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Abstract – Employees are the most valuable asset that a
company can have without any doubt. Keeping a high
valued and skillful employee within a company will be
beneficial for the well-being of a company. Employees
quitting the company will be the downfall of that
company. Therefore, it is better if the higher
management of a company can predict whether an
employee is going to leave the company or not and try
to keep him/her within the company. In this paper, we
have briefly discussed how to achieve the above
prediction using an employee’s emails, call logs, web
browsing history and HR data. Moreover, data mining
techniques that we used to get the prediction from each
and every component will be discussed.
Keywords – Web Browsing History, HR data
I.

INTRODUCTION

In this competitive business world, Employees are the
most valuable assets of a company. Even though a
company could reach to its success by following
standard procedures and techniques, if they do not have
well mannered, effort driven employees, they won’t be
able to access the peak point of their success. Therefore,
not only recruiting employees but also retaining good
employees in the company, is also equally important.
Even though there are many qualified employees out
there ready to take a chance to work, loss of a current
employee is irreplaceable. In this kind of situation, an
organization will get effected in both financially and
socially. Hiring a new employee will require an extra
effort. Further, co-workers who worked with this
particular employee will have to adapt to the new person
and his new work patterns. The ripple effect of losing a
great employee is tremendous and it goes well beyond
what is easily quantified. [1] Turn off of a good employee
will create uncertainty to both fellow employees and
customers who dealt with that employee and
organization might lose more employees or customers
on that uncertainty.

In order to keep an employee interested, many things can
be done. Identify their potentials and giving them
opportunities to grow in the company is one of the major
productive actions that can be try as a common
procedure. But the better solution is, if we could focus
on individual employees and predict if they are going to
leave, we can take necessary specific actions suitable for
each employee. Employee behavior in the working
environment plays a big part in this.
Most of the researches on this topic are based on nontechnical background, focusing on human behavioral
patterns. But there are some researches actually focusing
on technical background combined with social analysis
theory to come up with a better solution. In one solution,
they are using data mining techniques to analyze
previous employees’ records and build a model to
predict future turnoffs. [2] Furthermore, there is a another
application called “Workday” which will predict the
turnoff patterns of an employee and suggesting possible
career changes that will keep them in the company. [3]
In this paper, we are focusing on four main areas that we
found by talking to with HR professionals of few
companies (Ceylinco Life Insurance, Gajamuthu Food
Products Pvt. Ltd.), Web Browsing History, Call Log,
Emails, and HR data such as Attendance, Salary,
Qualifications of the employee etc. These main criteria’s
will be evaluated and find patterns that will predict the
turn over behavior.
II.

RELATED WORK

Turn off of a good employee will create uncertainty to
both fellow employees and customers who dealt with
that employee and organization might lose more
employees or customers on that uncertainty. [4] Therefore
many researches have been focused on predicting turn
over behavior of employees. There are many ways to
predict the behavior of an employee in a working
environment. Among those, social analytics and human

behavioral pattern recognition takes an important place
since many researches have been conducted based on
these theories. This method involves interviews, surveys
with huge understanding of human behavior for generate
a final result. There is a research conducted by Timothy
and Peter [5] which involved about 100 managers to find
out most common pre turnover behavioral changes of
employees. Final outcome was outstanding but still
consist with few drawbacks. These methods can be
performed only by a person with good observations and
skills. Furthermore, a manager who is willing to use
these methods must observe each and every employee to
notice some of the little changes. Still they won’t be able
to give much details on the turnover, just whether they
are going to leave or not.
Another method is to use a computer generated method
for prediction using collected variables. There are many
researches on this method using different techniques and
variable to maximize the accuracy level of the
prediction. Summary of those researches is stated in
Table 1.
III.

METHODOLOGY

In this research paper, it is focused on predicting the
employee turnover using two different sources namely
web browsing history and HR data of an employee.
Later, these data will be analyzed using different data
mining techniques to get the final prediction.
The proposed work involves looking into the private and
confidential information of employees. Some could
think of this as a huge privacy issue while collecting
these data from a particular company. But, there is a
certain privacy policy that the companies have.
According to that, the higher management of a company
has all the privileges to look into employees’ private
data. The privacy policy that an employee should agree
with the company while signing the contracts is as
below.
Privacy policy




[17] [18]

An employer has the ability to monitor pretty
much anything that an employee access on the
company’s computer system, even the personal
email account of a particular employee.
[19] [20]
Employers can generally monitor, listen in
and record employee phone calls on employer
owned phones and phone systems.

According to the above mentioned policies, gathering
data for this project is not an issue.

a) Employee turnover
browsing history

prediction

using

web

Browsing history is one of the major component that we
are looking into while making the prediction of
employee turnover. Previous researches have been
mainly focused on age, gender, salary and many other
HR related data but there are very few attempts to use
web browsing history to predict the turnover behavior of
an employee. But it is proven that the browsing history
contains many details of a person. Here we are focusing
on important pattern changes in the browsing history
before employee leaving the company and based on
those learnings, produce a prediction for current
employees. Initially the main process has been divided
into sub parts.

1.
2.
3.
4.

Data Collecting
Data Cleaning
Data Processing and Find Patterns
Making Prediction

Data Collecting
This process contains two major parts,



Collecting data for finding patterns (involves
previous employees)
Collecting data for making the prediction
(involves current employees)

In the process, privacy is a major issue when collecting
data. As a solution for this problem, an encrypt
mechanism is used when collection data. Since the real
identity of a person is not required to make the
prediction, all the identity related field have been
omitted and the person has given a new code when
taking the data set. And also none of these record won’t
be manually reviewed and the prediction system will
only allow users to see final prediction result along with
additional information about the turnover, not raw data.
This will fix any privacy concerns of the employees.
These data are used to find patterns.
Then to make the prediction, we have to collect
browsing history for each and every employee currently
working in the company. To this process, a third party

application called BrowsingHistoryView v2.05 is being
used.
BrowsingHistoryView is a utility that reads the history
data of 4 different Web browsers (Internet Explorer,
Mozilla Firefox, Google Chrome, and Safari) and
displays the browsing history of all these Web browsers
in one table. The browsing history table includes the
following information: Visited URL, Title, Visit Time,
Visit Count, Web browser and User Profile.
BrowsingHistoryView allows you to watch the browsing
history of all user profiles in a running system, as well as
to get the browsing history from external hard drive.
You can also export the browsing history into csv/tabdelimited/html/xml file from the user interface, or from
command line, without displaying any user interface.
Also BrowsingHistoryView allows to do the recording
history for remote computers in a network. This is a
huge advantage of this application and also we can get
the results for any time period we want. However, the
records that generating through this application contains
many unwanted fields which is not relevant to making
the prediction. The final outcome will be save to csv
(comma-separated value) file.


Sample
Record
of
BrowsingHistoryView –

the

output

of

URL
: https://www.google.lk/?gws_rd=ssl
Title
: Google
Visit Time
: 8/2/2017 3:10:50 PM
Visit Count
: 142
Visited From : http://www.google.lk/
Visit Type
: Auto Top Level
Web Browser
: Chrome
User Profile : savidya
Browser Profile : Default
URL Length
: 33
Typed Count
:0

Data Cleaning
In this sub process, only the necessary fields will be
considered for the next step. Here Typed Count, Visit
Type, Web Browser, Browser Profile, URL Length and
Type Count are not relevant when making the
prediction. Further, the Visited URL must me categorize
according to the Title.

Shrinker Category API. The Web Shrinker Category API
gives developers the ability to lookup the categories that
a particular URL, website, domain name, or IP address is
categorized as.
1. URLs - Querying the categories for a URL will
return the categories specific to that URL, not
the domain name. This can be used to analyze
the content present on a specific page of a
website.
2. Websites / Domain Names - Queries for a
domain name, like example.com, will return the
main categories associated with that site and its
content.
3. IP Addresses - Queries for IP addresses will
return the most relevant categories for all of the
content we’ve seen hosted on that IP address.
This can be used in situations where you don’t
know which domain name to lookup but have an
IP address.
API allows you to categorize URLs to following
categories:
uncategorized, searchenginesandportals, newsandmedia,
streamingmedia, entertainment, shopping, vehicles,
gambling,
informationtech,
games,
sports,
economyandfinance,
jobrelated,
hacking,
messageboardsandforums,
socialnetworking,
chatandmessaging, mediasharing, blogsandpersonal ,
health, adult, personals, religion, travel, abortion,
education,
drugs,
alcoholandtobacco,
business,
advertising, humor, foodandrecipes, realestate, weapons,
proxyandfilteravoidance,
virtualreality,
translators,
parked, illegalcontent, contentserver
Since there many URLs which are much alike and falls
into same category, we short listed the URLs by the
Title. Here the URLs were grouped according to the title.
Ex:
http://www.google.lk/

Google

15

https://www.google.lk/?gws_rd=ssl Google

20

From these records only the first record will be kept and
the Visit Count of the omitting record will be added to
the record that we are keeping.
http://www.google.lk/



Google

35

Categorizing URLs

In this process a third party API [21] has been used
along with Python programming. The API is called Web

After categorizing the URLs, again these records will be
saved to a csv file and send to next step.

b) Employee turnover prediction using HR data

Role

In this part employee layoff prediction is analyzed from
the side of human resources data. The data will be
collected from both employees in the organization and
also from the employees who left the organization. After
that based on that data, organizational network will be
build. Then using social network analysis and data
mining techniques employee layoff patterns are
observed. Through those patterns layoff prediction
percentage will be given to the current employees.

In this data set we have mainly 5 roles as CEO, VPs,
Directors, Managers, and Individual employees. In here
CEO, VPs have different labor market than the other
roles and as we don't have many CEOs and VPs
including them in the model make no sense. So using
our assumptions we can filter out those roles from our
data set.

As the first step data gathering part should be performed.
For data gathering we should first discuss with
organization and get the details from their human
resource department. In this we should come to an
agreement with organization to protect the privacy of
employee data and use them only for research purpose.
In data gathering we are mainly focused on details about
employees who left the organization. Employees
attributes like sex, age, education level, relationship
status, position, department, salary, attendance etc. will
be collected. These data will be enough for making our
prediction model. But after making prediction model to
apply it in current situation we should also collect the
data of current employees in the organization. In
collecting current employee details also we mainly
focused on the employee attributes mentioned earlier.
After collecting the needed data, we should first arrange
them in particular order before doing data analysis. From
the employee attendance detail sheet as a final output
average attendance percentage for each employee should
be calculated. After that it should be merged with the
employee detail sheet and make one single document. So
finally these document will contain following attributes.
-Employee ID
-Age
-Sex
-Salary

Figure 1 - Voluntary Termination Rate by Role

Performance
If we visualize employee performance with employee
proportion of leaving we can see a clear relationship
between those two variables. With the increment of
employee performance, the proportion of leaving also
have been increased. So this type of variables should be
definitely should include in our model.

- Attendance
-Department
- Relationship status
- performance (rank from

1-3)
-Leaved employee or not (0 - stay, 1- leave)
-Role
Then these data should be analyzed using data
exploration and visualization techniques in R software
before applying them into a model.

Figure 2 - Voluntary termination rate by performance
rating

Sex

According to charts in sex variable also we can have
clear relationship between sex and employee turnover.
The number of female employee turnover is very higher
than the turnover of male employees. So it should be
also including in our model.

Figure 5 - Salary by role

Figure 3 - Voluntary termination rate by sex

Department
In department wise according to chart we can see that
employee turnover in sale department is higher than the
other departments. So we can assume that there is a
relationship between employee turnover and the
departments.

In practical scenario employee will concern about the
salaries of employees in same level. This suggests that
looking at salary relative to the median of an employee’s
role makes more sense. So we can create new predictor
variable from the data available. This is also called as
“feature engineering”.
Attendance
According to graphs attendance variable also have direct
relationship with the employee turnover. With the
decreasement in the average attendance of employee, the
rate of employee turnover is also high.

Employee ID
This variable does not have anything to do with model.
But we should include in the model in order to identify
each employee uniquely.

Figure 4 - Voluntary termination rate by department

After analyzing the data set and making the needed
changes we have to split the data set into two as training
set and test set. Then the training set is used to train our
model and test set is used to test the accuracy of our
model.

Salary
We can compare salary with other variables and see the
relationship. As an example we can compare it with
employees’ roles. By comparing with roles we can
clearly see that there is a tight relationship between role
and salary.

After that this data will use to make our predictive
model. In here we have used the logistic regression
modelling technique. Logistic regression model predicts
the categorical output of employee staying or leaving.
The formulation below shows that we are predicting the
employee leave variable (vol_leave) (left side of
formula) with the selected set of predictors (right side of
formula).

Figure 8 - Distribution of test set predicted probabilities

Figure 6 - Used formulation

In here we used the cutoff as 0.5, probability above the
0.5 will consider as leave and probability below 0.5 will
consider as stay. To get an accuracy as a percentage we
have used the confusion matrix.

The variables having Pr value less than the .05 have
significant impact on the employee leave prediction. So
we should definitely include those variables in our
model. And also according to above output we can
remove some variables from the model as they have high
Pr value. This will help to simplify our model.
After simplifying we can build our final regression
model. And using it distribution of predicted leave
probability can be calculated as follow

According to this we were able to get 68% accuracy
level for current data set with our model. So using this
technique for all the employee probability of leaving is
calculated and given as the final output.
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CONCLUSION AND FUTURE WORK
Coming to conclusion, the main theme of this work is to
identify the employees who have a higher risk of leaving
the company. The paper gives an overview of different
sources that the researchers have used to do the
prediction of employee turnover and the final prediction
has been made combining each and every source.
Researchers worked on this topic and have come up with
the most influential factors (emails, call logs, Web
browsing history, HR data) that could have an impact on
the prediction of employee turnover. They have ignored
the factors that are not relevant to the prediction.
Future recommendations have multiple choices likewise
predicting the company that the employee will move
onto, the reason for leaving the current company (e.g.:
Salary issue, not interested in the work) and the probable
solutions to keep the employee within the current
company. If someone can come up with the above
factors within our proposed system, then the accuracy of
the system will increase rapidly and it will be much
more beneficial when it comes to the company side.
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