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REUMass Amherst 2015
Data Science Bootcamp

Day 1: Introduction

Prof. Ben Marlin
marlin@cs.umass.edu
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Plan for Day 1:

* Introduction to Data Science
* Python Crash Course
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Introduction to
Data Science
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Types of Data:

Stroke Death Rates, 2000-2006
Adults Ages 35+, by County
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Data Science Life Cycle:

Deployment Get Data

, Screening,

Cleaning &
. Munging

Visualizing &
Communicating

Evaluation &

Testing ~ Exploring &

Hypothesmng

<

Modeling
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Types of Analyses/Models:
* Descriptive: Quantitatively describing
the main features of a data set.

* Predictive: Extracting patterns from data
to make predictions about unknown or
future events.

* Causal: Using data to infer cause and
effect relationships between events.
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Data Science Infrastructure: Hardware
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Data Science Infrastructure: Hardware
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Data Science Infrastructure: The Cloud
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Data Science Infrastructure: Databases
K B AP ACHE
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Data Science Infrastructure: The Cloud(s)

== Microsoft Azure

amazon [EC 2
'-) Google Cloud Platform
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Python
Crash Course
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Python Basics: Python is .

* Interpreted, not compiled.

* Dynamically typed.

* Strongly typed.

* Declarative (with functional elements).
* Object oriented.

* Syntactically very compact.
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Python Basics: Variables and Assignment

* All variables are names for objects.

* All instances of basic types and data
structures are objects.

* Assignment (ie: A=B) sets or changes the
object the name refers to.
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Python Basics: Control Flow & Functions

o [f/elif/else, for, while, break, continue
* def is used to define functions.

* Code blocks are set off with a : (colon)
and scope is defined by indentation.

* Math and logic mostly as you expect.
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Python Basics: Data Types and Containers

* int, float, boolean (True, False)
 Strings (any quotes)

* Tuples and Lists (for sequences)
* Dictionaries (key-value pairs)

 Arrays and Matrices (via NumPy/SciPy)
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Exercises: Fisher’s Iris Data

Data set of properties of Iris
varieties used by Fisher to learn
an Iris classification model.

Iris Virginica Iris Versacolor Iris Setosa
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sepal sepal petal petal Type
Iength width Iength width

Setosa

4.9 3.0 1.4 0.2 Setosa
4.7 3.2 1.3 0.2 Setosa

4.6 3.1 1.5 0.2 Setosa

Represented in Python as one
Numpy array for the features,
and one for the labels.
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Exercises: Fisher’s Iris Data Labels

Data
Cases

Classes
Features Targets
sepal sepal petal petal Type
Iength width Iength width
Setosa
4.9 3.0 1.4 0.2 Setosa
4.7 3.2 1.3 0.2 Setosa

4.6 3.1 1.5 0.2 Setosa
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Exercises: Fisher’s Iris Data

* Q1: How many data cases are there?

* Q2: How many examples of each type are
there?

* Q3: What is the average value of each of the
features over the whole data set?

* Q4: What is the average value of each of the
features per type?



