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Psicohistoria




Isaac Asimov: “Fundacion e Imperio”

£ . HariSeldon

« Apariciones
fugaces en una
bdveda cada
tantos siglos,
contando
“cOdmo van las
cosas”.
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Big Data segin Asimov

NOo Ok WD~

Se necesita mucha data para tener buenos resultados
Necesidad de alfisimo proder de procesamiento.

Los modelos predictivos simples pueden ser refinados.
Uso de porcentajes para indicar precision del modelo.
Intervalos de confidencia

Predicciones sobre individuos son inciertas.
Predicciones sobre el futuro lejano son difusas.

TERADATA
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Hari Seldon sobre los ciclos de la historia

» Durante siglos, la civilizacion Galactica se ha estancado y ha declinado,
aungue solo unos pocos se dieron cuenta de ello. Pero ahora, al fin, la Periferia se
esta desligando y la unidad politica del imperio se ha quebrantado. En algun punto
de estos cincuenta afos pasados, los historiadores del futuro trazaran una linea
imaginaria y diran:

"Esto sefala la Caida del imperio galactico.”

» Y tendran razdén, aunque casi ninguno reconocera esta Caida durante
muchos siglos.

» Y después de la Caida sobrevendra la inevitable barbarie, un periodo que,
segun dice nuestra psicohistoria, deberia durar, bajo circunstancias normales, otros
treinta mil afos. No podemos detener la Caida. No deseamos hacerlo, pues la
cultura del imperio ha perdido toda la vitalidad y valor que habia tenido. Pero
podemos acortar el periodo de barbarie que debe seguir reduciéndolo hasta sdlo un
millar de anos.

https://www.balabit.com/blog/7-data-science-principles-introduced-in-asimovs-foundationy



REPORTING
WHAT
happened?

Batch
Reports

i ACTIVATING
~ . MAKE it happen!

v
OPERATIONALIZING

WHAT IS
happening now?

PREDICTING
WHAT WILL
happen?

Automated Linkages

ANALYZING
WHY
did it happen?
P Link to
Operational
Systems
Predictive
Models
Ad Hoc,
BI Tools

Does this process change with Big Data? No.




Esto yo ya lo vi.
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Es realmente #PanamaPapers un asunto de Big Data?

Size of data No. of documents * Falta el requisito de
II 500 000 B “velocidad”.
Z-GTB * Es mds bien un gran
No. of companies proyecto de Data
a 214 488 ﬁ Science.
g « Sin duda agregd la
Span of data No. of clients dimension del “valor™.

1977.2015 14,153 92
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El “state of the art” en analytics

1.

N ok

No se habla de “Big Data” o de “BI".

Analytics es todo.

Multigénero, a escala, data infegrada, estructurada o no.
Statistical, Predictive, Text, Graph, Pattern, Path Analysis.

Ya no hay marcas sino un “ecosistema’™ (todo sirve)
Analytics as a Service

Data lakes: “vast, raw, unestructured info”.

La parte oscura: el modelo 16gico o LDM.

Obtener rapido los “insights”.

TERADATA



Multiples alianzas en torno al analytics

TERADATA
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Nuevas cosas: Listener, Kafka, Cassandra
Foco absoluto en “real time”

Sources ] Targets
@ = <
= =
& Teradatal
QS ~
‘ Teradata?2

o)) —
y Hadoopl
~

<
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What is the
change in risk
profiles by age
group over the
past 6 monthse

SQL ANALYTICS

What is the
typical path to
purchase for a

policy with

increased
deductions?

PATH / TIME SERIES
ANALYTICS

What can text
based service
forms tell us
about
potentially
larger safety
issues?e

-l g
_ng itw. Michael:)u,
crab ac icheese d s
esome (. Because of il s
s on her videos. Finally finish

égland sleeping har
idandoolan: just o

Wstore! really looking for
Sware ok: #1: perfeg?
<an) htt

TEXT
ANALYTICS

How many
customers that
called
Customer
Service
expressed a
frustrated tone
of voice?

RICH MEDIA
ANALYTICS

Which
customers are
highly influential
on social media
and regularly
post about our
claims service?

Gra

GRAPH
ANALYTICS



Insights
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La senal y el ruido

© 2014 Teradc
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No hay Big Data sin insights.
No hay insights si no se
conoce la industria.

9 TERADATA.
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Comparemos...

Data

muestra que |os

clientes tuvieron
2,000 sesiones en un
web site durante €l
Ultimo mes

S
Analytics

revela cudntas
sesiones ocurrieron
usando un iPhone
en Vicente Lopez

en ese Mmismo mes.

()
Insight indica

cudles de estos
clientes que usan
estan en el 20% Mmas
probable a comprar
un dado servicio

TERADATA
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El modelo l6gico (LDM) significa conocer la industria.

) Financial Management




Ejemplo 1: Marathones

5 A - » “Rule of thumb” 1:-
¥ 4 Tiempo de 10K * 4,66

 “Rule of thumb” 2:
2*(Tiempo de 21K) +10m

» Experimentar el “muro” =
enriquecer el algoritmo.

* Mejor predictor:

4:48:00

3:36:00 |
2:24:00
1:12:00 +

0:00:00 - F—f——
0,110,204 1 5 1021,13042,2

22  ©2014Teradata TERADATA




Prediciendo tiempos de marathones:
(buen ejemplo de cdmo enriquecer un algoritmo)

I l

T2 = T1 x (D2/D1)~1.06 3:50:24

Practica Teoria Paso tedrico 3:21:36
0,1 0:00:17 0:00:21 0:03:27

0,2| 0:00:39 0:00:43 0:03:36 2:52:48
0,4| 0:01:30 0:01:30 0:03:45
1| 0:03:40 0:03:58 0:03:58

5[ 0:21:10 | 0:21:49 [ 0:04:22 2:24:00
10| 0:43:20 0:45:29 0:04:33

21,1 1:35:30 1:40:23 0:04:45 1:55:12
30| 2:31:30 2:25:46 0:04:52
42,2| 3:31:55 3:29:17 0:04:58

23  ©2014Teradata

1:26:24

0:57:36

0:28:48

0:00:00

0.1

02

0.4

10

211

30

42,2
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Entonces... qué es modelo, algoritmo y qué es ML?

« Modelo general: explicacion de como funciona el mundo.

* Modelo en el ejemplo: suponemos que corremos un marathon de un
modo “lineal”. O seqa, que corremos a una velocidad constante.

« El algoritmo seria sencillo: velocidad= espacio / tiempo. El viejo MRU!
 Alteracion de modelo: la “pared” de los 30K, cae nuestro rendimiento.
» Este modelo vincula inputs y outputs. Espacios y tiempos.

« Otros modelos (ML) pueden simplemente reconocer patrones,
entrenando pares de inputs/outputs.

» Refinando el modelo podemos predecir un nuevo output: en el ejemplo,
cudl va a ser nuestro tiempo en los 42K.

24  ©2014Teradata TERADATA






El problema de las Telcos: qué hacen los clientes
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Infroduccion: atacar y entender el churn desde distintos frentes

Multi Ch I Churp
Statistical ge%ovig?gle Sentiment — Al
Analysis + Path Analvsi + Analysis Y statistical
a NAaltysis Model Behavioral
S ul N L L
] -_—
O @ ‘
) o ) Best in Class

Churn Analytics

Qué pasaria si se pudiera visualizar todo al mismo tiempo?

Churn
Potential

Statistical o . vioral I
Model Model

1 2
Score

= Insights
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Entendiendo el

Day |

M Campaign Fragment

=) a -

a8 S . 2 x

o = O — D
= >

Social Media

“viaje del Cliente”

Day 3 Day 7" Day 17

Email Campaign Fragment

Add Bank-

redsion

» . o2 da | (% =
$ ¢ 4.t E ‘
a € >, O
0 == ) " &

c . <« "
= () - S
[ o -2

= <

Mdr.ke’ring
_~Channels

The Customer

y 21

Un universo de interacciones
cruzadas entre distintos
canales y distintos sistemas.

Day 25

Customers Services Fragment

3 ® D
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Ejemplo 2, Telco de USA: Visualizacion del churn

Top Ten Sequence Events for Churners 0 — 3 months

ACCOUNT featur
e chg '

BILUNG adjuw

/ §_alert. , ’ A" > Le“
MCS_alert_20p \ Ly ¢

1 DUCS_alert_S0p e . ’
ercest 1+ BRLIN : < CCOhocoun

CC_call_xter

CC_manthiy_1
CC_ACCOUNT_

Hechos sobresalientes:
* Plan mal aplicado.
* Llamadas al Call no resueltas.

« Ajustes de facturacion

8 TERADATA




Comcast ConfESSlonS: SroOwing N CO/\;\‘EAST
pains of a Goliath

1
/'~ Comcast Confessions: when
= every call is a sales call




Ejemplo 3, cablera de USA: tarifas mal aplicadas

W_monthly_mins_inc_50

Vi_monthly_calls_inc_50
W_m_dom_abort_inc_40
W_m_abort_inc_40
W_month_abort_15

W_monthly_mins_dec_50

Vi_m_intl_abort_inc_40

Hechos sobresalientes:
« Facturacion incorrectas
» Torpeza del Call Center y Help Desk

* Modelos distintos para churn
voluntario e involuntario.

Most Frequent Churn Patterns

Segment: Domestic Churners
Filter Vertical Space Box Width Box Font

ITEM_late_fee

\WEB_apply_charge

GW_monthly_calls_inc_50
GW_monthly_mins_inc_50
GW_m_abort_inc_40
GW_m_dom_abort_inc_40

INV_totamt_inc30

CCSENT_call_neu

C_Confirmed_-_Resolv

CCSENT_call_neg
GW_month_abort_15
CCSENT_call_pos

Number Font

Left Margin

Right Margin

Line Width

Value (%) ~

INV_totamt_inc3

WEB_apply_charg

ITEM_late_fe

cQ_redial_

CC_Confirmed_-_Resolve
CCSENT_call_ne
CCSENT _call_po

RET_tactic_rat
GW_month_abort_1
GW_monthly_mins_inc_5

GW_monthly_calls_inc_5 \ D ATA



Autos, jets, ... = loT
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Movies, TV Celebs, Events News &
& Showtimes & Photos Community

Watchlist ~

FULL CAST AND CREW TRIVIA USER REVIEWS MDbPro MORE ¥

+ El mago de Oz (1939) * 81

The Wizard of Oz (original title)

Dorothy Gale is swept away to a magical land in a torn
embarks on a quest to see the Wizard who can help he
home.

The Wizard of 0z. (8-10 p.m., TCM)
Directors: Victor Fleming, George Cukor (uncredited) Transwned to a surreal land.
3 more credits » ‘ scape, a young girl Kills the first
zl:crri:;;:'a;@)oeI}Li';ﬂﬁevc'r(i“c?ie:play). Florence Ryersor person she meets and then teams
Stars: Judy Garland, Frank Morgan, Ray Bolger [up with three strangers to kill

S(:(‘,'l”(!'\.l & crew » . ’ agam

Metascore Reviews Populanty

@ From metacritic.com 536 user 210 critic 605 ( )
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§“

4 “...los animales se dividen en
(a) pertenecientes al Emperador / (b) embalsamados
(c) amaestrados / (d) lechones / (e) sirenas
(f) fabulosos / (g) perros sueltos
(h) incluidos en esta clasificacion
(i) que se agitan como locos / (j) innumerables
(k) dibujados con un pincel finisimo de pelo de camello
() etcétera
(m) que acaban de romper el jarron
(n) que de lejos parecen moscas."

4 "No hay clasificacion del universo que no sea

arbitraria y conjetural. La razon es muy simple: .3

no sabemos qué cosa es el universo."

Jorge luis Borges, “El idioma analitico de John
Wilkins” (Otras Inquisiciones, 1952)”




Machine learning
y Watson

39 TERADATA.



40

Qué es Apache Spark?

» Proyecto de Open Source de Apache
— Middleware paralelo para clusters de servidores
— Spark.apache.org (2014)

» Dearrollado por AMPlab de UC Berkeley’s
— Soportado por DataBricks

« En qué se lo usa:
— SQL en Hadoop
— Machine learning
— Streameado “mini-batches” de informacion

lab

Spcwr‘I’(\Z

databricks ==

TERADATA
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Pero qué es Machine Learning y qué es Watson?

* Machine learning es dejar que la maquina aprenda sola.

— Middleware paralelo para clusters de servidores
— Spark.apache.org (2014)

* Watson es la marca de ML para IBM
— Muchisima prensal
— Jeopardy!

« Hemos hablado poco sobre algoritmos
— (ML puentea el algoritmo, usa “patrones”)

IBM’s Vice President for Watson Analytics and
business intelligence, Marc Altshuller, explains
“With a cognitive system like Watson you just
bring your question - or if you don’t have a
question you just upload your data and Watson
can look at it and infer what you might want to
know.




At Scale
C O n Illexlllo If it can't be done at scale, you're not

doing Big Analytics
Graph
Not just a visual graph of who sQL
knows who, but analytical graphs
of the strength of relationships |E°s° of dof:: mo_nipuloﬂon using the
based on atiributes anguage of business tools

Text

Uncover sentiment, word clouds,
compliance infractions in
communications and documents of

Statistics

Leverage statistical modeling
techniques that have been proven
over time

D@

all kinds
. OJ Ej Machine Learning
eloft o nfereton pafleme e ‘ ‘ Techniques to siff through data with
minimal human input to gain new insights

critical whether it is the behavior of

people, products or things previously undetected

@natbusa | linkedin.com: Natalino Busa

42 TERADATA.



Principales algoritmos usados en ML

- Modeling predictivo /Clasificacion - “Aprendizaje supervisado*
— Linear / Logistic Regression (el *“MRU" del ejemplo del marathon)
- Decision Trees
— Random Forests
— Support Vector Machines
— k-nearest-neighbour
— Naive Bayes
— Neural Networks

- Segmentacion/Clustering - “Aprendizaje no supervisado*
— k-means
— hierarchical clustering
— affinity propagation
— self-organizing maps

43  ©2014 Terod.o.T; TERADATA



IBM Watson: el branding al poder

Tailored solutions designed to . “ . i

meet vertical industnes’ most El brcmdlng de Watfson

demanding needs leveraging Brand: conjunto de tech y
cognitive computing produc’ros

- Montado arriba del éxito
de "Jeopardy”.

“Framework cognitivo”
Enabling Watson Developer Cloud, donde se extrae

YYOIROR C-Ontent Store e automdticamente el insight
Watson Talent Hub driving cognitive- q
computing innovations from partners de blg data a gran escala

Horizontally applicable products
based on Watson' s core

cognitive-computing attnbutes and
capabilities

« “smart machines will
require substantial custom
work and trial and error. We
are a long way away from
... plug and play”
panaceas.” - Gartner

Cognitive computing APIs,
tools, methodologies, SDKs,

and mfras:,rvu ctture et fusts — - Provides the cognitive-powered big
atson data and analytics capabilities that
IEM fuel Watson solutions

“ TERADATA




45

Jeopardy”! (2011)

TERADATA



Desafios de “Jeopardy!”

« Entendimiento de ironia y referencias oscuras.
* Velocidad en la respuesta.

» Confianza (%) en la propia respuesta.

“Hard times,” indeed! A giant quake
struck New Madrid, Mo., on Feb. 7, 1812,
the day this author struck England”.

“According to C.S. Lewids, it
was bordered on the east
by the Eastern Ocean and
on the north by the River
Shribble”.
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Aplicaciones de Machine Learning (I)

« Spam Detection: Given email in an inbox, identify those email messages that are spam and
those that are not. Having a model of this problem would allow a program to leave Nonspam
emails ||n the inbox and move spam emails to a spam folder. We should all be familiar with this
example.

» Credit Card Fraud Detection: Given credit card transactions for a customer in a month,
identify those transactions that were made by the customer and those that were not. A
program with a model of this decision could refund those transactions that were fraudulent.

+ Digit Recognition: Given zip codes hand written on envelops, identify the digit for each
handwritten character. A model of this problem would allow a computer program to read
and understand handwritten zip codes and sort envelops by geographic region.

» Speech Undersiandinlg_: Given an utterance from a user, identify the specific request made by
the user. A model of this problem would allow a program to understand and make an
attempt to fulfil that request. The iPhone with Siri has this capability.

+ Face Detection: Given a digital photo album of many hundreds of digital photographs,

identify those photos that include @ %ven person. A model of this decision process would

allow a program to orﬁgonize photos by person. Some digital cameras and software like
IPhoto has this capabillity.

© 2014 Teradata TERADATA
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Aplicaciones de Machine Learning (ll)

Product Recommendation: Given the purchase history for a customer and a Iorg?(e inventory of
products, identify those products in which that customer will be inferested and likely to purchase. A
model of this decision process would allow a program to make recommendations fo a customer
and motivate Produc’r purchases. Amazon has this capability. Also think of Facebook, Google+ and
Facebook that recommend users for you to connect with.

Medical Diagnosis: Given the symﬁ’roms exhibited in a patient and a database of anonymized
patient records, predict whether the patient is likely to have an iliness. A model of this decision
problem could be used by a program to provide decision support to medical professionals.

Stock Trading: Given the current and past price movements for a stock, determine whether the stock
%.hould, ble bolugTh’r, held or sold. A model of this decision problem could provide decision support to
inancial analysts.

Customer Segmentation: Given the pattern of behaviour by a user during a trial period and the past
behaviours of all users, identify those users that will convert to the paid version of the product and
those that will not. A model of this decision problem would allow a program to frigger customer
Inferventions to persuade the customer to covert early or better engage in a limited trial.

Shape Detection: Given a user hand drawing a shape on a touch screen and a database of known
shapes, determine which shape the user was trying to draw. A model of this decision would allow a

rogram to show the platonic version of that shapeée the user drew to make crisp diagrams. The
nstaviz iPhone app does this.

© 2014 Teradata TERADATA
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How Nuix helped Siiddeutsche Zeitung and
IClJ analyze 11.5 million documents.




Aster Analytics and Nuvuix Investigative Engine

View /
e, S Investigation GUI
:N:rt;(belncrl‘l'l or n u IX g

Web Review

Results tagged .
in Nuix

Aster analytics

magic applied to

find “out of .
compliance”
communications

Advanced Analytics

Data sent to Aster .

Nuix magic .

applied

Various Ingest/Parsing/ETL

communication
channels .
ingested by Nuix




Aster Analytics and Nuix Investigative Engine

View /
investigate
further In Nuix
Workbench or
Web Review

Teradata Aster AppCenter

Deep Learning MULTI Statistics Path, Pattern = Association
GENRE and Time

Time Series : Series

Machine Graph Data Decision
Learning Transformation

100+ Pre-built Analytic Functions

Results tagged
in Nuix

Aster analytics
magic applied to
find “out of
compliance”
communications

Teradata Aster
Discovery Platforms

Data sent to Aster

Single point of data collection, Pre-processed, filtered data

Nuix magic

applied e (at scale, speed, 100s of containers ffile types)
Network Info. Browser Data Images E-Mail & Docs. Device Data

Various nd Snowe@ Q\W

communication - - U % e Qor

channels G‘VQO e Office

ingested by Nuix L JEV U Bloomberg
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w Detals

Investigacion y Contexto- Text & Metadata

Text | Metadsts | Famiy (1) | POF | Netve | Brary | WordList | Enties | OHf | Hstory |

Created: Dec 10, 2015, 9:29:57 AM Author:  hamey
Last modified: X 17, 2014, 10:02:31 AM Company: Erron Europe
Last accessed: Dec 10, 2015, 9:29:57 AM Keywords:

Tithe: ELROPEAN MARKET SUMMARY Trading Day 26 June 2000

EUROPEAN MARKET SUMMARY Trading Day 24th August 2000
UK GAS Market News

A torpd day’ trading saw front month and aurve levels dose relatively unchanged after a minor sell off eroded gains made
In the morning session. Buying pressure instigated by one major player saw Q1 D1 trade up to a high of 23.8p/th in the
early session, but the period subsequently retracted to dose at 23.45 - 23.60p/th. A system buy during the day buoyed
the within day market, with the parcel changing hands at an intra day high of 23p/th, before sipping to around 20.5p/th at
the dose of play In the physical market. Demand today was 192MCM, with 176MCM predicted for today. Meanwhie 2
500,000th/d 23p summer D1 call option was aiso reported to have been agreed this evening, with a 0, 20p/th spread
between the two component quarters.

UK POWER Market News

The market bounced back to ife today, with active trade reported across the curve. As a lower out turn yanked the
prompt end of the market lower towards the dose, the forwards withessed a late mini rally after turning within
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Investigacion y contexto - Email thread
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Teradata and Nuix are dancing in the dark

Aster Analytics fraud detection graph

http://www.theregister.co.uk/2016/07/20/teradata_nuix_partnership/emt=1475012474803
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Preguntas?
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