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Motivation from Real World Problems

Large Hadron Collider
experiments: 25 PB
annual rate.

Sloan Digital Sky Survey
(SDSS): 200 GB per
night.

Google processes 24 PB
each day.

AT&T transmits 30 PB
each day.
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Other examples

Aplications

Biology/Medicine applications.

Seismology.

Meteorology.

Astronomy.

Financial Data.

Neuro-Science.

etc.
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Biology/Medicine

Figure: Medicine
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Seismology

Figure: Seismology
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Meteorology

Figure: Meteorology
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Astronomy

Figure: Astronomy
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Finance

Figure: Financial Data
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Neuroscience

Figure: Neuroscience
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What is a Data Scientist?

https://www.youtube.com/watch?v=iQBat7e0MQs
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Advanced Analytics
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Advanced Analytics
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What are the Big Data Challenges?

Taking this class 
and/or Big Data 
specialization! 

Throughout the 
Big Data  
Specialization and 
in the Capstone 

In this class we will learn 
about Data Mining tools and 
techniques for Big Data 

Figure: Big Data Challenges
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Data → Insight → Action

Analysis 

Data 

Data Driven 
Decision 

Insight Action 

Figure: Transforming Data into Insight for Making Better Decisions
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Approaches (1/2)

Data Repository Subset 
Sample 

Analysis 
  

Insight 

Traditional Analytics Approach 
Figure: Traditional approach
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Approaches (2/2)

Data in motion 

Large 
Complex 
Fast Data 

Real-time Analyses 

Analysis 
Instant 

Insight 

Big Data Approach 
Paradigm shift 

Figure: Big Data Approach
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Focus

Gartner, 2013 We will focus on predictive 
methods in this class 
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Maturity Level

Figure: Maturity Levels
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BD and ML

Big Data and Machine Learning 

Insight 

Figure: Big Data and Machine Learning
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Articles

Figure: Big Data and Machine Learning
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Articles

Figure: Big Data and Machine Learning
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Big Data: IoT

“IoT will produce a treasure trove of big data - data that can help
cities predict accidents and crimes, give doctors real-time insight into
information from pacemakers or biochips, enable optimized
productivity across industries through predictive maintenance on
equipment and machinery, create truly smart homes with connected
appliances and provide critical communication between self-driving
cars. The possibilities that IoT brings to the table are endless.”

“In an IoT situation, machine learning can help companies take the
billions of data points they have and boil them down to what?s really
meaningful. The general premise is the same as in the retail
applications - review and analyze the data you’ve collected to find
patterns or similarities that can be learned from, so that better
decisions can be made.”
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Similar concepts

Machine Learning 

Data Mining 

Predictive Analytics 

Advanced Analytics 

Data Science 
Figure: Similar concepts used (sometimes) indistinctively
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The Big Picture

Corporate Data 

Hidden Data Mining methods for 
knowledge discovery Bottom-Up 

Methodology 

Analytical Tools 

Shallow Statistical & BI 
tools for summaries and 
analysis  

Top-Down 
Methodology Surface SQL tools for simple 

queries and reporting 

Figure: How to approach it.
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Predictive Analysis

Predictive Analysis 

Presentation Exploration Discovery 
Passive 

Interactive 

Proactive 

Role of Software 

Business 
Insight 

Canned reporting 

Ad-hoc reporting 

BI 

Data mining 
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What is Data Mining?

Combination of AI and statistical analysis to discover information that is
“hidden” in the data.

What Is Data Mining? 
Combination of AI and statistical 
analysis to discover information 
that is “hidden” in the data 

Figure: Data “miner” / Data Scientist
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What can be hidden in the data?

Associations

Sequences

Classification

Forecasting

Anomalies

Grouping/Clusters/Segments
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Data Mining

Multidisciplinary Field 

Data Mining 

Database  
Technology Statistics 

Other 
Disciplines 

Artificial  
Intelligence 

Machine 
Learning Visualization 

Figure: Data Mining and related fields
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History of Data Mining

Emerged late 1980s
Flourished in 1990s
Roots traces along three family lines:

Classical Statistics

Artificial Intelligence

Machine Learning
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Classical Statistics

Foundations of most methods: Regression analysis, standard
distribution/deviation/variance, cluster analysis, confidence intervals.

Building blocks
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Artificial Intelligence

Heuristics vs Statistics

Human-thought-like processing

Meta-heuristics

Dr. Héctor Allende-Cid (PUCV) Data Science September, 2017 31 / 69



Machine Learning

Algorithmic reasoning with Statistics

Blends AI heuristics with advanced Statistical Analysis

Learning from Data ← Important
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Data Science Road Map

Figure: Data Science Road Map

Dr. Héctor Allende-Cid (PUCV) Data Science September, 2017 33 / 69



Data Science Steps: Frame the problem

Ask the right question.

Understand the “business” use case and craft well-defined analytics
problems.

Define your clientes (Humans or machines).

Define your “statement of work” (SOWs)
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Data Science Steps: Understand the Data (Basic
Questions)

Have a battery of standard questions:

How big is the data?
Is it the entire dataset?
Is it representative of the entire problem?
Could there be outliers or a lot of noise?
Are there any fields with unique identifiers?
Are there missing values?

Describe the data as soon as possible.

Don’t get too excited to get to the analytics part.
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Data Science Steps: Understand the Data (Data
Wrangling)

From “raw” format to a more suitable form for conventional analytics.

Is the main area where data scientists need skills that statisticians
don’t have.

It implies accesing to databases, handle Big Data techniques to
process them, performance tricks (distributed and parallel
computing), etc.

Structured vs Unstructured Data.
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Data Science Steps: Understand the Data (Exploratory
Analysis)

“Poking” around the data.

Visualization.

Calculate correlation between variables. (or similar things)

Most Machine Learning algorithms are not interpretable visually, so
visualization is an important aspect.
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Data Science Steps: Extract Features

Most of the ML models, work with numerical vectors that describe
the object under study.

Necessary to form “tabular data”.

Expert vs All you can create (and then choose from them)

Most creative part of Data Science.

Dr. Héctor Allende-Cid (PUCV) Data Science September, 2017 38 / 69



Data Science Steps: Model

Almost all Data Science Projects involve Machine Learning.

The modelling stage is quite “simple”: Take a battery of models, plug
the data and see which one works the best.

Carefully tune the model to fulfill your expectations (or the client’s)
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Data Science Steps: Present Results

Paper?

Written report with tables and figures.

It is important depending on the expertise of your client, to use
easy-to-follow language.
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Data Science Steps: Deploy Code

If your clients are “computers”, the resulting model falls into two
categories:

Batch Analytics Code

Real-time Code (Online)

The deliverables are:

The Code

Documentation

Unit tests (real-time) or sample input datasets (batch)
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Data Science Steps: Iterating

Data Science is deeply iterative

Try to obtain results as fast as possible.

Automate the analysis in a single script, but make as modular as
possible.
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Machine Learning

Machine Learning Definition

Machine learning is a scientific discipline that explores the construction
and study of algorithms that can learn from data. Such algorithms operate
by building a model based on inputs and using that to make predictions or
decisions, rather than following only explicitly programmed instructions.

Learning from data

Use observed data to estimate some unknown phenomenon.
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Taxonomy

Predictive Methods:
Use some variables to predict some unknown or future values of other
variables.

Descriptive Methods:
Find human - interpretable patterns that describe the data.
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Supervised vs. Unsupervised

Supervised:
Learning in the presence of an expert/teacher.
Training data set is labeled with a class value
GOAL: Predict a class or value label

Unsupervised:
No knowledge of the output class/value
Data is NOT labeled
GOAL: Learn patterns/groupings
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Supervised Learning

UNKNOWN TARGET FUNCTION

f : X ! Y

TRAINING EXAMPLES

(x1, y1), . . . , (xn, yn)

LEARNING 
ALGORITHM

A

HYPOTHESIS SET

H

FINAL HYPOTHESIS

g ⇡ f

Tuesday, January 6, 15

Figure: Supervised Learning
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How does Machine Learning work?

How Does Machine Learning Work? 

Explore Data Finds 
Patterns 

Performs 
Predictions 

Figure: Supervised Learning

Dr. Héctor Allende-Cid (PUCV) Data Science September, 2017 47 / 69



What forms of Insight can DS discover?

Predictive Modeling: Classification, Regression, Forecasting.

Descriptive Modeling: Cluster analysis/segmentation

Discovering Patterns and Rules: Association/Dependency rules,
Sequential or Temporal sequences.

Deviation detection: Outliers, abnormal events.
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Data Science Tasks

Classification and Prediction

Finding models (functions) that describe and distinguish classes or
concepts for future prediction

Example: Classify countries based on climate, or classify cars based
on gas mileage

Model representation: IF-THEN rules, decision tree, classification
rule, neural network

Prediction: Predict some unknown or missing numerical values.
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Data Science Tasks

Association (correlation and causality)

Multi-dimensional interactions and associations

Example:

age(X,”20-29”) and income(X,”60-90K”) → buys(X,”TV”)

Customer(area code) and buys(X) → offert(type), product(cost)
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Data Science Tasks

Cluster Analysis

Class label is unknown: Group data to form new classes

Clustering based on the principle: maximizing the intra-class similarity
and minimizing the interclass similarity.
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Data Science Tasks

Outlier analysis

Data object that does not comply with the general behaviour of the
data

Mostly considered as noise or exception, but is quite useful in fraud
detection, rare events analysis
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Evaluation

Error on the training data vs. Performance on future/unseen data

Simple solution: split data into training and test set

Three sets: Training data, validation data, and test data.

Test set: Set of independent instances that have not been used in the
training process. (Assumption: Data contains representative samples
of the underlying problem)
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Evaluation

Significance tests: Statistical reliability of estimated differences in
performance

Performance measures: Number of correct classifications, Accuracy of
probability estimates, Error in numeric predictions.
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Error estimation

Holdout: 1
2 training and 1

2 testing ( 2
3 and 1

3 )

Repeat Holdout Method: Random sampling - repeated holdout

Cross-validation: Partition in K disjoint clusters, train K − 1, test on
remaining.

Leave-one-out Method

Bootstrap: Sampling with replacement.
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Cross validation
Cross-validation Error Estimation 

Figure: Crossvalidation process
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Data Science challenges

Computationally expensive to investigate all possibilities

Dealing with noise/missing information and errors in data

Mining methodology and user interaction

Scalability of some methods.

Dr. Héctor Allende-Cid (PUCV) Data Science September, 2017 57 / 69



Data Science Heuristics and Guide

Appropiate attributes/input representation

Minimal attribute space

Adequate evaluation function(s)

Extracting meaningful information

Not overfitting
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Open Source Data Science Tools

Python

R-Project

WEKA

KNIME

Orange

RapidMiner

Rattle

Mahout

Apache Spark - MLib
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Python - Scikit Learn

Figure: Machine Learning in Python
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Pandas

Figure: Pandas Data Analysis Tool
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Apache Spark - MLib

Figure: Machine Learning in Spark
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Some Regression Algorithms

Artificial Neural Networks

Support Vector Regression

Adaptive Neuro-Fuzzy Inference System

Ridge Regression

Deep Neural Networks (LSTM, Dynamic Memory Networks)
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Some Classification Algorithms

Classification Trees

Naive Bayes

K-Nearest Neighbors

Artificial Neural Networks

Support Vector Machines

Ensemble of Classifiers

Deep Neural Networks (Conv Nets)
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Some Clustering Algorithms

K-Means

SOM (Self-Organizing Maps)

Hierarchical Clustering

DBSCAN (Density-based spatial clustering of applications with noise)

Neural Gas

k- Shared Nearest Neighbors

Dr. Héctor Allende-Cid (PUCV) Data Science September, 2017 65 / 69



Interesting Links

http://machinelearningmastery.com

http://www.kaggle.com

https://www.analyticsvidhya.com/

http://www.datasciencecentral.com/

Some youtube channels:

Siraj Raval
Two Minute Papers
Data Science Dojo
Open Data Science

JULIA language http://julialang.org
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Python Notebooks (Jupyter Notebooks)

https://ipython.org/notebook.html
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Easiest way to start

https://www.docker.com/
https://github.com/jupyter/docker-stacks/tree/master/pyspark-notebook
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How to install Docker and PySpark Notebook locally

Go to http://www.docker.com/products/overview and download
Docker installation file (Windows, MacOsX, Linux)

Install the application with downloaded file.

Start Docker

In a terminal (or command prompt) download the PySpark 2.0
container: (docker pull jupyter/pyspark-notebook)’

To run for the first time, execute (sudo docker run -d -p 8888:8888
–name PySpark2.0 jupyter/pyspark-notebook:latest start-notebook.sh
–NotebookApp.token=”)

To stop the running container (docker stop PySpark2.0)

To start it again (docker start PySpark2.0)
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