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:De donde venimos?

@oto.d y



DOMAIN
EXPERTISE

DATA
SCIENCE

COMPUTER
SCIENCE

MATHEMATICS

@oto.d y






Rl ——

Y esta no es la version final

a Data Science Is Multidisciplinary
Stv.;(t' Knowledge N ) |




ASk an |nterest|ng S What is the scientific goal?
. < What would you do if you had all the data?
q ue StIO n. 5 What do you want to predict or estimate?

B

How were the data sampled?

Which data are relevant?
Get the data- y Are there privacy issues?

Plot the data.

Explore the data Are there anomalies?

Are there patterns?
Build a model.

| Model the data. S Fit the model.

Validate the model.

Communicate and What did we learn?
s Do the results make sense?

visualize the results. . Can we tell a story?




Roles de Ciencia de Datos

Understanding
Understanding
Preparation
Evaluation
Deployment

Business
Modeling

Data Scientist Mid High Mid Top High Lower

Data Engineer Mid High Top Lower Lower Mid

Data Analyst Mid Top Mid Mid Lower Lower

ML Engineer Mid Lower Mid Mid High Top

Product Owner Top Mid Lower Lower Top Lower

Project Manager High Lower Lower Lower Mid Mid




Data Ops




Data Ops

Evaluation
Modeling

Data
Preparation

Passing
information to
Data Engineers

Business
Understanding

RECOH

another language

Design project
Model
evaluation

Monitoring
Deployment features
(C1/cD items, APIs..)




A qué debemos adaptarnos?
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5 puntos criticos 2022/2023

Avances de |A en la practica

La relevancia de la privacidad y procesos de datos
Big data = All data

Propagacién en mas industrias y casos de uso
Plataformas de datos maduras y madurez
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Temas de interés (2023/Data)

® Data Science
Machine Learning
Statistics/Math
Analytics/ Data Analysis
Com Sci./Engineering
Research

Algorithms
Programming

Big Data

Cloud Engineering
Agile Methodology

Data Engineering
Optimization

deep learning

NLP

Data Visualization
Model Deployment
Security

Computer Vision
Integration
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Data Team Structure

Centralized . Embedded

Team B Team C D Team A Team B Team C
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Formas de trabajo

How HubSpot
structures its
data team
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Data Lake(house)

DATA LAKEHOUSE ARCHITECTURE
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Semi-structure
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Democratizacion de la Data

Data l —
Democratization Chan

Data Access




LOW
CODE

Business Analyst
Professional Developer Data Analyst
Process Developer
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Business User

’

Build with code \ Flow Chart & Scripting Build with Clicks ./
Command-line interface ) Dag & Drop ‘ Drop down menu
.. &tooling N 4 &
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LLMs y accesibilidad

©

ChatGPT $Al
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LLMs y accesibilidad

Enterprise
LLMs?
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Variability by user




:Qué productos debemos de
generar desde nuestros equipos de
datos?
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Fuentes de informacion - Verdad
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Productos de Datos

TYPES OF DATA
PRODUCTS

DERIVED DATA

RAW DATA

° De Simon O’ Reagan



Productos de Datos

DECISION AUTOMATED

RAW DATA DERIVED DATA  ALGORITHMS DECISION
SUPPORT MAKING

DASHBOARDS &
VISUALISATIONS

WEB
ELEMENTS

° De Simon O’ Reagan



ChatGPT como data product

Blog

Introducing
ChatGPT

We've trained a model called ChatGPT which
interacts in a conversational way. The dialogue
format makes it possible for ChatGPT to
answer followup questions, admit its
mistakes, challenge incorrect premises, and
reject inappropriate requests.

[ Try ChatGPT ] Read about ChatGPT Plus
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¢ Qué personas deben de integrar
nuestros equipos?
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== D&A Role == Business Role == Emerging Role @ Must-Have Role

Citizen Data
Steward

Citizen Data
Engineer

Analytics
Engineer D&A

T Architect pata/
Analytics
Steward

Data

Al Analyst

Engineer
Developer
Data
Translator

Data

Modeler Data

Engineer

Data
Product
Manager

Data
Broker

Knowledge

ML Engineer

Validator Model

Manager

Citizen Data
Scientist

Al/ML

Developer

Data
Scientist

Ethicist

M

Change and

Transformation

Manager

Data
Coach

MDM
anager

D&A

D&A Tester

Manager

Decision
Engineer

XOps Coach

Gartner




L WL < S S—-—

No todas las empresas son iguales

Product Based Companies Service Based Companies

Google stripe accenture

i ‘ MONzo e ALTOROS'

PayPal




La evolucion de los equipos de datos

BI/. Anoxl!/bics Engineer

BI/Data Scientist BI/Doto Scientist

/Analytics Engineer /Amxlt/tics Engineer Data Engineer

DOZARZIMSONNANY

Data Engineer Data Engiv\w Data Architect
Data Eng?ne_er
Software, Data Infra +

Data Platform Data Platform Data Platform

(You Momagel, ;Ma’t you SoPtware, Data Infra Software, Data Infra
builel i

Tech Company #1 Tech Company #2 Enterprise

De seattle data guy:

-.’.


https://medium.com/coriers/different-types-of-data-engineering-teams-6a1056986d3
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Analistas en Desarrollo

A A

Data-Driven |

Product
Team




¢A qué avanzar
organizacionalmente?
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Preguntas fundamentales

e Liderazgo de Datos, ;De quién es? (CDO-CTO-CIO)
e ;Comoy con qué recursos debe de crecer el desarrollo de datos?
e Como separar la eficiencia operativa de la estrategia hablando de

data-driven companies?



Four stages for becoming
a data-driven organization

The organization
External data to complete internal Alternative data as a business conthOUSl’Y searches for
differentiatior unconventional sources.

—
Explorer User Leader Innovative

Data is used solely for Data serves to measure Data analysis enhances Data becomes a key factor
reporting purposes. results rather than to plan strategy results. for the constant evolution
strategies. of the company

80%of ;regg:::aﬁons P R E D I I(

Data-Driven




Level 1
Basic

D&A is transactional and
managed in silos

Lacks trust in data;

D&A Strategy is not
business relevant

Lacks leadership support;
organizational barriers

Level 3
Systematic

Business executives
become D&A champions

Data types treated
differently

Level 4
Differentiating

Business-led with clear
data leadership roles

Clear linkages to outcome
and business ROl

D&A is central to business
strategy

Data value influences
investments

Gartner Maturity Model for Data and Analytics (D&A)
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Master Data
Management

Data
Integration Data

Governance
Data Quality

Management

Analytics &
ML Governance
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UNDERSTAND

Data
Security
Data
Compliance




Evaluation

Modeli

Data
Preparation

Passing

information to
Data Engineers

La

nding

Business
Understanding

Design project
(code & tables
evaluation

Monitoring

Deploy
(c1/cD items, APIs..)




Dos llamados

¢Dénde vemos a nuestras

N ,) ¢ Donde nos vemos nosotros?
organizaciones?
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iMuchas gracias!
:Preguntas?
ric@nowports.com
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