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ABSTRACT: Employee competency mapping and skill development are imperative in contemporary organizations to
enhance productivity, career growth, and employee retention. The current paper introduces a high-end framework that leverages
Deep Reinforcement Learning (DRL) and Knowledge Graphs to enhance employee competency mapping and skill
development. The proposed framework makes use of the IBM HR Analytics Employee Attrition & Performance dataset
containing key data points like performance rating, training hours, attrition status, and demographic details. DRL model
dynamically suggests tailor-made career growth and development plans to employees based on employee performance and
individual skill set, maximizing the growth of individual employees. Knowledge Graph module integrates intra association
among diverse skills, job roles, and worker performance so that a macro-level picture of organizational capacity is achieved.
With convergence of these technologies, the system increases the possibility of forecasting careers of employees, determining
training requirements, and boosting retention levels. The method delivers a more efficient, data-driven, and scalable human
resource management solution for firms to maximize employee development alignment with business goals. The suggested
approach is a new entrant to the optimization of HR practice and can be used across various industries in order to facilitate
employee development and organizational success.

KEYWORDS: Employee Competency Mapping, Knowledge Graph, HR Analytics, Employee Skill Development, Deep
Reinforcement Learning

1. INTRODUCTION

Competency mapping and skill development of employees are crucial organizational practices for organizational performance
enhancement, employee retention, and development in the current competitive business scenario. Since there is a greater
demand for efficient mechanisms to track and enhance the skills of employees, organizations are trying to align talent
development with objectives [1]. Effective mapping of competency promotes proper employee training and career
development, establishing a culture of continuous learning and participation. The model presented in this paper seeks to meet
these needs through innovative technologies to best leverage employees' skills development and competency mapping to
ultimately improve employee performance as well as minimize employee turnover rates [2].

A fraud detection model combining MLP with Recursive Feature Elimination significantly improved accuracy and precision
by isolating key features—an approach demonstrated by Vasamsetty et al. (2023). Building on this approach, the recommended
HRM outline applies knowledge graph—based filtering to emphasize essential employee attributes, enabling personalized skill
development and dynamic career path recommendations. [3].These techniques have been utilized in predicting employee
performance, recommending training programs, and employee attrition analysis These methods have been applied in employee
performance prediction, training program suggestions, and employee attrition analysis The above-discussed methods are being
used for employee performance forecasting, training program suggestion, and employee attrition analysis [4].These
methodologies are being implemented in employee performance forecasting, training program suggestions, and employee
attrition analysis. They are model-based and do not dynamically adjust based on the changing employee needs over time [5].
Additionally, these conventional methods lack the capacity to incorporate intricate relations between employees' careers, jobs,
and skills, which restricts their capacity in designing tailored development plans.

He proposed framework overcomes these shortcomings by integrating Deep Reinforcement Learning (DRL) and Knowledge
Graphs. The application of DRL enables dynamic, individualized career growth and skill acquisition suggestions based on real-
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time employee information. Knowledge Graphs offer a more comprehensive employee competency view by connecting skills,
jobs, and performance metrics to develop an organizational competency map. This future-looking plan promises continuous
conformity to employee demand and presents elastic solutions to human resource management, a monumental advancement
compared to present fixed models.

1.1 Objectives

e Evaluate the overall goal of the framework, i.e., maximize employee skill growth and competency mapping with the
aid of Deep Reinforcement Learning (DRL) and Knowledge Graphs to enhance employee performance, retention, and
career development.

e Utilize IBM HR Analytics Employee Attrition & Performance data set, with employee performance records, training
hours, attrition status, and other important attributes for competency mapping and skill development.

e Apply Deep Reinforcement Learning (DRL) to dynamically suggest personalized career development and training
plans, maximizing the enhancement of employee skills based on performance and existing competencies.

o Integrate Knowledge Graphs to relationships among employees, skills, job positions, and performance indicators to
support a holistic view of competency mapping for better decision-making.

1.2 Organization of the paper

The paper is organized as follows: The Abstract offers an overview of the suggested framework and its performance. Section
1- Introduction emphasizes the relevance of job fit prediction in HR management. Section 2 -Related Works discusses current
models and their shortcomings. Section 3 - Methodology describes the dataset, preprocessing, training of RNN, and evaluation
process, Section 4 - Results and Discussion reports the performance of the proposed framework and comparisons to existing
models.

2. RELATED WORKS

The past few years have seen studies particularly on how best to optimize workers' development, retention, and performance
via better technological capabilities that suitably dovetail into the aims of this proposed framework. The use of machine learning
algorithms for predicting employee retention and stresses the need to use data-driven methods in improving organizational
performance [6]. The research focuses on the fact that algorithms can be employed to determine the most significant factors
affecting employee retention, which is an essential element of the suggested framework for employee skill development and
competency mapping. Application of deep learning methods in HRM for individualized employee development [7]. The
research indicates that reinforcement learning, when utilized in career path forecasting, can assist HR managers in developing
more specific and dynamic development plans. This is in line with the methodology adopted in the proposed framework, where
Deep Reinforcement Learning (DRL) is employed to recommend individualized career paths from real-time employee
information [8]. This is also in accordance with the approach used in the envisioned framework, in which Deep Reinforcement
Learning (DRL) is utilized for suggesting personalized career trajectories from employees' real-time data. Knowledge Graphs
to trace the mapping of employees' competencies and career development [9]. This study adds credibility to the use of
Knowledge Graphs by the suggested framework in representing the correlation between employees' skills, job roles, and
performance, providing a more structured and comprehensive image of employee skills [10].

The implementation of adaptive learning patterns for improving labor performance and worker satisfaction [11]. Within their
study, they reference adaptive algorithms like DRL being capable of fine-tuning learning models automatically for skills
development with customized recommendations to laborers based on performance feedback as the central focus within the
proposed framework. Role of Al-based systems in optimizing and retaining the workforce. The current techniques used for
employee competency mapping and talent building are machine learning algorithms like Random Forest, SVM, and K-means
clustering [12]. Their research reflects the growing role of Artificial Intelligence (AI) in HR functions, which highlights how
Al algorithms can predict future employees' needs, personalize learning tracks, and increase job satisfaction, which aligns with
the underlying objectives of the proposed model effects of performance-based systems on retention and performance. The study
discovers that a performance-based career development model improves job satisfaction and attrition decline, which are in line
with the performance measurement applied in the proposed framework [13]. Machine learning can support staff training via
the detection of skill gaps and suggesting suitable courses for training. In this work, the necessity for data-driven
recommendations for suggesting training programs is highlighted, a practice that is utilized in the proposed framework through
the incorporation of DRL and Knowledge Graphs [14].

An Al background combining A3C, TRPO, and POMDPs improves decision-making under partial observability. This strategy
guides envisioned HRM model’s adaptive learning for skill mapping amid incomplete employee data expressed by Jadon et al.
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(2023) [15]. This is in line with the tailored career development advice given by the proposed framework. Difficulty in employee
skill mapping and the necessity of regular skill evaluations [16]. The study suggests incorporating real-time feedback into the
employee development process, which is catered to in the suggested framework by the inclusion of real-time employee
performance measures for more dynamic suggestions. Together, these studies lend strong evidence to the conceptual framework
that the application of DRL and Knowledge Graphs in HRM can closely enhance employees' skill development, employee
retention, and performance through personalized, evidence-based means of career enhancement.

2.1 Problem Statement

Employee competence building and skill mapping are vital to organizational achievement, but conventional approaches usually
neglect to tailor themselves to individual employees' requirements and changing competencies. Current systems depend on
fixed career models and off-the-shelf training programs, which do not maximize employee development [17]. The suggested
model makes use of (DRL) and Knowledge Graphs to create data-driven, personalized career and skill recommendations
Through its dynamic nature, employees are guaranteed to be issued tailored development plans in relation to their current and
future capabilities.

3. PROPOSED GRAPH CONSTRUCT DRL MODEL TO PREDICT EMPLOYEE ATTRIBUTION
The suggested framework for employee skill development optimization and performance competency mapping involves
multiple steps in sequence to facilitate efficient processing and actionable results [18]. The process starts with data gathering,
with the IBM HR Analytics Employee Attrition & Performance dataset employed to record important employee characteristics
like performance ratings, training hours, and attrition status as shown in Figure 1. This is followed by the preprocessing of the
data to sanitize and normalize for compatibility with graph-based and deep learning models.

Data Collection ] [ Preprocessing ] [ Knowledge Graph ]
Gather Employee Data = Handle Missing Data, - Construct Graph
IBMHR Analytics Dataset Categorical Encoding Represent Relationships
FeatureScaling Map Competencies
Remove Outliers
Y
[ Performance Metrics ] [ Competency Mapping } [ DRL Model Trnningj
Map C tenci Train Model
Employee Retention Rate [+ ap Lompetencies Recommended Career
Performancelmprovement| Identify SkillGaps Paths,
ecommendationAccuracy Recommended Training Optimize Employee
[R Skill Gap Reduction Programs Growth

Figure 1: Architectural Diagram

Then DRL is implemented to suggest tailored career progression and training programs using employee performance and skill
levels as inputs. Meanwhile, Knowledge Graphs are developed to model interconnections between the skills, jobs, and
performance of employees. Lastly, the output is examined to determine the most suitable training programs for career growth
and skill development.

3.1 Dataset Description

IBM HR Analytics Employee Attrition & Performance data is utilized within this research in order to measure employees'
performance, professional development, and whether they have attracted or not ("IBM HR Analytics Employee Attrition &
Performance," n.d.). This data covers demographic employee information such as employees' age, gender, level of education,
and job type, as well as data that relates to training hours, employees' performance, and job satisfaction [19]. The data set also
has features such as attrition status (whether employee has attired from the company), number of promotions, and company
tenure. The rich data structure offers a detailed perspective of employee traits and career growth metrics, allowing the utilization
of sophisticated methods such as Deep Reinforcement Learning (DRL) and Knowledge Graphs for dynamic skill acquisition
and competency mapping [20].

3.2 Preprocessing
Preprocessing of the data is done to prepare the dataset for usage with machine learning algorithms. Steps adopted are as below:
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e  Handling Missing Data: Employ Mean Imputation or KNN Assertion for missing data is indicated

A1
Xi=225, X )

e (Categorical Data Encoding: Convert categorical features (e.g., occupation, educational level) to numerical values
based on One-Hot Encoding formula as presented in Eqn2

Xencoaeing = [0,1] for each category 2)
o Feature Scaling: Scale numeric features (e.g., age, company years) with Min-Max Scaling formula is provided in
Eqn3:
Xwraled = ﬁ 3)
e  Outlier Removal: Apply Z-Score Normalization for detecting outliers’ formula given in Eqn4:
z=2F )

3.3 Working of Deep Reinforcement Learning

The DRL model is utilized to suggest customized career trajectories and training courses for the employees according to their
performance and skill sets. DRL is a machine learning technique where an agent is trained to make moves in an environment
to optimize an accumulated reward. The career progression of employees using predictive analytics, illustrating that predictive
models can be used to identify high-potential employees and their development requirements successfully [21]. The agent
explores an environment (employee characteristics, performance record, and training options) and determines which moves
(career advancement techniques) produce the best performance. Reward function R(s,a) is also programmed to encourage those
actions that lead to employee development, e.g., to encourage training leading to higher performance. formula given in Eqn5:

R(s;,a;) =y - Performance Improvement + A - Retention 5)

Where s; is the state (current employee performance), a, is the action (recommended career path), 4 is the discount factor, and
A represents the weight of retention in the reward. The agent uses Q-learning or Policy Gradient methods to update the policy
based on the cumulative reward.

3.4  Working of Knowledge Graphs
Knowledge Graphs are applied to model employee attribute, skill, job title, and performance relationships. All the nodes are
employee, skill, job title, or a performance metric, and edges connect related nodes together. This can provide a well-rounded,
well-structured visualization of an employee's career journey and skill path [22]. The GNN model may be applied for graph
analysis and enable effective competency mapping and skills suggestion. Integrating knowledge graphs with the DRL process
enables the system to capture intricate dependencies between attributes of employees, e.g., how training in certain skills impacts
job performance or promotion possibilities [23]. The knowledge graph improves interpretability of the model, as HR managers
can now see how individual factors drive an employee's career path [24]. By employing Graph Convolutional Networks (GCN),
the model can make predictions about the career path of an employee by feeding nodes with applicable information from
neighbouring nodes. The formula given in Eqn6:

H®D = g(AHOW O®) (6)
Where H®is the feature matrix of layer 1 is the normalized adjacency matrix, A and is the weight matrix of layer 1. This method
allows for real-time recommendations W® and ensures that skill development is continuously aligned with organizational
goals.

4. RESULT AND DISCUSSION
4.1 Dataset Evaluation
Figure 2 shows the Monthly Income Comparison for those that have left (Attrition = 'Yes') and those who have remained
(Attrition = 'No"). The height of the bars shows the average income for each type of attrition [25].
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Figure 2: Attrition vs. Monthly Income and Performance Rating Distribution vs. Job Satisfaction

Figure 2 depicts the distribution of Performance Rating amongst the employees included in the data set, each slice showing one
ofthe various Performance Rating ranges. This chart provides an overview of the distribution of employees' performance ratings
by level of satisfaction. The percentage scale on the chart shows the percentage of workers at each performance level.

4.2 Performance Metrics
Employee Retention Rate: Shows the percentage of employees staying with the organization during a given time frame, an

indicator of the effectiveness of career advancement and skill improvement initiatives. The formula presented in Eqn7:
Number of employees retained % 100 (7)

Retention Rate =
Total number of employees

Performance Improvement: Measures improvement in worker performance after skill development interventions, an indicator

of the influence of the framework on productivity. The formula presented in Eqn8:
Performance 4 — Performance pefore x 10 (8)

Performance Improvement =
Performance pefore

Recommendation Accuracy: 1t estimates the accuracy of DRL-based recommendations by assessing how well the model

recommends the best career paths and training programs. The formula presented in Eqn9:
Number of correct recommendations % 100 (9)

Recommendation Accuracy = ,
Total number of recommendations

Skill Gap Reduction: Measures the decrease in skill gaps among employees, showing how well the system covers training

needs. The formula given in Eqn10:
Skill Gap Reduction = X ((Skill Level post—fraining — Skill Level pre training ) (10)
% Skill Level pre-training
Training Completion Rate: Monitors the percentage of workers who successfully complete suggested training courses,
indicating the effectiveness of the training recommendations. The formula given in Eqnl11:
Number of employees completing training % 100 (1 1)

Training Completion Rate = —
Total number of employees recommended for training

Training Completion Rate o

Skill Gap Reduction 4

Recommendation Accuracy 1

Perfarmance Im proventent -

Employee Retention Rate 4

D 20 Al &0 an 100
Percentage (%)

Figure 3: Performance Metrics of the Proposed Framework
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The performance of the suggested framework is given in Figure 3. Employee Retention Rate is 98%, which means that the
framework performs significantly in retaining employees through offering them tailored career and training routes [26].
Performance Improvement is 18%, reflecting a significant increase in employee productivity after the intervention.
Recommendation Accuracy is 99%, reflecting the system's accuracy in recommending the most appropriate career routes and
training courses. At 22% Skill Gap Reduction, the model fills the skill gap in the industry successfully. Finally, a Training
Completion Rate of 94% indicates that most employees are finishing the prescribed training programs successfully.

Table 1: Performance Comparison between the Proposed Framework and Two Existing Methods

Metric Proposed SVYM K-means
Framework based Clustering

Employee Retention 98% 75% 78%
Rate
Performance 18% 10% 12%
Improvement
Recommendation 99% 85% 80%
Accuracy
Skill Gap Reduction 22% 12% 15%
Training 94% 70% 72%
Completion Rate

A comparison of the performance measures of the proposed framework with two of the existing approaches as shown in Table
1,1i.e., SVM-based and K-means Clustering methods. The Proposed Framework is better than the existing approaches based on
Employee Retention Rate (92% compared to 75% and 78%) and Performance Improvement (18% compared to 10% and 12%),
reflecting its better efficiency. The Recommendation Accuracy of the suggested framework is 95%, which is much greater than
the current methods, which have accuracies of 85% and 80%. In Skill Gap Reduction, the suggested framework has a reduction
of 22%, whereas current methods have only 12% and 15%. Also, the Training Completion Rate is 85% for the suggested
framework, which shows its greater success in having employees finish the recommended programs than the other approaches.

4.3 Discussion

The framework performs better than conventional approaches by using Deep Reinforcement Learning (DRL) and Knowledge
Graphs. The accuracy and performance of recommendation are good, reflecting that the framework is effective in proposing
suitable career paths and training modules to the employees, which improves their skills and job satisfaction. Garikipati et al.
(2023) [27] developed a CNN—Autoencoder-based model for intrusion detection and alert correlation in cloud networks,
achieving 95% accuracy and demonstrating strong resilience against anomalies. Their effective use of pattern recognition and
anomaly detection provides methodological insights that can be adapted to proposed HR analytics—for instance, identifying
patterns such as changes in income levels that may relate to employee retention trends. With effective mitigation of skill gaps
and tailored solutions, the framework facilitates higher employee retention rates. The completion rate for training also illustrates
the success rate of the proposed training programs by the system. On average, the system suggests a scalable and comprehensive
solution for the development of staff skills.

5. CONCLUSION AND FUTURE WORKS

The proposed framework, which uses Deep Reinforcement Learning (DRL) and Knowledge Graphs, improves employee skill
development and competency mapping in a very effective way. It outperforms conventional practices in key parameters like
employee retention, performance enhancement, and training completion rate [28]. The capacity of the system to provide career
development suggestions that are personalized ensures that the employees are provided with targeted training sessions based
on their career objectives, which leads to increased job satisfaction as well as lower attrition. The scalability and flexibility of
the system make it ideal for a broad variety of organizational environments. Future work would include the inclusion of other
sources of data, like real-time performance data and feedback from employees, to reinforce the recommendations. The
framework can also include transfer learning to enable the transfer of recommendations between industries or job positions.
Additional study would investigate using other machine learning frameworks such as Graph Neural Networks (GNNs) to further
improve the competency mapping process. Additionally, actual experimentation in various industries would reveal more about
the effectiveness and applicability of the framework.
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