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ABSTRACT

Physical and psychological illness are important for people in their daily life.
If people face risks, conflicts and difficulties, they suffer from psychological illness
problems such as depression, bipolar disorder, schizophrenia, and anxiety.
Psychological illness professionals ask the patient concerned with the present
conditions (risk and symptoms) and mood or feelings. So, the patients caused with the
risks or symptoms are classified (psychological illness Yes or No) according to their
cases. There are many techniques of data mining applied for performance of many
application areas. This system contributes to classify psychological illness by using
one of Data mining techniques, Naive Bayes and to test performance result with
Random Split Test, K-Folds, Test and Unlabeled Test. The system’s performance is

evaluated in terms of average accuracy is over 80%.
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CHAPTER 1
INTRODUCTION

In Data mining, there is a variety of techniques to identify suggest of
information or decision-making knowledge in the database and extracting these in a
way such as decision support, and predictions. In the late of 1960s, model-oriented
decision support system became practical. Decision support system is to help complete
decision makers with managerial decisions based on personal intuition and experience.
Naive Bayes classifier is based on Bayes theorem. This classifier algorithm used
conditional independence, means it assumes that an attribute value on a given class is
independent of the values of other attributes.

Psychological illness, called mental health disorder, is the feelings, thoughts and
behavior in mind. Psychological illness concern when ongoing conditions and
symptoms cause frequent stress and affect the ability of people to function. A mental
illness can make the user miserable and can cause problems in your daily life, such as
at school or work or in relationships. People join and take the help of Mental Health
professionals and mental health professionals ask their conditions. In this system, the
patients are classified that he/she suffers or not mental health based on the patients’

answers with the mental conditions using Naive Bayes.

1.1 Objectives of the Thesis
The objectives of the thesis are as follows:

» To study the concept of decision support system

» To aware the psychological illness is very important for the health of people

* To know one of the machine learning techniques (supervised machine learning)
* To learn Naive Bayesian Classification algorithm

» To evaluate the performance of the system with accuracy, precision, and recall

1.2 Contributions of the Thesis

The system is developed to classify mental or psychological illness acting upon
thoughts and mind of people. Two mental health datasets are used for the thesis and

datasetl: 159 instances are used for this system from Kaggle.com. 159 instances of



Mental Health are described as dataset, 27 attributes: questions, and Prediction_status:
Class (Yes) or (No) and dataset2: 1147 instances, 21 attributes and Prediction_status is
same. The system displays the accuracy result of whether the disease causes or not

accuracy result is calculated.

1.3 Motivation of the Thesis

Everyone has difficulties. People have much stress between families, friends,
other relationships and in workplaces, universities, environments, in their daily lives.
These stress makes them illness and diseases in their mind. They join to doctors or
professionals for psychological illness. When doctors and professionals are absent, or
travel, the patients have difficulties. So, the system is proposed to help and to solve
their difficulties. This system is developed by using Naive Bayes and, system
performance is measured with accuracy (%) of Random Split Test, and K-Folds Test.

Finally, accuracy result is displayed with table and bar chart.

1.4 Organization of the Thesis

This thesis is organized into five chapters, abstract, acknowledgment and
references.

The classification of psychological illness system is introduced in chapter 1.
Objectives, contribution, motivation and organization of thesis are described in this
chapter.

The psychological illness disease, symptoms of disease, KDD process in Data
Mining, data mining concepts, data, information, knowledge, data mining techniques,
and Naive Bayes Classifier in chapter 2.

The model of classification is explained in detailed in chapter 3. First of all,
classification and prediction, comparing classification methods, classification methods,
data collection, and data preprocessing are explained.

Design and implementation of classification of psychological illness are
presented in chapter 4. The system overview design, two datasets with attributes are
described with tables in this chapter. And, the implementation for the proposed system
is explained with Graphical User Interfaces details. Also predicting a class label by

using Naive Bayes classifier.



As the conclusion, advantages of the system and further extensions that propose
some improvements which could be made are presented in chapter 5. Finally, the

experimental results are shown by charts and tables in this chapter.



CHAPTER 2
BACKGROUND THEORY

This chapter presents what is psychological illness, and its common symptoms.
As background theory, Data Mining’s concepts, the importance of data, information,

and knowledge, Data Mining’s techniques, and Naive Bayes classifier are explained.

2.1 Psychological Illness

Psychological illness or Mental illness, also called mental health disorders,
refers to a wide range of mental health conditions — disorders that affect your mood,
thinking and behavior. Examples of mental illness include depression, anxiety
disorders, schizophrenia, eating disorders and addictive behaviors. Many people have
mental health concerns from time to time. But a mental health concern becomes a
mental illness when ongoing signs and symptoms cause frequent stress and affect your
ability to function. A mental illness can make you miserable and can cause problems in
your daily life, such as at school or work or in relationships. In most cases, symptoms

can be managed with a combination of medications and talk therapy (psychotherapy).

2.1.1 Common Symptoms of Psychological IlIness

Signs and symptoms of mental illness can vary, depending on the disorder,
circumstances and other factors. Mental illness symptoms can affect emotions, thoughts
and behaviors. Examples of signs and symptoms include:

e Feeling sad or down

e Confused thinking or reduced ability to concentrate

e Excessive fears or worries, or extreme feelings of guilt

e Extreme mood changes of highs and lows

e Withdrawal from friends and activities

e Significant tiredness, low energy or problems sleeping

e Detachment from reality (delusions), paranoia or hallucinations

¢ Inability to cope with daily problems or stress

e Trouble understanding and relating to situations and to people

e Problems with alcohol or drug use

e Major changes in eating habits



e Sex drive changes
e Excessive anger, hostility or violence

e Suicidal thinking

2.2 KDD Process in Data Mining

Interpretation/
Evaluation

Knowiedge

Transformation

e

Transformed
Data

S — N — L F ..

Figure 2.1 KDD Process in Data Mining

In Figure 2.1, KDD is the knowledge Discovery in Databases in data mining. In

this process, the following steps are essential.

e Data Cleaning: Data cleaning is the process of removing noisy data, and
irrelevant data from collection with discrepancy detection and data
translation tools

e Data Integration: Data integration is the process of combining us data from

multiple sources in a common source (Data Warehouse).



Data Selection: Data selection is the process of selecting relevant data and
retrieved data from dada collection by using Neural Network, Decision
Trees, Naive Bayes, Clustering, and Regression.

Data Transformation: Data transformation is the process of transforming
data into appropriate form required by mining procedure. Data
transformation are two step process: Data Mapping, and Code Generation.
Data Mining: Data mining is the technique that are applied to extract task
relevant data into patterns and decides purpose of model using classification
or characterization.

Pattern Evaluation: Pattern Evaluation is the process of identifying strictly
increasing patterns representing knowledge based on given measures by
finding interestingness score of each pattern and using summarization and
visualization to make data understandable by user.

Knowledge Representation: Knowledge representation is the technique by
utilizing visualization tools to represent data mining results with reports,

tables, discriminant rules, classification rules, characterization rules.

2.3 Data Mining Concepts

Data mining is the technique to extract the hidden predictive information from

large databases. It is a powerful and popular technology and has a great potential to

provide enterprises focus on the most important information in their data warehouses.

Data mining tools predict future trends and behaviors and allow knowledge driven

decisions. Data Mining consists of five major elements. They are:

Extract, transform, and output transaction data onto data warehouse system.
Store and manage data in a multidimensional database system.

Provide data access to analysts and information technology professionals of
business, education, medicine, and others.

Analyze data by using software.

Present data in useful formats, such as graphs, tables, charts or others.

2.4 Data, Information, and Knowledge

The essential and main components in every research of enterprises,

organizations, and others are data, information and knowledge.



2.4.1 Data
Data are raw facts: text or numbers, that are processed by a computer with

program. Nowadays, organizations, business enterprises, and others are accumulating
many data with different formats in different databases. These data are:

e Operational or transactional data

e Non-operational data

e Meta data

e Bigdata

2.4.2 Information

Information are meaningful data that related to the specific domains the users
want. They can be provided by the patterns, associations, and relationships between
data. For example, World Health Organization (WHO) catalogued the people affected
by COVID-19, and death all over the world via the medical offices.

2.4.3 Knowledge

Knowledge is the final confirmation on cases and it can be converted from
information about historical trends and future cases. For example, WHO is announcing
final confirmation based on the certain information day by day on media for present

and can be analyzed to provide others knowledge of the users’ wanted.

2.5 Data Mining Techniques

The primary data mining tasks are:

e Classification

e Regression

e Clustering

e Summarization

e Dependency Modelling and

e Change and Deviation Detection

There are several major Data Mining techniques have been developed and used

in Data Mining Field’s projects including association, classification, clustering,

prediction and sequential patterns. These are briefly explained as follows:



2.5.1 Classification

Classification is the mining technique based on machine learning. It is used to
classify each item in a set of data into one of predefined set of classes or groups.
Classification method makes use of mathematical techniques such as decision trees,

linear programming, neural network and statistics.

[ Ciassification Algorithm ]

Name age income loan_decision
Sandy oun low risk
8il : :Oun: lowv Hisky IF age=youth THEN loan_decision=risky
Rick middle-aged  high safe IIF mzomfhn%h ?‘EN
Joe middle-aged  low risk sedRsinlo

; ¢ : Y IF age=middle-aged AND income=low
Susan  senior low safe e 5

THEN loan_decision=risky

Figure 2.2 Sample Classification of Finance System

2.5.2 Association

Association is one of the well-known data mining techniques. In association, a
pattern is discovered based on a relationship of a particular item on other items in the
same transaction. Association rule mining, at a basic level, involves the use of machine
learning models to analyze data for patterns, or co-occurrences, in a database. It
identifies frequent if-then associations, which themselves are the association rules. An

association rule has two parts: an antecedent (if) and a consequent (then).
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Figure 2.3 Association of Security Management System

2.5.3 Clustering

Clustering is a division of data into groups of similar objects. Representing data
by fewer clusters necessarily loses certain fine details, but achieves simplification. It
models by its clusters. From machine learning, perspective clusters correspond to
hidden patterns, the search for clusters is unsupervised learning. A practical perspective
clustering plays an outstanding role in data mining applications such as scientific data
exploration, information retrieval and text mining, spatial database applications, Web

analysis, CRM, and so on.
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Figure 2.4 Clusters of Map’s Scale System

2.5.4 Prediction

Prediction is a technique to discover relationship between independent variables
and that between dependent and independent variables. Predictive data mining is data
mining that is done for the purpose of using business intelligence or other data to
forecast or predict trends. This type of data mining can help business leaders make

better decisions and can add value to the efforts of the analytics team.

- Classification
Algorithm

Phase 2° Predictinn

Phase 1-

Test Data

Prediction
Result

Figure 2.5 Architecture of Prediction Technique

10



2.5.5 Sequential Patterns

Sequential patterns analysis seeks to discover similar patterns in data transaction

over a business period. The uncover patterns are used for further business analysis to

recognize relationships among data.

Customer ID (CID) | TID | Itemset
I [ {a,bd}

CID Sequence

]
] .

| T Thed E> (XU
) 2 [ ) ' *

3

3

Figure 2.6 Extraction of Sequential Patterns in Sale Transaction System

2.6 Naive Bayes

Naive Bayesian classifiers is based on Data Mining Techniques. This

algorithm works quickly and can save a lot of time. Naive Bayes is suitable for solving

multi-class prediction problems. Naive Bayes is better suited for categorical input

variables than numerical variables.

Naive Bayesian classifiers is one of Data Mining Techniques. This algorithm

works quickly and can save a lot of time. Naive Bayes is the most suitable classifier for

solving multi-class prediction problems and for categorical input variables than

numerical variables. Naive Bayesian classifiers (Formula):

P(x [ 0)P(c)
P(clx) = 52

where,
P(c) =The prior probability of class
P(x) =The prior probability of predictor
P(c|x) =The posterior probability

of class (target)given predictor (attribute)

11

(1.1)



P(x | ¢) =The likelihood which is the probability of predictor given class
X can be written as follow:
X=(x1,x2,x3,...,xn)

Figure 2.7 Naive Bayes
In Figure 2.1, the relationship between C(class) and X (predictor) are described.
P(C)P(Xq, Xz, e, Xp|C)

P(xq,X3,...%Xn ) (22)
In this formula, with the substitution of X, the Bayes formula can be printed as

P(Clxy, x5, ..., xp) =

follows complex factors of probability values which is nearly impossible to analyze one

by one. As a consequence, the calculation develops hard to do.

P(Clxy, x3, ..., %) = P(O) [T}, P(x;|C) (2.3)
In Naive Bayes Classifiers essential to maximize the probability value of

individually class, which is expressed as the Hypothesis Maximum a Posteriori
(HMAP):
Hypap = argmaxP(C|xy, X3, ..., x,) = argmaxP (C) [1;=; P(x;]C) (2.4)

In Naive Bayes Classifier, by means of Equation can forecast which classes can
be used in Naive Bayes Model. But, if the attribute X in Equation has quantitative types,
then the probability will be very minor such that the value cannot be used to find the

value. So, we essential to use other technique such as normal (Gaussian) distribution.

b=l = ) e (_ (x;:%f) ) (2.5)
Where: .

: Opportunity

: The attribute

: The attribute value

12



: Class

: The sub class

: The mean of all attributes
: Standard deviation

2.6.1 Using Naive Bayes Algorithm

Naive Bayes classifier makes statistical estimation and is based on Bayes

Theorem.

A and B are random numbers;

P(A|B)=P((B|A)P (A)/P(B) (2.6)
P (A): The independent probability of event A is the primitive probability.

P (B): Independent probability of event B.

P (A | B): Probability of B event (conditional probability) when it is known that A event
occurs.

P (A | B): Probability of event A (aftershock probability) when event B is known.

The Naive Bayes concept can be explained as follows: X is considered an
instance of unknown class membership. Example X = {x1, x2,..., xn} consists of
attribute values. In this example class, it is assumed to be n class. C1, C2,..., Cn class
values are accepted. The following possibilities are calculated for the sample that will
determine the class.

P (IXIC)_i) = (P(X [ C_i) P (C_i))/(P(X)) (2.7)

Simplification is made for the probability of P (X | Ci) to reduce the processing
load in the calculation. Assuming that the Xi values of the sample are independent of

each other, the following relation is used.

P (X|C_i) =T]_(k=1)*n [P(X_k|C_i)] (2.8)
In order to classify the unknown example X, it is sufficient to compare only the
numerator values since the denominators in P (Ci | X) are equal to each other. The class
of the unknown instance is considered to be the same as the class of the largest of these
values.
(_C_inargmax) {P (X|C_i) P (C_i)}
The above equation, post-probabilities, is also known as the largest post-
classification method (MAP).

13



C_MAP=(_C_i* argma {(k=1)"n [P(X_k|C_i) ]} (2.9)

2.6.2 Confusion Matrix
Confusion matrix is used to portion the presentation of a classification
algorithm. The terminology connected to the confusion matrix can be rather confusing,

but the matrix itself is simple to understand in Table 2.1.

Table 2.1 Confusion Matrix

Actual True False Positive
Positive (TP) (FP)

False Negative True Negative
(FN) (TN)

In Table 2.1, 'True' or 'False' indicates if the class is properly predicted or not,
while 'Positive’ or 'Negative' indicates the prediction of the class of people causes
mental illness or not. From the confusion matrix, accuracy of the system’s performance.

Where the formula of each of these things are:

TP+TN
Accuracy = —
TP+FP+TN+FN
.. TP
Precision =
TP+FP
TP
Recall = (2.10)
TP+FN

14



CHAPTER 3
CLASSIFICATION OF PSYCHOLOGICAL ILLNESS

In this section, Naive Bayes classification is definitely described. Creating tuple
and their attributes of classification system is explained using Naive Bayes Classifier.

Statistical Machine Translation system is presented in detail in this chapter.

3.1 Classification and Prediction

Classification is the process of finding a set of models that describe and
distinguish data classes or concepts, and for the purpose being able to use the model to
predict the class of objects whose class label is unknown. The derived model is based
on the analysis of a set of training data (i.e., data objects whose class label is known).

Data classification is a two-step process.

In the first step, a model is built describing a predetermined set of data classes
or concepts. The model is constructed by analyzing database tuples described by
attributes. Each tuple is assumed to belong to a predefined class, called the class label
attribute. The data tuples analyzed to build a model collectively from the training
dataset. The class label of each training sample is provided, and this step is known as
the supervised machine learning. Typically, the learned model is represented in the
form of classification rules, decision trees, or mathematical formulae. The rules can be
used to categorize data samples, and provide a better understanding of database

contents.

In the second step, the model is used for classification. The derived model may
be represented in various forms, such as classification (IF-THEN) rules, decision trees,
mathematical formulae and neural networks. Classification can be used for predicting
the class label of data objects. However, in many applications users may wish to predict
some missing and unavailable data values rather than class labels. This is usually the
case when the predicted values are numerical data and is often specifically referred to
as prediction. Although prediction may refer to both data value prediction and, thus, is
distinct from classification. Prediction also encompasses the identification of

distribution trends based on the available data.

15



3.2 Comparing Classification Methods

Classification methods can be compared and evaluated according to the criteria:

Predictive accuracy: It refers to the ability of the model to correctly
predict the class label of new or previously unseen data.

Speed ; It refers to the computation costs involved in
generating that are used in the model.

Robustness : It is the ability of the model to make correct
predictions that involve noisy data or data with missing values.

Scalability : It refers to the ability to construct the model
efficiently given large amounts of data.

Interpretability  : It refers to the level of understanding and insight

that is provided by the model.

3.3 Classification Methods

Artificial Neural Network : Non-linear predictive models that learnt through
training and resemble biological neural networks in structures.

Bayesian Classification: Bayesian Classifier are statistical classifiers. They
can predict class membership probabilities, such as probability that a given
sample belongs to a particular class.

Genetic Algorithms: Optimization techniques that uses processes such as
genetic combination, mutation, and natural selection in a design based on
the concepts of evolution.

Rough Set Approach: Routh set theory can be used for classification to
discover structural relationships within imprecise or noisy data. It applies to
discrete-valued attributes. Continuous-valued attributes must, therefore, be
discretized prior to its use.

Decision Trees: Tree-shaded structures that represent sets of decision. These
decisions generate rules for the classification of dataset.

Nearest Neighbor Method: A technique that classifies each record in a
dataset on a combination of the classes of the k record (s) most similar to it
in a historical dataset. Sometimes called the k- nearest neighbor technique.

16



e Rule Induction: The extraction of useful if-then rule from data based on

statistical significance.

3.4 Data Collection of Proposed System

There are two datasets in the system. They are Dataset 1 and Dataset 2 and are
collected from Kaggle.com data free site. In dataset 1, there are 158 instances with 27

attributes and 1154 instances with 22 attributes in dataset 2.

Table 3.1 Sample 21 instances in Dataset 1

(If Has
sad)have there
you been a
Are been in Is your sudden Your
you the same sadness At what and stress is
above How mental momentarily time of huge related to
30 are state for or has it the day change | which of
years you Eating the past been are you in the
of Employment | feeling and few constant for | extremely your following
Gender | age? Status today? | sleeping days? a long time? low? life? areas?
For some
Female | No Student Fine Yes No time Evening No Personal
For some
Male No Student Fine No Yes time Morning Yes Personal
Significant
Male No Student Fine No Maybe time Evening No Personal
Significant Not
Female | No Student Fine No Maybe time Evening sure Home
Female | No Student Good Yes No Not sad Afternoon | Yes Personal
Significant Not
Female | No Student Fine No Maybe time Evening sure Work
For some
Female | No Student Sad No Maybe time Afternoon | Yes Personal
For some
Female | No Student Sad Maybe Yes time Afternoon | Yes Personal
Significant
Female | No Student Fine No No time Evening Yes Personal
For some
Female | No Unemployed | Fine No Yes time Morning Yes Personal
Male No Student Fine No No Not sad Evening No Home
For some
Male No Employed Good Yes No time Afternoon | Yes None
Female | No Student Fine No No Not sad Afternoon | No Work
For some Not
Female | No Student Fine Yes No time Afternoon | sure Work
Male No Student Good Yes No Not sad Morning No None
Female | No Student Sad Yes No Long time Evening Yes Home
Male No Student Fine Yes No Long time Morning Yes Personal
For some
Female | Yes Unemployed | Sad Maybe No time Evening Yes Personal
For some Not
Female | No Student Sad No Yes time Morning sure Personal
For some Not
Female | No Student Good Yes No time Evening sure Financial
Male No Student Fine Yes No Not sad Morning No Work
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3.5 Data Preprocessing

Real world data are generally incomplete, noisy, and inconsistent. Data
preprocessing is an important issue for both data warehousing and data mining as real-
world data tend to be incomplete, noisy, and inconsistent. It includes data cleaning, data

integration, data transformation, and data reduction.

Data cleaning routines can be used to fill in missing values, smooth noisy data,
identify outliers and correct data inconsistencies. Data integration combines data from
multiple sources form a coherent data store. Metadata, correlation analysis, data conflict
detection, and the resolution of semantic heterogeneity contribute towards smooth data
integration. Data transformation routines convert the data into appropriate forms for
mining. Data reduction techniques such as data cube aggregation, dimension reduction,
data compression, numerosity reduction, and discretization can be used to obtain a

reduce representation of the data while minimizing the loss of information content.
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CHAPTER 4
SYSTEM DESIGN AND IMPLEMENTATION

The proposed system’s implementation is presented details in this chapter. The
system design and, structure of the system is described in this chapter. Two datasets of
the system are explained with Dataset 1 and Dataset 2 and implementation of the system
containing components are also explained in this chapter. Finally, a graphical user
interface of the system is presented step-by-step detailed explanation with figures and
experimental results of the system are displayed with table and bar chat.

4.1 Overview Design of the System

Mental Health

Dataset

v A\ 4
Training dataset Testing dataset
(70%) (30%)
\ 4
User’s answer Calculating
data ( eg, Probability using Estimating
gender, ea_tlng Naive Bayes Accuracy
and sleeping) Classifier

Mental
health for
Yes or No

Accuracy
Result

Figure 4.1 Overview Design of the System
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The flow diagram of the proposed system is shown in Figure 4.1. The proposed
system is implemented to classify where the patients or users causes psychological
iliness or not using Naive Bayes classifier. Mental health dataset 159 instances are used
for this system from Kaggle.com. There are 27 attributes, Prediction status (Yes) or
(No) are defined as Class.

While the system is started, the 159 users’ answers for 28 questions assigned
attributes for the system are collected as dataset. Dataset is divided into two datasets:
training (70%) and testing (30%).

70% training dataset is calculated to get probability result by using Naive Bayes
algorithm. And then the user is classified where he or she causes mental illness
problems or not according to these probability result.

And the performance of the system is evaluated with accuracy result by using
Random Split Test, Folds Test and Unlabeled Test. Finally, the system displays the user

causes mental illness class yes or no and evaluation results with table and bar chat.

4.2 Two Datasets with different Attributes

In this system, 27 and 21 different attributes of datasetl and 2 are shown. In

datasetl, there are 158 instances are used and 500 instances are used in dataset2.

Table 4.1 Attributes for Dataset 1

1 Gender Female, Male

2 Above 30 years? Yes, No

g Employment Student, Unemployed, Employed

4 Today feeling ? Fine, Good, Sad, Depressed

5 Eating and Sleeping Yes, No, Maybe

6 (If sad)for the past few days Yes, No, Maybe

7 Is your sadness for a long time? For some time, Significant time, Not sad, Long
time

8 At what time of the day low? Evening, Morning, Afternoon

9 Sudden and huge change in your life? Yes, No, Not sure

10 Your stress? Personal, , None, Financial, Work

11 Little pleasure or interest in the Very Often, Sometimes, Never, Often

activities usually enjoy?

12 Confident you feel in your capabilities | 1,2,3,4,5
recently.
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13 Supported you feel by others around Highly supportive, Little bit, Satisfactory, Not at
your friends, family. all

14 Frequently have you been doing things? = Very Often, Sometimes, Never, Often
15 Mental Health Condition Yes, No, Maybe

16 How easy is it for you to take medical Not so easy, Very easy, Difficult, Easy
leave for a mental health condition?

17 You use substance abuse(e.g. smoking,  Never, Often, Sometimes, Very Often
alcohol)?

18 You take medication in the near past for = Yes, No, Maybe
mental health?

19 Having trouble concentrating on Yes, No, Maybe
things?

20 Do you feel bad about yourself or your @ Yes, No, Maybe
family down?

21 Hours you spend per day on watching 1-2 hours, 5-10 hours,
mobile phone? More than 10 hours,
2-5 hours
22 Appointment with a psychologist for 1,2,3,4,5
your current mental state?

23 COVID-19 pandemic affected your Yes, No, Not sure
mental ?
24 How often do you get offended or Never, Sometimes, Often, Very often

angry or start crying?
25 Feel yourself vulnerable or lonely? 1,2,3,4,5
26 Comfortable about your mental health? 1,2, 3,4,5

27 attributes of dataset 1 are described in Table 4.1.

In Table 4.1, 22 attributes of dataset2 are shown. Some attributes of two datasets

are the same and some are different.

Table 4.2 Attributes for Dataset 2

\[o] Attributes Name Attributes Value
1 Does employer provide mental health Yes, No, don’t know, not eligible
benefits as healthcare coverage?
2 Do the options for mental health care Yes, No, not sure
available under employer-provided
coverage?
3 Has employer ever formally discussed Yes, No, don’t know
mental health?
4 Does employer offer resources to learn  Yes, No, don’t know

more about mental health concerns and
options for seeking help?
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10

11

12

13

14

15

16

17

18

19

20
21

22

If a mental health issue prompted you
to request a medical leave from work,
asking for that leave would be:

Would you feel comfortable discussing
a mental health disorder with your
coworkers?

Do you feel that your employer takes
mental health as seriously as physical
health?

Do you know local or online resources
to seek help for a mental health
disorder?

Do you believe your productivity is
ever affected by a mental health issue?
If yes, what percentage of your work
time (time performing primary or
secondary job functions) is affected by
a mental health issue?

How willing would you be to share
with friends and family that you have a
mental illness?

Do you have a family history of mental
illness?

Have you had a mental health disorder
in the past?

Do you currently have a mental health
disorder?

Have you been diagnosed with a mental
health condition by a medical
professional?

If so, what condition(s) were you
diagnosed with?

Have you ever sought treatment for a
mental health issue from a mental
health professional?

If you have a mental health issue, do
you feel that it interferes with your
work when being treated effectively?
If you have a mental health issue, do
you feel that it interferes with your
work when being treated effectively?
Age

Gender

Do you work remotely?
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Very easy, very difficult, somewhat easy,

somewhat difficult

Yes, No, Maybe

Yes, No, don’t know

Yes, No, don’t know

Yes, No, Unsure

1-25%, 26-50%, 51-75%, 76-100%

Very open, somewhat open, neutral

Yes, No, don’t know
Yes, No, Maybe
Yes, No, Maybe

Yes, No

Anxiety, Mood

1,0

Sometimes, Often, Never

Sometimes, Often, Never

Above 20 years

Male, Female

Sometimes, Often, Never



4.3 Implementation of the system by using Naive Bayesian Classification

When the system is started, Home Page is displayed in Figure 4.2. In Home
Page, Thesis’s Title “Classification of Psychological Illness using Naive Bayes”, the

author’s name and Roll No “Ma Kay Khaing Soe, MCS-19”, and Supervisor’s name

and rank “Dr. Win Lae Hnin, Associate Professor”.

Figure 4.2 Home Page of the System
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In this system’s menu, there are three main tasks: Preprocessing, Train Naive
Bayes Classifier, and Test Naive Bayes Classifier as shown in Figure 4.3.

& - a8 X

Figure 4.3 Menu Page of the System

4.3.1. Preprocessing

First task is “Preprocessing”. In “Preprocessing”, there are four parts: Input
Dataset (xlIsx), Input Dataset (csv), Normalization, and Split Training or Testing. In
Figure 4.4 and Figure 4.5, “Input Dataset (xIsx)” button is clicked, one of two datasets
is selected by clicking “Select Excel Dataset” button, and then “Open” button is clicked.

In these Figures, Dataset 1 is selected.
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Activate Windows

Figure 4.4 Inserting Dataset(xIsx) Page

Activate Windows

Figure 4.5 Selecting Dataset(xIsx) Page
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After selecting Dataset 1, Dataset 1 containing 157 instances and 27 attributes

with excel file (xIsx) is seen in Figure 4.6. And attribute names with letters in Figure

4.7 is shown when “Change Attribute Names” button is clicked.

&

Psycholagical llinesses Classiication

7] Import Soybean Disease Dataset 28
Inpus Dataset (sisx)
Select Excel Datasst DM aster Thesis CodelPsychologicaNBApp|datasetidataset-1 xlsx.
Datasel
(Gender Areyouab.. Employme._ Howarsy_ eatingand . (fsadjhav. lsyoursad. Atwhatfi. Hasthere.. Yourstres  Howfrequ. Howconfi. Describeh. Howfrequ . Ifyouhave . Howeasy . Howofien . Haveyout. Havngtro.. Do
Femae Student Fine Yes No For_some.. Evenng Mo Persond  Very_Offen 4 Highly_sup... Somefimes Yes Hot_so_ea... Never No No No &
Male No Student Fine No Yes For some.. Moming  Yes Persond  Sometimes 2 Litle bit ~ Somefimes Yes Mot_so_ea.. Never No Yes Yet
Male No ‘Student Fing No Maybe Significant. Evening No Personal  Mever 2 Little_bit Never No Very easy  MNever No Maybe M
Female No Student Fine No Maybe Significant_.  Evening Mot suwe  Home Somefimes 2 Satisfactory Somefimes Yes Mot so ea.. Never No Tes ¥e
Female No Student Good Yes No Mot sad  Aftemoon  Yes Persond ~ Very Often 3 Satisfactory Often Yes Mot so ea.. Never No No No
Female No Student Fine No Maybe Significant_.  Evening Mot swe  Work Somefimes 1 Satisfactory  Somefimes Yes Mot so ea.. Never No Yes ¥e
Female No ‘Student Sad No Maybe For_some_. Aftemoon  Yes Persond  Somefimes 2 Satisfactory Newer Maybe Difficult Never No No ¥e
Femae No Student Sad Maybe Yes For_some.. Aflemoon  Yes Persond  Ofien 3 Safisfactory Somefimes  Maybe Not_so_ea... Never Ho Yes W
Femae No Student Fine: No No Signfficant... Evening  Yes Persond  Sometimes 3 Litle bit ~ Somefimes Maybe Difficult Never No Yes Y
Female No Unemploy..  Fine No Yes For_some_. Woming Yes Persond  Often 3 Little_bit Sometimes  Maybe Easy Never Maybe Tes No
Wale No Student Fine No Mo Mot sad  Evenng No Home Often 3 Highly_sup_. Often Yes Difficult Never No Tes ¥e
J‘f Mo Fmalowed fGand. Vac Mo For coma__ Aftemonn Ves. Mnna Ve Nften 4 Hinhhe_cin mp..) Y E: Mover Lo 1t ‘Mn!
« 3

Excel Dataset has been loaded.

|

Figure 4.6 Dataset 1 (xIsx) Page with Attribute Names

[}

Psychological linesses Classiication

i éllanée.ﬁth'ibnte)lames

Exoel Dataset has baen loaded.
Attribute names has been changed.
Definitions of Attributes

family, or otherwise.

A Gander
B Ara you above 30 years of aga?

c Employment Status

B How are you feeling today?

E eating and sleeping

F (If sad)have you been in the same mental state for the past few days?

G Is your sadness momentarily or has it been constant for a long time?

u At What time of the day are you extremely low?

T Has thare been a sudden and huge change in your 11ifa?

a Your strass is related to which of the following arsas?

K How frequantly have you had littls plaasure or interast in thae activitiss you usually enjoy?
L How confident you have been feeling in your capabilities recently

m Describe how supperted you feel by others around you your friends,

N How frequently have you been doing things that mean somathing to you or your life?

o If you have a mental health condition, do you feel that it interfares with your work?

P flow easy is it for you to take medical leave for a mental health condition?

Q How oftan do yon make use of substanca abuse(e.g. smoking, aloohol)?

R Have you taken any therapy or medication in the near past for mental health?

[~] Import Soybean Disease Dataset =4

Ingut Dataset. (xisx) |
Select Excel Damset | DM aster Thesis CadelPsychologicalNiBApp \datasetidataset-1 xizx

Dataset
A 8 o o E F s H 1 4 i< L " N o [ a r s T
Female Stutent  Fine Yes No For_some . Evenng Mo Pessanal ey Oflen 4 Highty_sup._ Sametmes  Yes MNot_sa_ea . Mever No o No[&
Wake No Student  Fine No. Yes For_some.. Moming  Yes Persanal  Sometimes 2 Litle bt Sometmes Yes Not_so_ea._. Never No Yes Yoy
Male No Student Fine Ho Maybe Signficant  Evening No Personal  Newer 2 Little_bit MNever Ho Very_easy Mever No Maybe M.
Femsie Mo Sttent  Fine Ho Maybe  Sigfiesal . Evenng  Notswe  Home Sometimes 2 Satistsctory  Sometmes  Yes MNot_sa_ea . Never No Yes ¥
Female Mo Student  Good Yes No Mot sad  Afternoon Persanal  Very_Ofien 3 Satisfactory  Ofen Yes Mot so_ea . Hever No Ho Mo
Female No Student Fine No Maybe Signficant  Evening Mot_sure  Work Sometimes 1 Satisfactory Sametmes  Yes Mot_so_ea  Mever No Yes Yer
Femsie Mo Sttt Saa Ho Maybe For_some.. Afemosn  Yes Pessansl  Sometimes 2 Satistactory Mever Maybe Difcut  Mever No Ho Ye
Female Mo Student  Sad Mmbe  Yes For_some.. Afiemosn  Yes Personal  Ohen 3 Satisfactory Sometimes Maybe  Notso_ca.. Mever No Yes ]
Female No Student Fine Ho Ne. Signficant  Evening Yes Personal  Sometimes 3 Little_bit Sometmes  Maybe Diffic MNever No Yes Ye:
Femsie  No Unemploy... Fine Ho. Yes For_some.. Momig  Yes Persanal  Ofen 3 Lme bt Semetmes Maybe Easy Never Maybe  Yes Mol
Wale Mo Student  Fine Ho. No Hoisad  Evening Mo Home Often 3 Highly_sup . Often Yes Difficul  Hever No Yes Yed
.ut N Emnlood Foael Voo Mo For come  Bftemonn Voo Hrne Ve Oflon 4 Hinkhs con  Often E; 1L 2. 'er L
< 5

Export to CSV

Figure 4.7 Dataset 1 (xIsx) Page changed Attribute Names
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Dataset 1 with attribute names changed is saved with (csv) by clicking “Export

to CSV” and “Next” button is clicked to go next part in Figure 4.8.

&) - & x
Psycholagical lnesses Classfication
[=] Import Soybean Disease Dataset [=]x]
| [ input Dataset cun) |

Select Excel Datasst | D/Wlaster Thesis CodelPsychologica BApp datasefidataset.1 xisx

Dataset
A 8 c o 3 [ G H I 3 K L " N o P a R s 1
Female Suent  Fe ves o For_some . Eveng Mo Persondl Ve Oflen 4 Highty_sup. . Sometmmes  Yes Nol_so_ea.. Never No No Ho[a
Wale Ho Sudent  Fine No Yes For_some . Momeg  Yes Persondl Sometimes 2 Ut bit  Sometmes  Yes Nol_so_ea.. Never No Yes ve!
Wale Ho Sutent  Fne No Maybe  Swnificart . Evenng  No Personsl Hever 2 Ut bt Never Mo Very_eosy  Newer No Magbe W
Femse Mo Sudent  Fine No Maybe  Swnificart . Evenng  Notswe Home  Somemes 2 Satstactory Sometimes  Yes Nol_s0_ea.. Never No Yes ve
Femse Mo Student  Good ves No Noisad  Aflemoon  Yes Personsl Ve Oflen 3 Satstactory Often Yes Nol_so_es . Neves No No Ho
Femse Mo Sugen  Fine No Maybe  Smfcant . Evenmg  Nolswe  Work Sometimes 1 Sastaclory Sometmes  Yes Nol_so_es.. Neves No Yes Ye
Femse Mo Sucet  Sa No Maybe  For_some . Aflemoon  Yes Persondl Sometimes 2 Satstactory Never  Mayjbe  Difeul  Never No No ve
Femse Mo Sucet  Sa Mape s For_some . Aflemoon  Yes Persondl Often 3 Satstsclory Sometmes Maybe  Nolso_es. Never No Yes u
Femde Mo Sudent  Fne No No Sgmlcart . Evenng  Yes Persondl Sometimes 3 Ul bt Sometmes Mayjbe  Difcul  Never No Yes ve
Femde Mo Unemplay . Fine No Yes For_some . Mommg  Yes Persondl Often 3 U bt Sometmes Maye  Easy Never umbe  Yes Ho
Male Ho Suget  Fine No No Nosad  Evenng  No Home  Often 3 Highly_sup . Cften Yes Oiffcut  Neves No Yes veke
fYios ha Eooriousd__ e vae e Eoe—eoma__afamann__ Ve Py Vaew e Lok v Ooian Sa e . s o
& = ¥y

3 raas? .

x How frequently have you had little pleasure or interest in the activities you usually enjoy?

L How onfident you have been fesling in your capabilities recently.

» Dascriba how supportad you fesl by others around you your frisnds, family, or otherwise.

N How Erequently have you bean doing things that mean somathing to you or your Lifs

° If you have a mental health condition, do you feel that it interferss with your work?

® How easy is it for you to take madical leave for a mental health condition®

Q How oftan do you make use of substance abuse(s.g. smoking, alcohol)?

H Have you taken any therapy of medication in the near past for mental health?

s Having troubls concentrating on things, such as reading the newspaper or watching television, or studying?

H Do you feel bad about yourself or that you are a fallure or have let yourself or your family dewn?

u How many hours do you spand par day on watching mobila phona, laptop, computer, telavision, atc.?

v 1f sad, how likely are you to taks an w i Llor for your current mental state?

W Has the COVID-19 pandamic affected your mental well being?

x How Gften do you get offendsd or angry or start arying 7

¥ fiow 1ikaly do you feal yoursalf vulnarabla or lonaly?

z How omfortable ace you in talking about your mental health?

m Eradiction status

Dataset has bean exported in CSV format.

Pile path : D:\Mastar Thesis Code\PsychologicalNBApp\dataset\dataset-1.csv

Figure 4.8 Dataset 1 (xIsx) Page changed Attribute Names to Next Step

In the second part, Input Dataset (csv) is clicked and then Dataset 1 (csv) is
selected by using “Select Dataset (CSV)” button and “Open” button as shown in Figure
4.9 and Figure 4.10 because the system processes CSV file.

&

Psychological linesses Classfication

[+] Import Saybean Disease Dataset 28
L"‘“"‘ Dataset (xisx) | Input Dafaset (csv)

Select Dataset (CSV) |

Dataset

Tite 1 Title 2 Tile 3 Tale 4

&) Open x
Looklr: | (i dataset g (@) (e) (@) ED e)
[Gamsiee]

unlabeled-dataset-1.csv

File tame: dataset-1 csv

Fiesof Type | CSV Files " csv) v

Cancel |

Open selected file

Figure 4.9 Inserting Dataset 1 (csv) Page

27



& - a X

Psycholagicallinesses Ciassfication

Input Dataset (xisx) | Input Dataset (csv)

Select Dafaset (CSV) |  D'Waster Thesis CodelPsycholagicaNBApp\datasetidataset. 1 csv
Datasel

A B C D E F G H | J K L M N ] P Q R S T
Femde 7 Student  Fine Yes Mo For some_. Evenng  MNo Persond  Very Often 4 Highly_sup_. Sometmes  Yes Not_so_ea. Mever No [ Mo[&
lde No Sugent  Fine No Yes Forsome_. Moming  Yes Persondl  Sometimes 2 Litie bt Sometmes Yes Not_so_ea . Never No Yes Ye!
Mae Mo Student  Fine No Maybe Significart . Evenng  No Persond  Never 2 Litte bt Never Mo Very_easy Mever No Maybe "
Femde Mo Sugent  Fine No Maybe  Significant . Evenng  Noswe  Home Sometimes 2 Satisfactory Sometmes  Yes Not_so_ea . Never No Yes ¥
Femde Mo Sudent  Good Yes Mo Motsad  Afemoon  Yes Persond  Very Often 3 Safisfactory  Often Yes Not_so_ea.. Mever No Mo Mo
Femde Mo Sugent  Fine No Maybe  Significart . Evenmg  Notswe  Work Sometimes 1 Satsfactory Sometmes  Yes Not_so_ea . Never No Yes ¥
Female: No Student Sad No Maybe For_some . Aftemoon  Yes Persond  Somefimes 2 Satsfactory Never Maybe Difficutt Hever No No ¥e
Femde Mo Sugent  Sad Magbe  Yes For_some_. Aftemoon  Yes Persond  Often 3 Satsfactory Sometmes Maybe  Not_so_ea. Never No Yes u
Female: No Student Fine No Mo Significart . Evening Yes Persond  Somefimes 3 Lite_bit Sometmes  Maybe Difficutt Hever No Yes ¥e
Femde Mo Unempioy.. Fine No Yes Forsome_. Moming  Yes Persond  Often 3 Litle bt ~ Sometmes Maybe  Easy Hever Mabe  Yes No|
Mae Mo Student  Fine No Mo Motsad Evenng  MNo Home COfien 3 Highly_sup_. Often Yes Dificut  Mever No Yes Yeb
e Ho Emmoloued G Yoc Nn For some  Afiemsan  Yas Hone Veru Ofian 4 Hinti_cn__Ofien £ Honier ™ " yie!”
Belation Name: dataset-1 .
Num Instances: 158
Num Attributes: 27
Name Type Nom Int Real Missing Unique Dist

12 Nom 1003 0% 0% 0/ 0% 0/ 0% 2

23 Nom 9% 0% 0% 1/ 1% 0/ 0% 2

3c Nom 100% 0% 0% 0/ o 0/ 0% 4

4D Nom 1008 0% 0% 0/ 0% 0/ 0% 4

5E Nom 100% 0% 0% 0/ 0% 0/ 0% 3

6F Nom 100% 0% 0% 0/ o 0/ 0% 3

76 Nom 1008 0% 0% 0/ 0% 0/ 0% 4

LE:] Nom 100% 0% 0% 0/ 0% 0/ 0% 3

91 Nom 1008 0% 0% 0/ 0% 0/ 0% 3

101 Nom 1008 0% 0% 0/ 0% 0/ 0% 5

11K Nom 100% 0% 0% 0/ 0% 0/ 0% 4

121 Nm 0% 1008 0% 0/ 0% 0/ 0% 5

13u Nom 1008 0% 0% 0/ 0% 0/ 0% 4

N Nom 100% 0% 0% 0/ 0% 0/ 0% 4

150 Nom 1008 0% 0% 0/ 0% 0/ 0% 3

160 Nem 1008 0% 0% 0/ 0% 0/ 0% 4

17 @ Nom 1008 0% 0% 0/ 0% 1/ 1% 4 v

Figure 4.10 Dataset 1 (csv) Page

The third part is “Normalization”. Dataset 1 (csv) is normalized as shown in

Figure 4.11 and Figure 4.12.

& - a bt

Psychokugical llnesses Classiicaiion

7] Import Soybean Disease Dataset 2a

[ nput Dataset ) | Iput Dataset (csv) | Mommatzaton |

Datasel

A B C D E F G H | J K L M N 0 P Q R S T
Female: 7 Student Fine Yes No For_some... Evening No Persona Very Often 4 Highly_sup... Sometmes  Yes Not so_ea.. Mever No No No|&
Male Ho Swdent  Fine No Yes For some Moming  Yes Persondl  Somefimes 2 Litle bit  Sometmes Yes No Yes e\
Male Ho Sudet  Fine No Maybe Significant . Evening  No Persond  Never 2 Litle bt Never Mo No Maybe Uz
Femde Mo Student  Fine No Maybe  Significart . Evening  Notswe  Home Sometimes 2 Safisfactory  Somefimes  Yes No Yes Ye:
Female: No Student Good Yes No Mot_sad Aftemoon  Yes Persond  Very_Often 3 Satisfactory Often Yes No No Ho
Female No ‘Student Fine No Maybe Significant.. Evening Not sure  Work Sometimes 1 Satisfactory Sometmes  Yes No Yes Ye:
Female No Student Sad No Maybe For_some . Aftemoon  Yes Persona Somefimes 2 Satsfactory Never Maybe No No Ye!
Female No ‘Student Sad Maybe Yes For_some_. Afiemoon  Yes Persona Often 3 Satsfactory Sometimes  Maybe No Yes Ma
Female No Student Fine o No Significart . Evening Yes Persond  Somefimes 3 Litde_bit Sometimes  Maybe No Yes Ye
Femde Mo Unemplay.. Fine No Yes For some_. Momng  Yes Persond  Often 3 Litte bt Sometmes Maybe Maybe  Yes Mo
Male No Student Fine No No Not_sad Evening No Home: Often 3 Highly_sup... Often Yes No Yes Yey
Mae No Employed  Good Yes Mo For some_ Afiemoon  Yes Hone Very Often 4 Highly_sup_ Often Yes No Mo No
Femde  MNo Sudet  Fine No Mo Notsad  Afemoon  No Work Sometimes 3 Highly_sup_ Very_Ofien Yes No Yes ug
Femde Mo Student  Fine Yes Mo For some.. Afemoon  Notswe  Work Very Often 3 Highly_sup_. Often Waybe No Yes 3
Wale No Student Good Yes No Mot_sad Moming No HNone Often 5 Satisfactory Often No No No Ho
Female No Student Sad Yes No Long time  Evening Yes Home Sometimes 4 Little_bit Often No No No Yey
Male No Student Fine Yes No Long time  Moming Yes Persona Somefimes 2 Littie_bit Often No No Yes Yey
Femde  Yes Unemploy._. Sad Maybe No For_some_. Evening  Yes Persond  Ofien 5 Safisfaclory Often Yes Easy No No Mo
Femde Mo Sudent  Sad No Yes Forsome. Momng  Notswe Persond  Somefimes 2 Litte bt Sometmes Mo Not_so_ea . Mever No Mo Mo
Femde Mo Student  Good Yes Mo Forsome. Evenng  Notswe Financid  Often 4 Highly_sup_. Often Maybe  Nobsoea. Mever No Mayee Mg
Male No Student Fine Yes No MNot_sad Moming Ne Work Somefimes 3 Satisfactory Often Maybe Difficut Never No Yes UE
Femde  MNo Swdent  Good Yes Mo For some . Evenng  Yes Persond  Somefimes 3 Highly_sup__ Very Often  Maybe Not_so_ea . Never No Yes Vel
Ve No Sudent  Good Yes Yes Notsad  Momng  No None Very Often 5 Very_easy Hever No Mo Mo
Female No ‘Student Fine No No Mot_sad Aftemoon  No Work Often 4 Easy Never No Yes Mg
Male No Student Good Yes No Not_sad Evening Not sure  Naone Often 5 Easy Never No No No
Male No Student Fine No No MNot_sad Evening Yes Work Sometimes 2 Easy Never Yes Yes LE
Femde Mo Sudent  Fine No Mo For_some . Evenig  Nolswe  Home Very_Often 4 Not_so_ea . Never Maybe Mayre  Yef
Female: Yes Unemploy.. Fine Yes Yes For_some_. Moming Yes Persond  Somefimes 5 Difficult Never No No Ho
Mae Mo Unemplay. . Good Maybe  Maybe  Motsad  Afiemoon  Netswe  Mone Ofien 4 Easy Hever No Mo Mo
Female No ‘Student Good Yes No For_some... Moming No Work Very Often 3 Very easy Mever No No No
Male Ho Employed  Fine Yes Mo Notsad Evenng  No None Sometimes 4 Mever No Ho Mo
Femde  MNo Sudent  Depressed  Maybe Mo For_some_ Evenng  No Work COfien 4 Easy Hever No Yes ug
Femde Mo Student  Fine Yes Yes For some.. Evenng  No Home Sometimes 3 Not_so_ea . Hever No Mo £
e —— etk s e E—— — wnioa. e A a il

Figure 4.11 Normalization Page
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Psycholagiallinesses Ciassfication

(7 Import Soybean Disease Dataset

| Imput Detaset (xsv) | inout Detase () | Nommaization |
A B c D E F G H I ) K L u N o P Q R s 1
0 Halt 0 00 00 10 00 10 00 10 00 40 00 00 00 (7] 00 00 10 nafa
0 00 9 00 10 10 00 10 10 10 10 20 10 0o 00 o0 00 00 10 107\
10 00 [9) 00 10 20 10 10 10 10 20 20 10 10 10 10 00 00 20 20
0 0 3] 00 10 20 0 00 20 10 10 20 20 00 0 3 o 00 10 10
00 00 00 10 00 10 20 20 10 10 00 30 20 20 00 7 00 00 10 0o
0 00 0 00 10 20 10 10 20 20 10 10 20 0o 00 o0 00 00 10 10
00 00 00 20 10 20 00 20 10 10 10 20 20 10 20 20 00 00 10 10
0 00 9 20 20 10 00 20 10 10 30 30 20 00 20 %) 00 00 10 29
0 00 [9) 00 10 10 10 10 10 10 10 30 10 00 20 20 00 00 10 1
0 0 10 00 10 10 00 10 10 0 30 20 10 00 20 20 o 10 10 o
0 00 7 09 10 10 20 10 00 10 30 30 00 20 00 20 00 00 10 1
0 00 20 10 00 10 00 20 10 30 00 40 00 20 00 30 00 00 10 o
00 00 00 00 10 10 20 20 00 20 10 30 00 20 00 o0 00 00 10 2
0 00 9 00 00 10 00 20 20 20 00 30 00 20 20 30 00 00 10 2
10 00 [9) 10 00 10 20 10 00 10 20 50 20 20 10 30 10 00 10 o
0 0 3] 20 00 10 0 00 10 10 10 4 10 20 10 o o 00 10 1
0 00 ) 00 00 10 a0 10 10 10 10 20 10 20 10 20 00 00 10 1
0 10 10 20 20 10 00 10 10 10 30 50 20 20 00 30 00 00 10 o
00 00 [7) 20 10 10 00 10 20 10 10 20 10 00 10 00 00 00 10 o
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Figure 4.12 Normalization Page to Next Step

In the forth part, “(%) in Taining” text box is typed after clicking “Split
Training/Testing” button. Now training percent is typed With 70% and then testing is
30%. As there are 158 instances in Dataset 1, training 70% and testing 30% are training

111 instances and testing 47 instances shown in Figure 4.13.
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Psychoogicallinesses Classiication
7] Import Soybean Disease Dataset 28
[ nput Dataset (isx) | Inpu Dataset (v} | Normakzaton | St TraingiTesting
7 | (%) Trainng
Training Dataset (111 instances
A B c o E E [:] H 1 J K L M N ] P Q R (] T
00 00 00 00 20 20 10 20 10 00 10 0 20 20 20 00 00 00 00 004
00 00 0a 00 00 20 10 00 10 10 10 30 10 00 00 20 00 20 10 10
00 10 20 10 00 0o 00 10 10 10 10 20 00 00 00 00 0o 00 10 o0
00 10 30 10 10 0o 10 00 10 30 10 40 20 20 00 00 00 00 01 o0
00 10 20 10 00 00 00 00 10 00 20 50 0o 00 00 00 0o 00 00 00
10 00 00 10 00 20 10 00 20 20 10 20 10 00 20 00 0o 10 10 20
0o 00 00 0o 10 00 30 00 10 00 10 40 00 30 00 00 20 00 10 00!
10 00 10 10 20 20 20 20 20 a0 a0 40 00 20 10 0 00 00 00 00
00 00 00 10 00 00 20 00 10 00 00 0 00 30 20 20 00 20 00 00
10 10 a0 10 00 10 20 00 00 20 a0 40 20 20 00 20 00 10 0o 00
00 00 00 30 10 10 30 00 20 10 00 10 20 10 00 20 00 20 10 10
00 oo oo 20 oo 00 30 0o 10 10 10 40 10 20 10 (1] 0o o0 00 10
00 00 00 0o 00 20 k) 00 00 00 10 20 10 00 00 00 0o 20 10 10
L] nn a0 in nn nn nn an in an nn an nn 20 40 a0 00 00 il hl\'
- 7 o3
Testing Dataset (47 mstances
A B c D E F 5 H 1 J K L u 1 o P a R 5 T
00 00 00 0o 10 00 00 00 20 10 00 40 0o 20 00 00 00 10 20 1002
00 00 00 10 00 00 20 00 00 20 10 30 20 20 20 00 0o 00 20 10
10 10 20 10 00 00 20 00 10 00 00 50 20 00 10 00 0o 00 20 10
00 00 00 00 00 00 20 20 10 a0 a0 a0 20 00 10 00 20 20 00 10
00 00 00 30 20 00 00 00 00 20 a0 40 10 00 00 20 00 00 10 20
10 10 20 10 00 0o 20 20 10 00 00 50 00 00 00 20 20 00 00 00
00 10 30 10 00 00 00 00 00 10 0 40 20 20 20 00 00 20 00 00
10 10 20 10 00 00 00 00 00 40 10 40 00 30 10 0 00 00 00 00
10 00 00 10 20 0o 20 20 00 30 10 40 20 20 20 00 00 00 0o 20
10 00 0a 00 10 10 a0 00 20 00 10 20 a0 00 00 20 00 00 10 10
00 00 00 10 00 00 00 10 00 20 00 30 20 30 00 10 0o 00 00 00
00 00 00 30 10 10 30 10 10 30 20 10 a0 10 10 20 20 10 10 10
10 00 00 10 00 10 20 10 00 30 00 50 00 30 10 10 00 00 00 00
00 00 00 00 10 00 20 20 00 20 10 a0 00 30 00 00 00 00 10 20y
Ta¥ 7 L
Random Split Data

Figure 4.13 Spliting Training or Testing Page
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4.3.2. Training Naive Bayes Classifier

Second task of the system is processed by clicking “Train Naive Bayes

Classifier” shown Figure 4.14.

Import Soybean Disease Dataset [&%]

Figure 4.14 Training Page with Naive Bayes Classifier

111 instances of 70% training dataset are shown in Figure 4.15 and are often
refreshed by clicking “Refresh” if “Build Classifier” button is clicked, the system
displays the probabilities value of the whole trained instances, and each instance based

on Class Label “Yes” and “No” shown in Figure 4.16.
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Figure 4.15 Spliting Training Page
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Figure 4.16 Training Dataset 1 and their Probability Values Page
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4.3.3. Testing Naive Bayes Classifier

The third main task is testing of 30% of Dataset 1. If “Test Naive Bayes
Classifier” button is clicked, five menus is appeared shown in Figure 4.17 and Figure

4.18. In the testing, three testing: Random Split Test, K-Folds Test, and Unlabeled test.

- a8 x
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A
Class ‘
Attribute Yes No
(0.51) (0.49)
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Male 36.0 39.0
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B
No 62.0 55.0
Yos 20,0 24.0
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c
Student 59.0 49.0
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Employed 15.0  19.0
Salf-Employed 2.0 8.0
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Build Classifier

Figure 4.17 Testing Menu of the System

“Random Split Test” i1s a method of conducting controlled, randomized
experiments with the goal of improving metric. In this system, random split (70%
training and 30% testing) is evaluated. Moreover 50%:50%,60%:40, and customized
and its test result and result with graph are shown in Figure 4.17, Figure 4.18 and Figure
4.19.
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Figure 4.19 Random Split Testing Page
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Figure 4.20 Random Split Testing Result Page

“K-Folds Test” is a validation technique in which data is split into k-subsets and
the holdout method is repeated k-times where each of the k-subsets are used test set and
other k-1 subsets are used for the training purpose and its test result and result with
graph are shown in Figure 4.21 and Figure 4.22.
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Figure 4.21 K-Folds Testing Page
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Figure 4.22 K-Folds Testing Result Page

“Unlabeled Test” is to test for the new dataset shown in Figure 4.23.

A L] D E F H 1l |4 K o 1L N o |P |a IR I8 T
Femae 7 Fine Yes No . Evening  No 4
Male No Fine No Yes . Morning Yes 2
Male Ho Fine No Maybe . Evenng Mo 2
Femde Mo Fine No Maybe Evenng  Nol_sure 2
Female Ho Good Yes No Afternoan  Yes 3
Femde Mo Fine No Maybe Evenng  Not_sure 1
Femge Mo Sad No Maybe Aflemoan  Yes 2
Female Mo Sad Maybe Yes . AMfternoan  Yes 3
Femde Mo Fine No No . Evenng  Yes 3
Female No Fine N Yes . Moming Yes 3
Male No Fine No No Evenmng No 3
e Hn G Yoo tin Bfemoan  Yee n

Relation Name:
Num Instances:

Num Attributes:

Name

Type Nom Int Real
Nom 100% 0% 0%
Nom 99% 0% 0%
Nom 100% 0% 0%
Nom 100% 0% 0%
Nom 100% 0% 0%
Nom 100% 0% 0%
Nom 100% 0% 0%
Nom 100% 0% 0%
Nom 100% 0% 0%
Nom 100% 0% 0%
Nom 100% 0% 0%
Num 0% 100% 0%
Nom 100% 0% 0%
Nom 100% 0% 0%
Nom 100% 0% 0%
Nom 100% 0% 0%
Nom 100% 0% 0%

Unique Dist

tHrooccococooooOCR 000
e s s e e e e e
oo
%

[ N P T

Activate Window

S [swemsesy |

Figure 4.23 Unlabeled Test
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4.4 Predicting a class label by using Naive Bayesian Classification

Let X be a data sample whose class label is unknown. Each data sample is

represented by an n dimensional feature vector, X= (X1, X2, ...,Xn).
In this sample Dataset1, data sample X=(age=)

Class- C1, Yes

Class- C2, No

P(C1) =11/20 = 0.55

P(C2) =9/20 =0.45

P(Q1 =female|C1) =9/11 =0.818
P(Q1 = female|C2) = 5/9 = 0.555

P(Q2 =no|C1) =10/11 = 0.909
P(Q2=n0|C2)=9/9=1

P(Q3 = student|C1) = 9/11 = 0.818
P(Q3 = student|C2) = 8/9 = 0.888

P(Q4 = fine|C1) = 7/11 = 0.636

P(Q4 = fine|C2) = 4/9 = 0.444

P(Q5 =yes|C1) =3/11 =0.272

P(Q5 =yes|C2) = 4/9 = 0.444

P(Q6 =no|C1) = 6/11 = 0.545

P(Q6 =no|C2) = 6/9 = 0.666

P(Q7 = for some time|C1) = 5/11 = 0.454
P(Q7 = for some time|C2) = 5/9 = 0.555
P(Q8 = evening|C1) = 7/11 =0.636
P(Q8 = evening|C2) = 2/9 = 0.222

P(Q9 =no|C1) =2/11=0.181

P(Q9 =no|C2) = 3/9=0.333

P(Q10 = personal|C1) = 7/11 = 0.636
P(Q10 = personal|C2) = 4/9 = 0.444
P(Q11 = very often|C1) = 1/11 = 0.090
P(Q11 = very often|C2) = 3/9 = 0.333
P(Q12 = 4|C1)=2/11=0.181

P(Q12 = 4|C2) =2/9=0.222

P(Q13 = highly supportive|C1) = 2/11 = 0.181
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P(Q13 = highly supportive|C2) = 4/9 = 0.444
P(Q14 = sometime|C1) = 6/11 = 0.545
P(Q14 = sometime|C2) = 2/9 = 0.222
P(Q15 = yes|C1) = 5/11 = 0.454
P(Q15 =yes|C2) = 4/9 = 0.444

P(Q16 = not so easy|C1) = 5/11 = 0.454
P(Q16 = not so easy|C2) = 5/9 = 0.555
P(Q17 = never|C1) =11/11=1

P(Q17 = never|C2) = 8/9 = 0.888
P(Q18 = no|C1) = 10/11 = 0.909
P(Q18=n0|C2)=9/9=1

P(Q19 = no|C1) = 4/11 =0.363

P(Q19 =noC2) = 4/9 = 0.444

P(Q20 = no|C1) = 3/11=0.272

P(Q20 = no|C2) = 4/9 = 0.444

P(Q21 = 1-2 hours|C1) = 2/11 = 0.181
P(Q21 = 1-2 hours|C2) = 1/9=0.111
P(Q22=1|C1)=7/11=0.636

P(Q22 =1|C2) =8/9=0.888

P(Q23 = yes|C1) = 6/11 = 0.545
P(Q23 = yes|C2) = 5/9 = 0.555

P(Q24 = never|C1) = 1/11 = 0.090
P(Q24 = never|C2) =1/9 = 0.111
P(Q25=1|C1)=2/11=0.181
P(Q25=1|C2)=1/9=0.111

P(Q26 =1|C1) =5/11=0.454

P(Q26 = 1|C2) =1/9 =0.111

P(X|Class=C1)= (P(Ql=female|C1) * P(Q2=no|C1)
P(Q4=fine|C1) * P(Q5=yes|C1) * P(Q6=no|C1) * P(Q7= for
some time |Cl) * P(Q8=evening|Cl) * P(Q9=no|C1)
P(Q10=personal|C1) * P(Qll=very often|C1l) * P(Q12=4|C1) *

P(Q13= highly supportive

IC1)

*

*  P(Q3=student|C1)

P(Q14=sometime|C1)

*

*

*

P(Q15=yes|C1) * P(Q16= not so easy |C1) * P(Q1l7=never|Cl) *
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P(Q18=no|C1) * P(Q19=no|C1l) * P(Q20=no|Cl) * P(Q21=1-2
hours|C1) * P(Q22=1|C1) * P(Q23=yes|C1) *
P(Q24=never|C1) * P(Q25=1|C1) * P(Q26=1|C1))
=0.818*0.909*0.818*0.636*0.272*0.545*0.454*0.636*0.181*0.6
36*0.090*
0.181*0.181*0.545*0.454*0.454*1*0.909*0.363*0.272*0.181*0.
636*0.545*0.090*0.181*0.454
=2.629
P(X|Class=C2)= (P(Ql=female|C2) *P(Q2=no|C2)* P(Q3=student|C2) *P(Q4=fine|C2)
*  P(Q5=yes|C2) * P(Q6=no|C2) * P(Q7= for some time |C2) *
P(Q8=evening|C2) * P(Q9=no|C2) * P(Q1l0=personal|C2) *
P(Q11=very often|C2) * P(Q12=4|C2) * P(Q13= highly supportive
|C2) * P(Q14=sometime|C2) * P(Q15=yes|C2) * P(Q16= not so easy
|C2) * P(Q17=never|C2) * P(Q18=n0|C2) * P(Q19=n0|C2) *
P(Q20=no|C2) * P(Q21=1-2 hours|C2) * P(Q22=1|C2) *
P(Q23=yes|C2) * P(Q24=never|C2) * P(Q25=1|C2) * P(Q26=1|C2))
=0.555*1*0.888*0.444*0.444*0.666*0.555*0.222*0.333*0.444*0.
333*
0.222*0.444*0.222*0.444*0.555*0.888*1*0.444*0.444*0.111*0.88
8*0.555*0.111*0.111*0.111
=2.772
And then the user outputs maximum possible predicted results by comparing
such probabilities.
P(X|Ci)*P(Ci)
P(X|Class=C1)*P(C1)
=2.629*0.55 =1.445
P(X|Class=C2)*P(C2)
=2.772*0.45 =1.247
Therefore, the Naive Bayesian Classifier predicts class label =" Yes” for sample
tuple X. In above sample calculation, probabilities values of Class 1 (Yes) and Class 2
(No) in each attribute, in all attributes, and the product of probability values of tuple x
and probability of each class. Finally, the system classifies yes or no of each tuple

depending upon the calculated probabilities of training dataset, testing data is process
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and classify class label Yes or No, and then unlabeled dataset is tested with answers of

one patient, many patients and some patients and classified Class label.

4.5 Performance Result of the Proposed System
The system can help users to reduce the consuming time for confirming their
conditions they feel. As the system’s performance, Random Split Test’s result and K-

Folds Test’s result are displayed with Table 5.1 and with bar chat in Figure 4.24.

Table 5.1 Accuracy Results

Random Split Test K-Folds Test 10-Folds
(30%, 70%)
Dataset 1 80.38 85.11
Dataset 2 79.56 78.67
Chart Title
86
84
82
80
78
m _
74

Dataset 1 Dataset 2

m Random Split Test (30%, 70%) m K-Folds Test 10-Folds

Figure 4.24 Accuracy Result with Chart
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CHAPTER 5
CONCLUSION AND FURTHER EXTENSIONS

This thesis is developed to classify psychological illness disease from two
datasets by using Naive Bayes Classifier. The needed components of the system
constructed and investigated and their overall performance of the system are analyzed.
In this chapter, the thesis are concluded with advantages of the system, and future work

are presented.

5.1 Conclusion

The proposed system presents the implementation of classification of
psychological illness using Naive Bayes. This system helps the users or patients to
know whether user diagnosing the psychological illness causes or not. The questions
what conditions they suffer are the attributes of the system and the most conditions
which can cause psychological illness. The system displays the user who causes
psychological illness or does not cause. The system is proved that the performance of

the system is very good and improves the accuracy is over 80%. Also

5.2 Advantages of the System

The proposed system serves, user-friendly, and high-performance to the patients
by diagnosing on their thoughts and conditions he/she feels. As a result, the
classification system is more accurate in answering on the questions (attributes). The
exactness and completeness of the proposed system are proved by the average value of
accuracy which obtains over 80%.

5.3 Further Extensions

The proposed system is tested by using only two datasets from kaggle.com (data
free site). The dataset can be extended with other resources, such as professionals or
psychologists’ patient records, others, by using Naive Bayes Classifier. Obtaining a
better result in this comparison is a motivation for further research by comparing Naive

Bayes Classifier with other rules.
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