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“Computers are able to see, hear and learn. Welcome to the future.”
— Dave Waters

1.1 NEED FOR MACHINE LEARNING

Business organizations use huge amount of data for their daily activities. Earlier, the full potential of
this data was not utilized due to two reasons. One reason was data being scattered across different
archive systems and organizations not being able to integrate these sources fully. Secondly, the
lack of awareness about software tools that could help to unearth the useful information from
data. Not anymore! Business organizations have now started to use the latest technology, machine
learning, for this purpose.

Machine learning has become so popular because of three reasons;

such as Facebook, Twitter, an

o

1. High volume of available data to manage: Big comparie

7
YouTube generate huge amount of data that grows at a phenomenal rate. It is estimated

that the data approximately gets doubled every year.




Z « Machine Learning -

~ 2. Second reason is that the cost of storage has reduced. The hardware cost has also dropped.
Therefore, it is easier now to capture, process, store, distribute,.and transmit the digital
information.

3. Third reason for popularity of machine learning is the availability of complex algorithms
now. Especially with the advent of deep learning, many algorithms are available for
‘machine learning.

With the popularity and ready adaption of machine learning by business organizations, it
has become a dominant technology trend now. Before starting the machine learning journey, let
us establish these terms - data, information, knowledge, intelligence, and wisdom. A knowledge
pyramid is shown in Figure 1.1. ' ’ :

/\

intelligence
(applied
knowledge)

Kn_owledge
{condensed
information) \

Information (processed data)

Data (mostly available as raw facts and
symbols)

Figure 1.1: The Knowledge Pyramid

What is data? All facts are data. Data can be numbers or text that can be processed by a
computer. Today, organizations are accumulating vast and growing amounts of data with data
sources such as flat files, databases, or data warehouses in different storage formats.

Processed data is called information. This includes patterns, associations, or relationships
among data. For example, sales data can be analyzed to extract information like which is the
fast selling product. Condensed information is called knowledge. For example, the historical
patterns and future trends obtained in the above sales data can be called knowledge. Unless
knowledge is extracted, data is of no use. Similarly, knowledge is not useful unless it is put
into action. Intelligence is the applied knowledge for actions. An actionable form of knowledge
is called intelligence. Computer systems have been successful till this stage. The ultimate
objective of knowledge pyramid is wisdom that represents the maturity of mind that is, so far,
exhibited only by humans. :

Here comes the need for machine learning. The objective of machine learning is to process
these archival data for organizations to take better decisions to design new products, improve the -
business processes, and to develop effective decision support systems.

P T T e .
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1.2

Machine learning is an important sub-branch of Artificial Intelligence (Al). A frequently quoted
definition of machine learning was by Arthur Samuel, one of the pioneers of Artificial Intelligence.
He stated that “Machine learning is the field of study that gives the computers ability to learn without being
explicitly programmed.”

The key to this definition is that the systems should learn by itself without explicit programihing,
How is it possible? It is widely known that to perform a computation, one needs to write programs
that teach the computers how to do that computation. -

In conventional programming, after understanding the problem, a detailed design of the
program such as a flowchart or an algorithm needs to be created and converted into programs
using a suitable programming language. This approach could be difficult for many real-world
problems such as puzzles, games, and complex image recognition applications. Initially, artificial
intelligence aims to understand these problems and develop general purpose rules manually.
Then, these rules are formulated into logic and implemented in a program to create intelligent
systems. This idea of deVeloping intelligent systems by using logic and reasoning by converting an
expert’s knowledge into a set of rules and programs is called an expert system. An expert system
like MYCIN was designed for medical diagnosis after converting the expert knowledge of many
doctors into a system. However, this approach did not progress much as programs lacked real
intelligence. The word MYCIN is derived from the fact that most of the antibiotics’ names end with
‘mycin’.

The above approach was impractical in many domains as programs still depended on human
expertise and hence did not truly exhibit intelligence. Then, the momentum shifted to machine
learning in the form of data driven systems. The focus of Al is to develop intelligent systems by
using data-driven approach, where data is used as an input to develop intelligent models. The
models can then be used to predict new inputs. Thus, the aim of machine learning is to learn a
model or set of rules from the given data'set automatically so that it can predict the unknown data
correctly.

As humans take decisions based on an experience, computers make models based on extracted
patterns in the input data and then use these data-filled models for prediction and to take decisions.
For computers, the learnt model is equivalent to human experience. This is shown in Figure 1.2.

Experience Decisions
3] Humans |y
(@)
_______ Data Model
S
| Data- i
| Ya@ sl Learning program
| baw
(b

Figure 1.2: (a) A Learning System for Humans (b) A Learning System
for Machine Learning
Often, the

quality of data determines the quality of experience and, therefore, the quality of

the learning system. In statistical learning, the relationship between the input x and output y is
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modeled as a function in the form y = f(x). Here, f is the learning function that maps the input x
to output y. Learning of function fis the crucial aspect of forming a model in statistical learning.
In machine learning, this is simply called mapping of input to output.

The learning program summarizes the raw data in a model. Formally stated, a model is an
explicit description of patterns within the data in the form of: w0

1. Mathematical equation

2. Relational diagrams like trees/graphs
3. Logical if/else rules, or

4. Groupings called clusters

In summary, a model can be a formula, procedure or representation that can generate data
decisions. The difference between pattern and model ic that the former is local and anp]makla only
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to certain attributes but the latter is global and fits the entire dataset. For example, a model can be
helpful to examine whether a given email is spam or not. The point is that the model is generated
automatically from the given data.

Another pioneer of Al, Tom Mitchell’s deflmtlon of machine learning states that, “A computer
progmm is said to learn from experience E, with respect to task T and some performance measure P,
if its performance on T measured by P improves with experience E.” The important components of this
definition are experience E, task T, and performance measure P.

For example, the task T could be detecting an object in an image. The machine can gain the
knowledge of object using training dataset of thousands of images. This is called experience E. .
So, the focus is to use this experience E for this task of object detection T. The ability of the system -
to detect the object is measured by performance measures like precision and recall. Based on the
performance measures, course correction can be done to improve the performance of the system.

Models of computer systems are equivalent to human experience. Experience is based on data.
Humans gain experience by various means. They gain knowledge by rote learning. They observe
others and imitate it. Humans gain alot of knowledge from teachers and books. We learn many things
by trial and error. Once the knowledge is gained, when a new problem is encountered, humans
search for similar.past situations and then formulate the heuristics and use that for prediction.
But, in systems, experience is gathered by these steps: -

1. Collection of data

2. Orice data is gathered, abstract concepts are formed out of that data. Abstraction is used
to generate concepts. This is equivalent to humans’ idea of objects, for example, we have |
some idea about how an elephant looks like.

3. Generalization converts the abstraction into an actionable form of intelligence.
It can be viewed as ordering of all possible concepts. So, generalization involves ranking
of concepts, inferencing from them and formation of heuristics, an actionable aspect of
intelligence. Heuristics are educated guesses for all tasks. For example, if one runs or
encounters a danger, it is the resultant of human experience or his heuristics formation.
In machines, it happens the same way.

4. Heuristics normally works! But, occasionally, it may fail too. It is not the fault
of heuristics as it is just a ‘rule of thumb'. The course correction is done by taking
evaluation measures. Evaluation checks the thoroughness of the models and to-do
course correction, if necessary, to generate better formulations.
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1.3 MACHINE LEARNING IN RELATION TO @?HER FIELDS

Machine learning uses the concepts of Artificial Intelligence, Data Science, and Statistics primarily.
1t is the resultant of combined ideas of diverse fields. '

1.3.1 Machine Learning and Artificial Intelligence

Machine learning is an important branch of Al, which is a much broader subject. The aim of Al is
to develop intelligent agents. An agent can be a robot, humans, or any autonomous systems.
Initially, the idea of Al was ambitious, that is, to develop intelligent systems like human beings.
The focus was on logic and logical inferences. It had seen many ups and downs. These down
periods were called Al winters. ' :

The resurgence in Al happened due to development of data driven systems. The aim is to find
relations and regularities present in the data. Machine learning is the subbranch of Al, whose aim
is to extract the patterns for prediction. It is a broad field that includes learning from examples and
other areas like reinforcement learning. The relationship of Al and machine learning is shown in
Figure 1.3. The model can take an unknown instance and generate results.

Artificial
intelligence

Machine learning

Deep
learning

Figure 1.3: Relationship of Al with Machine Learning
Deep learning is a subbranch of machine learning. In deep learning, the models are constructed
using neural network technology. Neural networks are based on the human neuron models. Many
neurons form a network connected with the activation functions that trigger further neurons to
perform tasks.

1.3.2 Machine Learning, Data Science, Data Mining, and Data Analytics

Data science is an 'Umbrella” term Ems mmmgnmm m&f;y én, cﬁ& Mcz{mm@ %mmmg starts with
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Big Data Data science concerns about collection of data. Big data is a field of data science that
deals with data’s following characteristics:

- 1. Volume: Huge amount -of data is generated by big companies like Facebook, Twitter,
YouTube. '

2. Variety: Data is available in variety of forms like images, videos, and in different formats.
3. Velocity: It refers to the speed at which the data is generated and processed.

Big data is used by many machine learning algorithms for applications such as language trans- -
lation and image recognition. Big data influences the growth of subjects like Deep learning. Deep
learning is a branch of machine learning that deals with constructing models using neural networks.

Data Mining Data mining’s original genesis is in the business. Like while mining the earth one
gets into precious resources, it is often believed that unearthing of the data produces hidden infor-
mation that otherwise would have eluded the attention of the management. Nowadays, many
consider that data mining and machine learning are same. There is no difference between these
fields except that data mining aims to extract the hidden patterns that are present in the data,
whereas, machine learning aims to use it for prediction.

Data Analytics Another branch of data science is data analytics. It aims to extract useful
knowledge from crude data. There are different types of analytics. Predictive data analytics is used
for making predictions. Machine learning is closely related to this branch of analytics and shares
almost all algorithms.

Pattern Recognition It is an engineering field. It uses machine learning algorithms to extract
the features for pattern analysis and pattern classification. One can view pattern recognition as a
specific application of machine learning.

These relations are summarized in Figure 1.4.

Data science

Data < Data
mining analytics
Machine
fearning
P""““—‘TY‘ » Big data
_ recognition v

Figure 1.4: Relationship of Machine Learning with Other Major Fields

1.3.3 Machine Learning and Statistics

Statistics is a branch of mathematics thathas a solid theoretical foundation regarding statistical learning.
Like machine learning (ML), it can learn from data. But the difference between statistics and ML is that
statistical methods look for regularity in data called patterns. Initially, statistics sets a hypothesis and
performs experiments to verify and validate the hypothesis in order to find relationships among data.
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Statistics requires knowledge of the statistical procedures and the guidance of a good
statistician. It is mathematics intensive and models are often complicated equations and involve
many assumptions. Statistical methods are developed in relation to the data being analysed.
In addition, statistical methods are coherent and rigorous. It has strong theoretical foundations
and interpretations that require a strong statistical knowledge.

Machine learning, comparatively, has less assumptions and requires less statistical knowledge.
But, it often requires interaction with various tools to automate the process of learning.

Nevertheless, there is a school of thought that machine learning is just the latest version of “old
Statistics’ and hence this relationship should be recognized.

1.4 TYPES OF MACHINE LEARNING

What does the word “learn’ mean? Learning, like adaptation, occurs as the result of interaction of
the program with its environment. It can be compared with the interaction between a teacher and
a student. There are four types of machine learning as shown in Figure 1.5.

Machine
learning
Supervised Unsupervised Semi-supervised Reinforcement
learning learning learning learning
e . Cluster Association || Dimension
Classification Regression ) L .
analysis mining reduction

Figure 1.5: Types of Machine Learning

Before discussing the types of learning, it is necessary to discuss about data.

Labelled and Unlabelled Data Data is a raw fact. Normally, data is represented in the form
of a table. Data also can be referred to as a data point, sample, or an example. Each row of the
table represents a data point. Features are attributes or characteristics of an object. Normally, the
columns of the table are attributes. Out of all attributes, one attribute is important and is called a
label. Label is the feature that we aim to predict. Thus, there are two types of data - labelled and
unlabelled.

Labelled Data To illustrat

or Fisher's Iris datase

f sepals and petals. The

E 3

virginica, and Iris versicolor.

The partial data of Iris dataset is shown in Table 1.1.
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Table 1.1: lris Flower Dataset

. 55 42 14 0.2 Setosa
2. 7 32 47 14 Versicolor
3. | 73 2.9 63 18 Virginica

A dataset need not be always numbets. It can be images or video frames. Deep neural networks
can handle images with labels. In the following Figure 1.6, the deep neural network takes images of
dogs and cats with labels for classification.

Input Label
{ 7N
2y
230 dog

\ A '
Cat

| ' (b)
Figure 1.6: (a) Labelled Dataset (b) Unlabelled Dataset

In unlabelled data, there are no labels in the dataset.

14.1 Supervised Learning

Supervised algorithms use labelled dataset. As the name suggests, there is a supervisor or teacher

component in supervised learning. A supervisor provides labelled data so that the model is
constructed and generates test data. '
In supervised learning algorithms, Jearning takes place in two stages. In layman terms, during the

first stage, the teacher communicates the information to the student that the student is supposed to
master. The student receives the information and understands it. During this stage, the teacher has no

knowledge of whether the information is grasped by the student.

This leads to the second stage of learning. The teacher then asks the student a set of questions’

to find out how much information has been grasped by the student. Based on these questions,
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the student is tested, and the teacher informs the student about his assessment. This kind of learning
is typically called supervised learning.

Supervised learning has two methods:
1. Classification

2. Regression

Classification

Classification is a supervised learning method. The input attributes of the classification algorithms
are called independent variables. The target attribute is called label or dependent variable.
The relationship between the input and target variable is represented in the form of a structure
which is called a classification model. So, the focus of classification is to predict the ‘label that is
in a discrete form (a value from the set of finite values). An example is shown in Figure 1.7 where
a classification algorithm takes a set of labelled data images such as dogs and cats to construct a
model that can later be used to classify an unknown test image data.

Labelled
data

New test data

Classification Classification
algorithm model

Y

Label is Cat

Figure 1.7: An Example Classification System

In classification, learning takes place in two stages. During the first stage, called training stage,
the learning algorithm takes a labelled dataset and starts learning. After the training set, samples
are processed and the model is generated. In the second stage, the constructed model is tested with
test or unknown sample and assigned a label. This is the classification process.

This is illustrated in the above Figure 1.7. Initially, the classification learning algorithm learns
with the collection of labelled data and constructs the model. Then, a test case is selected, and the
model assigns a label.

Similarly, in the case of Iris dataset, if the test is given as (6.3,2.9,5.6,1.8,7), the classification
will generate the label for this. This is called classification. One of the examples of classification is -
Image recognition, whichi ncludes classification of diseases like cancer, classification of plants, etc.

v like

T hszf classification models can be categorized based on the implementation technolog

decision trees, pwmbééf%zameﬁﬁww distance measures, and soft computing methaods. Classification
ﬁmméﬁ can cé}f:@ be classified as generative models and discriminative ﬁma@iﬁg. Generative models

deal with the process of data 5;*@ eration and its distribution. Probabilistic models are examples of
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generative models. Discriminative models do not care about the generation of data. Instead, they
simply concentrate on classifying the given data.

Some of the key algorithms of classification are:

e Decision Tree |

¢ Random Forest

o Support Vector Machines

¢ NaiveBayes »

s Artificial Neural Network and Deep Learning networks like CNN

Regression Models

Regression models, unlike classification algorithms, predict continuous variables like price.
In other words, it is a number. A fitted regression model is shown in Figure 1.8 for a dataset that
represent weeks input x and product sales y.

4

w
v
K

L

N
1,

/

2 3 4 5

x-axis - Week data (x)

y-axis - Product sales data (y)
N
(%2}

—
Ut

— Regression line (y = 0.66X + 0.54)

Figure 1.8: A Regression Model of the Formy=ax + b

The regression model takes input x and generates a model in the form of a fitted line of the
form y = f(x). Here, x is the independent variable that may be one or more attributes and y is the
dependent variable. In Figure 1.8, linear regression takes thé training set and tries to fit it with a
line - product sales = 0.66 x Week +0.54. Here, 0.66 and 0.54 are all regression coefficients that are
Jearnt from data. The advantage of this model is that prediction for product sales (y) can be made
for unknown week data (x). For example, the prediction for unknown eighth week can be madeby -
substituting x as 8 in that regression formula to get y.

One of the most important regression algorithms is linear regression that is explained in the
next section.

Both regression and classification models are supervised algorithms. Both have a supervisor and
the concepts of training and testing are applicable to both. What is the difference between classification
and regression models? The main difference is that regression models predict continuous variables
such as product price, while classification concentrates on assigning labels such as class.
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1.4.2 Unsupervised Learning

The second kind of learning is by self-instruction. As the name suggests, there are no supervisor or
teacher components. In the absence of a supervisor or teacher, self-instruction is the most common
iind of learning process. This process of self-instruction is based on the concept of trial and error.

Here, the program is supplied with objects, but no labels are defined. The algorithm itself
observes the examples and recognizes patterns based on the principles of gloupmg Grouping is
done in ways that similar objects form the same group.

Cluster analysis and Dimensional reduction algorithms are examples of unsupervised
algouthms

Cluster Analysis

Cluster analysis is an example of unsupervised learning. It aims to group objects into disjoint
clusters or groups. Cluster analysis clusters objects based on its attributes. All the data objects
of the partitions are similar in some aspect and vary from the data objects in the other partitions
significantly.

Some of the examples of clustering processes are — segmentation of a region of interest in an
image, detection of abnormal growth in a medical image, and determining clusters of signatures
in a gene database.

An example of clustering scheme is shown in Figure 1.9 where the clustering algorithm takes
a set of dogs and cats images and groups it as two clusters-dogs and cats. It can be observed that
the samples belonging to a cluster are similar and samples are different radically across clusters.

Unlabelled Cluster 1

Clustering
algorithm

N N Cluster 2

Lm0 J.‘,/;AE:“-»”"\{}
T

Figure 1.9: An Example Clustering Scheme
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Dimensionality Reduction

Dimensionality reduction algorithms- are examples of unsupervised algoriﬂwins. It takes a higher
dimension data as input and outputs the data in lower dimension by taking advantage of the variance
of the data. It is a task of reducing the dataset with few features without losing the generality.

The differences between supervised and unsupervised learning are listed in the following
Table 1.2..

Table 1.2: Differences between Supervised and Unsupervised Learning

1L There is a supervisor component | No supervisor component

2. Uses Labelled data Uses Unlabelled data

3. Assigns categories or labels Performs grouping process such that similar objects
will be in one cluster '

'1.4.3 Semi-supervised Learning

There are circumstances where the dataset has a huge collection of unlabelled data and some
labelled data. Labelling is a costly process and difficult to perform by the humans. Semi-supervised
algorithms use unlabelled data by assigning a pseudo-label. Then, the labelled and pseudo-labelled
dataset can be combined.

1.4.4 Reinforcement Learning

Reinforcement learning mimics human beings. Like human beings use ears and eyes to perceive the
world and take actions, reinforcement learning allows the agent to iriteract with the environment
to get rewards. The agent can be human, animal, robot, or any independent program. The rewards
enable the agent to gain experience. The agent aims to maximize the reward.

The reward can be positive or negative (Punishfnent). When the rewards are more, the behavior
gets reinforced and learning becomes possible. ‘
Consider the following example of a Grid game as shown in Figure 1.10.
Block

Goal

Danger

Figure 1.10: A Grid game
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Tn this grid game, the gray tile indicates the danger, black is a block, and the tile with diagonal
lines is the goal. The aim is to start, say from bottom-left grid, using the actions left, right, top and
bottom to reach the goal state.

To solve this sort of problem, there is no data. The agent interacts with the environment to -
get experience. In the above case, the agent tries to create a model by simulating many paths and
finding rewarding paths. This experience helps in constructing a model.

It can be said in summary, compared to supervised learning, there is no supervisor or
Jabelled dataset. Many sequential decisions need to be taken to reach the final decision. Therefore,
reinforcement algorithms are reward-based, goal-oriented algorithms.

Scan for information on ‘Imporfant Machine Learning Algorithms’

1.5 CHALLENGES OF MACHINE LEARNING

What are the challenges of machine learning? Let us discuss about them now.

Problems that can be Dealt with Machine Learning

Computers are better than humans in performing tasks like computation. For example, while calculating
the square root of large numbers, an average human may blink but computers can display the result in
seconds. Computers can play games like chess, GO, and even beat professional players of that game.

However, humans are better than computers in many aspects like recognition. But, deep
Jearning systems challenge human beings in this aspect as well. Machines can recognize human
faces in a second. Still, there are tasks where humans are better as machine learning systems still
require quality data for model construction. The quality of a learning system depends on the
quality of data. This is a challenge. Some of the challenges are listed below:

1. Problems—Machinelearning can deal with the “well-posed’ problems where specifications
are complete and available. Computers cannot solve ‘ill-posed” problems.

Consider one simple example (shown in Table 1.3):

Table 1.3: An Example

1,1 1
2,1 2
3,1 3
4,1 4
51 5

1 i

equally true that y may be y =x, + x,, or y = x,2. So, there are three functions that fit the data.

This means that the problem is ill-posed. To solve this problem, one needs more example to

i :
check the model. Puzzles and games that do not have sufficient specification may become an
ill-posed problem and scientific computation has many ill-posed problems.
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2. Huge data ~ This is a primary requirement of machine learning. Availability of a quality
data is a challenge. A quality data means it should be large and should not have data
problems such as missing data or incorrect data.

3. High computation power ~ With the availability of Big Data, the computational resource
requirement has also increased. Systems with Graphics Processing Unit (GPU) or even Tensor
Processing Unit (TPU) are required to execute machine learning algorithms. Also, machine
learning tasks have become complex and hence time complexity has increased, and that
can be solved only with high computing power.

4. Complexity of the algorithms ~ The selection of algorithms, describing the algorithms,
application of algorithms to solve machine learning task, and comparison of algorithms
have become necessary for machine learning or data scientists now. Algorithms have
become a big topic of discussion and it is a challenge for machine learning professionals to
design, select, and evaluate optimal algorithms.

5. Bias/Variance — Variance is the error of the model. This leads to a problem called bias/
variance tradeoff. A model that fits the training data correctly but fails for test data, in
general lacks generalization, is called overfitting. The reverse problem is called underfitting
where the model fails for training data but has good generalization. Overfitting and
underfitting are great challenges for machine learning algorithms.

1.6 MACHINE LEARNING PROCESS

The emerging process model for the data mining solutions for business organizations is CRISP-DM.
Since machine learning is like data mining, except for the aim, this process can be used for machine
learning. CRISP-DM stands for Cross Industry Standard Process ~ Data Mmmg This process
involves six steps. The steps are listed below in Figure 1.11.

Understand the .'(_I——‘ Understand the . 1(
business > data v
Data

preprocessing

Modelling

Y

Model evaluation

Model deployment

Figure 1.11: A Machine Learning/Data Mining Process t
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1. Understanding the business — This step involves understanding the objectives and
requirements of the business organizafion. Generally, a single data mining algorithm is
enough for giving the solution. This step also involves the formulation of the problem
statement for the data mining process. |

2. Understanding the data — It involves the steps like data collection, study of the charac-
teristics of the data, formulation of hypothesis, and matching of patterns to the selected
hypothesis.

3. Preparation of data - This step involves producing the final dataset by cleaning the raw
data and preparation of data for the data mining process. The missing values may cause
problems during both training and testing phases. Missing data forces classifiers to produce
inaccurate results. This is a perennial problem for the classification models. Hence, suitable
strategies should be adopted to handle the missing data.

4. Modelling - This step plays a role in the application of data mining algorithm for the data
to obtain a model or pattern.

5. Bvaluate ~ This step involves the evaluation of the data mining results using statistical
analysis and visualization methods. The performance of the classifier is determined by
evaluating the accuracy of the classifier. The process of classification is a fuzzy issue.
For example, classification of emails requires extensive domain knowledge and requires
domain experts. Hence, performance of the classifier is very crucial.

6. Deployment — This step involves the deployment of results of the data mining algorithm
to improve the existing process or for a new situation.

1.7 MACHINE LEARNING APPLICATIONS

Machine Learning techniologies are used widely now in different domains. Machine learning appli-
cations are everywhere! One encounters many machine learning applications in the day-to-day
life. Some applications are listed below:

1. Sentiment analysis — This is an application of natural language processing (NLP) where
the words of documents are converted to sentiments like happy, sad, and angry which are
captured by emoticons effectively. For movie reviews or product reviews, five stars or one
star are automatically attached using sentiment analysis programs.

2. Recommendation systems ~ These are systems that make personalized purchases possible.
For example, Amazon recommends users to find related books or books bought by people
who have the same taste like you, and Netflix suggests shows or related movies of your
taste. The recommendation systems are based on machine learning,

3. Voice assistants — Products like Amazon Alexa, Microsoft Cortana, Apple Siri, and Google

Assistant are all examples of voice assistants. They fake speech commands and perform

Maps and those used by Uber are all examples of machine

learning which offer to locate and navigate shortest paths to reduce time.
: apy

the machine learning applications.

MUNarizes some o

enormous. The following 1z
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Table 1.4: Applications’ Survey Table

1. | Business Predicting the bankruptcy of a business firm
2 Banking Prediction of bank loan defaulters and detecting credit card frauds
3. Image Processing | Image search engines, object identification, image classification, and

generating synthetic images

4, Audio/Voice

Chatbots like Alexa, Microsoft Cortana. Developing chatbots for
customer support, speech to text, and text to voice -

5. Telecommuni- Trend analysis and identification of bogus calls, fraudulent calls and
cation its callers, churn analysis
- 6. Marketing Retail sales analysis, market basket analysis, product performance
: analysis, market segmentation analysis, and study of travel patterns of
customers for marketing tours
7. Games Game programs for Chess, GO, and Atari video games

8. | Natural Language |
Translation

Google Translate, Text summarization, and sentiment analysis

9. Web Analysis and

Identiﬁéation of access patterns, detection of e-mail spams, viruses,

Services personalized web services, search engines like Google, detection of
promotion of user websites, and finding loyalty of users after web page
| layout modification
10. -~ | Medicine Prediction of diseases, given disease symptoms as cancer or diabetes.
Prediction of effectiveness of the treatment using patient history and
‘Chatbots to interact with patients like IBM Watson uses machine
learning technologies.
11. Multimedia and Face recognitionfidentification, biometric projects like identification
Security of a person from a large image or video database, and applications
involving multimedia retrieval
12. Scientific Domain | Discovery of new galaxies, identification of groups of houses based -

on house type/geographical location, identification of earthquake

IS

eplcenters, and identification of similar land use

Machine learning can enable top management of an organization to extract the knowledge from the
data stored in various archives to facilitate decision making.

Machine learning is an important subbranch of Artificial Intelligence (AI).
A model is an explicit description of patterns within the data.
A model can be a formula, procedure or representation that can generate data decisions.

Humans predict by remembering the past, then formulate the strategy and make a prediction. In the

same manner, the computers can predict by following the process.

6. Machine Ieamihg is an important branch of Al. Al is a much broader subject. The aim of Al is to
develop intelligent agents. An agent can be a robot, humans, or other autonomous systems.
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. Deep learning is a branch of machine learning. The difference between machine learning and deep
learning is that models are constructed using neural network technology in deep learning. Neural
networks are models constructed based on the human neuron models.

. Data science deals with gathering of data for analysis. It is a broad field that includes other fields.

el ]

. Data analytics aims to extract useful knowledge from crude data. There are many types of analytics.
Predictive data analytics is an area that is dedicated for making predictions. Machine learning is
closely related to this branch of analytics and shares almost all algorithms.

10. One can say thus there are two types of data - labelled data and unlabelled data. The data with a
Jabel is called labelled data and those without a label are called unlabelled data.

11. Supervised algorithms use labelled dataset. As the name suggests, there is a supervisor‘ or teaclier
component in supervised learning. A supervisor provides the labelled data so that the model is
constructed and gives test data for checking the model.

12. Classification is a supervised learnihg method. The input attributes of the classification algorithms
are called independent variables. The target attribute is called label or dependent variable. The
relationship between the input and target variables is represented in the form of a structure which is
called a classification model. ‘

13. Cluster analysis is an example of unsupervised learning. It aims to assemble objects into disjoint
clusters or groups.

14. Semi-supervised algorifhms assign a pseudo-label for unlabelled data.

15. Reinforcement learning allows the agent to interact with the environment to get rewards. The agent
can be human, animal, robot, or any independent program. The rewards enable the agent to gain
experience.

16. The emerging process model for the data mining solutions for business organizations is CRISP-DM.
This model stands for Cross Industry Standard Process - Data Mining.

17. Machine Learning technologies are used widely now in different domains.

o Machine Learning — A branch of Al that concerns about machines to learn automatically without

being explicitly programmed.
e Data- A raw fact. ’
o Model - An explicit description of patterns in a data.

«  Experience - A collection of knowledge and heuristics in humans and historical training data in case
of machines.

e Predictive Modelling ~ A technique of developing models and making a prediction of unseen data.

¢ Deep Learning ~ A branch of machine learning that deals with constructing models using neural

networks.

Diata Science — A field of study that encompa

5

f data to its analys

of data management.

e Data Analytics - A field of study that deals with analysis of data.

that has characteristics of volume, variety, and velocity,

¢ Big Data - A study of

¢  Pattern Recognition ~ A field of study that analyses a pattern using machine learning algorithms.
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Statistics ~ A branch of mathematics that deals with learning from data using statistical methods.
Hypothesis — An initial assumption of an experiment.

Learning - Adapting to the environment that happens because of interaction of an agent with the
environment.

Label - A target attribute.
Labelled Data — A data that is associated with a label.
Unlabelled Data - A data without labels.

Supervised Learning - A type of machine learning that uses labelled data and learns with the help
of a supervisor or teacher component.

Classification Program - A supervisory learning method that takes an unknown input and assigns
a label for it. In simple words, finds the category of class of the input attributes.

Regression Analysis — A supervisory method that predicts the continuous variables based on the
input variables.

nsupervised Learning — A type of machine leaning that uses unlabelled data and groups the
attnbutes to clusters using a trial and error approach.

Cluster Analysis - A type of unsupervised approach that groups the objects based on attributes
so that similar objects or data points form a cluster.

Semi-supervised Learning - A type of machine learning that uses limited labelled and large
unlabelled data. It first labels unlabelled data using labelled data and combines it for learning
purposes.

Reinforcement Learning - A type of machine learning that uses agents and environment mteractxon
for creating labelled data for learning.

Well-posed Problem - A problem that has well—defmed specifications. Otherwise, the problem is
called ill-posed.

Bias/Variance - The inability. of the machine learning algorithm to predict correctly due to lack
of generalization is called bias. Variance is the error of the model for training data. This leads to
problems called overfitting and underfitting,

Model Deployment - A method of deploying machine Jearning algorithms to improve the existing
business processes for a new situation. ~

- Why is machine-learning needed for business organizations?

List out the factors that drive the popularity of machine learning.

. What is a model?

Distinguish between the terms: Data, Information, Knowledge, and Intelligence.
How is machine learning linked to A, Data Science, and Statistics?
List out the types of machine:learning.

List out the differences between a model and pattern. Patterns are local and model is global for entire
dataset - Justify.

Are classification and clustering are same or different? Justify.
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List out the differences between labelled and unlabelled data.

Point out the differences between supervised and unsupervised learning.
What are the differences between classification and regression?

What is a semi-supervised learning? |

List out the differences between reinforced learning and supervised learning.
List out important classification and clustering algorithms.

List out at least five major applications of machine learning.

Explain in detail the machine learning process model.

List out'and briefly explain the classification algorithms.
List out and briefly explain the unsupervised algorithms.

Let us assume a regression algorithm generates a model y = 0.54 + 0.66 x for data pertaining to week

sales data of a product. Here, x is the week and y is the product sales. Find the prediction for the
5% and 8" week. | ‘

Give two examples of patterns and models.
Survey and find out atleast five latest applications of machine learning.

Survey and list out atleast five products that use machine learning.
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Understanding Data

“Torture the data, and it will confess to anything.”

— Ronald Coase

2.1 WHAT IS DATA?

Scan for information on ‘Machine Learning and Importance of Linear Algebra’, ‘Matrices

and Tensors’, ‘Sampling Techniques’, “Information Theory”, ‘Evaluation of Classifier Model”
and ‘Additional Examples’

All facts are data. In computer systems, bits encode facts present in numbers, text, images, audio,
and video. Data can be directly human interpretable (such as numbers or texts) or diffused data
such as images or video that can be interpreted only by a computer. Today, business organizations
are accumulating vast and growing amounts of data of the order of gigabytes, tera bytes, exabytes.
A byte is 8 bits. A bit is either 0 or 1. A kilo byte (KB) is 1024 bytes, one mega byte (MB) is

approximately 1000 KB, one giga byte is approximately 1,000,000 KB, 1000 giga bytes is one tera
byte and 1000000 tera bytes is one Exa byte.

pmnre A,

e
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Data is available in different data sources like flat files, databases, or data warehouses. It can
either be an operational data or a non-operational data. Operational data is the one that is encoun-
rered in normal business procedures and processes. For example, daily sales data is operational
dJata, on the other hand, non-operational data is the kind of data that is used for decision making,

Data by itself is meaningless. It has to be processed to generate any information. A string
of bytes is meaningless. Only when a label is attached like height of students of a class, the data
pecomes meaningful. Processed data is called information that includes patterns, associations,

or rélationships among data. For example, sales data can be analyzed to extract information like
thh product was sold larger in the last quarter of the year.

Elements of Big Data

Data whose volume is less and can be stored and processed by a small-scale computer is called
rsmall data’. These data are collected from several sources, and integrated and processed by a .
small-scale computer. Big data, on the other hand, is a larger data whose volume is much 1arger
than 'small data’ and is characterized as follows:

1. Volume - Since there is a reduction in the cost of storing devices, there has been a
tremendous growth of data. Small traditional data is measured in terms of gigabytes (GB)
and terabytes (TB), but Big Data is measured in terms of petabytes (PB) and exabytes (EB).
One exabyte is 1 million terabytes. |

2. Velocity — The fast arrival speed of data and its increase in data volume is noted as velocity.
The availability of IoT devices and Internet power ensures that the data is arriving at a
faster rate. Velocity helps to understand the relative growth of big data and its accessibility
by users, systems and applications.

3. Variety — The variety of Big Data includes:

e Form — There are many forms of data. Data types range from text, graph, audio, video,
to maps. There can be composite data too, where one media can have many other
sources of data, for example, a video can have an audio song.

e  Function — These are data from various sources like human conversations, transaction
records, and old archive data.

¢ Source of data — This is the third aspect of variety. There are many sources of data.
Broadly, the data source can be classified as open/public data, social media data and
multimodal data. These are discussed in Section 2.3.1 of this chapter.

Some of the other forms of Vs that are often quoted in the literature as characteristics of
Big data are: ‘

dio, zmimsg, behembzhiy, emci szﬁdem& in_ dat& Eher@ may ‘i::;e many sources <>§t error

data such as technical errors, zyp@;ﬂ:ap hical errors, and human errors. So, veracity is one of
ions the most important aspects of data.
s, 5. Validity - Validity is the accuracy of the data for taking decisions or for any other goals that
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Thus, these 6 Vs are helpful to characterize the big data. The data quality of the numeric
attributes is determined by factors like precision, bias, and accuracy. Precision is defined as the
closeness of repeated measurements. Often, standard deviation is used to measure the precision.
Bias is a systematic result due to erroneous assumptions of the algorithms or procedures. Accuracy
is the degree of measurement of errors that refers to the closeness of measurements to the true
value of the quantity. Normally, the significant digits used to store and manipulate indicate the
accuracy of the measurement.

2.1.1 Types of Data

In Big Data, there are three kinds of data. They are structured data, unstructured data, and
semi-structured data.

Structured Data

In stituctured data, data is stored in an organized manner such as a database where it is available
in the form of a table. The data can also be retrieved in an organized manner using tools like SQL.

The structured data frequently encountered in machine learning are listed below:

Record Data A dataset is a collection of measufements taken from a process. We have a collection
of objects in a dataset and each object has a set of measurements. The measurements can be arranged
in the form of a matrix. Rows in the matrix represent an object and can be called as entities, cases,
or records. The columns of the dataset are.called attributes, features, or fields. The table is filled
with observed data. Also, it is better to note the general jargons that are associated with the dataset.
Label is the term that is used to describe the individual observations.

Data Matrix It is a variation of the record type because it consists of numeric attributes.
The standard matrix operations can be applied on these data. The data is thought of as points or
vectors in the multidimensional space where every attribute is a dimension describing the object.

Graph Data It involves the relationships among bbjects. For examplé,» a web page can refer to
another web page. This can be modeled as a graph. The modes are web pages and the hyperlink is
an edge that connects the nodes. ‘

Ordered Data Ordered data objects involve attributes that have an implicit order among them.
The examples of ordered data are:

1. Temporal data - It is the data whose attributes are associated with time. For example,
the customer purchasing patterns during festival time is sequential data. Time series data
is a special type of sequence data where the data is a series of measurements over time.

2. Sequence data - It is like sequential data but does not have time stamps. This data involves

the sequence of words or letters. For example, DNA data is a sequence of four characters
-ATGC. B

3. Spatial data - It has attributes such as positions or areas. For example, maps are spatial
data where the points are related by location.
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g]mémciumd Data

{Jnstructured data includes video, image, and audio. It also includes textual documents, programs,
ond blog data. It is estimated that 80% of the data are unstructured data.

semi-Structured Data

gemi-structured data are partially structured and partially unstructured. These include data like
XML/JSON data, RSS feeds, and hierarchical data.

9.1.2 Data Storage and Representation

Once the dataset is assembled, it must be stored in a structure that is suitable for data analysis.
The goal of data storage management is to make data available for analysis. There are different
approaches to organize and manage data in storage files and systems from flat file to data
warehouses. Some of them are listed below:

Flat Files These are the simplest and most commonly available data source. It is also the cheapest
way of organizing the data. These flat files are the files where data is stored in plain ASCII or
EBCDIC format. Minor changes of data in flat files affect the results of the data mining algorithms.
Hence, flat file is suitable only for storing small dataset and not desirable if the dataset becomes

larger.

Some of the popular spreadsheet formats are listed below:

o CSV files — CSV stands for comma-separated value files where the values are separated by
commas. These are used by spreadsheet and database applications. The first row may have
attributes and the rest of the rows represent the data.

o TSV files — TSV stands for Tab separated values files where values are separated by Tab.

Both CSV and TSV files are generic in nature and can be shared. There are many tools like
Google Sheets and Microsoft Excel to process these files.

Database System It normally consists of database files and a database management system
(DBMS). Database files contain original data and metadata. DBMS aims to manage data and
improve operator performance by including various tools like database administrator, query
processing, and transaction manager. A relational database consists of sets of tables. The tables
have rows and columns. The columns represent the attributes and rows represent tuples. A tuple
corresponds to either an object or a relationship between objects. A user can access and manipulate
the data in the database using SQL.

Different types of databases are listed below:

1. A transactional database is a collection of transactional records. Each record is a
transaction. A transaction may have a time stamp, identifier and a set of items, which may
have lirtks to other tables. Normally, transactional databases are created for performing
associational analysis that indicates the correlation among the items.

2. Time-series database stores time related information like log files where data is associated
with a time stamp. This data represents the sequences of data, which represent values or
events obtained over a period (for example, hourly, weekly or yearly) or repeated time
span. Observing sales of product continuously may yield a time-series data.
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3. Spatial databases contain spatial information in a raster or vector format. Raster formats

are either bitmaps or pixel maps. For example, images can be ‘stored as a raster data. &

On the other hand, the vector format can be used to store maps as maps use basic geometnc
primitives like points, lines, polygons and so forth.

World Wide Web (WWW) It provides a diverse, worldwide online information source.
The objective of data mining algorlthms is to mine interesting patterns of information present
in WWW.

XML (eXtensible Markup Language) Itis both human and machine mterpretable data format
that can be used to represent data that needs to be shared across the platforms.

Data Stream It is dynamic data, which flows i in and out of the observmg environment. Typical -

Toro xres ~F d. P [T

characteristics Of data stream are huge volume of data, dynamic, fixed order movement, and
real-time constraints. -

RSS (Really Simple 'SYndication) It is a format for sharing instant feeds across services.

JSON (JavaScript Object Notation) It is another useful data mterchange format that is often
used for many machine learnmg algorithms.

2.2 BIG DATA ANALYTICS AND TYPES OF ANALYT!CS

The primary aim of data analysis is to assist business organizations to take decisions. For example,
a business organization may want to know which is the fastest selling product, in order for them to
market activities. Data analysis is an activity that takes the data and generates useful information
and insights for assisting the organizations.,””

~ Data analysis and data analytics are terms that are used mterchangeably to refer to the same
concept. However, there is a subtle difference. Data analytics is a general term and data analysis
is a part of it. Data analytics refers to the process of data collection, preprocessing and analysis.
It deals with the complete cycle of data management. Data analysis is just analysis and is a part of
data analytics. It takes historical data and does the analysis. Data analytlcs, mstead concentrates
more on future and helps in prediction.
There are four types of data analytics:
1. Descriptive analytics
2. Diagnostic analytics
3. Predictive analytics
4. Prescriptive analytics

Descriptive Analytics -It is about describing the main features of the data. After data collection
is done, descriptive analytics deals with the collected data and quantifies it. It is often stated that
analytics is essentially statistics. There are two aspects of statistics — Descriptive and Inference.
Descriptive analytics only focuses on the description part of the data and not the inference part.

Diagnostic Analytics It deals with the questibn "Why?’. This is also known as causal analysis,
as it aims to find out the cause and effect of the events. For example, if a product is not selling,

diagnostic analytics aims to find out the reason. There may be multiple reasons and associated
effects are analyzed as part of it.
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gjg«edﬁé‘:ﬁw Analytics It deals with the future. It deals with the question - "What will happen
i future given this data?’. This involves the application of algorithms to identify the patterns to
'fedict the future. The entire course of machine learning is mostly about predictive analytics and
forms the core of this book.

prescriptive Analytics It is about the finding the best course of action for the business
organizations. Prescriptive analytics goes beyond prediction and helps in decision making by

wving a set of actions. It helps the organizations to plan better for the future and to mitigate the
risks that are involved.

2.3 BIG DATA ANALYSIS FRAMEWORK

For performing data analytics, many frameworks are proposed. All proposed analytics frameworks
have some COMMOon factors. Big data framework is a layered architecture. Such an architecture has
many advantages such as genericness. A 4-layer architecture has the following layers:

1. Date connection layer
2. Data management layer
3. Data analytics later

4. Presentation layer

Data Connection Layer It has data ingestion mechanisms and data connectors. Data ingestion
means taking raw data and importing it into appropriate data structures. It performs the tasks of
ETL process. By ETL, it means extract, transform and load operations.

Data Management Layer It performs preprocessing of data. The purpose of this layer is to
allow parallel execution of queries, and read, write and data management tasks. There may be
many schemes that can be implemented by this layer such as data-in-place, where the data is
not moved at all, or constructing data repositories such as data warehouses and pull data
on-demand mechanisms.

Data Analytic Layer It has many functionalities such as statistical tests, machine learning
algorithms to understand, and construction of machine learning models. This layer implements
many model validation mechanisms too. The processing is done as shown in Box 2.1.

Cloud Computing

Cloud computing is an emerging technology which is basically a business service model
or simply called as pay-per-usage model. The term ‘Cloud’ refers to the Internet that provides
It offers different kinds of

sharing of processing power, applications, storage and services
services such as laas, Paas, and 5aab.

SaaS (Software as a Se
aas (Platform as

rvice) enables users to access software applications from the cloud.
3

Service) provides users the platform to develop and run their applications.

the infrastructure required to run their

ot

i g :

aas (Infrastructure as a Service) enables users to access

applications, storage, operating systems, etc.

LS o

(Continued)
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4 The cloud services can be deployed in four most commonly used deployment models )
such as Public Cloud, Private Cloud, Community Cloud, and Hybrid Cloud based on the service
model, organization, geographic location, etc. The Public Cloud is accessible to the public and
is owned by a vendor, who offers the services of the cloud to the users. Private Cloud is a
privately-owned cloud where the user or an organization owns the cloud and only the user or -
employees of that organization have access to the cloud, thereby making data and transactions
secure. In Community Cloud, the infrastructure is owned jointly by different organizations.
The Hybrid Cloud is the combination of two or more cloud types The characterlstlcs of cloud
computing are:

1. Shared Infrastructure — Sharing of physical services, storage, and networking
capabilities

Dynamic Provisioning ~ Resources assigned dynamicaly, based on demands

Dynamic Scaling - Expansion and contraction of service capability

WM

Network Access — Needs to be accessed across the internet
Utility-based Metering — Uses metering to provide reportmg and billing information

Multitenancy — Serves multiple customers

N oo @

Reliability — Customer reliable service

Grid Computing ‘

Grid Computing is a parallel and distributed computing framework consisting of a network
of computers offering a super computing service as a single virtual supercomputer.
This high-performance computing is required to perform specialized tasks that require a high
computing power and a single computer cannot provide enough computing resources. The
grid computing model forms a grid by connecting tens of thousands of nodes as a cluster that
runs on an operating system. In this model, the resources are pooled together and the load is
shared across multiple nodes to accomplish a task more quickly. This grid is constructed by
middleware software that evenly distributes the task to several nodes connected in the grid. The .
individual nodes perform the task independently and in parallel which are then integrated to
complete the large-scale task. This model of computing is best suited for applications that are
complex and can be computed in parallel.

H-Computing (High Performance Computing or HPC)

It enables to perform complex tasks at high speed. It aggregates computing power in such a |
way that provides much higher performance to solve complex problems in science, engineering,
research or business. It leverages parallel processing techniques for solving complex computa-
tional problems. HPC system achieves this sustained performance through concurrent use of
computing resources. An HPC system combines the computing power of thousands of compute
nodes that work in parallel to complete tasks faster. The system comprises three key components
called compute, network and storage. The architecture of HPC consists of compute servers that
are networked together to form a cluster. Software programs are run in parallel on the servers
in the cluster and are networked to the data storage to capture the output. These components

| kwork together to complete a task.

/
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presentation Layer It has mechanisms such as dashboards, and applications that dzsplay the
results of analytical engines and machine learning algorithms. g

- Thus, the Big Data processing cycle involves data management that consists of the following
steps.
1. Data collection
2. Data preprocessing
3. Applications of machine learning algorithm ,
4. Interpretation of results and visualization of machine learning algorithm
This is an iterative process and is carried out on a permarient basis to ensure thal data is suitable
for data mining,

Application and interpretation of machine learning algonthms constitute the basis for the rest
of the book. So, primarily, data collection and data preprocessing are covered as part of this chapter.

The following section covers data collection in detail.

2.3.1 Data Collection

The first task of gathering datasets are the collection of data. It is often estimated that most of the
 time is spent for collection of good quality data. A good quality data yields a better result. It is often
difficult to characterize a ‘Good data’. ‘Good data’ is one that has the following properties:

1. Timeliness — The data should be relevant and not stale or obsolete data.

2. Relevancy - The data should be relevant and ready for the machine learning or data mining
algorithms. All the necessary information should be available and there should be no bias
in the data.

3. Knowledge about the data, - The data should be understandable and interpretable, and
should be self-sufficient for the requirea application as desired by the domain knowledge
engineer.

Broadly, the data source can be classified as open/public data, social media data and
multimodal data.

1. Open or public data source - It is a data source that does not have any stringent copyright
rules or restrictions. Its data can be primarily used for many purposes. Government census
data are good examples of open data:

o Digital libraries that have huge amount of text data as well as document images

¢ Scientific domains with a huge collection of experimental data like genomic data
and biological data '

»  Healthcare systems that use extensive databases like patient databases, health insurance
data, doctors’ information, and bioinformatics information

Social media ~It is the data that is @‘gmw;*&axt% by various social media platforms like Twitter,

Facebook, YouTube, and Instagram. An enormous amount of data is gs;‘;@f&i% by these

platforms.

3. Multimodal data - It includes data that involves many modes such as text, video, audio

and mixed types. Some of them are listed below:
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¢ Image archives contain larger image databases along with numeric and text data

* The World Wide Web (WWW) has huge amount of data that is distributed on the Internet.

‘These data are heterogeneous in nature.

2.3.2 Data Preprocessing

In real world, the available data is ‘dirty’. By this word ‘dirty’, it means:

* Incomplete data ' * Inaccurate data
¢ OQutlier data ¢ Data with missing values
* Data with inconsistent values * Duplicate data

Data preprocessing improves the quality of the data mining techniques. The raw data must
be preprocessed to give accurate results. The process of detection and removal of errors in data
is called data cleaning. Data wrangling means making the data processable for machine learning
algorithms. Some of the data errors include human errors such as typographical errors or incorrect
measurement and structural errors like improper data formats. Data errors can also arise from
omission and duplication of attributes. Noise is a random component and involves distortion of
a value or introduction of spurious objects. Often, the noise is used if the data is a spatial or

temporal component. Certain deterministic distortions in the form of a streak are known as artifacts.

Consider, for example, the following patient Table 2.1. The ‘bad’ or ‘dirty’ data can be observed
in this table. '

'Table 2.1: lllustration of ‘Bad’ Data

1. John 21 , qu _ -1500 ., ,
2, Andre 36 ' . |High Yes :’
3, David 5 10/10/1980 | Low uu

4. Raju 136 High Yes

It can be observed that data like Salary =’ * is incomplete data. The DoB of patients, John,
Andre, and Raju, is the missing data. The age of David is recorded as ‘5’ but his DoB indicates it is
10/10/1980. This is called inconsistent data. :

Inconsistent data occurs due to probléms in conversions, inconsistent formats, and difference
in units. Salary for John is ~1500. It cannot be less than ‘0", It is an instance of noisy data. Outliers
are data that exhibit the characteristics that are different from other data and have very unusual
values. The age of Raju cannot be 136. It might be a typographical error. It is often required to
distinguish between noise and outlier data.

Outliers may be legitimate data and sometimes are of interest to the data mining algorithms.
These errors often come during data collection stage. These must be removed so that machine
learning algorithms yield better results as the quality of results is determined by the quality of
input data. This removal process is called data cleaning.
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* pissing Data Analysis

The primary data cleaning process is missing data analysis. Data cleaning routines attempt to
Il up the missing values, smoothen the noise while identifying the outliers and correct the
inconsistencies of the data. This enables data mining to avoid overfitting of the models.

The procedures that are given below can solve the problem of missing data:

1. Ignore the tuple ~ A tuple with missing data, especially the class label, is ignored. This
method is not effective when the percentage of the missing values increases.

2. Fill in the values manually — Here, the domain expert can analyse the data tables and carry
out the analysis and fill in the values manually. But, this is time consuming and may not
be feasible for larger sets.

3. A global constant can be used to fill in the missing attributes. The missing values may be
"Unknown or be ‘Infinity’. But, some data mining results may give spurious results by

analysing these labels. v
4. The attribute value may be filled by the attr%&te value. Say, the average income can replace
a missing value.

5. Use the attribute mean for all samples belonging to the same class. Here, the average value
replaces the missing values of all tuples that fall in this group. ‘

6. Use the most possible value to fill in the missing value. The most probable value can be
obtained from other methods like classification and decision tree prediction.

Some of these methods introduce bias in the data. The filled value may not be correct and could
be just an estimated value. Hence, the difference between the estimated and the original value is
called an error or bias.

Removal of Noisy or Outlier Data .

Noise is a random error or variance in a measured value. It can be removed by using binning,
which is a method where the given data values are sorted and distributed into equal frequency
bins. The bins are also called as buckets. The binning method then uses the neighbor values to
smooth the noisy data. |

Some of the techniques commonly used are ‘smoothing by means’ where the mean of the
bin removes the values of the bins, ‘smoothing by bin medians’ where the bin median replaces
the bin values, and ‘smoothing by bin boundaries’ where the bin value is replaced by the closest
bin boundary. The maximum and minimum values are called bin boundaries. Birning methods
may be used as a discretization technique. Example 2.1 illustrates this principle.

Consider the following set: S = {12, 14, 19, 22, 24, 26, 28, 31, 34},

binning techniques and show the result.

Solution: By equal-frequency bin method, the data should be «

assume the bins of size 3, then the above data is distributed across the bins as shown below:
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Binl : 12,14,19
Bin2 : 22,24 26
Bin3 : 28,31,32
By srrioothing bins method, the bins are replaced by the bin means. This method results in: -
’ Binl : 15,1515 '
Bin2 : 24,24,24
Bin3 : 30.3,30.3,303
Using smoothing by bin boundaries method, the bins' values would be like:
| Binl : 12,12,19
Bin2 : 22,2226
, ' Bin3 : 28,3232
- As per the method, the minimum and maximum values of the bin are determined, and it serves
as bin boundary and does not change. Rest of the values are transformed to the nearest value. It

can be observed in Bin 1, the middle value 14 is compared with the boundary values 12 and 19 and _
changed to the closest value, that is 12. This process is repeated for all bins.

—e

Data Integration and Data Transformations

Data integration involves routines that- merge data from multiple sources into a single data source. .
So, this may lead to redundant data. Thm of data integration is to detect and remove
redundancies that arise from integration. Data transformation routines perform operations like
normalization to improve the performance of the data mining algorithms. It s hecessary to
transform data so that it can be processed. This can be considered as a preliminary stage of data
conditioning. Normalization is one such technique. In normalization, the attribute values are scaled
to fit in a range (say 0~1) to improve the performance of the data mining algorithm. Often, in neural
networks, these techniques are used. Some of the normalization procedures used are:

1. Min-Max
2. z-Score

Min-Max Procedure It is a normalization technique where each variable V is normalized‘by its

- difference with the minimum value divided by the range to a new range, say 0-1. Often, neural

networks require this kind of normalization. The formula to implement this normalization is

given as: _ _
. V. —min ‘ ) )
Min-max = ————— X (new max — new min) + new min 2.1)
max —min .

Here max-min is the range. Min and max are the minimum and maximum of the given data,
new max and new min are the minimum and maximum of the target range, say 0 and 1.

Consider the set: V = {88, 90, 92, 94}. Apply Min-Max procedure and map the marks
to a new range 0-1.

Solution: The minimum of the list V is 88 and maximum is 94. The new min and new max are
0 and 1, respectively. The mapping can be done using Eq. (2.1) as:
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For marks 88,

min-max = %&wgﬁ X (1- @} +0=0
94 — 88

Similarly, other marks can be computed as follows:

For marks 90,

min-max = 0-8 X(1-0)+0=1033
94 - 88
For marks 92,
Mmin-max = u X (1- 0) +0= 4. 0.66
94 - 88 6
For marks 94,
min~maXxM><(1w0)+Ozgzl
94 - 88 6

So, it can be observed that the marks {88, 90, 92, 94} are mapped to the new range {0,0.33, 0.66, 1}.
Thus, the Min-Max normahzatlon range is between 0 and 1.
©

z-Score Normalization This procedure works by taking the difference between the field value
and mean value, and by scaling this difference by standard deviation of the attribute.

V=V -ulo (2.2)
Here, ois the standard deviation of the list V and y is the mean of the list V.

Consider the mark list V= {10,}0, 30}, convert the marks to z-score.

Solution: The mean and Sample Standard deviation (0) values of the list V are 20 and 10, respec-
tively. So the z-scores of these marks are calculated using Eq. (2.2) as:

z-score of 10 = EQW%Q - 10 =]
10 10
z-score of 20 = 0-20 } 0 =0
10 10
z-score of 30 = ?ﬂgﬁ = Eg -
10 10

Hence, the z-score of the marks 10, 20, 30 are -1, 0 and 1, respectively.

What is the use of z-scores? z-scores are used i;e} detect outlier detection. If the data value z-score
function is either less than -3 or greater than +3, then it is possibly an outlier. The major disad-

of z-score function is that it is extremely sensitive to outliers as it is dependent on mean.

Jata reduction reduces data size but p

%3%* reducton can be carried out ¢ z:%‘%

reduction.
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2.4 DESCRIPTIVE STATISTICS

Descriptive statistics is a branch of statistics that does' dataset summarization. It is used to
il T

summarize and describe data. Descriptive statistics are just descrlphve and do not go beyond that.

In other words, descriptive statistics do not bother too much about machme learning algonthms

and its functioning.

Data visualization is a branch of study that is useful for investigating the given data. Mamly,
the plots are useful to explain and present data to customers.

Descriptive analytics and data visualization techniques help to understand the nature of the
data, which further helps to determine the kinds of machine learning or data mining tasks that can
be applied to the data. This step is often known as Exploratory Data Analysis (EDA). The focus
of EDA is to understand the given data and to prepare it for machine learning algorithms. EDA
includes descriptive statistics and data visualization.

Let us discuss descriptive statistics with the fundamental concepts of datatypes.

Dataset and Data Types

A dataset can be assumed to be a collection of data objects. The data objects may be records, points,
vectors, patterns, events, cases, samples or observations. These records contain many attributes.
An attribute can be defined as the property or characteristics of an object.

For example, consider the following database shown in sample Table 2.2.

Table 2.2: Sample Patient Table

.| John 21 Neghve Low No

2, Andre 36 |Positive |High | Yes

Every attribute should be associated with a value. This process is called measurement.
The type of attribute determines the data types, often referred to as measurement scale types.
The data types are shown in Figure 2.1.

Data type

¢ —

Categorical data Numerical data

y y Y Y

Nominal data , Ordinal data : Interval data Ordiral data

Kok

Figure 2.1: Types of Data
Broadly, data can be classified into two types:
1. Categorical or qualitative data

2. Numerical or quantitative data




o Understanding Data o 35

rategorical or Qualitative Data The categorical data can be divided into two types. They are
nominal type and ordinal type. ' ,

o Nominal Data ~ In Table 2.2, patient ID is nominal data. Nominal data are symbols and
cannot be processed like a number. For example, the average of a patient ID does not make
any statistical sense. Nominal data type provides only information but has no ordering
among data. Only Gperations like (=, #) are meaningful for these data. For example, the
patient ID can be checked for equality and nothing else.

s  Ordinal Data - It provides enough information and has natural order. For example, Fever
= {Low, Medium, High} is an ordinal data. Certainly, low is less than medium and medium
is less than high, irresgecti\/e of the value. Any transformation can be applied to these data
to get.a new valye~”

Numeric or Q/lﬁiitativé Data It can be divided into two categories. They are interval type and
ratio type. J\U@N\X\WV ‘ '
o Interval Data — Interval data is a numeric data for which the differences between values

are meaningful. For example, there is a difference between 30 degree and 40 degree. Only
the permissible operations are.+ and -

e Ratio Data — For ratio data, both differences and ratio are meaningful. The difference
between the ratio and interval data is the position of zero in the scale. For example,
take the Centigrade-Fahrenheit conversion. The zeroes of both scales do not match.
Hence, these are interval data.

Another way of classifying the data is to classify it as:
1. Discrete value data

2. Continuous data

Discrete Data This kind of data is recorded as integers. For example, the responses of the survey
can be discrete data. Employee identification number such as 10001 is discrete data.

Continuous Data It can be fitted into a range and includes decimal point. For example, age is a
continuous data. Though age appears to be discrete data, one may be 12.5 years old and it makes
sense. Patient height and weight are all continuous data.

Third way of classifying the data is based on the number of variables used in the dataset. Based
on that, the data can be classified as univariate data, bivariate data, and multivariate data. This is
shown in Figure 2.2.

Data

[

Univariate data Rivariate data Multivariate data

Figure 2.2: Types of Data Based on Variables
In case of univariate data, the dataset has only one variable. A variable is also called as category.
Bivariate data indicates that the number of variables used are two and multivariate data uses three
or more variables.
This chapter primarily deals with univariate data in detail with just an overview of bivariate

and multivariate data,
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2.5 | UNIVARIATE DATA ANALYSIS AND VISUALIZATION

Scan for information on ‘Measures of Frequency’ and also for ‘Additional Examples’

Univariate analysis is the simplest form of statistical analysis. As the name indicates, the dataset
has only one variable. A variable can be called as a category. Univariate does not deal with cause or
relationships. The aim of univariate analysis is to describe data and find patterns.

Univariate data description involves finding the frequency distributions, central tendency

PR 1o A 3 3y T
neasures, dispersion or variation, and shape of the data.

2.5.1 Data Visualization

To understand data, graph visualization is must. Data visualization helps to understand data.
It helps to present information and data to customers. Some of the graphs that are used in
univariate data analysis are bar charts, histograms, frequency polygons and pie charts."

stu

The advantages of the graphs are presentation of data, summarization of data, description of Hit
data, exploration of data, and to make comparisons of data. Let us consider some forms of graphs - Th =
now: | - | | : 76

stt B

Bar Chart A Bar chart (or Bar graph) is used to display the frequency distribution for variables.
Bar charts are used to illustrate discrete data. The charts can also help to explain the counts of
‘nominal data. It also helps in comparing the frequency of different groups.

The bar chart for students' marks {45, 60, 60, 80, 85} with Student ID = {1, 2, 3, 4, 5} is shown
below in Figure 2.3.

Student marks

Marks

Student ID

Figure 2.3: Bar Chart
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pie @mm These are equally helpful in illustrating the univariate data. The percentage frequency
disgribu‘tion of students' marks {22, 22, 40, 40, 70, 70, 70, 85, 90, 90} is below in Figure 2.4.
- Student marks. :

%
X
CRRKLRREN
KGRI
[XRRRKEKKL
ORRIRIRXES

X

IRRLLAS
0%
(2

Figure 2.4: Pie Chart

It can be observed that the number' of students with 22 marks are 2. The total number of
students are 10. So, 2/10 x 100 = 20% space in a pie of 100% is allotted for marks 22 in Figure 2.4.

Histogram It plays an important role in data mining for showing frequency distributions.
The histogram for students” marks {45, 60, 60, 80, 85} in the group range of 0-25, 26-50, 51-75,
76-100 is given below in Figure 2.5. One can visually inspect from Figure 2.5 that the number of
students in the range 76-100 is 2.

Student marks

3

2.5

2
13}
%

g 1.5
=

1

0.5

25 50 75 100
Marks Group Range
Figure 2.5: Sample Histogram of English Marks
Histogram conveys useful information like nature of data and its mode. Mode indicates the

peak of dataset. In other words, histograms can be used as charts to show frequency, skewness

present in the data, and shape.
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Dot Plots These are similar to bar charts. They are less clustered as compared to bar charts,
as they illustrate the bars only with single points. The dot plot of English marks for five
students with ID as {1, 2, 3, 4, 5} and marks {45, 60, 60, 80, 85} is given in Figure 2.6. The advantage
is that by visual inspection one can find out who got more marks.

Student marks

Marks
4 & M @ & U X% W B & D W

@ W @ B o

= | oo am @ w6 s ® cabh o e @

N|eo o e o
Vile o o

3 4
Student ID

Figure 2.6: Dot Plots

2.5.2 Central Tendency

One cannot remembet all the data. Therefore, a condensation or summary of the data is necessary.
This makes the data analysis easy and simple. One such summary is called central tendency. Thus,
central tendency can explain the characteristics of data and that further helps in comparison. Mass
data have tendency to concentrate at certain values, normally in the central location: It is called
measure of central tendency (or averages). This represents the first order of measures. Popular
measures are mean, median and mode.

1. Mean - Arithmetic average (or mean) is a measure of central tendency that represents the
‘center’ of the dataset. This is the commonest measure used in our daily conversation such
as average income or average traffic. It can be found by adding all the data and dividing
the sum by the number of observations. Mathematically, the average of all the values in the
sample (population) is denoted as x. Let x, x,, -, x,, be a set of ‘N’ values or observations, then

the arithmetic mean is given as:
e
X X Aot N
Fooll2” Nz_tl_zx‘ _ (2.3)
N Ni=t !

10+20+430 _ 60 _,
3 3

o Weighted mean - Unlike arithmetic mean that gives the weightage of all items equally,
weighted mean gives different importance to all items as the item importance varies.
Hence, different weightage can be given to items.

For example, the mean of the three numbers 10, 20, and 30 is
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In case of frequency distribution, mid values of the range are taken for computa‘ion.
This is illustrated in the following computation.

In weighted mean, the mean is computed by adding the product of proportion and
group meart. [tis mostly used when the sample sizes are unequal.

o  Geometric mean —Letx,, x,, ..., X, be a set of ‘N’ values or observations. Geometric mean
is the N™ root of the product of N items. The formula for computing geometric mean is
given as follows:

n N
Geometricmean =| [Tx | = \/xl X X, XX Xy (2.4)

i=1 !

Here, n is the number of items and x, are values. For example, if the values are 6 and 8,
the geometric mean is given as {6 x 8 = J48. In larger cases, computing geometric

mean is difficult. Hence, it is usually calculated as:

I +1 bt ]
Anti-log of o8x,) * og(xzz\; °80%y) (2.5)

Zlog( x)

= anti-log = (2:6)
The problem of mean is its extreme sensitiveness to noise. Even small changes in the input
affect the mean drastically. Hence, often the top 2% is chopped off and then the mean is calcu-
lated for a larger dataset.

. Median - The middle value in the distribution is called median. If the total number of items

in the distribution is odd, then the middle value is called median. If the numbers are even, then
the average value of two items in the centre is the median. It can be observed that the median
is the value where x_is divided into two equal halves, with half of the values being lower than
the median and half higher than the median. A median class is that class where (N/2)" item is
present.

In the continuous case, the median is given by the formula:

N
.............. - of
Median = L, + MZ»?MW X i (2.7
Median class is that class where N/2" item is present. Here, 7 is the class interval of the
median class and L, is the lower limit of median class, f is the frequency of the median class, and
¢f is the cumulative frequency of all classes preceding median.

. Mode -~ Mode is the value that occurs more érmguenﬁy in the dataset. In other words, the

value that has the highest frequency is called mode. Mode is only for discrete data and is not
applicable for continuous data as there are no repeated values in continuous data.

The procedure for finding the mode is to calculate the frequencies

o]
data, and mode is the value { - values) v
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2.5.3 Dispersion

The spreadout of a set of data around the central tendency (mean, median or mode) is called
dispersion. Dispersion is represented by various ways such as range, variance, standard deviation,
and standard error. These are second order measures. The most common measures of the dispersion
data are listed below:

Range Range is the difference between the maximum and minimum of values of the given list
of data.

Standard Deviation’ The mean does not convey much more than a middle point. For example,
the following datasets {10, 20, 30} and {10, 50, 0} both have a mean of 20. The difference between
these two sets is the spread of data.

Standard deviation is the average distance from the mean of the dataset to each point.
The formula for sample standard deviation is given by:

\/g(%—i)z | 2.8
0= *'—1\7?1—- ()

Here, N is the size of the population x, is observation or value from the population and yu is

the population mean. Often, N -1 is used instead of N in the denominator of Eq. (2.8). The reason
is that for larger real-world, the division by N - 1 gives an answer closer to the actual value.

Quartiles and Inter Quartile Range It is sometimes convenient to subdivide the dataset using
coordinates. Percentiles are about data that are less than the coordinates by some percentage of the
total value. k" percentile is the property that the k% of the data lies at or below X.. For example,
median is 50" percentile and can be denoted as Q, ;. The 25" percentile is called first quartile (Q,)
and the 75" percentile is called third quartile (Q,).

Another measure that is useful to measure dispersion is Inter Quartile Range (IQR). The IQR is
the difference between Q, and Q..

Interquartile percehﬁle =Q,-Q, . (2.9)

Outliers are normally the values falling apart at least by the amount 1.5 x IQR above the third'
quartile or below the first quartile.

Interquartile is defined by Q.. - Q. ... | (2.10)
q y 0.75 0.25

For patients’ age list {12, 14, 19, 22, 24, 26, 28, 31, 34}, find the IQR.

Solution: The median is in the fifth position. In this case, 24 is the median. The first quartile is
median of the scores below the mean i.e., {12, 14, 19, 22}. Hence, it's the median of the list below 24.
In this case, the median is the average of the second and third values, that is, Q,25=16.5. Similarly,
the third quartile is the median of the values above the median, that is {26, 28, 31, 34}. So, Q.. is the
average of the seventh and eighth score. In this case, it is 28 + 31/2=59/2 =29.5.

Hence, the IQR using Eq. (2.10) is:

0.75

= Quzs= Qo.zs
=295-165=13
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The half of IQR is called semi-quartile range. The Semi Inter Quartile Range (S5IQR) is given as:
SIOR = - x IOR

=—x13=65 (211

Five-point Summary and Box Plots The median, quartiles Q, and Q, and minimum
and maximum written in the order < Minimum, (J,, Median, (J,, Maximum > is known as
five-point summary. -

Box plots are suitable for continuous variables and a nominal variable. Box plots can be used
to illustrate data distributions and summary of data. It is the popular way for plotting five number
summaries. A Box plot is also known as a Box and whisker plot.

The box contains bulk of the data. These data are between first and third quartiles. The line
inside the box indicates location — mostly median of the data. If the median is not equidistant, then
the data is skewed. The whiskers that project from the ends of the box indicate the spread of the
tails and the maximum and minimum of the data value.

e_

Find the 5-point summary of the list (13, 11,2,3,4,8,9).
Solution: The minimum is 2 and the maximum is 13. The Q,, , and ), are 3, 8 and 11, respec-
tively. Hence, 5-point summary is {2, 3, 8, 11, 13}, that is, {minimum, (,, median, (J,, maximum}.

Box plots are useful for describing 5-point summary. The Box plot for the set is given in

Figure 2.7. :
English marks box plot

12 ;
§ 10
o 8
R,
g 6
4
bl -
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English

Figure 2.7: Box Plot for English Marks

2.54 Shape

Skewness and Kurtosis (called moments) indicate the symmetry/asymmetry and peak location of

the dataset.

Skewness

The measures of direction and degree of symmetry are called measures of third order. Ideally,

skewness should be zero as in ideal normal distribution. More often, the given dataset may not
Iy

Su vz yrorbmet ovrrrssroadeo froretder o Fnllrvaring Mionen 7 8
have perfect symmetry (consider the following Figure 2.8).
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(a) (b)
Figure 2.8: (a) Positive Skewed and (b) Negative Skewed Data v

The dataset may also either have very high values or extremely low values. If the dataset has . |

far higher values, then it is said to be skewed to the right. On the other hand, if the dataset has far
more low values then it is said to be skewed towards left. If the tail is longer on the_:]gﬁf-hand side
and hump on the right-hand side, it is called positive skew. Otherwise, it is called negative skew.

The given dataset may have an equal distribution of data. The implication of this is that if the
data is skewed, then there is a greater chance of outliers in the dataset. This affects the mean and
median. Hence, this may affect the performance of the data mining algorithm. A perfect symmetry
means the skewness is zero. In the case of skew, the median is greater than the mean. In positive
skew, the mean is greater than the median.

Genéirally, for negatively skewed distribution, the median is more than the mean.
The relationship between skew and the relative size of the mean and median can be summarized
by a convenient numerical skew index known as Pearson 2 skewness coefficient.

3 x (1 — median) w 212)
G .
Also, the following measure is more commonly used to measure skewness. Let Xy Xy X,
be a set of ‘N’ values or observations then the skewness can be given as: "
1N -pp
—xyli 77 2.13
i 2 o (2.13)

Here, p1 is the population mean and o is the population standard deviation of the univariate
data. Sometimes, for bias correction instead of N, N - 11is used.

Kurtosis

Kurtosis also indicates the peaks of data. If the data is high peak,_ then it indicates higher
kurtosis and vice versa. , ' :

Kurtosis is the measure of whether the data is heavy tailed or light tailed relative to normal
distribution. It can be observed that normal distribution has bell-shaped curve with no long tails.
Low kurtosis tends to have light tails. The implication is that there is no outlier data. Let L VR
be a set of ‘N” values or observations. Then, kurtosis is measured using the formula given below:

N
2(x. - %)*/N :
=1 ! :
| T (2.14)
. It can be observed that N - 1 is used instead of N in the numerator of Eq. (2.14) for
/bias correction. Here, ¥ and o are the mean and standard deviation of the univariate data,
" respectively.
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gome of the other useful measures for finding the shape of the univariate dataset are mean absolute
de{/i@.ticn (MAD) and coefficient of variation (CV).

Mean Absolute Deviation (MAD)

MAD is another dispersion measure and is robust to outliers. Normally, the outlier point is detected
by computing the deviation from median and by dividing it by MAD. Here, the absolute deviation
petween the data and mean is taken. Thus, the absolute deviation is given as:

lx -l I (2.15)
The sum of the absolute deviations is given as Z|x — | |
Therefore, the mean absolute deviation is given as: M (2.16)

goefﬁcient of Variation (CV)

Coefficient of variation is used to compare datasets with different units. CV is the ratio of standard
deviation and mean, and %CV is the percentage of coefficient of variations. "

2.5.5 Special Univariate Plots

The ideal wayto check the shape of the dataset is a stem and leaf plot. A stem and leaf plot are a
display that help us to know the shape and distribution of the data. In this method, each value is
splitinto a’stem” and a leaf’. The last digit is usually the leaf and digits to the left of the leaf mostly
form the stem. For example, marks 45 are divided into stem 4 and leaf 5 in Figure 2.9.

The stem and leaf plot for the English subject marks, say, {45, 60, 60, 80, 85} is given in
Figure 2.9. | ‘ '

Stem | Leaf

415

5
6100

~

8105

Figure 2.9: Stem and Leaf Plot for English Marks
It can be seen from Figure 2.9 that the first column is stem and the second column is leaf.
For the given English marks, two students with 60 marks are shown in stem and leaf plot as stem-6
with 2 leaves with 0.
As discussed earlier, the ideal shape of the dataset is a bell-shaped curve. This corresponds
to normality. Most of the statist

ical tests are designed only for normal distribution of data.
( plot can be used to assess the shape of the dataset. The (J
%

two datasets — the quartiles of

plot is a 2D scatter plot of an

univariate data against theoretical normal distribution data or of
the first and second datasets. The normal (J-Q plot for marks x = [13 1123 4 8 9] is given below in

rigure 2.10.
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QQ plot of sample data versus standard normal
16 1 ’

14+
121

10 1

Quantiles of input sample

-1.5 -1 -0.5 0 0.5 1 1.5
Standard normal quantiles . ' ‘
Figure 2.10: Normal Q-Q Plot

Ideally, the points fall along the reference line (45 Degree) if the data follows normal distri-
bution. If the deviation is more, then there is greater evidence that the datasets follow some different-
distribution, that is, other than the normal distribution shape. In such a case, careful analysis of the
slatistical investigations should be carried out before interpretation.

This skewness, kurtosis, mean absolute deviation and coefficient of variation help in assessing
the univariate data. - ' '

t

2.6 BIVARIATE DATA AND MULTIVARIATE DATA

Bivariate Data involves two variables. Bivariate data deals with causes of relationships. The aim is
to find relationships among data. Consider the following Table 2.3, with data of the temperature in

ashop and sales of sweaters.

Table 2.3: Temperature in a Shop and Sales Data

5 200

- 10 ‘ 150
15 140
20 75
22 60
23 : 55
25 : 20




{fere, the aim of bivariate analysis is to find relationships among variables. The relationships
can then be used in comparisons, finding causes; and in further explorations. To do that, graphical
display of the data is necessary. One such graph method is called scatter plot.

Scatter plot is used to visualize bivariate data. It is useful to plot two variables with or without
nominal variables, to illustrate the trends, and also to show differences. It is a plot between explan-
atory and response variables. It is a 2D graph showing the relationship between two variables.

The scatter plot (Refer Figure 2.11) indicates strength, shape, direction and the presence
of Outliers. It is useful in exploratory data before calculating a correlation coefficient or fitting
regression curve. :

Scatter plot
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Figure 2.11: Scatter Plot

Line graphs are similar to scatter plots. The Line Chart for sales data is shown in Figure 2.12.
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2.6.1 Bivariate Statistics

Covariance and Correlation are examples of bivariate statistics. Covariance is a measure of joint
probability of random variables, say X and Y. Generally, random variables are represented in

capital letters. It is defined as covariance(X, Y) or COV(X, Y) and is used to measure the variance

between two dimensions. The formula for finding co-varlance for specific x, and y are:
COV(X, Y)= ﬁé(x,- ~ BNy, - E(Y)) (217)

Here, x, and y, are data values from X and Y. E(X) and E(Y) are the mean values of x, and y,.
Ni is the number of given data. Also, the COV(X, Y) is same as COV(Y X).

‘;

Find the covariance of data X ={1,2,3,4,5} and Y = Ll,, 4,9,16, 25}

15 ' : .
 Solution: Mean( (X) = EX) = 3= 3, Mea (Y)=E(Y)= S. 11. The covariance is computed

~-using Eq. (2.17) as:

(1=3)(1—11) + (2 = 3)(4 — 11) + (3 - 30)(9 - 11) + (4 - 3)(16 — 1) +(5-3)(25 - 11)
' 5

=12

The covariance between X and Y is 12. It can be normalized to a value between -1 and +1. This
is done by dividing it by the correlation of variables. This is called Pearson correlation coefficient.
Sometimes, N - 11 is also can be used instead of N. In that case, the covariance is 60/4 = 15.
€

Correlation

The Pearson correlation coefficient is the most common test for determining any association

between two phenomena. It measures the strength and direction of a linear relationship between
the x and y variables.

The correlation indicates the relationship between dimensions usmg its 81gn The sign is more
important than the actual value.

1. If the value is positive, it indicates that the dimensions increase together.

2. Ifthe value is negative, it indicates that while one- -dimension increases, the other dimension
decreases.

3. If the value is zero, then it indicates that both the dimensions are independent of each
other. V

If the dimensions are correlated, then it is better to remove one dimension as it is a redundant
dimension.

It the given attributes are X = (x,, x,, -+, x,) and Y = Yy Y =+, ), then the Pearson correlation
coefficient, that is denoted as 7, is given as:
| _ COV(X,Y)
B 0,0,

where, 0,, 0, are the standard dev1at1ons of Xand Y.

(2.18)
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Find the correlation coefﬁcién‘é of data X =1{1,2,3,4,5}and Y ={1, 4,9, 16, 25}.

golution: The mean values of X and Y are % =3 ai’td 5? =11. The standard deviations of
‘;) .

and Y are 1.41 and 8.6486, respectively. Therefore, the correlation coefficient is given as ratio of

covariance (12 from the previous problem 2.5) and standard deviation of x and y as per Eq. (2.18) as:
-2 0.984
1.41 % 8.6486
P @

9.7 MULTIVARIATE STATISTICS

fn machine learning, almost all datasets are multivariable. Multivariate data is the analysis of
more than two observable variables, and often, thousands of multiple measurements need to be
conducted for one or more subjects. '

The multivariate data is like bivariate data but may have more than two dependant variables.
gome of the multivariate analysis are regression analysis, principal component analysis, and

path analysis.
Id Attribute | Attribute 2 Attribute 3
1 1 , 4 1
2 2 5 2
3 3 6 1

The mean oéhultivariate data is a mean vector and the mean of the above three attributes
is given as (2, #:5, 1.33). The variance of multivariate data becomes the covariance matrix.
The mean vector is called centroid and variance is called dispersion matrix. This is discussed in
the next section.

Multivariate data has three or more variables. The aim of the multivariate analysis is much
more. They are regression analysis, factor analysis and multivariate analysis of variance that are
explained in the subsequent chapters of this book.

Heatmap

Heatmap is a graphical representation of 2D matrix. It takes a matrix as input and colours
it. The darker colours indicate very large values and lighter colours indicate smaller values.
The advantage of this method is that humans pefceiva colours well. So, by colour shaping, larger

values can be perceived well. For example, in vehicle traffic data, heavy traffic regions can be
differentiated from low traffic regions through heatmap
&

In Figure 2.13, patient data hi ghiig hting weight and he

and Y

15 werg
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patient counts in health status.
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Figure 2.13: Heatmap for Patient Data
Pairplot

Pairplot or scatter matrix is a data visual technique for multivariate data. A scatter matrix consists
of several pair-wise scatter plots of variables of the multivariate data. All the results are presented

in a matrix format. By visual examination of the chart, one can easily find relationships among the
variables such as correlation between the variables. _ v
A random matrix of three columns is chosen and the relationships of the columns is plotted t
as a pairplot (or scattermatrix) as shown below in Figure 2.14. |
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- Figure 2.14: Pairplot for Random Data
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Machine learning involves many mathematical concepts from the domain of Linear algebra,
 Gtatistics, Probability and Information theory. The subsequent sections discuss important aspects
of linear algebra and probability.

‘Linear Algebra' is a branch of mathematics that is central for many scientific applications and .
other mathematicai subjects. While all branches of mathematics are crucial for machine learning,
jinear-algebra plays a major large role as it is the mathematics of data. Linear algebra deals with
linear equations, vectors, matrices, vector spaces and transformations. These are the driving forces
of machine learning and machine learning cannot exist without these data types.

et us discuss some of the important concepts of linear algebra now.

2.8.1 Linear Systems and Gaussian Elimination for Multivariate Data

A linear system of equations is a group of equations with unknown variables.
Let Ax =y, then the solution x is given as:
' x=ylA=A"y (2.19)
This is true if y is not zero and A is not zero. The logic can be extended for N-set of equations
with ‘" unknown variables. :
a_a_-a

. 112 1n
Jtmeans ifA=| i i i i landy=(y, y,...Y,) then theunknown variable x can be

{4 e
in 2n ann

computed as:
x=ylA=A"y (2.20)

If there is a unique solution, then the system is called consistent independent. If there are
various solutions, then the system is called consistent dependant. If there are no solutions and if
the equations are contradictory, then the system is called inconsistent.

For solving large number of system of equations, Gaussian elimination can be used. The
procedure for applying Gaussian elimination is given as follows:
1. Write the given matrix. |
2. Append vector y to the matrix A. This matrix is called augmentation matrix.
3. Keep the elementa, as pivot and eliminate all a | in second row using the matrix operation,

a a

zz ‘ a, |. - .
R, - (WQ}, here R, is the second row and | -2~ | is called the multiplier. The same logic
1 11

can be used to remove a,, in all other equations.

;@

Repeat the same logic and reduce it to reduced echelon form. Then, the unknown variable as:

{

5,

P

o
[
b
[

niine1y

This part is called backward substitution.
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To facilitate the application of Gaussian elimination method, the following row operations are
applied: _ ' '
1. Swapping the rows /
2. Multiplying or dividing a row by a constant :
3. Replacing a row by adding or subtracting a multiple of another row to it
These concepts are illustrated in Example 2.8.

Solve the following set of equations using Gaussian Elimination method.
2x, +4x,=6
4x, +3x,=7

Solution: Rewrite this in matrix form as follows:

2 416
4 317
2 416), R
’{43:J&;7
Apply the transformation by dividing the row 1 by 2. There are no general guidelines of

row operations other than reducing the given matrix to row echelon form. The operator ~ means
reducing to. The above matrix can further be reduced as follows:

(121 3]R JR 4R
4 317)2 2 !
(1 21 3]R=R/_5
0 -5 1 -5)2 2
~ b2 3]RzR—ZR
0 111)*t 1 2
1011
) 0111J
Therefore, in the reduced echelon form, it can be observed that:
%=1
x,=1
4

2.8.2 Matrix Decompositions

It is often necessary to reduce a matrix to its constituent parts so that complex matrix operations
can be performed. These methods are also known as matrix factorization methods,

“; . The most popular mafrix decomposition is called eigen decomposition. It is a way of reducing

- the matrix into eigen values and eigen vectors.

Then, the mati

XA can be decomposed as:

T A=QAQ" . (2.23)
Q is the matrix of v,eig_‘en vectors, A is the diagonal matrix and Q is the transpose of matrix Q.
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L Decomposition

One of the simplest matrix decompositions is LU decomposition where the matrix A can be decon-
posed matrices: | '
A=LU ‘
Here, L is the lower triangular matrix and U is the upper triangular matrix. The decomposition
can be done using Gaussian elimination method as discussed in the previous section. First,
an identity matrix is augmented to the given matrix. Then, row operations and Gaussmn elimination
js applied to reduce the given matrix to get matrices L and L.

Example 2.9 illustrates the application of Gaussian elimination to get LU.

-G

Find LU decomposition of the given matrix:

124
A=1332
342
Solution: First, augment anvidentity matrix and apply Gaussian elimination. The steps are as
shown in: ] |
100({124
010(332 Initial Matrix
001342
10012 4
31040 -3 -10 R, =R, -3R
001)|34 2
1o00][1 2 4]
3100 -3 -10 R, =R, -3R ;
3010 -2 -10
1ooljr 2 4 :
. 2 |
3100 -3 -10 R, =R -—R |
3 3 3 2
3 2 ilo o -10
3 3
Now, it can be observed that ihe first matrix is L as it is the lower triangular matrix whose
1 values are the determiners used in the reduction of equations above such as 3, 3 and 2/“}
The second matrix is U, the upper triangular matrix whose values are the values of the rec
g matrix because of Gaussian elimination. | CAMBRIDGE INSTIT %ﬁw
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- It can be cross verified that the mulhphcatlon of LU yields the ongmal matrix A. What are the
applications of LU decomposition? Some of the applications are finding matrix inverses and deter-
minant. If the order of the matrix is large, then this method can be used. '

2.8.3 Machine Learning and Importance of Probabili»ty and Statistics

Machine learning is linked with statistics and probability. Like linear algebra, statistics is the
heart of machine learning. The importance of statistics needs to be stressed as without statistics;
analysis of data is difficult. Probability is especially important for machine learning. Any data can
be assumed to be generated by a probability distribution. Machine Jearning datasets have multiple
data that are generated by multiple distributions. So, a knowledge of probability dlstnbutlon and
random vanables are must for better understanding of the machine learning concepts.

~ What is the ob]ectlve for an experiment? This is about hypothesis or constructing a model.
Machine learning has many models. So, the theory of hypothesis, construction of models, evalu-
ating the models using hypothesis testing, significance of the model and evaluation of the model
~ are all linking factors of machine learning and probability theory. Similarly, the construction of
datasets using sampling theory is also required. |

The subsequent section will deal with the important concepts of statistics and probability.

Probability Distributions

A probability distribution of a variable, say X, summarizes the probability associated with X's
events. Distribution is a parameterized mathematical function. In other words, distribution is a
function that describes the relationship between the observations in a sample space.

Consider a set of data. The data is said to follow a distribution if it obeys a mathematical
function that characterizes that distribution. The function can be used to calculate the probability
of individual observations.

Probability distributions are of two types:
1. Discrete probability distribution
2. Continuous probability distribution
The relationships between the events for a continuous random variable and their probabilities :
is called a continuous probability distribution. It is summarized as Probability Density Function
(PDF). PDF calculates the probability of observing an instance. The plot of PDF shows the shape

of the distribution. Cumulative Distributive Function (CDF) computes the probability of an obser-
vation < value. :

Both PDF and CDF are continuous values. The discrete equixialent of PDF in discrete
distribution is called Probability Mass Function (PMF).

The probability of an event cannot be detected directly. It should be computed as the area
under the curve for a small interval around the specific outcome. This is defined as CDF.
Let us discuss some of the distributions that are encountered in machine Jearning.

Continuous Probability Distributions Normal, Rectangular, and Exponential distributions
fall under this category.




“Predicting the future isn't magic, it's artificial intelligence.”
— Dave Waters
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3.1 INTRODUCTION TO LEARNING AND ITS TYPES

The process of acquiring knowledge and expertise through study, experience, or being taught is
called as learning. Generally, humans learn in different ways. To make machines learn, we need to
simulate the strategies of human learning in machines. But, will the computers learn? This question
has been raised over many centuries by philosophers, mathematicians and logicians. - '

First let us address the question - What sort of tasks can the computers learn? This depends on
the nature of problems that the computers can solve. There are two kinds of problems - well-posed
and ill-posed.” Computers can solve only well-posed problems, as these have well-defined
specifications and have the following components inherent to it.

1. Class of learning tasks (T)

2. A measure of performance (I )

3. A source of experience (E)

The standard definition of learning proposed by Tom Mitchell is that a program can learn
from E for the task T, and P improves with experience E. Let us formalize the concept of learning

“as follows: , Sectit
Let x be the input and X be the input space, which is the set of all mputs, and Y is the output
space, which is the set of all possible outputs, that is, yes/no. Clas
" Let D be the input dataset with examples, (x,,y,),(x,,¥,)/(*,,y,) for ninputs. Ads
Let the unknown target function be f: ¥ — Y, that maps the input space to output space. valu
The objective of the learning program is to pick a function, g: ¥ = Y to approximate hypothesis f. gene
All the possible formulae form a hypothesis space. In short, let H be the set of all formulae from are ¢
which the learning algorithm chooses. The choice is good when the hypothe31s g replicates f for all
samples. This is shown in Figure 3.1. labe -
Inr
ideal target feec
hypothesis f(x) are
beh -
S as1
+" Training ™ bas
v samples [/ ﬁ
Teela- -7 Learﬁing Generated Le‘ :
JUPEENN . algorithms hypothesis g(x) Error. -

. . The .
/ Candidate :
v formulae
Hypothesis
space H

Figure 3.1: Learning Environment

It can be observed that training samples and target function are dependent on the given
problem. The learning algorithm and hypothesis set are independent of the given problem. Thus,
learning model is informally the hypothesis set and learning algorithm. Thus, learning model can
be stated as follows: '

Learning Model = Hypothesis Set + Learning Algorithm
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et us assume a problem of predicting a label for a given input data. Let D be the input dataset
1 both positive and negative examples. Let y be the output with class O or 1. The simple learning
def{ can be glven as

wit

D

2, xw. > Threshold, belongs to ciags Land
&t

E xw, < Threshold, belongs to another class

This can be put into a single equation as follows:

D 3
h(x) = sign (%xiwi) +b

where, X ,X,,,X, are the components of the input vector, w,w,,...,w,are the weights and +1

and —1 represent the class. This simple model is called perception model. One can simplify this by
making w, =b and fixing it as 1, then the model can further be simplified as:

h(x) = sign(w"x). e

This is Called perception learning algorithm. The formal learnmg models are later dlscussed in
Section 3. 7 of this chapter DN

Classical and Adaptive Machine Learning Systems

A classical machine learning system has components such as Input, Process and Output. The input
values are taken from the environment directly. These values are processed and a hypothesis is
generated as output model. This model is then used for making predictions. The predicted values
are consumed by the environment.

In contrast to the classical systems, adaptive systems interact with the input for getting
labelled data as direct inputs are not available. This process is called reinforcement learning.
In reinforcement learning, a learning agent interacts with the environment and in return gets
feedback. Based on the feedback, the learning agent generates input samples for learning, which
are used for generating the learning model. Such learning agents are not static and change their
behaviour according to the external signal received from the environment. The feedback is known
as reward and learning here is the ability of the learning agent adapting to the environment
based on the reward. These are the characteristics of an adaptive system.

Learning Types

There are different types of learning. Some of the different learning methods are as follows:

1. Learn by memorization or learn by repetition also called as rote learning is done by
memorizing without understanding the logic or concept. Although rote learning is
basically learning by repetition, in machine learning perspective, the learning occurs by
simply Qmﬁpa?mg with the existing knowledge for the same input data and producing the
a,mgi:zzu it gﬁiiﬁ*%{fﬁa,

7. Learn %:s;g exar p?&é also called as learn by experience or previous knowledge acquired
%.gzm, is ziéc;@ %‘mf’z;%’w an ﬁzs}?{;ggg which mean fg}@%ﬁﬁ?f zfgzi%ﬂg inductive learning
118 by ig’;&??siﬁg a
E erefore, induc %%W learning is also

25,

”?"‘5
B

gz;;iffﬁ@zgi miiff from gf&%« set of a}bwzx &fﬁiﬂ?s Or examp

called as discovery learning.
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3. Learn by being taught by an expert or a teacher, generally called as passive leammg
However, there is a special kind of learning called activé learning where the learner cay

interactively query a teacher/expert to label unlabelled data instances with the desu'ed
outputs.

4. Learning by critical thinking, also called as deductive learning, deduces new facts o
conclusion from related known facts and information.

5. Self learning, also called as reinforcement learning, is a self-directed learning tha
~ normally learns from mistakes punishments and rewards.

6. Learning to solve problems is a type of cognitive learning where learning happens
in the mind and is possible by devising a methodology to achieve a goal. Here, the
learner initially is not aware of the solution or the way to achieve the goal but only knows
the goal. The learning happens either directly from the initial state by following the §

steps to achieve the goal or indirectly by inferring the behaviour.

7. Learning by generalizing explanations, also called as explanation-based learning (EBL),
is another learning method that exploits domain muvueclge from experts to improve §

the accuracy of learned concepts by supervised learning,

Acquiring general concept from specific instances of the training dataset is the main challenge

of machine learning.

Scan for the figure showing ‘Types of Learning'

3.2 INTRODUCTION TO COMPUTATION LEARNING THEORY

There are many questions that have been raised by mathematicians and logicians over the time
taken by computers to learn. Some of the questions are as follows:

1. How can a learning system predict an unseen instance?

2. How do the hypothesis & is close to f, when hypothesis fitself is unknown?
3. How many samples are required?

4. Can we measure the performance of a learning system?

5. Is the solution obtained local or global?

These questions are the basis of a field called ‘Computational Learning Theory’ or in short
(COLT). It is a specialized field of study of machine learning. COLT deals with formal methods
used for learning systems. It deals with frameworks for quantifying learning tasks and learning
algorithms. It provides a fundamental basis for study of machine learning. It deals with Probably

. Approximate Learning (PAC) and Vapnik-Chervonenkis (VC) dimensions. The focus of PAC is

the quantification of the computational difficulty of learning tasks and algorithms and the compu-
tation capacity quantlﬁcahon is the focus of VC dimension.

Computational Learnmg Theory uses many concepts from diverse areas such as Theoretical

| Computer Science, Artificial Intelligence and Statistics. The core concept of COLT is the concept of

fod

le:
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earning framework. One such important framework is PAC. The learning framework is discussed
QZ:E 2 detailed manmer in Section 3.7, COLT focuses on supervised learning tasks. Since the complexity
of analyzing 18 difficult, normally, binary classification tasks are considered for analysis.

3.3 DESIGN OF A LEARN G SYSTE

A system thatis built around a learning algorithm is called a learning system. The design of systems
focuses on these steps:

1. Choosing a training experience
2. Choosing a target function
3. Representation of a target function

4. Function approximation .

Training Experience

et us consider designing of a chess game. In direct experience, individual board states and correct
moves of the chess game are given directly. In indirect system, the move sequences and results are
only given. The training experience also depends on the presence of a supervisor who can label all
valid moves for a board state. In the absence of a supervisor, the game agent plays against itself and
learns the good moves, if the training samples cover all scenarios, or in other words, distributed
enough for performance computation. If the training samples and testing samples have the same
distribution, the results would be good. '

Determine the Target Function

The next step is the determination of a target function. In this step, the type of knowledge that
needs to be learnt is determined. In direct experience, a board move is selected and is determined
whether it is a good move or not against all other moves. If it is the best move, then it is chosen as:
B -> M, where, B and M are legal moves. In indirect experience, all legal moves are accepted and
a score is generated for each. The move with largest score is then chosen and executed.

Determine the Target Function Representation
The representation of knowledge may be a table, collection of rules or a neural network. The linear
combination of these factors can be coined as:

V=w +wx +wx, +wx

where, x,, x, and x, represent different board features and w,, w,, w, and w, represent weights.

w

Choosing an Approximation Algerithm.

4
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Here, b is the sample and V(b) is the predicted hypdfhesis. The approximation is carried
out as:

e Computing the error as the difference between tramed and expected hypothe51s Let errgy
be error(b).

o Then for every board feature x, the weights are updated as:
w =W, +,u><error(b)><x
Here, 1t is the constant that moderates the size of the weight update.
Thus, the learning system has the following components:
'® A Performance system to allow the game to play against itself.
o A Critic system to generate the samples.
* A Generalizer system to generate a hypothesis based on samples.

° An Experimenter system to generate a new system based on the currently learnt function,
This is sent as input to the performance system.

~ 3.4 INTRODUCTION TO CONCEPT LEARNING

' Concept learning is a learning strategy of acquiring abstract knowledge or inferring a general

concept or deriving a category from the given tralmng samples. It is a process of abstraction and ..

generalization from the data.

Concept learning helps to classify an object that has a set of common, relevant features ‘Thus,

it helps a learner compare and contrast categories based on the similarity and association of
positive and negative instances in the training data to classify an object. The leatner tries to

simplify by observing the common features from the training samples and then apply this
simplified model to the future samples. This task is also known as learning from experience.

Each concept or category obtained by learning is a Boolean valued function which takes a true
or false value. For example, humans can identify different kinds of animals based on common
relevant features and categorize all animals based on specific sets of features. The special features
that distinguish one animal from another can be called as a concept. This way of learning categories
for object and to recognize new instances of those categories is called as concept learning.
It is formally defined as inferring a Boolean valued function by processing training instances.

Concept learning requires three things:

1. Input - Training dataset which is a set of training instances, each labeled with the name

of a concept or category to which it belongs. Use this past experience to train and buﬂd :

the model.

2. Output ~ Target concept or Target function f. Itis a mapping function f(x) from input x to
output y. It is to determine the specific features or common features to identify an object.
In other words, it is to find the hypothesis to determine the target concept. For e.g,, the
specific set of features to identify an elephant from all animals.

3. Test ~ New instances to test the learned model.

lTlv
Col b

el .
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pormally, Concept learning is defined as-"Given a set of hypotheses, the learner searches
through the hypothesis space to identify the best hypothesis that matches the target concept”,

Consider the following set of training instances shown in Table 3.1.

table 3.1 sample Training Instances

1, ] No Short Yes ¢ No No Black No | Big Yes .
"o | Yes Short No No__. | No _ |Brown |Yes Medium |No »

3. |No Short | Yes No No |Blak |[No - |Medium |Yes

4. |No Long No Yes Yes White No Medium | No

5. |No Short Yes Yes | Yes Black No - | Big Yes

Here, in this set of training instances, the independent attributes considered are ‘Horns’, “Tail’,
Tusks’, "Paws’, ‘Fur’, ‘Color’, "Hooves’ and ‘Size’. The dependent attribute is ‘Elephant’. The target
concept is to identify the animal to be an Elephant. '

Let us now take this example and understand further the concept of hypothesis.

Target Concept: Predict the type of animal - For example —'Elephant’.

3.4.1 Representation of a Hypothesis

A hypothesis ‘I’ approximates a target function ‘f" to represent the relationship between the
independent attributes and the dependent attribute of the training instances. The hypothesis is the
predicted approximate model that best maps the inputs to outputs. Each hypothesis is represented
as a conjunction of attribute conditions in the antecedent part.

For example, (Tail = Short) A (Color = Black)....

The set of hypothesis in the search space is called as hypotheses. Hypotheses are the plural
form of hypothesis. Generally "H" is used to represent the hypotheses and ‘I’ is used to represent
a candidate hypothesis.

Each attribute condition is the constraint on the attribute which is represented as attribute-value
pair. In the antecedent of an attribute condition of a hypothesis, each attribute can take value as
either /7" or "¢’ or can hold a single value.

o "7 denotes that the attribute can take any value [e.g., Color =7]

o “¢" denotes that the aftribute cannot take any value, ie., it represents a null value
[e.g., Homns = ¢

¢ Single value denotes a specific single value from acceptable values of the attribute, i.e., the
attribute “Tail” can take a value as ‘short’ [e.g., Tail = Short]

o E

For example, a hypothesis " will look like,

X

Homs Tail Tusks Paws Fur Color Hooves  Size
Ji <No ¥ Yes Black No Medium>»

vy o § cot srctarice v e aay ivY o T 1f e bact iw GEarioo v N ;‘i [ TP ~é§>¢z; Iy
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The training dataset given above has 5 training instances with 8 independent attributes
and one dependent attribute. Here, the different hypotheses that can be predlcted for the target
concept are,

Horns Tail Tusks Paws = Fur Color Hooves Size v

h=  <No ? Yes ? ? Black No Medium>
e . (or)

h=  <No 2 Yes  ? ? Black No Big>

The task is to predict the best hypothesis for the target concept (an elephant). The most general
hypothesis can allow any value for each of the attribute. :

It is represented as:

nnnnnnnnn

<?,?,2,2,7,7,2,7>. This hypothesis indicates that any animal can be an elep

The most specific hypothesis will not allow any value for each of the attribute <¢, ¢, ¢, ¢ ¢, ¢,
¢, ¢>. This hypothesis indicates that no animal can be an elephant.

The target concept mentioned in this example is to identify the con]unctlon of specific features
* from the training instances to correctly identify an elephant.

Explain Concept Learning Task of an Elephant from the dataset given in Table 3.1.

Given,

Input: 5 instances each with 8 attributes
Target concept/function ‘c’: Elephant — {Yes, No}

Hypotheses H: Set of hypothesis each with conjunctions of literals as proposmons li.e, each
literal is represented as an attribute-value pair] :

Solution: The hypothesis '}’ for the concept learning task of an Elephant is given as:

h= <No  Short Yes ? 7 Black No > | dis
This hypothesis h is expressed in propositional logic form as below: i
(Horns = No) A (Tail = Short) A (Tusks = Yes) A (Paws =7?) A (Fur ?) A (Color = Black) A (Hooves = tw
No) A (Size=7?) s
~ Output: Learn the hypothesis ‘%’ to predict an ‘Elephant’ s such that for a glven test instance x, ing
h(x) = c(x) ‘3’
This hypothesis produced is also called as concept description which is a model that can.be al .
used to classify subsequent instances. .
~ ¢ sp
Thus, concept learning can also be called as Inductive Learning that tries to induce a general :
function from specific training instances. This way of learning a hypothesis that can produce an 3,
approximate target function with a sufficiently large set of training instances can also approxi- ;
mately classify other unobserved instances and is called as inductive learning hypothesis. We can H
only determine an approximate target function because it is very difficult to find an exact target by _
function with the observed training instances. That is why a hypothesis is an approximate target m

function that best maps the inputs to outputs.
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yothesis Space

paéhegig space is the set of all possible hypotheses that approximates the target function f.
n other words, the set of all possible approximations of the target function can be defined as
I rpathesis space. From this set of hypotheses in the hypothesis space, a machine learning algorithm
ould determine the best possible hypothesis that would best describe the target function or best
it the outputs. Generally, a hypothesis representation language represents a larger hypothesis

_ space Every machine learning algorithm would represent the hypothesis space in a different

manner about the function that maps the input variables to output variables. For example,
a regression algorithm represents the hypothesis space as a linear function whereas a decision
yree algorithm represents the hypothesis space as a tree.

The set of hypotheses that can be generated by a learning algorithm can be further reduced by

specifying a language bias.

The subset of hypothesis space that is consistent with all-observed training instances is called
as Version Space. Version space represents the only hypotheses that are used for the classification.
For example, each of the attribute given in the Table 3.1 has the following possible set of
values.
Horns - Yes, No
Tail - Long, Short
Tusks - Yes, No
Paws -~ Yes, No
Fur - Yes, No
Color - Brown, Black, White
Hooves - Yes, No
Size - Medium, Big

Considering these values for each of the attribute, there are (2X2X2X2XIKIN2X2) =384
distinct instances covering all the 5 instances in the training dataset.

50, we can generate (4 x4 x4 x4 x4 x5 x4 x 4) = 81,920 distinct hypotheses when including
two more values [?, ¢] for each of the attribute. However, any hypothesis containing one or more
¢ symbols represents the empty set of instances; that is, it classifies every instance as negative
instance. Therefore, there will be (3 X3 x3 x3 x 3 x4 x 3 x 3 + 1) = 8,749 distinct hypotheses
by including only ‘?" for each of the attribute and one hypothesis representing the empty set
of instances. Thus, the hypothesis space is much larger and hence we need efficient learning
algorithms to search for the best hypothesis from the set of hypotheses.

Hypothesis ordering is also important wherein the hypotheses are ordered from the most
specific one to the most general one in order to restrict searching the hypothesis space exhaustively.

3.4.3 Heuristic Space Search

Heuristic search is a search strategy that finds an optimized hypothesis/solution to a problem
I

0y iteratively improving the hypothesis/solution based on a given heuristic function or a cost
measure. Heuristic search methods will generate a possible hypothesis that can be a solution in
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the hypothesis space or a path from the initial state. This hypothesis will be tested with the targe

function or the goal state to see if it is a real solution. If the tested hypothesis is a real solution, ther, |
it will be selected. This method generally increases the efficiency because it is guaranteed to find  }
better hypothesis but may not be the best hypothesis. It is useful for solving tough problems which,

could not solved by any other method. The typical example problem solved by heuristic search j
the travelling salesman problem. o

Several commonly used heuristic search methods are hill climbing methods, constrain
satisfaction problems, best-first search, simulated-annealing, A* algorithm, and genetic algorithms

3.4.4 Generalization and Specialization

In order to understand about how we construct this concept hierarchy, let us apply this general

nrincinle of ceneralization/specialization relation. By oeneralization of the most snecific hvpothesig
r’l.u‘\“kll\« \V 7S 6\«1 Pl“ll CALEUL I., < NeALALL CANJA R ANLARALIV/L ke ] g\’l IR CAALLIVAVIVAL VL VAL LARVWVL Up\'\—lll\- All]p CALLOIRD

and by specialization of the most general hypothesis, the hypothesis space can be searched for
an approximate hypothesis that matches all positive instances but does not match any negative
instance. -

~ Searching the Hypothesis Space
There are two ways of learning the hypothesis, consistent with all training instances from the large
hypothesis space. _

1. Specialization — General to Specific learning

2. Generalization — Specific to General learning

Scan for information on ‘Additional Examples on Generalization and Specialization’

Generalization - Specific to General Learning This learning methodology will search through
the hypothesis space for an approximate hypothesis by generalizing the most specific hypothesis.
e

Consider the training instances shown in Table 3.1 and illustrate Specific to

General Learning.

Solution: We will start from all false or the most specific hypothesis to determine the most

restrictive specialization. Consider only the positive instances and generalize the most specific

hypothesis. Ignore the negative instances.
This learning is illustrated as follows: »
The most specific hypothesis is taken now, which will not classify any instance to true.
h=<p 9 ¢ ¢ 9 9 ¢

Read the first instance I1, to generalize the hypothesis & so that this positive instance can be
classified by the hypothesis 1. -

I No Short Yes No No Black No - Big Yes (Positive instance)
hl= <No Short. Yes No No Black No Big>

- act
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hen reading the second instance [2, it is a negative instance, so ignore it.
&

19: Yes Short No No  No
2=<No Short Yes No No  Black

Brown Yes

Medium  No (Negative instance)

No  Big> ‘

similarly, when reading the third instance I3, it is a positive instance so generalize h2 to h3 to

accommodate it. The resulting h3 is generalized.
13 No  Short Yes No No  Black
n3=<No Short Yes No No  Black
Ignore I4 sinceitis a hegative instance.
4 No Long No Yes Yes  While
p=<No Short Yes No No Black

No  Medium Yes (Positive instance)
No 7

No  Medium No (Negativeinstance)
No 7>

When reading the fifth instance I5, h4 is further generalized to h5.

I5: No Short ‘Yes Yes  Yes
h5=<No . Short Yes ? ?  Black

Black No

Big  Yes (Positive instance)

No 7>

Now, after observing all the positive instances, an approximate hypothesis h5 is generated
which can now classify any subsequent positive instance to true.

~@

Specialization - General to Specific Learning This learning methodology will search through
the hypothesis space for an approximate hypothesis by specializing the most general hypothesis.

@...

instances shown in Table 3.1.

Ilustrate learning by Specialization — General to Specific Learning for the data

Seolution: Start from the most general hypothesis which will make true all positive and negative

instances.
Initially,
h=<? ? ? ? ? ?
I is more general to classify all instances to true.
I1: No Short Yes No No Black No
hl=<? 7 ? ? ? ? ?

[7+ Yes Short No No No Brown Yes

h?2 =<No ? ? ? ? ? ?
9 7 Yes 2?2 2 ?
<7 ? ? Black 7

- : ,

1
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I 3 b % 5

Big Yes (Positive instance)

7>

S

Medium No (Negative instance)
>
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< 7 ? ? ? Black ? >

< 7 ? ? ? ? No ?*»

@ 2 A B T ?  Big>
I4: No Long No Yes Yes .White No Medium No (Negative mstance)
mM=<? 77 Yes ? ? 7 7

@ 7 2 77 Bak ? »

<@ 7 ? 7 72 ?  Big

Remove any hypothesis inconsistent with this negative instance. -
I5: No Short Yes Yes Yes Black No Big. Yes (Positive instance)

- h5=<? ? Yes ? ? ? ? »
Q ? ? ? ? Black ? >
< 7?7 2 ? ? ? ? Big>

Thus, h5is the hypothe51s space generated which will classify the posmve instances to true and
» negauve instances to Idlbe

_ ®
3.4.5 Hypothesis Space Search by Find-S Algorithm

~ Find-$ algorithm is guaranteed to converge to the most specific hypothesis in H that is consistent |
with the positive instances in the training dataset. Obviously, it will also be consistent with the -
negative instances. Thus, this algorithm considers only the positive instances and eliminates negative
instances while generating the hypothesis. It initially starts with the most specific hypothesis.

-

\, B

Input: Positive instances in the Training dataset
Output: Hypothesis ‘h’
1. Initialize ‘" to the most specific hypothesis.
h=<p ¢ ) 1) [0 >
2. Generalize the initial hypothesis for the first positive instance [Since ‘i’ is more specific].
3. For each subsequent instances:
If it is a positive instance,
Check for each attribute value in the instancé with the hypothesis ‘%’
If the attribute value is the same as the hypothesis value, then do hothing,
Else if the attribute value is different than the hypothesis value, change it
to?in ‘N
Else if it is a negative instance, |

Ignore it. | ' )

Consider the training dataset of 4 instances shown in Table 3.2. It contains the

details of the perfermance of students and their likelihood of getting a job offer or not in their final
semester. Apply the Find-S algorithm.

Ste -
ins -
ins

wi
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fable 3.2: Training Dataset \ -

59 Yes Excellent | Good Fast Yes Yes

59 - Yes * Good, Good Fast Yes. Yes
8 No - Good | Good ‘ Fast” . . |No No

. f :

g - |Yes Good Good Slow No Yes

solution:
gtep 1: Initialize ‘" to the most specific hypothesis. There are 6 attributes, so for each attribute,
we initially fill ‘¢/ in the initial hypothesis ‘%'.

h=<¢ ¢ ¢ ¢ ¢ o> A
Step 2: Generalize the initial hypothesis for the first positive instance. I1 is a positive instance,
so generalize the most specific hypothesis i’ to include this positive instance. Hence,

I1: 29 Yes Excellent ~ Good Fast Yes Positive instance
h=<29 Yes  Excellent  Good Fast Yes>

Step 3: Scan the next instance I2, since I2 is a positive instance. Generalize ‘i to include positive
instance 12. For each of the non-matching attribute value in ‘4" put a “?" to include this positive
instance. The third attribute value is mismatching in ‘h’" with I2, so puta ‘?".

12: 29  Yes Good Good Fast Yes Positive instance
h=<29 Yes ? Good Fast Yes>

Now,scan I3. Since it is a negative instance, ignore it. Henée, the hypothesis remains the same
without any change after scanning I3.

I3: 28 No Good Good Fast No Negative instance
h=<29 Yes ? Good Fast Yes>

Now scan I4. Since it is a positive instance, check for mismatch in the hypothesis ‘h" with I4.
The 5™ and 6™ attribute value are mismatching, so add ‘?’ to those attributes in "I,

4: 29 Yes Good Good Slow No Positive instance

h=<29 Yes ? Good 7 7>
Now, the final hypothesis generated with Find-5 algorithm is:
h=<29 Yes 7 Good 7 7> '

It includes all positive instances and obviously ignores any negative instance.

Limitations of Find-S Algorithm

L. Find-5 @Eg@ﬁ%ﬁ*ﬁ“z tries to find a hypothesis that is consistent with positive instances, ignoring
all negative instances. As long as the training dataset is consistent, the hypothesis found by this
algorithm may be consistent.

The algorithm finds only one unique hypothesis, wherein there may be many other hypothese
that are consistent with the training dataset,

o




90 ¢ Machine Learning

3. Many times, the training dataset may contain some errors; hence such inconsistent data instanceg
can mislead this algonthm in determining the consistent hypothesis since it ignores negatwe
instances.

Hence, it is necessary to find the set of hypotheses that are consistent with the training data
including the negative examples. To overcome the limitations of Find-S algorithm, Candidate
Elimination algorithm was proposed to output the set of all hypotheses consistent with the training
dataset

%.6 Version Spaces

The version space contains the subset of hypotheses from the hypothesis space that is consistent
with all training instances in the training dataset.
P

Scan for information on ‘Additional Examples on Version Spaces’

N

List-Then-Eliminate Algorithm

The principle idea of this learning algorithm s to initialize the version space to contain all hypotheses
and then eliminate any hypothesis that is found inconsistent with any training instances. Initially,
the algorithm starts with a version space to contain all hypotheses scanning each training instance.
The hypotheses that are inconsistent with the trainin g instance are eliminated. Finally, the algorithm
outputs the list of remaining hypotheses that are all consistent.

; )
Input: Version Space - a list of all hypotheses
Output: Set of consistent hypotheses
L. Initialize the version space with a list of hypotheses.
2. For each training instance,
N ° remove from version space any hypothesis that is inconsistent. )

This algorithm works fine if the hypothesis space is finite but practically it is difficult to
deploy this algorithm. Hence, a variation of this idea is introduced in the Candidate Elimination
algorithm.

Version Spaces and the Candidate Elimination Algorithm

Version space learning is to generate all consistent hypotheses around. This algorithm computes
the version space by the combination of the two cases namely,

®  Specific to General learning - Generalize S to include the positive example

*  General to Specific learning - Specialize G to exclude the negative example
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Using the Candidate Elimination algorithm, we can compute the version space containing
Jll (and only those) hypotheses from H that are consistent with the given observed sequence of
iraining instances. The algorithm defines two boundaries called ‘general boundary’ which is a set of
21l hypotheses that are the most general and “specific boundary’ which is a set of all hypotheses that
ore the most specific. Thus, the algorithm limits the version space to contain only those hypotheses
that are most general and most specific. Thus, it provides a compact representation of List-then

algOfithmo

—

Input: Set of instances in the Training dataset

\

Output: Hypothesis G and §

1. Initialize G, to the maximally general hypotheses.

2. Initialize S, to the maximally specific hypotheses.
o  Generalize the initial hypothesis for the first positive instance.
3. For each subsequent new training instance,
o If the instance is positive,
o Generalize S to include the positive instance,
»  Check the attribute value of the positive instance and 5,

= If the attribute value of positive instance and S are different, fill that
field value with “?".

« If the attribute value of positive instance and S are same, then do no
change.

o Prune G to exclude all inconsistent hypotheses in G with the positive instance.
¢ If the instance is negative,
o Specialize G to exclude the negative instance, -

» Add to G all minimal specializations to exclude the negative example and
be consistent with 5.

« If the attribute value of § and the negative instance are different, then
fill that attribute value with 5 value.

s If the attribute value of 5 and negative instance are same, no need to
update ‘G’ and fill that attribute value with "?".

o Remove from § all inconsistent hypotheses with the negative instance.

o
]

Generating Positive Hypothesis ‘8" If it |
instance. We need to generalize § to include the positive instance. The hypothesis is the conjunction

positive example, refine 5 to include the positive

of 'S’ and positive instance. When generalizing, for the first positive instance, add to § all minimal
generalizations such that § is filled with attribute values of the positive instance. For the subsequent
positive instances scanned, check the attribute value of the positive instance and 5 obtained in the
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previous iteration. If the attribute values of positive instance and S are different, fill that field valye |
with a ‘7", If the attribute values of positive instance and S are same, no change is required.

If it is a negative instance, it skips.

Generating Negative Hypothesis ‘G’ If it is a negative instance, refine G to exclude the
negative instance. Then, prune G to exclude all inconsistent hypotheses in G with the positive
instance. The idea is to add to G all minimal specializations to exclude the negative instance and
be consistent with the positive instance. Negative hypothesis indicates general hypothesis.

If the attribute values of positive and negative instances are different, then fill that field with
positive instance value so that the hypothesis does not classify that negative instance as true. If the |
attribute values of positive and negative instances are same, then no need to update ‘G’ and fill that
attribute value with a ‘7’ |

Generating Version Space - [Consistent Hypothesis] We need to take the combination of
sets in ‘G’ and check that with‘S’. When the combined set fields are matched with fields in“S’, then
only that is included in the version space as consistent hypothesis.

| Consider the same set of instances from the training dataset shown in Table 3.3

and generate version space as consistent hypothesis.

Solution:
Step 1: Initialize ‘G’ boundary to the maximally general hypotheses,
- G=x? ? ? ? ? >

Step 2: Initialize ‘S’ boundary to the maximally specific hypothesis. There are 6 attributes, so for
each attribute, we initially fill ‘¢/ in the hypothesis ‘. '
S=<p @ 9 ¢ ¢ @
Generalize the initial hypothesis for the first positive instance. I1 is a positive instance;
so generalize the most specific hypothesis 5’ to include this positive instance. Hence, _ )

I: 29 Yes  Excellent Good  Fast Yes Positive instance : one. .
$1=<>9 Yes  Excellent Good Fast  Yes>
Gl=<x? ?7 ? ? ? >

Step 3:

Iteration 1 ' v cort

Scan the next instance 2. Since I2 is a positive instance, generalize ‘S1’ to include positive
instance I2. For each of the non-matching attribute value in‘S1’, puta‘?’ to include this positive
instance. The third attribute value is mismatching in ‘51’ with I2, so puta ‘?".

2: 29 Yes  Good Good Fast Yes Positive instance
§2=<29 Yes . ? Good  Fast - Yes> |

Prune Gl to exclude all inconsistent hypotheses with the positive instance. Since G1 is
consistent with this positive instance, there is no change. The resulting G2 is,

G2=<? ? ? ? ? >

ge z‘i
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" Jteration 2
Now Scan [3,

@ > No  Good Good  Fast No Negative instance

Gince it is a negative instance, specialize G2 to exclude the negative example but stay
consistent with 52. Generate hypothesis for each of the non-matching attribute value in 52

and fill with the attribute value of 52. In those generated hypotheses, for all matching attribute
values, put a ‘?’. The first, second and 6™ attribute values do not match, hence ‘3" hypotheses

are generated in G3.

There is no inconsistent hypothesis in 52 with the negative instance, hence 53 remains the

same.
(3=<29 ? ? ? ? 7™
<7 Yes ? ? ? e
<? ? ? ? ? Yes>

SS:<29 Yes ? Good Fast  Yes>

[teration 3

Now Scan J4. Since it is a positive instance, check for mismatch in the hypothesis 'S3' with I4.
The 5% and 6% attribute value are mismatching, so add ‘?" to those attributes in 54,

14: 29 Yes  Good Good Slow No Positive instance
S4=<29 Yes ? Good 7 7>
Prune G3 to exclude all inconsistent hypotheses with the positive instance [4.
G3=<29 7 ? ? ? 7>
{
< Yes ? ? ? 7>
; ¢ . .,<?; ? | 7 ? ? Yes> Eﬁé@ngisiem )3

Since the third hypothesis in G3 is inconsistent with this positive instance, remove the third
one. The resulting G4 is,

Ghd=<29 7 7 ? ? >
<7 Yes ? ? ? fos

Using the two boundary sets, 54 and G4, the version space is converged to contain the set of

consistent hypotheses.
The final version space is,

<29 VYes ? 7 e

<29 7 ? Good 7 7>

5y

oSt
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S1: 129 Yes Exc Good Fast Yes

522 159 Yes ? Good Fast Yes

53: 129 Yes 7 Good Fast Yes

54: 129 Yes 7 Good ? ?

Version space

29 Yes 7 ? 7 29 7?7 ? Good ? 7 ?7 Yes ? Good ?
G& |29 2, » 2 7 2 7 Yes 2 7 1 2
GkRl20? 2 2 2 2 1?7 Yes 2 2 2 2 Y Y 71 2

G| 7 ? ? ? ?

Gt:{2 2 2 1 1 2

Gl 2 1 1 1 2

Figure 3.2: Deriving the Version Space
s

3.5 INDUCTION BIASES

Induction is a process of .leaming a target function or generalizing training data into a general
model. Inductive bias is the set of prior assumptions considered by a learning algorithm beyond
the training data, in order to perform induction. It is also called as the bias of the algorithm. It is

- similar to prior knowledge used for learning new concepts.

For example, linear regression learning assumes that the predictors (independent variables) are
related to the target variable. Similarly, C4.5 decision tree learning algorithm assumes to always
choose greedy best attributes as split criterion when constructing the decision tree. The k-nearest
neighbour classifier assumes the neighbour instances in Euclidean distances belong to the same class
and Naive Bayes classifier assumes that all input variables are independent variables, and so on.

There are two types of bias:
1. Constraint or Restriction - limit the hypothesis space

2. Preference — impose ordering on hypothesis space




“Anyone who stops learning is old, whether at twenty or eighty.”
: — Henry Ford
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4.1 INTRODUCTION TO SIMILARITY OR INSTANCE-BASED
LEARNING

Similarity-based classiﬁers use similarity measures to locate the nearest neighbors and classify a tegy
instance which works in contrast with other learning mechanisms such as decision trees or neura]
networks. Similarity-based learning is also called as Instance-based learning/Just-in time learning
since it does not build an abstract model of the training instances and performs lazy learning wher,
classifying a new instance. This learning mechanism simply stores all data and uses it only when it
needs to classify an unseen instance. The advantage of using this learning is that processing occurg
only when a request to classify a new instance is given. This methodology is particularly usefy]
when the whole dataset is not available in the beginning but collected in an incremental manner.

The drawback of this learning is that it requires a large memory to store the data since a globa] -

abstract model is not constructed initially with the training data. Classification of instances is done
based on the measure of similarity in the form of distance functions over data instances. Severa]
distance metrics are used to estimate the similarity or dissimilarity between instances required for
clustering, nearest neighbor classification, anomaly detection, and so on. Popular distance metrics
used are Hamming distance, Euclidean distance, Manhattan distance, Minkowski distance, Cosine
similarity, Mahalanobis distance, Pearson’s correlation or correlation similarity, Mean squared
difference, Jaccard coefficient, Tanimoto coefficient, etc.

Generally, Similarity-based classification problems formulate the features of test instance and
training instances in Euclidean space to learn the similarity or dissimilarity between instances.

4.1.1 Differences Between Instance- and Model-based Learning

An instance is an entity or an example in the training dataset. It is described by a set of features or
attributes. One attribute describes the class label or category of an instance. Instance-based methods
learn or predict the class label of a test instance only when a new instance is given for classification
and until then it delays the processing of the training dataset.

It is also referred to as lazy learning methods since it does not generalize any model from the
training dataset but just keeps the training dataset as a knowledge base until a new instance is
given. In contrast, model-based learning, generally referred to as eager learning, tries to generalize the
training data to a model before receiving test instances. Model-based machine learning describes
all assumptions about the problem domain in the form of a model. These algorithms basically learn
in two phases, called training phase and testing phase. In training phase, a model is built from the
training dataset and is used to classify a test instance during the testing phase. Some examples of
models constructed are decision trees, neural networks and Support Vector Machines (SVM), etc.

The differences between Instance-based Learmng and Model-based Learning are listed in
Table 4.1.

Table4.1: Differences between Instance-based Learning and Model-based Learning

Lazy Learners Eager Learners

Processing of training instances is done only during | Processing of training instances is done during
testing phase training phase

(Continued)
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No model is built with the training instances before Generalizes a model with the training instances

it receives a test instance before it receives a test instance - ,
it predicts the class of the test mstance directly from | Predicts the class of the test instance from the model
U the training data built
E glow in testing phase Fast in testingphase
0 Learns by making many local approximations Learns by creating global approximation
A3 i‘
5 Instance-based learning also comes under the category of memory~based models which normally '
1 ~ compare the given test instance with the trained instances that are stored in memory. Memory-

- pased models classify a test instance by checking the 51m11ar1ty with the training instances.

1  Some examples of Instance-based learning algorithms are:
e 1./¥Nearest Neighbor (k-NN)

L 2. Variants of Nearest Neighbor learning
rof 3. Locally Weighted Regression
7" i , 4. Learning Vector Quantization (LVQ)
; 1 5. Self-Organizing Map (SOM) '
6. Radial Basis Function (RBF) networks
1 In this chapter, we will discuss about certain instance-based learning algorithms such as
k-Nearest ‘Néjghbor (k-NN), Variants of Nearest Neighbor learning, and Locally Weighted
Regression learnirig. ’
Self-Organizing Map (SOM) and Radial Basis Function (RBF) networks are discussed along

with the concepts of artificial neural networks discussed in Chapter 10 since they could be referred
only after the understanding of neural networks.

These instance-based methods have serious limitations about the range of feature values taken.
Moreover, they are’sensitive to irrelevant and correlated features leading to misclassification of
instances.

4.2 NEAREST-NEIGHBOR LEARNING

A natural approach to similarity-based classification is
k-Nearest-Neighbors (k-NN), which is a non-parametric
method used for both classification and regression
problems. It is a simple and powerful non-parametric
algorithm that predicts the category of the test instance
according to the ‘K training samples which are closer to
the test instance and classifies it to that category which
has the largest probability. A visual representation

of this learning is shown in Figure 4.1. There are two
classes of objects called C and C,in Ez@ given figure.
Y

When given a test in mm} T, the category of this test
mstance is determined by looking at the f“iam of k=3  Figure 4.1: Visual Representation of

““*‘zmz neighbors. Thus, the class of this test instance k-Nearest Neighbor Learning

s predicted as C..
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The algorithm relies on the assumption that similar objects are close to each other in the featurg
space. k-NN performs instance-based learning which just stores the training data instances anq
learning instances case by case. The model is also ‘memory-based’ as it uses training data at timg
when predictions need to be made. It is a lazy learning algorithm since no prediction model is byj]
earlier with training instances and classification happens only after getting the test instance.

The algorithm classifies a new instance by determining the k' most similar instances (i.e,
k nearest neighbors) and summarizing the output of those ‘K instances. If the target variable i
discrete then it is a classification problem, so it selects the most common class value among the ‘¥
instances by a majority vote. However, if the target variable is continuous then it is a regressiop, -
problem, and hence the mean output variable of the ‘K’ instances is the output of the test instance, |

The most popular distance measure such as Euclidean distance is used in k-NN to determme :
the ‘K’ instances which are similar to the test instance. The value of ‘¥’ is best determined by tuning

with different ‘¥’ values and choosing the ‘K" which classifies the test instance more accurately. St
tra
t Tal

Inputs: Training dataset T, distance metric d, Test instance , the number of nearest neighbors k | |
Output: Predicted class or category | :

Prediction: For test instance £,

1. For each instance i in T, compute the distance between the test instance { and every
other instance i in the training dataset using a distance metric (Euclidean distance).
[Continuous attributes - Euclidean distance between two points in the plane with
coordinates (x,, y,) and (x,, ,) is given as dist ((x,, y,), (x,, ¥,)) = \/(xz %) +(y,-y,) ]

[Categorical attributes (Binary) - Hamming Distance: If the value of the two instances ,_ .
is same, the distance d will be equal to 0 otherwise d = 1.] —

2. Sort the distances in an ascending order and select the first k nearest tramlng data
instances to the test instance. - -

3. Predict the class of the test instance by majority voting (if target attribute is discrete | . T
valued) or mean (if target attribute is contmuous valued) of the k selected nearest | - :
instances.

N E J

Consider the student performance training dataset of 8 data instances shown in

Table 4.2 which describes the performance of individual students in a course and their CGPA
obtained in the previous semesters. The independent attributes are CGPA, Assessment and -
Project. The target variable is ‘Result’ which is a discrete valued variable that takes two values
‘Pass’ or ‘Fail’. Based on the performance of a student, classify whether a student will pass or fail
in that course.

Table 4.2: Training Dataset T

9.2 ‘ 85 8 Pass
2, 8 80 7 Pass
8.5 81 8 Pass N
(Continued)
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4. 6 | 1 5 | Fail
5 | 65 50 4 Fail
6. 82 72 ; -7 Pass
7. 5.8 38 5 Fail
8. 8.9 91 9 Pass
golution: Given a test instance (6.1, 40, 5) and a set of categories {Pass, Fail} also called as classes,
we need to use the training set to classify the test instance using Euclidean distance.
The task of classification is to assign a category or class to an arbitrary instance.
Assignk=3.
Step 1: Calculate the Fuclidean distance between the test instance (6.1, 40, and 5) and each of the
fraining instances as shown in Table 4.3.
Table 4.3: Euclidean Distance
9.2 85 8 Pass _
J(02-6.) +(85-40)" +(8-5)
- 45.2063 |
2 |8 80 7 Pass
J(8-61) +(s0-40) +(7-5)
=40.09501
3. 8.5 81 8 Pass
' J85-61) +(81-40)" +(8-5)
- 41.17961 |
4, 6 45 5 Fail |
Jl6-6.1) +(a5-40) +(5-5) |
=5.001 ‘
5. 6.5 50 4 Fail
Jl65-6.1) +(50-40) + (1.-5)
=10.05783
6. 8.2 72 7 Pass — :
: J82-6.1) +(72-40] +(7-5)
= 3213114
J(68-6.1) +(36-40) +(5-5)
""" 2022375
8 8.9 91 9 Pass r
JB9-6.1) +{91
= 51.23319
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Step 2: Sort the distances in the ascending order and select the first 3 nearest training data instanc
to the test instance. The selected nearest neighbors are shown in Table 4.4.

Table 4.4: Nearest Neighbors

5.001 Fail
10.05783 Fail
- 2.022375 Fail

Here, we take the 3 nearest neighbors as instances 4, 5 and 7 with smallest distances.
Step 3: Predict the class of thetest instance by majority voting.
The class for the test instance is predicted as ‘Fail'.
: —®

Data normalization/standardization is required when data (features) have different ranges or a

wider range of possible values when computing distances and to transform all features to a specific

range. This is probably done to eliminate the influence of one feature over anothier (i.e,, to giveall if

features equal chances). For example if one feature has values in the range of [0-1] and another
feature has values in the range of [0~100], then the second feature will influence more even if there
is a small variation than the first feature.

neighbors (i.e., selection of k), distance metric and decision rule. -
If the k value selected is small then it may result in overfitting or less stable and if it is big then it

may include many irrelevant points from other classes. The choice of the distance metric selected also

plays a major role and it depends on the type of the independent attributes in the training dataset.

The k-NN classification algorithm best suits lower dimensional data asin a high-dimensional
space the nearest neighbors may not be very close at all. -

k-NN classifier performance is strictly affected by three factors such as the number of nearest

4.3 WEIGHTED K-NEAREST-NEIGHBOR ALGORITHM

The Weighted k-NN is an extension of k-NN. It chooses the neighbors by using the weighted
distance. The k-Nearest Neighbor (k-NN) algorithm has some serious limitations as its performance
is solely dependent on choosing the k nearest neighbors, the distance metric used and the decision
rule. However, the principle idea of Weighted k-NN is that k closest neighbors to the test instance
are assigned a higher weight in the decision as compared to neighbors that are farther away from
the test instance. The idea is that weights are inversely proportional to distances.

The selected k nearest neighbors can be assigned uniform weights, which means all the
instances in each neighborhood are weighted equally or weights can be assigned by the inverse of
their distance. In the second case, closer neighbors of a query point will have a greater influence
than neighbors which are further away.

Inputs: Training dataset ‘T’, Distance metric ‘d’, Weighting function w(i), Test instance ‘¥, the
number of nearest neighbors ‘¥’

(Continued)
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%ﬁ* Predicted class or category
prediction: For test instance £,

1. Foreach instance ‘7 in Training dataset T, compute the distance between i:he test instance
t and every other instance 7’ using a distance metric (Euclidean distance).

[Continuous attributes - Euclidean distance between two points in the plane with

coordinates (x,, ;) and (x,, y,) is given as dist ((x,, ), (¥ ¥, ) = .\j ~x )Y+, =y ]
[Categorical attributes (Binary) - Hamming Distance: If the values of two instances are
the same, the distance d will be equal to 0. Otherwise d =1]

2. Sort the distances in the ascending order and select the first k" nearest training data
instances to the test instance.

3. Predict the class of the test instarice by weighted voting technique (Weighting function
w(i)) for the k selected nearest instances:

o Compute the inverse of each distance of the ‘K selected nearest instances.

e Find the sum of the inverses.

o Compute the weight by dividing eachrinverse distance by the sum. (Each weightisa
vote for its associated class).

o Add the weights of the same class.

o Predict the class by choosing the class with the maximum vote.

/

T(

Consider the same training dataset given in Table 4.1. Use Weighted k-NN and

determine the class.
Solution:

Step 1. Given a test instance (7.6, 60, 8) and a set of classes {Pass, F ail}, use the training dataset to
classify the test instance using Euclidean distance and weighting function.

Assign k = 3. The distance calculation is shown in Table 4.5.

Table 4.5: Euclidean Distance

9.2 85 8 Pass
J(02-76) +(85-60)" +(8-8)
= 2505115
2. 8 80 7 Pass = e
J(8-7.6) +(80- 60) +(7-8)
,,,,,, = 20.02898
3. 8.5 81 8 Pass r T
ggm 76) +(81-60) +(8-8)
= 21.01928

(Continued)
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6 5 3 el J6-76) +(45-60)" + (5-8)°

= 15.38051

5. | 65 0 : fal .\/(6.5-'7.6)2 +(50-60)" +(4-8)°
| | =1082636

6. 8.2 72 7 Pass \/(3_2 ~76) +(72- 60)° +(7-8)
| - 12.05653

7o o8 * o el \/(5.8—7.6)2 +(38-60) +(5-8)°

|=momeu |

8| e 91 - Pass J&9-76) +(91-60)" +(9-8)°

= 31.04336

Step 2: Sort the distances in the ascending order and select the first 3 nearest training data instances
to the test instance. The selected nearest neighbors are shown in Table 4.6. |

Table 4.6: Nearest Neighbors.

15.38051 Fail

10.82636 Fail
12.05653 Pass |

Step 3: Predict the class of the test instance by weighted voting technique from the 3 selected
nearest instances. v : :

* Compute the inverse of each distance of the 3 selected nearest instances as shown in
Table 4.7. ' ’

Table 4.7: Inverse Distance

4 1 15.38051 0.06502 Fail
10.82636 0.092370 Fail
12.05653 0.08294 Pass

® Find the sum of the inverses,
Sum = 0.06502 + 0.092370 + 0.08294 = 0.24033

* Compute the weight by dividing each inverse distance by the sum as shown in
Table48. . |
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e 4.8 Weight Calculation

“Tabl

NSO

15.38051 0.06502

10.82636 0.092370 ~ 0.384347 Fail
% 12.05653 0.08294 0.345109 Pass

o Add the weights of the same class.
Fail = 0.270545 + 0.384347 = 0.654892
Pass = 0.345109
o Predict the class by choosing the class with the maximum vote.

The class is predicted as ‘Fail’.

@

4.4 NEAREST CENTROID CLASSIFIER

A simple alternative to k-NN classifiers for similarity-based classification is the Nearest Centroid
Classifier. It is a simple classifier and also called as Mean Difference classifier. The idea of this
classifier is to classify a test instance to the class whose centroid/mean is closest to that instarnce.

Inputs: Training dataset T, Distance metric d, Test instance {
Output: Predicted class or category
1. Compute the mean/centroid of each class.

2. Compute the distance between the test instance and mean/centroid of each class
(Euclidean Distance).

3. Predict the class by choosing the class with the smaller distance.

Consider the sample data shown in Table 4.9 with two features x and y. The target

classes are ‘A’ or ‘B’. Predict the class using Nearest Centroid Classifier.

Table 4.9: Sample Data

SCR R
e R

)

Lk

~3
o
e}

o

a4
o]
[e]

Solution:

Step 1: Compute the mean/centroid of each cldss. In this example there are two cle
and ‘B
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Centroid of class A (B+5+4,1+2+ 3)/3 (12, 6)/3=(4, 2)
Centroid of class ‘B’ = (7+6+8, 6+ 7 +5)/3= (21, 18)/3=(7, 6)
Now given a test instance (6, 5), we can predict the class.
Step 2: Calculate the Euclidean distance between test instance (6, 5) and each of the centroid.

Buc_Dist[(6,5); (4, 2)] = {(6-4) +(5-2)" = V13 =36
Euc_Dist((6, 5); (7, 6)] = J6-7) +(5-6) =2 =1.414

The testinstance has smaller distance to class B. Hence, the class of this test instance is predicteq
as'B'.

: o
4.5 LOCALLY WEIGHTED REGRESSION (LWR)

Locally Weighted Regression (LWR) is a non-parametric supervised learning algokithm that
performs local regression by combining regression model with nearest neighbor’s model. LWR
is also referred to as a memory-based method as it requires training data while prediction but
uses only the training data instances locally around the point of interest. Using nearest neighbors
algorithm, we find the instances that are closest to a test instance and fit linear function to each of
those ‘K’ nearest instances in the local regression model. The key idea is that we need to' approx-
imate the linear functions of all ‘k’ neighbors that minimize the error such that the prediction line |

is no more linear but rather it is a curve,

Ordinary linear regression finds out a llnear relationship between the mput X and the output y.

Given training dataset T,

Hypothesis function h(x), the predicted target output is a linear function where f is the
intercept and B, is the coefﬁaent of x. |

Itis givenin Eq. (4.1) as, ’ :
(x) BB | @)

The cost funcnon is such that it minirfiizes the error difference between the predlcted value
hy(x) and true value 'y’ and it is given as in Eq. (4.2). L , -

1B=23 00y @)

i=1

where ‘m’ is the number of instances in the training dataset.

Now the cost function is modified for locally weighted linear regression including the weights r ¢
only for the nearest neighbor points. Hence, the cost function is given as in Eq. (4.3).

= 53ty ()1 N 43)

i=1
where w, is the weight associated with each x,. '
The weight function used is a Gaussian kernel that gives a higher value for instances that are p
close to the test instance, and for instances far away, it tends to zero but never equals to zero.
w,is computed in Eq. (4.4) as,

ow=e o (4.4)
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where, 118 called the bandwidth parameter and controls the rate at which w, reduces to zero with
distance from x..

Consider a Simp}e example with four instances shown in Table 4.10 and apply

jocally weighted regression.

Table 4.10: Sample Table

- 25

1 5
2. 1
3. 2
4 1

golution: Using linear regression model assuming we have c‘omputed the parameters:
p=472, =062
Given a test instance with x = 2,.the Predicte’gj_y;jis:
i =P, + B, x=472+0.62x2=596
Applying the nearest neighbor model, we choose k = 3 closest instances.

Table 4.11 shows the Euclidean distance calculation for the training instances.

Table 4.11; Euclidean Distance Calculation

, , (5-2)" =3
2. 1 5 —
- ’ J@sz =1

3. . 2 : 7 &3?:(}
4\ b . vg mwi

Instances 2, 3 and 4 are closer with smaller distances.
The mean value = (5+7 + 8)/3 = 20/3 = 6.67.

Using Eq. (4.4) compute the weights for the closest instances,; using the Gaussian kernel,

s g

e e ’*“"f{t;igiii@ o6 ine O

%’ﬁtﬁigi%i of Instance 2 is:
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Weight of Instance 4 is:
T M
w,=e ¥ =e2f =¢™% =(,043

The predicted output for the three closer instances is given as follows:

The predicted output of Instance 2 is:
Yy =hy(x) =B+ B, x,=472+0.62x 1'=5.34
The predicted output of Instance 3 is:
Yy, = ﬁ(xs) =B,+B,x,=472+0.62 x 2=5.96
- The predicted output of Instance 4 is:
Y/ =hx) =B+ B x,=472+062x1=534

The error value is calculated as:

ﬁ)———Zw (x)-,) 1(0043(534 5) +1(5.96 — 7)2+ 0.043(5.34 - 8)) 0.6953

x-l
Now, we need to adjust this cost function to minimize the error difference and get optimal §
parameters.

1. Similarity-based learning is a supervised learning technique that predicts the class label of a test
instance by measuring the similarity of this test instance with training instances.

2. Similarity-based classification problems formulate the features of test instance and training instances
in Euclidean space to learn the similarity or dissimilarity between instances.

3. A natural approach to similarity-based classification is k-Nearest-Neighbors (k-NN), which is a
non-parametric method used for both classification and regression problems.

4. k-NN predicts the category of the test instance according to the ‘¥’ traim'ngvsamples which are closer
to the test instance and classifies it to that category which has the largest category probability.

5. Data normalization/standardization is required when data (features) have different ranges or wider
range of possible values when computing distances and to transform all features to a specific range.

6. k-NN best suits for lower dimensional data, as in a high-dimensional space the nearest neighbors
may not be very close at all.

7. Weighted k-NN assigns a higher weight to the k closest rieighbors to the test instance in the decision
than neighbors that are farther away from the test instance. ‘ |

8. Nearest Centroid Classifier is a simple classifier also called as Mean Difference classifier that classifies
a test instance to the class whose centroid/mean is closest to that instance.

9. Locally Weighted Regression (LWR) is a non-parametric supervised learning algorithm that performs
local regression by combining regression model with nearest rieighbor’s model.

e Instance - An entity or an example in the training dataset.

o Instance-based Methods-Learn or predict the class label of a test instance only when anew instanceis .
given for classification.
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Model-based Machine Learning - Describes all assumptions about the problem domain in the form
of a model. ’

Lazy Learning ~ Methods do not generalize any model from the training dataset but just keep the
training dataset as a knowledge base until a new instance is given.

Fager Lea_ming ~ Methods generalize the &aiﬁing data to a model before receiving test instances.

Memory-based Models - Classify a test instance by the similarity with the training instances stored
in the memory. -

What do you understand by similarity-based learning?

Compare and contrast between instance-based learning and model-based learning.
Why instaﬁce based learners are called as lazy learners?

Differentiate between lazy learning and eager learning,

Why k-NN method is called as memory-based method?

Why data normalization/standardization is required in k-NN?

What are the benefits and limitations of k-NN algorithm?

Consider the following training dataset of 10 data instances shown in Table 4.12 which describes
the award performance of individual students based on GPA and No. of projects done. The target
variable is ‘Award’ which is a discrete valued variable that takes 2 values “Yes’ or ‘No".

Table 4.12; Training Dataset

1. 9.5 5 Yes
2. 8.0 4 Yes
3. 7.2 1 No
4. 6.5 5 Yes
5. 9.5 4 Yes
6. 3.2 1 No
7. 6.6 1 No
8. 54 1 No
9. 89 3 Yes
10. 7.2 4 Yes

Given a test instance (GPA - 7.8, No. of projects done - 4), use the training sef to classify the test
instance. Choose k = 3.

s k-Nearest Neighbor classifier
e, T o

» Weighted k-Nearest Neighbor classifier

¢ Nearest Centroid Classifier

2

e

-based reas

A COVID care centre decide to ¢

will test positive or negative based on the symptoms. The table below shows the number of possible

eiop a

symptoms and the results of the previous cases. The training dataset contains the f

as shown in the Table éiﬁ below,
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Table 4.13: Sample Set of Instances ' : ‘ Acros

1i. |Yes |Yes Yes Yes Yes Yes Yes | Yes Yes | Positive

2. {Yes |No Yes No No Yes No |No No | Negative

3. |[No |[No No No No No No |No ‘No | Negative

4. |Yes |Yes Yes No No No No |No Yes | Negative

5. |Yes |Yes |Yes Yes |No No Yes | Yes Yes | Positive

6. |Yes |Yes |Yes Yes: No Yes No |No No Positive

7. |Yes |Yes Yes Yes: No No Yes |Yes No Positive

8 1Yes |Yes Yes Yes No No - No |No No Positiv? .
9. |Yes |Yes Yes Yes No No No = {No No | Positive

10. {No. [No No No No No No |No No | Negative

e Determine k = number of nearest neighbors to get a better prediction result.

« Increase ‘K’ value and check the prediction. Is it good or bad to have a smaller or larggr:'ki value?

e Apply proper similarity measure [Asymmetric binary features] and predict the test result of
the instance [Fever = Yes, Dry Cough = Yes, Tiredness = yes, Sore Throat = Yes, Diarrhea = No,
'Headache = No, Loss of Taste or Smell = No, Shortness of Breath = No, Chest Pain = No]. -

10. What is meant by locally weighted regression?

rri




_ KNN is a parametric based method. (Yes/

No)

3. Instance-based learning are memory-based

methods. (Yes/No)

. Locally weighted regression is a non-

: parémetric method. (Yes/No)

. Majority voting is used to determine the

class among neighbors in KNN algorithm.
(Yes/No)

Down

KNN is an example of baséd _
learning. -
Model-based methods are also known as

learning.
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. The entity or an example in the dataset is

also knownasan

Nearest centroid classifier is alsotknown as
__difference classifier.

Weighted KNN algorithm assigns a higher
weight for the closest neighbors. (Yes/No)

Euclidean distance is the most popular
method for finding neiglibors. (Yes/No)

Find and mark the words listed below.

s VUF LI VGFCPVRPGOWUI MV QCWG
VVDLTCKVEKVYBCCZGYRCKTYDGT
NELI QAVTKCPOBKHSKLQOTUEOTF
OOVQLITZDTETFVXKEOYWSS5 ARS Z
RK]ARYLGXOLAUZTCQS‘VIZBGSC
CTDGS WBI YYESG]J] PFGPAB]J] S5DXH
B KCCI AMZP]J] RJ] KETHDVDOQHKI HD
YDI CGYF XKYUYFTCREKCYKHMNEKTLTL
TS 1 YZEMETLIJCRDVSQDNANI QZFF
I WBI RGS RBEOQI ZHWQS GAFTESYO
R 1 ULMNJ] MOAGAWNI QUTTFMCE]J SK
Y HNODUXOQHGVVS VBNQWRNYTLEUSB
CUYTINSTANCECROQWI RACWYY] Z
QYE,,MGZEQVOUNWKEKX‘E’YH."E‘}NRX
HHMGDBME ANBONQS RMSES QNZZAR
UOOO] HI WI QWY POCNWEZKDCZ] TR
CLOOQOQMGXOMYEHNHI MYN]J P CWXOR
Instance Eager  Instance No Yes Yes Yes Mean  Yes




Regression Analysis

“Regression analysis is the hydrogen bomb of the statistics arsenal.”
— Charles Wheelan, Naked Statistics: Stripping the
‘ Dread from the Daty

5.1 INTRODUCTION TO REGRESSION

‘ Regression analysis is the premier method of supervised learning, This is one of the most popular

2 .nd oldest supervised learning technique. Given a training dataset D containing N training points

' (¥, ¥ where i = 1...N, regression analysis is used to model the relationship between one or more

independent variables x, and a dependent variable y,. The relationship between the dependent and
independent variables can be represented as a function as follows: - ‘

y=f) 51)

Here, the feature variable x is also known as an explanatory variable, exploratory variable,

a predictor variable, an independent variable, a covariate, or a domain point. y is a dependent
variable. Dependent variables are also called as labels, target variables, or response variables.

Regression analysis determines the change in response variables when one exploration variable

is varied while keeping all other parameters constant. This is used to determine the relationship each

of the exploratory variables exhibits. Thus, regression analysis is used for prediction and forecasting.
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Regression is used to predict continuous variables or quantitative variables such as price arid revenue.

Thus, the primary concern of regression analysis is to find answer to questions such as:

1. What is the relationship between the variables?

2. What is the strength of the relationships?

3, What is the nature of the relationship such as linear or non-linear?

4, What is the relevance of the attributes?

5. What is the contribution of each attribute?

There are many applications of regression analysis. Some of the applications of regressions

include predicting:

1. Sales of a goods or services

2. Value of bonds in portfolio management

3. Premium on insurance companies

4. Yield of crops in agriculture

5. Prices of real estate

5.2 INTRODUCTION TO LINEARITY, CORRELATION, AND CAUSATION

The quality of the regression analysis is determined by the factors such as correlation and causation.

Regression and Correlation

Correlation among two variables can be done effectively using a Scatter plot, which is
a plot between explanatory variables and response variables. It is a 2D graph showing the
relationship between two variables. The x-axis of the scatter plot is independent, or input or
predictor variables and y-axis of the scatter plot is output or dependent or predicted variables.
The scatter plot is useful in exploring data. Some of the scatter plots are shown in Figure 5.1.
The Pearson correlation coefficient is the most common test for determining correlation if there
is an association between two variables. The correlation coefficient is denoted by r. Correlation
is discussed in Chapter 2 of this book. The positive, negative, and random correlations are
given in Figure 5.1. In positive correlation, one variable change is associated with the change
in another variable. In negative correlation, the relationship between the variables is reciprocal
while in random correlation, no relationship exists between variables.

Y-axis Y-axis ‘ Y-axis

26 ) 26 22. .
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Figure 5.1: Examples of (a) Positive Correlation (b} Negative Correlation

{¢) Random Points with No Correlation
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While correlation is about relationships among variables, say x and y, regression is about
predicting one variable given another variable. )

Regression and Causation

Causation is about causal relationship among variables, say x and y. Causation means knowing
whether x causes  to happen or vice versa. x causes y is often denoted as x implies y. Correlation
and Regression relationships are not same as causation relationship. For example, the correlation
between economical background and marks scored does not imply that economic background
causes high marks. Similarly, the relationship between higher sales of cool drinks due to a rise
in temperature is not a causal relation. Even though high temperature is the cause of cool drmks
sales, it depends on other factors too. :

Linearity and Non-linearity Relationships

- The linearity relationship between the variables means the relatlonsh_l between the dependent
and independent variables can be visualized as a straight line. The line of the form, y = ax + b
can be fitted to the data points that indicate the relationship between x and y. By linearity, it is
meant that as one variable increases, the corresponding variable also increases in a linear manner.
A linear relationship is shown in Figure 5.2 (a). A non-linear relationship exists in functions such as
exponential function and power function and it is shown in Figures 5.2 (b) and 5.2 (c). Here, x-axis
is given by x data and y-axis is given by y data. ’

Y-axis | Y-axis y=axt
A A
y=ax+b
» X-axis » X-axis
() (b)
Y-axis X
' ax+b
s X-axis

(o)

Figure 5.2: (a) Example of Linear Relationship of the Form y = ax + b (b) Example of a Non-linear

Relationship of the Form y = ax® (c) Examples of a Non-linear Relationship y = X 5
. ax +

The functions like exponential function (y = ax’) and power function (y = ib) are
ax

non-linear relationships between the dependent and 1ndependent variables that-cannot be fitted in
a line. This is shown in Figures 5.2 (b) and (c).




Regression Analysis « 133

Types of Regression Methods

The classification of regression methods is shown in Figure 5.3.

Figure 5.3: Types of Regression Methods

Linear Regression It is a type of regression where a line is fitted upon given data for finding
the linear relationship between one independent variable and one dependent variable to describe
relationships.

Multiple Regression It is a type of regression where a line is fitted for finding the linear
relationship between two or more independent variables and one dependent variable to describe
relationships among variables.

Polynomial Regression It is a type of non-linear regression method of describing relation-
ships among variables where N degree polynomial is used to model the relationship between
one independent variable and one dependent variable. Polynomial multiple regression is used to
model two or more independent variables and one dependant variable.

Logistic Regression It is used for predicting categorical variables that involve one or more
independent variables and one dependent variable. This is also known as a binary classifier.

Lasso and Ridge Regression Methods These are special variants of regression method where
regularization methods are used to limit the number and size of coefficients of the independent
variables.

Limitations of Regression Method

1. Outliers — Outliers are abnormal data. It can bias the outcome of the regression model, as outliers
push the regression line towards it.

2. Number of cases — The ratio of independent and dependent variables should be at least 20 : 1.
For every explanatory *a-*aria%ale; there should be at least 20 samples. Atleast five samples are
required in extreme cases

]
Lt

Missing data - Missing data in training data can make the model unfit for the sampled data.

Multicollinearity ~ If exploratory variables %z@my correlated (0.9 and above), the regression
is vulnerable to bias. Singularity leads to perfect correlation of 1. T
exploratory variables that exhibit ¢ ‘?ﬁ%’%iﬁim{% more than 1. If there is a tie, t}

The remedy is to remove

=
(1 - R squared) is used to eliminate variables that have the greatest value.
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5.3 INTRODUCTION TO LINEAR REGRESSION

In the simplest form, the linear regression model can be created by fitting a line among the scattered
data points. The line is of the form given in Eq. (5.2).
- y=a,+a,Xx+e B (5.2)

Here, 4, is the intercept which represents the bias and 4, represents the slope of the line. These

are called regression coefficients. e is the error in prediction.

The assumptions of linear regression are listed as follows:
1. The observations (y) are random and are mutually independent.

2. The difference between the predicted and true values is called an error. The error is also
mutually independent with the same distributions such as normal distribution with zero
mean and constant variables. "

3. The distribution of the error term is independent of the joint distribution of explanatory
variables. _
4. The unknown parameters of the regression models are constants. :

The idea of linear regression is based on Ordinary Least Square (OLS) approach. This method
is also known as ordinary least squares method. In this method, the data points are modelled
using a straight line. Any arbitrarily drawn line is not an optimal line. In Figure 5.4, three data
points and their errors (e, e, e,) are shown. The vertical distance between each point and the
line (predicted by the approximate line equation y = 4, + 4,x) is called an error. These individual
errors are added to compute the total error of the predicted line. This is called sum of residuals.
The squares of the individual errors can also be computed and added to give a sum of squared
error. The line with the lowest sum of squared error is called line of best fit.

y-axis

X-axis

Figure 5.4: Data Points and their Errors

In another words, OLS is an optimization technique where the difference between the data
points and the line is optimized. ' ‘

Mathematically, based on Eq. (5.2), the line equations for points (x,, X, ..., x ) are:
| Y, = (@, +ax) *e

Y,= (ao + alxz) te,

y, = (a,+ax)+e, (5.3)
In general, the error is given as: ¢, =y, - (4, + ax) | (5.4)

This can be extended into the set of equations as shown in Eq. (5.3).

ne .
lar
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Here, the terms (e, e,, ..., €,) are error associated with the data points and denote the difference
petween the true value of the observation and the point on the line. This is also called as residuals.
The residuals can be positive, negative or zero.

A regression line is the line of best fit for which the sum of the squares of residuals is minimun.
The minimization can be done as minimization of individual errors by finding the parameters a,
and a, such that:

E= %ei = %(yl - (LZO + ﬂlxi)) ‘ (55)
Or as the minimization of sum of absolute values of the individual errors: _
E=3e|= [y, (6, + ) (5.6)

Or as the minimization df the sum of the squares of the individual errors:
E= ;Zl(ei)z = %(yi ~(a, +ax)? (5.7)

* Sum of the squares of the individual errors, often preferred as individual errors (positive and
negative errors), do not get cancelled out and are always positive, and sum of squares results in a
large increase even for a small change in the error. Therefore, this is preferred for linear regression.

Therefore, linear regression is modelled as a minimization function as follows:

J(a,, )

i
M=

W
LR

il
M=
<2
i

e
o~

R
—_
a2

1y, = (0, + 821" | (5.8)

Here, J(a, a,) is the criterion function of parameters 4, and a,. This needs to be minimized.
This is done by differentiating and substituting to zero. This yields the coefficient values of
s, and a,. The values of estimates of 4, and 4, are given as follows:

a = W (5.9)
(x) - (%)

And the value of g, is given as follows:
a,= () —a,xx (5.10)

Let us consider a simple problem to illustrate the usage of the above concept.

W

Let us consider an example where the five weeks' sales data (in Thousands) is given

as shown below in Table 5.1. Apply linear regression technique to predict the 7" and 9" month sales.

Table 5.1: Sample Data

Lok
i
iy
o

dn.
Sl
d
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Solution: Here, there are 5 items, i.e, i =1, 2, 3, 4, 5. The computation table is shown beloy,
(Table 5.2). Here, there are five samples, so i ranges from 1 to 5.

. Table 5.2: Computation Table

1 1.2 1 12
P) 18 4 36
3 v 2.6 9 78
4 3.2 16 ' 12.8
5 3.8 25 19
Sum=15 Sum =126 Sum =55 Sum= 44.4
Average of (x,) Average of () Average of (i) Average of (¥, x y)
_=_15 - 126 — 55 — 444
=X =— =Y =— . = 2 = e = XY = —
5 5 i 75 YT
=3 =252 - 11 =888

Let us compute the slope and intercept now ﬁsihg Eq. (5.9) as:
" 8.88-3(252)
2, =2.52 - 0.66x3 = 0.54

The fitted line is shown in Figure 5.5.

[%¥]

Y-Dependent
N
n

N

X-Independent

— Regression line (y = 0.66x + 0.54)
Figure 5.5: Linear Regression Model Constructed

Let us model the relationship as y = a,+a, xx. 'I"herefore, the fitted line for the above data is:
y = 0.54 + 0.66 x x. |

The predicted 7* week sale would be (when x =7), y = 0.54 + 0.66 x 7 = 5.16 and the 12 month,
y=0.54+0.66 x 12 = 8.46. All sales are in thousands.
®

Scan for ‘Additional Examples’
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Linear Regression in Matrix Form

Matrix notations car be used for representing the values of independent and dependent variables.
This is illustrated through Example 5.2. -

The Eq. (5.3) can be written in the form of matrix as follows:

, vl (1 % e
1 x i{a e
% = K (O}P z (5.11)
: 1 g :
yn ] xn en |

This can be written as: ‘
Y = Xa +e, where X is an n x 2 matrix, Y is an n x 1 vector, 2 is a 2 x 1 column vector and eis an
4 x 1 column vector. : '

@_,_,..—-

Find linear regression of the data of week and product sales (in Thousands) given

in Table 5.3. Use linear regression in matrix form.

Table 5.3: Sample Data for.Regression

1 1
2 3
3 ; .4
4 8
Solution: Here, the dependent variable X is be given as:
x"=[1234]
And the independent variable is given as follows:
y'=[1343]
The data can be given in matrix form as follows:
11
X= i ’ . The first column can be used for setting bias.
14

W2

AN
3 s Ca ol
MmO —————

e

R Tt S rn e Py PO

The regression is given as:
el ,rg A A
& g\\)‘ EN Akr‘,

The computation order of this equation is shown step by step as:
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11
111 1 12 4 10
1. Computatlon of (XX) = 1 =
123 4 13 10 30
14
' 4 10 15 -0.5
2. Computation of matrix inverse of (X'X)™ = =
10 30 -05 0.2
, 15 -05) (1111) (1 05 0 05
3. Computation of (X"X)"'X") =
-05 02 1234 -03 -0.101 03
1
| 1 050 —05) [3]| (-15)(Intercept
4. Finally, (X"X)"X")Y = 05 051 1312 Intercept
-03 0101 03 4 2.2 slope )
, N

Thus, the substitution of values in Eq. (5.11) using the previous steps yields the fitted line as
22x-15. '

. ® :
5.4 VALIDATION OF REGRESSION METHODS

The regression model should be evaluated using some metrics for checking the correctness.
The following metrics are used to validate the results of regression.

Standard Error

Residuals or error is the difference between the actual (y) and predicted value (¥).
If the residuals have normal distribution, then the mean is zero and hence it is desirable. This

is a measure of variability in finding the coefficients. It is preferable that the error be less than the

coefficient estimate. The standard deviation of residuals is called residual standard error. If it is
zero, then it means that the model fits the data correctly.

Mean Absolute Error (MAE)

MAE is the mean of residuals. It is the difference between estimated or predicted target value and
actual target incomes. It can be mathematically defined as follows:

MAE = (5.12)

. ni=0
Here, 7 is the estimated or predicted target output and y is the actual target output, and n is
the number of samples used for regression analysis.

Mean Squared Error (MSE)

It is the sum of square of residuals. This value is always positive and closer to 0. This is given

- mathematically as:

L5, R 513)

n i=0 '

Ce
Ce -

R
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Root Mean Square Error (RMSE)

The square root of the MSE is called RMSE. This is given as:

RMSE = VMSE

ﬁl

z j' 3, N (5.14)
Relative MSE

Relative MSE is the ratio of the prediction‘ability.of the § to the average of the trivial population.
The value of zero indicates that the model is perfect and its value ranges between 0 and 1. If the
value is more than 1, then the created model is not a good one. This is given as follows:

Xy, -u)
RelMSE = &0~ | (5.15)
2y, - y)

Coefficient of Variation
Coefficient of variation is unit less and is given as:
| RMSE

CV = (5.16)
¥

Consider the following training set Table 5.4 for predicting the sales of the items.
Table 5.4: Training Item Table

I, 80
I, 90
I, 100
I, 110
I, 120

Consider two fresh items I, and I, whose actual values are 80 and 75, respectively. A regression
model predicts the values of the items I, and I, as 75 and 85, respectively. Find MAE, MSE, RMSE,
RelMSE and CV.

Solution: The test items' actual and prediction is given in Table 5.5 as:

Table 5.5 Test ltem Table

1

Mean Squared Error (MSE) zibmgg q. (5.1

MSE = . g\fﬁ{}
)

ES

Mean Absolute Error (MAE) using Eq. (5.1

e s e L
MAE =~ x |80 - 75

2) is given as:

[ e onl 1O
4 E[ij 5 fj’y:} T e I e
" ol
13) is given as:
/3? + % - %%§ = =625
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" Root Mean Square error using Eq. (5.14) is given as:
- RMSE = MSE =625 =7.91

For finding ReIMSE and CV, the training table should be used to find the average of y.'

80+90+100+110+120 500 _ 100.
5 5 .

RelMSE using Eq. (5.15) can be computed as:

(80 - 75 +(75-85 _ 125

The average of y is -

RelMSE = = =0.1219
(80 — 100)? + (75 - 100)* 1025
S V62.5 ,
CV can be computed using Eq. (5.16) as T 0.08.
1

- Coefficient of Determination

To.understand the coefficient of determination, one needs to understand the total variation of
" coefficients in regression analysis. The sum of the squares of the differences between the y-value
of the data pair and the average of y is called total variation. Thus, the following variations can
be defined.

The explained variation is given as:

The uncxplained variation is given as: o
=30y, -9, G
Thus, the total variation is equal to the explained variation and the unexplained variation.

The coefficient of determination 72 is the ratio of the explained and total variations.

e Explained variation

(5.19)

Total variation

It is a measure of how many future samples are likely to be predicted by the regression model.
Its value ranges from 1 to —eo, where 1 is the most optimum value. It also signifies the proportion
of variance. Here, 7 is the correlation coefficient. If r = 0.95, then r* is given as 0.95 x 0.95 = 0.9025.
This means that 90% of the model can be explained by the relationship between x and y. The rest
10% is unexplained and that may be due to various reasons such as noise, chance, or error.

Standard Error Estimate

‘Standard error estimate is another useful measure of regression. It is the standard deviation of the
observed values to the predicted values. This is given as:
2y, -,
o = |2V H) (520)
¢ n-2 ,
Here, as usual, y, is the observed value and §. is the predicted value. Here, n is the number
of samples. '

-5,-7) 61

55

Mul
dep
of 1
and *.
nor

the -
Ex: _'-;

wil
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Let us consider the data given in the Table 5.3 with actual and predicted values.
Find standard error estimate. '

golution: The observed value or the predicted value is given below in Table 5.6.

Table 5.6: Sample Data |

1115 146 (1.5 - 1.46)* = 0.0016
2 |29 202 (2.9 - 2.02) = 0.7744
3|27 2.58 (2.7 -2.58)2=0.0144
4 | 31 3.14 (3.1 - 3.14)*=0.0016

The sum of (y — §)* foralli=1, 2, 3 and 4 (i.e., number of samples n =4) is 0.792. The standard
deviation error estimate as given in Eq.(5.20) is:

%Z%- =+0.396 = 0.629

- ®
5.5 MULTIPLE LINEAR REGRESSION

Multiple regression model involves multiple predictors or independent variables and one
dependent variable. This is an extension of the linear regression problem. The basic assumptions
of multiple linear regression are that the independent variables are not highly correlated
and hence multicollinearity problem does not exist. Also, it is assumed that the residuals are
normally distributed.

For example, the multiple regression of two variables x, and x, is given as follows:
y=ftx, %)
=0+ a2+ ax, (5.21)
In general, this is given for 'n” independent variables as:
y=fla, %, %, 0, )

=0y X F X, b A+ E (5.22)

Here, (x, x,, ... , x ) are predictor variables, y is the dependent variable, (a, a,, ..., a)are
the coefficients of the regression equation and ¢ is the error term. This is illustrated through
Example 5.5.

Apply multiple regression for the values given in Table 5.7 where weekly sales along
with sales for products x, and x, are provided. Use matrix approach for finding multiple regression.
Table 5.7: Sample Data

4 i
7 5 £
) 8 8
3 2 12
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*Prediction is very difficult, especially if it's about the future.”
— Niels Bohr

6.1 INTRODUCTION TO DECISION TREE LEARNING MODEL

Decision tree learning model, one of the most popular supervised predictive learning models,
classifies data instances with high accuracy and consistency. The model performs an inductive

al conclusion from observed examples. This model is variably used

inference that reaches a gene
complex classification applications.

| tree is a concept tree which summarizes the ;;%zézmm%wn conke

1 the form of a tree structur
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This model can be used to classify both categorical target variables and continuous-valyeg
target variables. Given a: trammg dataset X, this model computes a hypothesis function f(X
decision tree.

Inputs to the model are data instances or objects with a set of features or attributes which ¢
be discrete or continuous and the output of the model isa dec1s1on tree which predicts or cla551ﬁe
the target class for the test data object. ’

In statistical terms, attributes or features are called as independent variables. The target featuy
or target class is called as response variable which indicates the category we need to predict oy
a test object. :

The decision tree learning model generates a complete hypothesis space in the form of 4
tree structure with the given training dataset and allows us to search through the possible set of

‘hypotheses which in fact would be a smaller decision tree as we walk through the tree. This king
f\‘: QQQYC“\ '41'30 1Q f‘a]]ﬁf‘ aC' IV ]’\ 1Q

VL DVULLEIL VWD 10 VALEILNA reg PLLLEL\AL\.e VidO.

6.1.1 Structure of a Decision Tree

A decision tree has a structure that consists of a root node, internal nodes/decision nodes, branches, .
and terminal nodes/leaf nodes. The topmost node in the tree is the root node. Internal nodes are the
test nodes and are also called as decision nodes. These nodes represent a choice or test of an input
aftribute and the outcome or outputs of the test condition are the branches emanating from this
decision node. The branches are labelled as per the outcomes or output values of the test condition.
Each branch represents a sub-tree or subsection of the entire tree. Every decision node is part of a
path to a leaf node. The leaf nodes represent the labels or the outcome of a decision path. The labels
of the leaf nodes are the different target classes a data instance can belong to.

Every path from root to a leaf node represents a logical rule that corresponds to a conjunction
of test attributes and the whole tree represents a disjunction of these conjunctions. The decision
tree model, in general, represents a collection of logical rules of classification in the form of a tree
structure.

Decision networks, otherwise called as influence diagrams, have a directed graph structure
with nodes and links. It is an extension of Bayesian belief networks that represents information

about each node’s current state, its possible actions, the possible outcome of those actions, and their 5.
utility. The concept of Bayesian Belief Network (BBN) is discussed in Chapter 9. : :
Figure 6.1 shows symbols that are used in this book to represent different nodes in the construction L

of a decision tree. A circle is used to represent a root node, a diamond symbol is used to represent a
decision node or the internal nodes, and all leaf nodes are represented with a rectangle.

Root note

Decision node

Leaf node

Figure 6.1: Nodes in a Decision Tree

A decision tree consists of two major procedures discussed below.
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puilding the Tree

goal Construct a decision tree with the given training dataset. The tree is constructed in a
yop-down fashion. It starts from the root node. At every level of tree construction, we need to find
the best split attribute or best decision node among all attributes. This process is recursive and
continued until we end up in the lastlevel of the tree or finding a leaf node which cannot be split
 gurther. The tree construction is complete when all the test conditions lead to a leaf node. The leaf
. pode contains the target class or output of classification.

an
ies

Qutput Decision tree representing the complete hypothesis space.

- gnowledge Inference or Classification

Goal Given a test instance, infer to the target class it belongs to.

Classification Inferring the target class for the test instance or object is based on inductive
inference on the constructed decision tree. In order to classify an object, we need to start traversing
the tree from the root. We traverse as we evaluate the test condition on every decision node with
the test object attribute value and walk to the branch corresponding to the test’s outcome. This
process is repeated until we end up in a leaf node which contains the target class of the test object.

o, Qutput Target label of the test instance.

Advantages of Decision Trees

s 1. Easy to model and interpret
m 2. Simple to understand
we 3. The input and 6utput attributes can be discrete or continuous predictor variables.

4. Can model a high degree of nonlinearity in the relationship between the target variables and the

on

predictor variables
ir 5. Quick to train
n Disadvantages of Decision Trees

Some of the issues that generally arise with a decision tree learning are that:

1. Tt is difficult to determine how deeply a decision tree can be grown or when to stop
growing it.

2. If training data has errors or missing attribute values, then the decision tree constructed
may become unstable or biased.

. If the training data has continuous valued attributes, handling it is computationally

complex and has to be discretized.

4. A complex decision tree may also be over-fitting with the training data.

5. Decision tree learning is not well suited for classifying multiple output classes.

6. Learning an optimal decision tree is also known to be NP-complete.
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How to draw a decision tree to predict a student’s academic performance based on

the given information such as class attendance, class assignments, home-work aSsignments, tests,
participation in competitions or other events, group activities such as projects and presentations, etc.

Solution: The target feature is the student performance in the final examination whether he wi]]
pass or fail in the examination. The decision nodes are test nodes which check for conditions like
“What's the student’s class attendance?’, ‘How did he perform in his class assignments?’, ‘Did he
do his home assignments properly?” ‘What about his assessment results?’, ‘Did he participate in
competitions or other events?’, ‘What is the performance rating in group activities such as projects
and presentations?’. Table 6.1 shows the attributes and set of values for each attribute.

Table 6.1: Attributes and Associated Values

Class attendance , Good, Average, Poor
Class assignments : Good, Moderate, Poor
Home-work assignments Yes, No '

| Assessment . Good, Moderate, Poor
Participation in competitions or other events Yes, No o
Group activities such as projects and presentations Yes, No
Exam Result Pass, Fail

The leaf nodes represent the outcomes, that is, either ‘pass’, or ‘fail’. _ no -
A decision tree would be constructed by following a set of if-else conditions which may or —
may not include all the attributes, and decision nodes outcomes are two or more than two. Hence, - M

the tree is not a binary tree.

e | 6.
@tez A decision tree is not always a binary tree. It is a tree which can have more than two branches. ) G
@ " : _ - TLL
Predict a student’s academic performance of whether he will pass or fail based ar

on the given information such as ‘Assessment’ and ‘Assignment’. The following Table 6.2 shows W
the independent variables, Assessment and Assignment, and the target variable Exam Result with P
their values. Draw a binary decision tree. : : _ st
' Table 6.2: Attributes and Associated Values
e
t

Assessment 250, <50 13
Assignment Yes, No -
FExam Result Pass, Fail | : ¢

Solution: Consider the root node is ‘Assessment’. If a:student’s marks are 250, the root node is
branched to leaf node ‘Pass’ and if the assessment marks are <50, it is branched to another decision
node. If the decision node in next level of the tree is ‘Assignment’ and if a student has submitted -
his assignment, the node branches to ‘Pass’ and if not submitted, -the node branches to ‘Fail’.
‘Figure 6.2 depicts this rule.
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i

Figure 6.2: lllustration of a Decision Tree

This tree can be interpreted as a sequence of logical rules as follows:
if iAssessment > 50) then “Pass’
else if (Assessment < 50) then
if (Assignrhen == Yes) then ‘Pass’
else if (Assignment == No) then ‘Fail’
Now, if a test instance is given, such as a student has scored 42 marks in his assessment and has
not submitted his assignment, then it is predicted with the decision tree that his exam result is ‘Fail".

@
Many algorithms exist which will be studied for constructing decision trees in the sections below.

6.1.2 Fundamentals of Entropy

Given the training dataset with a set of attributes or features, the decision tree is constructed by
finding the attribute or feature that best describes the target class for the given test instances.
The best split feature is the one which contains more information about how to split the dataset
among all features so that the target class is accurately identified for the test instances. In other
words, the best split attribute is more informative to split the dataset into sub datasets and this
process is continued until the stopping criterion is reached. This splitting should be pure at every
stage of selecting the best feature. ‘

The best feature is selected based on the amount of information among the features which
are basically calculated on probabilities. Quantifying information is closely related to information
theory. In the field of information theory, the features are quantified by a measure called Shannon
Entropy which is calculated based on the probability distribution of the events.

Entropy is the amount of uncertainty or randomness in the outcome of a random variable or an

s feature

-
e,

event. Moreover, entropy describes about the homogeneity of the data instances. The
d e two

15 selected base
outcomes, hence its entropy is lower when compared to rolling a dice which has got's

e
et

d on the entropy value. For example, when a coin is flipped, head or tail

X Ot

{ PR T S I Ty S
lence, the interpretation is,

-
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Higher the entropy — Higher the uncertainty
Lower the entropy — Lower the uncertainty

~ Similarly, if all instances are homogenous, say (1, 0), which means all instances belong to #,
same class (here it is positive) or (0, 1) where all instances are negative, then the entropy is ()
On the other hand, if the instances are equally distributed, say (0.5, 0.5), which means 50% positiy,
and 50% negative, then the entropy is 1. If there are 10 data instances, out of which 6 belong t
positive class and 4 belong to negative class, then the entropy is calculated as shown in Eq. (6.1)

’

Entropy = —[i%log , i% + -»f%log2 %J ) , (6.1
It is concluded that if the dataset has instances that are completely homogeneous, then th
entropy is 0 and if the dataset has samples that are equally divided (i.e., 50% — 50%), it has an |
entropy of 1. Thus, the entropy value ranges between 0 and 1 based on the randomness of the :
samples in the dataset. If the entropy is 0, then the split is pure which means that all samples in
the set will partition into one class or category. But if the entropy is 1, the split is impure and the
distribution of the samples is more random. The stopping criterion is based on the entropy value,
Let P be the probability distribution of data instances from 1 to n as shown in Eq. (6.2).
So,P=P,...... P, - (62)
Entropy of P is the information measure of this probability distribution given in Eq. (6.3), :
Entropy_Info(P) = Entropy_Info(P, .... P,)
=—(P, log,(P)) + P, log,(P)) + ....... +P log,P)) (6.3)

where, P, is the probability of data instances classified as class 1 and P, is the probability of data
instances classified as class 2 and so on.

P,= INo of data instances belonging to class 11 / | Total no of data instances in the
training dataset|

Entropy_Info(P) can be computed as shown in Eq. (6.4).
Thus,

Entropy_Info(6, 4) is calculated as f[%logz % + '1%1082 i% J |

Mathematically, entropy is defined in Eq. (6.5) as:

Entropy_Info(X) = ¥,

xevalues

x DX = x] - log, m

Pr[X = x] is the probability of a random variable X with a possible outcome x.

Note: log, 5

m = —lbgz (PT‘[X = X])

1. Find the best attribute from the training dataset using an attribute selection measure and
place it at the root of the tree. '

(Continued )

ol o DI o S < B o |
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9. Split the trammg dataset into subsets based on the outcomes of the test attribute and each
subset in a branch contains the data instances or ’mple% with the same va}ue for the selected
test attribute.

3. Repeat step 1 and step 2 on each subset until we end up in leaf nodes in all the branches of
the tree.

4. This splitting process is recursive until the stopping criterion is reached.

Stopping Criteria

The following are some of the common stopping conditions:

1. The data instances are homogenous which means all belong to the same class C and
hence its entropy is 0.

2. A node with some defined minimum number of data instances becomes a leaf (Number
of data instances in a node is between 0.25 and 1.00% of the full training dataset).

3. The maximum tree depth is reached, so further splitting is not done and the node
becomes a leaf node.

6.2 DECISION TREE INDUCTION ALGORITHMS

There are many decision tree algorithms, such as ID3, C4.5, CART, CHAID, QUEST, GUIDE,
CRUISE, and CTREE, that are used for classification in real-time environment. The most
commonly used decision tree algorithms are 1D3 (lterative Dichotomizer 3), developed by
JR Quinlan in 1986, and C4.5 is an advancement of ID3 presented by the same author in 1993.
CART, that stands for Classification and Regression Trees, is another algorithm which was
developed by Breiman et al. in 1984.

The accuracy of the tree constructed depends upon the selection of the best split attribute.
Different algorithms are used for building decision trees which use different measures to decide on
the splitting criterion. Algorithms such as ID3, C4.5 and CART are popular algorithms used in the
construction of decision trees. The algorithm ID3 uses ‘Information Gain’ as the splitting criterion
whereas the algorithm C4.5 uses ‘Gain Ratio’ as the splitting criterion. The CART algorithm is
popularly used for classifying both categorical and continuous-valued target variables. CART uses
GINI Index to construct a decision tree.

Decision trees constructed using ID3 and C4.5 are also called as univariate decision trees which
consider only one featurefattribute to split at each decision node whereas decision trees constructed
using CART algorithm are multivariate decision trees which consider a conjunction of univariate
splits. The details about univariate and multivariate data has been discussed in Chapter 2.

6.2.1 1D3 Tree Construction

ID3 is a supervised learning algorithm which uses a training dataset with labels and constructs
P

ision trees as it considers only one teature at
each decision node. This leads to axis-aligned splits. The tree is then used to classify the future test

a decision tree. ID3 is an example of univariate dec

instances. It constructs the tree using a greedy approach in a top-down fashion by identifying the
best attribute at each level of the tree.

N /'
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ID3 works well if the attributes or features are considered as discrete/categorical valueg
If some attributes are continuous, then we have to partition attributes or features to be decretizeq
or nominal attributes or features. '

Expe -
Entrc

The algorithm builds the tree using a purity measure called ‘Information Gain’ with the givep, -
training data instances and then uses the constructed tree to classify the test data. It is applieq -
for training set with only nominal attributes or categorical attributes and with no missing valueg
for classification. ID3 works well for a large dataset. If the dataset is small, overfitting may occur,
Moreover, it is not accurate if the dataset has missing attribute values.

Entre :

No pruning is done during or after construction of the tree and it is'-prone to outliers. C4.5 and
CART can handle both categorical attributes and continuous attributes. Both C4.5 and CART can

whe &

 also handle missing values, but C4.5 is prone to outliers whereas CART can handle outliers as well, *  disbig
an @
1. Compute Entropy_Info Eq. (6.8) for the whole training dataset based on the target attribute.
2. Compute Entropy_Info Eq. (6.9) and Information_Gain Eq. (6.10) for each of the attribute in ;
the training dataset. |
' pre .

3. Choose the attribute for which entropy is minimum and therefore the gain is maximum as
the best split attribute.

4. The best split attribute is placed as the root node.

5. The root node is branched into subtrees with each subtree as an outcome of the test
condition of the root node attribute. Accordingly, the training dataset is also split
into subsets. | |

6. Recursively apply the same operation for the subset of the training set with the remaining
attributes until a leaf node is derived or no more training instances are available in

\_ the subset. | )

Note: We stop branching a node if entropy is 0.
 The best split attribute at every iteration is the attribute with the highest information gain.

Definitions

Let T be the training dataset. .

Let A be the set of attributes A={A, A, A, ....... Al
Let m be the number of classes in the training dataset.

Let P.be the probability that a data instance or a tuple ‘d’ belongs to class C.
It is calculated as,

P.=Total no of data instances that belongs to class C, in T/Total no of tuples in the training set T
~ (6.6)

Mathematically, it is represented as shown in Eq. (6.7).

6.7)
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s

pxpected information or Entropy needed to classify a data instance 4" in T is denoted as
pntropy_Info(T) giver in Eq. (6.8).

m

Entropy_Info(T)=- EI’{ log, P, . ' (6.8)
fe=1

gntropy of every atiribute denoted as Entropy_Info(T, A) is shown in Eq. (6.9) as:

where, the attribute A has got 0" distinct values {a,, a,,
 distinct value ‘i" in attribute 4, and Entropy__Info (A) is the entropy for that set of instances.

Information_Gain is a metric that measures how much information is gained by branching on
an attribute A. In other words, it measures the reduction in impurity in an arbitrary subset of data.

It is calculated as given in Eq. (6.10): :
‘ " Information_Gain(A) = Entropy_Info(T) - Entropy_Info(T, A) (6.10)

| It can be noted that as entropy increases, information gain decreases. They are inversely
- proportional to each other. : :

Scan for ‘Additional Examples’

Assess a student’s performance during his course of study and predict whether

a student will get a job offer or not in his final year of the course. The training dataset T consists

of 10 data instances with attributes such as ‘CGPA’, ‘Interactiveness’, ‘Practical Knowledge’ and
‘Communication Skills” as shown in Table 6.3. The target class attribute is the ‘Job Offer’.

Table 6.3: Training Dataset T

A '
Entropy_Info(T, A) = E:{ﬂ"\ﬁ‘_ x Entropy_Info (A) | (6.9)

.0}, lAi] is the number of instances for

1. 29 Yes Very good Good Yes
2. 28 No Good Moderate Yes
3. 29 No Average Poor No
4. <8 No Average Good No
5. 28 Yes Good Moderate Yes
6. 29 Yes Good Moderate Yes
7. <8 Yes Good Poor No
g 29 No Very good Good Yes
9. 28 Yes Good Good Yes
i 28 Yes Average Good Yes
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Solution:

Step 1:

Calculate the Entropy for the target class Job Offer’.
Entropy_Info(Target Attribute = Job Offer) = Entropy_Info(7, 3) =

- "["7“10%2 Ly i1082 -13—] =~(~0.3599 +~0.5208) = 0.8807
Iteration 1: 10 710 10 0

Step 2:
* Calculate the Entropy_Info and Gain(Information_Gain) for each of the attribute in the training -
dataset. - '

Table 6.4 shows the number of data instances classified with Job Offer as Yes or No for the attfibute :

CGPA.

Table 6.4: Entropy Information for CGPA

9 3 1 4
>8 4 0 4 0
<8 0 2 2

Entropy_Info(T, CGPA)
A e 3 e LA e 200 02 0, 02, 2
10| 4 B2y g By | 0| T By T g By | Tqg| T2 %6 T2 %83

- T46 (03111 +04997) + 0+ 0

=0.3243
Gain (CGPA) = 0.8807 - 0.3243
=0.5564

Table 6.5 shows the number of data instances classified with Job Offer as Yes or No for the
attribute Interactiveness. :

Table 6.5: Entropy Information for Interactiveness

YES |
NO 2 2 4
: 6| 5 5 1 1 41 2. 2 2 2
Entropy_Info(T, Interactiveness) = —| ——log. — — —log — |+ —| —=log. = - Z]log =
ntropy._Infof ) 10[ 6 216 6 526] 10[ g 62y g g24]

= %(0.2191 +0.4306) + %(0.4997 +0.4997)

=0.3898 + 0.3998 = 0.7896
Gain(Interactiveness) = 0.8807 — 0.7896
=0.0911

Table 6.6 shows the number of data instahces classified with Job Offer as Yes or No for the
attribute Practical Knowledge.



- Table 6.6: Entropy Information for Practical Knowledge
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Very Good 2 0 0
Average 1 2
Good 4 1
Entropy_Info(T, Practical Knowledge)
22,2 0,00 31 L1 2,2 5 4 8 L]
0] 2% 2 By | g 3 B2y 3% | 0|5 5 5 o
= 3(0) + —~§—(0.528O +0.3897) + i(0.2574 +0.4641)
10 10 10
=0+ 0.2753 + 0.3608
= (.6361

Gain(Practical Knowledge) = 0.8807 - 0.6361

Table 6.7 shows the number of data instances classified Wlth Job Offer as Yes or No for the
attribute Communication Skills.

= (.2446

Table 6.7: Entropy Information for Communication Skills

Good 4 1 5
Moderate 3 0 3
Poor 0 2 2
Entropy_Info(T, Communication Skills)
51 4 4 11 3 3 0 210 0
= | ——]0 w«mwl + —| ——log ——-—lo +—| ——log —-=lo
10[ 5 625 5 gg} 1o[n %8373 23} 10{ g B2y 8

3

5 ; 2
= (0.5280 + 0.3897) + —(0) + —(0
z.o( ) 10() m()

=(.3609

Gain(Communication Skills) = 0.8813 — 0.36096

= (.5203

The Gain calculated for all the attributes is shown in Table 6.8

Table 6.5 Gain

CGPA 0.5564
Interactiveniess 0.0911
Practical Knowledge 00246
Communication Skills 0.5203
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Step 3: From Table 6.8, choose the attribute for which entropy is minimum and therefore the gain
is maximum as the best split attribute. . ,

The best split attribute is CGPA since it has the maximum gain. So, we choose CGPA as the
root node. There are three distinct values for CGPA with outcomes 29, 28 and <8. The entropy
value is 0 for 28 and <8 with all instances classified as Job Offer = Yes for >8 and Job Offer = No for
<8. Hence, both 28 and <8 end up in a leaf node. The tree grows with the subset of instances with
CGPA 9 as shown in Figure 6.3. '

29

Figure 6.3: Decision Tree After lteration 1
Now, continue the same process for the subset of data instances branched with CGPA 9.

Iteration 2:

In this iteration, the same process of computing the Entropy_Info and Gain are repeated with the
subset of training set. The subset consists of 4 data instances as shown in the above Figure 6.3.

Entropy_Info(T) = Entropy_Info(3, 1) =

=— Elog ;°{ + -1—log £
4 °24 4 74
= —(-0.3111 + -0.4997)
= 0.8108
Entropy_Info(T, Interactiveness) = ;21— ‘%1082% - %1og2% + 721- ——12—10g 2-;— - %logz—;-
=0+0.4997
Gain(Interactiveness) = 0.8108 — 0.4997
=0.3111
Entropy_Info(T, Practical Knowledge)
o 2020100 01,2 Oiog, 0 Liog, 1] -Hiog. 3 -
4| 2 22 2722) 4|1 27771 °21) 4 1 7?1 1 21

Gain
Skil -
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Gain(Practical Knowledge) = (.8108

Entropy_Info(T, Communication Skills)

1

.M..%WZ;@O 2 ?@}; 9; 1 M,.Mm gw,h@,  t ;?:.30 }%..m..g;g@ d
Ta 2By By Ty T T BT T TR
-0

Gain{(Communication Skills) = 0.8108
The gain calculated for all the attributes is shown in Table 6.9.
“Table6:9: Total Gain

Interactiveness , 03111
Practical Knowledge :0.8108
Communication Skills 0.8108

- Here, both the attributes “Practical Knowledge’ and “Communication Skills" have the same
Gdin. So, we can either-construct the decision tree using “Practical Knowledge’ or ‘Communication
Skills". The final decision tree is shown in Figure 6.4.

<8

29

Good Very

good

Average

Figure 6.4: Final Decision Tree

ey
/ LN
LT 7 3N Wi 499

Construction

improvement over ID3. C4.5 w'w&m with continuous and discrete attributes and missing

values, and it also mgﬁgm post-pruning. 5.0 is the successor of C4.5 and is more efficient and
used for building smaller decision frees. C4.5 works with missing values by marking as ‘7', but

these missing attribute vaiwﬁs are not considered in the calculations.
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The algorithm C4.5 is based on Occam’s Razor which says that given two correct solutions,
the simpler solution has to be chosen. Moreover, the algorithm requires a larger training set -
for better accuracy. It uses Gain Ratio as a measure during the construction of decision trees,
ID3 is more biased towards attributes with larger values. For example, if there is an attribute calleq
‘Register No’ for students it would be unique for every student and will have distinct value for
every data instance resulting in more values for the attribute. Hence, every instance belongs to
a category and would have higher Information Gain than other attributes. To overcome this biag
issue, C4.5 uses a purity measure Gain ratio to identify the best split attribute. In C4.5 algorithm,
the Information Gain measure used in D3 algorithm is normaliz’ed by computing another
factor called Split_Info. This normalized information gain of an attribute called as Gain_Ratio is
computed by the ratio of the calculated Split_Info and Information Gain of each attribute. Then,
the attribute with the highest normalized information gain, that is, mghest gain ratio is used as
the splitting criteria.

As an example, we will choose the same training dataset shown in Table 6.3 to construct a
decision tree using the C4.5 algorithm. |

Given a Training dataset T,

The Split_Info of an attribute A is computed as given in Eq. (6.11):

l |1|

-— X log ) —l-‘l— (611)
where, the attribute A has got ‘v’ distinct values {a,, a,,.... 4 }, and lAil is the number of instances
for distinct value ‘¢’ in attribute A.

Split_Info(T, A) =

The Gain_Ratio of an attribute A is computed as given in Eq. (6.12):

Info_Gain(A)

(6.12)
Split_Info(T, A)

Gain_Ratio(A) =

1. Compute Entropy_Info Eq. (6.8) for the whole training dataset based on the target attribute.

2. Compute Entropy_Info Eq. (6.9), Info_Gain Eq. (6.10), S'plit__Info_ Eq. (6.11) and Gain_Ratio
Eq. (6.12) for each of the attribute in the training dataset.

3. Choose the attribute for which Gain_Ratio is maximum as the best spht attribute. ‘ 3
4. The best split attribute is placed as the root node. |

5. The root node is branched into subtrees with each subtree as an outcome of the
test condition of the root node attribute. Accordingly, the training dataset is also split
into subsets.

6. Recursively apply the same operation for the subset of the training set with the remaining
attributes until a leaf node is derived or no more training instances are available in
the subset.

U | - A /
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golution:

Jteration 1:

Make use of Information Gain of the aﬁribut&s which are _calcma‘ézed in 1D3

in Examp}e 6.3 to construct a decision tree using C4.5.

Step 1: Calculate the Class_Entropy for the target class Job Offer’.

Entropy_Info(Target Attribute =

Job Offer) = Entropy_Info(7, 3) =

= [Zlog 4 31g 3]

210 10 “*10
= (-0.3599 + -0.5208)
=0.8807

Step 2: Calculate the Entropy._Info, Gain(Info_Gain), Split_Info, Gain_Ratio for each of the attribute

in the training dataset.
CGPA:

1 4
Entropy Info(T, CGPA) = 4 {wi—logzz - iflogz Zi\ + %{mi-l()& i .Q.log2 Z]

10

4

=(.3243

= -i~6~(0.3111 +0.4997) + 0 +0

Gain(CGPA) = 0.8807 - 0.3243

= (0.5564

Split_Info(T, CGPA) =

4 4 2 2

4
4 210 2
109270 " 10%%2 70 10 210

= 05285 +0.5285 + 0.4641

=1.5211

Gain Ratio(CGPA) = (Gain(CGPA))/(Split_ Info(T, CGPA))

0.5564

= e = (1,3658

1.5211
Interactiveness:

Entropy Info(T, Interactivenes 55) =

j}w ;i{}g :W - A,N}Og;f NN T g %}0{;‘ Z
10| 6 %26 6 6] 10| 4 14

2, 2
e 103 yq e
R

Eg-g%‘jﬁ.ﬁf“ +0.4306) + Mu_zsm +0.4997)
) —( .

iU

- (0.3898 + 0.3998 = 0.7896

Gain{Interactiveness) = 0.8807 - 0.7896 = 0.0911
e y . 6 6 4 4 s
Gain{Interactiveness) = —— -log, — - fmgﬁ =(.9704
i@ E U xR \f Y
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Gain_Ratio(Interactiveness) = 'Gam(Interactwenfess)
g Split _Info(T, Interactiveness)

_ 00911
0.9704
=0.0939
Practical Knowledge: | | -
| o2 2 0 0} 3| 1, 2. 2
Entropy@ln'fo(T, Practical Knowledge) = ﬁ){——z—log 25 log2 2} 10[ 3 g 23" —-1 0g, 31\

5

=0 +0.2753 + 0.3608 = 0.6361

Ga1n(Pract1cal Knowledge) 0.8807 - 0.6361

=(.2448
Split_Info(T, Practical Knowledge) = —Talog ) % - %bg ) —1% ~ %Iog 2%

=1.4853
d
Gain_Ratio(Practical Knowledge) = Gain(Practical Knowledge)
Split _Info(T, Practical Knowledge)

0.2448
1.4853
=(.1648
Communication Skills: . ' . ,
5 4 4 1 31 3 3 0O
Entropy_Info(T, Communic tion Skills) = —{ ——lo Z _Zlog —|+—|—-=log ——— —
py_Infol . ) 10{ 58255 g25} 10{ 37982373 523]
+_2_'“9_10 —-—log 2
10| 2 8,5 7 27|

= ——(0 5280 + 0.3897) + —(0) 2 100

= 0.3609
Gain(Communication Skills) = 0.8813 — 0.36096
=0.5202
5 5 3 3 2
Split _Info(T, Communication Skills lo 2 log, ———log, —
P ( )=-151%8:79 10 8270 10 210
=1. 4853

Gain_Ratio(Communication Skills) = Gain(Communication Skills)
Split_ Info(T, Communication Skills)

= 9—5~2—0£ = 0.3502
1.4853 -

2 (0)+ %(0.5280 +0.3897) + -1:6(0.2574 +0.4641)

A PN f*-—l !
10l 75 %25 log, 5

It




Table 6.10 shows the Gain_Ratio computed for all the attributes.

Table 6.10: Gain_Ratio

CGPA 0.3658 .

INTERACTIVENESS 0.0939

PRACTICAL KNOWLEDGE | 0.1648

COMMUNICATION SKILLS | 0.3502

Step 3: Choose the attribute for which Gain_Ratio is maximum as the best split attribute.

From Table 6.10, we can see that CGPA has highest gain ratio and it is selected as the best split
attribute. We can construct the decision tree placing CGPA as the root node shown in Figure 6.5.

The training dataset is split into subsets with 4 data instances.

Iteration 2:

Total Samples: 4

Decision Tree Learning e

Figure 6.5: Decision Tree after Iteration 1

Repeat the same process for this resultant dataset with 4 data instances.

Job Offer has 3 instances as Yes and 1 instance as No.

Entropy_Info(Target Class = Job Offer) = -g§@gz —— wée g)

ww

=(03112+05

i
H
|
H
!
;
i
]
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Split _Info(T, Interactiveness) = ——?Ilog 2% - ilogzi- =05+05=1

Gain_Ratio(Interactiveness) = -Gam(lnterachven.ess) :
Split_Info(T, Interactiveness)
_ 03112 _ 03112
1
Practical Knowledge:
. | of2. 20, 0] 1[0 01 1
Entropy_Info(T, Practical Knowledge) = Z{—Elogz 5 Elog2 —2—} + Z{—?logz 1" Ilog2 ﬂ
1[ 1., 1.9 0]
TR
=0
Gain(Practical Knowledge) = 0.8108 :
. . 2 2 1 1 1 1
Solit Info(T, Practical Knowledge) = -=log, — - —lo -=log, —=15
p_A(. dge) =-710g,7 =798, 71 %87

Gain(Practical Knowledge)  _ 0.8108
Split_Info(T, Practical Knowledge) 1.5

Gain_Ratio(Practical Knowledge) = =(.5408

Communication Skills:

: : o 92 2 0, 0] 140 0 1 1
Entropy_Info(T, Communication Skills) = 7‘!:[——2-10552 5" —2—10g2 —z-j\ + ;i———log2 1 —{log ) —1-]

=0
Gain(Communication Skills) = 0.8108
Split_Info(T, Communication Skills) = ——2—10 2. —1-10 1 l10 e 1.5
pHt Aot 198y T By T Ry

Gain_Ratio(Communication Skills) = Gain(Practical Knowledge) = 0.8108

= T , = 0.5408
Split_Info(T, Practical Knowledge) 1.5

Table 6.11 shows the Gain_Ratio computed for all the attributes. -
Table 6.11: Gain-Ratio

Interactiveness . 2
Practical Knowledge 0.5408
Commui\icaﬁon Skills ’ 0.5408

Both ‘Practical Knowledge’ and ‘Communication Skills’ have the highest gain ratio. So, the best
splitting attribute can cither be ‘Practical Knowledge’ or ‘Communication Skills’, and therefore, the
split can be based on any one of these. , l

" Here, we split based on ‘Practical Knowledge'. The final decision tree is shown in Figure 6.6.

P L B o T B o ]
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28

29

Good Very

good

Average

Figure 6.6: Final Decision Tree
®

Dealing with Continuous Attributes in C4.5

The C4.5 algorithm is further improved by considering attributes which are continuous, and a
continuous attribute is discretized by finding a split point or threshold. When an attribute “A” has
numerical values which are continuous, a threshold or best split point ‘s” is found such that the set
of values is categorized into two sets such as A < s and A 2 s. The best split point is the attribute
value which has maximum information gain for that attribute.

Now, let us consider the set of continuous values for the attribute CGPA in the sample dataset
as shown in Table 6.12.

Table 6.12: Sample Dataset

1 95 Yes
2 8.2 Yes
3. 9.1 No
4 6.8 No
5, 8.5 Yes
6. 9.5 Yes
7. 79 No
9 8.8 Yes
(0 8.8 Yes
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First, sort the values in an ascending order.

68 179 182185 (8888 |91 |9.1[95 |95 | |
Remove the duplicates and consider only the uniqﬁe*values of the attribute.
68 179 (82185 8888|9195

Now, compute the Gain for the distinct values of this continuous attribute. Table 6.13 shows
the computed values. '

»‘ Table 6.13; Gain Values for CGPA

Range < < < < >

| Yes 0 0 2 5 |2
No 11 2 (2 1 | 2 1 2] 1 2 1 3 0|
Entropy 0 | 0763710 | 0543309177 |0:5913|1 |0.6497| 0.9177  0’:‘8'108 0.9538 |0
Entropy_Info| 0.6873 0.4346 0.6892 0.7898 0.8749 0.7630

(5T ,
Gain | 01935 0.4462 0.1916 0.091 0.0059 0.1178 0

For a sample, the calculations are shown below for a single distinct value say, CGPA € 6.8.

7 7 3 3
Ent Info(T, Job_Offer) =~} —log, — + —log, —
ntropy_. o(T, Job_Offer) LO 0g, 07 10 0g, 10}

(= 0.3599 + —0.5209)
0.8808

i

i

| 7. 7.2 2]
Ent 7.2)=—-| ~log, — + —log, —{
ntropy(7, 2) {9 08,579 0g, 9}
= —(-0.2818 + -0.4819)
=0.7637 o

Entropy_Info(T, CGPA € 6.8) = 1—10- x Entropy(0, 1) + —%Eﬁttopy(% 2)

110,90 1.1t 2 T oe L 210 2
51771087 T 7| 35| 79 B2 g oe9
— 0+ —(0.7637) ' .

10

 =06873
Gain(CGPA € 6.8) = 0.8808 - 0.6873
=0.1935

Similarly, the calculations are done for cach of the distinct value for the attribute CGPA and
a table is created. Now, the value of CGPA with maximum gain is chosen as the threshold value
or the best split point. From Table 6.13, we can observe that CGPA with 7.9 has the maximum gain
a5 0.4462. Hence, CGPA e 7.9 s chosen as the split point. Now, we can dicretize the continuous values
of CGPA as two categories with CGPA <7.9 and CGPA > 7.9. The resulting discretized instances are
shownin Table 6.14. '
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Table 6.14: Discretized Instances

L 9.5 >7.9 . Yes
2. 8.2 7.9 Yes
3. 9.1 >7.9 No
4. 6.8 79  |No
5. 85 57.9 Yes
6. 9.5 >7.9 Yes
7. 7.9 <79 No
8, 9.1 | 579 | Yes
9. 8.8 >7.9 -] Yes
10. 8.8 , >7.9 .| Yes

6.2.3 Classification and Regression Trees Construction

The Classification and Regression Trees (CART) algorithm is a multivariate decision tree learning
used for classifying both categorical and continuous-valued target variables. CART algorithm is
~an example of multivariate decision trees that gives oblique splits. It solves both classification and
regression problems. If the target feature is categorical, it constructs a classification tree and if the
target feature is continuous, it constructs a regression tree. CART uses GINI Index to construct a
decision tree. GINI Index is defined as the number of data instances for a class or it is the proportion
of instances. It constructs the tree as a binary tree by recursively splitting a node into two nodes.
Therefore, even if an attribute has more than two possible values, GINI Index is calculated for
all subsets of the attributes and the subset which has maximum value is selected as the best split
subset. For example, if an attribute A has three distinct values say {a,, a,, a,}, the possible subsets
are {}, {a }, {a,}, {a)}, 0, a,}, {a,, 4}, {a, 0.}, and {a,, a,, a,}. So, if an attribute has 3 distinct values, the
number of possible subsets is 2°, which means 8. Excluding the empty set { } and the full set {a,, a,,
a,}, we have 6 subsets. With 6 subsets, we can form three possible combinations such as:

{a,} with {a,, a}

{a,} with {a, a,}

{a,) with {a, a,}

Hence, in this CART algorithm, we need to compute the best splitting attribute and the best
split subset i in the chosen attribute.

Higher the GINI value, higher is the homogeneity of the data instances.
Gini_Index(T) is computed as given in Eq. (6.13).
Gini_Index(T)= 1~ 2" P? (6.13)

St o v B o oo £ T8 S emess g 1 bt s
belongs to class . 118 computed as:

437

be the probability that a data instance or a tuple “d

P = No. of data instances belonging to class i1/ Total no of data instances in the training
dataset T

GINIIndex assumes a binary split on each attribute, therefore, every attribute is considered as

[ S o bfeses E TR SURR A PR M STV SNIE S UV SN SUUEET SRR S
4 binary attribute which splits the data instances into two subsets 5, and 5,.
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Gini_Index(T, A) is computed as given in Eq. (6.14).

ISIGlm(S)JS!Glm(S) B (6.14)
-14)

4 7

The splitting subset with minimum Gini_Index is chosen as the best splitting subset for an
attribute. The best splitting attribute is chosen by the minimum Gini_Index which is otherwise
maximum AGini because it reduces the impurity.

Gini_Index(T, A)

AGini is computed as given in Eq. (6.15): : |
AGini(A) = Gini(T) — Gini(T, A) | ‘ (6.15)

1. Compute Gini_Index Eq. (6.13) for the whole training dataset based on the target attribute.

2. Compute Gini_Index for each of the attribute Eq. (6. 14) and for the subsets of each attnbute
in the training dataset.

. Choose the best splitting subset which has minimum Gini_Index for an attribute.
. Compute AGini Eq. (6.15) for the best splitting subset of that attribute.

. Choose the best splitting attribute that has maximum AGini.

. The best split attribute with the best split subset is placed as the root node.

NN Ul W

‘The root node is branched into two subtrees with each subtree an outcome of the test
condition of the root node attribute. Accordmgly, the training dataset is also spht into -
two subsets. '

8. Recursively apply the same operation for the subset of the training set with the remaining
attributes until a leaf node is derived or no more training instances are available in
the subset.

J

l| Choose the same training dataset shown in Table 6.3 and construct a decision tree
algonthm

umg
Solution:

Step 1: Calculate the Gini_Index for the dataset shown in Table 6.3, which consists of 10 data
instances. The target attribute ‘Job Offer’ has 7 instances as Yes and 3 instances as No.

» : 2 2
Gini_Index(T)=1- (_7—) - (é—)
10 10

=1-0.49-0.09
=1-0.58
Gini_Index(T) = 0.42

Step 2: Compute Gini_Index for each of the attribute and each of the subset in the attnbute
CGPA has 3 categories, so there are 6 subsets and hence 3 combinations of subsets (as shown
“in Table 6.15). '
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Table 6.15: Categories of CGPA

<8 0 2

Gini_Index(T, CGPA e (29, 28}) =1 — (7/8)2 - (1/8)*
| =1-0.7806
=0.2194
Gini_Index(T, CGPA e {<8}) =1 - (0/2)2 - (2/2)2
=1-1
=0
Gini_Index(T, CGPA e {(29, >8), <8} = (8/10) X 0.2194 + (2/10) x 0
=0.17552
Gini_Index(T, CGPA e {29, <8}) =1 - (3/6)* - (3/6)*
| | =1-05=05
Gini_Index(T, CGPA e {28}) =1 — (4/4)* - (0/4)?
=1-1=0
Gini_Index(T, CGPA € {(29, <8), >8}) = (6/10) x 0.5 + (4/10) x 0
=0.3
Gini_Index(T, CGPA e {28, <8)) = 1 — (4/6)? - (2/6)*
=1-0.555
= (.45
Gini_Index(T, CGPA e (29}) = 1 — (3/4)2 — (1/4)?
=1-0.625
e =0.375
Gini_Index(T, CGPA e {(28, <8), 29}) = (6/10) x 0.445 + (4/10) x 0.375
=0.417
a Table 6.16 shows the Gini_Index for 3 subsets of CGPA. .

Of}, <ofNas e lowest L

177
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Step 4: Compute AGIni or the best splitting subset of that attribute.
AGini(CGPA) = Gini(T ) - Gini(T, CGPA)
2042-01755
- 0.2445 |
for the remaining attributes in the dataset such as for Intéractiveness ,

Repeat the same process
shown in Table 6.17, Practica

Table 6.17: Categories for Interactiveness

] Knowledge in Table 6.18, and Communication Skills in Table 6.20.

Yes 5
No 2

2 2
Gini_Index(T, Interactiveness € {Yes}) =1- [%} - (—2—}
: \"/ \

=1-0.72
=028

2 2
Gini_Index(T, Interactiveness & {No}) =1~ (i—) - (%\
| | )

\4
=1-05
=05
Gini_Index(T, Interactiveness € {Yes, No}) ='—1%(0.28) + —1%(0.55
=0.168 + 0.2
=0.368
AGini(Interactiveness) = Gini(T ) - Gini(T, Interactiveness)
=0.42 - 0.368
=(.052

Table 6.18: Categories for Practical Knowledge

Very Good
Good
Average 2
' 2 2
* Gini_Index(T, Practical Knowledge € {Very Good, Good} = (g—) - (—;—
=1-0.7544
=0.2456

2 2
Gini_Index(T, Practical Knowledge € {Average})=1- (%} - (%)
- =1-0555=0445
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Cini_Index(T, Practical Knowledge e {Very Good, Good], Average)

2 /
= 7 X (.2456 + i X (.445
10 10
=0.3054
3 2 2 2
Gini_Index(T, Practical Knowledge e {Very Good, Average})=1- A
=1-0.52
= (.48
4 2 1 2
Gini_Index(T, Practical Knowledge e {Good})=1 - SR
=1-0.68
=(0.32
Giniwlndex(T, Practical Knowledge e {Very Good, Average}, Good) = —% x 0.48 + % x 0.32
| =040
5 2 3 2
Gini_Index(T, Practical Knowledge e {Very Good, Average})=1- s 1
=1-0.5312 = 0.4688
2 2 O 2
Gini_Index(T, Practical Knowledge e {Very Good})=1~ 51 713

Gini_Index(T, Practical Knowledge e {Good, Average}, Very Good) = % % 0.4688 + 1‘% x 0

= 0.3750
Table 6.19 shows the Gini_Index for various subsets of Practical Knowledge.

Table 6.19: Gini_Index for Practical Knowledge

(Very (xoo, Good)" Average 0.3054
(Very Good, Average) | Good : 040
(Good, Average) Very Good 0.3750

AGini(Practical Knowledge) = Gini(T') -~ Gini(T, Practical Knowledge)
= (.42 — 0.3054 = 0.1146

¥Rl

Table 6.20: Categories for Communication Skills

| Good i 1 |

| Moderae

| Poor 0 2

kY

Wy
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. 2 2 AG

Gini_Index(T, Communication Skills € {Good, Moderate}) =1 - (%} - (—3 .
=1-0.7806

=0.2194 Tt ~

Gini_Index(T, Communication Skills e {Poor})=1- (22-) [ )
1=0

1-

Gini_Index(T, Communication Skills € {Good, Moderate}, Poor) = (-1%) % 0.2194 + (—1’30-) x0

=(0.1755
. W (3 2 i St
Gini_Index(T, Communication Skills e {Good, Poor})=1- (—7—) - (;] F ep(»«,
~1-0.5101 b ootnt

= 0.4899 CAR :

. . 2
Gini_Index(T, Communication Skills € (Moderate})=1- (—a - [%}
—1-1=0

Gini_Index(T,Communication Skills e {Good, Poor}, Moderate) = (”1%) % 0.4899 + (%) x 0
| = 0.3429

2 2
Gini_Index(T, Communication Skills € {Moderate, Poor})=1- (—g) - @)

=1-0.52
=048

' 2 2 : . ;

Gini_Index(T, Communication Skills {Good})=1 - (E) - (—1-] ' i
,=1-0.68
: v =032 _ '
. ) 5 2 5 2
Gini_Index(T, Communication Skills € {Moderate, Poor}, Good) = (-1—0) x 048 + [—1-6) x 032
: . = 0.40

Table 6.21 shows the Gini_Index for various subsets of Communication Skills.

Table 6.21: Gini-Index for Subsets of Communication Skills

Poor

(Good, Moderate) ‘ :
| (Good, Poor) Moderate 03429 | 1 v
(Moderate, Poor) Good 0.40 :
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AGini(Communication Skills) = Gini(T') - Gini(T, Communication Skills)
= (.42 - 0.1755
=(0.2445

Table 6.22 shows the G:iﬁijndexand A(}im values calculated for all the attributes.

Table 6.22: Gini_Index and AGini for all Attributes

CGPA 0.1755 0.2445
Interactiveness 0.368 0.052
Practical knowledge 0.3054 0.1146
Communication Skills 0.1755 0.2445

Step 5: Choose the best splitting attribute that has maximum AGini.

CGPA and Communication Skills have the highest AGini value. We can choose CGPA as the
root node and split the datasets into two subsets shown in Figure 6.7 since the tree constructed by
CART is a binary tree.

1. 29 Yes Very good Good Yes
2. 28 No Good Moderate Yes
3. 29 No Average Poor No
5. 28 Yes Good Moderate Yes
6. 29 Yes Good Moderate Yes
8. 29 No -1 Very good Good Yes
9. >8 Yes Good Good Yes
10. 28 Yes Average Good Yes
.. //// ‘ \m\

Gt 4
[RISIA 0N

Figure 6.7: Decision Tree after ltera

has 8 data instances as s

IS TN ST U SRS TURIS S S SR | ¥ e e b St o
In the second iteration, the datasel . Repeat the same

i the splitting subset for

process to find the best splitting attribute ar
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Table 6.23: Subset of the Training Dataset after Iteration 1

Gir

1. Very good Good
2. 28 | No~ Good _ Moderate ' ;
3. 29 No . Average Poor No Gi
5. 28 | Yes Good Moderate E Yes N
6. 29 | Yes Good Moderate Yes
8. 29 No | Very good Good ' Yes
9. 28 Yes Good Good Yes

- 10. >8 Yes ' Average Good .| Yes Gg

. 2 2
Gini_Index(T) =1 - (Z) - (1)
| 8] |8
=1~ 0.766 - 0.0156
=1-058
. Gini_Index(T) = 0.2184

Tables 6.24, 6.25, and 6.27 show the categories for attributes Interactiveness, Practical Knowledge,
and Communication Skills, respectively. ”

Table 6.24: Categories for Interactiveness

5
No 2

Gini_Index(T, Interactiveness e Yed)zl -g—) - (—}

1-

it
Il

1
2 2
Gini_Index(T, Interachveness e {No}) =1~ (—3— - (-—]
0.111 =0.449

Gini_Index(T, Interactiveness € {Yes, No})}= %) x 0+ (—3 x 0.449

' =0.056
AGini(Interactiveness) = Gini(T) — Gini(T, Interactiveness)
=0.2184 - 0.056 = 0.1624

Table 6.25: Categories for Practical Knowledge

Very Good
Good 4 0

Average'
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2 N2
Gini_Index(T, Practical Knowledge e {Average}) =1~ (\i] - [f;)
=1-025~025
=0.5
6V (7).
Gini_Index(T, Practical Knowledge e {Very Good, Good}, Average) = [—é) X 0+ (—é) % 0.5

=0.125

' : 2 2
Gini_Index(T, Practical Knowledge e {Very Good, Average}) =1~ (w] - [w)

=1~ 0.5625 ~ 0.0625
=0.375

Gini_Index(T, Practical Knowledge € {Good})=1- (%) ~(~J
1=0

it

1-
Gini_Index(T, Practical Knowledge € {Very Good, Average, Good)= (%) x 0.375 + (%} x 0

= 0.1875

N2 2
Gini_Index(T, Practical Knowledge € {Good, Average}) = 1- (%) - (%}

=1-0.694 - 0.028
= (.278

.2 2
Gini_Index(T, Practical Knowledge e {Very Good})=1~- (g] - [9]

Average

LOO0 3.1875

(Good, Average) Very Good 0.2085
kY £ Nl P
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AGini(Practical Knowledge) = Gini(T ) - Gini(T, Practical Knowledge) .'
=(.2184 -0.125
=(.0934

‘Table 6.27: Categories for Communication Skills

Good
Moderate

Poor

O

Gini_Index(T, Communication Skills € {Good, Moderate})

1l

p—

I
Pt TN
e BN
N
N>

!
TN

2 2
Gini_Index(T, Communication Skills € {Good, Poor})=1 - (—j - (—)

=1-0.64-0.04
=0.32

2 2

Gini_Index(T, Communication Skills € {Moderate})=1- [——J - (-)
=1-1=0

Gini_Index(T,Communication Skills € {Good, Poor}, Moderate) = (%) x0.32 + (g) x 0

= 0.2

_ 2 2
Gini_Index(T, Communication Skills € {Moderate, Poor})=1- (EJ - (—1-)

=1-0.5625 - 0.0625
=0.375

2 ’ 2
Gini_Index(T, Communication Skills € {Moderate, Poor}, Good) = (%) x 0.375 + (fg—) x 0

=0.1875
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e

Table 6.28 shows the’GiniM]@deex for subsets of Communication Skills.

Table 6.28: Gini_Index for Subsets of Communication Skills

(Good, Moerate) ) Poor ' 0
(Good, Poor) Moderate 0.2
(Moderate, Poor) Good - 0.1875

AGini(Communication Skills) = Gini(T ) - Gini(T, Communication Skills)
=0.2184 ~0=0.2184
Table 6.29 shows the Gini_Index and AGini values for all attributes.

Table 6.29: Gini_Index and AGini Values for All Attributes

Interactiveness " 0.056 0.1624
Practical knowledge 10125 0.0934
Communication Skills 0 0.2184

Communication Skills has the higheét AGini value. The tree is further branched based on the
attribute ‘Communication Skills’. Here, we see all branches end up in a leaf node and the process
of construction is completed. The final tree is shown in Figure 6.8.

6.2.4 Regression Trees

Regression trees are a variant of decision trees where the target feature is a continuous valued
variable. These trees can be constructed using an algorithm called reduction in variance which uses
standard deviation to choose the best splitting attribute.

3

Compute standard deviation for each attribute with respect to target attribute.

2. Compute standard deviation for the number of data instances of each distinct value of an

attribute.

| 3. Compute weighted standard deviation for each attribute.

(Continued)
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~ |
4. Compute standard deviation reduction by subtracting weighted standard deviation for each’
attribute from standard deviation of each attribute. ‘ '

5. Choose the attribute with a higher standard deviation reduction as the best split attribute.

6. The best split attribute is placed as the root node.
Ass

7. The root node is branched into subtrees with each subtree as an outcome of the test condition
of the root node attribute. Accordingly, the training dataset is also split into different subsets,
8. Recursively apply the same operation for the subset of the training set with the remaining
| attributes until a leaf node is derived or no more training instances are available in the subset,
- » iy
@
Construct a regression iree using the following Table 6.30 which consists of Ay
10 data instances and 3 attributes ‘Assessment’, ’Assignment’ and ‘Project’. The target attribute is B
the ‘Result’ which is a continuous attribute. St -
Table 6.30: Training Dataset -
A
1. | Good Yes Yes 95
2. | Average Yes No 70
3. | Good No Yes - 75
4. | Poor No No 45
5. | Good Yes " | Yes 98 I
6. | Average No Yes 80 )
7. | Good No No - 75 "
8. | Poor Yes Yes 65
9. | Average No No 58
10. | Good Yes Yes | . 89
Solution: 1
Step 1: Compute standard deviation for each attribute with respect to the target attribute: r _

Average=(95+70+75+45+98+80.+75+65+58+89)=75
(95 — 75)% + (70 = 75) + (75~ 75)" + (45~ 75)2 +(98 - 75)* + (80 - 75)2
1 (75 - 75) + (65 - 75)* + (58 — 75)" + (89 — 75)2
' 10 '

Standard Deviation =

=16.55
Assessment = Good (Table 6.31)
Table 6.31: Attribute Assessment = Good ’

1.

3. | Good No Yes 75
- 5. | Good | Yes Yes 98

7. | Good No No 75

10. | Good : Yes Yes- -89
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Average = (95 +75 + 98 + 75 + 89) = 664
J (95 - 86.4)" + (75 - 864)2 +(98 — 86.4) + (75 — 86.4) + (89 — 86.4)"

=

standard Deviation =
v | :

=109

Assessment = Average (Table 6.32)
Table 6.32: ‘Attribute Assessment = Average

2. | Average - |Yes No
6. | Average No Yes 80
9. | Average No No 58 .

Average = (70 + 80 + 58) = 69.3
\j(m —69.3)" + (80 — 69.3)2 +(58 — 69.3)*

=11.01.

Standard Deviation = 3

Assessment = Poor (Table 6.33)

Table 6.33: Attribute Aésessment = Poor

4. | Poor No
8. Poor Yes

Average = (45 +65) = 55

45 — 55)? + (65 — 55)?
2

Table 6.34 shows the standard deviation and data instances for the attribute-Assessment.

=14.14

Standard Deviation = \[(

Table 6.34: Standard Deviation for Assessmert

Good 10.9
Average 11.01
Poor 14,14

Weighted standard deviation for Assessment = {%} x 10.9 + [%) x 1101+ [126) x 14.14

=11.58
Standard deviation reduction for Assessment = 16.55 - 11.58 = 497
Assignment = Yes (Table 6.35)
Table 6.35: Assignment = Yes

1. | Good Yes Yes 9%
2. | Average Yes No 70
5 Good Yes Yes 98
8 | Poor Yes Yes 65
10. | Good Yes Yes 89
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Average = (95 + 70 + 98 + 65 + 89) = 83.4 |
(95 - 83.4)" + (70 — 83.4)? + (98 — 83.4)? + (65 — 83.4)" + (89 — 83 4)2

Standafd Devia_tion = \/

-5

=14.98
Assignment = No (Table 6.36)
Table 6.36: Assignment = No

3. | Good No Yes 75
4. | Poor No  |No 45
6. -| Average No Yes 80
7. |.Good No . | No 75
9. | Average No No 58

Average = (75 + 45 + 80+ 75 + 58) = 66.6

Standard Deviation =

J(75 — 66.6)% + (45 - 66.6)2 + (80 — 66.6)% + (75 — 66.6)% + (58 — 66.6)2
5 .
=147

Table 6.37 shows the Standard Deviation and Data Instances for attribute, Assignment.

Table 6.37: Standard Deviation for Assignment

Yes. 14.98 5

No 147

Weighted standard deviation for Assignment= (%) X 14.98 + (i%) x14.7 = 14.84

Standard deviation reduction for Assignment = 16.55 - 14.84 = 171
~ Project = Yes (Table 6.38) '

Table 6.38: Project = Yes

1. | Good Yes Yes 95
3. | Good No | Yes 75
5. | Good Yes Yes' 98
6. |Average | No Yes 80
8. - | Poor Yes Yes = | 65
10. | Good Yes Yes 89
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Average = (95 +75 + 98 + 80 + 65 + 89) = 83.7
| (95 ~ 83.7) + (75 — 83.7) + (98 — 83.7)* + (80 — 83.7)? + (65 — 83.7)?
+ (89 - 83.7)

Standard Devié*&i@n
=12.6
Project = No (Table 6.39)
‘Table 6.39: Project = No

2. | Average Yes No 70
4. | Poor No No 45
7. | Good No No 75
9. | Average No No 58

Average = (70 + 45 + 75 + 58) = 62

(70 = 75Y + (45 = 75)2 + (75 — 75)% + (58 — 75)?
4

Standard Deviation =

=13.39
Table 6.40 shows the Standard Deviation and Data Instances for attribute, Project.

Table 6.40: Standard Deviation for Project

Yes 12.6 6

No 13.39 - 4

‘ 6 4
Weighted standard deviation for Assessuent= o X 2.6 + m X 13.39 =12.92

Standard deviation reduction for Assessment = 16.55 -~ 12.92 = 3.63

Table 6.41 shows the standard deviation reduction for each attribute in the training dataset.

Table 6.41: Standard Deviation Reduction for Each Attribute

Assessment 497
Assignment 1.71
Project 3.63

The attribute “Assessment’ has th

chosen as the best ¢ gfzé’?‘gmﬂ ribute.

Assesamer it

=d on the efiii ibute”

&3 {.f‘

I;'

e maximum Standard Deviation Reduction and hence it is
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Assessment

Good P Poor
Average
L Yes % -4, Poor No
3. No 75 8. Poor Yes
5. Yes Yes o8
7. No No 75
Yes Yes 89 S o
= 2 erage Yes No 70

) 6. Average No Yes 80
9. Average No No 58

Figure 6.9: Regression Tree with Assessment as Root Node

The rest of regression tree construction can be done as an exercise.
®

6.3 VALIDATING AND PRUNING OF DECISION TREES

Inductive bias refers to a set of assumptions about the domain knowledge added to the training
data to perform induction that is to construct a general model out of the training data. A bias is |
generélly required as without it induction is not possible, since the training data can normally be
generalized to a larger hypothesis space. Inductive bias in ID3 algorithm is the one that prefers the
first acceptable shorter trees over larger trees, and when selecting the best split attribute during
construction, attributes with high information gain are chosen. Thus, even though ID3 searches
a large space of decision trees, it constructs only a single decision tree when there may exist
many alternate decision trees for the same training data. It applies a hill-climbing search that does
not backtrack and may finally converge to a locally optimal solution that is not globally optimal.’
The shorter tree is preferred using Occam’s razor principle which states that the simplest solution
is the best solution.

Overfitting is also a general problem with decision trees. Once the decision tree is constructed,
:+ must be validated for better accuracy and to avoid over-fitting and under-fitting. There is always
a tradeoff between accuracy and complexity of the tree. The tree must be simple and accurate. If the
tree is more complex, it can classify the data instances accurately for the training set but when test
data is given, the tree constructed may perform poorly which means misclassifications are higher
and accuracy is reduced. This problem is called as over-fitting. :

To avoid overfitting of the tree, we need to prune the trees and construct an optimal decision
tree. Trees can be pre-pruned or post-pruned. If tree nodes are pruned during construction or
the construction is stopped earlier without exploring the nodes' branches, then it is called
as pre-pruning whereas if tree nodes are pruned after the construction is over then it is called
as post-pruning. Basically, the dataset is split into three sets called training dataset, validation
dataset and test dataset. Generally, 40% of the dataset is used for training the decision tree and
the remaining 60% is used for validation and testing. Once the decision tree is constructed, it is
validated with the validation dataset and the misclassifications are identified. Using the number of
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instances correctly classified and number of instances wrongly classified, Average Squared Error
(ASE) is computed. The tree nodes are pruned based on these computations and the resulting tree
is validated until we get a tree that performs better. Cross validation is another way to construct
an optimal decision tree. Here, the dataset is split into k-folds, among which k-1 folds are used
for training the decision tree and the k* fold is used for validation and errors are computed. The
process is repeated for randomly k-1 folds and the mean of the errors is computed for different
irees. The tree with the lowest error is chosen with which the performance of the tree is improved.
This tree can now be tested with the test dataset and predictions are made.

Another approach is that after the tree is constructed using the training set, statistical tests like
error estimation and Chi-square test are used to estimate whether pruning or splitting is required
for a particular node to find a better accurate tree.

The third approach is using a principle called Minimum Description Length which uses
a complexity measure for encoding the training set and the growth of the decision tree is stopped
when the encoding size (i.e., (size(tree)) + size(misclassifications(tree)) is minimized. CART and
C4.5 petform post-pruning, that is, pruning the tree to a smaller size after construction in order
to minimize the misclassification error. CART makes use of 10-fold cross validation method to
validate and prune the trees, whereas C4.5 uses heuristic formula to estimate misclassification
error rates.

Some of the tree pruning methods are listed below:
1. Reduced Error Pruning

Minimum Error Pruning (MEP)

Pessimistic Pruning

Error-based Pruning (EBP)

Optimal Pruning

ISUEE I

6. Minimum Description Length (MDL) Pruning
7. Minimum Message Length Pruning

8. Critical Value Pruning

1. The decision tree learning model performs an Inductive inference that reaches a general conclusion
from observed examples.

2. The decision tree learning model generates a complete hypothesis space in the form of a tree structure.

3. A decision tree has a structure that consists of a root node, internal nodes/decision nodes, branches,
and terminal nodes/leaf nodes.

L
L

Every path from root to a leaf node represents a logical rule that corresponds to a conjunction of test

attributes and the whole tree represents a disjunction of these conjunctions.

5. A decision tree consists of two major procedures, namely building the tree and knowledge inference

-classification.

TaYs

ot
FOEE U0 arg

ucted by finding the attribute or ure that best d

for the given test instances.

B
|
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| 7. Decision tree algorithms such as ID3, C4.5, CART, CHAID, QUEST, GUIDE, CRUISE, and CTREE,

are used for classification.

8. The univariate decision tree algorithm ID3 uses ‘Information Gain' as the splitting criterion whereas
algorithm C4.5 uses ‘Gain Ratio’ as the splitting criterion.

9. Multivariate decision tree algorithm called Classification and Regression Trees (CART) algorithm is
popularly used for classifying both categorical and continuous-valued target variables.

10. CART uses GINI Index to construct a decision tree.

11. ID3 works well if the attributes or features are considered as discrete/categorical values.

12. C4.5 and CART can handle both categorical attributes and continuous attributes. ’

13. Both C4.5 and CART can also handle missing values. C4.5 is prone to outliers but CART can handle

outliers too.

14. The C4.5 élgorithm is further improved by considering attributes which are continuous, and a
continuous attribute is discretized by finding a split point or threshold. ’

15. The algorithm C4.5 is based on Occam’s Razor which says that given two correct solutions, the
simpler solution must be chosen.

16. Regression trees are a variant of decision trees where the target feature is'a continuous-valued
variable.

e  Entropy - It is the amount of uncertainty or randomness in the outcome of a random variable or an

event.

o Information Gain — It is a metric that measures how much information is gained by branching on

an attribute.

e Gain Ratio - It is the normalized information gain computed by the ratio of Split_Info and Gain of

an attribute.

o  GINI Index - It is defined as the number of data instances for a class or it is the proportion of

instances.

e Inductive Bias — It refers to a set of assumptions added to the training data in order to perform

induction.

¢  Pre-Pruning - It is a process of pruning the tree nodes during construction or if the construction is

stopped earlier without exploring the nodes branches.

¢ Post-Pruning - It is a process of pruning the tree nodes after the construction is over.

How does the structure of a decision tree help in classifying a data instance?

What are the different metrics used in deciding the splitting attribute?
Define Entropy.
Relate Entropy and Information Gain.

IS

How does a C4.5 algorithm perform better than ID3? What metric is used in the algorithm?
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6. What is CART?

7. How does CART solve regression problems?

8. Whai: is meant by pre-pruning and post-pruning? Compare both the methods.
9. H@W are continuous attributes discretized?

10. Consider the training dataset shown in Table 6.42. Discretize the continuous attribute ‘Percentage’.

Table 6.42: Training Dataset

1. 95 Yes
2. 80 Yes
3. 72 No
4, 65 Yes
5. 95 Yes
6. 32 No
7. 66 No
8. 54 No
9. 89 Yes
10. 72 Yes

11. Consider the training dataset in Table 6.43. Construct decision trees using ID3, C4.5, and CART.
Table 6.43: Training Dataset

1. | Good Yes Yes Good Pass

2. | Average Yes No Poor Fail
3. | Good - | No Yes Good Pass
4. | Poor No No Poor Fail

- 5. | Good Yes Yes Good Pass
6. | Average No Yes Good Pass

7. | Good No No Fair Pass

8. | Poor Yes Yes Good Fail

9. | Average No No Poor Fail
10. | Good Yes Yes Fair Pass

3
e
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ACross
1.

10.

12.

13.
14.

-15.

16.

Machine Learning

Decision tree is based on
(Induction/Deduction).

Internal node is also known as
node.

CART uses GINI index for splitting. (True/
False)

Decision tree performs inductive
to reach general conclusion from observed
examples.

Occam's razor states that complex solution
is (better/worser) than simpler
solution.

CART is not a decision tree. (True/False)

A decision tree consists of a root node,
internal nodes and terminal nodes. (Yes/
No)

Missing value problem cannot affect C45
algorithm. (True/False)

Post-pruning is removal of nodes
(prior/after) the construction of a tree.

11.

17.

. ID3uses __ as splitting criteria.
Entropy is a measure of in the
system.

C4.5 is not prone for outlier problems.
(True/False)

Decision tree generates the hypothesis
space in terms of decision

. Two phases of a decision free are

construction of a decision tree and inference
or classification. (Yes/No)

Terminal nodes are also known as

nodes.
CART uses gain ratio as a criteria for
splitting. (True/False)

Categorical variables as target variables
are not allowed in CART algorithm. (True/
False)

Every path from a root node to a leaf node
constitutes a decision ___
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“In science, progress is possible. In fact, if one believes in Bayes’
theorem, scienlific progress is inevitable as predictions are made
and as beliefs are tested and refined.”

— Nate Silver

8.1 INTRODUCTIONTOP

Probability-based learning is one of the most important practical learning methods which combines
prior knowledge or prior probabilities with observed data. Probabilistic learning uses the concept
of probability theory that describes how to model randomness, uncertainty, and noise to predict

future events. It is a tool for modelling large datasets and uses Bayes rule to infer unknown
quantities, predict and learn from data. Ina probabilistic model, randomness plays a major role which

N < TN . . . N .y . : PR 7, y o sy 3
gives probability distribution a solution, while in a deterministic model there is no randomness and

N
it
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pence it exhibits the same 1n1t1a1 conditions every time the model is run and is likely to get a single
posSIble outcome as the solution.

Bayesian learning differs from probabilistic learning as it uses subjective probabilities
(e, probability that is based on an individual’s belief or interpretation about the outcome of an
event and it can change over time) to infer parameters of a model. Two practical learning algorithms
called Naive Bayes learning and Bayesian Belief Network (BBN) form the major part of Bayesian
learning. These algorithms use prior probabilities and apply Bayes rule to infer useful information.
Bayesian Belief Networks (BBN) is explained in detail in Chapter 9.

Scan for information on ‘Probability Theory” and for ‘Additional Examples’

N
8.2 FUNDAMENTALS OF BAYES THEOREM

Na’ivevBayes Model relies on Bayes theorem that works on the principle of three kinds of probabil-
ities called prior probability, likelihood probability, and posterior probability.

Prior Probability

It is the general probability of an uncertain event before an observation is seen or some evidence is |
collected. It is the initial probability that is believed before any new information is collected.

{ Likelihood Probability

Likelihood probability is the relative probability of the observation occurrihg for each class or the
sampling density for the evidence given the hypothesis. It is stated as P (Evidence | Hypothesis),
which denotes the likeliness of the occurrence of the evidence given the parameters.

Pdsterior Probability

It is the updated or revised probability of an event taking into account the observations from the
 training data. P (Hypothesis | Evidence) is the posterior distribution representing the belief about
the hypothe51s, given the evidence from the training data. Therefore,

Posterior probabﬂlty prior probability + new evidence

8.3 CLASSIFICATION USING BAYES MODEL

Naive Bayes Classification models work on the principle of Bayes theorem. Bayes’ rule is a mathe-

matical formula used to determine the posterior probability, given prior probabilities of events.

Generally, Bayes theorem is used to select the most probable hypothesis from data, considering
} both prior knowledge and posterior distributions. It is based on the calculation of the postenor
1 probability and is stated as:

P (Hypothesis | Evidence E)

where, Hypothesis k is the target class to be classified and Evidence E is the given test instance.
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P (Hypothesis ! Evidence E) is calculated from the prior probability p (Hypothesis h), the
likelihood probability P (Bvidence E | Hypothesis h) and the marginal probability p (Bvidence E).
ft can be written as: -
p(Evidence EIEL fhesis ) P(Hypothesis

P(E&ypoﬂneﬁsizEEhﬁdeﬂceEﬁsa~ﬁwlgwSEggwwwwzfﬁirffgingﬁngglmgﬁﬁml ®.1)

P(Bvidence E) ,

where, P (Hypothesis h) is the prior probability of the hypothesis 1 without observing the training
ny evidence. It denotes the prior belief or the initial probability that the

data or considering a
hypothesis 1 i correct. P (Bvidence E) i the prior probability of the evidence E from the training
<o called the marginal proba-

dataset without any Kknowledge of which hypothesis holds. It is al
bility. '
P (Evidence E'l

Hypothesis h) is the prior probability of Evidence E given Hypothesis h.
It is the likelihood probability of the Bvidence E after observing the training data that the

hypothesis 1 i correct. P (Hypothesis 1 | Evidence E) is the posterior probability of Hypothesis i

lity of the hypothesis 1 after observing the training data that the

given Evidence E.ltis the probabi
evidence E is correct. In other words, by the equation of Bayes Eq. (8.1), one can observe that:

Posterior Probability & Prior Probability x Likelihood Probability
Bayes theorem helps in calculating the posterior probability for a number of hypotheses, from
which the hypothesis with the highest probability can be selected.
This selection of the most probable hypothesis from a set of hypo
Maximum A Posteriori (MAP) Hypothesis.

theses is formally defined as

Maximum A posteriori (MAP) Hypothesis, h MAP

Given a set of candidate hypotheses, the hypothesis which has the maximum value is considered as

the maximum probable hypothesis O most probable hypothesis. This most probable hypothesis 15 called
the Maximum A Posteriori Hypothesis Hyup BAYES theorem Eq. (8.1) can be used to find the h
By = DXy p(Hypothesishl Evidence E)
P(Evidence E | Hypothesis h)P(Hypothesis hy
= max,‘lﬁ}{ M‘WMMW
P(Evidence E)
= mathP{Evidence E | Hypothesis h)P(Hypothesis h) (8.2) i hy;
- thi
Maximum Likelihood (ML) Hypothesis, h,, s
Given a set of candidate hypotheses, if every hypothesis is e@xaﬁy pr@babie,oﬁly p(Elh)is used
to find the most probable hypothesis. The hypothesis that gives the maximum likelihood for P(ELR 8
is called the Maximum Likelihood (ML) Hypoiﬁhesig, Mo .
B, = WAy p(Evidence E | Hypothesis 1) (8.3) , ;
Correctness of Bayes Theorem ?
, .
Consider two events A and B in a sample space S. t
ATETTETTE '
!

BETTETETE
P (A)=5/8




Bayesian Learning o 237

(
(A1B)=P (B I A)P(A)/P(B)==2/4
PBlA)=P(AIB)P(B)/P(A)==2/5

Let us consider a numerical example to illustrate the use of Bayes theorem now:

Consider a boy who has a volleyball tournament on the next day, but today he feels

sick. It is unusual that there is only a 40% chance he would fall sick since he is a healthy boy. Now,
Find the probability of the boy participating in the tournament. The boy is very much interested in
volley ball, so thére is a 90% probability that he would participate in tournaments and 20% that he
will fall sick given that he participates in the tournament.

Solution: P (Boy participating in the tournament) =90%

P (He is sick | Boy participating in the tournament) = 20%

P (He is Sick) = 40% ,
| The probability of the boy participating in the tournament given that he is sick is:
| P (Boy participating in the tournament | He is sick) =P (Boy participating in the tournament)
x P (He is sick | Boy participating in the tournament)/P (He is Sick)

P (Boy participating in the tournament | He is sick) = (0.9 x 0.2)/0.4

=0.45

Hence, 45% is the probability that the boy will participate in the tournament given that he is sick.
‘. ’ .

One related concept of Bayes theorem is the principle of Minimum Description Length (MDL). The
minimum description length (MDL) principle is yet another powerful method like Occam’s razor
principle to perform inductive inference. It states that the best and most probable hypothesis
is chosen for a set of observed data or the one with the minimum description. Recall from
Eq. (8.2) Maximum A Posteriori (MAP) Hypothesis, k,,, which says that given a set of candidate
hypotheses, the hypothesis which has the maximum value is considered as the maximum probable
hypothesis or most probable hypothesis. Naive Bayes algorithm uses the Bayes theorem and applies
this MDL principle to find the best hypothesis for a given problem. Let us clearly understand how
this algorithm works in the following Section 8.3.1. '

8.3.1 NAIVE BAYES ALGORITHM

Itis a supervised binary class or multi class classification algorithm that works on the principle of
| Bayes theorem. There is a family of Naive Bayes classifiers based on a common principle. These
{ algorithms classify for datasets whose features are independent and each feature is assumed to

 be given equal weightage. It particularly works for a large dataset and is very fast. It is one of
the most effective and simple classification algorithms. This algorithm considers all features to be
~ independent of each other even though they are individually dependent on the classified object.
- Each of the features contributes a probability value independently during classification and hence
this algorithm is called as Naive algorithm.

Some important applications of these algorithms are text clasSificaﬁon, recommendation
ystem and face recognition.
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/’//,

Compute the prior probability for the target class.

N

Compute Frequency matrix and likelihood Probability for each of the feature.
Use Bayes theorem Eq. (8.1) to calculate the probability of all hypotheses.
Use Maximum A Posteriori (MAFP) Hypothesis, Hygip B (8:2) tO classify the test object

ol

to the hypothesis with the highest probability. )

@, - S

Assess a student’s performance using Naive Bayes algorithm with the dataset

provided in Table 8.1. Predict whether a student gets ajob offer ornot in his final year of the course.

Table 8.1: Training Dataset

B

Very good Good
2. 8 | No Good Moderate Yes
3 29 | No Average Poor No
4 ¢ | No Average Good No
5 >8 Yes Good Moderate Yes
6 9 Yes Good Moderate Yes:
7 <8 Yes Good - Poor No
Mg MMMMM B 29MM };\!}) nnnnnnnnnnnnnnnn Very good Good Yes
........ ; — ngg_ Mi/zzwww o - o ] M{{;ZWMM
lO.M I >8 Yes | Average Good Yes o

Solution: The training dataset T consists of 10 data instances with attributes such as ‘CGPA’,
‘Interactiveness’, ‘Practical Knowledge’ and /Communication Skills’ as shown in Table 8.1. The
target variable is Job Offer which is classified as Yes or No for a candidate student.

Step 1: Compute the prior probability for the target feature ‘Job Offer’. The target feature Job
Offer’ has two classes, “Yes’ and ‘No’. It is a binary classification problem. Given a student instance,
we need to classify whether Job Offer = Yes' or ‘Job Offer = No".

&3

From the training date

]

set, we observe that the frequency or the number of instances with ‘Tob

I B2 PR e
is 7 and "Job O




H

A
—e
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Table 8.2: Frequency Matrix and Prior Proba‘bility of Job Offer

Yes 7 1 P (job Offer = Yes) =
No 3 o P (Job Offer = No) =3/10

Step 2: Compute Frequency matrix and: L1ke11hood Probablhty for each of the feature.
Step 2(a): Feature — CGPA _ :
Table 8.3 shows the frequency matrix for the feature CGPA.

Table 8.3: Frequency Matrix of CGPA

29 3 1
>8 4 0.
<8 0 2

Total 7 3

Table 8.4 shows how the likelihood probablhty is calculated for CGPA using conditional
probablhty

Table 8.4: Likelihood Probability of CGPA

P(CGPA 29 | Job Offer=No)=1/3
28 P (CGPA 28 | Job Offer = Yes) =4/7 . P (CGPA 28 | Job Offer = No) = 0/3
<8 | P(CGPA <8 | Job Offer = Yes) = 0/7 P (CGPA <8 | Job Offer =No) =2/3

As explained earlier the Likelihood probability is stated as the sampling density for the
evidence given the hypothesis. It is denoted as P (Evidence | Hypothesis), which says how likely
is the occurrence of the evidence given the parameters.

It is calculated as the number of instances of each attribute value and for a given class value
divided by the number of instances with that class value.

For example P (CGPA 9 | Job Offer = Yes) denotes the number of instances with ‘CGPA 29’
and ‘Job Offer = Yes’ divided by the total number of instances with ‘Job Offer = Yes'.

From the Table 8.3 Frequency Matrix of CGPA, number of instances with ‘CGPA 29’ and ‘Job
Offer = Yes’ is 3. The total number of instances with ]ob Offer = Yes’ is 7. Hence, P (CGPA 29 | Job
Offer = Yes ) = 3/7.

Similarly, the Likelihood probability is calculated for all attribute values of feature CGPA.
Step 2(b): Feature - Interactiveness
Table 8.5 shows the frequency matrix for the feature Interactiveness.

Table 8.5: Frequency Matrix of Interactiveness

YES
NO
Total
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Table 8.6 shows how the likelihood probability is cakuia_ted for Tnteractiveness using condi-
tional probability.

Table 8.6: Likelihood ?r@babt ity of Interactiveness

P (Interactiveness = Yes | Job Offer = Yes) P (Interactiveness = Yes | Job Offer
=5/7 =No)=1/3
P (Interactiveness = No | Job Offer = Yes) P (Interactlveness No | Job Offer
=2[7 =No)=2/3

Stép 9(c): Feature - Practical Knowledge ,
Table 8.7 shows the frequency matrix for the feature Practical Knowledge.

Table 8.7: Frequency Matrix of Practical Knowledge

Very Good

Average

O ]

Good

MM

Total
Table 8.8 shows how the Jikelihood probability is calculated for Practical Knowledge using
conditional probability.

Table 8.8: Likelihood Probability of Practical Knowledge

Very Good P (Practical Knowledge = Very | P (Practical Knowledge = Very
- B Good | Job Offer = Yes) =27 Good | Job Offer = No) = 0/3 B
Average P (Practlcal Knowledge Average | P (Practical Knowledge = Average
wwwwwww - | Job Offer = Yes) = 1/7 e | Job Offer = No) = 23
Good P (Practical Knowledge = Good | P (Practical Knowledge = Good
e MMWWWWL‘ Job Offer = Yes) = a7 | Job Offer = Noj) = v

Step 2(d): Feature - Communication Skills
Table 8.9 shows the frequency matrix for the feature Communication Skills.

Table 8.9: Frequency Matrix of Communication Skills

de&m%s

”a;}m

i@iai

ﬁww,w\(wwwmzm e

Table 8.10 shows how the likelihood probability is ¢ alculated for C.om smunication Skills using

conditional probability.

Offe
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Table 8.10: Likelihood Probability of Cbmmunication Skills

Good P (Communication Skills = Good | P (Communication Skills = Good
| Job Offer = Yes) = 4/7 | Job Offer =No) =1/3

Moderate P (Communication Skills = P (Communication Skills =
Moderate | Job Offer = Yes) = 3/7 | Moderate | Job Offer = No) = 0/3

Poor . P (Communication Skills = Poor | P (Communication Skills = Poor |
| Job Offer = Yes) =0/7 Job Offer = No) =2/3

Step 3: Use Bayes theorem Eq. (8.1) to calculate the probability of all hypotheses.’

Given the test data = (CGPA 29, Interactiveness = Yes, Practical knowledge = Average, Commu-
nication Skills = Good), apply the Bayes theorem to classify whether the given student gets a Job
offer or not. -

P (Job Offer = Yes | Test data) = (P(CGPA 29 | Job Offer = Yes) P (Interactiveness = Yes | Job
Offer = Yes) P (Practical knowledge = Average | Job Offer = Yes) P (Communication Skills = Good |
Job Offer = Yes) P (Job Offer = Yes)))/(P (Test Data)) :

We can ignore P (Test Data) in the denominator since it is common for all cases to be cOnsideréd.

Hence, P (Job Offer = Yes | Test data) = (P(CGPA 29 |Job Offer = Yes) P (Interactiveness = Yes
| Job Offer = Yes) P (Practical knowledge = Average | Job Offer = Yes) P (Communication Skills =
Good | Job Offer = Yes) P (Job Offer = Yes)

=317 x 517 x 1/7 x 417 x 7/10

=0.0175

Similarly, for the other case ‘Job Offer = No’,

We compute the probability, | -

P (Job Offer = Nol Test data) = (P(CGPA 29 |Job Offer =No) P »(InteraEtiveness = Yes | Job Offer

=No) P (Practical knowledge = Average | Job Offer = No) P (Communication Skills = Good | Job
Offer =No) P (Job Offer = No))/(P(Test Data)).

P (CGPA 29 IJob Offer = No) P (Interactiveness = Yes | Job Offer = No) P (Practical knowledge
= Average | Job Offer = No) P (Communication Skills = Good | Job Offer = No) P (Job Offer = No)

=1/3 x 1/3 x2/3 x1/3 x 3/10
=0.0074

Step 4: Use Maximum A Posteriori (MAP) Hypothesis, h,,,, Eq. (8.2) to classify the test object to
the hypothesis with the highest probability.

Since P (Job Offer = Yes | Test data) has the highest probability value, the test data is c1a551f1ed
as ‘Job Offer = Yes'.

_ ®
Zero Probability Error

In Example 8.1, consider the test data to be (CGPA 28, Interactiveness = Yes, Practical knowledge =
Average, Communication Skills = Good)

When computing the posterior probability,
P (Job Offer = Yes | Test data) = (P(CGPA 28 IJob Offer = Yes) P (Interactiveness = Yes | Job

Offer = Yes) P (Practical knowledge = Average | Job Offer = Yes) P (Communication Skills = Good |
Job Offer = Yes) P (Job Offer = Yes)))/((P(Test Data))
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P (Job Offer = Yes | Test data) = (P(CGPA 28 |Job Offer = Yes) P(Interactiveness = Yes | Job Offer
= Yes) P (Practical knowledge = Average | Job Offer = Yes) P (Communication Skills = Good | Job
Offer = Yes) P (Job Offer = Yes)

= 47 x 57 x 1/7 x 4]7 x 7/10

= 0.0233 | |

Similarly, for the other case ‘Job Offer = N0,

When we compute the probability: _

P (Job Offer =No| Test data) = (P(CGPA 28 |Job Offer=No) P (Interactiveness = Yes | Job Offer
= No) P (Practical knowledge = Average | Job Offer = No) P (Communication Skills = Good | Job
Offer = No) P (Job Offer = No))/(P(Test Data))

= P (CGPA 28 |Job Offer =No) P (Interactiveness = Yes | Job Offer =No) P (Practical knowledge
= Average | Job Offer = No) P (Communication Skills = Good | Job Offer =No) P (Job Offer = No)

=0/3x1/3 x 2/3 x 1/3 x 3/10

= {) . .
Since the probability value is zero, the model fails to predict, and this is called as Zero-
Probability error. This problem arises because there are no instances in the given Table 8.1 for
the attribute value CGPA >8 and Job Offer = No and hence the probability value of this case is
zero. This zero-probability error can be solved by applying a smoothing technique called Laplace
correction which means given 1000 data instances in the training dataset, if there are zero instances
for a particular value of a feature we can add 1 instance for each attribute value pair of that feature
which will not make much difference for 1000 data instances and the overall probability does not
become zero.

Now, let us scale the values givenin Table 8.1 for 1000 data instances. The scaled values without
Laplace correction are shown in Table 8.11.

Table 8.11: Scaled Values to 1000 without Laplace Correction

>9 P (CGPA 29 | Job Offer = Yes) =300/700 | P (CGPA 29 Job Offer = No) = 100/300
>8 P (CGPA 8 | Job Offer = Yes) =400/700 | P (CGPA 28 [ Job Offer=No)=0/300
. ® | P(CGPA <8 | Job Offer = Yes) =0/700 P (CGPA <8 | Job Offer = No) =200/300

Now, add 1 instance for each CGPA-value pair for ‘Job Offer =No'. Then,
P(CGPA 29 | Job Offer = No) = 101/303 = 0.333 |

P (CGPA 28 | Job Offer = No) = 1/303 = 0.0033

P (CGPA <8 1 Job Offer = No) = 201/303 = 0.6634

With scaled values to 1003 data instances, we get

es) P (Interactiveness = Y

A

o ETHONE A S8 Tk FER Y& NS
= (P(CGPA 28 ]ob Otter =

P {Job Offer = Yes | Test date

U
o,

- Average | Job Offer = Yes) | Communication Skills

= (.02325

o
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P (Job Offer = No | Test data) = P(CGPA >8 |Job Offer = No) P (Interactiveness = Yes | Job Offer
= No) P (Practical knowledge = Average | Job Offer = No) P (Communication Skills = Good | Job
Offer = No) P (Job Offer = No) '

=1/303 x 100/300 x. 200/300 x 100/300 x 303/1003

= (.00007385

Thus, using Laplace Correction, Zero Probability error can be solved with Naive Bayes classifier.

8.3.2 Brute Force Bayes Algorithm

Applying Bayes theorem, Brute Force Bayes algorithm relies on the idea of concept learning wherein
givena hypothesis space H for the training dataset T, the algorithm computes the posterior proba-
bilities for all the hypothesis ke H. Then, Maximum A Posteriori (MAP) Hypothesis, k, , , is used
to output the hypothesis with maximum posterior probability. The aigorithm is quite expensive
since it requires computations for all the hypotheses. Although computing posterior probabilities
is inefficient, this idea is applied in various other algorithms which is also quite interesting.

' 8.3.3 'B'ayes Optimal Classifier

Bayes optimal classifier is a probabilistic model, which in fact, uses the Bayes theorem to find the
most probable classification for a new instance given the training data by combining the predic-
tions of all posterior hypotheses, This is different from Maximum A Posteriori (MAP) Hypothesis,
h,,4p Which chooses the maximum probable hypothesis or the most probable hypothesis.

Here, a new instance can be classified to a possible classification value C by the followingi
Eq. (84). | '
=max. X, ,P(C | h) P(h 1 T) : (8.4)

Given the hypothesisvspace with 4 hypothesis h, b, h

| A ]

patient is diagnosed as COVID positive or COVID negative using Bayes Optimal classifier.

and h,. Determine if the

Solution: From the training dataset T, the posterior probabilities of the four different hypotheses
for a new instance are given in Table 8.12.

Table 8.12: Posterior Probability Values

03

0.2
0.1

0

0.1 1
' 1

1

1
0
0
0

MAP

that the patient is COVID negative. But Bayes Optimal classifier combines the predictions of i, h,
and h, which is 0.4 and gives the result that the patient is COVID positive.

%, . P(COVID Negative 1) P(, 1T) = 03x1=0.3

h,.» chooses b which has the maximum probability value 0.3 as the solution and gives the result

Zh,-eH P(COVID Positive |h)P(h, I1T)=01x1+02x1+01x1=04 -
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Therefore, M&Xeqcom rsvs, comd eges %y ot PCA1)P (h, 1 T) = COVID Positive.
Thus, this algorithm, diagnoses fhe new instance to be COVID positive.

[ i MMw,_w,,NM.._W"..,Mwm\mwwm@
8.3.4 Gibbs Algorithm

The main drawback of Bayes optimal classifier is that it computes the posterior probability for al]
hypotheses in the hypothesis space and then combines the predictions to classify a new instance.

Gibbs algorithm is a sampling technique which randomly selects a hypothesis from the
hypothesis space according to the posterior probability distribution and classifies a new instance,
Itis found that the prediction error 0CCurs twice with the Gibbs algorithm when compared to Bayes
Optimal classifier.

8.4 NAIVE BAYES ALGORITHM FOR CONTINUOUS ATTRIBUTES

There are two ways to predict with Naive Bayes algorithm for continuous attributes:
1. Discretize continuous feature to discrete feature. ‘

2. Apply Normal or Caussian distribution for continuous feature.

Gaussian Naive Bayes Algorithm

In Gaussian Naive Bayes, the values of continuous features are assumed to be sampled from a
Gaussian distribution.

WWW MMMMMM

Assess a student’s performance using Naive Bayes algorithm for the continuous

attribute. Predict whether a student gets a job offer or not in his final year of the course. The train-

ing dataset T consists of 10 data instances with attributes such as ‘CGPA’” and ‘Interactiveness’ as
shown in Table 8.13. The target variable is Job Offer which is dlassified as Yes or No for a candidate
student.

Table 8.13: Training Dataset with Continuous Attribute

Splution:

Step 1: Compute the prior probability for the target feature ‘Job Offer”.

Tak

Ste

bu
di

t

t

o
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- Prior probabilities of both the classes are calculated using the same formula (refer to
Table 8.14).

Table 8.14: Prior Probability of Target Class -

Yes 7 - | P(Job Offer = Yes) =7/10Q
No 3 P (Job Offer = No) = 3/10

Step 2: Compute Frequency matrix and Likelihood Probability for each of the feature.

Likelihood probe{bilities for a continuous attribute is obtained from Gaussian (Normal) Distri-
bution. In the above data set, CGPA is a continuous attribute for which we need to apply Gaussian
distribution to calculate the likelihood probability.

Gaussian distribution for continuous feature is calculated using the given formula,
P(X;=x1C)=g(x, nso) (8.5)

where, : '

Xi is the i" continuous attribute in the given dataset and x, is a value of the attribute.

C, denotes the j* class of the target feature. |

‘ H denotes the mean of the values of that continuous attribute X, with respect to the class j of |
the target feature.

o, denotes the standard deviation of the values of that contmuous attribute X; with respect to

. the class j of the target feature.

Hence, the normal distribution formula is given as:

(%t »?

P(X,=,1C)=—c ¥ (6.6).
v o, V2m

Step 2(a): Consider the feature CGPA
In this example CGPA is a continuous attribute,

To calculate the likelihood probability for this continuous attribute, first compute the mean
and standard deviation for CGPA with respect to the target class ‘Job Offer’.

Here, X, =CGPA

Ci = Tob Offer = Yes’' |

Mean and Standard Deviation for class ‘Job Offer = Yes’ are given as:
= 8.814286

CGPA-YES =0. 58146

Mean and Standard Deviation for class ]ob Offer = No' are given as:
C ‘Job Offer = No’

=8.133333

copa-no = 1:011599

Once Mean and Standard Deviation are computed, the likelihood probability for any test value
using Gaussian distribution formula can be calculated.

;i = Begpa - yves
0' =0

i = Begpa -no
C.=0
j
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Step 2(b): Consider the feature Interactiveness
Interactiveness is a discrete feature whose probability is calculated as earlier.

Table 8.15 shows the frequency matrix for the feature Interactiveness.

Table 8.15: Frequency Matrix of Interactiveness

Total ' 7

Table 8.16 shows how the likelihood probability is calculated for Interactiveness using condi-
tional probability.

Table 8.16: Likelihood Probability of Interactiveness

P (Interactiveness = Yes | Job Offer = | P (Interactiveness = Yes | Job Offer =
, Yes) = 5/7 No)=1/3

NO P (Interactiveness = No | Job Offer = | P (Interactiveness = No | Job Offer =
Yes) = 2/7 No) =2/3

Step 3: Use Bayes theorem to calculate the probability of all hypotheses.

Consider the test data to be (CGPA'= 8.5, Interactiveness = Yes).

For the hypothesis ‘Job Offer = Yes":

P (Job Offer = Yes | Test data) = (P(CGPA=8.5 | Job Offer = Yes) x P (Interactiveness = Yes | Job
Offer = Yes) x P (Job Offer = Yes)

To compute P (CGPA =8.5 | Job Offer = Yes) use Gaussian distribution formula:

P(X=x1C)=g (xp 1,0,)

(Xk“‘li,‘,‘)
1 T
P(X gy =851 Cjobonowes) ==t
G N2
P(XCGPA = 8"5 1 C)Ob Offer = ‘1’0‘;) = 1 T 4
) ) s 5 \/g

CGRA-YES

P(CGPA = 8.5 Job Offer = Yes) = g(x, =85, =8.8l40, = 0.581)

2

N DT TV e e Wi Y e o7
Yes|Job Offer = Yes ) = 5/7

B {éi\iii‘:ia‘iki%‘i’]@ﬁéﬁb:‘; = YRS iU

5} X {

Offer = Yes | Test data) = (I

Offer = Yes) x P (Job Offer = Yes)

Off

5¢

B

wt
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= 0.59%4 x 5/7 x 7/10
=0.297
Similarly, for the hypothesis ‘Job Offer = No':

P (Job Offer =No | Test data) = P (CGPA =85 | Job Offer = No) x P (Interactiveness = Yes | Job
Offer = No) x P (Job Offer = No) ,

P (CGPA =85 | Job Offer =No) = g (x, =85, u,=8.133 5, = 1.0116)

| 1 _E5bcomno)’
P(Xcgps =851C p0ove) = ——=¢ 20cpa-No
o G cpano \/EE
- 1 (oss1f
dl- =—p 2101167 0.369
1.0116v27

P (Interactiveness = Yes | Job Offer=N 0)=1/3
= P (Job Offer = No) = 0.369
Hence,

1 3 P (Job Offer = No | Test data) = P (CGPA =8.5 | Job Offer = No) P (Interactiveness = Yes | Job
“ b Offer=No) x P (Job Offer = No)

=0.369 x 1/3 x 3/10
=0.0369 '

| Step 4 Use Maximum A Posteriori (MAP) Hypothesis, h,,,, to classify the test object to the
~ hypothesis with the highest probability.

; Since P (Job Offer = Yes | Test data) has the highest probability value of 0.297,the test data is
~ classified as ‘Job Offer = Yes'. ' '

ob

&
8.5 OTHER POPULAR TYPES OF NAIVE BAYES CLASSIFIERS

Some of the popular variants of Bayesian classifier are listed below:

{ Bernoulli Naive Bayes Classifier

1 Bernoulli Naive Bayes works with discrete features. In this algorithm, the features used for making
| predictions are Boolean variables that take only two values either ‘yes’ or ‘no’. This is particularly
useful for text classification where all features are binary with each feature containing two values
j Whether the word occurs or not.

Multinomial Naive Bayes Classifier

This algorithm is a generalization of the Bernoulli Naive Bayes model that works for categorical
1 data or particularly integer features. This classifier is useful for text classification where each
| feature will have an integer value that represents the frequency of occurrence of words.

" Multi-class Naive Bayes Classifier
5 .

This algorithm is useful for classification problems with more than two classes where the target
feature contains multiple classes and test instance has to be predicted with the class it belongs to.
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1. Probabilistic learning uses the concept of probability theory that describes how to model raﬁdamn%s' .
uncertainty and noise to predict the future events.
9 1tis a tool for modelling large datasets and uses Bayes rule to infer unknown quantities, predict ang .
learn from data.
3. Bayesian learning differs from probabilistic Jearning in a Wa§; that it uses subjective probabilities to .
infer parameters of a model.
4 Probabilities are used to denote the degree of belief in the occurrence of an event.
5. Bayes' theorem uses conditional probability that can be defined via Joint probabilities where .
p(A|B)=P(A BIP (B)-
6. Bayes theorem is used to select the most probable hypothesis from data, considering both prior
knowledge and posterior distributions.
7. -Bayés theorem helps in calculating the posterior probability for several hypotheses and selects the
hypothesis with the highest probability. :
g Naive Bayes Algorithmis a supervised binary class or multi-class classification algorithm that works
on the principle of Bayes theorem.
9. Zero probability'error with Naive Bayes Model can be solved by applying a smoothing technique
called Laplace correction.
10. Naive Bayes Algorithm for Continuous Attributes can be solved using Gaussian distribution.
11, Other popular types of Naive Bayes Classifier are Bernoulli Naive Bayes Classifier, Multinomial

Naive Bayes Classifier and Multi-class Naive Bayes Classifier, etc.

Probability-based Learning - [t is one of the most important practical learning methods which

combines prior knowledge or prior probabilities with observed data.

Probabilistic Model - A model in which randomness plays a major role and which gives probability

distribution as a solution.

Deterministic Model - A model in which there
initial condition every time it is run and is likely to geta sin
ibes and represents knowledge in an uncertain

is no randomness and hence it exhibits the same
gle possible outcome as the solution.

Bayesian Learning — A learning method that descr
y to reason about this knowledge using probability measure.

domain and pz‘@vides awa
n that event B occurs, ig written a3

Conditional Probability - The probability of an event A, give

P (AB).

Joint Probability - The probability of the intersection of two Or MOTE events.

o,

Bayesian Probability — Otherw rsonal probability, it is a person’s deg

~alled as P

event A and does not require repeated trials.

Marginal Probability - The probability of an event ocourring P(A) unconditionally an ¢ cond
tioned on another event.
Belief Measure — Means a pets L' belief in a statement “5” depends on some knowledge "K'
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12.

: Maximum A Posteriori (MAP) Hypothesis, &, ,, ~ The hypothesis which has the maximum value

e Joint probability
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Prior Probability — The general probability of an uncertain event before an observation or some
evidence is collected.

Likelihood Probability - The relative probability of the observation occurrmg for each class or the
samphng density for the evidénce given the hypothesis.

Posterior Probability - The updated or revised probability of an event taking 1nto account the obser-
vations from the training data. -

among a given a set of candidate hypotheses, and is considered as the maximum probable hypothesis
or most probable hypothesis.

Max1mum Likelihood (ML) Hypothesis, h,,, — The hypothesis that gives the maximum likelihood
for P (E | k).

What is meant by Probabilistic-based learning?.

Differentiate between probabilistic model and deterministic model.
What is meant by Bayesian learning?

Define the following: : B
¢ Conditional probability :

* Bayesian Probability

s Marginal probability

What is belief measure?

What is marginalization?

What is the difference between prior and posterior and likelihood probabilities?
State Bayes theorem.

Define Maximum A Posteriori (MAP) Hypothesxs, h,,,» and Maximum Likelihood (ML)
Hypothesis, h

ML’

Check the correctness of Bayes theorem with an example.

Consider there are three baskets, Basket 1, Basket II and Basket III with each basket containing rings
of red color and green color. Basket I contains 6 red rings and 5 green rings. Basket II contains 3 green
rings and 2 red rings while Basket III contains 6 rings which are all red. A person chooses a ring-
randomly from a basket. If the ring picked is red, find the probability that it was taken from Basket II.

Assume the following probabilities, the probability of a person having Malaria to be 0.02%, the
probability of the test to be positive on detecting Malaria, given that the person has Malaria is 98%
and similarly the probability of the test to be negative on detecting Malaria, given that the pérson
doesn’t have malaria to be 95%. Find the probability of a person having Malaria; given that, the test
result is positive. :
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13, Take a real-time example of predicting the result of a student using Naive Bayes algorithm. The
training dataset T consists of 8 data instances with attributes such as ‘Assessment’, ‘Assigniment’
‘Project’ and ‘Seminar’ as showrn in Table 8.17. The target variable is Result which is-classified as Pagg
or Fail for a candidate student. Given a test data to be (Assessment = Average, Assignment = Yeg,
Project = No and Seminar = Good), predict the result of the student. Apply Laplace Cotrection if Zero

probability problem occurs.

Table 8.17: Training Dataset

5

1 | Good Yes Good Pass
2. Average Yes No Poor Fail
3. | Good No Yes Good Pass
4. Average No No Poor Fail
5. Average No Yes Good Pass
6. Good No No Poor Pass
7. Average Yes Yes Good Fail
| i Good Yes Yes Poor Pass

14. Consider an example of predicting a student’s result using Gaussian Naive Bayes algorithm for
continuous attribute. The training dataset T consists of 10 data instances with attributes such as
‘Assessment Marks /, ‘Assignment Marks’ and ‘Seminar Done’ as shown in Table 8.18. The target

7

variable is Result which is classified as Pass or Fail for a candidate student. Ac

Civen a test data to be (Assessment Marks = 75, Assignment Marks = 6, Seminar Done = Poor),

predict the result of the student.

Table 8.18: Training Dataset




Across ' ‘ Down

3. MAP hypothesis  has ' 1.

(maximum/minimum) value among the
given set of candidate hypothesis.

4. The Naive Bayes algorithm assumes that 2.
features are ' (dependent/
independent) of each other. 7

5. The degree of belief can be denoted by
probability. (True/False) '

6. The updated probability of an even taking 8.
into account observations from training
data is called (prior/posterior)
probability. 9

8. Bayes theorem combines prior knowledge
with distributions.

10. Deterministic model has no randominess.

12. Bayesian learning can be used make predic-
tions based on historical data. (True/False)

13. Zero probability error can be solved using
a smoothing technique called
correction.

(True/False) 11.

14.
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Bayesian learning uses
(frequency/subjective) based reasoning to
infer parameters.

Bayes theorem uses __ (marginal/
conditional) probability.

probability is the general
probability of an uncertain event before
observation data is collected.

Bayes theorem is noted for its usefulness in
computing (prior/posterior)
probability.

. Probabilistic learning uses the concept of

probability theory that. describes how to
model randomness, uncertainty and noise
to predict the future events. (True/False)

Naive bayesian algorithm cannot be used
to solve the problem with continuous
attributes. (True/False)

ML hypothesis gives the minimum
likelihood for P (E/h). (True/False)
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Across

15. Repeated trials are required for computing

Bayesian probability. (True/False)

16. The probability of intersection of two or

. proba-

more events is called

bility.

17. The learning that combines prior know-

ledge and observed data is called
based learning. '

Find and mark the words listed below.
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“I think the brain is essentially a computer and consciousness is like a
computer program. It will cease to run when the computer is turned
off. Theoretically, it could be re-created on a neural network, but that

would be very difficult, as it would require all of one’s memories.”
— Stephen Hawking

network
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10.1 INTRODUCTION

The human nervous system has billions of neurons that are the processing units which make
humans to perceive things, to hear, to see and to smell. The human nervous system works
beautifully, making us understand who we are, what we do, where we are and everything in
our surrounding. It makes us to remember, recognize and correlate things around us. It ig
a learning system that consists of functional units called nerve. cells, typically called as neurons,
The human nervous system is divided into two sections called the Central Nervous System
(CNS) and the Peripheral Nervous System (PNS). The brain and the spinal cord constitute the.
CNS and the neurons inside and outside the CNS constitute the PNS. The neurons are basically
classified into three types called sensory neurons, motor Neurons and interneurons. Sensory
neurons get information from different parts of the body and bring it into the CNS5, whereas
motor neurons receive information from other neurons and transmit commands to the body parts.
The  CNS consists of only interneurons which connect one neuron to another neuron by
receiving information from one neuron and transmitting it to another. The basic functionality of a
neuron is to receive information, process it and then transmit it to another neuron or to abody part.

10.:

by o
stru¢ -

10

Scan for information on 'Convolution Neural Network', Modular Neural Network', and Th

"Recurrent Neural Network' ' It
i

10.2 BIOLOGICAL NEURONS

A typical biological neuron has four parts called dendrites, soma, axon and synapse. The body % fu ‘fﬁ;-
of the neuron is called as soma. Dendrites accept the input information and process it in the cell :

m
body called soma. A single neuron is connected by axons to around 10,000 neurons and through
these axons the processed information is passed from one neuron to another neuron. A neuron N
gets fired if the input information crosses a threshold value and transmits signals to another * 1

neuron through a synapse. A synapse gets fired with an electrical impulse called spikes which
are transmitted to another neuron. A single neuron can receive synaptic inputs from one neuron
or multiple neurons. These neurons form a network structure which processes input information
and gives out a response. The simple structure of a biological neuron is shown in Figure 10.1.

input

Cell body —

Dendrites

Figure 10.1: A Biological Neuron
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10.3 ARTIFICIAL NEURONS

Artificial neurons are like biological neurons which are called as nodes. A node or a neuron can
receive one or more input information and process it. Artificial neurons or nodes are connected
by cormection links to one another. Each connection link is associated with a synaptic weight. The
structure of a single neuron is shown in Figure 10.2.

Jw %Dendrites
Xyl W,

J

X; - | Cell body

Figure 10.2: An Artificial Neuron

10.3.1 Simpie Model of an Artificial Neuron

The first mathematical model of a biological neuron was designed by McCulloch & Pitts in 1943,
It includes two steps:

1. Tt receives weighted inputs from other neurons
2. It operates with a threshold function or activation function

The received inputs are computed as a weighted sum which is given to the activation
function and if the sum exceeds the threshold value the neuron gets fired. The mathematical
model of a neuron is shown in Figure 10.3.

The neuron is the basic processing unit that receives a set of inputs X,,%,,..../ %, and their
associated weights w,,w,,...,w . The Summation function ‘Net-sum’ Eq. (10.1) computes the
weighted sum of the inputs received by the neuron.

Net-sum = ;ﬁ%xiwi (10.1)

The activation function is a binary step function which outputs a value 1 if the Net-sum is

above the threshold value 6, and a 0 if the Net-sum is below the threshold value 6. Therefore, the
activation function is applied to Net-sum as shown in Eq. (10.2).

flx) = Activation function (Net — sum) (10.2)

1ifflx)z0

0 if flx) <0

Then, output of a neuron Y = (10.3)

Thrashold
8

%

Het-sum

Nl - Gutput

Activation function
fx)

7 function

Figure 10.3: WMeCulloch & Pitts Neuron Mathematical Model
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Linei

McCulloch & Pitts Neuron model can represent only a few Boolean functions. A Booleay,
function has binary inputs and provides a binary output. For example, an AND Boolean function andi -
neuron would fire when all the inputs are 1, whereas an OR Boolean function neuron woulq func
fire even when one input is 1. Moreover, the weight and threshold values are fixed in thig igh

mathematical model.

10.3.2 Artificial Neural Network Structure

Artificial Neural Network (ANN) imitates a human brain which inhibits some intelligence. It hag
" a network structure represented as a directed graph with a set of neuron nodes and connection
links or edges connecting the nodes as shown in Figure 10.4. The nodes in the graph are arrayeq
in a layered manner and can process information in parallel. The network given in the figure has
three layers called input layer, hidden layer and output layer. The input layer receives the input
information (x,, x,, ..., x,) and passes it to the nodes in the hidden layer. The edges connecting
the nodes from the input layer to the hidden layer are associated with synaptic weights called as
connection weights. These computing nodes or neurons perform some computations based on the
input information (x,, , ..., %,) received and if the weighted sum of the inputs to a neuron is above
the threshold or the activation level of the neuron, then the neuron fires. Each neuron employs an
activation function that determines the output of the neuron. The neuron transforms linearly the
input signals by computing the sum of the product of input signals and weights and adds biases
to it. Then, the activation function maps the weighted input sum to a non-linear output value.
The node in the output layer gives the output as a single value.

Bias

Input layer Hidden layer Output layer

Figure 10.4: Artificial Neural Network Structure

10.3.3 Activation Functions

Activation functions are mathematical functions associated with each neuron in the neural network
that map input signals to output signals. It decides whether to fire a neuron or not based on the
~ input signals the neuron receives. These functions normalize the output value of each neuron either
between 0 and 1 or between -1 and +1. Typical activation functions can be linear or non-linear.




Artificial Neural Networks o 283

rinear functions are useful when the input values can be classified into any one of the two groups
and. are generally used in binary perceptrons. Non-linear functions, on the other hand, are continuous
functions that map the input in the range of (0, 1) or (-1, 1), etc. These functions are useful in learning
high-dimensional data or complex data stich as audio, video and images.

Below are some of the activation functions used in ANNs:
1. Tdentity Function or Linear Function o
| fix)=x Vi (10.4)
The value of f(x) increases linearly or proportionally with the value of x. This function

is useful when we do not want to apply any threshold. The output would be just the
weighted sum of input values. The output value ranges between o and +o.

2. Binary Step Function

fo) = {1 /=0 | (10.5)
0 if f(x) <@

The output value isbinary, i.e., 0 or 1 based on the threshold value 6. If value of fix)

is greater than or equal to 6, it outputs 1 or else it outputs 0.
3. Bipolar Step Function .
| f)= { Liffx)=0 (10.6)
-1 if f(x) <0
The output value is bipolar, i.e., +1 or _1 based. on the threshold value 6. If value of
f(x) is greater than or equal to 6, it outputs +1 or else it outputs 1. '

4. Sigmoidal Function or Logistic Function
o(x) = -~«3—~~<~ (10.7)
T+e™
It is a widely used non-linear activation function which produces an S-shaped curve
and the output values are in the range of 0 and 1. Tt has a vanishing gradient problem,
i.e., no change in the prediction for very low input values and very high input values.

5. Bipolar Sigmoid Function

o(x) = = (10.8)

Cl4e
It outputs values between ~1 and +1.
6. Ramp Functions
1ifx>1
fixy=<x if0<x<] (10.9)
10 if x <0
{t 15 a linear function whose upper and lower limits are fixed.
7. Tanh - Hyperbolic Tangent Function
The Tanh function is a scaled version of the sigmoid function which is also non-linear.

It also suffers from the vanishing gradient problem. The output values range between

Ao

1 (10.10)

R

tan h{x) = —
1

S

w
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8. ReLu - Rectified Linear Unit Function

~ This activation function is a typical function generally used in deep learning neury)
network models in the hidden layers. It avoids or reduces the vanishing gradient problen,
This function outputs a value of 0 for negative input values and works like alinear functiop,
if the input values are positive.

x ifx20

r(x) =max (0, x) = {O i x<0

(10.13)

9. Softmax Function

This is a non-linear function used in the output layer that can handle multiple
classes. It calculates the probability of each target class which ranges between 0 and 1,
The probability of the input belonging to a particular class is computed by dividing
the exponential of the given input value by the sum of the exponential values of all the
inputs. -

X,
i

s(x) = wherei=0..k (10.12)

kgl
]=

10.4. PERCEPTRON AND LEARNING THEORY

The first neural network model ‘Perceptron’, designed by Frank Rosenblatt in 1958, is a linear
binary classifier used for supervised learning. He modified the McCulloch & Pitts Neuron model by
combining two concepts, McCulloch-Pitts model of an artificial neuron and Hebbian learning rule
of adjusting weights. He introduced variable weight values and an extra input that represents bias
to this model. He proposed that artificial neurons could actually learn weights and thresholds
from data and came up with a supervised learning algorithm that enabled the artificial neurons to
learn the correct weights from training data by itself. The perceptron model (shown in Figure 10.5)
consists of 4 steps:

1. Inputs from other neurons
2. Weights and bias
3. Net sum

4. Activation function :
Threshold

Bias 0
¢ i l,Error}

Net-sum

> Output
y

Activation function
Summation

function
Figure 10.5: Perceptron Model

Thus, the modified neuron model receives a set of inputs %,,%,,...,X,, their associated weights

w, ,w,,...,w_and a bias. The summation function ‘Net-sum’ Eq. (10.13) computes the weighted
sum of the inputs received by the neuron.

as -
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Net-sum = ;Elxiwl (10.13)
After computing the "N@bsum bias value is added to it and msex‘éed in the activation function
as shown below:
fx) = Activation function (Net-sunt -+ bias) : (10.14)
The activation function is a binary step function which outputs a value 1 if f{x) is above the
threshold value 6, and a 0 if f{x) is below the threshold value 6. Then, output of a neuron:

1if f(x)=26
0 if f(x)< 6

Before learning how aneural network works, let us learn about how a perceptron model works.

(10.15)

—

‘Set initial weights w,, w
For each Epoch,

1. Compute the weighted sum by multiplying the inputé with the weights and add the
products.

., w, and bias 6 to a random value in the range [-0.5, 0.5].

2. Apply the activation function on the weighted sum:
Y= Step ((x1w1 + xzwz) ~0)
3. If the sum is above the threshold value, output the value as positive else output the
value as negative.

4. Calculate the error by subtracting the estimated output Y, from the desired output

estimated

desired'

error e() =Y, =Y
[If error e(f) is positive, increase the perceptron output Y and if it is negative,
decrease the perceptron output Y.
5. Update the weights if there is an error:
Aw = oC xe(t)xx,
w=w,+ Aw,

where, x.is the input value, e(f) is the error at step £, « is the learning rate and Aw. is the

difference in weight that has to be added to w.

)

“onsider a pemepimﬂ to Efﬁprﬁé%(%ﬁf the Boolean function AND with the

initial weights w, = 0.3, w, = i}jj les
¥ 3 2

n Figure 10.6.
The M’?ﬁ@"%ii}ﬂ function used here is *‘g?’m {%ieg} function r{ ¢} which g tl

ives the mz%% it value as

107 Qggmﬁ to {% it outputs 1 or else it outputs U.

Hm;y Oor 1. If value 4}@’,‘?? 15

ceptron that perfor date the weights until the

the desired @z;é‘éig;z;éét

Boolean function é}?‘w
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Bias

Input
Figure 10.6: Perceptron for Boolean Function AND
Solution: Desired output for Boolean function AND is shown in Table 10.1.

Table 10.1: AND Truth Table

0 0 0
0 1 0
1 0 0
1 1 1

For each Epoch, weighted sum is calculated and the activation function is applied to compute
the estimated output Y . Then, Y is compared with Y, to find the error. If there is an error,
the weights are updated.

Tables 10.2 to 10.5 show how the weights are updated in the four Epochs.
Table 10.2: Epoch 1

Step ((0x 0.3 +0x-0.2)—0.4)=0

03 | -02 |Nochange
03 ~0.2 | No change
03 -0.2 | No change
05 0 |Change

Step (0% 0.3+ 1 x ~0.2) ~ 0.4) = 0
1Step (1% 0.3+0x—0.2) ~0.4) =0
Step (1x 0.3+1x-0.2)~0.4) =0

0
0
1
1

OO O

— 1S oo

0
1
0
1

For input (1, 1) the weights are updated as follows:
Aw, =ccxe(t) xx,=02x1x1=02 '
w,=w+Aw, =03 +Aw,=03+02=0.5
Aw,=ocxe(f) xx,=02x1x1=02
w,=wy+ Aw,=-0.2 + Aw,=-0.2+02=0

Table 10.3: Epoch 2

2 0 0 0 Step (0% 0.5+ 0x 0)-0.4)=0 0 0.5 0 | No change
0 1 0 Step (0x05+1x0)-04)=0 0 05 0 | No change
1 0 0 Step (1x05+0x0)~04)=1 -1 0.3 0 | Change
1 1 1 Step (1x03+1x0)-04)=0 1] 05 | 02 |[Change




Artificial Neural Networks « 287

For input (1, 0) the weights are updated as follows:
Aw, = cc xe(f) x x=02x-1x1=-02

w,=w+ Aw, =05+ Aw, =05 -02=03
Aw, = xe(f) x x,=02 x -1 x0=0

w,=w,+ Aw,=0+Aw,=0+0=0
For input (1, 1), the weights are updated as follows:
Aw, = xe(t) x 2,=02x1x1=0.2

w,=w+ M, =03+Aw,=03+02=05
Aw, = xe(f) x%,=02x1x1=02

w,=w,+ Aw,=0+Aw,=0+02=02

Table 10.4: Epoch 3

3 0] 0 | 0 | Step(0x05+0x02)-04)=0| 0 | 05 | 02 |Nochange
0 | 1 | 0 | Step(0x05+1x02)-04)=0| 0 | 05 | 02 |Nochange
1] 0| 0 | Step((1x05+0x02)-04)=1 | -1 | 03 | 02 |Change
1 1 1 Step (1x03+1x02)-04)=1 0 0.3 0.2 | No change

For input (1, 0) the weights are updated as follows:
A, = o xeff) x 2,= 02 x 1 x 1 =-02

w,=wt+ Aw, =05+ Aw,=05-02=0.3
M, = o xe(f) x x,=0.2x =1 x 0 =0

w,=w, + Aw,=0+Aw,=02+0=02

Table 10.5: Epoch 4

0 Step (0x0.3+0x%0.2)~04)=0

0 Step (0x 0.3 +1x02)-04) =

0 Step (1 x03+0x02)~ 04) -0
1 Step (1x03+1x02)-04)=1

0.3 0.2 No change
0.3 02 No change
0.3 0.2 No change
0.3 0.2 No change

0
0
0
0

SR R R e

0
1
0
1

It is observed that with 4 Epochs, the perceptron learns and the weights are updated to
0.3 and 0.2 with which the perceptron gives the desired output of a Boolean AND function.

10.4.1 XOR Problem

perceptron model can solve all Boolean functions which are linearly separable. However, the

U

R pﬁi}i‘?.@};ig was identified in 1969 by An XOR function returns a 1, if the

ﬁ
e

Viinsky and Papert.
two inputs are not eq qual and a 0 if they are equal. Following is th we truth table of an XOR function
shown in Table 10.6.
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Table 10.6: XOR Truth Table

0 0 1
0 1 0
1 0 0
1 1 1

Since XOR is not linearly separable, the single layer perceptron failed to classify and
hence this problem led to the evolution of a multi-layer perceptron. Initially, the Multi-Layer
Perceptron (MLP) was not a success due to the lack of an appropriate learning algorithm. In 1974,
Werbos introduced a back propagation algorithm for the three-layered perceptron network and
in 1986, a general back propagation algorithm for a multi-layered perceptron was introduced by
Rummelhart and Mclelland. Then, again ANN and Deep Neural Networks became a success,
solving many complex problems in the current era. Thus, MLP that emerged could solve any
- non-linear separable problem which is explained later in this chapter.

10.4.2 Delta Learning Rule and Gradient Descent

Generally, learning in neural networks is performed by adjusting the network weights in order
to minimize the difference between the desired and estimated outputs. This delta difference is
measured as an error function or also called as cost function. The cost function, being linear and
continuous, is differentiable. This way of learning called as delta rule (also known as Widrow-Hoff”
rule or Adaline rule) is a type of back propagation applied for training the network. The training
- error of a hypothesis is half the squared difference between the desired target output and actual
output and is given as follows: ‘
2 (10.16)

.. 1
Tra‘mmg Error - EzdeT( Desired - OEstimated)

where, T is the training dataset, O, , and O, . are the desired target output and estimated
- actual output, respectively, for a training instance d. -

The principle of gradient descent is an optimization approach which is used to minimize
the cost function by converging to a local minimal point moving in the negative direction of the
gradient and each step size during movement is determined by the learning rate and the slope of
the gradient.

Gradient descent learning is the foundation of back propagation algorithm used in MLP.
Before we study about an MLP, let us first understand the different types of neural networks that
differ in their structure, activation function and learning mechanism.

10.5 TYPES OF ARTIFICIAL NEURAL NETWORKS

ANNs consist of multiple neurons arranged in layers. There are different types of ANNs
‘that differ by the network structure, activation function involved and the learning rules used.
In an ANN, there are three layers called input layer, hidden layer and output layer. Any general
'ANN would consist of one input layer, one output layer and zero or more hidden layers.

o e

the
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are

are .

T
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10.5.1 Feed Forward Neural N

This is the simpi.egt neural network that consists of neurons which are arranged in layers and
the information is propagated only in the forward direction. This model may or may not contain
a hidden layer and there is no back propagation. Based on the number of hidden layers they
are further classified into single-layered and multi-layered feed forward networks. These ANNs
are simple to design and easy to maintain. They are fast but cannot be used for complex learning.
They are used for simple classification and simple image processing, etc. The model of a
Feed Forward Neural Network is shown in Figure 10.7. '

Input layer Hidden layer Output layer

Figure 10.7: Model of a Feed Forward Neural Network

10.5.2 Fully Connected Neural Network

Fully connected neural networks are the ones in which all the neurons in a layer are connected
to all other neurons in the next layer. The model of a fully connected neural network is shown in

Figure 10.8.

Input layer Hidden layer CGutput layer

Figure 10.8: Model of a Fully Connected Neural Network

10.5.3 Multi-Layer Perceptron (MLP)

This ANN consists of multiple layers with one input layer, one output layer and one or more
hidden lavers. Every neuron in a layer is connected to all neurons in the next layer and thus
J J J ;

they are fully connected. The information flows in both the directions. In the forward direction,
i

.
the inputs are multiplied by weights of neurons and forwarded to the activation function of the
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neuron and output is passed to the next layer. If the output is incorrect, then in the backwarg
direction, error is back propagated to adjust the weights and biases to get correct output. Thyg
the network learns with the training data. This type of ANN is used in deep learning for comple,
classification, speech recognition, medical diagnosis, forecasting, etc. They are comparatively
complex and slow. The model of an MLP is shown in Figure 10.9.

Input layer Hidden layer ~ Output layer -

Figure 10.9: Model of a Multi-Layer Perceptron

10.5.4 Feedback Neural Network

Feedback neural networks have feedback connections between neurons that allow information }
flow in both directions in the network. The output signals can be sent back to the neurons in the ;
same layer or to the neurons in the preceding layers. Hence, this network is more dynamic during
training. The model of a feedback neural network is shown in Figure 10.10.

Feedback

Input layer Hidden layer Output layer

Figure 10.10: Model of a Feedback Neural Network

10.6 LEARNING IN A MULTI-LAYER PERCEPTRON

A multi-layer perceptron is a type of Feed Forward Neural Network with multiple neurons
arranged in layers. All the neurons in a layer are fully connected to the neurons in the next
layer. The network has atleast three layers with an input layer, one or more hidden layers and
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- an output layer. The input layer is the visible layer. It just passes the input to the next layer. The
Jayers following the input layer are the hidden layers. The hidden layers neither directly receive
inputs nor send outputs to the external environment. The final layer is the output layer which
outputs a single value or a vector of values. An MLP has atleast one hidden layer and as the
qumber of hidden layers is increased, the learning becomes more complex and they form a deep
neural network. It uses back propagation for supervised learning of the network. The activation
functions used in the layers can be linear or non-linear depending on the type of the problem
modelled. Typically, a sigmoid activation function is used if the problem is a binary classification
problem and a softmax activation function is used in a multi-class dassiﬁcation problem.

The typical non-linear separable problem is the XOR problem which could be solved with an
MLP. A single neuron can only classify the values into two categories by drawing a single straight
line. However, to classify the XOR inputs, we need two straight lines. Hence, the problem could
be solved if we add a hidden layer having two neurons working in parallel in the same layer and
combine the outputs to get a single output. One neuron should work as an OR gate and the other
neuron should work as a NAND gate. The neuron in the output layer should work as an AND gate.

The MLP network learns with two phases called the forward phase and the backward phase.
In the forward phase, an input vector from the training dataset is taken and given to the network
which outputs a value called the estimated value O, ., This value is compared with the desired
output value O, ,and the error is calculated. The calculated error is back propagated in the
backward phase to update the weights and biases of the network. This process is repeated for the
entire training dataset.

The algorithm can be terminated after a pre-defined number of epochs or if the training error
is reduced below a threshold value. This way of minimizing the training error by updating the
weights and biases may lead to overfitting problem in neural networks. Several techniques are

 there to overcome this overfitting problem. One successful solution is to provide a set of validation
data along with the training data and use a cross validation approach to estimate the number of
iterations or weight updates to perform that produces the lowest error with the validation set and
stop when the validation error begins to increase.

/’*

Input: Input vector (x,, X, ..., X,)
Output: Y
i
Learning rate: o _
Assign random weights and biases for every connection in the network in the range
[-0.5, +0.5].
Step 1: Forward Propagation

1. Calculate Input and Output in the Input Layer:

(Input layer is a direct transfer function, where the output of the node equals the

input).

Input at Node j 'L in the Inpul Layer 15

P

(Continued)
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( where, _

x;is the input received at Node j
Output at Node j ‘0, in the Input Layer is
lo=1

- 2. Calculate Net Input and Output in the szden Layer and Output Layer:
Net Input at Node j in the Hidden Layer is

—_ n
L= xw, +x x6

where,
x, is the input from Node i
: w, is the weight in the link from Node i to Node j
x,is.the input to bias node ‘0’ which is alw‘ays assumed as 1
Bis the weight in the link from the bias node ‘0’ to Node

- Net Input at Node j in the Output Layer 18
L= X Ow, +x X6,

i=1 iy

where,
0, is the output from Node i
‘w, is the weight in the link from Node i to Node j
x,is the input to bias node ‘0" which is always assumed as 1
6is the weight in the link from the bias node ‘0’ to Node j

Output at Node j ‘
T
L
0. = .
I 1+e¥ ’
where,

Lis the input received at Node
3. Estimate error at the node in the Output Layer:

Error=0

Desired OEstimated

where, ‘
Opineg 18 the desired output value of the Node in the Output Layer

Step 2: Backward Propagation
1. Calculate Error at each node:
For each Unit k in the Output Layer

Errork = Ok (1 - Ok) (ODesired - Ok)

O eyimarea 18 the estimated output value of the Node in the Output Layer

/

(Continued)
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where,

0, is the output value at Node kin the Output Layer. t .

O,y 19 the desired output value of the Node in the Output Layere
For each unit j in the Hidden Layer
Error = 0(- Oj) 2, Error, W,

where,

Ois the output value at Node j in the Hidden Layer. _ L
Error, is the error at Node k in the Output Layer.
w, is the weight in the link from Node jto Node k.
2. Update all weights and biases:

Update weights |

Aw,; = oc x Error, x 0,

w.=wt+Aw, ’ L
i ;

where,

O.is the output value at Node i.

Error; is the error at Node j.

o is the learning rate.

w, s the weight in the link from Node i to Node j.

Aw,is the difference in weight that has to be added to w,.

Update Biases

A@i =00 X Error}.
0.=0 + A6,
] ] J

where,
Error is the error at Node j.
o is the learning rate.
0,1s the bias value from Bias Node 0 to Node j.
A% is the difference in bias that has to be added to 8}

/

Consider learning in a Multi-Layer Perceptron. The given MLP consists of

an Input layer, one Hidden layer and an Output E@ym The input layer has 4 neurons, the hidden

.f\ Y e . 3 Ty £
laver has Z neurons mé the oufput layer has a single neuron. Train the MLP by u bdating m@
) g
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‘ ‘ Figure 10.11: Example MLP
Solution: From the Figure 10.11, the weights and biases are tabulated in Table 10.7.
Table 10.7; Weights and Biases |

Step 1: Forward Propagation
1. Calculate Input and Output in the Input Layer shown in Table 10.8.
' Table 10.8: Net Input and Output Calculation

X, 1 1
x, 1 1
X, -0 0
X, 1 1

2. Calculate Net Input and Output in the Hidden Layer and Output Layer aé shown in
Table 10.9. ' :

\-

Table 10.9: Unit at Hidden Layer and Output Layer - Net Input and Output Calculation

15=x]xw15+x2xw25+x3xw35+x4xw45+x0>< b, 1 1
L=1x03+1x-02+0x02+1x01+1x02=04 O5=1+e~15 1+ ¢4 =059
X, Li=xxw, +x,x W+ Xy X Wt X, X W, + %, % 6, 1. 1
I=1x03+1x04+0x~03+1x04+1x0.1=12 Oﬁ=1+e-16 1+ ¢ 12 =0769
X, L=0,xw,+0,x Wey + %y X 6, 0 1 1 0419
[;=0.599x-03+0.769x 0.2 +1x-0.3=-0.326 CQieh 1pm
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3. Calculate Error = O
So, error for this network is:

Error=0,  —0,=1-0.419=0.581

So, we need to back propagate to reduce the error.

desired OEstimat_ﬁd

Step 2: Backward Propagation
1.. Calculate Error at each node as shown in Table 10.10.
For each unit k in the output layer, calculate:
Error, =0,(1-0)) (O 0)
For each unit j in the hidden layer, calculate:
Error;= O, (1- 0) 2, Brror, w, |

desived

Table 10.10: Error Calculation for Each Unit in the Output Layer and Hidden Layer

Error,=0,(1-0,) (Y,-0)

~ 0419 (1 - 0.419) x (1 - 0.419) =0.141

Error6 = 04(1 - 0y X, Exror, w, = O, (1 - O Error, w,,
=0.769 (1 - 0.769) x 0.2 x 0.141 = 0.005

X, S Error, = O, (1 - Oy) X, Error, w, = O, (1~ 0,) Error, w,,

- 0.599(1 - 0.599) x 0.141 x ~0.3 = ~0.0101

2. Update weight using the below formula:
Learning rate or=0.8.
A‘wi).:x o X Errorj x O,
w,=wt+ Aw,
The updated weights and bias are shown in Tables 10.11 and 10.12, respectively.
Table 10.11: Weight Updation '

W, w,, = w,+ 0.8 x Error,x 0, 0292
=03+ 0.8 x-00101 1

W, w, = w,+0.8x Error, x O, 0.104
=01 +08x0005x1

W, w,. = W, + 0.8 x Error x U, ~{(1.208
w02+ 0.8 x 00101 x 1

w,, 0, = Wy, + 0.8 xError, x O, 0.404
=04+ 08 x 0005 x 1

(Continued)
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Wae =W, +0.8 x Errorsx O3 | _ 0.2
=0.2+0.8 x-0.0101 x0

Wy, Wy, =W, + 0.8 x Error, x 0, . =03
=-0.3+0.8%x0.005x0
W, W=, + 0.8 x Error, x O, 0.092

=0.1+0.8x-0.0101x1

w, | w=w,+08xError,x 0, 0.404
=04+08x%x0.005x1

w,, Wy, =wy,+0.8 x Error,x O, -0.232
=-0.3+0.8 x0.141 x 0.599

w,, We,=We,+ 0.8 x Error, x O, 0.287
=0.2+0.8 x 0.141 x 0.769

Update bias using the below formula:
| A= x Error].
9=0+49
Table 10.12: Bias Updation

95= 95+ o X Error5 . 0.192
=0.2+0.8 x-0.0101

6, |6=6+ccx Error, 0.104 ,
=01+0.8x0005
6, |8,=6+cx Error, -0.187
=-0.3+0.8 x0.141

Iteration 2
Now, with the updated weights and biases:
L. Calculate Input and Output in the Input Layer as shown in Table 10.13.

Table 10.13: Net Input and Output Calculation

: 1 1
X, 1 1
X, 0 0
X, 1 1

2. Calculate Net Input and Output in the Hidden Layer and Output Layer as shown in
Table 10.14.
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e 10.14: Net input and Output Calculation in the Hidden Layer and Output Layer

Tabl

I = 50, 5O g 0 5, X W X X Wb X, X Wt Xy X 0,
[=1x0292+1x-0.208+0x02+1x0.092+1x 0.192=0368 | 5 4 {4 g0 )

%, fésxlx W+ 2Ly X W Xy X W+ 2, X Wygt Xy X o, 1 1
IGmlx0.292+1x0.404+0xm—0.,3+1x0°404+1x0.104:1,204 gk ‘ 1 4 b2

%, L= 0, x wy,+ Ogx g, +x,x 0, o 1
,=0591 x~0.232 + 07692 x 0.287 + 1 x ~0.187 = -0.326 AT A Ty

The output we receive in the network at node 7 is 0.474.

Errqr’ =1-0474=0526

Now, when we compare the error we getin the previous iteration and in the current
iteration, it is visible that the network has learnt and reduced the error by 0.055.

Error is reduced by 0.055: 0.581 — 0.526. |
Thus, the training is continued for a predefined number of epochs or until the training error is
reduced below a threshold value.
-©
10.7 RADIAL BASIS FUNCTION NEURAL NETWORK

Radial Basis Function Neural Network (RBFNN) was introduced by Broomhead and Lowe in
1988. It is a type of Multi Layer Perceptron which has one input layer, one output layer and with
strictly one hidden layer. The hidden layer uses a non-linear radial basis function as the activation
function, which converts the input parameters into high dimension space which is then fed into the
network to linearly separate the problem. An XOR function is not linearly separable and requires at
least one hidden layer to classify it. The RBFNN uses the hidden layer to derive the feature vector
whose dimension is increased in space. This neural network is useful for interpofation, function
approximation, time series prediction, classification and system control.

Typical Radial Basis Functions (RBF) are:

The Gaussian RBE which monotonically decreases with distance from the centre.

(e

Hx)=¢ © (10.17)
where, ¢ is the centre and 7 is the radius.

A Multiquadric RBF which monotonically increases with distance from the centre.

H(x) =, ﬁiﬁi@i (E_G.‘E%}

RBENN architecture includes:
1. Aninput layer that feeds the input vector of n-dimension to the network (x, x,, ..., X,).
0. A hidden layer that comprises ‘m’ non-linear radial basis function neurons where
> 1. The hidden layer implements the Radial Basis Function called Gaussian function.

The output of @ hidden layer neuron for an input vector x is given as in Eq. (10.17):
4

H(xy=¢

where, 1 is the input vector, ¢ is the centre and r is the radius.
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Each RBF neuron in the hidden layer compares the input vector with the centre of
the neuron which is a bell curve and outputs a similarity value between 0 and 1. If the
input is equal to the neuron centre, then the output is 1 but as the difference increases,
the activation value or the output of the neuron falls off exponentially towards 0.

3. An output layer that computes the linear weighted sum of the output of each neuron
from the hidden layer neurons:

F(x)= X wH () | (10.19)
where,
w,is the weight in the link from the Hidden Layer neuron i to the Output Layer.
H{x) is the output of a Hidden Layer neuron i for an input vector x.

The architecture of a Radial Basis Function Neural Network is shown in Figure 10.12.
| H(x) | ‘

m(X)

Input layer ~ Single hidden ~ Output layer
v layer

Figure 10.12: Architecture of RBFNN

Training or learning with RBFNN is very fast and the neural network is very good at
interpolation. ' ‘

f

Input: Input vector (x,, Xy reones X,)
Output: Y,

Assign random weights for effery connection from the 'Hidden layer to the Output layer in
the network in the range [-1, +1]. :

Forward Phase:
Step 1: Calculate Input and Output in the Input Layer:

(Input layer is a direct transfer function, where the output of the node equals the input).‘
Input at Node i ‘I, in the Input Layeris =~

L=x,

1

where,

\_ x,is the input received at Node 1. : /

(Continued)
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Output at Node i ‘O in the Input Layer is
0,=1,

Step 2: For each node j in the Hidden Layer, find the centre/receptor ¢ and the variance r.

Define hidden layer neurons with Gaussian RBF whose output is:

g V2
{x c,.)

Hj(x) =g v

where, x is the input, ¢; is the centre and 7 is the radius.

Compute (x — ¢)* applying Euclidean distance measure between x and ¢,

Step 3: For each node k in the Output Layer, compute linear weighted sum of the output of
each neuron k from the hidden layer neurons j. ’

F (x)= X;;’;l wijj(x) '

where,
~w,is the weight in the link from the Hidden Layer neuron j to the Output Layer neuron k.

H(x) is the output of a Hidden Layer neuron j for an input vector x.

Backward Phase:
Step 1: Train the Hidden layer using Back propagation. !
Step 2: Update the weights between the Hidden layer and Output layer. D ‘

6

Consider the XOR Boolean function that has 4 patterns (0, 0) (0, 1) (1, 0) and

(1,1) in a 2-dimensional input space.

H,00

071

fnput layer Hidden layer Output fayer

=y

igure 10.13: Example RBFNN

Construct a RBENN as shown in Figure 10.13 that classifies the input pattern:
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Solution: Define 4 hidden layer neurons with Gaussian RBF:

~(x~c1)?

H@x)=c 7 ;cl=(0,0)

: ~(x=c2)?
H@=c 7 ;2=(,1)
~(x~c3)?
H@=¢ 7 ;3=(1,0)
’ ~(x~c4)?

H@m=e¢ 7 ;cd=(1,1)

For input pattern (0, 0)

Distance squared of x from ¢l = ©,0)
=(0-0)+(0-0p2=0

--l1r—f-1\2 ) |
H@)=¢ 7 =¢2=19
Distance squared of x from ¢2 = (0 1)
= (0 0+ (0-1)1=1 '

—(x~c2)? 1
Hx=e " =¢2=06
Distance squared of x from 3=(1,0)
=(0-1P+(0-02=1

—(x-c3)? -1
Hx)=e 7 =¢2=06
Distance squared of x from c4 = 1Ly
=(0-1P+(0-1p=2

~(x-c4)? 2
H@x)=e " =e¢2=04

Z;."zl ijj () =-0.8x1.0+0.9x0.6+09 x 0.6 +

~0.8 x 0.4 =-0.04

For input pattern (0, 1)

Distance squared of x from ¢ = 0,0)
=(0-0+(1-0)=1

~(x-c2)? 1

|Hx=e * =¢2=0¢

Distance squared of x from 2 = 0,1)
=(0-02+(1-12=0

--(x—cZ)2 1
Hix)=e * =¢2=10
Distance squared of x from 3 = (1,0
=(0-12+(1-012=2

—(\x—c?s)2 2
H@=e 7 =¢2=04

'Distance squared of x from c4 = (L 1)

=01+ (1-1)2=1
~(x—c4)? 1
Hx)=e ©* =¢2=06

Z wH(x) —08x06+09x10+09x04+
~08x06 0.3

Hx)=e ™ =¢

For input pattern (1, 0)
Distance squared of x from ¢1 = 0, 0)
=(1-0y+(0-02=1

G2V |
H@x=e¢e ©* =¢2=06
Distance squared of x from ¢2 = 01
=(1-0)+(0-12=2

2?2
H(x)=e ©* =¢2=04
Distance squared of x from ¢3 = (1,0)
=(1-1+(0-02=0

mt )
H@x=e 7 =¢2=10
Distance squared of x from ¢4 = (1L 1)
=(1-12+(0-12=1

—(x~c4)?

1
; 2 =06
20w H (x) =-08x06+09x04+09x 1.0 +
~08x0.6=03

For input pattern (1, 1)
Distance squared of x from ¢1 = (0, 0)
=(1-0P+(1-0P=2

et 2
H@=e¢ 7 =¢2=04
Distance squared of x from ¢2 = ©1
=(1-02+(1-1p=1

~(x-c2)? 1
Hx)=e * =¢2=0¢
Distance squared of x from ¢3 = (1,0)
=(1-1P+(1~0p=1

a2 |
Hx)=¢ ©* =¢2=0¢
Distance squared of x from c4 = Ly
=(1-1P+(1-17=0

et o

H@x)=e ©* =¢2=10

Z;”_l w.Hj(x) =-08x04+09x0.6+09x 0.6+

-0.8 x 1.0=-0.04
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Table 10.15 shows the obtained values during the calculation done in the forward phase.

Table 10.15: Forward Phase Calculation

0| 0 1.0 0.6 06 04 | -004 0
0 | 1 0.6 .0 | 04 0.6 0.3 1
1 |0 06 | 04 1.0 0.6 0.3 1
1|1 04 0.6 0.6 1.0 ~0.04 0
w,=-08 |w,= 09 |w,=09 |ws= -0.8
®

RBE Networks are generally trained to determine the following parameters:

1. The number of neurons in the hidden layer

2. The center of each hidden-layer RBF neuron

3. The radius or variance of each RBF function

4. The weights assigned from the Hidden layer to the Output layer for the summation function

Different approaches are followed to determine the centres for the Hidden layer RBF neurons,

comprising:

1. Random selection of fixed cluster centres

2. Self-organized selection of centres using K-means clustering -

3. Supervised selection of centres

10.8 SELF-ORGANIZING FEATURE MAP

Self-Organizing Feature Map (SOFM) is a special type of Feed Forward Artificial Neural
Network developed by Dr Teuvo Kohonen in 1982. Kohonen network is a competitive learning
network or also called as adaptive learning network. SOFM is an unsupervised learning model
that clusters data by mapping a high-dimensional data into a two-dimensional map (neurons)
or plane. The model learns to cluster or self organize a high-dimensional data without knowing
the class membership of the input data, and hence the name self-organizing nodes. These
self-organizing nodes are also called as feature maps. The mapping is based on the relative
distance or similarity between the points and the points that are near to each other in the input
space are mapped to nearby output map units in the SOFM.

Network Architecture and Operations

The network architecture consists of only two layers called the Input layer and the Output
layer, and there are no Hidden layers. The number of units in the Input layer is based on the
length of the input samples which is a vector of length ‘n’. Each connection from the Input
units in the Input layer to the output units in the Output layer is assigned with random

. There is one weight vector of length n’ associated with each output unit. Output

units have intra layer connections with no weights assigned between these connections but

used for updating the weights. The network architecture of SOFM is shown in Figure 10.14.
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2
]
oy

'n* Input units '¢ Output units
input layer Output layer

Figure 10.14: Network Architecture of Self Organizing Feature Map

The SOFM network operates in two phases, the training phase and the mapping Phase.
During the training phase, the input layer is fed with input samples randomly from the training
data. The units or neurons in the output layer are initially assigned with some weights. As the
input sample is fed, each output unit computes a similarity score by Euclidean distance measure
and compete with each other, The output unit, which is close to the input sample by similarity,
is chosen as the winning unit and its connection weights are adjusted by a learning factor.
Thus, the best matching output unit whose weights are adjusted are moved close to the input
sample and a topological feature map is formed. This process is repeated until the map does not
change. During the mapping phase, the test samples are just classified.

-

Input: ‘m’ Training Vectors (X Xy -y %), each of length ‘n’:

- .
x1,1 x1,2 o ‘xl,n
le . lez . "'xz,n

_xm,l xm,2 . ...xm’nj

Output: ‘c’ categories _

Input Layer: ‘n’ Input units (Length of the training vector)

Output Layer: ‘c’ Output units (Number of categories)

Step 1: Initialize random weights w, between 0 and 1, for each Output unit .
(A Weight vector of length ‘n’ is associated with each Output unit)

Step 2: For each training sample X

(a) Compute Euclidean distance score between the training sample x and the weight
vector w; of each output unit: , j

A\

(Continued)
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# = (Buclidean distancef'= 2.(x , ~w, (£))’
k=1 ° ‘ '

£
(b) Choose the winning output unit which has smaller distance to the input sample as
the best matching unit.

(c) Update the weights for the winning unit:
w(t+ 1) =w (i) + n(t)x,- w(f))
where, ‘
n(t) is the Learning rate.
wj.(f) is the weight of the winning unit at step £.
w(t +1)is the updated weight of the winning unit at step (¢ +1).

Step 3: Repeat until the feature map doesn’t change.

N

@f

J

Consider the example shown in Figure 10.15 which considers four training

sap each vector of length 4 and two output units. Train the SOFM network by determining
the class memberships of the input data.

Training Samples:
x:(1,0,1,0)

x,: (1,0,0,0)

x: (1,1,1,71)

x,:(0,1,1,0)

Output Units: Unit 1, Unit 2
Learning rate 1(f) = 0.6
Initial Weight matrix
Unit1] [03 0507 02
Unit 2 | {0‘6 05 04 0,2}

‘1 tnput units ‘o Gutput units
Input layer Output layer

Figure 10.15: Example SOFM




—HmEE T %

*| Unit 2

304 o Machine Learning

Solution:
Iteration 1:
Training Sample x:(1,0,1,0)
Weight matrix:
Unit1| 103 0.5 0.7 0.2
[Unit 2J ' [0.6 0.7 04 0.3}
Compute Euclidean distance between %, (L 0,1,0) and Unit 1 weights.
&= (03 -17+(0.5-002+ (0.7 - 1) + (0.2-0)2=0.87
Compute Euclidean distance between x,:(1,0,1, 0) and Unit 2 weights.
&= (0.6 =17+ (0.7- 012+ (0.4 - 1)2 + (03-0)2=1.1
Unit 1 wins | : |
Update the weights of the winning unit.
New Unit 1 weights =[0.3 0.5 0.7 02]+0.6([1 01 0]1-[0.3 0.5 0.7 02]) -
=[0.3 05 0.7 0.2]+ 0.6 [0.7 -0.5 0.3 -0.2]
=[03 05 0.7 0.2]+[0.42 030 0.18 ~0.12]
=[0.72 0.2 0.88 0.08]

[UnitlJ [0.72 0.2 0.88 0.08}

Unit 2 06 0.7 04 03

Iteration 2:
Training Sample x,:(1,0,0,0)
Weight matrix:
Unit 1 10.72 0.2 0.88 0.08
[Unit 2} ' [ 0.6 0.7 04 0.3J
Compute Euclidean distance between %, (1,0, 0, 0) and Unit 1 weights.
= (0.72- 12+ (0.2~ 0)*+ (0.88 ~ 0)*+ (0.08 - 0)2 = 0.74
Compute Euclidean distance between x,: (1,0, 0, 0) and Unit 2 weights.
| @ =06~ 17 +(0.7 - 0)2+ (04 - 07 + (0.3~ 012 = 0.9
Unit 1 wins
Update the weights of the winning unit:
New Unit 1 weights = [0.72 0.2 0.88 0.08]+0.6([1 0 0 0]-10.72 0.2 0.88 0.08])
=[0.72 0.2 0.88 0.08] +0.6 [0.28 -0.2 -0.88 -0.08]
=[0.72 0.2 0.88 0.08] +[0.17 -0.12 -0.53 -0.05]
=[0.89 0.08 035 0.03]

Unit1| 10.89 0.08 0.35 0.03
106 07 04 03
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[teration 3:

Training Sample x,: (1, 1,1, 1)
Weight matrix:

[Ummﬂ&w 0.08 0.35 mzj

Unit2| | 06 07 04 03

Compute Euclidean distance between x,: (1, 1, 1, 1) and Unit 1 weights.
42 = (0.89 - 1)* + (0.08 — 1)>+ (0.35 — 1)* + (0.03 - 1) |
=22 - .
Compute Euclidean distance between x;: (1, 1, 1, 1) and Unit 2 weights.
2= (0.6 - 1>+ (0.7 - 1)2+ (04 - 1)*+ (0.3 - 1)
=1.1
Unit 2 wins
Update the weights of the winning unit:
New Unit 2 weights =[0.6 0.7 0.4 0.3]+0.6([1 1 1 1]-[0.6 0.7 04 0.3])

=[0.6 0.7 0.4 0.3]+0.6[0.4 0.3 0.6 0.7]
~[0.6 0.7 04 03] +[0.24 0.18 0.36 0.42] =[0.84 0.88 0.76 0.72]

Unit1] [089 0.08 035 0.03
Unit2| 10.84 0.88 0.76 0.72

Iteration 4:
Training Sample x,: (0, 1, 1, 0)
Weight matrix:
Unit 1| 0.89 0.08 0.35 0.03
{Unﬁft 2} ° {0.84 0.88 0.76 0,72}
Compute Euclidean distance between x,: (0, 1, 1, 0) and Unit 1 weights.
42 = (0.89 - 0)? + (0.08 — 1)+ (0.35 — 1)* + (0.03 - 0)?
=2.06
Compute Euclidean distance between x: (0, 1, 1, 0) and Unit 2 weights.
@2 = (0.84 ~ 0)? + (0.88 - 1)+ (0.76 - 1" + (0.72 - 0)?
=13
Unit 2 wins

Update the weights of the winning unit:

New Unit2 weights  =[0.84 088 076 0.72]+ 0.6 ([0 1 1 0] -[0.84 0.88 0.76 0.72])
-~ [0.84 0.88 0.76 0.72] + 0.6 [-0.84 0.12 0.24 —0.72]

=[0.84 0.88 0.76 0.72] +[-0.5 007 0.14 -0.43]=[0.34 0.95 0.9 0.29]

P i

10.89 0.08 0.35 0.03 |

N i
i N e O o ey |
| 1034 095 09029
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- 2. ANNs can learn and recognize complex patterns and solve problems as humans solve a problem.

_ 2. They work like a ‘black box’ and it is exceedingly difficult to understand their working in inner
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Best rhapping units for each of the sample taken are:
%:(1,0,1,0) - Unit 1

- %,:(1,0,0,0) - Unit 1

% (1,1,1,1) - Unit2
%:(0,1,1,0) > Unit 2

This process is continued for many epochs until the feature map does not change.
' ®

10.9 POPULAR APPLICATIONS OF ARTIFICIAL NEURAL NETWORKS

ANN learning mechanisms are used in many complex applications that involve modelling of

non-linear processes. ANN is a useful model that can handle even noisy and incomplete data.
They are used to model complex patterns, recognize patterns and solve prediction problems like
humans in many areas such as: | '

-

- L. Real-time applications: Face recognition, emotion detection, self-driving cars, navigation
systems, routing systems, target tracking, vehicle scheduling, etc.
2. Business applications: Stock trading, sales forecasting, customer behaviour modelling,
Market research and analysis, etc. '
3. Banking and Finance: Credit and loan forecasting, fraud and risk evaluation, cutrency
price prediction, real-estate appraisal, etc.

4. Education: Adaptive learning software, student performance modelling, etc.

5. Healthcare: Medical diagnosis or mapping symptoms to a medical case, image interpre-
tation and pattern recognition, drug discovery, etc. R

6. Other Engineering Applications: Robotics, aerospace, electronics, manufacturing, commu-
nications, chemical analysis, food research, etc. ' i

10.10 ADVANTAGES AND DESADVANTAGES OF ANN
Advantages of ANN

1. ANN can solve complex problems involving non-linear processes.

3. ANNs have a parallel processing capability and can predict in less time,

4. They have an ability to work with inadequate knowledge. It can even handle incomplete and
noisy data.

5. They can scale well to larger data sets and outperforms other learning mechanisms.

Limitations of ANN

1. An ANN requires processors with parallel processing capability to train the network running
for many epochs. The function of each node requires a CPU capability which is difficult for very
large networks with a large amount of data.

layers. Moreover, it is hard to understand the relationship between the representations learned
at each layer. ’ '
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3, The modelling with ANN is also extremely complicated and the development takes a much
. 31
longer time. ¢
4. Generally, neural networks require more data than traditional machine learning algorithms
and they do not perform well on small datasets. ‘ '

5. They are also more computationally expensive than traditional learning techniques.

10.11 @HAREEN@ES FAR"E‘EFE@EAENEU L NETWORKS

The major challenges while modelling a real-time application with ANN are:

1. Training a neural network is the most challenging part of using this technique.
Overfitting or underfitting issues may arise if datasets used for training are not correct.
It is also hard to generalize to the real-world data when trained with some simulated
data.NWoreover, neural network models normally need a lot of training data to be
robust and are usable for a real-time application.

2. Finding the weight and bias parameters for neural networks is also hard and it is difficult
to calculate an optimal model.

1. The human nervous system has billions of neurons that are the processing units which make us to
perceive things around us, to hear, to see and to smell.

2. A typical biological neuron has four parts called dendrites, soma, axon and synapse. The body of the
neuron is called as soma.

3 The neurons form a network structure which processes input information and gives out a response.

4. Artificial neurons are like biological neurons which are called as nodes that can receive one or more
input information from other neurons and process the information.

5. The first mathematical model of a biological neuron designed by McCulloch & Pitts receives weighted
inputs from other neurons and operates with an activation function.

6. A neuron gets fired when the weighted sum of the received inputs exceeds the threshold of the
activation function.

7 An Artificial Neural Network has a network structure represented as a directed graph with a set of
neuron nodes and connection links or edges connecting the nodes.

8. The activation function decides whether to fire a neuron or not based on the input signals the neuron
receives. '
9 Activation functions car be linear or non-linear.
10. Linear functions are generally used in binary perceptrons, where the input values can be classified
into any one of the two groups.
11. Non-linear functions are continuous functions that map the input in the range of (0, 1) or (-1, 3

12, The first neural network model Perceptron’ 18

13. The Perceptron, designed by Frank Koses

training data by itself.
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14.

15.
| 16.
17.
18
19.
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' XOR s not linearly separable, so a single layer perceptron fails to class1fy and hence this problem led

Machine Learning

A perceptron model can solve any Boolean functions which are linearly separable.

to the evolution of a Multi-Layer Perceptron (MLP).

Different types of ANNs differ by the network structure, activation function used and the leaming-
rules used. In an ANN, there are three layers called input layer, hidden layer and output layer,

An MLP has atleast one hidden layer and as the number of hidden layers is increased, the leammg
becomes more complex and they form a deep neural network.

An MLP uses back propagation for supervised learning of the network.

The hidden layer in the RBFNN uses a non-linear radial basis function as the activation functiop,
which converts the input parameters into a high dimension space which is then fed into the networ
to linearly separate the problem.

Self-Organizing Feature Map is an unsupervised learning modei that clusters data by mapping 5
high-dimensional data into a two-dimensional map (neurons) or plane.

Scan for 'Additional Key Terms’

Attificial Neural Network (ANN) - Imitates a human brain which inhibits some intelligence.

Neuron - It is the basic workmg unit of the brain. These are cells within the nervous system that
transmit information to other cells in the body.

Soma - The body of the neuron is called as Soma.

Dendrites - These are the branches of a neuron to accep t the input information and process it in the
cell body called soma.

Axon -An axon is the outer part of a neuron that passes the processed information from one neuron
to another neuron. )

Synapse ~ It is a small junction at the end of a neuron to communicate signals to another neuron.

Central Nervous System (CNS) - It comprises the bram and the spinal cord that controls most of the

functions of the body and mind.

Peripheral Nervous System (PNS) - It constitutes of all neurons that lie outside of the cenfral Nervous
system (CNS) and controls the functions of all sensory organs.

Attificial Neurons — These are like biological neurons which are called as nodes that can receive one
or more mput mformatlon and process the information.

McCulloch & Pitts Neuron - It is a simple model of an artificial rieuron proposed by Warren
McCulloch and Walter Pitts in 1943.

Activation Functions - These are mathematical functions associated with each neuron in the neural
network that maps the input signals into output signals.

Perceptron ~ The first neural network model that is a linear binary classifier used for supervised
learning. ’




o @ woe

=

10.

Artificial Neural Networks o 309
Mui&iwmyer Perceptron (MLP) - It consists of multiple layers with one input layer, one output layer
and one or more hidden layers. |

Feed Forward Neural Network — It is the simplest neural network that consists of neurons which are
arranged in layers and the information is propagated only in the forward direction.

Fully Connected Neural Network - In this network, all the neurons in a layer are connected all other
neurons in the next layer.

'Feedback Neural Network — It has feedback connections between neurons that allow information

flow in both directions in the network.

Radial Basis Function Neural Network (RBFNN) - It is a type of Multi-Layer Perceptron which
has one input layer, one output 1ayer and with strictly one hidden layer. The hidden layer uses a
non-linear radial basis function as the activation function which converts the input parameters into a
high-dimension space, which is then fed into the network to linearly separate the problem.

Self-Organizing Feature Map (SOFM) - It is a special type of Feed Forward Aurtificial Neural |
Network used as a competitive learning network for unsupervised learning.

Compare biological neuron and artificial neuron.

What is the drawback of McCulloch & Pitts mathematical model of an artificial neuron?
What are activation functions?

List some of the linear and non-linear activation functions.

Why XOR problem could not be solved by simple ?erceptron?

Design a two-layer network of perceptron to implement NAND gates. Assume your own weights
and biases in the range of [-0.5, 0.5]. Use learning rate o = 0.4.

Discuss about some of the types of artificial neural networks.

How a Multi-Layer Perceptron solves the XOR problem. Design an MLP with back propagation to
implement the XOR Boolean function.

Compare an RBFNN with MLP.

Consider the Network architecture with 4 input units and 2 output units. Consider four training
samples each vector of length 4.

Training samples
i (1, 1,1,0)
2:(0,0,1,1)
3:(1,0,0,1)
i4:(0,0,1,0)
Output Units: Unit 1, Unit 2
Learning rate 7(f) = 0.6
Initial Weight matrix
E{} 20805 v&??

H
!

505 04 0.6 |

Eéemzii}f an algorithm to learn without supervision? How do you cluster them as expected?
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11.
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15.

16.

18.

19.

20.

Machine Learning
Down
A typical biological neuron has parts. 1A graph can be used to structure a neural
Perception is made possible by billions of network. (True/False)

neurons. (Yes/No)

. Activations decide when to fire a neuron or

not. (True/False)

. Perceptron is a binary linear classifier.

(True/False)
If all the neurons in a layer are connected,
then it is called a connected network.

A single layer Perceptron cannot solve the
XOR problem. (True/False) '

Addition of neurons can imporove the
complexity. (True/False)

RBFFNN uses a kernel that converts input

parameters to a higher dimensional space.
(True/False)

Axon is (inner/outer) part of the

neuron that passes information.

Neurons form a neural architecture and
process information to give a

The branches of the neuron are called .

10.

13.

14.
16.
17.

. Synapse is a smaller

- When the weighted sum of the inputs

exceeds a threshold value, the neuron gets

. A binary perceptron can be a linear

function. (True/False)

. The body of the neuron is called

Frank Rosenblatt designed a perceptron.
(True/False) -

at-the end of
the neuron. '

Perceptron can solve all the problems that
are linearly separable. (True/False)

McCulloch and Pitts designed a first
mathematical model of a

MLP uses supervised learning. (True/False)
SOM is used to cluster data. (True/False)

The central nervous system comprises brain
and spinal cord. (True/False)
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“Wherever you see a successful business, someone once
made a courageous decision.”

— Peter Drucker

13.1 INTRODUCTION TO CLUSTERING APPROACHES

Cluster analysis is the fundamental task of unsupervised learning. Unsupervised learning
involves exploring the given dataset. Cluster analysis is a technique of partitioning a collection
of unlabelled objects that have many attributes into meaningful disjoint groups or clusters. This
is done using a trial and error approach as there are no supervisors available as in classification.
The characteristic of clustering is that the objects in the clusters or groups are similar to each
other within the clusters while differ from the objects in other clusters signif '

jects, data

hese terms are same and used interchangeably in this chapter. All
itled unlabelled. The o |

labels associ

momr A

g,
B
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the set of clusters (or groups) of similar data if it exists in the input. For example, the followin
Figure 13.1(a) shows data points or samples with two features shown in different shaded sampleg
and Figure 13.1(b) shows the manually drawn ellipse to indicate the clusters formed.

Cluster visualisation

15.
12.5 2.
: 0 -
v | o9
_g 75 ..... 0
> ‘ %
. o
0.0? : : -
0 1 2 3 4 5 ) 7
‘ Samples
(a)
Cluster visualisation
15.0 ] :
12.5
10.0/ -
g : é ] ?
;‘5 y . R RESTSURAS SROCSNOA NS VR S

3 4 5 6 7
Samples

(b)

Figure 13.1: (a) Data Samples (b) Clusters' Description

Visual identification of clusters in this case is easy as the examples have only two features.
But, when examples have more features, say 100, then clustering cannot be done manually and
automatic clustering algorithms are required. Also, automating the clustering process is desirable
as these tasks are considered difficult by humans and almost impossible. All clusters are repre-
sented by centroids. For example, if the input examples or data is (3, 3), (2, 6) and (7, 9), then

3+247,3+6+9

3
cluster should represent only one class. Therefore, clustering algorithms use trial and error method
to form clusters that can be converted to labels. Thus, the important differences between classifi-
cation and clustering are given in Table 13.1.

the centroid is given as

] = (4, 6). The clusters should not overlap and every
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“Table 13.1: Differences between Classification and Clustering

1. | Unsupervised learning and cluster formation are | Supervised ledrning with the presence of a
done by trial and error as there is no supervisor | supervisor to provide training and testing data
2. | Unlabelled data Labelled data '
3. |No prio}: knowledge in clustering ‘Knowledge of the domain is must to label the
samples of the dataset
4. | Cluster results are dynamic | Once a label is assigned, it does not change

~ Applications of Clustering

1. Grouping based on customer buying patterns

2. Profiling of customers based on lifestyle

(S8

. In information retrieval applications (like retrieval of a document from a collection of
documents)

Identifying the groups of genes that influence a disease

. Identification of organs that are similar in physiology functions
Taxonomy of animals, plants in Biology _
Clustering based on purchasing behaviour and demography

Document indexing

o N e

Data compression by grouping similar objects and finding duplicate objects

Challenges of Clustering Algorithms

A huge collection of data with higher dimensions (ie., features or attributes) can pose a
problem for clustering algorithms. With the arrival of the internet, billions of data are available
for clustering algorithms. This is a difficult task, as scaling is always an issue with clustering
algorithms. Scaling is an issue where some algorithms work with lower dimension data
but do not perform well for higher dimension data. Also, units of data can post a problem,
like some weights in kg and some in pounds can pose a problem in clustering. Designing
a proximity measure is also a big challenge.
The advantages and disadvantages of the cluster analysis algorithms are given in Table 13.2.

Table 13.2: Advantages and Disadvantages of Clustering Algorithms

Cluster analysis algorithms can handle missing | Cluster analysis algorithms are sensitive to

data and outliers. initialization and order of the input data.

Often, the mumber of clusters present in the

data have to be specified by the user.
i J

© s s
I
SEY
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Itis easy to explain the cluster analysis algorithms | Scaling is a probem.
and to implement them. o

4. | Clustering is the oldest technique in statistics | Designing a proximity measure for the given
~ | and it is easy to explain. It is also relatively easy | data is an issue.-
to implement.

13.2 PROXIMITY MEASURES

f o0 1 e n . ey ’
kScun for ‘Additional information on Proximify Measures’

Clustering algorithms need a measure to find the similarity or dissimilarity among the objects
to group them. Similarity and dissimilarity are collectively known as proximity measures.
Often, the distance measures are used to find similarity between two objects, say i and j.

Distance measures are known as dissimilarity measures, as these indicate how one object
is different from another. Measures like cosine similarity indicate the similarity among objects.
Distance measures and similarity measures are two sides of the same coin, as more distance
indicates more 51m11ar1ty and vice versa. Dlstance between two objects, say i and j, is denoted by
the symbol D '

The propetties of the distance measures are:

1. D, is always positive or zero.

2. D=0, ie, the distance between the object to itself is 0. |

3. Dij = Dﬁ. This property is called symmetry.

4 D, <D, + D, This property is called triangular inequality.

If all these conditions are satisfied, then the distance measure is called a metric.

Based on the data types of the attributes of an object, distance measures vary. The concept
of data types is discussed in Chapter 2. It can be recollected that the data types are divided into
categorical and quantitative variables. Quantitative variables are numbers and are of two types -
nominal and ordinal. For example, gender is a nominal variable as gender can be enumerated as
Gender = {male, female}. Ordinal variables look like nominal variables but have an inherent order
present in the enumeration. For example, temperature is a nominal variable as temperature can be
enumerated as Temperature = {low, medium, high}. One can observe the inherent order present,
that is, medium > low and low < medium. Quantitative variables are real or Integer numbers or
binary data. In binary data, the attributes of the object can take a Boolean value. Objects whose
attributes take binary data are called binary objects.

. Let us review some of the proximity measures.




Quantitative Variables

some of the qualitative variables are discussed below.

Fuclidean Distance It is one of the most important and common distance measures. It is also
called as L, norm. It can be defined as the square root of squared differences between the coordi-
nates of a pair of objects.

The Euclidean distance between ob]ects x; and x; with k features is given as follows:

Distance (x, x) = (13.1)

The advantage of Euclidean distance is that the distance does not change with the addition of
new objects. But the disadvantage is that if the'units change, the resulting Euclidean or squared
Euclidean changes drastically. Another disadvantage is that as the Euclidean distance involves
a square root and a square, the computational complexity is high for implementing the distance
for millions or billions of operations involved.

City Block Distance City block distance is known as Manhattan dlstance This is also known as
boxcar, absolute value distance, Manhattan distance, Taxicab or L, norm. The formula for finding
the distance is given as follows:

. n

Distance (x, x].) = ; Xy =X

Chebyshev Distance Chebyshev distance is known as maximum value distance. This is the

absolute magnitude of the differences between the coordinates of a pair of objects. This distance is

called supremum distance or L, _or L_norm. The formula for computing Chebyshev distance is
given as follows:

(13.2)

Distance (x, x],) = maxix, —x (13.3)

| Suppose, if the coordinates of the objects are (0, 3) and (5, 8), then what is the
Chebyshev distance?

Solution: The Euclidean distance using Eq. (13.1) is given as follows:

Distance (x,, x.) )= (0~ 5) + (3 -8y
= /50 = 7.07
The Manhattan distance using Eq. (13.2) is given as follows:

(0-5)+(3-8) =10

e Chebyshev distance using Eq. (13.3) is given as follows:

Distance (x, x }

% ¥y

Minkowski Distance In general, all the above distance measures can be generalized as:

Clustering Algorithms « 365
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This is called Minkowski distance. Here, 7 is a parameter. When the value of 7 is 1, the distance
measure is called city block distance. When the value of 7 is 2, the distance measure is calleq
Euclidean distance. When, 7 is o, then this is Chebyshev distance. ‘

Binary Attributes

Binary attributes have only two values. Distance measures disctssed above cannot be applied to
find distance between objects that have binary attributes. For finding the distance among objects
with binary objects, the contingency Table 13.3 can be used. Let x and y be the objects consisting
~ of N-binary objects. Then, the contingency table can be constructed by counting the number of
‘matching of transitions, 0-0, 0-1, 1-0 and 1-1.

Table 13.3: Contingency Table

0 a b
C d

In other words, ‘a’ is the number of attributes where x attribute is 0 and y attribute is 0,
‘b’ is the number of attributes where x attribute is 0 and y attribute is 1, ‘c’ is the number of
~ attributes where x attribute is 1 and y attribute is 0 and ‘d’ is the number of attributes where
x attribute is 1 and y attribute is 1.

Simple Matching Coefficient (SMC) SMC is a simple distance measure and is defined as the
ratio of number of matching attributes and the number of attributes. The formula is given as:
| a+d | |
a+b+c+d
The values of 4, b, ¢, and d can be observed from the Table 13.4.
 Jaccard Coefficient Jaccard coefficient is another useful measure for and is given as follows:

_ d
b+c+d

(13.5)

(13.6)

If the given vectors are x = (1, 0, 0) and y = (1, 1, 1) then find the SMC and Jaccard

coefficient?

Solution: It can be seen from Table 13.2 that, =0,b=2,c=0and d=1.

a+d
The SMC Eq. (13.5 —e—— = (+1/3 = 0.33
e using Eq. ( )1sg1venasa+b+c+d /

Jaccard coefficient using Eq. (13.6) is given as | = =1/3=0.33

+c+d

©
Hamming Distance Hamming distance is another useful measure that can be used for
knowing the sequence of characters or binary values. It indicates the number of positions at
which the characters or binary bits are different.

For example, the hamming distance between x = (10 1) and y = (1 1 0) is 2 as x and y differ
in two positions. The distance between two words, say wood and hood is 1, as they differ in only
one character. Sometimes, more complex distance measures like edit distance can also be used.




Clustering Algorithms o 367

categorical Variables

[n many cases, categorical values are used. It is just a code or symbol to represent the values.
For example, for the attribute Gender, a code 1 can be given to female and 0 can be given to male.

To calculate the distance between two objects represented by variables, we need to find only
whether they are equal or not. This is given as: '

1 ifxzy

13,
0 ifx=y 13.7)

Distance (x, y) = {

ordinal Variables

F Ordinal variables are like categorical values but with an inherent order. For example, designation
. ig an ordinal variable. If job designation is 1 or 2 or 3, it means code 1 is higher than 2 and code 2
is higher than3. It is ranked as 1>2 > 3.

Let us assume the designations of office employees are clerk, supervisor, manager and
general manager. These can be designated as numbers as clerk = 1, supervisor = 2, manager = 3

. and general manager = 4. Then, the distance between employee X who is a clerk and Y who is a
o f manager can be obtained as: '
ition (X) — position (Y

e Distance (X, Y) = ‘posz ion (X) — position ( )l , (1338)

‘ n-1
Here, position (X) and position(Y) indicate the designated numerical value. Thus, the distance
between X (Clerk = 1) and Y (Manager = 3) using Eq. (13.8) is given as:

iposition (X) - position (Y)l _ ‘1 - 31 _2 066
-1 4-1 3

Distance (X, Y) =

Vector Type Distance Measures

For text classification, vectors are normally used. Cosine similarity is a metric used to measure
) how similar the documents are irrespective of their size. Cosine similarity measures the cosine of
the angle between two vectors projected in a multi-dimensional space. The similarity function for
vector objects can be defined as:

"
S, %Y

i (L Y) =k L (13.9)

BT o o
=1 1 i=1 !

The numeration is the dot product of the vectors A and B. The denominator is the product of
the norm of vectors A and B.

= {1, 1,0} and B = {0, 1, 1}, then what 1s the cosine

1

Solution: The dot product of the vector is 1 x 0+ 1x 1+0x1=1. The norm of the vectors A and

.. I
Bis 7.
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Now, let us discuss the types of clustering algorithms, which include hierarchical, partitiong)
density-based and grid-based algorithms. '

Scan for information on ‘Taxonomy of Clustering Algorithms’

13.3 HIERARCHICAL CLUSTERING ALGORITHMS

‘Hierarchical methods produce a nested partition of objects with hierarchical relationships among
objects. Often, the hierarchy relationship is shown in the form of a dendrogram.

Hierarchical methods include categories, agglomerative methods and divisive methods,
In agglomerative methods, initially all individual samples are considered as a cluster, that is,
a cluster with a single element. Then, they are merged and the process is continued to get a
single cluster. Divisive methods use another kind of philosophy, where a single cluster of aJ]
samples of the dataset taken initially is chosen and then partitioned. This partition process is

continued until the cluster is split into smaller clus_ters.

Agglomerative methods merge clusters to reduce the number of clusters. This is repeated each
time while merging two closest clusters to get a single cluster. The procedure of agglomerative
clustering is given as follows: . -

[

1. Place each N sample or data instance into a separate cluster. So, initially N clusters are
available. '

2. Repeat the following steps until a single cluster is formed:
(a) Determine two most similar clusters.

(b) Merge the two clusters into a single cluster reducing the number of clusters as N-1.

3. Choose resultant clusters of step 2 as result.

J

All the clusters that are produced by hierarchical algorithms have equal diameters. The main
disadvantage of this approach is that once the cluster is formed, it is an irreversible decision.

13.3.1 Single Linkage or MIN Algorithm

Hierarchical clustering algorithms produce nested clusters, which can be visualized as a hierarchical
tree or dendrogram. The idea behind this approach is proximity among clusters. In single linkage
algorithm, the smallest distance (, ), where x is from one cluster and v is from another cluster,
is the distance between all possible pairs of the two groups or clusters (or simply the smallest
distance of two points where points are in different clusters) and is used for merging the clusters.
This corresponds to finding of minimum spanning tree (MST) of a graph.

The distance measures between individual samples or data points is already demonstrated in
the previous section 13.2. To understand the single linkage algorithm, go through the following
numerical problem that involves finding the distance between clusters.

S
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Consider the array of points as shown in the following Table. 13.4.
Table 13.4: Sample Data

o | 1] 4

1 2

2 5 | 10 |
3 12 | 18 ;
4 14 | 28

Apply single linkage algorithm,

Solution: The similarity table among the variables is computed as shown in Table 13.4. Euclidean
distance is computed as shown in the following Table 13.5.

Table 13.5: Proximity Matrix

0 - | 4123 | 7.211 | 17.804 | 27.295
1 - 14.142 | 23.324
2 ~ 1 10.630 | 20.124
3 -~ 10.198
4 —
The minimum distance is 3.606. Therefore, the items 1 and 2 are clustered together. The g

resultant is shown in Table 13.6.
Table 13.6: After lteration 1

0,2 | - 10630 | 20124
0 | 17.804 | 27295
3 ~ | 10198
4 —

The distance between the group {1, 2} and items {0}, {3} and {4} is computed using the formula:

D, (€, C},) = minimum__ Qcid((z, b) (13.10)

C.,b
i

Here, D, is the single linkage distance, C, C, are clusters and d (g, b) is the distance between
. . i . ) /
the elements g and b.

Thus, the distance between {1, 2} :

1 5 we

Aindroum {2
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This is shown in Table 13.6. The minimum distance of Table 13.6 is 4.123.
Therefore, {0, 1, 2} is clustered together. This result is shown in Table 13.7.

Table 13.7: | After Iteration 2

012 | - |10630]20124
3 - (0198
4 v -

Thus, the distance between {0, 1, 2} and {3} using Eq. (13.10) is given as
| Minimum {{0, 3}, {1, 3}, {2, 3}} = Minimum {17.804, 14.142, 10.630} = 10.630.
Thus, the distance between {0, 1, 2} and {4} is
Minimum {{0, 4}, {1, 4}, {2, 4}} = Minimum {27.295, 23.324, 20.124} = 20.124.
This is shown in Table 13.7. The minimum is 10.198. |

Therefore, the items {3, 4} are merged. And, the items {1, 2, 3} and {4, 5} are merged. The resultant |

is shown in Table 13.8.

Table 13.8: After Iteration 3

{O/ 1/ ) - :
{3, 4} . -

The computation of ? in Table 13.8 is not needed as no other items are left. Therefore, the
clusters {0, 1, 2} and {3, 4} are merged.

Dendrograms are used to plot the hierarchy of clusters. Dendrogram for the above clustering
is shown in the following Figure 13.2.

10 1

0 1 2 3 4

Figure 13.2: Dendrogram for Table 13.4
@
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13.3.2 Complete Linkage or MAX or Clique

In complete linkage algorithm, the distance (x, y), (where x is from one cluster and y is from
another cluster), is the largest distance between all possible pairs of the two groups or clusters

(or simply the largest distance of two points where points are in different clusters) as given
below. It is used for merging the clusters. ‘

R SRR

D (C,, C;) = maximum,_ b de(d, b) (13.11)

Dendrogram for the above clustering is shown in Figure 13.3.

254

204

151

104

0 1]

0 i 2 3 4

Figure 13.3: Dendrogram for Table 13.4

13.3.3 Average Linkage

In case of an average linkage algorithm, the average distance of all pairs of points across the
clusters is used to form clusters. The average value computed between clusters ¢, ¢, is given
as follows:

.
)y=— 2 dab) (13.12)

J 77’2',7”}, #6Cy, beC

D Al,(Ci ¢

Here, m and m; are sizes of the clusters.

The dendrogram for Table 13.4 is given in Figure 13.4.

17.5
15.04
12.5-

10.0-

7.5

2.5

0.0 :
0 1

Figure 13.4: Dendrogram for Table 13.4
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13.3.4 Mean-Shift Clustering Algorithm

Mean-shift is a non-parametric and hierarchical clustering algorithm. This algorithm is also
known as mode seeking algorithm or a sliding window algorithm. It has many applications j in
image processing and computer vision.

“There is no need for any prior knowledge of clusters or éhape of the clusters present in the
dataset. The algorithm slowly moves from its initial position towards the dense regions. ‘

The algorithm uses a window, which is basically a weighting function. Gaussian window ig

a good example of a window. The radius of the kernel is called bandwidth. The entire window

is called a kernel. The window is based on the concept of kernel density function and its aim

is to find the underlying data distribution. The method of calculation of mean is dependent op

the choice of windows. If a Gaussian window is chosen, then every point is assigned a weight
that decreases as the distance from the kernel center increases. The algorithm is given below,

/

Step 1: Design a window.
Step 2: Place the window on a set of data points.

- Step 3: Compute the mean for all the points that come under the wmdow

Step 4: Move the center of the window to the mean computed in step 3. Thus, the window
moves towards the dense regions. The movement to the dense region is controlled by a
mean shift vector. The mean shift vector is given as:

v = —Ilzxék(x - X) (13.13)

Here, K is the number of points and S, is the data points where the distance from
data points X, and centroid of the kernel x is within the radius of the sphere. Then, the
centroid is updated as x =x +v_.

Step 5: Repeat the steps 3—4 for convergence. Once convergence is achieved, no further points
can be accommodated

AN ‘ _

Advantages

1. No model assumptions

2. Suitable for all non-convex shapes

3. Only one parameter of the window, that is, bandwidth is required
4. Robust to noise

5. Noissues of local minima or premature termination |

Disadvantages

1. Selecting the bandwidth is a challenging task. If it is larger, then many clusters are missed.
If it is small, then many points are missed and convergence occurs as the problem.

2. The number of clusters cannot be specified and user has no control over this parameter.
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Sean for ‘Additional Examples’

13.4 PARTITIONAL CLUSTERING ALG

'k-means’ algorithm is"a straightforward iterative partitional algorithm. Here, k stands for the
user specified requested clusters as users are not aware of the clusters that are present in the
dataset. The k-means algorithm assumes that the clusters do not overlap. Therefore, a sample or
data point can belong to only one cluster in the end. Also, this algorithm can detect clusters of
shapes like circular or spherical. | -

Initially, the algorithm needs to be initialized. The algorithm can select k data points
randomly or use the prior knowledge of the data. In most cases, in k-means algorithm setup, prior
knowledge is absent. The composition of the cluster is based on the initial condition, therefore,
initialization is an important task. The sample or data points need to be normalized for better
performance. The concepts of normalization are covered in Chapter 3.

The core process of the k-mean algorithm is assigning a sample to a cluster, that is, assigning
each sample or data point to the k cluster centers based on its distance and the centroid of the
clusters. This distance should be minimum. As a new sample is added, new computation of
mean vectors of the points for that cluster to which sample is assigned is required. Therefore, this
iterative process is continued until no change of instances to clusters is noticed. This algorithm
then terminates and the termination is guaranteed.

Step 1: Determine the number of clusters before the algorithm is started. This is called k.
Step 2: Choose k instances randomly. These are initial cluster centers.

Step 3: Compute the mean of the initial clusters and assign the remaining sample to the
closest cluster based on Euclidean distance or any other distance measure between
the instances and the centroid of the clusters.

Step 4: Compute new centroid again considering the newly added samples.

Step 5: Perform the steps 3-4 till the algorithm becomes stable with no more changes in

assignment of instances and clusters.

k-means can also be viewed as greedy algorithm as it involves partitioning n samples to
k clusters to minimize Sum of Squared Error (SSE). SSE is a metric that is a measure of error
that gives the sum of the squared Euclidean distances of each data to its closest centroid. It is

crivreTr o

Here, ¢ he centroid of the 1

e or data point and
SSE

cluster, x is the sample or
the k-means algorithm is to minimize 55E.

distance. The aim of
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Advantages
1. Simple
2. Easy to implement

Disadvantages

1. Itis sensitive to initialization process as change of initial pointé leads to different clusters.

2. If the samples are large, then the algorithm takes a lot of time.

How to Choose the Value of k?

It is obvious that k is the user specified value specifying the number of clusters that are present,
Obviously, there are no standard rules available to pick the value of k. Normally, the k-meang
algorithm is run with multiple values of k and within group variance (sum of squares of samples
with its centroid) and plotted as a line graph. This plot is called Elbow curve. The optimal or best
value of k can be determined from the graph. The optimal value of k is identified by the flat or
‘horizontal part of the Elbow curve. '

Complexity

The complexity of k-means algorithm is dependent on the parameters like #, the number of
samples, k, the number of clusters, ®(nkld). I is the number of iterations and d is the number of
attributes. The complexity of k-means algorithm is O (1?).

Consider the following set of data given in Table 13.9. Cluster it using k-means

algorithm with the initial value of objects 2 and 5 with the coordinate values (4, 6) and (12, 4) as
initial seeds.

Table 13.9: Sample Data

1 2 4
<2 | 4 I —
3 6 8
10 4
12 >

Solution: As per the problem, choose the objects 2 and 5 with the coordinate values. Hereafter,
the objects' id is not important. The samples or data points (4, 6) and (12, 4) are started as two
clusters as shown in Table 13.10. -

Initiaﬁin centroid and data points are same as only one sample is involved.
Table 13.10: Initial Cluster Table

Centroid 1 (4,6) | Centroid 2 (12, 4)

Iteration 1: Compare all the data points or samples with the centroid and assign to the
nearest sample. Take the sample object 1 (2, 4) from Table 13.9 and compare with the centroid of
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the clusters in Table 13.10. The distance is 0. Therefore, it remains in the same cluster. Similarly,
consider the remaining samples. For the Q'F;)jec%: 1(2, 4), the Buclidean distance between it and

the centroid is given as:
Dist (1, centroid 1) = \J(2 - 4)? + (4—6) = /8

Dist (I, centroid 2) = (2 - 12)? + (4~ 4 =100 = 10

Object 1 is closer to the centroid of cluster 1 and hence assign it to cluster 1. This is shown in
Table 13.11. Object 2 is taken as centroid point.

For the object 3 (6, 8), the Euclidean distance between it and the centroid points is given as:

Dist (3, centroid 1) = /(6 - 4) + (8 6)* = V8
Dist (3, centroid 2) = {6~ 12)? + (8~ 4)* =52

Object 3 is closer to the centroid of cluster 1 and hence remains in the same cluster 1.

Proceed with the next point object 4(10, 4) and again compare it with the centroids in
Table 13.10.

Dist (4, centroid 1) = \/, 0 - 4)* 4 6) =40

Dist (4, centroid 2) = /(10 — 12)° —\4 =2

Object 4 is closer to the centroid of cluster 2 and hence assign it to the cluster table. Object 4 is
in the same cluster. The final cluster table is shown in Table 13.11.

Obviously, Object 5 is in Cluster 3. Recompute the new centro1ds of cluster 1 and cluster 2.

They are (4, 6) and (11, 4), respectively.
Table 13.11: Cluster Table After lteration 1

(4,6) (10, 4)
(2, 4) (12, 4)
(6,8)

Centroid 1 (4, 6) Centroid 2 (11, 4)

The second iteration is started again with the Table 13.11.

Obviously, the point (4, 6) remains in cluster 1, as the distance of it with itself is 0. The
remaining objects can be checked. Take the sample obj ect 1 (2, 4) and compare with the cuxtrmd
of the clusters in Table 13.12.

Dist (1, centroid 2) =

HI ST £ SRR SINPYMPS St I O
LASU LS, Ceiurone ) =

% b F72 URTNE SR B & SR
Dist (3, centroid 2) = /(6
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Object 3 is closer to centroid of cluster 1 and hence remains in the same cluster. Take thg
sample object 4 (10, 4) and compare with the centroid values of clusters 1 (4, 6) and cluster 2 (11, 4
of the Table 13.12; .

Dist (4, centroid 1) = {10 - 4)? + (4 - 6)* = /40

Dist (3, centroid 2) = /(10 - 11)? + (4 - 4)? = J1=1

Object 3 is closer to centroid of cluster 2 and hence remains in the same cluster. Obviously,
the sample (12, 4) is closer to its centroid as shown below:

Dist (5, centroid 1) = (12 - 4)? + (4~ 6)* = /68

Dist (5, centroid 2) = \/(12 ~11P2 + (4 -4) = V=1 Therefore, it remains in the same cluster.
Object 5 is taken as centroid point. : ‘

The final cluster Table 13.12 is given below:

Table 13.12: Cluster Table After Iteration 2

(4, 6) (10, 4)
2,4 (12, 4)
68
Centroid (4, 6). Centroid (11, 4)

There is no change in the cluster Table 13.12. It is exactly the same; therefore, the k-means
algorithm terminates with two clusters with data points as shown in the Table 13.12.

—®

Scan for ‘Additional Examples”

N

13.5 DENSITY-BASED METHODS

Density-based spatial clustering of applications with noise (DBSCAN) is one of the density-based
algorithms. Density of a region represents the region where many points above the specified
threshold are present. In a density-based approach, the clusters are regarded as dense regions
of objects that are separated by regions of low density such as noise. This is same as a human’s
intuitive way of observing clusters.

The concept of density and connectivity is based on the local distance of neighbours.
The functioning of this algorithm is based on two parameters, the size of the neighbourhood (&)
and the minimum number of points (m).

1. Core point ~ A point is called a core point if it has more than specified number of points
(m) within e-neighbourhood.

2. Border point — A point is called a border point if it has fewer than ‘m’ points but is a
neighbour of a core point.

3. Noise point - A poiht that is neither a core point nor border point.
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The main idea is that every data point or sample should have atleast a minimum number
of neighbours in a neighbourhood. The neighbourhood of radius £ should have atleast m points.
The notion of density connectedness determines the quality of the algorithm.

The following connectedness measures are used for this algorithm.
1. Direct density reachable ~The point X is directly reachable from Y, if:
(a) Xis the eneighborhood of ¥
(b) Y is a core point

2. Densely reachable - The point X is densely reachable from Y, if there is a set of core points
that leads from Y to X. | |

3. Density connected ~ X and Y are densely connected if Z is a core point and thus points
X and Y are densely reachable from Z.

Step 2: Find all points from p with respect to its neighbourhood and check whether it has
minimum number of points . If so, it is marked as a core point.

Step 1: Randomly select a point p. Compute distance between p and all other points.

Step 3: If it is a core point, then a new cluster is formed, or existing cluster is enlarged.
Step 4: If it is a border point, then the algorithm moves to the next point and marks it as visited.
Step 5: If it is a noise point, they are removed.

Step 6: Merge the clusters if it is mergeable, dist (c,, c}_) <&

Step 7: Repeat the process 3-6 till all points are processed.

\

Advantages

1. No need for specifying the number of clusters beforehand
2. The algorithm can detect clusters of any shapes

3. Robust to noise '

4. Few parameters are needed

The complexity of this algorithm is O(nlogn).

13.6 G SED APPROAC

Grid-based approach is a space-based approach. It partitions space into cells, the given data s fitted
on the cells for cluster formation.

There are three important concepts that need to be mastered for un derstanding the grid-based

schemes. They are:

. Subspace clustering

e

ok

. Concept of dense cells
3

3. Monotonicity property

Let us discuss about them.
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Subspace Clustering

Grid-based algorithms are useful for clustering high-dimensional data, that is, data with Many
attributes. Some data like gene data may have millions of attributes. Every attribute is cailed ,
dimension. But all the attributes are not needed, as in many applications one may not require 4]
the aftributes. For example, an employee’s address may not be required for profiling his diseases
Age may be required in that case. So, one can conclude that only a subset of features is required, .

For example, one may be interested in grouping gene data with similar characteristics or organg
that have similar functions. '

Finding subspaces is difficult. For example, N dimensions may have 2M-1 subspac‘es. Exploring
all the subspaces is a difficult task. Here, only the CLIQUE algorithms are useful for exploring
the subspaces. CLIQUE (Clustering in Quest) is a grid-based method for finding clustering in

PRpRpIpI

subspaces. CLIQUE uses a multiresolution grid data structure.

Concept of Dense Cells

CLIQUE partitions each dimension into several overlapping intervals and intervals it into cell,
Then, the algorithm determines whether the cell is dense or sparse. The cell is considered dense if it
exceeds a threshold value, say . Density is defined as the ratio of number of points and volume of the
region. In one pass, the algorithm finds the number of cells, number of points, etc. and then combines
the dense cells. For that, the algorithun uses the contiguous intervals and a set of dense cells.

e

Step 1: Define a set of grid points and assign the given data points on the gi'id.

Step 2: Determine the dense and sparse cells. If the number of points in a cell exceeds the threshold
value 7, the cell is categorized as dense cell. Sparse cells are removed from the list.

Step 3: Merge the dense cells if they are adjacent.

Step 4: Form a list of grid cells for every subspace as output.

J

Monotonicity Property

CLIQUE uses anti-monotonicity property or apriori property of the famous apriori algorithm.
It means that all the subsets of a frequent item should be frequent. Similarly, if the subset is
infrequent, then all its supersets are infrequent as well. Based on the apriori property, one can
conclude that a k-dimensional cell has r points if and only if every (k - 1) dimensional projections
of this cell have atleast r points. So like association rule mining that uses apriori rule, the candidate

dense cells are generated for higher dimensions. The algorithm works in two stages as shown
below. '

-

Stage 1:
Step 1: Idehtify the dense cells.

.\ Step 2: Merge dense cells ¢, and , if they share the same interval.

(Continued)
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F

Step 3: Generate Apriori rule to generate (k + 1)* cell for higher dimension. Then, check
whether the number of points cross the threshold. This is repeated till there are no
dense cells or new generation of dense cells. |

Gtage 2: "

‘Step 1: Merging of dense cells into a cluster isvcarzried out in each subspace using maximal

regions to cover dense cells. The maximal region is an hyperrectangle where all cells
fall into.

Step 2: Maximal region tries to cover all dense cells to form clusters.

In stage two, CLIQUE starts from dimension 2 and starts merging. This process is

Advantagesbf CLIQUE

1. Insensitive to input order of objects
2. No assumptions of underlying data distributions
3. Finds subspace of higher dimensions such that high-density clusters exist in those subspaces

Disadvantage

The disadvantage of CLIQUE is that tuning of grid parameters, such as grid size, and finding
optimal threshold for finding whether the cell is dense or not is a challenge.

13.7 PROBABILITY MODEL-BASED METHODS

In the earlier clustering algorithms, the samples were assigned to the clusters permanently.
Also, the samples were not allowed to be present in two clusters. In short, the clusters were
non-overlapping. In model-based schemes, the sample is associated with a probability for
membership. This assignment based on probability is called soft assignment. Soft assignments
are dynamic as compared to hard assignments which are static. Also, the sample can belong to
more than one clusters. This is acceptable as person X can be a father, a manager as well as a
member of a prestigious club. In short, person X has different roles in life.

A ‘Model’ means a statistic method like probability distributions associated with its param-
efers. In the EM algorithm, the model assumes data is generated by a process and the focus is
to find the distribution that observes that data. There are two probability based soft assignment
schemes that are discussed here. One is fuzzy-C means (FCM) clustering algorithm and another is
EM algorithm. EM algorithm is discussed in detail in Chapter 2.

13.7.1 Fuzzy Clustering

L¥

&

Fuzzy C-Means is one of the most widely used algorithms for implementing "
Let us assume two

concept. In fuzzy clustering, an object can belong to more than one clugter

clusters ¢, and ¢, then an element, say x, can belong to both the clusters. The strength of association

of an object with the cluster is given as w . The value of w, lies between zero and one. The sum of

weights of an object, if added, gives 1.
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Like in k-means algorithm, the centroid of the cluster, ¢y is computed. The membership weight
is inversely proportional to the distance between object and centroid computed in earlier pas,

s —

Step 1: Choose the clusters, k, randomly. |

Step 2: Assign weights w, of objects to clusters randomly.
Step 3: Compute the centroid:

Supy
. Cj = ——-———':‘-’1/” d (1315)
Ywr
) i=1 Y
Step 4: The Sum of Squared Error (SSE) is computed as:
k m o
SSE=3.% wrdist (x,, c»]_)2 ' (13.16)

j=1i=1

Step 5: Minimize SSE to update the membership weights. Here, p is a fuzzifier whose value
- ranges from 1 to o, This parameter determines the influence of the weights. If pis 1,
then fuzzy-c acts like k-means algorithm. A large weight results in a smaller value of the
membership and hence more fuzziness. Typically, p value is 2. :

Step 6: Repeat steps 3-5 till convergence is reached, which mean when there is no change in
u weights exceeding the threshold value. S j

Advantages and Disadvantages of FCM

The advantages and disadvantages of the FCM algofithm are given in Table 13.13.

Table 13.13: Advantages and Disadvantages of FCM Algorithm

Minimum intra class variance | The quality depends on the initial choice of weights

2. | Robust to noise ; Local minima rather than global minimum

13.7.2 Expectation-Maximization (EM) Algorithm

Like FCM algorithm, in EM algorithm too there are no hard assignments but ‘there are
overlapping clusters. ’

In this scheme, clustering is done by statistical models. What is a model? A statistical model is
described in terms of a distribution and a set of parameters. The data is assumed to be generated
by a process and the focus is to describe the data by finding a model that fits the data. In fact, data
is assumed to be generated by multiple distributions - a mixture model. As mostly gaussian distri-
butions are used, it also called as GMM (Gaussian mixture model).

Given a mix of distributions, data can be generated by randomly picking a distribution and

generating the point. The basics of Gaussian distribution are given in Chapter 3. One can recollect
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that Gaussian distribution is a bell-shaped curve. The function of gaussian distribution is given as
follows:

0!
N(}C i 4} e @ 207
2mo* ‘

Two parameters characterize this function - mean and standard deviation. Sometimes, variance
can also be used as it is the square of standard deviation. When the mean is zero, the peak of the
pell-shaped curve occurs. Standard deviation is the spread of the shape. The above function is
called probability distribution function that tells how to find the probability of the observed point x.

The same gaussian function can be extended for multivariate too. In 2D, the mean is also a
vector and variance takes the form of covariance matrix. Chapter 3 discusses these important
concepts.

Let us assume that:
k = Number of distributions
n = Number of samples

0= {91,92',93,~-,9k }, a set of parameters that are associated with the distributions.

0,is the parameter of the j" probability distribution.

Then, p(x, | 6],) is the probability of i" object coming from the j* distribution. The probability
that j* distribution to be chosen is given by the weightw, 1 < j <k.Then,

k
p(x, 10) = %w}.pj(x l 9},)

If all the points are generated randomly, then the entire set of objects can be denoted as:

n nok
p(x16) = ﬂ; p(x, 10) = Hli:]w},pj(x I 8/,)
e j=1 j=1
Every data is assumed to be generated by a distribution. To describe the data point, the corre-
sponding distribution along with its parameters should be known. So, the parameters should be
learnt. Since Gaussians are assumed, the probability that data belongs to that distribution should

be learnt. This is given as:

The parameters 4 and o should be chosen such that the above equation is maximized. This
is known as maximum likelihood principle. This kind of estimation is called maximum likelihood
estimation. Often, log of likelihood function is used and maximized.

Since there are no multiple distributions as only Gaussians are assumed, the problem is reduced

to choosing parameters only. The objective of the EM algorithm is to maximize the likelihood of
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-

Step 1: Select the parameters randomly.

Step 2: In expecfation stage, for each point the Conditioﬁ probability is computed.
Step 3: In maximization stage, the new parameters are computed. |

Step 4: Repeat the steps 2-3 till change is minimal within the threshold value or pafameters
do not change at all.

\__ S J
13.8 CLUSTER EVALUATION METHODS

‘Similarity-based Measures’

I(Scan for information on ‘Purity’, ‘Evaluation based on Ground Truth’, and

as in classification. Also, in clustering algorithms, domain knowledge is absent most of the times,
So, clustering algorithms’ validation is difficult as compared to the validation of classification
algorithms. There are three types of measures that can be used for cluster validation:

1. Internal
2. External
3. Relative

Internal metrics quantify the quality of clustering without the use of any external information
or knowledge. External metrics use the ground truth or externally supplied labels to quantify the
quality of the validation. In relative measure, different cluster algorithms are compared, or the
algorithm is run with multiple parameter values. This measure helps in finding optimal clusters.

Basically, two measures of information measures, that is cohesion and separation, are based on
the idea that the objects in the cluster should be same and objects across clusters should be distinct.
Alternatively, the average distance within the cluster should be small and average distance across
the clusters should be large. ’

Cohesion and Separation

Cohesion (or compact) measures how close the samples are inside the cluster. This ensures that the
clusters are homogeneous. Cohesion is measured as sum of squared errors between the samples
and the centroid. The within cluster sum is given as:

}% 2 (x, —m ) ‘ (13.17)

k=1 x;eC ! 1

Here, N is the number of clusters, C is the set of centroids, x, is the centroid and - m. is the

Y . . . . . s ]
samples. A lower within cluster variation is a Necessary condition for greater compactness and
high cohesion. '
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Separation indicates how well a sample differs from other clusters. This is measured as the
weighted sum of the differences of the centroid of the dataset and the centroid of the generated
clusters. This is given as: ' '

E‘,C Cx—x) (13.18)

Here, x is the centroid of the entire dataset, X is the centroid of the clusters and Ci is the size
of the clusters. A larger distance is required for well-separated clusters so that the clusters are
perfectly distinct. Sometimes, the connectivity between a sample and other member of that cluster
may be important, indicating the sort of samples that can be put into the clusters. The connectivity
value ranges from 0 to infinity. Dunn index can be computed as:

o x separation

Index = (13.19)

B x compactness

Here, o and f are parameters. Dunn index is a useful measure that can combine both cohesion
and separation.

Silhouette Co-efficient

Silhouette coefficient combines both cohesion and separation. The Silhouette coefficient measures
the average distance between clusters. It is given as follows:
b -a
§, =ttt (13.20)
: max{bi,ai)
Here, 4, is the distance between the sample and centroid of the same cluster and b, is the

distance between the sample and the nearest centroid. The silhouette coefficients of the individual
objects can be summed to get for the entire cluster as 5, given as:

1 il
S=-—25 13.21
o Ls (1321)
The value of the silhouette coefficient s is between ~1 and +1. When it is closer to 1, the clusters
are well formed. The value is zero when the data points are between two clusters and negative

when the clusters are not formed correctly.

1. Clustering is a technique of partitioning the objects with many attributes into meaningful disjoint

subgroups.

e

Quantitative variables use distance measures, Fuclidean distance, Manhattan distance and
Chebyshev distance.
3. Binary attributes have only two values, 0 or 1. 5SMC and Jaccard distance are used to measure distance

among objects with binary attributes.

4. To calculate the distance between two objects represented by nominal variables, techniques like
simple matching, Jaccard method or Hamming distance are used.

5. Cosine similarity is a metric used to measure how similar the documents are irrespective of their size.
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Machine Learning

Partitional methods use greedy procedures that are used iteratively to obtain a single leve] of
partition.

Hierarchical methods produce a nested partition of objects with hierarchical relationships amop,

g
objects. Often, the hierarchy relationships are shown in the form of a dendrogram.

k-means algorithm is an iterative partitional algorithm that uses the distance between the sampleg
and the centroid of the clusters to find the closest clusters for cluster formation.

Den51ty-based methods use the philosophy that atleast some minimum data points should be presen;
within the acceptable radius for each point of the cluster.

Grid-based methods partition the data space into cells and use it for fitting the data
Probability model-based methods use models to form clusters.

Purity is a measure of the extent to which a cluster consists of elements belonging to a smgle class.

The value of the silhouette coefficient S, ranges between ~1 and +1. When the formed clusters are
compact, then the value of silhouette coefﬁc1ent value approaches 1.

Scan for ‘Additional Key Terms’

Clustering - Clustering is a technique of partxtlomng the objects with many attrlbutes into meaningful
disjoint groups or clusters.

Distance Measure - A measure of finding proximity among objects.

Euclidean Distance - It is also called as L, norm. It can be defined as the square root of squared
differences between the coordinates of a pair of ob]ects '

Citi Block Distance - This distance is known as Manhattan distance. This is also known as boxcar,
absolute value distance, Manhattan distance, Taxicab or L, norm.

Chebyshev Distance - Is also known as maximum value distance. This distance is called supremum
distance or L__ or L_norm.

SMC -1t is a simple distance measure that is defined as the ratio of number of matching attributes
and the number of attributes.

Cosine Similarity — Cosine similarity is a metric used to measure how similar the documents are
irrespective of their size. It measures the cosine of the angle between two vectors projected in a
multi-dimensional space.

Hierarchical Methods - The methods that produce a nested cluster with an inherent hierarchy.
Dendrogram - Dendrograms are plots used to indicate the hierarchy of clusters.
Window - A weighting function with a radius called bandwidth.

Partitional Clustering - A way of partitioning a cluster into meaningful sub-clusters.
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Elbow Curve - A plot that is useful for picking the correct value of k in k-means algorithm.
Density Region - A region where many points above the specified threshold are present.
Density — The ratio of number of points to the area of the region.

Subspa@e — A subset of attributes is called a subspace.

Dense and Sparse Cells — A cell with number of points above a threshold value is called a dense cell.
Sparse cells have points less than the threshold value.

Monotonicity Property — A notion that if there is a dense cell in k™ dimension, it will be present in
the (k- 1) dimension too. '

FCM - An algorithm that uses fuzzy logic for clustering.

Model - A statistical method that fits the data based on probabili‘ty distribution associated with its
parameters.

Mixture Model — A notion that multiple distributions generate a dataset. If only Gaussians are used,
it is called GMM (Gaussian Mixture model). ‘

Cohesion ~ A measure of how close the samples are inside the clusters.

Separation ~ A measure of how farthest a sample of a cluster is from other clusters.

Silhouette Coefficient — A measure that combines both cohesion and separation.

Define and distinguish among the following terms—classification and clustering.

What are the advantages and disadvantages of clustering schemes?

List out the applications of clustering algorithms.

List out the challenges of clustering algorithms.

What are the problems associated with clustering large data?

Write the procedure for agglomerative algorithm.

What is k in k-means algorithm? How is it selected?

Different initializations of k-means algorithm yield different results - Justify.
Distinguish between - core point, border point and noise point.

What is density? How is it measured in DBSCAN algorithm?

1. What is a grid?
. State the monotonicity property.

. What is a subspace? Why is it important?

14, What is a model?

5. List out the advantages and disadvantages of FCM.

A
3

16, What is a mixture model?

. What is a silhouetie coefficient?

TSt snd Bdan e brees ) cvpned e S b v seor 17e by shvsedor walied abinn
{ist out the internal and external measures for chuster validation.
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Explain k-means algorithm in detail.
Explain the working of DBSCAN algorithm.
Explain in detail the CLIQUE algorithm,

What is fuzzy logic? How does FCM algorithm help in cluster formation?
Explain in detail the EM algorithm.

O s W oo =

tcn for ‘Additional Numerical Problems’

L. Consider the following data and calculate the Euclidean, Manhattan and Chebyshev distances:
(2) (234)and (156)
(b) 229)and (789) _ i
2. Find cosine similarity, SMC and Jaccard coefficients for the following binary data: ;b
(@ (1011)and (1100)
(b) (10001)and(100001)and(11000)
3. Find Hamming distance for the following binary data: | '
(@) (111)and (100)
() (11100)and (00111)
4. Find the distance between:
(2) Employee ID: 1000 and 1001 :
(b) Employee name - John & John and John & Joan
5. Find the distance between:
(a) (Yellow, red, green) and (red, gréen, yellow)
(b) (bread, butter, milk) and (milk, sandwich, Tea)
6. Use Table 13.14 dataset and apply hierarchical methods with seed poiﬁts (7, 8) and (16, 9). Show the

dendrogram.,

Table 13.14: Sample Data
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7. Consider the following data shown in Table 13.15. Use k-means algorithm with k =2 and show the

Across

15

result.

Table 13.15: Sample Data

is a measure of how close the

samples are in a cluster.
_measures the farthest distance of

a sample of a cluster to another cluster
A subset of attributes is called

Grid-based approaches fit the data in

e coefficient ranges
Bl

Yot

5]

ments irrespective of the size. (1
Clustering algorithms perform the task of

grouping. (True/False)

Down

9N,

. Dendrogram shows __

relationships.

If the number of points is more than the

threshold value, itiscalled _cell.
The partitional methoduses approach

for grouping,

The hier

method produces a nested

which can be  wvisualized

relationship
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Across
17.

18.
19.

20.

coefficient combines separation
and cohesion.

Euclidean distance can be used for

(qualitative/quantitative) variables.

Density is the number of minimum points
in a neighbourhood. (True/False)

Euclidean distance is (L,/L,)

‘norm.

Find and mark the words listed below.

Down
10

11,

12.

13.

14.

16.

. A wéighting function with a radius is calleq

SMC and Jacaard coefficient is used for

__(quantitative/qualitative) variables,

k-means algorithm is a (hierarchica);
partional) algorithm. ’

Distance measure is a proximity measure,

(True/False) '

Elbow curve is used for finding optimal k
value. (True/False) '

Dunn index is a metric for measuring

clustering quality. (Yes/No)

NNQTRUEGEBLPGQEDAAMYCXTGP
Q]FX]NVRURLTFVHLPTBYAARRD
AGLDTRIYEEGTRBUSMSSBQZUU]
SEQGFRUBG]SHRUX]ZSIYVIEAD
ZQUNRQQSVYPFQLEONF,LXAKY'OH
DUAXHETCEBFTSV'BRXVHCXNPNI
ZANZWMETFOPAWZTOODAORTDTPAYE
HLTVIJQDQSANBKETVSUAEAECR
TI T CCWKYYWI RDHCL2LEWNRMEF A
RTTOTRUEGTCNAWBIPPTSDTDTR
UAALYYTEEVOAETIZFLTUR}I,EPC
ETTHETSR]LHBQZIDMLEBOTQXH
FIINSNW]UDEFTETOTCQSGI,MNI
CVV}EADPMESXRHKUNHVPROXY,C
_]EEDHUSVWYIDUETXES_XAANRFA
AST'FOGY]TPOHECRC,LQQCMAKVL
TFNXTRUElLDNSBAIHIPVESLSPK
True Quantitative Qualitative Cosine Greedy Dendrograms
Partitional True True True True True

L, True Hierarchical Bandwidth True Subspace
Dense Cohesion Separation Yes Silhouette |










