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ABSTRACT

Diabetes is a chronic (long-lasting) health condition that affects how your body
turns food into energy. Most of the food you eat is broken down into sugar
(also called glucose) and released into your bloodstream. When your blood
sugar goes up, it signals your pancreas to release insulin. Nowadays machine
learning is applied to healthcare system where there is a chance of predicting
the disease early. The main necessity of Artificial intelligence is data. The past
dataset is collected and that dataset is used to build a machine learning
model. The necessary pre-processing techniques are applied like univariate
analysis and bivariate analysis are implemented. The data is visualised for
better understanding of the features and based on that a classification model
is built by using machine learning algorithm and comparison of algorithms are

done based on their performance metrics like accuracy, F1 score recall etc.
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CHAPTER 1

INTRODUCTION
1.1 DATA SCIENCE

Data science is an interdisciplinary field that uses scientific methods,
processes, algorithms and systems to extract knowledge and insights from
structured and unstructured data, and apply knowledge and actionable
insights from data across a broad range of application domains. The term
"data science" has been traced back to 1974, when Peter Naur proposed it as
an alternative name for computer science. In 1996, the International
Federation of Classification Societies became the first conference to
specifically feature data science as a topic. However, the definition was still in
flux.

The term “data science” was first coined in 2008 by D.J. Patil, and Jeff
Hammer bacher, the pioneer leads of data and analytics efforts at LinkedIn
and Facebook. In less than a decade, it has become one of the hottest and
most trending professions in the market. Data science is the field of study
that combines domain expertise, programming skills, and knowledge of
mathematics and statistics to extract meaningful insights from data. Data
science can be defined as a blend of mathematics, business acumen, tools,
algorithms and machine learning techniques, all of which help us in finding out
the hidden insights or patterns from raw data which can be of major use in the

formation of big business decisions.

1.1.1 Data Scientist:

Data scientists examine which questions need answering and where to
find the related data. They have business acumen and analytical skills as well
as the ability to mine, clean, and present data. Businesses use data scientists

to source, manage, and analyse large amounts of unstructured data.



1.2 ARTIFICIAL INTELLIGENCE

Artificial intelligence (Al) refers to the simulation of human intelligence
in machines that are programmed to think like humans and mimic their
actions. The term may also be applied to any machine that exhibits traits
associated with a human mind such as learning and problem-solving. Artificial
intelligence (Al) is intelligence demonstrated by machines, as opposed to
the natural intelligence displayed by humans or animals. Leading Al textbooks
define the field as the study of "intelligent agents" any system that perceives
its environment and takes actions that maximize its chance of achieving its

goals.

Learning processes. This aspect of Al programming focuses on
acquiring data and creating rules for how to turn the data into actionable
information. The rules, which are called algorithms, provide computing devices

with step-by-step instructions for how to complete a specific task.

Reasoning processes. This aspect of Al programming focuses on

choosing the right algorithm to reach a desired outcome.

Self-correction processes. This aspect of Al programming is designed
to continually fine-tune algorithms and ensure they provide the most accurate

results possible.

1.3 MACHINE LEARNING

Machine learning is to predict the future from past data. Machine
learning (ML) is a type of artificial intelligence (Al) that provides computers
with the ability to learn without being explicitly programmed. Machine learning
focuses on the development of Computer Programs that can change when

exposed to new data and the basics of Machine Learning, implementation of a
2
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simple machine learning algorithm using python. Process of training and
prediction involves use of specialized algorithms. It feed the training data to an
algorithm, and the algorithm uses this training data to give predictions on a
new test data. Machine learning can be roughly separated in to three
categories. There are supervised learning, unsupervised learning and
reinforcement learning. Supervised learning program is both given the input
data and the corresponding labeling to learn data has to be labeled by a
human being beforehand. Unsupervised learning is no labels. It provided to

the learning algorithm.

This algorithm has to figure out the clustering of the input data.
Classification is the process of predicting the class of given data points.
Classes are sometimes called as targets/ labels or categories. Classification
predictive modeling is the task of approximating a mapping function from input
variables(X) to discrete output variables(y). In machine learning and statistics,
classification is a supervised learning approach in which the computer
program learns from the data input given to it and then uses this learning to
classify new observation. This data set may simply be bi-class (like identifying
whether the person is male or female or that the mail is spam or non-spam) or
it may be multi-class too. Some examples of classification problems are:
speech recognition, handwriting recognition, bio metric identification,

document classification etc.

Past Analyses ' Predicts
Dataset R -

Trains
Fig: Process of Machine learning

Supervised Machine Learning is the majority of practical machine learning
uses supervised learning. Supervised learning is where have input variables (X) and
an output variable (y) and use an algorithm to learn the mapping function from the

input to the output is y = f(X). The goal is to approximate the mapping function so well

3
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that when you have new input data (X) that you can predict the output variables (y)
for that data. Techniques of Supervised Machine Learning algorithms include logistic
regression, multi-class  classification, Decision  Trees and support vector
machines etc. Supervised learning requires that the data used to train the
algorithm is already labeled with correct answers. Supervised learning
problems can be further grouped into Classification problems. This problem
has as goal the construction of a succinct model that can predict the value of
the dependent attribute from the attribute variables. The difference between
the two tasks is the fact that the dependent attribute is numerical for
categorical for classification. A classification model attempts to draw some
conclusion from observed values. Given one or more inputs a classification
model will try to predict the value of one or more outcomes. A classification

problem is when the output variable is a category, such as “red” or “blue”.

1.4 OVERVIEW

To understand why insulin is important in diabetes, it helps to know more
about how the body uses food for energy. Your body is made up of millions of
cells. To make energy, these cells need food in a very simple form. When you
eat or drink, much of your food is broken down into a simple sugar called
"glucose." Then, glucose is transported through the bloodstream to the cells of
your body where it can be used to provide some of the energy your body

needs for daily activities.

Define a problem
Preparing data
Evaluating algorithms
Improving results

Predicting results



CHAPTER 2

LITERATURE SURVEY
2.1 SURVEY 1

Title : A Predic a Predictive model for DI TIVE Model for diabetes using M
TES using machine learning techniques.
Author: A E. Evwiekpaefe, Nafisat Abdulkadir.
Year :2021
Diabetes Mellitus (DM) which refers to a metabolic disorder that occurs
when the level of blood sugar in the body is considered high, which could be a
resulting effect of inadequate availability of insulin in the body. It is a chronic
disease which may lead to myriads of complications in the body system.
Statistics by the World Health Organization (WHO) in 2013, indicated that DM
was the cause of death of over 1.5 million people around the world and in
2016, 8.5% of adults within age seventeen (17) and above were reported to be

diabetic and diabetic patients have continued to increase in recent years.

2.2 SURVEY 2

Title A Survey: Detection and Prediction of Diabetes Using Machine
Learning Techniques

Author : Priyanka Indoria- , Yogesh Kumar Rathore,.

Year :- March-2018
Diabetes is a one of the leading cause of blindness, kidney failure,

amputations, heart failure and stroke. When we eat, our body turns food into
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sugars, or glucose. At that point, our pancreas is supposed to release insulin.
Insulin serves as a “key” to open our cells, to allow the glucose to enter -- and
allow us to use the glucose for energy. But with diabetes, this system does not
work. Several major things can go wrong — causing the onset of diabetes.
Type 1 and type 2 diabetes are the most common forms of the disease, but
there are also other kinds, such as gestational diabetes, which occurs during
pregnancy, as well as other forms. This paper focuses on recent
developments in machine learning which have made significant impacts in the

detection and diagnosis of diabetes.

2.3 SURVEY 3

Title Prediction of Diabetics using Machine Learning
Author: G. Geetha, K.Mohana Prasad
Year :May 2011

Around 50.9 Million People in India suffer from diabetics and Tamil
Nadu stands second in the list of Indian states. The main objective of this
paper is to develop prediction modeling of the given medical data of patients
with and without diabetics. Through this paper, we aim to create hybrid models
that can be easily used by doctors to treat patients with diabetics. Naive
Bayes and Random forest algorithms are used to predict whether a person
having diabetics or not, by keeping his health conditions in mind. The Random
Forest algorithm is used here in order to perform feature selection. It takes n
inputs from the dataset and builds numerous uncorrelated decision trees
during the time of training. It then displays the class that is the mode of all of

the class outputs by individual trees.

2.4 SURVEY 4



Title : Effective Prediction of Diabetes Mellitus using Nine different Machine
Learning Techniques and their Performances

Author : Sarvesh Vishwakarma, Anupam Agrawal
Year :May 2011

Diabetes is a disease where the predominant finding is high blood
sugar. The high blood sugar may either be because of deficient insulin
production (Type 1) or insulin resistance in peripheral tissue cells (Type 2).
Many problems occur if diabetes remains untreated and unidentified. Positive
likelihood ratio, Negative likelihood ratio, Positive predictive value, Negative
predictive value, Disease prevalence, Specificity, Precision, Recall, F1-Score
,True positive rate, False positive rate of the applied algorithms is discussed
and compared. Diabetes is growing at an increasing in the world and it
requires continuous monitoring. To check this we use Logical regression,
Random forest, Logical regression CV, Support Vector Machine, Artificial
Neural Network (ANN), Decision Tree, k-nearest neighbors (KNN), XGB

classifier.

2.5 SURVEY 5§

Title : Literature Survey On Different Techniques Used For Predicting
Diabetes Mellitus
Author : Shashank Joshi, Vijayendra Gaikwad, Sairam Rathod,
Year :,June 2020

Diabetes is a disease where the predominant finding is high blood
sugar. The high blood sugar may either be because of deficient insulin
production (Type 1) or insulin resistance in peripheral tissue cells (Type 2).
Many problems occur if diabetes remains untreated and unidentified. Nine
different machine learning techniques are used in this research work for
prediction of diabetes. A dataset of diabetic patient’s is taken and nine

different machine learning techniques are applied on the dataset. Positive
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likelihood ratio, Negative likelihood ratio, Positive predictive value, Negative
predictive value, Disease prevalence, Specificity, Precision, Recall, F1-Score
,True positive rate, False positive rate of the applied algorithms is discussed
and compared. Diabetes is growing at an increasing in the world and it

requires.

CHAPTER 3

AIM AND SCOPE OF THE PROJECT
3.1 Aim:

The main Aim of the project is to Predict the peoples who affected by

diabetes, comparing the algorithm and taking the best accuracy result.

3.2 Scope:

The scope of this project is to investigate a diabetes dataset to find the diabetes
using machine learning technique. To find the diabetes is based on the people’s
health actual conditions it’'s not easy one to predict, but using the Al machine
learning technique compare with different algorithms we can build a predictive
models. Using metrics (accuracy, precision, recall, etc..) we can validate the

model accuracy.

3.3 Objective:

The goal is to develop a machine learning model for Predicting diabetes using
to potentially replace the updatable supervised machine learning classification
models by predicting results in the form of best accuracy by comparing

supervised algorithm.



3.4 Proposed system:

The proposed method is to build a machine learning model for predicting
Diabetes. The process carries from data collection where the past data related
to Diabetes are collected. Data mining is a commonly used technique for
processing enormous data in the healthcare domain. The Diabetes if found
before proper treatment can save lives. Machine learning is now applied and
mostly used in health care where it reduces the manual effort and better
model makes error less which leads in saving the life. The data analysis is
done on the dataset proper variable identification done that is both the
dependent variables and independent variables are found. Then proper
machine learning algorithm are applied on the dataset where the pattern of
data is learnt. After applying different algorithms a better algorithm is used for

the prediction of outcome.

Dataset

= D
Cm

People Input Information

=

Diabetes data

Pre-processing

(@] Flask
( {_i -— - - - -

By

People

ML Model Accuracy Selection Compare ML Algorithm

Fig 3.1 Architecture Diagram

3.4.1 Advantages:

These reports are to the investigation of applicability of machine learning

techniques for Diabetes prediction in operational conditions.



Finally, it highlights some observations on future research issues, challenges,

and needs.

CHAPTER 4
ALGORITHM AND METHODS

4.1 Model description:

4.1.1 Data Pre-processing

Validation techniques in machine learning are used to get the error rate
of the Machine Learning (ML) model, which can be considered as close to the
true error rate of the dataset. If the data volume is large enough to be
representative of the population, you may not need the validation techniques.
However, in real-world scenarios, to work with samples of data that may not
be a true representative of the population of given dataset. To finding the
missing value, duplicate value and description of data type whether it is float
variable or integer. The sample of data used to provide an unbiased evaluation

of a model fit on the training dataset while tuning model hyper parameters.

Pregnancies Glucose BloodPressure SkinThickness Insulin BEMI DiabetesPedigreeFunction Age Cutcome
count  763.000000 783.000000 765000000 765000000 TFE3.000000 TFEE 000000 768.000000 768.000000 T68.000000
mean 3845052 120.894531 59.105469 20.5364558 79.799479  31.99257& 0471876  33.240885 0.343958

std 3.369578 31972618 19.355507 15952215 115244002 7534160 0.331329 11.760232 0.4756951
min 0000000 0.000000 0000000 0000000 0000000 0000000 0.073000 21.000000 0.000000
25% 1.000000 95.000000 62000000 0000000 0000000 27300000 0.243750 24.000000 0.000000
50% 3.000000 117.000000 T2.000000 23000000 30.500000 32000000 0.372500 29.000000 0.000000
75% 6.000000 140250000 S0_000000 32000000 127250000 36600000 0.626250 41.000000 1.000000
max 17.000000 198.000000 122000000 99.000000 B246.000000  &7.100000 2.420000  81.000000 1.000000

10



Fig 4.1 Dataset of Diabetes

The evaluation becomes more biased as skill on the validation dataset
is incorporated into the model configuration. The validation set is used to
evaluate a given model, but this is for frequent evaluation. It as machine
learning engineers use this data to fine-tune the model hyper parameters.
Data collection, data analysis, and the process of addressing data content,
quality, and structure can add up to a time-consuming to-do list. During the
process of data identification, it helps to understand your data and its
properties; this knowledge will help you choose which algorithm to use to build

your model.

4.1.2 Data visualization

Data visualization is an important skill in applied statistics and machine
learning. Statistics does indeed focus on quantitative descriptions and
estimations of data. Data visualization provides an important suite of tools for
gaining a qualitative understanding. This can be helpful when exploring and
getting to know a dataset and can help with identifying patterns, corrupt data,
outliers, and much more. With a little domain knowledge, data visualizations
can be used to express and demonstrate key relationships in plots and charts
that are more visceral and stakeholders than measures of association or
significance. Data visualization and exploratory data analysis are whole fields

themselves and it will recommend a deeper dive into some the books

11
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Fig 4.2 Bar Graph of Age wise Positive cases

False Positives (FP): A person who will pay predicted as defaulter. When
actual class is no and predicted class is yes. E.g. if actual class says this
passenger did not survive but predicted class tells you that this passenger will
survive.

False Negatives (FN): A person who default predicted as payer. When actual
class is yes but predicted class in no. E.g. if actual class value indicates that
this passenger survived and predicted class tells you that passenger will die.
True Positives (TP): A person who will not pay predicted as defaulter. These
are the correctly predicted positive values which means that the value of
actual class is yes and the value of predicted class is also yes. E.g. if actual
class value indicates that this passenger survived and predicted class tells you
the same thing.

True Negatives (TN): A person who default predicted as payer. These are the
correctly predicted negative values which means that the value of actual class
is no and value of predicted class is also no. E.g. if actual class says this

passenger did not survive and predicted class tells you the same thing.

12
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Fig 4.3 Positive and negative case in heat map

4.1.3 Comparing Algorithm with prediction in the form of best accuracy
result

It is important to compare the performance of multiple different machine
learning algorithms consistently and it will discover to create a test harness to
compare multiple different machine learning algorithms in Python with
scikit-learn. It can use this test harness as a template on your own machine
learning problems and add more and different algorithms to compare. Each
model will have different performance characteristics. When have a new
dataset, it is a good idea to visualize the data using different techniques in
order to look at the data from different perspectives. The same idea applies to
model selection. You should use a number of different ways of looking at the
estimated accuracy of your machine learning algorithms in order to choose the
one or two to finalize. A way to do this is to use different visualization methods
to show the average accuracy, variance and other properties of the distribution

of model accuracies.

In the example below 4 different algorithms are compared:

13
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Logistic Regression
Decision Tree
Random Forest

Support Vector Machine

The K-fold cross validation procedure is used to evaluate each
algorithm, importantly configured with the same random seed to ensure that
the same splits to the training data are performed and that each algorithm is
evaluated in precisely the same way. Before that comparing algorithm,
Building a Machine Learning Model using install Scikit-Learn libraries. In this
library package have to done preprocessing, linear model with logistic
regression method, cross validating by KFold method, ensemble with random
forest method and tree with decision tree classifier. Additionally, splitting the
train set and test set. To predicting the result by comparing accuracy.
Prediction result by accuracy:

Logistic regression algorithm also uses a linear equation with
independent predictors to predict a value. The predicted value can be
anywhere between negative infinity to positive infinity. It need the output of the
algorithm to be classified variable data. Higher accuracy predicting result is

logistic regression model by comparing the best accuracy.

True Positive Rate(TPR) = TP / (TP + FN)
False Positive rate(FPR) = FP / (FP + TN)
Accuracy: The Proportion of the total number of predictions that is correct

otherwise overall how often the model predicts correctly defaulters and

non-defaulters.
Accuracy calculation:
Accuracy = (TP +TN)/ (TP + TN + FP + FN)
Accuracy is the most intuitive performance measure and it is simply a

ratio of correctly predicted observation to the total observations. One may

14



think that, if we have high accuracy then our model is best. Yes, accuracy is a
great measure but only when you have symmetric datasets where values of
false positive and false negatives are almost same.

Precision: The proportion of positive predictions that are actually correct.
(When the model predicts default: how often is correct?)

Precision = TP / (TP + FP)

Precision is the ratio of correctly predicted positive observations to the
total predicted positive observations. The question that this metric answer is of
all passengers that labeled as survived, how many actually survived? High
precision relates to the low false positive rate. We have got 0.788 precision
which is pretty good.

Recall: The proportion of positive observed values correctly predicted. (The
proportion of actual defaulters that the model will correctly predict)

Recall = TP/ (TP + FN)

Recall(Sensitivity) - Recall is the ratio of correctly predicted positive
observations to the all observations in actual class - yes.
F1 Score is the weighted average of Precision and Recall. Therefore, this
score takes both false positives and false negatives into account. Intuitively it
is not as easy to understand as accuracy, but F1 is usually more useful than
accuracy, especially if you have an uneven class distribution. Accuracy works
best if false positives and false negatives have similar cost. If the cost of false
positives and false negatives are very different, it's better to look at both
Precision and Recall.
General Formula:

F- Measure = 2TP / (2TP + FP + FN)
F1-Score Formula:

F1 Score = 2*(Recall * Precision) / (Recall + Precision)

Algorithm Explanation

15



In machine learning and statistics, classification is a supervised
learning approach in which the computer program learns from the data input
given to it and then uses this learning to classify new observation. This data
set may simply be bi-class (like identifying whether the person is male or
female or that the mail is spam or non-spam) or it may be multi-class too.
Some examples of classification problems are: speech recognition,
handwriting recognition, bio metric identification, document classification etc.
In Supervised Learning, algorithms learn from labeled data. After
understanding the data, the algorithm determines which label should be given
to new data based on pattern and associating the patterns to the unlabeled
new data.

Used Python Packages:

sklearn:

e In python, sklearn is a machine learning package which include a lot of ML

algorithms.

e Here, we are using some of its modules like train_test split,

DecisionTreeClassifier or Logistic Regression and accuracy_score.

NumPy:

e |t is a numeric python module which provides fast maths functions for

calculations.
e ltis used to read data in numpy arrays and for manipulation purpose.
Pandas:
e Used to read and write different files.
e Data manipulation can be done easily with data frames.
Matplotlib:

e Data visualization is a useful way to help with identify the patterns from

given dataset.

e Data manipulation can be done easily with data frames.

Logistic Regression

16
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It is a statistical method for analysing a data set in which there are one
or more independent variables that determine an outcome. The outcome is
measured with a dichotomous variable (in which there are only two possible
outcomes). The goal of logistic regression is to find the best fitting model to
describe the relationship between the dichotomous characteristic of interest
(dependent variable = response or outcome variable) and a set of
independent (predictor or explanatory) variables. Logistic regression is a
Machine Learning classification algorithm that is used to predict the probability
of a categorical dependent variable. In logistic regression, the dependent
variable is a binary variable that contains data coded as 1 (yes, success, etc.)
or 0 (no, failure, etc.).

Negative predictive valve : o.71426871478571427

[[132 18]
[ 35 45]]

7.79%

- 15.58% 19.48% 02

Fig 4.4 Positive and Negative predictive value of Logistic Regression

In other words, the logistic regression model predicts P(Y=1) as a

function  of X. Logistic regression Assumptions:

o Logistic regression predicts the output of a categorical dependent variable. Q

Therefore the outcome must be a categorical or discrete value. It can be either

Yes or No, 0 or 1, true or False, etc. but instead of giving the exact value as 0

and 1, it gives the probabilistic values which lie between 0 and 1.

17



o Logistic Regression is much similar to the Linear Regression except that how
they are used. Linear Regression is used for solving Regression problems,

whereas Logistic regression is used for solving the classification problems.

Classification report of Logistic Regression Results:

precision recall Fl-score support

e.72 2.88 @.832 15a

e.71 2.56 a.63 81

SCCUracy a8.77 231

macro avg a.75 2.72 a.72 221

welghted awvg a.75 2.FF a.7s 231
Aaccuracy result of Logisticregression is: 76.62337662323276532

Confusion Matrix result of Logistic Regression is:
[[122 18]

[ 38 =5]1]
Sensitivity : 2.88
Specificity : B.555555555555555E

Cross wvalidation test results of accuracy:
[2.77272727 2.74575325 9.75974026 2.81699346 B.75815992]

Accuracy result of Logistic Regression is: 77.887622SSE27178

Accuracy comparison Diabetes

— F7387GB3ALEITLIE

Logistic Regression

Fig 4.5 Accuracy result of logistic regression

o In Logistic regression, instead of fitting a regression line, we fit an "S" shaped

logistic function, which predicts two maximum values (0 or 1).

o The curve from the logistic function indicates the likelihood of something such
as whether the cells are cancerous or not, a mouse is obese or not based on

its weight, etc.

o Logistic Regression is a significant machine learning algorithm because it has
the ability to provide probabilities and classify new data using continuous and

discrete datasets.
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o Logistic Regression can be used to classify the observations using different
types of data and can easily determine the most effective variables used for

the classification. The below image is showing the logistic function:
Logistic Function (Sigmoid Function):

o The sigmoid function is a mathematical function used to map the predicted

values to probabilities.
o It maps any real value into another value within a range of 0 and 1.

o The value of the logistic regression must be between 0 and 1, which cannot go
beyond this limit, so it forms a curve like the "S" form. The S-form curve is

called the Sigmoid function or the logistic function.

On the basis of the categories, Logistic Regression can be classified into three

types:

o Binary or Binomial: In such a kind of classification, a dependent variable will
have only two possible types either 1 and 0. For example, these variables may

represent success or failure, yes or no, win or loss etc.

o Multinomial: In such a kind of classification, dependent variable can have 3 or
more possible unordered types or the types having no quantitative
significance. For example, these variables may represent “Type A” or “Type B”

or “Type C.

o Ordinal; In such a kind of classification, dependent variable can have 3 or
more possible ordered types or the types having a quantitative significance.

For example, these variables may represent “poor” or “good”, “very good”,

“Excellent” and each category can have the scores like 0,1,2,3.

Decision Tree
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In general, Decision tree analysis is a predictive modelling tool that can be
applied across many areas. Decision trees can be constructed by an algorithmic
approach that can split the dataset in different ways based on different conditions.
Decisions trees are the most powerful algorithms that falls under the category of
supervised algorithms. They can be used for both classification and regression
tasks. The two main entities of a tree are decision nodes, where the data is split and
leaves, where we got outcome. The example of a binary tree for predicting whether a
person is fit or unfit providing various information like age, eating habits and exercise

habits, is given below -

Positive Predictive Value : 8.5983514457831325
Negative predictive wvalue @ 8.21621521621621523
[[116 34]

[ 32 =£3]]

14.72%

030

13.85% 21.21%
0Z0

Fig 4.6 Positive and Negative Predictive value of Decision tree

In the above decision tree, the question are decision nodes and final outcomes are

leaves. We have the following two types of decision trees.

e C(Classification decision trees — In this kind of decision trees, the decision
variable is categorical. The above decision tree is an example of classification

decision tree.

e Regression decision trees — In this kind of decision trees, the decision

variable is continuous.

Implementing Decision Tree Algorithm

Gini Index
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Important Terminology related to Decision Tree

1. Root Node: It represents the entire population or sample and this further gets
divided into two or more homogeneous sets.
2. Splitting: It is a process of dividing a node into two or more sub-nodes.
3. Decision Node: When a sub-node splits into further sub-nodes, then it is called the
decision node.
4. Leaf/ Terminal Node: Nodes do not split is called Leaf or Terminal node.
5. Pruning: When we remove sub-nodes of a decision node, this process is called
pruning. You can say the opposite process of splitting.
6. Branch / Sub-Tree: A subsection of the entire tree is called branch or sub-tree.
7. Parent and Child Node: A node, which is divided into sub-nodes is called a parent
node of sub-nodes whereas sub-nodes are the child of a parent node.
Decision trees classify the examples by sorting them down the tree from the
root to some leaf/terminal node, with the leaf/terminal node providing the

classification of the example.

Each node in the tree acts as a test case for some attribute, and each edge
descending from the node corresponds to the possible answers to the test
case. This process is recursive in nature and is repeated for every subtree

rooted at the new node.
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Classification report DecisionTree classifier Results:

precision recall Fl-score support

L= 2.78 2.77 a.78 15a

a 2.52 2.5a a2.82 21

aCCuUracy a.71 2231
mICro avg .62 L= 2.3 2=1
weighted awg a.7z a2.71 a.72 231

Accuracy result of DecisionTres is: 71.428571422857143
Confusion Matrix result of DecissionTres Classifier is:
[[118 =a]
[ 22 =271
Sensitiwvity : B.FFIZZTZIIZZIIZZI22
Specificity : 2.52393827 15839353

Cross walidation test results of accuracy:
[@.67532468 2.65584316 B.68831162 2.81245752 @.7253382 ]

Aaccuracy result of pecisiconTres classifier is: 71.188S56363727649

Accuracy comparison of Diabetes

_— 71 L0B36863THI64

Fig 4.7 Accuracy result of Decision Tree

Entropy is a measure of the randomness in the information being processed. The
higher the entropy, the harder it is to draw any conclusions from that information.
Flipping a coin is an example of an action that provides information that is random.
From the above graph, it is quite evident that the entropy H(X) is zero when the
probability is either 0 or 1. The Entropy is maximum when the probability is 0.5
because it projects perfect randomness in the data and there is no chance if perfectly

determining the outcome.

Mathematically Entropy for 1 attribute is represented as:

E(S) — E o log., o,

=1

Where S — Current state, and Pi — Probability of an event i of state S or

Percentage of class i in a node of state S.

Information Gain

22



Information gain orIGis a statistical property that measures how well a given
attribute separates the training examples according to their target classification.
Constructing a decision tree is all about finding an attribute that returns the highest

information gain and the smallest entropy.

K
Information Gain = Entropy(before) — " Entropy(j, after)
=

Information gain is a decrease in entropy. It computes the difference between entropy
before split and average entropy after split of the dataset based on given attribute

values. ID3 (lterative Dichotomiser) decision tree algorithm uses information gain.

Mathematically, I1G is represented as:
Information Gain(T,X) = Entropy(T) - Entropy(T, X)

In a much simpler way, we can conclude that:

K
Information Gain = Entropy(before) — > Entropy(j, after)
A

Information Gain
Where “before” is the dataset before the split, K is the number of subsets generated

by the split, and (j, after) is subset j after the split.
Split Creation

A split is basically including an attribute in the dataset and a value. We can

create a split in dataset with the help of following three parts -

e Part 1: Calculating Gini Score -— We have just discussed this part in the

previous section.

e Part 2: Splitting a dataset - It may be defined as separating a dataset into two
lists of rows having index of an attribute and a split value of that attribute.

After getting the two groups - right and left, from the dataset, we can calculate
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the value of split by using Gini score calculated in first part. Split value will

decide in which group the attribute will reside.

Part 3: Evaluating all splits — Next part after finding Gini score and splitting
dataset is the evaluation of all splits. For this purpose, first, we must check
every value associated with each attribute as a candidate split. Then we need

to find the best possible split by evaluating the cost of the split. The best split

will be used as a node in the decision tree.
Random forest Algorithm

Random Forest is a popular machine learning algorithm that belongs to the
supervised learning technique. It can be used for both Classification and
Regression problems in ML. It is based on the concept of ensemble
learning, which is a process of combining multiple classifiers to solve a

complex problem and to improve the performance of the model.

As the name suggests, "Random Forest is a classifier that contains a number
of decision trees on various subsets of the given dataset and takes the
average to improve the predictive accuracy of that dataset." Instead of relying
on one decision tree, the random forest takes the prediction from each tree
and based on the majority votes of predictions, and it predicts the final output.
The greater number of trees in the forest leads to higher accuracy and

prevents the problem of overfitting.
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The below diagram explains the working of the Random Forest algorithm:

Positive Predictive walue @ 8.56666666660666656
Megative predictive wvalue @ @.224243424343424734
Confusion matri«-RF:

[[128 =2z]

[ 37 =411

Confusion matrix-RF

Fue labe

Predicted laoe

Fig 4.8 Positive and Negative Predictive value of Random Forest
Why use Random Forest?

Below are some points that explain why we should use the Random Forest
algorithm:

o It takes less training time as compared to other algorithms.

o It predicts output with high accuracy, even for the large dataset it runs

efficiently.

o It can also maintain accuracy when a large proportion of data is missing.

How does Random Forest algorithm work?

Random Forest works in two-phase first is to create the random forest by
combining N decision tree, and second is to make predictions for each tree
created in the first phase.

The Working process can be explained in the below steps and diagram:
Step-1: Select random K data points from the training set.

Step-2: Build the decision trees associated with the selected data points
(Subsets).

Step-3: Choose the number N for decision trees that you want to build.

Step-4: Repeat Step 1 & 2.
25



Step-5: For new data points, find the predictions of each decision tree, and

assign the new data points to the category that wins the majority votes.

Classification report of Ranmndom Forest Results:
precision recall Fl-score support
=l a.7F8 2.85 2,281 15&
1 2.87 .59 2. 52 81
BCCUracy a. 73 231
macro avg 2.7 2.7a 2.71 221
weighted awvg 2.7 .73 a.72 231

Accuracy result of Random Forest is: 74.45887445887446
Confusion Matrix result of Random Forest is:

[[2z2zs =22]

[ =7 2477

Sensitiwvity - B.85222232232322329

Specificity : 2.S422898765422098

Cross walidation ftest results of accuracy:
[@.74675325 2.73376623 A.FFIFRTIT 2.83206536 A.F777777&8]

Accuracy result of Random Faorest is: 7F7.2217978188=231

Accuracy comparnson of Diabetes

— 77 221767

EL005E51

Fig 4.9 Accuracy result of Random Forest
The working of the algorithm can be better understood by the below example:
Example: Suppose there is a dataset that contains multiple fruit images. So,
this dataset is given to the Random forest classifier. The dataset is divided into
subsets and given to each decision tree. During the training phase, each
decision tree produces a prediction result, and when a new data point occurs,
then based on the majority of results, the Random Forest classifier predicts

the final decision. Consider the below image:

Implementation in Scikit-learn

For each decision tree, Scikit-learn calculates a nodes importance using Gini

Importance, assuming only two child nodes (binary tree):
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ni;y = w;l; — Wiere(HClereid — Wrighe(HCrigheid

e ni sub(j)= the importance of node |

e w sub(j) = weighted number of samples reaching node j
e C sub(j)=the impurity value of node j

e left(j) = child node from left split on node j

e right(j) = child node from right split on node j

sub() is being used as subscript isn’t available in Medium

See method compute_feature_importances in _tree.pyx

The importance for each feature on a decision tree is then calculated as:

Ej:noae J splits on feature i ey

fiyg =

ZF{EH Il nodes FLL g

e fi sub(i)= the importance of feature i

e ni sub(j)= the importance of node j

These can then be normalized to a value between 0 and 1 by dividing by the

sum of all feature importance values:
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https://github.com/scikit-learn/scikit-learn/blob/18cdaa69c14a5c84ab03fce4fb5dc6cd77619e35/sklearn/tree/_tree.pyx#L1056

iz

Zjeau, Features fij

Tnormm fi; —

The final feature importance, at the Random Forest level, is it's average over
all the trees. The sum of the feature’s importance value on each trees is

calculated and divided by the total number of trees:

EanHI trees nmfif-j
T

RFfl’:l-'_ =

e RFfi sub(i)= the importance of feature i calculated from all trees in the Random

Forest model
e normfi sub(ij)= the normalized feature importance fori in tree j

e T = total number of trees
See method feature_importances_ in forest.py

Notation was inspired by this StackExchange thread which | found incredible

useful for this post.
Implementation in Spark

For each decision tree, Spark calculates a feature’s importance by summing

the gain, scaled by the number of samples passing through the node:

Jfli. — S;‘Cj

Zj:noctes J splits on feature i
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https://stats.stackexchange.com/questions/311488/summing-feature-importance-in-scikit-learn-for-a-set-of-features

e fi sub(i) = the importance of feature i
e s sub(j) = number of samples reaching node j

e C sub(j) = the impurity value of node j

See method computeFeaturelmportance in treeModels.scala

To calculate the final feature importance at the Random Forest level, first the

feature importance for each tree is normalized in relation to the tree:

Fig

Ejeat& fFeatwures fij

rrorrm fi; =

e normfi sub(i) = the normalized importance of feature i

e fi sub(i) = the importance of feature i

Then feature importance values from each tree are summed normalized:

2 inormfi;;

E;’Eau Features,keall trees nﬂrmf‘jk

RFfi; =

e RFfi sub(i)= the importance of feature i calculated from all trees in the Random

Forest model

e normfi sub(ij)= the normalized feature importance for i in tree j

Support Vector Machines
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Given a set of training examples, each marked as belonging to one or
the other of two categories, an SVM training algorithm builds a model that
assigns new examples to one category or the other, making it a
non-probabilistic binary linear classifier. The objective of applying SVMs is to
find the best line in two dimensions or the best hyperplane in more than two
dimensions in order to help us separate our space into classes. The
hyperplane (line) is found through the maximum margin, i.e., the maximum
distance between data points of both classes. Don’t you think the definition
and idea of SVM look a bit abstract? No worries, let me explain in details.

i ot e T SR
Confusion matrix-su:

[[133 17]
[ 46 35]]

Confusion matrix-SVM

E
a

Fue label
B

z

g

Predicted labe

Fig 4.10 Positive and Negative Predictive value of SVM

Support Vector, Hyperplane, and Margin
The vector points closest to the hyperplane are known as the support
vector points because only these two points are contributing to the result of
the algorithm, and other points are not. If a data point is not a support vector,
removing it has no effect on the model. On the other hand, deleting the
support vectors will then change the position of the hyperplane.
The dimension of the hyperplane depends upon the number of
features. If the number of input features is 2, then the hyperplane is just a line.

If the number of input features is 3, then the hyperplane becomes a
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two-dimensional plane. It becomes difficult to imagine when the number of

features exceeds 3.

The distance of the vectors from the hyperplane is called
the margin, which is a separation of a line to the closest class points. We
would like to choose a hyperplane that maximises the margin between

classes. The graph below shows what good margin and bad margin are.

Classification report of Support vector Machines Results:

precision recall Fl-score support

e .74 2.89 a.81 1548

1 &.67 2.4 2.53 81

accuracy a.73 231

Bacro avg 2.71 2.66 a.&87 231

weighted avg .72 a.73 a.71 231
Accuracy result of Support Vector Machines is: 7Z2.72727272727273

Confusion Matrix result of Support Wector Machines is:
[[12= 17]

[ 5 =371

Sensitivity : & . BEEE556E6566656T

sSpecificity : @.42289876542289E874

Cross walidation test results of accuracy:
[@.74675225 2.73IIFE623 A FFIT2727 2.79284957 A.75163399]

Accuracy result of Support Wector Machinme is: 75.91458326754943

Accuracy comparison of Diabetes

. TI AIA6CEIET 54540

Support Vector Machine

fig 4.11 Accuracy result of SVM

o Hard Margin
If the training data is linearly separable, we can select two parallel

hyperplanes that separate the two classes of data, so that the distance

between them is as large as possible.

o Soft Margin
As most of the real-world data are not fully linearly separable, we will allow

some margin violation to occur, which is called soft margin classification. It

is better to have a large margin, even though some constraints are
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violated. Margin violation means choosing a hyperplane, which can allow
some data points to stay in either the incorrect side of the hyperplane and
between the margin and the correct side of the hyperplane.

In order to find the maximal margin, we need to maximize the margin
between the data points and the hyperplane. In the following session, | will

share the mathematical concepts behind this algorithm.

o0 Linear Algebra Revisited
Before we move on, let’s review some concepts in Linear Algebra.

A unit vector ¥ is a vector with length 1 and it can be calculated by:
- x
TS
x
o]

Maximising the Margin

You probably learned that an equation of a line is y=ax+b. However,
you will often find that the equation of a hyperplane is defined by:

Note that

¥y = ax + b
is the same thing as
Vv —ax — b = 0O

— b 1
Given two vectors W — and x x

1 Y

wix = —bB < (1) +(—a)><x—+ 1 >y
wix =y — ax — b

The two equations are just two different ways of expressing the same
thing.
For Support Vector Classifier (SVC), we use wTx+b where w is the weight

vector, and b is the bias.

wix + b =0
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You can see that the name of the variables in the hyperplane equation
are w and x, which means they are vectors! A vector has magnitude (size)
and direction, which works perfectly well in 3 or more dimensions.

Therefore, the application of “vector” is used in the SVMs algorithm.

(x+ —x_).W: (x+ _X_).L:x_'_ .L_x_ .L
w1l [l [l
The equation of calculating the Margin.
Cost Function and Gradient Updates

Maximizing-Margin is equivalent to Minimizing Loss.

In the SVM algorithm, we are looking to maximize the margin between the
data points and the hyperplane. The loss function that helps maximize the

margin is hinge loss.

i—1 — ——— _ . ~ v
Loss function regularization

A=1/C (C is always used for regularization coefficient).

The function of the first term, hinge loss, is to penalize misclassifications. It
measures the error due to misclassification (or data points being closer to
the classification boundary than the margin). The second term is the
regularization term, which is a technique to avoid overfitting by penalizing
large coefficients in the solution vector. The A(lambda) is the regularization
coefficient, and its major role is to determine the trade-off between
increasing the margin size and ensuring that the xi lies on the correct side
of the margin.

“Hinge” describes the fact that the error is 0 if the data point is classified

correctly (and is not too close to the decision boundary).
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When the true class is -1 (as in your example), the hinge loss looks like

this in the graph.

We need to minimise the above loss function to find the max-margin

classifier.

We can derive the formula for the margin from the hinge-loss. If a data
point is on the margin of the classifier, the hinge-loss is exactly zero.
Hence, on the margin, we have:

T — 1| g _|_13:._Lrn,]2fi<:
O= (9 + *xx n]?A — 1T ‘0)xpwe

Note that yi is either +1 or -1.

Therefore, we have:

w wW 1—b —b — 1 2
Xt ooo— —m — XT - — = — =
w7 ]] || 8%l [|wl| [lw|

Our objective function is then:

2 1 . 1 >
max — — max—— — min||w]|| - min=||lw]|
[lw| [Iwl] 2

To minimize such an objection function, we should then use Lagrange
Multiplier.

o Classifying non-linear data
What about data points are not linearly separable?

Non-linear separate.

SVM has a technique called the kernel trick. These are functions that take
low dimensional input space and transform it into a higher-dimensional
space, i.e., it converts not separable problem to separable problem. It is

mostly useful in non-linear separation problems. This is shown as follows:
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4.1.1 DEPLOYMENT USING FLASK

Flask is a micro web framework written in Python. It is classified as a
micro-framework because it does not require particular tools or libraries. It has
no database abstraction layer, form validation, or any other components where
pre-existing third-party libraries provide common functions.
However, Flask supports extensions that can add application features as if
they were implemented in Flask itself. Extensions exist for object-relational
mappers, form validation, upload handling, various open authentication

technologies and several common framework related tools.

Flask was created by Armin Ronacher of Pocoo, an international group of
Python enthusiasts formed in 2004. According to Ronacher, the idea was originally
an April Fool's joke that was popular enough to make into a serious application. The

name is a play on the earlier Bottle framework.

Flask is based on Werkzeug, Jinja2 and inspired by Sinatra Ruby
framework, available under BSD licence. It was developed at pocoo by Armin
Ronacher. Although Flask is rather  young compared to
most Python frameworks, it holds a great promise and has already gained
popularity among Python web developers. Let's take a closer look into Flask,

so-called “micro” framework for Python.

3.2 REQUIREMENTS AND TECHNOLOGIES USED:

Requirements are the basic constrains that are required to develop a
system. Requirements are collected while designing the system. The following
are the requirements that are to be discussed.

1. Functional requirements

2. Non-Functional requirements

3. Environment requirements

A. Hardware requirements
B. software requirements
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3.2.1 Functional requirements:

The software requirements specification is a technical specification of
requirements for the software product. It is the first step in the requirements
analysis process. It lists requirements of a particular software system. The
following details to follow the special libraries like sk-learn, pandas, numpy,
matplotlib and seaborn.

3.2.2 Non-Functional Requirements:
Process of functional steps,
. Problem define

. Preparing data

1
2
3. Evaluating algorithms
4. Improving results

5

. Prediction the result

3.2.3 Environmental Requirements:
1. Software Requirements:
Operating System : Windows
Tool : Anaconda with Jupyter Notebook

2. Hardware requirements:

Processor : Pentium V/III
Hard disk > minimum 80 GB
RAM > minimum 2 GB

Jupyter Notebook App: The Jupyter Notebook App is a server-client

application that allows editing and running notebook documents via a web
browser. The Jupyter Notebook App can be executed on a local desktop
requiring no internet access (as described in this document) or can be
installed on a remote server and accessed through the internet. In addition to

displaying/editing/running notebook documents, the Jupyter Notebook App
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has a “Dashboard” (Notebook Dashboard), a “control panel” showing local

files and allowing to open notebook documents or shutting down their kernels.

Notebook Dashboard: The Notebook Dashboard is the component which is shown
first when you launch Jupyter Notebook App. The Notebook Dashboard is mainly
used to open notebook documents, and to manage the running kernels (visualize and
shutdown). The Notebook Dashboard has other features similar to a file manager,

namely navigating folders and renaming/deleting files.

CHAPTER 5
CONCLUSION AND FUTURE WORK

5.1 Conclusion

The analytical process started from data cleaning and processing,
missing value, exploratory analysis and finally model building and evaluation.
The best accuracy on public test set is higher accuracy score is will be find
out. This application can help to find the human diabetes problems.
Comparing Algorithm with prediction in the form of best accuracy result. 4
different algorithms are compared: Logistic Regression, Decision Tree,
Random Forest, Support Vector Machine. Therefore Logistic Regression is the

best model for this prediction since it has an accuracy score of 0.71.
5.2 Application

The predicting the Diabetes disease problem, ML algorithms prediction model
is effective because of the following reasons: It provides better results in

classification problem.
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Outcome

Qutcome

Fig 5.1 Pie Chart of Positive and Negative cases in Percentage

5.3 Future Work

Human diabetes problems connect with Al model.
To automate this process by show the prediction result in web
application or desktop application.

To optimize the work to implement in Artificial Intelligence environment.
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APPENDIX
A. SAMPLE CODE

Module 1: Data validation and pre-processing technique
#import library packages

import pandas as pd

import numpy as np

#Load given dataset

data = pd.read_csv("diabetes.csv")
import warnings
warnings.filterwarnings('ignore')
Before drop the given dataset
data.head()

data.tail()

# shape

data.shape

#size
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data.size

data.info()

data.describe()

After drop the given dataset

# duplicated values
data.duplicated()
data.duplicated().sum()
#Checkking null values

data.isnull()

# sum of null values
data.isnull().sum()

#drop the duplicated values

data = data.dropna()

# features of the dataset
data.columns

# unique valures of individual column
data.Pregnancies.unique()
data.BloodPressure.unique()
data.SkinThickness.unique()
data.BMl.unique()
data.Age.unique()
data.Outcome.unique()

#no of not affected peoples
data[data["Outcome"] == 0]
#number of not affected peoples
data[data["Outcome"] == 0 ].shape
#number of not affected peoples
data[data["Outcome"] == 1 ].shape
# Age details

print("Maximum Age :",data["Age"].max())
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print("Minimum Age :",data["Age"].min())

print("Mean of Age :","%.2f" % data["Age"].mean())

# BMI details

print("Maximum BMI :",data["BMI"].max())

print("Minimum BMI :",data["BMI"].min())

print("Mean of BMI :","%.2f" % data["BMI"].mean())

# BMI details

print("Maximum BloodPressure :",data["BloodPressure"].max())
print("Minimum BloodPressure :",data["BloodPressure"].min())
print("Mean of BloodPressure :","%.2f" % data["BloodPressure"].mean())
# Glucose details

print("Maximum Glucose :",data["Glucose"].max())
print("Minimum Glucose :",data["Glucose"].min())

print("Mean of Glucose :","%.2f" % data["Glucose"].mean())
pd.Categorical(data["Pregnancies"]).describe()

data.corr()

df=data.corr()

df["Age"].sort_values(ascending=False)

from sklearn.preprocessing import LabelEncoder

le = LabelEncoder()

var_mod = ['Pregnancies’, 'Glucose', 'BloodPressure', 'SkinThickness', 'Insulin’,

'BMI', 'DiabetesPedigreeFunction’, 'Age’, 'Outcome']

foriinvar_mod:
datali] = le.fit_transform(datali].astype(int))

df.head()

Module 2: Exploration data analysis of visualization and training
a model by given attributes
#import library packages
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import pandas as p

import matplotlib.pyplot as plt

import seaborn as s

import numpy as n

data = p.read_csv("diabetes.csv")
import warnings
warnings.filterwarnings('ignore')
data.head()

data.shape

#diabates possitive reports
data.columns

#missing values

data.isnull().sum()

data["Outcome"].value_counts()
data.shape
#missing values by heatmap
plt.figure(figsize=(8,6))
s.heatmap(data.isnull(),annot = True)
plt.show()
# diadbetes pesion with blood pressure
plt.figure(figsize=(16,4))
plt.subplot(1,2,1)
plt.hist(data['BMI'])
plt.title("BMI")
plt.xlabel("BMI VRange")
plt.ylabel("count")
plt.subplot(1,2,2)
plt.hist(data['BloodPressure'])
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plt.xlabel('BloodPressure')
plt.title('BloodPressure Range')
plt.ylabel("Count")

plt.show()

plt.figure(figsize=(16,6))
s.countplot(x="Age",data=data)

plt.show()

# result based on age

plt.figure(figsize=(16,6))
s.countplot(x='Age',hue="Outcome',data=data)
plt.show()

plt.figure(figsize=(16,4))

plt.scatter(data['BMI'],data['Glucose'])
plt.xlabel("Age")

plt.ylabel("Glucose")

plt.show()

plt.figure(figsize=(16,4))

plt.scatter(data['BloodPressure'],data['Glucose'])

plt.xlabel('BloodPressure')

plt.ylabel("Glucose")

plt.show()

boxplot = data.boxplot(column = ['Glucose'], by = 'Outcome’,figsize = (8,5), fontsize = 15)
plt.show()

boxplot = data.boxplot(column = ['BloodPressure'], by = 'Outcome’/figsize = (8,5), fontsize =
15)

plt.show()
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fig, ax = plt.subplots(figsize=(14,10))
s.heatmap(data.corr(),annot = True, fmt='0.2%',cmap = 'Reds',ax=ax)
s.boxplot(data['Glucose'])

plt.show()

s.boxplot(data["BloodPressure"])
plt.show()

data.columns

#Propagation by variable

def PropByVar(df, variable):
dataframe_pie = df[variable].value_counts()
ax = dataframe_pie.plot.pie(figsize=(10,10), autopct='%1.2f%%', fontsize = 12)
ax.set_title(variable + ' \n', fontsize = 15)

return n.round(dataframe_pie/df.shape[0]*100,2)

PropByVar(data, 'Outcome’)
data.head()
p.plotting.scatter_matrix(data, alpha=0.05, figsize=(18,10), diagonal="hist')

axis = 'off'

plt.show()

data.columns

from sklearn.preprocessing import LabelEncoder

le = LabelEncoder()

var_mod = ['Pregnancies’, 'Glucose', 'BloodPressure', 'SkinThickness', 'Insulin’,

'BMI', 'DiabetesPedigreeFunction’, 'Age’, 'Outcome']

foriin var_mod:
data[i] = le.fit_transform(datali].astype(int))
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data.head()

Module 3 : Performance measurements of Logistic regression
#import library packages

import pandas as p

import matplotlib.pyplot as plt
import numpy as n

import seaborn as sns

#Load given dataset

data = p.read_csv("diabetes.csv")
import warnings
warnings.filterwarnings('ignore')
data.head(5)

data.tail()
data["Outcome"].value_counts()
data.isnull().sum()
data.duplicated().sum()

df = data.dropna()

df.columns

data.shape
data.corr().describe()

data.corr()

data.head()

#labelencoding

from sklearn.preprocessing import LabelEncoder

var_mod=["Outcome"]
le = LabelEncoder()

foriinvar_mod:
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data[i] = le.fit_transform(datali]).astype(int)
#According to the cross-validated MCC scores, the random forest is the best-performing
model, so now let's evaluate its performance on the test set.
from sklearn.metrics import confusion_matrix, classification_report, matthews_corrcoef,
cohen_kappa_score, accuracy_score, average_precision_score, roc_auc_score
X = data.drop(labels='Outcome’, axis=1)
#Response variable
y = data.loc[:,'Outcome']

#We'll use a test size of 30%. We also stratify the split on the response variable, which is very

important to do because there are so few fraudulent transactions.

from sklearn.model_selection import train_test_split

X_train, X_test, y train, y_test = train_test split(X, y, test size=0.3, random_state=1,
stratify=y)

Logistic Regression :

from sklearn.metrics import accuracy_score, confusion_matrix

from sklearn.linear_model import LogisticRegression

from sklearn.model_selection import cross_val_score

logR= LogisticRegression()

logR.fit(X_train,y_train)

predictLR = logR.predict(X_test)

print("")

print('Classification report of Logistic Regression Results:')
print("")

print(classification_report(y_test,predictLR))

x = (accuracy_score(y_test,predictLR)*100)

print('Accuracy result of Logisticregression is:', x)
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print("")

cm2=confusion_matrix(y_test,predictLR)

print('Confusion Matrix result of Logistic Regression is:\n',cm2)
print("")

sensitivity2 = cm2[0,0]/(cm2[0,0]+cm2[0,1])

print('Sensitivity : ', sensitivity2 )

print("")

specificity2 = cm2[1,1]/(cm2[1,0]+cm2[1,1])

print('Specificity : ', specificity2)

print("")

accuracy = cross_val_score(logR, X, y, scoring="'accuracy')

print('Cross validation test results of accuracy:')

print(accuracy)

#get the mean of each fold

print("")

print("Accuracy result of Logistic Regression is:",accuracy.mean() * 100)

LR=accuracy.mean() * 100

def graph():
import matplotlib.pyplot as plt
data=[LR]
alg="Logistic Regression"
plt.figure(figsize=(5,5))
b=plt.bar(alg,data,color=("b"))
plt.title("Accuracy comparison Diabetes",fontsize=15)

plt.legend(b,data,fontsize=9)

graph()
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TN = cm2[1][0]

FN = cm2[0][0]

TP =cm2[1][1]

FP = cm2[0][1]

print("True Positive :",TP)
print("True Negative :",TN)
print("False Positive :",FP)
print("False Negative :",FN)
print("")

TPR = TP/(TP+FN)

TNR = TN/(TN+FP)

FPR = FP/(FP+TN)

FNR = FN/(TP+FN)

print("True Positive Rate :",TPR)
print("True Negative Rate :",TNR)
print("False Positive Rate :",FPR)
print("False Negative Rate :",FNR)
print("")

PPV = TP/(TP+FP)

NPV = TN/(TN+FN)
print("Positive Predictive Value :",PPV)

print("Negative predictive value :",NPV)

cm2=confusion_matrix(y_test, predictLR)
print(cm2)
sns.heatmap(cm2/n.sum(cm2), annot=True, cmap = 'Blues', annot_kws={"size": 16},
fmt=".2%'",)
plt.show()
import joblib
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joblib.dump(logR, 'LR.pkl")

Module 4 : Performance measurements of DecisionTree:
#import library packages

import pandas as p

import matplotlib.pyplot as plt
import numpy as n

import seaborn as sns

#Load given dataset

data = p.read_csv("diabetes.csv")
import warnings
warnings.filterwarnings('ignore')
data.head(5)

data.isnull().sum()
data.duplicated().sum()
df=data.dropna()

df.columns

data.shape

data.corr()

data.head()

data.head()

#According to the cross-validated MCC scores, the random forest is the best-performing
model, so now let's evaluate its performance on the test set.

from sklearn.metrics import confusion_matrix, classification_report, matthews_corrcoef,
cohen_kappa_score, accuracy_score, average_precision_score, roc_auc_score

X = data.drop(labels='Outcome’, axis=1)

#Response variable

y = data.loc[:,'Outcome']

#We'll use a test size of 30%. We also stratify the split on the response variable, which is very

important to do because there are so few fraudulent transactions.
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from sklearn.model_selection import train_test_split

X_train, X_test, y train, y_test = train_test_split(X, vy, test size=0.3, random_state=1,
stratify=y)

Decision Tree Classifier :

from sklearn.metrics import accuracy_score, confusion_matrix

from sklearn.tree import DecisionTreeClassifier

from sklearn.model_selection import cross_val_score

DT=DecisionTreeClassifier()

DT.fit(X_train,y_train)

predictDT = DT.predict(X_test)

print("")
print('Classification report DecisionTree classifier Results:')
print("")

print(classification_report(y_test,predictDT))

print("")

x = (accuracy_score(y_test,predictDT)*100)

print('Accuracy result of DecisionTree is:', x)

print("")

cm2=confusion_matrix(y_test,predictDT)

print('Confusion Matrix result of DecissionTree Classifier is:\n',cm?2)
print("")

sensitivity2 = cm2[0,0]/(cm2[0,0]+cm2[0,1])

print('Sensitivity : ', sensitivity2 )
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print("")
specificity2 = cm2[1,1]/(cm2[1,0]+cm2[1,1])
print('Specificity : ', specificity2)

print("")

accuracy = cross_val_score(DT, X, y, scoring='accuracy')

print('Cross validation test results of accuracy:')

print(accuracy)

#get the mean of each fold

print("")

print("Accuracy result of DecisionTree Classifier is:",accuracy.mean() * 100)

dt=accuracy.mean() * 100

def graph():
import matplotlib.pyplot as plt
data=[dt]
alg="Decision Tree"
plt.figure(figsize=(5,5))
b=plt.bar(alg,data,color=("b"))
plt.title("Accuracy comparison of Diabetes",fontsize=15)

plt.legend(b,data,fontsize=9)

graph()
TN =cm2[1][0]
FN = cm2[0][0]
TP =cm2[1][1]
FP = cm2[0][1]
print("True Positive :",TP)
print("True Negative :",TN)
print("False Positive :",FP)
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print("False Negative :",FN)
print("")

TPR = TP/(TP+FN)

TNR = TN/(TN+FP)

FPR = FP/(FP+TN)

FNR = FN/(TP+FN)

print("True Positive Rate :",TPR)
print("True Negative Rate :",TNR)
print("False Positive Rate :",FPR)
print("False Negative Rate :",FNR)
print("")

PPV = TP/(TP+FP)

NPV = TN/(TN+FN)

print("Positive Predictive Value :",PPV)

print("Negative predictive value :",NPV)

cm2=confusion_matrix(y_test, predictDT)

print(cm?2)

sns.heatmap(cm2/n.sum(cm2), annot=True, cmap = 'Blues', annot_kws={"size": 16},
fmt=".2%"))

plt.show()

Module 5 : Performance measurements of Random Forest
algorithms
#import library packages

import pandas as p

import matplotlib.pyplot as plt
import numpy as n

import seaborn as sns

#Load given dataset
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data = p.read_csv("diabetes.csv")
import warnings
warnings.filterwarnings('ignore')
data.head(5)

data.isnull().sum()
data.duplicated().sum()
df.columns

data.shape

data.corr()

data.corr().describe()
data.head()

#According to the cross-validated MCC scores, the random forest is the best-performing

model, so now let's evaluate its performance on the test set.

from sklearn.metrics import confusion_matrix, classification_report, matthews_corrcoef,

cohen_kappa_score, accuracy_score, average_precision_score, roc_auc_score

X = data.drop(labels='Outcome’, axis=1)

#Response variable

y = data.loc[:,'Outcome']

#We'll use a test size of 30%. We also stratify the split on the response variable, which is very
important to do because there are so few fraudulent transactions.

from sklearn.model_selection import train_test_split

X_train, X _test, y train, y_test = train_test_split(X, vy, test size=0.3, random_state=1,
stratify=y)

Random Forest:

from sklearn.ensemble import RandomForestClassifier

from sklearn.metrics import accuracy_score, confusion_matrix

from sklearn.model_selection import cross_val_score

rfc = RandomForestClassifier()
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rfc.fit(X_train,y_train)

predictR = rfc.predict(X_test)

print("")
print('Classification report of Random Forest Results:')

print("")

print(classification_report(y_test,predictR))

x = (accuracy_score(y_test,predictR)*100)

print('Accuracy result of Random Forest is:', x)

print("")

cml=confusion_matrix(y_test,predictR)

print('Confusion Matrix result of Random Forest is:\n',cm1)
print("")

sensitivityl = cm1[0,0]/(cm1[0,0]+cm1[0,1])
print('Sensitivity : ', sensitivityl )

print("")

specificityl = cm1[1,1]/(cm1[1,0]+cm1[1,1])
print('Specificity : ', specificityl)

print("")

accuracy = cross_val_score(rfc, X, y, scoring="accuracy')

print('Cross validation test results of accuracy:')

print(accuracy)

#get the mean of each fold

print("")

print("Accuracy result of Random Forest is:",accuracy.mean() * 100)

RFC=accuracy.mean() * 100
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def graph():
import matplotlib.pyplot as plt
data=[RFC]
alg="Random orest"
plt.figure(figsize=(5,5))
b=plt.bar(alg,data,color=("b"))
plt.title("Accuracy comparison of Diabetes")

plt.legend(b,data,fontsize=9)

graph()
TN =cm1[1][0]
FN = cm1[0][0]
TP =cm1[1][1]
FP =cm1[0][1]
print("True Positive :",TP)
print("True Negative :",TN)
print("False Positive :",FP)
print("False Negative :",FN)
print("")
TPR = TP/(TP+FN)
TNR = TN/(TN+FP)
FPR = FP/(FP+TN)
FNR = FN/(TP+FN)
print("True Positive Rate :",TPR)
print("True Negative Rate :",TNR)
print("False Positive Rate :",FPR)
print("False Negative Rate :",FNR)
print("")
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PPV = TP/(TP+FP)
NPV = TN/(TN+FN)
print("Positive Predictive Value :",PPV)

print("Negative predictive value :",NPV)

def plot_confusion_matrix(cmz2, title="Confusion matrix-RF', cmap=plt.cm.Blues):
target_names=["]
plt.imshow(cm?2, interpolation="nearest', cmap=cmap)
plt.title(title)
plt.colorbar()
tick_marks = n.arange(len(target_names))
plt.xticks(tick_marks, target_names, rotation=45)
plt.yticks(tick_marks, target_names)
plt.tight_layout()
plt.ylabel('True label')

plt.xlabel('Predicted label')

cm2=confusion_matrix(y_test, predictR)
print('Confusion matrix-RF:')
print(cm2)

plot_confusion_matrix(cm2)

Module 6 : Performance measurements of Support Vector
Machines algorithms
#import library packages

import pandas as p

import matplotlib.pyplot as plt
import numpy as n

import seaborn as s

#Load given dataset
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data = p.read_csv("diabetes.csv")

import warnings

warnings.filterwarnings('ignore')

data.head(5)

data.isnull().sum()

data.duplicated().sum()

df=data.dropna()

df.columns

data.shape

data.corr()

data.corr().describe()

data.head()

#According to the cross-validated MCC scores, the random forest is the best-performing
model, so now let's evaluate its performance on the test set.

from sklearn.metrics import confusion_matrix, classification_report, matthews_corrcoef,
cohen_kappa_score, accuracy_score, average_precision_score, roc_auc_score

X = data.drop(labels='Outcome’, axis=1)

#Response variable

y = data.loc[:,'Outcome']

#We'll use a test size of 30%. We also stratify the split on the response variable, which is very

important to do because there are so few fraudulent transactions.
from sklearn.model_selection import train_test_split
X_train, X_test, y train, y_test = train_test_split(X, vy, test size=0.3, random_state=1,

stratify=y)

Support Vector Machines .
from sklearn.svm import SVC

from sklearn.metrics import accuracy_score, confusion_matrix

from sklearn.model_selection import cross_val_score

s =SV(()
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s.fit(X_train,y_train)

predicts = s.predict(X_test)

print("")
print('Classification report of Support Vector Machines Results:")

print("")

print(classification_report(y_test,predicts))

x = (accuracy_score(y_test,predicts)*100)

print(‘Accuracy result of Support Vector Machines is:', x)

print("")

cm2=confusion_matrix(y_test,predicts)

print('Confusion Matrix result of Support Vector Machines is:\n',cm2)
print("")

sensitivityl = cm2[0,0]/(cm2[0,0]+cm2[0,1])

print('Sensitivity : ', sensitivityl )

print("")

specificityl = cm2[1,1]/(cm2[1,0]+cm2[1,1])

print('Specificity : ', specificity1)

print("")

accuracy = cross_val_score(s, X, y, scoring='accuracy')

print('Cross validation test results of accuracy:')

print(accuracy)

#get the mean of each fold

print("")

print("Accuracy result of Support Vector Machine is:",accuracy.mean() * 100)

S=accuracy.mean() * 100
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def graph():
import matplotlib.pyplot as plt
data=[S]
alg="Support Vector Machine"
plt.figure(figsize=(5,5))
b=plt.bar(alg,data,color=("b"))

plt.title("Accuracy comparison of Diabetes")

plt.legend(b,data,fontsize=9)
graph()
TN = cm2[1][0]
FN = cm2[0][0]
TP = cm2[1][1]
FP =cm2[0][1]
print("True Positive :",TP)
print("True Negative :",TN)
print("False Positive :",FP)
print("False Negative :",FN)
print("")
TPR = TP/(TP+FN)
TNR = TN/(TN+FP)
FPR = FP/(FP+TN)
FNR = FN/(TP+FN)
print("True Positive Rate :",TPR)
print("True Negative Rate :",TNR)
print("False Positive Rate :",FPR)
print("False Negative Rate :",FNR)
print("")
PPV = TP/(TP+FP)
NPV = TN/(TN+FN)

print("Positive Predictive Value :",PPV)
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print("Negative predictive value :",NPV)

def plot_confusion_matrix(cmz2, title='Confusion matrix-SVM', cmap=plt.cm.Blues):
target_names=["]
plt.imshow(cmz2, interpolation="nearest', cmap=cmap)
plt.title(title)
plt.colorbar()
tick_marks = n.arange(len(target_names))
plt.xticks(tick_marks, target_names, rotation=45)
plt.yticks(tick_marks, target_names)
plt.tight_layout()
plt.ylabel('True label')
plt.xlabel('Predicted label')
cm2=confusion_matrix(y_test, predicts)
print('Confusion matrix-SVM:')
print(cm?2)

plot_confusion_matrix(cm2)

Flask deploy

import numpy as np

from flask import Flask, request, jsonify, render_template
import pickle

import joblib

app = Flask(__name_ )

model = joblib.load('LR.pkl'")

@app.route('/")
def home():
return render_template('index.html’)
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@app.route('/predict’,methods=['POST"])
def predict():

For rendering results on HTML GUI

int_features = [(x) for x in request.form.values()]

final_features = [np.array(int_features)]
print(final_features)
prediction = model.predict(final_features)

output = prediction[0]
print(output)
if output == 0:

output ='Not Affected'
elif output == 1:

output ='Affected’

return render_template('index.html'
{} .format(output))

if _name__ =="_ main__ "
app.run(host="localhost", port=5006)

B. SCREEN SHORT
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