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Abstract. Employee attrition is the reduction in the employee workforce, which
can be defined as the rate of employees leaving the company faster than the rate
they are hired. Attrition may be for the whole establishment but sometimes it
might be particular for a business field. This happens when there is intervention
of technology that contribute in replacing the human workforce. There are several
factors contributing to employee attrition, a few being age, number of years in the
company, manager, technology change, etc. It is vital to understand the impact
of these factors on employee attrition so that necessary action can be taken to
avoid this. Thus, Machine learning technique is being used nowadays to inspect
and predict the data of several real-life applications. After employing the models,
authors performed the analysis on each of them using confusion matrix, F-1 score,
recall, precision, etc., and found that the best model is SVM with an accuracy of
85.60%.
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1 Introduction

Employees are one of the most significant asset of any organization. The longevity of
employees’ retention in any organization advocates a healthy work environment. On the
contrary, frequent resignations of the employees can be attributed to various reasons.
Thus the employees’ retention can be directly considered as a measure of satisfaction
of employees towards work place. Therefore, it is needed to understand the employees’
attrition. Here, employee attrition is the decrease in number of employees [1, 2]. This
means that employees leave their organizations before the new staff is hired. Employee
attrition can be for the whole company but it can also be particular to a business field. It
may be also because the skill sets that are needed change constantly [3].
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More the employee attrition, the more no of workers we need to hire but recruiting
employees can be a difficult job.Getting able employees and training them for the job, and
after some time they resign is frustrating for the employer. Hence, human resource (HR)
managers are there to recognize the factors leading to attrition and take the preventive
and corrective measures for reducing attrition. The main focus of this study is to present
the aspect analysis of attrition in terms of:

1) Factors leading to employee attrition
2) How it can be decreased
3) Accuracy of four machine learning models used employed in the prediction of

attrition.

The models in this project are;

a) Logistic Regression
b) Naïve Bayes
c) SVM Model
d) Random Forest

Logistic Regression is a one of the statistical models often used for classification
and predictive analytics. Logistic regression estimates the probability of an event occur-
ring; the next model being the Naïve Bayes algorithm, which is a supervised learning
algorithm, based on the Bayes theorem aiming to solve classification problems.

Support vector machines are a set of supervised learning methods used for classifica-
tion, regression, and outlier detection. Random Forest is a SupervisedMachine Learning
Algorithm that is used widely in Classification and Regression problems [4, 5].

Authors have employed the dataset of employee attrition fromKaggle [6] to perform
various analyses on it. This dataset consists 1470 rows and 35 columns out of which 34
factors are showing their dependency on attrition. Attrition is denoted as Yes/No. There
is no null value in our dataset. It has string and integer as data types.

Before employingmachine learningmodels, the researchwork utilized a heatmap for
finding correlations between factors and removing the appropriate ones. After employing
the models, the analysis is performed on each of them using confusion matrix, F-1 score,
recall, precision, etc. and the results concluded that the best model is SVM with an
accuracy of 85.60%.

The current work is organized into various sections. Section 1 introduces the concept
of workforce attrition. Similar problems have been undertaken by various researchers.
The noticeable research by few researchers has been presented in Sect. 2. The methodol-
ogy proposed by authors has been elaborated in Sect. 3. Results are discussed in Sect. 4
while the conclusion is presented in Sect. 5.

2 Related Work

The significance of employee attrition has been realized sincemany years and resultantly
several authors have tried their hand to understand the association behind. For instance,
authors in [7] considered a sample of 297 employees in a private firm. The authors
considered various factors such as firm characteristics, location, employee benefits, and
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work culture etc. Authors performed hierarchical regression analyses and concluded that
firms with high benefits and high benefits packages observed slight employee attrition.

The authors in [3] also proposed a model to find association among service and
employee attrition. For the same, authors considered data from64business units.Authors
also determined that a high attrition (specifically for customer-facing employee) will
adversely impact the relations with existing customers. This may also impact the rev-
enue generation of the business units. Aligning with this research, authors in [1] also
believe that the employees who are leaving from an organization are carrying some
tacit knowledge with them which could be advantageous to the competitors. Hence, the
organizations must strive to retain the employees and minimize employees’ attrition. In
order to validate the belief authors considered 309 employees who had left their orga-
nization during 1978 to 2006. This dataset was classified into some predefined attrition
classes using decision tree models and rule-sets. The classification produced by these 2
classifiers were used for a predictive model so as to predict upcoming employee attrition.

Considering the interest to understand the pattern of employee attrition, machine
learning (ML) was also employed for the same considering the demonstrated supremacy
of machine learning algorithms. Hence, authors in [2] performed a study to understand
employee attrition usingMLmodels. For the same, authors used a synthetic data created
by IBMWatson of employees’ attrition, an imbalanced dataset. This IBMWatson dataset
is processed using support vector machine (SVM), random forest and K-nearest neigh-
bor (KNN). Further, authors also used adaptive synthetic (ADASYN) to address class
imbalance. During all experimental setup, the machine learning models demonstrated
its efficiency and effectiveness to predict the employee attrition.

Further, authors in [8] also aimed to determine the association between manager’s
interpersonal skills and employees’ attrition. As per the finding by authors in [8],
management skills have a strong impact on employee turnover.

Thus it is still to debate that what all factors are there which closely impact the
employee attrition and hence needs an extensive research in this domain.

3 Methodology

Themethodology is depicted in Fig. 1. As evident fromFig. 1, authors have used the IBM
Watson dataset of employee attrition from Kaggle [6]. The considered dataset is pre-
processing to drop null values and unwanted attributes. Authors converted categorical
datawith the help of a label encoder [9, 10]. Fourmodelswere employed i.e., naïveBayes,
random forest, SVM, and logistic regression, and a heatmap was plotted to determine
the correlation between the factors. Analysis of models was done by confusion matrix
and then they were evaluated by classification report and accuracy score [11]. Graphs
and tables were plotted to get the result and determine the most important attributes for
attrition. The following steps are employed in the methodology:

1. Data Understanding: The dataset contains the data of 1470 employees. There are 35
attributes present in the database some are – Job level, Percent hiking rate, Years with
current manager, Years since promotion etc. There is no null value in our dataset. It has
string and integer as data types.
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Fig. 1. Flowchart depicting the Methodology

2. Data Pre-processing: The attributes with string datatype were converted to integer
datatype with the help of a label encoder. A heatmap is plotted to check the correlation
between attributes and the attributes with higher correlation were removed as shown
in Fig. 2. Attributes with no correlation to attrition were also dropped. These attributes
were Employee number, employee count, over 18, standard hours, percent salary hike,
years in a current role, and total working years. With the help of heatmap, we found the
Attributes with no correlation to attrition and the ones which are highly correlated and
modified the dataset accordingly.

3. Modelling: The Naïve Bayes, Logistic regression, SVM, and Random Forest
algorithms are employed.

4. Analysis: The confusion matrix is used to check how many times the prediction
was these models [12, 13]. We also used a classification report to check the statistical
results of the models used. Following metrics were used to make the analysis, Here TP
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Fig. 2. Heatmap representing the correlation of Attributes

represents the true positive values, TN represents the true negative values, FP represents
False Positive values and FN represents False Negative values;

Accuracy = TP + TN

TP + TN + FP + FN
(1)

Precision = TP

TP + FP
(2)

Recall = TP

TP + FN
(3)

F1Score = 2 ∗ Precision ∗ Recall

Precision + Recall
(4)

5. Result and conclusion: After performing the analysis, we get results and conclusions
regarding the problem statement.

4 Result and Discussion

Ahead of employing the ML models, correlation among various attributes is evaluated.
This correlation is illustrated in the heat map shown in Fig. 2. After employing the
models, we performed the analysis on each of them using the confusion matrix, F-1
score, recall, precision, etc. The section is divided into two subsections namely Aspect
analysis using visualization and Comparative analysis of ML models.
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(a) Attrition vs Age (b) Attrition vs Distance from Home 

(c) Attrition vs Monthly Income (d) Attrition vs Years at Company 

(e) Attrition vs Years with current Man-
ager 

       (f) Attrition vs Years since Promotion

Fig. 3. Aspect Analysis of Attrition with various factors
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4.1 Aspect Analysis Using Visualization

Aspect analysis means analyzing the data with the help of various plots and graphs
[14–16]. We plotted various graphs to analyze attributes and understand our data.

Impact Analysis of Factors on Attrition
Figure 3 represents the factors affecting Employee Attrition. From the graphs below it is
conclude that attrition ismaximumamong people aged between 30 to 40, livingwithin 10
km, and with a monthly income of less than 6k. People working at the company for less
than 12 years, under the same manager for 8 years, and who haven’t been promoted for
two years are most likely to leave the company. Figure 4 visualizes attrition concerning
gender. Here, it can be safely concluded that the attrition among males is 25.6% more

Fig. 4. Aspect Analysis of Attrition with respect to Gender

Fig. 5. Aspect Analysis of Attrition with respect to Education Field
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than among females. Further, Fig. 5 presents the impact of the education field on attrition.
Here, we can establish the fact that attrition is most in Lifesciences as compared to other
fields and HR has the least attrition. Furthermore, Fig. 6 determines the impact of salary
hikes on attrition. Percent salary hike between 11 to 14% leads to more attrition and
between 19 to 25%, it’s the least.

4.2 Comparative Analysis of Various Machine Learning Models

Table 1 displays us the confusion matrix for four models. There are more true positives
than false positives and fewer false negatives than false positives [17, 18]. Table 2 displays
us the contrast in the classification report of all the models. So, from Table 2 and the bar
graph representation in Fig. 7, we can see that with the Logistic Regression method the
performance score as the objective variable was 84.98% accuracy, naïve Bayes method
the performance score as the objective variable was 82.04% accuracy, SVMmethod the
performance score as the objective variable was with 85.60% accuracy and Random
Forest method the performance score as the objective variable was with 85.19%. So,
from the above results, we conclude that the best model is SVM with an accuracy of
85.60%.

Fig. 6. Aspect Analysis of Attrition with respect to Present Salary Hike
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Table 1. Results in terms of the Confusion Matrix of the models

Models Positive Values Negative Values

Logistic regression True 412 4

False 69 1

Naïve Bayes True 370 46

False 40 30

SVM True 416 0

False 70 0

Random Forest True 407 9

False 63 7

Table 2. Classification Report of various models

Models Precision Recall F1 Score Support

Logistic regression 0 0.86 0.99 0.92 416

1 0.20 0.01 0.03 70

Macro avg 0.53 0.50 0.47 486

Weighted avg 0.76 0.85 0.79 486

Naïve Bayes 0 0.90 0.89 0.90 416

1 0.39 0.43 0.41 70

Macro avg 0.65 0.66 0.65 486

Weighted avg 0.83 0.82 0.83 486

SVM model 0 0.86 1.00 0.92 416

1 0.00 0.00 0.00 70

Macro Avg 0.43 0.50 0.46 486

Weighted avg 0.73 0.86 0.79 486

Random Forest 0 0.87 0.98 0.92 416

1 0.44 0.10 0.16 70

Macro avg 0.65 0.54 0.54 486

Weighted avg 0.80 0.85 0.81 486
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Fig. 7. Comparative Analysis of Machine Learning Models concerning Accuracy

5 Conclusion

Attrition is unavoidable; its presence is always there. Though, we can findways to reduce
it. Turnover is a costly drain on company resources. Internal attributes are equally respon-
sible, if not more important than external attributes in case of attrition. Constructive lead-
ership can help in the betterment of attrition. From the evaluation, the accuracy of the
best-proposed model, SVM is 85.60%. It indicates that the SVM technique is very good
at predicting attrition. The SVM model is significant to support the decision-making
process and can be efficiently used for improving employee attrition.
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