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PERSONAL TECH v lpdate B ayesian Filter [requiredf
v Add sender's address to White List
[ Add the sender's domain to White List

v Move the message to Inbox folder

Eluding a Barrage of Spam Text Messages

By ERIC A. TAUB  APRIL 4, 2012

v Apply to all messages from the zame sender

When mark a meszage as Junk E-mail:

% v |pdate Bayesian Filter [required)
v Add sender's address to Black List

v Move the message to Spam folder

v Apply bo all messages from the same sender

Canicel |

Olivier Latyk

Karmali (2017, Spam Classifier in Python from scratch)
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Google

chat with friends for you

With its new Reply system the firm is taking the art of
conversation one step forwards - or should that be backwards?
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A We aren't the robots ... but is one of these girls talking to one? Photograph: Richard Baker/Corbis via Getty

Images

Trump and Obama trade
blows as midterm elections
loom

Skin cancer deaths soar for

3 men in developed nations

Nurse who treated Pittsburgh
shooter: T'm sure he had no

% ideaIwas Jewish'

Xi Jinping promises to open
Chinese markets in trade war
joust with Trump

Tower of London lights up in
stunning Armistice memorial

Spam filter, The Guardian’s tech diary column (2018, Tired of texting?
tests robot to chat with friends for you)
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nature International weekly journal of science

Home | News & Comment ‘ Research ‘ Careers & Jobs | Current Issue | Archive | Audio & Video | For A

News & Comment M September m

Deep learning boosts Google Translate tool

Internet giant's latest service employs neural networks to cut error rate by 60%, the

company says.
Davide Castelvecchi

27 September 2016

Castelvecchi (2016, Deep learning boosts Google Translate tool) and Korbut (2017,
Machine Learning Translation and the Google Translate Algorithm)
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aruficial an World's best Go player flummoxed by mostviewed
° Google’s ‘godlike’ AlphaGo Al ). Ivanka Trump shows yet

again she'sno friend to
women

Ke Jie, who once boasted he would never be beaten by a computer Arwa Mahdawi

. . . . . . )
at the ancient Chinese game, said he had ‘horrible experience Storms raze forests, bringing

northern Italy 'to its knees'

Agence France-Presse in 3 *EJ/E KE J|E 2

Shanghai Telg'l i etel \ 00:17:05

Tue 23 May 2017 11.29 BST
fiEg gl I '®- - —— Trump emoluments case
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| ‘ ! e a® i@, Liverpool makesastand and
W runs far-right marchers out of
¥ town

'Is our life just worth a
photo?" the tragic death of a
couple in Yosemite

A A screen at the Future of Go summit in Wuzhen, China, keeps score during the match between Chinese player Ke
Jie and Google's Al AlphaGo. Photograph: Wu Hong/EPA

Silver et al. (2016, Mastering the game of go without human knowledge)
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Self-driving cars Driverless taxi debuts in Tokyo in 'world
first' trial ahead of Olympics

Minivan equipped with sensors makes four round-trips a day on a
busy stretch of road, picking up paying passengers

Justin McCurry in Tokyo
Tue 28 Aug 2018 06.23 BST

f v

© This article is over 2 months old
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A The RoboCar MiniVan at the start of its test in Tokyo. Photograph: Toru Hanai/Reuters

Chen (2014, Deep Learning for Self -driving Car)
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AND AFTER BIG DATA
SOLVES ALL OUR PROBLEMS,
WE'LL RIDE AWAY ON
MAGIC FLYING UNICORNS.

o\
N

FORECAST |
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® marketoonist.com
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@@ CBC | MENU v

Nnews Top Stories Local The National Opinion

Technology & Science

When technology discriminates: How algorithmic bias
can make animpact

& [ in

Research has shown that algorithms can actually perpetuate — even
accentuate — social inequality

0 Ramona Pringle - CBC News -
# Posted: Aug 10, 2017 5:00 AM ET | Last Updated: August 10, 2017

O’Neil (2016, Weapons of Math Destruction: How Big Data Increases Inequality and
Threatens Democracy) and Eubanks (2018, Automating Inequality: How High-Tech
Tools Profile, Police, and Punish the Poor)
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U.S. POLITICS WORLD TECH ENTERTAINMENT SUBSCRIBE

POLITICS « JUSTICE

Exclusive: Attorney General Eric Holder to
Oppose Data-Driven Sentencing

Read More

u.s.
South Dakota Executes
Inmate After Supreme
Court Ruling

POLITICS
Chuck Grassley Asked
the Justice Department
to Look Into Michael...

u.s.
California Considers
Pardoning a

U.S. Attorney General Eric Holder speaks during an event to celebrate the 50th Cambodian Refugee...
anniversary of the Civil Rights Act at Howard University in Washington on July 15, 2014

us.
By MASSIMO CALABRESI July 31, 2014 New York Attorney

Starr (2018, Evidence-Based Sentencing and Scientific Rationalization of

Discrimination)
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BILIiISSIIr\EI)IIEESRS TECH | FINANCE POLITICS | STRATEGY LIFE @ ALL PRIME ' INTELLIGENCE

China has started ranking citizens with a creepy 'social
credit' system — here's what you can do wrong, and the
embarrassing, demeaning ways they can punish you

Alexandra Ma Oct. 29, 2018, 12:06 PM

An internet cafe in Wuhan, China. REUTERS/Stringer

Backer (2018, And an Algorithm to Bind Them All? Social Credit, Data Driven
Governance, and the Emergence of Operating System for Global Normative Orders)
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Data 7 Exhaustive statistics ?
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Historically, a political instrument, with the use of aggregates to describe the

society, see Martin (2016, chiffrer pour évaluer).

Growing importance for public policy evaluation, and importance of censuses

(exhaustivity)
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Data ? Sampling Techniques

F.D. ROOSEVELT

A. LANDON

LITERARY GALLUP RESULTAT
DIGEST POOL
(2 400 000) (50 000)

1936, US Presidential Election, “the more, the better” ?

Neyman (1934, On the two different aspects of the representative method) Cochran

(1953, Sampling Techniques) or Deming (1966, Some Theory of Sampling).

Importance of mathematical statistics (and asmptotic properties)

¥ @freakonometrics & freakonometrics e freakonometrics.hypotheses.org ].3


http://www.stat.cmu.edu/~brian/905-2008/papers/neyman-1934-jrss.pdf
http://www-history.mcs.st-andrews.ac.uk/Extras/Cochran_sampling_intro.html
http://store.doverpublications.com/048664684x.html
https://twitter.com/freakonometrics
https://freakonometrics.github.io/
https://freakonometrics.hypotheses.org/

ARTHUR CHARPENTIER, ESCP - NOVEMBER 2018

Data ? The New Qil 7
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Rotella (2012, Data The New Oil?) or Toonders (2014, Data Is the New Oil of the

Digital Economy)

Not rare, infinite deposit, good not rival, no intrinsic value, difficult to protect,

and easy to (re)produce, importance of flows (more than stocks)

¥ @freakonometrics & freakonometrics e freakonometrics.hypotheses.org

14


https://www.forbes.com/sites/perryrotella/2012/04/02/is-data-the-new-oil/1#741bbaff7416
https://www.wired.com/insights/2014/07/data-new-oil-digital-economy/
https://www.wired.com/insights/2014/07/data-new-oil-digital-economy/
https://twitter.com/freakonometrics
https://freakonometrics.github.io/
https://freakonometrics.hypotheses.org/

ARTHUR CHARPENTIER, ESCP - NOVEMBER 2018

Data 7 What For ?

“People use statistics as the drunken man uses lamp posts - for support rather

than illumination” (Andrew Lang, or not). Notion of Data Driven
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Big Data : What Data Say About Us (when we think no one's watching)

a woman's age vs. the age of the men who look best to her aman’sage vs. the age of the women who look best te him

20, 2 202

2 2 21 20,
22 ., 24 22 21,
23 W 2 23 21
24 “‘_ > 24 21
25 26 25 21
26 ., 27 26 :
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28 .29 28 2

29 29 20
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Donnelly (2014, Why OkCupid Users Don’t Mind Being Lab Rats) about Rudder
(2014, Dataclysm) and http://okcupid.com/
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Big Data & Curse of Dimensionality

“The common theme of these problems is that when the dimensionalily increases,
the volume of the space increases so fast that the available data become sparse.
This sparsity is problematic for any method that requires statistical significance.
In order to obtain a statistically sound and reliable result, the amount of data

79

needed to support the result often grows exponentially with the dimensionality

Rose (2016, The End of Average)
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Big Data & Curse of Dimensionality : the average does not exist...

Norma & Normann, Cleveland (1943)
by artist Abram Belskie
and obstetrician Robert Dickinson

based on the measurements of 15,000 men and women
between the ages of 21 and 25 compiled from a variety

of sources, in white racial groups

see Stephens (2004, The Object of Normality: The
‘Search for Norma' Competition) or Cambers (2004, The
Law of Averages : Norman and Norma)
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Big Data / New Data 7 Text Based Data

e text analytics, web crawling and graph mining

e.g. yelp.com review corpus

(see Lee & Mimmo, 2014 Low-dimensional Embeddings
for Interpretable Anchor-based Topic Inference)

index 7 is a review

variable x; indicates if review contains kth word

(e.g. yoga, dog or bbq)
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Big Data / New Data 7 Text Based Data

e co-clustering and text mining

Simultaneous clustering of rows and

columns in a matrix

& freakonometrics

e freakonometrics.hypotheses.org

Seminar noun 'sem.l.na:’

an occasion when a teacher or ex-
pert and a group of people to
and something via dictio-

nary.cambridge.org

a small group of , as in a uni-
versity, engaged in advanced study and
original research under a member of
the faculty and regularly to ex-
change information and hold

via dictionary.reference.com
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Big Data / New Data ? Text Based Data

e Recommendation system

What should you get when you search
black iphone 5
and in which order should you sort items

see also Santini & Jain (2005, Similarity

matching
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Big Data / New Data 7 Text Based Data

e Internet Browser Searches see Google Flu Project

PERCENT OF HEALTH VISITS FOR FLU-LIKE SYMPTOMS Mid-Atlantic region Using Google to Monitor the Flu
Google Flu Trends can estimate the spread of the disease by
8 percent ESTIMATED “ ACTUAL measuring the frequency of certain search terms. Its findings
Based on Google As reported by closely track actual C.D.C. data and can, at times, anticipate the
Flu Trends data U.S. Centers for

i ; vernmeantr ris.
tracking flu-related Disease Control government reports
search terms

C.D.C. does not
keap data for June
through September

T ‘ T
2003 2008
Sourcas: Google; Centers for isaass Conlral

THE MEW YORK TIMES

Ginsberg et al. (2009, Detecting influenza epidemics using search engine query data)
Butler (2013, When Google got flu wrong)
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Big Data / New Data ? Network Data

Classical (individual based) data in econon-

metrics (v, i), (y;,2;), etc supposed to be

independent
Individuals are nodes of a network v;, v;, etc,

that can be connected e; ; = 1 or not e; ; = 0.

See Easley, D. & Kleinberg, J. (2010) Networks, Crowds, and Markets Cambridge
University Press, Jackson, M. (2008). Social and Economic Networks, Wasserman,
S. & Faust, K. (1994) Social Network Analysis, Christakis & Fowler (20009,
Connected : The Surprising Power of Our Social Networks and How They Shape Our

Lives ) or Can & Alatas (2017, Big Social Network Data and Sustainable Economic

Development)

Working with networks can be complicated, and conter-intuitive

& freakonometrics e freakonometrics.hypotheses.org 23


https://www.cs.cornell.edu/home/kleinber/networks-book/networks-book.pdf
http://press.princeton.edu/titles/8767.html
http://www.cambridge.org/ar/academic/subjects/sociology/sociology-general-interest/social-network-analysis-methods-and-applications
http://connectedthebook.com/
http://connectedthebook.com/
https://twitter.com/freakonometrics
https://freakonometrics.github.io/
https://freakonometrics.hypotheses.org/

ARTHUR CHARPENTIER, ESCP - NOVEMBER 2018

Big Data / New Data ? Network Data

e Friendship paradox

People on average have fewer friends than their friends (popular people are

over-represented in the views of others)

See Game of Thrones network

JoffreMargaeryan
Myrcella Gregor

Meryn

See Feld (1991) and Zuckerman & Jost (2001)

24
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Big Data / New Data ? Network Data

e Homophily, “birds of a feather flock together”

O White
@ Black
® Mixed/Other

from Moody (2001) Race, School Integration and Friendship Segregation in America

see also Being ‘wasted’ on Facebook may damage your credit score
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Big Data / New Data ? Network Data

e Peer effect

see Angrist (2014, The perils of peer effects)

TaBLe 1. Students’ accuracy in perceiving the drinking norm at their school (comparing actual with perceived number of alcoholic
drinks consumed the last time students “partied”/socialized)

Actual Accuracy of perceived drinking norm

school norm Underestimate  Underestimate  Accurate  Overestimate Overestimate N N
(median of =3 drinks of 1-2 drinks  estimate  of 1-2 drinks of =3 drinks of of
drinks) (%) (%) (%) (%) (%) Total respondents schools

0 NA NA 20.6 19.5 59.9 =100% 1,891 4
1 NA 10.5 38 28.5 57.2 =100% 2,526 6
2 NA 7.5 8.1 30.6 53.7 =100% 8,345 14
3 3.8 6.4 13.5 37.5 38.7 =100% 18,859 35
4 3.1 12.3 12.6 37.0 349 =100% 20,353 38
5 43 15.8 20.6 24.1 353 =100% 11,481 20
6
7
T

6.9 232 15.0 235 315 =100% 8,912 12
5.7 233 9.7 23.6 37.8 =100% 352 1
otal schools 34 11.8 13.8 31.9 39.1 =100% 72,719

Source : Perkins, Haines & Rice (2005, Misperceiving the college drinking norm and
related problems)
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Big Data / New Data 7 Pictures Data

® image processing

a picture is an array

[,454] [,455] [,456]
[8,] 0.5137255 0.5176471 0.5411765
[9,] 0.5019608 0.5254902 0.5137255
[,457] [,458] [,459]
[8,] 0.4666667 0.5921569 0.5529412
[9,] 0.4823529 0.5294118 0.6117647
[,460] [,461] [,462]
[8,] 0.5960784 0.5764706 0.5529412
[9,] 0.5450980 0.6000000 0.5607843
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Big Data / New Data 7 Pictures Data

Lenna, Playboy Magazine, November 1972
with an RGB decomposition, wikipedia

can be used for feature detection (edges,

SIFT - scale-invariant feature transform,)
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https://en.wikipedia.org/wiki/RGB_color_model
https://twitter.com/freakonometrics
https://freakonometrics.github.io/
https://freakonometrics.hypotheses.org/

ARTHUR CHARPENTIER, ESCP - NOVEMBER 2018

Big Data / New Data 7 Pictures Data

Learning is based on tagged trained samples,

Select all squares with Select all squares with Select all squares with Select all squares with Select all squares with

traffic lights motocycles traffic lights fire hydrants chimneys

If there are none, click skip If there are none, click skip If there are none, click skip If there are none, click skip

i VA ny Y )
-. .... .. ? i % |
—r \ ': N
0, 'i
Ty
‘21
AR H

cCno IEN caco El coo IEl caco “cﬂ@

Goedegebuure (2016, You Are Helping Google Al Image Recognition)

O’Malley (2018, how you've been training Al for years without realising it
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Big Data / New Data 7 Pictures Data

Sometimes, things can be complicated...

L \
AMIBERNNNN
QRIS
TN

AN /
N e /Q\&tx\\;\

A ,):}r
Jl‘v\\,“lx ¥ m«{)‘mw

Labradoodle or fried chicken 7 Sheepdog or mop 7 Barn owl or apple 7
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10 T
@ € > $+ Q=L

emotion

percentage

angry disqust fear happy  sad surprise neutral

A €9 +Q 2 =2 @B

emotion

Big Data / New Data 7 Pictures Data

percentage

e face or emotion recognition

1200 angry disgust fear happy  sad surprise neutral

@ Figure 1 : [@rou=r
A € > 4 Q : # € > Q=¥ B

emotion

percentage

angry disgust fear happy  sad  surprise neutral
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Big Data / New Data 7 Pictures Data - Automatic Labeling

Somewhat related to the image

P o g ; as S S | s - o .
A person riding a A skateboarder does a trick jumping to catc

A group of young people Two hockey players are fighting A little girl in a pink hat is
playing a game of frisbee. over the puck. blowing bubbles.

A refrigerator filled with lots of
food and drinks.

A herd of elephants walking A close up of a cat laying A red motorcycle parked on the A yellow school bus parked in
across a dry grass field. on a couch. side of the road. a parking lot.
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Big Data / New Data 7 Pictures Data

can be used to locate a place from a picture
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Big Data / Big Brother ?

Botsman (2017, Big data meets Big Brother as China moves to rate its citizens)
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Big Data / Open Data 7

One can use open data to create an app, e.g. based on oil price,

prixdescarburants.info and data.gouv.fr

L
Catégories de prix
Le moins cher
Pas cher
Dans la moyenne
Assez cher
Le plus cher

Leaflet | © OpenStreetMap € CartoDB

& freakonometrics e freakonometrics.hypotheses.org 35
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Big Data / Open Data 7
See citymapper, public transit app and mapping service

e
See Cohen (2018, The Guy Making Public Transit Smarter)

2011, Azmat Yusuf arrived in London to work for Google
Lost with London maps for public transportation,

creates “Busmapper” (that will become “Citymapper”

Citymapper

Y= u__vodatoneUK 3G 14:06

BUSMAPPER MM:T“*“
LONDON

%

Landon

Get Me Somewhere

Get Me Home

Walk 1o Shorediteh High Strest
B to Groat Titchfield Stroot

About BusMapper
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https://citymapper.com/
https://en.wikipedia.org/wiki/Citymapper
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Big Data / Open Data ?

Based on open data, see the blog post Getting from A to (Series) B

=» Tour Eiffel (exemple d'adresse)

2016: arrived in Paris, RATP did not want to open its data, bad buzz...
Collects billions of trajectories, used to compute real-time optimal journey

See also Building a city without open data: introducing Project Istanbul
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Big Data / Open Data ?
A TAXONOMY OF
TRANSITIONS

. . % '_ i > ‘ 4 : & r.acialf.e‘th‘nic
Open data with very low granularity gy o g e
i e in the year 2000

Rankin (2009) with census data. eV e
- hispanic
otherm

See privacy breach, ol f I o T

Sweeney (2002, k-anonymity) Rl ol . a o SR

categories

block-level data
from the U.5. census

scale 1:200,000

Ethnicity Name

Visit date Address

Date =
regi Stered The same data, aggregated by c‘Dmmuany

area and shown with selid colors,

Procedure o )
Party ‘
. . [ ] >3Q%_white_
affiliation e e

W >80% black
majority black

Total charge Date last R

voted
Medical Data Voter List

Diagnosis
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Privacy : A New Old Problem 7

THE ASSAULT ON PRIVACY

Snoops, Bugs, Wiretaps, Dossiers, Data Banks—and Specters of 1984

He was making & SIIMIII o v
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Boeth (1970, Is Privacy Dead?) - see also GDPR in Europe
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Open - But Grouped - data ?

In order to avoid privacy issues, we do not acess individual data,
x; = (r14,T24,- ), but aggregated data, e.g. per spatial region

x; = (T1,,%1,, --) where Ty ; is the average of individuals ¢ leaving in region j.

Problem, ecological fallacy - see wikipedia

see Gelman (2010, Red State, Blue State, Rich State, Poor State)
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https://en.wikipedia.org/wiki/Ecological_fallacy
http://www.stat.columbia.edu/~gelman/presentations/redbluetalkubc.pdf
https://twitter.com/freakonometrics
https://freakonometrics.github.io/
https://freakonometrics.hypotheses.org/

ARTHUR CHARPENTIER, ESCP - NOVEMBER 2018

Open - But Grouped - data ?

See also Simpson’s paradox - from Blyth (1972)

HOSPITAL ADMISSION SURVIVAL SURVIVAL RATE
A 1000 800 80%

B 1000 900 90%

For healthy people

HOSPITAL ADMISSION SURVIVAL SURVIVAL RATE
A 600 590 98%
B 900 870 97%

while for sick people

HOSPITAL ADMISSION SURVIVAL SURVIVAL RATE
A 400 210 53%
B 100 30 30%

& freakonometrics e freakonometrics.hypotheses.org 4].


http://www.stat.cmu.edu/~fienberg/Statistics36-756/Blyth-JASA-1972.pdf
https://twitter.com/freakonometrics
https://freakonometrics.github.io/
https://freakonometrics.hypotheses.org/

ARTHUR CHARPENTIER, ESCP - NOVEMBER 2018

Non-open data ?

Use scraping techniques,
e.g. Web Browser Automation with selenium

R code to scrap the Prométhée database
on fires, in France
see Scraper la base d'incendies de foréts

or Scraper pour avoir des infos sur les médecins sur Paris

on the ameli database, on doctors
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Non-open data ?

see A quelle distance d'une banque habite-t-on ?

e arurej."’- A {
S régiono | Vaud-\‘

‘ uravqu%‘r.‘s “;l:a‘z))ja[\‘e 1
R P

-, Leaflet | @ OpenStreetMap contributors, CC-BY-SA

with a scrap of chanque

¥ @freakonometrics & freakonometrics e freakonometrics.hypotheses.org 43


https://freakonometrics.hypotheses.org/49864
https://www.cbanque.com/
https://twitter.com/freakonometrics
https://freakonometrics.github.io/
https://freakonometrics.hypotheses.org/

ARTHUR CHARPENTIER, ESCP - NOVEMBER 2018

Non-open data ?

see Acheter un billet de train (pas trop cher)

ARNEEEEEEEE
départ d'arrivée 10h 16h 19h jour jour
PARIS BORDEAUX 30.5€ 42¢€ 42 € 42 € 42 € 50€ 55€ 55€ —
PARIS LE MANS 15€ 18€ 18€ 18€ 21€ 255€ 27€ 27€ 285€
PARIS LILLE 15€ 15€ 15€ 15€ 15€ 185€ 185€ 185€ 185€
PARIS LYON 385€ 475€ 50 € 50€ 50€ - — — —
PARIS MARSEILLE  455€ 57€ 57 € 57 € 57 €
PARIS MONTPELLIER 455€ 49¢€ 53€ 57 € 57 €
PARIS NANTES 32€ 44¢€ — — -
PARIS NICE 55€ 55€ 55€
PARIS RENNES 20€ 245¢€
PARIS STRASBOURG 35€ 35€
PARIS TOULOUSE 43 € 46 €

Meilleur prix moyen au mois de juin entre 16h et 20h Augmentation du meilleur prix pendant les 10 premiéres heures
Pour les destinations s'écoulant en plus de 2 jours. Au départ de Paris / Mois de Juin / Jour : Vendredi / Tranche horaire : [16h-20h]

(o]

VILLE_ARRIVEE
BORDEAUX

== LE MANS

=o= LILLE Augmentation

== NICE 0%

=e= RENNES Moins de 10%

STRASBOURG Entre 10% et 30%
TOULOUSE I Plus de 30%

Meilleur prix

lerpx Ap10h Ap16h Ap1Sh 2ejour Sejour 7ejour 1dejour 21ejour
Temps écoulé depuis I'ouverture a la vente

based on casperjs, a browser emulator written in javascript.
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Non-open data ?

Non-identifying summary
parameters allowed to pass
between computers.
Individual level data retained
on data computer of origin

Consider the case where datasets are located on various i)

servers, and cannot be downloaded (e.g. hospitals), but

one can run functions and obtain outputs.

see Wolfson et. al (2010, Data Shield)
or http://www.datashield.ac.uk/

<" /Data Computer 4

Consider a regression model y = X3 + ¢
Recall that 8 = [ XTX] 1 X"y is the OLS estimator.

Is it possible to use parallel computations ? [spoiler: yes|.
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Big Data and Black Box Models

Black box models that solve a prediction problem:
e given an input @

e predict an appropriate output y

E.g spam detection : « is an incoming email, y € {spam, not spam} (binary

classification)

E.g medical diagnosis : « is the list of symptoms, y is the diagnosis

(classification)

E.g finance : @ is the history of stock’s prices, y is the prediction of stock price

for the next day/week/month (regression)

A prediction or a model is a function m : X — ).
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Big Data and Black Box Models

Historically, models were based on a rule-based approach ! (labor intensive to

build, and hardly extendable to other situations)

« dog » do
P - PROGRAM « cat » ' % PROGRAM e
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Big Data and Black Box Models

- (2] (7] £ [+, =] | [=-]
=N (L] (7] < L] [+ 2] -~ [=-]

8
7
6
5
4
3
2
1
n

Deep Blue, February 1996, 107 board positions in chess, Campbell et al. (2002)
AlphaGo, March 2016, 10170 board positions in Go Silver et al. (2017) (19 x 19)
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Artificial Intelligence : the End of Models ?
WIRED MAGAZINE: 16.07

The End of Theory The Data Deluge Makes the
Scientific Method Obsolete

By Chris Anderson [

Vo

" ]
THE PETABYTE AGE: All models are wrong, but some are useful.

Sensors everywhere. Infinite storage. Clouds of

ProCessors. GLI ability |:| capl:ure ".-.:II'E‘h use, Sc: pmclau‘ued statlstlclan G‘Eﬂl‘“E BD‘( 30V -E.EIIS ago, and
wnd Ay amwndm A H - -~

Chris Anderson (2008, The Data Deluge Makes the Scientific Method Obsolete)
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“Models” (or “Algorithms"”) can go wrong

See Amazon’s prices, Eisen (2011, Amazon's $23,698,655.93 book about flies)

The Making of a Fly: The Genetics of Animal Design (Paperback) Price at a Glance
|_:I:f_ _Pttr:r |_ﬁ. L:m'_rr:nnr:_ i ) ) List 35,00

- Prica:
r I . S
M]Pu ¢ Riturn to product infarmatien Used: from $35.54

Always pay through Amazen.com's Shopping Cart or 1-Click, Maw: from
Learn more about Sale Online Shogping and our gafe buying guarantees. %1,730,045.91

Hiw ot R $60F | Sell yours here |

Al & [Lrrd (2 from 1, 730,045,91) Used (L5 froe $35.54]

Show (= Mew Prime offers only (0) Sorted by | Price + Shipping =

MEW 1-2 of 2 olfers
Price + Shipping Condition Seller Information Buying Options

$1,730,04591  New cever: profnath —

+ 53989 shif

G Seller Rating: #rararin” §3% positive cver the past 12 months o
193 Eaknl raline Sign in i tumn on 1-Click
(8,197 total ratings) i
In Stock. Shaps from B, Unfed Stabes.
D gise ghiggicng rofdd Sad rglurt Bolicy,

Brand new, Perfect conditon, Satisfaction Guaranteed.

$2,198,177.95 Seser: bordeebook ——
Gk <Lk} Seller Rating: TrerieinT 9386 positive cver the past 17 months

or
. e . Gign im 1o turm on 1-Click
(225,801 okl ratings) progring
Iri Skock. Ships from United States
Domestc shipping rafes and peburm pplicy.

Nirw ibam bn axcellent condition. Not used. May be a publishar
pwersiodk or have slight shelf wear. Satsfaction guaranteed!
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“Models” (or “Algorithms"”) can go wrong

See 2010 Flash Crash ( see wikipedia)

FREVIOUS CLOSE: 10,858,10

Dow industrials Closs
10,520.32
A Flash in H 1:00 Volatility in some stocks =3.2%
as
The Market increases in a down market,

2:30 Unusually nervous trading pushes
overall volatility up sharply; the Dow is down 2.5
percent.

Stock markets
plunged suddenly
on May 6 of this
year and gained E 2:32 Aprogram to sell 4.1 billion in E-Mini futures
speed as computer starts; other traders react by starting to sell,

programs B 2:41 Selling in the futures market spreads to
prevented losses stocks; automated trading programs react to the

But almost as sharp drops by shutting down.
uickly, the market , -
?Emvgred rounh of B z:46 After trading in E-Mini futures is paused for

the decline. five seconds, alleviating the pressure to sell, the
market begins to recover.

2:46
9,869.62
—0.2%

104 M 1AM, 12RM. 1PM. 4" 3PM.
Zources: Bloomberg (Dow industrials); Securiies and Exchange Commission THE NEW YORK TIMES
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(Mathematical) Statistics

Consider observations {y1, -, Yn}
from iid random variables Y; ~ Fjy
(with “density” fo).

Likelihood is

L£(O;y) — H fo(yi)

Maximum likelihood estimate is

~mle
€ argmax{L(6;y)}
0co

n

and, if n — oo,

~mle

Vi(8, —8) 5 N(0,171(8))

Fisher (1912, On an absolute criterion for fitting frequency curves).
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Can we use statistical models in practice ?

Robust inference is important in real life applications (see Hubert, Rousseeuw &
van Aelst (2004, Robustness))

How robust is that estimator 7 See Martin (2014) on financial time series

Tolerance Ellipses (95%)

USHYHIinDM

ROBUST -
CLASSICAL  ———
T T T T

-0.04 -0.02 0.0 0.02 0.04

Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 )
1995 1996 1997 1998 1999 2000 2001 USHYHIinDM

MLE (or classical) correlation estimator 0 ~ 30% while 6™9 ~ 65%
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(Linear) Regression 7

Adrien-Marie Legendre (1752-1833) least squares
Charles Darwin (1809-1882)

Francis Galton (1822-1922) regression

Karl Pearson (1857-1936) correlation

EUGENICS 1S The
SELP DIRECTION -

AWATE,
&

% # / .
Hig
ot B L cS

£ -":3- ~ TENET! .@P"{.-' iill

= oLosY e ¢

éw“‘f’/‘é.— ;
.ﬂ:\'ﬂ F‘ﬁf" %
) gy

{]

I
gﬂﬁh : :ﬁ‘
; HISTO -
4 z?;* £ on
W oS e-—-'=-' e et :
e — LIKE B TREE

6UCENICS DRAWS ITS MATERIALS FROM MANY SOURCES AND ORCADIZES
ThEM INTO AR bARMONIOUS ENTITY.

¥ @freakonometrics ® freakonometrics e freakonometrics.hypotheses.org

54


https://twitter.com/freakonometrics
https://freakonometrics.github.io/
https://freakonometrics.hypotheses.org/

ARTHUR CHARPENTIER, ESCP - NOVEMBER 2018

Predictive Models & Algorithms

REGRESSION fowards MEDIOCRITY in HEREDITARY STATURE.

By Francis Gavrown, F.R.S., &c.

Table 3.1, Galton’s 1885 cross-abulation of 928 adult children borm of 205 midparents, by their height
and their midparent’s height

Galton (1870, Heriditary Genius, 1886, Regression to-

wards mediocrity in hereditary stature) and Pearson & 5 | e G
Lee (1896, On Telegony in Man, 1903 On the Laws of

Inheritance in Man) studied genetic transmission of L
characterisitcs, e.g. the heigth. e

ininches <61.7 522 8352

@
[l

2 66.2 67.2 53.2 8592

ey

|

19

|l w28 Es—
Caoa= |E|

e T
el aa

3

3.7 children  parents  Medians

722
69.9
69.5
68.9
68,9
67.6
67.2
66.7
65.8

e: All fermale heights were multplied by 1.08
been taken as referring to the middle of the
ally distibuted betwesn
adings, as adopied, best satisfed the <
they are referred to as the RE.F. Data [

DIAGRAM BASED ON TABLE |.

On average the child of tall parents is taller than

other children, but less than his parents.

their Heights, and Devialions from €8tinchas.

“I have called this peculiarity by the name of regres-
ston”, Francis Galton, 1886.

66 —

I
Figure 8.7. Galton e of

The geometrie velanonshifs of the two vegre cam lines to the elltpse is
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Predictive Models & Algorithms, y € R

y; = x, B+ ¢; with e ~ N(0,0?)
so that E[Y;] = u; = =] 8.

n

By = argmin{ 3 (y; — 2] )’

1=1

- ~ols
and prediction 7; = = 8,, .
~mle ~ols

Observe that B8, =

n

& freakonometrics e freakonometrics.hypotheses.org 56


https://twitter.com/freakonometrics
https://freakonometrics.github.io/
https://freakonometrics.hypotheses.org/

ARTHUR CHARPENTIER, ESCP - NOVEMBER 2018

Predictive Models & Algorithms, y € {0,1}

Reed & Berkson (1929, The Application of the Logistic Function to Experimental
Data)

Assume that P(Y; = 1) = 7,

logit(m;) = x, B, where logit(m;) = log (1 il ) ,

or
explx; ]
1 + explz] 8]

T = logit_l(a:iTﬂ) =

see Classification from scratch, logistic regression)
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Predictive Models & Algorithms, y € {0,1}
Bliss (1934, The method of probits) suggested s S

0 1 2 3 4 1 [ 7 8 9

- 3.12 3.26 3.36 3.45 3.62 3.59

T 3.87 3.02 3.06 4.01 4.05 4.08

S/ - - - H l ’ —_ 410 4. 420 4.20 4.33 4.30 4.39 4.42
]P)( o ]_‘X o w)  — (w IB) VV here (‘) —_— @(') § 4.60 4.69 4.061 "4.64 4.67 4.69
4. 4.82 4.85 4.87 4.90 4.92 4.95

510 6513 6.156 5.18 5.20

6.36 6.30 6.41 b6.44 5.47

5.61 6.64 6.07 571 6574 5.77

5.99 6.13 6.18

the c.d.f. of the A/(0, 1) distribution. This is the probit model. 5 A
This yields a latent model, y; = 1(y; > 0) where

yS = a] B + ¢; is a non-observable score.

1

Soit p la population : représentons par dp l'accroissement in-
finiment petit qu'elle recoit pendant un temyps infiniment courtdt,
Si la population croissait en progression géométrique, nous au-
rions 'équation ;:—’ == mp. Mais comme la vitesse d'accroisse-

In the logistic regreSSion We I I |Odel the Odds ratio ment de la population est retardée par I'augmentation méme du
Y Y nombre des habitans , nous devrons retrancher de mp une fonc-
tion inconnue de p; de maniére que la formule & intégrer de-
P(Y =1|X = x) T d,
p— L’hypothése la plus simple que I'on puisse faire sur la formo
eXp [w /B] de la fonction p, est de supposer g (p)==np”. On trouve alors
]P) ( Y % ]. | X — w ) pour intégrale de Péquation ci-dessus

viendra 4
L = mp—s5(p)-
1
t = — [log. p—log.(m—np)] + constantc,
m

et il suffira de trois observations pour déterminer les deunx
eX . coefficiens constans m et n et la constante arbitraire.
T p En résolvant la dernidre équation par rapport i p , il vient
P(Y =1|X =) = H(x' B) where H(-) = | g e
]. —|— eXp[.:I en ddésig par p’ la population qui répond & =0, et parela

base des logarithmes népériens. Si I'on fait t=<c , on voit que la
valeur de p correspondante est P— . Telle est donc /a limite

which is the c.d.f. of the logistic variable, see Verhulst (1845) s wierpisin
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From Score Functions to 0/1 Classifier
x — logit ' (27 B) and x — ®(aTB) are called score functions.

The score is interpreted as the probability that y takes value +1.

To go from a score to a class:
if s(z) > s, then Y(x) = 1 and s(z) < s, then Y (z) = 0
Plot TP(s) = P[Y = 1|Y = 1] against FP(s) =P[Y = 1|Y = 0]

Predicted

Observed
True Positive Rate

Observed

T T T T
0.4 0.6 . . . 0.2 0.4 0.6 0.8

Predicted False Positive Rate

& freakonometrics e freakonometrics.hypotheses.org 59


https://twitter.com/freakonometrics
https://freakonometrics.github.io/
https://freakonometrics.hypotheses.org/

ARTHUR CHARPENTIER, ESCP - NOVEMBER 2018

Predictive Models & Algorithms : The Process

ok make

EEE—

l predictions

T

study the train evaluate

s

problem algorithm ~ output

l

analyze not ok

CeIrors
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Predictive Models & Algorithms : Machine Learning
Models : classification (binary or multi-class) and regression

Training data (y;, ;) that can be text documents, time series, image files, sound

recordings, DNA sequences, etc. transformed into inputs in R?.
Feature extraction: (arbitrary) mapping from raw input to inputs in R?

E.g one-hot encoding (or dummy variable encoding)

To “estimate” and evaluate a prediction function, use a loss function,
(:Yx)Y—R,4,

m* = argmin {Z:ﬁ(m(mi)7 yZ)}

meM

E.g. in classification, 0/1 loss (1 prediction is wrong, 0 prediction is correct)

E.g. in regression, square loss (or /5), (predicted — target)?
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Importance of Loss Function

What do you want to predict ? Least squares = “on average”

|
14

12 14
12 14

|
12

2 4 6 & 10

2 4 6 & 10
|
2 4 6 & 10

one can consider the least absolute deviation = “mediane”

Error is evaluated on a new dataset (the test or validation dataset).

Split data into train and test.
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Complexity and overfit

n

Without any explanatory variable, y = 7 = argmin Z(yz —m)?
meR i—1

60 B0 100
60 BD 100
60 B0 100

40
40
40

20
20
20

kemnel-based regression (b)spline-based regression polynomial regression
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Complexity and overfit

With one explanatory variable, iy = Bo -+ 3156

=] =] =]
-— - -—
= = o=
o w0 o0
= o= =
w w w
g g g
& & =

kemel-based regression (b)spline-based regression polynomial regression

the classical “linear regression” (from Sir Francis Galton in 1886)
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Complexity and overfit

With one explanatory variable, y = m(x)

8 8 8
- - -
= = =
o o w0
= = =
w w w
s g F
= &= =

kermnel-based regression (b)spline-based regression polynomial-based regression

kernel based is a local regression (average on the neighborhood of x), while

splines and polynomial are basis of functions (to approximate m)
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Complexity and overfit

With one explanatory variable, y = m(x), overfitting

=] =] =]
-— - -—
= = =
o w0 o0
= = =
w w w
= = F
& & &

15 20 23

kemel-based regression (b)spline-based regression polynomial-based regression

i.e. good (great) fit on the training dataset, but hard to imagine that it be

generalized on new data...
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Cross Validation
To ovoid oferfit, use leave-one-out or k-fold cross validation.

randomly partition data into k ”folds” (of equal size), and train model

g
9
+~

<
=
S

>
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0.59 0.56 0.59
n=71 n=71 n=71

INSYS < 22 REPUL >= 1122 INCAR < 1.6

Ensemble Methods

PAPUL >=23 PVENT >=9.8 PVENT >=9.5

“Ensemble learning” (see wikipedia) ‘

“aggregation methods” or “stacking”

0.68 0.69 0.68
n=71 n=71 n=71

is combining predictive methods

0.29 0.97 0.053 0.92 0.12 0.98
n=31 n=40 n=19 n=52 n=25 n=46

REPUL >= 1585 PVENT >=13 REPUL >=1585

m<w>=im<w>

0.63 0.63 0.73
n=71 n=71 n=71

ss ] REPUL >=1415 REPUL >= 1415 ves ] INCAR<1.7

See random forests, or bagging

INSYS <21 REPUL >= 1086 INCAR >=1.2

(bootstrap + aggregation) ‘

Classification from scratch, trees

and forests

PRDIA >=16 INSYS < 22 FRCAR >=94

0.27 0.67 0.97 0.67 1
n=11 n=12 n=40 n=12 n=31
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Neural Networks

Rosenblatt (1958, The Perceptron)
see Classification from scratch, neural nets

dendrites

NS !
\\ \::\ nucieus

axon
terminals
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Incremental Algorithms and Reinforcement learning

Incremental algorithms (see wikipedia) allow a model to be updated using new
observations as they arrive, without having to reprocess old ones.

We are talking about “data stream analysis”, “on-line” learning (see wikipedia) as
opposed to “batch” or “offline learning”.

Usetul for data streams and data too massive to be processed in their entirety

Reinforcement learning (see wikipedia)
Alphago: learned from a base of tens of thou-
sands of games and 30 million moves, then by

playing against himself (learning by reinforce-

ment )
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Data & Models : Selection Bias
We cannot differentiate data and model that easily...
“After an operation, should I stay at hospital, or go back home ¢”

as in Angrist & Pischke (2008, Mostly Harmless Econometrics),

(health | hospital) — (health | stayed home) [observed]

should be written

(health | hospital) — (health | had stayed home) [treatment effect]

+ (health | had stayed home) — (health | stayed home) selection bias]

Need randomization to solve selection bias.

see also Toannidis (2005, Why Most Published Research Findings Are False).
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Data & Models : Selection Bias

also called “survivor bias” (see wikipedia)
how to minimize bomber losses to enemy fire 7
study of the damage done to aircraft that had returned

from missions

Which area should the Navy reinforce areas 7

see Mangel & Samaniego (1984, Abraham Wald's Work on Aircraft Survivability).
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Probabilistic Forecasts

So far we did use £ on Y x V: £(y,y) cesTERR RO TTHOTSOAT

which measure the difference between

prediction 4 and realization y | /A\

§

v
consider a propensity score (meteorology) o/
s(F,y) where F is the distribution of 3

MON TUE WED THU FRI SAT
12 NOV 13 NOV 14 NOV 15 NOV 16 NDV 17 NOV

— cbsorved femperature on SWTRge
on avercge Temperoture {smparoture
— gupocted femperatura wil be In Innu'rc.ll?u wik be In

Used for time series, 2 fones s o Sl 10

s(t_lﬁt, y:) between realization y;

and the forecast distribution, obtained at time ¢t — 1 : t_lﬁt = P[Y; |y 1]

see Gigerenzer et al. (2005, “A 30% chance of rain tomorrow™”: How does the public

understand probabilistic weather forecasts?)
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Probabilistic Predictions with CitySense
Two use cases
e I'm new to the city : where does everybody hang out at night?

e | know the city : is there anything special going on tonight?

idea: use taxi GPS data in San Francisco & New York City (see Rosenberg (2017)

intuition: Taxi destinations are a proxy for where people are going

need to model “typical” behavior of each area of the city, and then detect the

most unusual activities
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Probabilistic Predictions with CitySense

At some give location, given time, how many taxi pickup should you expect ?

Penn Station Taxi Pickups, by Hour-of-Week (27 Weeks)
| | [ i

Sun - Tues

|
|

|

|

|

|

|

|

e |
-
|

|

|

}

|
|
|
|
|
|
|
|
|
|
t
|
|
|
|
|
¢

Taxi Pickups (Per Hour)

Week Hour (0 = Sunday 00:00-00:59)

y : taxi pickup (per hour), x : time, location
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Probabilistic Predictions with CitySense

Consider x (time, location) such that E[Y |x] = 30, with 80% confidence interval

PlY € [18,42]] = 90%. Conditional distribution of Y|z is

Predicted Distribution for Pickup Count (Penn Station, Week Hour = 10)

0.04 -
"| lIli{..."
® ®
b q

Probability

--.9TTﬂ” ' mwmﬂﬁmw...n- -

50
Taxi Pickups

1
0

what if we observe 90 pikups 7 how unusual is it ?
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Probabilistic Predictions with CitySense

Taxi Pickups by Week Hour (Weeks 1071-1074)
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©
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o
o

1
100
Week Hour (0 = Sunday 00:00-00:59)

x = (x1,x2), x1 is the time (in the week) and x5 the grid location

detection of outliers in a spatio-temporal problem
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Conclusion

“Now this is not the end. It is not even the beginning
of the end. But it is, perhaps, the end of the beginning”
Winston Churchill

To go further,

new york times bestseller \ \\ ‘ | / //

- WEAPI]NS 0F Data Science
577351:11?: Zloise MATH DESTRUCTION - | ; JorBusiness

$F’%Q . What You Need to Know
D\_:%D ] " nd o About Data ,“!'}",‘1" !n(l
why SO many .\gé)' | i Data-Analytic Thinking
predictions fail- ¥ Ty

DATA INCREASES INEQUALITY

but same don ,t el AN§ THREA] TENS DEMOCRACY *m - = ! :'(‘\, "~\‘:".j// A_.\\“.? ) z : ~ =~
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