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Data Science and Big Data
Data is the new Qil!




Data Science and Big Data

The 5 Vs of Big Data

* Terabytes
* Records/Arch
« Transactions
« Tables, Files

+ Batch
+ Real/inear-time
+ Processes
+ Streams

5 Vs of
+ Structured . + Statistical
+ Unstructured Blg Data = Events
+ Multi-factor + Correlations
+ Probabilistic '

Hypothetical

+ Trustworthiness
= Authenticity

« Origin, Reputation
= Availability

« Accountability




Data Science and Big Data

Lots of Words!
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Data Science and Big Data
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Data Science and Big Data

Don't believe the hype?
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Data Science and Big Data
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@ Data Science and Big Data: Much more than a hype!



Data Science and Big Data

Wikipedia

Big data

From Wikipedia, the free encyclopedia

This article is about large collections of data. For the band, see Big Data (band).

Big datal'1?] s the term for a collection of data sets so large and complex that it be difficult to process. hand database tools or traditional data processing applications. The
challenges include capture, curation, storage,/%] search, sharing, transfer, analysis!“) and visualization. The trend to larger data sets is due to the additional information derivable from analysis of a single
large set of related data, as compared to separate smaller sets with the same total amount of data, allowing correlations to be found to "spot business trends, determine quality of research, prevent diseases,
link legal citations, combat crime, and determine real-time roadway traffic conditions."S1E17]

As of 2012, limits on the size of data sets that are feasible to process in a reasonable amount of time were on the order of exabytes of data.'®) Scientists regularly
encounter limitations due to large data sets in many areas, including meteorology, genomics, ®) connectomics, complex physics simulations, %) and biological
and environmental research.["] The limitations also affect Internet search, finance and business informatics. Data sets grow in size in part because they are
increasingly being gathered by ubiquitous , aerial sensory (remote sensing), software logs, cameras,
microphones, radio-frequency identification readers, and wireless sensor networks.['2113] The world's technological per-capita capacity to store information has
roughly doubled every 40 months since the 1980s;{#l as of 2012, every day 2.5 exabytes (2.5x10'®) of data were created.%! The challenge for large enterprises
is determining who should own big data initiatives that straddle the entire organization. 6!

Big data i difficult to work with using most relational database management systems and desktop statistics and visualization packages, requiring instead E

"massively parallel software running on tens, hundreds, or even thousands of servers".'7] What is considered "big data” varies depending on the capabilities of ¢ BT

the organization managing the set, and on the capabiliies of the applications that are traditionally used to process and analyze the data set in its domain. "For Avisualization created by IBMof &

some organizations, facing hundreds of gigabytes of data for the first time may trigger a need to reconsider data management options. For others, it may take A idpeca edis M mukiple texety b &)
e size, the text and images of Wikipedia are

tens or hundreds of terabytes before data size becomes a significant consideration. aclassic example of big data.



Data Science and Big Data

Wikipedia

e 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.

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

@ Statistics is the study of the collection, analysis,
interpretation, presentation and organization of data.
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Data Science and Big Data

Doing Data Science

Exploratory
Data
Analysis
Raw Data is p| Datais Clean
Collected Processed Data I
M "
Real "% Ma(h!ne
World ~. Learing
T~ Algorithms
AN Statistical
s . L 4 v I Models
*~J BuildData Cﬂmrr[unl_cate
Product Visualizations Make
Report Decisions
findings

Figure 2-2. The data science process

Doing Data Science: Straight talk from the frontline

@ Rachel Schutt, Cathy O'Neil - O'Reilly

@ Art of data driven decision / evaluation.



Data Science and Big Data

A new Context

Data everywhere

@ Huge volume,

@ Huge variety...

Affordable computation units

@ Cloud computing
@ Graphical Processor Units (GPU)...

@ Growing academic and industrial interest!



Data Science and Big Data
Big Data is (quite) Easy

Example of off the shelves solution

SPQrK amazon

webservices

run(params: Parans) {
conf SparkConf ()

- sethpptane(s"BinaryClassification with $parans*)
= new SparkContext(conf)

Logger.getRootLogger. setLevel(Level.WARN)

exanples = HLUtils. loadLibSWMFile(sc, params.input).cache()

splits = examples. randonsplit(Array(0.8, 0.2))
training = splits(0).cache()
test = splits(1).cache()
nunTraining = training. count()
T = st count ()
println| mTra)ang, test: gnunTest.")
B AL TP DY 1] se)
updater = params. regType {
[E Updater()

L2 = new SquaredL2Updater()

algorithm LogisticRegressionWithSGD()
algorithm. optimizer

-setNunIterations (params. nunlterations)
.setStepSize(params. stepSize)
-setUpdater(updater)
-setRegParan(parans. reg’
model =

an)
algorithm. run(training).clearThreshold()

prediction = model.predict test.map(_.feature

PredictionandLabel = prediction.Zip(est.mapi.. lmm
metrics = naryClassificationMetrics(predictionAndLabel)
myMetrics MyBinaryClassificationtetrics (predictionAndLabel)

println(s"Enpirical CrossEntropy = ${myMetrics.crossEntropy()}.

${metrics.arealnderPR()}.
println(s"Test areaUnderROC = ${metrics.arealnderR0C()}.")
sc.stop()
¥




Data Science and Big Data

Big Data is (quite) Easy

Example of off the shelves soluti
Spark anazon

export AWS_ACCESS_KEY_ID=<your-access-keyid>

export AWS_SECRET_ACCESS_KEY=<your-access-key-secret>

cellule/spark/ec2/sparl-ec2 -i cellule.pem -k cellule -s <number of machines> launch <cluster-name>
ssh -i cellule.pem root@<your-cluster-master-dns>

spark-ec2/copy-dir ephemeral-hdfs/conf

ephemeral-hdfs/bin/hadoop distcp s3n://celluledecalcul/dataset/raw/train.csv /data/train.csv

scp -i cellule.pem cellule/challenge/target/scala-2.10/target/scala-2.10/challenges_2.10-0.0.jar

cellule/spark/bin/spark-submit \
--class fr.cc.challenge.Preprocess \
challenges_2.10-0.0.jar \
/data/train.csv \
/data/train2.csv

cellule/spark/bin/spark-submit \
--class fr.cc.sparktest.LogisticRegression \
challenges_2.10-0.0.jar \
/data/train2.csv

= Logistic regression for arbitrary large dataset!
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Data Science and Big Data

Web searc

Go gle moteur de recherche “

Web  Actualités Images  Vidéos Maps  Plus Outils de recherche

Environ 10 100 000 résultats (0,24 secondes)

Moteur de recherche - Mozbot France - La recherche facile ...
www.mozbot.fr/ ¥

Moteur de recherche Mozbot en partenariat avec Brioude-Intemet, Abondance et
Google : résultats, connexes, isti mots clés,

Actualités correspondant @ moteur de recherche

Le moteur de recherche DuckDuckGo bloqué en
(¢ Chine
Le Monde - il y a 3 heures
Selon le site spécialisé TechinAsia, le moteur de recherche serait
G bloqué depuis le 4 septembre dans le pays. DuckDuckGo, qui se
présente

L'Allemagne souhaite que Google dévaile les algorithmes ...
Clubic.com - il y a 5 jours

Plus d'actualités pour "moteur de recherche"

Moteur de recherche — Wikipédia
fr.wikipedia.org/wiki/Moteur_de_recherche ~

Un moteur de recherche est une application web permettant de retrouver des
ressources (pages web, articles de forums Usenet, images, vidéo, fichiers, etc.) ...

Moteur de Recherche SEEK.fr ™

www.seek.fr/ ¥

Moteur de recherche alternatif francais respectant la vie privée via un métamoteur
utilisant les principaux moteurs de recherche ainsi qu'un annuaire ...

Metamoteur Web SEEK fr - A Propos de Seek - Horoscope - Seek annuaire



Data Science and Big Data

Recommendation system

More Ideas Based on Your Browsing History

You looked at You might also consider

Thriving in the Knowledge Museum Administration: An Exhibit Labels: An

Age: New... Paperback by Introduction Paperback by Interpretive Approach
John H. Falk Hugh H. Genoways Paperback by Beverly Serrell
$29.95 $31.95 $28.75 $34.95 $27.85

*Endsimilar tems 12 o ¢ ommendations don+ have 4o be
about showing You more, of' He same...




Data Science and Big Data
Health

The Body as a Source
of Big Data




Data Science and Big Data

Smart city

Smarter Cities: Turning Big Data Into Insight

City Planning and Operations

global annual savings could be attained by
optimizing public infrastructure.
Source: McKinsey

ininfrastructure investments will be
needed between 2013-2030.
Source: McKinsey

Water Management

of water allocated for domestic
human use goes to urban cities.

1
of traffic delays per year are incurred,
on average, by travelers.

0 Billi
peopleall over the world travel
approximately 30 billion miles per
year. By 2050, that figure will grow
to over 150 billion miles

Open Cloud

i
in potable water i lost every year because
of leaks, theft and unbilled usage.

Source: World Bank

for cites, to pr

1BM Intelligent
such as wa

cloud experts support IBM's
industry team alone.

) Billior
hasbeen invested by IBM in more than
a dozen acquisitions to accelerate its
cloud initiatives.




Data Science and Big Data

Genomics

NA-seq
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Data Science and Big Data

Physics
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Data Science and Big Data

A Complex Ecosystem!

Business Industry specific
Predictive Predictive
Models Models Big Data
Solutions
Big Data Machine Learning Engine
(ex. IBM, SKYTREE)
N Big Data
Application .
s o Big Data Technology
thick client)
Software Platform
(ex. Hadoop, Cloudera, Hartonworks)
Big Data

Data Stores

Big Data
[Structured & Unstructured]

(ex. mangoDB, REDIS, Cassandra, Hana)



Data Science and Big Data

A Complex Ecosystem
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© Matt Turck (@mattturek), Sutian Dong (@sutiandong) & FirstMark Capital (@frstmarkcap)



Data Science and Big Data

New Interdisciplinary Challenges

@ Applied math AND Computer science

@ Huge importance of domain specific knowledge: physics,
signal processing, biology, health, marketing...

Some joint math/computer science challenges

@ Data acquisition

@ Unstructured data and their representation
@ Huge dataset and computation

High dimensional data and model selection
Learning with less supervision
Visualization

Software(s)...



Data Science and Big Data

Data acquisition

HOW INGESTIBLE SENSORS WORK

Some challenges

@ How to measure new things?

@ How to choose what to measure?

@ How to deal with distributed sensors?
°

How to look for new sources of informations?



Data Science and Big Data

Unstructured Data

New 5 : . ™
The Unstructured Data Data [FRQ s ~ °
Explosion . 3

- Growing 100X every 10 years
- Requires a new approach

Traditional
Data

ssera322
ety

20419328
9547083

Some challenges

@ How to store efficiently the data?

@ How to describe (model) them to be able to process them?
@ How to combine data of different nature?
o

How to learn dynamics?



Data Science and Big Data

Huge Dataset

Servers
(aka computers) Spark:Transformations & Actions

Faster, more expensive '\ Processor core(s) L1/L2/L3 cache

Generally non persistent \ Processers memaria
DRANN, v nep

\ Direct address range
ﬁ 0.S. Virtual & physical ~ NVRAM\, 2o Teriaieh on

Transformations Actions

Memory map/range - NAND/Flash ™,

"\, External memory (storage)
. Beyond memory map

N, Utilize file system

DAS, SAN, NAS
Block, file
Objects

Higher capacity
Lower cost
Persistent
Distance

Locality of reference ~ Source: StoageIOblog.com

Some challenges

@ How to take into account the locality of the data?
@ How to construct distributed architectures?

@ How to design adapted algorithms?



Data Science and Big Data
High Dimensional Data

Some challenges

@ How to describe (model) the data?

@ How to reduce the data dimensionality?

@ How to select/mix models?



Data Science and Big Data

Learning and Supervision

METHOD TRAIMING DATA
[
Supervised | abeled o Training
learning data process
E
i Labeled >
= Sem-suoervised Training
|'-|'. learning process
[N
[
+
Unsupemised Unlabeled ™, Training
learning dala process

Some challenges

@ How to learn with the less possible interactions?

@ How to learn simultaneously several related tasks?



Data Science and Big Data
Visualization

Some challenges

@ How to look at the data?
@ How to present results?

@ How to help taking better informed decision?



Data Science and Big Data

Software(s)

Big Data
Solutions
Big Data r:::‘::.; m..., Engine.
Big Data
Applications -
2 Big Data Technology

Software Platform

(ex Hadaop,Clouders Hortonvorle)

Big Data
Data Stores

g Data
[S(ructured & Unstructured]
(o morgsD8 RIS ot o)

Some challenges

@ How to construct a consistent ecosystem?

@ How to construct interoperable systems?
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Teaching and R

Data Scientists!

Scientific
S Method
Creativity
& Strategic
Thinking
Business DATA Statistics
Expeiise \_ SCIENCE
Hacking h Computing
D Skills
ata

Engineering

T el R i
Lompurte

@ No one masters all the skills!

@ Importance of teams.



Teaching and R

More than one type of Data Scientists?

Data scientisk

Data science
statistics
machine learning
information retrieval

Data engineer Applied scientist

signal processing
data visualization
databases

Tool building Data domains
software engineering energy and physical scie
clouds/grids. health and life
high-performance Earth and environment
computing economy and society
optimization

Software engineer Domain scientist

Data trainer
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Teaching and R

Data Science Teaching at X

@ Focus on the Data Scientist profile...

3 years program for X student

@ 2A: Fundamentals (Math, Stat., Learn., CS) + 1 year project

@ 3A: Dedicated track (Appl. Math/CS) + Projects +
Internship

@ 4A: Data Sciences Master

Data Sciences track of the Master Mathematics and Application of
Paris Saclay

@ Operated by Polytechnique in collaboration with Telecom,
ENSAE, Paris Sud and ENS Cachan.

e Data Scientist training: statistical learning, machine learning,
optimization, Big Data technologies...



Teaching and R

Data Science Teaching at X

Data Sciences Starter Program

@ 20 days continuous training program.

Data Science Initiative at X

@ Support for both teaching and research (projects,
collaborations, chairs...)

@ Teaching supported by the Data Scientist chair (X, Keyrus,
Orange, Thales)
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Teaching and R

R or Python?

e

Python
@ Domain Specific Language @ Generalist Language
@ Used in Data Science @ Used in Data Science
@ Package Ecosystem: @ Package ecosytem:
e Dataframe (and o Dataframe + pandas
datatable) + dplyr
o Ggplot2 e Matplotlib, Bokeh...
e Huge statistical / o Scikit-Learn...

machine learning
package ecosytem

@ Object oriented? + lazy @ Object oriented
evaluation

@ Prototyping? @ Production?



Teaching and R
R and Python

Teaching choice

R and Python!

@ Expose the students to the two most used DS frameworks!
o Python already taught!
°

Focus on R on the Statistic and Machine Learning courses to
make them learn a new language.

Presentation of the Scikit-learn + Python framework.

More balanced for the continuous training program.



Teaching and R

R and Python

Personal choice

o R:
e Huge package collection,
e Graphics and interaction,
o Flexible language

@ Rstudio and Hadleyverse...



Teaching and R

Used R Framework

@ RStudio:

o Well designed IDE
e Platform independent
e Rmarkdown!

@ Packages:

e dplyr (and friends) for data frame management
e ggplot2 (and friends) for graphics
o caret (and friends) for learning

@ Not necessarily the best choice for everything or everyone....

@ Choice based on the idea of a systematic and coherent
syntax...

@ R seen as a glue tool more than a programming language...

@ as S was designed by J. Chambers at Bell Labs in 1976!

@ Importance of literate programming and reproducible
science!



Teaching and R

3 Examples

@ Provide a comprehensive script using Rmarkdown

@ Let the students manipulate and modify it
@ No formal R course!
°

Introduction to literate programming and reproducible science!

Future: Mix Rmarkdown / Jupyter ?

Examples

@ lllustration of the classical classification methods
(Master Data Sciences, Paris Saclay)

@ Velib scraping (DSSP, Ecole Polytechnique)

o Credit scoring (Master Economie et Société, Paris Ouest)
(A. Fermin)



Teaching and R

Conclusion

o Data Science is here to stay...

o R and Python are here to stay...

o New ways of teaching Data Science are
appearing.

o Interplay between theory and practice.

o Rmarkdown and Jupyter are a good start!
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