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Introduction

Data is increasingly used for every possible purpose, and many of those 
purposes elude attention, but every time you get on the Internet, you 
generate even more. It’s not just you, either; the growth of the Internet has 

been phenomenal, according to Internet World Stats (https://www.internet 
worldstats.com/emarketing.htm). Data science turns this huge amount of data 
into something useful — something that you use absolutely every day to perform 
an amazing array of tasks or to obtain services from someone else.

In fact, you’ve probably used data science in ways that you never expected. For 
example, when you used your favorite search engine this morning to look for 
something, it made suggestions on alternative search terms. Those terms are 
supplied by data science. When you went to the doctor last week and discovered 
the lump you found wasn’t cancer, the doctor likely made her prognosis with the 
help of data science. In fact, you might work with data science every day and not 
even know it. Python for Data Science For Dummies, 2nd Edition not only gets you 
started using data science to perform a wealth of practical tasks but also helps you 
realize just how many places data science is used. By knowing how to answer data 
science problems and where to employ data science, you gain a significant advan-
tage over everyone else, increasing your chances at promotion or that new job you 
really want.

About This Book
The main purpose of Python for Data Science For Dummies, 2nd Edition is to take the 
scare factor out of data science by showing you that data science is not only really 
interesting but also quite doable using Python. You might assume that you need to 
be a computer science genius to perform the complex tasks normally associated 
with data science, but that’s far from the truth. Python comes with a host of useful 
libraries that do all the heavy lifting for you in the background. You don’t even 
realize how much is going on, and you don’t need to care. All you really need to 
know is that you want to perform specific tasks, and Python makes these tasks 
quite accessible.

https://www.internetworldstats.com/emarketing.htm
https://www.internetworldstats.com/emarketing.htm


Part of the emphasis of this book is on using the right tools. You start with 
Anaconda, a product that includes IPython and Jupyter Notebook — two tools that 
take the sting out of working with Python. You experiment with IPython in a fully 
interactive environment. The code you place in Jupyter Notebook (also called just 
Notebook throughout the book) is presentation quality, and you can mix a number 
of presentation elements right there in your document. It’s not really like using a 
development environment at all. To make this book easier to use on alternative 
platforms, you also discover an online Interactive Development Environment 
application (IDE) named Google Colab that allows you to interact with most, but 
not quite all, of the book examples using your favorite tablet or (assuming  
that you can squint well enough) your smart phone.

You also discover some interesting techniques in this book. For example, you can 
create plots of all your data science experiments using MatPlotLib, and this book 
gives you all the details for doing that. This book also spends considerable time 
showing you available resources (such as packages) and how you can use 
Scikit-learn to perform some really interesting calculations. Many people would 
like to know how to perform handwriting recognition, and if you’re one of them, 
you can use this book to get a leg up on the process.

Of course, you might still be worried about the whole programming environment 
issue, and this book doesn’t leave you in the dark there, either. At the beginning, 
you find complete installation instructions for Anaconda, which are followed by 
the methods you need to get started with data science using Jupyter Notebook or 
Google Colab. The emphasis is on getting you up and running as quickly as 
possible, and to make examples straightforward and simple so that the code 
doesn’t become a stumbling block to learning.

This second edition of the book provides you with updated examples using Python 
3.x so that you’re using the most modern version of Python while reading. In 
addition, you find a stronger emphasis on making examples simpler, but also 
making the environment more inclusive by adding material on deep learning. 
Consequently, you get a lot more out of this edition of the book as a result of the 
input provided by hundreds of readers before you.

To make absorbing the concepts even easier, this book uses the following 
conventions:

»» Text that you’re meant to type just as it appears in the book is in bold. The 
exception is when you’re working through a step list: Because each step is 
bold, the text to type is not bold.

»» When you see words in italics as part of a typing sequence, you need to 
replace that value with something that works for you. For example, if you  
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see “Type Your Name and press Enter,” you need to replace Your Name with 
your actual name.

»» Web addresses and programming code appear in monofont. If you’re reading 
a digital version of this book on a device connected to the Internet, note that 
you can click the web address to visit that website, like this: http://www.
dummies.com.

»» When you need to type command sequences, you see them separated by a 
special arrow, like this: File ➪ New File. In this example, you go to the File 
menu first and then select the New File entry on that menu.

Foolish Assumptions
You might find it difficult to believe that we’ve assumed anything about you — 
after all, we haven’t even met you yet! Although most assumptions are indeed 
foolish, we made these assumptions to provide a starting point for the book.

You need to e familiar with the platform you want to use because the book doesn’t 
offer any guidance in this regard. (Chapter 3 does, however, provide Anaconda 
installation instructions, and Chapter 4 gets you started with Google Colab.) To 
provide you with maximum information about Python concerning how it applies 
to data science, this book doesn’t discuss any platform-specific issues. You really 
do need to know how to install applications, use applications, and generally work 
with your chosen platform before you begin working with this book.

You must know how to work with Python. This edition of the book no longer con-
tains a Python primer because you can find such as wealth of tutorials online (see 
https://www.w3schools.com/python/ and https://www.tutorialspoint.com/
python/ as examples).

This book isn’t a math primer. Yes, you see lots of examples of complex math, but 
the emphasis is on helping you use Python and data science to perform analysis 
tasks rather than teaching math theory. Chapters 1 and 2 give you a better under-
standing of precisely what you need to know to use this book successfully.

This book also assumes that you can access items on the Internet. Sprinkled 
throughout are numerous references to online material that will enhance your 
learning experience. However, these added sources are useful only if you actually 
find and use them.

Introduction      3
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Icons Used in This Book
As you read this book, you see icons in the margins that indicate material of 
interest (or not, as the case may be). This section briefly describes each icon in 
this book.

Tips are nice because they help you save time or perform some task without a lot 
of extra work. The tips in this book are time-saving techniques or pointers to 
resources that you should try in order to get the maximum benefit from Python or 
in performing data science–related tasks.

We don’t want to sound like angry parents or some kind of maniacs, but you 
should avoid doing anything that’s marked with a Warning icon. Otherwise, you 
might find that your application fails to work as expected, you get incorrect 
answers from seemingly bulletproof equations, or (in the worst-case scenario) 
you lose data.

Whenever you see this icon, think advanced tip or technique. You might find these 
tidbits of useful information just too boring for words, or they could contain the 
solution you need to get a program running. Skip these bits of information when-
ever you like.

If you don’t get anything else out of a particular chapter or section, remember the 
material marked by this icon. This text usually contains an essential process or a 
bit of information that you must know to work with Python or to perform data 
science–related tasks successfully.

Beyond the Book
This book isn’t the end of your Python or data science experience — it’s really just 
the beginning. We provide online content to make this book more flexible and 
better able to meet your needs. That way, as we receive e-mail from you, we can 
address questions and tell you how updates to either Python or its associated 
add-ons affect book content. In fact, you gain access to all these cool additions:

»» Cheat sheet: You remember using crib notes in school to make a better mark 
on a test, don’t you? You do? Well, a cheat sheet is sort of like that. It provides 
you with some special notes about tasks that you can do with Python, IPython, 
IPython Notebook, and data science that not every other person knows. You 
can find the cheat sheet by going to www.dummies.com, searching this book’s 
title, and scrolling down the page that appears. The cheat sheet contains really 

4      Python for Data Science For Dummies

http://www.dummies.com


neat information such as the most common programming mistakes that 
cause people woe when using Python.

»» Updates: Sometimes changes happen. For example, we might not have seen 
an upcoming change when we looked into our crystal ball during the writing 
of this book. In the past, this possibility simply meant that the book became 
outdated and less useful, but you can now find updates to the book by 
searching this book’s title at www.dummies.com.

In addition to these updates, check out the blog posts with answers to reader 
questions and demonstrations of useful book-related techniques at http://
blog.johnmuellerbooks.com/.

»» Companion files: Hey! Who really wants to type all the code in the book and 
reconstruct all those plots manually? Most readers would prefer to spend 
their time actually working with Python, performing data science tasks, and 
seeing the interesting things they can do, rather than typing. Fortunately for 
you, the examples used in the book are available for download, so all you 
need to do is read the book to learn Python for data science usage tech-
niques. You can find these files at www.dummies.com. Search this book’s title, 
and on the book’s product page, scroll down to the section titled, “Have This 
Book?” Click the link in that section called “Additional Book Resources,” and 
you’ll be redirected to the Downloads section of the book’s product page on 
wiley.com.

Where to Go from Here
It’s time to start your Python for data science adventure! If you’re completely new 
to Python and its use for data science tasks, you should start with Chapter 1 and 
progress through the book at a pace that allows you to absorb as much of the 
material as possible.

If you’re a novice who’s in an absolute rush to get going with Python for data 
science as quickly as possible, you can skip to Chapter 3 with the understanding 
that you may find some topics a bit confusing later. Skipping to Chapter 5 is okay 
if you already have Anaconda (the programming product used in the book) 
installed, but be sure to at least skim Chapter 3 so that you know what assumptions 
we made when writing this book. If you plan to use your tablet to work with  
this book, be certain to review Chapter 4 so that you understand the limitations 
presented by Google Colab in running the example code; not all of the examples 
work in this IDE. Make sure to install Anaconda with Python version 3.6.5 installed 
to obtain the best results from the book’s source code.
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Readers who have some exposure to Python and have Anaconda installed can save 
reading time by moving directly to Chapter 5. You can always go back to earlier 
chapters as necessary when you have questions. However, you should understand 
how each technique works before moving to the next one. Every technique, coding 
example, and procedure has important lessons for you, and you could miss vital 
content if you start skipping too much information.
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1Getting Started 
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Python



IN THIS PART . . .

Understanding how Python can make data science 
easier.

Defining the Python features commonly used for data 
science.

Creating a Python setup of your own.

Working with Google Colab on alternative devices.
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Chapter 1
Discovering the Match 
between Data Science 
and Python

Data science may seem like one of those technologies that you’d never use, 
but you’d be wrong. Yes, data science involves the use of advanced math 
techniques, statistics, and big data. However, data science also involves 

helping you make smart decisions, creating suggestions for options based on pre-
vious choices, and making robots see objects. In fact, people use data science in so 
many different ways that you literally can’t look anywhere or do anything without 
feeling the effects of data science on your life. In short, data science is the person 
behind the partition in the experience of the wonderment of technology. Without 
data science, much of what you accept as typical and expected today wouldn’t 
even be possible. This is the reason that being a data scientist is the sexiest job of 
the twenty-first century.

To make data science doable by someone who’s less than a math genius, you need 
tools. You could use any of a number of tools to perform data science tasks, but 
Python is uniquely suited to making it easier to work with data science. For one 
thing, Python provides an incredible number of math-related libraries that help 
you perform tasks with a less-than-perfect understanding of precisely what is 

IN THIS CHAPTER

»» Discovering the wonders for data 
science

»» Exploring how data science works

»» Creating the connection between 
Python and data science

»» Getting started with Python
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going on. However, Python goes further by supporting multiple coding styles 
(programming paradigms) and doing other things to make your job easier. There-
fore, yes, you could use other languages to write data science applications, but 
Python reduces your workload, so it’s a natural choice for those who really don’t 
want to work hard, but rather to work smart.

This chapter gets you started with Python. Even though this book isn’t designed 
to provide you with a complete Python tutorial, exploring some basic Python 
issues will reduce the time needed for you to get up to speed. (If you do need a 
good starting tutorial, please get Beginning Programming with Python For Dummies, 
2nd Edition, by John Mueller (Wiley). You’ll find that the book provides pointers 
to tutorials and other aids as needed to fill in any gaps that you may have in your 
Python education.

CHOOSING A DATA SCIENCE LANGUAGE
There are many different programming languages in the world — and most were 
designed to perform tasks in a certain way or even make it easier for a particular profes-
sion’s work to be done with greater ease. Choosing the correct tool makes your life 
easier. It’s akin to using a hammer to drive a screw rather than a screwdriver. Yes, the 
hammer works, but the screwdriver is much easier to use and definitely does a better 
job. Data scientists usually use only a few languages because they make working with 
data easier. With this in mind, here are the top languages for data science work in order 
of preference:

•	Python (general purpose): Many data scientists prefer to use Python because it 
provides a wealth of libraries, such as NumPy, SciPy, MatPlotLib, pandas, and 
Scikit-learn, to make data science tasks significantly easier. Python is also a precise 
language that makes it easy to use multi-processing on large datasets — reducing 
the time required to analyze them. The data science community has also stepped 
up with specialized IDEs, such as Anaconda, that implement the Jupyter Notebook 
concept, which makes working with data science calculations significantly easier 
(Chapter 3 demonstrates how to use Jupyter Notebook, so don’t worry about it in 
this chapter). Besides all of these things in Python’s favor, it’s also an excellent 
language for creating glue code with languages such as C/C++ and Fortran. The 
Python documentation actually shows how to create the required extensions. 
Most Python users rely on the language to see patterns, such as allowing a robot 
to see a group of pixels as an object. It also sees use for all sorts of scientific tasks.

•	R (special purpose statistical): In many respects, Python and R share the same 
sorts of functionality but implement it in different ways. Depending on which 
source you view, Python and R have about the same number of proponents, and 
some people use Python and R interchangeably (or sometimes in tandem). Unlike 
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Defining the Sexiest Job  
of the 21st Century

At one point, the world viewed anyone working with statistics as a sort of accoun-
tant or perhaps a mad scientist. Many people consider statistics and analysis of 
data boring. However, data science is one of those occupations in which the more 
you learn, the more you want to learn. Answering one question often spawns more 
questions that are even more interesting than the one you just answered. 

Python, R provides its own environment, so you don’t need a third-party product 
such as Anaconda. However, R doesn’t appear to mix with other languages with the 
ease that Python provides.

•	 SQL (database management): The most important thing to remember about 
Structured Query Language (SQL) is that it focuses on data rather than tasks. 
Businesses can’t operate without good data management — the data is the 
business. Large organizations use some sort of relational database, which is 
normally accessible with SQL, to store their data. Most Database Management 
System (DBMS) products rely on SQL as their main language, and DBMS usually 
has a large number of data analysis and other data science features built in. 
Because you’re accessing the data natively, there is often a significant speed gain 
in performing data science tasks this way. Database Administrators (DBAs) gener-
ally use SQL to manage or manipulate the data rather than necessarily perform 
detailed analysis of it. However, the data scientist can also use SQL for various data 
science tasks and make the resulting scripts available to the DBAs for their needs.

•	 Java (general purpose): Some data scientists perform other kinds of programming 
that require a general purpose, widely adapted and popular, language. In addition to 
providing access to a large number of libraries (most of which aren’t actually all that 
useful for data science, but do work for other needs), Java supports object orientation 
better than any of the other languages in this list. In addition, it’s strongly typed and 
tends to run quite quickly. Consequently, some people prefer it for finalized code. 
Java isn’t a good choice for experimentation or ad hoc queries.

•	 Scala (general purpose): Because Scala uses the Java Virtual Machine (JVM) it 
does have some of the advantages and disadvantages of Java. However, like 
Python, Scala provides strong support for the functional programming paradigm, 
which uses lambda calculus as its basis (see Functional Programmming For Dummies, 
by John Mueller [Wiley] for details). In addition, Apache Spark is written in Scala, 
which means that you have good support for cluster computing when using this 
language; — think huge dataset support. Some of the pitfalls of using Scala are 
that it’s hard to set up correctly, it has a steep learning curve, and it lacks a compre-
hensive set of data science specific libraries.
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However, the thing that makes data science so sexy is that you see it everywhere 
and used in an almost infinite number of ways. The following sections provide you 
with more details on why data science is such an amazing field of study.

Considering the emergence of data science
Data science is a relatively new term. William S. Cleveland coined the term in 2001 
as part of a paper entitled “Data Science: An Action Plan for Expanding the 
Technical Areas of the Field of Statistics.” It wasn’t until a year later that the 
International Council for Science actually recognized data science and created a 
committee for it. Columbia University got into the act in 2003 by beginning 
publication of the Journal of Data Science.

However, the mathematical basis behind data science is centuries old because data 
science is essentially a method of viewing and analyzing statistics and probability. 
The first essential use of statistics as a term comes in 1749, but statistics are 
certainly much older than that. People have used statistics to recognize patterns 
for thousands of years. For example, the historian Thucydides (in his History of 
the Peloponnesian War) describes how the Athenians calculated the height of the 
wall of Platea in fifth century BC by counting bricks in an unplastered section of 
the wall. Because the count needed to be accurate, the Athenians took the average 
of the count by several solders.

The process of quantifying and understanding statistics is relatively new, but the 
science itself is quite old. An early attempt to begin documenting the importance 
of statistics appears in the ninth century when Al-Kindi wrote Manuscript on  
Deciphering Cryptographic Messages. In this paper, Al-Kindi describes how to use a 
combination of statistics and frequency analysis to decipher encrypted messages. 
Even in the beginning, statistics saw use in practical application of science to 
tasks that seemed virtually impossible to complete. Data science continues this 
process, and to some people it might actually seem like magic.

Outlining the core competencies  
of a data scientist
As is true of anyone performing most complex trades today, the data scientist 
requires knowledge of a broad range of skills to perform the required tasks. In 
fact, so many different skills are required that data scientists often work in teams. 
Someone who is good at gathering data might team up with an analyst and some-
one gifted in presenting information. It would be hard to find a single person with 
all the required skills. With this in mind, the following list describes areas in 
which a data scientist could excel (with more competencies being better):
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»» Data capture: It doesn’t matter what sort of math skills you have if you can’t 
obtain data to analyze in the first place. The act of capturing data begins by 
managing a data source using database management skills. However, raw 
data isn’t particularly useful in many situations — you must also understand 
the data domain so that you can look at the data and begin formulating the 
sorts of questions to ask. Finally, you must have data-modeling skills so that 
you understand how the data is connected and whether the data is 
structured.

»» Analysis: After you have data to work with and understand the complexities 
of that data, you can begin to perform an analysis on it. You perform some 
analysis using basic statistical tool skills, much like those that just about 
everyone learns in college. However, the use of specialized math tricks and 
algorithms can make patterns in the data more obvious or help you draw 
conclusions that you can’t draw by reviewing the data alone.

»» Presentation: Most people don’t understand numbers well. They can’t see 
the patterns that the data scientist sees. It’s important to provide a graphical 
presentation of these patterns to help others visualize what the numbers 
mean and how to apply them in a meaningful way. More important, the 
presentation must tell a specific story so that the impact of the data isn’t lost.

Linking data science, big data, and AI
Interestingly enough, the act of moving data around so that someone can perform 
analysis on it is a specialty called Extract, Transformation, and Loading (ETL). 
The ETL specialist uses programming languages such as Python to extract the 
data from a number of sources. Corporations tend not to keep data in one easily 
accessed location, so finding the data required to perform analysis takes time. 
After the ETL specialist finds the data, a programming language or other tool 
transforms it into a common format for analysis purposes. The loading process 
takes many forms, but this book relies on Python to perform the task. In a large, 
real-world operation, you might find yourself using tools such as Informatica, MS 
SSIS, or Teradata to perform the task.

Data science isn’t necessarily a means to an end; it may instead be a step along the 
way. As a data scientist works through various datasets and finds interesting 
facts, these facts may act as input for other sorts of analysis and AI applications. 
For example, consider that your shopping habits often suggest what books you 
might like or where you might like to go for a vacation. Shopping or other habits 
can also help others understand other, sometimes less benign, activities as well. 
Machine Learning For Dummies and AI For Dummies, both by John Mueller and Luca 
Massaron (Wiley) help you understand these other uses of data science. For now, 
consider the fact that what you learn in this book can have a definite effect on a 
career path that will go many other places.
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Understanding the role of programming
A data scientist may need to know several programming languages in order to 
achieve specific goals. For example, you may need SQL knowledge to extract data 
from relational databases. Python can help you perform data loading, transforma-
tion, and analysis tasks. However, you might choose a product such as MATLAB 
(which has its own programming language) or PowerPoint (which relies on VBA) 
to present the information to others. (If you’re interested to see how MATLAB 
compares to the use of Python, you can get my book, MATLAB For Dummies, 
published by John Wiley & Sons, Inc.) The immense datasets that data scientists 
rely on often require multiple levels of redundant processing to transform into 
useful processed data. Manually performing these tasks is time consuming and 
error prone, so programming presents the best method for achieving the goal of a 
coherent, usable data source.

Given the number of products that most data scientists use, it may not be possible 
to use just one programming language. Yes, Python can load data, transform it, 
analyze it, and even present it to the end user, but it works only when the language 
provides the required functionality. You may have to choose other languages to fill 
out your toolkit. The languages you choose depend on a number of criteria. Here 
are the things you should consider:

»» How you intend to use data science in your code (you have a number of tasks 
to consider, such as data analysis, classification, and regression)

»» Your familiarity with the language

»» The need to interact with other languages

»» The availability of tools to enhance the development environment

»» The availability of APIs and libraries to make performing tasks easier

Creating the Data Science Pipeline
Data science is partly art and partly engineering. Recognizing patterns in data, 
considering what questions to ask, and determining which algorithms work best 
are all part of the art side of data science. However, to make the art part of data 
science realizable, the engineering part relies on a specific process to achieve 
specific goals. This process is the data science pipeline, which requires the data 
scientist to follow particular steps in the preparation, analysis, and presentation 
of the data. The following sections help you understand the data science pipeline 
better so that you can understand how the book employs it during the presenta-
tion of examples.
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Preparing the data
The data that you access from various sources doesn’t come in an easily packaged 
form, ready for analysis — quite the contrary. The raw data not only may vary 
substantially in format, but you may also need to transform it to make all the data 
sources cohesive and amenable to analysis. Transformation may require changing 
data types, the order in which data appears, and even the creation of data entries 
based on the information provided by existing entries.

Performing exploratory data analysis
The math behind data analysis relies on engineering principles in that the results 
are provable and consistent. However, data science provides access to a wealth of 
statistical methods and algorithms that help you discover patterns in the data. 
A single approach doesn’t ordinarily do the trick. You typically use an iterative 
process to rework the data from a number of perspectives. The use of trial and 
error is part of the data science art.

Learning from data
As you iterate through various statistical analysis methods and apply algorithms 
to detect patterns, you begin learning from the data. The data might not tell the 
story that you originally thought it would, or it might have many stories to tell. 
Discovery is part of being a data scientist. In fact, it’s the fun part of data science 
because you can’t ever know in advance precisely what the data will reveal to you.

Of course, the imprecise nature of data and the finding of seemingly random pat-
terns in it means keeping an open mind. If you have preconceived ideas of what 
the data contains, you won’t find the information it actually does contain. You 
miss the discovery phase of the process, which translates into lost opportunities 
for both you and the people who depend on you.

Visualizing
Visualization means seeing the patterns in the data and then being able to react to 
those patterns. It also means being able to see when data is not part of the pattern. 
Think of yourself as a data sculptor — removing the data that lies outside the pat-
terns (the outliers) so that others can see the masterpiece of information beneath. 
Yes, you can see the masterpiece, but until others can see it, too, it remains in your 
vision alone.



16      PART 1  Getting Started with Data Science and Python

Obtaining insights and data products
The data scientist may seem to simply be looking for unique methods of viewing 
data. However, the process doesn’t end until you have a clear understanding of 
what the data means. The insights you obtain from manipulating and analyzing 
the data help you to perform real-world tasks. For example, you can use the 
results of an analysis to make a business decision.

In some cases, the result of an analysis creates an automated response. For example, 
when a robot views a series of pixels obtained from a camera, the pixels that form an 
object have special meaning and the robot’s programming may dictate some sort of 
interaction with that object. However, until the data scientist builds an application 
that can load, analyze, and visualize the pixels from the camera, the robot doesn’t 
see anything at all.

Understanding Python’s  
Role in Data Science

Given the right data sources, analysis requirements, and presentation needs, you 
can use Python for every part of the data science pipeline. In fact, that’s precisely 
what you do in this book. Every example uses Python to help you understand 
another part of the data science equation. Of all the languages you could choose 
for performing data science tasks, Python is the most flexible and capable because 
it supports so many third-party libraries devoted to the task. The following sec-
tions help you better understand why Python is such a good choice for many (if 
not most) data science needs.

Considering the shifting profile  
of data scientists
Some people view the data scientist as an unapproachable nerd who performs 
miracles on data with math. The data scientist is the person behind the curtain in 
an Oz-like experience. However, this perspective is changing. In many respects, 
the world now views the data scientist as either an adjunct to a developer or as a 
new type of developer. The ascendance of applications of all sorts that can learn is 
the essence of this change. For an application to learn, it has to be able to manipu-
late large databases and discover new patterns in them. In addition, the applica-
tion must be able to create new data based on the old data — making an informed 
prediction of sorts. The new kinds of applications affect people in ways that would 
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have seemed like science fiction just a few years ago. Of course, the most notice-
able of these applications define the behaviors of robots that will interact far more 
closely with people tomorrow than they do today.

From a business perspective, the necessity of fusing data science and application 
development is obvious: Businesses must perform various sorts of analysis on the 
huge databases it has collected — to make sense of the information and use it to 
predict the future. In truth, however, the far greater impact of the melding of 
these two branches of science — data science and application development — will 
be felt in terms of creating altogether new kinds of applications, some of which 
aren’t even possibly to imagine with clarity today. For example, new applications 
could help students learn with greater precision by analyzing their learning trends 
and creating new instructional methods that work for that particular student. This 
combination of sciences might also solve a host of medical problems that seem 
impossible to solve today — not only in keeping disease at bay, but also by solving 
problems, such as how to create truly usable prosthetic devices that look and act 
like the real thing.

Working with a multipurpose, simple, 
and efficient language
Many different ways are available for accomplishing data science tasks. This book 
covers only one of the myriad methods at your disposal. However, Python repre-
sents one of the few single-stop solutions that you can use to solve complex data 
science problems. Instead of having to use a number of tools to perform a task, 
you can simply use a single language, Python, to get the job done. The Python dif-
ference is the large number scientific and math libraries created for it by third 
parties. Plugging in these libraries greatly extends Python and allows it to easily 
perform tasks that other languages could perform, but with great difficulty.

Python’s libraries are its main selling point; however, Python offers more than 
reusable code. The most important thing to consider with Python is that it sup-
ports four different coding styles:

»» Functional: Treats every statement as a mathematical equation and avoids 
any form of state or mutable data. The main advantage of this approach is 
having no side effects to consider. In addition, this coding style lends itself 
better than the others to parallel processing because there is no state to 
consider. Many developers prefer this coding style for recursion and for 
lambda calculus.

»» Imperative: Performs computations as a direct change to program state. This 
style is especially useful when manipulating data structures and produces 
elegant, but simple, code.
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»» Object-oriented: Relies on data fields that are treated as objects and 
manipulated only through prescribed methods. Python doesn’t fully 
support this coding form because it can’t implement features such as 
data hiding. However, this is a useful coding style for complex applications 
because it supports encapsulation and polymorphism. This coding style 
also favors code reuse.

»» Procedural: Treats tasks as step-by-step iterations where common tasks 
are placed in functions that are called as needed. This coding style favors 
iteration, sequencing, selection, and modularization.

Learning to Use Python Fast
It’s time to try using Python to see the data science pipeline in action. The follow-
ing sections provide a brief overview of the process you explore in detail in the rest 
of the book. You won’t actually perform the tasks in the following sections. In fact, 
you don’t install Python until Chapter 3, so for now, just follow along in the text. 
This book uses a specific version of Python and an IDE called Jupyter Notebook, so 
please wait until Chapter 3 to install these features (or skip ahead, if you insist, 
and install them now). Don’t worry about understanding every aspect of the 
process at this point. The purpose of these sections is to help you gain an under-
standing of the flow of using Python to perform data science tasks. Many of the 
details may seem difficult to understand at this point, but the rest of the book will 
help you understand them.

The examples in this book rely on a web-based application named Jupyter 
Notebook. The screenshots you see in this and other chapters reflect how Jupyter 
Notebook looks in Firefox on a Windows 7 system. The view you see will contain 
the same data, but the actual interface may differ a little depending on platform 
(such as using a notebook instead of a desktop system), operating system, and 
browser. Don’t worry if you see some slight differences between your display and 
the screenshots in the book.

You don’t have to type the source code for this chapter in by hand. In fact, it’s a 
lot easier if you use the downloadable source (see the Introduction for details on 
downloading the source code). The source code for this chapter appears in the 
P4DS4D2_01_Quick_Overview.ipynb source code file.
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Loading data
Before you can do anything, you need to load some data. The book shows you all 
sorts of methods for performing this task. In this case, Figure 1-1 shows how to 
load a dataset called Boston that contains housing prices and other facts about 
houses in the Boston area. The code places the entire dataset in the boston variable 
and then places parts of that data in variables named X and y. Think of variables 
as you would storage boxes. The variables are important because they make it 
possible to work with the data.

Training a model
Now that you have some data to work with, you can do something with it. All sorts 
of algorithms are built into Python. Figure 1-2 shows a linear regression model. 
Again, don’t worry precisely how this works; later chapters discuss linear regres-
sion in detail. The important thing to note in Figure 1-2 is that Python lets you 
perform the linear regression using just two statements and to place the result in 
a variable named hypothesis.

Viewing a result
Performing any sort of analysis doesn’t pay unless you obtain some benefit from 
it in the form of a result. This book shows all sorts of ways to view output, but 
Figure 1-3 starts with something simple. In this case, you see the coefficient out-
put from the linear regression analysis.

FIGURE 1-1: 
Loading data 
into variables 

so that you can 
manipulate it.
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One of the reasons that this book uses Jupyter Notebook is that the product helps 
you to create nicely formatted output as part of creating the application. Look 
again at Figure 1-3 and you see a report that you could simply print and offer to a 
colleague. The output isn’t suitable for many people, but those experienced with 
Python and data science will find it quite usable and informative.

FIGURE 1-2: 
Using the variable 
content to train a 
linear regression 

model.

FIGURE 1-3: 
Outputting a 

result as a 
response to 
the model.
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Chapter 2
Introducing Python’s 
Capabilities and 
Wonders

All computers run on just one language — machine code. However, unless 
you want to learn how to talk like a computer in 0s and 1s, machine code 
isn’t particularly useful. You’d never want to try to define data science 

problems using machine code. It would take an entire lifetime (if not longer) just 
to define one problem. Higher-level languages make it possible to write a lot of 
code that humans can understand quite quickly. The tools used with these 
languages make it possible to translate the human-readable code into machine 
code that the machine understands. Therefore, the choice of languages depends 
on the human need, not the machine need. With this in mind, this chapter 
introduces you to the capabilities that Python provides that make it a practical 
choice for the data scientist. After all, you want to know why this book uses Python 
and not another language, such as Java or C++. These other languages are perfectly 
good choices for some tasks, but they’re not as suited to meet data science needs.

The chapter begins with a short history of Python so that you know a little about 
why developers created Python in the first place. You also see some simple Python 
examples to get a taste for the language. As part of exploring Python in this 

IN THIS CHAPTER

»» Delving into why Python came about

»» Getting a quick start with Python

»» Considering Python’s special features

»» Defining and exploring the power of 
Python for the data scientist
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chapter, you discover all sorts of interesting features that Python provides. Python 
gives you access to a host of libraries that are especially suited to meet the needs 
of the data scientist. In fact, you use a number of these libraries throughout the 
book as you work through the coding examples. Knowing about these libraries in 
advance will help you understand the programming examples and why the book 
shows how to perform tasks in a certain way.

Even though this chapter does show examples of working with Python, you don’t 
really begin using Python in earnest until Chapter 6. This chapter provides you 
with an overview so that you can better understand what Python can do. Chapter 3 
shows how to install the particular version of Python used for this book. Chapters 4 
and 5 are about tools you can use, with Chapter 4 emphasizing Google’s Colab, an 
alternative environment for coding. In short, if you don’t quite understand 
an example in this chapter, don’t worry: You get plenty of additional information 
in later chapters.

Why Python?
Python is the vision of a single person, Guido van Rossum. You might be surprised 
to learn that Python has been around a long time — Guido started the language in 
December 1989 as a replacement for the ABC language. Not much information is 
available as to the precise goals for Python, but it does retain ABC’s ability to 
create applications using less code. However, it far exceeds the ability of ABC to 
create applications of all types, and in contrast to ABC, boasts four programming 
styles. In short, Guido took ABC as a starting point, found it limited, and created a 
new language without those limitations. It’s an example of creating a new 
language that really is better than its predecessor.

Python has gone through a number of iterations and currently has two develop-
ment paths. The 2.x path is backward compatible with previous versions of Python, 
while the 3.x path isn’t. The compatibility issue is one that figures into how data 
science uses Python because a few of the libraries won’t work with 3.x. However, 
this issue is slowly being resolved, and you should use 3.x for all new development 
because the end of the line is coming for the 2.x versions (see https://
pythonclock.org/ for details). As a result, this edition of the book uses 3.x code. 
In addition, some versions use different licensing because Guido was working at 
various companies during Python’s development. You can see a listing of the 
versions and their respective licenses at https://docs.python.org/3/license. 
html. The Python Software Foundation (PSF) owns all current versions of Python, 
so unless you use an older version, you really don’t need to worry about the licens-
ing issue.

https://pythonclock.org/
https://pythonclock.org/
https://docs.python.org/3/license.html
https://docs.python.org/3/license.html
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Grasping Python’s Core Philosophy
Guido actually started Python as a skunkworks project. The core concept was to 
create Python as quickly as possible, yet create a language that is flexible, runs on 
any platform, and provides significant potential for extension. Python provides all 
these features and many more. Of course, there are always bumps in the road, such 
as figuring out just how much of the underlying system to expose. You can read 
more about the Python design philosophy at http://python-history.blogspot. 
com/2009/01/pythons-design-philosophy.html. The history of Python at 
http://python-history.blogspot.com/2009/01/introduction-and- 
overview.html also provides some useful information.

Contributing to data science
Because this is a book about data science, you’re probably wondering how Python 
contributes toward better data science and what the word better actually means in 
this case. Knowing that a lot of organizations use Python doesn’t help you because 
it doesn’t really say much about how they use Python, and if you want to match 
your choice of language to your particular need, answering how they use Python 
becomes important.

One such example appears at https://www.datasciencegraduateprograms. 
com/python/. In this case, the article talks about Forecastwatch.com (https:// 
forecastwatch.com/), which actually does watch the weather and try to make 
predictions better. Every day, Forecastwatch.com compares 36,000 forecasts with 
the actual weather that people experience and then uses the results to create 

USING THE RIGHT LANGUAGE FOR THE JOB
Computer languages provide a means for humans to write down instructions in a 
systematic and understandable way. Computers don’t actually understand computer 
languages — a computer relies on machine-code for instructions. The reason languages 
are so important is that humans don’t characteristically understand machine language, 
so the conversion from something humans understand to something machines under-
stand is essential. Python provides a specific set of features that make writing data 
science applications easier. As with any other language, it provides the right toolset 
for some situations and not for others. Use Python (or any other language) when it 
provides the functionality you need to accomplish a task. If you start finding the lan-
guage getting in the way, it’s time to choose a different language because in the end, the 
computer doesn’t care which language you use. Computer languages are for people, 
not the other way around.

http://python-history.blogspot.com/2009/01/pythons-design-philosophy.html
http://python-history.blogspot.com/2009/01/pythons-design-philosophy.html
http://python-history.blogspot.com/2009/01/introduction-and-overview.html
http://python-history.blogspot.com/2009/01/introduction-and-overview.html
https://www.datasciencegraduateprograms.com/python/
https://www.datasciencegraduateprograms.com/python/
https://forecastwatch.com/
https://forecastwatch.com/
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better forecasts. Trying to aggregate and make sense of the weather data for 
800 U.S. cities is daunting, so Forecastwatch.com needed a language that could do 
what it needed with the least amount of fuss. Here are the reasons Forecast.com 
chose Python:

»» Library support: Python provides support for a large number of libraries, 
more than any one organization will ever need. According to https://www. 
python.org/about/success/forecastwatch/, Forecastwatch.com found 
the regular expression, thread, object serialization, and gzip data compression 
libraries especially useful.

»» Parallel processing: Each of the forecasts is processed as a separate thread 
so that the system can work through them quickly. The thread data includes 
the web page URL that contains the required forecast, along with category 
information, such as city name.

»» Data access: This huge amount of data can’t all exist in memory, so Forecast.
com relies on a MySQL database accessed through the MySQLdb (https://
sourceforge.net/projects/mysql-python/) library, which is one of those 
few libraries that hasn’t moved on to Python 3.x yet. However, the associated 
website promises the required support soon.

»» Data display: Originally, PHP produced the Forecastwatch.com output. 
However, by using Quixote (https://www.mems-exchange.org/software/
quixote/), which is a display framework, Forecastwatch.com was able to 
move everything to Python.

Discovering present and future  
development goals
The original development (or design) goals for Python don’t quite match what has 
happened to the language since Guido initially thought about it. Guido originally 
intended Python as a second language for developers who needed to create one-off 
code but who couldn’t quite achieve their goals using a scripting language. The 
original target audience for Python was the C developer. You can read about these 
original goals in the interview at http://www.artima.com/intv/pyscale.html.

You can find a number of applications written in Python today, so the idea of using 
it solely for scripting didn’t come to fruition. In fact, you can find listings of 
Python applications at https://www.python.org/about/apps/ and https://
www.python.org/about/success/. As of this writing, Python is the fourth-ranked 
language in the world (see https://www.tiobe.com/tiobe-index/). It continues 
to move up the scale because developers see it as one of the best ways to create 
modern applications, many of which rely on data science.

https://www.python.org/about/success/forecastwatch/
https://www.python.org/about/success/forecastwatch/
https://sourceforge.net/projects/mysql-python/
https://sourceforge.net/projects/mysql-python/
https://www.mems-exchange.org/software/quixote/
https://www.mems-exchange.org/software/quixote/
http://www.artima.com/intv/pyscale.html
https://www.python.org/about/apps/
https://www.python.org/about/success/
https://www.python.org/about/success/
https://www.tiobe.com/tiobe-index/
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Naturally, with all these success stories to go on, people are enthusiastic about 
adding to Python. You can find lists of Python Enhancement Proposals (PEPs) at 
http://legacy.python.org/dev/peps/. These PEPs may or may not see the light 
of day, but they prove that Python is a living, growing language that will continue 
to provide features that developers truly need to create great applications of all 
types, not just those for data science.

Working with Python
This book doesn’t provide you with a full Python tutorial. (However, you can get a 
great start with Beginning Programming with Python For Dummies, 2nd Edition, by 
John Paul Mueller (Wiley). For now, it’s helpful to get a brief overview of what 
Python looks like and how you interact with it, as in the following sections.

You don’t have to type the source code for this chapter manually. You’ll find using 
the downloadable source a lot easier (see the Introduction for details on 
downloading the source code). The source code for this chapter appears in the 
P4DS4D2_02_Using_Python.ipynb source code file.

Getting a taste of the language
Python is designed to provide clear language statements but to do so in an 
incredibly small space. A single line of Python code may perform tasks that 
another language usually takes several lines to perform. For example, if you want 
to display something on-screen, you simply tell Python to print it, like this:

print("Hello There!")

This is an example of a 3.x print() function. (The 2.x version of Python includes 
both a function form of print, which requires parentheses, and a statement form 
of print, which omits the parentheses.) The “Why Python?” section of this 
chapter mentions some differences between the 2.x path and the 3.x path. If you 
use the print() function without parentheses in 3.x, you get an error message:

    File "<Jupyter-input-1-fe18535d9681>", line 1
    print "Hello There!"
                       ^
SyntaxError: Missing parentheses in call to 'print'. Did you
   mean print("Hello There!")?

The point is that you can simply tell Python to output text, an object, or anything 
else using a simple statement. You don’t really need too much in the way of 

http://legacy.python.org/dev/peps/
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advanced programming skills. When you want to end your session using a com-
mand line environment such as IDLE, you simply type quit() and press Enter. 
This book relies on a much better environment, Jupyter Notebook, which really 
does make your code look as though it came from someone’s notebook.

Understanding the need for indentation
Python relies on indentation to create various language features, such as condi-
tional statements. One of the most common errors that developers encounter is 
not providing the proper indentation for code. You see this principle in action later 
in the book, but for now, always be sure to pay attention to indentation as you work 
through the book examples. For example, here is an if statement (a conditional 
that says that if something meets the condition, perform the code that follows) 
with proper indentation.

if 1 < 2:
   print("1 is less than 2")

The print statement must appear indented below the conditional statement. 
Otherwise, the condition won’t work as expected, and you might see an error 
message, too.

UNDERSTANDING THE ANACONDA 
PACKAGE
The book approaches Anaconda as a product. In fact, you do install and interact with 
Anaconda as you would any other single product. However, Anaconda is actually a com-
pilation of several open source applications. You can use these applications individually 
or in cooperation with each other to achieve specific coding goals. In most of the book, 
you use a single application, Jupyter Notebook, to accomplish tasks. However, you want 
to know about the other applications bundled in Anaconda to get the best use out of 
the product as a whole.

A large number of data scientists rely on the Anaconda product bundling, which is why 
this book uses it. However, you might find that some of the open source products come 
in a newer form when downloaded separately. For example, Jupyter Notebook actually 
comes in a newer form than found in the Anaconda bundle (http://jupyter.org/). 
Because of the differences in Jupyter Notebook versions you need to install the version 
of Jupyter Notebook specified for this book, which means using the Anaconda package, 
rather than a separate download.

http://jupyter.org/
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Working at the command line or in the IDE
Anaconda is a product that makes using Python even easier. It comes with a 
number of utilities that help you work with Python in a variety of ways. The vast 
majority of this book relies on Jupyter Notebook, which is part of the Anaconda 
installation you create in Chapter 3. You saw this editor used in Chapter 1 and you 
see it again later in the book. In fact, this book doesn’t use any of the other 
Anaconda utilities much at all. However, they do exist, and sometimes they’re 
helpful in playing with Python. The following sections provide a brief overview of 
the other Anaconda utilities for creating Python code. You may want to experi-
ment with them as you work through various coding techniques in the book.

Creating new sessions with Anaconda  
Command Prompt
Only one of the Anaconda utilities provides direct access to the command line, 
Anaconda Prompt. When you start this utility, you see a command prompt at 
which you can type commands. The main advantage of this utility is that you can 
start an Anaconda utility with any of the switches it provides to modify that util-
ity’s standard environment. Of course, you start many of the utilities using the 
Python interpreter that you access using the python.exe command. (If you have 
both Python 3.6 and Python 2.7 installed on your system and open a regular com-
mand prompt or terminal window, you may see the Python 2.7 version start 
instead of the Python 3.6 version, so it’s always best to open an Anaconda Com-
mand Prompt to ensure that you get the right version of Python.) So you could 
simply type python and press Enter to start a copy of the Python interpreter 
should you wish to do so. Figure 2-1 shows how the plain Python interpreter looks.

You quit the interpreter by typing quit() and pressing Enter. Once back at the 
command line, you can discover the list of python.exe command-line switches by 
typing python -? and pressing Enter. Figure 2-2 shows just some of the ways in 
which you can change the Python interpreter environment.

FIGURE 2-1: 
A view of the 
plain Python 
interpreter.
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If you want, you can create a modified form of any of the utilities provided by 
Anaconda by starting the interpreter with the correct script. The scripts appear in 
the scripts subdirectory. For example, type python Anaconda3/scripts/Jupyter-
script.py and press Enter to start the Jupyter environment without using the 
graphical command for your platform. You can also add command-line arguments 
to further modify the script’s behavior. When working with this script, you can get 
information about Jupyter by using the following command-line arguments:

»» --version: Obtains the version of Jupyter Notebook in use.

»» --config-dir: Displays the configuration directory for Jupyter Notebook 
(where the configuration information is stored).

»» --data-dir: Displays the storage location of Jupyter application data, rather 
than projects. Your projects generally appear in your user folder.

»» --runtime-dir: Shows the location of the Jupyter runtime files, which is 
normally a subdirectory of the data directory.

»» --paths: Creates a list of paths that Jupyter is configured to use.

Consequently, if you want to obtain a list of Jupyter paths, you type python 
Anaconda3/scripts/Jupyter-script.py --paths and press Enter. The scripts sub-
directory also contains a wealth of executable files. Often, these files are compiled 

FIGURE 2-2: 
The Python 
interpreter 

includes 
all sorts of 

command-line 
switches.
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versions of scripts and may execute more quickly as a result. If you want to start 
the Jupyter Notebook browser environment, you can either type python  
Anaconda3/scripts/Jupyter-notebook-script.py and press Enter to use the script 
version or execute Jupyter-notebook.exe. The result is the same in either case.

Entering the IPython environment
The Interactive Python (IPython) environment provides enhancements to the 
standard Python interpreter. To start this environment, you use the IPython 
command, rather than the standard Python command, at the Anaconda Prompt. 
The main purpose of the environment shown in Figure  2-3 is to help you use 
Python with less work. Note that the Python version is the same as when using 
the Python command, but that the IPython version is different and that you see a 
different prompt. To see these enhancements (as shown in the figure), type 
%quickref and press Enter.

One of the more interesting additions to IPython is a fully functional clear screen 
(cls) command. You can’t clear the screen easily when working in the Python 
interpreter, which means that things tend to get a bit messy after a while. It’s also 
possible to perform tasks such as searching for variables using wildcard matches. 
Later in the book, you see how to use the magic functions to perform tasks such 
as capturing the amount of time it takes to perform a task for the purpose of 
optimization.

Entering Jupyter QTConsole environment
Trying to remember Python commands and functions is hard  — and trying to 
remember the enhanced Jupyter additions is even harder. In fact, some people 
would say that the task is impossible (and perhaps they’re right). This is where the 
Jupyter QTConsole comes into play. It adds a graphical user interface (GUI) on top 
of Jupyter that makes using the enhancements that Jupyter provides a lot easier.

FIGURE 2-3: 
The Jupyter 

environment  
is easier to  

use than the  
standard Python 

interpreter.
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You may think that QTConsole is missing if you used previous versions of Anaconda, 
but it’s still present. Only the direct access method is gone. To start QTConsole, open 
an Anaconda Prompt, type Jupyter QTConsole, and press Enter. You see QTConsole 
start, as shown in Figure 2-4. Of course, you give up a little screen real estate to get 
this feature, and some hardcore programmers don’t like the idea of using a GUI, so 
you have to choose what sort of environment to work with when programming.

Some of the enhanced commands appear in menus across the top of the window. 
All you need to do is choose the command you want to use. For example, to restart 
the kernel, you choose Kernel ➪   Restart Current Kernel. You also have the same 
access to IPython commands. For example, type %magic and press Enter to see a 
list of magic commands.

Editing scripts using Spyder
Spyder is a fully functional Integrated Development Environment (IDE). You use 
it to load scripts, edit them, run them, and perform debugging tasks. Figure 2-5 
shows the default windowed environment.

The Spyder IDE is much like any other IDE that you might have used in the past. 
The left side contains an editor in which you type code. Any code you create is 
placed in a script file, and you must save the script before running it. The upper-
right window contains various tabs for inspecting objects, exploring variables, and 
interacting with files. The lower-right window contains the Python console, a 
history log, and the Jupyter console. Across the top, you see menu options for 
performing all the tasks that you normally associate with working with an IDE.

FIGURE 2-4: 
Use the 

QTConsole to 
make working 

with Jupyter 
easier.
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Performing Rapid Prototyping  
and Experimentation

Python is all about creating applications quickly and then experimenting with 
them to see how things work. The act of creating an application design in code 
without necessarily filling in all the details is prototyping. Python uses less code 
than other languages to perform tasks, so prototyping goes faster. The fact that 
many of the actions you need to perform are already defined as part of libraries 
that you load into memory makes things go faster still.

Data science doesn’t rely on static solutions. You may have to try multiple solu-
tions to find the particular solution that works best. This is where experimenta-
tion comes into play. After you create a prototype, you use it to experiment with 
various algorithms to determine which algorithm works best in a particular 
situation. The algorithm you use varies depending on the answers you see and the 
data you use, so there are too many variables to consider for any sort of canned 
solution.

The prototyping and experimentation process occurs in several phases. As you go 
through the book, you discover that these phases have distinct uses and appear in 
a particular order. The following list shows the phases in the order in which you 
normally perform them.

FIGURE 2-5: 
Spyder is a 
traditional 

style IDE for 
developers 

who need one.
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1.	 Building a data pipeline. To work with the data, you must create a pipeline to 
it. It’s possible to load some data into memory. However, after the dataset gets 
to a certain size, you need to start working with it on disk or by using other 
means to interact with it. The technique you use for gaining access to the data 
is important because it impacts how fast you get a result.

2.	 Performing the required shaping. The shape of the data — the way in which 
it appears and its characteristics (such as data type), is important in performing 
analysis. To perform an apples-to-apples comparison, like data has to be 
shaped the same. However, just shaping the data the same isn’t enough. The 
shape has to be correct for the algorithms you employ to analyze it. Later 
chapters (starting with Chapter 7) help you understand the need to shape data 
in various ways.

3.	 Analyzing the data. When analyzing data, you seldom employ a single 
algorithm and call it good enough. You can’t know which algorithm will 
produce the same results at the outset. To find the best result from your 
dataset, you experiment on it using several algorithms. This practice is 
emphasized in the later chapters of the book when you start performing 
serious data analysis.

4.	 Presenting a result. A picture is worth a thousand words, or so they say. 
However, you need the picture to say the correct words or your message gets 
lost. Using the MATLAB-like plotting functionality provided by the matplotlib 
library, you can create multiple presentations of the same data, each of which 
describes the data graphically in different ways. To ensure that your meaning 
really isn’t lost, you must experiment with various presentation methods and 
determine which one works best.

Considering Speed of Execution
Computers are known for their prowess in crunching numbers. Even so, analysis 
takes considerable processing power. The datasets are so large that you can bog 
down even an incredibly powerful system. In general, the following factors con-
trol the speed of execution for your data science application:

»» Dataset size: Data science relies on huge datasets in many cases. Yes, you 
can make a robot see objects using a modest dataset size, but when it comes 
to making business decisions, larger is better in most situations. The applica-
tion type determines the size of your dataset in part, but dataset size also 
relies on the size of the source data. Underestimating the effect of dataset 
size is deadly in data science applications, especially those that need to 
operate in real time (such as self-driving cars).


