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ABSTRACT

‘ Data Analysis is the process of bringing order and structure to collected data. It turns data
' into information teams can use. Analysis is done using systematic methods to look for
trends, groupings, or other relationships between different types of data. Data
%visualization is the process of putting data into a chart, graph, or other visual format that
Ehelps inform analysis and interpretation. Data visuals present the analyzed data in ways

. that are accessible to and engage different stakeholders.

So this visualization can be done with any dataset(.csv files).We can select on any topic
we wish like | mentioned above. Here | had chosen a dataset which contains data on
Employee Burnout.

i’his dataset contains records of 2200 employees working in IT field. The dataset contains
lnformatlon like, Employee ID, Date of Joining, Gender, Company Type, WFH Setup

va:lable Designation, Resource Allocation, Mental Fatigue Score and Burn Rate.
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CHAPTER 1

INTRODUCTION

1.1 Introduction to the DATA ANALYTICS AND VISUALIZATION

Data Analysis is the process of bringing order and structure to collected data. It turns data
into information teams can use. Analysis is done using systematic methods to look for
trends, groupings, or other relationships between different types of data. ‘
Data Visualization is the discipline of trying to understand data by placingitin a visual
Context so that pattern, frends and correlations that might not otherwise be detected
can be exposed.

Python offers multiple great graphing libraries that come packed with lots of different
features. No matter if you want to create interactive, live or highly customized plots python
has an excellent library for you.

To get a little overview here are a few popular plotting libraries:

MATPLOTLIB: It is a multi-platform data visualization library built on NumPy arrays, and
designed to work with the broader SciPy stack. It was conceived by John Hunter in 2002,
originally as a patch to | Python for enabling interactive MATLAB-style plotting via gnu
plot from the | Python command line. )

SEABORN: Seaborn is a Python data visualization library;based on matplotlib. It provides
a high-level interface for drawing attractive and informative statistical graphics.

PLOTLY: Plotlib is the Python Library for interactive data visualizations.Plotlib allows you
to plot superior interactive graphs than either Matplotlib or Seaborn.

10
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1.2 Need for DATA ANALYTICS AND VISULIZATION

Data visualization is the practice of translating information into a visual context, such as
a map or graph, to make data easier for the human brain to understand and pull insights
from. The main goal of data visualization is to make it easier to identify patterns, trends
and outliers in large data sets.

Data visualization is one of the steps of the data science process, which states that after
data has been collected, processed and modeled, it must be visualized for conclusions
to be made. Data visualization is also an element of the broader data presentation
architecture (DPA) discipline, which aims to identify, locate, manipulate, format and
deliver data in the most efficient way possible.

1.3 INTRODUCTION TO PYTHON FOR DATA ANALYTICS

Python is a high level, dynamic programming language. Python3.4 version was
used as it is a mature, versatile and robust programming language. It is an interpreted
language which makes the testing and debugging extremely quickly as there is no
compilation step. There are extensive open source libraries available for this version of
python and a large community of users. Python is simple yet powerful, interpreted and
dynamic programming language, which is well known for its functionality of processing
natural language data, i.e. spoken English using NLTK. Other high level programming
languages such as R and Matplotlib were considered because they have many benefits
such as ease of use but they do not offer the same flexibility and freedom that Python can
deliver.

Pandas is an open-source Python Library providing high-performance data manipulation
and analysis tool using its powerful data structures. The name Pandas is derived from the
word Panel Data — an Econometrics from Multidimensional data. In 2008, developer Wes
McKinney started developing pandas when in need of high performance, flexible tool for
analysis of data. Prior to Pandas, Python was majorly used for data munging and
preparation. It had very less contribution towards data analysis. Pandas solved this

1"
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problem. Using Pandas, we can accomplish five typical steps in the processing and
analysis of data, regardless of the origin of data—load, prepare, manipulate, model and
analyze. Python with Pandas is used in a wide range of fields including academic and
commercial domains including finance, economics, Statistics, analytics, etc.

TR SR AT

Key Features of Pandas

o Fast and efficient Data Frame object with default and customized

i
(
i
0
&

indexing.
e Tools for loading data into in-memory data objects from different file
formats.
e Data alignment and integrated handling of missing data.
¢ Reshaping and pivoting of date sets.
o Label-based slicing, indexing and sub-setting of large data sets.
e Columns from a data structure can be deleted or inserted.
e Group by data for aggregation and transformations.
« High performance merging and joining of data.
e Time Series functionality.
Matplotlib is the most popular python plotting library. It is a low-level library with a Matlab
like interface which offers lots of freedom at the cost of having to write more code.
Key features of Matplotlib:
e Semantic way to generate complex, subplot grids.
» Settings the aspect ratio of the axes box.
e Colored labels in legends.
» Ticks and labels.
* RcParams can be passed as Decorators.

» 3D plots now support minor ticks.

Seaborn is a Python data visualization library based on Matplotlib. It provides a high-level

interface for creating attractive graphs.

12
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Seaborn has a lot to offer. You can create graphs in one line that would take you multiple

tens of lines in Matplotlib. Its standard designs are awesome and it also has a nice

interface for working with pandas data frames.

Key features in Seaborn
« Built in themes for styling matplotiib graphics.
» Visualizing univariate and bivariate data.
« Fitting in and visualizing linear regression models.
o Plotting statistical time series data.

e Seaborn works well with NumPy and Pandas data structures.

Plotly allows users to import, copy and paste, or stream data to be analyzed and

visualized. For analysis and styling graphs, Plotly offers a Python sandbox
(NumPy supported), datagrid, and GUI. Python scripts can be saved, shared, and
collaboratively edited in Plotly.

Key features of Plotly
e Charts
e Dashboards
o File Export
* App Manager
« Kubernetes Authentication
e Jobs Queue

e Snapshot Engine

13




CHAPTER 2

AIM AND SCOPE OF THE PRESENT INVESTIGATION

2.1, Alm:
To analyze and visualize the data using .csv or .tsv files and by using graphs to support
our analysis from a data set.

2.2. SCOPE:

Our brain too interprets information fast and best when received through graphical
processing. It makes complicated datasets easily understandable and comprehensible
through the medium of graphical and visual communication. The strength and scope of
data analytics and visualization is immense. To get full advantage of data analytics and
visualization, first you should know about the various modern approaches on scope of
data analytics visualization in the related fields.

In this project we are going to use a dataset named tain.csv file which contains the data
of employees with details such as, Employee ID, Date of Joining, Gender, Company Type,
WFH Setup Available, Designation, Resource Allocation, Mental Fatigue Score and Burn
Rate.
2.3. WHAT IS EMPLOYEE BURNOUT
Burnout strikes employees when they have exhausted their physical or emotional
strength. This usually occurs as a result of prolonged stress or frustration. Sometimes the
cause is the work environment. Stressful jobs, lack of support and resources, and tight
deadlines can all contribute to burnout. Other times, burnout has more to do with
employees' expectations of themselves or their personal circumstances.

» Burnout can manifest itself in a variety of ways, including the following:

o Frustration or indifference toward work

 Persistent irritability

« Anger, sarcasm, or being argumentative

14




e Exhaustion

s Absenteeism
All of these things can drain an organization's morale—as well as its wallet. Burned-out
employees can be costly in terms of productivity, and if burned-out employees quit, there
are the costs of replacement searches and training.

While burnout can't always be prevented, it can be managed. In order to effectively
manage employee burnout, people need fo

« Understand the reasons for burnout
« Find mutually agreeable solutions
« Rekindle employee motivation

When employees experience burnout, they often feel exhausted, cynical, and detached
from their work. They may also experience physical symptoms such as headaches,
insomnia, and increased susceptibility to illness. Burnout can also lead to decreased job
performance, reduced productivity, and increased absenteeism.

Burnout can occur in any industry or job, and it can affect employees at any level of an
organization. Itis important for employers to recognize the signs of burnout and take steps
to prevent it, such as providing adequate resources, promoting work-life balance, and
enc&uraging employees to take breaks and prioritize self-care.

15




CHAPTER 3

LITERATURE SURVEY

3.1. LITERATURE REVIEW:

[1] Title: Machine Learning Techniques for Stress Prediction in Working Employees.

(2]

Authors: U.Srinivasulu Reddy,Aditya Vivek Thota, A Dharun - 2020
Description:

Stress disorders are a common problem among today's IT professionals.
Employees are more likely to be stressed as their lifestyles and work habits change.
In this paper, we want to use machine learning techniques to analyze stress patterns
in working adults and narrow down the factors that have a strong influence on stress
levels.

Limitations:

» Less parameters used for stress prediction.

» Boosting algorithm is not suitable for real time application.
» Ready Tools used for stress prediction.

Title: Classification Algorithms based Mental Health Prediction using Data Mining.
Authors: Vidit Laijawala, Aadesh Aachaliya, Hardik Jatta, Vijaya Pinjarkar — 2020
Description: .

Mental health reflects a person's emotional, mental, and social well-being. It
affects the way people think, feel, and reactin a particular situation.Depression,social
anxiety, depression, compulsive mental disorders, substance abuse, work problems,
and personality disorders are all factors that contribute to mental health problems

leading to mental iliness.

Limitations:

> Small datasets are used, resulting in less accurate results.
> Data mining techniques are used to predict mental health.
> Massive amounts of data are required.

16




[3] Title: Predictive Analysis of Student Stress Level Using Naive Bayesian Classification
Algorithm .
Authors: Monisha S, Meera R ,Vijay Swaminath R, Dr. Arun Raj L — 2020
Description: ‘
Overall academic performance and social coercion have created a state of
psychological stress for students. The stressors that are often talked about should be
minimized to help students improve academically and socially, thus reducing health
problems such as headaches, spectacular wear, and so on.
Limitations:
> This concept predicts stress of only college students, can’t be applicable for

£
3
|
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i

working employees.
> Algorithms used here takes more time processing.

» Less efficient results.

[4] Title: Research on the College Students Psychological Health Management based on
Data Mining and Cloud Platform.

Authors: Fang Li

Description:

College students’ psychological problems have become increasingly visible in recent

years, and it is difficult to meet their needs due to a lack of high-quality resources in

mental health education. In this papér, author explores mental health management for
college students using data mines and cloud platform .
Limitations:
> Applicable for education sector not for corporate world.
> This concept predicts stress of only college students, can't be applicable for
working employees.
» Less parameter used in the project.

17




CHAPTER 4

EXPERIMENTAL OR REQUIREMENTS AND METHODS

4.1.SYSTEMSPECIFICATION

Hardware Requirements
— Intel Core processors or any AMD chips.

1. Processor

2. RAM - 1GB

3. Hard Disk — 40GB

4. Operating System — Windows 7 and above

Software requirements
1. Jupyter notebook (anaconda 3) or Google collab.

2. Python 3 or latest version.

4.2. PROJECT DESCRIPTION
We are going to analyze the data of Employee Burnout which contains information like

Employee ID, Date of Joining, Gender, Company Type, WFH Setup Available, Designation,
Resource Allocation, Mental Fatigue Score and Burn Rate. We have got this dataset from

Kaggle. We are going to analyze the information using Linear Regression in this

dataset and try to present in a visual manner using different libraries in-python
programming language like numpy, pandas, matplotlib and seaborn.
4.3. LIBRARIES USED
We will generally be working on this project using the standard libraries such as:
e Sklearn
e Pandas
e Matplotlib

e Seaborn
Sklearn is the root important library from which we are going to import and make

use of the algorithms or the metrics or the train_test_split for making predictions using the

model generated using thee.

18



Pandas is the standard library one would be dealing with while doing a machine
learning project. As | have mentioned above that | will be using the data set which is
stored in an excel file, we can use pandas to read the excel file.

Similarly we will use Numpy to make use of the numpy arrays, while we are
calculating the errors or handling the data of some kind.

Matplotlib is one of the major necessities as we are going to use it for creating plots
and to analyze our predictions based on that.

Seaborn is also a library used for visualizing the data using the plots. It was my
personal opinion to choose this library out of other visualizing modules and libraries
present. Moving forward there may be some other libraries that are used offhand but all
serve for the same use.

We will break down more about the libraries and their usage once we start using them |
will try to describe that particular usage and its overall description too once we get into
the coding part.

As we have seen that the above are the necessary libraries which we will import as full

but for some we will only import the necessary modules (just to have a huick knowledge
of exaclly what modules we will be using).

We will import a few specific functions and algorithms from modules of Sklearn library,
they are namely:

e frain_test_split from model_selection module of sklearn

o firom sklearn.linear_model import LinearRegression

o metrics module of sklearn

Model_selection is a method for setting a blueprint to analyze data and then using
it to measure new data. Selecting a proper model allows you to generate accurate results

19
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when making a prediction.

train_test_split is a function in sklearn model selection for splitting data
arrays into two subsets: for training data and for testing data.

With this function you don't need to divide the dataset manually. By
default, sklearn train_test_split will make random partitions for the two subsets. However,
you can also specify a random state for the operation.

=>» Linear Regression

Linear Regression is a linear model that assumes a linear relationship between input
variables(independent variables ‘x’) and output variable(dependent variable-'y’) such
that 'y’ can be calculated from a linear combination of input variables(x).For single input
variable, method is referred to as Simple Linear Linear Regression whereas for mulitiple

input variables it is referred to as Multiple Linear Regression.

FIG 4.1 Describes the code to implement all the mentioned libraries.

In [1]: M dimport numpy as np
import pandas as pd
import matplotlib.pyplot as plt
from sklearn.model_selection import train_test_split

Fig 4.1: code for importing libraries
We will go deeper into the uses of all the libraries and modules mentioned above as
we go through the coding phase.

4.4 Importing the data set from .csv file

As we discussed earlier we will import the data set which was saved in csv (.csv
extension). We will use pandas fo do it, | will use two different dataframe to import data
set into. One for the dataset used for training, testing, model and predictions and the
other for visualization. Fig 4.2 will show the code to import an excel file into a pandas
dataframe.

20




W (2]t M df = pd.read_cav(r'ci\usors\1shitanoe 1 a\p i s’
df.head(s) umont e\profect\tratn.cav')

Out(2):

Empleyes D iy Qender  Compuey Y istonly Designstion Anoamion Vemdlbotwes e
0 Ma32003000300033003200 30.00.00 Femalg Borvice o 2 20 3 om
1 M03700300033003600 304108 Mol Sorvkca - ' 70 0 "
2 Med1003300320037003000 10.03.00 Femalo Pioduet Yoy 7 tiats LX] 049
3 Mel2003400300032003000 03-11.00 Welo Detvice ‘(as 1 10 29 7
4 Me31003900340031003600 24.07.00 Femala Bervico ™ 3 70 59 2

In {3]: MW df.shape
out(3): (22750, 9)

Fig 4.2: code for importing data set

4.5 Data Pre-Processing
Data processing or data handling is one of the important steps needed to be taken before
using the data front he given data set. Data processing is the task of converting data from
a given form to a much more usable and desired form i.e. making it more meaningful and
informative. Using Machine learning algorithms, mathematical modeling, and statistical
knowledge, this entire process can be automated. The output of the process can be in
any desired form like graphs, videos, charts, tables, images, and many more, depending
on the task we are performing and the requirements of the machine.
The classic steps for data processing are as follows:
e Collection
e Preparation
e Input
e Processing
e Output
e Storage
Collection:
The most crucial step is to have the data of good quality and accuracy. The data
we will be using is collected from UCL dataset for airfoil self-noise. Good data ensures

that the results of the model are valid and can be trusted upon.

21
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Preparation:
The collected data can be in a raw form which can't be directly fed to the machine.

So, this is a process of collecting data sets from different sources, analyzing the data sets
and then constructing a new data set for further processing and exploration. This
preparation can be performed either manually or from the automatic approach. Data can
also be prepared in numeric forms also which would fasten the model’s learning.

For this preparation we have to first check for null values, for our self-noise data
set we are lucky that we do not have any null values.
We can also see the data frame in a more detailed way in two different ways but he
commands which is shown in fig 4.3 such as data.head() - which will just give us the
generic top values of every column in the data set.

df .head(5)

out[2]:
Resowrce Mental Fatigue Bumn
Score

Employee ID z‘"‘;n‘;’ Gender o WPH Setup Designadon Faronss B
0 fMe32003000360033003200 300008 Female Service No 2 30 28 018
1 e3700360033003500 301108 Male Service Yes 1 20 50 038
2 e31003300320037003600 100308 Female Product Yes 2 NaN 58 049
3 Me32003400380032003900 031108 Male Service Yes 1 10 28 020
4 e31003900340031003600 240708 Female Service No 3 70 89 0s2

In [3]: MW df.shape
out[3]: (22750, 9)

Fig 4.3 - Describing data.head()

Example for preparing the data if you had null values or other irrelevant data entries in
the data set, fig 4.4 and 4.5 describes the code for the data prep work for null values:

| have encountered a scenario for another data set where they had to remove the null
values, or there were some other values entered in the data instead of null values like “?”
and we had to replace those with null values and finally remove those null values. Firstly
| have dropped the missing values in the burn rate column and filled the missing values
in resource allocation and mental fatigue score columns with its mean values. We can
replace the continuous variables into some integer type if those variables are finite, like

in the below example fig 4.6, for the gender and WFH available column | have done binary

encoding by changing them into 0's and 1's.

22
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In |6): N #Checking the null items
df.isna().sum()

Out[6]: Date of Joining ]
Gender [}
Company Type ]
WFH Setup Available [}
Designation 0
Resource Allocation 1381
Mental Fatigue Score 2117
Burn Rate 1124
dtype: int64

In [7): M #Dropping rows with missing vales|
df = df.dropna(subset=[ ‘Burn Rate'], axis=e).reset_index(drop=True)
df.shape

out[7]: (21626, 8)

In (8): M #Filling the remaining columns missing values with median
df = df
for col in ['Resource Allocation’, ‘Mental Fatigue Score']:
df[col) = df[col].fillna(df[col].median())

In [9]: M df = df.drop('Date of Joining', axis=1)

df.head()
out[9]:
Gender Company Type WFH Setup Avallable Designation Resource Allocation Mental Fatigue Score  Burn Rate
0 Femae Service No 2 30 38 0.18
1 Mae Semvice Yes 1 20 50 038
2 Female Product Yes 2 40 58 048

Fig 4.4: Example code for the prep-work of data set with null values

In [18]): M df.isna().sum()

out[10]: Gender

Company Type

WFH Setup Available
Designation

Resource Allocation
Mental Fatigue Score
Burn Rate

dtype: inté64

OO0 ®

In (11): M #Binary encoding
df("Gender'] = df('Gender'].replace({ Female’ : 1, 'Male' : 0}) bt
df[*Company Type'] = df[‘Company Type'].replace({ Product’ : 1, 'sefvxce 0?)
df['WFH Setup Available'] = df[ 'WFH Setup Available’].replace({'ves' : 1, ko’ : o})

In [12): M df.head()

S Gender Company Type WFH Setup Available Designation Resource Allocation Mental Fatigue Score  Bum Rate
o 1 o 0 2 30 a8 0.18
1 0 ] 1 1 20 50 038
2 1 1 1 2 4.0 58 049
3 [} o 1 1 10 26 020
4 1 ] L] 3 70 89 os2

Fig 4.5: Example code for the prep-work of data set with null values

Input:
Now the prepared data can be in the form that may not be machine-readable, so
to convert this data to the readable form, some conversion algorithms are needed. For

23
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this task to be executed, high computation and accuracy is needed.

For our self-noise data set we will now divide the dataframe into two parts, one
with all the columns we know of the data to the other with the column of values for which
we have to make the prediction. As stated in chapter 4.3 there are 7 columns in which the
first six describe the means of the burn rate and for the last column we have to predict

the values.

in {13): W ssplitting df into X and ¥
y = af(‘Burn Rate')
x = df .drop('Purn Rate’, axissi)

strain_test <plit
x_train, x_test, y_train, y_test = train_test_split(x, y, train_size=0.2, shutflesfrue, Pandom statest)

x_train, x_test, y_train, y_test

ut[13): ( Gender Company Type WFH Setup Available Designation 1\
2426
16517
3341
27
15528
12216
14273
17363
6126
7918
20261
13487
11058
8107
1019
14261
14179
J0%8
10502

- - - R = -~ I W -
VW RERNNNN =AM ND B W

PR OO~ ONO O M= me S
“000000000O~~NO0000CO

Fig 4.6: code for splitting dataframe into two parts based on the column values

Processing:

In this stage, results are procured by the machine in a meaningful manner which
can be inferred easily by the user. Output can be in the form of reports, graphs, videos,
etc. We will go through this phase in the next part.

24
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CHAPTER 5
RESULT, PERFORMANCE ANALYSIS

5.1. RESULT:
We have successfully analyzed the data set and predicted the bum rate of the employees

using Linear Regression. Then we successfully done Data Visualization using seaborn.We

have plotted the graphs in different formats like scatter plots.

5.2. PERFORMANCE ANALYSIS:
Performance analysis is the technique of studying or comparing the performance of a

spedific situation in contrast to the aim and yet executed. In Human Resource,
performance analysis can help to review an employee's contribution towards a project or
assignment, which they allotted him or her.

We distinguish three basic steps in the performance analysis process: data collection, data
transformation, and data visualization. Data collection is the process by which we get data

about program performance from an executing program.
I'had used countplot technique to count the values from data and plot the stripplot

techniques to plot the graph in scatter graph.
Save fig is also a method to save the plotted graphs to our files.

Figsize can be used to present the graph in a particular size we need.

5.3 Splitting data for training and testing
As already discussed in chapter 4.3, we will use train_test_split that is imported from the

Mmodel_selection of sklearn library. We have already discussed about the model_selection
Module and its use, now we will understand about the train_test_split function:

Sklearn train_test_split has several parameters. A basic example of syntax will
look like: | train_test_split(X, y, train_size = 0.%, test_size = 0.*, random_state = *)].

» X, y-itis the dataset you are selecting to use.
s train_size - this parameter sets the size of the training data set. There are

three options: None - which is default, Int - which requires exact number of
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samples and Float - which ranges from 0.1 to 1.0.
test_size - this parameter specifies the size of the testing data set. The
default state suits the training size. It will be set to 0.25 if the training size is

set to default.
random_state - the default mode performs a random split using np.random.

Alternatively, you can add an integer using an exact number.

As shown in fig 5.1, | have preferred to keep the train_size to be default and the
test_size to be 0.2, so that it will split the data set into that ratio so that | can get accurate

predictions and also preferred to keep the random_state to 1. You can see the shapes of

the train and test data set in the result of the fig 5.1.

In{13]: M

asplitting df into X and ¥
y = df{'Burn Rate’]
x = df.drop( ‘Burn Rate', axis=1)
#Iroin_test split
x_train, x_test, y_train, y_test = train_test_split(x, y, train_size=d.2, shuffle=True, random_statez1)
x_train, x_test, y_train, y_test
out{13]: ( Gender Company Type WFH Setup Available Designation \
2426 [¢] -] 1 3
16517 1 2] [} 2
3341 1 [¢] o 3
270 1 (5] 0 a
15528 0 0 1 o
12216 1 [:} 1 2
14273 1 1 0 1
17363 1 1 1 2
6326 ] 0 [:] 4
7518 2] (-] 1 1
20961 1 e 1 2
13487 [ e 0 2
11058 1 2} 1 2
8107 -] o 4 2
1019 [:] ] 1 1
14261 1 [ 1 5
14179 1 (] 1 1
7098 b | (-] e 3 -
TQlaR a2 7! - s o 717 e i -

Fig 5.1: code for splitting the dataset into training and testing.

5.4 Linear Regression
Linear regression is one of the easiest and most popular Machine Learning
al method that is used for predictive analysis. Linear regression

algorithms. It is a statistic
or numeric variables such as sales, salary, age,

makes predictions for continuous/real

product price, etc.
Linear regression algorithm shows a linear relationship between a dependent (y) and one
s, hence called as linear regression. Since linear

or more independent (y) variable
which means it finds how the value of the

regression shows the linear relationship,
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dependent variable is changing according to the value of the independent variable.

The linear regression model provides a sloped straight line representing the
relationship between the variables. Consider the below image:

i

dependent Variable

Y

independent Variables X

2 y=aptax+ €
Here,
- Y=Dependent Variable (Target Variable)
X=Independent Variable (predictor Variable)
a0= intercept of the line (Gives an additional degree of freedom)
a1 = Linear regression coefficient (scale factor to each input value).

€ = random error
The values for x and y variables are training datasets for Linear Regression model

_ representation.

5.5 Fitting the algorithm and making predictions
To fit the LinearRegression algorithm to the model we can simply do as shown in

fig 5.2, and similarly to make the prediction using the model, do as shown in the same fig.

In [16): M from sklearn.linear model import LinearRegression
emp = LinearRegression()
emp. (1t(x_train, y_train)

@A[16): LinearRegression(copy X=True, fit_interceptaTrue, n_jobs=hone, normalizeFalse)

In [37}: N y_pred = emp.predict(x_test)
ypred

(1] array([0.15613834, 9.52053132, 0.42575767, .-
0.23077881])

.. 9.83184977, 9.14814539,

Fig 5.2: code to demonstrate fitting the algorithm to the model.
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As instructed above the resulting array of the code for values prediction is shown in fig

5.3

tn[17]: M y_pred = emp.predict(x_test)
y_pred

array([0.15613814, 0.52853132, 0.42575767, ..., 0.831848/7, 0.14814619,
0.23077081}))

Fig 5.3: Resulting array of predictions made

5.6 Checking for Errors
Errors are one of the ways to get an idea of how we have performed till now when

compared to the initial values.
As part of the project we were asked to find out Mean Squared Error. And these can be

found easily using the metrics module which is imported from skleamn library.

Here as shown in fig 5.4, we can see from the documentation which function to be

used to find Mean Absolute Error and Mean Squared Error respectively.

in [0]: M from sklearn.metrics import mean_squared_error
mean_squared_error(y_test, y_pred)

17 0.00508859669854793
M print(‘Mean squared error: X.2f°
% mean_squared_error(y_test, y_pred))

Mean squared error: 0,01

Fig 5.4: Calculating the Mean Squared Error

5.7 CaIcuIating the Coefficient of Determination (R*2 Score)

M from sklearn.metrics import r2_score
r2_score(y test, y_pred)|

9.870%6519190896%9

J© M oprint(roeféjclent of determination (R*2 Score)r Z.of°
% r2_store(y_test, y_pred))
Coefficient of determination (R*2 Score): 0.87

Fig 5.5: Calculating the R*2 Score
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Here we have obtained 87% accuracy which is considered as a very good precision

value, also we have to state that data set and data splitting (test and train data) plays a
huge role in making good predictions.

Why does a model improve with more data? The best way to answer this is to think in
terms of how humans learn. We increase our knowledge of the world through
experiences, and the more times we practice a skill, the better we get.

As we used a machine learning technique, a machine learning model also “learns from
experience” in the sense that each time it looks at another training data point, it learns a
litle more about the relationships between the features and labels. Assuming that there
are relationships in the data, giving the model more data will allow it to better understand

how to map a set of features to a label.

For our case, as the model sees more observations of factors that cause burn-rate, it
better understands how to take those observations and predict the employee burnout.

Practice improves human abilities and machine learning model performance alike.

5.8 Data Visualization using Matplot and Seaborn.

In [23]: M sns.distplot(df{'Burn Rate'])
0ut[23]: <matplotlib.axes._subplots.AxesSubplot at ex2edebbibgsde>
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Fig 5.6: Plot of Burn Rate
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In [24): M sns.scatterplot(x=df['Mental Fatigue Score'], y=df[ Burn Rate’])

out[24]: <matplotlib.axes._subplots.AxesSubplot at 0x20debc74630>

10 : penae
08 H -
i
2 o6 e
L4
1S
o 04
02 H
00 SSEEN : |
0 2 4 6 8 10 ;
Mental Fatigue Score
Fig 5.7: Scatterplot of Mental fatigue Score and Burn Rate
|

In [25]: M sns.scatterplot(x="Resource Allocation", y="Burn Rate", hue="Gender", data=df, linewidth=0.8)

0ut[25]: <matplotlib.axes. subplots.AxesSubplot at @x2edebcfcsf8> |

10 Gender ®
e 0
08 e 1
2
5 06
(4
g
& 04
02
00

2 4 6 [} 10
Resource Allocation

Fig 5.8: Scatter Plot of Resource Allocation, Burn Rate and Gender
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n [26): M sns.relplot(xz"burn Rate”, ye“Mental Fatigue Score”, hues"ufv Setup Available”, datazdf)

({26 <seaborn.axisgrid.Faceterid at 0x20deb9ane1o;

W Setup Avalable
e U
L |

Mental Fatigue Score

Q0 oz ca 06 oe
Bum Rate

10

Fig 5.9: Scatterplot of Mental fatigue Score, Burn Rate and WFH Setup Available
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CHAPTER 6

SUMMARY AND CONCLUSION

techniques and imported different type of libraries
latform to implement the libraries and packages.

kaggle which contains data related Employees
ed the burn rate of

We have used all type of python
~ from python and used the juypiter p

| have selected the data set from
rinformation. We had even visualized and compar

. the employees. These all analytics and visualizations are done using python and
. python imported packages We have used matplotlib, seaborn, plotly, numpy, pandas
and many other types of visualization techniques using Python in Jupyter Notebook

4 (Anaconda 3) Software.

. getails and thei

e

_ We can conclude that all the different type of analytics and visualizations are shown

thrOugh Python techniques. We have illustrated the .csv file which contains the data
of Employees burn out. We have used different type of packages that are imported

ented them to visualize the data set. We can use any type

from Python and implem
mation in the formats we like

of data set and even .tsv files to data visualize the infor!

using Python.
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A. Source Code

jmport numpy as np
import pandas as pd

import matplotlib.pyplot as plt

from sklearn.model_selection import train_test_split

df = pd.read_csv(r'C:\Users\Ishita\Documents\Project\train.csv')

df head(5)
df.shape

df.info()
#Dropping the emploee ID Column

df = df. drop('Employee ID', axis=1)
#Checking the null items

df.isna().sum()
#Dropping rows with missing vales
df = df.dropna(subset=['Burn Rate'], axis=0).reset_index(drop=True)

df.shape

#Filling the remaining columns missing values with median

df = df

for col in [Resource Allocation’, 'Mental Fatigue Score]:
df[col] = df[col].fillna(df[col].median())

df = df.drop(‘Date of Joining', axis=1)

df.head() -

df.isna().sum()

#Binary encoding

dffGender] = dff'Gender].replace({'Female' : 1, 'Male' : 0}) .

dg'}())ompany Type'] = dff'Company Type'].replace({Product’ : 1, 'Service'

%[WFH Setup Available] = dff WFH Setup Available.replace({'Yes" : 1.
0': 0})

df.head()

#Splitting df into X and Y

y = df'Burn Rate']

X = df.drop('Burn Rate', axis=1)

#Train_test split

X _frain, x test y_train, y_test = train_test_split(x, Y, train_size=0.2,
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shuffle=True, random_state=1)

x train, x_test, y_train, y test

x_train

y_train .

from sklearn.linear_model import LinearRegression

emp = LinearRegression()

emp.fit(x_train, y_train)

y_pred = emp.predict(x_test)

y_pred

from sklearn.metrics import r2_score

r2_score(y_test, y_pred)

print(‘Coefficient of determination (R*2 Score). %.2f
% r2_score(y_test, y_pred))

from sklearn.metrics import mean_squared_error

mean_squared_error(y_test, y_pred)

print(Mean squared error: %.2f

% mean_squared_error(y_test, y_pred))
import seaborn as sns

%matplotlib inline

sns.set(color_codes=True)

sns.distplot(df['Burn Rate'])

sns.scatterplot(x=df[' Mental Fatigue Score'], y=df[ Burn Rate')
sns.scatterplot(x="Resource Allocation", y="Burn Rate", hue="Gender",
data=df, linewidth=0.0)

sns.relplot(x="Burn Rate", y="Mental Fatigue Score", hue="WFH Setup
Available", data=df)

sns.scatterplot(x="Resource Allocation", y="Burn Rate", hue="Gender",
data=df, linewidth=0.0)
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g. Screen Shots
Fig no.6.1: Importing libraries and dataset

Fio Cad Vew trvseny Coll Koot Wobgots Hog
’

s+ 2 OB 4 % NRD B C W o i

In (13 M disport nuspy as np
pandas as pd
import matplotlib.pyplot as plt
from sklearn.model_selection import tradn_test_splft

n{2]: MW df = p(l‘road_(w(l"(:\Llwrs\lshil.l\llctumﬂu(R\I’l’(h]r(l\lr.\l",(._v')
df .head(s)

out{2f:
To— Oateol g0 “'"“"'w» WEHSOD oo Botoutce  tantsProgue  Bum

0 mc32003000360033003200 300003 Femate Servce Mo 2 0 )
1 me3700360033003600 WD Nse Senice Yes ' 20
2 me21003300320037003600 100308 Femate Product Yes. 2 Pty
3 #c32003400350032003600 031109 twe Servee Yes ' to m om
4 Med1003B00340031003600 240700 Femae Semce Mo 3 10 5% 952

R
> 5
° o
$ =

(1) W df.shape
Qut{i]: (22750, 9)

10 [a): M df.info()

<«class ‘pandas.core. frame.DataFrane's
RangelIndex: 22750 entries, 0 to 22749

Data columns (total 9 columns):

E=ployee 1D 22750 non-null object

Date of Joining 22750 non-null object

Gonder 227506 non-null object

Companv Tvoe 22750 non-null obiect A

. T—
Fig.no.6.2: Example code for prep-work and filling up null values
B3 View  men  Cot  Komel  Wagels Ko 7 AFpmeRo
Lot 0 2R A R B C W v &

In [5]: W #0rogping the emploec 10 Cotusn
df = df.drop( Eaployee 107, axisel) i

Infej: W shecking the null itess §
df.isna().sua() J

“2(4]: Date of Jofning 0 4

Gender o i
Company T o
WM Setup Available 0
Besignation 0 3
Resource Allocatfon 1381 f
Mental Fatigue Score 2117 3
Burn Rate 1124 d
dtype: intos

7Y W soropping rows with wissing vales
df = df.ar subsete[ ‘Burn Wate ], axised).reset_index(dropsTrue)
opnal {

4f .shape
Tl (21626, 8)

118l M @ it remtning colums missing values @ith medion
daf o of
for (o] 3 [“Resurce bilocation', “Mental tatigue Scove’ i
df[col] = df|col].4311na(dé[col .median(])

10 09)s M oof = of,drop( tate of Juining’, axiss))
af .hean( )

Ouader Company Typs WFN Sewn Avadable """“':'J“""“‘:‘:L_":“J:""‘"
2 30
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Fig no.6.3: Result for the prep-work of dataset with null values

¢ [or Vew  teel  Col Kemel  Widpetw Mg
/ | o
&+ 2> G % 4 ¢ NRn B C W (o v o@
dffcol) = df[col).Fillna(df[col |.median())
to (9] W o€ a df drop("0ate of Joindng’, axisel)
df .head()
outfa):
Gender Company Type WFH Setup Availsble Designation Resource Allocation Mentat Fatgue Score Bum Rste
0 Female Senve No 2 20 38 o
1 e Servee Ves ' 20 60 0%
1 Femaie Product Yes 2 40 68 04y
3 Mae Senvee Yes ' 10 76 070
4 Fee Servxe No ) 10 X 082
) W dfisna(). sum()
wif10]: Gender 0
Company Type [}
WEH Setup Availadle 0
Designation 0
Resource Allocation 0
Mental Fatigee Score o
Burn Rate 0
dtype: intéd
n (1] R =dinsry encoding
df|'Gencer’] & df[“Gender').replace({ Feaale® : 1, ‘rale’ : 0))
Of[ Company type') = of|"Corpany Type’ )oreplace((‘Product’ : 1, “service' : 0))
of[ 'wie Setup Avallable’) = df["win Setup availabie’].replace({ ves' : 1, "no’ : 0))
o [12]: M df.head()
wtf 12 T
Fig no.6.4: Splitting the dataset into two subset
Fre £6! Ve  msen Ot Kemel  Waigels  Help Tns p [Pyewn) O
T4 0 OB A Y HRn W C B Cox v o= .
In {1a]: W x_train
outfia):
Gendsr Company Type WFH Setup Available Oesignation Resource Allocagon Menta) Fabigue Score
s o 3 1 3 a0 89,
16817 ' 0 0 2 60 82
3341 1 [ o 3 49 b
m 1 0 0 N o 12
sz [} 0 1 0 20 48 J
12216 1 o 1 2 i 0 :
wmn 1 1 o ' 29 A
17343 1 1 1 2 s¢ 9
[ ° 0 ° 4 L 2
7618 0 0 ' 2 20 2
20361 1 0 ' 2 49 -
13687 [ [ 0 ? 49 ot
1058 1 0 ' z an N
no o ) o ? 89 b
101 0 0 1 ' 30 bt
14261 ) 0 ' 6 80 £
wny ' 0 ' ' 28 b
708 ' ° 0 s AN i
19808 0 ' ' 4 a0 s
10 a
7630 ' ° ' ' oo
Seaa . o L] » A
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SR 4 $ ML R Co» -

M oy train
2026
w7
pEx1} 0,50
i 0.69
19578 0.1

1206 050
1273 0,19
178 o.a1
6316 o.n
Hls o
098) 0.481
187 0,67
11058 0.
ne? 0,88
e (A1 &)
JETLS SN A)
a1 0.0
s 0.2
19508 0.2%
M 0.30
252 0.54
1w on
Ty Q.50
14592 0.482
18279 0.5?7

003 .23
S8 0.19
16950 0.00
1222 0.60
Rt 0,70
FEPES Y 0.4

+ 0 2R 4% NRn B C »

2] W ef.bead()

Gender Company Type WFH Setup Available Designation Resource Allocation Menwal Fasgue Score Bum Rate

o 1 ) [ 2 30 s 018
s 0 0 1 1 20 60 03
2 1 1 1 2 a0 58 049
3 o 0 1 1 10 28 020
4 1 0 [ 3 70 (1) 062
) M ssptitting df into X and v
Y ¥ of("eurn Rate')
x = df .drop(“burn Rate’, axis=1)
eTrgin_test split
x_train, x test, y train, y_test s troin_test_split(x, y, troin_sizeso,2, shufflestrue, random statesi)
x_traln, x_test, y_train, y_test
e,
( Gender  (ompany Type WFH Setup Available Designation \
2410 o 0 1 3
1537 ? 0 0 2
3343 3 0 0 3
o 3 ] 0 a
9578 0 0 1 4
1016 3 o 1 ?
14373 fl ] L 1
s ' 3 1 a
i o [ v .
7l 0 o ! 1
yen | 1 o 1 4
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Fig.n0.6.5: code to demonstrate fitting the algorithm to the model

. e p 7R 4 4 Wi BCH

x

trom sklearn, linear mulel import (inearfiogrensjon
| cep ¢ Linearogression
enp, (AL (X train, y train)

LinearRegression(copy_XeTrue, (iU (nteveepletriue, o jobostemn, rawmal|ief ales;

x

y pred e cmpprediot(x Lest)
y_pred

areay ([0 15011808, Q500500 0,42975767, 4.0y ©.B1IBAYY/, ©.3201 4005
0.2:027081))

from sklearn.maotrics Lmport r2 score
2 scoroly \est, y pred

0. 870309 191905%059

N prim( Hicient of deteraingtjon (2 Store)s .2
% r2 score(y_test, y_pred))

coefficient of determination (R*2 Score): 0.87

x

érom sklearn,metrics import mean_squared_error
mean squared_error(y_test, y_pred)

0.0050885%6096%4793
| ij: W priet( ean squared error; 8.2
| % mean_squared_error(y_test, y_pred))

“ean squared error: 0.01

Fig no.6.6: Plot of Burn Rate

M sns.distplot(df['Burn Rate’])
|: <matplotlib.axes. subplots.AxesSubplot at ox20debb1b8de>
200

175

150
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. no.6.7: Scatterplot of Mental fatigue Score, Burn Rate a
Fig no Available 9 WFH Setup

s M sns.relplot(x="Burn Rate”, y="Mental Fatigue Score", hue="WFH setup Available®, datasdt)
AL Rl
(126): <seaborn.axisgrid.Facet6rid at ox20deb9ase1o>
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Fig no.6.8: Scatter Plot of Resource Allocation, Burn Rate and Gender

V| sns.scatterplot(x="Resource Allocation" ) Y="8urn Rate", hue="Gender", data=df, linewidth=0.p)

0A[s): @atplotlib.aves. subplots Axessubplot at exzedebccsfay
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Fig no.6.9: Scatterplot of Menta| fatigue Score and B
urn Rate

in {a)s W sns.scatterplot(x-df["Mental Fatigue Score'], yutf['gum pat )
, - i

out{24): (matplotlib.axes._subplots.AxesSubplot at ex20debc7461py
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