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;. Qué es BI?

#bienelmundo
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Hay variados conceptos dando vueltas detras de Bl



Business intelligence (Bl) is an umbrella term that
Includes the applications, infrastructure and tools,
and best practices that enable access to and
analysis of information to improve and opfimize
decisions and performance.

Gartner



Hoy existen diferentes aproximaciones



J ol o

DUSIIESS

INTELLIGENCE ANALYTICS

Powered By Algoworks



Business analytics is comprised of solutions used to build
analysis models and simulations o create scenarios,
understand redlities and predict future states.

Gartner



Lo podemos observar en forma integrada como...



w Business Intelligence gy Business Analytics

¢, Qué es lo mejor que podria pasar?

¢, Qué sera lo préximo que va a pasar?

¢, Qué pasa si esta tendencia continua?

~ ¢Por qué esta pasando?

Valor agregado al Negocio

¢, Cuanto, con qué frecuencia, donde?

Grado de Inteligencia

Fuente: SAS




Si hablamos solo de BI...



BI/BA se centra principalmente en:

Data
Sources

Internal
Data

Data Analysis

Result

Solutions

Document Management

External
Data

Online Analytical Processing,
Queries,

Executive Information System,
Decision Support System

Data
Visualization

Y

Su
Chain Mae\pazement

Decisions

Customer Relationship
Management

Personal
Data

Data Mining

Electronic Commerce

Knowledge
Management

Strategy

Others




Pero hay un tfema que tenemaos que tocar...



Big data is high-volume, high-velocity
and high-variety information assets that
demand cost-effective, innovative forms
of iInformation processing for enhanced
iINnsight and decision making.

Gartner



Entonces... resumiendo...



(@ BIG DATA

International Campus

DIFERENCIAS ENTRE
BIG DATA
BUSINESS INTELLIGENCE Y
BUSINESS ANALYTICS

BUSINESS
INTELLIGENCE ANALYTICS

1\
|

- Analiza datos ya estructurados, - Analiza datos ya estructurados,

orientado al pasado. \ enfocado en el futuro.
- Almacena los datos en un servidor - Estudia tendencias o
_ central. - indicadores macroeconomicos.
- Estudiaestadlstlcas internasy - Trabaja para no cometer errores
- corrige errores operativos. ' del pasado.

Fuente: https://www.campusbigdata.com/big-data-blog/item/148-diferencias-entre-big-data-business-analytics-y-business-intelligence






5Qué significa entonces
adenfrarme a un Bl/BA?



DATA
SOURCES

PREDICTIVE
ANALYTICS

GENERAR

VALOR A LAS
COMPANIAS

DECISION
MAKING

MINING

REALTIME
REPORTING

Desarrollo de
Capacidades
Diversas

Fuente: Shutterstock
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sPor qué BI¢

En el articulo “Business Intelligence Definition and Solutions
de Ryan Mulcahy (en E.E.U.U.):

— Las cadenas de restaurantes como Hardee's, Wendy's, Ruby
Tuesday y T.G.l. Friday’s usan Bl para fomar decisiones
estratégicas, como qué nuevos productos anadir al menu,
qué platos quitar o qué locales deben cerrar.

— Harrah's utiliza el business infelligence tanto para construir
mega-casinos hasta para analizar la fidelidad de los clientes.

— Amazon se basa en la infeligencia de negocios para llevar a
cabo cambios comerciales.

— Capital One lleva a cabo mads de 30.000 experimentos
anuales para identificar a los clientes solventes y ofrecerles
tarjetas de credito.

Fuente: https://www.semanticscholar.org/paper/Business-Inteligence-Definition-and-Solutions-Mulcahy/0a85488c 521 54fbdc86ec8dddd82257c¢73t567b7



Beneficios de Bl

Toman mejores decisiones con una asombrosa velocidad y confianza

Dinamizan operaciones y reducen los ciclos de vida de productos

Maximizan el valor de las lineas de producto y anticipan nuevas
oportunidades

. Hacer un mejor y mas enfocado marketing mejorando las relaciones con
los clientes y proveedores por iguales




Pero, gué ha motivado a las
empresas a abordar a un Bl/BA



B Good Moderate ¥ Low W Notachieved M Don't know

Faster reporting, analysis or planning
BT 0 I 2%
More accurate reporting, analysis or planning
BT W 4%
Better business decisions

35% 6 7

Improved data quality
[ 43%  [SSHE 5 | W 5%
Improved employee satisfaction
[ [ION - W7
Improved operational efficency
M o
Improved customer satisfaction

Increased competitive advantage

Reduced costs
I 0%
Increased revenues
7% 11% I ;1
Saved headcount

m s

(22 [N I 5%
(7% |

To what level have you achieved the following benefits with BI? (n=2,618)

Fuente: https://bi-survey.com/benefits-business-intelligence



Sales planning and forecasts & 57%

Customer behavior analysis & 0%

Unified view of customers & 3.7%

Capacity/resource planning ® 31%

Pricing and offer optimization & 29%

Quality assurance/analysis ® 259

Real-time process monitoering 8 19%
Geospatial analysis ® 19%
Simulation # 18%
Supply network optimization ——817%
Maintenance forecasting —————8 14%
Churn prevention —#13%
Fraud prevention ——# 13%

Recommendation/MNext-best-offer ——87%
Security analytics ——8 7%
Other —8 6%

In which Bl use cases is your company investing in? (n=2,210)

Fuente: https://bi-survey.com/benefits-business-intelligence



Y, coOmo ha sido el resultado de
estos proyectos de Bl/BA




B Good B Moderate B Low

User satisfaction with the implementation of the business aspects

I ' . s 3%

User satisfaction with the implementation of the technical aspects

I o . o 3%

Completion within the budget originally set

I 5 B 5 %

Satisfaction of administrators with the technical implementation

I - I W 5%

Completion within the timeframe originally specified

I ;o I s 7

Satisfaction with aspects of Bl projects (n=2,579)

Fuente: hitps://bi-survey.com/benefits-business-intelligence
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Entonces, en la practica,
sque es lo gue es necesario
considerare



Bl Value Stream
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Bl Value Stream

Alto costo
Baja Eficiencia
Ineficacias

Pérdida de
Clientes

Reduccidon
cuota de
Mercado

Pérdida de
Competitividad

Fuera de
Competencia

Reduccion de
Ventas

Falla en las
entregas

Falla en las
mdaqguinas

»wH>ZTM—@QO AT

Reglas de
Negocio

Gestion

Visualizacién
de Datos

\ 4

Comprender lo
sucedido

Entender el
Mercado

Perfilar a los
Clientes

Predecir Ventas

Pronosticar
eventos

Definir precios
adecuados

Optimizar las
operaciones

Mover los
productos
donde el cliente
los necesita

Establecer rutas
6ptimas

Mantenimiento
predictivo
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INnicialmente se considero de
esta manera




Una mirada alternativa: KDD

Inberpretation /

Lrana Mlini
r Transformation
Preprooessing
. Patbems
o Tranaformesl
Preprocissd Data [rata

Target Date

Fuente: The KDD Process for Extracting Useful Knowledge from Volumes of Data, Fayyad et al, 1996



Pero con el fiempo, llega lo
mirada de proceso para BlI/BA



Bl como Proceso

Insights
Accionables

Levantamiento
e Hipotesis

Oportunidades




Bl como Proceso

Hay enfoques
alternativos como
SEMMA de SAS

Fuente: CRISP-DM, Chapman et al., 2000



Data Mining Life Cycle
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Business Understanding Data Understanding Data Preparation Modeling Evaluation Deployment
identify project objectives collect and review data select and cleanse data manipulate data and evaluate model and apply conclusions to
draw conclusions conclusions business
Cretermine Business Collect Initial Data Drtix Set Select Modeling Evaluate Results Plan Deployment
Objectives Initial Data Colection Report Diata Set Description Tedhnique Align Assessment of Dot Deplayment Plan
Background {Log and Report Process) ({Log and Report Process) Maodeling Technigue Mining Results with (Log and Report Process)
Business Dbjectives Modeling Assumplions Business Success Criteria
Business Success Criteria Describe Data Select Data ({Log and Report Process) (Log and Report Process) Plan Monitoring and
(Log and Report Process) Dita Description Report Rationalk for inclusion’ Maintenance
({Log and Report Process) Exclusion Generate Test Design Approved Models Muonitoring and
Assess Situation (Log and Report Process) Test Design Review Process Maintenance Plan
Inventory of Resources, Explore Data ({Log and Report Process) Rewiew of Process (Log and Report Process)
Requirements, Assumptions, Dty Explonation Report Oean Data ({Lzg and Report Procass)
and Constraints ({Log and Report Process) Data Cleaning Report Build Model Parameter Produce Final Report
Rizks and Contingencies ({Log and Report Process) Settings Determine Next Steps Finai Report
Terminology Verify Data Quality Maodels List of Possible Actions Final Presentation
Costs and Benefits Digtax Quaiity Report Construct Data Maodel Descaription Decision (Log and Report Process)
(Log and Report Process) (Lo-g and Report Process) Derived Attributes ({Lzg and Report Process) ({Lzg and Report Process)
Genergted Records Review Project
Determine Data Mining ({Log and Report Process) Assess Model Experience
Goals Model Assessment Documentation
Diata Mining Goals Integrate Data Revised Pargmeter (Log and Report Process)
Diata Mining Success Criteria Merged Data ({Log and Report Process)
(Log and Report Process) ({Log and Report Process)
Produce Project Plan Format Data
Project Plan Reformatted Data
Initial Assessmant of Tools and ({Log and Report Process)
Technigues
(Log and Report Process)

a visual guide to CRISP-DM methodology

SOURCE CRISP-DM 1.0
httpz//www.crisp-dm.org/download.htm

DESIGN  Nicole Leaper
http://www.nicoleleaper.com

Generic Tasks
Specialized Tasks
(Process Instances)




Use Case: focusing on a compelling business opportunity

2) 1T
Acquires and
integrates data

Use Case
Driven

1) Business

Defines mandate
and requirements

5) Business

Consumes insights
and measures
effectiveness

3) Data
Scientists
4) IT

Publishes new
insights

758

Focus on an organization’s Strategic
IBusiness Initiatives in order to be
relevant to the business

« Public statement of business intent
* Delivers compelling business value
= Cross-functional

« Championed by a senior executive

* Has measurable goals

» Has well-defined delivery timeframe

Build and refine
analytic models

?

T

@@®

Use “visioning
methodology” to identify
“where” and “how” Big
Data Analytics can power
an organization’s
Strategic Business
Initiatives




1. ldentify the universe of use cases that would provide value to the organization

2. Estimate the value of each use case

3. Review the impact and complexity for each use case

* Impact

O ©C o O O

o

Financial
Management
Sales
Marketing
Procurement
IT

* Complexity

o

o O O O

Data source complexity
Analytical complexity
Business complexity
Regulatory complexity
Implementation complexity

Full Use Case
Universe

elelolele)
OO0 000

OO0 000
o0000

Optimal for Big
Data Analytics
o090 00

N\

Not Optimal for Big

Data Analytics

0000
0000

F 3
High-value,
o actionable
use cases
s @ @
m
a O
E L
® ®
L]
o o °

Ease of Implementation
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Capacidades Bl

Machine

Computer™ ™™™  Mathand

Science/IT Statistics
Data

Science

Software Traditional
Development Research

Domains/Business
Knowledge




Capacidades Bl

Artificial Geaph =
i i Yot
Statistics  Intelligence Analytcs ata
Warehousing

» Mashups
Analytics  preactie )

Information Retnaval
Databases

Data & Text
Mining Mechne Leaming Data Management

rdefigance
Frivacy & Secunty

Big Data

Programmng

curious

Computer

Science Data SC|ent|St Lz

Cloud Computing Pagmage ) '”::\wmmﬂw
Daminbuted Systermns

Visualization

Tachnology ¢

Infrastructure Art & Design

Commuricator
Data Product Design

Ethics

Entrepreneurship

Domain Knowledge



Bl Service Capability Framework

Key Focus Areas (KFAs)
- Care Sarvice
¢ = 7 Capatility
0“\00 . B/ Business Alignment (Strstegy; Guviig / Dasign Pracypias; Requvements Trsvastity)
?‘f’ "/ Operations & Execution {Wairvs: Procedures; DR)
o o "/ Investment Planning /-4 Cast: S Cast; Sarvice Chargeback)

0"/ standards & Governance (Pulsis: Sanderds: Vendar Marseenen()

Reporting & Analytics

Dpshbowst 1 | Datn Mining
» Impacts &
[ Enablers

Quary & Raporting ] Visualization " 'x

SAP BW SAS

Data Services

Data Management




Bl FUNCTIONALITY

Dashboards Reporting

Mining

1
4

Analysis

Enterprise
Reports

/______.(adhdc"dﬁﬁboa_rgs)_-

' oy

)%

Big Data
Analytics

S13sM Jamod

SH3ISN 40 SIdAL

Analyst

Department

SCOPE OF DEPLOYMENT



Veamos esto en roles...

Fuente: https://todobi.com/fipos-de-roles-en-analytics-business/



BUSINESS ANALYST

Lan
sg;:ges CHANGE AGENT
Role
Skills & Talents Improves business processes as

¥ Basic tools (e.g. MS Office) intermediary between business

¥ Data visualization tools (e.g. and IT
Tableau)
v Conscious listening and storytelling Mindset
¥ Business Intelligence understanding Resilient project juggler
v Data modeling HIRED _BY
UBER @ ORACLE
DATA DETECTIVE Languages
R, Python, HTML, Javascript, C/C++,
Role Sat
Collects, processes and performs Skills & Talent
s & Talents

statistical data analyses
v Spreadsheet tools (e.g. Excel)

v Database systems (SQL and NO SQL
based)

v' Conmunication & visualization
v' Math, Stats, Machine Learning

Mindset
Intuitive data junkie with high
“figure-it-out” quotient

HIRED E

|
il
I

o
i
o
S
N
g

i



DATA ARCHITECT

ONTEMPORARY DATA MODELLES
Languages :

SQL, XML, Hive, Pig, Spark Role:

Creates blueprints for data
management systems to integrate,
centralize, protect and maintain

Skills & Talents
v' Data warehousing solutions
v In-depth knowledge of database

architecture data sources
v Extraction Transformation and
Load (ETL), spreadsheet and BI tools Mil.ldset:

v Data modeling Inquiring ninja with a love for
v Systems development HIRED BY data architecture design patterns
VISA Ccotiy ogtech

DATA ENGINEER
SOFTWARE ENGINEERS BY TRADE Languages

SQL, Hive, Pig, R, Matlab, SAS,

Role SPSS, Python, Java, Ruby, C++, Perl

Develops, constructs, tests and
maintains architectures

(such as databases and large-scale
processing systems)

Skills & Talents
v" Database systems (SQL & NO SQL
based)
v" Data modeling & ETL tools
v Data APIs
v' Data warehousing solutions

Mindset
All-purpose everyman

HIRED B’

& spotify Eia



Languages DATA SCIENTIST

R, SAS, Python, Matlab, SQL, AS RARE AS UNICORNS
Hive, Pig, Spark
8 opa o
Skills & Talents Cleans, massages and organizes
v’ Distributed computing (big) data
v’ Predictive modeling
v Story-telling and visualizing Mindset
v Math, Stats, Machine Learning Curious data wizard
HIRED BY
Go 8‘6 §* Microsoht w
DATABASE ADMINISTRATOR
DATABASE CARETAKER Lgnguages
SQL, Java, Ruby on Rails, XML, C#,
Role Python
Ensures that the database is Skills & Talents

available to all relevant users, is

performing properly and is being e

v' Data modeling and design

kept safe v Distributed Computing (Hadoop)
! v Database systems (SQL and NO SQL
Mindset based)
Master of Disaster Prevention HIRED BY v Data security

. 4" / S o ) Y
35 +0bleav$s reddit ] ERP & business knowledge



STATISTICIAN

Languages HISTORIC LEADERS OF DATA
R, SAS, SPSS, Matlab, Stata, Python,
Perl, Hive, Pig, Spark, SQL Role
Collects, analyzes and interprets-
Skills & Talents qualitative as well as quantitive

v’ Statistical theories & methodology data with statistical theories and

v Data mining & machine learning methods
¥ Distributed Computing (Hadoop)
v Database systems (SQL and NO SQL Mindset
based) HIRED BY Logical and enthusiastic stats
v Cloud tools gen[us
Lﬁi@dm 3"“""“‘9""“"" ' pepsICO
DATA AND ANALY TICS MANAGER
TA SCI i M LEADE
Languages
SQL, R, SAS, Python, Matlab,
Role Java
Manages a team of analysts and
data scientists Skills & Talents
O O v Database systems (SQL and NO SQL
Mindset based)
Data Wizards’ Cheerleader r v Leadership & project managentent
v Interpersonal communication
HIRED BY v' Data mining & predictive modeling

coursera ""slack @ mororora soLurions






Generalmente se comienza
con un Warehouse, paro
responder al Bl






Data Warehouse Architecture

Staging Area

Data Marts

Data Sources Warehouse

]

_ Warehouse
Operational area during :
system ETL of data Purchasing
(Extract, Meta Data Analysis
Transform
and Load)
— Sales
e ——
Summary Data Reporting
e —

Flat files

Raw Data

Finance

Inventory Mining
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Balanced Scorecard

-

Usuarios
Kecutivos

Usuarios Reporte Operacional
Inteligente / Query Ad- Tableros / Dashboards

. — 10 v -
Opemiivos Hoc / Planning CRM/ ABC-ABM

Usuarios
Amnaliticos

¥

Data Marts
(DM)

(Cubos y
Modelos)

Cubos Multidimensionales
Presentaciin OLAP

L
Datos por Te '
L

——

< L0 " 0
e ~ Reporteo S B @
e — o / . L FACTS o = Mineriade Datos

Analyties / Mashups

AERAEN

Geographical IS

the(BI institute

Web Access
Web Content

Management




Pero, ojo, siempre hay un
problema central...



Data Governance

Data
Architecture

Data Modeling
& Design

Data Storage
& Operations

Data Quality

Data Data
Governance Security

Metadata

Data Warehousing
& Business
Intelligence

Data Integration &

Reference Document
& Master & Content
Data Management

DAMA-DMBOK?2 Data Management Framework

Copyright © 2017 by DAMA International

Roles &
Responsibilities

Deliverables Activities

Goals &
Principles

Techniques

Organization
& Culture

DAMA Environmental Factors Hexagon



Y, claro, luego del Dato
Warehouse se puede seguir
con un Data Lake, para ir
avanzando hacia el BA




DATA WAREHOUSE
= &
D DATA LAKE

T T T T ] il'*.; LTI

LR E LT l"* - .

LiiiTiang bLaiTinge
—=  Datais processed and Raw and s
1110001101110 organized into a single unstructured data 1110001101110
01101 10001 10 schema before being put goes into a data lake 011011000110
i - into the warehouse .
111313000110 111110001 100
LTI T IR T] [ ]
LI T T X}
LI 1111
L1111
L 1)
o\ —=  The analysis is done on Datais S-E_IELtEd and .
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warehouse when needed
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Para agregar valor

Data Sources

Information
-= Technology ===

nosql BYrss

Web Crawler

{ |
1 1
1 1
1 1
1 I
1 1
1 !
1 1
— é_]
1 !
. @ (a] !
1 1
1 1
1 ]
1 1
1 1
1 !
1 ]
1 1

Image Lodfiles

Frp Il

. Operational 5
! Technology !
1
$ 1
LS |
| =
| Video Lidar i
' !
! 1
b @
i Audio PLCs :
! 1

v

sEssssnunn

v

Prepare Analyze
Metadata Catalog
4 4
v v

Cleanse Published Zone

=4

Normalize Blend

Catalog Prepare

End-to-End Monitoring

Data Logging and Lineage

OLL®E®EOR

Value

Analytics

Exploration

Dashboard

achine Learning
odel Training

==

Actionable
Insight

Data Export

Predictions




Enterprise Data Lake + Nuevas Fuentes ¥

> — D

Enterprise Data

@Q?&

Warehouse
QOO (EDW)
Qlik: Equipos
Explotacion
Y +cbleou
/f’- %, @pentd’io
= @ °'°‘f&&'[2 et
OLTP |
El ks Lak Data Insight m
ata Lake N —  Discovery
incorpora fuentes ‘ g& _ (Aster Data) Smu
de datos No Logs U.m Cognitive |
Estructuradas en g o Analytics
v bt

modalidad Batch



Near-Real-Time Data Ingestion =

-

Los agentes de Flume .
hacen streaming de la r
informacién generada Enterprise Data

Warehouse (EDW)

5 Ag

OLTP

Flume |8

Agent

Flume
Im —

Los Interceptors de Flume |
permiten enriquecer la
ingesta de datos para Cogritive
finalmente guardarla en mAMn?lJ:ti:n
HDFS (Hadoop) fomwatson




 Callcente

2O
&+ [

Carga incremental (en near-real-
time) de todas las fuentes de
informacién relevantes.

Carga de fuentes no estructuradas
como logs, correos e informacién de
redes sociales.

Enteprise Data
Warehouse

Big—Data
Enterprise Platform
(Data Lake)

Capacidad analitica potenciada por
nuevas fuentes de informacién

Soporta la implementacién de
servicios real-time y la prdctica de
Discovery de datos

Modelos

Predictivos

Campafas Push

Modelos Riesgo

Reportes

Real-time
Analytics AP|

Machine Learning
based models

Campahas
Real-time

Data Insight
Discovery



0000
000

Datos Data Filtering / ETL
: ata Filterin
sin Estructur\ 9
D 0 - Data Processing
ey - (Batch / Interactive
¢ @
Datos - > : .
& " “ Machine Learning
Semi-Estructurados
Data Warehouses
& & =

Datos / Data Visualization

Estructurados






w Business Intelligence gy Business Analytics

¢, Qué es lo mejor que podria pasar?

¢, Qué sera lo préximo que va a pasar?

¢, Qué pasa si esta tendencia continua?

~ ¢Por qué esta pasando?

Valor agregado al Negocio

¢, Cuanto, con qué frecuencia, donde?

Grado de Inteligencia

Fuente: SAS




La pregunta es, sy en qué
Aareas se utilizae



Functions Driving Business Intelligence by

Industry
(Copyright 2019 — Dresner Advisory Services, LLC)
Operations

(R&D)

Strategic Planning Function Marketing
@ Manufacturing @ Consulting @ Technology
® Financial Services @ Education (K-12 & Higher Ed) ® Healthcare

@ Retail and Wholesale @ Advertising ® Business Services



Potential Use Cases for Big Data Analytics

Real time © Credit & Market Risk in Banks

Fraud Detection (Credit Card) & Financial Crimes (AML) in Banks
including Social Network Analysis

Event-based Marketing in Financial Services and Telecoms

Markdown Opti

mization in Retail

Claims and Tax Fraud in Public S

Data ' predictive
. - Social Media
: Maintenance in ‘ p .
Velocity -t Sentiment Analysis

Disease Analysis
on Electronic Health

Demand Forecasting
in Manufacturing

Records
Traditional Data L. Video Surveillance/
Warehousing TextMiglg Analysis
Batch A 4
Structured Semi-structured Unstructured

Data Variety



Mirando fransversalmente

© @ & @

Operations

Predictive
maintenance

Demand
forecasting

Operational
efficiency

Inventory
optimization

Operations
anomaly insights

Quality assurance

Connected devices
and smart buildings

Supplier and
spend insights

Marketing

Personalization

Customer
insights

Churn
analytics
Dynamic
pricing
Product
innovation
Marketing
optimization

Product
recommendation

Finance

Finance
forecasting

Fraud
management
Risk
management

Workforce

Employee insights
HR insights

Resource matching
and planning

Service

Intelligent
contact center

Patient care
and healthcare
analytics

Sales

Lead and
opportunity
scoring

Sales insights



Lo Interesante es que son |as
herramientas de la |A nos
ayudan a Bl/BA, pero
orincipalmente en BA



Sistemas
Expertos

Agentes
Inteligentes

Algoritmos
Genéticos

Robodtica

Sistemas de
Vision

Inteligen
Cia
y\ailileile]

/\ Nevuronales

Procesamien
to Lenguaje
Natural

Sistemas de
Aprendizaje




' Artificial Intelligence

mimic human
behavior

sense,
reason,
adapt!

highly
autonomous!

statistical
learning
techniques

improve
learning with
example data!

/[

- Machine Learning

=

' Deep Learning

Subset of ML

Specific type of
learning algorithms




sDonde?



w Business Intelligence gy Business Analytics

¢, Qué es lo mejor que podria pasar?

¢, Qué sera lo préximo que va a pasar?

¢, Qué pasa si esta tendencia continua?

- ¢Por qué esta pasandio':?

Valor agregado al Negocio

Fuente: SAS Grado de Inteligencia




Predictive Analytics Use Cases

Customer
Lifetime
Value

Customer
Segmentation

NextBest | Predictive Product Quality

Action Maintenance] Propencity Assurance

Risk Sentiment | Up- & Cross-
Modelling Analysis Selling

& NSOMA



Analytics USE Case

Table 1.1 Example Analytics Applications

Risk

Logistics | Other

Marketing | Management | Government | Web

Response Credit risk Tax avoidance | Web analytics | Demand Text

modeling modeling forecasting | analytics

Net Hft Market risk Social Social media | Supply chain | Business

modeling modeling security fraud | analytics analytics process
analytics

Retention Operational Money Multivariate

modeling risk modeling | laundering testing

Market basket | Fraud Terrorism

analysis detection detection

Recommender

systems

Customer

segmentation




Los tipos clasicos de
aprendizaje que se utilizan son



Naive Bayes

Averaged One-Dependence Estimators (AODE)
Bayesian Belief Network (BBN)
Gaussian Naive Bayes
Multinomial Naive Bayes
Bayesian Network (BN)
Classification and Regression Tree (CART)
( lterative Dichotomiser 3 (ID3)
[ cas

Deep Boltzmann Machine (DBM)
Deep Belief Networks (DBN)
Convolutional Neural Network (CNN)
Stacked Auto-Encoders \

Bayesian |~

Deep Learning

Random Forest
Gradient Boosting Machines (GBM)
Boosting
Bootstrapped Aggregation (Bagging)

AdaBoost
Stacked Generalization (Blending)

Gradient Boosted Regression Trees (GBRT)
Radial Basis Function Network (RBFN) \
Perceptron
Back-Propagation

Ensemble Decision Tree

Chi-squared Automatic Interaction Detection (CHAID)
Decision Stump

Conditional Decision Trees
\ MS

Principal Component Analysis (PCA)
/ / Partial Least Squares Regression (PLSR

Neural Networks

Regularized Discriminant Analysis (RDA)
\_ Flexible Discriminant Analysis (FDA)

Zero Rule (ZeroR)
Repeated Incremental Pruning to Preduce Error Reduction (RIPPER)

Linear Discriminant Analysis (LDA)
k-Nearest Neighbour (KNN)
Learning Vector Quantization (LVQ)

/ Sammon Mapping
Hopfield Network Machine Learning Algorithms F T : .
) Multidimensional Scaling (MDS)
Ridge Regression / / . =
. Projection Pursuit
Least Absolute Shrinkage and Selection Operator (LASSO) T T ——
7 Regqularization . o : Principal Component Regression (PCR)
Elastic Net Dimensionality Reduction /- -
. | Partial Least Squares Discriminant Analysis
Least Angle Regression (LARS)
P \_ Mixture Discriminant Analysis (MDA)
ubi
\ Quadratic Discriminant Analysis (QDA)
One Rule (OneR)

Linear Regression
Ordinary Least Squares Regression (OLSR)

Stepwise Regression Instance Base

s ¢ x x Regression Self-Organizing Map (SOM)
Multivariate Adaptive Regression Splines (MARS) Locally Weighted Learning (LWL)
Locally Estimated Scatterplot Smoothing (LOESS) /| \ e

e e e

k-Medians
Expectation Maximization
Hierarchical Clustering

Logistic Regression /

Clustering




ClassiCal Machine [earning

weo
Of
s

Supervised [earning
( Pre Categorized Data )

v

Classification Regression
( Divide the ( Divide the
socks by Color ) Ties by Length)
ES. Identity ES. Market

Fraud Detection Forecasting

ODb): Predications ¢ Predictive Models

D
9ty Driye,

(Jnsupervised [,earning
( Unlabelled Data )

v )

C|ustering ASSOCiation DimenSiona“ty
. Reduction

( Divide by ( Identify ;

Similarity ) Sequences ) | Wite
Dependencies )

ES. Targeted ES. Customer .

Marketing Recommendation Eg. Big Data
Visualization

Pattern/ StruCture Recognition



Qualitative Quantitative

| jke WRIEEENES 23,406 4 3
Awkward gpy  2M32S

Squirrel 76.8%

Efficient 215,849
Ambiguous How 1,127 3.76%

Confusing €12.75




Categorial values

Continuous values

Supervised | Two-class/Binary classification | Regression
learning | * Decision Forest * Bayesian Linear Regression
* Decision Tree * Decision Forest Regression
* Naive Bayes/Bayes Classifier | Decision Tree Regression
* (Deep) Neural Networks * Linear Regression
e Support Vector Machines * Neural Network Regression
Multi-class classification * Ordinary Least Squares Regression
* Decision Forest
* Logistic Regression
* (Deep) Neural Networks
Unsupervised | Association Rule Learning Clustering
learning | ° Apriori algorithm * Density-based Clustering

Frequent Pattern Growth

Classification

Autoencoders
Restricted Boltzmann Machines

* Hierarchical Clustering
* Partitional Clustering (incl. K-means)
Dimensionality reduction
* Principal Component Analysis (PCA)



Una guia practica para los
usuarios mas avanzados



scikit-learn
algorithm cheat-sheet

classification

get
more
data

NOT
WORKING

regression
ES

few features

YES NO

NOT

NO
YES samples
Text WORKING YES <100K
Data in samples

predicting a
ves | category
YES

NOT you have

WORKING leled
NO data

NO,

<100K Yes
samples

should be WORNG

important

YES

predinti.ng.
number of quantity
categories
known

clustering

NOT
WORKING

iuﬂ
YES
predicti
structure

oT
WORKING

YES

10K . . :
no dimensionality
reduction




Principalmente en los dmbitos
de...



Functions Driving Business Intelligence
(Copyright 2019 — Dresner Advisory Services, LLC)
| |

Operations

Executive Management

Finance

Sales

Information Technology (IT)

Marketing

Strategic Planning Function

Competency Center/Center of Excellence
Research and Development (R&D)

Human Resources

Manufacturing

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

M Always B Often M Sometimes M Rarely M Never



Y, principalmente realizando
l0s siguientes fipos de Bl/BA



Report / dashboard consumption [ NG 14% 7
Ad hoc analysis and exploration [NIINNGEGNEGCANNEEN - 27% 774

Report / dashboard authoring | NNEGEGEGNGNEEEEEE 7 24% 22

Data preparation for analysis |NGNGNGE_ N 7747 35% %4447
Prototyping RN/ 34% Y444
Advanced and predictive analytics [INIEEAZ7777747%: 53% 744744447
Operational planning and forecasting INIEEZANI 777777 44% 747577%%
Peak load processing WRESAR7777%: 35% #4777
Strategic planning / simulation KEEAZZ7777% 44% 745454

® In use #Planned

Figure 7: What are the primary use cases for cloud Bl in your organization? (n=164)

Fuente: https://softwarestrategiesblog.com/2017/03/19/business-intelligence-and-analytics-in-the-cloud-2017/



Casos de Uso Clasicos mas de BA

Corwviviremos con chatbots interactivos que podrin
espectaculos, segln nuestro historial de busguedas.

= .
Las tecnologfas inteigentes pueden ayudar a-los
bancos 2 detectar el fraude, predecir
patrones del mencado y aconsaar
operaciones a sus clientes.

EDUCACION == -

Permite saber si un estudiante estd a punto de cancelar
5U registro, sugesir Nuevos cursos o crear ofertas
personalizadas para optimizar el aprendizaje.

COMERGIAL ‘! E

Posibilita hacer prondsticos de ventas y
elegir &l producto adecuado para
recomendirselo al cliente. Emprasas
como Amazon utilizan robots para identificar
5i un lioro tendrd o no éxito, incluso antes de
5U lanzamiento.

,’cuﬂncns

Flotas de drones capaces de plantar mil millones de drboles
al afio para combatir la deforestacion, veniculos submarinos
no tripulados para detectar fugas en olecductos, edificios
inteligentes disefiados para reducir el consumo energético,
ete.
. 3:‘ AGRICOLAS
Plataformas especificas que, por
medio de andlisis predictivos,
mejoran los rendimientos
agricolas y advierten de impactos
ambientales adversos.

‘ﬁ; LOGISTICA Y TRANSPORTE

Serd (til & la hora de evitar colisiones o
atascos y también para optimizar &l
trafico. Tesla ha desarrollado un sistema
gracias al cual, cuando uno de sus
coches transita una ruta por primera vez,
comparte fa informacian con el resto.

L ]
Ya existen chatbolts que nos peguntan por nuestos sintomas
para realizar un diagndstico. La recoleccidn de datos ganera
patrones que ayudan a identificar factores genéticos
susceptibles de desarmollar una enfermedad.




Analytics Use Cases

hitps://www.orellly.com/library
/view/analytics-across-
the/97/80133835922/app01.hitml



https://www.oreilly.com/library/view/analytics-across-the/9780133835922/app01.html
https://www.oreilly.com/library/view/analytics-across-the/9780133835922/app01.html
https://www.oreilly.com/library/view/analytics-across-the/9780133835922/app01.html
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Las grandes
preguntas

#QUIEN_ME_VA_A_COMPRAR
#COMO LLEGO A TIEMPO
#QUE PRECIO ASIGNO

#QUE RUTA ES MAS PELIGROSA
#CUANTO_INVIERTO_EN_MKT
#QUE_COMPRO

#QUE_PRODUICO







Top 10 technology trends
in data and analytics

Augmented Continuous Explainable
analytics intelligence Al
Graph
Blockchain
Commerical

Intelllgent Emergent EDE Scalable I |I

Augmented NLP/

data conversation
management Al analytics

gartner.com/SmarterWithGartner

Gartner
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ABILITY TO EXECUTE

Magic Quadrant for Analytics and Business Intelligence Platforms.

HALENGERS LEsoERS
@ Microsoft
@ Microsoft @ Tebleau
@ Tableau
MicroStrategy
@
X @ 10 soie Qik
MicroStrategy @ ThoughtSpot .. o .m
Looker @ @ Sisense @ @ Salesforce Sisetse. Oracle
e~ Informaion Buiders 0 g s @ Skslowe
Domo Pyramid Analytics @ Domo @
Goodbata L — BOARD Intemational@ @ M@ @ velown
BOARD Intemational @ .Y ellowfn o Lo.g .
LogiAnaytics @~ @ Oracke Dundas @ @ lbaba Cloud PY
Information Buildess .. BM@ Birst
Pyramid Analytics @ gy
=
-
(&
w
>
w
o
—
>
=
-
NICHE PLAYERS VISIONARIES B NICHE PLAYERS | VISIONARIES |
COMPLETENESS OF VISION ~ ——> As of January 2019 © Gartner, Inc COMPLETENESS OF VISION ~ ——> As of January 2020 © Gartner, Inc

Source: Gartner (Feb 2019 and 2020)
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ABILITY TO EXECUTE

Magic Quadrant for Data Science and Machine Learning Platforms

CHALLENGERS LEADERS

CHALLENGERS

LEADERS

Alteryx @
@ RapidMiner @ Alteryx
@ TIBCO Software
Dataiku @ uazab.rid<s @SAS
1BM
@KNME © TIB% Software
@ pataiku @ MathWorks
@ sAS
Microsoft
@ MathWorks KNIME Dala:obot @
@ Databricks e o,
@"20:i . M @H20ai
@BV @ Microsoft @ Domino
@ Google @ DataRobot
Anaconda @) e -
=
b
_ > Anaconda
Domino @ o
Datawatch (Angoss) @ 2
> Altair

[

| @ . , :

2 NICHE PLAYERS VISIONARIES
COMPLETENESS OF VISION ~~ ——» As of November 2018 © Gartner, Inc COMPLETENESS OF VISION ~ ——— As of November 2019 © Gartner, Inc



Figure 1. Magic Quadrant for Data Integration Tools

craEGERS [ oo ]
@ Informatica
@ v
@ Talend P
Microsoft @ @ Orace
Qlik (Attunity) @ @ Denodo
@ sas
TIBCO Software @
Precisely (formerly Syncsort) @
Safe Software @
Hitachi Vantara @
@ Information Builders
Adeptia @
@ snapLogic
= e
3 Actian @
= Matilion @
t Fivetran
o
[
>
E
-
=) NICHE PLAYERS VISIONARIES
COMPLETENESS OF VISION ~ ——> As of July 2020 Gartner, Inc

Source: Gartner (August 2020)



Figure 1. Magic Quadrant for Data and Analytics Service Providers

CHALLENGERS LEADERS

Accenture
KPMG @ @ Deboitte
@PiC @M
.Tcs .EY
Infosys @
woe . @ Capgemini
NTT DATA Cogrizam. s}
HCL Technologies @ @
NEC@
EXL @ Cenpact @
DXC Technology @ ®
BearingPoi
Tech Mahindra @)

NICHE PLAYERS VISIONARIES

COMPLETENESS OF VISION —_— As of February 2020 © Gartner, Inc
Source: Gartner (February 2020)

ABILITY TO EXECUTE




Figure 1. Magic Quadrant for Data Integration Tools

CHALLENGERS LEADERS
@ Informatica
@ M
@ Talend @ s
Microsoft @ @ Oracle
Qlik (Attunity) @ @ Denodo
@ sAs
TIBCO Software @
Precisely (formerly Syncsort) @
Safe Software @
Hitachi Vantara @
@ Information Builders
Adeptia @
@ SnaplLogic
= e
= Actian @
o Matilion @
i Fivetran
o
[t
>
=
|
2 NICHE PLAYERS VISIONARIES
COMPLETENESS OF VISION ~ ——» As of July 2020 Gartner, Inc

Source: Gartner (August 2020)



Ejemplo de Herramientas Utilizadas en BI/BA

VVTE?( @ pentahoe \Q ‘ p resto .'E::‘

AAAAAA

A c @ stucio Julia iy
Amazon Redshift
Keras 6 '

Amazon
amazon  [15] dmazen, |
opencart

i T '@' TensorFIow * amazon
ORACLE
DATABASE

SPYDER L
BERT e pgthon e
Google c_(i/) ﬁMN
Analytics — = ANACON DA

\V




imelliPam

Best Bl Tools

for 2020

Updated on 29th May, 20 https://intellipaat.com/blog/top-bi-tools/

8 Commonly Used Bl Tools &

— | =

‘)+';t ) ._“ />< L ( v I = ) SAI_’-BI'
)W) (B V) W) e (@)

_;’ Sy
Tableau Datapine Sisense Yellowfin Bl Power Bl SAP BI QlikView

R
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Microsoft P«

Travel Analysis

Regional Load Sales Number of Trips
5Y TERRITORY BY PERIOD 51 TRIP PURPOSE
== Pacific == Mountain Plains == Central == Northeast == Southeast 00 Training
700
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200
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100 . Recnuiting External
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200 : ] )
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g . $1M
t 60 S0.5M .
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Flexibility I 238%
. — 43%
Reduced maintenance of HW/SW IS 34%
Cost I 57 %
Scalability I 43
0,
Lack of IT resources — 34%
17%
q 14%
Agility (speed to implement changes) Wl 7%
Speed of implementation I 10%
Security 10%
0,
Elasticity I 15%
5%
Performance I 10%
Agility = 5%

13%

. . 5%
Faster innovation I 1% %/%

= Less than 250 = 250 to 2,500 More than 2,500

Figure 23: Most important reasons for implementing Bl and data management in the cloud by company
size (n=162)

Fuente: https://softwarestrategiesblog.com/2017/03/19/business-intelligence-and-analytics-in-the-cloud-2017/



Working of Power Bl Architecture %

Connection .
Windows Apps

4. Web Browser

Direct Query Data : 1. Excel :
< = = 7 Connection ! !
resned 1 2.3rd Party Tools |
_ _ _ Refreshed Data [ i
< | 3.i0S, Android
|
|

<—— nData Connection
<—— WorkFlow : Authenticated Users : [jl
1]}

- g ‘E

A
| I : )] PowerBI < _ E>
| r : @ I Teams

I | 1
: @| ‘ Dashboards rj | custom |SharePoint
‘ | I - "ll | Apps etc.

,,,,, e | Online
,,,,, SR Reports |

| I I -

: ! Dataset

| \):ﬁ‘ atasetes
‘. L ] ‘ |
‘ [

~—>  Dataflows Embedded
A A

|

On Premises




AWS Cloud

Amazon 53
Logs Bucket

ly

Amazon 53
Scripts Bucket

Amazon CloudWatch

AWS Glue
ETL Job

AWS Glue
Data Catalog

;
|

(@

I
55

Amazon S3
Data Lake

T

AWS Glue
Crawler

Amazon Athena

h

Amazon QuickSights




Finalmente, fenemos que ir construyendo en
nuestras companias, una mirada sistemica

PCETTEN The BI Framework 2020

N
\g O,
Cl %,
MAD (Monitor, Analyze,
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Cuidado, gue hay muchas
soluciones y mezclas que se
pueden hacer
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Fundamentals

European Machine Intelligence Landscape
Privately Held & Recently Exited Companies
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Vision de Futuro



https://www.youtube.com/watch2ev=NrmMk1 Myrxc

- ‘

La integracion de tecnologias como: visidon arfificial, fusion de varios tipos de
sensores, algoritmos de deep learning y la nube, todo esto hace posible un negocio
totalmente distinto.


https://www.youtube.com/watch?v=NrmMk1Myrxc
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