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PREFACE

The importance of Machine Learning Is well known in various engineering fields.
Overwhelming response to my books on various subjects Inspired me to write this book.
The book is structured to cover the key aspects of the subject Machine Learning.

The book uses plain, lucid language to explain fundamentals of this subject. The
book provides logical method of explaining various complicated concepts and stepwise
methods to explain the important topics. Each chapter is well supported with necessary
illustrations, practical examples and solved problems. All the chapters in the book are
arranged in a proper sequence that permits each topic to build upon earlier studies. All

care has been taken to make students comfortable in understanding the basic concepts
of the subject.

The book not only covers the entire scope of the subject but explains the philosophy
of the subject. This makes the understanding of this subject more clear and makes it
more interesting. The book will be very useful not only to the students but also to the

subject teachers. The students have to omit nothing and possibly have to cover nothing
more.

I wish to express my profound thanks to all those who helped in making this book a
reality. Much needed moral support and encouragement is provided on numerous
occasions by my whole family. I wish to thank the Publisher and the entire team of

Technical Publications who have taken immense pain to get this book in time with
quality printing.

Any suggestion for the improvement of the book will be acknowledged and well
appreclated.

Auithor
D, A. Dhotre

Dedicated to Cjod

{nii)
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SYLLABUS

Machine Learning - (3170724)

i E ination Marks
Credits xamination Mar Total Marks
C Theory Marks Practical Marks
ESE (E) PA(M) ESE (V) PA (I)
4 70 30 30 20 150

3.

4.

Introduction to Machine Learning :
Overview of Human Learning and Machine Leaming, Types of Machine Learning, Applications of

Machine Leamning , Tools and Technology for Machine Leaming. (Chapter - 1)
Preparing to Model :

Machine Learning activities, Types of data in Machine Learning, Structures of data, Data quality and
remediation, Data Pre-Processing: Dimensionality reduction, Feature subset selection. (Chapter-2)
Modelling and Evaluation :

Selecting a Model: Predictive/Descriptive, Training a Model for supervised leaming, model
representation and interpretability, Evaluating performance of a model, Improving performance of a

model. (Chapter - 3)

Basics of Feature Engineering :
Feature and Feature Engineering, Feature transformation: Construction and extraction, Feature

subset selection : Issues in high-dimensional data, key drivers, measure and overall process.

(Chapter - 4)

Overview of Probability :
Statistical tools in Machine Learning, Concepts of probability, Random wariables, Discrete

distributions, Continuous distributions, Multiple random variables, Central limit theorem, Sampling
distributions, Hypothesis testing, Monte Carlo Approximation. (Chapter - 5)

Bayesian Concept Learning :
Importance of Bayesian methods, Bayesian theorem, Bayes' theorem and concept learning,

Bayesian Belief Network. (Chapter - 6)
Supervised Learning : Classification and Regression :

Supervised Learning, Classification Model, Leamning steps, Classification algorithms, Regression,
Regression algorithms. (Chapter-7)

Unsupervised Learning :
Supervised vs. Unsupervised Learning, Applications, Clustering, Association rules (Chapter - 8)

Neural Network :
Introduction to neural network, Biological and Artificial Neurons, Types of Activation functions,

Implementation of ANN, Architecture, Leaning process, Backpropogation, Deep Leamning.

(Chapter - 9)

(iv)
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Machine Leamning

1-2 Introduction to Machine Leaming

EEJ Overview of Human Learning

Leamning is the process of acquiring new understanding, knowledge, behaviours,
skills, values, attitudes and preferences. Learning process happens when you
observe a phenomenon and recognize a pattern.

Learning is a phenomenon and process which has manifestations of various
aspects. Learning process includes gaining of new symbolic knowledge and
development of cognitive skills through instruction and practice. It is also
discovery of new facts and theories through observation and experiment.

All human learning is observing something, identifying a pattern, building a
theory (model) to explain this pattern and testing this theory to check if its fits in
most or all observations.

Fig. 1.1.1 shows human learning,.

Observaion [——— Lleaming [=———] s

Fig. 1.1.1 Human learning
Both human as well as machine learning generate knowledge, one residing in the
brain the other residing in the machine.
Human learning process varies from person to person. Once a learning process is
set into the minds of people, it is difficult to change it.
Fig. 1.1.2 shows relation between human and machine learning.

Human learning Machine learning

Intelligence =S5 Models

Learning
ileenis [ wepac-is d Data

* Learning by creating tests
Ll;i;ll'::'lﬁ > skileam {4 = Interleaving leaming
* Learning by ignoring
L]
Fig. 1.1.2
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Machine Leamning 7-3 Introduction to Machine Learmning

Types of human learning
e Human learning take place in following way :
1. Self-learning : Human try many times after multiple attempts, some being

unsuccessful.

2. Knowledge gained from expert : We build our own notion indirectly based on
what we have learnt from the expert in the past.

3. Learning directly from expert : Either somebody who is an expert in the subject

directly teaches us.
e Humans acquire knowledge through experience either directly or shared by others.

Humans begin learning by memorizing. After few years, he realizes that mere
capability to memorize is not intelligence.

e In humans, learning speed depends on individuals and in machines, learning
speed depends on the algorithm selected and the volume of examples exposed to

it.

EEEH Difference between Human and Machine Learning

Human leaming ¥ ___Machine leaming |

b e i e e e

Humans acquire knowledge thr-:rugh experience Madm aequi;re knowledge through
dtl'lerdirec-tl}rorsharedbynthers experience shared in the form of past data.
Model-free and model-based mechanisms can Knowledge based learning in machine !ea.mmg.

be found in human learning. o S ,___‘i

_ﬂbserv‘aﬂon‘ Leaming-ﬁkill Data-hMachmgleammg-SH]

Overview of Machine Learning

® Machine Learning (ML) is a sub-field of Artificial Intelligence (AI) which concerns
with developing computational theories of learmning and building leamning
machines.

Learning is a phenomenon and process which has manifestations of various
aspects. Learning process includes gaining of new symbolic knowledge and
development of cognitive skills through instruction and practice. It is also
discovery of new facts and theories through observation and experiment.

¢ Machine Leaming Definition : A computer program is said to learn from
experience E with respect to some class of tasks T and performance measure P, if
its performance at tasks in T, as measured by P, improves with experience E.
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different from 2 typical hand-written program. It may contain millions of numbers
If we do it right, the program works for new cases as well as the ones we traj .
it on.

. Main goal of

machine learning is to devise learning algorithms that do the
intervention oOr assistance. The machine

learning automatically without human
can be viewed as "pragramming by example." Another goal i
f human learning process and perform

learning paradigm
to develop compu
computer simulations.
The goal of machine learning is to
Jearn from their experience.
o Algorithm 1S used to solve a problem on computer. An
instruction. It should carry out t0 transform the input t
addition of four numbers is carried out by giving as input to the
algorithm and output is sum of all four numbers. For the same task, there may be
various algorithms. It is interested tO find the most efficient one, requiring the
ctions or memory OF both.

least number of instru
however, weé do not have an algorithm.

tational models ©
build computer systems that can adapt and

algorithm is a sequence of
o output. For example, for

e For some tasks,

Why is Machine Learning Important ?

o Machine learning algorithms can
generalizing from examples.

o Machine Learning provides business insight and intelligence. Decision makers a:
provided with greater insights into their organizations. This adaptive technology
being used by global enterprises t0 gain a competitive edge-

o Machine learning algorithms discover the relationships petween the variab
system (input, output and hidden) from direct samples of the systerm-

+ Following are some of the reasons
1. Some tasks cannot be define

Recognizing people.
TECHNICAL PUBLICATIONS® - an up
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5.

6.
Machine learning also helps us find solutions of many problems in computer

Relationships and correlations can be hidden within large amounts of data. To
solve these problems, machine learning and data mining may be able to find

these relationships.

Human designers often produce machines that do not work as well as desired
in the environments in which they are used.

The amount of knowledge available about certain tasks might be too large for
explicit encoding by humans.

Environments change time to time.

New knowledge about tasks is constantly being discovered by humans.

vision, speech recognition and robotics. Machine learning uses the theory of
statistics in building mathematical models, because the core task is making

inference from a sample.

How Machines Learn 7

e Machine learning typically follows three phases :
1. Training : A training set of examples of correct behavior is analyzed and some

representation of the newly learnt knowledge is stored. This is some form of rules.

2. Validation : The rules are checked and, if necessary, additional training is given.
Sometimes additional test data are used, but instead, a human expert may validate
the rules, or some other automatic knowledge - based component may be used.
The role of the tester is often called the opponent.

3. Application : The rules are used in responding to some new situation.

Training 1
set
. MNew knowledge Application
Training

knowledge ey Y
Validation

L ]

Test data Tester

Fig. 1.2.1
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EEX] How do Machine Learn?

[EES————————— v . Bes w—

Machine leamning process in divided into three parts : Data inputs, abstraction and
generalization.
Fig. 1.2.2 shows machine learning process.

Abstraction PR R TR Generalization

Input
data

Fig. 1.2.2 Machine leamning process

Data input : Information is used for future decision making.

Abstraction : Input data is represented in broader way through the underlying
algorithm.

Generalization : It forms framework for making decision.

Machine learning is a form of Artificial Intelligence (AI) that teaches computers to
think in a similar way to how humans do : Learning and improving upon past
experiences. It works by exploring data and identifying patterns and involves
minimal human intervention.

Algorithm is used to solve a problem on computer. An algorithm is a sequence of
instruction. It should carry out to transform the input to output. For example, for
addition of four numbers is carried out by giving four number as input to the
algorithm and output is sum of all four numbers.

For the same task, there may be various algorithms. It is interested to find the
most efficient one, requiring the least number of instructions or memory or both.

Abstraction

During the machine learning process, knowledge is fed in the form of input data.
Collected data is raw data. It can not used directly for processing.

Model known in machine leaning paradigm is summarized knowledge
representation of raw data. The model may be in any one of the following forms :

1. Mathematical equations.

2. Specific data structure like trees.

3. Logical grouping of similar observations.
4. Computational blocks.

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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¢ Choice of the model used to solve specific learning problem is the human task.

Some of the parameters are as follows :
a) Type of problem to be solved.

b) Nature of the input data.

¢) Problem domain.

Well Posed Learning Problem

Definition : A computer program is said to learn from experience E with respect
to some class of tasks T and performance measure P, if its performance at tasks
in T, as measured by P, improves with experience E.

A (machine learning) problem is well-posed if a solution to it exists, if that
solution is unique, and if that solution depends on the data / experience but it is
not sensitive to (reasonably small) changes in the data / experience.

Identify three features are as follows :
1. Class of tasks
2. Measure of performance to be improved

3. Source of experience
What are T, P, E ? How do we formulate a machine learning problem ?

A Robot Driving Learning Problem

1. Task T : Driving on public, 4-lane highway using vision sensors.

2. Performance measure P : Average distance traveled before an error (as judged
by human overseer).

3. Training experience E : A sequence of images and steering commands
recorded while observing a human driver.

A Handwriting Recognition Learning Problem.

1. Task T : Recognizing and classifying handwritten words within images.

2. Performance measure P : Percent of words correctly classified.

3. Training experience E : A database of handwritten words with given
classifications.

Text Categorization Problem.

1. Task T : Assign a document to its content category.

2. Performance measure P : Precision and Recall.

3. Training experience E : Example pre-classified documents.

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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EE} Types of Machine Learning

Learning is constructing or modifying representation of what is being experienced.
Learn means to get knowledge of by study, experience or being taught.

Machine learning is a scientific discipline concerned with the design and
development of the algorithm that allows computers to evolve behaviours based
on empirical data, such as form sensors data or database.

Machine leamning is usually divided into three types : Supervised, unsupervised
and reinforcement learning.

Why do machine leamning ?
1. To understand and improve efficiency of human learning.
2. Discover new things or structure that is unknown to humans.

3. Fill in skeletal or incomplete specifications about a domain.

Machine leaming
Supervised leaming Unsupervised leaming Reinforcement learning
Classification Clustering
Regression Association analysis

Fig. 1.3.1

Supervised Learning

Supervised learning is the machine learning task of inferring a function from
supervised training data. The training data consist of a set of training examples.
The task of the supervised learner is to predict the output behavior of a system for
any set of input values, after an initial training phase.

Supervised learning in which the network is trained by providing it with input
and matching output patterns. These input-output pairs are usually provided by
an external teacher.

Human leamning is based on the past experiences. A computer does not have
experiences.

A computer system learns from data, which represent some "past experiences" of
an application domain.

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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Machine Leaming 1-9 Introduction to Machine Leaming

e To learn a target function that can be used to predict the values of a discrete class
attribute, e.g., approve or not-approved, and high-risk or low risk. The task is
commonly called : Supervised learning, Classification or inductive learning.

e Training data includes both the input and the desired results. For some examples
the correct results (targets) are known and are given in input to the model during
the learning process. The construction of a proper training, validation and test set
is crucial. These methods are usually fast and accurate.

e Have to be able to generalize : Give the correct results when new data are given
in input without knowing a priori the target.

e Supervised learning is the machine leaming task of inferring a function from
supervised training data. The training data consist of a set of training examples. In
supervised learning, each example is a pair consisting of an input object and a
desired output value.

e A supervised leaming algorithm analyzes the training data and produces an
inferred function, which is called a classifier or a regression function. Fig. 1.3.2.
shows supervised learning process.

L
s | aﬁm @ e ::::

Training Testing

Fig. 1.3.2 Supervised learning process
e The learned model helps the system to perform task better as compared to no
learning.
¢ Each input vector requires a corresponding target vector.
Training Pair = (Input Vector, Target Vector)

= MNeural Actual
_lnput : natwork. output

Desired
output

Fig. 1.3.3
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e Supervised learning denotes a method in which some input vectors are collected
and presented to the network. The output computed by the net-work is observed
and the deviation from the expected answer is measured. The weights are
corrected according to the magnitude of the error in the way defined by the

learning algorithm.

* Supervised learning is further divided into methods which use reinforcement or
error correction. The perceptron learning algorithm is an example of supervised
learning with reinforcement.

 In order to solve a given problem of supervised learning, following steps are

performed :
1. Find out the type of training examples.

2. Collect a training set.

3. Determine the input feature representation of the learned function.

4. Determine the structure of the learned function and corresponding learning
algorithm.

5. Complete the design and then run the learning algorithm on the collected
training set.

6. Evaluate the accuracy of the learned function. After parameter adjustment

and learning, the performance of the resulting function should be measured
on a test set that is separate from the training set.

Classification
e C(lassification predicts categorical labels (classes), prediction models
continuous-valued functions. Classification is considered to be supervised learning.
e C(lassifies data based on the training set and the values in a classifying attribute
and uses it in classifying new data. Prediction means models continuous-valued
functions, i.e., predicts unknown or missing values.

e Preprocessing of the data in preparation for classification and prediction can
involve data cleaning to reduce noise or handle missing values, relevance analysis
to remove irrelevant or redundant attributes, and data transformation, such as
generalizing the data to higher level concepts or normalizing data.

e Fig. 1.3.4 shows the classification.
Aim : To predict categorical class labels for new samples.

Input : Training set of samples, each with a class label.
Output : Classifier is based on the training set and the class labels,

TECHNICAL FUBUGATFOHSE - an up-thrust for knowledge
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New example

Tralning Machina
example learning d Predicted

Fig. 1.3.4 Classification

¢ Prediction is similar to classification. It constructs a model and uses the model to
predict unknown or missing value.

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

e C(Classification and prediction may need to be preceded by relevance analysis,
which attempts to identify attributes that do not contribute to the classification or
prediction process.

* Numeric prediction is the task of predicting continuous values for given input. For
example, we may wish to predict the salary of college employee with 15 years of
work experience, or the potential sales of a new product given its price.

* Some of the classification methods like back-propagation, support vector machines,
and k-nearest-neighbor classifiers can be used for prediction.

Regression

e For an input x, if the output is continuous, this is called a regression problem. For
example, based on historical information of demand for tooth paste in your
supermarket, you are asked to predict the demand for the next month.

* Regression is concerned with the prediction of continuous quantities. Linear
regression is the oldest and most widely used predictive model in the field of
machine learning. The goal is to minimize the sum of the squared errors to fit a
straight line to a set of data points.

* For regression tasks, the typical accuracy metrics are Root Mean Square Error
(RMSE) and Mean Absolute Percentage Error (MAPE). These metrics measure the
distance between the predicted numeric target and the actual numeric answer.

TECHNICAL PUELIGAHONS@ = an up-thrust for knowledge
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Regression Line
e Least squares : The least squares regression line is the line that makes the sum of
squared residuals as small as possible. Linear means "straight line".

» Regression line is the line which gives the best estimate of one variable from the
value of any other given variable.

e The regression line gives the average relationship between the two variables in
mathematical form.

» For two variables X and Y, there are always two lines of regression.

* Regression line of X on Y : Gives the best estimate for the value of X for any
spedific given values of Y :

X =a+by
where
a = X - intercept
b = Slope of the line
X = Dependent variable
Y = Independent variable
¢ Regression line of Y on X : Gives the best estimate for the value of Y for any
specific given values of X :
Y = a+bx
where
a = Y - intercept
b = Slope of the line
Y = Dependent variable
x = Independent variable

e By using the least squares method (a procedure that minimizes the vertical
deviations of plotted points surrounding a straight line) we are able to construct a
best fiting straight line to the scatter diagram points and then formulate a
regression equation in the form of :

= a+bX

= F-ﬁ-b[h‘*ﬂ

::.
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I
Population
Population 5IuTa Random
y - intercept \B . eror
Cha =
in$w /fl' o* By X+ I
______ C I'Ta-na;Tn- X Dependent Independent
variable vanabla
} a=Y -intercept
- X
Fig. 1.3.5

¢ Regression analysis is the art and science of fitting straight lines to patterns of
data. In a linear regression model, the variable of interest ( "dependent” variable)
is predicted from k other variables ("independent” wvariables) using a linear
equation. If Y denotes the dependent variable, and X, ..., X, are the independent
variables, then the assumption is that the value of Y at time t in the data sample
is determined by the linear equation :

Yy = Bo+B1 Xpp +B2 Xop + ... +By Xy +£y

where the betas are constants and the
epsilons are independent and identically
distributed normal random variables
with mean zero.

e In a regression tree the idea is

Bias term —= 1

x4
Input vector { X5
X 5

Xa

this : Since the target variable does
not have classes, we fit a
regression model to the target variable using each of the independent variables.
Then for each independent variable, the data is split at several split points.

At each split point, the "error” between the predicted value and the actual values
is squared to get a "Sum of Squared Errors (SSE)". The split point errors across the
variables are compared and the variable/point yielding the lowest SSE is chosen
as the root node/split point. This process is recursively continued.

Error function measures how much our predictions deviate from the desired
answers.

Fig. 1.3.6

Mean-squared error |, =% Z vi —f{xﬂ]z
i=l_n
Multiple linear regression is an extension of linear regression, which allows a

response variable, y, to be modeled as a linear function of two or more predictor
variables.

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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Machine Leaming 1-14 Introduction to Machine Learning

Evaluating a Regression Model
* Assume we want to predict a car's price using some features such as dimensions,

horsepower, engine specification, mileage etc. This is a typical regression problem,
where the target variable (price) is a continuous numeric value.

We can fit a simple linear regression model that, given the feature values of a
certain car, can predict the price of that car. This regression model can be used to
score the same dataset we trained on. Once we have the predicted prices for all of
the cars, we can evaluate the performance of the model by looking at how much
the predictions deviate from the actual prices on average.

Advantages :
a. Training a linear regression model is usually much faster than methods such as
neural networks.
b. Linear regression models are simple and require minimum memory to implement.
¢ By examining the magnitude and sign of the regression coefficients you can infer
how predictor variables affect the target outcome.

Assessing Performance of Regression- Error Measures
e The training error is the mean error over the training sample. The test error is the

expected prediction error over an independent test sample.
e Fg. 13.7 shows the relationship between training set and test set.

===

Create a mocel Estrmate accuracy

Fig. 1.3.7
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Unlike decision trees, regression trees and model trees are used for prediction. In
regression trees, each leaf stores a continuous-valued prediction. In model trees,

each leaf holds a regression model.

Un - Supervised Learning

The model is not provided with the correct results during the training. It can be
used to cluster the input data in classes on the basis of their statistical properties
only. Cluster significance and labeling.

The labeling can be carried out even if the labels are only available for a small
number of objects representative of the desired classes. All similar inputs patterns
are grouped together as clusters.

If matching pattern is not found, a new cluster is formed. There is no error
feedback.

External teacher is not used and is based upon only local information. It is also
referred to as self-organization.

They are called unsupervised because they do not need a teacher or super-visor to
label a set of training examples. Only the original data is required to start the
analysis.

In contrast to supervised leamning, unsupervised or self-organized learning does
not require an external teacher. During the training session, the neural network
receives a number of different input patterns, discovers significant features in
these patterns and learns how to classify input data into appropriate categories.
Unsupervised learning algorithms aim to learn rapidly and can be used in
real-time. Unsupervised learning is frequently employed for data clustering,
feature extraction etc.

Another mode of leamning called recording learmning by Zurada is typically
employed for associative memory networks. An associative memory networks is
designed by recording several idea patterns into the networks stable states.

Clustering

Clustering of data is a method by which large sets of data are grouped into
clusters of smaller sets of similar data. Clustering can be considered the most
important unsupervised learming problem.

A cluster is therefore a collection of objects which are "similar” between them and
are "dissimilar” to the objects belonging to other clusters. Fig. 1.3.8 shows cluster.

Ewmmm'-mwhm
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Fig. 1.3.8 Cluster

In this case we easily identify the 4 clusters into which the data can be divided;
the similarity criterion is distance : two or more objects belong to the same cluster
if they are "close” according to a given distance (in this case geometrical distance).
This is called distance-based clustering.

Clustering means grouping of data or dividing a large data set into smaller data
sets of some similarity.

A clustering algorithm attempts to find natural groups of components or data
based on some similarity. Also, the clustering algorithm finds the centroid of a
group of data sets.

To determine cluster membership, most algorithms evaluate the distance between
a point and the cluster centroids. The output from a clustering algorithm is
basically a statistical description of the cluster centroids with the number of
components in each cluster.

Rawdata [=—0>{ Clustering algorithm [=——>> Clusters of data

Cluster centroid : The centroid of a cluster is a point whose parameter values are
the mean of the parameter values of all the points in the clusters. Each cluster has
a well defined centroid.

Centroid

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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e Distance : The distance between two points is taken as a common metric to as see
the similarity among the components of a population. The commonly used
distance measure is the Euclidean metric which defines the distance between two
points p = (p1,p2,...) and 9 =(q1,q2,--.) is given by :

d = i (Pi -9qi)?
i=1

e The goal of clustering is to determine the intrinsic grouping in a set of unlabeled
data. But how to decide what constitutes a good clustering ? It can be shown that
there is no absolute "best" criterion which would be independent of the final aim
of the clustering. Consequently, it is the user which must supply this criterion, in
such a way that the result of the clustering will suit their needs.

e Clustering analysis helps construct meaningful partitioning of a large set of objects.
Cluster analysis has been widely used in numerous applications, including pattern
recognition, data analysis, image processing, etc.

e Clustering algorithms may be classified as listed below :

1. Exclusive clustering

2. Overlapping clustering
3. Hierarchical clustering
4. Probabilistic clustering

e A good clustering method will produce high quality clusters with high intra-class
similarity and low inter-class similarity. The quality of a clustering result depends
on both the similarity measure used by the method and its implementation. The
quality of a clustering method is also measured by its ability to discover some or
all of the hidden patterns.

Examples of Clustering Applications

1. Marketing : Help marketers discover distinct groups in their customer bases and
then use this knowledge to develop targeted marketing programs.

2. Land use : Identification of areas of similar land use in an earth observation
database.

3. Insurance : ldentifying groups of motor insurance policy holders with a high
average claim cost.

4. Urban planning : Identifying groups of houses according to their house type,
value, and geographical location.

5. Seismology : Observed earth quake epicenters should be clustered along continent
faults.

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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Reinforcement Leamning

User will get immediate feedback in supervised learmning and no feedback from
unsupervised leamning. But in the reinforced learning, you will get delayed scalar
feedback.

Reinforcement learning is
learning what to do and how

to map situations to actions. FE——-
The leamner is not told which

actions to take. Fig. 139 _ .
shows concept of reinforced sm‘;m Re‘.l'."t“"d :tmon
leamning,. .

Reinforced leamning is deals E T

with agents that must sense l_E. Spq | ENVIRONMENT

and  act upon their
environment. It combines
classical Artifidal Intelligence
and machine leamning techniques.
It allows machines and software agents to automatically determine the ideal
behavior within a specific context, in order to maximize its performance. Simple
reward feedback is required for the agent to learn its behavior; this is known as
the reinforcement signal.

Two most important distinguishing features of reinforcement learning is
trial-and-error and delayed reward.

With reinforcement leaming algorithms an agent can improve its performance by
using the feedback it gets from the environment. This environmental feedback is
called the reward signal.

Based on accumulated experience, the agent needs to learn which action to take in

a given situation in order to obtain a desired long term goal. Essentially actions

that lead to long term rewards need to reinforced. Reinforcement learning has

connections with control theory, Markov decision processes and game theory.

= Example of Reinforcement Leamning : A mobile robot decides whether it
should enter a new room in search of more trash to collect or start trying to
find its way back to its battery recharging station. It makes its decision based
on how quickly and easily it has been able to find the recharger in the past.

Fig. 1.3.9 Reinforced leaming
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EEEX] Elements of Reinforcement Leamning

elements are as follows :
2. Reward Function
the environment

Reinforcement leamning
1. Policy

3. Value Function 4. Model of
Fig. 1.3.10 shows

Policy : Policy defines the ;
learning agent behavior for o
It is a

given time period. _
mapping from perceived Action
states of the environment tu m\
actions to be taken when In Interpreter
those states.
State .. 1D
Reward Function : Reward k. s

function is used to define a 3
goal in a reinforcement Agent

learning problem. It also g0 4340 : Elements of reinforcement learning
maps each perceived state of

the environment to a single

number.

Value function : Value functions specify what is good in the long run. The value
of a state is the total amount of reward an agent can expect to accumulate over

the future, starting from that state.

Model of the environment : Models are used for planning.

Credit assignment problem : Reinforcement leamning algorithms learn to generate
an internal value for the intermediate states as to how good they are in leading to
the goal.

The learning decision maker is called the agent. The agent interacts with the
environment that includes everything outside the agent.

The agent has sensors to decide on its state in the environment and takes an
action that modifies its state.

The reinforcement leamning problem model is an agent continuously interacting

with an environment. The agent and the environment interact in a sequence of
time steps. At each time step t, the agent receives the state of the environment and

a scalar numerical reward for the previous action, and then the agent then selects

an action.

Reinforcement Learning is a technique for solving Markov Decision Problems.

TECHNICAL PU.BL.'GA??ONS@ - an up-thrust for knowledge
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+ Reinforcement learning uses a formal framework defining the interaction between
a learmning agent and its environment in terms of states, actions, and rewards. This

framework is intended to be a simple way of representing essential features of
the artificial intelligence problem.

Difference between Supervised, Unsupervised and Reinforcement

Learning

Supervised leaming

that the target variable is well
defined and that a sufficdent

{ number of its values are
given.

Supervised leamning deals with
two main tasks regression and

classification

e ——————

The input data in supervised
Ium.i:_'lghlahelleddata_.

Learns by using labelled data.

Maps the labeled inputs to the
knmown outputs.

e g S s e S

Unsupervised learning

For unsupervised learning
typically either the target
variable is unknown or has
only been recorded for too

small a number of cases.

Unsupervised Learning deals
with clustering and associative
rule mining problems.

Unsupervised learning uses

un]‘.abelled data.

Trained using unlabelled data
without any guidance.

Understands patterns and
discovers the output.

ac-htms to take

B e,

. ___rmnforcmwnt lmrnﬁ’tg

ey

Remfnrcement leammg

Rtmforcemmt

learning what to do and how
to map situations to actions.
The learner is not told which

Reinforcement leaming deals
with exploitation or
exploration, Markov's decision
processes, policy learning,
deep learning and value

The data is not predeﬁned in
Works on interacting vnth ﬂ'|,.|3
mvl;m:rmwnt

Follows the trial and en'ur
method.

Applications of Machine Learning

e Examples of successful applications of machine learning :

B T o

Learning to recognize spoken words.

Learning to drive an autonomous vehicle.
Learning to classify new astronomical structures.
Learning to play world-class backgammon.

Spoken language understanding: within the context of a limited domain,

determine the meaning of something uttered by a speaker to the extent that it
can be classified into one of a fixed set of categories.

Face Recognition

e Face recognition task is effortlessly and every day we recognize our friends,
relative and family members. We also recognition by looking at the photographs.
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In photographs, they are in different pose, hair styles, background light, makeup
and without makeup.

We do it subconsciously and cannot explain how we do it. Because we can't
explain how we do it, we can't write an algorithm.

Face has some structure. It is not a random collection of pixel. It is symmetric
structure. It contains predefined components like nose, mouth, eye, ears. Every
person face is a pattern composed of a particular combination of the features. By
analyzing sample face images of a person, a learning program captures the pattern
specific to that person and uses it to recognize if a new real face or new image
belongs to this specific person or not.

Machine learning algorithm creates an optimized model of the concept being
learned based on data or past experience.

Healthcare :

With the advent of wearable sensors and devices that use data to access health of
a patient in real time, ML is becoming a fast-growing trend in healthcare.

Sensors in wearable provide real-time patient information, such as overall health
condition, heartbeat, blood pressure and other vital parameters.

Doctors and medical experts can use this information to analyse the health
condition of an individual, draw a pattern from the patient history and predict the
occurrence of any ailments in the future.

The technology also empowers medical experts to analyze data to identify trends
that facilitate better diagnoses and treatment.

Financial services :

Companies in the financial sector are able to identify key insights in financial data
as well as prevent any occurrences of financial fraud, with the help of machine
learning technology.

The technology is also used to identify opportunities for investments and trade.
Usage of cyber surveillance helps in identifying those individuals or institutions
which are prone to financial risk and take necessary actions in time to prevent
fraud.

m Tools and Technology for Machine Learning
EEXN Python

Python is a high-level scripting language which can be used for a wide variety of
text processing, system administration and internet-related tasks.
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Python is a true object-oriented language and is available on a wide variety of
platforms.

Python was developed in the early 1990's by Guido van Rossum, then at CWI in
Amsterdam and currently at CNRI in Virginia. Python 3.0 was released in Year
2008.

Python statements do not need to end with a special character. Python relies on
modules, that is, self-contained programs which define a variety of functions and
data types.

A module is a file containing Python definitions and statements. The file name is
the module name with the suffix .py appended. Within a module, the module's
name (as a string) is available as the value of the global variable __name_ .

If a module is executed directly however, the value of the global variable
__name__ will be "_main__".
Modules can contain executable statements aside from definitions. These are

executed only the first time the module name is encountered in an import
statement as well as if the file is executed as a script.

Integrated Development Environment (IDE) is the basic interpreter and editor
environment that you can use along with Python. This typically includes an editor
for creating and modifying programs, a translator for executing programs and a
program debugger. A debugger provides a means of taking control of the
execution of a program to aid in finding program errors.

Python is most commonly translated by use of an interpreter. It provides the very
useful ability to execute in interactive mode. The window that provides this
interaction is referred to as the Python shell.

Python support two basic modes : Normal mode and interactive mode.

Normal mode : The normal mode is the mode where the scripted and finished . py
files are run in the Python interpreter. This mode is also called as script mode.

Interactive mode is a command line shell which gives immediate feedback for each

statement, while running previously fed statements in active memory.

» Start the Python interactive interpreter by typing python with no arguments at
the command line.

= To access the Python shell, open the terminal of your operating system and
then type "python”. Press the enter key and the python shell will appear.

C:\Windows\system32>python
Python 3.6.0(v.3.5.0:3741501f4567, Sep 13 2016, 2:27:37)|MSCv.1900 64 bit (AMD64)] on win32
Type "help®, copyright,"credits® or "license" for more information.

>
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e The >>> indicates that the Python shell is ready to execute and send your

commands to the Python intrepreter. The result is immediately displayed on the
Python shell as soon as the Python interpreter interpreters the command.

e For example, to print the text "Hello World", we can type the following :
=== print("Hello World")
Hell World

=

e In script mode, a file must be created and saved before executing the code to get

results. In interactive mode, the result is returned immediately after pressing the
eneter key.

In script mode, you are provided with a direct way of editing your code. This is
not possible in interactive mode.

A variable is a way of referrring to a memory location used by a computer
program.

A variable is a symbolic name for this physical location. This memory location
contains values, like numbers, text or more complicated types.

A variable is a name that refers to a value. The equal (=) operator is used to
assign value to a variable.

Python's data types include : Numbers, strings, lists, dictionaries, tuples and files.
Python has no additional commands to declare a variable. As soon as the value is
assigned to it, the variable is declared.

Rules for varibles are as follows :
a. Special characters are not allowed.

b. Variables are case sensitive.
c. Variable can only contain aplha-numeric characters and underscores.

d. Variable name always start with character, not with number.

Features of Puython programming

L.

A

Python is a high-level, interpreted, interactive and object-oriented scripting
language.

It is simple and easy to learn.

It is portable.

Python is free and open source programming langauage.

Python can perform complex tasks using a few lines of code.
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6. Python can run equally on different platforms such as Window, Linux, UNIX and
Macintosh etc.

7. It provides a vast range of libraries for the various fields such as machine learing,
web, developer and also for the scripting.

Advantages of Python
* Ease of programming.
* Minimizes the time to develop and maintain code.
* Modular and object-oriented.
e Large community of users.
e A large standard and user-constributed library.

Disadvantages of Python
e Interpreted and therefore slower than compiled languages.

e Decentralized with pacakges.

EEX] R Programming Language

R is a free software environment for statistical computing and graphics. It
compiles and runs on a wide variety of UNIX platforms, Windows and MacOS.

R is often used for statistical computing and graphical presentation to analyse and
visualize data.

To use a function in a package, the package needs to be loaded in memory.
Command for this is library( ), for example : library(affy).

R is case sensitive, so take care when typing in the commands. Multiple
commands can be written on the same line.

Command can have many arguments. These are always giving inside the brackets.
Numeric (1, 2, 3...) or logic (T/F) values and names of existing objects are given
for the arguments without quotes, but string values, such as file names, are always
put mside quotes.

e For example : mas5(dat3, normalize = T, analysis = "absolute”).

Vectors and matrices in R are two ways to work with a collection of objects.

Lists provide a third method. Unlike a vector or a matrix a list can hold different
kinds of objects. One entry in a list may be a number, while the next is a matrix,
while a third is a character string.

Statistical functions of R usually return the result in the form of lists. So we must
know how to unpack a list using the $ symbol.
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LRl MATLAB

MATLAB is a programming language developed by MathWorks. It started out as
a matrix programming language where linear algebra programming was simple. It
can be run both under interactive sessions and as a batch job.

MATLAB is a high-performance language for technical computing. It integrates

computation, visualization and programming environment.

MATLAB is an interactive system whose basic data element is an array that does

not require dimensioning.

The name MATLAB stands for matrix laboratory. MATLAB was originally written

to provide easy access to matrix software developed by the LINPACK and

EISPACK projects, which together represent the state-of-the-art in software for

matrix computation.

The MATLAB system consists of five main parts :

1. The MATLAB language. This is a high-level matrix/array language with control
flow statements, functions, data structures, input/output and object-oriented
programming features.

2. The MATLAB working environment. This is the set of tools and facilities that
you work with as the MATLAB user or programmer. It includes facilities for
managing the variables in your workspace and importing and exporting data.

3. It handle graphics. This is the MATLAB graphics system. It includes high-level
commands for two-dimensional and three-dimensional data visualization,
image processing, animation and presentation graphics.

4. The MATLAB mathematical function library. This is a vast collection of
computational algorithms ranging from elementary functions like sum, sine,
cosine and complex arithmetic, to more sophisticated functions like matrix
inverse, matrix eigenvalues, Bessel functions and fast Fourier transforms.

5. The MATLAB Application Program Interface (API). This is a library that allows
you to write C and Fortran programs that interact with MATLAB.

KX Fill in the Blanks

Qi

Q2

Machine learning is a sub-field of _______ which concerns with developing
computational theories of leaming and building learning machines.

learning in which the network is trained by providing it with input
and matching output patterns.

Both human as well as machine learning generate knowledge, one residing in
the the other residing in the
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Q4  Humans acquire through experience either directly or shared by others, |

Q.5 Supervised learning and unsupervised learning are the typesof __.

Q6 Python is a true ____ language and is available on a wide variety of
platforms.

Q.7 MATLAB is a programming language developed by i
Q.8 Vectors and matrices in R are two ways to work with a collection of

Q9 Machine learning algorithms discover the relationships between the variables of
a system from direct _____ of the system.

Q.10 Human learning is based on the past

Qi1 A learning algorithm analyses the training data and produces an
inferred function, which is called a classifier or a regression function.

Q.12 Supervised learning deals with two main tasks and

Q.13 Unsupervised learning uses ________ data.

Q.14 CART stands for

Q.15 can be viewed as the task of searching through a large space of
hypotheses implicitly defined by the hypothesis representation.

Q.16 learning is deals with agents that must sense and act upon their
environment. It combines classical artificial intelligence and machine learning
techniques.

Q.17 With reinforcement learning algorithms an agent can improve its performance by
using the feedback it gets from the environment. This environmental feedback is

called the

Q.18 Supervised learning is also called _______ learning.

Q.19 Unsupervised learning is also called learning.

Q.20 When we are trying to predict a categorical or nominal variable, the problem is
known as a problem.

Q21 When we are trying to predict a real-valued variable, the problem falls under
the category of .

Muiltiple Choice Questions

Q1 A computer program is said to learn from _________ E with respect to some class
of tasks T and performance measure P, if its performance at tasks in T, as
measured by P, improves with experience E.

'a| training 'b! experience

e joany

c. testing d, algorithm
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Q.2 Jarvis Patrick Clustering algorithm is a clustering technique.
‘a, grid based (b graph based
E_EJ density based @ all of these
Q.3  Which of the following is hierarchical clustering method :
E Agglomerative [I_J_ Divisive clustering
(<] PaM 'd Aand B
Q4 The k-means algorithm is sensitive to because an object with an
extremely large value may substantially distort the distribution of data.
Il""!. outliers E}n text data
j_1::-] boasting F_El cluster
Q.5 hierarchical clustering method works by grouping data objects into a
tree of clusters.
E PAM E Density-based method
[_i Hierarchical @ Grid-Based method
Q.6 In DIANA, all of the objects are used to form initial cluster.
[a] one b two
[c] four [d| eight
Q.7 If the clustering process is terminated when the distance between nearest
clusters exceeds an arbitrary threshold, it is called a
i__' dendrogram
HIJ' nearest-neighbor clustering algorithm
[c] minimal spanning tree algorithm
E single-linkage algorithm
Q.8  Which of the following is NOT type of clusters ?
]Taj Well-separated clusters Ei Prototype-based clusters
[¢| Contiguity-based clusters 'd DBSCAN clusters
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Machine Leaming
e
clustering.

Q.9  Shared nearest neighbors is a
‘a density-based
e contiguity based

:P_ well-separated
i r:i graph based

and mining problems.
L,tl clustering, classification

{d| label, unlabelled data

Q.10 Unsupervised leamning deals with
a classification, regression
clustering, associative rule
learning deals with two main tasks regression and classification.

In] e

Q.11
E Reinforcement I_ _
_r:: Un supervised r:_l_ Superwsed
Q.12 The individual tuples making up the training set are referred to as and
are selected from the database under analysis.
E learning tuples E training tuples
E samples E database
Q.13 Machine learning is inherently a multi disciplinary field.
'a Inter disciplinary (b, Multi disciplinary
E Single E None
Qls methods have been used to train computer-controlled vehicles to steer
correcﬂy when driving on a variety of road types.
2 Machine learning (bl Data mining
Tc_ Neural networks Id Robotics
Q.15 The individual tuples making up the training set are reffered to as _-____ and
are selected from the database under analysis.
E learing tupes E training tupes
E:: sampels {::_i_ database

Q.16 Training perceptron is based on ____
supervised learning technique b

la:
| 'd stochastic learning

"? reinforced learning
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Q.17 List the elements of reinforcement learning.

£ Reward function
E All of these

Answer Keys for Fill in the Blanks

Q. | artificial intelligence Q.2  Supervised Q3 brain, machine
Q4 | lmnwhdse Q5 mm Ieanu.ng Qﬁ ab]mm“d ——
Q.7 | MathWorks Q.8  objects Q9 | T
e e T R e (em—
Q-l-‘-E unlabelled Qu g&;ﬁiﬁ? and Q15 | Concept leaming
I"E!.lﬁ Reinforcement Q17 ;| reward signal Q1s predictive
Q.19 | descriptive Q20 | classificaion | Q21 ' regression
Answer Keys for Multiple Choice Questions
Q1 ? Q2 | Q3
Q.4 a | Q.5 ’ Q.6
Q.7 d Q.8 Q.9
Q10 < | om Qa2
Q.13 b Q.14 I Qas
Q.16 a Q17 ‘I
QaQ
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Machine Learning Activities

Following are the typical preparation activities for model :
a) Understand the types of input data

b) Find protentional issue in the data

¢) Identify the nature and quality of data

d) Find out the relationship between data

¢) Apply pre-processing

Input data is divided into two parts : Training data and testing data.

Machine leaming is about learing some properties of a data set and applying
them to new data. This is why a common practice in machine learning to evaluate
an algorithm is to split the data at hand in two sets, one that we call a training set
on which we leam data properties and one that we call a testing set, on which we
test these properties.

In training data, data is assigning the labels. In test data, data labels are unknown
but not given. The training data consist of a set of training examples.

The real aim of supervised learning is to do well on test data that is not known
during leaming. Choosing the values for the parameters that minimize the loss
function on the training data is not necessarily the best policy.

The training error is the mean error over the training sample. The test error is the
expected prediction error over an independent test sample.

Problem is that training error is not a good estimator for test error. Training error
can be reduced by making the hypothesis more sensitive to training data, but this
may lead to over fitting and poor generalization.

Training set : A set of examples used for learning, where the target value is
known.

Test set : It is used only to assess the performances of a classifier. It is never used
during the training process so that the error on the test set provides an unbiased
estimate of the generalization error.

Training data is the knowledge about the data source which we use to construct
the classifier.
Fig. 2.1.1 shows four step process of machine learning.

; Pﬂrfonnanné
evaluation

Input -
data ——/ preparation ——> - Leaming

m Performance
impravement

w';;r;
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: Step 1 Model preparatmn * Understand the tjr'pﬂ of u'tput data hi
i <  Find protentional issue in the data :
| « Identify the nature and quality of data ;
,3 « Find out the relationship between data
. eApplypreprocessing
. Step 2 Learning e Data partitioning :
|  Model selection
i{-Shep3 Performance « Examine model performance
evalustion «Visusise performance
| siep Performance + Tuning model '
: improvement ¢ Ensembling ,I
o e Bagging
e . As Bosting & = o e

Types of Data in Machine Learning

e Data set is collection of related records or information. The information may be on
some entity or some subject area.

e Collection of data objects and their attributes. Attributes captures the basic
characteristics of an object.

e Each row of a data set is called a record. Each data set also has multiple
attributes, each of which gives information on a specific characteristic.

. Followmg is an example of data set.

_EEP-ID _________________ _ Nm O o e Dfpm'mt __Age
'TEL . ¢ ViasBagade " Accowmt - - 3 |
| behDbows  EOP e
TEA RuPah Tambe . Account 5
TES:-. - _RakshitaKale  Acount 28 |
TE6 . Mahesh Awai o e
TE? 3 Ranjeet Bhosale HR 57 |
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e For example, in the data set on Emp, there are four attributes namely Emp-ID,
Name, Department and Age, each of which understandably is a specific
characteristic about the employee entity.

e Attributes can also be termed as feature, variable, dimension or field. A row or
record represents a point in the four-dimensional data space as each row hag
specific values for each of the four attributes or features.

Qualitative and Quantitative Data
» Data can broadly be divided into following two types :

1. Qualitative data
2. Quantitative data
Altributes

L
i o 4

Fig. 22.1
Qualitative data :

e Qualitative data provides information about the quality of an object or
information which cannot be measured. Qualitative data cannot be expressed as a
mumber. Dzta that represent nominal scales such as gender, economic status,
religious preference are usually considered to be qualitative data.

» Qualitative data is dat2 concerned with descriptions, which can be observed but

b cammot be computed. Qualitative data is also called categorical data. Qualitative
data can be further subdivided into two types as follows :
1. Nominal data
N 2 Ordinal data
Nominal data

o A nom—al data is frhe 1% level of measurement scale in which the numbers serve
2s "t2gs” or “labels” to classify or identify the objects.
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¢ A nominal data usually deals with the non-numeric variables or the numbers that
do not have any value. While developing statistical models, nominal data are
usually transformed before building the model.

e It is also known as categorical variables
Characteristics of nominal data :

1. A nominal data variable is classified into two or more categories. In this
measurement mechanism, the answer should fall into either of the classes.

2. It is qualitative. The numbers are used here to identify the objects.

3. The numbers don't define the object characteristics. The only permissible aspect
of numbers in the nominal scale is “counting.”

e Example :
1. Gender : Male, Female, Other.

2. Hair color : Brown, Black, Blonde, Red, Other.

Ordinal data
e Ordinal data is a variable in which the value of the data is captured from an
ordered set, which is recorded in the order of magnitude.

e Ordinal represents the “order.” Ordinal data is known as qualitative data or
categorical data. It can be grouped, named and also ranked.

o Characteristics of the ordinal data :
a) The ordinal data shows the relative ranking of the variables.
b) It identifies and describes the magnitude of a variable.
c) Along with the information provided by the nominal scale, ordinal scales give
the rankings of those variables.
d) The interval properties are not known

e) The surveyors can quickly analyze the degree of agreement concerning the
identified order of variables.
e Examples :
a) University ranking : 1%, 9%, §7°...
b) Sodoeconomic status : Poor, middle class, rich.
c) Level of agreement : Yes, maybe, no.

d) Time of day : Dawn, moming, noon, afternoon, evening, night.
Quantitative data

* Quantitative data is the one that focuses on numbers and mathematical
calculations and can be calculated and computed.
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» Quantitative data are anything that can be expressed as a number, or quantified,
Examples of quantitative data are scores on achievement tests, number of hours of
study, or weight of a subject These data may be represented by ordinal, interval
or ratio scales and lend themselves to most statistical manipulation.

» There are two types of quantitative data : Interval data and Ratio data

Interval data :

» Interval data corresponds to a variable in which the value is chosen from an
interval set.

e It is defined as a quantitative measurement scale in which the difference between
the two vanables is meaningful. In other words, the variables are measured in an
exact manner, not as in a relative way in which the presence of zero is arbitrary.

¢ Characteristics of interval data :

2) The interval data is quantitative as it can quantify the difference between the
values.
b) It allows calculating the mean and median of the variables

c) To understand the difference between the variables, you can subtract the
values between the variables

d) The interval scale is the preferred scale in statistics as it helps to assign any
numerical values to arbitrary assessment such as feelings, calendar types, etc.

e Examples :
/ 1. Celsius temperature.
2 Fahrenheit temperature.
3. Time on a clock with hands.

Ratio data :
* Any variable for which the ratios can be computed and are meaningful is called
ratio data.

e It is a type of variable measurement scale. It allows researchers to compare the
differences or intervals. The ratio scale has a unique feature. It possesses the
character of the origin or zero points.

¢ Characteristics of ratio data :
a) Ratio scale has a feature of absolute zero.

b) It doesn't have negative numbers, because of its zero - point feature.

c) It affords unique opportunities for statistical analysis. The variables can be
orderly added, subtracted, multiplied, divided. Mean, median, and mode can
be calculated using the ratio scale.
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d) Ratio data has unique and useful properties. One such feature is that it allows
unit conversions like kilogram - calories, gram - calories, etc.
* Examples : Age, Weight, Height, Ruler measurements, Number of children

EX¥] Difference between Qualntatnre and Quantitative Data

|

! Qulhtlhve data Quantitative data

I Qual:tame data provides information about the Quantitative data relates to information about I
quality of an object or information which the quantity of an object; hence it can be !
ca.mmt be measured measmed_ o i
Types : Nominal data and Ordinal data Types : Interval data and Ratio data :

] Narratives often make use of adjectives and Measure’s quantities such as length, size,
other descriptive words to refer to data on amount, price, and even duration.

appearance, cqur, texture, and other quahnes

They are descriptive rather than numerical in Expressed in numerical form.
nature

For example : For example :

| » The team is well prepared. * The team has 7 players. 4
» The leaf feels waxy. « The leaf weighs 2 ounces.
» The river is peaceful ¢ The river is 25 miles long. '

m Structures of Data

e A data dictionary is a centralized repository of metadata. Metadata is data about
data.

* A data dictionary is a repository of names, definitions, and attributes that provides
contextual information about data. A data dictionary traditionally refers to a
database dictionary, metadata repository or business glossary. It primarily focuses
on the meaning or definition of all columns in a data table.

 In case the data dictionary is not available, we need to use standard library
function of the machine learning tool that we are using and get the details.

Exploring Numerical Data

¢ There are two most effective mathematical plots to explore numerical data : Box
plot and histogram
1) Understanding central tendency :

¢ Central tendency is a descriptive summary of a dataset through a single value that
reflects the center of the data distribution

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge

Scanned with CamScanner



Machine Leaming 2-8 Preparing to Mode|

¢ To understand the nature of numeric variables, we can apply the measures of
central tendency of data, i.e. mean and median
Let xy, x5, X3,...X, be the set 'n' values of the variate, then arithmetic mean or mean
is given as,

|

Xp+Xy Xy +...+X, Exi
- n a n
Median :

Let the values of the variable are arranged in the ascending order of magnitude. Then
median is the middle item, if number of values are odd and median will be mean of
two middle terms if the number of values in even.

e Median is the mid-value that divide total frequency in two equal parts.

» Example : Below is the data set of pizza price is given cities. Find Mean and
Median of both the cities .

, A B c |
:[ l’l:cﬂ New Delhi Luchmw |
B 1 RIS
T
| 3 35 3s |
i i __‘4;_ 58
s s is |
=7 6s 75
| & B |

TS ' o
" ’s 95 |
B0 ns 108 {

.,

A S ——

Solution :

Mean of New Delhi pizza price = 142+3+4344+45+647+9+11+66 _ 10.636

11
Mean of New Lucknow pizza price = 142+3+4+5+6+47+8+9+410 _ ¢
10
__.—-—-"""'-—H
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N+1 i 11+1

Median of New Delhi pizza price = 5 2

obs = 6% obs

Here 6 obs = 5
Median = 5
Median of Lucknow pizza price = (N/2) + (N+1)/2) = (5/2) + (6/2) = 55
Median = 5.5

¢ The mean has one main disadvantage : It is particularly susceptible to the
influence of outliers. These are values that are unusual compared to the rest of the

data set by being especially small or large in numerical value. For example,
consider the wages of staff at a factory below :

| | i !
1 2 | 4 s |6 7 8 |9 10 |
1 : . 1 - "
| 15K 18K | 16K | 14K 15K | 15K | 2K | 17K | 90K | 95K |

Staff 3
Salary
e The mean salary for these ten staff is $30.7 K. However, inspecting the raw data

suggests that this mean value might not be the best way to accurately reflect the
typical salary of a worker, as most workers have salaries in the $12 K to 18 K range.

The mean is being skewed by the two large salaries. Therefore, in this situation,
we would like to have a better measure of central tendency. As we will find out

later, taking the median would be a better measure of central tendency in this
situation..

SR—

2) Understanding data spread :

Definition : It is the scatteredness or spread of data about an average value.

o It gives an idea about how individual values difffer from the central value, i.e.
whether they are closely packed around central value or widely scattered away

from it.
J |

e Range Standard Coefficients of
deviation variation

Distance from
cenfler

Center \/

Fig. 2.3.1 Measures of dispersion
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e The magnitude of the variation is called dispersion.

» Fig. 2.3.1 shows measures of dispersion.
Variance :
o The second central moment is called varidation. It is given as,

uz = \*;;I):]:E[[}(-mxﬁz = ?'[u—m,]zfx[\}d:

or H‘E = F-m% =E|.‘I:2]-m3
e Variance can also be given as,

ol = %):f,-uriﬁ Here N = 5§;
- i 1

lft'.—i'beass:::nedmemh’beﬁwemagrﬁmdeofﬂledasshM'ﬂand]eld=§:_fi_

-

Then mean X = -"§_'fd - 53=h:{2fd- i [szd] ]

N

r

Standard deviation :
o It is the measure of spread over the values of X relative to mean value. I js given

as,
5 T I r— E{Y - 2
¢, = 4 Varnance = E(X°)-mg

1 .
SDo, = \Eii:fllxi—x'lz

e Standard deviation of a data is measured as follows :
Standard deviation (x) =, Variance (x)
o Larger value of variance or standard deviation indicates more dispersion in the
data and vice versa.

CETRER) Consider the data malues of two attributes.
Attridute 1 values : 44, 46, 48, 45, 47 Calculate variance

Solution :

B, {

Ii zxi
=]

n

Variance =
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442 + 462 + 482 4452 +472

2

_[44+46+45+45+4?*ﬁ
\ 5 )

2

2

10590

-(46)* =125

1936+ 2116+ 2304 +2025+22ﬂ9_( 13DJ

5

Difference between standard deviation and variance :

Standard deviation

Standard deviation is a measure of dispersion
. of the values of a data set from their mean.

It is a common term in statistical theory to
calculate central tendency

It measures the absolute varizbility of the
dispersion

It is calculated by taking the square root of the
| variance.

The standard deviation is symbolized by the
Greek letter sigma “0 ~ as in lower case sigma

where M = Mean, x = A values in a data set,
and n = Number of values

Used in finance sector as a measure of market
| and security volatility.

Variance

It is the statistical measure of how far the
numbers are spread in a data set from their
average.

Variance is primarily used for statistical
probability distribution to measure volatility
from the mean

It helps determine the size of the data spread.

It is calculated by taking the average of the
squared deviation of each value in the data set
from the mean

The notation for the variance of a variable is
o sigma squared
o = Y(x-My>in

where M = Mean, x = Each value in the data
set, n = Number of values in the data set

Used in asset allocation

Plotting and Exploring Numerical Data

1. Box plots

e The box plot is a useful graphical display for describing the behaviour of the data
in the middle as well as at the ends of the distributions. The box plot uses the
median and the lower and upper quartiles. If the lower quartile is Q; and the
upper quartile is Q;, then the difference (Q; — Q) is called the interquartile range

or 1Q.
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» Box plot is also called whisker plot. It shows data using the middle value of the
data and the quartiles, or 25 % divisions of the data,

» Box plot shows the five-number summary of a set of data : Minimum, lower
quartile, median, upper quartile and maximum.

Lower quartile Upper quartile
Q, Median Qq

Min Max

I.__ I
Whesker Whisker |

Interquartile range

Fig. 23.2

CEEEPTEEE) Construct a box plot for the following data ;
12,5, 22, 30, 7, 36, 14, 42, 15, 53, 25

Solution :
Step 1 : Arrange the data in ascending order.
Step 2 : Find the median, lower, upper quartile

% L 12, 14, 15, 22, 25, 30, 36, 42, 53

f f f

Lower quartile Median Upper quartile

Median (middle value) = 22
Lower quartile (middle value of the lower half) = 12

Upper quartile (middle value of the upper half) = 36
Step 3 : Draw a number line that will include the smallest and the largest data.

2 | | | | | | | | | |
| I | I | | | | I | "

S 10 15 20 25 a0 a5 40 45 50

Step 4 : Draw three vertical lines at the lower quartile (12), median (22) and the
upper quartile (36), just above the number line.

e
—
—y
—y
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Step 5 ¢ Join the lines for the lower quartile and the upper quartile to form a box.

" | | l -
L | | | | | | I | |
5 10 15 20 25 30 35 40 45 50

Step 6 : Draw a line from the smallest value (5) to the left side of the box and draw
a line from the right side of the box to the biggest value (53).

Histogram :
¢ In a histogram, the data are grouped into ranges (e.g. 10 - 19, 20 - 29) and then

plotted as connected bars. Each bar represents a range of data.

o The width of each bar is proportional to the width of each category, and the
height is proportional to the frequency or percentage of that category.

o Fig. 2.3.3 shows distributions of a Histogram.

|

B =

Fig. 2.3.3 (a) Normal distribution Fig. 2.3.3 (b) Bimodal distribution "

i |
I

|

=
e

Fig. 2.3.3 (c) Right-skewed distribution | Fig. 2.3.3 (d) Left-skewed distribution

——

!
|
|
|
|

e R
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!
|
i
i
|

Fig. 2.3.3. (e) Random distribution

1. A normal distribution : In a normal distribution, points on one side of the
average are as likely to occur as on the other side of the average.

2. A bimodal distribution : In a bimodal distribution, there are two peaks. In a
bimodal distribution, the data should be separated and analyzed as separate
normal distributions.

3. A right-skewed distribution : A right-skewed distribution is also called a
positively skewed distribution. In a right-skewed distribution, a large number
of data values occur on the left side with a fewer number of data values on
the right side. A right-skewed distribution usually occurs when the data has a
range boundary on the left-hand side of the histogram. For example, a
boundary of 0.

4. A left-skewed distribution : A left-skewed distribution is also called a
negatively skewed distribution. In a left-skewed distribution, a large number of
data values occur on the right side with a fewer number of data values on the
left side. A right-skewed distribution usually occurs when the data has a range
boundary on the right-hand side of the histogram. For example, a boundary
such as 100.

5. A random distribution : A random distribution lacks an apparent pattern and
has several peaks. In a random distribution histogram, it can be the case that
different data properties were combined. Therefore, the data should be
separated and analyzed separately.
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Exploring Relationship between Variables

Scatter plot :
o It displays collection of all the points for the set of data limited only for two

values. It also called scatter plot, X-Y graph.

While working with statistical data it is often observed that there are connections
between sets of data. For example, the mass and height of persons are related, the
taller the person the greater his/her mass.

To find out whether or not two sets of data are connected scatter diagrams can be
used. Fig. 2.3.4 shows scatter diagram.

160
150 — 3 ®

140 =

Height
®

130 — &
120 - -]

110 —

100 | T I T | : r T I |

Fig. 2.3.4 Scatter dlagram

e Scatter diagram shows the relationship between children's age and height. A

scatter diagram is a tool for analyzing relationship between two variables. One
variable is plotted on the horizontal axis and the other is plotted on the vertical
axis.

The pattern of their intersecting points can graphically show relationship patterns.
Commonly a scatter diagram is used to prove or disprove cause-and-effect
relationships.

While scatter diagram shows relationships, it does not by itself prove that one
variable causes other. In addition to showing possible cause and effect
relationships, a scatter diagram can show that two variables are from a common
cause that is unknown or that one variable can be used as a surrogate for the
other.
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Two

- way cross - tabulations

Two - way cross - tabulations is also called cross - tab or contingency table. It is
used to understand the relationship of two categorical attributes in a concise way

XA Data Quality and Remediation

Data remediation is the process of cleansing, organizing and migrating data so
that it's properly protected and best serves its intended purpose

EXE] Data Quality

A data which has the right quality helps to achieve better prediction accuracy, in
case of supervised learning. Data quality problems are
1. Certain data elements without a value or data with a missing value.

2. Data elements having value surprisingly different from the other elements,
which we term as outliers

There are multiple factors which lead to these data quality issues.

a) Incorrect sample set selection

b) Errors in data collection

Measuring data quality levels can help organizations identify data errors that need
to be resolved and assess whether the data in their IT systems is fit to serve its
intended purpose.

Data Remediation

Outliers are data elements with an abnormally high value which may impact
prediction accuracy, especially in regression models.

An outlier is an observation that lies an abnormal distance from other values in a
random sample from a population.

First quartile (Q,) : The first quartile is the value, where 25 % of the values are
smaller than Q and 75 % are larger.

Third quartile (Q3) : The third quartile is the value, where 75 % of the values are
smaller than Q ; and 25 % are larger.

Outliers are data elements with an abnormally high value which may impact
prediction accuracy, especially in regression models

Outlier detection is the process of detecting and subsequently excluding outliers
from a given set of data.

Fig. 2.4.1 shows outliers detection. Here O; and O, seem outliers from the rest.

TECHNICAL .\‘:'!..h'Bll‘_i‘l‘.'..‘J‘l'."'.'f.'h"n"S'm - an up-thrust for knowledge

Scanned with CamScanner



Machine Learmning

2-17

Preparing to Model

C,

o P
5 2 0,

Fig. 2.4.1 Outliers detection

e An outlier may be defined as a piece of data or observation that deviates
drastically from the given norm or average of the data set. An outlier may be
caused simply by chance, but it may also indicate measurement error or that the

given data set has a heavy - tailed distribution

Handling missing values
e In a data set, one or more data elements may have missing values in multiple

records.

e These dirty data will affects on miming procedure and led to unreliable and poor

output. Therefore it is important for some data cleaning routines.

How to handle noisy data in data mining ?

e Following methods are used for handling noisy data :

1. Ignore the tuple : Usually done when the class label is missing. This method
is not good unless the tuple contains several attributes with missing values.

2. Fill in the missing value manually : It is time-consuming and not suitable for

a large data set with many missing values.

3. Use a global constant to fill in the missing value : Replace all missing
attribute values by the same constant.

4. Use the attribute mean to fill in the missing value : For example, suppose that
the average salary of staff is Rs 65000/- . Use this value to replace the missing
value for salary.

5. Use the attribute mean for all samples belonging to the same class as the given

tuple

6. Use the most probable value to fill in the missing value

m Data Pre-Processing

» Data pre-processing is a data mining technique that involves transforming raw
data into an understandable format. Aim to reduce the data size, find the relation
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between data and normalized them. Data pre-processing is a proven method of
resolving such issues. Data pre-processing prepares raw data for furthe,
processing.

Data which capture from various source is not pure, It contains some noise. It jg
called dirty data or incomplete data. In this data, there is lacking attribute values,
lacking certain attributes of interest, or containing only aggregate data. For
example : occupation=""

Noisy data which contains errors or outliers. For example : Salary="-10"

Inconsistent data which contains discrepancies in codes or names. For example :
Age = "51" Birthday="03/08/1998"

Incomplete, noisy, and inconsistent data are commonplace properties of large
real - world databases and data warehouses. Incomplete data can occur for a

number of reasons

Dimensionality Reduction

Dimensionality reduction is the process of reducing the number of random
variables under consideration, by obtaining a set of principal variables.

Most machine learning and data mining techniques may not be effective for
high-dimensional data. Query accuracy and efficiency degrade rapidly as the
dimension increases.

The “dimensionality” simply refers to the number of features (i.e. input variables)
in your dataset.

When the number of features is very large relative to the number of observations
in your dataset, certain algorithms struggle to train effective models. This is called
the "Curse of Dimensionality,” and it's especially relevant for clustering algorithms
that rely on distance calculations.

Dimensionality reduction is the process of reducing the number of random
variables under consideration, by obtaining a set of principal variables. It can be
divided into feature selection and feature extraction.

It reduces the time and storage space required. Removal of multi-collinearity
improves the interpretation of the parameters of the machine learning model.

There are many methods to perform dimension reduction.

1. Missing values : While exploring data, if we encounter missing values, what
we do ? Qur first step should be to identify the reason then impute missing
values / drop variables using appropriate methods. But, what if we have too
many missing values ? Should we impute missing values or drop the

variables ?
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2. Low variance : Let's think of a scenario where we have a constant variable in
our data set.

3. Desicion trees : It can be used as a ultimate solution tackle multiple challenges
like missing values, outliers and identifying significant variavbles.

4. Random forest : Similar to decision tree is random forest.

5. High coreelation : Dimensions exhitbiting higher correlation can lower down
the performance of model. Moreover, it is not good to have multipule variables
of similar information or variation also known as "Multicollinearity”.

Advantages of dimensionality reduction
e It helps in data compression, and hence reduced storage space.

o It reduces computation time.

e It also helps remove redundant features, if any.

Disadvantages of dimensionality reduction
e It may lead to some amount of data loss.

e PCA tends to find linear correlations between variables, which is sometimes

undesirable.
s PCA fails in cases where mean and covariance are not to define datasets.

e We may not know how many principal components to keep in practice, some
thumb rules are applied.

[EXARN Principal Component Analysis

If the original data can be reconstructed from the compressed data without any

loss of information, the data reduction is called lossless. If, instead, we can

reconstruct only an approximation of the original data, then the data reduction is

called lossy.

* Lossy dimensionality reduction methods are Principal Components Analysis (PCA)
and wavelet transforms.

¢ Principal Component Analysis (PCA) is to reduce the dimensionality of a data set
by finding a new set of variables, smaller than the original set of variables, retains
most of the sample's information and useful for the compression and classification
of data.

¢ In PCA, it is assumed that the information is carried in the variance of the
features, that is, the higher the variation in a feature, the more information that
feature carries.

* Hence, PCA employs a linear transformation that is based on preserving the most

variance in the data using the least number of dimensions.
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The most common approach for dimensionality reduction is known as Principa]
Component Analysis (PCA). PCA is a statistical technique to convert a set of
correlated variables into a set of transformed, uncorrelated variables called

principal components. The principal components are a linear combination of the
original variables.

A Discrete Wavelet Transform (DWT) is a transform that decomposes a given
signal into a number of sets, where each set is a time series of coefficients
describing the time evolution of the signal in the corresponding frequency band.
Another commonly used technique which is used for dimensionality reduction is
Singular Value Decomposition (SVD).

Feature Subset Selection

A good feature representation is central to achieving high performance in any
machine learning task.

Consider an example of text categorization. Assume that we need to train a model
for classifying a given document as spam and not spam. If we represent a
document as a bag of words, the feature space consists of a vocabulary of all
unique words present in all the documents in the training set.

For a collection of 100,000 to 1,000,000 documents, we can easily expect hundreds
of thousands of features. If we further extend this document model to include all
possible bigrams and trigrams, we could easily get over a million features.

A feature tree is a tree such that each internal node is labelled with a feature, and
each edge emanating from an internal node is labelled with a literal. The set of
literals at a node is called a split.

Each leaf of the tree represents a logical expression, which is the conjunction of
literals encountered on the path from the root of the tree to the leaf. The extension
of that conjunction is called the instance space segment associated with the leaf.

Two features are redundant if they are highly correlated, regardless of whether
they are correlated with the task or not.

Feature construction and transformation

Feature construction involves transforming a given set of input features to
generate a new set of more powerful features which can then use for prediction.
Feature construction methods may be applied to pursue two distinct goals :
Reducing data dimensionality and improving prediction performance.

Steps :
1. Start with an initial feature space F
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2. Transform Fj to construct a new feature space Fy
3. Select a subset of features F; from Fy

4. If some terminating criteria is achieved : Go back to step 3 otherwise set
Fr =F;
5. Fr is the newly constructed feature space

o The initial feature space F, consists of manually constructed features that often
encode some basic domain knowledge.

o The task of constructing appropriate features is often highly application specific
and labour intensive. Thus, building auto-mated feature construction methods that
require minimal user effort is challenging. In particular we want methods that :

1. Generate a set of features that help improve prediction accuracy.

2. Are computationally efficient.
3. Are generalizable to different classifiers.

4. Allow for easy addition of domain knowledge.

e Genetic programming is an evolutionary algorithm - based technique that starts
with a population of individuals, evaluates them based on some fitness function
and constructs a new population by applying a set of mutation and crossover
operators on high scoring individuals and eliminating the low scoring ones.

e In the feature construction paradigm, genetic programming is used to derive a
new feature set from the original one.

e Individuals are often tree like representations of features, the fitness function is
usually based on the prediction performance of the classifier trained on these
features while the operators can be applications specific.

¢ The method essentially performs a search in the new feature space and helps
generate a high performing subset of features. The newly generated features may
often be more comprehensible and intuitive than the original feature set, which
makes GP-related methods well-suited for such tasks.

* In decision trees, the model explicitly selects features that are highly correlated
with the label. In particular, by limiting the depth of the decision tree, one can at
least hope that the model will be able to throw away irrelevant features.

¢ In the case of K-nearest neighbours, the situation is perhaps more terrible. Since
KNN weighs each feature just as much as another feature, the introduction of
irrelevant features can completely mess up KNN prediction.

* Feature extraction is a process that extracts a set of new features from the original
features through some functional mapping.

®
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o Transformzton stndies ways of mapping ongmal atirbutes to new features
Different mappmgs czn be exployed o extract features.

e Ih gemeral the mappmgs an be categorized into linear or nonlines,
transformations. One could categorize transformations along two dimensions linea,
labeled

Feature selection

e Feztwre selection s 2 process that chooses 2 subset of features from the original
features so that the feature space is optimally reduced according to a certain
cotenon

o Featme selection s a citical step in the feature construction process. In text
cztegorization problems, some words simply do not appear very often.

» Pechaps the word “groovy” appears in exactly one training document, which is
positive. Is it really worth keeping this word around as a feature ? Its a
dangerous enceavour because it's hard to tell with just cne training example if it
is really correlated with the positive class, or is it just noise.

* You could hope that your leaming algorithm is smart enough to figure it out. Or
you could just remove it

» There are three general classes of feature selection algorithms : Filter methods,
wrapper methods and embedded methods.

¢ The role of feature selection is as follows:

1. To reduce the dimensionality of feature space.

2 To speed up a leamning algorithm.

3. To improve the predictive accuracy of a dlassification algorithm.

4 To improve the comprehensibility of the leamning results.

¢ Features selection algorithms are as follows :

1. Instance based approaches : There is no explicit procedure for feature subset
generation. Many small data samples are sampled from the data. Features are
weighted according to their roles in differentiating instances of different classes
for a data sample. Features with higher weights can be selected.

2. Nondeterministic approaches : Genetic algorithms and simulated annealing are
also used in feature selection.

3. Exhaustive complete approaches : Branch and bound evaluates estimated

accuracy and ABB checks an inconsistency measure that is monotonic. Both
start with a full feature set until the pre-set bound cannot be maintained.
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X3 Fill in the Blanks

a1l set is collection of related records or information.

Q2 Each row of a data setis called a

Q3 Qualitative data is also called data

Qs data provides information about the quality of an object or information
which cannot be measured.

Q5 Dimensionality reduction helps in redudng irrelevance and in features.

a6 Dimensionality reduction refers to the techniques of reducing the dimensionality of
a data set by creating new attributes by combining the original S

Q.7 Lossy dimensionality reduction methods are and wavelet transforms.

Q8 An_________is an observation that lies an abnormal distance from other values in
a random sample from a population.

Q.9 Exploration of numerical data can be best done using and

Q.10 Data can be broadly divided into data and data.

Multiple Choice Questions
Q1 Data can be broadly divided into

‘a qualitative data E quantitative data

E qualitative and Quantitative data 1:1: rato data
Q.2 Feature selection tries to eliminate features which are

.a: rich b redundant

‘¢ irrelevant ja: relevant

Q.3 Prindpal component analysis is used for

™ dimensionality Enhancement
__E LU decomposition
E QR decomposition
jc_f dimensionality reduction
Q4 Which of the following methods to perform dimension reduction ?
é Missing values b Decision tree
.c Random forest 'd All of these
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Answer Keys for Flll In the Blanks

o1 Dw 02
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|00 L R I b S RE e i
1 Q.9 box plots, histograms - Q1w : Qualitative, Quantitative
g T
Answer Keys for Multiple Choice Questions
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Syllabus

Selecting a Model : Predictive/Descriptive, Training a Model for supervised learning, model

representation and interpretability, Evaluating performance of a model, Improving performance of
a model.

3.1
32
3.3
34
3.5
36
3.7

e

Contents

Selacting a Model

Training a Model for Supervised Leamning
Model Representation and Interpretability
Evaluating Performance of a Mode!

Improving Performance of a Mode/
Fill in the Blanks

Muttiple Choice Questions

(3-1)
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Selecting a Model

» Stractured representation of raw input data to the meaningful pattern is called a
model. The model might have different forms. It might be a mathematical
equation, it might be a graph or tree structure, it might be a computational block,
efc.

¢ Given casy-to-use machine learning libraries like scikit-learn and Keras, it is
straightforward to fit many different machine leaming models on a given
predictive modeling dataset

o Model selection 1s the task of selecting a statistical model from a set of candidate
maodels, given data.

o The decsion regarding which model is to be selected for a specific data set is
taken by the learning task, based on the problem to be solved and the type of
data

o The process of assigning a model, and fitting a specific model to a data set is
o Model selection is the process of selecting one final machine learmning model from
among 2 collection of candidate machine learning models for a training dataset.

e Mocel selection is 2 process that can be applied both across different types of
models (eg. logistic regression, SVM, KNN, etc.) and across models of the same
tvpe confgured with different model hyperparameters.

o Firtng models is relatively straightforward, although selecting among them is the
true challenge of apphied machine leaming.

e Al models have some predictive error, given the statistical noise in the data, the
incompleteness of the data sample, and the limitations of each different model
tvpe. Therefore, the notion of 2 perfect or best model is not useful. Instead, we
must seek 2 model that is "good enough.”

e The best approach to model selection requires “sufficient” data, which may be
neariy mfinite depending on the complexity of the problem.

o In thus ideal situation, we would split the data into training, validation, and test
sets, then fit candidate models on the training set, evaluate and select them on the
vabdation set, and report the performance of the final model on the test set.

EEE]R Predictive modeis

¢ Predictive modelling is also called predictive analytics. It is a mathematical process
that seeks to predict future events or outcomes by analyzing patterns that are
likely to forecast future results.
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If you are trying to predict a continuous target, then you will need a regression
model. But if you are trying to predict a discrete target, then you will need a
classification model.

The predictive models have a clear focus on what they want to leam and how
they want to learn.

Predictive analysis provides answers of the future queries that move across using
historical data as the chief principle for decisions

It involves the supervised learning functions used for the prediction of the target
value. The methods fall under this mining category are the classification,
time-series analysis and regression.

Data modeling is the necessity of the predictive analysis, which works by utilizing
some variables to anticipate the unknown future data values for other variables.

It provides organizations with actionable insights based on data. It provides an
estimation regarding the likelihood of a future outcome.

To do this, a variety of techniques are used, such as machine learmning, data
mining, modeling and game theory.

Predictive modeling can, for example, help to identify any risks or opportunities in
the future.

Predictive analytics can be used in all departments, from predicting customer
behaviour in sales and marketing, to forecasting demand for operations or
determining risk profiles for finance.

A very well-known application of predictive analytics is credit scoring used by
financial services to determine the likelihood of customers making future credit

payments on time. Determining such a risk profile requires a vast amount of data,
including public and social data.

Historical and transactional data are used to identify patterns, and statistical
models and algorithms are used to capture relationships in various datasets.

Predictive analytics has taken off in the big data era, and there are many tools
available for organisations to predict future outcomes.

The target feature is known as a class and the categories to which classes are
divided into are called levels. The k-Nearest Neighbor, Naive Bayes, and decision
tree are the popular classification models.

Predictive models may also be used to predict numerical values of the target
feature based on the predictor features. Popular regression models are Linear
Regression and Logistic Regression.
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The descriptive modeling task called pattern discovery is used to identify useful
associztions within data. Pattern discovery is often used for market basket analysis
Here, the goal is to identify items that are frequently purchased together, such that
the lezmed information can be used to refine marketing tactics.
» For instance, if a retailer learns that swimming trunks are commonly purchased at
the same time as sunglasses, the retailer might reposition the items more closely in
the store or run a promotion to "up-sell” customers on associated items.
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Scopose we have 2 debhese with hoose prces as the dzpendant variable and two
Idependent vamahies shownyg the squme fodtage of the hoose and the mmmber of
Tooms
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that o prechict hoose prices acomatelv.

To w=n' yoor model, or see how well it performs, we randomly subset 20 of
those rows and It the modal

The sacond step s 1o predict the valnes of those 10 rows that we excdudad 2nd
measyre how well our pradichons were.

As a rule of thumb, experss suggest o randomly sample 8) % of the data into the
training set and 20 % into the test set.

Training set : Used to train the classifier.

. Tom! number of axamples .
Traming set Test set
Fig. 3.2.1

The holdout method has two, basic drawbacks :
1. It requires extra dataset

2 It is a single train-and-test experiment, the holdout estimate of error rate will
be misleading if we happen to get an "unfortunate” split.

Cross-Validation

Cross-validation is a technique for evaluating estimating performance by training
several machine leaming models on subsets of the available input data and
evaluating them on the complementary subset of the data. Use cross-validation to
detect overfitting, i.e., failing to generalize a pattern.

In general, machine learning involves deriving models from data, with the aim of
achieving some kind of desired behaviour, e.g., prediction or classification.

Fig. 3.2.2 shows cross-validation.
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Lesvecrecut coss validation is K-fold coss validation taken to its logical
extreme, with K equal o N, the number of data points in the set

That means that N separate times, the function approximate is trained on all the
cata except for one point and a prediction is made for that point.

Cross-validation ensures non-overlapping test sets.

K-fold cross-validation :

e In this technique, k — 1 folds are used for training and the remaining one is used
for testing as shown in Fig. 323.

o The advantage is that entire data is used for training and testing. The error rate of
the model is average of the error rate of each iteration.

e This technique can also be called a form the repeated hold-out method. The error
rate could be improved by using stratification technique.
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Fig. 323 K-fold cross validation
Bootstrap

Ensemble dassifiers such as bagging, boosting and model averaging are known o
have improved accuracy and robustness over a single model Although
unsupervised models, such as clustering. do not directly generate label prediction
for each individual, they provide useful constraints for the joint prediction of a set
of related objects.

For given a training set of size n, create m samples of size n by drawing n
examples from the original data, with replacement Each bootstrap sample will on
average contain 632 % of the unique training examples, the rest are replicates. It
combines the m resulting models using simple majority vote.

In particular, on each round, the base learner is trained on what is often called a
"bootstrap replicate” of the original training set. Suppose the training set consists
of n examples.

Then a bootstrap replicate is a new training set that also consists of n examples,
and which is formed by repeatedly selecting uniformly at random and with
replacement n examples from the original training set. This means that the same
example may appear multiple times in the bootstrap replicate, or it may appear
not at all.

It also decreases error by decreasing the variance in the results due to unstable
learners, algorithms (like decision trees) whose output can change dramatically
when the training data is slightly changed.
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[EXX] Lazy vs. Eager Learner

Eager learning : Given a set of training set, constructs a classification model before
receiving new data to classify. For example, decision tree induction, Bayesian
classification, rule-based classification etc.

Lazy learning : Simply stores training data and waits until it is given a new
instance. Lazy learners take less time in training but more time in predicting. For
example, k-nearest-neighbor classifiers, case-based reasoning classifiers

Instance-based methods are also known as lazy learning because they do not
generalize until needed.

The eager learner must create a global approximation. The lazy learner can create
many local approximations.

[EE] Model Representation and Interpretability

In addition to using models for prediction, the ability to interpret what a model
has leamed is receiving an increasing amount of attention.

Interpretability has to do with how accurate a machine learning model can
associate a cause to an effect.

If a model can take the inputs, and routinely get the same outputs, the model is

interpretable :

1. If you overeat your magi at dinnertime and you always have troubles
sleeping, the situation is interpretable.

2. If all 2019 polls showed " ABC party” win and the "XYZ party" candidate took
office, all those models showed low interpretability.

Interpretability poses no issue in low-risk scenarios. If a model is recommending
movies to watch, that can be a low-risk task

Fitness of a target function approximated by a learning algorithm determines how
correctly it is able to classify a set of data it has never seen.

Underfitting and Overfitting

Training error can be reduced by making the hypothesis more sensitive to training
data, but this may lead to overfitting and poor generalization.

Overfitting occurs when a statistical model describes random error or noise instead
of the underlying relationship. Overfitting is when a classifier fits the training
data too tightly. Such a classifier works well on the training data but not on
independent test data. It is a general problem that plagues all machine learmning
methods.
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e Underfitting : If we put too few variables in the model, leaving out variables that
could help explain the response, we are underfitting. Consequences :
1. Fitted model is not good for prediction of new data - prediction is biased

2. Regression coefficients are biased

3. Estimate of error variance is too large
e Because of overfitting, low error on training data and high error on test data.
Overfitting occurs when a model begins to memorize training data rather than
learning to generalize from trend.

¢ The more difficult a criterion is to predict, the more noise exists in past
information that need to be ignored. The problem is determining which part to
ignore.

¢ OQverfitting generally occurs when a model is excessively complex, such as having
too many parameters relative to the number of observations. We can determine
whether a predictive model is underfitting or overfitting the training data by
looking at the prediction error on the training data and the evaluation data.
Fig. 3.3.1 shows underfiting and overfiting.

"l"| YI

Underfitting X

Overfiting X

e Reasons for overfitting
1. Noisy data

2. Training set is too small

3. Large number of features
e In the machine learning the more complex model is said to show signs of
overfitting, while the simpler model underfitting. Often several heuristic are
developed in order to avoid overfitting, for example, when designing neural

networks one may :
1. Limit the number of hidden nodes

2. Stop training early to avoid a perfect explanation of the training set, and

3. Apply weight decay to limit the size of the weights, and thus of the
function class implemented by the network

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge

PR — _—
Scanned with CamScanner




e e

Machine Leaming 3-10
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[EXE] Blas- Varlance

In the experimental practice we observe an important phenomenon called the bias
variance dilemma.

In supervised learning, the class value assigned by the leaming model built based
on the training data may differ from the actual class value. This error in leaming
can be of two types, errors due to 'bias' and error due to 'variance'.

Fig. 3.3.2 shows bias-variance trade off.
Low variance High variance

Fig. 3.3.2 Blas-varlance trade off

» Give two classes of hypothesis (e.g. linear models and k-NNs) to fit to some

training data set, we observe that the more flexible hypothesis class has a low bias
term but a higher variance term. If we have parametric family of hypothesis, then
we can increases the flexibility of the hypothesis but we still observe the increase
of variance.

The bias-variance-dilemma is the problem of simultaneously minimizing two
sources of error that prevent supervised learning algorithm from generalizing
beyond their training set :

1. The bias is error from erroneous assumptions in the learning algorithm. High
bias can cause an algorithm to miss the relevant relations between features
and target outputs.

2. The variance is error from sensitivity to small fluctuations in the training set.

High variance can cause overfitting : modeling the random noise in the
training data, rather than the intended outputs.

In order to reduce the model error, the designer can aim at reducing either the
bias or the variance, as the noise components is irreducible.
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Machine Leaming J.-11 Modeliing and € valuation

¢ As the model increases in complexity, its blas is likely to diminish. However, as
the number of training examples is kept fixed, the parametric identification of the
model may strongly vary from one DN to another, This will increase the varlance
term.

e At one stage, the decrease in bias will be inferior to the increase In variance,
warning that the model should not be too complex. Conversely, to decrease the
variance term, the designer has to simplify its model so that it is less sensitive to a
specific training set. This simplification will lead to a higher bias.

X1 Evaluating Performance of a Model

Supervised Learning : Classification

e Classification is major task of supervised learning. The responsibility of the
classification model is to assign class label to the target feature based on the value
of the predictor features.

e When performing classification predictions, there's four types of outcomes that
could occur. The evaluation measures in classification problems are defined from a
matrix with the numbers of examples correctly and incorrectly classified for each
class, named confusion matrix.

e Confusion matrix is also called a contingency table.

1) True positives are when you predict an observation belongs to a class and it
actually does belong to that class.

2) True negatives are when you predict an observation does not belong to a class
and it actually does not belong to that class.

3) False positives occur when you predict an observation belongs to a class when
in reality it does not.

4) False negatives occur when you predict an observation does not belong to a
class when in fact it does.

* Confusion matrix goes deeper than classification accuracy by showing the correct
and incorrect (i.e. true or false) predictions on each class. In case of a binary
classification task, a confusion matrix is a 2x2 matrix. If there are three different
classes, it is a 3x3 matrix and so on.

A TP FN
Actual
value
B FP TH
A B
Predicted value
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e For any classification model, model accuracy is given by total number of correct
classifications (True Positive or True Negative) divided by total number of
classifications done.

[True negatives| +[True positives|
[False negatives| + True positives|+[True negatives|+ |True positives|

Accuracy rate =

¢ The complement of accuracy rate is the error rate, which evaluates a classifier by
its percentage of incorrect predictions.
| False negatives| + |False positives |
| False negatives | +|False positives | + | True negatives | + |True positives|

Error rate =

Error rate = 1 - (Accuracy rate)
 The recall accuracy rate predicted as positive.

o The specificity is a statistical measure of how well a binary classification test

correctly identifies the negatives cases.
[True negative|
[True positivs| +|False negative|

Recall (R) =

o [True positives|
Speqﬁﬂ =
v [False positives|+[True negatives|
» True Positive Rate (TPR) is also called sensitivity, hit rate and recall.

Number of true positives
Number of true positives + Number of false negative

[ Sensitivity =

» Precision measures how good our model is when the prediction is positive.

Precision =
V » The focus of precision is positive predictions. It indicates how many positive
predictions are true.

K o F, score is the weighted average of precision and recall.

Precision* Recall
Precision + Recall

Fy_score = 2

e F, score is a more useful measure than accuracy for problems with uneven class
distribution because it takes into account both false positive and false negatives.
* Kappa value of a model indicates the adjusted the model accuracy

Total accuracy - Random accuracy
1-Random accuracy

Kappa =
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o Total accuracy is simply the sum of true positive and true negatives, divided by
the total number of items, that is :
TP+TN
TP+TN +FP+FN

e Random Accuracy is defined as the sum of the products of reference likelihood
and result likelihood for each class. That is, o
i Predicted True
Random accuracy = Actual False * Predicted False + Actual True * Predic
Total = Total
* In terms of false positives etc., random accuracy can be written as :
Random accuracy = (!N -+ FP) *(TN + FN) + (FN +TP) # (FP+TP)

Total accuracy =

Total *Total |
Consider the Jollowing three-class confusion matrix. ,
— i, i : |
15 /) 3 } |
= 15 8 | 1
| : g |
— E 3 5| ;
Calculate precision gng o - .:
recall ; ion and ,
recall for the classifir, WL per class. Also calculate weighted average precis
Solution : ;
—
g Prediﬂtd
A s A ity - 4 YL 0 A it
il 15 2 3 20

7
Bl <5 i i

Classifjer accuracy - 15415, 45
Caleul --_-Tﬁ-[]--“ B 0.75
Culate per. ) o 100
Cisj
First clagg - 15 'on ang recal] .

708 g 15

=0.75
202035“‘1&._‘]
Third clags _ 45 30 = 050
56 = 0.8 ang 45
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Calowlate aocuracy, procision and recall for the following ;

- i A e

Predicted +  Predicted -

i i g i s et bl

St 3 u PO R ..
e N R 1
Salution :
PNy mjg::;ls N Iﬁ? e
Preasion = ‘E%}lﬂ = (.85

Calculate true negative rate (t,, ) accuracy and pos for the following
| Predicted +  Predicted - |
| Actual + 50 25

PR

Actual - 5 : 20
Solution :
___ S+ 75 _ o
ACCICY = s+ 00 - 0o = %
Precision = —__ = 0.9090
50+5
* True negative rate is also called as specificity.
— [True negatives
v [False positives| +True negatives|
; 20
T b = —=0.
rue negative rate 5720 0.8
ROC Curve :

® Receiver Operating Characteristics (ROC) graphs have long been used in signal
detection theory to depict the trade-off between hit rates and false alarm rates over
noisy channel. Recent years have seen an increase in the use of ROC graphs in the

machine learning community.
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True Positive Rate TPR =

False Positive Rate FPR =

ROC curve summarizes the performance of the model at different threshold values
by combining confusion matrices at all threshold values. ROC curves are typically
used in binary classification to study the output of a classifier.

An ROC plot plots true positive rate on the Y-axis against false positive rate on
the X-axis; a single contingency table corresponds to a single point in an ROC
plot.

The performance of a ranker can be assessed by drawing a piecewise linear curve
in an ROC plot, known as an ROC curve. The curve starts in (0, 0), finishes in
(1, 1), and is monotonically non-decreasing in both axes.

A useful technique for organizing classifiers and visualizing their performance.
Especially useful for domains with skewed class distribution and unequal
classification error costs.

It allows to create ROC curve and a complete sensitivity/specificity report. The
ROC curve is a fundamental tool for diagnostic test evaluation.

In a ROC curve the true positive rate (Sensitivity) is plotted in function of the
false positive rate for different cut-off points of a parameter.

Each point on the ROC curve represents a sensitivity/specificity pair
corresponding to a particular decision threshold. The area under the ROC curve is
a measure of how well a parameter can distinguish between two diagnostic
groups.

Each point on an ROC curve connecting two segments corresponds to the true and
false positive rates achieved on the same test set by the classifier obtained from
the ranker by splitting the ranking between those two segments.

An ROC curve is convex if the slopes are monotonically non-increasing when
moving along the curve from (0, 0) to (1, 1). A concavity in an ROC curve, i.e.,
two or more adjacent segments with increasing slopes, indicates a locally worse
than random ranking.

True Positive Rate (TPR) is a synonym for recall and is therefore defined as
follows:
TP
TP+FN

False Positive Rate (FPR) is defined as follows :
FP

FP+TN
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Supervised Leaming : Regression

» A regression model which ensures that the difference between predicted ang

actual values is low can be considered as a good model.

» For example, a regression model could be used to predict the values of a data
warehouse based on web-marketing, number of data entries, size and other factors,

* A regression task begins with a data set in which the target values are known,
Regression analysis is a good choice when all of the predictor variables are

continuous valued as well.

» Fig. 3.4.1 shows linear regression model.
Y

Line of
reg ression

Dependent variable

Value of the apartment unit —=

Area (in square feet) —e
Fig. 3.4.1 Linear regression model

o If 'area’' is the predictor variable (say x) and ‘'value' is the target variable (say y),
the linear regression model can be represented in the form : y = a +fix
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¢ In this equation
1. y is the output variable. It is also called the target variable in machine
learning, or the dependent variable in statistical modeling. It represents the
continuous value that we are trying to predict.

2. x is the input variable. In machine learning, x is referred to as the feature,
while in statistics, it is called the independent variable. It represents the
information given to us at any given time.

3. P is the regression coefficient or scale factor.

o It assumes that there exists a linear relationship between a dependent variable and
independent variable(s). The value of the dependent variable of a linear regression
model is a continuous value i.e. real numbers.

o Linear regression is a statistical tool that determines how well a straight line fits a
set of paired data. The straight line that best fits that data is called the least
squares regression line.

o The distance between the actual value and predicted values is called residual.

o If the observed points are far from the regression line, then the residual will be
high, and so cost function will high. If the scatter points are close to the regression
line, then the residual will be small and hence the cost function.

» R-squared is a good measure to evaluate the model fitness. It is also known as the
coefficient of determination. R-squared is the fraction by which the variance of the
errors is less than the variance of the dependent variable.

o It is called R-squared because in a simple regression model it is just the square of
the correlation between the dependent and independent variables, which is
commonly denoted by "r".

e In a multiple regression model R-squared is determined by pairwise correlations

among all the variables, including correlations of the independent variables with
each other as well as with the dependent variable.

Unsupervised Learning : Clustering

* Clustering groups data points based on their similarities. Each group is called a
cluster and contains data points with high similarity and low similarity with data
points in other clusters.

¢ The objective of clustering is to segregate groups with similar traits and bundle
them together into different clusters.

¢ Silhouette analysis can be used to study the separation distance between the
resulting clusters. The silhouette plot displays a measure of how close each point
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in one cluster is to points in the neighboring clusters. This measure has a range of
[~ 1, 1).

o Silhouette coefficients near + 1 indicate that the sample is far away from the
neighboring clusters. A value of 0 indicates that the sample is on or very close to
the decision boundary between two neighboring clusters and negative values
indicate that those samples might have been assigned to the wrong cluster.

® Many clustering algorithms use distance measures to determine the similarity or
dissimilarity between any pair of data points. A valid distance measure should be
symmetric and obtains its minimum value (usually zero) in case of identical data
points. By computing the distance or (dis) similarity between each pair of
observations, a dissimilarity or distance matrix is obtained.

m Improving Performance of a Model

* When we build random forest classifier we can tune the number of trees to build,
the number of variables to choose for splitting etc.

* Similarly, when we build deep learning algorithm we can specify how many
layers we would need, how many neurons we want in each layer, which
activation function we want. Tuning parameter enhances model performance if we
use the right type of parameters in an algorithm.

* One effective way to improve model performance is by tuning model parameter.
Model parameter tuning is the process of adjusting the model fitting options.

Fill in the Blanks

-,

Q1 Structured representation of raw i.npﬁ"t data to the meaningful patiern is called a |

Q2 The process of assigning a model, and fitting a specific model to a data set is

called model
Q3 In bias-variance, when the value of 'k' is decreased, the model becomes simpler
to fit and increases.

Q.4 In bias-variance , When the value of 'k’ is increased, the variance
' Q5 Both underfitting and overfitting result in poor classification quality which is
reflected by low classification «
Q.6 Overfitting refers to a situation where the model has been designed in such a |
way that it emulates the ______ data too closely. E
Q7 A typical case of underfitting may occur when trying to represent a :
data with a linear model as demonstrated by both cases of underfitting |

QB Lazy learning are also called learning. 4
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| Q9 The distance between the actual value and predl::ted values is called i
Q.10 Errors due to bias arise from simplifying assumptions made by the model |

. Q.16

Q.11
Q.12

Q.13

Q.14

Q.15

whereas errors due to variance occur from over-aligning the model with the | !
data sets. "

One of the most popular algorithms for lazy learning is

is another measure of model performance which combines the prec:smn |
and recall

For any classification model, model
goodness of the model

is the primary indicator of the '

In k-fold cross-validation technique, the data set is divided into k- completel}f

separate random partitions called

R-squared is a good measure to evaluate the model fitness. It is also known as |

the coefficient of

Q.17

A high value of ______ is more desirable than a high value of accuracy.

is also another good measure to indicate a good balance of a model .
being excessively conservative or T excessively aggressive.

Multiple Choice Questions

a1 A matrix containing correct and incorrect predlt'.‘tlunﬂ in the form of TPs, FPs, |

1
1

Q2 Im____

FNs and TNs is known as

i

.c zero matrix

’; sparse matrix

analysis, based on the purchase pattern available in the transactional

.d all of these

data, the possibility of purchasing one product based on the purchase of another

product is determined.

......

market basket b cluster

regression

| Sheaal] |
{d| decision tree

Q.! Some of the popular classification models include

uuuuu
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Q.6

it does not.

.‘g_ False negatives
_c true positives

in fact it does.

_q False negatives

E true positives

occur when you pre_ch-v:t an observation belongs to a class when in realnty

'b False positives
d true negatives

occur when you predict an observation does not belong to a class when

False positives

b
4

true negatives

Q.7 Overfitting can be avoided by

\a, using re-sampling techniques like k-fold cross validation |
b hold back of a validation data set J
c remove the nodes which have little or no predictive power for the given machme

leaming problem.
d All of these

Underfitting can be avoided by

Qs

(4 using more training data
b using re-sampling techniques .
; remove the nodes |

d increasing features by effective feature selection

Answer Keys for Fill In the Blanks

|1 model P —
| 3 biss A ) HRTORIRE e
m 6 jwmining
' 7. non-linear 8.  non-parametnic
' 9 residual _ TR TR
| 11 k-nearest neighbor A | Paessure: oo
B accuracy it | i -

i 15 determination DR L. —
| 12, Specxﬁuty

Emwwmmugo.mupmmﬂmrw

MLJ
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Feature and Feature Engineering

In machine learning, features are individual independent variables that act like
input in your system. Feature is an attribute of a data set and used in a machine
learning process. Selection of the subset of features which are meaningful for
machine learning is a sub-area of feature engineering.

The features in a data set are also called its dimensions. So a data set having 'n’
features is called an n-dimensional data set.

A good feature representation is central to achieving high performance in any
machine leamning task.

Consider an example of text categorization. Assume that we need to train a model
for classifying a given document as spam and not spam. If we represent a
document as a bag of words, the feature space consists of a vocabulary of all
unique words present in all the documents in the training set.

For a collection of 100,000 to 1,000,000 documents, we can easily expect hundreds
of thousands of features. If we further extend this document model to include all
possible bigrams and trigrams, we could easily get over a million features.

A feature tree is a tree such that each internal node is labelled with a feature, and
each edge emanating from an internal node is labelled with a literal. The set of
literals at a node is called a split. Each leaf of the tree represents a logical
expression, which is the conjunction of literals encountered on the path from the
root of the tree to the leaf. The extension of that conjunction is called the instance
space segment associated with the leaf.

Two features are redundant if they are highly correlated, regardless of whether
they are correlated with the task or not.

Feature engineering is the process of creating features (also called "attributes") that
don't already exist in the dataset. This means that if your dataset already contains
enough “useful” features, you don't necessarily need to engineer additional
features.

Feature engineering refers to the process of translating a data set into features
such that these features are able to represent the data set more effectively and
result in a better learning performance.

If feature engineering is performed properly, it helps to improve the power of
prediction of machine learning algorithms by creating the features using the raw
data that facilitate the machine learning process.
Elements of feature engineering is feature transform
selection. §

: tion and feature subset
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m Feature Transformation

.

Feature transformation transforms the data, structured or unstructured, into a new
set of features which can represent the underlying problem which machine

learning is trying to solve.

There are two distinct goals of feature transformation :

1. Achieving best reconstruction of the original features in the data set
2. Achieving highest efficiency in the learning task

There are two variants of feature transformation :

1. Feature construction

2. Feature extraction

Feature Construction

Feature construction involves transforming a given set of input features to
generate a new set of more powerful features which can then used for prediction.

Feature construction methods may be applied to pursue two distinct goals :

Reducing data dimensionality and improving prediction performance.

Steps :

1. Start with an initial feature space F; .

2. Transform F, to construct a new feature space F .

3. Select a subset of features F, from F,; .

4. If some terminating criteria is achieved : Go back to step 3 otherwise set
Fr=F,.

5. Fp is the newly constructed feature space.

Feature construction process discovers missing information about the relationships
between features and augments the feature space by creating additional features.

Hence, if there are 'n' features or dimensions in a data set, after feature
construction 'm' more features or dimensions may get added. So at the end, the
data set will become 'n + m' dimensional.

The task of constructing appropriate features is often highly application specific
and labour intensive. Thus building auto-mated feature construction methods that
require minimal user effort is challenging. In particular we want methods that :
Generate a set of features that help improve prediction accuracy.

Are computationally efficient.

Are generalizable to different classifiers.

Allow for easy addition of domain knowledge.

Pe: 0 I
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¢ Genetic programming is an evolutionary algorithm-based technique that starts

with a population of individuals, evaluates them based on some fitness function
and constructs a new population by applying a set of mutation and crossover
operators on high scoring individuals and eliminating the low scoring ones.

In the feature construction paradigm, genetic programming is used to derive a
new feature set from the original one. Individuals are often tree like
representations of features, the fitness function is usually based on the prediction
performance of the classifier trained on these features while the operators can be
applications specific.

The method essentially performs a search in the new feature space and helps
generate a high performing subset of features. The newly generated features may
often be more comprehensible and intuitive than the original feature set, which
makes GP-related methods well-suited for such tasks.

In decision trees, the model explicitly selects features that are highly correlated
with the label. In particular, by limiting the depth of the decision tree, one can at
least hope that the model will be able to throw away irrelevant features.

Feature Extraction

Feature extraction is a process that extracts a set of new features from the original
features through some functional mapping. Feature extraction method creates a
new feature set.

Feature extraction increases the accuracy of leamed models by extracting features
from the input data. This phase of the general framework reduces the
dimensionality of data by removing the redundant data.

A characteristic of these large data sets is a large number of variables that require
a lot of computing resources to process.

Feature extraction is the name for methods that select and/or combine variables
into features, effectively reducing the amount of data that must be processed,
while still accurately and completely describing the original data set.

The process of feature extraction is useful when you need to reduce the number of
resources needed for processing without losing important or relevant information.
Feature extraction can also reduce the amount of redundant data for a given
analysis. Also, the reduction of the data and the machine's efforts in building
variable combinations (features) facilitate the speed of learning and generalization
steps in the machine leamning process.
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askbisisetn
principal Component Analysis :

e Principal Component Analysis (PCA) is to reduce the dimensionality of a data set
by finding a new set of variables, smaller than the original set of variables, retains
most of the sample's information and useful for the compression and classification
of data.

e In PCA, it is assumed that the information is carried in the variance of the
features, that is, the higher the variation in a feature, the more information that
feature carries.

« Hence, PCA employs a linear transformation that is based on preserving the most
variance in the data using the least number of dimensions.
¢ The objective of PCA is to make the transformation in such a way that,

1. The new features are distinct, i.e., covariance between the new features, i.e. the
principal components is 0.

2. The principal components are generated in order of the variability in the data
that it captures. Hence, the first principal component should capture the
maximum variability, the second principal component should capture the next
highest variability etc.

3. The sum of variance of the new features or the principal components should
be equal to the sum of variance of the original features.

Feature Subset Selection

o Feature selection is critical pre-processing activity in any machine learning project.
The subset of features is expected to give better results than the full set.

¢ Reasons to use feature selection are :
a) It enables the machine learning algorithm to train faster.
b) It reduces the complexity of a model and makes it easier to interpret.

c) It improves the accuracy of a model if the right subset is chosen.
d) It reduces overfitting.

Issues in High - Dimensional Data

* Feature selection approach solves the dimensionality problem by removing
irrelevant and redundant features.

* High - dimensional' refers to the high number of variables or attributes or features
present in certain data sets.

* A feature selection algorithm can be measured from both the efficiency and
effectiveness points. The efficiency composes of the time required to find a subset
of features, whereas effectiveness is related to the accuracy of the subset of

i TECHNICAL PUBLICA 'l".f«\‘.'.'l."m'ﬂuEI - an up-thrust for knowledge
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features finally selected. The objective of feature selections are increasing the
prediction performance of the predictors, providing correct and fast result.

o In high dimensional data like genes data or DNA data contains large number of
attributes which affect the computational cost and decrease the learning accuracy.
The increase of data size in terms of number of instances and number of features
becomes a great challenge for the feature selection algorithms.

¢ The objective of feature selection is as follows :
1. Having faster and more cost-effective leaming model
2. Improving the effidency of the Jearning model
3. Having a better understanding of the underlying model that generated the
data

Key Drivers
o Key drivers of feature selection is feature relevance and redundancy.

1. Feature relevance
o Each of the predictor variables, is expected to contribute information to decide the
value of the class label. In case a variable is not contributing any information, it is

said to be irrelevant.

o In case the information contribution for prediction is very little, the variable is said
to be weakly relevant. Remaining variables, which make a significant contribution
to the prediction task are said to be strongly relevant variables.

¢ Certain variables do not contribute any useful information for deciding the
similarity of dissimilarity of data instances. These variables are marked as
irrelevant variables in the context of the unsupervised machine learning task.

2. Redundancy
o All features having potential redundancy are candidates for rejection in the final

feature subset.

Measures of Feature Relevance and Redundancy

¢ The mutual information measures the amount of information contained in a
variable or a group of variables, in order to predict the dependent one.

o Measures of Feature redundancy : There are multiple measures of similarity of
information.
Contribution :
1. Correlation-based measures
2. Distance-based measures, and
3. Other coefficient-based measure
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o Correlation is a measure of linear dependency between two random variables.

s Correlation coefficients provide a numerical measurement of the association
between two variables. They can be used to determine the similarly between two
objects when they are merged into a cluster.

o Correlation is a technique for investigating the relationship between two
quantitative, continuous variables, for example, age and blood pressure.

« Pearson's correlation coefficient is a measure related to the strength and direction
of a linear relationship. We calculate this metric for the vectors x and y in the

following way :

3, =Ry s - )
i=1

4 CORR{x.f }"} =

| \/im -i)‘*Ji(yi -3)?
' i=1 i=1

where

|
|

1 n
Hiéxi :

¢ The Pearson's correlation can take a range of values from -1 to +1.

| Distance - based similarity measure :
; « The most common distance measure is the Euclidean distance, which, between two
l features F, and F, are calculated as :

d(F;,Fp) = Ji(Fn‘in]z
i=1

where F; and F; are features of an n-dimensional data set.
* A more generalized form of the Euclidean distance is the Minkowski distance,
measured as

d(Fy,Fy) = J)“:tFli ~Fp)’

i=1 |

EEXA Overall Feature Selection Process

* Typical feature selection process consists of four steps :
1. Generation of possible subsets
2. Subset evaluation
3. Stop searching based on some stopping criterion
4. Validation of the result —
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o Fig. 4.3.1 shows feature selection process.

Initialization

Subset generation =
Subsat"

Subset evaluation

Subset
goodness

Shopping criterion

Result validation

Fig. 4.3.1 Feature selection process

IEEX] Feature Selection Approaches
Feature

o There are three types of approach for
feature selection : selection ~

1. Filter approach [ _
Filter Wrapper ‘Embedded
2. Wrapper approach method method “method
3. Embedded approach
Fig. 4.3.2
1. Fiter method :

¢ Filter methods are generally used as TR
a preprocessing step. The selection of features
features is independent of any
machine learning algorithms. Instead, r
features are selected on the basis of Feature subset
their scores in various statistical tests selection
for their correlation with the featﬁf;i;"is ot
outcome variable. L

Learning

¢ Fig. 4.3.3 shows filter method. algorithm

e The filter feature selection methods 1
make use of statistical techniques to Perfo

redict the relationship between each g

P Fig. 4.3.3 Fliter method
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independent input variable and the output (target) variable. Which assigns scores
for each feature.

Correlation based Feature Selection (CFS) is a simple filter algorithm that ranks
feature subsets according to a correlation based heuristic evaluation function.

Example : coorelation, chi-square test, ANOVA, information gain etc.

2, Wrapper Methods :

In Wrapper Methods, the Learner is
considered a black-box. Interface of Al
the black-box is used to score features
subsets of variables according to the R
predictive power of the learner selection
when using the subsets. Feature subset

generation
Fig. 4.3.4 shows wrapper method. T
¥ ) . Features Evaluation
The feature selection algorithm 1 /_
Learnin > Optimal
searches for a good feature subset ammh‘g "l

using the induction algorithm itself
as a part of the evaluation function.

Wrapper methods are recursive Performance

feature  elimination,  sequential Fig. 4.3.4 Wrapper method
feature selection algorithms and

genetic algorithms.

3. Embedded Methods :

Embedded methods, are quite similar to wrapper methods since they are also used
to optimize the objective function or performance of a learning algorithm or
model.

It's implemented by algorithms that have their own feature selection methods in
them.

A learning algorithm takes advantage of its own variable selection process and
performs feature selection and classification/regression at the same time.

The most Common embedded technique are the tree algorithm's like Random
Forest, LASSO with the L1 penalty and Ridge with the L2 penalty for constructing
a linear model.

Tree algorithms select a feature in each recursive step of the tree growth process
and divide the sample set into smaller subsets. The more child nodes in a subset
are in the same class, the more informative the features are.

_
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Machine Leamning
Difference between Filter, Wrapper and Embedded Method
- e i 8
F' ‘ez methods Wrapper methods _ Embedded melhodg -

Gﬂﬂxnetnfnt&mdswhich Evaluates on a specific

Embeds (ﬂx} features d
model building process,
Feature selection is done by

| machine learning algorithm.  to find optimal features. ¥
observing each iteration of

|
|
‘ do not incorporate a specific ~ machine learning algorithm
|
|
I

NS— sy, SOOE) BRUDG Plinse,
High computation time for a Sits between Filter methnds. ?

Much faster compared to
| Wrapper methods in terms of  dataset with many features. and Wrapper methods in
| time complexity. - terms of time complexity.
i Less prone to over-fitting. High chances of over-fitting Gmmﬂyﬂsedhureduce
| because it involves training of fitting by penalizing the
: machine leamning models with mafﬁnents of a model being
; different combination of too large.
i feahlrﬁ.
| Examples - Correlation, Exam;rlﬂ Formrd Selnctmn, Examples LASSO, Ela.stic
| Chisquare test, ANOVA,  Backward elimination, g ._Ntl;. Ridgt Rtsrm:on!
| Information gain, etc. Stepwise Selection, etc. o s

Fill in the Blanks

Ef LR

A feature is an of a data set that is used in a machine learning process.
The features in a data set are also called its

Features are extracted from

PCA works based on a process called decomposition of a covariance
matrix of a data set.

Correlation is a measure of dependency between two random variables.
In the wrapper approach, identification of best feature subset is done using the
induction algorithm as a

IZE Multiple Choice Questions

Qi

Q2

PCA stands for

c Pnnupal Correlation Analysis | d Process Component Analysis
Which of the following are the feature selection methods ?

"a Filter approach b, Wrapper approach

‘¢ Embedded approach d All of these
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e e s
a3 PCAisa tEChn.ique for
'a! Feature extraction b Feature construction
-“;:ﬂ Feature selection 'd None of these

Q.4 Cosine similarity is most popularly used in

'a. image classification E text classification
_E feature selection E - all of these

Q5 Coorelation, chi-square test, ANOVA are the exampleof _____~

J

'a! embedded method b wrapper method
E filter method d_ wrapper and filter method

Q.6 Some popular feature extraction algorithms used in machine learning :

| Principal Component Analysis _ Singular Value Decomposition

]
H
—
H
E

ic! Linear Discriminant Analysis d All of these

e

Answer Keys for Fill in the Blanks

| Q1 attribute Q.2 dimensions | Q3 raw dzta _!
| Q4 eigenvalie | Q5 | linea | Q6 | blackbox
Answer Keys for Multiple Choice Questions
_i Q.1 ! a Q ,qu d Q.3 _a__ |
| Q4 4 Qs | < Q6 e '.
Qaaa
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IEX] statistical Tools In Machine Learning

In machine leaming, we train the system by using a limited data set calleq |
'training data’ and based on the confidence level of the training data we expect the
machine learning algorithm to depict the behaviour of the larger set of actual data,
Probability theory provides a mathematical foundation for quantifying uncertainty |

of the knowledge.
ML is focused on making predictions as accurate as possible, while traditiona]
statistical models are aimed at inferring relationships between variables. :

* We make observations using the sensors in the world. Based on the observations,
we intend to make decisions. Given the same observations, the decision should be

the same. However, the world changes, observations change, our sensors change, |

the output should not change.
* We build models for predictions; can we trust them? Are they certain? Many
applications of machine leamning depend on good estimation of the uncertainty:
a) Forecasting
b) Dedsion making
€) Leamning from limited, noisy, and missing data
d) Leaming complex personalised models
e) Data compression
f) Automating scientific modelling, discovery, and experiment design

m Concepts of Probability

* A signal is called random if its occurrence can not be predicted. Such signal can
not be represented by any mathematical equation.

* The random signals are represented collectively by a random variable. The random
variable takes its value from the specified set of values. But which particular value
will be taken at particular time is not known.

¢ The random variables are analyzed statistically with the help of probability,
probability density functions and statistical averages such as mean, variance etc.

Experiment

Definition : It is the process which is conducted to get some r:gsﬁ_lts. :

o

* An experiment is also called trial. For example, throw of a coin is an experiment
or trial.
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» The trial or an experiment has outcomes. For example throwing a coin has two
outcomes head (H) or tail (T).

» Outcomes of an experiment are call equally likely if all of them have equal chance
of occurring. For example, head and tail are equally likely.

; @ Sample Spaca (S)

: Deﬁhiﬁm A set of all possible outcomes of an experiment is mlied
gample space of that experiment. |

ISP
Famb i s + sk, ok

e e e e e -—-————|

; » Examples : If a coin is thrown, outcomes are head (H) and tail (T). Hence sample
' space will be,
= (H, T}
If three coins are tossed simultaneously, then each experiment will have an outcome
which will be combination of H or T. The sample will be as follows :
T;H; T, T;T,H; T, T,T3)

EEE] Event

» Definition : The expected subset of the sample space or happening is called an
event.

5 ¢ Example : Consider an experiment of throwing a dice.
, Then sample space will be,

= (1,2 3,4,5, 6}
An event “A’ for setting number greater than 4 will be,
= {4, 5, 6)
J ¢ Elementary event : Event contains only one outcome.
¢ Null event : Event not possible.
| ¢ Contain event : Event contains all outcomes of sample space.

* Independent event : If happening of 'A' has nothing to do with happening of ‘B,
then A and B are independent.

¢ Dependant event : If outcome of one event is affected by other, then they are
called dependant events.

| TECHNICAL PUBLICATIONS™ - an up-thrust for knowledge
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IEFX] Definition of Probability

Relative Frequency : For event 'A’ relative frequency is defined as,

_ _ Number of times an event occurs (N4 ) _ Ny
Relative frequency = Total number of trials (N) "N

As number of tna]s approach infinity, relative frequency is called pmbabﬂny

T i '—--—n-.1

Probabmt} nf event 'A’' is defined as the ratio of number of pnssnble favourahle
outcomes to total number nf outcomes. i.e.,

Probability, P(A) = N—lm NTA ~e (5.21)
Number of possible ble out
of possible favourable outcomes . (522)

Total number of outcomes
Example : Probability of getting head in tossing a coin is,

1(Head)

B - 2(Head +Tail)

Here favourable outcome is only one, i.e. head and total number of outcomes are
two, i.e. head and tail.

Permutations and Combinations

it ... (5.2.3)

Combination of n’ taken ‘v’ at a time, nc, = T

r
Permutations of 'n’ taken 7’ at a time, np = [nf;]'f ... (5.2.4)

Examples for Understanding

If 3 of 20 tubes are defective and 4 of them are mndamfy chosen far mspechnn
What is the probability that only one of the defective tubes will be included 7 - :

Solution : Four tubes can be selected out of 20 in 20¢ , ways.

Possible ways = 20c,
n!
We know that ﬂcr = ﬁ:—ﬁm
20! 20! 20x19%x18x17x16!
N'=-op-qjidl- 16141 T6ixdxaxdxi ~ 2
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Now there are three defective tubes. Now since only one defective tube should be
included in set of four, this tube can be chosen in 3¢, ways.

Thus in the set of four defective tubes one tube should be defective and three tubes
should be non defective. That is, those three tubes can be selected in 17¢, ways.

3! 17!

N = 3
A C (G- (17=-3)131

* 1?{:3 =

1

Ix 21! ” 17 x16x15% 14!
21x1 14'x3%x2x1

Number of favourable ways (NA) _ 2040 _
Total possible ways (N) 4845

'Exan*l-ple's with Solutions

From a well shuffled pack of cards three cards are drawn at random. Find the '
probability that they form a King, Queen, Jack combination.

P(A) 0.42

Solution : Three cards can be drawn in 52¢; ways. ie.

52! _ 52x51x50x49!

TR TV L e i

N = 52,

There are 4 Kings, 4 Queens and 4 Jacks in total. Hence a King, Queen and Jack can
be chosen each in 4., ways.

NA = 4,:'1 X‘:lcl X4C1 = 64
: v _ Ny _ 64 _ -3
. Probability = T 2.89 x10

m A room contains three sockets for bulbs. From the collection of 8 bulbs out of
- which 4 are defective, 3 bulbs are selected at random and put in the sockets. Find the
~ probability that the room is lit.

Solution : Three bulbs can be selected out of eight bulbs in 8¢, ways. The room will lit
if one, two or three bulbs are non defective. Therefore it is better to calculate the
probability that room will not lit. That is all three lamps are defective. These three
defective bulbs can be selected out of total four defective bulbs by using 4c, ways.

= 41 _ 4x3!
37 (4-3)13! " 1Ix3!

i+E- NJ"I. = 4(:-
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8! _8x?x6x5!_
(8-3)!3! ~ 5Ix3x2x1

and N=E§*3=

. Probability that room will not lit (dark) will be P(room dark) = % =3/1d

.. P(room lits) + P(room dark) =1
~. P(room lits) = 1 - P(room dark) =1 - % = (0.928

GXEEREEYY A box contains 3 white, 4 red and 5 black balls. A ball is drawn ot randyy,

Find the probability that it is :
i) Red i) Not black iii) Black or white

Solution : There are total 12 balls. Hence one ball can be drawn from 12 balls in

2¢C, ways. ie,
N="=12

i) P(red)
Out of 4 red balls one ball can be drawn in %c; ways. ie.,

N(red) = *c, =4
P‘IEd) - —— T e LT e

ii) P (not black)

Then probability that ball will not be black is same as probability that it will be white

or red. Hence,
N(red) = 4
N(white) = 3¢, =3
N(red) N(white) _ 4 3 _7

. P(not black) = P(red) + P(white) = N s i
iii) P(black or white)
Here N(black) = °cy =5
and N(white) = 7c; =3
P(black or white) = P(black) + P(white)

_ N(black) % N(white) _5 3 _8 _2

N N 12 12 12 3
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Two cards are drawn from a 52 card deck successively without replacing the
ﬁrst .
i) Given the first one is heart, what is the probability that second is also a heart ?
ii) What is the probability that both cards will be hearts ?

Solution : Two cards can be drawn in 52¢, ways.

- S52c, - __ 52! _ 52x51x50!
N G2-2)121 ~ Boixaxi - 1226 ways
{) Probability that second is also heart
13CI 13
N 132
Now 12 heart cards are remaining in the pack.

babili T . -
| Probability "N 13%

Probability that first is heart =

= ; 12 _ =
Probability that second is also heart = l_ﬁx 336 88.723 x 10

ii) Probability that both cards are hearts

13! 13x12x11!
(13-2)12! = 11!x2x1

Ny = BCy = = 78

Probability that both cards are hearts = N . 0.059

N 1326

A box contains five white balls, 6 blue balls and three yellow balls. A ball is
- drawn at random. Find probability that :

: ;J ball is not yellow ii) ball is either white or yellow
S In thzsemnd random cxpen'nmut if two balls are drawn in succession, then what is the
_ probability that the second ball is blue if the first ball is white.

Solution : i) Probability that ball is not yellow

| There are total 5 + 6 + 3 = 14 balls. One ball can be drawn in total N = ¥ C, = 14 ways.
The ball is not yellow means it can be white or blue. Hence

N (white) = 3C; = 5 ways
1 N (blue) = °C, = 6 ways

P (Not yellow) = P (white) + P (blue) = — % = %
! TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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T

ii) Probability of white or yellow ball
N (white) = 3C; =5 ways
N (yellow) = 3C; =3 ways

P (white + yellow) = P (white) + P (yellow) = %*TE -3

iii) Probability that second is blue if first ball is white
First ball is drawn in Ny = #C; =14 ways.

After first ball is draw, 13 balls are left. Hence second ball is drawn in N, =13C, = 13
ways.
N (white) = >C; = 5 ways

N (blue) = "5‘C1 = 6 ways

P (1% white and 2™ blue) = —-xL = 3% - 0.165.
(1** white an ue) TRECEET) 0.165

Axioms (Properties) of Probability

The outcomes of the trial are said to be mutually exclusive, if the occurrence of one of
them precludes the occurrence of all other outcomes. For example in tossing a coin,
events Head and Tail are mutually exclusive. In throw of a die the occurrence of
number ‘4’ will automatically exclude the occurrence of numbers 1, 2, 3, 5 and 6.

o If an event contains all the outcomes then it is called certain event. Then

probability of this event is unity. i.e.,
P(A) = P(S)=1 i (L)

¢ We also know that probability of any event is always less than or equal to ‘1’ and
non negative. i.e.,
0 < PA)=1 . (5.2.6)

* Just now we have defined mutually exclusive events. The occurrence of such
events precludes over each other. Then if A + B is the union of two mutually
exclusive events, then

P(A + B) = P(A) + P(B) - (5.2.7)

which states that probability of union of mutually exclusive events is equal to sum of
their independent probabilities.

i e 1

Property 1: ~ P(A) = 1-P(A) | e (5.28)

TECHNICAL PUBLICA T!GNSE - an up-thrust for knowledge
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Machine Leaming 5-9 Overview of Probability

Here A denotes the complement of event A.
Proof : Let the sample space be the union of two mutually exclusive events A and A,
S =A+A

j.e.

By taking probability of both sides,

P(S) = P(A) + P(A)
1 = P(A) + P(A), .. Since P(S) = 1 by equation (5.2.5)
of P(A) = 1- P(A)
Property 2 : If Ay As, . AM are mutually exclusive events,
- 1 PA )+ P(Pﬁ] +oPAy) =1 ... (529)
Proof : The mutually exclusive events satisfy following relation,
Ay +Ar+.+Ay = S
P(Ay+Ay +....Ay) = P(S)
P{Aj+As +....Ay) = ], ... P(S) =1 for certain event.
P(A1)+P(Ag)+...+ P(Ay) = 1 ... By equation (5.2.7)
If all events A; A, ..... Ay have same possibility of occurrence (equally likely),
then PA;) = P(A) = P(A3)=....=P(Ady) = %

Property 3 : If events A and B are not mutually exclusive events, then the probability
of the union of A or B is gwen as,

rﬂ.'!-\f-v\.-!-'w'ﬂ-ﬂ e -

P(A+Bj = P(A) + P(B) = P(AB} | . (5.2.10)

Here P(AB) is called the probability of events A and B both occuring simultaneously.
Such event is called joint event of A and B, and the probability P(AB) is called joint
probability it is defined as,

P(AB) = lim NAB

Jim =& .. (5.2.11)

If events A and B are mutually exclusive, then the joint probability P(AB) = 0.

X3 conditional Probability

Definition : Probability of B given that A has occurred is represented by P(B/A).
Alternately P(A/B) represents probability of A given that B has occurred. P(B/A) and
P(A/B) are called conditional probabilities.
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onm - PAB) |
) = i—ﬁ?e ol T R

[ - e —

Here P(AB) is the ]omt probability of A and B.
The joint probability has commutative property i.e.,
P(AB) = P(BA)

Independent Events Probability

' Defimition : IfAmdBmﬂ:etmmmtspasm‘bkﬁbmuﬁmeﬁmmf and.
pmmryofommuafﬂﬂmpiydacswtdcpmdmwafmmtAthm'
these events are called statistically independent events. 5

_ P(AB) ;
P(B/A) = PA) ... By equation 52.12 ... (5.2.14)

This gives probability of B given that event A has occurred. If the occurrence of B
does not depend on event A, probability of event B is same as conditional probability

P(B/A). ie.,

w (5.2.13)

—
E

P(B/A) = P(B) .. (5.2.15)
With this result equation (5.2.14) becomes,
P(AB) = P(A) P(B) w (5.2.16)

Similarly since events A and B are statistically independent, probability of event A is
same as conditional probability of A given that event B has occurred.

P(A/B) = P(A) . (9.2.17)
With above result equation (5.2.12) can be written as, P(AB) = P(A) - P(B), which is
same as equation (5.2.16)
R Find out the number of permutations of ﬁur letters A,B,C aud D mkm two at -
a time. % . A
Solution : Here n =4 and k = 2.

Hence

n!

n =T

£ = (n—k)!
41 4! 4x3x2!

4 i =

o=y~ 2™ e
TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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£xample 5:2.8 Consider an experiment of drawing two cards at random from a bag containing
" four cards marked with the integers 1 through 4. Find the sample space of the experiment
) yftheﬁmcgrdls replaced before the second is drawn.
spluﬁon : The sample space will contain 16 ordered pairs

{Lj}1£i£4md1£j£4*i'e'
| 11 1,2 13 14
| 21 22 23 24
| 5= 131 32 33 34
41 4,2 43 4.4

Iﬁ a competitive examination 30 candidates are .to be selected In all 600
candidates appear in a written test and 100 will be called for interview. What is the
probability that a person will be called for the intrview ? Determine the probability of a

|  person getting selgcted, if he has been called for interview

Suluﬁun : Let event A be the person called for an interview and event B be the person

selected.
PA) = Called for interview _ 100 _ 1

Hence " Total candidates 600 6
_ Selected candidates _ 30 _ 3

and P(B/A) = Called for interview 100 10

¥ P(A) = 3, P(B) =3 and PAUB) = 1% Then find P(A/B).

Solution : Here

P(AUB) = P(A) + P(B) form given data
A 1-3 11 g
ie. = §+E =15 which is given.

Hence A and B area mutually exclusive events.
For such events P(AB) = P(A1B) = 0 and

P(AB) P(B) - P(A/B)

3
0 @ = P(A/B)

Hence P(A/B) = 0

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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If A and B are two independent events, there P(A) = 3, P(B) = 2
P(AUB).
Solution : Hence P(A + B) or P(AUB) is given as,
P(AUB) = P(A) + P(B) - P(AB)
For independent events P(AB) = P(A) - P(B), i.e;

P(AUB) = P(A) + P(B) - P(A) - P(B)
2. 1,29
T 413 4737 4
CEEEIXERE) 17 A and B are two events such that P(A) = 0.3, P(B) = 0.4, P(A  B) = o,

Sfmd :
i) (A UB) i) P(A/B) iii) P(A/B)  iv) P(AuUB). _
Solution : Here note that P(A+B)=P (Au B)and P (AB) = P (AN B)

i) P(AUB)
P(A U B)

ii) P(A/B)
P(AUB) = P(A)+P (AN B), since A and A N B are disjoint events
P(An B) = P(AUB)-P(A)=05-03 =02

P(A n B) _P(AB) 02 _
___P{B} mﬂﬂfﬂ}—m—ﬁ—ﬂﬁ

I

P(A)+P(B)-P(An B})=03+04-02=05

P(A /B)

]

iii) P(A/B)
P(AUB) = P(B)+P(A NB) since B and A~ B are disjoint events
= 1-P(B)+P(A N B), since P(B)=1~P(B) =1-04+02=08
P(AUB) = P(A)+P(B)-P(A nB)
P(AUB) = 1-P(A)+1-P(B)-P(A nB)
08 = 1-03+1-04-P(ANB)

P(AnB) = 05
= = _ PANnB) P(AB)
A/B) = — < P
P(A / B) ) since P(A /B) 6

ﬂ - P —I— ] 3

P(A U B) = 0.8 [as obtained in part (iii)]
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NE— - i

o Scanned with CamScanner




—

Machine Leaming 5-13 Overview of Probability
In the experiment of rolling six face dice find the probability of occurrence of
4 if it is known that even face has appeared,
Solution : Let event 'A’ denote occurrance of even face,
Let event 'B' denote occurrance of 4.

Then AB denote occurrance of 4 with even face.

Since AB can occurs only once out of six possible out comes,

1
P(AB) = 3
Total possible out comes are 3 i.e. 2, 4, 6 out of 6 outcomes. Hence,
3 1
o) = 2735

The probability of occurrance of 4, known that even face has appeared is P(B/A). It is

given as,
_ P(AB) _1/6 1
Each '1!eﬂer:of the word ATTRACT is written on a separate card. The cards
are then thoroughly shuffled and four of them are drawn in succession. What is the
probability of getting result as TACT ? -
Solution : Alphabet of ATTRACT will be written on 7 separate cards.
e Qut of 7 cards the card drawn should be T.
¢ Out of remaining 6 cards the card drawn should be A.
e Qut of remaining 5 cards the card drawn should be C.

* QOut of remaining 4 cards the card drawn should be T.
Following table illustrates calculation of probabilities of above events :

R =

| N ' Nlalphabet) P(alphabet) ;
| T Initially there are all 7 . First alphabet should be 3 P(T) = hﬂl =; !
| . cards. One card can be There are three cards written N
drawn from 7 cards in with alphabet 'T". Hence one
Cy=7 ways. card can be drawn from 3 'T
~N =7 cards in °C4 = 3 ways.
E Hence N(T) = 3. e e R
A One card is already drawn.  In remaining '6' cards there  p(4) = ——=¢ =73 |
« Hence there are '6' cards - are 'two' cards written
- remaining. Now one card alphabet ‘A". Hence one |
- can be drawn from 6 cards . can be drawn from 2 ‘A
' inEC1 = 6 ways cards in 2C = 2 ways. I
. . N=aé EE e
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C  Two cards are already '5' cards there  p(C) = —7~ "5
drawn. Hence there are '5' is only one 'C' eard. Hence
i cards. One card can be gcardcanbedrﬁwnin
tsirlwn out of 5 cards in 'Cy = 1 ways.
Cq =5 ways ANO) = 1 Il
; > 1
T Three cards are already There were total '3' T cards. P(T) = FTEJI}' =3=3
drawn. There are only four  One 'T" card is already
| cards left. One card can be  drawn. Hence only 2' T
, drawn out of 4 cards in cards are left. One card can
‘Cy = 4 ways. be drawn from there 2' T
AN wE cards in G1=2ways :
I N w2l s - A
Since the cards are drawn in succession,
: W — 1

P(TACT) = TJxP[A)xF{OxP{T)--xSXS 570
In a digital communication channel the prababiffty af sending Q' or ‘1" is
0.5. ;F the probability of error due fa noise in channel is 0.05, ﬁmf the Pfﬂbﬂbimy ‘!f‘

sending 0" when the received bit is '1 , :
Solution : Fig. 5.2.1 shows the digital communication channel. Various probabilities are |

shown in the figure.

The probability of error means
P(B,/Ap) or P(By / Aq). It is 0.05 and
shown in the figure. Hence
P(By/Ag)=P(B1/A1)=1-0.05=0.95.

Probability of sending ‘0" when

received bit is '1' means P(Ag/By).

P(By/Ag) = 0.95
- By

P(Agl =05 A,

P(By/A) = 0.05
P(B4/Ag) = 0.05

B4

P(A) =05 A,

P(B,/A,) = 0.95

Fig. 5.2.1 Digital communication channel

also  P(4,B))

This probability is to be evaluated. For
the communication channel

P(By) = P(By/A;)P(A1)+P(B1/Ag)P(Ag) = 0.95% 0.5+ 0.05% 0.5 = 0.5
By standard relations,
P(A¢By) = P(Aq/By)P(By)
P(By/Ag) P(Ap)

From above two equations,
P(Aq/B))P(By) = P(B1/Ag)P(Ao)
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P(B;/Aq)P(A 0. i
P(Ag/B;) = ( 1.1:7(;:]( 0) _ US{];GS=UH5

Thus P(Ap/B1) = 0.05i.e. probability of sending '0' when received bit is 1.

IPU G AL A certain computer becomes inoperative, if two components A and B both fail,
The probability that A fails is 0.01 and the probability that B fails is 0.005. However the
probability that B fails increases by a factor of 4, if A has failed. Calculate the probability
that the computer becomes inoperable. Also find the probability that A will fail if B has
failed. Comment on the result of conditional probability.

golution : The given data is,
P(A) = 0.01
P(B) = 0.005
The probability that B fails if A has failed is P(B/A). It is given as,
P(B/A) = P(B) x4 =0.005x 4 = 0.02

i) Probability that computer becomes inoperable :

Computer is inoperative if A and B both fail simultaneously. Hence this probability
will be represented by joint probability P(AB). From equation (5.2.12) we have,

_ P(AB)
P(B/A) = P(A)
P(AB) = P(B/A) P(A) = 0.02x 0.01 = 0.0002

i) Probability that A fails if B has failed :

This probability is P(A/B). From equation 5.2.12 we have,

P(AB) _0.0002
P(B) ~ 0.005

P(A/B) = = 0.04

m Joint Probability

e A joint probability is a probability that measures the likelihood that two or more
events will happen concurrently.

o If there are two independent events A and B, the probability that A and B will
occur is found by multiplying the two probabilities. Thus for two events A and B,
the special rule of multiplication shown symbolically is :

P(A and B) = P(A) P(B).

« The general rule of multiplication is used to find the joint probability that two

events will occur. Symbolically, the general rule of multiplication is,

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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P(A and B) = P(A) P(B| A).
e The probability P(An B) is called the joint probability for two events A and p
which intersect in the sample space. Venn diagram will readily shows that
P(AnB) = P(A) + P(B) - P (A U B)

Equivalently :
P(AN B) = P(A)+P(B)- P(A B)< P(A) + P(B)

» The probability of the union of two events never exceeds the sum of the event
probabilities.

* A tree diagram is very useful for portraying conditional and joint probabilities. A
tree diagram portrays outcomes that are mutually exclusive.

* Based on joint distribution on two events p(A, B),we can define the marginal
distribution as follows :

p(A) = Y p(A.B)= Y p(A[B=b)p(B=b)

b b
Summing up the all probable states of B gives the total probability formulae, which is
also called sum rule or the rule of total probability.
¢ p(B) can be defined as

p(B) = Y. p(A,B)= ) p(BA =a)p(A =a)
a

Bayes' Rule

Let By, B;, B3, ... B, be mutually exclusive events and event A occurs only when
m}'DIIEOfBl,Bz,B3, ..... En DCC'I.I.I'E.ThEl'\,

P(B;)P(A/B;)
Y. P(B;)P(A/B;)

i=1
This relation is called Bayes’ rule or Bayesian Policy.
Proof : We know from statement of Bayes’ rule that By, By, B3 ... B, are mutually
exclusive events and event A occurs only when any one of By, By, B3 ... B, occurs.
That is event A occurs jointly with any one of B;, By, B3 .... B,. In other words ‘A’
occurs certainly whenever AB; or AB, or ABj or ... AB,, occurs. Therefore we can
define probability of event A in terms of joint events AB,, AB,, AB3, .... AB, . i.e.

P(A) = P (ABy) + P (AB;) + .... + P (AB, ) . (5.2.19)

il (5.2.18)

3 p(aB) .. (5220)

i=1
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p(AB) = P(A)P(B/A) = P(B)P(A/B) ... By equation 5.2.19 ... (5.2.21)
Now if B has multiple mutually exclusive events B;, By, B3 ... B, then
,quﬂﬁ"“ (5.2.21) can be written as,

P(AB;) = P(A) P(B;/A) = P(B;) P (AB;) .. (52.22)

.o P(A) P(Bi/A) = P(Bi) P(AIB))

P(B;) P(A /B;
P(B;/A) = ( }P (L} 2 .. (52.23)

e L MR e o i e

Let us substitute value of P(AB;) from equation (5.2.22) into equation (5.2.20). ie.,
H T
P(A) = Y, P(AB;)= ) P(B;)P(A/B)
i=1 i=1
| P(A) >, P(B;)P(A/B;) o (5.2.24)
i=1

putting value of P(A) from above equation in equation (5.2.23) gives,

P(B;) P(A/B;) (5225)

P(B;/A) = —;
Y, P(B;)P(A/B;)
i=1

This is the complete proof of Bayes’ Rule.
Consider that there are three identical bags AB and C. The bag A contains 2

" guld coins, bag ‘B contains 2 ‘silver coins and bag C contains 1 silver and 1 gold coin.
. What is the probabilty that if the coin is gold, it is taken from bag ‘A",
Solution : Let, By, B, and B3 be the events that bags A, B, and C are selected
respectively.

And, Let A be the event that gold coin is selected.

There are three bags and probability of selecting any one bag is same for all the three
ie.,

PBy) = P(By) = PB3) =3

P(selecﬁngguldcninfrombagA}=P[B£] =_§_=1
1

. : A 0
P(selecting gold coin from bagB)=P(—B;] =§=D
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P(selecting gold coin from bag C) = P [EA:} = %

Now Probability that the coin is gold, it is taken from bag A will be P (B1/A). It i
obtained using Bayers' theorem le,,
P(By/A) =
(8:1/4) P(B1) P(A/B )+ P(B2) P(A/B3)+P(B4)P(A/B1)
1

=X
3I

Wl

%xl+1xﬂ %
When the machine is set correctly, it pmdi:ccs 25 % a'-cfactiﬂes ; otherwise it
produces 60 % defectives, From the past knowledge and experience, the manufacturer
knows that the chances that the machine is set correctly or wrongly are 50 : 50. The
machine was set and before commencement of production, one piece was inspected and
Jound to be defective. What is the probability of machine set up being correct 7
Solution : Let, A indicates that piece is defective

r-.rl —

B, indicates that set up was correct
B, indicates that set up was wrong
P(B; ) = Probability that set up was correct = 0.5
P(B;) = Probability that set up was wrong = 0.5
P(A/B,) = Probability that sample is defective given that set up was correct
= 025
P(A /B;) = Probability that sample is defective given that set up was wrong |
= 0.60
Using Bayers' theorem,
P(B, / A) = Probabiity of set up being correct given that sample was defective
_ P(B,)P(A/B,) = 0.5x0.25 - 0.204
P(By) P(A/By)+P(B;) P(A/B;) 0.5x0.25+0.5%0.6

CEEPTEERD) Suppose box A contains 4 red and 5 blue chips and box B contains 6 red and
3 blue chips. A chip is chosen at random from box A and placed in box B. Finally, a chip
is chosen at random from box B. What is the probability a blue chip was transferred from
box A to box B given that the chip chosen from box B is red ?

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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golution : Let us define the following events :
A

B; = Blue chip is transferred from box A to box B
B, = Red chip is transferred from box A to box B

Chip chosen from box B is red

We have to find P(B; / A) ie. blue chip is transferred from box A to box B, given
that chip chosen from box B is red.
Here,
A = {4Red 5 Blue} Total 9 chips
B = (6 Red 3 Blue} Total 9 chips

5 4
P(B;) = 3 and P(By)=g

P(A /By) = Probability of selecting red chip form box ‘B’ given that blue
chip was transferred from box A to box B.

% (After transferring there will be 10 chips in box B)

P(A /B;) = Probability of selecting red chip from box ‘B’ given that red
chip was transferred from box A to box B.

= 110 (After transferred red chip there will be 7 red chips
and total 10 chips in box B)
Using Bayers' theorem,

5 6

_ P(B,) P(A/B) _ 9w _15

P (B1/4) P(B1)P(A[B))+P(B;)P(4/B;) 5 6 4.7 29
9710 910

Suppose that a laboratory test to detect a certain disease has the following
statistics.
Let A = event that the tested person has the disease
. B = event that the test result is positive
" . It is known that PB/A) = 0.99 and P(B/A*®) = 0.005
and 0.1% of the population actually has the disease. What is the probability that @ persor
 has the disease given that the test result is positive ?
Soluiton : Let A = event that the tested person does not have a disease

P(A) = 0.001. Hence, P(A") = 1- P(A) = 1- 0.001 = 0.999

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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We have to find P(A/B) ie. Person has the disease given that the test result j
positive rLe,

!
P (_* F} - H'-u P{Sa A) U.{I}IXU%‘ - 0.1&54

PA)P(B/4)+ PLAC)P(B/A°) = 0.001x0.99 + 0.999% 0.005

Random Variables

* The distribution function F(x) or the density f(x) completely characterizes the |
behavior of a random variable X. The concept of a random variable will enable v |
to replace the original probability space with one in which events are set of |
numbers.

* Whenever you run and experiment, flip a coin, roll a die, pick a card, you assign |
2 number to represent the value to the outcome that you get. This assign is called
a random variable.

* A random variable is 2 variable X that assigns a real number [x], for each and
every outcome of a random experiment. If S is the sample space containing all the |
T’ ouiromes {ey,ey,€3,-..,€; ..., ey} of random experiment, and X is a random
vanzble defined as a function X(e) on S, then for every outcome e; (where i =1,
2,3, -, n) that is in S the random variable X(e;) will assign a real value x;.

* Advantages of random variables is that user can define certain probability |
functions that make it both convenient and easy to compute the probabilities of
various events.

Discrete Random Varaible

* The random variable is called a discrete random variable if it is defined over a
sample space having a finite or a countable infinite number of sample points. In |
this case, random variable takes on discrete values and it is possible to enumerate |
2ll the values it may assume.

e A discrete random variable can only have a specific (or finite) number of
numerical values.

e We can have infinite discrete random variables if we think about things that we
know have an estimated number. Think about the number of stars in the universe.
We know that there are not a specific number that we have a way to count so this
is an example of an infinite discrete random variable.

e Another example would be with investments with share market. If you were to
invest T 1 lakh at the start of year, you could only estimate the amount you would
have at the end of year.
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4 m Continuous Random Varlable

b L

In the case sample space having an uncountable infinite number of sample points,
the associated random variable is called a continuous random variable, with its
values distributed over one or more continuous intervals on the real line. We
make this distinction because they require different probability assignment
considerations.

A continous random variable is one having continuous range of values. It cannot
be produced from a discrete sample space because of our requirement that all
random variables be single valued functions of all sample space points.

Both types of random variables are important in science and engineering.

Maxed random variable is one for which some of its values are discrete and some
are continuous.

m Probability Distributions

The behavior of a random variable is characterized by its probability distribution,
that is, by the way probabilities are distributed over the values it assumes. A
probability mass function are two ways to characterize this distribution for a
discrete random variable.

They are equivalent in the sense that the knowledge of either one completely
specifies the random variable. The corresponding functions for a continuous
random variable are the probability distribution function, defined in the same way
as it the case of discrete random variable and the probability density function.

e If X is random variable, then the function F(x) is defined by

F(x) = P{X<x}

is called the probability distributed function (PDF) of X. All probabilities
concerning X can be stated in terms of F. The argument "X’ is any real number
ranging from oo to oo.

| e The probability distribution function is also called Cumulative Distribution

Function (CDF).

Properties
1. Fx(~==) = 0
2 Fx(e) =1
3.0s Fx() s 1
4, Fx(x))< Fx (x2) if x1<x;

T et ]
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Machine Learning 5.22 Overview of Probabjjy,
obabily

|
I
|

Proof of (4)
Consider the event {xj< X< x3] with x3>x;. The set {x;,xz} is nonempty and ¢

Hence
02 plxj<Xsx]s1
But (XS x3) = [XS xj)ux;< XS xy)
and [X<xg) [x;< XS x;p} =6
Hence Fx (xz) = Fx(xp)+p[x;<X<x;]
or
plxj< X< x3] = Fx(x2)-Fx(x;) 2 0 for x5>xy.

Some formula :
1. plasXsb] = Fy(b)-Fx(a)+p[X=a]
2. pla<x<b] = Fx(b)-p(X=b)- Fx(a)

3. plasX<b] = Fx(b)-p[X=a]-Fy(a)+p[x=a]
» Distribution functions of discrete random variables grows only by jumps, whereas
the distribution functions of continuous random variables are continuous functions

and hence have no jumps.
o If Fx(x) is a continuous function of x, then

Fx(x) = Fx(x7)
¢ However, if Fx(x) is discontinuous at the point x then,
Fx(x)= Fx(x~) plx~ < Xs x] 0 1

Fy(x)
1

q

lim p[x-€< Xs x]
e—=0

e

pIX=x]
Typically p [X = x] is a discontinuous function of x; it is zero whenever Fx(x) is
continuous and nonzero only at discontinuities in Fy(x).

Example :
Consider tossing a coin four times. The possible outcomes are contained in the

following table and the value of f in equation.
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glements of sample space

HHTH
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Overview of Probability

pfachin

in four times

PR
T

b

EEEEEEEREREE

A

Probability  Value of random variable X ()

1/16

1/16

1/16

S lflﬁ .
s

1/16

1716 &
1/16

o b
s

4

3
3
3
3

[ o]

B T T S T R

1

0 o5

it

Probability of a function of the number of Heads from lossing 8 coin four

times. Determine the cumulative distribution function.

solution : F(0)
F(1)

F(2)

F(3)

n

= 1
f(0) = 16
f(0) + £(1)
1.4 5

T RGT R T

£(0) + £(1) + £2)

1 4.6 11
76716716 " 16

f(0) + (1) + £(2) + £(3)

— g — Y — —

_____"_'_"_,-r-"
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W

1+4+6+4 _E
16 16

F(4) = f(0) + f(1) + f(2) + £(3) + £(4)

= 16716 16 16 16
_ 1+4+6+4+1 E 1
2 16 16

What is the probability distribution for the toss of one fuir coin ?

Solution :
P (Heads) = -2‘-
g 1

Let heads denote the coin landing head side up.
Let tails denote the coin landing tail side up.

The possible outcomes are for the coin to land head side up or tail side up.

Using the alternative notation.

P(X = Heads) =

R = P =

P(X = Tails) =

o - e e

s e, Lemay L s

Difference bntwoan Discrete and Cunﬂnuuus Random Variable

; SI' Nﬂ. Distrete . _Conﬂnum
l 1. : Itmmunhhleset a‘.t;u.'nesu:l:l:lvi'il.'ltm‘.l'lfl.ll:a'nR.1
1’~ 3, F is set of all subset nm " F is made from
1 sub-intervals of Q with set
3 1 .--__,,.._.__-h.__.._“._:-fﬁl‘lﬂﬂm 3 |
TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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- Overview of Probabilty
M s A e
N Faras-etAEEF, ForasetAe F, !
; P(A)= 2, plo) =y |
: we A plA) = I fx (x) dx
& % - - - - - - —— -~ r. h S i :I
. 4. Distribution function (Cdf):  Distrinbution function !
:' F(x) = 3 pw (Cdh) : 1
WEX x
K= [ Kx)dt |
M Find the constant k such that the function

_[e? 0<x<3 _
A= 0 otherwise ' @ demsity function, then find P (1 < X < 2).

golution :

o 3
I fi(x)dx = I kxzdx
- 0

]

3
k(3)3 -
n=-_(__}__3__k'{i}l

1
9
1
P i
) = \gx O< x< 3
2
1

"

Py
\ I

CHNFQAL
puBUCA ]
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i I xisa continuous random variable with probability df?lslty his iy
10 Sl
. by " Sy

k, when 0<x<2
2k when 2<x<4
k(b-x) when 4<x<6
0 otherwise

f{x} = 4

Find the value of k and also find the cumulative distribution function F(x),
Solution : By defination of probability density function : N

_:_.[-E
&5
b
+
Pt
+
=
o
b
|
I »
el
o
]
[

k((2)2 - (0)?) ;
i a2 k[ 35__322]_[24_15]]= ,
\

4k
'_2—+4k+2k =1
2k + 4k + 2k = 1
=1
8
So that

F(x) = px<x)= [ fx)ax

I For0<x<2

fl:X} = I'gd" - X - x!
0 16 16

0
Fﬂl'z-f.x::q

I |
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..---"'"—-_—__.—__

2
= x2 +|Ex=i+2x-—4
Iﬁﬂ 32 16 8
_ l+§_l_l+x—2
T4 4 2 4
_ x=1
T4
Zx 42 Xq
F(x} = .[de-l- IEdX‘FIE{'E“'X]dX
0 2 4
xzz P 1 x2 [
= + = + |=(bx——)
150 8 2 8 2 4

]
| =
+
| =
+
on| e
- SOy
A ¥
o
pr]

[
Ml”,,_,
|
[==1
[= o)
e

1.1 6x_x
=23V 8 16
448+ 12x—x*-32
- 16
_ IZx-—xz—Zﬂ
- 16
Therefore :
0 x< 0
&
16 O< x< 2
-1
Fx) = - X4 2< x< 4
E"_:M 4< x< 6
16
1 x?ﬁ
=

o for knowledge
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Mﬁmmnymwumafmmk:m%smxmoh
otherwise 0. Pndthemmn,modemdmmfﬂfthtﬂﬂfﬂhhmmdgfsoﬁur
pmhnbd:tybmwmﬂmd— he

Solution : Given data

f(x)

%sinx D<x<sn

0 elsewhere

Mean :

Mean

T xf(x)dx

-

xf(x)dx + j xf[x)dx+]:xf(x}dx
—0 0 n

L
= D+E_[[xsmxdx+ﬂ

= % [-xcosx + sin x]"]I

Mean

L.
2
Mode :

f(x) is maximum for mode.

= f(x) = 0 and f'(x) is negative value.

= & - _r
f(x) = 2c05x-ﬂ whenx-i
by i b "
f'(x) = 3 Sinx when x 3
So mode = ¥
2
Median :

Medium = j f(x)dx

TECHNICAL PUBLICATIONS® - an up-thrust for
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RIA R= -

m =

X =
Le. fx (K) =
I fl (‘K} dx =

1

2=y

(1- cosm)

cosm

B =

d
1 [F(x)]

d
'c'i'; Fy(x)

1

- 3 -
[ R0 dx+ [ fx)dx+ [ f(xdx=1
i 1 3

3
0+4k[ (x-1)% dx+0=1

(cos m = 0)

D"'”‘“‘N‘Prabm

A continous random variable X has the distribution function

F(X)=0ifX<s1
=k(x-1)* f1<X<s3
=1 if x>3
find k and probability density function.

Solution : Probability density function = f(x)

—
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1

L4
16

W

/]

CEEEXER) i random oariable X has & probability function of the following form

b)

k

J 4
A=z
7

x=0
xr=1
r=2

otherurise where k is some number
a) Determine the value of k.

b)Find P(x<2),P(x<2),P(0<x<2)
c) What is the smallest value of k for which

Fixsk)>1/2?
d) Determine the distribution of X.
Solution : a) Value of k

i P(x)

1=0
k + 2k + 3k
6k

k

P(x <2

Ot ek e

1

Px=0)+P(x=1)
k+2k
3k

i
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\

P(x<2)

P(xs2)

A e T T §

! P(0<x<2)

P(0<x<2)

P(x<1)

P(x<2)

—

=

Overview of Probability

1 [
I x - '..lk._‘r
6 [ )
1

2
P(x=0)4P(x=1)+P(x=2)
k + 2k + 3k

6k

6x1/6

1

P(x=0)+P(x=1)

k + 2k

3k

|
SxE

.
2

¢) Smallest value of k for which F (xs k);%

PX=0+P(X=1)
k + 2k
3k

1
Ix=
6

1

7.
PX=0)+PX=1)+P(X=2)
k +2k + 3k

6k

The smallest value of k for which F (x< k}>% sk=2

| "
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Overview of Prop,
oty

d) Distribution of X.

X FOO=P(X<x) |
By b 3
Ik 12

I_fh.uocards are drawn from a pack of 52 cards which are diamends. Using
Poission distribution find the probability of getting two diamonds at least three times in
51 consecutive trials of two cards drawing each time.
Solution : P = Probability of getting two diamends from a pack of 52.
n =51

we can write,

; 13! f

1 S |
C, 21(13-2)!

Randomly = -2 - 21-2!_3 |

C, 52! 51 |

2(52-2)! |

Mean B =nP I

= 51){% l

no=3 |

P(x23) =1-P(X=0-P(X=1)-P(X=2)

= 1—e‘3-e‘3—e'3x?~

2
-3(17
= 1-p~3 2L
<(3)

= 0.5767

Probability of getting two diamends at least three times is 0.5767.

CEEPIER) If X is a poisson variant such that P (X =0) = P (X = 1) find P (X = 0) and
using recurrence formula find the probability at x =1, 2, 3, 4 and 5.

Solution : Given data

P(x:ﬂ) — P{x:l)

®
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e e
=430
P(X=0) = S5r—=¢"!= 0378

Poission distribution using recurrence formula

Pr+1) = ;;}‘—IP(r}

1
i

P() = P(ﬂ+1}=ﬁP{D}

% (0.3678)

= 0.3678

1

P = PA+1)==P()

%(0.35?3)
= 0.1839
P@) = P(2+l}=-2%TP{2}
= L0.1839)
3
= 00613

P(4) = P{3+l}=%f’{3}

1
7 (0.0613)

0.015325

P(5) = P(4+1}=ﬁ1={4}

- % (0.015325)

= 0.003065
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Probability at x

= - R ——

mmam

X = 1 2

3 4 5

ﬂ.ﬂilﬂ 0.015!!5 ﬂ mlj

Buﬂnsmthnspﬂdmmdmlydmmagzm&q'l.s
nusmqrm“mm.mmumw?

bmh‘?”ﬁou,

Solntim:LetXbe'&unumberofbir&msinagivmhour.

Meanrate ) = 138
Probability of observing 4 births per hour
- e~ A
. T x!
_ e g
- 4!
e” 1% (10.4976)
24
- 0.16259% 10.4976
24
PX=4) = 0072297

Solution : Given data : n = 9

‘I'hepmhabilil}'ofgetﬁngnneonﬁlecard=1’=lf’9-

q

By using Binomial distribution formula :

1-p

The probability that none is ‘1’ :

PX=0)

- ncx pan-x

4Co (1/9)° (8/9)%-0
4"  1_409 _ 98304

ncx qun—x

= 14.98

0r(4-0)! 1 6561 6561
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Mdﬂﬁwmagmtmwﬁu —
probability that a man of this og, 9 S men all identical age and good in

g Loaming
e will be gls )

i) All froe meni0) Al least one man i) Abmost threy g pe g,
on : Gi?m data

goluti
- L T |
ﬂzifpr‘?bﬂb’l‘t,‘fﬂ‘ﬂ G ldmhcﬂaﬁfmdsmdmhﬂlﬂ-nwﬂlbealmmym:
P=7
n=2>5
g = 1=P
= 1_E=ﬁ=l
-3 3 3

By using Binomial distribution formula : " C, p*q®~*

) All five men
The probability of all the five men being alive is

X

PX=5 = "Cap q"
= 5C5 (2/3)° (1/3)°°

5! 2.1 _3

z - 01316
51(5-5)1 243 1 243

i) At least one man
P(X<1) = 1-P(x=0)
1- 5Co23)° (1/3°"°

_..——5! ]]}( 1 =],--~_.—=3.l'l—2
1‘0!{5-[})!"( 23 243 283

i) Almost three will be alive
The probability of almost three will be alive is :
P(x<=3) = 1-P(x>3)
- [P (x=4)+P (x=5) g
1-Pc, @3t oy $5Cs @ Uy

e R
- ® for knowledge
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=]

51 16,1, R
L. Y
[4! G-3) 81 3 243]

- —— W — i —

[120 16 1 32]

243 243 33 243

_ 1_[80 32]_ 243-112 _ 131

Examples on Discrete Distribution

CEIDEEED A manufacturing process produces thousands of capacitor per day, Every
hour, supervisor selects a random sample of 50 capacitor and classifies each capacitor in
the sample as conforming or non confirming. Find the probability of finding one or fewer
nonconforming parts of capacitor.

Solution : Let x be the random variable representing the number of nonconforming
parts in the sample.

P (x)

where, X

)

P(x< 1)

{T]{u.nn* (0.99)%0- x

01, 2 By s

50!
x! (50~ x)!
P(x=0+P(x=1)

P(0)+P ()= [ZJP“{I—P)“"

i‘,u[sf]{nm}* (0.99)0 - x

50!

: 50 0 50!
0! (50-0)! (0295 @.00)" + 1! (50— 1)1 (0.99)% (0.01)1

50!
50!
0.605 + 0.30555
0.91055

g 501
(0.605) (1) + 75 (0.611) (0.01)
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x'l [ 5

™
I

b — §
o
-~
&

1]
»
Sy,
o
I

LIS ]
&

-

E(X?) = [ x*f(x)dx
2

243

x-i

X dx

I
P ey,

= 24T x~ 2dx
2

1 -2

X

= 24

2

V(X) = EX})-E(X)?

= 12-(3)2
= 12-9
= 3
CEEPIEERD) Consider the function :
2x, (O<x<1
(="
fa [ 0, elsewhere
Since, 0 < x < 1, f (x) 2 0 for all x.
e
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Solution *

1 1
I f(x)dx = I 2x dx
0 0
1
2
= 212-
0
1
= 2.0
22 ]
=1
1
P(0.5< X<1) = j 2x dx
05
1
2
= 21;2_
0.5
_ L1 _(05?% |1 025
i '215 =
= 2/0.5-0.125]
= 075
The probability distribution of daily demand for @ product is'
s 1 2N - e
Evaluate E(D) :

Solution : By definition

ED) = 3 d; p(d)

i=1
5
= ¥ d; p(d)
1
= 1(01) +2 (0.1) + 3 (03) + 4 (03) + 5 (02)

=01+02+09+12+10
= 34
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N‘W of Probability

W Lt 3 be @ vamdom:varabe with probabiy g,
Nction

ci1-x?) -l<x<1
ﬂ'ﬂ 2 0 otherwise

Find the value of C.

golution *

f(x) to be a probability distribution [ f(x) dx = 1

r 1
Cx3
= |Cx~- 3]
L =1
' C C
= C_E}_—[_C-llﬂj_]
\
_ r3C—CJ_[-—3'€.‘.+C]
\ 3 3
_ ”E]_[-EC]
\ 3 3
4C
1 = ==
3
3
=1

A random variable x has a p.d.f. f(x) where ﬁx) = ¢~ %, 0 x<oo. Find the
 probability that @) 0sx<2, Bx>1 o)x<05 _

Sﬂluﬁun .
[ fo)dx = [ em*ax
L 0
= (-e¥)y =-(e" -¢%
=1
Hence f(x) = e~ X is a suitable function for a pdf
e
TECHNICAL PUBLICATIONS® - an up-thst for knowledge
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A e

a) POsxs2) = [e7idx
0

2
= [eNdx=(-e N =(1-e7Y)
0

5

b} P{I'-"l} = Ie"dx
1

n
—
I
o
1
>
L
bl |
]
—
I
o
|
—
1
-
S

&

¢) P(x<05) = [e"dx

- =x305 _q_o-05
e Ty =l-e
= 0393
I?npmbdbﬂifydmsﬂyﬁmdioanﬂ:mﬁﬂumwﬁabkxisgimly:
L Gex?: -3s15-1
ﬂnml_}rz-axﬂ: ~15x51

1 ?

— (3-x < x<
Show that the ares under the curve above x-axis is unity. Also find the mean of the
tistributi

Solution : As per definition, we have

fﬂxjdx =1

ff{x}dx = 1
-3

- ! 1 2. 1 2
= | %{3”}2 dx+ '[1 1g @~ &) +'1[ 7 G- X dx=1
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——

=".[1

-3

ing
ine Lo8T
ro Ml 1 2 ~1 1
“ —5‘3”} dx = I E(g"‘ﬁﬂ(-i-xz)dx
-3

- AT
1 G

fhet —+—
T 9x+62 3]_3

- L g
9(-1)+ 6{ 1) +': 2 -[9{_3)+6{_3]2+{- 3}3]]
2 3 |

n

N

2

=

I 6 1 54 27
[_9+E_§] [ L __3)]
1 s

E( J (27927 9)]

1[(-18- 17-19 19 9
W el kJ
16 [ 3 ] : }] 16[ +9] 16x3 16

9 19 _(Ox3)-19 _27-19 8

16 48 48 T 48 48
1

6

Mean of f(x) = _[Xf(!)dx

EIH

uib—n

1

o] O

xdx

‘J.‘ (3+ x)2

2 Gt
16 1

xdx+_|-
s =

= 16-[ (9x +6x2 +x3)dx+{]+ I(?x 6x* +x3) dx

1[(9 81 1. ffer ..-BY (9 1
16 _(5‘“:]‘("5‘“’—] E]*E[[T“*T)‘[E 2*:]]
= 1[(18-8+1)_(162-216+81) (162-216+81) (18-8+1

16 4 4 | I 4

1
= [0]=
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X} Discrete Distributions

A discrete distribution is a distribution of data in statistics that has discrete valyes,
Discrete values are countable, finite, non-negative integers, such as 1, 10, 15, et

For discrete data key distributions are : Bernoulli, Binomial, Poisson, and
Multinomial

Binomial Distribution

Binomial means 'two numbers'.

The outcomes of health research are often measured by whether they have occured
or not. For example, recovered from disease, admitted to hospital, died etc.

The binomial distribution occurs in games of chance, quality inspection, opinion
polls, medicine and so on.

It may be modelled by assuming that the number of events 'n' has a binomial
distribution with a fixed probability of event p. Binomial distribution i
distribution for a series of Bernoulli trials.

Binomial distribution written as B (n, p) where n is the total number of events and
P = probability of an event.

Properties of binomial distribution :

1. Experiment consist of n identical trials,

2. Each trial has only two outcomes.

3. The probability of one outcome is p and the other is q = 1 - p.

4. The trials are independent.

5. We are interested in x, the number of success observed during the n trials.
Trials satisfying the above properties are called Bernoulli trials.

The probability function X,

f(x) = (:]p"q“' X

and f (x) = 0 otherwise. The distribution of X with probability function is called the
binomial distribution or Bernoulli distribution.
The mean pu (mu) of the binomial distribution is

H = np
o The variance is,
? = npq
TECHNICAL PUBLICATIONS® - an up-thrust for kno

Scanned with CamScanner




5-43 Overview of Probability

achine Le&mlny
achine Loe

e mean and variance of binomial distribution with parameters (n, p) are given

as,
Mean =p = E (X)

E (X;)

n
i=1

np
V (X)

Variance o2

|

n
V(XI] = np (1*—})} = npq
i=1

1

« A combination of n different objects taken r at a time is a selection of r out of n
objects with attention not given to order of arrangments. It is denoted by "C, or

C(n, 1) or (:]and

ne. o=

[njis called binomial coefficient.
T

Mean and Variance of the Binomlal Distribution

Tl
Mean () = » x"C,p*q"~*
i=0

= nCypq"~ 1+ 2nC2p2q“_2+...nnCn P

n

2n(n-1) 2 n-1+ + n(n-1)

nC,pq" 1+ s
1P9 1x2 X2x3%x..nF

= np|q"~'+(n-1)pq T p q“‘3+-..+p""]

= np(q+p)"”"
Using binomial theorem (p + q = 1).
Therefore p = np (1)
B =np

TECHNICAL PUBLICATIONS® - an up-thrustfor knowtedge

Scanned with CamScanner



i

F M Uver%wnf
ii Mach p%&%
¥ Variance (?) V (X) * 2
E o g (x2)- [EX)]
iy
l; = i XZP(x]FuZ
= 0
x=0 ;
- 1x2"Cy p2qn 2+ 3x2p°0" + -+ "Con (0= 1) np
+2 ncxxpan—xni
x=2
= n(n-1p’ (p+q)“’2+“l"“213'2
= n(n- 1)}’2*'“}"1"2!3‘2
= nzpz—r~.1;:2+:rq:i-nzl:12
= I\p—ﬂpz
= np (1-p)
o? = npq (@=1-p)

e The standard deviation (o) of the binomial distribution is ,/npq.
An examples of the binomial distribution

Example 5.4.1 sw a box contains a very Imgemba- éf&f&.’ﬂ!ﬁck'baﬂ m.- 2;51: and

rests of the balls are red. We draw 5 balls from box from the box. How many black balls
do we get ? ; PSRN o

Solution : Let,

X = Number of black balls in 5 draws.

So X can take on any of the values 0, 1, 2, 3, 4 and 5 and X is a discrete random
variable.

Some values of X will be more likely to occur than others. Each value of X will have

a probability of occuring. Consider the probability of obtaining just one yellow ball, i.e.
X=1.

TECHNICAL PUBLICATIONS® - an up-thrust for
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One possible way of obtaining one yellow ball is if we observe the pattern BRRRR.
The probability of obtaining this patterns is,

There are 32 possible patterns of black and red balls we might observe, 5 of the
Paﬁems contain just one black ball.

BEBBB RBBEB BRBBE BBRBB BBBRB BBBBR RRBBBE  RBRBB
RBBRB RBBBR BRBRB BRBRB BRBBR BBRRB BBRBR BBBRR
RRRBB RRBRB RRBBR RBRRB RBRBR RBBRR BRRRB BRRBR
BRBRR BBRRR BRRRR RBRRR RRBRR RRRBR RRRRB RRRRR

The other 5 possible combinations all have the same probability so the probability of
obtaining one head in 5 coin tosses is,

PX=1) = 5{5,{%)“}

= 0.04115
We calculate the probability P (X = 2) :
P (X =2) = Number of patterns x Probability of pattemn
= SC,x (2/3)2x (1/3)3

51 A1 1.4
215-2"9727 " 127977

4
= 1 s (g
Ox T 10x 0.01646

= 0.1646

To write down a formula for this situation specific situation in which we toss a coin
5 times.

X 5-x
oo e

Using this above formula, we can tabulate the probabilities of each possible value of
X

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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0.0041

Wl r

PX=0) =

\"'——'fn
n

0.0412

]
wn
(]
-
b

P(X=1)

on

)

=]

»®

—
=

¥
——
| -

w|r w2
L
fa—

*
| =
e

]

1Y s
P(X=2) = 5C2x[ ]x =] =
3 1)
2 : I e
5 2] = 03292
=3) = "CaXx| | X
P(x ) > (3 k_a)
4 ‘|1
2) (1) = 03292
=4=5fo]x# = 0.
P X ) 4 [3 k3}
5 r1\0
2 %
Pa=a=5gx§)ﬁ3)_awn

X Fo0=PXX<N
g 0.0041
ke 0.0412
ST 01646
| e 03292
i_’*.ih - G R esmimasig s
e 0.3292
:lim;:;;w '5:'{-:_..... e Al ; - i "'4
e
We plot the graph using distribution function value :
wn |
=]
-
(=]
™ | !
x © 5
a o
=] ;
E- | ; r._‘ .| ___:
Ql I . o B
2

2/3) probabilities
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/ '
Consider the example of the Binomial distribution
Exa it e o e - - .

T 0 1 2 3 4 5

| P(X=x) 0004 00i1 0165 0329 0329 0132

Calculate the mean value of distribution.
golution *
n = xP(X=0)+xP (X=1)+xP (X=2)+ xP (X=3)+ xP (X=4)+ xP(X=5)

0x (0.004) + 1x (0.0041)+ 2x (0.165)+ 3x (0.329)+ 4x (0.329)+ 5x (0.132)
0+ 0.0041+ 0.33+ 0.987+ 1.316+ 0.66
= 3.2971

|

n

m Mean and Variance of Distribution

. The mean j and variance ¢ 2 of a random variable X and of its distribution are the

theoretical counterparts of the mean X and variance s> of a freqquency
distribution.
¢ The mean p (mu) is defined by :

po= x;f (%)) for discrete distribution

j
wo= [ xf(x)dx for continuous distribution

and the variance 62 (Sigma square) by :

o = 3 (xj-w2(x) for discrete distribution

j
o2 = J' (x—p)2 f(x) dx for continuous distribution

* The mean (u) is also denoted by E (X) and is called the expectation of X because it
gives the average value of X to be expected in many trials.
* Let us compute the variance of a normal distribution. If X has an N (1,02
distribution, then :
Var (X) = E[(X-E[X])*]

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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l[x-u ]2
—u)? o dx
I x F} Uﬁ_l';

]zz

T 1
2 2 ez
I

[}

dx

Here we substituted Z = (x= w)/o-
Using integration,
I Zz—l—e-iz dz=1
- Find the variance and standmf deviation for the following set of test marks
m ,
T = {75, 80, 82, 87, 96}

Solution :
75+ 80+ 82+ 87+ 96
Mean = __.——T——-'
_ 420
B
Mean = B4 \
[(x )2 + (xg ~W)* + -+ Cn —p)
Variance = — - -

5 B4 82 - 84 2
- 2+ 50'34]2"'{2" ) + (87~ +
(7 ) ( -

92+ (-4 +(- 2)% +(3)% + (12)2
T 5

_"'""'———-u.-—.._.
Q
1

81+16+4+9+144 =3£4;
= 5 5

g2 = 508

Standard Deviation ()

s = ol =508 = 71274

—
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gxamples on mean and median

In order to control costs, a company collects data on the weekly number of
meals claimed on expense accounts. The numbers for five weeks are 15, 14, 2, 27 and 13,

golution :
= 15+14+2+27 +13
'I‘he mean = X = 5
o Lo 145
o

Median : Ordering the data from smallest to largest, we get
2: 13: 14’ ]5' 2?
|

the medium is the third largest value i.e. 14.

W If X is a normal variate with mean 30 and standard deviation 5. Find the

a) 26<x<40 b) x= 45.

Solution : Given data:

Mean p =30
eviation 0 = 3.
gtandard t:ll . s )
i) 5 x-H
o
Zy = XIUH
26-30
=5
4
-5
= -08
s
Ly = 15}1
40-30
= =5
-
-5

" ECHNICAL PUBLICATIONS® - an up-thust fo knowledge
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P(26sx<40) = P(-08<z52)
ii) x 2 45
A
o
_ $5-30
5
_ 55
5
=3

A random variable X has the following probability function :

x

Determine :

P® 0 K 2K 2K 3K KA 2k 7K*+K

]

0 1 2 3 4 5" 6 7

——

B Rl 1 L T S L WL - e—— —— T s S

i) K ii) Evaluste P (X <6), P(X26), P (0 <X <5) and P(OSX<4),
iii) If P(X < m:% find the minimum value of K.

i0) Determine the distribution function of X.

v) Mean vi) Variance.

Solution : i) K

(K+1) (10K-1)

ii)

K+2K+2K+3K+K2+2K2+7K2+K =1

10K2 +9K-1 =

K+1

K

0

0

0 and 10K~-1=0
1

-1 and K_l_ﬂ

WediscardK=—1value.ThereforeK=%=ﬂ.l.

P(X<6) =

P(X=0)+P(X=1)+P (X=2)+..+ P(X = 5)
0+ K+ 2K+ 2K+ 3K+ K2

e e e e . ———

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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Put K = 01
= 0+0.1+2(0.1)+2(0.1)+ 3(0.1)+(0.1)

= 01+02+02+03+001

P(X<6) = 081

P(X26) = 1-P(X<§)
= 1-081

P(Xz26) = 0.19

PO<X<5 = P(X=1)+P(X=2+P(X=3)+P(X=4)
= K+2K + 2K + 3K
= 8K
= 8x0.1 K =01)

P(0s X<5) = 08 .

P(0SX<4) = P(X=0)+P (X=1)+P(X=2)+P(X=3)+P (X=4)
= 0+K+2K+2K + 3K
= 8K
= 8x0.1

POSX<4) = 08

iii) If P(X<K) > % minimum value of K.

P(X$1) = P(X=0)+P (X=1)

0+K

K

= 0.1

P(X=0)+P(X=1)+P(X=2)
0+K+2K

= 3K

3x 0.1

0.3
PX=0)+PX=1)+PX=2+P(X=3)

P (X< 2)

P (X< 3)

]

TECHNICAL PUBLICA TIONS@ - an up-thrust for knowledge
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= 0+K+2K+2K
= 5K
= 501
= 05

P(X<4) = 08 (We already calculated)

But the condition is P (X< K}}%,

So K = 4 is suitable for this minimum value of K = 4.

iv) Distribution function of X.
X FOO= P(XSx)
: . Rt
1 ) | .ﬂ.l
2 | 03
3 | 05 |
4 | us"“
5 um_ ]
, 6 083 L
7 9x+1m_:5-_1 i
v) Mean (u)

wo= ¥ pix;
i=0

0(0)+1(K)+ 2 (2K)+ 32K)+ 43K) + 5 (K?) + 6(2K?) + 7(7K? + K)
= 0+K+4K+ 6K+ 12K+ 5K2 + 12K? + 49K2 + 7K

30K + 66K
1/10

Substitute K

r

|
1 " -~ 1 ‘_

3 66

— A e—

10 100

TECHNICAL mmm'- an up-thrust for imowdedge
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= 34066 ‘
p = 366
o) Variance (@?)
0! = ?E pi xf —u?
i=0
= K+ BK+ 18K+ 48K+ 25K2 + 72K% + M3K? + 49K - (3442
= 440K? + 124K - 13995
= 440 (0.1)% + 124 (0.1)- 13.39%
= 44+ 124 -1339%
ol = 3404

Fﬁdﬂwpmbnbﬂi!yq{gdﬂugmmnm&aJmleﬁmhﬂwm:

10 dice using binomial distribution.
Solution :
P = Probability of getting even number in throw of a die.
3 1
il
q=1-p
1
= 1-3
s
2
n = 10 (Given data)
x = Probability of getting even number
PX=x = 'C.p'q""
Substituting value of p, q, n, we get
x 10-n
= oc(1)(2
- o3 (3)
1\
- mc*(i] (Where x =0, 1,2, 3, ..., 10)
1\
PX=3) = IDCSLEJ
—_ —
TECMMHMTDHSG-HMMM
E—— __—-'p"-_'—_‘_

Scanned with CamScanner



10! - 1
3!1(10-3)! 1024

3628811])( 1
6x 5040 1024

120
1024

P(X=3) = 011718

10
10 (1
“(2)
10! = 1
4! (10-4)! 1024

SﬁZBSODx 1
24x 720 1024

’ _ 210
1024

P(X=4) = 02050

PX= 5) = IDCS[%‘JID

00 1
5!(10-5)!" 1024
:3&'.21‘:1:3::-[1)< 1
120x 120 1024
252
1024

- = 0246
mmq _' "- -'d' ] e '_ - R e e B
T vt of binomial wﬁﬁutwnisBandummmﬁfi;Pﬁ:d_
i) p(x27)
i) p1<x<6)

P (X =4)

N

Solution : Given data :

H =3 U‘z= = npq

W= o

st for knowledge
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of n
i}Valﬂ'-'_ 5
npd < 71-
9
=g
9.1_3
q=3"37%
p=1-4d
3
= A=z
_ o
P~ %
np = 3
nxi- = 3
n =12
| i) P(x27) = Px=7)+Px=8)+P(x=9)+P(x=10)+P(x=11)+P (x=12)
Using binomial distribution
| = "Cyp*q" "
7 12-7 8 12-8
1 3 i
roen = R3] (3] +mef3)(3)
9 12-9 10 12-10
| s s
e 3){3) () (3)
P -
11 12-11 12 12-12
LYe e (L](2
afg)(3) i) (8
= 1 _[792(3)° +495 (3)% +220(3)° +663)+ 120)+ 1]
(4)12
= 1 (192456 + 40095+ 5940+ 594+ 36+ 1]
{4]12
23912
| = 16777216
P(x27) = 0.0142 B
l"""‘—-—-—_ "——,‘_”4—'—_'__

® _ on up-thrust for knowledge
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e

iii) P(1sx<6) = P(x=1)+P(x=2)+P(x=3)+P (x=4)+P (x=5)
Using binomial distribution

1, o \12-1 2
2e (1)(3 e (1Y)(3 12
a(i)(d) +refa](s) e

&, 4\12-4 5,125
2e(1)(3 e (1Y(3
wefa)(s) me{a)la)

0.1267 + 0.2322 + 0.2581 + 0.1935 + 0.1032
= 09137

G

| -

The Poisson Distribution

» Poisson distribution, named after its invertor simeon poisson who was a French
mathematician. He found that if we have a rare event (ie. p is small) and we
know the expected or mean (or p) number of occurances, the probabilities of 0, 1,
2 ... events are given by :

b
1

| e"MuR |
PR = i

Polsson distribution : Is a distribution the number of rare events that occur in a unit
of time, distance, space and so on.

Examples :
1. Number of insurance claims in a unit of time.
2. Number of accidents in a ten-mile highway.

3. Number of airplane crash in triangle area.

s When there is a large number of trials, but a small probability of success, binomial
calculate becomes impractical. Example : Number of deaths from horse kicks in the
army in different years. The mean number of successes from n trials is u = np.

s If we substitute p/n for p, and let n tend to infinity, the binomial distribution
becomes the Poisson distribution :

e~ HpX
x!

P(x) =

s Poisson distribution is applied where random events in space or time are expected
to occur. Deviation from poisson distribution may indicate some degree of
non-randomness in the events under study.

» Example : 64 deaths in 20 years from thousands of soldiers.
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o If a mean or average probability of an event happening per unit time/per
page/per mile cycled etc,, is given and you ar asked to calculate a probability of n
events happening in a given time/number of pages/number of miles cycled, then
the Poisson distribution is used.

o If on the other hand, an exact probability of an event happenng is given, or
implied, in the question, and you are asked to calculate the probability of this
event happening k times out n, then the Binomial distribution must be used.

In oil exploration, the probability of an oil strike in the north sea is 1 in 500
drillings. What is the probability of having exactly 3 oil producing wells in 1000
explorations 7

Solution : Given data :

n = 1000, = 50
1

= 1000% —— = 2
np %500

M

The desired probability

o
x!

e” 223
3!

= 0.18

Bernoulli Distribution

* The most basic of all discrete random variables is the Bernoulli. X is said to have a
Bernoulli distribution if X = 1 occurs with probability IT and X = 0 occurs with
probability 1 - I

I x=1
f(x) = {1-11  x=0
0  otherwise
* Suppose an experiment has only two possible outcomes, "success” and "failure,”

and let 1 be the probability of a success. If we let X denote the number of
successes (either zero or one), then X will be Bernoulli.

TECHNICAL PuEL’mnaNsm - an up-thrust for knowledge
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Multinomial Distribution
¢ The multinomial distribution is a generalization of the binomial distribution to

categories instead of just binary (success/fail).

For n independent trials each of which leads to a success for exactly one of k

categories, the multinomial distribution gives the probability of any particular

combination of numbers of successes for the various categories.

The multinomial distribution can be used to compute the probabilities in situations

in which there are more than two possible outcomes.

e Example : Rolling a die N times
IEXJ continuous Distributions

e Continuous distributions are characterized by an infinite number of possible
outcomes, together with the probability of observing a range of these outcomes.

IEER} Uniform Distribution
The PDF for a uniform distribution is given as,

f ;
0 for x <m —— and |

Uniform PDF: fy(x) = x>m +i;‘;

A J ... (55.1)

4 ; - A= Peak to peak value of
fo—A— | a random variable.

i 2 = Amplitude of all possible
T A values of random variable

Fig. 5.5.1 PDF of uniformly distributed random variable. The peak to peak value is ‘A’ and
amplitude is uniform (Le. A)

The value of PDF, fx(x) is same for all possible values of a random variable.
Therefore this distribution is called Uniform Distribution.
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Ws}mw that the mean and variance of a random variable "X’ having a unifory
. in the interval [a, b] are,
istributiont in icd
3 'f a -I—b and ﬂ% s {ﬂ b)
Mme= "2 12
don ¢ Fig- 552 shows the sketch of - : _
5ol . tribution in the interval [a, b]. T SR D N .
5 find mean value _ __
he mean value of a continuous random §b'a —
faﬂﬂble ,_sgive;n by +, i _ S
me = [ xfx(®) dx Fig. 5.5.2 Uniform famﬁmnmmﬂ
b 2 b
1 1 x
w ] wepoee— [51
a a
1 2 _ 2 1
= b —a*]= —a) - (b +a)
2b —a) [ 1 2(b -a) @
b +a a+b =
= ...(352)
2 Y 3

To find variance
Variance is given by equation (5.2.8) as,

o} = [ (x-m)? fx(x dx

N

’ 2 1 1
| &omepoil e )= g

Let x -m, =y then wehave dx = dy.
And the limits will be,
when x =4, y =a-my and when x =b y =b-m
b-m 3b-m1
u‘z * -..—I_—dy =.1_ y_
* b-a b-a |3

a-my

|
Sy

h
[ %)

[(b=my)3 ~(a-m)3)

3b—-a)

TECHNICAL PUBLICATIONS - an up-thrust for knowledge
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Putting the value of m, = HTHJ from equation (6.3.12) in above equation we get,

2 _ 1 bn+b3 _a+b3= 1 b-ﬂS_E:_I_i_E
“rwm-all "z | 14T 2 - 2 2

= 1 _a-b 3_ a-b)’ Here we have written
=3@-h 2 2 b =a ==(a =b)

1 ~(a-b)3 _ (a -b)2

" m3la—b) 3 12 - (553
Thus, for uniform distribution,
a+b {a—b)z
2 .- {5_5.4)

Mearl.m,=T=mandvarianne,a, =

IEXE3 Normal Distribution

Gaussian distribution is also called Normal Distribution. It is defined for continuoyg
random variables. The PDF for a Gaussian random variable is given as,

1 -m2/202 |
Gaussian PDF : fy(1) = —= ¢ (¥ ~M)"/20% |
Jx = | ... (555)
Here 'm' is mean and o? is variance. ‘ | ] T
J Fuxdp ! i o A=t o
Fig. 553 shows the sketch of Gaussian| ' | | | /N1 lo¥2| |
P [ i i ) | :
P ] / | ! \ nE
Properties of Gaussian PDF 1 = m I' Li %
[I 1 ] : | ] | I i
Property 1 : The peak value occurs at x =m
{f.f.. mean ?ﬂ]lﬂ!‘j. i: Fiﬂ- 5.5.3 Plot of Gausslan PDF
fx(x) = = 121: at xr=m ie mean value .. (5.5.6)

Property 2 : The plot of Gaussian PDF has even symmetry around mean value ie.,

fx(m =0) = fx(m +0) o (55.7)

Property 3 : The area under the PDF curve is 1/2 for all values of x below mean value
and 1/2 for all values of x above mean value. i.e.,

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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—

PX sm) = P(X >m) =% .. (55.8)

property 4 ¢ As 6 — 0 the Gaussian function approaches to § (ie. impulse) function
Jocated at x =m. This is because the area under the PDF curve is always unity. And the
area of impulse function is also unity.

significance : The Gaussian distribution is used for continuous random variables. The
random motion of the thermally agitated electrons produces thermal noise. This thermal
noise has Gaussian distribution. The random errors in the experimental measurements
cause the measured values to have Gaussian distribution about the true value.

‘ Find out the CDF of the Gaussian random variable.
b 4
Solution : Fx(x) = [ fx(x) dx

Putting the value of fx(x) from equation (5.5.5) in above equation,

I

1 2 1902
(x = p~(x =m)=/20° dx .. (559
AW = | oo )
Put i -zx =z in the above equations
o
dx
—-_—— = = dx =—Gﬁd3
o2
| These limits will be,
B8 X -w, z—9+w . and as r—+x, Z—!m_x
02
Putting these values in equation (5.6.5) we get,
mM=x m=X
1 2 ] -
(x) = W -—uﬁdz)=-~—— o B
Bn e | e )
= 1 I s By interchanging the limits,
“Gm-x
a2
Lo T ; _
. gy [ € ol By rearranging - (55.10
27 ’
o2
The above integration is represented by error function. It is given as,
-"'"'--__

®
TECHNICAL PUBLICATIONS ~ - an up-thrust for knowledge
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R
|' erfc(u) = = { e~ dz (5511)
B =y
'cmmmrx(x}=lufc ==
a:?; {5.5.12]
xRN Pir i L R TR AL M_.-MJ

d&mdﬁfn}uﬁmndmmmbkhﬁPDFglmnﬁyﬂm s

1) emix -n}*fzuz
Kl o \?21

MM&MM&MPBPWWWHWMWEWIM
Solution : We have to prove that

f H{ndr =1 . (5.5.13)
Let us represent the above integral by I’ i.e.,
B L o 1 & : 2 02
= (n) dx= [ ——= ¢~(x-m)"/20% gy
!_f.\{ ) _“; g

Putting value of fy(x) - (5.5.14)

I_ﬂ"=_|.\~'i:'ttl'ueal:m:nrernvzlzli:it::ﬂ't.

we have, dr = 0 dy
And limits will be,

as x—-e, Y - and as x—+w, Y S+

With these values equatim (5.5.14) becomes,
Let us make the square of the above integration i.e.,

I = {_J% :f- /2 gy x[% f eV /2 gy

e P I2. g dy___ I e-v2/2 dy ...(5.5.15)

In the above equation, if we change the variable from y to some other variable say %
it will not change value of integration i.e.,
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L
— g ﬂt
o5 R
Variable is changed from

y to x in this term. It will
not change value of integration

LT -2
s\ L

| =

[ [y g gy .. (55.16)

]

b

Now let us change the variables to polar co-ordinates. i.e.,

2 =¢2 and ¢=tan‘1[%]

n

2 +y

And dx dy = r dr d¢
And limits are : r varies from 0 to e
and ¢ varies from 0 to 2n

with this conversion equation (5.6.12) becomes,

2 1 2% = -rif'z 1 2n o rzfz
I =EJIE rdrd¢=ﬁjd¢je rdr ... (5517)
00 0 0
r?.
Pl.'lt T = 4 = T d'." — d}
And limits will be : as r 2. £
And limits are :as r —eo, =
With this substitutions above equation will be,
2“ oo T
2 = i =} s 1 n L
I o E‘; n’-dl { e I:ﬂ-ﬁl[‘h]g [_IJD’

i b WS- e -
- 211{[:z:n: 0] - fe™ +e0]} = oz X mx 1=1

Thus 12 =1, therefore VI2 = i By taking root on both sides.
I = 1.

S z |
I Area under Gaussian PDF is unity : I = [ fy() dr=1 ... (55.18)
g -0
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e 554 ﬁrﬂrmmmm?&ﬁmﬁ T —

L o —mi /202
A l:h'h =

Prove that i) mam (m,) =m and uim(ﬂxi=ﬂ

Solution : i) To find mean value
Ihemnra]mof:cmtinunusrandnmﬂﬁahleisgiﬁmas

Irf_;.{.r}dr Ix ex P2 /2% gy

]

mx

~x -m]zf 202
I xe dx {5.5‘191

0\25

== vy ~x=0y+m = dr = ody

A:ﬂhn-msmllbe{—m =) for y. With these substitutions above equation will be,
my = 5= I{ay+m) ryzﬂdy

O [ . oPI25,. M . 272
_nyyz dy+\—&_{’ygl‘2 dy

2n

This term will be ‘zero'
since integer and is odd
function and integration

This is the integration of
Gaussian PDF. [is value is

lto'l" as obtained b
guau?hmﬁ.ilﬁ y

That is,
oo ey
Mmuhcofﬁlmdmdhﬁhnﬁanmm, ;mf

.. (5.5.20)

il) To find variance
Va:ianceisgivmas,
2 4942
(x -my)? fy(® dx=[ (x -m,)? - (x -m)*/20% gy
J x f J- 'l.'} GJ_ '

e
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-_—
Gince My = m, the above equatiun becomes,
2 — p-(x =ml/202
o: = (x =m,) dx
" I > UJE
x =m
— = dx =02 dz
put 2o
And integration limits will be — e to e, Then above equation becomes,
2 T 2.2 1 -2
gt = 20% 2% e .02 dz
. I oV2n
= 202 g? o
= e R % e | gt el
I [
SmCEZISﬂ-EI.'I.
et gt
are s
around 0.
2 oo
=27 (22 o2 iz ... (5521)

Here use the standard relation given in Appendix ie;

fxz" e"“z dx =

0

1-3-5.....(2n -1)J‘
2n+1

In equation (5.6.17), n = 1 and a = 1 then the result will be,

Thus,

402 1 no_ 3

= —_— =0

Jro 221 Y1

mece uf Gaussian mdom variable : 02 =0

2 j ... (55.22)

k|

MA Mtdom noise wltage}fishwmnmbecaussinnmﬂhmnmxﬂﬂmd
. variance 6% = 400. Find the probability that it :

i} Exceeds 20 V

ii) Falls between 10 V and 20 V

fii) Falls between 0 V and 20 V  iv) Exceeds 0 V

" o) Falls below 20 V.

. You can use the Q-function defined as :

1 7 a2y
Q{Z)EEI =212 p,

b and Q1) = 0.158 ; Q(0.5) =0.31; Q(0) =05
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2 &
Solution : Here m, =10and © = 400

Gaussian pdf is given as,
1 -(x-m)?/20%
= —— ¢
K = ST

Putting values of m=my = 10 and 0 = 20,
1 —(x-10)2/800
= ——F¢
fx(®) 5

Probability that value of ' lies between x; and x; is given as,

1
P{Il‘ﬂ:fﬂ.f:} = Ifx{r}dx (5.523}

o |

i) P(X>20) : Above probability can be written as P(20< X < o). Putting valyes i,
equation (5.6.19),

T 1 (x-10)2/800 gy e
P(X>20) = P{zu<xzm)_£ﬂ i 5524
=10 _ . . dr=20d2
e 20
and whenx=20, z=05 Similarly when x=-co, z=00
Putf:ngtlﬂvahlesinequaﬁm (5.6.20),
T_1_,2n __I_T 2/2 4,
= —t -20dz = e
P = | o7 Tom

We know &th(u}=%I ,~7/2 4z Then above equation becomes,

P(X>20) = Q (05) =031 given

Thus P(X>20) = 031
i) P (10< X< 20) : Putting values in equation (5.619),

P(10<X<20) = P(X>10)-P(X>20) = P(10< X S )~ 031

f oL e 0/ g 03]
10
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put ,__1_‘1 =z . dx=20dz

when X = 10, z=0and when x=e, z=co

c"’z” dz - 031

- e~2 12 1
. p(10<X<$20) = st 20dz - 031 = —
* { 20 2n

o—i

Here the integration term is Q(0), since Q(u) = I ¢=2/2 4z, Hence above equation

will be,
P(10<Xs20) = Q(0)-031=05-031 since Q(0) =05 given
= 0.19

Fy(x),

iii) P (0< X < 20) : Fig. 5.5.4 shows the plot
of given Gaussian pdf. If has the mean value
of m=10. We have obtained P(10< X < 20). Due

to symmetry of the pdf curve, P(0< X <20) will | 0 m

!
1‘
i
!

Ny

be twice of P(10< X < 20). Thus, ,

P(0<X<20) = 2xP(10<X < 20) Fig. 5.54 Skatch of paf
= 2x0.19 = 0.38
iv) P (X >0) : From the pdf curve of Fig. 554,
P(X>0) = P(0<X <20)+P(X>20) =038 + 031 = 0.69
v) P(X < 20) : From the pdf curve of Fig. 554,
P(X<20) = 1-P(X>20)=1-031 = 0.69
EX3 Multiple Random Variables

Joint Distribution Function

* A joint probability density function for the continuous random variables X and Y,

denoted as fyy(x, y), satisfies the following properties :
L fxy(x,y) 2 0 for all x, y.

2 I Ifxy(x,}')dxdy =1

3. for any range R of two-dimensional space.

—
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P(X, Y]€R) = [ [ fxy(x.y) dxdy

R
¢ The probability that (X, Y) assumes a value in the region R equals the volume of
the shaded region.
fv (x. 1) y
R
- X

Fig. 5.6.1 Reglon R

* In general, if X and Y are two random variables, the probability distribution that
defines their simultaneous behaviour is called a joint probability distribution.

o If X and Y are discrete, this distribution can be described with a joint probability
mass function.
o If X and Y are continuous, this distribution for X and Y, we can obtain the

individual probability distribution for X or for Y (and these are called the
Marginal probability distributions).
e The individual probability distribution of a random variable is referred to as its
marginal probability distribution.
[EXX] Joint Probabllity Mass Function
The joint probability mass function of the discrete random variables X and Y, denoted
as fxy(x, y), satisfies.
2y Y fxy(xy) =1
L

3) fxy(x. y) = PX=x,Y=y)

Joint Probability Density Function

e Let X and Y be continuous random variables. Then f(x, y) is a joint probability
density function for X and Y if for any two-dimentional set A.

P[(XY)e A] = j [ f(xy) dxdy
A

TECHNICAL PUBLICA 'l":l't.':h“\."S‘!;1 - an up-thrust for knowledge
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W — o“”""“’"“""'ﬂ

Fig. 5.6.2

. a:pie 5.E~,1 X ﬂﬂd Y m fm"ﬂy .mnﬁﬂ#ﬂm with jomt Pdf
X |

2+, 0sx<1,0sys2

k foy) = l b 3 o
| )FindC
ugpmdwﬂf?df@'xm”fr
i) Find PX+Y21)

Solution :
Yi

y>1-X

2 — 2//
' N

YI:'[-I

Fig. 56.3 —
___________________.__

= st for knowledge
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i) Sl
s ff[cx2+_i)dxdy
00
2.1
l=_3"+3
2C+1
1= 3
2€+1 =3
2C = 3-1
)
C-'--2'
|—-—_"—'_"'_"'_"
lc=1
iﬂmrglnalpdf

fx(x) = _[ f(x, y) dy

fyly) = [ fxy) dx
x2+xy]d1_1 y
= i[ 03 “3'%

ii) P(X+Y21)

n
e
“‘_—‘
N T
=
[ =]
+
>
s
e
=™
&
1
|&

_/

L.
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then,  fy(y)

E[Y]

E(Y)

fx (x)

fx (x)

e
g joint probabiliy
Jensity function

{%y exp(-2y), fx€0,%) and ye(1, )

Expected value o

5-71

0, otherwise

= (1,9
ability density function of Y is :

= I fxy (x, y) dx

n

L] -

y exp (- xy) dx = % [-exp (- xy)l5

I
> [ p— W= o—i

[0-(-DI=

Il
g
<
—
=

(=
(]
|
[ —
b =
wa|
&

Support of X is :

o 4
= ‘[ fo(x’}r}d)r =I —;—}’EXP{—X}'}(!}’
—co 1

5 1
- -I- 5 }r Exp {- x}’) if xe ({L m]
: 0, otherwise

Overview of Probability

)

® inowledge
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“’Wof

i
IE them  EQQ = [ fx(x)dx
| g

[4 1
[ gfﬁpf-x?}d?]dx

|
O b, §
»

| =

{ e
| xyexpt—xy;dx]dy
L0

f .
1
}'I texp(-t}dt]d}' Lot o

0|

0

-~

o e e S

|
| =

(I-texp (-] + [ exp (- ) dt) dy
0

|

n
L
|

(0+ [~ exp (- ]7) dy

I

LA

dy = 3{in (y)1¢

"'CIH

EX) = %In{-i}
Expected value of E[XY] :
EDXY] = [ [ xyfxy(xy) dy dx

- -

= (4
= {({ "Y%Y&P(*x}?)d}r]dx

14 o
=5/ Y(nf "Y‘E"Pf‘x}'JdXde

1 o
= 5{ (- texp (- 9]5 + [ exp (- ) dt) dy
0

wh—-

4
1 14
‘-3-{ (0+ [~ exp (- t”ﬂ dy =-§{
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W Overview of Probabiy

e = : X and Y i
.. g between an 1s
Cover ) = EDXY] - EX] EIY

1 5Y_. 5
1-[3&1:4)15)-1 ®in o)

Let X and Y be two random variables such that
vﬂrIX]' =4 CW[X: YI =2
! Calculate the pariance for following
cov[3X, X+3Y]
SQIHﬁDﬂ :

Cov[3X, X+3Y] = 3 Cov[X, X+ 3Y]

3 Cov[X, X]+ 9 Cov[X, Y]

3 Var[X]+ 9 Cov[X, Y]

3(4) + 9(2) = 12 + 18 = 30

Is the following function is a joint density function ?

_fx+y, f0s x< land0s ys 1
ﬂl'.-y)—{ O, UH i

Solution :

T T fx,y)dxdy =1

[}
'I——-
—

x
+

=
j= "

et

11 i
=[] (x+y)dxdy = [ %H}' ]d)f
00 0 0
1 1
= I [{1+y]—{0+0}]d}'=f [5‘"}’)“'—'3"
0 0
2}
= ¥ ¥
=273
0
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1.11.(0,9). 141 a1
(w33

So, It is a joint density funtion. | |
ST The diameter of A metal cylinder is & random varfable X with a probabi,

density funtion given by,
fx(x) =Cl1- 4(x-50)2], 495 s x 5 505

Compute the value of C.

Solution :
£80.5 2
IC[l—Hx-S{}} dx
49.5

50,5 50.5 03 4 |05
4 24| = Cl1-2 &3
c{ }:Clil 4jxdx] C[l 3 -MJ

j‘ dx- 4 J‘ (x - 50)2 dx
495 495 -05

(@]

MW W

C =

Let Y have a continuous probability distribution with pdf.
fr(y) =ye™¥, 0 <y < oo then let X have a conditional distribution that is uniform on

the interval from 0 to Y. Find the marginal density functions for Xand Y. =

Solution :

o
fx(x) = Ie'f"d}r =-—e'3"|x=e"‘, D<x<eo

X

Y
fyly) = Ie"-"'dx=}re"1", 0< y< e
0

CEEIIXTE] T joint density function of X and Y is

x+y, O<x<1,0<y<]
f{r.y}-{ 0, otherwi

fmd (X+Y<1)
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Omnhwofﬁnbabmfy
Golution @
1 1=x
pX+Y<1) = [ [ (x+y)dydx
0 0
1 a|¥=1=x
= _[ xy+-?—2- dx
0 :.r-ﬂ
1 1
lj 2 1 X
= =| (1-x“)dx==| x-—
ZD 2 3
o 5 sk Vo [ 2 ed
2" 3) 2(3)] 3
y
(]
1
+l‘
-
o
Fd
0 1 I
Fig. 5.6.4

CRRRITY o Vi ) e X i ol i e
Solution : For fair die

; 1
PiX = =
X =i z
where i=1273452¢s

E(X?) = i i2P [X=1i)

i=1
= M2+ @243 + @2+ 5+ 67)

_ [144+9+16+ 25+ 36]
B 6
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2y = A
EX?) = =
1 1 1 1 1 1
SROLUROTOR0RY
_1.2.83.4.5.6 A
il e
7
EQ) = 3
Var(X) = E(X?)- (E [X])?
_ 91 (7 2=ﬂ_£=364—294=ﬂ
6 2 6 4 24 24
35
Var(X) = o

XX} Covariance and Correlation

o Covariance is a measure of association between two random variables. It is
positive if the deviations of the two variables from their respective means tend to
have the same sign and negative if the deviations tend to have opposite signs.

¢ The covariance between two random variables X and Y, denoted by Cov[X, Y] is
defined as follows :

Cov[X, Y] = E[(X - E[X]) (Y - E[Y])]

or Cov[X, Y] = E[(X=p,)(Y~uy)]

o Covariance indicates how two variables are related. A positive covariance means
the variables are positively related, while a negative covariance -means- the
variables are inversely related. The formula for calculating covariance of sample
data is shown below.

3 -X)0Y; - 1)

CoviX, Y] = = n-1
Where x = The independent variable
y = The dependent variable
n = Number of data points in the sample
X = The mean of the mmm&vw

L
e s
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Y = The mean of dependent variable y
Cov[X, Y] = E[XY—pr—u},J{erqu}
E(XY)—nxE[Y]-py E[X]+pn
E(XY)=Hxhy =Ryhyx +hyy
E[XY] - E[X] E[Y]

correlation :

» When one measurement is made on each observation, uni-variate analysis is
applied. If more than one measurement is made on each observation, multivariate
analysis is applied. Here we focus on bivariate analysis, where exactly two
measurements are made on each observation.

¢ The two measurements will be called X and Y. Since X and Y are obtained for
each observation, the data for one observation is the pair (X, Y).

¢ Some examples :
1. Height (X) and weight (Y) are measured for each individual in a sample.
2. Stock market valuation (X) and quarterly corporate earnings (Y) are recorded
for each company in a sample.

¢« A positive correlation is where the two variables react in the same way,
increasing or decreasing together. Temperature in Celsius and Fahrenheit has a
positive correlation.

o The term "correlation” refers to a measure of the strength of association between
two variables.

o Covariance is the extent to which a change in one variable corresponds

systematically to a change in another. Correlation can be thought of as a
standardized covariance.

» The correlation coefficient r is a function of the data, so it really should be called
the sample correlation coefficient. The (sample) correlation coefficient r estimates
the population correlation coefficient p.

o [f either the X; or the Y; values are constant (ie. all have the same value), then

one of the sample standard deviations is zero, and therefore the correlation
coefficient is not defined.

Central Limit Theorem

* The sampling distribution of the sample mean, x is approximated by a normal
distribution when the sample is a simple random sample and the sample size, n, is

large.

—
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¢ In this case, the mean of the sampling distribution is the population mean, p, anq

the standard deviation of the sampling distribution is the population standarg
deviation, o, divided by the square root of the sample size. The latter is referred y,
as the standard error of the mean.

« A sample size of 100 or more elements is generally considered sufficient to permj;

using the CLT. If the population from which the sample is drawn is symmetrically
distributed, n > 30 may be sufficient to use the CLT.

o The central limit theorem states that the mean of the sampling distribution of the
mean will be the unknown population mean. The standard deviation of the
sampling distribution of the mean is called the standard error. In fact, it is just
another standard deviation, we just call it the standard error so we know we'e
talking about the standard deviation of the sample means instead of the standarq

deviation of the raw data. The standard deviation of data is the average distance
values are from the mean.

[EX] sampling Distributions

X1 Population

e A population is any entire collection of people, animals, plants or things from
which we may collect data. It is the entire group we are interested in, which we
wish to describe or draw conclusions about.

e Population is a collection of objects. It may be finite or infinite according to the
number of objects in the population.

e A population can be defined as including all people or items with the
characteristic one wishes to understand. Because there is very rarely enough time

or money to gather information from everyone or everything in a population, the
goal becomes finding a representative sample (or subset) of that population.

e In order to make any generalizations about a population, a sample, that is meant
to be representative of the population, is often studied. For each population there
are many possible samples. A sample statistic gives information about a
corresponding population parameter. For example, the sample mean for a set of
data would give information about the overall population mean.

» It is important that the investigator carefully and completely defines the
population before collecting the sample, including a description of the members to

be included.

* Example : The population for a study of infant health might be all children bom

in the UK in the 1980's. The sample might be all babies born on 7™ May in any of
the years. iy

J—
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am S
. When such measures like the mean, median, mode, variance and standard
deviation of a population distribution are computed, they are referred to as

parameters. A parameter can be simply defined as a summary characteristic of a
population distribution.

m Sample

o+ A sample is a group of units selected from a larger group (the population). By
studying the sample it is hoped to draw valid conclusions about the larger group.

A sample is a subset of a population. Sample is a smaller group, the part of the
population of interest that we actually examine in order to gather the information.

« A sample is "a smaller collection of units from a population used to determine
truths about that population”.

o A sample is generally selected for study because the population is too large to
study in its entirety. The sample should be representative of the general
population. This is often best achieved by random sampling. Also, before
collecting the sample, it is important that the researcher carefully and completely
defines the population, including a description of the members to be included.

» Example : The population for a study of infant health might be all children bom

in the UK in the 1980's. The sample might be all babies born on 7t May in any of
the years.

¢ Symbols for population and sample descriptive measures

vq;--l-ow-w\- e e e e e e,

Mml_’“a{;mﬁxﬁer  Population Eampie_
e w i GBS
¥ fﬂa‘f"{‘ff.. g EY.
ES;:ahdard deatins o Gl

Types of Sampling

* Two general approaches to sampling are used.
* Probability (Random) Samples

a. Simple random sample

b. Systematic random sample
¢. Stratified random sample
d. Multistage sample

e. Multiphase sample

f. Cluster sample

TECHNICAL F’l’.."ﬂ.L!IZ.‘:.'ﬂ.T!l.’.:l'!'u'sm - &n up-thrust for knowledge
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* Non-Probability Samples
1. Convenience sample
2. Purposive sample
3. Quota

» With probability sampling, all elements (e.g., persons, households) in the population
have some opportunity of being included in the sample and the mathematical
probability that any one of them will be selected can be calculated.

» With nonprobability sampling, in contrast, population elements are selected on the
basis of their availability or because of the researcher's personal judgment that
they are representative. The consequence is that an unknown portion of the
population is excluded. One of the most common types of non-probability sample
is called a convenience sample.

* Any sampling method where some elements of population have no chance of
selection, or where the probability of selection can't be accurately determined. It
involves the selection of elements based on assumptions regarding the population
of interest, which forms the criteria for selection. Hence, because the selection of
elements is non-random, non-probability sampling not allows the estimation of
sampling errors.

1.Random sampling :

* Applicable when population is small, homogeneous and readily available.

- Aﬂsubsetsofﬂnﬁmmgivmmeqmlpmbahiﬁty_h&elemmtofﬂmﬁm
thus has an equal probability of selection.

* It provides for greatest number of possible samples. This is done by assigning 2
numbeT to each unit in the sampling frame.

* A table of random number or lottery system is used to determine which units are
to be selected.

* Estimates are easy to calculate.

 Simple random sampling is always an EPS design, but not all EPS designs are
simple random sampling.

Disadvantages
e If sampling frame large, this method impracticable.
e Minority subgroups of interest in population may not be present in sample in
suffident numbers for study.

Scanned with CamScanner




Wachine Leaming 5- 81 Overview of Probabilty

—

9, Stratified sampling

» Where population embraces a number of distinct categories, the frame can be
organized into separate "strata." Each stratum is then sampled as an independent
sub-population, out of which individual elements can be randomly selected.

o Every unit in a stratum has same chance of being selected.

Using same sampling fraction for all strata ensures proportionate representation in
the sample.

Adequate representation of minority subgroups of interest can be ensured by
stratification and varying sampling fraction between strata as required.

Finally, since each stratum is treated as an independent population, different
sampling approaches can be applied to different strata.
Drawbacks to I.ISi.ng stratified mp]jng_

e First, sampling frame of entire population has to be prepared separately for each
stratum.

Second, when examining multiple criteria, stratifying variables may be related to

some, but not to others, further complicating the design and potentially reducing
the utility of the strata.

Fi“ﬂu‘fri“mcases{SuchasdesipswithalaxgenumbernfslrﬂIﬂ;ﬂrm
with a specified minimum sample size per group), stratified sampling can
potentially require a larger sample than would other methods.

Some terms used in sampling

L Sampled population - Population from which sample drawn.

2. Frame - List of elements that sample selected from. Eg. telephone book, aty
business directory. May be able to construct a frame.

3. Parameter - Characteristics of a population. E.g. Total (annual GDP or exports),
proportion p of population that votes Liberal in federal election. Also p or o of a
probability distribution is termed parameters.

4. Statistic - Numerical characteristics of a sample. E.g. monthly unemployment rate,
pre-election polls.

5. Sampling distribution of a statistic is the probability distribution of the statistic.

Selecting a sample

1. N is the symbol given for the size of the population or the number of elements in
the population.

2 n is the symbol given for the size of the sample or the number of elements in the
sample.
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3. Simple random sample is a sample of size n selected in a manner that eac
possible sample of size n has the same probability of being selected.

4. In the case of a random sample of size n = 1, each element has the same chance of
being selected.

o The sampling process comprises several stages :

Defining the population of concern.

Specifying a sampling frame, a set of items or events possible to measure.

Specifying a sampling method for selecting items or events from the frame,

Determining the sample size. |

Implementing the sampling plan.

Sampling and data collecting.

Reviewing the sampling process.

NSk W e

Selecting a simple random sample
e Sample with replacement - After any element randomly selected, replace it and
randomly select another element. But this could lead to the same element being
selected more than once,

¢ More common to sample without replacement. Make sure that on each stage, each
element remaining in the population has the same probability of being selected.

¢ Use a random number table or a computer generated random selection process. Or
use a coin, die or bingo ball popper, etc.
¢ Simple random sample of size 2 from a population of 4 elements - without
replacement
1. Population elements are A, B, C, D then N=4 and n =2,
2. The first element selected could be any one of the 4 elements and this leaves
3, so there are 4 x 3 = 12 possible samples, each equally likely : AB, AC, AD,
BA, BC, BD, CA, CB, CD, DA, DB, DC.
N _ N ar
S (N-n) ! = (4-2) s
3. If the order of selection does not matter (i.e. we are interested only in what
elements are selected), then this reduces to 6 combinations. If {AB} is AB or
BA, etc, then the equally likely random samples are (AB}, {AC}, {AD]}, {BC},
(BD}, (CD]. This is the number of combinations.
N! 4!
CN = = =
" T nI(N-n)! 21(@-2)! @
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@ sampling Distribution of the Mean

. A theoretical probability distribution of sample means that would be obtained by
drawing from the population all possible samples of the same size.

| o The standard deviation of the sampling distribution is called the standard error.

o The sampling error is the difference between the point estimate (value of the
estimator) and the value of the parameter. This is the error caused by sampling
only a subset of elements of a population, rather than all elements in a population.

A researcher hopes to minimize the sampling error, but all samples have some
such error associated with them.

o The sample is a sampling distribution of the sample means. When all of the
possible sample means are computed, then the following properties are true :
1. The mean of the sample means will be the mean of the population

2. The variance of the sample means will be the variance of the population
divided by the sample size.

3. The standard deviation of the sample means (known as the standard error of
the mean) will be smaller than the population mean and will be equal to the

standard deviation of the population divided by the square root of the sample
size.

4, If the population has a normal distribution, then the sample means will have a
normal distribution.

5. If the population is not normally distributed, but the sample size is sufficiently
large, then the sample means will have an approximately normal distribution.
Some books define sufficiently large as at least 30 and others as at least 31.

The formula for a Z-score when working with the sample means is :

X-p
o /vn

Finlte Population Correction Factor

¢ If the sample size is more than 5 % of the population size and the sampling is

done without replacement, then a correction needs to be made to the standard
error of the means.

L =

In the following, N is the population size and n is the sample size. The adjustment
is to multiply the standard error by the square root of the quotient of the
difference between the population and sample sizes and one less than the
population size.

o N-n
Ja YN-1

Oz =
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Classification of Samples

o Samples are classified as two types : Large sample and Small sample.
1. Large sample : The sample is said to be large if the size of sample (n = 30).
2. Small sample : The sample is said to be large if the size of sample (n < 30).

EXX] Mean, Medium and Mode

1. Mean : The mean of a data set is the average of all the data values. The sample
mean X is the point estimator of the population mean p.

Sum of the values of the n observations " Z X;

Sample mean X =
Number of observations in the sample n

Population i Sum of the values of the N observations - E Xj

Number of observations in the population N

2. Median

e The median of a data set is the value in the middle when the data items are
arranged in ascending order. Whenever a data set has extreme values, the median
is the preferred measure of central location.

¢ The median is the measure of location most often reported for annual income and

property value data. A few extremely large incomes or property values can inflate
the mean.

¢ For an odd number of observations :
7 observations = 26, 18, 27, 12, 14, 29, 19

Numbers in ascending order = 12, 14, 18, 19, 26, 27, 29
The median is the middle value.
Median = 19

 For an even number of obsel ations :
8 observations = 26, 18, 25

Numbers in ascending ordes __ e
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The median is the average of the middle two values.
Median = (19 + 26)/2 = 22,5

3. Mode : The mode of a data set is the value that occurs with greatest frequency.
The greatest frequency can occur at two or more different values. If the data have

exactly two modes, the data are bimodal. If the data have more than two modes, the
data are multimodal.

4. Range

o The range of a data set is the difference between the largest and smallest data
values.

o It is the simplest measure of variability. It is very sensitive to the smallest and
largest data values.
Range = Largest value - Smallest value

5. Variance

* The variance is a measure of variability that utilizes all the data. It is based on the
l difference between the value of each observation (x;) and the mean (x for a

sample, i for a population).

» The variance is the average of the squared differences between each data value
and the mean.

* The variance is computed as follows :

Y
Sample variance : S? = Z'___[;‘_li‘}_

.
Population variance : 02 = MTIM

6. Standard deviation

¢ The standard deviation of a data set is the positive square root of the variance. It
is measured in the same units as the data, making it more easily interpreted than
the variance.

» The standard deviation is computed as follows :

5 = Jao |2 6-0)?

Population standard deviation e

1]

§ = {57 - Y (x-%)?

Sample standard deviation
n-1

@

: TECHNICAL PUBLICATIONS ~ - an up-thrust for knowledge
!

Scanned with CamScanner




Uachine Leammg 5-86 vaviawdﬁan_aff
Standard Error

o The standard deviation of the sampling distribution is of a statistic. Standard error
is a statistical term that measures the accuracy with which a sample represents a
population. In statistics, a sample mean deviates from the actual mean of 2
population; this deviation is the standard error.

o The term “standard error” is used to refer to the standard deviation of various
sample statistics such as the mean or median. For example, the “standard error of
the mean” refers to the standard deviation of the distribution of sample means
taken from a population.

Standard Error Calculation Procedure :

Step 1 : Calculate the mean (Total of all samples divided by the number of samples). |

Step 2 : Calculate each measurement's deviation from the mean (i.e. Mean minus the

individual measurement).

Step 3 : Square each deviation from mean. Squared negatives become positive.

Step 4 : Sum the squared deviations.

Step 5 : Divide that sum from step 4 by one less than the sample size (n-1)

Step 6 : Take the square root of the number in step 5. That gives you the "Standard
Deviation (5.D.)."

Step 7 : Divide the standard deviation by the square root of the sample size @)-
That gives you the "standard error".

Step 8 : Subtract the standard error from the mean and record that number.
Then add the standard error to the mean and record that number. You have
plotted mean + 1 standard error , the distance from 1 standard error below
the mean to 1 standard error above the mean.

Let us consider the following table :

i ek e e e, R e o g P T A S A e b £ s . A e e i 24

Name Height to nearest  (Step 2) Deviations~ ~ (Step 3) Squared

{
;! <~ ) T deviations (m —i)?
Rupali 150 2.6 9216
Rakshita 170 10816
Sangeeta 165 2916
Rutuja 155 21.16
—_—— — -_'-_"‘—-ﬂ—--.-_._
—_—
o
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s 158 2%
2 o 16 . =

I ae5 ) )
1 n Total = 798 4) Sum of squared
| {Shpnmﬂnm—ls'u deviations 3, (- =232
— — R e

Step 5 ¢ Dindebynumhernfmas -

E (m_l}z = 2532 =

n-1 5-1 633

n-1
Step 7 : Standard error = Standard deviation _ 19890 _ 49945

vn Vi
Step 8 : m x 1SE = 1596 + 0.9945

= 159.6 + 0.9945 or  159.6 - 0.9945

 =160.5945 or 1586055

CENTEEED A bowler claims that she has o 215 average. In her latest performance, she
scores 188, 214 and 204. Assume that her bowling scores are normally distributed.

 Calculate the sample mean, variance and standard deviation

Solution : The sample mean, variance, and standard deviation

Sample mean = 188+2}:+2U4 _ 806 _ 202
3

Sample variance = (188202 +(214-202)2 +(204-20)% _ 196+12-H +4_ _3-25 =172
3-1
Standard deviation = +172 = 13.11

T"ﬂfﬂuﬂwfng are the times between six calls for an ambulance in @ city and

*_the patient’s arrival at the hospital : 27, 15, 20, 32, 18 and 26 minutes. Use these figures
to judge the reasonableness of the ambulance services claim that it takes on the averagé

20 minutes beueen the cl fora bl o e’ el e sl

L A

Solution : Given data : n = 6, Average minutes to reach the hospital (u) = 20
X1 =27, X3 =15, x3 =20, x4 =32, x5 =18, Xg = 26

2 X

xq+X3 +X3+Xg +X5+Xg _ 27+15+20+32+18+26
6 6

Then, Arithmetic mean X =

X=

=

138
—=2
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Vﬁ%w
of
. _3%)2 oy

g . & -%)2 +(xg - %)? +(x3 = %) +(xg =X)? +(x5 =X)2 +(x -5)2

6-1 Sl

(27-23)2 +(15-23)% +(20-23)2 +(32-23)° +(18-23)2 +(26 - 532
= 5 —
_16464+9+81+25+9 _ 204

: s =408
§? = 408
S = 6387
_X-k _ B-20 _ 3
S/Jn 6387/6 6.387 /2449
t =115

Now, tpya = te-1,a = t5,0 =2015

{for o = 0.05)
For a = 005 t5=2015
a =01 t;=1476
So t = 115 <1476
So claim is rejected.

ENTEEE) A normal population has @ mean of 0.1 and standard deviation of 21, Fn
the probability that the mean of simple, sample of 900 members will be negative.

Solution : Given data :
Mean of population p = 0.1
Standard deviation of the population o = 2.1
Sample size n = 900

7 o XB _ Xx-01 _x-01

o/vn 21/4900 007

X
o7 1428

X is negative if Z < — 1.428
P(x<0) = P(Z<-1428)
= P(Z < 1.428)

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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p——

oo 1.428
= [e@az- [ ¢()dz
0 0

= 0.5 - 0.4236 = 0.0764

The mean height of the students in a college is 155 cms and standard
deviation is 15. What is the probability that the mean height of 38 students is less than
. 157 cms 7
E;Iuﬁnn : Given data : Mean height of the student p = 155 cms,
Standard deviation ¢ = 15

Sample size n = 36, Mean of sample x = 157 cms

Then
g o X-B _157-155 _ 2 _2 _ ..
0 15/+3 15/6 25
Jn
P(x<157) = P (Z <08)

P(Z<08) = 05+P(0<Z<0.8) =05 +0.2881 = 0.7881
Probability of height = 0.7881

A sample of size 400 is taken from a papu!ntim twhose standard deviation is
16. F:nd thz standard error.

Solution : Given data : Standard deviation of populahon g=16,
Size of the sample n = 400, Standard error = ?

Standard error = — = 16 = 16
Jn  Jao 20
SE. = 08

CEEYTNTED A random sample of size 64 is taken from a normal population with p =514
. and g = 68. What is the probability that the mean of the sample will ;
_ i) Exceed 52.9 i) Fall between 50.5 and 52.3 ifi) Be less than 50.6.

Solution : Given data : Size of the sample n = 64, Mean of the population p = 514,

Standard deviation o = 6.8

Standard error o3 = B,

N

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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i) Exceed 52.9

P (X exceed 529) = P (x > 352.9)

x-u 529-514
= =17
ox 055 1.76 —/

Z =

PR >3529) = P(Z>176)

= 05-P(0< Z<1.76)
= 05 - 0.4608
= 0.03982
ii) Fall between 50.5 and 52.3
P(305< X < 523) = P(X;< X < X3)
X; = 505 and Xx; =523
X1 =H . 505-514 -09

= = =-1
& o5 0.85 0.85 06
_ Xp-p_523-514 _ 09 _
#g) = 6y 085 085 -

P(505 <x<523=P(-1.06 < Z<1.06)

= P(-1.06< Z<0)+P (0< Z <1.06)
0.3554 + 0.3554 = 0.7108
iii) BC less than 50.6

P (x < 50.6)
_ x-p _506-51-4
Z = e 0.94
P(x <506) = P(Z<-054)

0.5-P (0.94< Z<0)
= 05 - 0.3264 = 0.1736

Sampling Distribution of the Mean (g-unknown)

z = 1:.?5

A population consisting of all real numbers is an example of an infinite population-

1. Arithmetic mean :

If x;+xp +X3+ ...+ Xp are the values in a sample then the arithmetic mean is give"

- 1 g X
b}'x=;z i

i=1

I M ~an up-thrust for knowledge
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2. v‘ﬂlﬂ ce .

(x; -%)*
n-1

st =

sampling distribution of X is normally distributed even for small samples of size
n< 30 provided sampling is from normal population,

, When o is unknown, it can be substituted by S.

t-distribution with the parameter v =n -1 is given by
t = x;u where v = Degree of freedom
Vn

« The standard normal distribution provide a good approximation to the
t-distribution for samples of size 30 or more.

A random sample of size 144 is taken from an infinite population having the
mean 75 and variance 225. What is probability that ¥ will be between 72 and 77 7

golution : Given data : Size of sample n = 144, Variance al= 125

o = 4225 =15
Meanp = 75
X =72, X% =77
Z = X-u
o/vn
Xy-m _ 72-75 -3
Z; = =2 = i R ¥ |
' 5/dn 15/1a /12
Z, = Xo=p _ 77-75 2 16

o/vn 15/ 15/12
P{72<x<77) = P (X1<X<X;)
= P(-24<Z<0)+P(0<Z<1.06)
= P(0<Z<24)+P(0<Z<16)
0.4918 + 0.4452 = 0.9370

A random sample of size 100 is taken from an infinite population having the
mean | = 76 and the variance 0> = 256. What is the probability that X will be between
75 and 78 7

TECHNICAL PUBLICA 'I".'l:!i.r"qISm - an up-thrus! for knowiedge
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Solution : Given data : Mean i =76 I

Vnim:tﬂz = 256
g = 16

n = 100, X =75 x2 =78

- H-76 _ -1

= e— T

& A — = — 0.625
Zy = S in 16/4100 16/10

X;-p _ 78-76 _ 2 _
c/+n 16/5100 16/10

Zz‘

125

P(75 <x < 7E) P (- 0625< Z < 1.25)

l.:.q
',Q:.-

=Y
ey

R
=

P(-0625< Z< 0)+ P (0< Z<1.25)

.-"':'?:Eﬁ' vn::‘?d‘
625)+ P (0< Z<1.25) )
=R Zs0) i )
= 02324 + 03944 = 0.6268 ﬁ‘ﬁ’:*:isifiﬂf..g-:%::ﬁ’f"
wanle olelelel -
Z,=-0625 o z,=125 2

CEETEIXD Vien @ sample is taken from an infinite population, what happen to the
standard error of the mean if the same size is decreased from 800 to 200 ?

Solution : )., for standard error = —

Jn
Sample size = n
n; = B00 and n, =200
Standard error (SEq) = —— = ——=—2__ =_©
=) Jn; /800 J400x2 2042
Standard error (SE+) = ~—0— 8 2 & D = 2
Cr) = 7= = 3% ~ oz~ 1042
SE = L4 =2 [SE =2L
2 = Jovz 2B [2{1&]

If a sample size is reduced then standard error of mean will be multiplied by 2.
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jﬁfm&m consists of four numbers 2, 3, 4, 5. Consider all possible
qu@Mﬁthﬁﬂd:

dwwﬂa!ﬂm mean  b) The population standard deviation (s.d)
mwiﬂgdishﬂuﬁmofm d) The mean of the S.D of means

) 8d. of S.D of means. Verfy (c) and (¢) directly from (a) ard () by use of suitabe

formlac

. . a) Population mean ()
sottion

2+3+445 14
P g o

p) The popnlzﬁan standard deviation
2 _ 2 xi=X)?  (2-35)2+(3-35)2 +(4-35)? +(5-35)°
n

g = 4
o 2,25+0.15+0.25+2.25=§
4 4
o2 = 125
c = 1118

¢) The sampling distribution of means (Sampling with replacement)
N™ = (4)2 = 16 (sample size = 2)
N

Population size

n

Sample size listing

Sampling distribution is :
(2,2),(2,3),(2,4),(2,5)
(3,2),(3,3),(3,4),(3,5
(4,2),(4,3),(4,4),(4,5
(5.2),(5,3),(5,4),(5,5)

Sample value ~ Total of sample Distribution means
values .

s 0 s 3
; E £ T
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B .: . .- 3
43 —_— 7 R . . I _,3§ skl
B 8 - A |
- o e o
5,2 e, 235
5,3 i S A
e v Sl
Sum of all sample means
Hx = 16
2+2.5+3+3.5+25+3+3.5+4+3+3.5+4+4.5+3.5+4+4.5+5
= 16
" 15% =35

Considering uz = W

d) The mean of the S.D. of means
(2-35)2 +(25-3.5)2 +(3-3.5)% +(35-3.5)
1 |+ @25-35)2 +(3-35)2 +(35-35)2 +(¢ -3.5)*
" 16 {4 (3-35)2 +(35-35)2 +(4-3.5)2 +(4.5-3.5)2
+(35-35) +(4-35)2 +(45-35)% +(5-35)* |

a

w3

+025+1+0+025+1+2.25
16

[225+1+ﬂ.25+ﬂ+1+D.25+D+ﬂ.25+0.25}

- E = 0625 = J0.625 = 0.79

e) s.d. of SD mean

2 2
o2 = o® _(1118)

= 5 = 0.6249
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ppPFT XL A population consists of six numbers 4, 8, 12, 16, 20, 24 consider all samples
of size two which can be drawn without replacement from this population. Find
{) The popufatfan mean ii) The population standard deviation
jii) The mean of the sampling distribution of means
iv) The standard deviation of the sampling distribution of means verify (iii) and (7o) from
(i) and (ii) by use of suitable formulae.

golution : 1) Population mean ()

X X _ 4+48+12+16420424 84
B= n -_ﬁ_'

3 = 14

i) pupu]ation standard deviation (o 2]
) _ X =%)?

o
n

Here X =14, n=6
= —é— [(4-14)2 +(8-14)2 +(12-14)? +(16-14)% +(20-14)2 +(24-14)?]

]

~1£;[(-1ﬂ)2 +(-6)% +(-2)? +(22 +(6)2 +(10)]

100+36+4+4+36+100 _ 280
6 T 6

ol = 46.66
iii) Mean of the sampling distribution of means

Number of samples = 6¢c,
6! 720 _ 720

S 26-2)1 2ix4l @8- °

Fﬂsufple number  Sample values " Total of sample Sample mean
g ; values

T 4,8 12 ¢ o
B 4,12 16 s
. 4,16 20 10 |
f L 4,20 24 N
E 1,2 » 4l
T ®

TECHNICAL PUBLICATIONS™ - an up-thrust for knawledge
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210

210
Mﬂ:tufsamplemeans=-ﬁ=14

The mean of sampling distribution of mean is p, = 14
So, considering i, =H
iv) Standard deviation of the sampling distribution of means

ol = ilzua—m? +(8-14)2 +(10-14)2 +(12-14)% +(14-14)° +(10-14)?

+ (12-19)2 +(14-14)% +(16-14)* +(14 _18)2 +(16-14)2 +(18-14)°
+ (18-14)2 +(20-14)% +(22-14)?]

= 11—. [64+36+16+4+0+16+4 +0+4+0+4+16+16+36+64]
5

280
= —= 15
15 18.66

Standard deviation of sampling distribution of means is
o; = 1866 = 4319

EEEIXTED 4 population consists of 5, 10, 14, 18, 13, 24. Consider all possible samples
of size two which can be drawn without replacement from the population. Find
a) The mean of the population b) The standard deviation of the population
¢) The mean of the sampling distribution of means
d) The standard deviation of sampling distribution of means.

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge

Scanned with CamScanner



Leamning

/lm
Mean of the population (u)

gotuion * ¥

M

5-9

—

5+10+14 +18+13+24

84

6 _‘=‘3-

b sundlfd deviation of the population

GZ

o

I

—

—
=

Y (x; —%)?
n

[(6-14)% +(10-14)? +(14 —14)2

7
wdm

=14

81+16+0+16+1+100 214

;{13—14)2 +(13-14)2 +(24 —14)2

6 ~Tg = 356666

5.9721

o) The mean of the sampling distribution of means

Number of samples = ©Cj

6! 720
= — _ - 15
21(6-2)! 48
Semple number || Sample values  Sample value total  Sample mean |
B 5,10 5+ 10 = 15 1_;:*?:; =
e e e ST | L e e e e g, e ey e g . SR (e OO .. M
2 2 14 5+14=19 19 B
%-— i A il T =95
- = e 2 i
4 5,13 5+13=18
= =
| 2 5, 24 5+24=29 2 s
. 3
10, 14 10 + 14 = 24 ‘zzi"u .
10, 18 10 + 18 = 28 %ﬂ‘
10, 24 10 + 24 = 34 %"-:17 |r
TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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& 10 14,18 14 +18 =32 IR -y
Wt Tl B 2 =16 :
1 14, 13 14+13 =27 B
T =138
1 14,24 14+424=38 .
| o R > =19
3 18, 13 18 + 13 = 31 e o
e 155
1 18,24 18 +24 = 42 £2__
7 =4 |
5 13, 24 13+24=37 B e
| = 185
= 73+95+115+9+145+12+14+115+17 +16+13.5+19+15.5+ 21 +18.5
15
210
==l

d) The standard deviation of sampling distribution of means (ux =H)
a2 w 2 (xi__-—}‘.'-:

= n

(75-14)2 +(95-14)2 +(11.5-14)2 +(9-14)?

_ +(145-14)2 :(12-14)2 +(14-14)2 +(11.5-14)
& + (17 -14)% +(16-14)2 +(135-14)2 +(19-14)?
|+ (155-14)2 +(21-14)2 +(185-14)%

|
i

_ 1 [4115+2025+515+15+015+4+0+515]__ 214

15 | + 9+4+025+25+225+49+2025 15

= 142666

a
|
n

= 3777
EX] Hypothesis Testing

General definition of a hypothesis : A hypothesis is a statement of a relationship
between two or more variables”. A statistical hypothesis is simply a particular kind of
hypothesis.

e A hypothesis is a statement or claim regarding a characteristic of one or more
populations. Hypothesis testing is a procedure, based on sample evidence and
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Ptubabilit}'; used to test claims regarding a characteristic of ome or more
Popﬂ]ﬂﬁm'lS.

, The null hypothesis, denoted Hy (read "H-naught’), is a statement to be tested.
The null hypothesis is assumed true until evidence indicates otherwise. The
alternative hypothesis, denoted H; (read "H-one"), is a claim to be tested. We are
trying to find evidence for the alternative hypothesis.

. A statistical hypothesis is either

1. A statement about the value of a population parameter (e.g., mean, median,
mode, variance, standard deviation, proportion, total) or

2. A statement about the kind of probability distribution that a certain variable
obeys.

« Examples of statistical hypothesis :

a. The mean age of all college students is 20.4 years. (simple hypothesis)

b. The proportion of college students two are men is 60 %. (simple hypothesis)

¢ The proportion of books in the college library whose heights exceed 30 am is
less than or equal to 0.13. (Composite hypothesis)

+ A statistical hypothesis that specifies a single value for a population parameter is
called a simple hypothesis; every statistical hypothesis that is not simple is called
composite.

Hypothesis Testing

» A statistical hypothesis test is a procedure for deciding between two possible
statements about a population. The phrase significance test means the same thing
as the phrase "hypothesis test.”

* A hypothesis test is a statistical method that uses sample data to evaluate a
hypothesis about a population. The general goal of a hypothesis test is to rule out
chance as a plausible explanation for the results from a research study.

* The goal in hypothesis testing is to analyze a sample in an attempt to distinguish
between population characteristics that are likely to occur and population
characteristics that are unlikely to occur.

Basic assumption of hypothesis testing
* If the treatment has any effect, it is simply to add or subtract a constant amount to
) each individual's score.

¢ Remember that adding or subtracting constant changes the mean, but not the
shape of the distribution for the population and/or the standard deviation.

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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o The population after treatment has the same shape and standard deviation as the
population prior to treatment.

o If the individuals in the sample are noticeably different from the individuals in the
original population, we have evidence that the treatment has an effect.

The purpose of the hypothesis test is to decide between two explanations :
1. The difference between the sample and the population can be explained by
sampling error.
2 The difference between the sample and the population is too large to be explained
by sampling error.

Steps in hypothesis testing
L. Specify the null hypothesis.
1 Specify the alternative hypothesis
3. Set the significance level (7)
4. Calculate the test statistic and corresponding P-value.
5. Drsplay the candlusion.

Step 1 : Formulate the hypothesis '

o A null hypothesis is a statement of the status quo, one of no difference or
effect. If the null hypothesis is not rejected, no changes will be made.

* An altermative hypothesis is
ene in which some difference
or effect is expected.

* The null hypothesis refers to a  Reie?t o=
specified wvalue of the
population parameter, not a —/
sample statistic.

Step 2 : Select an appropriate test
¢ The test statistic measures how
dose the sample has come to
the null hypothesis.

* The test statistic often follows
a well-known distribution (e.g.,
normal, t, or chi-square).

¢ Calculate Z statistic.
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H@i"‘
Choos® level of significance

gop
ﬁP"Emr

’

, The
| Error v 4 :

1yPe Occurs if the null hypothesis is not rejected when it is in fact false.

' e Prnbﬂbﬂity of type II error is denoted by p.
]

Unﬁkeu;mehisspedﬁEdb}' the researcher, the magnitude of P depends on the
sctual value of the population parameter (proportion).

, qtis necessary to balance the two types of errors.

The power of a test is the probability (1 - f) of rejecting the null hypothesis when
it is false and should be rejected. Although B is unknown, it is related to .

4 : Collect data and calculate test statistic

, The required data are collected and the value of the test statistic computed. The
test statistic z can be calculated as follows :

P-n
Zal = U_P_

if the null hypothesis is rejected when it is in fact true.
robability of type I error (a) is also called the level of significance.

Stop 5 ¢ Determine probability valuelcritical value
o Using standard normal tables.

+ Note, in determining the critical value of the test statistic, the area to the right of
the critical value is either a or a/2. It is a for a onetail test and a/2 for a
two-tail test.

o If the prob associated with the calculated value of the test statistic (Z ) is less
than the level of significance (), the null hypothesis is rejected.

o Alternatively, if the calculated value of the test statistic is greater than the critical
value of the test statistic (z, ), the null hypothesis is rejected.
1. Two-tailed alternative : If the alternative states that a population parameter is
different from a specific value. The corresponding test is called a two-tailed test.

2, Right-tailed alternative : If the alternative states that a population parameter is
greater than a specific value. The corresponding test is called a right-tailed test.

3, Left-tailed alternative : If the alternative states that a population parameter is less
than a specific value. The corresponding test is called a left-tailed test.
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Compare with level Determine if TS
of significance, a falls into (Non)
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Reject / Do not Reject H,

Fig. 5.9.2

Decide the rejection region of the test
e Based on the test statistic and a given confidence level, we can determine the
rejection region, the acceptance region, and the critical value of the test.

*» Rejection region is the region in which we can reject the null-hypothesis when the
test statistics falls in this region. Acceptance region is simply the complement of
» Critical value is the value on the boundary of the rejection region and acceptance
region.

1) For arbitrary population,
acceptance and rejection
regions are shown in
Fig. 593.

2) For normal population,

acceptance and  rejechon
regions are shown in
Fig. 594. Fig. 5.9.3 Arbitrary population

— ———u—.______
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D o B = ==

Flg. 5.9.4 Normal population
pyalue and hypotheses testing
o As an alternative approach to the rejection/acceptance-region approach, we can
calculate a probability related to the test statistic, called P-value, and base our
decision of rejection/acceptance on the magnitude of the P-value.

o P-value is the probability to observe a value of the test statistic as extreme as the

one observed, if the null hypothesis is true. So a small P-value indicates that the
null hypothesis is not true and hence should be rejected.

In a hypothesis testing problem :

a) The null hypothesis will not be rejected unless the data are not unusual (given that
the hypothesis is true).

b) The null hypothesis will not be rejected the P-value indicates the data are very
unusual (given that the hypothesis is true).

¢) The null hypothesis will not be rejected only if the probability of observing the
data provides convincing vidence that it is true.

d)The null hypothesis is also called the research hypothesis ; the alternative
hypothesis often represents the status quo.

e) The null hypothesis is the hypothesis that we would like to prove ; the alternative
hypothesis is also called the research hypothesis.

m Diffaranca batwean NuII and hltematwa Hyputhesis

i P TR R

F &No. Null hypothesil Altemzhﬂhypolheﬂs '
‘ prm‘*“byﬂo . | _ Represented by Hy. ——
A Statemmtaboutﬁmvalueofa Statement about the value of a belﬂltl-fi

4 ulation parameter. population parameter that must |
L_'_._.._,__._;;,_?_ PR e thcnu]l hypo&muhhe. . bl |
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| 4 Thisis the hypothesis or claim thatis . This is the hypothesis or claim whie
Ff initially assumed to be true. initially assume to be false but wm::
decide to t if {
| I
! 5. Independent variable had no effect on ﬁndependmt variable did have m.-% -
L the t variable. on the dependent variable. effec |
e R e O e O e

Monte Carlo Approximation

o Monte Carlo method is used for drawing a sample at random from the eMpiricy|

distribution.

Using the Monte Carlo technique, we can approximate the expected value of any
function of a random variable by simply drawing samples from the population of
the random variable, and then computing the arithmetic mean of the function

applied to the samples.

These methods are used in cases where analytical or numerical solutions dony
exist or are too difficult to implement

Monte-Carlo methods generally follow the following steps :

1. Determine the statistical properties of possible inputs

2, Generate many sets of possible inputs which follows the above properties

3. Perform a deterministic calculation with these sets

4. Analyze statistically the results

Monte Carlo integration uses random sampling of a function to numerically
compute an estimate of its integral. Suppose that we want to integrate the

one-dimensional function f (x) from a to b :
b
F = L f(x) dx

We can approximate this integral by averaging samples of the function f at
uniform random points within the interval

IERE} Fill in the Blanks
Q.1 The probability of the joint event A and B is defined as the

Q.2 A set of all possible outcomes of an experiment is called

experiment.
Q3 The outcomes of the trial are said to be
them precludes of all other outcomes.

rule
space of that

, if the occurrence of one of
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" e
mcﬁm which takes on any value from the sample space and its range is

some set of numbers is called a of an experiment.

a5 A _— probability is a probability that measures the likelihood that two or
more events will happen concurrently.

a6 If n independent Bernoulli trials are performed and X represents the number of
success in those n trials, then X is called a random variable

a7 _—— isa finite set of objects being investigated

a8 Random sample refers to a sample of objects drawn from a in a way
that every member of the population has the same chance of being chosen.

Q9 Sampling distribution refers to the probability distribution of a variable
defined in a space of random samples.

Q.10 The arithmetic mean of a discrete random variable of the probability distribution
is called as

a.11 The intersection of two events A and B, denoted by the symbol
event containing all elements that are common to A and B.

, is the

Q.12 Random variables whose values can be written as a finite or infinite sequence are
called

Qi3 A variable takes numerical value which is determined by the result of
the random experiment.

Q.14 Cross-correlation is a measure of similarity of two series as a function of the
displacement of one relative to the other. This is also known as a

Q15 When the changes in one variable are associated or followed by the changes in

the other is called
Q.16 Laplace distribution, which is also known as the exponential distribution
Q17 The distribution is the probability distribution of the number of failures

we get by repeating a Bernoulli experiment until we obtain the first success.
Q.18 Covariance can be between 0 and

Q19 In a binomial distribution, when the number of trials n is large and the
probability of success p is small, the distribution approaches the ___
distribution

Q20 If p is not an integer, the mode of Poisson distribution is integral part of p. In
this case the distribution is called
Q21 In binomial distribution, formula of calculating mean is

Q22 When sample sizes are small, as is often the case in practice, the _____
Theorem does not apply

Q23 A is a statement of a relationship between two or more variable.
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Multiple Cholce Questions

Q1 Two items are chosen at random from a 12 items of which 4 are defecl:ive._;_b:‘
the even! that both items chosen are defective'. What is P(A)?

a 1/1 b 14/33

<« 10/m d 1/33

Q2 Two events are not independent if

_l Events are not mutually exclusive

b Events are mutually exclusive

¢ Outcome of one trial does not depend on the outcome of the other trial

'd Nane of these

Q3 A random variable is said to be discrete if its range set is

‘2 Finite b Countably infinite
¢ Either (a) or (b) 'd} Neither (a) nor (b)
Q4 A pair of fair dice is tossed. What is the probability that the maximum of the two
numbers is greater than 47
2 4/36 'b] 20/36
© 2/36 d 6/36

Qs If X is the random variable representing the number of tails obtained when a
coin is tossed four times, the maximum value taken by X is

0 b 3
3 d 16

n)m]

Q6 Which among the following is a sample space obtained while tossing a coin
thrice?

(HDTHADHH)

(HHH)HTDIT,T)

(HH)/T.T))

(HHH),HHT), (HI1),THT),HTH),T,TH),THH),TIT)

alinlle |(w]
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a1 K all values of a sample are same, then its variance is

a1 b0
fc 2 'dCannot be determined

a8 If A=(1) and B=[23} in S=(12356)which is the event representing the
occurrence of exactly one of events A, B ?

a (123) b (]

—

< 3 ds

IIIII

'a Independent 'b. Conditional

|
b

g

| ¢! Disjoint 'd All of these

Rt | S

Q10 fP(AUB) =5/6 and P(ANB)=1/3and P(A°) =}, then P(A/B)is

fal 1 b 025
¢l 075 'd 050

a 0<P©) <1 b PE) =1
c] PE)=0 d P(@S) 20

Q.12 If the increase or decrease in one variable corresponds to an increase or decrease

in the other, the correlation is said to be correlation.
E Auto E Cross
(¢ Positive "E Negative

Q13 Examples of few important continuous random distributions are

:g] Uniform distribution }@_ Gaussian distribution
{E Laplace distribution ::f All of these

Q14 A family of parametric distribution in which mean = variance is
L‘!, Binomial distribution l_}_ Gamma distribution

"c! Normal distribution 'd' Poisson distribution

s
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Q15 Let X is a binomial variate with parameters n and p. If n=1, the distribution of x
reduces to

E Poisson distribution
c Bermoulli distribution

Binomial distribution
Uniform distribution

Q.16 Binomial distribution with parameters n and p is said to be symmetric if
2 q<p bl q=p
< q>p d q#p

Q.17 Which of the following real life situations follow Poisson distribution
E The number of printing mistakes per page of a book

The number of defects per item produced

The number of persons arriving in a queue
| All the above.

Q.18 The skewness of a binomial distribution will be zero if
P<1/2 b p=1/2
p>1/2 diP=gq

olln o]

f

I

-d
C

Q19 The null and alternate hypothesis statements are important parts of the analytical

methods collectively knownas _________ inferential statistics.
‘a Inferential b descriptive
¢ fixed 'd! variable
Q20 Null hypothesis is represented by
2 H b H,
< H d/ Hy
Q21 The probability of type I error is also called the
2 significance b, level of significance
c ftest statistic 'd none of these
Q22 Tolerance limits cannot be directly calculated using the distribution
table.
;: binomial :-tl_ probability
‘¢ normal 'd’ all of these

\
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"Eﬁ interval provides a good estimate of the location of a future
observation, which is quite different from the estimation of the sample mean
value.

o

‘a } predict'itm ‘1; confidence

¢! alternative L_d_ all of thase

T
answer Keys for Fill in the Blanks
Q1 | product | Q2  sample Q3 mutually QA4 random variable

Q.5 . joint - Q.6 - binomial . Q7 . Population . Q.8 Population ,
random 10 expectation of
Q9 Q __random variable |

s e

Q11 A?B Q12 discrete random |
i variables !

S

;: random Q.14 ;lirinugddat le correlation Q.16 dnuble-ﬂd_ed_
E;; geometric ?_Q.lﬁf infinity §Q.19§' Poisson Q20 unimodal
_521 p = np Q.zz Central Limit Eg; hypothesis o
Answer Keys for Multiple Choice Questions

@1 | & 02| b 3| ¢ o4 b |

Q5 | ¢ QGdQ?bQEa

Q9 ¢ Qo 4 Qou b Qun o«

013 d Qu . 4 . Q15 |« Q16 b

Q17 dqmcqmaq,md

Q.Zle.EZ':Q_z';a

Qa0
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W

' hods, Bayesian th :
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0
;:; jmportance of Bayesian Methods

Bayes Theorem
payes' Theorem and Concept Leaming

Bayesian Belief Network

6.2
6.3

6.4
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|
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m Importance of Bayesian Methods

o Bayesian methods allow us to estimate model parameters, to construct mode]
forecasts and to conduct model comparisons. Bayesian learning algorithms can
calculate explicit probabilities for hypotheses.

» Bayesian classifiers use a simple idea that the training data are utilized to calculate
an observed probability of each class based on feature values.

e When Bayesian classifier is used for unclassified data, it uses the observed
probabilities to predict the most likely class for the new features.

o Each observed training example can incrementally decrease or increase the
estimated probability that a hypothesis is correct.

e Prior knowledge can be combined with observed data to determine the final
probability of a hypothesis. In Bayesian learning, prior knowledge is provided by
asserting a prior probability for each candidate hypothesis, and a probability
distribution over observed data for each possible hypothesis.

e Bayesian methods can accommodate hypotheses that make probabilistic
predictions. New instances can be classified by combining the predictions of
multiple hypotheses, weighted by their probabilities.

« Even in cases where Bayesian methods prove computationally intractable, they can
provide a standard of optimal decision making against which other practical
methods can be measured.

¢ Uses of Bayesian classifiers are as follows :

1. Used in text-based classification for finding spam or junk mail filtering.
2 Medical diagnosis.
3. Network security such as detecting illegal intrusion.

Bayes Theorem

» Bayes' theorem is a method to revise the probability of an event given additional
information. Bayes's theorem calculates a conditional probability called a posterior
or revised probability.

o Bayes' theorem is a result in probability theory that relates conditional
probabilities. If A and B denote two events, P(A|B) denotes the conditional
probability of A occurring, given that B occurs. The two conditional probabilities
P(A|B) and P(B|A) are in general different.

* Bayes theorem gives a relation between P(A|B) and P(B|A). An important
application of Bayes' theorem is that it gives a rule how to update or revise the
strengths of evidence-based beliefs in light of new evidence a posteriori.
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, A prior probability is an initial probability value originally obtained before any
,dditional information is obtained.

, A posterior probability is a probability value that has been revised by using
additional information that is later obtained.

, Suppose that By, By, B3 ... B, partition the outcomes of an experiment and that A

is another event. For any number, k, with 1 < k < n, we have the formula :

P(A/By)-P(By)

P(Bx/A) = —
Y P(A/B;)-P(B))

i=1

A mechanical factory production line is manufacturing bolts using three
machines, A, B and C. The total output, machine A is responsible for 25 %, machine B
fgyss%and machine C for the rest. The machines that 5 % of the output from machine
A is defective, 4 % from machine B and 2 % from machine C. A bolt is chosen at
random from the production line and found to be defective. What is the probability that it
i machine A’ ii. machine B ii. machine C 7

Solution : Let

(bolt is defective],
[bolt is from machine A},
= {bolt is from machine B},
= {bolt is from machine C}.
Given data : P(A) = 0.25, P(B) = 0.35, P(C) = 0.4.
P(D|A) = 0.05, P(D|B) = 0.04, PD|C) = 0.02.
From the Bayes' Theorem :

P(A/D)

N w » U
1

P(D/A)x P(A)
P(D/A)x P(A) + P(D/B)x P(B) + P(D/C)x P(C)

_ 0.05x 0.25
0.05% 0.25 + 0.04 x 0.35 + 0.02% 0.4

_ 0.0125
0.0125 +0.014 +0.008

P(A/D) = 03621
5imi]arly:

P(D/A)x P(A)+ P(D/B)x P(B)+ P(D/C)x P(C)

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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= 0.04x 0.35 N
0.05x 0.25 + 0.04 x 0.35 + 0.02x 0.4
- 0.014 _ 0014
0.0125+0.014+ 0.008  0.0345
P(B/D) = 0.4057 X
P(C/D) = P(D/C)x P(C)
P(D/A)x P(A)+ P(D/B)x P(B) + P(D/C)x P(C)
_ 0.02x 0.4
0.05x 0.25 + 0.04x 0.35 + 0.02 x 0.4
_ 0.008 _0.008
0.0125 + 0.014 + 0.008 ~ 0.0345
P(C/D) = 02318

Atncafamuumty 4%ofmmardﬂwﬁfedtaﬂnndl%afwamh‘
mmSﬁdhﬂ The total student population is divided in the ratio 3 : 2 in favour of

mﬁnﬂnﬂmtmsﬂmﬁatwﬂmﬁwmmongaﬁﬂmammfmmﬂ what is
the probability that the student is a woman 7 |

Solution :
M =

F =

T

Given data :
PM) =
P) =
P(T|M)
P(T|F) =

Let us assume following :

(Student is Male},
(Student is Female},
(Student is over 6 feet tall].

2/5,
3/5,

4/100

1/100.

Using Bayes' Theorem we have :

3
1 3 —
” P(T/F) P(F) 0075 _ aﬁ-é‘-]ﬂ'g"
P(E/T) = Peyp P(F)+ P(T/M) P(M) 1 3, 4 2 _° +zp
10%5 * 10955 50
3
P{F;n = '1_1 Siles /
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@ prior and Posterlor Probabllity

, In Bayesian leamning, the best hypothesis means the most probable hypothesis,

given the data D plus any initial knowledge about the prior probabilities of the
various hypothesis in H.

, Bayes theorem provides a way to calculate the probability of a hypothesis based
on its prior probability, the probabilities of observing various data given the
h}rpntlwsis and the observed data itself.

. Bayes' theorem is a method to revise the probability of an event given additional
information.

« Bayes' theorem calculates a conditional probability called a posterior or revised
prubability.

+ Bayes' theorem is a result in probability theory that relates conditional
probabilities. If A and B denote two events, P(A[B) denotes the conditional
probability of A occurring, given that B occurs. The two conditional probabilities
P(A[B) and P(B|A) are in general different.

o This theorem gives a relation between P(A[B) and P(BJA). An important

application of Bayes' theorem is that it gives a rule how to update or revise the
strengths of evidence-based beliefs in light of new evidence a porteriori.

s A prior probability is an initial probability value originally obtained before any
additional information is obtained.

e The prior knowledge or belief about the probabilities of various hypotheses in H is
called Prior in context of Bayes' theorem.

o The probability that a particular hypothesis holds for a data set based on the Prior
is called the posterior probability or simply Posterior.

o A posterior probability is a probability value that has been revised by using
additional information that is later obtained.

e If A and B are two random variables

P(A/B) = —P‘pr ‘E{M

o In the context of classifier hypothesis h and training data I.
P(I/h)P(h
p(h/D) = P/h)P(h)

P(I)
Where (h) = Prior probability of hypothesis h
() = Prior probability of training data I
= . _
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(h)
P(h)

Probability of h given I
Probability of I given h

IF¥] Maximum - Likelihood Estimation

¢ Maximum - Likelihood Estimation (MLE) is a method of estimating the parameters
of a statistical model. When applied to a data set and given a statistical model,
maximum - likelihood estimation provides estimates for the model's parameters,
X1.X3,X3,-,X, have joint density denoted fg(xy,x;,:*,Xn) = f(x1, X2, ,x,|8).
Given observed values X; = X;,x3 = X3, , X5 = Xp-
Lik@®) = f(x1,x3,,%p|6)

Considered as a function of 8.

o [f the distribution is discrete, f will be the frequency distribution function.

¢ The maximum likelihood estimate of 8 is that value of that maximises lik(B) : It is
the value that makes the observed data the most probable.

Examples of maximizing likelihood :
¢ A random variable with this distribution is a formalization of a coin toss. The
value of the random variable is 1 with probability 6 and 0 with probability 1 - 8.
Let X be a Bernoulli random variable and let x be an outcome of X, then we have

8 if x=1
s {I—E if x=[]]

¢ Usually, we use the notation P(.) for a probability mass and the notation P(.) for a
probability density. For mathematical convenience write P(X) as
PX=x) = 6*(1-8)1™

IEX) Bayes' Theorem and Concept Learning

A consistent leamer is one that returns some hypothesis h from the hypothesis class
H that is consistent with a random sequence of m examples. A consistent learner is a
MAP learner, if all hypothesis are a-priori equally likely.

[EE] Consistent Leamners

» The group of learners who commit zero error over the training data and output
the hypothesis are called consistent learners.

o [f the training data is noise free and deterministic and if there is uniform prior
probability distribution over H, then every consistent learner outputs the MAP
hypothesis

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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@ Bayes Optimal Classifier

. Bayes' classifier is a classifier that minimizes the error in a probabilistic manner. If
it is Bayes' optimal, then the errors are weighed using the join probability
distribution between the input and the output sets.

o The Bayes error is then the error of the Bayes classifier.

@ Naive Bayes Classifier

o Naive Bayes classifiers are a family of simple probabilistic classifiers based on
applying Bayes' theorem with strong independence assumptions between the
features.

o It is highly scalable, requiring a number of parameters linear in the number of
variables in a learning problem.

» A Naive Bayes classifier is a program which predicts a class value given a set of
attributes.

s For each known class value,
1. Calculate probabilities for each attribute, conditional on the class value.

2. Use the product rule to obtain a joint conditional probability for the attributes.

3. Use Bayes rule to derive conditional probabilities for the class variable.

e Once this has been done for all class values, output the class with the highest
probability.

¢ Naive bayes simplifies the calculation of probabilities by assuming that the
probability of each attribute belonging to a given class value is independent of all

other attributes. This is a strong assumption but results in a fast and effective
method.

» The probability of a class value given a value of an attribute is called the
conditional probability. By multiplying the conditional probabilities together for
each attribute for a given class value, we have a probability of a data instance
belonging to that class.

e A key benefit of the naive Bayes classifier is that it requires only a little bit of
training information to gauge the parameters essential for the classification.

* In the Naive Bayes classifier, independent variables are always assumed, and only
the changes of the factors/variables for each class should be determined and not
the whole covariance matrix.

Advantages :
L. Simple to implement

2, Calculation is fast and produce effective result.
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3. Suitable for noisy and missing data

4. Works well for small number of data.

Disadvantages :
1. Not suitable for large database
2. Estimated probabilities have relatively lower reliability

XA Bayesian Belief Network

Bayesian Belief Networks (BBN) are also known as belief networks, Bayesian
networks, and probabilistic networks. BBN is a special type of diagram (called a
directed graph) together with an associated set of probability tables.

The graph consists of nodes and arcs. The nodes represent variables, which can be
discrete or continuous. The arcs represent causal relationships between variables.

A belief network is defined by two components : Directed acyclic graph and a set
of conditional probability tables.

BBNSs enable us to model and reason about uncertainty. BBNs accommodate both
subjective probabilities and probabilities based on objective data. The most
important use of BBNs is in revising probabilities in the light of actual
observations of events.

Each node in the directed acyclic graph represents a random variable. The
variables may be discrete or continuous - valued. They may correspond to actual

attributes given in the data or to “hidden variables" believed to form a
relationship.
Each arc represents a probabilistic dependence. If an arc is drawn from 3 :;;.d.e Y
to a node Z, then Y is a parent or immediate predecessor of Z, an is a

descendant of Y. Each variable is conditionally independent of its non -
descendants in the graph, given its parents.

Fig. 6.4.1 shows simple belief network. @
} ( Smoker )

The diagram consists of nodes and arcs.

interested to calculate the conditional ysema

- al :
probabilities. The arc represents the caus @
relationship of the variables. posstnecs.
Belief network has one Conditional
Probability Table (CPT) for each variable. Fig. 6.4.1 simple b olief network

The nodes represent the discrete or - .
continuous variables for which we are (_Cancer’ r
Emph
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g Loaming 6-9 Bayesian Concept Leaming

obability theory is the body of knowledge that enables us to reason formally
Pr B
about uncertain events.

The pmhability P of an uncertain event A, written P(A) is defined by the
frequency of that event based on previous observations. This is called frequency
pased Pmbabilit}r.

[n general, a person belief in a statement a will depend on some body of
nowledge K. We write this as P(alK). The expression P(a|K) thus represents 2
pelief measure.

, Sometimes, for simplicity, when K remains constant we just write P(a), but you
must be aware that this is a simplification.

. The notion of degree of belief P(A[K) is an uncertain event A is conditional on a
pody of knowledge K. In general, we write P(A|B) to rep represent a belief in A
under the assumption that B is known.

» Bayesian belief network describes the joint probability distribution of a set of
attributes in their joint space.

« Bayesian networks are used for modelling beliefs in domains like computational
biology and bioinformatics such as protein structure and gene regulatory
networks, medicines, forensics, document classification, information retrieval,
image processing, decision support systems, sports betting and gaming.

o Example : Alarm system example.

o Assume your house has an alarm system against burglary. You live in the
seismically active area and the alarm system can get occasionally set off by an
earthquake.

* You have two neighbors, Mary and John, who do not know each other. If they
hear the alarm they call you, but this is not guaranteed.

» We want to represent the probability distribution of events : Burglary, Earthquake,
Alarm, Mary calls and John calls.

Causal relations :

Fig. 6.4.2
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e dencies between variables.
- Direct (causal) depen ced by Earthquake, The chance

PE)

is influen

of Iuhn Calhn
B is

Fig. 6.4.3

P(E)

P(E)

Tecsni F
0,002 0.098

P(M|A)

Al T B
T|] 07 0.3
F| 001 099

P(J]A)

Thi VF
090 0.1
005 095

n =

Fig. 64.5 -
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@ |:||I in the Blanks
Y —The group of leamers who commit zero error over the training data and output
the hypothesis are called learners.
The Bayes rule, also known as ___ theorem, can be derived by
al combining the definition of conditional probability with the product and sum

cules.
The probability of the joint event A and Bis defined asthe _____ rule

g Ifn independent Bernoulli trials are performed and X represents the number of
& succﬁSi“thm“malsfﬂ‘E“XECAUEda __ _ random variable.
ngulatiﬂﬂ isa ________ set of objects being investigated.

e refers to a sample of objects drawn from a population in a way that
every member of the population has the same chance of being chosen.

ampling distribution referstothe ____ of a random variable defined in

a space of random samples.

theorem calculates a conditional probability called a posterior or

revised probability.

1 Y J——— estimate of a parameter consists of an interval of numbers along

with a probability that the interval contains the unknown parameter.

Bayes' theorem provides a way to calculate the probability of a hypothesis based

Q10

on its the probabilities of observing various data given the hypothesis
and the observed data itself.

a1 PAC-learnability is largely determined by the number of training examples
required by the

Q12 Aleameris ______ if it outputs hypotheses that perfectly fit the training
data, whenever possible.

Answer Keys for Fill in the Blanks

Q1' consistent Q.2  Bayes - Q3 | product

Q4 | binomial Q5 finite Qs | Random sample

Q7 probability distribution Q.8 Ba}ve-; : Q_E confidence interval

Q-lﬂ prior probability Q.11 = leamer : Q.u_; consistent

aaa
b
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Supervised Learning Example

Supervised Learning is defined by its use of labeled datasets to train algorithms
that to classify data or predict outcomes accurately. As input data is fed into the
model, it adjusts its weights until the model has been fitted appropriately, which
occurs as part of the cross validation process.

Supervised learning helps organizations solve for a variety of real - world
problems at scale, such as classifying spam in a separate folder from your inbox.

Supervised learning uses a training set to teach models to yield the desired
output. This training dataset includes inputs and correct outputs, which allow the
model to learn over time. The algorithm measures its accuracy through the loss
function, adjusting until the error has been sufficiently minimized.

Supervised learning can be separated into two types of problems when data
mining, classification and regression :

Classification uses an algorithm to accurately assign test data into specific
categories. It recognizes specific entities within the dataset and attempts to draw
some conclusions on how those entities should be labeled or defined. Common
classification algorithms are linear classifiers, Support Vector Machines (SVM),
decision trees, k-nearest neighbour, and random forest, which are described in
more detail below.

Regression is used to understand the relationship between dependent and
independent variables. It is commonly used to make projections, such as for sales
revenue for a given business. Linear regression, logistical regression, and
polynomial regression are popular regression algorithms.

Examples of supervised learning are as follows :

a) Prediction of results of a game based on the past analysis of results

b) Predicting whether a tumour is malignant or benign on the basis of the
analysis of data

¢) Price prediction in domains such as real estate, stocks, etc.

Classification Model

Classification is used to find out in which group each data instance is related
within a given dataset. It is used for classifying data into different classes
according to some constraints.

Data classification is a two - step process : Learning and classification.

During first step the model is created by applying classification algorithm on
training data set then in second step the extracted model is tested against 2
predefined test data set of measure the model trained performance and accuracy.

TECHNICAL PUEUCJIHGNS‘ - an up-thrust for knowledge
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, So classification is the process to assign class label from data set whose class label

is unknown.

Classification is the task of choosing the correct class label for a given input. In

pasic classification tasks, each input is considered in isolation from all other

inputs, and the set of labels is defined in advance. Some examples of classification

tasks are :

2) Deciding whether an email is spam or not.

Deciding what the topic of a news article is, from a fixed list of topic areas

such as "sports,” "technology," and "politics."

¢) Deciding whether a given occurrence of the world bank is used to refer to a
river bank, a financial institution, the act of tilting to the side, or the act of
depositing something in a financial institution.

b)

The basic classification task has a number of interesting variants. For example, in
multi - class classification, each instance may be assigned multiple labels; in
open - class classification, the set of labels is not defined in advance; and in
sequence classification, a list of inputs are jointly classified.

A classifier is called supervised if it is built based on training corpora containing
the correct label for each input.

s Example :

1. Image and object - recognition : Supervised leaming algorithms can be used
to locate, isolate, and categorize objects out of videos or images, making them
useful when applied to various computer vision techniques and imagery
analysis.

2. Predictive analytics : A widespread use case for supervised learning models is
in creating predictive analytics systems to provide deep insights into various
business data points.

3. Customer sentiment analysis : Using supervised machine learning algorithms,
organizations can extract and classify important pieces of information from
large volumes of data - including context, emotion and intent - with very little
human intervention.

4. Spam detection : Spam detection is another example of a supervised learning
model.

TECHNICAL PUBLICATIONS® - an up-thrust for knowiedge
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EE) Learning Steps
o Fig. 7.3.1 shows classification steps.

Problem

Deﬁnilinnufhﬁungsgt S———

Algoerithm selection =
r
|
Trahning ——————————————
]
Evaluation with testset = |=
Match 7 ‘Parameter training
Classifier
Fig. 7.3.1 iy e
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1. Problem identification : First step of supervised leaming is problem
identification. Problem statement must be well defined. It contains goals and
benefits.

5. ldentification of required data : The required data set that precisely
represents the identified problem needs to be identified/evaluated.

3. Data pre-processing : This is related to the cleaning/transforming the data set.
This step ensures that all the unnecessaryfirrelevant data elements are
removed.

4, Definition of training data set : Before starting the analysis, the user should
decide what kind of data set is to be used as a training set.

5, Algorithm selection : This involves determining the structure of the leamning
function and the corresponding learning algorithm.

6. Training : The learning algorithm identified is run on the gathered training set
for further fine tuning.

7. Evaluation with the test data set : Training data is run on the algorithm, and
its performance is measured here

Classification Algorithms

k-Nearest Neighbour (kNN)

s The k-nearest neighbour (kNN) is a classical classification method and requires no
training effort, critically depends on the quality of the distance measures among
examples.

o The kNN classifier uses Mahalanobis distance function. A sample is classified
according to the majority vote of its nearest k training samples in the feature
space. Distance of a sample to its neighbors is defined using a distance function.

¢ For all points x, y and z distance function F(, .), must satisfy the following

conditions :
i Non-negativity. Rk y) 20 |
L Refliviy  Huy)=Ofadonyifxey
5 Synmewy  FupsFyn
4 Triangle inequality "F{x._ y) + Fiy, x) 2 Fx, )

* Mahalanobis distance is also called quadratic distance.

* Mahalanobis distance is a distance measure between two points in the space
defined by two or more correlated variables. Mahalanobis distance takes the
correlations within a data set between the variable into considerations.

" TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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o If there are two non-correlated variables, the Mahalanobis distance between
points of the variable in a 2D scatter plot is same as Euclidean distance.

 The Mahalanobis distance is the distance between an observations and the center
for each group in m - dimensional space defined by m variables and thej
covariance. Thus, a small value of Mahalanobis distance increases the chance of an

observation to be closer to the group's center and the more likely it is to pe
assigned to that group.

» Mahalanobis distance between two samples (x, y) of a random variable is defined
as

Mahalanobis (X ¥) = xﬁ*' NTY ~lx-y)

j="

» The Mahalanobis metric is defined in independence of the data matrix.

¢ No pre - precessing of labeled data samples is needed before using kNN
algorithm. A dominated class label in k - nearest neighbors of a data point is

assigned as class label to that data point. A tie occurs when neighborhood has
same amount of labels from multiple classes.

» To break the tie, the distances of neighbors can be summed up in each class that
is tied and vector f is assigned to the class with minimal distance. Or, the class
can be chosen with the nearest neighbor. Clearly, tie is still possible here, in which
case an arbitrary assignment is taken.

o There distance functions that can be used in kININ classifier are :

' (St k)

2 clidean distance 2\}/2
!1 L, norm (Euclide 1 ) Ly(x, Y}=[E?=1 |xi‘“}"i| )

1'. I..]J norm

. 3. L norm (Manhattan distance)  [,(x, y) = Zf‘,l I-n ~yil

i
L

¢ Mahalanobis distance that takes into account the correlation S of the dataset :
L y) = {x-yS(x-y)

Advantages of kNN :
1. Simple to implement.
2. Good classification if the number of samples is large enough.
3. High performance accuracy.

IS - an up-thrust for knowledge
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chuosing k may be tricky.

9, Test stage is computationally expensive.

3, No training stage.

@ pecision Tree

. Decision tree learning is a method for approximating discrete - valued target
functions, in which the learned function is represented by a decision tree.

A decision tree is a tree where each node represents a feature (attribute), each link
(branch) represents a decision (rule) and each leaf represents an outcome
(categorical or continues value),

o A decision tree or a classification tree is a tree in which each internal node is
labeled with an input feature. The arcs coming from a node labeled with a feature
are labeled with each of the possible value of the feature.

« A decision tree has two kinds of nodes,

1. Each leaf node has a class lable, determined by majority vote of training
examples reaching that leaf,

2. Each internal node is a question on features. It branches out according to the
answers.

» Decision tree learning is a method for approximating discrete - valued target
functions. The leared function is represented by a decision tree.
*» A decision tree is a tree where
a. Each non - leaf node has associated with it an attribute (feature)
b. Each leaf node has associated with it a classification (+ or -)
c¢. Each arc has associated with it one of the possible values of the attribute at
the node from which the arc is directed.

¢ Internal node denotes a test on an attribute. Branch represents an outcome of the
test. Leaf nodes represent class labels or class distribution.

* A decision tree is a flow - chart - like tree structure, where each node denotes a
test on an attribute value, each branch represents an outcome of the test and tree
leaves represent classes or class distribution. Decision trees can easily be converted
to classification rules.

* There are several steps involved in the building of decision tree.

1. Splitting : The process of partitioning the data set into subsets. Splits are
formed on a particular variable and in a particular location. For each split, two
determinations are made : The predictor variable used for the split, called the

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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splitting variable and the set of values for the predictor variable, called h,
split point.

2 Pruning : The shortening of branches of the tree. Pruning is the process of
redudng the size of the tree by turning some branch nodes into leaf nodes
and removing the leaf nodes under the original branch.

3. Tree selection : The process of finding the smallest tree that fits the data,
Usually this is the tree that yields the lowest cross - validated error.
» The Fg. 74.1 shows an example of a decision tree to determine what kind of
contact lens a person way wear.

not young

Fig. 7.4.1

. Girﬁimpmityisamsu:enfhnwoﬂenarandonﬂychosenelemmtfromﬁlEBﬂ
would be incorrectly labelled if it was randomly labelled according to the
distribution of labels in the subset. -

-Giniirdex,mh'opyandmwkgmlearesameofmefrequencyusedim?“’itf
measures.

* Gini Index for a given node t :

GINIY) = ¥ pi | va-pG|t)-3pG |02

Maximum number of classes when records are equally distributed among all classes
is called maximal impurity.
* Minimum of 0 when all records belong to one class = Complete purity.
* Entropy at a given node by :
Entropy(t) = 3. pj/9log p(j |
I
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» Maximum (logn.) when records are equally distributed among all classes
o Minimum (0.0) when all records belongs to one class (Maximal purity).
» Entropy is the only function that satisfies all of the following three properties :
1. When node is pure, measure should be zero.
2. When impurity is maximal (i.e. all classes equally likely), measure should be
maximal.
3, Measure should obey multistage property.
¢ When a node p is split into k partitions (children), then quality of the split is
computed as a weighted sum :

K n;
GiNwpi = 2, 7-GINIG) = Tp(i| ?
1= ]

where n; = Number of records at child i and n = Number of records at node P.

Gini(p) =n
Gini{1) - n4 / Ginifn)-n, | - Gini(Kk) - ny
Fig. 7.4.2

Information Galn

¢ Entropy measures the impurity of a collection. Information gain is defined in
terms of entropy.

* Information gain tells us how important a given attribute of the feature vectors is,

* Information gain of attribute A is the reduction in entropy caused by partitioning
the set of examples S.

Gain(S, A) = Entropy(S)- ), @Entmpﬂsvl

vevalues lsl

where values (A) is the set of all possible values for attributes A and S,, is the subset
of 5 for which attribute A has value v.

Pruning by Information gain :

* The simplest technique is to prune out portions of the tree that result in the least
information gain.

—

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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This procedure does not require any additional data and only bases the pruning
on the information that is already computed when the tree is being built from

training data.
The process of information gain based pruning required us to identify "twigs”,
nodes whose children are all leaves.
"Pruning” a twig removes all of the leaves which are the children of the twig and
makes the twig a leaf.
o The algorithm for pruning is as follows :
1. Catalog all twigs in the tree.
2. Count the total number of leaves in the tree.
3. While the number of leaves in the tree exceeds the desired number :
a) Find the twig with the least information gain
b) Remove all child nodes of the twig
c) Relabel twig as a leaf
d) Update the leaf count.

Tree Pruning
o If the classifier fits the training instances too closely, it may fit noisy instances and

o that reduces its usefulness. This phenomenon is called coverfitting.
e Pruning simplifies a classifier by merging disjuncts that are adjlacent in instance
space. This can improve the classifier's performance by eliminating error - prone
components.

¢ Pruning of the decision tree is done by :
node. The replacement takes place if a decision rule establis

error rate in the sub - tree is greater than in the single leaf.

replacing a whole sub - tree by a leaf
hes that the expected

» For example :

2 comect
4 incomect
Training Validation @
red blue red blue x
I postive 0 positive 1 positive 1 positive mmnﬁﬁﬁ}dr
Onegative 2 negative 3 negative 1 negative make 2 errors :'u‘:m of 4,
prun
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pecision Tree Algorithm
, To generate decision tree from the training tuples of data partition D.
oyt *
1 Dﬂtﬂ pﬂl’ﬁ.ﬁon {D}

7. Attribute list
3. Attribute selection method.

Algorithm :
1. Create a node (N)

2. If tuples in D are all of the same class then
3. Return node (N) as a leaf node labeled with the class C.

4 If attributes list is empty then retum N as a leaf node labeled with the majority
class in D

5. Apply attribute selection method (D, attribute list) to find the "best" splitting
criterion

6. Label node N with splitting criterion

7. If splitting attribute is discrete - valued and multiway splits allowed

8. Then attribute list -> attribute list -> splitting attributes

9, For each outcome j, select splitting criteria

10. Let D; be the set of data tuples in D satisfying outcome

11. If D; is empty then attach a leaf labeled with the majority class in D to node N

12. Else attach the node returned by generate decision tree (D, attribute list) to node
N

13, End of for loop
14. retum N

Decision Tree Advantages and Disadvantages

Advantages :

1. Rules are simple and easy to understand.

2 Decision trees can handle both nominal and numerical attributes.

3. Decision trees are capable of handling datasets that may have errors.

4. Decision trees are capable of handling datasets that may have missing values.
5. Decision trees are considered to be a nonparametric method.

6. Decision trees are self-explantory.

TECHNICAL PUBLICATIONS® - an up-thrust for knowdedge

' é?gr'{ned with CamSc'anner



7-12 Supervised Leaming : Class.fﬁ.:a;,co,,
|

W and R
.
N

Dindﬂnt:ga . ‘ |
1. Most of require that the target attribute will haye o

values.
ifficult to solve like XOR.

2. Some problem are d
opriate for estimation tasks where the
goal is ¢,
Prediq,

3, Decision trees are less appr
the value of a continuous attribute.

4. Decision trees are prone to errors in classification problems with matiy g
relatively small number of rrauung examples. Clasg ang
IfS5isa mﬂectwn of 14 examples with 9 YES and 5 NO extmpls

calculate entropy.

the algm'ltl'mﬁ |

Solution :
Entropy(S) = Z-p(l}1og2 p(l)

Where p(l) is the proportion of S belonging to class 1.
¥ is over C.
Entropy(S) = —[%}lﬂg:[l—i—]*(%]lﬂgz[%J
= -0.940
Cous:der the following table : &
{ Weekend I Wheather = Parents ' Money Decision
(Example} : ' (Category)
| w Smy  No  Rih  Temnis
W Wy e | R Ciem
W hey  ve ot me
S any S Immsmym
| Wi my | Ve [ Pox | Chese
Y2 4 wdy | oNe g Pex | .
i W . Widy ~ No  Rich  Shopping
IR, B NN Wt
| W sumy  No | Rich | Tennis |
Calculate Entropy and Gain,

TECHNICAL PUBLICATIONS® ~ an up-thrust for knowledge
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g

golution
Entropy(S) = = Pecinema 108 2 (Pcinema ) = Ptennis 108 2 (Ptennis)
~Pshopping IUEZ(Pshnpping]"' Pstay_inl08 2 (Pstay_in)
<. -(6/10)*log 2 (6/10) =(2/10)* log 5 (2/10) - (1/10)* log 5(1/10) = (1/10)* log 5 (1/10)
= -(6/10)*- 0.737 —(2/10)* - 2.322 -(1/10) * - 3.322 - (1/10) * - 3.322
- 04422 + 0.4644 + 0.3322 + 0.3322 = 1.571
and we need to determine the best of :
Gain(S, weather) = 1.571 ~(IS4, 1/10) * Entropy(Syyn ) = (ISying 1/10) * Entropy(S,ying)
=(IS;ain 1/10) * Entropy(S,.in)
= 1.571-(0.3) * Entropy(Seyn) =(0.4) * Entropy(S,iing) - (0.3) * Entropy(Sp;in )
= 1571 = (0.3) * (0.918) — (0.4) * (0.81125) - (0.3) * (0.918) = 0.70
Gain(S, parents) = 1.571 —(IS‘,’,IES I/10) = Entrnp}'{S},ﬂ] = (ISpo 1/10) * Entropy(Sy,)
= 1.571 - (0.5) * 0 - (0.5) * 1.922 = 1.571 - 0.961 = 0.61
Gain(S, money) = 1.571 -(IS 4, [/10)* Entropy(S ,{dl)-{lspm, Hlﬂ)*Entmpy{SPm,}

= 1.571 = (0.7) * (1.842) — (0.3) * 0 = 1571 - 1.2894 = 0.2816
¢ This means that the first node in the decision tree will be the weather attribute.

From the weather node, we draw a branch for the values that weather can take :
Sunny, windy and rainy :

Weather
Sunny Rainy
Windy
Fig. 744

Now we look at the first branch. Sy, = (W1, W2, W10). This is not empty, so
we do not put a default categorization leaf node here.

The categorisations of W1, W2 and W10 are Cinema, Tennis and Tennis
respectively. As these are not all the same, we cannot put a categorisation leaf

node here. Hence we put an attribute node here, which we will leave blank for
the time being.

Looking at the second branch, Sngy = (W3, W7, W8, WS). Again, this is not
empty and they do not all belong to the same class, so we put an attribute node

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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here, left blank for now. The same situation happens with the third branch, hence
our amended tree looks like this :

Weather
Sunny Rainy
Windy
A
Fig. 7.4.5

o In effect, we are interested only in this part of the table :

[ i
| Weekend (Eample) Wheather Parents Money Decision (Category) |
r,_. e = s s i 4 | el o e . o sy . g, -0 SO s o apfo i e mes et 4

wil Surny Yes Rich Cinema :

[ w2 Sunny ~  No Rich Tennis i

E w10 Sunny No Rich Tennis
Hence we can calculate :

GainlSgn.; parents) = 0.918 - (IS e I/IS]) * Entropy(Syes) — (IS, I/ISI) * Entropy(Sy,)
= 0918 - (1/3)=0 - (2/3)+0 = 0918

GainfS,.., money) = 0.918-(IS ;4 I/IS]) * Entl‘opy(Srﬁ}-ﬂSpw I/1ST) # Entropy(S pecr)
=0918 - (3/3)=0918 - (0/3)»0 = 0918 - 0918 = 0

2ZE] svm

* Support Vector Machines (SVMs) are a set of supervised learning methods which
learn from the dataset and used for classification. SVM is a classifier derived from

» An SVMis a kind of large - margin dassifier : It is a vector space based machine
learming method where the goal is to find a dedsion boundary between two
classes that is maximally far from any point in the training data.

* Grven 2 set of trzining examples, each marked as belonging to one of two dasses,
an SVM algonthm builds 2 model that predicts whether a new example falls into
e cass or the other. Simply speaking, we can think of an SVM model 2
represenony the examples as points in space, mapped so that each of the examples
of fhe separate classes are divided by a gap that is as wide as possible.

Scanned with CamScanner
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L

. New examples are then mapped into the same space and classified to belong to
the class based on which side of the gap they fall on.

ple of Bad Decislon Boundarles :

, SVM are primarily two - class classifiers with the distinct characteristic that they
aim to find the optimal hyperplane such that the expected generalization error is
minimized. Instead of directly minimizing the empirical risk calculated from the
training data, SVMs perform structural risk minimization to achieve good
gmera]izatiﬂn.

o Fig. 7.4.6 shows empirical risk.

1 . ]
1 o © .
: Cla ‘o ©
g 55 2 :_o 2
o . (=
LS o — : 3
o
[ ] -
- = = m:
= = = =
Class 1 Class 1

Fig. 7.4.6 Bab decision boundary of SVM

» The empirical risk is the average loss of an estimator for a finite set of data drawn
from P. The idea of risk minimization is not only measure the performance of an
estimator by its risk, but to actually search for the estimator that minimizes nsk
over distribution P. Because we don't know distribution P we instead minimize
empirical risk over a training dataset drawn from P. This general leaming
technique is called empirical rick minimization.

Fig. 7.4.7 Empirical risk
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o Error function measures how much our predictions deviate from the desjreq

answers.
1
Mean-squared error ], = = E (v; —f{xi}]z
i=l...n
Advantages :

a. Training a linear regression model is usually much faster than methods such 4
neural networks.

b. Linear regression models are simple and require minimum memory to implement,

c. By examining the magnitude and sign of the regression coefficients you can infer
how predictor variables affect the target outcome.

Multiple Linear Regression

o Multiple linear regression is an extension of linear regression, which allows a
response variable, y, to be modeled as a linear function of two or more predictor
variables.

* In a multiple regression model, two or more independent variables, i.e. predictors
are involved in the model. The simple linear regression model and the multiple
regression model assume that the dependent variable is continuous.

Difference between simple and multiple regression :

Sr. No. Slmple regresunn Mulhple reg‘:esswn
- One dependent variable Y predicted I-rom One dependent variable Y predlched from
i one independent variable X. a set of independent variables
B R —_——
2 One regressiar: coefficient. One regression coefficient for each

independent variable.

3. r : Proportion of variation in depmdent R? : Proportion of variation in dependmt
variable Y predictable from X. variable Y predictable by set of !
independent variables (X's).

Logistic Regression

» Logistic regression is a form of regression analysis in which the outcome variable
is binary or dichotomous. A statistical method used to model dichotomous or
binary outcomes using predictor variables.

* Logistic component : Instead of modeling the outcome, Y, directly, the method
m&h%d&mmﬁf%fummn
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Leaming 7-19 Supervised Learning : Classification and Regression

Rtsression component : Methods used to quantify association between an
[ ]

outcome and predictor variables. It could be used to build predictive models as a
function of predictors.

In simple logistic regression, logistic regression with 1 predictor variable.
L

in[ P(Y) }= Bo+B1X1 +B2Xo +... 4B, Xy

1-P(Y)

N = B{} +le1 +B2X2 +...+ﬂk}(k+ E

, With logistic regression, the response variable is an indicator of some
characteristic, that is, a 0/1 variable. Logistic - regression is used to determine
whether other measurements are related to the presence of some characteristic, for
example, whether certain blood measures are predictive of having a disease.

. Fig. 7.5:2 shows Sigmoid curve for logistic regression.

3

Linear
1.0+

Logistic

0.0 / =X

Fig. 7.5.2

« If analysis of covariance can be said to be test adjusted for other variables, then
logistic regression can be thought of as a chi-square test for homogeneity of
proportions adjusted for other variables. While the response variable in a logistic
regression is a 0/1 variable, the logistic regression equation, which is a linear
equation, does not predict the 0/1 variable itself.

Lasso and Ride Regression

* Ridge regression and the Lasso are two forms of regularized regression. These
methods are seeking to improve the consequences of multicollinearity-
1. When variables are highly correlated, a large coefficient in one variable may
be alleviated by a large coefficient in another variable, which is negatively
correlated to the former.

2. Regularization imposes an upper threshold on the values taken by the
coefficients, thereby producing a more parsimonious solution and a set of
coefficients with smaller variance.

* Ridge estimation produces a biased estimator of the true parameter .

TECHNICAL PUBLICA '.ri'li'.)ﬂ".l'Sﬂ:I - an up-thrust for knowledge
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» Ridge regression shrinks the regression coefficients by imposing a penalty on their
size. The ridge coefficients minimize a penalized residual sum of squares.

o Ridge regression protects against the potentially high variance of gradients
estimated in the short directions.

Lasso :

* One significant problem of ridge regression is that the penalty term will never

force any of the coefficients to be exactly zero. Thus, the final model will include
all p predictors, which creates a challenge in model interpretation. A more modem
machine leaming alternative is the lasso.

¢ The lasso works in a similar way to ridge regression, except it uses a different
penalty term that shrinks some of the coefficients exactly to zero.

o Lasso : Lasso is a regularized regression machine learning technique that avoids
over-fitting of training data and is useful for feature selection.

Fill in the Blanks

Q1

Q2

£

& ¢

T

Qs

The of a classifier refers to the ability of a given classifier to correctly
predict the class label of new or previously unseen data.

Decision tree induction is the learning of decision trees from ______ training
tuples.

A is a flowchart - like tree structure, where each internal node denotes

a test on an attribute, each branch represents an outcome of the test and each leaf
node holds a class label.

uses information gain as its attribute selection measure.

If we were to use the training set to estimate the error rate of a model, this
quantity is knownasthe ________ error.

CART stands for

A setof class - labeled tuples is used to estimate cost complexity.

A network has one Conditional Probability Table (CPT) for each
variable.

True positives refer to the positive tuples that were correctly labeled by the

—
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> i

——— -
010 A belief network is defined by two components : a ___ and a set of
ail classifiers use distance - based comparisons that intrinsically assign

Q.12

equal weight to each attribute,

The Naive Bayesian classifier is based on _____ theorem with the
independence assumptions between predictors.

[Ed Multiple Choice Questions

a1l

The individual tuples making up the training set are referred to as and
are selected from the database under analysis.

EE] learning tuples Lb training tuples

ici samples Ld database

A is a flowchart - like tree structure, where each internal node denotes
a test on an attribute.

@ decision tree UPL binary tree

]3:] cluster : none of these

ID3 stands for

IEE induction decision tree

E iterative database

E iterative Dichotomiser

@ iterative decision tree

ID3 uses as its attribute selection measure.

iEL decision tree rl; Gini index

lc] information gain  [d attributes

Attribute selection measures based on the principle have the least bias

toward multi - valued attribute.
E maximum description length
minimum description length
minimum distance length

lale sl

maximum distance length

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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ppo tion
e pr——
: - classifiers have the ______ error m
a6 In theory, .Ba}ﬁﬂn umpansqn i
other classifiers. q
p2 jb: maximum
E. minimum |d. zeT0
the Blanks e ™
Answer Keys for Fill in ; T r—
oy | “z Q2 . class - labeled
:l_a_:-_  gecision tree Q4 I3
— ] _— S
. Q5  resubstitution Q6 | dassification and regression trees
Q7 pruming ot oo
R Q.10 : directed acyclic graph,
Q3 : conditional probability tables
| Qi1  Nearestneighbor Q12 Bayes'
Answer Keys for Multiple Choice Questions
Q1 b Q2 a
|
i Q3 c - Q4 C
Q5 b - Q6 C

QQaQ

-
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Unsupervised Learning

. od VS. Unsupervised Learning, Applications, Clustering, Association ruley

p;ﬁ'erﬁﬂce petween Supervised and Unsupervised Leaming
g Unsupervised Leaming

5 Fillin the Blanks
36 Muliple Choice Questions
---""'-'-—.-—'—__
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EXN Difference between Supervised and Unsupervised Learning

Sr. No. Supen'ised Leamning : Unsupmised Leanﬁng

L Dsued output is given. _ Desired output is not given. o

2 lt:snntpo&ﬂ:lemleamhrgermd Itiaposs:’blemleamiarge:mdm i
more complex models than with complex mndels with lmsupervis.ed

3 Uae training data to mfe: mndel N’o training dah is u.sed :

4 Em}mputpattemﬂuflsu.sedtotﬂm Thehrgetwlputisnﬂt mwtu“‘”“
the network is assodated with an output  network. 2 the

- pattem. I .

T i e

5 Trymglupudutahmchanfmmhbeled szrbodetectintereshngmlaﬁmuindau

o e e e e Pt et gl

6. Supervised !eaming uuesthat the Fnr unsupermed leaming ically ei
urgavamhlelsweﬂdeﬁnedmdﬂuta ﬂweh:getvamblemunhmtyvﬂor ther

sufficdent number of its values are given.  only been recorded fnrtmanulla
number of cases. :

7. Enmple - Opttical character re::ogmhm Example Find a. £an:e inan image

it _‘-"-‘-i-w'nru'-'-qv.\, e o

B. We can test our model Weunmttestuu.rmudel
9. Supervised learning is also called Unmpervisadleammgisdmcaﬂed i
classification. ~ clustering. :

Applications of Unsupervised Learning

¢ The main applications of unsupervised learning include clustering, visualization,
dimensionality reduction, finding association rules, and anomaly detection.

o C(lustering allows you to automatically split the dataset into groups according to
similarity. Often, however, cluster analysis overestimates the similarity between
groups and doesn't treat data points as individuals. For this reason, cluster
analysis is a poor choice for applications like customer segmentation and targeting.

» Anomaly detection can automatically discover unusual data points in your dataset.
This is useful in pinpointing fraudulent transactions, discovering faulty pieces of
hardware, or identifying an outlier caused by a human error during data entry.

» Association mining identifies sets of items that frequently occur together in your
dataset. Retailers often use it for basket analysis, because it allows analysts to
discover goods often purchased at the same time and develop more effective
marketing and merchandising strategies.
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Latent variable models are commonly used for data preprocessing, such as

reducing the number of features in a dataset (dimensionality reduction) or

decomposing the dataset into multiple components.

» Segmentation of target consumer populations by an advertisement consulting
agency on the basis of few dimensions such as demography, financial data,
purchasing habits, etc. so that the advertisers can reach their target consumers
efficiently

+ Anomaly or fraud detection in the banking sector by identifying the pattem of
loan defaulters.

o Image processing and image segmentation such as face recognition, expression
identification, etc.

o Grouping of important characteristics in genes to identify important influencers in
new areas of genetics. -

» Utilization by data scientists to reduce the dimensionalities in sample data to
simplify modelling.

¢ Document clustering and identifying potential labelling options.

Xl Clustering

o Given a set of objects, place them in groups such that the objects in a group are
similar (or related) to one another and different from (or unrelated to) the objects
in other groups.

o Cluster analysis can be a powerful data-mining tool for any organization that
needs to identity discrete groups of customers, sales transactions, or other types of
behaviors and things. For example, insurance providers use cluster analysis to
detect fraudulent claims and banks used it for credit scoring.

o Cluster analysis uses mathematical models to discover groups of similar customers
based on the smallest variations among customers within each group.

» Cluster is a group of objects that belong to the same class. In another words the
similar object are grouped in one cluster and dissimilar are grouped in other
cluster.

» Clustering is a process of partitioning a set of data in a set of meaningful .
subclasses. Every data in the sub class shares a common trait. It helps a user '
understand the natural grouping or structure in a data set.

o Various types of clustering methods are partitioning methods, Hierarchical
clustering, Fuzzy clustering, Density based clustering and Model based clustering.

* Cluster anlysis is process of grouping a set of data objects into clusters. }

!
I
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* Desirable properties of a clustering algorithm are as follows :

I ] L

St R ¢ S

.\{qq l.»:'\"{: ;}:@ :@
=g =y

Fig. 8.3.1
1. Scalability (in terms of both time and space)
2. Ability to deal with different data types
3. Minimal requirements for domain knowledge to determine input parameters;
4. Interpretability and usability.
» Clustering of data is a method by which large sets of data are grouped ing,

clusters of smaller sets of similar data. Clustering can be considered the Most
important unspervised leaming problem.

* A cluster is therefore a collection of objects which are "similar” between them and
are dissimilar" to the objects belonging to other clusters. Fig. 8.3.1 shows cluster.

¢ In this case we easily identify the 4 clusters into which the data can be divided;
the similarity criterion is distance : two or more objects belong to the same cluste
if they are “close” according to a given distance (in this case geometrical distance)
This is called distance-based clustering.

Rawdata [=——P>{ Clustering algorithm === Clusters of data

Fig. 8.3.2

¢ Clustering means grouping of data or dividing a large

data set into smaller data sets of some similarity. g
entroid

¢ A clustering algorithm attempts to find natural groups
components or data based on some similarity. Also, the
clustering algorithm finds the centroid of a group of
data sets.

* To determine cluster membership, most algorithms i .
evaluate the distance between a point and the cluster
centroids. The output from a clustering algorithm is Fig. 8.3.3

TECHNICAL PUBLICA m.- an up-thrust for knowled
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pasically a statistical description of the cluster centroids with the number of
components in each cluster.

Cluster centroid : The centroid of a cluster is a point whose parameter values are

the mean of the parameter values of all the points in the cluster. Each cluster has
a well defined centroid.

Distance : The distance between two points is taken as a common metric to as see
the similarity among the components of population. The commonly used distance
measure is the euclidean metric which defines the distance between two points
p=(p1 P2/ and q =(q,q3,...) is given by.
k
d = Y (pi-qi)?

i=1

The goal of clustering is to determine the intrinsic grouping in a set of unlableled
data. But how to decide what constitutes a good clustering ? It can be shown that
there is no absolute "best” criterion which would be independent of the final aim

of the clustering. Consequently, it is the user which must supply criterion, in such
a way that the result of the clustering will suit their needs.

Clustering analysis helps construct meaninful partitioning of a large set of objects

Cluster analysis has been widely used in numerous applications, including pattern
recognition, data analysis, image processing etc.

Clustering algorithms may be classified as listed below :
1. Exclusive clustering

2. Overlapping clustering
3. Hierarchical clustering
4. Probabilisitic clustering

A good clustering method will produce high quality clusters high intra-class
similarlity and low inter-class similarity. The quality of a clustering result depends
on both the similarity measure used by the method and its implementation. The

quality of a clustering method is also measured by it's ability to discover some Of
all of the hidden patterns.

Clustering techniques types : The major clustering techniques are,
a) Partitioning methods

b) Hierarchical methods
c) Density - based methods.

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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Partitioning Methods
o Partitioning clustering are clustering methods used to classify observations, within

a data set, into multiple groups based on their similarity. The algorithms require
the analyst to specify the number of clusters to be generated.

Commonly used partitioning methods are k-means and k-medoids.

In the k-means algorithm, the centroid of the prototype is identified for clustering,
which is normally the mean of a group of points. Similarly, the k-medoid
algorithm identifies the medoid which is the most representative point for a group
of points.

K - mean Clustering

K-Means clustering is heuristic method. Here each cluster is represented by the
center of the cluster. "K" stands for number of clusters, it is typically a user input
to the algorithm; some criteria can be used to automatically estimate K.

This method initially takes the number of components of the population equal to
the final required number of clusters. In this step itself the final required number
of clusters is chosen such that the points are mutually farthest apart.

Next, it examines each component in the population and assigns it to one of the
clusters depending on the minimum distance. The centroid's position is
recalculated everytime a component is added to the cluster and this continues
until all the components are grouped into the final required number of clusters.

Given K, the K-means algorithm consists of four steps :
1. Select initial centroids at random.

2 Assign each object to the cluster with the nearest centroid.

3. Compute each centroid as the mean of the objects assigned to it.

4. Repeat previous 2 steps until no change.

The xq,..,xN are data points or vectors of observations. Each observation

(vector x;) will be assigned to one and only one cluster. The C(i) denotes cluster
number for the i observation. K-means minimizes within-cluster point scatter :

W<C}=1)'f S OX lxi-x P

K=1C(i)=K C(j)=K

K
= E Ny Y (Ixi-mg |2
K=l C(i)=K

where
mg mﬂwmeanvectorofﬂ\el(m duater
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(Moans Algorithm Properties
4, There are always K clusters,
5. There is always at least one item in each cluster.
3. The clusters are non-hierarchical and they do not overlap.

4. Every member of a cluster is closer to its cluster than any other cluster because
closeness does not always involve the 'center' of clusters.

The K-Means Algorithm Process

1. The dataset is partitioned into K clusters and the data points are randomly
assigned to the clusters resulting in clusters that have roughly the same number of
data points.

9. For each data point.

a. Calculate the distance from the data point to each cluster.
b. If the data point is closest to its own cluster, leave it where it is.

¢. If the data point is not closest to its own cluster, move it into the closest
cluster.

3. Repeat the above step until a complete pass through all the data points results in
no data point moving from one cluster to another. At this point the clusters are
stable and the clustering process ends.

4, The choice of initial partition can greatly affect the final clusters that result, in
terms of inter-cluster and intracluster distances and cohesion.

o K-means algorithm is iterative in nature. It converges, however only a local

minimum is obtained. It works only for numerical data. This method easy to
implement.

» Advantages of K-Means Algorithm :
1. Efficient in computation
2. Easy to implement

* Weaknesses
1. Applicable only when mean is defined.

2. Need to specify K, the number of clusters, in advance.
3. Trouble with noisy data and outliers.
4. Not suitable to discover clusters with non-convex shapes.

k-Medolds

* The K-medoids algorithm is a clustering algorithm related to the K-means
algorithm and the medoidshift algorithm. K-medoid is a classical partitioning

TECHNICAL PUEL[anNSm - an up-thrust for knowfedge

Scanned with CamScanner



Machine Leaming 8-8 Unsupervised Leaming

technique of clustering that clusters the data set of n objects into K clusters known
a priori. A useful tool for determining K is the silhouette.

o The most common realisaton of K-medoid clustering is the Partitioning Around
Medoids (PAM) algorithm. PAM uses a greedy search which may not find the
optimum solution, but it is faster than exhaustive search.

+ Instead of taking the mean value of the object in a cluster as a reference point,
medoids can be used, which is the most centrally located object in a cluster.

* A medoid can be defined as that object of a cluster, whose average dissimilarity to
all the objects in the cluster is minimal i.e. it is a most centrally located point in
the given data set.

1. The algorithm begins with arbitrary selection of the K objects as medoid points
out of n data points (n > K)

2 After selection of the k medoid points, associate each data object in the given

data set to most similar medoid. The similarity here is defined using distance

measure that can be euclidean distance, manhattan distance or minkowski
distance

3. Randomly select nonmedoid object O'
4. Compute total cost , S of swapping initial medoid object to O

5. If S < 0, then swap initial medoid with the new one (if S < 0 then there will be
new set of medoids)

6. Repeat steps 2 to 5 until there is no change in the medoid.

‘g.nlilT 13 |
E.;'=1=|‘,—1‘! 8 ’ \‘
T1-': %’" ? rT;\..\.
511"1'11 6 & T 1)
e m T e N Ea e e
;ilrjl = g T ] ﬁj
R i i g i 4
I - - 2

1f']‘$i 1 | 7
Di'l*1[ 0

0 +t23 45676881 0 12 3 45 6 T 8 910

Fig. 8.3.4
Hierarchical Methods

* This method use distance matrix as clustering criteria. This method does not
require the number of clusters K as an input, but needs a termination condition.
Hierarchical clustering is a widely used data analysis tool.

8t for knowledge
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, The idea is to build a binary tree of the data that successively merges similar
gﬂ]ups of points. Visualizing this tree provides a useful summary of the data.

" Hjerarchical clustering arranges items in a hierarchy with a treelike structure
pased on the distance or similarity between them. The graphical representation of
the resulting hierarchy is a tree-structured graph called a dendrogram.

4 Hierarchical clustering methods can be further classified as either agglomerative ot
divisive depending on whether the hierarchical decomposition is formed in 2
pottom-up (merging) or top-down (splitting) fashion.

jomerative hierarchical clustering

, This bottom-up strategy starts by placing each object in its own cluster and then

merges these atomic clusters into larger and larger clusters, unl 2l of the objects

are in a single cluster or until certain termination conditions are satisfied. Most
hierarchical clustering methods belong to this category.

Initially, AGNES places each objects into a cluster of its own. The clusters are then

merged step-by-step according to some criterion. For example, cluster C; and C;

may be merged if an object in C; and object in C, form the mimmmum Euclidean

distance between any two objects from different clusters.
In the agg]omerative hierarchical approach, we start by defining each data pornt t0 be

2 dluster and combine existing clusters at each step. Here are four different methods for

doing this :

1. Single linkage : Smallest pairwise distance between elements from each cluster
2. Complete linkage : Largest distance between elements from each cluster
3. Average linkage : The average distance between elements from each cluster

4. Centroid linkage : Distance between cluster means

Divisive Hierarchical Clustering

This top-down strategy does the reverse of agglomerative hierarchical clustering by
starting with all objects in one cluster. It subdivides the clusters into smaller and smaller
pieces, until each object form a cluster on its own or until it satisfies certain termination
conditions, such as a desired number of cluster or the diameter of each cluster is within
a certain threshold.

Agglomerative Divisive Hierarchical Clustering .

..WE‘“F each item in its own cluster. Initially all items in one cluster.
'Itlm_tively clusters are merged together, Large clusters are successively divided.
e . Y S—
- s
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m Difference between Clustering vs Classification
Clusluin,g Clusiﬁcation

Thkfm‘nchmu\apﬂhedatamwmeuf
several clusters which is the grouping of
data items based on the similarities between
them.

p—— e ————

1mvoh-edin unswisedkamxg _
Training sample is not provided.

Involved in supervised leamning .

mmmhercfdustertsmthmbefore

Thjs mode] function classifies the data into
one of several predefined categorical classes,

~ Training sample is provided.

R e

The number of classes is known before

clustering, These are identified after the classification as there is predefined output
ommietm of clustering, . Deed on mput data.
Dzh is not labeled.

Labe‘.led data pomts o

pe——

Asks how mlpnupﬂumtdlms?__ _

R

Asks what class does ﬂ'us item belung to?
Known number of classes.

Used to classify future observations.

®
%

OO
00
0o 0

Association Rules

Assodiation rule presents a methodology that is useful for identifying interesting
relationships hidden in large data sets. It is also known as association analysis.

Association rule mining is a procedure which is meant to find frequent patterns,
correlations, associations, or causal structures from data sets found in various

kinds of databases such as relational databases, transactional databases, and other
forms of data repositories.

Association rules are if/then statements that help uncover relationships between
seemingly unrelated data in a transactional database, relational database or other

information repository.

TECHNICAL HJHJCAWHS’-MMHMMWW
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, An example of an association rule would be "If a customer buys a2 dozen eggs, he
is 80 % likely to also purchase milk."
, Association rule mining can be viewed as a two-step process :
1. Find all frequent item sets : By definition, each of these item sets will occur at
least as frequently as a predetermined minimum support count, min sup.

2. Generate strong association rules from the frequent item sets : By definition,
these rules must satisfy minimum support and minimum confidence.
« An association rule is commonly understood to be an expression of the form :
X=>Y where X and Y are sets of items such that XN Y = ¢.
« The association rule X=>Y means that transactions containing items from set X tend
to contain items from set Y.

o Association rules show attribute value conditions that occur frequently together in
a given data set. A typical example of association rule mining is Market Basket
Analysis.

o Data is collected using bar-code scanners in supermarkets. Such market basket
databases consist of a large number of transaction records.

o Each record lists all items bought by a customer on a single purchase transaction.
Managers would be interested to know if certain groups of items are consistently
purchased together.

» They could use this data for adjusting store layouts, for cross-selling for
promotions, for catalog design, and to identify customer segments based on
buying patterns.

* Association rules provide information of this type in the form of if-then
statements. These rules are computed from the data and, unlike the if-then rules of
logic, association rules are probabilistic in nature.

In addition to the antecedent (if) and the consequent (then), an association rule has
two numbers that express the degree of uncertainty about the rule.

In association analysis, the antecedent and consequent are sets of items (called
temsets) that are disjoint (do not have any items in common).

The first number is called the support for the rule. The support is simply the
number of transactions that include all items in the antecedent and consequent
parts of the rule.

The other number is known as the confidence of the rule. Confidence is the ratio
of the number of transactions that include all items in the consequent, as well as
the antecedent (the support) to the number of transactions that include all items in
the antecedent.

e ———
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» Market basket analysis is an example of frequent itemset mining. The purpose of
market basket analysis is to determine what products customers purchase together.
It takes its name from the idea of customers throwing all their purchases into a
shopping cart (a "market basket”) during grocery shopping.

o Market Basket Analysis is a technique which identifies the strength of association
between pairs of products purchased together and identify patterns of
co-occurrence. A co-occurrence is when two or more things take place together.

» Market basket analysis takes data at transaction level, which lists all items bought
by a customer in a single purchase.

o The technique determines relationships of what products were purchased with
which other product(s). These relationships are then used to build profiles
containing If-Then rules of the items purchased.

¢ The rules could be written as : If {A} Then (B}

o The If part of the rule (the (A) above) is known as the antecedent and the THEN
part of the rule is known as the consequent (the (B} above).

¢ The antecedent is the condition and the consequent is the result. The association
rule has three measures that express the degree of confidence in the rule, Support,
Confidence, and Lift.

o For example, you are in a supermarket to buy milk. Based on the analysis, are you
more likely to buy apples or cheese in the same transaction than somebody who
did not buy milk ?

» In the following table, there are nine baskets containing varying combinations of
milk, cheese, apples, and bananas.

Basket Product1 Product 2 Product 3
1 | Milk | Cheese _ ESRRATEE ._,_,.‘
2 Mk Apls  Chees
3 | Apples Banana
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Support : Support is the number of transactions that include items in the {A} and
(B) parts of the rule as a percentage of the total number of transactions. It is a
measure of how frequently the collection of items occur together as a percentage
of all transaction.

A+B

Total

Support =

Confidence : Confidence of the rule is the ratio of the number of transactions that
include all items in (B} as well as the number of transactions that include all items
in {A) to the number of transactions that include all items in (A).

Confidence = A+B

Lift or Lift ratio : It is the ratio of confidence to expected confidence. Expected
confidence is the confidence divided by the frequency of B. The Lift tells us how
much better a rule is at predicting the result than just assuming the result in the
first place. Greater lift values indicate stronger associations.
Lift Ratio = (A+B) _ Cofidence
(B/Total) (B/Total)

Leverage : Leverage measures the difference in the probability of X and Y
appearing together compared to statistical independence.

Leverage (X— Y) = Support (XAY) ~ Support(X)* Support(Y)
Leverage = 0 if X and Y are statistically independent
Leverage > 0 indicates degree of usefulness of rule
Conviction : The conviction of a rule is defined as:

1-supp(Y)

conv (X—=Y) = T—coniX 5 1)

The conviction of the rule X=>Y can be interpreted as the ratio of the expected

frequency that X occurs without Y if X and Y were independent divided by the
observed frequency of incorrect predictions

m Frequent Itemsets and Closed Itemsets

1. A set of items is referred to as an itemset. An itemset is a unordered set of

distinct items. An itemset that contains k items is a k-itemset.

2. The set {computer, antivirus software} is a 2-itemset. The occurrence frequency of

an itemset is the number of transactions that contain the itemset. This is also
known as the frequency, support count, or count of the itemset.

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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3. Frequent itemsets that cannot De
extended with any item without making
them infrequent are called maximal
frequent itemsets. Exact support counts
of the subsets cannot be directly derived
from support of the maximal frequent

Frequent itemsets

Maximal
frequent

: _itemsets
Closed itemsets :
e An alternative approach is to try to
retain some of the support information Fig. 8.4.1

in the compacted representation.

e A closed itemset is an itemset whose all immediate supersets have differe,
support count.

e A closed frequent itemset is a closed itemset that satisfies the minimum supp,
threshold.

» Maximal frequent itemsets are closed by definition.

e An itemset X is closed in a data set S if there exists no proper super-itemset y
sudIﬂthhastl'wsamesupportmuntasXl'.l"IS-A"hIlitEﬂ'lSEtXiSadosed
frequent itemnset in set S if X is both closed and frequent in S.

e An itemset is closed if none of its immediate supersets has the same support a5
the itemset.

¢ (losed itemset example 1 :

TID  Items [ Ttemset | Suppm Wj‘f_{“ﬂ ~ Support
1 up F e s BERa | 2
B mco SRR s b
TS, T - 5
4 wBD .o 4 BCD | 3
5 wascD | AB) 4 ABCD} | 2

{ 2
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o Closed itemset are : {B}, (A, B, (B, D), {A, B, D}, (B, C, D), {A, B, C, D)

+ -Closed itemset example 2 :

_TD ltems

e Er “
=00 " abe |
L0 cef
| 400 sl f 0
550 ot E

Total Frequent itemsets : 20

[a], !C]ar {d]'r {e}a‘ [ﬂ'r {a.f :} {El, d}; [a,.- E}, {3, ﬂ, [C, d], {E, EL [C, f}, [d: ﬂ-’ {er ﬂ' [a, A d}r
[a, C, f]'.r '[a.f dr ﬂ'.r {Cr d.f ﬂ': {C, = ﬂ {B, C, d-.r ﬂ
Closed frequent itemsets :

[ﬂ, c, d: ﬂr {:: e, ﬂr Ia; E.'}, {C, ﬂ'r {a}r [E}
[X®] The Apriori Algorithm

The Apriori algorithmis an influential algorithm for mining frequent itemsets for
boolean association rules.
Innovative way to find association rules on large scale, allowing implication

outcomes that consist of more than one item. It based on minimum support
threshold.

Let I = {iy, i3, ....iy) be a set of n binary attributes called items. Let
D = {ty,t2,....t) be a set of transactions called the database. Each transaction in D
has a unique transaction ID and contains a subset of the items in L

A rule is defined as an implication of the form X — Y where X, Y ¢ I and

X > Y = ¢. The sets of items X and Y are called antecedent (left-hand-side or Lh5)
and consequent (right-hand-side or RHS) of the rule respectively.

The Apriori algorithm is used for mining frequent itemsets and devising
association rules from a transactional database. The parameters “support’ and
"confidence" are used.

Support refers to items' frequency of occurrence; confidence is a conditional
probability.

To improve the efficiency of level-wise generation of frequent itemsets, an
important property is used called Apriori property which helps by reducing the
search space.
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¢ Major components of Apriori algorithm are Support, Confidence and Lift.

* The following are the main steps of the Apriori algorithm:
1. Calculate the support of item sets (of size k = 1) in the transactional databage
This is called generating the candidate set.

2. Prune the candidate set by eliminating items with a support less than the
given threshold.

3. Join the frequent itemsets to form sets of size k + 1, and repeat the above sets
until no more itemsets can be formed. This will happen when the set(s) formeg
have a support less than the given support.

Pseudocode of Apriori algorithm
L,= {frequent items};
for (k= 2;L;_, |=& k++) do begin
Cy = candidates generated from Ly _; (that is: cartesian product Ly_y xLy 4 and
eliminating any k-1 size itemset that is not frequent);
for each transaction t in database do
increment the count of 2ll candidates in
C, that are contained in t
Ly = candidates in Cy with min_sup
end
return CyL,;

limitations of Apriori algorithm
1. Needs several iterations of the data.
2. Uses a uniform minimum support threshold.
3. Difficulties to find rarely occuring events.
4. Some competing alternative approaches focus on partition and sampling

Generate frequent itemsets and generate association rules based on it using
aprori algorithm. Minimum support is 50 % and minimum confidence is 70 %.

’ TID Items

1 E— ot manh a e _|!
| 10 134

| 200 2,3,5

i

1,235

300 ;
!I l 400 v
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EX Fill in the Blanks
— clustering is a bottom-up technique which starts with individual

B ;
s objects as clusters and then iteratively merges them to form larger clusters.
Q2 k-means and k-medoids are the most popular techniques.

Q3 Market basket analysis is an exampleof ______ mining.

Q4 Major componentsof _______ algorithm are Support, Confidence and Lift.

Q5 DBSCAN is one of the clustering approaches that provide a solution
to identify clusters of arbitrary shapes.

Q.6 The result of the analysis is expressed as a set of assodation rules
that specify patterns of relationships among items.

m Multiple Choice Questions

Q.1 PAM stands for
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_w
Q2 Which of the following is hierarchical clustering method ? e
E Agglomerative [_E Divisive clustering
¢ pAaM d AandB
Q3 The k-means algorithm is sensitive to _  because an object Iwriﬂ-l an
extremely large value may substantially distort the distribution of data.
E outliers E text data
@4 ______ hierarchical clustering method works by grouping data objects into
tree of clusters.
a PAM b Density-based method
‘¢ Hierarchical d| Grid-based method
QS In DIANA, all of the objects are used to form initial cluster,
E one EE two
c four d] eight

Q6 If the dustering process is terminated when the distance between nearest
clusters exceeds an arbitrary threshold, it is called a

dendrogram

nearest-neighbor clustering algorithm
minimal spanning tree algorithm
single-linkage algorithm

[allnjlo] (e

Q7

z
:
:
%

An itemset for which at least one proper super-itemset has same support
An itemsetwhose no proper super-itemset has same support

An itemset for which at least super-itemset has same confidence

An itemsetwhose no proper super-itemset has same confidence

[atinlleli» ]

Qs Wl‘mtar&mmdmalfrequmtit&ms&ﬁ?

I

p———————————

———
i

12 A frequent itemsetwhose no super-i

—
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Q9

Q.10

Q11

Q.12

Q13

What does FP growth algorithm do ?

......

LS

What is the relation between candidate and frequent itemsets ?

.......
o
i
i

d

A non-frequent itemset whose super-itemset is frequent
None of the above

It mines all frequent patterns through pruning rules with lesser support
It mines all frequent patterns through pruning rules with higher support
It mines all frequent patterns by constructing a FP tree

All of the above

A candidate itemset is always a frequent itemset
A frequent itemset must be a candidate itemset
No relation between the two

Both are same

Apriori E FP growth

Decision trees Li Eclat

Number of frequent itemsets remains same
Some itemsets will add to the current set of frequent itemsets
Some itemsets will become infrequent while others will become frequent

Can not say

A frequent itemsetwhose no super-itemset is frequent
A frequent itemset whose super-itemset is also frequent
A non-frequent itemset whose super-itemset is frequent

None of the above

Answer Keys for Fill in the Blanks

Q.1

Agglomerative - Q2 partitioning :; Q3 frequent itemset

Q.4

Apriori | Q.5  density-based - Q.6 market basket

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge

Scanned with CamScanner

P |



: 8-20 Unsupans
S —220ed Loamin
Answer Keys for Multiple Cholce Questions

i n __'_'_"""'--—...

Q1 : Q2 Q.3 . a
3 Q4 < Q.5 Q.6 : d —]
- __‘_____'"_-_‘_--"_".

Q7 2 Q8 Q.9 e
e

Q.10 b Q.11 Q12 b
] y T ]

Q.13 a :
QQg
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Jmplementation of ANN, Architecture, Leaning process, Backpropogation, Deep Learning.
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9.1 Introduction fo Neural Network

9.2 Introduction of Artificial Neural Network
9.3 Biological Neurons

9.4 Types of Activation Functions

9.5 Implementation of ANN

9.6 Architecture of Neural Network

9.7 Backpropagation

9.8 Deep Leamning

9.9 Fill in the Blanks

9.10 Multiple Choice Questions
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Introduction to Neural Network

e Neural networks consists of many numbers of simple elements (neurons)
connected between them in system. Whole system is able to solve of complex tasks
and to learn for it like a natural brain.

e Neural network is a system composed of many simple processing elements
operating in parallel whose function is determined by network structure,
connection strengths, and the processing performed at computing elements or
nodes.

e For user, NN is black box with input vector (source data) and output vector
(result).

+]

A Neural network is usually structured into an input layer of neurons, one or
more hidden layers one output layer.
Neurons belonging to adjacent layers are usually fully connected and the

various types and architectures are indentified both by the different topologies
adopted for the connections as well as by the choice of the activation function.

The values of the functions associated with the connections are called
“weights".
The whole game of using NN is in fact that, in order for the network to yield

appropriate outputs for given inputs, the weight must be set to suitable
values. The way this is obtained allows a further distinction among modes of

operations.

A neural network is a processing device, either an algorithm or actual
hardware, whose design was motivated by the design and functioning of
human brains and components thereof.

Most neural networks have some sort of "training” rule whereby the weights
of connections are adjusted on the basis of presented patterns.

In other words, neural networks "learn" from example, just like children
learn to recognize dogs from examples of dogs, and exhibit some structural
capability for generalization.

Neural networks normally have great potential for paralleism, since the
computations of the components are independent of each other.

Neural networks are a different paradigm for computing :

1. Von Neumann machines are based on the processing/memory abstraction
of human information processing.

2. Neural networks are based on the paralllel architecture of animal brains.

» Neural networks are a form of multiprocessor computer system, with
a. Simple processing elements

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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b. A high degree of interconnections
¢. Simple scalar messages

d. Adaptive interaction between elements
o The advantages of neural networks are due to its adaptive and generalization
ability.
a) Neural networks are adaptive methods that can learn without any prior
assumption of the underlying data.

b) Neural network, namely the feed forward multilayer perception and radial
basis function network have been proven to be universal functional
approximations.

¢) Neural networks are non-linear model with good generalization ability.

¢ Useful properties and capabilities of neural network.

1. Nonlinearity : An artificial neuron can be linear or nonlinear. A neural
network, made up of an interconnection of nonlinear neurons, is itself
nonlinear.

2. Adaptivity : Neural networks have a built-in capability to adapt their synaptic
weights to changes in the surrounding environment.

3. Contextual information : Knowledge is represented by the very structured and
activation state of a neural network.

4. Evidential response : In the context of pattern classification, a neural network
can be designed to provide information not only about which particular
pattern to select, but also about the confidence in the decision made.

5. Uniformity of analysis and design : Neural networks enjoy universality as
information processors.

6. VLSI implement-ability : The massively parallel nature of a neural network
makes it potentially fast for the computation of certain tasks.

m Advantages of Neural Network

The advantages of neural networks are due to its adaptive and generalization ability:

a) Neural networks are adaptive methods that can learn without any prior
assumption of the underlying data.

b) Neural network, namely the feed forward multilayer perception and radial
basis function network have been proven to be universal functional
approximations.

c) Neural networks are non-linear model with good generalization ability.

TECHNICAL PUBLICATIONS® - an up-thrust for knowdedge
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Application of Neural Network
Neural network applications can be grouped In following categorles :

1. Clustering : A clustering algorithm explores the similarity between patterns

and places similar patterns in a cluster. Best known applications include data
compression and data mining.

2. Classification/Pattern recognition : The task of pattern recognition is to assign
an input patten (like handwritten symbol) to one of many classes. This
category includes algorithmic implementations such as associative memory.

3. Function approximation : The tasks of function approximation is to find an
estimate of the unknown function f() subject to noise. Various engineering and
scientific disciplines require function approximation.

4. Prediction/Dynamical systems : The task is to forecast some future values of a
time-sequenced data. Prediciton has a significant impact on decision support

systems. Prediction differs from function approximation by considering time
factor.

m Difference between Digital Computer and Neural Networks

Dr. Digital Computers ‘Neural Networks
i ._
1;. Deductive reasoning : We apply known Inductuve reasoning : Given inpui and
rules input data to produce output. output data (training examples), we

~construct the rules

CUU‘P““W“ is centralized, S}Tu"hrmmts Coputation is collectivem asynduonuus and
~and serial.  parallel.

e e A Al i O e 3 i -

3-. Memory is paikﬂtﬁ-t hterally stored and Memory is :hstnhubed mtemahzed and
location addressable. content addressable.

e . T——— g g— =
i [
(]

4 Not fault toerant. One transistor goes and it Fault tolerant, redunda.ncy and shanng of
no longer works. _ respnnﬂhl]mes

5.  Fast Measured in millionths of a second. Slow. Measured in ﬂmusands of a second- )
. "15. Exact.  Inexact.
7

51;31:; cmum:hv:ty . Dynamic cnnnechwty

Apphﬂhlelfwelldeﬁxmdrulﬁm&l Apphcableﬁmlesareunhwwnﬂr
precise input data. ~ complicated or if data is noisy or partial.

. -"""H-
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m Introduction of Artificial Neural Network

o Artificial Neural Network (ANN) is a computational system inspired by the
structure, processing method, learning ability of a biological brain. An artificial
neural network is composed of many artificial neurons that are linked together
according to specific network architecture. The objective of the neural network is
to transform the inputs into meaningful outputs.

« ANNs do not execute programmed instructions; they respond in parallel to the
pattern of inputs presented to it. There are also no separate memory addresses for
storing data. Instead, information is contained in the overall activation ‘state’ of the
network. 'Knowledge' is thus represented by the network itself, which is quite
literally more than the sum of its individual components.

» Fig9.21 shows artificial neural network.

Input

Hidden layer
Fig. 9.2.1 Artificial neural network

¢ Elements of ANN are processing units, topology and learning algorithm.

o Tasks to be solved by artificial neural networks :

1. Controlling the movements of a robot based on self-perception and other
information;

2. Deciding the category of potential food items in an artificial world;
3. Recognizing a visual object;

4, Predicting where a moving object goes, when a robot wants to catch it.
s Characteristics of artificial neural networks
1. Large number of very simple processing neuron-like processing elements.

2. Large number of weighted connections between the elements.
3. Distributed representation of knowledge over the connections.
4

Knowledge is acquired by network through a leamning process.

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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Review Questions

Write short note on : advantages of artificial neural network.

Write short note on : artificial neutral network application in communications.
List out the strength and weaknesses of artifical neural network.

List and explain performance issues of EBP.

List out the strength and weaknesses of EBP.

N

Blological Neurons

* Artificial neural systems are inspired by biological neural systems. The elementary
building block of biological neural systems is the neuron.

The brain is a collection of about 10 billion interconnected neurons. Each neuron is
a cell [right] that uses biochemical reactions to receive, process and transmit
information. Fig. 9.3.1 shows biological neural systems.

Axon hillock
\6" Soma - AXOn
Dendrite Nucleus Terminal buttons

Fig. 9.3.1 Schematic of blological neuron

The single cell neuron consists of the cell body or soma, the dendrites and the
axon. The dendrites receive signals from the axons of other neurons. The small
space between the axon of one neuron and the dendrite of another is the synapse.
The afferent dendrites conduct impulses toward the soma. The efferent axon
conducts impulses away from the soma.

Basic Components of Biological Neurons

1. The majority of neurons encode their activations or outputs as a series of brief
electrical pulses (i.e. spikes or action potentials).

2. The neuron’s cell body (soma) processes the incoming activations and converts
them into output activations.
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3. The neuron's mucleus contains the genetic material in the form of DNA. This
exists in most types of cells, not just neurons.

4. Dendrites are fibres which emanate from the cell body and provide the
receptive zones that receive activation from other neurons.

5. Axons are fibres acting as transmission lines that send activation to other
neurons.
6. The junctions that allow signal transmission between the axons and dendrites

are called synapses. The process of transmission is by diffusion of chemicals
called neurotransmitters across the synaptic cleft.

« Comparison between Biological NN and Artificial NN

Biological NN Artificlal NN
soma e
3 Axon, dendrite dendrite
synapse weight
potential weighted sum
threshold blas weight .
signal L e Hﬁ?lﬁl:m :

X Types of Activation Functions

e Activation functions also known as transfer function is used to map input nodes
to output nodes in certain fashion.

o The activation function is the most important factor in a neural network which
decided whether or not a neuron will be activated or not and transferred to the
next layer.

e Activation functions help in normalizing the output between 0 to 1 or -1 to 1. It
helps in the process of backpropagation due to their differentiable property.
During backpropagation, loss function gets updated, and activation function helps
the gradient descent curves to achieve their local minima.

* Activation function basically decides in any neural network that given input or
receiving information is relevant or it is irrelevant.

e These activation function makes the multilayer network to have greater
representational power than single layer network only when non-linearity is
introduced.

TECHNICAL PUBLICATIONS® - an upthnst for knowledge
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* The input to the activation function is sum which is defined by the following
equation.
sum = l“\.l *I: 1\': + ||++ln‘\'n = i'j "Jj +b |
j=1
¢ Activation Function : Logistic Function

1 First derivative of logistic function

Fig. 9.4.1

* Logistic function monotonically increases from a lower limit (0 or - 1) to an upper
limit (=1) as sum increases. In which values vary between 0 and 1, with a value of
05 when I is zero.

¢ Activation Function : Arc Tangent

. f(sum) = %m" {s»sum)

B—
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Activation Function : Hyperbolj¢ Tang
| ent

e

. f(sum) = tanh (57 ) T ———

1e w T
: mm Ty
i E! » sum _E—Exsum oAk
: - oS XSUM 4 o= $XSUM o8}
i Gdp

02r

Hllﬂ'ﬂ] n [ L 1+]

m Identity or Linear Activation Function

A linear activation is a
mathematical equation
used for obtaining output
vectors with specific —
properties.
e It is a simple straight line - - I S A et
activation function where
our function is directly I G O,
proportional to the
weighted sum of neurons
or input.
o Linear activation functions
are better in giving a wide
range of activations and a
line of a positive slope may
increase the firing rate as
the input rate increases.

o Fig. 9.4.4 shows identity
function. Fig. 9.44
£ CHNICAL PUBLICATIONS -
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» The equation for linear activation function is :
f(x) = ax
When a = 1 then f(x) = x and this is a special case known as identity.

¢ Properties :
1. Range is - infinity to + infinity

2. Provides a convex error surface so optimisation can be achieved faster.

3. df(x)/dx = a which is constant. So cannot be optimised with gradient descent,
 Limitations :
1. Since the derivative is constant, the gradient has no relation with input.

2. Back propagation is constant as the change is delta x.
3. Activation function does not work in neural networks in practice.

Sigmoid

s A sigmoid function produces a curve with an "S" shape. The example sigmoid
function shown on the left is a special case of the logistic function, which models
the growth of some set.

sig() = —

=1

1+e

09 r

" /
/

06
0.5

b /
0.3

02 /
0.1 /"

real-valued and differentiable, having 2

v

Scanned with CamScah'ner



Machine Leaming 9-11 Neural Network

—
o The logistic sigmoid function is related to the hyperbolic tangent as follows :
: 1 X
- = 1-2 = =tanh 2
1 - 2sig() 1+e™* 2

o Sigmoid functions are often used in artificial neural networks to introduce
nonlinearity in the model.

o A neural network element computes a linear combination of its input signals, and
applies a sigmoid function to the result.

o A reason for its popularity in neural networks is because the sigmoid function
satisfies a property between the derivative and itself such that it is
computationally easy to perform.

Lign) = sig®)(1-sig(t)
dt
o Derivatives of the sigmoid function are usually employed in learning algorithms,

EYE] ReLU Neuron

o Tanh is also like logistic sigmoid but better. The range of the tanh function is from
(- 1 to 1). Tanh is also sigmoidal (s - shaped).

o Fig. 9.4.6 shows tanh v/s logistic sigmoid.

T B e e

Fig. 9.4.6 Tanh vis logistic sigmoid

* Tanh neuron is simply a scaled sigmoid neuron.
* Problems resolved by Tanh
1. The output is not zero centered.

2. Small gradient of sigmoid function.

e —
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e ReLU (Rectified Linear Unit) is the most used activation function in the worlg
right now. Since, it is used in almost all the convolution neural networks or deep

learning.
e Fig. 9.4.7 shows RelLU v/s Logistic Sigmoid.

RelU

ml, T ;
. R{z) = max(0, z) F i

g o — AR, SSTEL SR ST A

4~ o

2 r. e

s : ] (| ! i 5 i
-10 ™ 0 5 10 -10 -5 0 5 10

Fig. 9.4.7 RelU v/s logistic sigmoid

e As you can see, the ReLU is half rectified (from bottom). f(z) is zero when z is less
than zero and f(z) is equal to z when z is above or equal to zero.

e Compared to tanh/sigmoid neurons that involve expensive operations
(exponentials, etc.), the ReLU can be implemented by simply thresholding a matrix
of activations at zero.

- : o  Dis miages
ﬁ.;l_ 1. Output in range (0,1) 1. Setten neuraell
2. Not zero centered
3. Small gradient
e e 4. Vanishing gradie
RS 1 Zero contersd 1. Saturated Neurons
o 2 OvputingmgeCLY) . -
*-;I;#_q 1. Computational effidency L Dead Neurons
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FE Implementation of ANN

m McCulloch Pitts Neuron

The first mathematical model of a biological neuron was presented by McCulloch
and Pitts. This model is known as McCulloch Pitt model. It is basic building block
of neural network.

o Directed weight graph is used for connecting neurons.

McCulloch and Pitts describe a neuron as a logical threshold element with two
possible states. Such a threshold element has "N” input channels and one output
channel. An input channel is either active (input 1) or silent (input 0).

The activity states of all input channels thus encode the input information as a
binary sequence of N bits. The state of the threshold element is then given by
linear summation of all a different input signals x; and comparison of the sum
with a threshold value s.

The system of neurons is static and acts synchronously. A processor (system) with
multiple inputs and a single output.

« Effective input : Weighted sum of all inputs.

e Bias or threshold : If the effective input is larger than the bias, the neuron outputs
a one, otherwise, it outputs a zero.

o Fig. 9.5.1 shows McCulloch Pitt model.

X W,
XE W2
W,
= T 0
x} wi+1
Xiry W
X :
Fig. 9.5.1
e This model can be described in a mathematical formalism as follows :
0 = 6(a)
Where
da = E W]}(] -T
And

8(x) is a function such that 8 (x) = 1 if x > 0, otherwise 8(x) = 1.

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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o The parameters used to scale the inputs are called the weighte. The effective input
is the weighted sum of the inputs. The parameter to measure the switching leve] is
the threshold or bias Newron firee (output of one) when its net input excitation
exceeds 3 crmtain value called threshold " Threshold is the minimum value of the
sum of the weighted active inputs needed for the postsynaptic neuron to fire.

* The funchon for producing the final output is called the activation function, which
s the step funchon in the McCulloch-Pitts model.

0=t T w -t
I

i) = 1 #u20
" :_1 atherw e
» Their “neurom” operated under the following assumptions :
1. They are binary devices (0,1) .

2 Each neuron has a fixed threshold (theta).

3 The neuron receives inputs from excitatory synapses, all having identical
weight

4 Inhibsory mputs have an absolute veto power over any excitatory inputs.

5 Al each time step the neurons are simultaneously (synchronously) updated by

summung the wesghted excitatory inputs and setting the output to 1 iff the sum
& grester than or equal to the threshold AND if the neuron receives no

tnhibitory mput.
o In general there are many different kinds of activation functions. The step
function used in the McCulloch-Pitts model is simply one of them. Because the
acuvauon funcnon takes only two values, this model is called discrete neuron.

» To make the neuron learmable, some kind of continuous function is often used as
the activation funcnon This kind of neurons is called continuous neurons. Typical
functions used m an artficial neuron are sigmoid functions, radial basis function,
sinusoidal funcoons, etc

Problems with McCulloch-Pitts neurons

1. Weights and thresholds are analytically determined. We cannot learn.
2. It is very defficult to munimirze size of a network.

EEE] Rosenblatr's Perceptron

neuron, namely, the
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senblatt perceptron Is a binary single neuron model. The inputs integration is

" mplemented through the addition of the weighted inputs that have fixed weights
obtained during the training stage. If the result of this addition s larger than a
given threshold 6 the neuron fires. When the neuron fires its output is set to 1,

, The equation can be re-written as follows including what its known as the bias
term *

h{x}=[l if wyagewgoge. swyong2f

%y 0if winyewgage..owyng<h
The equation can be re-written a3 follows including

5 what its known as the bias term - 35 = 1, w =8,

_r—-.

" h{x}Z{

1 if wt12[}
h(x) =
» [ﬂ if w'.x<D

1 if W XgsW X[ +Wy Ayt Wy Xy z0

0 if wﬂ"u‘“":"‘:""":":"---’“’J"d‘:ﬂ

@ ADALINE Network Model

ADALINE (Adaptive Linear Neuron) is an early single-layer artficial neural
network.

o An important generalized of the perceptrons training algonthm was presented by
Widrow and Hoff as the least mean square learning procedure also known as the
delta rule.

o The learning rule was applied to the "adaptive linear element” also named
Adaline.

o The perceptron learning rule uses the output of the therscld function for learmung,
The delta rule uses the net output without further mapping into cutput values ~1
or + 1.

* Fig. 95.2 shows adaline.

» If the input conductances are denoted by w, where mi =0, 1, 2, ..., n and input
and output signals by x; and y respectively, then the output of the central block is

defined to be :
}r = iw.xi-i-ﬂ
i=1
mﬂ 0 = WD

.
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=1 +1 +1

L L ]
L2 @’ al, Level
Wo
a2 :
|£;:I utput
— / le, z _lﬁ =3
Quantizer
Gains

Input Summer

pattemn

switches

—1e ®+1

Reference
switch

Fig. 9.5.2 Adaline

In a simple physical implementation, this device consists of a set of controllable

resistors connected to a circuit which can sum up currents caused by the input

voltage signals. Usually the central block, the summer is also followed by a

quantizer which outputs + 1 of - 1, depending on the polarity of the sum.

¢ The problem is to determine the coefficients w;, where i =0, 1 ..., n, in such
way that the input output response is correct for a large number of arbitrarily
chosen signal sets.

o If an exact mapping is not possible the average error must be minimized, for
instance, in the sense of least squares.

» An adaptive operation means that there exists a mechanism by which the w; can
be adjusted, usually iteratively to attain the correct values.

e For the Adaline, Widrow introduced the delta rule to adjust the weights.

o For the p™ input-output pattern, the earor measure of a single-output Adaline can

be expressed as,

o 2
EP = {tP —op]

Where
tp = Target output

op = Actual output of the Adaline

. : |
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o To decrease E, by gradient descent, the update formula for w; on the p"
input-output pattern is
Ap Wi = r}[tp—apjxi
o The delta rule tries to minimize squared errors, it is also referred to as the least
mean square learning procedure or Widrow - Hoff learning rule.

m Architecture of Neural Network

m single Layer Feed Forward Network

« The architecture of the neural network refers to the arrangement of the connection
between neurons, processing element, number of layers, and the flow of signal in
the neural network.

« There are mainly two category of neural network architecture :
a. Feed-forward

b. Feedback (recurrent) neural networks.

'N:eu['al mmm _
Feedfumardnet‘mr‘us _ Recurrent networks
Singletayer | | Muttiayer ‘| | Radiaivasis | | Competitve | | Kononen
_perception | | Pperception | | functionnet | | networks SOM finbmnteR
Fig. 9.6.1

1. Architecture and Learning Rule

¢ In late 1950s, Frank Rosenblatt introduced a network composed of the units that
were enhanced version of McCulloch-Pitts Threshold Logic Unit (TLU) model.

¢ Rosenblatt's model of neuron, a perceptron, was the result of merger between two
concepts from the 1940s, McCulloch-Pitts model of an artificial neuron and
Hebbian learning rule of adjusting weights.

* In addition to the variable weight values, the perceptron model added an extra
input that represents bias. Thus, the modified equation is now as follows :

TEGHNICAL PUBLICATIONS® - an up-thrust for knowledge
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N
Sum = E li Wi + b,p
i=1
where b represents the bias value.
¢ Fig. 9.6.2 shows a typical perception setup for pattern recognition applications, in
which visual patterns are represented as matrices of elements between 0 and 1.

Bias | 1 wo
x! w!
w2 Activation function
x2 {more on this later)
Py ; rl -
— = o E -I=le = Output
w’
x™ w™

Flig. 9.6.2 Perception setup

1. First layer act as a set of feature detectors that are hardwired to the input
signals to detect specific features.

2. Second layer ie. output layer takes the outputs of the feature detectors in the
first layer and classifies the given input pattern.

e Learning is initiated by making adjustments to the relevant connection strengths
and a threshold value 6.

e Here we consider only two class problem. Here output layer usually has only a
single node. For an n-class problem (n > 3), the output layer usually has n-nodes,
each corresponding to a class and the output node with the largest value
indicates which class the input vector belongs to.

e In the first stage, the linear combination of inputs is calculated. Each value of
input array is associated with its weight value, which is normally between 0 and
1. Also, the summation function often takes an extra input value Theta with
weight value of 1 to represent threshold or bias of a neuron.

a. The term x; is referred to as active or excitatory if its value is 1.

b. HﬂEVa]UEiSD'&Hthh inactivi

JER—— |
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where w; is a modifiable weight associated with an incoming signal x;.
« Fig. 9.6.3 shows the bias term w .

Xy~
W,
‘x2 W ! I
3 0
X3 8

Fig. 9.6.3 Blas term w,
« The function y = f(x) describes relationship, an input-output mapping from x to y.

o The equation (9.6.1), the f(.) is the activation function of the perceptron and it is
typically either a signum function sgn(x) or step function step(x) :

1 if x>0,
sgn(x) = -1 otherwise
1 ifx>0,
step(x) = { . . (9.6.1)

o The sum-of-product value is then passed into the second stage to perform the
activation function which generates the output from the neuron. The activation
function "squashes” the amplitude of the output in the range of [0, 1] or [-1, 1]
alternately. The behavior of the activation function will describe the characteristics
of an artificial neuron model.

e The basic learning algorithm for a single layer perceptron repeats the following
steps until the weights converge :
1. Select an input vector x from the training data set.

2. If the perceptron gives an incorrect response, modify all connection weights
w ; according to

ﬁwi = T|ti Xi

Where t; is a target output and 1 is a learning state.

TEGHNICAL PUBLICATIONS® - an up-thrust for knowledge
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Perceptron Convergence Theorem
Theorem : If there is a set of weights that correctly classify the ( linearly separable )
training patterns, then the learning algorithm will find one such weight set, w* in 5
finite number of iterations.
Assumptions :
1. At least one such set of weights, w*, exists, and
2. There are a finite number of training patterns.
3. The threshold function is uni-polar (output is 0 or 1).

2, Exclusive OR problem
* XOR problem is a pattern recognition problem in neural network.

* Neural networks can be used to classify boolean functions depending on their
desired outputs.

» For a two input binary XOR problem , the desired output is given in the form of

truth table.
b § LB e RS ; e
e g X g e b ad  Clags -
2 .-::::‘-__.. v ¥ ¥ "‘“\:rr\* ’s_ii._.%ai?t&\':‘ '-:.--. .," - i
 Dested /Opaic]: 00 S0l c0) |
Deiedl/Opair2l’ o UNGEEE . 1
Debedyopais 1§ RN o0 |

e The XOR problem is not linearly separable. We cannot use a single layer
perceptron to construct a straight line to partition the two dimensional input space '
into two regions, each containing only data points of the same class.

| ¢ Let us consider following four equations :
I Oxw; +0xwo+wps0e wp=0,

Oxwy +1xwy+wple wy>-wy
I1xw; +0xXwa+wp>0 wo>=wy

1><w1 +1XW2+W|]50¢=*WD£—W1-W2

Multi-Layer Feed Forward Network

* A multilayer feed-forward neural network is a network consisting of multiple
layers of units, all of which are adaptiy he network is not allowed to have
cycles from later layers; arlier ice the name “feed-forward". Let

. £ --l"'"-_
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.
a
XOR
—
eg. CR AND
Fig. 9.6.4

us consider a network with a single complete hidden layer. i.e., the network
consists of some input nodes, some output nodes, and a set of hidden nodes,
Every hidden node takes inputs from each of the input nodes, and feeds into each
of the output nodes.

e In multi-layer feed forward neural networks, the sigmoid activation function,
defined by g(x) = g

is normally used.

E-X

* A Multi-Layer Perceptron (MLP) has the same structure of a single layer
perceptron with one or more hidden layers. An MLP is a network of simple
neurons called perceptrons.

* A typical multilayer perceptron network consists of a set of source nodes forming
the input layer, one or more hidden layers of computation nodes, and an output
layer of nodes.

* It is not possible to find weights which enable single layer perceptrons to deal
with non-linearly separable problems like XOR :

* Multi-layer perceptrons are able to cope with non-linearly separable problems.

* Each neuron in one layer has direct connections to all the neurons of the
subsequent layer. MLP can implement nonlinear discriminants (for classification)
and nonlinear regression functions (for regression).

* Historically, the problem was that there were no known learning algorithms for
training MLPs. Fortunately; it is now known to be quite straightforward. The
procedure for finding a gradient vector in the network structure is generally
referred to as backpropagation. Because the gradient vector is calculated in the
direction opposite to the flow of the output of each node.

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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¢ Procedure of backpropagation :
1, The output values are compared with the target to compute the value of some

predefined error function,
2. The error is then fedback through the network.

3. Using this information, the algorithm adjusts the weights of each connection in
order to reduce the value of the error function.

o Continue this process until the connection weights in the network have been
adjusted so that the network output has converged, to an acceptable level, with
the desired output.

o If we use the gradient vector in a simple steepest descent method, the resulting
learning paradigm is often referred to as the backpropagation learning rule.
Backpropagation works by approximating the non-linear relationship between the
input and the output by adjusting the weight values internally.

o Generally, the backpropagation network has two stages, training and testing.
During the training phase, the network is "shown" sample inputs and the correct
classifications. For example, the input might be an encoded picture of a face, and
the output could be represented by a code that corresponds to the name of the
person.

o Fig. 965 shows three most commonly wused activation functions in
backpropagation MLPs,

=10 0 10
Identify function

Logistic function Hyperbolic tangent
function

Fig. 9.6.5 Activation function

Logistic function :

1
f(x) = .
( ) 1+e™ % [
Hyperbolic tangent function :
o = ket
1+e™*
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ty function :
flx) = x

« Both the hyperbolic tangent function and logistic function approximate the signum
and step function respectively. Sometimes these two function are referred to as
squashing functions since the inputs to these functions are squashed to the range
(0, 1] or [- 1, 1].

« These functions are also called sigmoidal functions because their S-shaped curves
exhibits smoothness and asymptotic properties.

Ident!

« A learning process is organized through a leaming algorithm, which Is a process
of updating the weights in such a way that a machine learning tool implements a
given input/output mapping with no errors or with some minimal acceptable
error.

« Any learning algorithm is based on a certain learning rule, which determines how
the weights shall be updated if the error occurs.

Backpropagation Learning Rule

o The net input of a node is
defined as the weighted sum
of the incoming signals plus x, Sum | Threshold
a bias term. Fig. 9.6.6 shows :|
the backpropagation MLP *3"W,
for node j. The net input Fig. 9.6.6 Backpropagation MLP for node |
and output of node j is as

1y Vi

Acilvallon ==X )

\

follows :
XI = Ei +Wii +W]
. 1
x;i = f(Xj) = —
j el 1+ exp (- Xj)
Where

Xj is the output of node i located in any one of the pervious layers,
Wj; is the weight associated with the link connecting nodes i and j,

W is the bias of node j.
* Internal parameters associated with each node j is the weight Wj;. So changing the

weights of the node will change the behaviour of the whole backpropagation MLP.
¢ Fig. 9.6.7 shows two layer backpropagation MLP.

¢ The above backpropagation MLP will refer to as a 34-3 network, corresponding to
the number of nodes in each layer.

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge
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Fig. 9.6.7 Two layer backpropagation MLP

* The backward error propagation also known as the backpropagation (BP) or the
Generalized Delta Rule (GDR). A squared error measure for the pth input-output
pair is defined as

E, = E} (dy - x3)?

Where dj is the desired output for node k and x) is the actual output for node k
when the input part of the p" data pair is presented.
¢ To find the gradient vector, an error term €; for node i is defined as :
- d+E,

Ej = —
aX;

¢ The partial derivative can be rewritten as product of two terms using chain rule
for partial differentiation :
dE () - aﬂn_ daj(t)
owilt)  daj(t) 0 wy(t)

¢+ Features of the delta rule are as follows :
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2. Distributed learning : Learning is not reliant on central control of the network.
3. Online learning : Weights are updated after presentation of each pattern.

Rules for Feedforward Multilayer Perceptron

» The training algorithm is called Error Back Propagation (EBP) training algorithm.
If a submitted pattern provides an output far from desired value, the weights and
thresholds are adjusted so that the current mean square classification error is
reduced.

» The training is repeated for all patterns until the training set provide an acceptable
overall error. Usually the mapping error is computed over the full training set.

o Error back propagation algorithm is working in two stages :
1. The trained network operates feed-forward to obtain output of the network

2. The weight adjustment propagate backward from output layer through hidden
layer toward input layer.

XY Recurrent Neural Network

o A recurrent neural network is a type of neural network that contains loops,
allowing information to be stored within the network.

o A RNN is particularly useful when a sequence of data is being processed to make
a classification decision or regression estimate but it can also be used on
non-sequential data. Recurrent neural networks are typically used to solve tasks
related to time series data.

o Applications of recurrent neural networks include natural language processing,
speech recognition, machine translation, character-level language modeling, image
classification, image captioning, stock prediction, and financial engineering.

e Fig. 9.6.8 shows architecture of recurrent neural network.

L r
Input layer B (classharget)
P Hidden layers : "deep® if > 1

Fig. 9.6.8

* Recurrent Neural Networks can be thought of as a series of networks linked
together. They often have a chain-like architecture, making them applicable for
tasks such as speech recognition, language translation, etc.

TECHNICAL PUBLICATIONS® - an up-thrust for knowledge

Scanned with CamScanner




Machine Leaming 9-26 Neural Network

e An RNN can be designed to operate across sequences of vectors in the input,
output, or both. For example, a sequenced input may take a sentence as an input
and output a positive or negative sentiment value. Alternatively, a sequenced
output may take an image as an input, and produce a sentence as an output.

Backpropagation

» Backpropagation is a training method used for a multi-layer neural network. It is
also called the generalized delta rule. It is a gradient descent method which
minimizes the total squared error of the output computed by the net.

» The backpropagation algorithm looks for the minimum value of the error function
in weight space using a technique called the delta rule or gradient descent. The
weights that minimize the error function is then considered to be a solution to the
learning problem.

* Backpropagation is a systematic method for training multiple layer ANN. It is a
generalization of Widrow-Hoff error correction rule. 80 % of ANN applications
uses backpropagation.

» Fig. 9.7.1 shows backpropagation network.

Activation

Summing
junction

o Synapic Threshold  8(sum)
weights
Fig. 9.7.1 Backpropagation network
¢ Consider a simple neuron :
a. Neuron has a summing junction and activation function.
b. Any non linear function which differentiable everywhere and increases
everywhere with sum can be used as activation function.
c. Examples : Logistic function, Arc tangent function, Hyperbolic tangent
activation function.
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o These activation function makes the multilayer network to have greater
representational power than single layer network only when non-linearity is
introduced.

o Need of hidden layers :

1. A network with only two layers (input and output) can only represent the
input with whatever representation already exists in the input data.

2. If the data is discontinuous or non-linearly separable, the innate representation
is inconsistent, and the mapping cannot be learned using two layers (Input and
Output).

3. Therefore, hidden layer(s) are used between input and output layers

o Weights connects unit (neuron) in one layer only to those in the next higher layer.
The output of the unit is scaled by the value of the connecting weight, and it is
fed forward to provide a portion of the activation for the units in the next higher
layer.

» Backpropagation can be applied to an artificial neural network with any number
of hidden layers. The training objective is to adjust the weights so that the
application of a set of inputs produces the desired outputs.

¢ Training procedure : The network is usually trained with a large number of
input-output pairs.

1. Generate weights randomly to small random values (both positive and
negative) to ensure that the network is not saturated by large values of
weights.

Choose a training pair from the training set.

Apply the input vector to network input.
Calculate the network output.

Calculate the error, the difference between the network output and the desired
output.

6. Adjust the weights of the network in a way that minimizes this error.

7. Repeat steps 2 - 6 for each pair of input-output in the training set until the
error for the entire system is acceptably low.

oo B

Forward pass and backward pass :
* Backpropagation neural network training involves two passes.
1. In the forward pass, the input signals moves forward from the network input
to the output.
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7

3

In the backward pass, the calculated error signals propagate backward through
the network, where they are used to adjust the weights.

In the forward pass, the calculation of the output is carried out, layer by layer,
in the forward direction. The output of one layer is the input to the next layer,

o In the reverse pass,
a. The weights of the output neuron layer are adjusted first since the target value

b.

of each output neuron is available to guide the adjustment of the associated
weights, using the delta rule.

Next, we adjust the weights of the middle layers. As the middle layer neurons
have no target values, it makes the problem complex.

o Selection of number of hidden units : The number of hidden units depends on
the number of input units.

L:

1

-

Never choose h to be more than twice the number of input units.
You can load p patterns of I elements into log, p hidden units.

3. Ensure that we must have at least 1/e times as many training examples.
4.
5. Leamning many examples of disjointed inputs requires more hidden units than

Feature extraction requires fewer hidden units than inputs.

inputs.
The number of hidden units required for a classification task increases with the
number of classes in the task. Large networks require longer training times.

Factors influencing Backpropagation training
o The training time can be reduced by using :

1

Bias : Networks with biases can represent relationships between inputs and
outputs more easily than networks without biases. Adding a bias to each
neuron is usually desirable to offset the origin of the activation function, The
weight of the bias is trainable similar to weight except that the input is always
+1.

Momentum : The use of momentum enhances the stability of the training
process. Momentum is used to keep the training process going in the same
general direction analogous to the way that momentum of a moving object
behaves. In backpropagation with momentum, the weight change is a
combination of the current gradient and the previous gradient.

Advantages and Disadvantages
Advantages of backpropagation :

1. Itis simple, fast and easy to program.

'r ‘ .. = Ll
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Only numbers of the input are tuned and not any other parameter.
No need to have prior knowledge about the network.

It is flexible.

A standard approach and works efficiently.

S G W oR

It does not require the user to learn special functions.

pisadvantages of backpropagation :

1. Backpropagation possibly be sensitive to noisy data and irregularity.
2. The performance of this is highly reliant on the input data.

3. Needs excessive time for training,

4. The need for a matrix-based method for backpropagation instead of mini-batch.

m Deep Learning

e Deep Learning is a new area of machine learning research, which has been
introduced with the objective of moving machine learning closer to one of its
original goals. Deep Learning is about learning multiple levels of representation
and abstraction that help to make sense of data such as images, sound, and text.

» 'Deep Learning' means using a neural network with several layers of nodes
between input and output. It is generally better than other methods on image,
speech and certain other types of data because the series of layers between input
and output do feature identification and processing in a series of stages, just as
our brains seem to.

e Deep Learning emphasizes the network architecture of today's most successful
machine learning approaches. These methods are based on "deep" multi-layer
neural networks with many hidden layers.

EX Fill in the Blanks

Q.1 Backpropagation is a training method used for a neural network.
@2 ADALINE is an early artificial neural network.
Q.3 Activation functions also known as function is used to map input nodes

to output nodes in certain fashion.
Q4 ADALINE stands for

QS5 Rosenblatt perceptronisa _______ single neuron model.
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Multiple Cholce Questions

(a1 Backpropagation is a supervised learning algorithm, for training i

perceptrons. o
E single layer ]E multilayer
LT. any form of @ none

Q2 What is backpropagation ?

|a; It is another name given to the curvy function in the perceptron.
E It is the transmission of error back through the network to adjust the inpuyts;
c

¢! Ttis the transmission of error back through the network to allow weights tg pe
adjusted so that the network can learn.

g None of the above.

What are the general tasks that are performed with backpropagation algorithm ?
IE_ pattern mapping E function approximation

E prediction @ all of the above

Adaline which stands for

'a, Adaptive Linear Neuron
E Adaptive Linear Network

ib| Address Linear Neuron

Adaptive Neural Neuron

al[o]

[

What is an activation value ?

E weighted sum of inputs

o]

threshold value
none of the mentioned

—

1£ main input to neuron

[a]

Why can't we design a perfect neural network ?

[a! full operation is still not known of biological neurons

'b. number of neuron is itself not precisely known

. number of interconnection is very large & is very complex

What was the main point of difference between the Adaline & perceptron model ?
E‘_ Weights are compared with output
E Sensory units result is compared with output

L

E Analog activation value is mﬁm##%@t
'd Al of the mentioned Shgdess:>

ot B
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(a8 The backpropagation algorithm is used to find a local minimum of the

(a] neural network b] activation function
(el error function [d none of these
a9 Application of Neural Network includes
[Fa] Pattern Recognition b| Classification
|_c_] Clustering @ All of these
Q.10 Neural Networks are complex with many parameters.
a| Linear Functions ]E Nonlinear Functions
Ec_j Discrete Functions E‘ﬂ Exponential Functions
Q.11 A possible neuron specification to solve the AND problem requires a minimum of
[al Single neuron [bi Two neurons
[cj Three neurons E.[ Four neurons
Q.12 ADALINE isanearly layer artifical neural network.
a] zero [b] single
r‘ﬂ multi id] All of these
Q.13 Neuron can send signal at a time.
Eﬂ multiple [b] one
Ei None 'd; Any number of

Q.14 Internal state of neuron is called , is the function of the inputs the
Neurons receives.

Laj weight

EI activation or activity level of neuron |

bias

| All of these

o

| [o]

=9

I

Q.15 In artificial neural network interconnected processing elements are called

[a] weights 'b: nodes or neurons
lc| soma 'd| axons
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Q23

Neurg Na%m
Q16 are fibres acting as transmission lines that send acﬁm
NEUrons. er
2l Soma B] Nucleus
¢, Dendrites 'd| Axons
Q.17 What are dendrites ?
E? fibers of nerves LEI nuclear projections
¢ another name for nucleus |d Soma
Q.18 In which ANN, loops are allowed ?
al FeedForward ANN ' FeedBack ANN
E Both A and B E None of these
Q.19 The output at each node is called
'a axons {bi neurons
E weight Tl:_ node value
Q20 Training perceptron is based on
2 supervised leaning technique b} unsupervised learning
.¢; reinforced leamning @ stochastic learning
Q21 A perceptron takes a vector of real-valued inputs, calculates a linear combination of

these inputs, then outputs,

a lor-l bl Oor1l

c -lor 0 11 None

Neural networks are complex with many parameters.

'E linear functions LE nonlinear functions
c; discrete functions {d] exponential functions

.2 It is an auto-associative neural network.
b It is a double layer auto-associative neural network.

L¢; Itis a single layer feed-forward neural network with pre-processing:

td, It is a neural network that contains feedback. e

_________,.-""
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Keys for Flil In the Blanks

Q2 | singlelayer

Q4  Adaptive Linear Neuron

. 02 | ¢
T1 .
: e ;
e - Q8 | ¢ ]
d Q10 | a
Q.11 N Qu | b ]
Q1 | b Q.14 ' c
Q.15 b Q16 | d
Q.17 a Q.18 b =1
501 L — d LEJP_ a
Q.21 a Q2 a
Q.23 ¢
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