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Preface

pandas is a library for creating and manipulating structured data with Python. What do

| mean by structured? | mean tabular data in rows and columns like what you would find

in a spreadsheet or database. Data scientists, analysts, programmers, engineers, and more
are leveraging it to mold their data.

pandas is limited to "small data" (data that can fit in memory on a single machine).
However, the syntax and operations have been adopted or inspired other projects: PySpark,
Dask, Modin, cuDF, Baloo, Dexplo, Tabel, StaticFrame, among others. These projects

have different goals, but some of them will scale out to big data. So there is a value

in understanding how pandas works as the features are becoming the defacto API for
interacting with structured data.

I, Matt Harrison, run a company, MetaSnake, that does corporate training. My bread and
butter is training large companies that want to level up on Python and data skills. As such,
I've taught thousands of Python and pandas users over the years. My goal in producing the
second version of this book is to highlight and help with the aspects that many find confusing
when coming to pandas. For all of its benefits, there are some rough edges or confusing
aspects of pandas. | intend to navigate you to these and then guide you through them, so you
will be able to deal with them in the real world.

If your company is interested in such live training, feel free to reach out (matt@metasnake.
com).

Who this book is for

This book contains nearly 100 recipes, ranging from very simple to advanced. All recipes
strive to be written in clear, concise, and modern idiomatic pandas code. The How it works...
sections contain extremely detailed descriptions of the intricacies of each step of the recipe.
Often, in the There's more... section, you will get what may seem like an entirely new recipe.
This book is densely packed with an extraordinary amount of pandas code.
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As a generalization, the recipes in the first seven chapters tend to be simpler and more
focused on the fundamental and essential operations of pandas than the later chapters,
which focus on more advanced operations and are more project-driven. Due to the wide range
of complexity, this book can be useful to both novice and everyday users alike. It has been my
experience that even those who use pandas regularly will not master it without being exposed
to idiomatic pandas code. This is somewhat fostered by the breadth that pandas offers. There
are almost always multiple ways of completing the same operation, which can have users get
the result they want but in a very inefficient manner. It is not uncommon to see an order of
magnitude or more in performance difference between two sets of pandas solutions to the
same problem.

The only real prerequisite for this book is a fundamental knowledge of Python. It is assumed
that the reader is familiar with all the common built-in data containers in Python, such as lists,
sets, dictionaries, and tuples.

What this book covers

Chapter 1, Pandas Foundations, covers the anatomy and vocabulary used to identify the
components of the two main pandas data structures, the Series and the DataFrame. Each
column must have exactly one type of data, and each of these data types is covered. You
will learn how to unleash the power of the Series and the DataFrame by calling and chaining
together their methods.

Chapter 2, Essential DataFrame Operations, focuses on the most crucial and typical
operations that you will perform during data analysis.

Chapter 3, Creating and Persisting DataFrames, discusses the various ways to ingest data
and create DataFrames.

Chapter 4, Beginning Data Analysis, helps you develop a routine to get started after reading
in your data.

Chapter 5, Exploratory Data Analysis, covers basic analysis techniques for comparing numeric
and categorical data. This chapter will also demonstrate common visualization techniques.

Chapter 6, Selecting Subsets of Data, covers the many varied and potentially confusing ways
of selecting different subsets of data.

Chapter 7, Filtering Rows, covers the process of querying your data to select subsets of
it based on Boolean conditions.

Chapter 8, Index Alignment, targets the very important and often misunderstood index object.
Misuse of the Index is responsible for lots of erroneous results, and these recipes show you
how to use it correctly to deliver powerful results.
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Chapter 9, Grouping for Aggregation, Filtration, and Transformation, covers the powerful
grouping capabilities that are almost always necessary during data analysis. You will build
customized functions to apply to your groups.

Chapter 10, Restructuring Data into a Tidy Form, explains what tidy data is and why it's so
important, and then it shows you how to transform many different forms of messy datasets
into tidy ones.

Chapter 11, Combining Pandas Objects, covers the many available methods to combine
DataFrames and Series vertically or horizontally. We will also do some web-scraping and
connect to a SQL relational database.

Chapter 12, Time Series Analysis, covers advanced and powerful time series capabilities
to dissect by any dimension of time possible.

Chapter 13, Visualization with Matplotlib, Pandas, and Seaborn, introduces the matplotlib
library, which is responsible for all of the plotting in pandas. We will then shift focus to

the pandas plot method and, finally, to the seaborn library, which is capable of producing
aesthetically pleasing visualizations not directly available in pandas.

Chapter 14, Debugging and Testing Pandas, explores mechanisms of testing our DataFrames
and pandas code. If you are planning on deploying pandas in production, this chapter will help
you have confidence in your code.

To get the most out of this book

There are a couple of things you can do to get the most out of this book. First, and most
importantly, you should download all the code, which is stored in Jupyter Notebooks. While
reading through each recipe, run each step of code in the notebook. Make sure you explore
on your own as you run through the code. Second, have the pandas official documentation
open (http://pandas.pydata.org/pandas-docs/stable/) in one of your browser
tabs. The pandas documentation is an excellent resource containing over 1,000 pages of
material. There are examples for most of the pandas operations in the documentation, and
they will often be directly linked from the See also section. While it covers the basics of most
operations, it does so with trivial examples and fake data that don't reflect situations that you
are likely to encounter when analyzing datasets from the real world.

What you need for this book

pandas is a third-party package for the Python programming language and, as of the printing
of this book, is on version 1.0.1. Currently, Python is at version 3.8. The examples in this book
should work fine in versions 3.6 and above.

[ix |-
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There are a wide variety of ways in which you can install pandas and the rest of the libraries
mentioned on your computer, but an easy method is to install the Anaconda distribution.
Created by Anaconda, it packages together all the popular libraries for scientific computing
in a single downloadable file available on Windows, macOS, and Linux. Visit the download
page to get the Anaconda distribution (https://www.anaconda.com/distribution).

In addition to all the scientific computing libraries, the Anaconda distribution comes with
Jupyter Notebook, which is a browser-based program for developing in Python, among many
other languages. All of the recipes for this book were developed inside of a Jupyter Notebook
and all of the individual notebooks for each chapter will be available for you to use.

It is possible to install all the necessary libraries for this book without the use of the
Anaconda distribution. For those that are interested, visit the pandas installation page
(http://pandas.pydata.org/pandas-docs/stable/install.html).

Download the example code files

You can download the example code files for this book from your account at www . packt . com.
If you purchased this book elsewhere, you can visit www . packtpub.com/support/errata
and register to have the files emailed directly to you.

You can download the code files by following these steps:

1. Log in or register at www.packt . com.

2. Select the Support tab.

3. Click on Code Downloads.

4. Enter the name of the book in the Search box and follow the on-screen instructions.
Once the file is downloaded, please make sure that you unzip or extract the folder using the
latest version of:

» WInRAR / 7-Zip for Windows

» Zipeg/ iZip / UnRarX for Mac

» 7-Zip / PeaZip for Linux

The code bundle for the book is also hosted on GitHub at https://github.com/
PacktPublishing/Pandas-Cookbook-Second-Edition. In case there's an update
to the code, it will be updated on the existing GitHub repository.

We also have other code bundles from our rich catalog of books and videos available
athttps://github.com/PacktPublishing/. Check them out!

]
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Running a Jupyter Notebook

The suggested method to work through the content of this book is to have a Jupyter Notebook
up and running so that you can run the code while reading through the recipes. Following
along on your computer allows you to go off exploring on your own and gain a deeper
understanding than by just reading the book alone.

Assuming that you have installed the Anaconda distribution on your machine, you have two
options available to start the Jupyter Notebook, from the Anaconda GUI or the command
line. | highly encourage you to use the command line. If you are going to be doing much
with Python, you will need to feel comfortable from there.

After installing Anaconda, open a command prompt (type cmd at the search bar on Windows,
or open a Terminal on Mac or Linux) and type:

$ jupyter-notebook

It is not necessary to run this command from your home directory. You can run it from any
location, and the contents in the browser will reflect that location.

Although we have now started the Jupyter Notebook program, we haven't actually launched

a single individual notebook where we can start developing in Python. To do so, you can click
on the New button on the right-hand side of the page, which will drop down a list of all the
possible kernels available for you to use. If you just downloaded Anaconda, then you will only
have a single kernel available to you (Python 3). After selecting the Python 3 kernel, a new tab
will open in the browser, where you can start writing Python code.

You can, of course, open previously created notebooks instead of beginning a new one. To do
s0, navigate through the filesystem provided in the Jupyter Notebook browser home page and
select the notebook you want to open. All Jupyter Notebook files end in . ipynb.

Alternatively, you may use cloud providers for a notebook environment. Both Google and
Microsoft provide free notebook environments that come preloaded with pandas.

Download the color images

We also provide a PDF file that has color images of the screenshots/diagrams used
in this book. You can download it here: https://static.packt-cdn.com/
downloads/9781839213106_ ColorImages.pdf
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There are a number of text conventions used throughout this book.

CodeInText: Indicates code words in text, database table names, folder names, filenames,
file extensions, pathnames, dummy URLSs, user input, and Twitter handles. Here is an example:
"You may need to install x1wt or openpyx1 to write XLS or XLSX files respectively."

A block of code is set as follows:

import pandas as pd

import numpy as np

movies = pd.read csv("data/movie.csv")
movies

When we wish to draw your attention to a particular part of a code block, the relevant lines
or items are set in bold:

import pandas as pd

import numpy as np

movies = pd.read csv("data/movie.csv")
movies

Any command-line input or output is written as follows:

>>> employee = pd.read csv('data/employee.csv')
>>> max_dept salary = employee.groupby ('DEPARTMENT') ['BASE SALARY'] .max ()
Bold: Indicates a new term, an important word, or words that you see on the screen, for

example, in menus or dialog boxes, also appear in the text like this. Here is an example:
"Select System info from the Administration panel."

\/{n’, Warnings or important notes appear like this.

Y ! 7/
',@\' Tips and tricks appear like this.
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Assumptions for every recipe

It should be assumed that at the beginning of each recipe pandas, NumPy, and matplotlib
are imported into the namespace. For plots to be embedded directly within the notebook,
you must also run the magic command $matplotlib inline. Also, all data is stored in
the data directory and is most commonly stored as a CSV file, which can be read directly
with the read_csv function

>>> %matplotlib inline
>>> import numpy as np
>>> import matplotlib.pyplot as plt

>>> import pandas as pd

>>> my dataframe = pd.read csv('data/dataset name.csv')

Dataset descriptions

There are about two dozen datasets that are used throughout this book. It can be very helpful
to have background information on each dataset as you complete the steps in the recipes. A
detailed description of each dataset may be found in the dataset descriptions Jupyter
Notebook found at https://github.com/PacktPublishing/Pandas-Cookbook-
Second-Edition. For each dataset, there will be a list of the columns, information about
each column and notes on how the data was procured.

In this book, you will find several headings that appear frequently.

To give clear instructions on how to complete a recipe, we use these sections as follows:

How to do it...

This section contains the steps required to follow the recipe.

This section usually consists of a detailed explanation of what happened in the previous
section.
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There's more...

This section consists of additional information about the recipe in order to make the reader
more knowledgeable about the recipe.

Feedback from our readers is always welcome.

General feedback: If you have questions about any aspect of this book, mention the book title
in the subject of your message and email us at customercare@packtpub. com.

Errata: Although we have taken every care to ensure the accuracy of our content, mistakes do
happen. If you have found a mistake in this book we would be grateful if you would report this
to us. Please visit, www . packtpub.com/support/errata, selecting your book, clicking on
the Errata Submission Form link, and entering the details.

Piracy: If you come across any illegal copies of our works in any form on the Internet, we
would be grateful if you would provide us with the location address or website name. Please
contact us at copyright@packt . com with a link to the material.

If you are interested in becoming an author: If there is a topic that you have expertise in
and you are interested in either writing or contributing to a book, please visit authors.
packtpub. com.

Please leave a review. Once you have read and used this book, why not leave a review on
the site that you purchased it from? Potential readers can then see and use your unbiased
opinion to make purchase decisions, we at Packt can understand what you think about our
products, and our authors can see your feedback on their book. Thank you!

For more information about Packt, please visit packt . com.

4
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Pandas Foundations

Importing pandas

Most users of the pandas library will use an import alias so they can refer to it as pd. In
general in this book, we will not show the pandas and NumPy imports, but they look like this:

>>> import pandas as pd

>>> import numpy as np

Introduction

The goal of this chapter is to introduce a foundation of pandas by thoroughly inspecting the
Series and DataFrame data structures. It is important for pandas users to know the difference
between a Series and a DataFrame.

The pandas library is useful for dealing with structured data. What is structured data? Data
that is stored in tables, such as CSV files, Excel spreadsheets, or database tables, is all
structured. Unstructured data consists of free form text, images, sound, or video. If you find
yourself dealing with structured data, pandas will be of great utility to you.

In this chapter, you will learn how to select a single column of data from a DataFrame (a two-
dimensional dataset), which is returned as a Series (a one-dimensional dataset). Working with
this one-dimensional object makes it easy to show how different methods and operators work.
Many Series methods return another Series as output. This leads to the possibility of calling
further methods in succession, which is known as method chaining.

(1}
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Pandas Foundations

The Index component of the Series and DataFrame is what separates pandas from most other
data analysis libraries and is the key to understanding how many operations work. We will get
a glimpse of this powerful object when we use it as a meaningful label for Series values. The
final two recipes contain tasks that frequently occur during a data analysis.

The pandas DataFrame

Before diving deep into pandas, it is worth knowing the components of the DataFrame.
Visually, the outputted display of a pandas DataFrame (in a Jupyter Notebook) appears to be
nothing more than an ordinary table of data consisting of rows and columns. Hiding beneath
the surface are the three components—the index, columns, and data that you must be aware
of to maximize the DataFrame's full potential.

This recipe reads in the movie dataset into a pandas DataFrame and provides a labeled
diagram of all its major components.

>>> movies = pd.read csv("data/movie.csv")

>>> movies

color direc/ name ... aspec/ratio movie/likes
0 Color James Cameron ... 1.78 33000
1 Color Gore Verbinski 2.35 0
2 Color Sam Mendes ... 2.35 85000
3 Color Christopher Nolan 2.35 164000
4 NaN Doug Walker ... NaN 0
4911 Color Scott Smith ... NaN 84
4912 Color NaN ... 16.00 32000
4913 Color Benjamin Roberds ... NaN 16
4914 Color Daniel Hsia ... 2.35 660
4915 Color Jon Gunn ... 1.85 456

—21
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Axis 0/ "index" Axis 1/ "columns" —»
Column Labels

Color  James Cameron 723.0 79 1.78 33000
Color  Gore Verbinski 302.0 74 2.35 0
Color Sam Mendes 602.0 6.8 2.35 85000
Color  Christopher Nolan 813.0 85 235 164000
NaN Doug Walker NaN 71 NaN 0
[%)
E Caolor Scott Smith 1.0 7.7
% Color NaN 430 75
;’ Color Benjamin Roberds 13.0 6.3
% Color Danlel Hsia 14.0 6.3
= Color Jon Gunn 430 66

4916 rows x 28 columns

Missing Values Truncated Data Data / Values

DataFrame anatomy

pandas first reads the data from disk into memory and into a DataFrame using the read
csv function. By convention, the terms index label and column name refer to the individual
members of the index and columns, respectively. The term index refers to all the index labels
as a whole, just as the term columns refers to all the column names as a whole.

The labels in index and column names allow for pulling out data based on the index and
column name. We will show that later. The index is also used for alignment. When multiple
Series or DataFrames are combined, the indexes align first before any calculation occurs.
A later recipe will show this as well.

Collectively, the columns and the index are known as the axes. More specifically, the index
is axis 0, and the columns are axis 1.

pandas uses NaN (not a number) to represent missing values. Notice that even though the
color column has string values, it uses NaN to represent a missing value.

(3 |-
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The three consecutive dots, . . ., in the middle of the columns indicate that there is at least
one column that exists but is not displayed due to the number of columns exceeding the
predefined display limits. By default, pandas shows 60 rows and 20 columns, but we have
limited that in the book, so the data fits in a page.

The .head method accepts an optional parameter, n, which controls the number of rows
displayed. The default value for n is 5. Similarly, the . tail method returns the last n rows.

DataFrame attributes

Each of the three DataFrame components-the index, columns, and data-may be accessed
from a DataFrame. You might want to perform operations on the individual components and
not on the DataFrame as a whole. In general, though we can pull out the data into a NumPy
array, unless all the columns are numeric, we usually leave it in a DataFrame. DataFrames are
ideal for managing heterogenous columns of data, NumPy arrays not so much.

This recipe pulls out the index, columns, and the data of the DataFrame into their own
variables, and then shows how the columns and index are inherited from the same object.

How to do it...

1. Use the DataFrame attributes index, columns, and values to assign the index,
columns, and data to their own variables:
>>> movies = pd.read csv("data/movie.csv")
>>> columns = movies.columns
>>> index = movies.index

>>> data = movies.to numpy ()

2. Display each component's values:

>>> columns

Index(['color', 'director name', 'num critic_ for reviews',
'duration’,

'director facebook likes', 'actor 3 facebook likes',
'actor_2 name',

'actor 1 facebook likes', 'gross', 'genres', 'actor 1
name',

'movie title', 'num voted users', 'cast total facebook
likes',

'actor 3 name', 'facenumber in poster', 'plot keywords',

'movie_imdb_link', 'num user for reviews', 'language’,
'country',

'content rating', 'budget', 'title year', ‘'actor 2

—4a1]
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facebook likes',
'imdb score', 'aspect ratio', 'movie facebook likes'],
dtype='object')
>>> index
RangeIndex(start=0, stop=4916, step=1)

>>> data

array([['Color', 'James Cameron', 723.0, ..., 7.9, 1.78, 33000],
['Color', 'Gore Verbinski', 302.0, ..., 7.1, 2.35, 0],
['Color', 'Sam Mendes', 602.0, ..., 6.8, 2.35, 85000],
['Color', 'Benjamin Roberds', 13.0, ..., 6.3, nan, 16],
['Color', 'Daniel Hsia', 14.0, ..., 6.3, 2.35, 660],
['Color', 'Jon Gunn', 43.0, ..., 6.6, 1.85, 45611,

dtype=object)
3. Output the Python type of each DataFrame component (the word following the last
dot of the output):
>>> type (index)
<class 'pandas.core.indexes.range.RangeIndex'>
>>> type (columns)
<class 'pandas.core.indexes.base.Index'>
>>> type (data)

<class 'numpy.ndarray'>

4. The index and the columns are closely related. Both of them are subclasses of
Index. This allows you to perform similar operations on both the index and the
columns:
>>> issubclass (pd.RangeIndex, pd.Index)

True
>>> issubclass(columns. class , pd.Index)

True

The index and the columns represent the same thing but along different axes. They are
occasionally referred to as the row index and column index.

There are many types of index objects in pandas. If you do not specify the index, pandas will
use a RangeIndex. A RangeIndex is a subclass of an Index that is analogous to Python's
range object. Its entire sequence of values is not loaded into memory until it is necessary
to do so, thereby saving memory. It is completely defined by its start, stop, and step values.

(5 -
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When possible, Index objects are implemented using hash tables that allow for very fast
selection and data alignment. They are similar to Python sets in that they support operations
such as intersection and union, but are dissimilar because they are ordered and can have
duplicate entries.

Notice how the .values DataFrame attribute returned a NumPy n-dimensional array, or
ndarray. Most of pandas relies heavily on the ndarray. Beneath the index, columns, and
data are NumPy ndarrays. They could be considered the base object for pandas that many
other objects are built upon. To see this, we can look at the values of the index and columns:
>>> index.to numpy ()

array ([ 0, 1, 2, ..., 4913, 4914, 4915], dtype=int64))

>>> columns.to numpy ()

array(['color', 'director name', 'num critic for reviews', 'duratiom',
'director facebook likes', 'actor 3 facebook likes',

'actor 2 name', 'actor 1 facebook likes', 'gross', 'genres',
'actor 1 name', 'movie title', 'num voted users',

'cast total facebook likes', 'actor 3 name',

'facenumber in poster', 'plot keywords', 'movie imdb link',

'num user for reviews', 'language', 'country', 'content rating',
'budget', 'title year', 'actor 2 facebook likes', 'imdb score',

'aspect ratio', 'movie facebook likes'], dtype=object)

Having said all of that, we usually do not access the underlying NumPy objects. We tend to
leave the objects as pandas objects and use pandas operations. However, we regularly apply
NumPy functions to pandas objects.

Understanding data types

In very broad terms, data may be classified as either continuous or categorical. Continuous
data is always numeric and represents some kind of measurements, such as height, wage, or
salary. Continuous data can take on an infinite number of possibilities. Categorical data, on
the other hand, represents discrete, finite amounts of values such as car color, type of poker
hand, or brand of cereal.

—e1
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pandas does not broadly classify data as either continuous or categorical. Instead, it has
precise technical definitions for many distinct data types. The following describes common

pandas data types:
» float - The NumPy float type, which supports missing values
» int - The NumPy integer type, which does not support missing values
» 'Inté64' - pandas nullable integer type
» object - The NumPy type for storing strings (and mixed types)
» 'category' - pandas categorical type, which does support missing values
» Dbool - The NumPy Boolean type, which does not support missing values (None
becomes False, np.nan becomes True)
» 'boolean' - pandas nullable Boolean type
» datetimeé64 [ns] - The NumPy date type, which does support missing values (NaT)

In this recipe, we display the data type of each column in a DataFrame. After you ingest data,
it is crucial to know the type of data held in each column as it fundamentally changes the kind
of operations that are possible with it.

How to do it...

1.

Use the .dtypes attribute to display each column name along with its data type:
>>> movies = pd.read csv("data/movie.csv")

>>> movies.dtypes

color object
director_name object
num critic_for reviews floaté64
duration floaté64
director_ facebook likes floaté64
title year float64
actor 2 facebook likes floaté64
imdb_ score float64
aspect ratio float64
movie facebook likes int64

Length: 28, dtype: object
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2. Usethe .value counts method to return the counts of each data type:

>>> movies.dtypes.value counts()

floaté64 13
inté64 3
object 12

dtype: inté64
3. Look atthe .info method:

>>> movies.info()
<class 'pandas.core.frame.DataFrame'>
RangeIndex: 4916 entries, 0 to 4915

Data columns (total 28 columns):

color 4897 non-null object
director_name 4814 non-null object
num critic_for reviews 4867 non-null float64
duration 4901 non-null float64
director facebook likes 4814 non-null float64
actor 3 facebook likes 4893 non-null float64
actor 2 name 4903 non-null object
actor 1 facebook likes 4909 non-null float64
gross 4054 non-null float64
genres 4916 non-null object
actor 1 name 4909 non-null object
movie title 4916 non-null object
num voted users 4916 non-null inté64

cast_total facebook likes 4916 non-null inté64

actor 3 name 4893 non-null object
facenumber in poster 4903 non-null float64
plot keywords 4764 non-null object
movie_ imdb_link 4916 non-null object
num user for reviews 4895 non-null float64
language 4904 non-null object
country 4911 non-null object
content_rating 4616 non-null object
budget 4432 non-null float64
title year 4810 non-null float64

—e1]

EBSCChost - printed on 2/9/2023 7:44 AMvia . Al use subject to https://wmv ebsco.conlterns-of-use



Chapter 1

actor 2 facebook likes 4903 non-null floaté64
imdb score 4916 non-null floaté64
aspect ratio 4590 non-null floaté64
movie facebook likes 4916 non-null inté64

dtypes: float64(13), int64(3), object(12)

memory usage: 1.1+ MB

Each DataFrame column lists one type. For instance, every value in the column aspect
ratio is a 64-bit float, and every value in movie facebook likes isa 64-bitinteger.
pandas defaults its core numeric types, integers, and floats to 64 bits regardless of the size
necessary for all data to fit in memory. Even if a column consists entirely of the integer value
0, the data type will still be int64.

The .value counts method returns the count of all the data types in the DataFrame when
called on the .dtypes attribute.

The object data type is the one data type that is unlike the others. A column that is of the
object data type may contain values that are of any valid Python object. Typically, when a
column is of the object data type, it signals that the entire column is strings. When you load
CSV files and string columns are missing values, pandas will stick in a NaN (float) for that cell.
So the column might have both object and float (missing) values in it. The .dtypes attribute
will show the column as an object (or O on the series). It will not show it as a mixed type
column (that contains both strings and floats):

>>> pd.Series(["Paul", np.nan, "George"]) .dtype

dtype('0")

The . info method prints the data type information in addition to the count of non-null
values. It also lists the amount of memory used by the DataFrame. This is useful information,
but is printed on the screen. The . dtypes attribute returns a pandas Series if you needed to
use the data.

There's more...

Almost all of pandas data types are built from NumPy. This tight integration makes it easier
for users to integrate pandas and NumPy operations. As pandas grew larger and more
popular, the object data type proved to be too generic for all columns with string values.
pandas created its own categorical data type to handle columns of strings (or numbers)
with a fixed number of possible values.

Bl
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Selecting a column

Selected a single column from a DataFrame returns a Series (that has the same index as the
DataFrame). It is a single dimension of data, composed of just an index and the data. You can
also create a Series by itself without a DataFrame, but it is more common to pull them off of
a DataFrame.

This recipe examines two different syntaxes to select a single column of data, a Series.
One syntax uses the index operator and the other uses attribute access (or dot notation).

How to do it...

1. Pass a column name as a string to the indexing operator to select a Series of data:
>>> movies = pd.read csv("data/movie.csv")

>>> movies["director name"]

0 James Cameron
1 Gore Verbinski
2 Sam Mendes
3 Christopher Nolan
4 Doug Walker

4911 Scott Smith
4912 NaN
4913 Benjamin Roberds
4914 Daniel Hsia
4915 Jon Gunn

Name: director name, Length: 4916, dtype: object

2. Alternatively, you may use attribute access to accomplish the same task:

>>> movies.director name

0 James Cameron
1 Gore Verbinski
2 Sam Mendes
3 Christopher Nolan
4 Doug Walker

4911 Scott Smith
4912 NaN

]
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4913 Benjamin Roberds
4914 Daniel Hsia
4915 Jon Gunn

Name: director name, Length: 4916, dtype: object

3. We can also index off of the . loc and . iloc attributes to pull out a Series. The
former allows us to pull out by column name, while the latter by position. These
are referred to as label-based and positional-based in the pandas documentation.

The usage of . 1loc specifies a selector for both rows and columns separated by
a comma. The row selector is a slice with no start or end name (:) which means
select all of the rows. The column selector will just pull out the column named
director_name.

The . iloc index operation also specifies both row and column selectors. The row
selector is the slice with no start or end index (:) that selects all of the rows. The
column selector, 1, pulls off the second column (remember that Python is zero-
based):

>>> movies.loc[:, "director name"]

0 James Cameron
1 Gore Verbinski
2 Sam Mendes
3 Christopher Nolan
4 Doug Walker

4911 Scott Smith
4912 NaN
4913 Benjamin Roberds
4914 Daniel Hsia
4915 Jon Gunn

Name: director name, Length: 4916, dtype: object

>>> movies.iloc[:, 1]

0 James Cameron
1 Gore Verbinski
2 Sam Mendes
3 Christopher Nolan
4 Doug Walker

4911 Scott Smith

EBSCChost - printed on 2/9/2023 7:44 AMvia . Al use subject to https://wmv ebsco.conlterns-of-use



Pandas Foundations

4912 NaN
4913 Benjamin Roberds
4914 Daniel Hsia
4915 Jon Gunn

Name: director name, Length: 4916, dtype: object

4. Jupyter shows the series in a monospace font, and shows the index, type, length, and
name of the series. It will also truncate data according to the pandas configuration
settings. See the image for a description of these.

Axis 0/ "index" Data / Values
0 James Cameron
(7)) 1 Gore Verbinski
© 2 Sam Mendes
{% 3 Christopher Nolan
| 4 Doug Walker
% : Truncated Data
4911 Scott Smith
2 4012 NaN
- 4913 Benjamin Roberds
4914 Daniel Hsia
4915 Jon Gunn

Name: director_name, Length: 4916, dtype: object

Series anatomy
You can also view the index, type, length, and name of the series with the appropriate
attributes:
>>> movies["director name"].index

RangeIndex (start=0, stop=4916, step=1)

>>> movies["director name"] .dtype

dtype('0'")

>>> movies["director name"].size

4196

>>> movies["director name"] .name

'director name'

Sk
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5. Verify that the output is a Series:
>>> type(movies["director name"])

<class 'pandas.core.series.Series'>

6. Note that even though the type is reported as object, because there are missing
values, the Series has both floats and strings in it. We can use the .apply method
with the type function to get back a Series that has the type of every member.
Rather than looking at the whole Series result, we will chain the .unique method
onto the result, to look at just the unique types that are found in the director
name column:

>>> movies["director name"].apply (type) .unique ()

array([<class 'str'>, <class 'float'>], dtype=object)

A pandas DataFrame typically has multiple columns (though it may also have only one
column). Each of these columns can be pulled out and treated as a Series.

There are many mechanisms to pull out a column from a DataFrame. Typically the easiest is to
try and access it as an attribute. Attribute access is done with the dot operator (.notation).
There are good things about this:

» Least amount of typing

» Jupyter will provide completion on the name
» Jupyter will provide completion on the Series attributes

There are some downsides as well:

» Only works with columns that have names that are valid Python attributes and do not
conflict with existing DataFrame attributes

» Cannot create a new column, can only update existing ones

What is a valid Python attribute? A sequence of alphanumerics that starts with a character
and includes underscores. Typically these are in lowercase to follow standard Python naming
conventions. This means that column names with spaces or special characters will not work
with an attribute.

Selecting column names using the index operator ( [) will work with any column name. You
can also create and update columns with this operator. Jupyter will provide completion on the
column name when you use the index operator, but sadly, will not complete on subsequent
Series attributes.
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| often find myself using attribute access because getting completion on the Series attribute
is very handy. But, | also make sure that the column names are valid Python attribute names
that don't conflict with existing DataFrame attributes. | also try not to update using either
attribute or index assignment, but rather using the . assign method. You will see many
examples of using .assign in this book.

To get completion in Jupyter an press the Tab key following a dot, or after starting a string in
an index access. Jupyter will pop up a list of completions, and you can use the up and down
arrow keys to highlight one, and hit Enter to complete it.

Calling Series methods

A typical workflow in pandas will have you going back and forth between executing statements
on Series and DataFrames. Calling Series methods is the primary way to use the abilities that
the Series offers.

Both Series and DataFrames have a tremendous amount of power. We can use the built-in
dir function to uncover all the attributes and methods of a Series. In the following code, we
also show the number of attributes and methods common to both Series and DataFrames.
Both of these objects share the vast majority of attribute and method names:

>>> s_attr_methods = set(dir(pd.Series))

>>> len(s_attr_methods)

471

>>> df_attr_methods = set(dir(pd.DataFrame))

>>> len(df_attr_methods)

458

>>> len(s_attr methods & df attr methods)

400

As you can see there is a lot of functionality on both of these objects. Don't be overwhelmed
by this. Most pandas users only use a subset of the functionality and get along just fine.

This recipe covers the most common and powerful Series methods and attributes. Many of
the methods are nearly equivalent for DataFrames.

Sz
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How to do it...

1. After reading in the movies dataset, select two Series with different data types.
The director name column contains strings (pandas calls this an object or O
data type), and the column actor 1 facebook likes contains numerical data
(formally f1loat64):

>>> movies = pd.read csv("data/movie.csv")
>>> director = movies|["director name"]

>>> fb likes = movies["actor 1 facebook likes"]

>>> director.dtype

dtype('0"')

>>> fb likes.dtype
dtype ('float64"')

2. The .head method lists the first five entries of a Series. You may provide an optional
argument to change the number of entries returned. Another option is to use the
.sample method to view some of the data. Depending on your dataset, this might
provide better insight into your data as the first rows might be very different from
subsequent rows:

>>> director.head ()
James Cameron
Gore Verbinski
Sam Mendes

Christopher Nolan

B, W N B O

Doug Walker

Name: director name, dtype: object

>>> director.sample(n=5, random state=42)

2347 Brian Percival
4687 Lucio Fulci
691 Phillip Noyce
3911 Sam Peckinpah
2488 Rowdy Herrington

Name: director name, dtype: object

>>> fb likes.head()
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0 1000.0
1 40000.0
2 11000.0
3 27000.0
4 131.0

Name: actor 1 facebook likes, dtype: floaté64

3. The data type of the Series usually determines which of the methods will be the most
useful. For instance, one of the most useful methods for the object data type Series
is .value counts, which calculates the frequencies:

>>> director.value counts()

Steven Spielberg 26
Woody Allen 22
Clint Eastwood 20
Martin Scorsese 20
Ridley Scott 16

Eric England 1
Moustapha Akkad 1
Jay Oliva 1
Scott Speer 1
Leon Ford 1

Name: director name, Length: 2397, dtype: inté64

4. The .value_ counts method is typically more useful for Series with object data
types but can occasionally provide insight into numeric Series as well. Used with fb
likes, it appears that higher numbers have been rounded to the nearest thousand
as it is unlikely that so many movies received exactly 1,000 likes:

>>> fb likes.value counts()

1000.0 436
11000.0 206
2000.0 189
3000.0 150
12000.0 131
362.0 1
216.0 1
859.0 1

6]
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225.0 1
334.0 1
Name: actor 1 facebook likes, Length: 877, dtype: inté4

5. Counting the number of elements in the Series may be done with the .size or
. shape attribute or the built-in 1en function. The .unique method will return
a NumPy array with the unique values:

>>> director.size
4916
>>> director.shape
(4916,)
>>> len(director)
4916
>>> director.unique()
array(['James Cameron', 'Gore Verbinski', 'Sam Mendes', ...,
'Scott Smith', 'Benjamin Roberds', 'Daniel Hsia'l,
dtype=object)
6. Additionally, there is the . count method, which doesn't return the count of items,
but the number of non-missing values:
>>> director.count ()

4814

>>> fb likes.count ()

4909

7. Basic summary statistics are provided with .min, .max, .mean, .median, and .std:
>>> fb likes.min ()

0.0

>>> fb likes.max()

640000.0

>>> fb likes.mean()

6494.488490527602

>>> fb likes.median()

982.0

EBSCChost - printed on 2/9/2023 7:44 AMvia . Al use subject to https://wmv ebsco.conlterns-of-use



Pandas Foundations

>>> fb likes.std()
15106.986883848309

8. To simplify step 7, you may use the .describe method to return both the summary

statistics and a few of the quantiles at once. When .describe is used with an
object data type column, a completely different output is returned:

>>> fb likes.describe()

count 4909.000000
mean 6494.488491
std 15106.986884
min 0.000000
25% 607.000000
50% 982.000000
75% 11000.000000
max 640000.000000

Name: actor 1 facebook likes, dtype: floaté64

>>> director.describe()

count 4814
unique 2397
top Steven Spielberg
freq 26

Name: director name, dtype: object

9. The .quantile method calculates the quantile of numeric data. Note that if you
pass in a scaler, you will get scalar output, but if you pass in a list, the output is
a pandas Series:

>>> fb likes.quantile(0.2)
510.0
>>> fb likes.quantile(

(0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9]

240.
510.
694.
854.
982.
1000.

o O o o o o
. . . . . .

QA U1 & W N
O O o o o o

]
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0.7 8000.0
0.8 13000.0
0.9 18000.0

Name: actor 1 facebook likes, dtype: floaté64

10. Since the . count method in step 6 returned a value less than the total number
of Series elements found in step 5, we know that there are missing values in each
Series. The . isna method can be used to determine whether each individual value is
missing or not. The result is a Series. You may see this referred to as a Boolean array
(a Series with Boolean values that has the same index and length as the original
Series):

>>> director.isna()

0 False
1 False
2 False
3 False
4 False
4911 False
4912 True
4913 False
4914 False
4915 False

Name: director name, Length: 4916, dtype: bool

11. Itis possible to replace all missing values within a Series with the . £i11na method:
>>> fb likes filled = fb likes.fillna(0)
>>> fb likes filled.count()
4916

12. To remove the entries in Series elements with missing values, use the .dropna
method:
>>> fb likes dropped = fb likes.dropna()
>>> fb likes dropped.size

4909
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The methods used in this recipe were chosen because of how frequently they are used in data
analysis.

The steps in this recipe return different types of objects.

The result from the . head method in step 1 is another Series. The .value counts method
also produces a Series but has the unique values from the original Series as the index and the
count as its values. In step 5, the . size property and . count method return scalar values,
but the . shape property returns a one-item tuple. This is a convention borrowed from NumPy,
which allows for arrays of arbitrary dimensions.

In step 7, each individual method returns a scalar value.

In step 8, the .describe method returns a Series with all the summary statistic names as
the index and the statistic as the values.

In step 9, the . quantile method is flexible and returns a scalar value when passed a single
value but returns a Series when given a list.

Insteps 10, 11,and 12, .isna, .fillna, and .dropna all return a Series.

There's more...

The .value counts method is one of the most informative Series methods and heavily
used during exploratory analysis, especially with categorical columns. It defaults to returning
the counts, but by setting the normalize parameter to True, the relative frequencies are
returned instead, which provides another view of the distribution:

>>> director.value counts(normalize=True)

Steven Spielberg 0.005401
Woody Allen 0.004570
Clint Eastwood 0.004155
Martin Scorsese 0.004155
Ridley Scott 0.003324
Eric England 0.000208
Moustapha Akkad 0.000208
Jay Oliva 0.000208
Scott Speer 0.000208
Leon Ford 0.000208

Name: director name, Length: 2397, dtype: floaté64

=]
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In this recipe, we determined that there were missing values in the Series by observing
that the result from the . count method did not match the . size attribute. A more direct
approach is to inspect the .hasnans attribute:

>>> director.hasnans

True

There exists a complement of . isna; the .notna method, which returns True for all the
non-missing values:

>>> director.notna/()

0 True
1 True
2 True
3 True
4 True
4911 True
4912 False
4913 True
4914 True
4915 True

Name: director name, Length: 4916, dtype: bool

There is also a . isnull method, which is an alias for . isna. I'm lazy so if | can type less
while still being explicit about my intentions, then I'm all for it. Because pandas uses NaN all
over the place, | prefer the spelling of . isna to .isnull. We don't ever see NULL anywhere
in the pandas or Python world.

Series operations

There exist a vast number of operators in Python for manipulating objects. For instance, when
the plus operator is placed between two integers, Python will add them together:

>>> 5 + 9 # plus operator example. Adds 5 and 9

14

Series and DataFrames support many of the Python operators. Typically, a new Series
or DataFrame is returned when using an operator.

In this recipe, a variety of operators will be applied to different Series objects to produce
a new Series with completely different values.

s
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How to do it...

1. Selectthe imdb_score column as a Series:
>>> movies = pd.read csv("data/movie.csv")
>>> imdb score = movies["imdb score"]

>>> imdb score

0 7.9
1 7.1
2 6.8
3 8.5
4 7.1

4911 7.7

4912 7.5
4913 6.3
4914 6.3
4915 6.6

Name: imdb score, Length: 4916, dtype: floaté64

2. Use the plus operator to add one to each Series element:

>>> imdb score + 1

0 8.9
1 8.1
2 7.8
3 9.5
4 8.1

4911 8.7

4912 8.5
4913 7.3
4914 7.3

4915 7.6
Name: imdb score, Length: 4916, dtype: floaté64
3. The other basic arithmetic operators, minus (-), multiplication (*), division (/), and

exponentiation (**) work similarly with scalar values. In this step, we will multiply the
series by 2.5:

>>> imdb score * 2.5

=
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0 19.75
1 17.75
2 17.00
3 21.25
4 17.75

4911 19.25

4912 18.75
4913 15.75
4914 15.75

4915 16.50
Name: imdb score, Length: 4916, dtype: floaté64

4. Python uses a double slash (/ /) for floor division. The floor division operator
truncates the result of the division. The percent sign (%) is the modulus operator,
which returns the remainder after a division. The Series instances also support
these operations:
>>> imdb score // 7

0 .0

H B O R R

1 0
2 0
3 0
4 0

4911
4912
4913
4914
4915 0.

o o KB B
. . . .
o O o o o

Name: imdb score, Length: 4916, dtype: floaté64

5. There exist six comparison operators, greater than (>), less than (<), greater than or
equal to (>=), less than or equal to (<=), equal to (==), and not equal to (! =). Each
comparison operator turns each value in the Series to True or False based on the
outcome of the condition. The result is a Boolean array, which we will see is very
useful for filtering in later recipes:

>>> imdb score > 7

0 True
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1 True
2 False
3 True
4 True
4911 True
4912 True

4913 False
4914 False
4915 False
Name: imdb score, Length: 4916, dtype: bool

>>> director = movies|["director name"]

>>> director == "James Cameron"
0 True
1 False
2 False
3 False
4 False

4911 False
4912 False
4913 False
4914 False
4915 False
Name: director name, Length: 4916, dtype: bool

All the operators used in this recipe apply the same operation to each element in the Series.
In native Python, this would require a for loop to iterate through each of the items in the
sequence before applying the operation. pandas relies heavily on the NumPy library, which
allows for vectorized computations, or the ability to operate on entire sequences of data
without the explicit writing of for loops. Each operation returns a new Series with the same
index, but with the new values.

=
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There's more...

All of the operators used in this recipe have method equivalents that produce the exact same
result. For instance, in step 1, imdb_score + 1 can be reproduced with the .add method.

Using the method rather than the operator can be useful when we chain methods together.
Here are a few examples:

>>> imdb score.add(l) # imdb score + 1

0 8.9
1 8.1
2 7.8
3 9.5
4 8.1

4911 8.7

4912 8.5
4913 7.3
4914 7.3

4915 7.6
Name: imdb score, Length: 4916, dtype: floaté64

>>> imdb score.gt(7) # imdb score > 7

0 True
1 True
2 False
3 True
4 True
4911 True
4912 True
4913 False
4914 False
4915 False

Name: imdb score, Length: 4916, dtype: bool

EBSCChost - printed on 2/9/2023 7:44 AMvia . Al use subject to https://wmv ebsco.conlterns-of-use



Pandas Foundations

Why does pandas offer a method equivalent to these operators? By its nature, an operator
only operates in exactly one manner. Methods, on the other hand, can have parameters that
allow you to alter their default functionality.

Other recipes will dive into this further, but here is a small example. The . sub method
performs subtraction on a Series. When you do subtraction with the - operator, missing
values are ignored. However, the . sub method allows you to specifya £i11 value
parameter to use in place of missing values:

>>> money = pd.Series([100, 20, Nonel)

>>> money - 15

0 85.0
1 5.0
2 NaN

dtype: floaté64

>>> money.sub (15, fill value=0)

0 85.0
1 5.0
2 -15.0

dtype: floaté64

Following is a table of operators and the corresponding methods:

Operator group | Operator Series method name
Arithmetic += %)) )%, R .add, .sub, .mul, .div, .floordiv, .mod, .pow
Comparison <,>,<=,>=,==,l= .1t, .gt, .1le, .ge, .eq, .ne

You may be curious as to how a Python Series object, or any object for that matter, knows
what to do when it encounters an operator. For example, how does the expression imdb
score * 2.5 know to multiply each element in the Series by 2.5? Python has a built-in,
standardized way for objects to communicate with operators using special methods.

Special methods are what objects call internally whenever they encounter an operator.
Special methods always begin and end with two underscores. Because of this, they are also
called dunder methods as the method that implements the operator is surrounded by double
underscores (dunder being a lazy geeky programmer way of saying "double underscores").
For instance, the special method . mul is called whenever the multiplication operator

is used. Python interprets the imdb_score * 2.5 expression as imdb _score. mul
(2.5).

=]
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There is no difference between using the special method and using an operator as they
are doing the exact same thing. The operator is just syntactic sugar for the special method.
However, calling the .mul method is different than callingthe . mul _ method.

Chaining Series methods

In Python, every variable points to an object, and many attributes and methods return new
objects. This allows sequential invocation of methods using attribute access. This is called
method chaining or flow programming. pandas is a library that lends itself well to method
chaining, as many Series and DataFrame methods return more Series and DataFrames,
upon which more methods can be called.

To motivate method chaining, let's take an English sentence and translate the chain of events
into a chain of methods. Consider the sentence: A person drives to the store to buy food, then
drives home and prepares, cooks, serves, and eats the food before cleaning the dishes.

A Python version of this sentence might take the following form:

(person.drive ('store!')
.buy ('food")

.drive ('home')
.prepare ('food")

.cook ('food")

.serve ('food')

.eat ('food")

.cleanup ('dishes')

)

In the preceding code, the person is the object (or instance of a class) that calls a method.
Each method returns another instance that allows the chain of calls to happen. The
parameter passed to each of the methods specifies how the method operates.

Although it is possible to write the entire method chain in a single unbroken line, it is far more
palatable to write a single method per line. Since Python does not normally allow a single
expression to be written on multiple lines, we have a couple of options. My preferred style is
to wrap everything in parentheses. Alternatively, you may end each line with a backslash (\)
to indicate that the line continues on the next line. To improve readability even more, you can
align the method calls vertically.

This recipe shows a similar method chaining using a pandas Series.
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How to do it...

1. Load in the movie dataset, and pull two columns out of it:
>>> movies = pd.read csv("data/movie.csv")
>>> fb likes = movies|["actor 1 facebook likes"]

>>> director = movies|["director name"]

2. Two of the most common methods to append to the end of a chain are the .head or
the . sample method. This suppresses long output. If the resultant DataFrame is very
wide, | like to transpose the results using the . T property. (For shorter chains, there
isn't as great a need to place each method on a different line):

>>> director.value counts() .head(3)

Steven Spielberg 26
Woody Allen 22
Clint Eastwood 20

Name: director name, dtype: inté64

3. A common way to count the number of missing values is to chain the . sum method
after a call to . isna:
>>> fb likes.isna() .sum()

7

4. All the non-missing values of £b_1likes should be integers as it is impossible to have
a partial Facebook like. In most pandas versions, any humeric columns with missing
values must have their data type as f1loat (pandas 0.24 introduced the Inté64 type,
which supports missing values but is not used by default). If we fill missing values
from £b_1ikes with zeros, we can then convert it to an integer with the .astype
method:

>>> fb likes.dtype
dtype ('float64"')
>>> (fb_likes.fillna(0) .astype(int) .head())

0 1000
1 40000
2 11000
3 27000
4 131

Name: actor 1 facebook likes, dtype: inté64

=]
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Step 2 first uses the .value counts method to return a Series and then chains the .head
method to select the first three elements. The final returned object is a Series, which could
also have had more methods chained on it.

In step 3, the . isna method creates a Boolean array. pandas treats False and True as
0 and 1, so the . sum method returns the number of missing values.

Each of the three chained methods in step 4 returns a Series. It may not seem intuitive,
but the . astype method returns an entirely new Series with a different data type.

There's more...

One potential downside of chaining is that debugging becomes difficult. Because none of the
intermediate objects created during the method calls is stored in a variable, it can be hard
to trace the exact location in the chain where it occurred.

One of the nice aspects of putting each call on its own line is that it enables debugging of
more complicated commands. | typically build up these chains one method at a time, but
occasionally I need to come back to previous code or tweak it slightly.

To debug this code, | start by commenting out all of the commands except the first. Then
| uncomment the first chain, make sure it works, and move on to the next.

If | were debugging the previous code, | would comment out the last two method calls and
make sure | knew what . £i11na was doing:

>>>
fb likes.fillna(0)
# .astype(int)
# .head()

)

0 1000.0

1 40000.0

2 11000.0

3 27000.0

4 131.0

4911 637.0

4912 841.0

4913 0.0
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4914 946.0
4915 86.0
Name: actor 1 facebook likes, Length: 4916, dtype: floaté64

Then | would uncomment the next method and ensure that it was working correctly:

>>>
fb likes.fillna(0) .astype(int)
# .head()
)
0 1000
1 40000
2 11000
3 27000
4 131
4911 637
4912 841
4913 0
4914 946
4915 86

Name: actor 1 facebook likes, Length: 4916, dtype: inté64

Another option for debugging chains is to call the . pipe method to show an intermediate
value. The .pipe method on a Series needs to be passed a function that accepts a Series as
input and can return anything (but we want to return a Series if we want to use it in a method
chain).

This function, debug _ser, will print out the value of the intermediate result:
>>> def debug ser(ser):

print ("BEFORE")

print (ser)

print ("AFTER")

return ser

>>> (fb_likes.fillna(0) .pipe(debug ser) .astype(int) .head())

BEFORE
0 1000.0
1 40000.0

NED
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4911
4912
4913
4914
4915

Name: actor 1 facebook likes, Length: 4916, dtype:

AFTER

0 1
1 40
2 11
3 27
4

Name: actor 1 facebook likes, dtype: inté64

11000.0
27000.0
131.0
637.0
841.0
0.0
946.0
86.0

000
000
000
000
131

Chapter 1

If you want to create a global variable to store an intermediate value you can also use .pipe:

>>> int

>>> def

ermediate = None

get intermediate(ser):
global intermediate
intermediate = ser

return ser

= (

fb likes.fillna(0)
.pipe(get intermediate)
.astype(int)

.head ()

>>> intermediate

1000.0
40000.0
11000.0
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3 27000.0
4 131.0
4911 637.0
4912 841.0
4913 0.0
4914 946.0
4915 86.0

Name: actor 1 facebook likes, Length: 4916, dtype: floaté64

As was mentioned at the beginning of the recipe, it is possible to use backslashes for
multi line code. Step 4 may be rewritten this way:
>>> fb likes.fillna(0)\
.astype (int)\
.head ()
1000
40000
11000
27000
131

s W DM B O

Name: actor 1 facebook likes, dtype: inté64

| prefer wrapping the chain with parentheses. Having to continually add trailing backslashes
when you add a method to the chain is annoying.

Renaming column names

One of the most common operations on a DataFrame is to rename the column names. | like to
rename my columns so that they are also valid Python attribute names. This means that they
do not start with numbers and are lowercased alphanumerics with underscores. Good column
names should also be descriptive, brief, and not clash with existing DataFrame or Series
attributes.

In this recipe, the column names are renamed. The motivation for renaming is to make your
code easier to understand, and also let your environment assist you. Recall that Jupyter will
allow you to complete Series methods if you accessed the Series using dot notation (but will
not allow method completion on index access).

=
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How to do it...

1. Read in the movie dataset, and make the index meaningful by setting it as the movie
title:

>>> movies = pd.read csv("data/movie.csv")

2. The renamed DataFrame method accepts dictionaries that map the old value to the
new value. Let's create one for the columns:

>>> col map = {
e "director name": "director",
.o "num critic for reviews": "critic reviews",

3. Pass the dictionaries to the rename method, and assign the result to a new variable:

>>> movies.rename (columns=col map) .head ()

color director ... aspec/ratio movie/likes
0 Color James Cameron ... 1.78 33000
1 Color Gore Verbinski ... 2.35 0
2 Color Sam Mendes ... 2.35 85000
3 Color Christopher Nolan ... 2.35 164000
4 NaN Doug Walker ... NaN 0

The . rename method on a DataFrame allows for column labels to be renamed. We can
rename the columns by assigning to the columns attribute. But we cannot chain on an
assignment. As | keep saying, | prefer chaining because it makes our code easier to read.
The next section shows an example of renaming via assignment to the . column attribute:

There's more...

In this recipe, we changed the names of the columns. You can also rename the index using
the . rename method if you want to. This makes more sense if the columns are string values.
So we will set the index to the movie title column and then map those values to new ones:

>>> idx map = {

e "Avatar": "Ratava",
e "Spectre": "Ertceps",
e "Pirates of the Caribbean: At World's End": "POC",
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.o}
>>> col map = {
. "aspect ratio": "aspect",
“en "movie facebook likes": "fblikes",
.o}
>>>
“en movies.set index("movie title")
“en .rename (index=idx map, columns=col map)
“en .head(3)
e )
color director name ... aspect fblikes
movie title .o
Ratava Color James Cameron ... 1.78 33000
POC Color Gore Verbinski ... 2.35 0
Ertceps Color Sam Mendes ... 2.35 85000

There are multiple ways to rename row and column labels. It is possible to reassign the index
and column attributes to a Python list. This assignment works when the list has the same
number of elements as the row and column labels.

The following code shows an example. We will read the data from the CSV file, and use the
index col parameter to tell pandas to use the movie title column as the index. Then
we use the .tolist method on each Index object to create a Python list of labels. We then
modify three values in each of the lists and reassign them to the . index and . column
attributes:

>>> movies = pd.read csv(

.o "data/movie.csv", index col="movie title"

>>> ids = movies.index.to list()

>>> columns = movies.columns.to list()

# rename the row and column labels with list assignments
>>> ids[0] = "Ratava"

>>> ids[1] = "pPOC"

>>> ids[2] = "Ertceps"

>>> columns[1l] = "director"

>>> columns[-2] = "aspect"

>>> columns[-1] = "fblikes"

>>> movies.index = ids

S E
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>>> movies.columns = columns
>>> movies.head (3)

color director
Ratava Color James Cameron
POC Color Gore Verbinski

Ertceps Color Sam Mendes

aspect
1.78
2.35
2.35

fblikes
33000

0

85000

Chapter 1

Another option is to pass a function into the . rename method. The function takes a column
name and returns a new name. Assuming there are spaces and uppercases in the columns,

this code will clean them up:

>>> def to clean(val):

. return val.strip().lower () .replace("

>>> movies.rename (columns=to clean) .head(3)

color director
Ratava Color James Cameron
POC Color Gore Verbinski

Ertceps Color Sam Mendes

aspect
1.78
2.35
2.35

] , ll_ll)

fblikes
33000

0

85000

In pandas code in the wild, you will also see list comprehensions used to clean up the column
names. With the new cleaned up list, you can reassign the result back to the . columns
attribute. Assuming there are spaces and uppercases in the columns, this code will clean

them up:

>>> cols = [

e col.strip() .lower () .replace("
. for col in movies.columns
|

>>> movies.columns = cols

>>> movies.head (3)

color director
Ratava Color James Cameron
POC Color Gore Verbinski

Ertceps Color Sam Mendes

n 1]
’

aspect
1.78
2.35
2.35

fblikes
33000

0

85000

Because this code mutates the original DataFrame, consider using the . rename method.
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Creating and deleting columns

During data analysis, it is likely that you will need to create new columns to represent new
variables. Commonly, these new columns will be created from previous columns already in
the dataset. pandas has a few different ways to add new columns to a DataFrame.

In this recipe, we create new columns in the movie dataset by using the . assign method
and then delete columns with the . drop method.

How to do it...

1. One way to create a new column is to do an index assignment. Note that this will not
return a new DataFrame but mutate the existing DataFrame. If you assign the column
to a scalar value, it will use that value for every cell in the column. Let's create the
has_seen column in the movie dataset to indicate whether or not we have seen the
movie. We will assign zero for every value. By default, new columns are appended to
the end:

>>> movies = pd.read csv("data/movie.csv")

>>> movies["has seen"] = 0

2. While this method works and is common, as | find myself chaining methods very
often, | prefer to use the . assign method instead. This will return a new DataFrame
with the new column. Because it uses the parameter name as the column name, the
column name must be a valid parameter name:

>>> movies = pd.read csv("data/movie.csv")

>>> idx map = {
"Avatar": "Ratava",
"Spectre": "Ertceps",
"Pirates of the Caribbean: At World's End": "POC",
}
>>> col map = {
"aspect ratio": "aspect",
"movie facebook likes": "fblikes",
}
>>>

movies.rename (
index=idx map, columns=col map

) .assign (has_ seen=0)

NEQ
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4911
4912
4913
4914
4915

color
Color
Color
Color
Color

NaN
Color
Color
Color
Color

Color

director name
James Cameron
Gore Verbinski
Sam Mendes
Christopher Nolan
Doug Walker

Scott Smith

NaN

Benjamin Roberds
Daniel Hsia

Jon Gunn

fblikes
33000
0
85000
164000
0

84
32000
16

660
456

has seen

O O o o o
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3. There are several columns that contain data on the number of Facebook likes. Let's
add up all actor and director Facebook like columns and assign them to the total
likes column. We can do this in a couple of ways.

We can add each of the columns:

>>>

>>>
0
1
2
3
4

dtyp

total =

movies["actor 1 facebook likes"]

+ movies["actor 2 facebook likes"]

+ movies["actor 3 facebook likes"]

+ movies["director facebook likes"]

total.head(5)

2791.0
46563.0
11554.0
95000.0

NaN

e: float64

My preference is to use methods that we can chain, so | prefer calling . sum here.
I will pass in a list of columns to select to . 1oc to pull out just those columns that
| want to sum:

>>>

cols = [

"actor 1 facebook likes",
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NED

"actor 2 facebook likes",
"actor 3 facebook likes",
"director facebook likes",
1
>>> sum col = movies.loc[:, cols].sum(axis="columns")

>>> sum col.head(5)

0 2791.0
1 46563.0
2 11554.0
3 95000.0
4 274.0

dtype: floaté64

Then we can assign this Series to the new column. Note that when we called the
+ operator, the result had missing numbers (NaN), but the . sum method ignores
missing numbers by default, so we get a different result:

>>> movies.assign(total likes=sum col) .head(5)

color direc/ name ... movie/likes total/likes
0 Color James Cameron ... 33000 2791.0
1 Color Gore Verbinski ... 0 46563.0
2 Color Sam Mendes ... 85000 11554.0
3 Color Christopher Nolan ... 164000 95000.0
4 NaN Doug Walker ... 0 274.0

Another option is to pass in a function as the value of the parameter in the call
to the . assign method. This function accepts a DataFrame as input and should
return a Series:

>>> def sum likes(df):
return df[

[
c
for ¢ in df.columns
if "like" in c
and ("actor" in c or "director" in c)

1

] .sum(axis=1)

printed on 2/9/2023 7:44 AMvia . Al use subject to https://ww.ebsco.coniterns-of-use



EBSCChost -

Chapter 1

>>> movies.assign(total likes=sum likes) .head(5)

color direc/ name ... movie/likes total/likes
0 Color James Cameron ... 33000 2791.0
1 Color Gore Verbinski ... 0 46563.0
2 Color Sam Mendes ... 85000 11554.0
3 Color Christopher Nolan ... 164000 95000.0
4 NaN Doug Walker ... 0 274.0

From the Calling Series methods recipe in this chapter, we know that this dataset
contains missing values. When numeric columns are added to one another as in the
preceding step using the plus operator, the result is NaN if there is any value missing.
However, with the . sum method it converts NaN to zero.

Let's check if there are missing values in our new column using both methods:

>>>
movies.assign(total likes=sum col) ["total likes"]
.isna()
.sum()
)
0
>>>
movies.assign(total likes=total) ["total likes"]
.isna()
.sum()
)
122

We could fill in the missing values with zero as well:

>>>
movies.assign(total likes=total.fillna(0)) [
"total likes"
1
.isna()
.sum()
)
0
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5. There is another column in the dataset named cast total facebook likes.
It would be interesting to see what percentage of this column comes from our newly
created column, total likes. Before we create our percentage column, let's do
some basic data validation. We will ensure that cast total facebook likes
is greater than or equal to total likes:

>>> def cast like gt actor (df):

.o return (
cen df ["cast total facebook likes"]
“en >= df ["total likes"]

>>> df2 = movies.assign(
“en total likes=total,

“en is cast likes more=cast like gt actor,

6. is cast likes more is now a column from a Boolean array. We can check
whether all the values of this column are True using the .all method:

>>> df2["is cast likes more"].all()

False

7. ltturns out that there is at least one movie with more total likes than cast
total facebook_ likes. It could be that director Facebook likes are not part of
the cast total likes. Let's backtrack and delete the total likes column. We can
use the .drop method with the columns parameter to do that:

>>> df2 = df2.drop(columns="total likes")

8. Let's recreate a Series of just the total actor likes:
>>> actor_sum = movies|[

[

e c
e for ¢ in movies.columns
P if "actor " in ¢ and "_likes" in ¢

1

... ].sum(axis="columns")

>>> actor_ sum.head(5)
0 2791.0
1 46000.0

=)
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2 11554.0
3 73000.0
4 143.0
dtype: floaté64

9. Check again whether all the values in cast_total facebook likes are greater
than actor_sum. We can do this with the >= operator or the .ge method:

>>> movies["cast total facebook likes"] >= actor sum

0
1
2
3
4

4911
4912
4913
4914
4915

True
True
True
True
True
True
True
True
True

True

Length: 4916, dtype: bool

>>> movies["cast total facebook likes"].ge(actor sum)

0
1
2
3
4

4911
4912
4913
4914
4915

True
True
True
True
True
True
True
True
True

True

Length: 4916, dtype: bool

>>> movies["cast total facebook likes"].ge(actor sum).all()

True
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10. Finally, let's calculate the percentage of the cast _total facebook likes that
come from actor sum:

>>> pct like = actor sum.div(
movies["cast total facebook likes"]

) .mul (100)

11. Let's validate that the minimum and maximum of this Series fall between 0 and 1:
>>> pct_like.describe()

count 4883.000000

mean 83.327889
std 14.056578
min 30.076696
25% 73.528368
50% 86.928884
75% 95.477440
max 100.000000

dtype: floaté64

12. We can then create a Series using the movie title column as the index. The
Series constructor lets us pass in both the values and an index:
>>> pd.Series(
pct like.to numpy (), index=movies["movie title"]
) .head ()

movie title

Avatar 57.736864
Pirates of the Caribbean: At World's End 95.139607
Spectre 98.752137
The Dark Knight Rises 68.378310
Star Wars: Episode VII - The Force Awakens 100.000000

dtype: floaté64

Many pandas operations are flexible, and column creation is one of them. This recipe assigns
both a scalar value, as seen in step 1, and a Series, as seen in step 2, to create a new
column.

=
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Step 3 adds four different Series together with the plus operator and the . sum method. Step
4 uses method chaining to find and fill missing values. Step 5 uses the greater than or equal
comparison operator to return a Boolean Series, which is then evaluated with the .al1l
method in step 6 to check whether every single value is True or not.

The .drop method accepts the name of the row or column to delete. It defaults to dropping
rows by the index names. To drop columns, you must set the axis parameter to either 1 or
'columns'. The default value for axis is 0 or ' index'.

Steps 8 and 9 redo the work of step 3 to step 6 without the total likes column. Step
10 finally calculates the desired column we wanted since step 4. Step 11 validates that the
percentages are between 0 and 100.

It is possible to insert a new column into a specific location in a DataFrame with the . insert
method. The . insert method takes the integer position of the new column as its first
argument, the name of the new column as its second, and the values as its third. You will
need to use the .get_loc Index method to find the integer location of the column name.

The . insert method modifies the calling DataFrame in-place, so there won't be an
assignment statement. It also returns None. For this reason, | prefer the . assign method to
create new columns. If | need them in order, | can pass in an ordered list of columns into the
index operator (or to . loc).

The profit of each movie is calculated by subtracting budget from gross and inserting it after
gross with the following;:
>>> profit index = movies.columns.get loc("gross") + 1
>>> profit index
9
>>> movies.insert (
loc=profit_index,
column="profit",
value=movies ["gross"] - movies["budget"],

)

An alternative to deleting columns with the . drop method is to use the del statement. This
also does not return a new DataFrame, so favor . drop over this:

>>> del movies["director name"]
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EBSCChost -

Essential DataFrame
Operations

Introduction

This chapter covers many fundamental operations of the DataFrame. Many of the recipes
will be similar to those in Chapter 1, Pandas Foundations, which primarily covered operations
on a Series.

Selecting multiple DataFrame columns

We can select a single column by passing the column name to the index operator of

a DataFrame. This was covered in the Selecting a column recipe in Chapter 1, Pandas
Foundations. It is often necessary to focus on a subset of the current working dataset,
which is accomplished by selecting multiple columns.

In this recipe, all the actor and director columns will be selected from the movie dataset.

How to do it...

1. Read in the movie dataset, and pass in a list of the desired columns to the indexing
operator:

>>> import pandas as pd

>>> import numpy as np
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>>> movies = pd.read csv("data/movie.csv")
>>> movie actor director = moviesl

oo [

oo "actor_ 1 name",

oo "actor 2 name",

oo "actor_ 3 name",

“en "director name",

een ]
>>> movie actor director.head()

actor 1 name actor 2 name actor 3 name director name

0 CCH Pounder Joel Dav... Wes Studi James Ca...
1 Johnny Depp Orlando ... Jack Dav... Gore Ver...
2 Christop... Rory Kin... Stephani... Sam Mendes
3 Tom Hardy Christia... Joseph G... Christop...
4 Doug Walker Rob Walker NaN Doug Walker

2. There are instances when one column of a DataFrame needs to be selected. Using
the index operation can return either a Series or a DataFrame. If we pass in a list
with a single item, we will get back a DataFrame. If we pass in just a string with
the column name, we will get a Series back:

>>> type (movies[["director name"]])

<class 'pandas.core.frame.DataFrame'>

>>> type (movies["director name"])

<class 'pandas.core.series.Series'>

3. We can also use .1loc to pull out a column by name. Because this index operation
requires that we pass in a row selector first, we will use a colon (:) to indicate a slice
that selects all of the rows. This can also return either a DataFrame or a Series:
>>> type (movies.loc[:, ["director name"]])

<class 'pandas.core.frame.DataFrame'>

>>> type (movies.loc[:, "director name"])

<class 'pandas.core.series.Series'>

=)
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The DataFrame index operator is very flexible and capable of accepting a number of different
objects. If a string is passed, it will return a single-dimensional Series. If a list is passed to the
indexing operator, it returns a DataFrame of all the columns in the list in the specified order.

Step 2 shows how to select a single column as a DataFrame and as a Series. Usually, a single
column is selected with a string, resulti