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Testing and Regression using R

Thursday, 26 September 2024
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https://eclass.aueb.gr/courses/INF297/



https://eclass.aueb.gr/courses/INF297/

The R Project for Statistical Computing

http://www.r-project.org/
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® \What is Statistics?
® \What is Data Analytics?
® \What is Data Science?




1.1. Introduction and motivation

Definition of statistics

DEFINITION 1

“Statistics is a branch of mathematics dealing
with the collection, organization, analysis,
interpretation and presentation of data”

Source: Wikipedia via

Dodge, Y. (2006) The Oxford Dictionary of Statistical Terms, OUP.
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1.1. Introduction and motivation

Definition of statistics

DEFINITION 2

“The science that quantifies uncertainty”

Source: The cartoon Guide to statistics
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1.1. Introduction and motivation

Definition of statistics

DEFINITION 3

“Statistics is a science, not a branch of
mathematics, but uses mathematical models
as essential tools”

- John Tukey
Source: American Statistical Association
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1.1. Introduction and motivation

What is a statistician?

® Statistician ® Biostatistician
® Data analyst ® Sports modeler
® Data Scientist ® Psychometrician
® Statistical programmer °

Behavioral analyst
® Statistical analyst

e Sampling expert/manager
® Data analysis expert
® Data modeler

® Market analyst
® Econometrician
® Statistical consultants

o
® Computational statistician Actuary

® Statistical Analyst ® Risk manager

® Prediction expert b



1.1. Introduction and motivation

What is a statistician?

® A statistician is a quantitative scientist that analyses data.

® A statistician implements quantitative methods to finally
deduce inference about a problem in another field of
science (e.g., medicine, sociology, epidemiology,
psychology, economics etc.)

13



1.1. Introduction and motivation

What is a statistician?

® A statistician is not talking about statistical facts in another
science (he extracts them from data)

® \What is the difference with data scientist?

® Data science is a broader field including special skills from
other fields such as informatics and operational research.

14



1.1.

Introduction and motivation

What is Data Analytics?

Analytics is the use of:

data,

information technology,

statistical analysis,

guantitative methods, and

mathematical or computer-based models

to help scientists or managers to gain improved insight
about their research and make better, fact-based decisions.

Analytics often favors data visualization to communicate
insight.

15



1.1. Introduction and motivation

What is Data Science?

® Data science is an umbrella term that encompasses data
analytics, data mining, machine learning, and several
other related disciplines.

® While a data scientist is expected to forecast the future
based on past patterns, data analysts extract meaningful
insights from various data sources.

® A data scientist creates questions while a data analyst
finds answers to the existing set of questions.

Source: www.simplilearn.com
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1.1. Introduction and motivation

What is Data Science?

Data Scientists

Data scientists solve complex data problems by employing
deep expertise in some scientific discipline.

It is generally expected that data scientists be able to work
with various elements of mathematics, statistics and
computer science, although expertise in these subjects is not
required.

However, a data scientist is most likely to be an expert in only
one or two of these disciplines and proficient in another two
or three.

17



1.1. Introduction and motivation
What is Data Science?

Data Scientists

® Therefore, data science is practiced as a team, where the
members of the team have a variety of expertise.
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1.1. Introduction and motivation

What is Data Science?

Data Science
® The key word is science.

® The subject is not restricted to only big data, although the
fact that data is scaling up makes big data an important
aspect of data science.

19



1.1. Introduction and motivation

Data Science VS Big Data VS Data Analytics WHAT ARE THE SKILLS REQUIRED?

DATA IS GROWING FASTER THAN EVER BEFORE.

DATA SCIENTIST BIG DATA SPECIALIST DATA ANALYST
Each person-
Eidilyligel o In-depth knowledge in o Analytical skills o Programming skills
1.7 megabytes SAS and/or R Creativit Statistical skl
O Creativity O Statistical skills
created ﬁr o Python coding
‘t) © Mathematics and © Mathematics
© Hadoop platform — .
O Statistical skills © Machine learning skills
© SQL database/coding .
> Computer science < Data wrangling skills
e © Working with : L
unstructured data © Business skills © Communication and Data
Visualization skills
WHAT ARE THEY? O Data Intuition
]
is a field that comprises of
everything that related to data cleansing,
preparation, and analysis. is something that can be used to
analyze insights which can lead to better
decision and strategic business moves.
DATA SCIENTIST
Involves automating insights into o
a certain dataset as well as supposes the usage of
queries and data aggregation procedures. $113,436

per vyear.

BIG DATA SPECIALIST . ‘
$62,066
DATA ANALYST ‘

per year.
$60,476
per year.

WHERE ARE THEY USED?

Data Science algorithms are Big Data is used in Data Analytics is used
used in industries like; industries like: in industries like:

Internet searches Financial Services »
2,0, N i == U

www.simplilearn.com




1.1. Introduction and motivation £
Data Science vs. Big Data vs. Data Analytics AUEB

WHAT ARE THEY?

is a field that comprises of

everything that related to data cleansing,
preparation, and analysis. is something that can be used to

analyze insights which can lead to better
decision and strategic business moves,

Involves automating insights into
a certain dataset as well as supposes the usage of
queries and data aggregation procedures,
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1.1. Introduction and motivation £
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Data Science vs. Big Data vs. Data Analytics AUEB

WHAT ARE THE SKILLS REQUIRED?

DATA SCIENTIST BIG DATA SPECIALIST DATA ANALYST

in-depth knowledge in Analytical skills Programming skills
SAS and/or R .
Craativity Stal |".“;.t|| skills

Python coding

Mathematics and Mathematics

Hadoop platform
Statistical skills Machine learning skills

SQL database/coding . s :
Computer science Data wrangling skilis

Working with

Rusinecs <kille Communication and Data
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Visualization skills
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1.1. Introduction and motivation

Math Meets Programming: A Quick History

® |n many ways, data science is the result of a merger
between two fields that have been around for decades:
statistics and computer science.

® Statisticians, of course, have been crunching numbers
for centuries. But the dawn of computer science in the
mid 20th century provided statisticians with a new tool
for analyzing data faster than had previously been
possible.

https://www.dataquest.io/blog/what-is-data-science/
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1.1. Introduction and motivation

Math Meets Programming: A Quick History

® 1960s: John W. Tukey were theorizing about how
computers could revolutionize the field, but their
impact at the time was minimal — they were simply
too slow and too expensive.

® 1980s: the rise of personal computers made digital
data collection possible, and companies started
collecting what they could.

https://www.dataquest.io/blog/what-is-data-science/

24


https://www.dataquest.io/blog/what-is-data-science/

1.1. Introduction and motivation

Math Meets Programming: A Quick History

® 1990s: Some were successfully making use of that data to
design marketing strategies. Analyzing these new digital
data sets required both the statistics knowledge of a
statistician and the programming skills of a computer
scientist.

® 2000s: Thanks in part to the advent of the internet, many
companies had access to mountains of data. At the same
time, computer processing power had advanced to the
point that complex analyses of huge data sets was
possible, and more advanced techniques like predictive
analytics with machine learning were coming into reach.

https://www.dataquest.io/blog/what-is-data-science/ 75
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1.1. Introduction and motivation

Math Meets Programming: A Quick History

® Both business and academia began to recognize the
value of having experts with the programming skills
required to collect, manipulate, and analyze digital
data and the statistics skills required to select the type
of analysis needed to accurately answer questions and
gain meaningful insights.

® “Data Science,” a term that had been around for
decades by that point, became the mainstream phrase
of choice to describe this confluence of skills.

https://www.dataquest.io/blog/what-is-data-science/
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1.1. Introduction and motivation

What Do Data Scientists Do?

CAPTURE
DATA

MANAGE &
REFGRIING THE CLEAN DATA

DATA SCIENCE
WORKFLOW

FINAL
ANALYSIS

EXPLORATORY
ANALYSIS

https://www.dataguest.io/blog/what-is-data-science/
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1.1. Introduction and motivation

What Do Data Scientists Do?

1. Capture data. Pulling the data from a company
database, scraping it from a website, accessing
an API, etc.

2. Manage data. Properly storing the data and
almost always cleaning the data.

3. Exploratory Analysis. Performing different
analyses and visualizing the data in various ways
to look for patterns, questions, and
opportunities for deeper study.

https://www.dataquest.io/blog/what-is-data-science/ 28
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1.1. Introduction and motivation

What Do Data Scientists Do?

4. Final Analysis. Digging deeper into the data to
answer specific business questions and fine-tuning
predictive models for the most accurate results.

5. Reporting. Presenting the results of analysis to
management, which might include writing a report,
producing visualizations, and making
recommendations based on the results of analysis.
Reporting might also mean plugging the results of
analysis into a data product or dashboard so that
other team members or clients can easily access it.

https://www.dataquest.io/blog/what-is-data-science/ 29
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1.1. Introduction and motivation

How much data do we use?

* According to the latest estimates, 402.74 million terabytes of
data are created each day.

In fact, it is estimated that 90% of the world's data was
generated in the last two years alone.

Source: https.//explodingtopics.com/blog/data-generated-per-day
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1.1. Introduction and motivation

How much data do we use?
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1.1. Introduction and motivation

How much data do we use?

Data Creation by Category

Source:
https://explodingtopics.com/blog/data-
generated-per-day

Category

Video

Social

Gaming

Web browsing

Messaging

Marketplace

File sharing

Cloud

VPN

Audio

Proportion of Internet Data Traffic

5372%

12.69%

9.86%

567%

5.35%

3.74%

2.73%

1.39%

0.31%
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1.1. Introduction and motivation

How much data do we use?

= o Amount per Amount per
Data Creation by Medi
Emails sent 2314 million 333.22 billion
Crypto purchased 90.2 million 129.89 billion
Source:
) Texts sent 16 million 24.04 billion

https.//explodingtopics.com/blog/data-
qeneratEd_Der_day Google searches 5.9 million 8.5 billion

Snaps shared on Snapchat 243 million 3.5 billion

Pieces of content shared on

Facebook 1.7 million 2.45 billion
Swipes on Tinder 11 million 1.58 billion
Hours streamed 1 million 1.44 billion
USD spent on Amazon 443,000 B37.92 million
USD sent on Venmo 437,600 63014 million
Tweets shared on Twitter 347,200 499.97 million
Hours spent in Zoom meetings 104,600 150.62 million

33

USD spent on DoorDash 76,400 110.02 million
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1.1. Introduction and motivation
Visualizing the skills of a Data Scientist

MODERN DATA SCIENTIST

Data Scientist, the sexiest job of the 2ith century, requires a mixture of multidisciplinary skills ranging from an
intersection of mathematics, statistics, computer science, communication and business. Finding a data scientist is
hard. Finding people who understand who a data scientist is, is equally hard. So here is a little cheat sheet on who

MATH
& STATISTICS

Machine learning
Statistical modeling
Experiment design
Bayesian inference

Supervised [earning: decision trees,

random forests, logistic regression
Unsupervised learming: clustering,
dimensionality reduction

Optimization: gradient descent and
variants

DOMAIN KNOWLEDGE
& SOFT SKILLS

Passionate about the business
Curious about data

Influence without authority
Hacker mindset

Problem solver

Strategic, proactive, creative,
innovative and collaborative

the modern data scientist really is.

PROGRAMMING
& DATABASE

Computer science fundamentals
Seripting language e.g. Python
Statistical computing packages. e.g. R
Databases: SOL and NoSOL
Relational algebra

Paralle| databases and parallel query
processing

MapReduce concepts

Hadoop and Hive/Pig

Custom reducers

Experience with xaaS like AWS

o X

COMMUNICATION
& VISUALIZATION

¥ Able to engage with senior
management

Story telling skills

Translate data-driven insights info
decisions and actions

Visual art design
R packages like geplot or lattice

Knowledge of any of visualization
tools e.g. Flare, D3 s, Tahleau

MarketingDistillery com is a group of practitioners in the area of e-commerce marketing. Our fields of expertiss

marketing strategy and optimization: customer tracking :

d on-site analytics: predictive analytics and econometri

warehousing and big data systems: marketing channel insights in Paid Search, SEO, Social, CRM and brand

Big Data
Solution
Engineering

Data
Modeling

Data
isualization

Pattern
Recognition

Data
Mining

Machine
Learning

Artificial
Intelligence

Neural
Networks
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R in the 215t century

RedMonk Q124 Programming Language Rankings

aﬁcript

100 - P
Ol
VBA RFSP[YeScript
Visual Basic .NET Visual Basic
Matlab Kotiig
Dart hell -
GCC Machine Description Assembly Rust
— Sass Groovy
g 75 Arduino _ Lua
© Fit Clojure
E ColdFusion Cuda
i ASP QML 5 Julia
g ActionScript Ertanig®feeSePt o
ionScri
é P ScheE_,aESL Te )
i am|
£ RobotFramework Processing il
o Comn‘?& Oldlty
‘:‘% Racket \ypp
a Mathematica o Puppet Smarty
5 Liquid Emacs Lisp
< ABAP £ oeMarker Co
& WebAssembly q . | D
ascal
2 Apex
= Raku
3 Haxe Smalltalk =
3 _ SaltStack S
- PostScript e Vala Gherkin
25- StylusGDScript )
Bicep ) Nix
PureScript B ;
allerina
Xtflow  Reason s
ape R Astro
Brainfuck Lean ook
Jsonnet 8C
ShaderLab
Starlarl@- "
im script
0- SQF Rich Text Format Roff
é 3‘0 5‘0 90 36

Popularity Rank on GitHub (by # of Projects)



1.1. Introduction and motivation

Data analysis can be fun

® Statistical data analysis can be implemented
in any kind of problem

® This can make our job fun (sometimes) or
boring (other times)

® A course on data analysis may include
everything (all about statistics)

® Some intriguing examples follow
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1.1. Introduction and motivation

Data analysis can be fun

R R bloggers

Election 2016: Tracking Emotions with R and Python

Election 2016: Tracking Emotions with R and Python

Temperament has been a key issue in the 2016 presidential election between Hillary
Clinton and Donald Trump, and an issue highlighted in the series of three debates that
concluded this week. Quanti...
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1.1. Introduction and motivation
Data analysis can be fun

Trump Im)*

Clinton
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1.1. Introduction and motivation ﬁ
Data analysis can be fun AU

The _
Economist

contempt surprise

FIT N

-

CREDIT : RBC NETWORK BROADCASTING

Ii‘éAUSE :
https://www.r-bloggers.com/election-2016-tracking-emotions-with-r-and-python/
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1.1. Introduction and motivation

Data analysis can be fun

Bayesian hierarchical model for the prediction of

football results

Gianluca Baio'2* Marta A. Blangiardo?

SA SCIenCe 4 A” Home  Write  About

Publishable Stuff

About | CV | Research | Blog | Archives

Quality Popular Science
- By Lé Nguyén Hoang
PhD Student in Applied Maths at Polytechnique of Montreal.
Engineer of the Ecole Polytechnique, France. (X2007)
A Model of Football Games & PRINT
Abstract | Outline | Posted: April 4th, 2013 | Last Modified: February 28th, 2014 | Tags: Mathematics, Modeling, Optimization, Probability, Soccer, Statistics | Views: 3272 | No Comments »
Support the author by sharing: [T W Tweet 15 8+ a5 snael o0 BSE = (£ repost

While the 2014 World Cup in Brazil is approaching, controversy has been raised about the FIFA ranking which plays a central role in the drawing of the first stage groups. In
particular, it's puzzling to see that this ranking (in October 2014) features Columbia and Belgium at 4th and 5th position, while world-cup winners Brazil and France are 11th and
21st... Does this ranking even make sense?

« Panel discussion on data science and "small data” | Main | The ACK 2013 Mining Big Data Cam

Modeling Match Results in La Liga
Using a Hierarchical Bayesian Poisson
Model: Part one.

This is a slightly modified version of my submission to the UseR 2013 Data Analysis Contest which I had the
fortune of winning :) The purpose of the contest was to do something interesting with a dataset consisting of the
match results from the last five seasons of La Liga, the premium Spanish football (aka soccer) league. In total
there were 1900 rows in the dataset each with information regarding which was the home and away team, what
these teams scored and what season it was. I decided to develop a Bayesian model of the distribution of the end
scores. Here we go...

why spain will win...

{EMH) is a cornerstone of

"lUn-Conference"”

Cictober 18, 2013

Fantasy Football Modeling with R

-..maybe? Dr lan Hale, senior lecturer in statistics at the University i g conersone el
of Salford, discusses how mathematical models of football matches ~ simplestform, states thatan

N . . . investor should not be able to
are used in the gambling industry — and sportingly puts his neck on consistently abain returns
the line by supplying his own predictions for the World Cup 2010 ot ot
that can generate better-than-

PREDICTING football results advanced statistical techniques and jobs, whilst finding a small average —or even positive—

is a rapidly growing area of by modelling the intricacies of advantage can carry great returns usually results ina
academic interest. Economists football data. rewards. publication for the academic as
use models to assess the Itisnot, of course, just an example of avielation of the
efficiency of betting markets, academies who are mining the BETTING MARKETS EMH, but the proprietary nature
operational researchers use archives of football scores. In academia, the most common of the models means that the
models to experiment with the Bookmakers live and breathe application of football published ones rarely (if ever)

3':'”3 G hE'rI 4 d ata SC | en [| af fD r [h e |'I'|ile W Y |'-|[|: -I'-I:.FT_'ES_ |‘|a S DE en runn |r|g 5 | nce Aug ust a INEEI'.LI'E various effects of tournament football prediction models —as forecasting models is totest for represent the very best models,

design, and statisticians do the more committed ‘betting market efficiency. The and even less often generate

bl{]q H‘p'ith Statl Sti ca | ana |'-|I'Si 1= Df N F |_ [Il dyers, as :Dlj der f[l r Fa ntas':l.' FD D‘ttlal | I:l |a':|.' ars arou nd ‘the showcase their proficiency with  flutterers. Mistakes cost money  Efficient Markets Hypothesis positive returns consistently.

country. Hera's how he describes what he does:
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Is the UK shunned at Eurovision?
Gianluca Baio & Marta Blangiardo

It's that time of the year again. One of the biggest events in Europe’s {and the world’s)
cultural calendar, the Eurovision song contest is legendary.



Login/Register | Newsletter | Subscribe

GADGETS®@ CARS@ S

SCIENCE . ...
Cold Hard Facts “ESCInsight

Articles » Headlines » Podcast »

RI OGS /1

VINDFOS /i

Eurovision statistics: f|
predictions

Posted by on Jan 2oth, 2014 in

Just like that, we have the draw for the semi-finals of
this year’s Eurovision Song Contest.

Delegations are away to book hotel rooms, look at the
cost of flights, and lock in all their travel plans for two
weeks in Copenhagen. Latvia will be tightening the
purse strings as they’ll be asked to arrive for the first day
of rehearsals, while the ‘we’re not quite sure we can
Thisis part three of a series of posts describing a predictive mod; afford it’ Slovenia can stay at home for three extra days

until they are needed during the fourth day of

rehearsals.

full set of posts can be found here.
But we're not going to look at the logistics just yet. No, it’s time to decide who is going to
qualify from the semi-finals, even though we have only heard three songs (and the chances are
two will have a significant remix, and the ‘Cheesecake’ will go off by May to be replaced by

Keeping score it

Rather than go for an emotional response or a gut feel, we've taken the information from
today’s draw, fed it into a verv complicated spreadsheet of historical data and trends, and
come up with a statistical prediction for the ten qualifiers out of each semi-final.

Last time round, | compared my model’s original predictions to tf

managed to predict eight of the ten qualifiers correctly, which is

SEMI-FINALY SEMI-FINAL 2

that random guessing would give, and seemed to compare well | — - Ap—

for human predictions (which have the benefit of knowing what { ’ - ol

AN MARING

the critically act . :.... & o
Solomon Northu BQSt

masterpiece tha Actress

SURJOE Pl DI Social Oscars screenshot The Social Oscars is one of several statistical models now at work predicting 44
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