1. INTRODUCCION A LA CIENCIA
DE DATOS



[NTELLGENCLA ARTIFICIAL.

Disciplina que permite a las
computadoras 1mitar a los
humanos inteligencia como la

toma de decisiones, el
procesamiento de textos vy
percepcion visual. Esta

disciplina 1involucra muchas
otras pero basicamente se
desea que la maquina sienta,
razone, tome decisiones vy
que se adapte.




MACRINE LEARNING

El aprendizaje de maquina es
un subcampo de la
inteligencia artificial que
permite a las maquinas tener
la habilidad de aprender sin
ser programadas
explicitamente para ello. Se
basan en 1la experiencia vy
con experiencia nos
referimos a su exposicidén a
mas variedad de datos.

ARTIFICIAL INTELLIGENCE

A program that can sense, reason,
act, and adapt

MACHINE LEARNING

Algorithms whose performance improve
as they are exposed to more data over time

DEEP
LEARNING

Subset of machine learning in
which multitayered neural
networks learn from
vast amounts of data




(COMO FUNCIONAN L0S ALGORITMOS DE APRENDIZAJE!

Output:

Caracteristicas L
prediccion




DEEP LEARNING

Es un campo especializado
de ML que se basa en el
entrenamiento de redes
neuronales artificiales

(ANNs) profundas utilizando
un gran conjunto de datos,

como -1imagenes o texto. Las
ANNs son modelos de
procesamiento de

informacién dinspirados en
el cerebro humano.

Imagen en
pixeles

Capa 1 Capa 2 Capa3 Capa 4 Capa5
Pixel Identifica Combinacion Identifica Combinacidn de
Valor bordes delos bordes caracteristicas caracteristicas

(Formas) identificadas

Fuente: https://www.quantamagazine.org/



(COMO APRENDEMOS LOS HUMANOS!

All human learning is — observing something,
identifying a pattern, building a theory (model) to
explain this pattern and testing this theory to check if
its fits in most or all observations.
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b6 DATA.

Conjuntos de datos o combinaciones
de conjuntos de datos cuyo tamano,
complejidad (variabilidad) y
velocidad de crecimiento dificultan
su captura, gestidén, procesamiento o
analisis mediante  tecnologias vy
herramientas convencionales.

NO TODOS LOS PROYECTOS DE ML SON BIG
DATA NI VISCEVERSA.
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Volume Velocity Variety Veracity Value Variability




GENERAMOS

MILLONES DE DATOS
NUEV0S CADA
MINUTO. ..

2 02 0 This Is What Happens In An
Internet Minute

arch

App Store |

,,,,,,,,,,,

\
. 190 Million
Emails Sent

DL
Created By:

YW @Lorilewis
W @OfficiallyChadd



(COMO LOS ALMACENAMOS!

DATA
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DATA LAKE

DATA LAKE

Data is kept in its raw form in Data
Lake and here all the data are kept
irrespective of the source of the data.

The main target for Data Lakeis .~/

Data Scientists, Big Data Developers.

The main inputs to Data Lake are
all kinds of data such as structured,
semi-structured & unstructured data.

Comprises of raw data that may or
might not be curated.

(®) DataScienceLearn

DATA WAREHOUSE

Data Warehouse is composed of data
that are extracted from transactional
and other metrics systems.

The main target of Data Warehouse
is the operational users.

The main inputs to Data warehouse
are structured data that are coming
from transactional systems.

It consists of curated data which is
centralized and is ready to be used.

Save or
Regret! .



DATA SCLENCE

Es un campo
interdisciplinario que se
ocupa de 1los procesos vy
sistemas usados en 1la
extraccion de
conocimiento a partir del
anadlisis de datos. Es
interdisciplinario porque
requiere conocimientos de

los campos de
computacion, matematicas
y del campo de estudio

requerido.

Automation

Danger Zone
when validation
is needed

by Andrew Silver, Adret LLC(2017),
builds on work of Drew Conway (2013)

Hacking
Skills

Traditional
Software

Danger Zone
when intuition is
needed

Machine
Learning

Data
Science _.--

A

-

‘ Uni- & Bivariate
Statistics

= Traditional
Research

Danger Zone
when multivariate
techniques are needed

Domain
Expertise

Dimensions not shown:
Communication & Soft Skills

Intuition



Data Science Is Multidisciplinary
Business ~ Domain

Strategy Knowledge

By Brendan Tierney, 2012




: Knowledge-based

. exploration of

: connectivity between
+ variables

Exploring hypotheses

Mapping of restricted user-defined

with user

¢ Canmiss important relationships

: between variables and underlyi - - -
physicsnva"a les and underlying i’_ f e | _\*/_/‘
P j_\ /'\ ;"/“\ _/
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DOMINIO o S

: Exploring hypotheses

N TNy * Discovery of quantitative relations
Domaln between variables and high
exp ert I ens + dimensional and/or complex

+ relationships

" Nonlinear mapping can be opaque

Agnostic mapping of automatically
. extracted features — from data to
data structure, label or model

Machine
learning lens



ROLES EN CLENCIA DE DATOS

Visi
Makes the solutions easy to use and
interpret for the user

. v
Busine lerstar y Data Data
% Translates business into mathematical translator engineer

models and the other way around

Data science
team

Mathematics & statist C Ya
& Uses complex techniques to Data

find relations between

multiple relevant variables

scientist

@

Collects, connects and cleans
the relevant data sources

“ Programs the solutions into

automatic processes

Recognizes patterns in the
data which can be used for
prediction



TIPO DE ANALITICA

DESCRIPTIVO

Ayuda a entender como
van las cosas

* Analitica post hechosa »
través del analisis de
datos histéricos

* Mejora el entendimiento
de la situacién actualy =
la medicion de
resultados.

A

® =>

PREDICTIVO PRESCRIPTIVO
Ayuda a predecir futuros Ayuda a sugerir un
rendimientosy resultados siguiente paso o accion
Supone el uso de la = Sintetiza las técnicas de Big
informacion para realizar Data, matematicas y ciencias

predicciones, segmentaciones, computacionales para
optimizaciones y simulaciones aplicarles reglas de negocioy
Es necesario aplicar técnicas  sugerir opciones de decision.
avanzadas de “data mining” y* Pretende anticipar ventajas o
de algoritmos de predicciony  prevenir riesgos y mostrar las
forecasting. implicaciones de cada decision

COGNITIVO

Ayuda a automatizar las tareas
analiticasy las accesibiliza al
publico no experto
Incorpora procesos de
inteligencia de percepcion,
memoria, valoracion,
aprendizaje y razonamiento.
Requiere el procesamiento de
lenguaje natural



[l TIPOS DE APRENDIZATE



APRENDIZATE SUPERVISADO Y NO SUPERVISADO

Meaningful
Compression

Structure Image

SR Customer Retention
Discovery Classification

Big data Dimensionality Feature Idenity Fraud

isuali ; Classification Diagnostics
Visualistaion Reduction Elicitation Detection

Advertising Popularity
Prediction

Learning Learn i ng Weather

Machine e

Growth
Prediction

Recommender Unsupervised SUPerVised

Systems

Clustering Regression
Targetted

Marketing =tk

Forecasting

Customer

S _carning

Estimating
life expectancy

Real-time decisions Game Al

Reinforcement
Learning

Robot Navigation Skill Acquisition

Learning Tasks



APRENDIZAJE SUPERVISADO Y NO SUPERVISADO.

ClassiCal Machine [Learnhing

ast Of'\“ef

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

Obj: Predications ¢ Predictive Models

Yta D r/Ven

(Jnsupervised [earning
( Unlabelled Data )

v o

Clustering AssoCiation Ditnensionality
i TReduction
( Divide by (1dentify .
Dependencies )
ES. Targeted ES. Customer )
Marketing Recommendation ES. Big Data
Visualization

Pattern/ Structure Recoghition ﬁl



CLUSTERTZACTON

Consiste en
alimentar a un
algoritmo con datos
NO etiquetados, el
algoritmo debe ser
capaz de segmentar
estos datos en
grupos que sean
diferenciables entre
si.

C et .
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2 1 | @
=) e

o
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CLASTFICACTON Y REGRESION .

How Supervised Machine Learning Works
STEP 2

Feed the machine new, unlabeled information to see if it tags
new data appropriately. If not, continue refining the algorithm

([ D—a 4 @._fkl @"
e ® ] ®_ Kﬁf,—fj

CATS

STEP|

Provide the machine learning algorithm categorized or
“labeled” input and output data from to learn

]
T

Label

“CATS” <

=
g cllhs NUTCATS
\ | | MACHINE MACHINE

TYPES OF PROBLEMS TO WHICH IT'S SUITED

+ CLASSIFICATION REGRESSION
+ ® | sonagi Identifyi
orting items entifying real values
+ ® % into categories (dollars, weight, etc.)




CLASTFICACION Y REGRESTON

Classification Regression
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Abril

¢ Hara frio o calor manana?

— Clasificador

= Calor

Problema de clasificacion

¢ Qué temperatura hara manana?

Abril

—  Regresor

e APC

Problema de regresion



APRENDIZAJE POR REFUERZO

Se basa en la filosofia Reinforcement Learning in ML
de dejar que el modelo

aprenda esencialmente Reward
“haciendo lo que

quiera”, “premiandolo” DOG (Agent)

cuando se porte bien vy
“castigandolo” cuando
se porte mal.
State (Actlon)

https://www.youtube.com/
watch?v=fn3KWM1kuAw&ab c Sitting Walk
hannel=BostonDynamics



https://www.youtube.com/watch?v=fn3KWM1kuAw&ab_channel=BostonDynamics
https://www.youtube.com/watch?v=fn3KWM1kuAw&ab_channel=BostonDynamics
https://www.youtube.com/watch?v=fn3KWM1kuAw&ab_channel=BostonDynamics

FLUJO DE TRABAJO EN PROYECTOS DE CTENCIA DE DATOS.

ata
Modelling data %
Interpreting the findings

Vlsuallie data




FLUJO DE TRABAJO EN PROYECTOS DE CTENCIA DE DATOS.

1.

2.

Definir un objetivo: ;Qué quiero hacer? ;A dénde quiero llegar? ;Qué quiero descubrir?

Recolectar el conjunto de datos: Buscar si existe informacién que me ayude a llevar a

cabo mi objetivo.

3.

4.

8.

9.

Explorar los datos: Estadistica descriptiva o Business Intelligence (BI).

Limpieza de los datos: Todo lo que 1involucre la transformacién de la base de datos.
Técnica de validacion: Dividir los datos en entrenamiento y prueba.

Creacion del modelo de inferencia.

Entrenamiento y prueba del modelo.

Evaluacion de su desempefio con datos que no ha visto.

Deployment del modelo: Si todo lo anterior se cumple, es hora de usar este modelo para

predecir datos nuevos!



.2 EJEMPLOS



PROBLEMA INVERSO EN GEOFISICA

FORWARD

INVERSE

s 25 35 45 55 0 0.01
Vp [km/s] reflectivity

0.01 0.01
amplitude




INTELIGENCTA ARTIFICTAL EN GEOFISICA

barrier to local search

starting —

/ i

point 5
descend :
direction / i

local minim:a

f

global minima

¢Estas estrategias son data driven?

cSimulated
Annealing?
¢Algoritmos
genéticos?




Where Analytics, Data Science, Machine Learning were applied in 2018-2017 - KDnuggets Poll
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TOCK PRICE PREDICTION

index Date Open High Low Close Volume
0 1/3/2012 325.25 332.83 324.97 663.59 7,380,500
1 1/4/2012 331.27 333.87 329.08 666.45 5,749,400
2 1/5/2012 329.83 330.75 326.89 657.21 6,590,300
3 1/6/2012 328.34 328.77 323.68 648.24 5,405,900
4 1/9/2012 322.04 322.29 309.46 620.76 11,688,800
5 1/10/2012 313.7 315.72 307.3 621.43 8,824,000
6 1/11/2012 310.59 313.52 309.4 624.25 4,817,800
7 1/12/2012 314.43 315.26 312.08 627.92 3,764,400
8 1/13/2012 311.96 3123 309.37 623.28 4,631,800
9 1/17/2012 314.81 314.81 311.67 626.86 3,832,800
10 1/18/2012 312.14 315.82 309.9 631.18 5,544,000
1 1/19/2012 319.3 319.3 314,55 637.82 12,657,800
12 1/20/2012 294.16 2944 289.76 584.39 21,231,800
13 1/23/2012 291.91 293.23 290.49 583.92 6,851,300
14 1/24/2012 292.07 292.74 287.92 579.34 6,134,400
15 1/25/2012 287.68 288.27 20042 _E£R707 0040 700
16 1/26/2012 284.92 286.17 ®0
17 1/27/2012 284.32 289.08 o ::va- J
18 1/30/2012 287.95 288.92 == NS

o0

%0

o

b ) a0 AN S

P Py o s o

Figure 3-6. Resamplings of Google’s stock price




DIAGNOSTICO MEDICO

Cancer de mama, Diabetes, autismo, etc.

mean_radius mean_texture mean_perimeter mean_area mean_smoothness | diagnosis

17.99 10.38 122.80 1001.0 0.11840 0
20.57 ATl 132.90 1326.0 0.08474 0
19.69 21.25 130.00 1203.0 0.10960 0
11.42 20.38 77.58 386.1 0.14250 0
20.29 14.34 135.10 1297.0 0.10030 |
12.45 15.70 82.57 477 1 0.12780
18.25 19.98 119.60 1040.0 0.09463
13.71 20.83 90.20 577.9 0.11890
13.00 21.82 87.50 519.8 0.12730

12.46 24.04 83.97 475.9 0.11860




DIAGNOSTICO DE COVID-1

Deteccidon de coronavirus a partir de tos.

COVID-19 Artificial Intelligence Diagnosis using only Cough Recordings

COVID-19 Cough Test | Al Discrimination Model Performance
9 [ D s

%
@((@/‘ Non-invasive

A

* 98.5% sensitivity - 94.2% specificity
on PCR/serology confirmed subjects

* 100% Asymptomatic detection rate

: Use-Cases

$ Essentially free i
e o8 / i Daily Country-Wide Screening
Unlimited throughput o
H {

2 Real-time results Fouf | @l Outbreak Monitoring

w Longitudinally monitor ‘ — oS
s ] — Al AUC=0.95 m Test Pooling Candidate Selection

04 06 o8 10
1-specificity




RETALL

Machine learning use cases in retail

LY 1,
| il I - @ i
"4 ‘ u
Demand Prediction Price Formation Logistics
Fraud Detection Churn Prediction Location

Optimization

__

Merchandizing

X O
@

Sentiment Analysis

®
ae®

Personalized Offers

j

1

@

Document Work
Automation




Everything is a Recommendation
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FAKE NEWS DETECTION

Fake news data
collection

—

Data Pre-processing
Tokenization
Removing stop words

Stemming

=

Computing Term Frequency

Creating Document Term
Matrix

Verifying the effectiveness
of supervised artificial
intelligence algorithms

—

Evaluating Model
Selecting supervised
artificial intelligence

algorithms

Testing the selected
algorithms




COCKTALL PARTY PROBLEM

Sources Mixtures

Separated
Sources

Frequency (kHz}

4 6 8 10 12 4 16 18

N

Frequency (kHz}
(=] -t

Time (s)
Mix Speech

Frequency (kHz)
i N

o

2 4 6 8 10 12 14 16 18
Time (s)

Magnilude (dB) Magniluds (dB)

Magnituda (dB)



PROBLEMAS QUE SE RESUELVEN CON TMAGENES.

Classification Object Detection Instance

Classification

+ Localization Segmentatuon

CAT, DOG, DUCK CAT, DOG, DUCK

o N o
Y

Single object Multiple objects




DETECCTON DE OBJETOS



https://docs.google.com/file/d/1x1XCzkupgwhIGJHFnqUaKlQJeT6RJCoW/preview

SEGMENTACION



http://www.youtube.com/watch?v=CxanE_W46ts

DEEP FAKES

WEIRDESTIRY
QUEEN'S ¥

SPEECH “
EVER? VY,



http://www.youtube.com/watch?v=IvY-Abd2FfM

APRENDIZAJE POR REFUERZ(



http://www.youtube.com/watch?v=fn3KWM1kuAw

Automation

DATA SCLENCE

EN i <
GEOCLENCLAS

Discovery

Kuhn et al.(2018)

B {2 —— &
s T g ~ 3
= > 8 =
7] 2 2

inputs feedfoward neural network outputs
DeVries et al.(2017)
5 —eeanlill
3 [1mrmm-—— |
g |
£

Oooo
. % ¢ o

, VI

Rouet-Leduc et al.(2018)




(COMO SER
DATA DRIVEN]

Interpretable
ML

Physics-
Informed
ML

Domain
adaptation

source

, software




PREDICCTON DE CLIMA

dt AverageTemperature AverageTemperatureUncertainty

2013-05-01
2013-06-01
2013-07-01
2013-08-01
2013-09-01
1824-01-01
1824-02-01
1824-03-01
1824-04-01
1824-05-01

14.139
17.473
20.901
19.335

NaN
20.116
19.797
20.044
19.766
19.555

0.196
0.236
0.161
0.265

NaN
1.370
2.109
1.548
1.786
1.371

City
Berlin
Berlin
Berlin
Berlin
Berlin

Bogota
Bogota
Bogota
Bogota

Bogota

Country
Germany
Germany
Germany
Germany
Germany
Colombia
Colombia
Colombia
Colombia

Colombia

Latitude Longitude

52.24N
52.24N
52.24N
52.24N
52.24N

4.02N

1 L

et T | T
1860 1880

13.14E
13.14E
13.14E
13.14E
13.14E
74.73W

1900

Il

1920

1

Global Average Temperature 1850 - 2018

!
Land data prepared by Berkeley Earth and combined |~ -0.4
with ocean data adapted from the UK Hadley Centre

Vertical lines indicate 95% confidence intervals

1940

1960

1980

T
2000

2020

obal Temperature Anomaly (° C)

Global temperature anomalies relative to 1951-1980 average | -0.6 O




IDENTIFICACION TIPO DE SUELO URBANO

label BrdIndx Area Round Bright Compact ShpIndx Mean_G Mean_R Mean_NIR SD_G SD_R SD_NIR

0 car 1.27 91 0.97 231.38 1.39 1.47 207.92 241.74 24448 2141 20.40 18.69

1 concrete 236 241 1.56 216.15 2.46 251 187.85 229.39 231.20 6.57 6.97 7.02

2 concrete 212 266 147 232.18 2.07 221 206.54 24422 24579 6.16 4.93 5.53

3 concrete 242 399 1.28 230.40 2.49 2.73 204.60 243.27 24332 576 5.56 5.46

4 concrete 215 944 1.73 193.18 2.28 410 165.98 205.55 208.00 1146 8.90 9.77

5 tree 3.11 169 147 172.22 2.49 3

6 car 1.20 44 0.79 208.80 1.14 1

7 car 1.00 88 0.22 234.51 1.1 1

8 building 1.59 1737 0.67 219.61 1.30 1

9 tree 237 41563 1.30 120.24 2.85 2 -

10 rows x 148 columns g I e

B suiding

[ Other impervious surface
I shadow

Soil

- oo
0 250 D,



IDENTIFICACION DE SARGAZO

Table 2 Mean of the rhos band. Average values of surface reflectance (rhos), at the different wavelengths (1), used to this study. Units of the wave-
lengths are nanometers (nm).

rhos_412 rhos_469 rhos_555 rhos_645 rhos_859 rhos_1240 rhos_2130
Without Sargassum 0.131517 0.13489 0.141123 0.124477 0.227052 0.207291 0.085164
With Sargassum 0.114489 0.12090 0.133097 0.116607 0.247237 0.233480 0.084166
- Ag7-l44» .37;42' -57;40' 8 04 4 3 'Y
‘N '
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LSS S
0 2 Km ° 412 469 555 645'859 1240 2130
T - =, [ Wavelength [nm]
a -87°44' -87°42" -87°40"




DETECCION DE FRACTURAS

annebay

annisod



BASES DE DATOS

Open datasets:

o Kaggle https://www.kaggle.com/
e UCI Repository https://archive.ics.uci.edu/ml/index.php

Public Government & Finance, Economics Datasets for Machine Learning:

e School System Finances:

https://catalog.data.gov/dataset/annual-survey-of-school-system—-finances

e World Bank Open Data: https://data.worldbank.org/

Image Datasets for Computer Vision

e TImageNet http://www.image-net.org/

e Google’s Open Images: https://ai.googleblog.com/2016/09/introducing-open-images-dataset.html



https://www.kaggle.com/
https://archive.ics.uci.edu/ml/index.php
https://catalog.data.gov/dataset/annual-survey-of-school-system-finances
https://catalog.data.gov/dataset/annual-survey-of-school-system-finances
https://data.worldbank.org/
https://data.worldbank.org/
http://image-net.org/
http://www.image-net.org/
https://research.googleblog.com/2016/09/introducing-open-images-dataset.html
https://ai.googleblog.com/2016/09/introducing-open-images-dataset.html
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[CUALES SON L0S
FRAMEWORKS MAS
USADOS!

Gartner es una
compafiia dedicada a
dar calificacién a las
herramientas de
tecnologias de la
informacién.

Figure 1. Magic Quadrant for Data Science and Machine Learning Platforms

Anaconda

Altair

ABILITY TO EXECUTE

IBM

@ Alteryx

Databricks @A

TIBCO Software

[ J
@ Dataiku

Microsoft

DataRobot @
KNIME
o

.‘ .RapidMiner
Google

@ Domino

@ MathWorks

@ H20ai

COMPLETENESS OF VISION

Source: Gartner (February 2020)

As of November 2019

© Gartner, Inc



Ao scikit-image
‘- image processing in python

0 QUEUSHEMS..

matpl-tlib
O PyTorch plotly

)| pandas




ACTIVIDADES DURANTE EL CURSO

Clasificacidén de cultivos con imagenes satelitales.
Prediccidén de temperatura y a partir de registros de
calidad de aire.

Prediccion de esfuerzo en concreto.

Clasificacion de cobertura de suelos mediante imagenes
satelitales.

Clustering de sismos histéricos.

Deteccion de fracturas en imagenes de concreto.
Deteccion de sargazo.

Clasificador de tipos de rocas a partir de imagenes.



PROPUESTAS DE PROYECTO

Como se observo en los ejemplos, hay miUltiples aplicaciones
de problemas de regresién y clasificacién, asi como miles de

datasets disponibles.

-> Se deberd proponer un tema de interés personal sobre
geociencias para desarrollarlo a lo largo del curso.



