
​ Sueña la gente con algoritmos eléctricos? 
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1.  Isaac Asimov, Hari Seldon y la Psicohistoria 
2.  "Esto yo ya lo vi, esto ya lo escuché". 

3.  Definición del problema: insights vs interpretaciones 
4.  Autos, jets, aviones, barcos (y Telcos): IoT 
5.  Machine learning 

6.  Cómo Neux procesó la data de #PanamaPapers 
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Psicohistoria 
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Isaac Asimov: “Fundación e Imperio” 

•  Hari Seldon 

•  Apariciones 
fugaces en una 
bóveda cada 
tantos siglos, 
contando 
“cómo van las 
cosas”. 
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1.  Se necesita mucha data para tener buenos resultados 

2.  Necesidad de altísimo proder de procesamiento. 

3.  Los modelos predictivos simples pueden ser refinados. 

4.  Uso de porcentajes para indicar precisión del modelo. 

5.  Intervalos de confidencia 

6.  Predicciones sobre individuos son inciertas. 

7.  Predicciones sobre el futuro lejano son difusas. 

 

Big Data según Asimov 
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Hari Seldon sobre los ciclos de la historia 

https://www.balabit.com/blog/7-data-science-principles-introduced-in-asimovs-foundation/ 
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Predicción => acción: PK Dick y los precogs 
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Esto yo ya lo ví. 
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V a l o r 
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Es realmente #PanamaPapers un asunto de Big Data? 

© 2014 Teradata 

•  Falta el requisito de 
“velocidad”. 

•  Es más bien un gran 
proyecto de Data 
Science. 

•  Sin duda agregó la 
dimensión del “valor”. 
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El “state of the art” en analytics 
 

1.  No se habla de “Big Data” o de “BI”. 

2.  Analytics es todo.  
  Multigénero, a escala, data integrada, estructurada o no. 
  Statistical, Predictive, Text, Graph, Pattern, Path Analysis. 
 

3.  Ya no hay marcas sino un “ecosistema” (todo sirve) 

4.  Analytics as a Service 

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

6.  La parte oscura: el modelo lógico o LDM. 

7.  Obtener rápido los “insights”. 
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Múltiples alianzas en torno al analytics 
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Nuevas cosas: Listener, Kafka, Cassandra 
Foco absoluto en “real time” 

Hadoop2 

Hadoop1 

Teradata2 

Teradata1 

Aster1 

Sources Targets 

DTG 

Listener CDC 

MQ, JMS 
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PATH / TIME SERIES 
ANALYTICS 

TEXT 
ANALYTICS 

RICH MEDIA 
ANALYTICS 

GRAPH 
ANALYTICS 

SQL ANALYTICS 
 

What is the 
change in risk 
profiles by age 
group over the 
past 6 months? 

 

What is the 
typical path to 
purchase for a 

policy with 
increased 

deductions? 

What can text 
based service 

forms tell us 
about 

potentially 
larger safety 

issues? 

How many 
customers that 

called  
Customer 

Service 
expressed a 

frustrated tone 
of voice? 

 

Which 
customers are 

highly influential 
on social media 

and regularly 
post about our 
claims service? 
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Insights 
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Insights 
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La señal y el ruido 
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No hay Big Data sin insights.  
No hay insights si no se 

conoce la industria. 
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Data  
muestra que los 
clientes tuvieron 
2,000 sesiones en un 
web site durante el 
último mes 

Analytics 
revela cuántas 
sesiones ocurrieron 
usando un iPhone 
en Vicente López 
en ese mismo mes. 

Insight indica 
cuáles de estos 
clientes que usan 
están en el 20% más 
probable a comprar 
un dado servicio 

Comparemos… 
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El modelo lógico (LDM) significa conocer la industria. 



22 

Ejemplo 1: Marathones 

© 2014 Teradata 

•  “Rule of thumb” 1:-  
Tiempo de 10K * 4,66 

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

•  Experimentar el “muro” = 
enriquecer el algoritmo. 

• Mejor predictor:  

0:00:00 

1:12:00 

2:24:00 

3:36:00 

4:48:00 

0,1 0,2 0,4 1 5 10 21,1 30 42,2 
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Prediciendo tiempos de marathones:  
(buen ejemplo de cómo enriquecer un algoritmo) 

© 2014 Teradata 
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Entonces… qué es modelo, algoritmo y qué es ML? 

•  Modelo general: explicación de cómo funciona el mundo. 

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

•  El algoritmo sería sencillo: velocidad= espacio / tiempo. El viejo MRU! 

•  Alteración 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, 
cuál va a ser nuestro tiempo en los 42K. 

© 2014 Teradata 
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El famoso “Churn” = los clientes que se van 



26 

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

Qué pasaría si se pudiera visualizar todo al mismo tiempo? 

Statistical 
Analysis + 

Multi Channel  
Behavioral 

Path Analysis 

Churn 
Potential  = 

Best in Class 
Churn Analytics 

+ Sentiment 
Analysis 

Sentiment 
Score 

 

Statistical  
Model 

 

+ = Insights 

Churn 
Potential  

Sentiment 
Score 

Statistical  
Model 

 

Behavioral 
Model 

 

Behavioral 
Model 
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Entendiendo el “viaje del Cliente” 

Social Media 

The Customer 

Marketing 
Channels 

Mobile Apps 

Devices &  
Form-factors 

Un universo de interacciones 
cruzadas entre distintos 

canales y distintos sistemas.  
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Ejemplo 2, Telco de USA: Visualización del churn 

xxxx 

 
 

Hechos sobresalientes: 

•  Plan mal aplicado. 

•  Llamadas al Call no resueltas. 

•  Ajustes de facturación 
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Ejemplo 3, cablera de USA: tarifas mal aplicadas 

Hechos sobresalientes: 

•  Facturación incorrectas 

•  Torpeza del Call Center y Help Desk 

•  Modelos distintos para churn 
voluntario e involuntario. 
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Autos, jets, … = IoT 
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Pero los insights hacen la diferencia. 
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Sensores  
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No se habla tanto de Volumen, Velocidad y Variedad. 
Todo se refiere a integrar la data y el analytics.  
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Ejemplo 4: Metadata de contenidos 
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Metadata: imposibilidad de categorizar 
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Machine learning 
y Watson 
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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 información 
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Pero qué es Machine Learning y qué es Watson? 

• Machine learning es dejar que la máquina aprenda sola. 
–  Middleware paralelo para clusters de servidores 
–  Spark.apache.org (2014) 

• Watson es la marca de ML para IBM 
–  Muchísima prensa! 
–  Jeopardy! 

• Hemos hablado poco sobre algoritmos 
–  (ML puentea el algoritmo, usa “patrones”) 
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Contexto 
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Principales algoritmos usados en ML 

© 2014 Teradata 

• Modeling predictivo /Clasificación – “Aprendizaje supervisado“ 
–  Linear / Logistic Regression (el “MRU” del ejemplo del marathon) 
-  Decision Trees 
–  Random Forests 
–  Support Vector Machines 
–  k-nearest-neighbour 
–  Naïve Bayes 
–  Neural Networks 

•  Segmentación/Clustering – “Aprendizaje no supervisado“ 
–  k-means 
–  hierarchical clustering 
–  affinity propagation 
–  self-organizing maps 
–  ... 
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IBM Watson: el branding al poder 

•  El “branding” de Watson 
Brand: conjunto de tech y 
productos 

•  Montado arriba del éxito 
de “Jeopardy”. 

•  “Framework cognitivo” 
donde se extrae 
automáticamente el insight 
de big data a gran escala 

•  “smart machines will 
require substantial custom 
work and trial and error. We 
are a long way away from 
…“plug and play” 
panaceas.”  - Gartner 
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Jeopardy”! (2011) 
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Desafíos de “Jeopardy!” 

•  Entendimiento de ironía y referencias oscuras. 

•  Velocidad en la respuesta. 

•  Confianza (%) en la propia respuesta. 
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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 in 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 Understanding: 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 a given person. A model of this decision process would 
allow a program to organize photos by person. Some digital cameras and software like 
iPhoto has this capability. 

© 2014 Teradata 
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•  Product Recommendation: Given the purchase history for a customer and a large inventory of 
products, identify those products in which that customer will be interested and likely to purchase. A 
model of this decision process would allow a program to make recommendations to a customer 
and motivate product purchases. Amazon has this capability. Also think of Facebook, Google+ and 
Facebook that recommend users for you to connect with. 

•  Medical Diagnosis: Given the symptoms exhibited in a patient and a database of anonymized 
patient records, predict whether the patient is likely to have an illness. 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 
should be bought, held or sold. A model of this decision problem could provide decision support to 
financial 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 trigger customer 
interventions 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 
program to show the platonic version of that shape the user drew to make crisp diagrams. The 
Instaviz iPhone app does this. 

© 2014 Teradata 

Aplicaciones de Machine Learning (II) 
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The Art of Analytics: Flujo de fondos / supply chain 
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The Art of Analytics: Clusters de llamadas en Telcos 
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The Art of Analytics: influencia en Twitter 
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The Art of Analytics: drogas y efectos colaterales 
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#PanamaPapers 
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Copyright Nuix 2015 55 October 11, 2016 
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Investigación y Contexto– Text & Metadata 
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Copyright Nuix 2015 58 October 11, 2016 

Investigación y contexto – Email thread 
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Copyright Nuix 2015 59 October 11, 2016 

Final feliz  

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


