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Abstract
Technical employees are the most vital asset of a company’s R&D department
to remain sustainable, their attrition is a significant concern from the
company’s perspective. Despite that technical employee attrition transpires for
numerous causes, making it challenging for the predictive high authorities of
the R&D department to anticipate these indicators in advance. The attrition of
R&D employees affects knowledge retention, project continuity, and the pace
of innovation. This research proposes a methodology for predicting attrition
among R&D employees, enabling proactive workforce management rather than
relying on retrospective metrics. This study developed a predictive Machine
learning classification model utilizing 30 features that influence R&D
employees attrition, derived from the IBM dataset, comprising 961 records.
Consequently, five Machine learning classification predictive models- Decision
Tree, Random Forest, Support Vector Machine, Logistic Regression, and K-
Nearest Neighbour were developed and their performance assessed. Moreover,
the analysis of variables affecting R&D employees’ attrition revealed that stock
option level, job involvement, job level, and job satisfaction were the most
significant contributors. This research helps the organizations and managers to
identify the attrition factors by using the machine learning models and develop
sustainable strategies on retention.
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1. Introduction
Organizational competitiveness and innovation depend on its essential Research and

Development (R&D) department. Its primary role is to promote the development of new technologies,
services, processes, and products while also enhancing current ones. Although the size and structure of
R&D departments differ greatly across industries (Chou et al., 2023) . They all aim to improve an
organization’s knowledge database (Luo & Zhang, 2021), foster innovation (Tikas, 2023), and assurance
long-term sustainability (Kumari et al., 2022) by staying abreast of or spearheading industry innovation.

Usually, spearheading innovation is unattainable without the R&D department’s experienced
employees like engineers, scientists, and analysts (Tikas, 2023) . These professionals drive innovation,
enhance product quality, prevent knowledge, rapidly adapt market trends, mitigate potential risks (Bai et
al., 2023), and exceed customer satisfaction to keep the organization competitive in the market (Wu et al.,
2019) . R&D employees also acts as internal technical expert resources, providing advice on intricate
technical matters and contributing product insights to other departments such as marketing and operations
(Gupta & Wilemon, 1990; Szopik-Depczyńska et al., 2024) . This shows that the organization’s
performance and innovation hinge on the R&D department’s highly specialized skill set employees.

Organizations face a laborious, complex, and challenging task in recruiting and retaining skilled
R&D employees (Schmitz et al., 2021). To recruit these professionals, different HR activities such as job
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advertisements, assessments, interviews, and onboarding are necessary; effective recruitment
techniques are essential to ensure that personnel align with company culture and objectives (Chandler,
2023; Gadekar & Hiwarkar, 2023) . Conversely, organizations employ several effective retention
strategies, such as competitive pay, flexible schedules, remote work opportunities, mentorship programs,
training and development initiatives, and rewards to retain current R&D employees. Recruitment and
retention strategies are crucial; if an organization fails to establish successful recruitment and retention
strategies, it will result in the attrition of personnel, adversely impacting knowledge retention, project
continuity, and the pace of innovation.

A market analysis reveals that the demand for qualified R&D employees has surged over the past
decade, resulting in an attrition rate of 18% (Potocnik et al., 2021) . Consequently, businesses have
become more concerned about the turnover of R&D personnel and are striving to fill these jobs with
suitable candidates. The rationale is that technical employees possess specialized knowledge and abilities
that are challenging to find in the labor market. The loss of such a person adversely affects the
organization at various levels, including competitive advantage, project continuity, product quality
deterioration, and disruption of the innovation pace.

Consequently, organizations emphasize on identifying factors influencing the attrition of R&D
employees and prioritize the development of effective retention strategies to reduce the attrition rate. A
number of studies of studies suggesting various attrition factors by traditional approaches (Ahn et al.,
2020). Such as, Kiazad et al. (2024) mentioned that personal circumstances, career advancement
opportunities, and the workplace environment are the dominant factors by using thematic analysis.
Pirrolas & Correia (2022) adopted empirical study review and identified responsibility, leadership,
schedule flexibility, recognition, and wage are the key factors of attrition. Singh et al. (2022) used
hierarchical regression analysis and mentioned that ineffective top management are the vital factor in
attrition. Machine learning (ML) prediction techniques have significantly advanced in the last decade.
These developments can be useful for practitioners and organizational researchers.

ML is the subset of AI, has emerged a popular technique for prediction in all fields particularly in
business field (Qutub et al., 2021) . ML helps businesses to analyze real-time business data ascertain
hidden insights, increase predicting skills, and expedite informed decision-making (Gadekar & Hiwarkar,
2023; Saini & Saini, 2024) . Therefore, ML can be suitable in this research to analyze the R&D skilled
employees data that can help to depict hidden pattern of attrition and to identify the R&D employees
attrition factors. It can also help organizational managers to predict such employees who are at risk of
attrition and to develop preemptive retention strategy.

Several studies used the ML Algorithms to predict the employee attrition and was applied on
across various department employees of organization. However, R&D departments include distinct
attributes that may result in varying attrition trends. Research explicitly targeting the R&D sector is scarce.
Numerous research pointed out that the attrition rate in R&D department is higher than others department
(Chang et al., 2008; Cordero et al., 1994; Grabner et al., 2024) . This offers a distinctive opportunity to
utilize advanced predictive ML Algorithms on R&D department employees attrition. This study seeks to
address that gap by offering data driven insights about R&D employees attrition, thereby assisting
organizations in enhancing their skilled employees management strategies.

This research based on three main objectives. First, identify the key attrition factors in the R&D
department. Second, predicting the high-risk employees attrition model. The third objective is to find out
the best factors contributing to ML classification algorithm to achieve a high accuracy score. This
research will help the managers and organization to enhance the company’s sustainable management and
productivity by proactively identifying employee attrition and fostering a positive organizational culture.
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2. Literature Review
This section glances at the literature that is relevant to our research study. The relevant literature

is founded on an overview of previous research findings and applied methodologies for employee attrition
prediction. The advanced approaches were preferred for literature review.

2.1. R&D employees attrition
Organizations need technical employees in the R&D department to sustain technological

competitiveness. Due to the high demand for technical employees in the competitive business
environment, organizations face recruitment and retention problems with technical employees (Potocnik
et al., 2021) . Therefore, recruiting and retaining skilled employees has become vital to maintaining a
sustainable business. Organizations must focus on effective strategies for recruiting and retaining skilled
employees in developing performance. Failure to do so will result in a slow pace of innovation and
ongoing project continuity.

In particular, skilled employee attrition in R&D department affects organizational performance as
a major concern in all organizations. Whenever a skilled employee leaves, the ongoing projects become
delayed and hire a new skilled employee is too costly and laborious to trained (Qutub et al., 2021) .
Additionally there also exist a risk of core knowledge leaks resulting from employee attrition (Chung et
al., 2023) . Consequently, organizations should minimize the attrition rates to continue ongoing projects
and remain competitive. Therefore, managers and leaders should continuously identify the employees
attrition factors and promptly take action to secure project discontinuity and innovation pace. Beforehand
identifying high-risk employees leads to establish earlier retention strategy and prevent to hire new
employees cost.

In last decade, various researchers have adopted conventional methods to predict R&D
department employee attrition such as regression, thematic and correlation analysis. Kiazad et al. (2024)
used the thematic analysis and identified personal circumstances, career advancement opportunities, and
the workplace environment attrition factors of the science and technology employees. Pirrolas & Correia
(2022) followed empirical study review technique and pinpointed responsibility, leadership, schedule
flexibility, recognition, and wage attrition factors of skilled employees. Singh et al. (2022) followed
hierarchical regression analysis and revealed that ineffective top management are the vital factor in
attrition.

2.2. Approaches of employees attrition prediction
Prediction methodologies for employees attrition have been in a constant state of flux. The

current statistical analysis methods has the drawback of performing very poorly when analyzing data with
complicated or unusual patterns, and it frequently fails to have a high enough model prediction accuracy.
To get over this restriction, additional research is now being done to improve the accuracy of employees
attrition predictions by exploring more complex data science techniques, such ML.

El-Rayes et al. (2020) presented predicting employee attrition model using three ML
classification algorithms models such as, Random Forest (RF), Decision Tree (DT) and Gradient
Boosting Tree (GB) on Glassdoor’s online data. RF found the best ML classification algorithm to predict
the probability of an employee churn with 75% accuracy score. Company culture, senior management and
compensation are the vital factors of employee’s attrition.

Qutub et al. (2021) used IBM dataset from Kaggle website that contains 35 features and collected
from 1470 employees. Adaboost (AB) Model, DT, GB, RF Regressor and Logistic Regressor (LR)
classifier models was applied on the data to predict an employee’s attrition probability. For evaluation of
classifier algorithms accuracy, AUC and recall metrices was used and found Logistic model the best
among others with 88.43% accuracy score.
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Raza et al. (2022) presented Extra trees (ET) classifier algorithm performed well with 92%
highest accuracy score. While, the others classifier algorithms like Support vector machine (SVM), DT
and LR showed low accuracy score to predict the high-risk employee attrition. The total four
classification was performed on IBM data set with 35 features of 1470 employees. On the same IBM
dataset, Pratt et al. (2021) utilized six different ML algorithms like Gaussian NB, KNN, DT, SVM, LR
and RF. RF performed best with 85.12% accuracy score.

The deep learning (DL) algorithms was applied to get the best accuracy score on the IBM dataset
in the study of Al-Darraji et al. (2021) , that is also a type of AI. The DL algorithm evidenced the 91%
accuracy score. In another study, Chung et al. (2023) utilized eight ML classification algorithms,
including XG Boost, RF, LR, Artificial Neural Network (ANN), SVM and Ensemble models on the IBM
dataset downloaded from Kaggle website. Of the eight algorithms, Ensemble algorithm was prominent to
predict the high-risk employee attrition with a 97% accuracy score. In the Ensemble algorithm RF and
ANN was the base algorithm and LR was meta algorithm.

Using machine learning techniques on the employees attrition prediction previous research have
reported significant results, numerous significant limitations remain. First, most studies develop the
prediction models on the overall organization without examining R&D personnel, despite the pivotal role
of retaining skilled research employees. Second, the studies rely on IBM dataset, which may limit the
generalizability of the outcomes attributable to limited representation of organization environment and its
simulated nature. Third, the research used advanced models to achieve the high predictive accuracy, while
few studies emphasizes on model explainability and interpretability, which are vital for practical
application of HR decision-making. Furthermore, methodological discrepancies related to evaluation,
imbalancing dataset and feature engineering make comparison across studies challenging. Therefore, this
study fulfill the gap for department-specific, practically applicable and more explainable attrition
prediction models.

3. Methodology
This section articulates the methodology of this study for predicting the R&D employees attrition.

The first subsection explains the data preprocessing techniques. The ML algorithms to predict the R&D
employees attrition is deliberated in subsection two. The given below figure 1 is the methodology of
employees prediction.

3.1 Data Preprocessing
Data processing technique is used to convert the raw data into useful and clear format that plays vital

role in prediction of R&D employees attrition. In this subsection, data cleaning, handling missing
information, data duplications, scaling, data balancing, encoding, feature engineering, and standardization
data are the crucial techniques performed. These techniques enhance the quality of data and leads to
accurate prediction of R&D employees attrition. The details of data preprocessing steps will be presented
in this subsection.

3.1.1 Dataset
This research utilized the IBM dataset download from the Kaggle website. This dataset was

selected following thorough evaluations of multiple relevant datasets, with the choice closely aligning
with aims of this study. The dataset contains three categories of variables such as personal attributes, job
related variables and career related variables, which are required to detect the R&D employees attrition.
The dataset contains 961employees’ information and each illustrated by 33 distinct independent variables.
From 961 employees’ information, 828 are categorized as non-attrition, while 133 are identified as
attrition. Table 1 presents a comprehensive summary of the dataset’s independent variables.
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Figure 1: Methodology

Table 1: list of Independent variables
Category Variable Name Type

Pe
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Age Integer
Education Object
Education Field Object
Gender Object
Marital Status Object

Jo
b
R
el
at
ed

Business Travel Object
Daily Rate Integer
Distance From Home Integer
Environmental Satisfaction Integer
Hourly Rate Integer
Job Involvement Integer
Job Level Integer
Job Role Object
Job Satisfaction Integer
Monthly Income Integer
Monthly Rate Integer
Over Time Object
Salary Hike Integer
Performance Rating Integer
Relationship Satisfaction Integer
Stock Option Level Integer
Training Time Last Year Integer
Work Life Balance Integer
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Num Companies Worked Integer
Total Working Years Integer
Years at Company Integer
Years in Current Role Integer
Years Since Last Promotion Integer
Years with Current Manager Integer

3.1.2 Handling Missing Information
Analysis is performed on the correct data format. Handling missing values and duplication data

are vital steps of data analysis. Properly dealing with missing and duplication leads to model accuracy. If
not done carefully, bias and misinterpretation problems can occur in the end results. No missing values
and duplications were found in the IBM dataset. While, some variable contained only one information
such as Employee count, Over 18, and Standard Hours. These variables were removed to keep the correct
format of dataset.

3.1.3 Exploratory Data Analysis (EDA)
EDA was performed on the dataset to discover the hidden patterns and other characteristics. In

EDA three techniques like, univariate, bivariate and multivariate was used.

3.1.3.1 Univariate Analysis
Figure 2 is about the description of categorical variables. Which showed that male employees are

greater in comparison to female employees. Maximum employees are married and work as laboratory
technicians or research scientists. Majority of employees have a background in the medical or life
sciences and they travel rarely. Since plenty employees are classified as “NO” for overtime, that shows
overtime is not a common practice.

Figure 2: Univariate Analysis for Categorical variables

Figure 3 is about the univariate analysis of numerical variables that depicts the distribution shape
of each variable. Age, Daily Rate, Education, Environment Satisfaction, Hourly Rate, Job Involvement,
Job Satisfaction, Monthly Rate, and Relationship Satisfaction, are skewed. Moderately positive skewed
are Distance from Home, Percent Salary Hike, Stock Option Level, Training Time Last Year, Years in
Current Role, and Year with Current Manager, while Work Life Balance is moderately negative skewed.
Job Level, Monthly Income, Number of Companies Worked, Performance Rating, Total Working Years,
Years at Company, and Years since Last Promotion are highly positive skewed.
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Figure 3: Univariate Analysis for Numerical variables

3.1.3.2 Bivariate Analysis
Analyzing two variables at a time is considered as bivariate analysis. Three bivariate analyses were

performed in this subsection.

Bivariate analysis between numerical and categorical variables is shown in Figure 4. A high attrition
was found among bachelor’s and master’s degree holders and high participation employees. The
employees who got training 2 or 3 times last year and have already worked in one company are higher.
These employees was new in the company and their job and environment satisfaction level was low and
high level. The performance rating 3, work balance life rating 3 and none stock option level were greater
in numbers.

Figure 5 is also a bivariate analysis between remaining numeric and categorical variables. This
revealed that the higher probability of employees attrition was found in fewer promotions, younger
employees (age 18 to 30), shorter in tenure, lower monthly income (6000 to 1500), stagnant role, and
office distance from home greater than 10 km.
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Figure 4:Bivariate Analysis for Numerical vs Categorical Variables

Figure 5: Bivariate Analysis for Numeric vs Categorical variable

Figure 6:Bivariate Analysis for Categorical vs Categorical variables
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The last bivariate analysis between numeric and numeric variables is shown in figure 7 called
heatmap. That is used to find out the multicollinearity between two numeric independent variables.
High correlation exist between, job level, monthly income, total working years, percent salary hike,
years in current role and years at company. Removing the high correlated variables can increase the
model accuracy.

Figure 7: Numeric vs Numeric variable

3.1.4 Data Encoding
Converting the categorical data into numerical form to run ML algorithms is called data encoding.

Two encoding algorithms were run on the dataset. Label encoder was applied on the dependent variables
that contains only two categories and one hot encoding (OHE) on the categorical independent variables.

3.1.5 Data Normalization
The standard scaler was utilized to convert numerical variables into a unit scale. Which is crucial in

ML, especially for models sensitive to variations in variable values. Standardization guarantees that all
variables are comparable, enables models to perform more efficiently, execute more rapidly, and provide
more accurate forecasts. The equation 1 is the formula for standardizing:

� =
�� −�� ��� �
��

…(1)

3.1.6 Handling Imbalanced Data
In employees’ attrition detection, imbalanced classes in IBM data are a common problem that can

affecting predictive model accuracy. This study tackles this issue using a dataset of 921 employee attrition.
Figure 8 exhibited a considerable imbalance: 828 instances of typical non-attrition (label 0) and 133
instances of attrition (label 1). The disproportionate distribution of labels results in biased predictions that
favor the dominant label, diminishes the model’s capacity to generalize to unseen data, and requires
intricate assessment criteria to measure and enhance model performance.

This research used the Adaptive Synthetic Sampling (ADASYN) technique to address the imbalanced
dataset problem. This reliable oversampling technique produces synthetic samples for the minority label.
ADASYN adaptability adjusts the weights of minority label based on their level of difficulty in learning
(Balaram & Vasundra, 2022) . On minority labels, it enhances model performance without sacrificing



Sattar, Waseem, Shafi & Nawab

JES (Jan-Jun, 2026)
156

overall accuracy. The dataset had 828 for each label, i.e., non-attrition (label 0) and attrition (label 1) after
the ADASYN algorithm was applied.

Figure 8: Imbalanced Dataset

3.1.9 Data Splitting
The data was partitioned into two subsets (training and testing datasets) in an 70:30 ratio, which

is essential for developing ML models. Dividing data into training and testing sets enables the model to
learn from the training set, assess its performance on the testing set, and ultimately evaluate its capacity to
manage new data. This prevents the model from being overly specialized to the training data and aids in
its performance across diverse data type.

3.2 Feature Selection
Feature selection method is vital to improve model performance, reduce overfitting, improve model

interpretability, reduce training times and build more robust model. Three feature selection methods was
applied like, correlation, recursive feature selection and mutual information. Correlation feature selection
method performed well among the others. Monthly income, total working years, years in current role and
years with current manager independent variables was identified highly correlated by using correlation
feature selection method and removed from the dataset to build robust model.

3.3 Machine Learning Algorithms
In this section, the mechanism and concept of ML classification models are examined such as

Decision Tree, K-Nearest Neighbor, Support Vector Machines and Random Forest. These four ML
classification algorithm was applied to predict the R&D employees’ attrition.

3.3.1 K-Nearest Neighbor (KNN):
K-nearest neighbor is also the poplar and simplest distance based ML model used for

classification and regression problems. It designates a class label according to the predominant class
among its nearest neighbors in the new dataset (Shokrzade et al., 2021) . It functions according to the
principal of proximity and similarity within feature space as shown in figure 9.

3.3.2 Decision Tree (DT):
DT is also used for regression and classification problems and consider as a supervised ML

algorithms. This model operates by recursively partitioning the whole dataset into subsets according to
variable values, so forming a tree-like structure for prediction purposes (Klusowski & Tian, 2024). Easily
interpretable, visually readable and non-parametric are the advantages of DT.
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Figure 9: KNN Algorithm

3.3.3 Random Forest (RF):
Breiman (1996) proposed a distance based called RF model. This model calculate the output on

the basis of DT by utilizing multiple random sample (Boateng et al., 2020) . Random selection is used to
choose the explanatory variables for every node in the decision tree fitting procedure (Hu & Szymczak,
2023) . Randomness is enhanced by using this technique, and as randomness is enhanced, decision tree
correlations reduce, resulting in minimizing prediction error. RF reduces overfitting and ensures greater
predictive power and stability. Furthermore, it is particularly helpful when there is an unequal distribution
of the data and more data from a certain class.

3.3.4 Support Vector Machine (SVM):
A non-stochastic binary linear model for ML classification is the SVM. The SVM model

classifies data by identifying the border with the largest area to which the data belongs, and it generates a
decision boundary based on the data that establishes the category to which the data belongs. Both non-
linear and linear data can be classified by it (Roy & Chakraborty, 2023). When performing classification
tasks, the SVM model aim to minimize the classification error while maximizing the margin classification
that classifies both classes (Cervantes et al., 2020) . It may be used for prediction issues when the
dependent variable is continuous, as well as classification analysis based on mathematical optimization
approaches.

4. Results
This study used precision, recall, F1 score, accuracy, and AUC score metrics to evaluate the attrition

of R&D employees. The following are the metrics specifics:

Accuracy: Accuracy provides the model’s overall effectiveness. Calculated as the given formula in
equation 2

퐴푐푐푢��푐
 =
푇�+푇�

(푇�+푇�+퐹�+퐹�)

…(2)

Precision: Precision provides the model’s proportion of true positives among predicted positives.
Calculated as the given formula in equation 3

��푒푐����� =
푇�

(푇� +퐹�)

…(3)

Recall: Recall score provides proportion of true positives among actual positives of the model. Calculated
as the given formula in equation 4
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푅푒푐��� =
푇�

(푇� +퐹�)

…(4)

F1 Score: F1 score is the Harmonic mean of recall and precision as mentioned equation 5.

퐹1−푆푐��푒 =
2(��푒푐����� ∗푅푒푐���)
(��푒푐�����+푅푒푐���)

…(5)

AUC Score: The abbreviation of AUC is Area under the Precision-Recall curve. It the most strong
evaluation metric when the dataset is imbalanced. Higher AUC scores (near to 1) indicates best model
performance.

Table 2: Evaluation Metrics
Classification Metrics for Correlation-Based Feature Selection:

Model Accuracy Precision Recall F1 Score AUC

2 Random Forest 0.935743 0.935876 0.935743 0.935749 0.975458

3 SVM 0.905622 0.905996 0.905622 0.905630 0.965971

4 K-Nearest Neighbors 0.879518 0.892571 0.879518 0.878251 0.959686

0 Logistic Regression 0.847390 0.847828 0.847390 0.847266 0.935330

1 Decision Tree 0.841365 0.841546 0.841365 0.841289 0.841019

Resulting from analyzing the performance of the classification model predicting R&D employees
attrition, Random forest showed the leading performance in all evaluation metrics including accuracy
(0.935743), precision (0.935876), recall (0.935743), F1 score (0.935749), and AUC score (0.975458).

Overall, the Random Forest ML model excelled compared to other single models like KNN,
SVM, Logistic Regression and DT. This highlights that the single model performed well compared to
hybrid ML models if the stratum is the main concern of research. It also indicates single model consume
low computational resources, while hybrid model consume more computational resources. Single models
provide a balance of interpretability, accuracy and computational efficiency.

This study employs an RF model that generates an ideal algorithm using numerous decision trees,
effectively analyzing intricate nonlinear interactions across several levels to appropriately assess the
complicated interrelations of personnel- related variables. Table 2 presents the outcomes of computing the
F1 score, accuracy and AUC in relation to the attrition prediction value and the employees prediction
value using the test data.

The correlation feature selection method was used to measure the contribution of each variable in
the RF prediction model. The following steps were used to figure out the contribution for a certain
variable. First, to measure the relevance, the correlation was calculated between features and target
variable. To measure redundancy, correlation was calculated between features. Second, A Merit score
was calculated by using a heuristic that balances relevance and redundancy. Equation 6 is Merit score
formula:
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…(6)

Lastly, an empty set were created and iteratively features were added to the empty set based on
the Merit score. The features contained in the empty set provides the best features by using the trade-off
between relevance and redundancy. Figure 10 showed the top 5 features contributed to the prediction of
R&D employees attrition. In particular, stock option level contributed the most to the prediction.
Additionally, the two main features contributing attrition prediction were Job involvement and job level.
Generally job related variables were the highest contributor to predicting the employees’ attrition.

Figure 10: Top Features

5. Conclusion
The aim of this paper to find the main factors of R&D employees attrition and find out the

machine learning model to predict the attrition of an employee. The evaluation table shows that Random
Forest achieved the highest performance among Logistic regression, Support vector Machines, Decision
Tree and K-nearest neighbor utilizing the IBM dataset and creating an R&D employees attrition
prediction model. Several studies used the different single ML algorithms, feature selection and sampling
methods to predict the employee attrition across various departments but didn’t achieve high accuracy
(Al-Darraji et al., 2021; El-Rayes et al., 2020; Pratt et al., 2021; Raza et al., 2022) . This research study
achieved high performance by using a stratum strategy, that is considered as highly effective for target
analysis.

Furthermore, stock option level , job involvement, job level and job satisfaction are the top
features contributed to predict the R&D employees attrition model by using the top feature algorithm. In
deep analysis on the IBM data a high attrition rate was found in young male, high participation in work
and low experienced R&D employees from the univariate and bivariate analysis. These employees
environment satisfaction, performance rating, work balance life was high. Some more hidden factors like
they are laboratory technicians or research scientists, shorter in tenure, lower monthly income (6000 to
1500), stagnant role, and office distance from home greater than 10 km.

From a pragmatic perspective, considering the attrition factors of R&D personnel, the machine
learning model for predicting R&D employee attrition will enhance the efficiency and efficacy of the
company's financial, temporal, and human resource management costs associated with attrition. predictive
managers and high authorities utilizing this methodology will enhance the company’s sustainable
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management and productivity by proactively identifying employee attrition and fostering a positive
organizational culture.

This research study has a few limitation regardless of its contributions. First, in this research
study the IBM dataset of one company was used to find the attrition factors and machine learning model,
which may leads to non-generalizability of the findings to organizational contexts and other cultural.
Second, tree, distance and mathematical model was applied to predict the attrition. Future research could
explore this framework in diverse industries and cultural settings to validate and extend the current
findings.

This study presented a single model with high performance but further can be improved. Other
than single model, hybrid model like, boosting, bagging, deep learning and ensemble techniques can be
applied to improve further accuracy. Different ML algorithms can be performed to identify the hidden
patterns like relationship between the variables and feature engineering. In future, the research will be
conducted on the non-technical employees attrition and compare the attrition factors between technical
and non-technical employees.
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