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Las Cuatro P

The Four P’s

Se trata de los cuatro elementos de los que The marketing mix is often referred to as the Four
dispone la empresa para consequir que sus P’s

estrategias de marketing resulien efectivasy
alcancen los fines previamente propuestos.
Factores que ofrecen un gran margen de The product or service that the How much the customer pays
maniobra para ser modificadas, por lo que el customer buys for the product
resultado y que la venta del producto sea o
no exitosa dependera mucho de las

decisiones que se vayan tomando al Promotion
respecto.
How the product is distributed How the customer is found &
to the customer persuaded to buy
tutor2u

Como hacer un marketing mix
https://www.solomarketing.es/como-hacer-un-marketing-mix/
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Las Cuatro P

estrategias de marketing

Example - launch of iPhone

Three products in one —

Depends on phone tariff &

phone, iPod & web browser model
3G broadband connection £350-£750 range
Innovative design Price falling
maniobra
Promotion
decisiones 02 exclusive distribution Web & TV advertising
(locked) Retail distribution
Unlocked phones from online Widespread PR coverage
retailers Product placement

tutor2u

Como hacer un marketing mix
https://www.solomarketing.es/como-hacer-un-marketing-mix/
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Modelos de Marketing Mix

Improving the Effectiveness and Efficiency of marketing Investments

Marketing Mix Models: Marketing Mix Models:
What are they? What are they for?

= How much to spend on marketing?

= What is the optimal mix of marketing investment?

= What is the ROI of each marketing vehicle?

= Whatis the impact of external factors such as competition?

MMM use historical data to

e Understand Your Past

* Manage Your Future « What is the impact of operational factors?
= Are there synergies among marketing vehicles?
Warning: A modelis a simplification of reality. « What are the interactions across a portfolio of products?

Uncertainty is always present.

Using modern statistical fechniques (Bayesian dynamic hierarchical models) we can identify the strengths and weaknesses of marketing
activities and internal factors.

Measuring the effectiveness enables marketers to determine the return on marketing investment. It also enables them to ascertain if one
marketing driver is over-saturated, so that resources can be more efficiently deployed in under-saturated drivers using optimization
techniques.
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Modelos de Marketing Mix

Marketing mix modeling (MMM) is
@ 6 statistical analysis such as Product Sources of Volume: Year Ago
multivariate regressions on sales and
marketing time series data to estimate
the impact of various marketing
tactics (marketing mix) on sales and 770%
then forecast the impact of future sets
of tactics. It is often used to optimize
advertising mix and promotional
tactics with respect to sales revenue

OTelevision Ad
BRadoAd

m Print Ad
@lrterret Ad

BTrade Promotion

m Coupon Promation
mDirect Mail

aEmail

whase

Marketing mix modeling
or proﬂt. https://en.wikipedia.org/wiki/Marketing_mix_modeling

https://www.slideshare.net/indhudprincy/market-mix-modelling

https://www.bayesforecast.com/bayes-drivers-of-growth-due-to-analytics/
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https://en.wikipedia.org/wiki/Marketing_mix_modeling
https://www.slideshare.net/indhudprincy/market-mix-modelling
https://www.bayesforecast.com/bayes-drivers-of-growth-due-to-analytics/
https://en.wikipedia.org/wiki/Multivariate_statistics
https://en.wikipedia.org/wiki/Linear_regression
https://en.wikipedia.org/wiki/Time_series
https://en.wikipedia.org/wiki/Marketing
https://en.wikipedia.org/wiki/Marketing_mix

Series Temporales

Variables sobre las
que se tiene
control

. Variables que estan
:jx bajo el control de |a
competencia

Variables de

201k entorno
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Estadistica & Machine Learning

Machine learning requires no prior assumptions about the
underlying relationships between the variables. You just have to
throw in all the data you have, and the algorithm processes the
data and discovers patterns, using which you can make
predictions on the new data set. Machine learning treats an

algorithm like a black box, as long it works.

In contrast, statisticians must understand how the data was
collected, statistical properties of the estimator, the underlying
distribution of the population they are studying and the kinds of
properties you would expect if you did the experiment many
times. You need to know precisely what you are doing and come

up with parameters that will provide the predictive power. Machine Learning Vs. Statistics
http://www.kdnuggets.com/2016/11/machine-learning-vs-statistics.html
€t

¢( B) T ( B) http://www.business-science.io/code-tools/2017/05/02/timekit-0-2-0.html

logy: =
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Inferencia Bayesiana

Conocimiento + Datos — Nuevo Conocimiento

Posterior Beliefs

P(A, B)
P(B)

Evidence

P(A|B) =

Prior Beliefs

Advanced Analytics | @URJCDataScience
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Inferencia Bayesiana

In Wh[Ch Of my Posterior Beliefs
hypothesis should |
believe in, and how
strongly, given the
collected dafa¢

Evidence

Prior Beliefs
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Regresion Lineal Simple

Im(formula = y ~ Xx)

Trace of (Intercept) Density of (Intercept)
] S 7
Residuals: 8 1 S
Min 1Q Median 3Q Max - Qb e s e i S Ay
-0.8627 -8.5863 -0.4621 -9.2363 9.4899 1000 1400 1800 80 -70 60 -50 -40 -30
Iterations N=1000 Bandwidth = 1.893
Coefficients:
Estimate Std. Error t value Pr(>|t]) Trace of x Density of x
(Intercept) -54.77802 7.47154 -7.332 4.47e-98 **# 2 s
X ©.39172  ©.93892 10.865 5.60e-11 #+* o3 - 3
I ‘; T T T T T T ° | O O L L
1000 1400 1800 025 035 045 055
Signif. codes: O '"*¥*' 9,901 '**' 9,01 '*' .05 '."' 0.1 * ' 1
Iterations N =1000 Bandwidth = 0.009855
Residual standard error: 1.862 on 29 degrees of freedom , s s
Trace of sigma2 Density of sigma2
Multiple R-squared: 8.7775, Adjusted R-squared: @.7698
«° - -
F-statistic: 181.3 on 1 and 29 DF, p-value: 5.692e-11 = a3 /\
o~ 3 T I T T T T g T T T 1
1000 1400 1800 2 4 [ 8

hitps://en.wikipedia.org/wiki/Bayesian linear regression

Iterations N=1000 Bandwidth = 0.2247

ﬁin DVE Advanced Analytics | @URJCDataScience


https://en.wikipedia.org/wiki/Bayesian_linear_regression

Incertidumbre

INTERVALOS DE
CONFIANZA

Con un 95% de
confianza, el
intervalo contiene el
verdadero valor del
pardmetro de la
poblacién?

samples

Confidence intervals Credibility intervals

Advanced Analytics | @URJCDataScience

Prior
B Ukelihood
B Posterior

INTERVALOS DE
CREDIBILIDAD

Existe una
probabilidad de 0.95
de que el intervalo
contenga el valor
del pardmetro de la
poblacién




Calidad del Prior

Less informative More informative

Prior
B Likelihood
[ Posterior

Value Value
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Formas de Priori

El pardmetro es L -
POSTIVO 0 NEGATIVO Restriccion de Dominio

Valor MEDIO del . . .
> Estudios previos y Teoria
parametro debe ser ...

Estos pardmetros son
SIMILARES ...

Diversos grupos con diferentes respuestas

El ORDEN enfre estos
parametros es ...

Un grupo tiene la mayor respuesta

(x)d
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;Donde hay informacion a priori?

Analysns/ \Leamlng

1

Knowledge LI

Teoria Econdmica, Experiencia & Conocimiento de Negocio, Investigaciones o Estudios Paralelos, Priors Revelados, etc.
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. <

¢Como se estima? o
Xs <=Xx
for (i in 1:M){

N i H x[1]<=rnorm( 1,m[1]1+S[1,2]1/S[2,2]*(x[2]-m([2]),
MCMC - Gibbs Sampling sqrt(sf1,11-5(1,212/5[2,21) )

x[2] <-rnorm( 1,m[2]1+S[2,11/S[1,1]1*(x[1]-m[1]),

sqrt(s[2,2]-s8[2,1]1"2/5[1,2]) )
xs <-rbind(xs,x)

,23) ~ N{(,) donde = (m1,m2)'y ( ”‘2)
(#1,22) ~ N(.) donde = (m1,m2) y (7

xllmg ~ N(m1 - (812/82) % (22 — mg);sl — 812821/32)

(c) 100 iteracio- (d) 1000 iteracio- ‘
:rg|1:1 ~ N(mg — (821/81) x (x; — ml); 89 — .921312/81) nes nes (b) Muestra marginal
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;Donde?

-> Script propio

JAGS WINBUGS
Metropolis- Metropolis-
Hastings Hastings
(Gibbs (Gibbs
sampling) sampling)

AL

Mas eficiente

- Paquetes de R:
r2winbugs, rstanarm, memcpack

Advanced Analytics | @URJCDataScience

STAN

Hamiltonian
Monte Carlo
(No-U-Turn
Sampler)

INLA

Integrated
Nested
Laplace
Approximation

AW

Mas flexible




MCMC enR

b_RLR_Intercept b RRF_Intercept b_Ber. Imercepl

07 03 09 10 0.7 03 09 10 .5 5.0 55 6
b_kp_Intercept b_sigma_deltafos b_sigma_deltafpaid

/ \/j\ 7e:

038 039 040 041 042 52 50 48
sd_accident_year__RLR_Intercept sd_accident_year_RRF_Intercept ~dent_year_RLR In(emem RRF_|

/\ /\ /\

state

region
£
2 race.female
>
edu.cat
age.edu.cat
age.cat
0.0 0.2 0.4 0.6 0.8
estimate

ﬁnn-v-

https://bit.ly/2MxaCTB
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https://bit.ly/2MzCy9D
https://bit.ly/2tF7EFy
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"=l the theory ,"i@i

r < that would
not die /g3

¥ cracked
k<. the enigma code,

hunted down russian

triumphant from two &~
centuries of controversy



http://www.youtube.com/watch?v=INs_XAj3sGk

sobre Innova-tsn
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Dando forma a las ideas

??Q

=

Posibilitar que nuestros clientes tomen G +14 afos de Madrid, Londres
‘ ‘ las mejores decisiones de negocio s TG experiencia Barcelona

basadas en la informacion que le LR

proporcionan nuestras soluciones. i w0 % ;"'“ » O

cH N

©)

Partnership

+220 consultores .
estrategico

00 Q II
O\
+50 clientes +200 proyectos
activos por ano por ano
Soluciones 5 Areas

personalizadas transversales



Analytics para conocer ...

VN

... la demanda de ... el beneficio del ... la mejor prima de ...el precio promocional
energia de mis clientes proximo ano fiscal renovacion eén hogar optimo en inviefno

S L F
UTILITIES BANCA Y FINANZAS SEGUROS RETAIL

N

... €l personal que ... las visitas por cliente ... cOmo optimizar mi ... cOmo priorizar
necesita mi call center que debo atender inventario solicitudes de ayuda

R\ and ' : |
e —— R | | |

— e [ ) 3 5 ]

TELECOMUNICACIONES SERVICIOS PHARMA SECTOR PUBLICO
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Nuestra Experiencia

PRICING BIG DATA RISK ANALYSIS
vocento @
: & Santander BERDEOLA °Sabadell e B gz ——
m privacia :KCaixaBank & Santander = ceca Q & CAmee
FRAUD DETECTION TEXT ANALYSIS cajAstur™ e voodafone C?éfl[
C "C‘C‘CC‘ digitex Pl Ajuntament
4 E m o—— L@l de Barcelona
D OoN ELEcTRICA it & . FORECAST & OPTIMIZATION MARKETING
de Ordenacién del Juego Carreos olélll:)gs'(e(cﬁltr) E Agbar
Yelefonica @5 activa ia.
- ©B Corts 'BER'A’ :KCiaixaBank gEg/gE;eSé’gI?@ A, ING %) DIRECT
orange”
CUSTOMER EXPERIENCE METHODOLOGY REPSOL  § santander
4 IBERIA g
N Banesto AstraZeneca 2 B2 osabaden Equisax:
ol Melid Liberty bankinter. Z x . . ) S
pofifelia %churos “ d€§?3‘!g;¥m 8 cpmpamrime,  INGSDIRECT ﬁ & Sol Melid
iBErDROLA (D) o
§ ire i SERMEPA vie iber
quNatFerr?és 4 cnadeso gegur%§ %%ﬁyg '. BBVA %;‘cl;urtoy; ﬁRDROLA
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Apostamos por el Talento

Nuestra mision es trabajar desde el compromiso, la excelencia, la

‘ ‘ vision de negocio y la vision de futuro.

Machine Learning,

DATA \ Estadistica & Big

Equipo motivado, Data

compromefidoy SCIENCE =
compo;’re una \ gsaS @

filosofia de MATH & .
confianza y respeto STATISTICS SAS Viya
mutuo. =c R
HACKING th
SKILLS Q’;I R" ek
Multicultural y oracLe
Multidisciplinar EXPERTISE

Tecnologia 360°




5 dreas transversales

Soluciones completas cuyo objetivo es cubrir las necesidades

especificas de cada cliente y lograr la excelencia en el servicio.

o

SOLUTION
ARCHITECTURE

CUSTOMER
INTELLIGENCE

BUSINESS
DISCOVERY

ADVANCED
ANALYTICS

IN-LABS




Formas de Innovar

Innovacion como palanca de la Excelencia

Laboratorio de Anaiitica
Avanzada y Big Data: in-Scoring,
in-Texting, in-Time, ...

Comunidad - evenios
sectoriales y tecnoldgicos: #BDTA,
#RetailForum2018, #RevolutionBanking,
#3SMadrid, R-Users, #Alsummit2018 , ...

Compeﬁcién al mas alto nivel:

Probar algoritmos y herramientas antes
de la necesidad del mercado.

Formacion continuay
colaboracién con universidades y
escuelas de negocios: Aula Innova,
in-Fridays



B Innovacion & Conocimiento

Acciones Formativas en
Cliente Innova, entre enero de

2016y abril 2018

Consultores impartiendo

+ 3 0 formacion continua en
proyectos y/o servicio a
Cliente Innova.

4.6

Aula Innova

Conocimiento Docentes

[
Valoracion Media Contenido - Metodologia
[
Algunos contenidos: Colaboramos con:
Analitica Avanzada en R y Python UCM - Mdster Tratamiento de la

Forecasting

Informacion / Mdster Ingenieria

Econometrics Time Series Matemdatica

Machine Learning

UC3 - Md&ster Estadistica para la

Introduccidén a la estadistica Ciencia de Datos
Andlisis estadistico con SAS E Guide EAE - Mdster en Bl e Innovacion

SAS Enterprise Miner
R/ ORE ODM

Advanced Analytics | @URJCDataScience

Tecnoldgica
MSMK - Md&ster en Bl
CICE - Mdster en Big Data




Innovacion & Comunidad

IG DATA 10 ACTION

F OfR U .M=2:=01 8

ELABORANDOLA
FORMULA PERFECTA
QUEDA

VALOR

AL DATO é ‘ -
6 dej

#3SMadrid 'WANDA METROPOLITANO

#AiISummit2018

SAS' FORUM
UNITED KINGDOM 2016

Forum FME-Empresa 2018




oo INNovacion & Competiciones

'

. KDD2017
Halifax, Nova Scotia - Canada
August 13-17, 2017

ejora tu.ciudad®

.25 -27 Mayo /{

Aprendizaje continuo en competiciones al mds alto nivel: Probar
algoritmos y herramientas antes de la necesidad del mercado.

UNIVERSITYHACK 2018

S DATATHON
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iIlabs

LABORATORIO DE ANALYTICS Y BIG DATA

O ©

IN-SCORING IN-TEXTING IN-TIME







Contacto

'Hnova—tsn
ROMY RODRIGUEZ RAVINES

Head of Advanced Analytics

M +34 683 43 11 87
T+34915130073

romy.rodriguez@innova-tsn.com
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DATA SCIENCE SKILLSET

Dangef zone!

Substantive
Expertise

Traditional
Research

Machine
Learning

Math and Statistics
Knowledge

Data science, due to its interdisciplinary nature, requires an
intersection of abilities: hacking skills, math and statistics
knowledge, and substantive expertise in a field of science.

Hacking skills are necessary for working with massive amounts of
electronic data that must be acquired, cleaned, and manipulated.

Math and statistics knowledge allows a data scientist to choose
appropriate methods and tools in order to extract insight from data.

Substantive expertise in a scientific field is crucial for generating
motivating questions and hypotheses and interpreting results.

Traditional research lies at the intersection of knowledge of math
and statistics with substantive expertise in a scientific field.

Machine learning stems from combining hacking skills with math
and statistics knowledge, but does not require scientific motivation.

Danger zone! Hacking skills combined with substantive scientific
expertise without rigorous methods can beget incorrect analyses.




