoost 0.8503 0.5600 0.2979 0.3889 0.7578
HR Dataset — Attrition Prediction Random Forest 0.8231 0.4138 0.2553 0.3158 0.7780
Jobs Dataset — Pay-Grade Prediction Logistic Regression 0.8093 0.8320 0.8093 0.8009 0.8993
Jobs Dataset — Pay-Grade Prediction XGBoost 0.7629 0.7656 0.7629 0.7588 0.8642
Jobs Dataset — Pay-Grade Prediction Random Forest 0.7526 0.7525 0.7526 0.7523 0.8928

To further examine robustness, stratified 5-fold cross-
validation was performed for the HR attrition models. The
results are reported in Table 4 as mean * standard deviation.
The cross-validation results support the model-selection
decision. Logistic Regression achieved the highest recall and
ROC-AUC, while XGBoost and Random Forest achieved higher
accuracy and precision. Since workforce-risk applications
require effective identification of potential attrition cases,
Logistic Regression was used for threshold tuning and
explainability analysis. Figure 3 presents the confusion
matrix for the selected Logistic Regression attrition model
after threshold adjustment.

180

160

c
S
E 140
£ 67
2
o
= 120
3 100
2
- 80
s - 60
== 10 37
£
= - 40
-20
| |
No Attrition Attrition

Predicted

Figure 3. Confusion matrix for attrition prediction model

The confusion matrix shows that the model is good at
distinguishing between non-attrition (true negatives = 180)
and has a decent predictive power of attrition cases (true
positives = 37). But the false positives (67) also indicate that
some employees are being mistaken for at-risk, and the false
negatives (10) indicate that some cases of attrition are
missing. This is a trade-off in imbalanced classification
problems between sensitivity and precision.

4.3 Threshold optimization results

Since the HR attrition dataset is class-imbalanced, the
default classification threshold of 0.50 may not strike the best
balance between precision and recall. Therefore, threshold
analysis was performed for the selected Logistic Regression
attrition model to examine the precision-recall trade-off.
Threshold values from 0.10 to 0.90 were evaluated, and the
F1-score was used to identify the most balanced threshold.
From the research results, the threshold value of 0.40 was
identified as the best F1 score for the assessed split. With a
default threshold of 0.50, the model attained an accuracy of
0.7415, a precision of 0.3333, a recall of 0.6170, and an F1-
score of 0.4328. When the threshold was increased to 0.40,
the recall increased to 0.7872 and the F1l-score to 0.4901,
while accuracy slightly decreased to 0.7381. This means that
the adjusted threshold increased the model's ability to
identify potential attrition cases, an important aspect of
workforce-risk applications (Table 5). Figure 4 illustrates the
threshold tuning curve for the Logistic Regression attrition
model.
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Table 4. Stratified 5-fold cross-validation results for HR attrition models

Model Accuracy Precision Recall F1-score ROC-AUC
Logistic Regression 0.7537 £0.0142 0.3649 £ 0.0145 0.7090 £ 0.0460 0.4813 £0.0185 0.8228 £0.0231
Random Forest 0.8639 £ 0.0194 0.6617 £0.1294 0.3503 £0.0293 0.4557 £0.0516 0.8057 £0.0281
XGBoost 0.8639 £0.0173 0.6461 £ 0.1046 0.3880 + 0.0292 0.4805 +0.0313 0.8077 £0.0214
Table 5. Threshold comparison for the logistic regression attrition model
Threshold Accuracy Precision Recall F1-score Predicted Positive Count

0.50 0.7415 0.3333 0.6170 0.4328 87

0.40 0.7381 0.3558 0.7872 0.4901 104
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0.3 1
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—&— Precision
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—8— Fl-score

Figure 4. Threshold tuning curve

Lower thresholds increased recall but reduced precision,
whereas higher thresholds improved precision but reduced
recall. A threshold of 0.40 produced the best F1-score balance
in the evaluated split and was therefore used to report the
threshold-adjusted attrition prediction results.

4.4 Explainability results

SHAP analysis was applied to the selected Logistic
Regression attrition model to improve interpretability and
identify the features that contributed most strongly to
attrition-risk predictions. Logistic Regression was selected
for SHAP-based explanation because it provided the most
suitable balance of recall, F1l-score, and ROC-AUC in the
attrition prediction task. SHAP LinearExplainer was used, and
global feature importance was measured using mean absolute
SHAP values. Figure 5 presents the SHAP summary plot for
the attrition prediction model. The plot shows the magnitude
and direction of feature contributions across the evaluated
samples. Figure 5 shows the relative contribution of
employee and job-related features to attrition-risk
predictions across the evaluated dataset. The most influential
features were overtime, frequent business travel, job level,
laboratory technician role, and total years of work. Table 6
reports the top-ranked features according to mean absolute
SHAP values.

—8— Accuracy

0.7

0.8 0.9

—==- Recommended Threshold = 0.40

OverTime_yes
BusinessTravel_travel_frequently
JobLevel

JobRole_laboratory technician
TotalworkingYears
EducationField_life sciences
BusinessTravel_travel_rarely
EducationField_medical
Department_sales
MaritalStatus_single
YearsWithCurrManager
EnvironmentSatisfaction
NumCompaniesWorked
YearsSinceLastPromotion
Department_research & development
Jobsatisfaction

JobRole_sales executive
JobRole_research scientist
DistanceFromHome

Joblnvolvement

Figure 5. SHAP summary plot
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Table 6. Top SHAP features for attrition prediction
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Rank Feature Mean Absolute Direction of Interpretation
SHAP Value Higher Risk

1 OverTime_yes 0.6879 Positive Employees working overtime showed a higher
predicted attrition risk, suggesting that workload
pressure may contribute to a tendency toward
turnover.

2 BusinessTravel_travel _f | 0.5857 Positive Frequent business travel increased the predicted

requently attrition risk, indicating possible work-life balance
pressures and travel-related burdens.

3 JobLevel 0.5647 Lower levels Lower job levels were associated with higher

increase risk attrition-risk predictions, possibly reflecting lower
stability, compensation, or career progression.

4 JobRole_laboratory 0.5504 Positive The laboratory technician role contributed positively

technician to the model's attrition prediction.

5 TotalWorkingYears 0.5301 Lower values Employees with fewer total years of work showed a

increase risk higher predicted attrition risk, indicating greater
mobility among less-experienced employees.

6 EducationField_life 0.4864 Mixed This feature contributed to attrition prediction,

sciences although its direction varied depending on other
employee characteristics.

7 BusinessTravel_travel_ r | 0.4526 Negative to Rare business travel generally showed a lower

arely neutral attrition-risk contribution than frequent travel.

8 EducationField_medical 0.4329 Mixed This feature had a moderate contribution to model
predictions depending on its combination with other
variables.

9 Department_sales 0.4327 Positive Membership in the sales department was associated
with an elevated predicted attrition risk.

10 MaritalStatus_single 0.4192 Positive Single employees showed higher predicted attrition
risk, possibly reflecting greater career mobility.

Table 7. Workforce risk score ranking of skill-demand clusters
Rank Skill-Demand Cluster Normalized Skill Normalized Workforce Risk Risk
Demand Attrition Risk Score Category

1 analytics branding communication technology 1.000 0.396 0.396 Moderate

reporting

2 retention strategy analytics communication 0.800 0.396 0.316 Low

technology reporting

3 ux leadership communication technology 0.800 0.396 0.316 Low

analytics

4 growth strategy leadership communication 0.800 0.396 0.316 Low

technology analytics

5 analytics data interpretation communication 0.600 0.396 0.237 Low

technology reporting

6 content analysis communication technology 0.600 0.396 0.237 Low

analytics reporting

7 growth strategy analytics communication 0.600 0.396 0.237 Low

technology reporting

8 partnerships leadership communication 0.600 0.396 0.237 Low

technology negotiation

9 creative thinking, strategic planning, 0.400 0.396 0.158 Low

communication leadership, project
management

10 biology programming data analysis 0.400 0.396 0.158 Low

mathematical modelling research skills

The SHAP results provide statistical and managerial
insights into the attrition model. High overtime and business
travel can indicate pressures on workload and work-life
balance. A lower job level and fewer years in the job overall
may indicate moving up the job ladder early or limited career
progression. Satisfaction-related factors and departmental
factors indicate that the probability of attrition depends on
both individual work conditions and the organization's
environment. These clarifications help to move beyond
relying solely on categorization scores and instead use model
predictions to guide HR action.

4.5 Workforce risk score results

The Workforce Risk Score was obtained by merging a
normalized skill-demand intensity with a composite
normalized attrition-risk indicator. The score was treated as
an aggregate decision-support index because there were no
direct connections between the occupations and HR datasets
at the employee or job-record level, so it was not considered
a causal risk estimate for employees. The Workforce Risk
Score for the top skill-demand groups is shown in Table 7. The
highest-ranked  cluster = was  "analytics  branding
communication technology reporting”, having a normalized
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skill demand of 1.000, a normalized attrition risk 0of 0.396, and
a Workforce Risk Score of 0.396. This cluster was deemed to
be a moderate risk. The remaining clusters were categorized
as Low risk using the aggregate score framework. The results
show that workforce risk is not uniformly distributed across
skill clusters but rather concentrated in a small number of
strategically important ones. Figure 6 shows the ranking of
Workforce Risk Scores for the top skill-demand groups. The
illustration shows that the highest-ranked cluster had a
moderate aggregate risk score, while the other clusters were
classified as low risk. This figure shows the total WRS values
based on normalized skill-demand frequency and normalized
aggregate attrition-risk indicators. The top-ranked cluster
had a moderate risk score of 0.396, while the other clusters
were low risk based on the aggregate scoring matrix. Only the
top-ranked clusters are indicated by the red bars and do not
indicate high-risk classification. Four aggregation methods
were used to calculate the Workforce Risk Score ranking, and
a sensitivity analysis was performed to assess the stability of
the ranking across these methods: multiplicative scoring,
equal-weight additive scoring, demand-heavy weighting, and
attrition-heavy weighting. The results are given in Table 8.
The sensitivity study demonstrated consistent ranking
patterns across several aggregating approaches. This stability
is partially affected by the aggregate attrition-risk design,
which uses a uniform, normalized attrition-risk indicator
across skill-demand clusters due to the lack of a direct
correlation between employees and skills. Consequently,
future research requires external validation against tangible
organizational outcomes, such as actual turnover, vacancy
duration, hiring costs, or signs of skill shortages.

4.6 Integrated workforce insights

The combined analysis provides an aggregate view of
workforce intelligence by linking observed skill-demand
clusters with attrition-risk modeling outputs. The results
show that the highest-ranked skill-demand cluster reached a
moderate Workforce Risk Score, while the remaining clusters
were categorized as low risk under the aggregate scoring
approach.

Analytics Branding Communication Technology Reporting

Retention Strategy Analytics Communication Technology Reporting

Growth Strategy Leadership Communication Technology Analytics

Skill-Demand Cluster

Partnerships Leadership Communication Technology Negotiation

Creative Thinking Strategic Planning Communication Leadership Project Management

Biology Programming Data Analysis Mathematical Modeling Research Skills

Figure 6. Workforce risk score ranking of skill clusters

Ux Leadership Communication Technology Analytics

Analytics Data Interpretation Communication Technology Reporting

Content Analysis Communication Technology Analytics Reporting

Growth Strategy Analytics Communication Technology Reporting
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This suggests that the framework can support strategic
prioritization by identifying skill clusters that may require
closer managerial attention. Because the jobs and HR datasets
are not directly linked at the employee level, these insights
should not be interpreted as causal evidence that specific
skills directly cause attrition risk. Instead, the framework
provides a decision-support structure for combining external
skill-demand signals with internal attrition-risk information.
In practical terms, the framework can support workforce
planning discussions related to retention, upskilling, and skill
prioritization.

5. Discussion

This research demonstrates the benefits of integrating
machine learning, natural language processing, and
explainable Al within a workforce intelligence context. The
results indicate that supervised learning models can detect
important patterns in employee attrition data. These findings
suggest that predictive analytics can be used to identify
potential employee attrition early and to support evidence-
based workforce planning. The SHAP interpretation layer
addresses the lack of transparency in traditional predictive
models by indicating which features are most influential in
predicting the risk of attrition. This enhances the model's
usefulness, as HR decision-makers can examine its predicted
outcome and the factors that affect it. For high-impact
organizations like human resource management,
explainability plays a crucial role in fostering trust,
accountability, and responsible Al usage [1]. The Workforce
Risk Score takes the framework one step further to provide
an overall measure of decision support based on the
predictive and skill-demand outputs. The study considers not
only the model's accuracy in prioritizing the workforce but
also several other evaluation metrics, threshold optimization,
explainability, and risk stratification. The framework allows
for a structured approach to relating internal retention risk to
external labor-market signals by combining an attrition
prediction model with skill-demand analysis.

T T
0.0 0.1 0.2 0.3 0.4
Workforce Risk Score
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Table 8. Workforce risk score sensitivity analysis
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Skill-Demand Cluster Multiplicative Equal-Weight Demand-Heavy Attrition-Heavy
Rank Rank Rank Rank

analytics branding communication technology 1 1 1 1
reporting
retention strategy analytics communication 2 2 2 2
technology reporting
ux leadership communication technology analytics 2 2 2 2
growth strategy leadership communication 2 2 2 2
technology analytics
analytics data interpretation communication 5 5 5 5
technology reporting
content analysis communication technology 5 5 5 5
analytics reporting
growth strategy analytics communication 5 5 5 5
technology reporting
partnerships leadership communication technology | 5 5 5 5
negotiation

It is all the more important in a rapidly changing labor
market, where demand for new skills is still reshaping labor
market priorities [8]. The evaluation of models also plays a
crucial role in the case of class imbalance. Recall, F1-score,
ROC-AUC, and threshold analysis are used to minimize
reliance on accuracy alone and provide a more balanced
evaluation of attrition prediction performance [17]. This
enhances the validity of the results and ensures the chosen
threshold is applied appropriately in practice. The results are
not necessarily viewed as evidence of a fully validated
workforce management system, but rather as evidence of a
feasible approach to decision support. The proposed
framework integrates the organization of external skill-
demand clusters, internal attrition prediction, and
explainable Al into a single analytical structure. However,
because the two data sets are not record-level linked, the
methodology does not make a causal claim about the
relationship between job-market skill demand and employee
attrition. The Workforce Risk Score should be considered as
an all-encompassing strategic prioritizing index. It can help
identify clusters of skill demand that may require managerial
action, but should not be the sole basis for employee-level
decisions. The framework's usefulness is in driving
conversations about the workforce plan around retention,
upskilling, and skill prioritizing. Further improvements in the
framework's scalability could include incorporating
longitudinal HR data, individual skills inventories, and data
from numerous organizations. To improve the study of
external skill demand, real-time job posting data from labor
market websites and/or APIs can be used.

These improvements would enable the methodology to
measure changes over time in skill demand within the
organization and to validate the Workforce Risk Score results
against actual measures, such as vacancy duration, hiring
costs, turnover rates, and skill-shortage indicators. Despite
these assets, there are certain drawbacks. Structured HR data
can reduce cross-organizational generalisability due to
differences in workforce composition, and the integration of
external job market data can be improved by using real-time,
more diverse data. Additionally, the models are static and
may not capture changes in employees' behavior and the
skills they need over time. Future studies ought thus to
concentrate on scalable and evolutionary structures that
involve real-time data, advanced NLP, deep learning, and
extended explainability procedures.

This study validates Al-powered workforce analytics,
offering a clear and repeatable decision-support model that
can link skill-demand trends, attrition forecasts, and overall
workforce risk prioritization.

6. Ethical and responsible Al considerations

When using Al for employee attrition predictions, careful
ethical considerations must be made to prevent the Al's
predictions from influencing decisions about employees. The
proposed method is intended to support managerial decision-
making and is not intended to be punitive or to fully automate
employment decisions. Appropriate implementation is vital
and requires employee privacy and data minimization, secure
management of HR data, and transparency. There can also be
biases in historical labor data that can be reflected in attrition
models. If not used carefully, variables that reflect age,
gender, marital status, employment status, or department can
raise fairness concerns. Organizations that adopt this
framework should therefore conduct fairness audits, monitor
subgroup performance, and ensure that predictions are
reviewed by human decision-makers. Explainability
measures, such as SHAP, can provide transparency but are not
necessarily fair. Future deployments will be based on
responsible Al principles, including human oversight,
accountability, bias monitoring, and adherence to applicable
data protection and Al governance standards.

7. Conclusion

In this study, we presented a workforce intelligence
framework based on explainable Al that comprises four
stages: skill-demand cluster analysis, employee attrition
prediction, SHAP explainability, and aggregate risk-aware
decision support. To identify skill-demand clusters, job-
market text was used, and structured HR data were used to
predict employee attrition using supervised machine learning
models. Logistic Regression yielded the best balance of recall,
F1-score, and ROC-AUC, and SHAP found that, over time,
frequent business travel, job level, laboratory technician
position, and total working years were important attribute
drivers of attrition. The Workforce Risk Score proposed is a
combination of the normalized skill demand and the
normalized aggregate attrition risk. One skill-demand cluster
received a moderate overall risk rating, and the remaining
clusters were rated low risk. For this reason, the score should
be used as an index to support decision-making, not as a
causal risk estimate at the employee level. The overall
framework facilitates an interpretable workforce planning
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process by connecting labor-market skill signals, attrition
prediction, and workforce risk prioritization. The framework
should be validated in future studies using actual
organizational data, employee skill inventories (ESIs),
longitudinal HR data, and real-time labor market data.
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	1. Introduction
	The rapid advancement of artificial intelligence (AI) and machine learning (ML) has shifted workforce analytics from descriptive reporting toward predictive and decision-support applications. Organizations increasingly rely on data-driven methods to u...
	To address these gaps, this study proposes an explainable AI-based workforce intelligence framework that integrates external job market analytics with internal HR data. The framework uses natural language processing to identify skill-demand patterns i...
	This contribution is therefore positioned as a framework-level integration of predictive modeling, explainability, and workforce decision analytics. It supports practical workforce planning by linking skill-demand information, attrition-risk modeling,...
	 To develop an integrated AI-based framework combining job market analysis and employee attrition prediction.
	 To predict employee attrition using machine learning models with optimized performance.
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	2. Literature review
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	Although evident improvements have been made, three constraints remain. To begin with, most studies examine either internal HR data or external labor market data in isolation. Second, explainable AI is often implemented at the model level but is not i...
	3. Methodology
	This study proposes an explainable artificial intelligence-based workforce intelligence framework that integrates external job market analytics with internal workforce behavior modeling to support risk-aware decision-making. The methodology combines n...
	3.1 Proposed framework
	The proposed framework is in three layers: a data input layer, an analytics layer, and an explainability and decision-support layer. The skill-demand analysis module identifies common clusters of skill-demand in the job data set using job-related text...
	3.2 Data description
	Two publicly accessible datasets on Kaggle were used to capture both external labor market dynamics and internal organizational workforce characteristics.
	Jobs dataset: The first dataset, Jobs and Skills Mapping for Career Analysis, contains information on job markets, such as job titles, job descriptions, required skills, industry types, and pay-grade categories [20]. This data is particularly oriented...
	HR dataset: The second dataset, IBM HR Analytics Employee Attrition Dataset, comprises employee-level organizational data, including demographic attributes, work-related data, and an attrition indicator [21]. The dataset is widely used in predictive a...
	Dataset summary and selection rationale: This study used two publicly available datasets to capture two dimensions of workforce intelligence: external skill demand and internal employee attrition. The Jobs and Skills Mapping for Career Analysis datase...
	Although the datasets are useful for reproducible workforce analytics, they have limitations. The IBM HR dataset represents a single organizational context, whereas the jobs dataset does not provide real-time labor market information. In addition, the...
	3.3 Data preprocessing and feature engineering
	Both datasets were pre-processed separately because they served different analytical purposes. The jobs dataset was used for skill-demand cluster analysis and auxiliary pay-grade prediction, while the HR dataset was used for employee attrition predict...
	3.4 Data preprocessing and leakage control
	Both datasets were used to train supervised machine learning models for classification tasks. For the job’s dataset, classification models were trained to predict pay-grade categories using textual features from job descriptions and skill-demand clust...
	Pay-grade prediction as an auxiliary task: Pay-grade prediction was included as an auxiliary classification task for the job’s dataset. Its purpose was to examine whether job descriptions and skill-demand cluster features contain
	meaningful workforce intelligence signals that can distinguish compensation-related categories. This task supports the evaluation of the textual feature representation derived from the job’s dataset. However, pay-grade prediction was not used directly...
	Model configuration and validation strategy: Logistic Regression, Random Forest, and XGBoost were employed for both classification tasks. A stratified 80:20 train-test split with a random seed of 42 was employed to maintain class distribution between ...
	Since the attrition dataset is imbalanced, evaluation was not based solely on accuracy. Precision, recall, F1-score, and ROC-AUC were used to assess model performance. Synthetic oversampling methods such as SMOTE and ADASYN were not applied because th...
	3.5 Model evaluation and optimization
	Various classification metrics, such as accuracy, precision, recall, F1-score, and ROC-AUC, were used to assess model performance. Since there is a class imbalance in the attrition dataset, particular attention was paid to recall and F1-score to effec...
	The maximum F1-score threshold was chosen to guarantee a balanced trade-off between precision and recall and to enhance the model's practical relevance in identifying workforce risks.
	3.6 Explainable AI and workforce risk scoring
	To improve model transparency, SHAP was applied to the selected Logistic Regression attrition model. Logistic Regression was selected for explanation because it provided the best balance among recall, F1-score, and ROC-AUC for the attrition prediction...
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	maximum observed Workforce Risk Score was 0.396. This reflects the conservative aggregate-level design of the proposed score.
	3.7 Integration strategy
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	4. Results
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