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“It is very easy to be a teacher, but very difficult to be a student.

A good student has to learn many concepts, perform in examinations, loyal to his /
her teacher and others.”

Quote of the day
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Why this course?
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Basic Statistics:
� Descriptive Statistics

� Estimation and
Hypothesis Testing

� Analysis of Variance
(ANOVA)

Programming
Skills:
� Basics of R & RStudio

� Basic statistics using R

� Basics of Python

� Basic statistics using
Python

Probability
Theory:
� Introductory

Probability Theory

� Probability
Distributions

� Sampling
Distributions

� Linear Algebra &
Calculus

Course Prerequisites
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Regression
Analysis:
� Linear Regression

� Nonlinear Regression

� Shrinkage Methods

� Logistic Regression &
GLM

� Time Series
Forecasting

Multivariate
Analysis:
� SVD & PCA

� Factor Analysis

� LDA & QDA

� Correspondence
Analysis

� Market Basket
Analysis

Coding & Projects:
� Implementations in

RStudio (mostly) &
Python

� Kaggle Competition
(20%)

� Project Presentation
(20%)

� Mid-term (20% and
Final Exam (40%)

Course Syllabus

5/92



“Data is the new oil. It’s valuable, but if unrefined it cannot really
be used. It has to be changed into gas, plastic, chemicals, etc to
create a valuable entity that drives profitable activity; so must data
be broken down, analyzed for it to have value.”

- Clive Humby, UK Mathematician and Architect of Tesco’s Clubcard.

Example:

What is Data?
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Role of data: Present
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“It is a capital mistake to theorize before one has data. In-
sensibly one begins to twist facts to suit theories, instead of
theories to suit facts.”

- Sherlock Holmes, in A Scandal in Bohemia.

Role of data: Present
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The World is Data Rich
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1 Statistics is the study of the collection, analysis, interpretation,
presentation and organization of data.

2 Data science is the study of the generalizable extraction of knowledge
from data, yet the key word is science.

3 Machine learning is the sub-field of computer science that gives
computers the ability to learn without being explicitly programmed.

4 Artificial Intelligence research is defined as the study of intelligent
agents: any device that perceives its environment and takes actions that
maximize its chance of success at some goal.

5 Big data is an all-encompassing term for any collection of data sets so
large and complex that it becomes difficult to process using traditional
data processing applications.

Recent Trends and Buzzwords
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TOPIC 1 : STATISTICS
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“Statistics is the universal tool of inductive inference, research in natural and so-
cial sciences, and technological applications. Statistics must have a clearly defined
purpose, one aspect of which is scientific advance and the other, human welfare and
national development”
- Professor P C Mahalanobis.

“All knowledge is, in final analysis, History.
All sciences are, in the abstract, Mathematics.
All judgements are, in their rationale, Statistics.”
- Professor C R Rao.

� Role of Statistics:
1 Making inference from samples

2 Development of new methods for complex data sets

3 Quantification of uncertainty and variability

� Two Views of Statistics:
1 Statistics as a Mathematical Science

2 Statistics as a Data Science

Statistics: View Points
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In 1925, R A Fisher published Statistical Meth-
ods for Research Workers in the Biological Mono-
graphs and Manuals Series by the publisher Oliver
and Boyd of Edinburgh in Scotland. In the first
few pages of the book Fisher gives an Introduction
to statistics and its methods. We give below a part
of this Introduction:-

The science of Statistics is essentially a branch
of Applied Mathematics, and may be regarded as
mathematics applied to observational data. As
in other mathematical studies, the same formula
is equally relevant to widely different groups of
subject-matter. Consequently the unity of the dif-
ferent applications has usually been overlooked, the
more naturally because the development of the un-
derlying mathematical theory has been much ne-
glected. Statistics may be regarded as (i) the study
of populations, (ii) as the study of variation, (iii) as
the study of methods of the reduction of data.

Statistics: View Points
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� Probability and its application to Gambling &
Astronomy

- Jacob Bernoulli (Prob. distribution, Law of
large numbers, etc.)

- Pierre-Simon Laplace (Double exponential,
Transformation, etc.)

- Thomas Bayes (Bayes’ theorem, etc.)

- Gauss and Legendre (Least Square Method)

- Francis Galton (Correlation & Regression)

- Karl Pearson (χ2 test, distribution, etc.)

- and many others.

History of Statistics : Pre 1900
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� Development of Statistics and its application to
Agriculture, Economics, Geology, Medical,
Technology, Clinical Trials, etc.

- Ronald Fisher (Discriminant analysis,
Likelihood, ANOVA & DOE, etc.)

- Jerzy Neyman, Egon Sharpe Pearson & Wald
(Decision theory, Optimality, etc.)

- Lehmann, Hotelling, Anderson & Tukey
(Multivariate & Inferential Statistics, etc.)

- Box, Cox, Jenkin and Blackwell (Time Series)

- Shewhart, Deming, Taguchi & Juran (SQC)

- Efron, Breiman, Friedman, Cramer (Modern
Statistical Tools)

- PC Mahalanobis (Mahalanobis Distance), C. R.
Rao (Linear Models, Multivariate Analysis,
Orthogonal arrays, etc.), etc.

History of Statistics : 1900 - 1980
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� Parametric Models : One Sample, two sample,
linear models, survival data, Estimation, Testing
of Hypothesis.

� Probability distributions were believed to
generate data (e.g., Gaussian, Logistic, Poisson,
Exponential, etc.).

� Semiparametric & Nonparametric Models :
Dropping assumptions on population,
dependence and errors.

� Emphases on Optimality in various ways :
Bayes optimality, Decision theory, minimax and
unbiasedness.

� Exact distributional (t, F) approaches and
asymptotic methods (samples size!1 viewed
as approximation).

History of Statistics : Upto 1980
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� Data : Large bodies of data with complex data structures are generated
from computers, sensors, manufacturing industries, etc.

� Models : Non/Semiparametric models but in complex probability
spaces / high-dimensional functional spaces (e.g., deep neural net,
reinforcement learning, decision trees, etc.).

� Emphases : Making predictions, causation, algorithmic convergence.

� Data are necessary and at the core of Statistical Learning, Data Science
& Machine Learning.

� Statistics : Not only has strong interactions with Probability but also
other parts of Data Science (Machine Learning, Artificial Intelligence,
etc.).

Statistics : 1980 - Present
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� Probability : Has moved to the center of Mathematics and having strong
interactions with Statistical Physics and Theoretical Computer Science.

� Statistics : Not only has strong interactions with Probability but also
other parts of Data Science (Machine Learning, Artificial Intelligence,
etc.).

� Computational : Computing skills are essential, construction of fast
training algorithms and computation time.

� Applications : Strong interactions with substantive fields in all areas.
Applications of statistical methods in almost all the fields are evident.
Statistics became a key technology driven by data (“Data is the new
oil").

Statistics : Present (2021)
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� Traditional Problems in Applied Statistics:

- Well formulated question that we would like to answer.
- Expensive to gather data and/or expensive to do computation.
- Create specially designed experiments to collect high quality data.

� Current Situation : Information Revolution

- Improvements in computers and data storage devices.
- Powerful data capturing devices.
- Lots of data with potentially valuable information available.

Statistics: Past Vs. Present
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� Data characteristics:

- Size
- Dimensionality
- Complexity
- Messy
- Secondary sources

� Focus on generalization performance :

- Prediction on new data
- Action in new circumstances
- Complex models needed for good generalization

� Computational considerations :

- Large scale and complex systems

What is the Difference?
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TOPIC 2 : DATA SCIENCE
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“Data is the new oil. It's valuable, but if unre�ned it cannot
really be used. It has to be changed into gas, plastic, chemicals,
etc to create a valuable entity that drives pro�table activity; so
must data be broken down, analyzed for it to have value.”

- Clive Humby, UK Mathematician and Architect of Tesco's
Clubcard.

“Everybody needs data literacy, because data is everywhere.
It's the new currency, it's the language of the business. We need
to be able to speak that.”

- MIT Sloan School of Management

What is Data Science?
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� Interdisciplinary �eld about scienti�c methods, processes, and
systems to extract knowledge or insights from complex data in
various forms, either structured or unstructured.

� A concept to unify Statistics, Data Analysis and their related
methods in order to “understand and analyze actual phenomena”
with data.

� Employs techniques and theories drawn from many �elds within
the broad areas of Mathematics, Statistics, Information Science,
and Computer Science, in particular from the subdomains of
Machine learning, classi�cation, cluster analysis, data mining,
databases, and visualization.

� Fourth paradigm of Science (empirical, theoretical, computational
and data-driven)

What is Data Science?
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"When you're fundraising, it's AI.
When you're hiring, it's ML.
When you're implementing, it's Linear Regression.
When you're debugging, it's printf()."

- Baron Schwartz, Founder and CEO of VividCortex, 2017.

Types of Data Science?
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BasicDefinitions:
Entity: A particular thing is called entity or object.
Attribute: An attribute is a measurable or observable property of an entity.
Data: A measurement of an attribute is called data.
Note: Data de�nes an entity and Computer can manage all type of data (e.g.,
audio, video, text, etc.). In general, there are many types of data that can be used
to measure the properties of an entity.
Scale: A good understanding of data scales (also called scales of measurement) is
important. Depending on the scales of measurement, different techniques are fol-
lowed to derive hitherto unknown knowledge in the form of patterns, associations,
anomalies or similarities from a volume of data.

Data in Data Analytics
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� The NOIR scale is the fundamental building block on which the extended data
types are built.

� Further, nominal (Blood groups, Attendance) and ordinal (Shirt size) are
collectively referred to as categorical or qualitative data. Whereas, interval
(weight, temperature) and ratio (Sound intensity in Decibel) data are collectively
referred to as quantitative or numeric data.

NOIR: Scales of Measurement
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Concept of data cube:

A multidimensional data model views data in the form of a cube. A data cube is
characterized with two things:

� Dimension: The perspective or entities with respect to which an organization
wants to keep record.

� Fact: The actual values in the record.

Example: Rainfall data of Meteorological Department.

� Time (Year, Season, Month, Week, Day, etc.)
� Location (Country, Region, State, etc.)

Data Cube
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� In this 2-D representation, the rainfall for “North-East” region are shown with
respect to different months for a period of years...

2-D view of rainfall data
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� Suppose, we want to represent data according to times (Year, Month) as well as
regions of a country say East, West, North, North-East, etc.

Figure: 2-D view of rainfall data Figure: 3-D view of rainfall data

View of 3-D rainfall data
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Data Mining Process
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Data Mining Process
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Gaining information on

� Objective of the problem.
� Subject area of the problem.
� Data.

1. Prior Knowledge
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Gaining information on

� Data Exploration and Data quality.
� Handling missing values and Outliers.
� Data type conversion.
� Transformation, Feature selection and Sampling.

2. Data Preparation
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