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Abstract:  

Employee performance evaluation is a cornerstone of organizational success, as it directly 
influences critical decisions such as promotions, salary increments, employee retention, and long-

term workforce planning. Despite its importance, traditional performance evaluation systems 

continue to rely heavily on manual processes and subjective judgment. These conventional 
methods often introduce bias, lack consistency, and fail to capture the dynamic nature of 

employee performance. As a result, organizations frequently encounter challenges such as unfair 
promotion decisions, underutilization of talent, and decreased employee motivation.In recent 

years, the emergence of Artificial Intelligence (AI) and Machine Learning (ML) has opened new 

avenues for transforming organizational processes. These technologies enable the analysis of 
large volumes of structured and unstructured data, facilitating the identification of patterns and 

trends that are not easily observable through manual analysis. By leveraging these capabilities, 

organizations can move towards more objective, data-driven decision-making frameworks.This 
paper presents an AI-Based Employee Performance Prediction and Promotion Role 

Recommendation System designed to address the limitations of traditional evaluation methods. 
The proposed system utilizes machine learning algorithms to analyze various employee-related 

parameters, including attendance records, productivity metrics, task completion rates, 

performance feedback, and skill profiles. These inputs are processed to generate predictive 
insights regarding employee performance.Based on these predictions, the system incorporates a 

recommendation engine that suggests appropriate promotion roles aligned with both employee 

capabilities and organizational requirements. The system architecture is based on a three-tier 
model consisting of a presentation layer, application layer, and data layer, ensuring scalability, 

modularity, and ease of maintenance. 
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INTRODUCTION 

Employee performance evaluation is one of the most critical functions in human resource 
management. It serves as the foundation for a wide range of organizational decisions, including 

promotions, compensation adjustments, training needs identification, and workforce planning. In 
most organizations, performance evaluation is conducted through periodic reviews, where 

managers assess employees based on predefined criteria such as productivity, behavior, and goal 

achievement. 

While this approach has been widely adopted, it suffers from several inherent limitations. One 

of the most significant issues is subjectivity. Managers often rely on personal judgment, which 
can be influenced by biases, favoritism, or incomplete information. This subjectivity can lead to 

inconsistent evaluations, where employees with similar performance levels receive different 

ratings. 

Another limitation is the lack of real-time performance tracking. Traditional systems typically 

evaluate employees at fixed intervals, such as annually or semi-annually. This approach fails to 
capture continuous performance variations and may overlook short-term achievements or 

declines in productivity. Consequently, employees may feel that their efforts are not accurately 
recognized, leading to dissatisfaction and reduced motivation. 

Furthermore, traditional evaluation systems lack predictive capabilities. They primarily focus 
on historical performance data and do not consider future potential. As organizations become 

more dynamic and competitive, the ability to predict employee performance and identify high-

potential individuals becomes increasingly important. Without predictive insights, organizations 
risk promoting individuals who may not perform well in higher roles, while overlooking 

employees with strong growth potential. 

The rapid advancement of Artificial Intelligence (AI) and Machine Learning (ML) provides a 

promising solution to these challenges. AI systems can process large volumes of data, identify 
complex patterns, and generate accurate predictions. By applying machine learning techniques to 

employee data, organizations can gain deeper insights into performance trends and make 

informed decisions. 

The proposed AI-Based Employee Performance Prediction and Promotion Role 

Recommendation System aims to address these challenges by integrating predictive analytics 
with intelligent recommendation mechanisms. The system is designed to analyze multiple 

performance indicators, generate predictions, and recommend suitable promotion roles. This 

approach not only enhances decision accuracy but also ensures fairness and transparency in the 
evaluation process. 

 

I. OBJECTIVES 

The primary objective of the proposed system is to develop an intelligent and automated 
framework for employee performance evaluation and promotion recommendation. This objective 

is driven by the need to overcome the limitations of traditional evaluation methods and to leverage 
modern technological advancements for improved decision-making. 

One of the key objectives is to enhance the accuracy of performance evaluation. By utilizing 
machine learning algorithms, the system aims to analyze multiple data points and generate 

reliable predictions. This reduces the dependency on manual judgment and ensures that 
evaluations are based on objective criteria. 

Another important objective is to minimize bias in the evaluation process. Bias can arise from 
various sources, including personal preferences, incomplete information, and organizational 
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politics. The proposed system addresses this issue by relying on data-driven insights, thereby 
promoting fairness and consistency. 

The system also aims to provide real-time insights into employee performance. Unlike 
traditional methods that rely on periodic reviews, the proposed solution continuously analyzes 

data, enabling organizations to make timely decisions. This capability is particularly useful in 
dynamic environments where performance trends can change rapidly. 

Additionally, the system focuses on recommending suitable promotion roles based on 
employee capabilities and predicted performance. This ensures that employees are placed in roles 

where they can perform effectively, leading to improved organizational efficiency. 

Another objective is to automate the evaluation process, reducing manual effort and saving 
time for HR professionals. By streamlining the evaluation workflow, the system allows managers 

to focus on strategic decision-making rather than routine tasks. 

 

III. SYSTEM ARCHITECTURE 

The proposed system is designed using a three-tier architecture, which is widely recognized 
for its scalability, modularity, and maintainability. This architectural approach separates the 

system into distinct layers, each responsible for specific functionalities, thereby improving overall 

system efficiency. 

A. Overview of Architecture 

The three-tier architecture consists of the following layers: 

Presentation Layer 

Application Layer 

Data Layer 

Each layer interacts with the others through well-defined interfaces, ensuring smooth 
communication and data flow. 

B. Presentation Layer 

The presentation layer serves as the user interface of the system. It is responsible for displaying 

information to users and capturing user inputs. This layer is designed to be intuitive and user-
friendly, enabling users to interact with the system efficiently. 

The interface includes dashboards that provide an overview of employee performance metrics, 
prediction results, and promotion recommendations. These dashboards use visual elements such 

as charts, graphs, and tables to present data in an easily understandable format. 

Different user roles are supported within the presentation layer, including employees, 
managers, and administrators. Each role has access to specific functionalities based on their 

responsibilities. For example, employees can view their performance scores and 
recommendations, while managers can analyze team performance and make decisions. 

C. Application Layer  

The application layer is the core of the system, where all processing and decision-making 

activities take place. This layer is responsible for implementing business logic, machine learning 
algorithms, and recommendation mechanisms. 

The application layer consists of several modules, including data preprocessing, feature 
engineering, model training, prediction, and recommendation. 

1. Data Preprocessing Module 

This module prepares raw data for analysis by handling missing values, removing duplicates, 
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and normalizing data. Data preprocessing is essential for ensuring that the machine learning 
models receive clean and consistent input. 

2. Feature Engineering Module 

Feature engineering involves transforming raw data into meaningful features that can be used 

by machine learning algorithms. For example, attendance percentage can be calculated from daily 
records, and productivity metrics can be derived from task completion data. 

3. Machine Learning Module 

This module implements various machine learning algorithms for performance prediction. The 

models are trained using historical data and evaluated based on their accuracy. 

4. Recommendation Engine 

The recommendation engine uses the predicted performance scores along with employee 
attributes to suggest suitable promotion roles. This module ensures that recommendations are 

aligned with both employee capabilities and organizational requirements. 

D. Data Layer 

The data layer is responsible for storing and managing all system data. It includes databases 
that store employee information, performance metrics, and prediction results. 

The database is designed to ensure data integrity and consistency. It uses structured schemas 
to organize data efficiently and supports indexing for fast retrieval. Security measures are 
implemented to protect sensitive information and prevent unauthorized access. 

 

 
 

IV. DATA COLLECTION AND PREPROCESSING  

Data collection is one of the most critical stages in the system, as the accuracy of predictions 

depends heavily on the quality of data. The system collects data from multiple sources, including 
HR management systems, attendance tracking systems, and performance evaluation tools. 

The collected data includes various attributes such as employee demographics, attendance 
records, productivity metrics, performance ratings, and skill profiles. This data is often 

heterogeneous, containing both structured and unstructured formats. 

Data preprocessing is performed to prepare the data for analysis. This process includes 
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handling missing values, which may arise due to incomplete records. Techniques such as mean 
imputation and interpolation are used to fill missing values. 

Normalization is applied to ensure that all features are on a comparable scale. This is 
particularly important for machine learning algorithms that are sensitive to feature magnitudes. 

Feature selection is another important step, where irrelevant or redundant features are removed. 
This helps improve model performance and reduces computational complexity.  

 

V.PROPOED METHODOLOGY 

1. Data Collection 

The system collects structured employee data from HR databases. The dataset includes key 

attributes such as attendance, task completion rate, years of experience, skill ratings, and past 
performance scores. 

These attributes are selected because they directly influence employee productivity and promotion 

decisions. 

2. Data Preprocessing 

Raw data is cleaned and transformed to make it suitable for analysis. 

Steps: 

 Handle missing values using mean/median imputation  

 Remove inconsistent or duplicate records  
 Encode categorical variables into numerical format  

 Normalize numerical features  

Normalization Formula: 

X′=X−XminXmax−XminX' = \frac{X - X_{min}}{X_{max} - X_{min}}X′=Xmax−Xmin

X−Xmin  

Where: 

 XXX = original value  
 Xmin,XmaxX_{min}, X_{max}Xmin,Xmax = minimum and maximum values  

 X′X'X′ = normalized value  

Purpose: 
Ensures all features are scaled equally, avoiding bias toward large values. 

3. Feature Selection 

http://www.ijrti.org/


© 2026 IJRTI | Volume 11, Issue 4 April 2026 | ISSN: 2456-3315 

IJRTI2604124 International Journal for Research Trends and Innovation (www.ijrti.org) a912 
 

Relevant features are selected to improve model performance and reduce complexity. 

Selected Features: 

 Productivity (task completion rate)  

 Quality of work  

 Punctuality (attendance)  
 Feedback score  

 Experience  

Feature selection can be based on domain knowledge or statistical methods like correlation. 

4. Performance Prediction Model 

A. Weighted Scoring Model 

The overall performance score is calculated as: 

P=∑i=1nwixiP = \sum_{i=1}^{n} w_i x_iP=i=1∑nwixi  

Where: 

 xix_ixi = normalized feature values  

 wiw_iwi = weights assigned to each feature  

 PPP = performance score  

Purpose: 
Combines multiple performance indicators into a single measurable value. 

B. Machine Learning Model (Optional Enhancement) 

To improve prediction accuracy, a classification model such as Logistic Regression is used. 

P(y=1∣ x)=11+e−(β0+β1x1+⋯+βnxn)P(y=1|x) = \frac{1}{1 + e^{-(\beta_0 + \beta_1x_1 + \cdots 

+ \beta_nx_n)}}P(y=1∣ x)=1+e−(β0+β1x1+⋯+βnxn)1  

Where: 

 yyy = predicted class (e.g., high performer)  

 βi\beta_iβi = model parameters  
 xix_ixi = input features  

Purpose: 
Classifies employees into performance categories such as high, average, or low. 

5. Skill Matching for Role Recommendation 
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The system evaluates how well an employee’s skills match the requirements of a target role. 

S=Number of Matching SkillsTotal Required SkillsS = \frac{\text{Number of Matching 

Skills}}{\text{Total Required Skills}}S=Total Required SkillsNumber of Matching Skills  

Where: 

 SSS = skill match score  

Purpose: 
Ensures promotions are aligned with role suitability, not just performance. 

6. Experience Factor 

Experience is considered to ensure fair and practical promotion decisions. 

E=Employee ExperienceMaximum ExperienceE = \frac{\text{Employee 
Experience}}{\text{Maximum Experience}}E=Maximum ExperienceEmployee Experience  

Purpose: 
Balances performance with experience level. 

7. Promotion Decision Model 

A threshold-based rule is used to determine promotion eligibility. 

Promotion={1if P≥T0if P<T\text{Promotion} = \begin{cases} 1 & \text{if } P \geq T \\ 0 & 

\text{if } P < T \end{cases}Promotion={10if P≥Tif P<T  

Where: 

 PPP = performance score  

 TTT = predefined threshold  

Purpose: 
Provides a clear and consistent promotion decision. 

 

8. Final Decision Score (Integrated Model) 

To improve decision quality, multiple factors are combined: 

FinalScore=αP+βS+γEFinalScore = \alpha P + \beta S + \gamma EFinalScore=αP+βS+γE  

Where: 
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 PPP = performance score  
 SSS = skill match score  

 EEE = experience factor  
 α,β,γ\alpha, \beta, \gammaα,β,γ = weights such that α+β+γ=1\alpha + \beta + \gamma = 

1α+β+γ=1  

Purpose: 
Ensures balanced decision-making by considering performance, skills, and experience. 

9. Model Evaluation 

Accuracy: 

Accuracy=TP+TNTP+TN+FP+FNAccuracy = \frac{TP + TN}{TP + TN + FP + 

FN}Accuracy=TP+TN+FP+FNTP+TN  

Where: 

 TP = True Positives  

 TN = True Negatives  
 FP = False Positives  

 FN = False Negatives  

Purpose: 
Evaluates the effectiveness of the prediction model. 

10. System Workflow 

The overall workflow of the system is: 

1. Data collection from HR database  
2. Data preprocessing and normalization  

3. Feature selection  

4. Performance score calculation / ML prediction  
5. Skill matching and experience evaluation  

6. Final score computation  
7. Promotion decision and role recommendation 

 

V.MACHINE LEARNING MODELS  

The core strength of the proposed system lies in its ability to predict employee performance 
using machine learning algorithms. These algorithms are trained on historical employee data and 

are capable of identifying patterns and relationships between various performance indicators. 

The system utilizes a combination of supervised learning techniques to ensure both accuracy 
and robustness in prediction. Each model is selected based on its suitability for handling 

structured organizational data. 

http://www.ijrti.org/


© 2026 IJRTI | Volume 11, Issue 4 April 2026 | ISSN: 2456-3315 

IJRTI2604124 International Journal for Research Trends and Innovation (www.ijrti.org) a915 
 

 

 

A. Linear Regression Model 

Linear Regression is used for predicting continuous performance scores. It establishes a linear 
relationship between input features and the target variable. The model attempts to fit a line that 

minimizes the error between predicted and actual values. 

The mathematical representation of the model is: 

Where: 

� = Predicted performance score 

� = Input features (attendance, productivity, etc.) 

� = Coefficients 

� = Error term 

Although simple, Linear Regression provides a baseline model and helps understand feature 
importance. 

B. Decision Tree Model 

Decision Trees are used for classification tasks, where employees are categorized into 

performance levels such as High, Medium, or Low. The model splits the dataset based on feature 
values to form a tree-like structure. 

Advantages: 

Easy to interpret 

Handles non-linear relationships 

Works well with mixed data types 

However, Decision Trees are prone to overfitting, which is addressed by limiting tree depth 

and pruning. 

C. Random Forest Model 

Random Forest is an ensemble learning technique that combines multiple decision trees to 
improve prediction accuracy. Each tree is trained on a subset of data, and the final prediction is 

obtained by averaging or voting. 

Advantages: 

High accuracy 

Reduces overfitting 

Handles large datasets effectively 

Due to these advantages, Random Forest is selected as the primary model for performance 
prediction. 

D. Model Comparison 

The models are evaluated using training and testing datasets. The results show that ensemble 
methods like Random Forest outperform simpler models due to their ability to capture complex 

relationships. 

 

VI.MATHEMATICAL MODELING  

To formalize the prediction process, the system uses mathematical modeling techniques that 

define the relationship between input variables and performance output. 
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Let: 

� represent feature vector 

� represent performance score 

The prediction function is defined as: 

Where � is the machine learning model. 

For classification, the probability of class membership is given by: 

This allows the system to assign employees into categories such as high-performing, average-
performing, and low-performing. 

 

VII. ALGORITHM DESIGN 

Algorithm 1: Employee Performance Prediction 

Input: Employee dataset 

Output: Performance score 

Steps: 

Collect employee data 

Preprocess data (cleaning, normalization) 

Extract relevant features 

Split data into training and testing sets 

Train machine learning model 

Predict performance score 

Store prediction results 

Algorithm 2: Promotion Role Recommendation 

Input: Predicted performance, skills, experience 

Output: Recommended role 

Steps: 

Retrieve employee profile 

Compare with role requirements 

Calculate matching score 

Rank roles based on compatibility 

Output top recommendation 

 

VIII. MODEL TRAINING AND VALIDATION 

The dataset is divided into training and testing sets using an 80:20 ratio. The training set is used 
to train the model, while the testing set is used to evaluate its performance. 

Cross-validation techniques are applied to ensure that the model generalizes well to unseen 
data. Hyperparameter tuning is performed to optimize model performance. 

Regularization techniques are also used to prevent overfitting, ensuring that the model does 
not memorize the training data. 
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IX. PERFORMANCE METRICS  

To evaluate the effectiveness of the model, several performance metrics are used. 

1. Accuracy 

Accuracy measures the percentage of correct predictions: 

2. Precision 

Precision measures the correctness of positive predictions: 

3. Recall 

Recall measures the ability to identify actual positives: 

4. F1 Score 

F1 Score balances precision and recall: 

5. Mean Squared Error (MSE) 

 

 
 

X. EXPERIMENTAL RESULTS  

 

The system was tested using a simulated dataset representing employee performance data. The 
dataset included multiple attributes such as attendance, task completion rate, experience, and skill 

level. 

The results of different models are as follows: 

Linear Regression: 78% accuracy 

Decision Tree: 85% accuracy 

Random Forest: 91% accuracy 

The Random Forest model achieved the highest accuracy due to its ability to handle complex 
relationships and reduce overfitting. 

The system demonstrated strong predictive capabilities and provided reliable performance 
classification. 

 

XI. CASE STUDY  

Consider an employee with the following attributes: 

Attendance: 92% 

Task Completion Rate: 88% 

Experience: 4 years 
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Skill Level: Intermediate 

Performance Rating: 4/5 

The system processes this data and predicts a high performance score. Based on this prediction, 
the recommendation engine suggests a senior-level role.This case study demonstrates how the 

system effectively identifies potential candidates for promotion and supports decision-making. 

 

XII.PROMOTION RECOMMENDATION LOGIC  

 

The recommendation system uses a scoring mechanism to match employee profiles with job 

roles.Each role has predefined requirements, including: 

Minimum experience 

Required skills 

Performance threshold 

The system calculates a compatibility score: 

Where: 

� = Performance score 

� = Skill match 

� = Experience 

 

XIII. DISCUSSION 

 

The results indicate that the integration of machine learning with HR processes significantly 

improves decision-making. The system reduces human bias and provides objective insights into 
employee performance. 

However, the system's effectiveness depends on the quality of data. Poor data quality can lead 
to inaccurate predictions. Therefore, proper data management is essential.  

 

XIV. SYSTEM SECURITY AND DATA PRIVACY  

 

In any system dealing with employee data, security and privacy are not optional—they are 
mandatory. Employee information such as performance records, salary details, and personal data 

is highly sensitive. Any breach of this data can lead to serious organizational and legal 

consequences. 

The proposed system incorporates multiple layers of security to ensure data protection. One of 

the primary measures is data encryption. All sensitive data stored in the database is encrypted 
using industry-standard encryption algorithms. This ensures that even if unauthorized access 

occurs, the data remains unreadable. 

Another critical component is secure authentication. The system uses role-based authentication 

mechanisms to ensure that only authorized users can access specific features. For example, 
employees can only view their own performance data, while managers have access to team-level 

insights. Administrators have full access but are monitored through logging mechanisms. 

Role-Based Access Control (RBAC) is implemented to restrict system access based on user 
roles. This minimizes the risk of data misuse and ensures accountability. Additionally, secure 
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communication protocols such as HTTPS are used to protect data during transmission. 

 

The system also maintains audit logs that record user activities. These logs help in detecting 
suspicious behavior and provide a mechanism for accountability. Regular security audits and 

vulnerability assessments are recommended to ensure the system remains secure over time. 

 

XV. SCALABILITY AND SYSTEM PERFORMANCE 

 

As organizations grow, the volume of employee data increases significantly. Therefore, the 

system must be scalable to handle large datasets and multiple users simultaneously. 

The proposed system is designed with scalability in mind. The three-tier architecture allows 

independent scaling of each layer. For instance, the database layer can be scaled using distributed 
database systems, while the application layer can be deployed across multiple servers. 

Cloud computing platforms can be used to enhance scalability and performance. Services such 
as load balancing and auto-scaling ensure that the system can handle increased workloads without 

performance degradation. 

Performance optimization techniques such as caching, indexing, and efficient query design are 
implemented to ensure fast data retrieval. The system is also designed to support parallel 
processing, allowing multiple operations to be performed simultaneously. 

 

XVI. DEPLOYMENT STRATEGY 

 

The deployment of the system plays a crucial role in its effectiveness and usability. The system 

can be deployed in various environments, including on-premise servers and cloud platforms. 

In an on-premise deployment, the system is hosted within the organization’s infrastructure. 

This approach provides greater control over data but requires significant maintenance and 
resources. 

Cloud deployment, on the other hand, offers several advantages, including scalability, 
flexibility, and reduced maintenance costs. Platforms such as AWS, Azure, or Google Cloud can 

be used to host the system. 

The deployment process involves several steps, including environment setup, database 

configuration, application deployment, and testing. Continuous Integration and Continuous 
Deployment (CI/CD) pipelines can be implemented to automate updates and ensure smooth 

operation. 

 

XVII.REAL-WORLD APPLICATIONS 

 

The proposed system has wide applicability across various industries. In the IT sector, the 
system can be used to evaluate software developers based on productivity metrics such as code 

quality, project completion, and collaboration. 

In manufacturing industries, the system can analyze employee performance based on 

production output, efficiency, and quality control metrics. This helps in identifying top-
performing employees and optimizing workforce allocation. 

Corporate organizations can use the system for performance appraisal and promotion 
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decisions, ensuring fairness and transparency. Government organizations can also benefit from 
such systems by improving efficiency and reducing bias in employee evaluation. 

Educational institutions can use similar systems to evaluate staff performance and recommend 
promotions or training programs. 

 

XVIII.ETHICAL CONSIDERATIONS  

 

The use of AI in employee evaluation raises important ethical concerns that must be addressed 
carefully. One of the primary concerns is algorithmic bias. If the training data contains bias, the 

model may produce biased predictions, leading to unfair decisions. 

To mitigate this issue, it is essential to use diverse and representative datasets. Regular audits 
of the model should be conducted to identify and eliminate bias. Transparency in decision-making 

is also important, allowing users to understand how predictions are made. 

Another ethical concern is data privacy. Employees must be informed about how their data is 

being used, and consent should be obtained where necessary. The system should comply with 
data protection regulations and ensure that personal data is handled responsibly. 

Additionally, the system should not replace human decision-making entirely. Instead, it should 
serve as a support tool that assists managers in making informed decisions. Human oversight is 

necessary to ensure fairness and accountability. 

 

XIX. LIMITATIONS 

 

While the proposed system offers significant advantages, it is not without limitations. One of 

the major limitations is its dependency on data quality. Inaccurate or incomplete data can lead to 
incorrect predictions, reducing the reliability of the system. 

Another limitation is the complexity of implementation. Developing and maintaining machine 
learning models requires technical expertise and resources. Organizations with limited technical 

capabilities may face challenges in adopting such systems. 

The system also requires continuous updates to adapt to changing organizational conditions. 
Employee performance patterns may evolve over time, necessitating regular retraining of models. 

Furthermore, the system may face resistance from employees and managers who are 
accustomed to traditional evaluation methods. Proper training and awareness are required to 

ensure successful adoption. 

 

XX. FUTURE ENHANCEMENTS 

  

The proposed system can be further enhanced by incorporating advanced technologies and 

features. One potential improvement is the use of deep learning models, which can capture more 
complex patterns in data and improve prediction accuracy. 

Real-time performance tracking can be implemented using IoT devices and real-time data 
streams. This would allow organizations to monitor employee performance continuously and 

make timely decisions. 

Another enhancement is the integration of Natural Language Processing (NLP) to analyze 
textual feedback from managers and peers. This can provide additional insights into employee 
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performance. 

 

The system can also be extended to include career path prediction, where employees are guided 
towards roles that align with their skills and interests. Integration with training and development 

systems can further enhance employee growth. 

 

XXI. OVERALL DISCUSSION 

The integration of AI into employee performance evaluation represents a significant shift from 
traditional methods. By leveraging machine learning techniques, organizations can achieve 

greater accuracy, efficiency, and fairness in decision-making. 

The proposed system demonstrates how predictive analytics and recommendation mechanisms 
can be combined to create a comprehensive solution. While challenges such as data quality and 

ethical concerns must be addressed, the benefits of such systems far outweigh the limitations. 

 

XXII. CONCLUSION 

 

This paper presented an AI-Based Employee Performance Prediction and Promotion Role 

Recommendation System designed to address the limitations of traditional evaluation methods. 
By integrating machine learning algorithms with a structured data management system, the 

proposed solution provides accurate performance predictions and intelligent promotion 
recommendations. 

The system enhances decision-making by reducing bias, improving accuracy, and enabling 
data-driven insights. It also improves organizational efficiency by ensuring that employees are 

promoted to roles that match their capabilities. 

Despite its limitations, the system has significant potential to transform human resource 
management. With further advancements and proper implementation, it can become an essential 

tool for modern organizations. 
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