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1
Introduction

Welcome to The Python Book, over the following pages you will be
given an insight into the Python language. The genesis of this book
has come from my experience of using and more importantly teach-
ing Python over the last 10 years. With my background as a Data Sci-
entist, | have used a number of different programming languages
over the course of my career and Python being the one that has stuck
with me. Why Python? For me | enjoy Python because its fast to de-
velop with and covers many different application allowing me to use
Python for pretty much everything. However for you the reader,
Python is a great choice of language to learn as its easy to pick up
and fast to get going with which means that for the novice program-
mers they can feel like they are making progress. This book is not just
for complete novices, if you have some experience with Python, then
this book is a great reference. The fact that you can pick up Python
quickly means that many users skip the basics. This book looks to
cover all the basics giving you the building blocks to do great things
with the language. What this book is not intended to do is over com-
plicating anything. Python is beautiful in its simplicity and this book

looks to stick to that approach. Concepts will be explained in simple



terms and examples will be used to show how to practically use the

introduced concepts.

Now having discussed what this book is intended to do, what is
Python? Simply put Python is a programming language, its general
purpose meaning that it can do lots of things. In this book, we will
specialise in applying Python to data-driven applications, however
Python can be used for many other applications including Al, ma-
chine learning, web development, to name just a few. The language
itself is of high level and also interpreted meaning that code need not
be compiled before running. One of the big attractions to the lan-
guage is the simplicity of its syntax, which makes it great to learn and
even better to write code. Aside from the clear, easy to understand
syntax, the language makes use of indentation as an important tool to
distinguish different elements of the code. Python is an object-orien-
tated language and we will demonstrate this in more detail throughout
this book. However, you can write Python code how you prefer be it
object orientated, functional or interactively. The best way to demon-
strate Python is by doing, so let's get started but to do so we need to

get Python installed.



2
Getting Started

For the purposes of this book, we want you to install the Anaconda

distribution of Python that is available at https:/www.anaconda.com.

Here, you have distributions for Windows, Mac, and Linux, which can
be easily installed on your computer. Once you have the Anaconda
installed, you will have access to the Anaconda navigator as shown in

Eigure 2.1.

Here, you get the following included by default:

« JupyterLab
« Notebook
. Qt Console

« Spyder

To follow the examples within this book you can use the Notebook or
Qt Console. The Notebook is an interactive web based editor as

shown in Figure 2.2.

Here, you can type your code, run the command, and then see the

result, which is a nice way to work and is very popular. Here, we will


https://www.anaconda.com/

show how we can define a variable x and then just type x and run the

command with the run button to show the result (Figure 2.3).

However for the purposes of the book we will use a console-based
view that you can easily obtain through the Qt Console. An example

is shown in Figure 2.4,

Like with the notebook, we show the same example using Qt Console

in Eigure 2.5.

Within this book we will denote anything that is an input with >>>

and with any output having no arrows preceding it (Eigure 2.6).

Another concept that the reader will need to be familiar with is the
ability to navigate using the terminal (linux systems including mac) or
command prompt (windows). These can be obtained through various
approaches but simply using the search procedures with the word
terminal or command prompt will bring up the relevant screen. To
navigate through the file system you can use the command cd to
change directory. This essentially is like us clicking on a folder to see
what is in it. Unlike using a file viewing interface you cannot see what
is in a given directory by default so to do so you need to use the com-
mand Is. This command lists the files and directories within the cur-
rent locations. Let's demonstrate with an example of navigating to a

directory and then running a python file.



Aside from the Anaconda navigator we have over 250 open-source
data science and machine learning packages are automatically in-
stalled. You can also make use of the conda installer to install over
7500 packages easily into Python. A full list of packages that come
with Anaconda is available for the relevant operating system from
https://repo.anaconda.com/pkgs/. Details on the using the conda in-
staller is available from https://docs.anaconda.com/anaconda/user-
guide/tasks/install-packages/ however this is outside the scope of this
book. The last concept we will raise but not cover in detail is that of
virtual environments. This concept is where the user develops in an
isolated Python environment and adds packages as needed. It is a
very popular approach to development however as this book is aimed
at beginners we use all packages included in the Anaconda

installation.


https://repo.anaconda.com/pkgs/
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Eigure 2.2 Jupyter Notebook.




A Logout
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In[1]: x =1
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out[1]: 1
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Figure 2.3 Jupyter Notebook example.

| NON | Jupyter QtConsole

Jupyter QtConsole 4.5.1
Python 3.7.3 (default, Mar 27 2019, 16:54:48)
Type 'copyright', 'credits' or 'license' for more information

IPython 7.6.1 -- An enhanced Interactive Python. Type '?' for help.

In [1]: |

Eigure 2.4 Qt Console.



| NON | Jupyter QtConsole

Jupyter QtConsole 4.5.1

Python 3.7.3 (default, Mar 27 2019, 16:54:48)

Type 'copyright', "credits' or 'license' for more information
IPython 7.6.1 -- An enhanced Interactive Python. Type '?' for help.

In [1]: x=1

In [2]: x
Out[2]: 1

In [3]:

Figure 2.5 Qt Console example.

(base) MacBook—-Pro-3:~ rob$ cd test/

(base) MacBook-Pro-3:test rob$ 1ls

directory_one directory_three directory_two
(base) MacBook-Pro-3:test rob$ cd directory_one/
(base) MacBook-Pro-3:directory_one rob$ 1ls
hello_world.py

(base) MacBook-Pro-3:directory_one rob$ python hello_world.py
hello world!

(base) MacBook-Pro-3:directory_one rob$ cd ../

(base) MacBook-Pro-3:test rob$ 1s

directory_one directory_three directory_two

(base) MacBook-Pro-3:test rob$

Figure 2.6 Command line example.



3
Packages and Builtin Functions

We have discussed packages without really describing what they are
so let's look at packages and how it sits within the general setup of
Python. As mentioned previously, Python is object orientated which
means that everything is an object, you'll get to understand this in
practice, however there are a few important builtin functions which
aren't objects and they are worth mentioning here as they will be
used within the book. These builtin types will be used throughout the
book so keep an eye out for them. Below we show some useful ones,

for a full list refer to hitps://docs.python.org/3/library/functions.html.

« dir(): This function takes in an object and returns the _dir () of that

object giving us the attributes of the object.

»>>> name = 'Rob'

==> dir (name)

[' _add ', ' class__ ', '__contains__ ', ' delattr ', ' dir ', ' doc_ ',
_eq ', ' format_ ', '_ge ', '_ getattribute_ ', '_ getitem_ ',

' getnewargs ', ' gt ', ' hash ', ' init ', ' init subeclass ',

' iter_ ', ' _le_ ', ' len_ ', ' 1t ', ' med_ ', ' _mul_ ', ' ne ',
_new__', '_reduce_ ', '__reduce ex_ ', '__repr__ ', '__rmod__ ',

' _rmul__ ', ' setattr ', ' sizeof ', ' str ', ' subclasshook_ ',
'capitalize', 'casefold', 'center', 'count', ‘'encode', ‘'endswith',
'expandtabs', 'find', 'format', 'format map', 'index', ‘'isalnum', 'isalpha',
‘isascii', 'isdecimal', 'isdigit', 'isidentifier', 'islower', 'isnumeric',
'‘isprintable', 'isspace', 'istitle',6 ‘'isupper', 'join', 'ljust', 'lower',
'‘lstrip', 'maketrans', 'partition', 'replace', 'rfind', 'rindex', ‘'rjust',
'rpartition', 'rsplit', 'rstrip', 'split', 'splitlines', 'startswith',

'strip', 'swapcase', 'title', 'translate', 'upper', 'zfill']


https://docs.python.org/3/library/functions.html

« float(): Returns a floating point number from an integer of string

=== ¥ = '1"
=== float (1)
1.0

« int(): Returns an integer from a float of string

»m> ¥ = ']
=== int (1)
1

« len(): Returns the length of an object

>>> name = 'Rob'
>>> len(name)

« list(): Creates a list from the argument given

>>> name = 'rob'
>>> list (name)
[Irrj 1DI, 1bl]

« max(): Gives the maximum value from the argument provided



>>> x = [1, 2, 3, 4]

>>> max (x)

4

>>> name = ['r', 'o', 'b']
>>> max (name)

P

« min(): Gives the minimum value from the argument provided

=>> ¥ = [1, 2, 3, 4]

>>> min(x)

1

>>> name = ['r', 'o', 'b']
>>> min(name)

lbl

« print(): Prints the object to the text stream

>>> x = [1, 2, 3, 4]
>>> print (x)
[1, 2, 3, 4]

« round(): Rounds the number to a specified precision

>>> Yy = 1.387668
>>> round(y, 2)
1.39

« str(): Converts the object to type string



>>> y = 1.387668
>>> str(y)
'1.387668"'

« type(): Returns the type of an object

>>> Yy = 1.387668

>>> type (y)
ﬁclassqulcat'h

« abs(): Returns the absolute value of a numeric value passed in

s»» 2 = =0.B687
=== abs(z)
0.657

« help(): Gives access to the Python help system



=>> help(list)
Help on clasgs list in module builtins:

class list(object)
| 1list(iterable=(), /)

Built-in mutable sequence.

The argument must be an iterable if specified.

Methods defined here:

If no argument is given, the constructor creates a new empty list.

add__ (self, wvalue, /)

Return self+value.

contains (self, key, /)
Return key in self.

delitem_ (self, key, /)
Delete self [key].

eq (self, wvalue, /)
Return self==value.

Now if you are unfamiliar with the Python the concepts used above

they will be introduced throughout this book.

Alongside these builtin functions Python also comes with a number of

packages. These packages perform specific tasks and are imported

into our code. Python has a number of packages that come as default

however there are lots of third-party packages which we can also

use. In using the Anaconda distribution we get all the default pack-

ages as well as the packages that are described previously. We will

cover both default and third-party packages throughout this book. To



demonstrate this we will introduce how to import a package. The
package we are going to introduce is datetime which is part of the
standard Python library. What this means is it comes with the Python
and is not developed by a third party. Now to import the datetime

package you just need to type the following:

>>> import datetime

In doing this we now have access to everything within datetime and
to see what datetime contains we can run the built in function dir

which as we showed earlier gives us the attribute of the object.

>>> import datetime

>>> dir(datetime)

["MAXYEAR', 'MINYEAR', ' builtins ', ' cached ', ' doc ', ' file ',
' loader ', ' name ', ' package ', ' spec ', ‘'date', 'datetime’',
'datetime CAPI', 'sys', 'time', 'timedelta', 'timezone', 'tzinfo'l]

Now if we want to see what these attributes are we use the dot syntax
to access attributes of the object. So to see what MINYEAR and

MAXYEAR are we can do so as follows.

>>> import datetime
>>> datetime.MAXYEAR
9999

>>> datetime.MINYEAR
1



Now we can import specific parts of a package by using the from syn-

tax as demonstrate below.

>>> from datetime import date

So what this says is from the package datetime import the specific
date attribute. This is then the only aspect of datetime that we have
access to. This is good practice to only import what you need from a
package. Now every time we want to use date we have to call date, in
this case its easy enough but you can also give the import an alias

which can reduce your code down.

>>> from datetime import date as d

That is the basics of importing packages, throughout this book we will
import from various packages as well as show how this same syntax
can be used to import our own code. Alongside builtin functions these

are key concepts that we will use extensively within this book.



4
Data Types

The next concept of Python that we will introduce is data types and in
this chapter we will introduce a number of these and show how they
behave when applied to some basic operators. We first start by intro-
ducing integers which are a number without a decimal point, written

as follows:

>>> 1

»mn 2

A float is by definition a floating point number so we can write the pre-

vious as follows:

>>> 1,0
1.0
>>> 2.0
2.0

A string is simply something enclosed in either a double or single

quote. So again we can rewrite what we have seen as follows:

=== "2,0"

2.0



Given the fact that we know how to define these variables, how can
we check what they are? Well, conveniently Python has a type
method that will allow us to determine the type of a variable. So we
will rewrite what we have done and assign each instance to a variable

and then see what type Python thinks they are

>=> = 1

>>> type (x)
<class "int'">
>>> y = 1.0

>>> type (y)
<class "float">
>»> z = "1.0"
>>> type(z)
<class "str'">

So now we can define the variables, the question is what can we do

with them? Initially we will consider the following operations:

These are commonly known as the mathematical operation: addition,

subtraction, multiplication, and division.



So let's start with + now if we have two integers applying + is mathe-

matical addition as we will show

>=> X = 10
>>> ¥y = 16
2= X + VY
26

Similarly if we do the same with two floats we get a similar result

>>> X = 10,0
>>> ¥y = 16.0
>>> X + Y
26.0

But what happens if we apply addition to a float and an integer, let's

see
>>> X = 10
>>> y = 16.0
22> 2 = X + Y
>>> Z
26.0

>>> type(z)
<class "float">

What we see is that addition works on a float and an integer but it re-

turns a float, so it's converting the integer into a float.



What if we use addition on a string? Well this is the interesting part,
let's run the same example from before with x and y as string

representations.

>>> X "io"
>>> yv = "16.0"
>>> Z = X + VY
>>> Z

"1016.0"

What has happened here? Well we have stuck together x and y, this
is known as concatenation and is a very powerful tool in dealing with

strings.

We considered the + operation with integers and floats but what will

happen if we do the + operation with a string and say an integer

>>> X = "10"
>>> Yy = 16
>>> Z = X + Y

Traceback (most recent call last):
File "<stdin>", line 1, in <module>
TypeError: must be str, not float

What we see here is an error message saying we cannot concate-
nate a str and int object. So Python in this instance wants to use the +
operation as concatenation but due to the fact it doesn't have two

strings it can't do that and hence throws an error. In Python you can-



not mix a string and integer or string and float so we won't consider

operations between these types for the rest of this section.

Let us now look at the — operation. First considering two integers we

get the following:

>>> X = 10
>>> y = 16
>>> Z = X - Y
=222 A

-6

As you may have expected the — operation with two integers acts as

mathematical subtraction. If we apply it to two floats, or to a mix of

floats and integers it acts as subtraction.

What about for strings, can we apply — to two strings?

>>> ¥ = "10"
>>> y = "1é"
>5>> Z = X - Y

Traceback (most recent call last) :
File "<stdin=>", line 1, in <module>

TypeError: unsupported operand type(s) for -: 'str'

and 'str'



Here we get another error but this time it is because the — operation
doesn't support strings. What this means is that when you try to oper-
ate on two strings using this operation, it doesn't know what to do.
The same is true for * and / operations on string. So, if we are dealing
with strings the only operation from this section that we can use is +

which is concatenation.

The next operation we will consider is * which is generally known as
mathematical multiplication to most. So considering its use on two in-

tegers we get the following:

>>> X = 10
>>> Yy = 16
>>> X %y
160

As we can see its mathematical multiplication, the same is true when
we run the same on two floats. Let us see what happens when we

mix floats and integers.

>>> X = 10
>>> y = 16.0
>>> X ¥y
160.0

As we can see it returns multiplication in float format, so like with ad-

dition and subtraction it converts integers to floats.



Next, we need to see how / operation works on integers and floats, so

first we consider the same types, so we will apply / on integers:

>>> ¥ = 10
>>> y = 16
>>> X [/ vy
0.625

There are other data types beyond these and the first we consider

are complex numbers which can be defined as follows

>>> X = 3+5j
o> M

(3+57)

>>> y = 5]
>>> Y

5]

>>> Z = =57
>>> Z

(-0-53)

We can obtain the real and imaginary parts of our complex numbers

as follows



>>> X.real
3.0

=>> X.1lmag
5.0

>>> y.real
0.0

>>> y.imag
5.0

>>> z.real
-0.0

>>> Z.1imag
-5.0

We can also use the built-in function complex

>>> a = 3

>>> b = 5

>>> ¢ = complex(a, b)
=== C

(3+57)

>>> c.real

3.0

>>> C.1lmag

5.0

In terms of operation we can use the standard operators shown earli-

er to complex numbers and the results are as follows



>>> X = 3+57
3> X
(3+57)

>>> Y = 57
>>> Y

5]

>>> Z = =57
>>> Z
(-0-57)

>>> X + Y
(3+107)

>>> X - Y
(3+07)

>>> X [/ ¥y
(1-0.67)
>>> X * ¥y
(-25+157)

We can also add, subtract, divide or multiply integers or floats to a

complex numbers as we show



10.2

(13.2+57)

>>> X - 10

(-7+575)

>=»>> X - 10.2
(-7.199999999999999+57)
>>> X * 10

(30+507)

>>> X

(3+57)

=>> X * 10.2
(30.599999999999998+5117)
>>> X * 10.2
(30.599999999999998+517)
>>> x / 10

(0.3+0.57)

>>> x / 10.2
(0.29411764705882354+0.49019607843137267)

In adding or subtracting an integer or float with a complex we change
only the real part which is to be expected, however if we multiply or

divide we apply that value across both real and imaginary parts.

Next we look at boolean values in Python, these can be defined using

True or False



True

=== X
==> X
True

>>> Y False

== Y

False

Integers or floats can be converted into a boolean using the built-in

function bool. This treats any value as 0 or 0.0 as False and any other

value to be True.

>>> X = bool(l)
>35> X

True

bool (0.0)

2> '}"’
=T -} "}"’
False

=>> Z bool (-10)

=3 7

True

Surprisingly we can use the operators in this chapter on boolean vari-
ables. The key to note is that a value of True is evaluated as 1 and

False as 0, so you can see examples of this below.



>>> X = True

>>> ¥ = False
=>> X + ¥

1

2=> X - Y

1

>>> X * vy

0

>>> X [/ vy

Traceback (most recent call last):
File "<stdin=>", line 1, in <module>

ZeroDivisionError: division by zero

>>> X = True

>>> ¥y = True

>>> X + Y

2

>>> X - Y

>>> X + Y
==>> X * vy

== X f Y

1.0

=>> X = False
>>> y = False

==>> X + V¥

0
>>> X - Y
0
>>> X * Yy
0

>>> x [/ vy

Traceback (most recent call last):
File "<stdin>", line 1, in <module>

ZeroDivisionError: division by zero



In most cases the results are as expected considering that we are
dealing with 1 or 0 in the operation. However anytime that we divide

by zero we get a ZeroDivisonError so be careful with zero division.

We can also create byte, byte arrays and memory view objects with

the following syntax.

>>> X = b"Hello World"

=2=>> X

b'Hello World!'

>>> y = bytearray(6)

>>> Y

bytearray (b'\x00\x00\x00\x00\x00\x00"')
>>> z = memoryview (bytes (5))

=>> 2

<memory at O0x7fddeécfea3l48-

We can concatenate byte strings together in the way we have shown

with strings

>>> X = b"Hello World"

=>> X

b'Hello World'

>>> y = b" My name is Rob"
>>> Y

b' My name is Rob'

>>> X + Y

b'Hello World My name is Rob'



What we have covered in this chapter is some of the data types in
Python and how to operate on them using standard mathematical
methods. One thing to take from this is the mechanism that Python
uses to operate on objects and that is simply look for a method that

can take in the arguments that you pass into it.



5
Operators

The previous chapter introduced data types and some basic opera-
tors but in this chapter we build on this by introducing a number of
key operators that are important to understand. As shown in our intro-
ductory examples in the previous chapter, we can define a variable

as follows:

>>> ¥ = 2 + 1

=== M

Here, we are assigning the variable x with the result of 1 + 2 so x is 3.
Now, if we wanted to see if the value of x was equal to 3 we would

use == which refers to equality.

=== X = 2 + 1
ses ¥ ==

True

We have shown how to test for equality but what about inequality.
Well Python has that sorted as well, instead of using == we use !=
which is not equals. Using the example from before we get the

following:



=>> X = 2 + 1
=== ¥ 1= 3

False

What we have here is the result of an equality statement like this be-

ing of type boolean (True or False).

We can also test to see if something is greater or less than another

element.

>>> X = 2 + 1
>>> X > 4
False

»>>> X < 4
True

>>> X >= 4
False

>»> X »>= 3
True

>>> X <= 3

True

Here we have introduced the following tests which takes the value on

the left against the value on the right and tests for

> for greater than

< less than

>= greater than or equal to

<= less than or equal to



You can also test for equality using the statement is. Now it is not
strictly the same as using == which we demonstrate earlier. Essential-
ly the difference is that it returns True if the variables in question
points to the same object whilst == returns True if the values are
equal. It is a very subtle difference so you need to be careful with it. A
simpler explanation is that == returns True if the variables being com-
pared are equal, whereas is checks whether they are the same. The

below examples shows the dangers in using is

>>> a = 1
>>> a is 1
True

>>> a ==
True

22> 4 = []
>>> b = []
=>> a is b
False

=== a ==

True

In the first instance a is assigned to be 1 and we sayisa 1 and itis so
we get True returned. In the second instance we assign a and b to be
empty list (we will cover what a list is later) and we can see we return
False with the is statement and True with the equals. The reason be-

hind this is that they are not the same lists so



>»>> a 18 b
False

However, they are both lists so using the comparison statement ==
we return True as they are both empty lists. If we assigned a as a list

and b = a we would get the following:

>>> a = []
>>> b = a
>>> a 18 b
True

The reason being is that b is the same as a so they are the same
thing. As with == and != we have is not again the !=is a test of equali-
ty between two variables whereas the Python statement is not, is a
test of identity. A good example of this is when you compare a vari-
able to the Python Null value denoted as None. Here, the preferred

way to write it is

=== a = 21
=»> a 1is not None
True

You can override the variable by assigning something to it like we did

before



Vv
W
W
”
[
=

== X = 10

>>> X
10

All pretty simple stuff. Now if we have three variables that we want to

assign we can do it as follows

=
=2

=2

MoN =M
Il

===
2> y

= Z

This is fine to do however it takes up a lot of space so instead you

can write your assignment as follows

»>>> X, V, 2z =1, 2, 3
=== X

1

>>> VY

2

==



This just makes it easier to assign variables and makes your code
shorter and hopefully more readable. Obviously the naming conven-
tion I've used for the variables isn't the best and it makes for better
code to give your variables meaningful names as it will help those

who have to go back and read your code.

We have looked at assigning variables however what if we want to do
something to the variable like say add something to the value. Lets
assume we have a variable profit and we want to add 100.0 to it, then

we could do it as follows

>>> profit 1000.0
>>> profit
1000.0

>>> profit profit + 100

>>> profit
1100.0

What we are doing here is assigning profit the initial value then as-
signing it its value plus 100. There is nothing wrong with what we did

here however the more Pythonic way would be to do this

>>> profit = 1000.0
>>> profit

1000.0

>>> profit += 100.0
>>> profit

1100.0



Similarly is we wanted to multiply the value by 20% we could do so as

follows

>>> profit = 1000.0
>>> profit

1000.0

>>> profit *= 1.2
>>> profit

1200.0

As you would think we can do the same for division and subtraction

>>> profit

1000.0

>>> profit *= 1.2
>>> profit

1200.0

>>> profit = 1000.0
>>> profit

1000.0

>>> profit -= 1.2
>>> profit

998.8

>>> profit /= 2
>>> profit

459 .4

There are some other non typical operators that we can use in
Python, the first one being modulus which returns the remainder of

integer division.



>>> XN

-l }-’

>>> X/y

0.2

=22 X

I

We can also perform exponentiation as follows

>>> X

=== Y

2
10

>>> Yy *¥* X

100

Python also gives us the operator for floor division which was how di-

vision was used in Python 2 however it is now performed explicitly us-

ing the floor operator

mm s 3

b= - }-’

>>> X[y

0.2

10

>5>> X [/ vy

0

Following on from what we showed earlier these operations can be

performed using the equals operator approach to assign back to the

variable. So we can perform modulus, exponentiation and floor oper-

ations as follows.



Il
b

>

2>

===

R - -
|
Il
(-
ol -

===

>>>
>>>
S>>
>>>
100

e

B I S
*
*+
|
"

==

=22

oM
I
=
o

e

We can also chain together these types of operators as follows



=== M
= - }-’
>=> X
True
>=>> Z
==> 4
>>> b
=== 4
True
2> X
True
>>> X
False
>>> X
False
=>> d
False
22> X
False

< yv and a == b

> yv and a ==

= b

>y and a != b

So we can combine our logic statements together to form more com-

plex statements. This will become useful later in the book when we

apply these with other Python functionality.

This chapter has shown how we perform various operations on

Python data types and this will form the basis for lots of the logic that

we apply throughout this book.



6
Dates

In the previous chapters we covered some of the main data types in
Python but one thing that is quite important is dates. For anyone who
has worked with dates they can be tricky things, there are different
ways to format them and they can be hard to manipulate, however
Python has you covered. If we want to create a datetime object we do
so as follows (we earlier showed how to import the datetime

package):

>>> from datetime import datetime as dt
>»>> d = dt (2017, 5, 17, 12, 10, 11)

>>> d

datetime.datetime (2017, 5, 17, 12, 10, 11)
=== str(d)

"2017-05-17 12:10:11"

What we have done here is create a datetime by passing into dt the
year, month, day, hour, minute, second to give us a datetime object. If
we want to see it in a more friendly way we can type str around it and
we get the string representation. Given we can define a date we can

operate on dates as follows:



>s>> d1 = dt (2017, 5, 17, 12, 10, 11)

>>> dl

datetime.datetime (2017, 5, 17, 12, 10, 11)
=== d2 = dt (2016, 4, 7, 1, 1, 1)

>>> d2

datetime.datetime (2016, 4, 7, 1, 1, 1)

>>> dl - d2

datetime.timedelta (405, 40150)

>>> str(dl - d2)

"405 days, 11:09:10"

Here, we have created two dates and then subtracted one from the
other. What we get back is a timedelta object and converting it to a

string we can see that it represents the days and time from the date
subtraction. To understand timedelta we can import it just as we did

with datetime.
>>> from datetime import timedelta as td

Now timedelta behaves a little different from datetime in that we do
not pass in years and months but instead days, hours, minutes, and
seconds. If you think about it setting a timedelta using years and
months does not make much sense as they are not consistent units
of time. We can create a timedelta object of 1 day, 2 hours 10 minutes

as follows.



>>> td(days=1, hours=2, minutes=10)
datetime.timedelta(l, 7800)

>>> change = td(days=1, hours=2, minutes=10)
>>> dl1 = dt (2017, 5, 17, 12, 10, 11)

>>> dl - change

datetime.datetime (2017, 5, 16, 10, 0, 11)
>>> str(dl - change)

"2017-05-16 10:00:11"

What we then did with the timedelta is subtract it from the datetime
and it returns the datetime with the period in the timedelta subtracted
from it. When this is shown as a str we see we have retained the
datetime format, so this makes it much easier to do date subtraction,

the same is true if we wanted to add to the datetime.

»>»> str(dl)

"2017-05-17 12:10:11"

>>> dl + change

datetime.datetime (2017, 5, 18, 14, 20, 11)
>>> str(dl + change)

"2017-05-18 14:20:11"

If we just want to work with dates we can import date from datetime:

>>> from datetime import date as d
>>> d.today ()

datetime.date (2017, 5, 17)

>>> str(d.today/())

"2017-05-17"



So we imported in much the same way we did before, but let's say we
want the current date we can use the method today to show the cur-

rent date.

Taking the above we can apply what we have seen here to some ex-
amples. First let us consider a date in time and how we can calculate
how long ago it was. The date that we will use is the 20 July 1969
which is the date that Neil Armstrong stepped on the moon. We can

work out how far back from the current date it is:

>>> import datetime as dt

>>> now_date = dt.datetime.now()

>>> now_date

datetime.datetime (2020, 3, 25, 9, 55, 17, 272032)
>>> moon_date = dt.datetime(1%69, 7, 20)

>>> moon_date

datetime.datetime (1969, 7, 20, 0, 0)

>>> date_since_moon = now_date - moon_date

>>> date_since_moon

datetime.timedelta (days=18511, seconds=35717, microseconds=272032)
>>> date since moon.days

18511

>>> date since moon.seconds

35717

What we have seen is we can subtract a datetime from a date and
get back a resulting timedelta that takes into account the different

types.

Next, we can look at how far in the future a date is so we look at the

date 2030-01-01 relative to now (at the time of print).



>>> import datetime as dt

>>> now_date = dt.date.today/()

>>> now_date

datetime.date (2020, 3, 25)

>>> future date = dt.date(2030, 1, 1)
>>> future date

datetime.date (2030, 1, 1)

>>> distance = future date - now_date
>>> distance
datetime.timedelta(days=3569)

>>> distance.days

3569

What we do here is set the date as today using the today method and
then we can subtract our future date which we set as a date giving us
a timedelta object. As we have seen before we can access the spe-
cific number of days between 2020-03-05 and 2030-01-01 as

3569 days.

In this chapter, we have introduced how we manipulate dates within
Python but also shown how packages including how we import them

but also how we can access methods and attributes within them.



7
Lists

In this chapter we will cover lists, not the kind you write down your
food shop but a really important part of Python. Lists are the first of
the storage types we consider from core Python, the others being Tu-
ples, Dictionaries, and Sets. Fundamentally lists allow us to store
things, let's say we want to have a variable containing the numbers

1-10, we can store them in a list as follows:

>>> numbers = [1, 2, 3, 4, 5, 6, 7, 8, 9, 10]
=== numbers
(1, 2, 3, 4, 5, 6, 7, 8, 9, 10]

What we have here is a list of integers, we could do the same with a

list of strings.

}:::: nun]_bers = [lllrlfugll:r|31|r||4r|,1|5|rJr|61|r|r'-',rr|’||8|r'r|9||r||l|:|||_‘|
=== numbers
["1","2","3","4","5"."'6","?“,"8","9","1@"]

The beauty with lists is that we could have a mixture of things in it, so

it could look like this:

>>> stuff = ["longing", "rusted", "furnace", "daybreak",17, "Benign", 9]
»>>> stuff
["longing", "rusted", "furnace", "daybreak", 17, "Benign", 9]



We could even put variables in a list, so if we take the previous exam-
ple we could have replaced some of the entries with the variable

equivalent

>>> X = "longing"

>>> Yy = 17

>>> stuff = [x,"rusted", "furnace", "daybreak",vy,"Benign", 9]
>>> stuff

["longing", "rusted", "furnace", "daybreak", 17, "Benign", 9]

We can even put lists in lists, like so

>>> first names = ["Steve", "Peter", "Tony", "Natasha"]

>>> last names = ["Rodgers", "Parker", "Stark", "Romanoff"]

>>> names = [first names, last names]

>>> names

[["Steve", "Peter", "Tony", "Natasha"], ["Rodgers", "Parker",
"Stark", "Romanoff"]]

Basically lists are really powerful, however given you have put some-
thing in it you then need to be able access it. Lists in Python are 0 in-
dexed which means to access the first element of the list you need to

do the following:

>>> stuff = ["longing", "rusted", "furnace", "daybreak", 17, "Benign", 9]
»>>»> stuff
["longing", "rusted", "furnace", "daybreak", 17, "Benign", 9]

>>> stuff[0]
"longing"



Similarly to get the second and fifth elements you would do the

following:

s=> stuff(l]
"rusted"

>>> stuff(4]
17

If you've not worked with something that is zero indexed then it can
be a tad annoying to start off with but once you get the hang of it then
it will just become second nature. We will cover in more detail how to

access lists later in the chapter.

The first method that we will consider is pop, this removes the last

item of the list.

>>> stuff.popl()

9

>>> stuff

["longing", "rusted", "furnace", "daybreak", 17, "Benign"]

We can also specify the index position that we wish to pop from the

list as follows:

>>> stuff.pop(4)

17

>>> stuff

["longing", "rusted", "furnace", "daybreak", "Benign"]



Note that what you return from the pop is the value you are popping,
you do not need to assign this back to the list you have changed your

list permanently by doing this.

You may ask how useful that is but it leads nicely onto append which

allows us to add an element to the end of the list.

>>> stuff.append(9)
>>> gstuff
["longing", "rusted", "furnace", "daybreak", 17, "Benign", 9]

There is another way to remove items from a list and that is by using
the attribute remove. So let's say we wanted to remove 9 from the list

we could use the following:

>>> stuff

["longing", "rusted", "furnace", "daybreak", 17, "Benign", 9]
>>> stuff.remove(9)

>>> stuff

["longing", "rusted", "furnace", "daybreak", 17, "Benign"]

This could work on any element of the list, we would just need to
specify the name of the item we wanted to remove. It is worth noting
that remove does not remove all instances, only the initial instance of

that value within the list.

In this case we will put the list back to its old ways by again using the

append method.



>>> stuff.append(9)
>»>> gtuff
["longing", "rusted", "furnace", "daybreak", 17, "Benign", 9]

Next, we will show how to use count, here we pass in something we
want to get the count of in the list, to show this we will define a slightly

more interesting list:

>>> count list = [1,1,1,2,3,4,4,5,6,9,9,9]
>>> count list.count (1)

3

>>> count list.count (4)

2

We will now show how to use reverse which not surprisingly reverses

the elements in a list:

>>> count list.reverse()
>>> count list
[, 9, 9, 6, 5, 4, 4, 3, 2, 1, 1, 1]

The last method we will show you is an interesting one, the sort
method. Now on a list of integers the way it works is as you would ex-

pect the following:

>>> count list

[9, 9, 9, 6, 5, 4, 4, 3, 2, 1, 1, 1]
>>> count list.sort ()

>>> count list

(1, 1, 1, 2, 3, 4, 4, 5, 6, 9, 9, 9]



But what if you did this with strings or a mix of data types, well we can

see by using the stuff list defined earlier:

>>> gstuff
["longing", "rusted", "furnace", "daybreak", 17, "Benign", 9]
>>> stuff.sort ()
Traceback (most recent call last):
File "<stdin=", line 1, in <module>
TypeError: "<" not supported between instances of "int" and "str"

What happened here is Python doesn't know how to support sorting
integers and strings, so we can only use the sort method on a list of

numeric values.

That will do us in terms of looking at the attributes of a list, we will go
back to how we select items from a list. As you will remember, we in-
troduced the concept of indexing and selecting items in the list ac-
cording to the index. We will take that a step further by showing how
negative indexes work. Simply put it works from the end of the list and
works backwards, so the last element of the list is — 1 and the first is
the negative value of the length of the list. Now we can get the length

of the list by using the function len as we will demonstrate:

>=> stuff = ["longing", "rusted", "furnace", "daybreak", 17, "Benign", 9]

== len(stuff)

=>>> stuff[-1]

9

>>> stuff[-2]

"Benign"

>»> stuff[-len(stuff)]
"longing™"



What have we done here? Initially we have shown the list to be what
we defined earlier then we have applied len to it and obtained the re-
sult 7. What this says is that the number of elements in the list is 7. Af-
ter that we used negative indexing to choose the last and second last
item and showed how we could get the first element using negative

indexing.

Now choosing a single item from a list is cool and all but what if we
want to select subsets of the list. Well Python allows you to do this as
well. Let us say we wanted to choose the second and third elements
and have the results in a list. We could do so using the approach we

showed so far as follows:

>>> X = stuff[1]

>>> v = stuff (2]

>>> new stuff = [x, y]
>>> new_stuff
["rusted", "furnace"]

That is fine but it is pretty ugly, it would be much nicer to do it in a sin-

gle line, and what do you know you can do exactly that.

=>> gstuff[1:3]
["rusted", "furnace"]

What you are saying is take from the element in index 1 in the list

(which is the second element as we are 0 indexed) and show up to



but not including element in index 3 in the list. In a similar way you

could select everything except the first element in a similar way:

>>> gtuff[l:]

["rusted", "furnace", "daybreak", 17, "Benign", 9]
»>> gtuft
["longing", "rusted", "furnace", "daybreak", 17, "Benign", 9]

Note we have shown the list after taking what we wanted and it
shows the full list. This is because splicing the list (which is what we
are doing) doesn't change the list it just returns the splice of our list.
So if we want to use the splice we need to assign it to a variable as

follows:

>>> new stuff = stuffll:]
>>> new stuff
["rusted", "furnace", "daybreak", 17, "Benign", 9]

Splicing works using negative indexing as well. If we run the above

code using —1 instead of 1 we get the following:

>>> new stuff = stuff[-1:]
>>> new_ stuff

[9]

What we are doing here is staying we want everything from the — 1

index to the end of the list. Splicing works if we have the index after



the colon. So again rewriting the previous example with —1 after the

colon gives us

>>> new stuff = stuffl:-1]
>>> new stuff
["longing", "rusted", "furnace", "daybreak", 17, "Benign"]

So its basically the opposite of what we did before as we take the

everything from the start of the list up to the — 1 index position.

Let's say we now want to select every second element of the list then

we would have to run the following:

»>> stuff

["longing", "rusted", "furnace", "daybreak", 17, "Benign", 9]
=>> stuff[1:8:2]
["rusted", "daybreak", "Benign"]

So here we are selecting everything between index 1 and 7 incre-
menting the index by 2 starting at the first position. Its pretty powerful

stuff and gives us a lot of control over lists.

The next thing we consider is how to join lists together. Luckily we
have covered concatenation earlier with strings and its very much the

same for lists, lets demonstrate:



>>> stuff

["longing", "rusted", "furnace", "daybreak", 17, "Benign", 9]
>>> count_ list

(L, 1, 1, 2, 3, 4, 4, 5, 6, 9, 9, 9]

>>> stuff + count_list

["longing", "rusted", "furnace", "daybreak", 17,

"Benign", 9, 1, 1, 1, 2, 3, 4, 4, 5, 6, 9, 9, 9]

By using the addition symbol we can concatenate two or more lists

together in the same way we would a string.

If we want to check if an element is in a list we can easily do so by us-

ing the Python expression in argument.

>>> stuff

["longing", "rusted", "furnace", "daybreak", 17, "Benign", 9]
>>> 9 in stuff

True

If the value is in we get back a boolean value True or False.

Similarly, we can use not in to see if a value is not in a list so repeat-

ing the previous example we would get the following result:

>>> stuff

["longing", "rusted", "furnace", "daybreak", 17, "Benign", 9]
>>> 9 not in stuff

False

Let's now consider the copy method. To demonstrate this we will cre-

ate a list and then assign it to a new list.



=>> stuff = ["longing", "rusted", "furnace", "daybreak", 17, "Benign", 9]
==>> stuff

['longing', 'rusted', 'furnace', 'daybreak', 17, 'Benign', 9]

>>> new_stuff = stuff

>>> new_stuff

['longing', 'rusted', 'furnace', 'daybreak', 17, 'Benign', 9]

>>> stuff.append(21)

=>> stuff

['longing', 'rusted', 'furnace', 'daybreak', 17, 'Benign', 9, 21]
>>> new_stuff
['longing', 'rusted', 'furnace', 'daybreak', 17, 'Benign', 9, Z21]

As we can see when we create the second list new_stuff anything we
do to stuff is reflected in new_stuff. If we do not want to do this and
want to take a copy of the list where they are independent then we

use the copy method. Taking the last example we can repeat using
the copy method.

>»> stuff = ["longing", "rusted", "furnace", "daybreak", 17, "Benign", 9]
>>> stuff
['longing', 'rusted', 'furnace', 'daybreak', 17, 'Benign', 9]

>>> new_stuff = stuff.copy()

>>> new_stuff

['longing', 'rusted', 'furnace', 'daybreak', 17, 'Benign', 9]
>>> stuff.append(21)

=== stuff

['longing', 'rusted', 'furnace', 'daybreak', 17, 'Benign', 9, Z21]
>>> new_stuff
['longing', 'rusted', 'furnace', 'daybreak', 17, 'Benign', 9]

The next method we will consider in this chapter is the clear method,

simply put this method clears the list of all its content.

=>> stuff = ["longing", "rusted", "furnace", "daybreak", 17, "Benign", 9]
>>> stuff.clear()
>»> stuff

[]



The last method we will consider is not strictly a list method, its not
even a list type, but it used to be. Here we will look at a range object.

Now in Python 2 you could create a range using the following syntax

>>> X = range(7)

=== X

(0, 1, 2, 3, 4, 5, 6]
>>> type (x)

<type 'list's>

Here range created a list of length 7 starting at 0. We can modify this

by giving it a start and end point as follows

>>> X = range(1l,7)
== M
[1, 2, 3, 4, 5, 6]

So the list starts at 1 and ends at 6, which mimics what we have seen
when using the colon syntax to access a list earlier. We can take this

a step further by adding the third argument

>>> X = range(1,7,2)
>>> X
[1, 3, 5]

This gives us a list of every other item starting at 1 ending at 6. We
can think of the range method having three arguments start, stop and

step where stop is the only necessary argument needed. This



method is very useful for creating on the fly lists, however in Python 3
this changed and range no longer created a list object but instead
created a range object. Let's demonstrate this by using the previous

example in Python 3.

>»> X = range(7)
=22 A

range (0, 7)

>>> type (%)
<class 'range':>

We can pass in a start and stop values as before.

>>> X = range(l,7)
>»> X

range (1, 7)
We can also add the step value.

>>> X = range(l,7,2)
>>> X

range (1, 7, 2)

We can access the elements of a range object in the same way we

can a list by just passing the index value



>>> X = range(7)
s> x[0]

0

>>> X [-1]

6

>>> X [3]

3

We can also splice up our range in the same manner as a list and ac-

cess elements within it.

>>> X = range(7)
s>>> ¥x[1:]
range (1, 7)
>>> ¥ [:-1]
range (0, 6)
==> x[:-1] [-1]
5

>>> x[3]

3

>>> X[:4:2]
range (0, 4, 2)

Unlike with a list we don't have the variety of methods associated with
them but we can obtain the start, stop and step of the range object

alongside the count and index.



>>> X = range(7)
>»>> X = x[1:]
>>> X

range (1, 7)

>>> X.start

>>> X.stop

.
>>> X.step

1

>>> X.index (1)

0

>>> x.count (1)

1

>>> X = range(7)
>>> X = X[1:5:2]
== X

range (1, 5, 2)
>>> X.start

1

>>> X.stop

>>> X.step
>>> X.1lndex(3)

>»> X.count (3)

Range objects can be very useful for creating on the fly objects con-
taining integers objects and we will use these in some of the exam-

ples later on in this book. That covers lists and gives us a good refer-



ence on how to create, access and operate on them, we will use lists

throughout the rest of the book.



8
Tuples

The good thing about covering lists is that it then makes tuples much
easier to cover. Tuples are essentially lists. You access them in ex-
actly the same way and many things we covered in lists are relevant
to tuples, the big difference is tuples can't be modified. Why would
you want something that cannot be modified? Well its actually more
useful than you would think, it prevents you from accidentally chang-

ing something that you may rely on in your code.
Let's take the numbers list we defined at the start of the list section:

>>> numbers = [1, 2, 3, 4, 5, &6, 7, 8, 9, 10]
»>> numbers
(1, 2, 3, 4, 5, 6, 7, 8, 9, 10]

We can rewrite this as a tuple as follows:

>>> numbers = (1, 2, 3, 4, 5, 6, 7, 8, 9, 10)
=== numbers
(L, 2, 3, 4, 5, 6, 7, 8, 9, 10)

Looks very similar doesn't it! Now let's try and access the first ele-

ment of the tuple, again we do it in the same way as we would do in a



list

>>> numbers [0]
1

And to get the last number we would do

>>> numbers[-1]
10

We can splice the tuple just like we would a list, so if we wanted

everything except the last two values then we do it in exactly the

same way we would do in a list

>>> numbers[:-2]
(L, 2, 3, 4, 5, 6, 7, 8)

So what is the point in tuples? Well let's try and change the second

element of the tuple as we would if it were a list:

>>> numbers[1l] = 1
Traceback (most recent call last):

File "<«stdin=", line 1, in <modulex

TypeError: 'tuple' object does not support item assignment

We cannot assign a new value to a defined tuple, well what can we
do to a tuple? Here, we consider two methods for the numbers tuple,

namely count and index.



Count simply tells us how many of a value are present in the tuple. To

demonstrate it, we will define a new tuple as follows:

>>> new numbers = (1, 2, 2, 2, 5, 5, 7, 9, 9, 10)
>>> new numbers.count (2)
3

So we see that new_numbers contains three instances of the integer

value 2.

>>> new numbers = (1, 2, 2, 2, 5, 5, 7, 9, 9, 10)
>>> new numbers. index(2)
1

For the index value we ask it what index the integer value 2 has in the
tuple and here you can see it returns 1 which is correct, however we
also have 2 at index values 2 and 3 so care needs to be taken with
this method.

In this chapter we have introduced the brief but important concept of
a tuple. Having an object which you cannot modify is very useful and

is used throughout various Python packages.



9
Dictionaries

When we say dictionary in Python, we aren't speaking of the Oxford
variety. Dictionaries are used to contain data in a very specific way as
they hold key value pairs. What do we mean by key value pairs? For
example, we could have a key as first name and a value as Rob. We
could also have a key as wins and the value as 21. The key to dictio-
naries (pun intended) is that to access values we need to have a key
associated with it. Let us start with an example about personal de-
tails, we may have the following fields: first name, surname, gender,
favourite food. This could be written in the form of a dictionary as

follows:

55> dict_detail = {}

>>> dict detail["first name"] = "Rob"

>>> dict detail ["surname"] = "Mastrodomenico"

>>> dict_detail ["gender"] = "Male"

>>> dict detail ["favourite food"] = "Pizza"

>>> dict detail

{"firet name": "Rob", "favourite food": "Pizza",
"surname": "Mastrodomenico", "gender": "Male"}
22>

lts important to note that the name of the dictionary is arbitrary, | used

dict as | am not very creative, | could easily have written it as follows:



>>> ham sandwich = {}

>>> ham sandwich["first name"] = "Rob"

>>> ham_sandwich["surname"] = "Mastrodomenico"

>>> ham sandwich["gender"] = "Male"

>>> ham sandwich["favourite food"] = "Pizza"

>>> ham sandwich

{vfirst name": "Rob", "favourite food": "Pizza",
"surname": "Mastrodomenico", "gender": "Male"}

22>

You could argue that the second one is funnier and | would agree,
however the name of your dictionary or variable should reflect what
you are trying to do as someone will no doubt have to read your code.
The problem with us using dict is that dict is a builtin function with
Python that means it actually does something. Now, there is nothing
to prevent you from using this, however if you override the builtin
function dict with your dictionary dict, then you cannot use that within

the current environment.

>>> person_details = dict(first_name="Rob", surname="Mastrodomenico",

gender="Male", favourite_food= "Pizza")

>>> person details

{"gender“ : "Male", “first_name" : "Rob", "surname": "Mastrodomenico",
"favourite food": "Pizza")

For you eagle eyed viewers you can see that | renamed favourite
food to favourite _food. The reason being is that Python interprets the

space between the two words as two separate entries and throws an



error. So in the remainder of this section we will refer to favourite food

as favourite_food.

So recreating the person_details dictionary again we get the

following:

>>> perscnal details = {}

>>> personal_details(["first name"] = "Rob"

>>> personal_details["surname"] = "Mastrodomenico"

>>> persconal details["gender"] = "Male"

>»> personal details["favourite food"] = "Pizza"

>>> perscnal details

{"Eirst name": "Rob", "fawvourite food": "Pizza", "surname": "Mastrodomenico",
"gender”: "Male"}

What we did here in the first line was create the dictionary using:

>>> personal details = {}

In the subsequent lines we then assign key value pairs to the dictio-

nary. We could have done this in another way though.

>>> persconal details = {"first name": "Rob", "surname": "Mastrodomenico",
"gender": "Male", "favourite food": "Pizza"}

>>> perscnal_details

{rfirst name": "Rob", "favourite_food": "Pizza", "surname": "Mastrodomenico",
"gender": "Male")

Similarly we could have used the dict method with the above dictio-

nary setup to achieve the same outcome.



=»> personal_details = dict([("first name", "Rcb"), ("surname", "Mastrodomenico"),

("gender", "Male"), ("favourite food", "Pizza")]])

=>> personal_details

{“firs: name": "Rocb", "gender": "Male", "surname": "Mastrodomenico",
"favourite food": "Pizza")

Earlier we talked about error handling and we will briefly cover it now.

Let's say we try to access a key in dictionary that doesn't exist.

»»»> personal details = dict([("first name", "Rob"), ("surname", "Mastrodomenico"),
("gender", "Male"), ("favourite food", "Pizza")])
=»>> personal details
{"first name": "Rob", "surname": "Mastrodomenico", "favourite_ food": "Pizza",
"gender": "Male"}
»»> personal details["age"]
Traceback (most recent call last):
File "ezstdin>", line 1, in <modulex>
KeyError: "age"

Let's say we wanted to allow us to try and access a key that doesn't
exist and instead of throwing us an error we want to deal with it in a
more sophisticated way. To do this we can handle the exception (or
error) that Python shows back. Now looking back at the error we can
see very specifically that Python throws us a KeyError. Now if we can

handle that then we can do something a bit better with it.

>»>> personal details = dict([("first name", "Raob"), ("surname", "Mastrodomenico"),
(*gender", "Male"), ("favourite food", "Pizza")])

»»> personal details

{"first name": "Rob", "surname": "Mastrodomenico", "favourite food": "Pizza",
"gender": "Male"}

=»> Ery:

age = personal details["age"]
. except FKeyError:

age = MNone

=>> age

B



What we have done here is we used a try except statement. What
this does is try the code we want to run and if doesn't work, then it
deals with the error. In this case, it tries to access the key age and as-
signs it to the variable age and if an error is thrown and it is a KeyEr-
ror, then it assigns the value to None, which is the Python null value.
So, what we see now is that as opposed to throwing an error, it deals
with the fact that the key can't be found in a much better way. Whilst
try excepts method can be really useful, they can be very dangerous

as you don't need to specify the error so we could rewrite it as

»»>> personal_details = diect([("first name", "Rob"), ("surname", "Mastrodomenico"),
("gender", "Male"), ("favourite food", "Pizza")])

»>>> personal_details
{"first name": "Rob", "surname": "Mastrodomenico", "favourite food": "Pizza",
"gender": "Male"}
=>>» Ery:
age = perscnal details["age"]
. except:

age = None

>>> age

Try excepts are useful however it would be better if we had a method
that let us try and get a key and if it didn't exist not throw an error.
Fortunately enough we have a get method that we can use to get the

value from a dictionary by passing a key.



>>> personal_details = dict([("first name", "Rob"), ("surname", "Mastrodomenico"},

("gender", "Male"), ("favourite_food", "Pizza")])

>>> perscnal_details

{"first name': 'Rob', 'surname': 'Mastrodomenico', 'gender': 'Male', 'favourite food':
'Pizza')

>>> personal details.get('gender')

'Male’

»»> perscnal_details.get('age')

When we covered lists we looked at the pop method and we have

something similar for dictionaries

»>>> personal_details = dict([("first name", "Rob"), ("surname", "Mastrodomenico"),
("gender", "Male"), ("favourite food", "Pizza")])}

>>> personal_details

{'first name': 'Rob', 'surname': 'Mastrodomenico', 'gender': 'Male', 'favourite_ food':
'Pizza')}

»»> personal details.pop('gender')

'Male’

>>> personal_details

{'first name': 'Reob', 'surname': 'Mastrodomenico', 'fawvourite food': 1Pizza'}

>>> personal_ details.popitem()

('favourite food', 'Pizza')

=»>> personal details

{rfirst name': 'Rob', 'surname': 'Mastrodomenico’}

In the first example we used pop with the key that we wanted to re-
move and in doing so this removed the specific key and value from
the dictionary. The second approach used the popitem method which

just pops off the last key value pair in the dictionary.

Another way to remove items is to use the del method where we pass
the dictionary name and key combination to remove that key value

pair from the dictionary.



>>> personal_details = dict([("first name", "Rob"), ("surname", "Mastrodomenico"},

("gender", "Male"), ("favourite_food", "Pizza")])

>>> perscnal_details

{"first name': 'Rob', 'surname': 'Mastrodomenico', 'gender': 'Male', 'favourite food':
'Pizza')

>>> del personal details(['gender!']
>>> personal_details
["first name': 'Rob', 'surname': 'Mastrodomenico', 'favourite_food': 'Pizza'}

Earlier we mentioned how if we assign one list to another the

changes are reflected. The same is true for dictionaries

»>> personal_details = dict([("first name", "Rob"), ("surname", "Mastrodomenico"),
("gender", "Male"), ("favourite food", "Pizza")])}

»>> personal_ details

{'first name': 'Rob', 'surname': 'Mastrodomenico', 'gender': 'Male', 'favourite food':
'Pizza')

»>»> his details = personal_details
=>> his details

{'first name': 'Rob', 'surname': 'Mastrodomenico', 'gender': 'Male', 'favourite_food':
'Pizza'}
>>> personal details['age']l = 24

>>> personal_details

{'first name': 'Rob', 'surname': 'Mastrodomenico', 'gender': 'Male’', 'favourite_food':
'Pizza', 'age': 24}

»>> his details

['first name': 'Rob', 'surname': 'Mastrodomenico', 'gender': 'Male', 'favourite food':
'Pizza', 'age': 24}

If we want to take a copy of a dictionary and independently make
changes to it we can use the copy method in a similar way that we did

with lists.



>>> personal_details = dict([("first name", "Rob"), ("surname", "Mastrodomenico"),

("gender", "Male"), ("favourite food", "Pizza")])

»>>> personal_details

{"first name': 'Rob', 'surname': 'Mastrodomenico’, 'gender': 'Male’, 'favourite food':
'Pizza'}

»»>> his details = personal details.copy()
>>> his_details

{'firat name': 'Rob', 'surname': 'Mastrodomenico’', 'gender': 'Male', 'favourite food':
'Pizza'}

»»>> perscnal details['age'] = 24

>»>> personal_details

{'first name': 'Rob', 'surname': 'Mastrodomenico', 'gender': 'Male', 'favourite_food':
'Pizza', 'age': 24}

=»> his details

{"first name': 'Rob', 'surname': 'Mastrodomenico', 'gender': 'Male', 'favourite food':
'Pizza'}

We also have the ability to clear out all contents of dictionary using

the clear method

>»>> personal_details = dict([("first name", "Rob"), ("surname", "Mastrodomenico"),
("gender", "Male"), ("favourite_food", "Pizza")])

>>> personal details

{'first name': 'Rob', 'surname': 'Mastrodomenico', 'gender': 'Male', 'favourite food':
'Pizza')

>>> personal_details.clear()
»»> personal_details

{}

Earlier in the chapter we looked at approaches to create dictionaries
however if we want to create a set of keys with the same value we

can do using the fromkeys method.

>>> X = ('keyl', 'key2', 'key3')
>>> Yy = 0

>>> res = dict.fromkeys(x, V)
>>> res

{'keyl': 0, 'key2': 0, 'key3': 0}



We have thus far accessed values from dictionaries using the keys,
however we can access all keys and values from a dictionary using

the following methods

>>> personal_details = dict([("first name", "Rob"), ("surname", "Mastrodomenico"),
("gender", "Male"), ("favourite food", "Pizza")])}

»>> personal_details

{rfirst name': 'Rob', 'surname': 'Mastrodomenico', 'gender': 'Male’', 'favourite food':
'Pizza')

=»> personal details.items()

dict_items([('first name', 'Rob'), ('surname', 'Mastrodomenico'), ('gender', 'Male'},
{'favourite food', 'Pizza')])

>>> personal_details.keys()

dict_keys(['first name', 'surname', 'gender',K 'favourite_food'])
>>> personal details.values ()

dict_wvalues(['Rob', 'Mastrodomenico', 'Male', 'Pizza'])

The objects that we return can be iterated over and this is covered
later when we introduce loops however if you want to access them
like we would a list we can cast them as such and access the relevant

index positions.

>>> personal_details = dict([("first name", "Rob"), ("surname", "Mastrodomenico"},
("gender", "Male"), ("favourite_food", "Pizza")])

=»>> perscnal details

{"first name': 'Rob', 'surname': 'Mastrodomenico', 'gender': 'Male', 'favourite food':
‘Pizza')

»>> perscnal_details.items()

dict_items([('first name', 'Rok'), ('surname', 'Mastrodomenice'), ('gender', 'Male'},
('favourite food', 'Pizza')l])

»>>> list (personal details.items()) [0]

("first name', 'Rob')

»»>> perscnal details.keys()

dict keys(['first name', 'surname', 'gender', 'favourite food'])

»>>> list (perscnal details.keys()) [-1]

'favourite_ foecd'

»>> perscnal_details.values()

dict_wvalues(['Rob', 'Mastrodomenico', 'Male', 'Pizza'])

>>> list (personal details.values()) [:-1]

["Rab', 'Mastrodomenico', 'Male']



That gives summary of dictionary methods and what you can do with
them, compared to lists and tuples these types of objects can be very
powerful and flexible container. We will return to these throughout the

book as they form a key concept in Python.



10
Sets

In this chapter, we cover the last object for data collection and that is
set. Perhaps the best use for sets is that they cannot contain dupli-
cate values so can be useful for storing unique values. They are also

unordered and cannot be changed. Let's start by creating a set.

>>> names = {'Tony', 'Peter', 'Natasha', 'Wanda'}
=>>> rames
{'Peter', 'Tony', 'Wanda', 'Natasha'}

Here, we use the curly brackets as we did with a dictionary, however
now we have no key value pairs and the content resembles that of a
list of tuple. We are not constrained by having strings in it, let's add

some integers to our set.

>>> names = {'Tony', 'Peter', 'Natasha', 'Wanda', 1, 2, 3}
>=> Inames
{1, 2, 3, 'Wanda', 'Peter', 'Tony', 'Natasha'}

Here, we can see that the ordering of the set doesn't resemble what

we put into it.



We can also create a set using the set builtin function as covered

earlier.

>>> names = set (('Tony', 'Peter', 'Natasha', 'Wanda', 1, 2, 3))
>>> Lames

{1, 2, 3, 'Wanda', 'Peter', 'Tony',6 'Natasha'}

>>> names = set (['Tony', 'Peter', 'Natasha', 'Wanda', 1, 2, 3])
>>> names

{1, 2, 3, 'Natasha',6 'Peter', 'Tony', 'Wanda'}

We can create a set from a string but we need to be aware of how the

curly brackets and set builtin work

=>=> Inames

{ 'Wanda'}
>>> names
{'Wwanda'}

>>> names set ('Wanda')

==>> Ilames
{1n}' Ia1: lwlj ldr}

What happens is that when you pass in a string using the curly brack-
ets you retain the full string in but when passed in using set the string
is split into the individual characters. Again note when the characters

are split there is no ordering to them.

Next, we try and add a list to the set but we raise a type error as the

list cannot be added.



>>> my set = {'Tony', 'Wanda', 1, 2, ['hello', 'world']}
Traceback (most recent call last):
File "<stdin>", line 1, in <module>

TypeError: unhashable type: 'list'

The same is true for dictionaries and sets as we show below:

>>> my set = {'Tony', 'Wanda', 1, 2, {'key':'value'l}]
Traceback (most recent call last):

File "<stdin=>", line 1, in <module>
TypeError: unhashable type: 'dict'’
>>> my set = {'Tony', 'Wanda', 1, 2, {1,2,3}}
Traceback (most recent call last):

File "<stdin>", line 1, in <module>
TypeError: unhashable type: 'set'

However, if we include a tuple in the set we get the following:

>>> my set = {'Tony', 'Wanda', 1, 2, (1,2,3)}
>>> my set
{'*Wwanda', 1, 2, 'Tony', (1, 2, 3)}

The reason we can include the tuple over the dictionary, list and set is

that the tuple cannot be changed so is supported in a set.
We can see if the value is in the set by using the following syntax:

>>> 'Tony' in names
True
==> 'Steve' in names

False



An item could be added to the set by using the add method:

>>> names.add('Steve')

==>> rnames

{1, 2, 3, 'Steve', 'Wanda', 'Peter', 'Tony', 'Natasha'}
>>> names.add('Tony"')

>>> names
{1, 2, 3, 'Steve', 'Wanda', 'Peter', 'Tony', 'Natasha'}

Note here when we add in Tony again to the set we don't get dupli-
cate values of Tony in the set, but Steve gets added in as it was not
present. That aspect of not having duplicate values within the set is
useful if we want to have a unique representation of values where we
could have duplicates. For example, you could imagine a long list
with lots of repeated values and you just want the unique values with-

in it as we show below:

>>> days = ['Monday', 'Monday', 'Tuesday',6 'Wednesday',
'Sunday', 'Sunday']

>>> days set = set (days)

>>> days_set

{'Monday', 'Wednesday', 'Sunday', 'Tuesday')}

Now, the example is fairly trivial as we can see all content within the
list but you can imagine examples within a big dataset where you

may want a similar representation.

This is useful for a single set but we also have the ability to operate

on multiple sets. The next example looks to obtain the unique value



between two sets.

>>> names = {'Tony', 'Peter', 'Natasha', 'Wanda')}
=>>> names

{'Wanda', 'Natasha',6 'Peter', 'Tony'}

>>> more names = {'Steve', 'Peter', 'Carol',6 'Wanda'}
>>> mMOore_ names

{'Wanda', 'Peter', 'Steve', 'Carol’'}

>>> names | more names

{'Wanda', 'Peter', 'Tony', 'Carol', 'Steve', 'Natasha'}

Here, we use the | operator and get the values that are in the names
set OR the more_names set so any shared values are included only

once. The same can be achieved using the set method union.

>>> names = {'Tony', 'Peter', 'Natasha', 'Wanda'}
>>> names

{'Wanda', 'Natasha', 'Peter',K 'Tony'}

>>> more names = {'Steve', 'Peter', 'Carol', 'Wanda'}
>>> MOre_names

{'Wanda', 'Peter', 'Steve',6K 'Carol'}

>>> names.union(more names)

{'Wwanda', 'Peter', 'Tony', 'Carol', 'Steve', 'Natasha'}

Now, while the results are the same we didn't need to pass a set in
the union method, we could rewrite passing a list into the union and

get the same results.



>>> names = {'Tony', 'Peter', 'Natasha', 'Wanda')}

>>> names

{'Wwanda', 'Natasha',6 'Peter', 'Tony'}

>>> more names = ['Steve', 'Peter', 'Carol', 'Wanda']
>>> mMOre _names

['Steve', 'Peter', 'Carcl', 'Wanda']

>>> names.union (more_names)

{'Wanda', 'Peter', 'Tony', 'Carol', 'Steve',6K 'Natasha'}

So, we can achieve the same result as the list is converted into a set.

If we used the | operator with the list, then we see an error.

>>> names = {'Tony','Peter', 'Natasha', 'Wanda'}
>=> Inames
{'Wanda', 'Natasha', 'Peter', 'Tony'}
>>> more names = ['Steve', 'Peter', 'Carol', 'Wanda'l]
>>> mOore_names
['Steve', 'Peter', 'Carol', 'Wanda']
>>> names | more_names
Traceback (most recent call last):
File "<stdin=>", line 1, in <modules>
TypeError: unsupported operand type(s) for |: 'set' and 'list’

We can extend the union example by passing more items into the
union method, for example, if we have two sets that we want to take

the union with our existing set we would do as follows:



>>> names = {'Tony','Peter', 'Natasha', 'Wanda’'}

>>> names

{'Wanda', 'Natasha', 'Peter', 'Tony')

>>> more names = {'Steve', 'Peter', 'Carol', 'Wanda'}

>>> MOre names

[*Steve', 'Peter', 'Carol', 'Wanda'}

»>> even_more names = {'Tony', 'Jonny', 'Sue', 'Wade'}

>>> even_more_names

{'*Tony', 'Jonny', 'Sue', 'Wade'}

»>> names | more names | even more names

[‘Wanda‘, 'Sue', 'Wade', 'Carecl', 'Peter', 'Tony', 'Jonny', 'Steve', 'Natasha‘}

>>> names.union(more_names, even_more_names)
{'Wanda', 'Sue', 'Wade', 'Peter', 'Tony', 'Carol', 'Jonny', 'Steve', 'Natasha'}

Now, if the values were lists and not sets, then we can still use the

union method as shown below:

>>> names = {'Tony', 'Peter', 'Natasha', 'Wanda'}

>5>5> Names

{'Wanda', 'Natasha', 'Peter', 'Tony'}

>>> more_names = ['Steve', 'Peter', 'Carol', 'Wanda']
»>> MOre_names

['Steve', 'Peter', 'Carol', 'Wanda'l

>>> even_more names = ['Tony', 'Jonny', 'Sue', 'Wade']
>>> eVen more names

['"Tony', 'Jonny', 'Sue', 'Wade']

=>>> names.union(more_names, even_more_names)

{'Wanda', 'Sue', 'Wade', 'Peter', 'Tony', 'Carol', 'Jonny', 'Steve', 'Natasha'}
These examples so far have looked the union between two or more

sets, what if we want to look at values that are in all sets, or not in any

sets, luckily Python has us covered.

Now where we used union and the | operator if we want to find out
what values are in all sets we use the intersection method or the &

operator.



>>> names = {'Tony', 'Peter', 'Natasha', 'Wanda'}
=>> Ilames

{'Wwanda', 'Natasha', 'Peter', 'Tony'}

>>> more names = {'Steve', 'Peter', 'Carol', 'Wanda'}
>>> More_names

{'Wanda', 'Peter', 'Steve', 'Carol'}

>>> names & more names

{'Wanda', 'Peter'}

>>> names.intersection (more names)

{'Wwanda', 'Peter'}

As we saw with the union method and | operator, we can include

more than two sets.

>>> names = {'Tony', 'Peter', 'Natasha', 'Wanda'}

>>> names

{'Wanda', 'Natasha', 'Peter',6 'Tony'}

>>> more names = {'Steve',K 'Peter',6 'Carol', 'Wanda'}
>>> more names

['Steve', 'Peter', 'Carol', 'Wanda']

>>> even more names = {'Peter', 'Jonny', 'Sue', 'Wade'}
>>> even_more_names

['Peter, 'Jonny', 'Sue', 'Wade']

>>> names & more names & even more names

{'pPeter'}

>>> names.intersection(more names, even more names)
{'pPeter'}

And similarly as shown with the union method we can add non-sets

into the intersection method.



>>> names = {'Tony', 'Peter', 'Natasha', 'Wanda')}

>>> names

{'Wanda', 'Natasha', 'Peter', 'Tony')}

>>> more names = ['Steve', 'Peter', 'Carcl', 'Wanda']
>>> MOre_names

['Steve', 'Peter',K 'Carol', 'Wanda'l]

>>> even_more names = ['Peter', 'Jonny', 'Sue', 'Wade']
>>> even_more_names

['Peter, 'Jonny', 'Sue', 'Wade']

>>> names.intersection(more names, even more names)
{'pPeter'}

If we want to look at the differences between two or more sets, then
we can use the difference method or the — operator. Again the rules
that we have seen before are consistent here in that we can only do
comparison using the — operator on sets whereas for the difference

method we can handle non-sets passed in.



>>> names = {'Tony', 'Peter', 'Natasha', 'Wanda'}
>>> names

{'Wanda', 'Natasha', 'Peter',6 'Tony'}

>>> more names = {'Steve',K 'Peter',K 'Carol', 'Wanda'}
>>> more names

{'Wanda', 'Peter', 'Steve',K 'Carol'}

>>> names - mMOre _names

{'Natasha', 'Tony'}

>>> names.difference (more names)

{'Natasha', 'Tony'}

>>> even _more names = {'Peter', 'Jonny', 'Sue', 'Wade'}
>>> even _more names

{'pPeter, 'Jonny', 'Sue', 'Wade'}

>>> names - mMOre _names - even more names

{'Natasha', 'Tony'}

>>> names.difference (more_names, even_more_names)
{'Natasha', 'Tony'}

>>> more _names = ['Steve', 'Peter', 'Carol', 'Wanda']
>>> mMore names

['Steve', 'Peter', 'Carol', 'Wanda']

>>> even more names = ['Peter', 'Jonny', 'Sue', 'Wade']
>>> VeIl more names

['Peter, 'Jonny', 'Sue', 'Wade']

>>> names.difference (more names, even more names)
{'Natasha', 'Tony'}

The manner in which difference is applied for more than one compari-
son is to work left to right so we first look at the difference between
names and more_names and then look at the difference between this

result and even_more_names.



Another set comparison that we can perform is using the symmet-
ric_difference method or the * operator. What this does is return back
the elements that are in either set but not in both, so its like the or

method but doesn't include any common values. We demonstrate as

follows:

>>> rnames = {'TDny','Peter‘,'Natasha','Wanda‘}

==> Iames

{'Wanda', 'Natasha', 'Peter',K 'Tony'}

>>> MOre_names = {'Steve', 'Peter', 'Carol', 'Wanda'}
22> Tl'lD]’_'E_l'lElTﬂEE

{'Wanda', 'Peter', 'Steve', 'Carol'}

>>> names ~ more names

{'Carol', 'Tony', 'Steve', 'Natasha'}

>>> names.symmetric difference(more names)

{'carol', 'Tony', 'Steve', 'Natasha'}

»>>> even more names = {'Peter', 'Jonny', 'Sue', 'Wade'}
=3> EVE‘H_H'[O]’.'E‘_TIE.I'DE 8

{'Peter, 'Jonny', 'Sue', 'Wade'}

>>> names ~ more names ~ even_more_names

{'Sue', 'Wade', 'Carol', 'Peter', 'Jonny', 'Tony', 'Steve', 'Natasha'}

>>> names.symmetric_difference(more_names, even_more_names)
Traceback (most recent call last):
File "<stdin=", line 1, in <module>
TypeError: symmetric difference() takes exactly one argument (2 given)

Unlike with previous methods symmetric_difference doesn't allow
more than one set, however it still allows us to pass in a non-set as

shown below:



>>> names = {'Tony', 'Peter', 'Natasha', 'Wanda'}
=>>> Ilames

{'Wanda', 'Natasha', 'Peter',K 'Tony'}

>>> more names = ['Steve', 'Peter', 'Carol',6 'Wanda'l
>>> more_names

['Wanda', 'Peter',K 'Steve',K 'Carol']

>>> names.symmetric difference (more names)

{'Carol', 'Tony', 'Steve', 'Natasha'}

We can also see if a set has any elements in common by using the

isdisjoint method.

>>> names = {'Tony', 'Peter', 'Natasha', 'Wanda'}
=>> Iames

{'Wanda', 'Natasha', 'Peter', 'Tony'}

>>> more names = {'Steve', 'Bruce', 'Carol', 'Wanda'}
>>> more names

{'Wanda', 'Peter', 'Steve', 'Carol'}

>>> names.isdisjoint (more names)

False

>>> more names = {'Steve',6 'Bruce', 'Carol', 'Sue'}

=>> MOre_Iriames

{'Sue', 'Bruce', 'Steve',6 'Carol'}
>>> names.isdisjoint (more names)
True

For any readers interested in set theory, there are a couple of other

set methods:

« issubset

« issuperset



but we will leave it up to the reader to discover the wonders of them.

Now aside from these methods which have allowed us to compare
sets there are a number of other methods that can be applied to sets,
some of which we have covered in the previous chapters so we will

briefly demonstrate them.

>>> names = {'Steve', 'Wanda', 'Peter', 'Tony', 'Natasha'}
>>> Iames

{'Wwanda', 'Peter', 'Tony', 'Steve',K 'Natasha'}

>>> names.pop ()

'Wanda'

As before pop removes an item from the set.

We can also remove an item from the set explicitly using the remove

method:

>>> names = {'Steve', 'Wanda', 'Peter', 'Tony', 'Natasha'}
>>> names

{'Wanda', 'Peter', 'Tony', 'Steve', 'Natasha'}

>>> names.remove (' Tony')

>>> Ilames

{'Wanda', 'Peter', 'Steve',6 'Natasha'}

Now the problem with the above is that if we try and remove some-
thing from the set that isn't in there, then we get a key error. Another
way to remove something from the set that allows for a value not to

be in the set is the discard method which is demonstrated below:



>>> names = {'Steve', 'Wanda', 'Peter', 'Tony',6 'Natasha'}
>>> names
{'Wanda', 'Peter', 'Tony', 'Steve', 'Natasha'}
>>> names.remove ('Sue')
Traceback (most recent call last):

File "<stdin>", line 1, in <modules>
KeyError: 'Sue'
>>> names.discard('Sue')
>>> Iames
{'Wwanda', 'Peter', 'Tony', 'Steve',K 'Natasha'}
>>> names.discard('Peter')
=== names
{'Wanda', 'Tony', 'Steve', 'Natasha'}

We can also clear the set by using the clear method which gives us

an empty set.

>>> names = {'Steve', 'Wanda', 'Peter', 'Tony', 'Natasha')
>>> names.clear ()

=>>> Ilames

set ()

Given we can remove items from a set similar to how we can add to

it, the first method we cover that does this is the add method:

>>> names = {'Steve', 'Wanda', 'Peter', 'Tony', 'Natasha'}
== names
{'Wanda', 'Peter', 'Tony', 'Steve', 'Natasha'}

>>> names.add ('Bruce')

>>> names

{'Wanda', 'Peter', 'Tony', 'Steve', 'Bruce', 'Natasha'}
==>> names.add('Peter')

>>> names

{'"Wanda', 'Peter', 'Tony', 'Steve',6 'Bruce', 'Natasha'}



Now the add method adds values one at a time but we can utilise
some methods which are similar in nature to those that looked at
comparison on the sets and allow us to modify a set, the first of these

we will show is the update method:

>>> names = {'Tony', 'Peter', 'Natasha', 'Wanda'}
>>> riames

{*wanda', 'Natasha', 'Peter', 'Tony'}

>>> more names = {'Steve', 'Peter', 'Carol', 'Wanda'}
>>> more names

{'Steve', 'Peter',K 'Carol', 'Wanda'}

>>> names | more names

{'carol', 'pPeter', 'Steve', 'Natasha', 'Wanda', 'Tony'}
=>>> rames

{'Tony', 'Peter', 'Wanda', 'Natasha'}

>>> more names

{'carol', 'pPeter', 'Steve', 'Wanda'}

>>> names.update (more names)
>>> rnames
{'carol', 'Peter', 'Steve', 'Natasha', 'Wanda', 'Tony'}

You can see the return value using the | operator applied to two sets
is the same as the update value. The big difference here is that when
you use the | operator you don't change either of the sets, however
using the update method changes the set that you have used the
method for so in this case the names set is now the result of names |

more_names.



>>> names = {'Tony', 'Peter', 'Natasha', 'Wanda'}
=>>> Iames

{'wanda', 'Natasha', 'Peter', 'Tony'}

>>> more names = {'Steve', 'Peter', 'Carol', 'Wanda'}
>>> more names

{'Steve', 'Peter', 'Carol', 'Wanda'}

>>> names & more_names

{'Peter', 'Wanda'}

>>> Iames

{'Tony', 'Peter', 'Wanda', 'Natasha'}

>>> mMOre_ names

{'carol', 'Peter', 'Steve', 'Wanda'}

>>> names.intersection update (more names)

>>> Ilames

{'Peter', 'Wanda'}

Like with the update method the intersection_update applies the &
operation but assigns the result back to the set that its applied to. The
same is true for the symmetric_difference:update which gives the
same result as A and difference:update which gives the difference be-

tween two sets.

The last concept that we look at in this chapter is the concept of the
frozen set. The frozen set is what the tuple is to a list in that it cannot

be altered:



=>> frozen names

frozenset ({ 'Tony', 'Peter', 'Natasha', 'Wanda'})
>»> frozen_ names

frozenset ({ 'Tony', 'Peter', 'Wanda', 'Natasha'})

»>> frozen_names = frozenset (['Tony', 'Peter', 'Natasha', 'Wanda'])
»>»> frozen names

frozenset ({'Tony', 'Peter', 'Wanda', 'Natasha'})

>>> frozen names

frozenset (('Tony', 'Peter', 'Natasha', 'Wanda"'))
>>> frozen_names
frozenset ({'Tony', 'Peter', 'Wanda', 'Natasha'})

>>> frozen_names frozenset ('Tony"')

>>> frozen names

frozenset ({'T', 'y', 'n', 'o'})

>>> dir (frozen_names)

[' _and ', '_class__ ', '__contains__ ', '__delattr ', '_dir_ ',

' doc_ ', ' _eg ', ' format_ ', ' _ge ', ' getattribute_ ',

' gt ', ' _hash_', ' __init ', ' _init_subeclass__ ', '__iter_ ',

' le ', ' len ', ' 1t ', ' me_ ', ' mnew ', ' or ', ' rand ',

' reduce ', ' reduce ex ', ' repr ', ' ror ', ' rsub ', ' rxor ',
' setattr ', ' sizeof ', ' str ', ' sub ', ' subeclasshook ',

' _xor_ ', 'copy', 'difference', 'intersection', ‘'isdisjoint', 'issubset',
'issuperset', 'symmetric_difference', 'union']

We use frozenset around a set, list, tuple, or string to give us our set
but looking at the methods available you can see that the ones which
change the set are not available to a frozen set, however the meth-
ods that allow us to compare sets are still available. This concludes
this chapter and gives us an introduction into sets and how they can

be used within Python.



11
Loops, if, Else, and While

This chapter is now going to cover the following important aspects of
programming namely loops, if, else, and while statements. These
statements are the key components of programming and allow us to
operate on our objects. We have covered aspects of logic earlier
when we considered comparison and equality and that is key when
we look at if statements which is the first aspect we will consider here.
The key to an if statement is that we need a statement that returns a

true or false value. So let's consider the following statement:

>>> ¥ = 1
>3> X ==

True

Now, the first line is an assignment and the second is comparison

and its with the second line that we can introduce an if statement:

= M ==
True
>»> 1f x == 1:
X =X + 1
mmm M



What we have done here is test the return value of the statement and
if its true then we increment the variable x by 1. That is the essence of
an if statement, we test to see if the return of a logic statement is true
and if it is we do something within that statement. We can extend the
example by introducing the concept of an else statement. Essentially
given the if statement tests if a statement is true the else deals with if

the statement is false.

>>> X = 2
>>> X ==
False
>>> 1f x == 1

X X+ 1

else:
X = x - 1

mmm M

Now what we have done is assign x the variable 2 and then test if x is
equal to 1 which returns False. We then set an if else statement
where if the value is equal to 1 we add one to x and if not we subtract
one from the value x. As we can see the value isn't equal to one so
we enter the else aspect of the loop and decrement the value of x by
1.

Logic like this is really useful to allow us to make decisions in our

code based on what a variable may or may not be. However, the if



else loop only allows us to make a decision based on a single true or
false condition. If we require more control, then we can use the elif
statement alongside an if else statement. Let's improve on our exam-

ple from before and introduce the concept of elif.

>5> X = 2
»>»>» X == 1
False
x> X ==
True
>>> 1f x == 1
X =X + 1
elif x == 2
X =X * X
else:
X =X - 1
>33 K
4

Here, we have set the variable x equal to 2 and then show the logic
statements that we plan to use. In the first if statement we test if x is
equal to 1, it isn't so we then enter the elif statement and see if x is
equal to 2, it is so we then run the command in the statement and x is
shown to be 2. We can expand the statement further with more elif
statements so we can check for a variety of things. It is important to
note that if one of the conditions on the if or elif is met we then exit the

statement and continue through our code. So as soon as a condition



is seen we exit the statement. Therefore, when thinking about using if
statements you need to understand the context you are using them

in.

If we have a fixed set of outcomes that we want to work with then an if
elif statement like we showed before would work well. We next show

an example where using an if elif statement doesn't quite work:

>>> home score = 4
>>> away score = 0
>>> if home score > away score:
result = "Home win"
elif home score < away score:

result = "Away Win"
elif home score == away score:

result = "Draw"
elif home score > (away score + 1):

result = "Home win by more than 1 goal"
elif (home score + 1) < away score:

result = "Away win by more than 1 goal"
else:

result = "Unknown result"

=>> result
"Home win"

On the face of this you may think that this is a really good bit of code,
however it isn't. The problem is we want to test if the win for either

side is a win or a win by more than 1 goal. What happens here is the



condition for a home win is met before we test for the win by more
than one (which would also return a true result). So using an if state-
ment as we do here doesn't work, instead we need to use a nested if

statement.

>>> home_ score
0
>>> if home score > away score:

=>> away_ B5score

if home_score > (away_score + 1):
result = "Home win by more than 1 goal"
else:
result = "Home win"
elif home score < away score:
if (home score + 1) < away score:

result = "Away win by more than 1 goal™"
else:
result = "Away win"
elif home score == away score:
result = "Draw"
else:
result = "Unknown result"

>>> result
"Home win by more than 1 goal"

We can see that we get the desired result. The point that this raises is
that if statements can be very powerful but at the same time mistakes
can be made if they are not thoroughly thought out. We next look to

consider loops.



In earlier sections we have covered list (Chapter 7), tuples (Chapter

8), and dictionaries (Chapter 9) which are all important containers for

values in Python. We showed how we can access and manipulate

them. However, we concentrated on single instances of these objects

whereas in reality this isn't the case. What you might expect is to

have a collection of data which each may be contained in a list, tuple,

or dictionary and you want to access it and perform some kind of op-

eration on it. Let's create some data that allows us to do so.

===

==

e

e

e

2>

e

-

2>

23>

23>

=

people
person
people
person
people
person
people
person
pecople
person
people
people

[ [ "TDHY" ,

["Stephen",
["Natasha",

[]

["Tony", "Stark", 48]
.append (person)

["Steve", "Rodgers",102]
.append (person)
["Stephen",
.append (person)
["Natasha", "Romanof",b 36]
.append (person)

["Peter", "Parker",16]
.append (person)

"Strange",42]

"Stark“, 48] , ["StEVE",
"Strange", 42],
36], ["Peter",

"Rodgers", 102],

"Romanof", "Parker", 16]]

What we have done here is setup a list of lists. Now if we want to ac-

cess element 3 of the first list we can do so as follows:



>>> people

[["Tony", "Stark", 48], ["Steve", "Rodgers", 102],
["Stephen", "Strange", 42],
P
["Natasha", "Romanof", 36], ["Peter", "Parker", 16]]

>>> people (0] [2]
45

So we access the first element of the outer list which returns us a list
and then we access the value 3 of that list through the index 2. Now if

we wanted to see everyones age we could write the following:

>>> people[0] [2]
48

>>> people[1l] [2]
102

>>> people[2] [2]
42

>>> people[3] [2]
36

>>> people[4] [2]
16

This is fairly tedious for five people, imagine if we had hundreds or
thousands of people. To avoid writing the same code again and again
we can use a loop to access the ages of everyone in the list. Now to
make it more interesting let's work out the average age of the people

in the list.



>>> total age = 0.0
>>> for p in people:
age = pl2]
total age += age

>>> total_age

244 .0

>>> average age = total age / len(people)
>>> average age

48.8

What we have done here is introduce the concept of a loop, along-
side a few other things. Now, we initially setup a variable to contain
the total age and set this to zero. The theory here is that we will incre-
ment the value by everyones age within the loop. Next, we enter the
for loop. The syntax says for p in person, and what this means is that
we iterate over all the elements in people and assign whatever it is to
the variable p. The name p is totally arbitrary, we could rewrite the

loop as follows:

>>> total age = 0.0

>>> for huge massive robot in people:
age = huge massive robot [2]
total age += age

The name isn't technically import, although this is pretty bad naming
convention. The point is that when you write your loops you don't al-
ways have to use p. The loop then one by one access all the ele-

ments of the list people, where each element is a list and the indented



code within the loop does something to the that element. What we do
within the loop is assign the third value of the list to the variable age
and then add that value to the total age variable which we initially set

to be zero. This bit of code is shorthand for the following:

>>> age = people[0] [2]
>>> total age += age
>>> age = people[1l] [2]
>>> total_age += age
>>> age = people[2] [2]
>>> total age += age
>>> age = people[3] [2]
>>> total _age += age
>>> age = people(4] [2]
>>> total age += age
>>> total age

244 .0

So we can see its a big reduction in amount of code written, which is
a good thing. After that we divide the total age by the number of ele-
ments in the list which we get by using len. This then gives us the av-

erage for the list of lists, pretty cool.

That is the basics of for loops applied to lists, the key thing to remem-
ber is that you are iterating through the list, essentially going over
every element of the list. Now as we discussed before the elements
of the lists don't always have to be of the same type so care is need-

ed when using loops as the logic applied to one element may not hold



for all elements of the loop. Everything we have shown here for lists
also apply to tuples so you could write the same type of loop on a tu-
ple, however you can't set it up in the way we did earlier as that won't

work.

One neat thing we can do with lists and loops is something known as
list comprehension. Now if the problem we had is that we wanted to
create a list with the squared ages of our people then we could write

a loop as follows:

>>> squared ages = []

>>> for p in people:
squared age = p[2] * p[2]
squared ages.append (squared age)

>>> squared ages
[2304, 10404, 1764, 1089, 256]

That all looks fine, but we could write it in one line as follows:

>>> squared ages = [p[2] * p[2] for p in people]
>>> sqguared ages
(2304, 10404, 1764, 1089, 256]

Looks cool doesn't it! Which one is better, well they both do the same,
some may say using list comprehension is more Pythonic but you
could argue its harder to read than the standard for loop example. It is

really down to personal preference and what you like doing more.



Next, we will look at how to loop over dictionaries which behave dif-
ferently to lists and tuples. Now if we have a list of dictionaries we can
loop across the list and access the dictionary similarly to how we ac-
cessed the list within a list in the previous example. However, if we

just have a dictionary we can loop over it in the following way:

>>> person = {"first name":"Steve", "last name":"Rodgers", "age":102}
>>> person_list = []
>>> for p in person:

perscon_list.append (p)

>>> person_ list
["first name", "last name", "age"]

The way the loop behaves in this case is very different to what we
have seen before with lists. The p in person is key of the dictionary
not the key and value of the dictionary, so in putting the p in a list we
get the keys of the dictionary. If we want the values from the person

dictionary we need to do it in the following way:

>>> person = {"first name":"Steve", "last name":"Rodgers", "age":102}
>>> person_list = []
>>> for p in person:

value = person([p]

person_list.append(value)

>>> person_list
["Steve", "Rodgers", 102]

The only difference here is that we access the value from the dictio-

nary that uses the key obtained from the loop.



Next, we consider how loops work on strings, which is again different
to what we have seen before. We can loop over a string in the same

way that we would a list.

>>> name = "Rob Mastrodomenico"

>>> name list = []

>>> for n in name:
name_list.append(n)

>>> name_ list
["R", "D", Ilb"' n rl‘I ”M"; "a”; "S", F|t1F‘ "I’", lIlD‘rl‘I "d”; "O",

Ilm"' "E!"; "n", ||ir|r lr':llJI ”O"]

So, when we loop over a list we access each individual element of the
string, so appending it to the list we see an entry for each letter in the

name.

The last concept we will consider in this section is while loops, these
are loops that continue whilst some logic is true. We will demonstrate

as follows:

>>> gscore = 0

>>> while score < 4:
score
score += 1

b b= o .



What have we done here? Well initially we set a variable called score
and set it equal to zero. Then we have said while score is less than
four complete the code within the while loop. As for other logic con-
sidered here we need to use the colon after we have set the condi-
tion. What we see is that the output from this is that we show the val-
ues of score while score is less than four. Once it is completed we
then leave the loop. Its much like a for loop, however while a for loop
will work for loop will iterate over something a while loop doesn't and
just continues until a condition is met which allows it to leave the loop.
With a loop like this you need to be careful that the condition is met

else it can stay in the loop forever!

Let's put all this together into a single example where we want to sim-
ulate a lottery draw. For those not familiar with lotteries we have a
fixed number of balls that we randomly select to give a set of num-
bers. You win the lottery if you have the numbers selected. Now the
example we will show will involve us generating six balls and a bonus

ball. To generate the random balls we will use the following code:

>>> from random import randint
>>> ball = randint (min, max)

In this example we will use the min and max numbers to be 1 and 59,
now using randint we can generate a random number between 1 and

59 inclusive.



>>> from random import randint

>>> min = 1

>>> max = 59

>>> ball = randint (min, max)
>>> ball

15

The key here is that we can generate a random integer but its not al-
ways unique, meaning we could get the same number out again so
we need to have a way to ensure we don't get the same number out
again. Now, there is not always one way to do something in Python
so we will go through two different approaches to doing this, the first

one is as follows:

>>> from random import randint
>>> min = 1

>>> max = 59

>>> result list = []

>>> for i in range(7) :

ball = randint (min, max)
while ball in result list:
ball = randint (min, max)

result list.append(ball)

>>> result list
[15, 19, 34, 12, 20, 31, 36]

Here, we have created a list to store the values that we want to ap-

pend the results to. We then loop over a range object:



>>> range (7)
range (0, 7)

This essentially creates a range object that we could loop over and
we have 7 as the value due to the fact we want to generate 7 num-
bers. We then generate a ball randomly and using a while loop if the
ball isn't in the list we append it to the result list and this then gives us
our 7 random numbers to simulate a lottery draw including the bonus
ball.

We could however do this slightly differently and not need the range

object as follows:

>>> from random import randint

s»> min = 1
=>> max = 59
>>> result list = []

>>> while len(result list)<7:
ball = randint (min, max)
if ball not in result list:
result list.append(ball)

>>> result list
[41, 48, 47, 55, 18, 15, 43]

So here we use the while loop to continue until the result_list has alll
the number of balls in so we can reduce the number of lines of code

to achieve the same thing.



As you can see we have introduced the concepts of for, if, else, and
while and shown how we can apply these to solve a problems and

link them back to the concepts that we have covered so far.



12
Strings

Python is good at many things, | may be biased but | believe it's true,
however one thing that its particularly good at is dealing with strings
and string manipulation. This chapter will expand what we already
know about strings showing how powerful Python is at dealing with

them. So let's begin with looking at what a string is:

>=> name = "robp"

=== Ilame

n I'Db 1]

ss> name = "robh"

=== Iame

n rc}b n

}} } name — moaumn rDb mmmmn
=== Iame

n rob n

=>> name = '""'rob'"!
=== name

n rDb n

In the above example it doesn't matter which way you create the
string and it is all the same but there are a few examples where you

need to create a string differently. This primarily revolves around the



use of single and double quotes. Now, if you put a single quote in a

string separated by single quotes you get the following:

>>> single quote string = 'string with a ' single quote'
File "<stdin>", line 1
single quote string = 'string with a ' single quote'

o

SyntaxError: invalid syntax

To include a single quote in a string separated by single quotes you
need to use an escape sequence. An escape sequence is basically
the character with a backslash before it, so if we write the previous

string with an escape sequence it looks like the following:

>>> single quote string = 'string with a \' single quote'
>>> single quote string
"string with a ' single quote"

You might say why use single quotes around a string with single
qguotes and you would be right, we could write the previous example

as follows with double quotes:

>>> single quote string = 'string with a \' single quote'
>>> single quote string
"string with a ' single gquote"

We can get away with not using escape sequences if we use triple

quotes. So we can rewrite the previous using triple quotes as follows:



>>> single quote string = """string with a ' single quote"""
>>> single quote string
"string with a ' single quote"

The same would hold for a double quote, however if we have the dou-

ble quote at the end of the string we encounter a problem.

>>> double gquote string = """string with a double quote on the end""""
File "<stdin=", line 1
double_quote_string = """string with a double quote on the end""""

A

SyntaxError: EOQOL while scanning string literal

To get around this problem you would need to use an escape se-

guence on the double quote as shown below:

>>> double gquote string = """string with a double gquote on the end\""""
>>> double gquote string
'string with a double quote on the end"'

Another benefit to triple quoted strings is that you can write strings

over multiple lines.

>>> on_two_lines = """A quote on

two lines"""
>>> on_two lines
'"A guote on \n\t\t\t\ttwo lines'

The string contains the line return denoted by backlash n and three
tabs denoted by backslash t. If we were to try this with single quota-

tion then we end up with the following:



>>> on_two_lines = "A quote on
File "<stdin>", line 1
on two lines = "A quote on

N

SyntaxError: EOL while scanning string literal

We have touched briefly on escape sequences and although we have
not covered all of them (you can search them out yourselves) an in-
teresting issue comes up and that is what do we do if we use an es-
cape sequence in our string. So, for example, typing backslash n
gives us a carriage return in our string. But what if we want forward

slash n in our string, we can use what is called a raw string:

>>> raw string = r"This has a \n in it"
>>> raw_string
"This has a \\n in it"

This is the same as writing

>>> not _raw string = "This has a \\n in it"
>>> not raw string
"This has a \\n in it™"

In both examples when we show the content of the string it has an ex-
tra forward slash but when it is printed this disappears. And yes if you

wanted an extra slash in there just use three slashes.



>>> not _raw_string = "This has a \\\n in it"
>>> not raw string
"This has a \\\n in it"

So given you have a string what can you do with it? You can access it
in much the same way as you did when we covered lists earlier on.

So if we want the 3rd element of a string we do so as follows:

>>> name = "Rob Mastrodomenico"
>>> name [2]
Ilb'lr

Remember from before the value in position 3 is indexed at 2 as
strings like lists are 0 indexed. We can similarly take the values in po-

sitions 5-8.

>=>> name = "Rob Mastrodomenico"
=== name[4:8]
n Mast n

We can also work backwards and get the last three elements.

>>> name = "Rob Mastrodomenico"
=== name[-3:]
n iCD"

Or we can get everything but the last three elements.



=>> name = "Rob Mastrodomenico"
s> name[:-3]
"Rob Mastrodomen"

We can apply much of the logic shown earlier to strings. So if we want
to know if a string contains a character or combination of characters

we can do so by seeing if the characters are in the string.

>s>> name = "Rob Mastrodomenico"
==> "ico" in name

True
>»> "z" in name

False

We can create custom strings using variables that we may have in
our code. This is generally referred to as string formatting, so if we
want to put a variable into our string we need only define the position
in the string using curly brackets and then using the format method

with the arguments passed in they get assigned to the appropriate

positions.

>>> first name = "Rob"

>>> last_name = "Mastrodomenico"

>>> name = "First name: {}, Last name: {}“.format{first_name, last_name)

>>> rame
"First name: Rob, Last name: Mastrodomenico"

In this example it doesn't seem to have any benefit as we could have
easily define the whole string as we did before. However, consider

the case where the names are changing. We could be looping over a



list of names or a file or names and at each iteration of the loop we

want to show what the name is.

We can also give the positions in the curly brackets to where we want

the variables assigned, so we could write the following:

»»> first name = "Rob"

»>>»>> last _name = "Mastrodomenico"

>>> name = "First name: {1}, Last name: {0}".format(first_name, last_name)
>>> Nname

"First name: Mastrodomenico, Last name: Rob"

That is wrong but you get the point. We can also define each value as

a variable and pass that variable name in the curly brackets.

>»>> first name = "Rob"
>>> last_name = "Mastrocdomenico"
>>> name = "First name: {f}, Last name: {1}".format (f=first name, l=last name)

>>> name
"First name: Rob, Last name: Mastrodomenico"

The first string method we will consider is how to convert a string to

all uppercase letters and then all lowercase letters.

>>> name = "Rob Mastrodomenico"
>>> Iame

"Rob Mastrodomenico"

>>> name.lower ()

"rob mastrodomenico"

>>> name.upper ()

"ROB MASTRODOMENICO"

>>> Ildame

"Rob Mastrodomenico"



We see using the lower and upper methods we create versions of the
initial string in uppercase and lowercase, however we don't change
the string itself. Why is this useful? You may want to check if certain
characters in a string and may want to do it in a specific case so by

changing the string to the correct case you can.

Next, we consider the split method which unsurprisingly can be used

to split up strings.

>>> name = "Rob Mastrodomenico"

=>> riame

"Rob Mastrodomenico"

>>> name.split (" ")

["Rob", "Mastrodomenico"]

>>> first name, last name = name.split(" ")
>>> first name

"Rob"

>>> last name

"Mastrodomenico"

Again while this example may seem trivial but it can be very useful as
you can split on any character within a string so, for example, a com-
ma separated string which you may find in a csv file can be split into

the variables it contains:



>>> match details = "Manchester United,Arsenal,2,0"

>>> match details

"Manchester United,Arsenal,2,0"

>>> match details.split(",")

["Manchester United", "Arsenal", "2", "Q"]

>>> home_ team, away team = match details.split(",") [0:2]
>>> home_ team

"Manchester United"

>>> away_team

"Arsenal"

>>> home goals, away goals = match details.split(",") [2:4]
>>> home goals

I|2 L1

>>> away goals

n O L1

So from that one line we can get out all the information it contains.

Another useful method to apply to a string is replace, again it does

what it says on the tin.

>>> match details = "Manchester United,Arsenal,2,0"
>>> match details

"Manchester United,Arsenal,2,0"

>>> match details.replace(",",":")

"Manchester United:Arsenal:2:0"

Here, we replace all the commas with colons, again it can come in
very handy if say, for example, you want to change the separator in

the string like we just did.



There is another string method that looks on the face of it like a list

method, namely join.

>»> details = ['Manchester United', 'Arsenal', '2', '0']
>>> match details = ','.join(details)

>>> match details

'Manchester United, Arsenal,2,0'

Here, we apply the join method on the string containing just the com-
ma and it then creates a string of the values in the list separated by
the string that we applied the method on. This is a very useful method
when it comes to creating strings from lists separated by a common

value.

The last thing we shall consider is a Python builtin function that can
be applied to strings and that is len. We earlier saw it applied to lists
to get the length of them and it does the same with regards to strings,

however now it tells us how many characters the string contains:

>>> match details = "Manchester United,Arsenal,2,0"
>>> match details

"Manchester United,Arsenal,2,0"

>>> len(match details)

29

In this chapter, we have taken a deep dive into strings and what we

can do with them and shown the level of flexibility and power Python



gives us when we have a variable of type string or if we want to cre-

ate our own.



13
Regular Expressions

An extension to dealing with strings is the concept of regular expres-
sions. The broad concept is that we can do advanced searches be-

yond the simple ones.

>>> text = "Hello in this is string"
=>> 'Hello' in text
True

To do this, we will use the package re from the standard Python Ii-
brary and as opposed to going through all the specifics let's just jump

in with some examples.

The first example looks at finding all the characters a to m within the
string Rob Mastrodomenico. Now to do this we pass a string contain-
ing a-m within list parenthesis and pass this into the findall method
with the string of interest which has been called name. The result
from this is a list containing all the characters in a-m which appear in

the string.



>>> import re

=>> name = 'Rob Mastrodomenico'

>>> X = re.findall (" [a-m]", name)

>=>> X

[lbl |al| !d! lml |er |i| 1C|]
r ¥ ¥ £ F Fi

Next, we see how we can find the integer values 0-9 within a se-
quence. We can do this in two ways; the first is by mimicking what we
used in the previous example with the list convention but also by us-
ing d which gives us all values that are between 0 and 9. Both return a
list of values that occur within the string. Now in the first example we
can see that we get back each value but what if the value was repeat-
ed? In the next example, we see that repeated values are returned in

the list as we had two instances of three within the string.

>>> import re

>>> txt = 'Find all numerical values like 1, 2, 3'
>>> X = re.findall ("\d", txt)

> X

[+, '2', '3']

>»>> X = re.findall ("[0-9]", txt)

=2 X

(r1+, '2', '3']

>>> txt = 'Find all numerical wvalues like 1, 2, 3, 3!

>»>> X = re.findall ("[0-9]", txt)
- -
[Ilr: lzlj I3I, 131]

>>> X = re.findall ("\d", txt)
== M

['1’, IEIJI I3I, 13!]

s



This approach to finding if a value or values are present in the string
and giving us all the values is useful but we can do more and look for
specific patterns. In this next example, we use the standard text hello
world and look for a specific pattern. We can pass the string “he..0”
into the findall method and what this does is search for a sequence
which starts with ho and has any two characters and is followed by an
0, which fits nicely with the word hello. So in passing this in we get
back the list containing the string hello. We can expand on this by
changing the string to “hello helpo hesoo” in doing so we see that all
these words are passed back from the findall. In using a different ex-
ample like this, we can see how this could be applied across a bigger

piece of text to see all the words that match this sequence.

>>> import re

>>> txt = "hello world"

>>> x = re.findall ("he..o", txt)
>>> X

['hello']

>>> txt = "hello helpo hesoo"
>>> X = re.findall ("he..o", txt)
>>> X

['hello', 'helpo', 'hesoo']

Next, we look at how to search specifically on the start of the string.
To do so you use the Symbol prefixed to the string of interest, in this
case we look for a string that starts with the string start. What the re-

sult of this gives is a list containing the word that is found so in the



first example we get back the list containing the string start and in the

second example we get an empty list.

>>> import re
>>> txt ='starts at the end’

>>> X = re.findall ("*start", txt)
=>m> X

['start']

>>> txt ='ends at the start'

>>> x = re.findall ("“start", txt)
> X

[]

We can achieve the same thing for looking at the last word in the

string by using ending the searched string with the $ sign. In this ex-

ample, we show what we get when searching for the last part of a giv-

en string and in a similar way to previous example we return a list

containing that string if it does exist and an empty list if it doesn't.

>>> import re

>>> txt = 'the last word is end'’

>>> X = re.findall ("ends", txt)

>>> X

['end']

>>> txt = 'the last word is end sometimes'
>>> X = re.findall ("endsS", txt)

x> X

[]



The last two examples look at finding something specific at the start
or end of a given string, in the next example we look at all instances
of a given string with another string. What we are looking to do here is
find the occurrences of ai followed by 0 or more x values. So the first
example shows that there are four instances of the string ai within the
string when we search for aix. As in the previous examples if we don't

have any instances then we get returned an empty string.

>>> import re

>>> txt = "The rain in Spain falls mainly in the plain!"”
>>> ¥ = re. findall ("aix*", txt)

>=>> X

[*tai', 'ai', 'ai', 'ai']

>>> txt = 'This isnt like the other’

>>> X = re.findall ("aix*", txt)

>>> X

(]

Expanding on the previous example you can find the number of in-
stances of the string ai followed by one or more x by adding the +
symbol. Applying that to the same string as before gives us the result

of an empty string as we don't have aix within it.

>>> import re
>>> txt = "The rain in Spain falls mainly in the plain!"
>>> X = re.findall ("aix+", txt)

>=>> X



If we are after a specified number of characters that we want to see
we can use curly brackets containing the number of instances we are
interested in. So in the next example we want to find moo within the
string so we can do it as mo2 or moo, with each returning a string

containing the character we have searched for.

>>> import re

>>> txt = 'The cow said moo'

>>> X = re.findall ("mo{2}", txt)
2> M

["moo"']

>>> X = re.findall ("moo", txt)

=

['"moo']

If we want to find one or another value we can do so by using the |
symbol between the two strings that we are interested in searching
for. In the example that we show we are looking for the strings
avengers or heroes in our string. As we have the string Avengers with
a capitalised A we only have an exact match on heroes. The second
example uses Avengers with a capital A and therefore as that is ex-
actly matched within the string we get back a list containing both
strings. The last example shows what happens if we have multiple in-
stances of one of the words that we are searching for giving us the

number of instances in the order that we see them.



=>> import re

=>> txt = "The Avengers are earths mightiest herces"
>>> X = re.findall ("avengers | heroces", txt)

=== M

['heroes']

>>> x = re.findall ("Avengers |heroes“ , txt)

>>> X

['Avengers', 'heroes']

>>> txt = "The Avengers are earths mightiest herces go Avengers"
>>> x = re.findall ("Avengers|herces", txt)

>>> X

['Avengers', 'herces', 'Avengers']

We can also use special sequences like the one below which returns

the whitespace in a given string:

>>> txXt = "Is there whitespace"
>>> ¥ = re.findall("\s", txt)
>o>> X

[I r: 1 |]

There are other special sequences that we can use, they are listed as

follows:

« \A: This matches if the characters defined are at the beginning of
the string "AIt"

« \b: This matches if the characters defined are at the beginning or
at the end of a word "\bain" r"ain\b"

« \B Returns a match where the specified characters are present,

but NOT at the beginning (or at the end) of a word (the "r" in the



beginning is making sure that the string is being treated as a "raw
string") r"\Bain" r"ain\B"

« \d Returns a match where the string contains digits (numbers from
0-9) "\d"

« \D Returns a match where the string DOES NOT contain digits "\D"

« \s Returns a match where the string contains a white space char-
acter "\s"

« \S Returns a match where the string DOES NOT contain a white
space character "\S"

« \w Returns a match where the string contains any word characters
(characters from a to Z, digits from 0-9, and the underscore _ char-
acter) "\w"

« \W Returns a match where the string DOES NOT contain any word
characters "\W"

« \Z Returns a match if the specified characters are at the end of the

string

Next, we use the split method.

>>> 1import re

>>> txt = "The rain in Spain"
>>> X = re.split("\s", txt)
=== X

['The', 'rain', 'in', 'Spain']



Expanding on this we can specify the number of times we want the

split to be done by using the maxsplit argument. The below examples

set the value to 1, 2, and 3. In each example, we see that the number

of splits increases, so setting the value to 1 provides us with a list

containing the results of a single split. As this increases we get more

and more splits included.

>>> import re

>>> txt = "The rain in Spain"

>>> X = re.split("\s", txt, maxsplit=1)
o> X

>>> X = re.split("\s", txt, maxsplit=2)
> X

['"The', 'rain', 'in Spain']

>>> X = re.split("\s", txt, maxsplit=3)
>=>

['"The', 'rain', 'in', 'Spain']

The next method we demonstrate is the submethod which behaves in

a similar way to replace on a string. In the below example we replace

the white space with the value 9:

>>> import re

>>> txt = "The rain in Spain"
>»>> X = re.sub("\s", "9", txt)
=>>> X

'The9rain9in9Spain'



As with the previous example of split we have an extra argument that
can be used here namely count, and again we apply it with values 1,
2, and 3. The result of this is the number of values that are replaced in
the string with 1 giving only the first space being replaced by 9, 2 giv-

ing the first 2 spaces being replaced and so on.

>>> import re

>>> txt = "The rain in Spain"
>>> X = re.sub("\s", "9", txt, 1)
=m> X

'The9rain in Spain'

>>> X = re.sub("\s", "9", txt, 2)
== M

'"The9rain9in Spain'

>>> X = re.sub("\s", "9", txt, 3)
== K

'"The9rain9in9Spain'

The last example that we look at is using the span method from a

search result. Here, if we search for a set of characters in

>>> import re

>>> txt = "The rain in Spain"
>>> X = re.search("ai", txt)
>>> x.span/()

(5, 7)

That is the last of the examples relating to regular expressions and

that gives a good introduction into using the re packages and how



powerful this can be when we want to do complex searching of

strings.



14
Dealing with Files

Thus far we have gone through what you can do with Python and the
examples given have revolved around simple examples. In reality we
want to work on data of some kind and as such we need to get it into
Python. Now, we can obtain our data from a variety of sources such
as databases, web API's but a common way to obtain data is through
a good old fashioned file. So in this section, we will use a lot of what
we have learnt so far to deal with reading data from and writing to

files.

Python can read files pretty easily from the standard library. Its just a
case of specifying where the file is and then creating a stream to that
location. Let's demonstrate by having a file located in

/Path/to/file/test.csv. This is the full path to the comma separated file

test.csv.

>>> file name = "/Path/to/file/test.csv"

>>> f = open(file name, "r")

>>> £

<open file "/Path/to/file/test.csv", mode "r" at 0x1007e6270>

What we have done here is define a string file_name containing the

name of the file and then used the open command with the argu-



ments of file_name and ‘r’ which is the mode to read the file in and in
this case it refers to read. We have assigned the return of this to the
variable f which is a stream to the file. Now to read in the data from

the file we simply run:

>>> data = f.read()

What we get back is the data in a single index list, which isn't that
useful. In text files what you find is that lines are separated by a line
return which means that we could apply the split method which will
split what it reads into new elements of the list every time it sees a

line return. Its easier to demonstrate this by an example on a string:

>>> names = "stevel\ntony\nbruce\n"
>>> names

"steve\ntony\nbruce\n"

>>> names.split ("\n")

["steve", "tony", "bruce", ""]

So we can get our data into a readable format. The same theory
works with reading data from a file where the lines are separated in

the same way.

>>> data = f.read().split("\n")

With a comma separated file we have each item on a given line sepa-

rated by a comma. So to get each item we need to split again based



on a comma. To do that we need to do the following:

>>> names = "steve,rodgers\ntony, stark\nbruce,banner\n"
>>> names
"steve, rodgers\ntony, stark\nbruce, banner\n"
>>> names = names.split ("\n")
=>>> Iames
["steve, rodgers", "tony,stark", "bruce,banner", ""]
>>> for n in names:
row = n.split(",")

row
[lfste-v-e" . n rodgers 'II]
Prtonyﬂr ”Starkﬂ]
["bruce", "banner"]

[uu]

Initially we split the string on the character \n to create a list contain-
ing three items. We then loop over the list and for each item in the list
we split on the character comma to create a list containing first and
last name. We can do this in a single line as opposed to looping the
names list as follows:

>>> names = "steve,rodgers\ntony,stark\nbruce, banner\n"
>>> INames

"steve, rodgers\ntony, stark\nbruce, banner\n"

>>> names = names.split("\n")

>>> names

["steve,rodgers", "tony,stark", "bruce,banner", ""]
>>> names = [n.split(",") for n in names]

>»> Nnames

[["steve", "rodgers"], ["tony", "stark"], ["bruce", "banner"], [""]]



So in a single line we can achieve what we did in the loop, here you
can see we have basically moved the loop into a one liner. From both
lines we can see that we get an empty list at the end of both imple-
mentations. What is happening here is that at the last line return
when we split on the line return we get an empty string after it. So
with any file where we separate on \n we need to make sure to ac-
count for the empty string, the way we can do this is refer back to the

pop method we introduced earlier:

==>> names
[["steve", "rodgers"], ["tony", "stark"], ["bruce", "banner"], [""]]
>>> names.pop ()

[I!rl]

=== INames
[["steve", "rodgers"], ["tony", "stark"], ["bruce", "banner"]]

Now, we are able to read files. The next thing to cover is how to write
to files. It works in much the same way as for reading from files in that

we first need to define the file name and open a stream to write to file.

>>> file_name = "output.csv"
>>> £ = open(file name, "w")
»>>»> f

<_io.TextIOWrapper name="output.csv" mode="w" encoding="UTF-8">

This opens a stream under where your terminal window is open in
write mode. To physically write something to a file you need to define

something you want to be in the file.



>>> out_str = "something to go in the file\n"
>>> f.write(out str)

28

>>> f.close()

What we have done is create a string that we want to be in our file
and then using the streams method write we have written the string to
file. One thing we missed from the first example when we read from
file is that we forgot to close the file stream. Here, we see in the last
line that we do this using the close method. Now, Python will general-
ly tidy things like this when you quit Python or when your written pro-

gram ends, however its good practice to include this in your code.

Next, we will consider how to append to a file. Now this is very similar
to writing to a file however when we open a file in write mode we
would override any existing file with the same name. With append we
would keep the existing file and then add whatever we wanted to the
end of it. The way we do this is very similar to what we have seen be-
fore, we just use the append option when opening the file, so to ap-

pend to our output.csv we need to write the following:

>>> file name = "output.csv"

>>> f = open(file name, "a")

>>> f

< _io.TextIOWrapper name="output.csv" mode="a" encoding="UTF-8">

Let's expand on this example by applying reading and writing to a

bigger example. What we are going to do is import a dataset from



sklean which is a package:

>>> from sklearn.datasets import load boston
>>> boston = load boston()

Now here we load up a dictionary object containing a dataset and rel-
evant details that we want to work on. Here, we want to take the data

and feature_name keys from this dictionary and write to a csv file.

>>> feature names = boston['feature names'] [::2]

>>> list (feature names)

['CRIM', 'ZN', 'INDUS', 'CHAS', 'NOX', 'RM', 'AGE', 'DIS',
'RAD', 'TAX', 'PTRATIO', 'B', 'LSTAT']

To make things a little more difficult we will take every other column

and not include the last two values.

>>> headers = list (feature names) [::2] [:-2]
>>> headers
['CRIM', 'NOX']

This will give us the values that we want to put into out file. So the
next thing we will do is open up the file and write the headers to the

file.

>>> file name = "boston output.csv"
>>> fo = open(file name, "w")
>>> fo.write(','.join(headers) + '\n')

23



Here, we can see the output of 23 referring to the 23 characters that
we wrote to the file. What we want to do next is write the relevant data

referring to the headers to the file.

>>> boston_data = boston(['data']

>>> for bd in boston data:
row dict dict (zip (feature names, bd))
val list = []
for h in headers:

val = row dict [h]

val list.append(str(val))
out _str = ','.join(val list)
fo.write(out_str + '\n')

What we have done here is assign the data to boston_data and then
loop over it. Each element of data can then be zipped with the fea-
ture_names to create a dictionary. The reason for doing this is to al-
low us to select the relevant values to write to file. To do this we loop
over the headers and access the dictionary value using the key of the
header. These values are then appended to a list and the join method
is applied in much the same way we did for the headers to write each

line to the file.

>>> fo.close()

Lastly, we need to close the file, technically if we don't do this then

Python will do it for us, however its good practice to do so.



We can then read the file in and loop over the contents using the fol-

lowing code:

>>> fo.close()

So, here we have created the file to output and have written the head-
ers to it, note the 23 denotes the number of characters written to the
file. Next, we will loop across the data and write it line by line to the

file making sure to select the columns that we want

>>> file name = "boston output.csv"
>>> f = open(file name, "r")
>>> data = f.read().split('\n')
>>> data.pop /()
>>> for d in data:
print (d)

That is really about it when it comes to reading, writing, and append-
ing to files. lts important to note that what we have shown only works

for single sheet data files.

14.1 Excel

A more common type of file that you might want to open in Python is
a spreadsheet like file containing sheets of data. This could be in the

form of an xIs or xIsx file. Luckily Python has a library for us called



openpyx! which allows us to write the data to an excel file and read it

back in as we will demonstrate.

>>> from sklearn.datasets import load boston

>>> boston = load boston()

>>> feature names = boston|['feature names'] [::2]

>>> list (feature names)

['CRIM', 'ZN', 'INDUS', 'CHAS', 'NOX', 'RM', 'AGE', 'DIS',
'RAD', 'TAX', 'PTRATIO', 'B', 'LSTAT']

>>> headers = list (feature_names) [::2] [:-2]

>>> headers
["CRIM', 'NOX']

Next, we want to read this data into a sheet of an excel sheet.

>>> from openpyxl import Workbook
>>> wb = Workboock ()
>>> sheetl = wb.create sheet ('boston data', 0)

What we do here is import the relevant package and then create a
Workbook. For this Workbook we then create a sheet to write to and
call it boston_data and insert it into position 0 which is the first posi-

tion of the spreadsheet.

>»>> 1 =1
>>> for h in headers:
sheetl.cell (1, i, h)

i += 1



Next, we write the headers to our sheet, note we want to insert the
values into the first row so we set a counter i to 1 to start at the first
column and then increment it to insert subsequent values into the rel-
evant columns. Here, we use the cell method where we pass in row,

column, and value, and here the row is fixed at 1.

>>> J = 2
>>> boston_data = boston(['data'] [0:5]
>>> for bd in boston data:
k=1
row _dict = dict(zip(feature names, bd))
for h in headers:
val = row dict [h]
sheetl.cell(j, k, wval)
k += 1
7 += 1

Next, we look to write the first five rows of the data to the file so to do
so we use the same cell method, however now we need to increment
rows and columns to deal with the fact we have multiple rows. So to
do so counters are setup outside the loop for the row and inside the
loop for the column. This is because we need to reset the columns for
every row as we want to go back to column 1, hence the k value

needs to change to 1 every time we finish writing a row.

>>> wb.save ('boston.xlsx')



Lastly, to save the data we just use the save method on the workbook

and pass in the name of the file we want to save.
To read the data back in is a relatively simple process.

>>> from openpyxl import load workbook

>>> wb = load workbook('boston.xlsx"')

>>> wb

<openpyxl .workbook .workbook . Workbook object at 0x7fe91d880b00>

We can see what worksheets we have through the worksheet

method.

>>> wb.worksheets

[<Worksheet "boston data">, <Worksheet "Sheet"s>]
>>> sheet = wb['boston data']

>>> sheet

<Worksheet "boston data">

We can then access the specific sheet using dictionary notation treat-
ing the sheet name as the key. To get the values we use row and col-

umn indexes:

>>> sheet [1] [0] .value
'"CRIM!

>>> sheet [1] [1] .value
'NOX!



Note that our columns are zero indexed despite us writing to column
1 in the code to write to file but we can get the specific value by get-

ting the value attribute.

14.2 JSON

JSON stands for JavaScript Object Notation and it has become very
popular as a data type and is widely used. It's described as a light-
weight data-interchange format. But what actually does that mean,
well it's really a text format to store data that is easy, visually, for us to
read and write, and also easy for the computers to parse and

generate.

For a Python user, JSON will appear to be a mixture of lists and dic-
tionaries in that you can have collections of key value pairs like in a
dictionary but also have data stored in a manner like a list. Let's take
the example that we have used previously and create a json repre-

sentation of the data.

>>> from sklearn.datasets import load boston

>>> boston = load boston()

>>> feature names = boston|['feature names'] [::2]

>>> list (feature names)

['CRIM', 'ZN',6 'INDUS', 'CHAS', 'NOX', 'RM', 'AGE',6 'DIS',
'RAD', 'TAX', 'PTRATIO', 'B', 'LSTAT']

>>> headers = list (feature_names) [::2] [:-2]

>>> boston_data = boston['data'] [0:5]



So, what we have done above is what has been done previously,
however here we differ by selecting only the first five elements of the

data which will allow us to show the data in json representation.

>>> json_list = []

>>> for bd in boston data:
row dict dict (zip(feature names, bd))
val_dict = {}
for h in headers:

val = row_dict [h]
val dict[h] = wval
json_list.append(val dict)
>>> print(json_list)
[{'CRIM': 0.00632, 'NOX': 2.31}, {'CRIM': 0.02731, 'NOX': 7.07},
{'*CRIM': 0.02729, 'NOX': 7.07}, {'CRIM': 0.03237, 'NOX': 2.18},
{'CRIM': 0.06905, 'NOX': 2.18}]

The next set of code gets the data into a format to export to json. As
mentioned before we can achieve this via a combination of dictionar-
ies and lists. So, initially we create a list to put every row of our data
into. A row can be represented as a dictionary which in this case is
simply a key value pair for two of the feature names which have been
assigned to the headers. What we end up with is a list of dictionaries

which we will look to export as json.

>>> import json

>>> file name = "boston.json"

>>> with open(file name, "w") as write file:
json.dump (json list, write file, indent=4)



To create the json output we can use the json package and the dump

method passing in the list and an open file as the arguments.

"CRIM": 0.00632,
"NOX": 2.31

"CRIM": 0.02731,
"NOX": T7.07

"CRIM": 0.02729,
"NOX": 7.07

"CRIM": 0.03237,
"NOX": 2.18

"CRIM": 0.06905,
"NOX": 2.18

The next part we need to cover is how to read the json file back into

Python, luckily this is easily achieved using the json library.



>>> import json
>>> file name = "boston output.json"
>>> with open(file name, "r") as read file:

data = json.load(read file)

>>> data

[{'CRIM': 0.00632, 'NOX': 2.31}, {'CRIM': 0.02731, 'NOX': 7.07},
{'"CRIM': 0.02729, 'NOX': 7.07}, {'CRIM': 0.03237, 'NOX': 2.18},
{'"CRIM': 0.06905, 'NOX': 2.18}]

>>> type (data)

<class 'list'>

As we did with writing to file we just use the load method with the
open file mode read which assigns the values in the file to the data

object which is of type list.

14.3 XML

XML stands for Extensible Markup Language and much like JSON it
is a way to store data that is easy visually for us to read and write but
at the same time easy for computers to parse and generate. Unlike
JSON it doesn't have a natural link to Python data types and so
needs a bit more of an introduction into its types and how it works.

Let's explain using the example below.



<?xml version="1.0"?>
<catalog>
<book id="kkl01l">
<author>Rob, Mastrodomenico</authors>
<title>The Python book</title>
<genre>Computer</genre>
<price>Whatever</price>
<publish date>Whenever</publish date>
<description>Stuff to help you master Python</description>
</book>
<book id="kkl02">
<author>Rob, Mastrodomenico</authors>
<title>The Python book 2</title>
<genre>Computer</genres
<prices>More than the last one</prices
<publish date>Maybe never</publish date>
<description>Its like the first one but better</description>
</book>
</catalog>

Now let's deconstruct the above example:

<?xml version="1.0"2?>

The first line is the xml declaration and it could have simply been writ-

ten as follows:
<?xml?>

If we had some specific encoding to use in the xml file we could re-

write it as follows:

<?xml version="1.0" encoding="utf-8"?>



Next, we have the following:

<catalog>
</catalog>

The catalog to catalog are the root elements of the XML and are the
start and end of the content. The name used is arbitrary and in this
case, just reflects the data we have. You will notice the use of a/on
the closing content, this is common between the opening and closing

elements.

Next, we add in a further level down as follows:

<book id="bkl01l">
</book>

Here, we have defined a book using the opening book and closing
book and unlike at the root level we have attached data to this level
with the addition of the id=bk101. This is the high level book data, to

add more specific data about the book we can do so as follows:

<book id="bk1l01">
<author=Rob, Mastrodomenico</author:>
<title>The Python booke</title>
<genre>Computer</genre>
<price>Whatever</price>
<publish dates>Whenever</publish date>
<description>Stuff to help you master Python</description>
</book>



Under the book level, we have added variables for author, title, genre,
price, publish_date, and description. As before you can see that the
definition of each variable has an opening and closing using the ter-

minology introduced earlier.

Lastly, to add another book you would do so as follows:

<book id="bkl02">

<author>Rob, Mastrodomenico</author:>

<title>The Python book 2</title>

<genre>Computer</genre>

<price>More than the last one</price>

<publish date>Maybe never</publish dates

<description>Its like the first one but better</descriptions
</book>

We can create another book under our initial book in much the same
way as we did before. The way we distinguish each book is by using

its own id.

What we have shown here is how we can build interesting data struc-
tures using XML. The next question to address is how can we create
and parse XML objects. To do this we use Ixml which is a Python li-
brary that allows the user to take advantage of the C libraries libxml2
and libxslt. These are very fast XML processing libraries that are eas-

ily accessible through Python.

As we have done earlier in the chapter, we will use the same example

and show how you can create XML from it.



>>> from sklearn.datasets import load boston
>>> boston = load boston()

>>> feature names = boston['feature names'] [::2]
>>> list (feature names)

["CRIM', 'ZN', 'INDUS', 'CHAS', 'NOX', 'RM', 'AGE', 'DIS',
'RAD', 'TAX', 'PTRATIO', 'B', 'LSTAT']

>>> headers = list (feature names) [::2] [:-2]

>>> boston_data = boston['data'] [0:5]

The full code to write the data to xml is as follows:

>>> from lxml import etree
>>> root = etree.Element ("root")
>>> for bd in boston data:
row dict = dict(zip(feature names, bd))
row = etree.SubElement (root, "row")
for h in headers:
child = etree.SubElement (row, h)

val = row _dict [h]
child.text = str(val)
>>> et = etree.ElementTree (root)
>>> et.write('boston.xml', pretty print=True)

Breaking this down we first import Ixml and then create the root of our

xml document.

>>> from lxml import etree
=>> root = etree.Element ("root")

Next, we have to loop over the data in a similar way that we have

done before to put the data into our xml.



>>> for bd in boston data:
row_dict = dict(zip(feature names, bd))
row = etree.SubElement (root, "row")
for h in headers:
child = etree.SubElement (row, h)
val = row dict [h]
child.text = str(val)

The mechanism of looping the data is no different to what we have
seen and we create the same row_dict and loop the headers to get
the values, however the difference is in how we setup the xml and
where we write to. For each iteration across the boston_data we cre-
ate another row called row under the root using the SubElement
method assigning root as the parent. Then for every value we obtain
from looping the headers we create another SubElement this time
with parent row and having the name of the header. We assign the
value for this by setting the text attribute to be that value. This then

gives us the format of data.

s>> et = etree.ElementTree (root)
>>> et.write('boston.xml', pretty print=True)

The last part is to write the data to file so we can make use of the
write method by passing the root of the document through Element-
Tree. Note that we set the pretty print to be True, which gives the fol-

lowing file:



<root>

<Xow>
<CRIM>0.00632</CRIM>
<NOX>2.31</NOX>

</row>

<row>
<CRIM>0.02731</CRIM>
<NOX>7.07</NOX>

</row>

<XYoOw>
<CRIM>0.02729</CRIM>
<NOX>7.07</NOX>

</row>

<row>
<CRIM>0.03237</CRIM>
<NOX>2.18</NOX>

</row>

<rows
<CRIM>0.06905</CRIM>
<NOX>2.18</NOX>

</row>

</root>

Now, we will show how you can read an XML file in using Ixml in

Python using the example below.



>>> from lxml import objectify
>>> xml = cbjectify.parse(open('boston.xml'))
>>> root = xml.getroot ()
>>> children = root.getchildren()
>>> print (children)
[<Element row at 0x7fce4c57e548>, <Element row at 0x7fced4c57e748>,
<Element row at 0x7fc64c587248>, <Element row at 0x7fc64c587288=,
<Element row at 0x7fc64c5872cB>]
>>> for ¢ in children:
print (c['CRIM'])
print (c['NOX'])

So, what we have done here is to import objectify from Ixml, which will
be used to read in the XML.

>>> xml = objectify.parse(open(file name))

Here, we are reading in the XML file and parsing it using the parse
method of objectify. This gives us an XML object which we can then
use to try and parse out the information. Next, we look to get the root

of the document using:
>>> root = xml.getroot ()

Having obtained the root we look to get the children of this which rep-

resents the next level down which are the rows.
>>> children = root.getchildren()

Now, to access the values we can loop through the children as that

object is simply a list. In doing so we can obtain and print the values



as follows:

>>> for ¢ in children:
print (c['CRIM'])
print (c['NOX'])

These refer to the values in the dataset which we created.

This chapter has covered some important concepts relating to files
and how to read from and write to them using Python. We have cov-
ered a number of different file types and given practical examples of
how these work. We will show later in the book other approaches to
reading and writing to file but these somewhat low level approaches
are very important when we want to have a high level of control when
it comes to manipulating the data and are a great tool to have in your

arsenal.



15
Functions and Classes

In this chapter, we are going to introduce the concepts of functions
and classes and how these concepts can be introduced into the way
you code in Python. Thus far in this book everything has been shown
as blocks of code. These blocks of code may be just snippets to
demonstrate a specific concept or longer sections to demonstrate
how to perform a task. When you come to practically write your code
you can write it in the manner that you have seen within this book and
that is perfectly acceptable. However, if you want to group code to-

gether or reuse it then functions and classes are a great thing to use.

Let's start with functions, these are very useful for code that you want
to reuse or if you have repeated code, then a function can help you.
Functions also allow you to run code with arguments which gives you
the ability to have the behaviour of the function dictated by the vari-
ables you pass to it. Let's demonstrate how to setup a function by us-
ing the lottery example from before. Now to familiarise ourselves with
the code we looked to generate the results of a lottery draw using ele-
ments of code that we had used up to that point of the book. The re-

sults look as follows:



>>> from random import randint
>>> min = 1
>>> max = 59
>>> result list = []
>>> while len(result list)<7:
ball = randint (min, max)
if ball not in result list:
result list.append(ball)

>>> result _list
(41, 48, 47, 55, 18, 15, 43]

Now, we can cast this a function called lottery as follows:

>>> from random import randint
>>> def lottery():
min = 1
max = 59
result list = []
while len(result list)<7:
ball = randint (min, max)
if ball not in result list:
result_ list.append(ball)
return result list

What we have done here is define a function called lottery. This is
done by using the command def followed by the name that you want
to give the function. We then use two round brackets to denote the
arguments that we want to pass to the function. Here, we have noth-

ing within the brackets which means that we pass no argument into



the function. Note that following the round brackets we use a colon in
the same way we have for if, else, for, and while statements and in
the same way as we do with these statements we indent the code
one level from where the function was defined. From this point on-
wards the code used is exactly the same as we have seen in the lot-
tery example. The main difference comes at the end in that we use
the statement return with the return_list variable. What this does is re-
turn back what the variable return list after the code within the func-
tion has been run. In this instance we get back the list of lottery num-
bers that are generated. To run the above function we just do the

following:

>>> results = lottery()
>>> results
[29, 42, 26, 37, 30, 8, 43]

If we consider what the function is doing we generate balls using the
randint function. What if we didn't want numbers being 1-59 and in-
stead want 1-49. We could just alter the code to have 49 instead of 59
but actually wouldn't it make sense for us to have arguments repre-
senting these max and min values. We can make that change rela-

tively easily by rewriting the previous function as follows:



>>> from random import randint
>>> def lottery(min, max):
result list = []
while len(result list)<7:
ball = randint (min, max)
if ball not in result list:
result list.append(ball)
return result list

What we have done here is to have the min and max as variables we
pass into the function. Despite the values being the minimum and
maximum we can call them what we want to. We have just denoted
them as min and max, however they could be x and y, and its just a
question of referencing these in the appropriate place within the
code. So here the values min and max are used only in the randint
function to give us back the random ball. We can demonstrate how

we would use this below.

>>> results = lottery(l, 49)
=>> results
[10, 48, 19, 46, 40, 42, 49]

In the previous example, we have passed in the minimum and maxi-
mum values we want to use in the function, however we may want
them to have a default value such as 1 and 59 as in the original exam-
ple. We can do that by just setting the values we pass into the func-

tion to have defaults, this is done as follows:



>>> from random import randint
>>> def lottery(min=1, max=59) :
result list = []
while len(result list)<7:
ball = randint (min, max)
if ball not in result list:

result list.append(ball)
return result list

Here, we have given the min a default of 1 and max default as 59 by

using the equals to set the values. This then gives us the flexibility to

call the function as follows:

>>> lottery()

[12, 15, 31, 30, 57, 17, 22]
>>> lottery(1l,49)

[11, 13, 30, 47, 31, 2, 19]

>>> lottery(max=49)

[34, 36, 26, 18, 13, 11, 46]

By passing nothing into the lottery function the min and max are set
to the defaults 1 and 59. In the second example, we pass two values
in the first getting assigned to the min and the second to the max. The
last example of calling the lottery example sets the max value by
passing it as an argument. What we can see is that by using argu-

ments can give us a lot of flexibility when it comes to using functions.



If we look in more detail at the lottery example we can modify the ex-
ample to be more flexible. The code we have used so far allows us to
generate exactly 7 balls in our draw, however we may want to have
more or less. To do this lets pass one more variable into the function

definition namely draw length and we do so as follows:

>>> from random import randint
>>> def lottery(min=1, max=59, draw length=7):
result list = []
while len(result list)<draw length:
ball = randint (min, max)
if ball not in result list:

result list.append(ball)
return result list

We can apply our modified lottery example as follows:

>>> lotteryl()

[32, 23, 17, 6, 31, 4, 19]

>>> lottery(1l,49,6)

[41, 46, 44, 47, 18, 24]

>>> lottery(max=49,draw length=6)
[1, 15, 19, 26, 23, 29]

This works exactly the same way as seen before but every time we
have called it we have passed in the exact arguments that are re-

quired what would happen if we passed in different values.



>>> lottery('1l','49"','6")
Traceback (most recent call last):
File "<stdin>", line 1, in <module>
File "<stdins>", line 3, in lottery
TypeError: '<' not supported between instances of 'int' and 'str'

Here, we see that the function returns an error as it cannot support
the types that are passed in so it would make sense to allow the func-
tion to determine if it can deal with the arguments passed in. We need
to specify the values be integers as both the min and max need to be
integers as randint generates integers, similarly the draw length can
only be integers as it relates to the length of a list. We can rewrite the

function as follows:

>>> def lottery(min=1, max=59, draw length=7):
if type(min) !=int:
print ('min must be int')
return None
if type(max) !=int:
print ( 'max must be int')
return None
if type(draw _length) !=int:
print ('draw_length must be int')
return None
result list = []
while len(result list)<draw length:
ball = randint (min, max)
if ball not in result list:
result list.append(ball)
return result list



What we have done here is use the type built in function to check if
the value passed in for each variable is an integer. Note that this is
done one by one so that an informative message can be sent back as
to why the error occurred and what the problem was. To see this in

action we only need to run the following:

>>> lottery('l',6'49','6")
min must be int

We see here that the function returned the message 'min must be an
int, however we know that we would also have a problem with max
and draw length which were passed in as strings but should also be
an integer. We can expand upon the logic above by using a combina-
tion of if and else statements to determine which combination of vari-

ables are passed in with an invalid type.



>>> def lottery(min=1, max=59, draw length=7):
min val = True
max_val = True
draw_length val= True

if type(min) != int:
min_val = False
if type(max) != int:
max_val = False
if type(draw_length) != int:

draw_length val = False

if min_val is False:
if max val is False:
if draw length wval is False:
print ('min, max, draw length need to be integer')
return
else:
print ('min and max need to be integer')
return
else:
if draw_length val is False:
print ('min and draw_length need to be integer')
return
else:
print ('min needs to be integer')
return
else:
if max val is False:
if draw_length val is False:
print ('max and draw_length need to be integer')
return
else:
print ('max need toc be integer')
return
else:
if draw_length wval is False:
print ('draw_length needs to be integer')
return
else:
pass

result list = []
while len(result list)<draw_length:
ball = randint (min, max)
if ball not in result_ list:
result_list.append (ball)
return result_ list



What we have added here is variables that are set to True for each of
the values that we pass in as arguments. We set these to be False if
the value is not an integer and use a combination of if else state-
ments to determine which combination are of the right type and print
an informative message about what variables are not correct. Note
that we don't return anything when values are not all correct and the

return type is None.

=>> lottery(l,'2',3)

max need to be integer

>>> lottery('1',2,3)

min needs to be integer

>>> lottery('1','2',3)

min and max need to be integer

>>> lottery('1',2,'3")

min and draw_length need to be integer
>>> lottery('1l','2','3")

min, max, draw_length need to be integer
>>> res = lottery(l,'2','3")

max and draw length need to be integer
>>> regs 1s None

True

Having introduced functions we will move onto classes within Python.
Classes can be very powerful objects which allow us to bundle to-
gether lots of functions and variables. When we talk about functions
and variables when related to a class we call them methods and at-

tributes. We will demonstrate this by creating a simple class:



>>> class MyClass:
X = 10

>>> mc = MyClass()
=>> mMC.X
10

What we have done here is create a class called my class by using
the class definer. Within the class we have set a variable x to be
equal to 10. We can then create an instance of MyClass and access
the x variable using the dot syntax. Let us expand on this by creating

a lottery example based on the function before.



>>> class Lottery:
def init (self, min=1, max=59, draw_length=7):
self.min = min
F self.max = max
self.draw_length = draw_length

def lottery(self):
min_val = True
max_val = True
draw_length val= True

Ce if type(self.min) != int:
min_val = False
. if type(self.max) != int:

max_val = False
if type(self.draw_length) != int:
draw_length_val = False

if min_val is False:
A if max val is False:
if draw_length_val is False:
Ce print ('min, max, draw_length need to be integer')
return
else:
print ('min and max need to be integer')
return
else:
e if draw_length wval is False:
print ('min and draw_length need to be integer')
return
else:
print ('min needs to be integer')
return
else:
if max _wval is False:
Ce if draw_length wval is False:
print ('max and draw_length need to be integer')
return
else:
print ('max need to be integer')
return
R else:
if draw_length val is False:
print ('draw_length needs to be integer')
return
else:
pass

result list = []
while len(result_list)<self.draw_length:
ball = randint(self.min, self.max)
if ball not in result list:
result_list.append(ball)
return result list



In this code, we define the class in the way we did before and call it
Lottery. Next, we create an init method using __init__ this initialiser is
called when we define the class so we can pass in arguments from
here that can be used within the class. Note that we can use the stan-
dard defaults but these are then assigned to the class by using the
self-dot syntax which allows that value to be part of class and then
allowed to be used anywhere within the class. We can create the

class in the following example:

>>> 1 = Lotteryl()
>>> 1.lottery()

>>> 1 = Lottery(1,49,6)
>>> 1.lottery()

>>> 1 = Lottery(draw_length=8)
>>> 1l.lottery()

You may think this isn't very different to what we did with the function,
however we can change up our code to take advantage of how class-

es work to simplify how we deal with variables not being of the right

type.



>>> class Lottery:
def init (self, min=1, max=59, draw length=7):

self.min = min

self . max = max

self.draw length = draw length

self.valid data = True

if type(self.min) != int:
print ('min value needs to be of type int')
self.valid data = False

if type(self.max) != int:
print ('max value needs to be of type int')
self.valid data = False

if type(self.draw_length) != int:
print ('draw_length value needs to be of type int')
self.valid_data = False

def lottery(self):
if self.valid data:
min val = True
max val = True
draw_length val= True
result list = []
while len(result_list)<self.draw_length:
ball = randint (self.min, self.max)
if ball not in result list:
result list.append(ball)
return result list

What we have done here is move a lot of the complex logic around
checking each types from the lottery function into the initialiser which
means we can print what needs changing and also set the valid data
attribute. Only if the valid data returns True can we run the lottery
function. By using a class we have a lot more flexibility within it to
make use of attributes and set logic that can affect what other meth-

ods do. Used correctly they can be a very powerful tool.



In the previous example, we have shown how to write functions and
classes but as with the rest of the book we have done so in the inter-
active shell, however a more practical way to create a file with the
content in. To do so is quite simple: you just simply write the exact

same code into any blank file and save it with the suffix .py.

While in theory you can use any editor to write code in, you should
use an integrated development environment (IDE). With the Anacon-
da installation of Python you get Spyder included, which is a great
Python IDE. There are many more available with many free to use so
once you get used to writing code in files you can choose which one
is more suitable for you. For now, we will demonstrate how to develop
within Spyder. Upon starting up you will be presented with a screen

which will look something like the one shown in Eigure 15.1.

The two windows we are most concerned with here are the editor and
the console. In the editor window, we would type code as we have
throughout the book but we would be able to save code to a physical
file. You may ask why we would want to do this but it allows us to
have saved code be it a set of Python commands, functions, classes,
or any combination. In having saved the code, we can re-run anything
that we have written in Python very simply and using an IDE like Spy-
der gives us the option to run code that we have. So here by clicking
the run command we would execute all code within a file. You can

also see we have a console available to us, this allows the testing of



commands and also allow you to access the variables within a script
that you may have run. We will demonstrate this with a very simple

example (Eigure 15.2).

[ ) L ) @ Spyder (Python 3.7)
NeERRE0 PR CGCHC=EEnp BBX £ €3 e ge 4
=] Proiect explorer -] Editor - oy oo IPython console
1#!/usr/bin/env python3 Python 3.7.0 (default, Jun 28 2018, 07:39:16)
2# —%- coding: utf-8 —x-— Type "copyright", "credits" or "license" for more
3unn information.

4 Created on Thu Apr 30 20:55:24 2020
5 IPython 7.6.1 —— An enhanced Interactive Python.
6 @author: rob

g In [1]:

8

9

| TRl History log
RW_ End-of-lines: LF _ Encoding: UTF-8  Line: 9 Column: 1 Memory: 65%

Figure 15.1 Spyder IDE.




® @ Spyder (Python 3.7)
OS2 E@ rHBEBGHECEEp B BX FP €9 peson FL X )
o0 Editor - [Users/rob/lest.py o8 IPython console.

B3« testpy | % 03| < Console 1/ | 'Y
Python 3.7.0 (default, Jun 28 2018, 07:39:16)

Type "copyright", "credits" or "license" for more
information.

4Created on Thu Apr 30 21:28:00 2020

wWN R

5 IPython 7.6.1 —— An enhanced Interactive Python.
6 @author: rob
g In [1]: runfile('/Users/rob/test.py', wdir='/Users/rob"')
8 1.0
o9x = 1.0
1@ print(x) In [2]: x
Out([2]: 1.0

In [3]:

Permissions: RW. End-of-lines: LF  Encoding: UTF-8 Line: 9 Column: 8 Memory: 62 %

Figure 15.2 Run file in Spyder.

Here, we have written a very simple script called test.py where we de-
fine a variable x to be 1 and print it. By clicking the run file arrow in the
toolbar we can run this script which is displayed on line 1 of the con-
sole as run file with the name of the file. Here, you can see the result
of the run prints 1.0 to the screen however within the console we can

access the x variable that we defined within the file.

Adding your code to files is great if you want to easily and quickly run
a set of commands on demand and means you can create an archive
and potentially version code that you have. What you can also do is
share code with others and yourself. Let's demonstrate via an exam-
ple, if we take the lottery function we defined at the start of the chap-

ter and put this in a file called lottery.py we are then able to use this



by importing it into Python. We have covered how to import packages
in earlier chapters and importing your own Python file is no different.
When importing your own file it is important to understand how
Python does an import. To do so we import the package sys and look

at the sys.path list.

>>> import sys

»>>> sys.path

[,

' /Users/rob/anaconda3/lib/python37.zip’,

' /Users/rob/anaconda3/lib/python3.7',

' /Users/rob/anaconda3/lib/python3.7/1lib-dynload’,

' /Users/rob/anaconda3/lib/python3.7/site-packages’,

' /Users/rob/anaconda3/lib/python3.7/site-packages/aeosa’]

The sys.path list contains locations where Python can search for, so if
we were looking to import our lottery file we can do so if it is present
at one of the locations in sys.path. Note that the first entry is the cur-
rent location you are in. We can also append a new location to this list
if we require. Now, we can import the contents of the lottery.py file by

just running the following code:

>>> from lottery import *

This then gives us access to everything within the file and we could
then just run our lottery function by calling it. We could also import us-
ing other approaches used earlier to import a package. This concept

of importing our own code allows the coder to be flexible in how code



is structured and also reduce repeatability by having key code written
once and shared when needed. We could import our class into anoth-
er file and run the code from there. If we create a file called im-
port_lottery.py in the same directory as the lottery.py we can run the

Lottery class as follows:

from lottery import *
1 = Lottery()
l.lottery()

lt's as easy as that to share the code with other files. This makes it
really easy to move sharable code into its own functions or classes
and share it with other files very easily. Having both the console and
an editor is important as sometime you want to work interactively to
understand what you need to do but overall its much more efficient to

have files with your code in.



16
Pandas

Previously we have looked at concepts and packages from the stan-
dard Python library, and now in this chapter we will look at a third-par-
ty package and one that is very relevant within the Python eco-sys-
tem. Pandas is a package that is used for data analysis and data ma-
nipulation. It's used in a variety of packages and therefore under-
standing of it and its concepts is a crucial tool for a Python program-
mer to learn. In this chapter, we will introduce the package pandas
from the basics up to some more advanced techniques. However, be-
fore we get started with pandas, we will briefly cover numpy arrays
which alongside dictionaries and lists are concepts that should be un-

derstood to allow us to cover pandas.

16.1 Numpy Arrays

Numpy comes as part of the Anaconda distribution and is a key com-
ponent in the scientific libraries within Python. It is very fast and un-
derpins many other packages within Python. We concentrate on one
specific aspect of it, numpy arrays. However, if you are interested in
any of the machine learning libraries within Python, then numpy is

certainly something worth exploring further.



We can import it as follows.

>>> 1mport numpy as np

Why np? Its the standard convention used in the documentation,
however you do not have to use that convention but we will. In this
chapter, we won't cover everything to do with numpy but instead only
introduce a few concepts and the first one we will do is introduce an
array. An array in numpy is much like a list in Python. If we want to

create an array of integers 0—10 we can do so as follows:

>>> number array = np.array([0, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10])
>>> number_array
array([ 0, i, 2, 3, 4, 5, e, 7, 8, 9, 101)

It looks like we passed a list into the method array and that is basical-

ly what we did as we can define the same array as follows:

>>> number list = [0, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10]
>>> number array = np.array (number list)

>>> number array

array([ o, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10])

You may be thinking it looks like a list and we can use a list to create
it, why is it different from a list. Very early on we looked at lists and
operations on lists and we saw that using the common mathematical

operators either didn't work or worked in an unexpected way. We will



now cover these again and compare them to what happens when us-

ing an array in numpy. We will begin by looking at addition:

>>> number list + number list

(0, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 0, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10]
>>> number array + number array

array([ o, 2, 4, 6, &, 10, 12, 14, 16, 18, 20])

So, what we see is that with a list we have concatenation of two lists
which is what we have seen before, however using an array we add
together the two arrays and return a single array where the result is
the element wise addition. Next, let's consider what happens when

we use the mathematical subtraction symbol.

>>> number list - number list
Traceback (most recent call last):
File "<stdin>", line 1, in <module>
TypeError: unsupported operand type(s) for -: "list" and "list"
>>> number array - number array
array([0, 0, 0, 0O, 0, 0, O, 0O, 0, 0, 0])

Here, we see that for two lists an error is thrown as it doesn't know
how to use the operand on two lists. However, for two arrays it be-
haves how we might expect it to and subtracts element wise from the
first array the value in the second. What happens if we look at the

multiplication symbol * applied to two arrays and lists?



>>> number list * number list
Traceback (most recent call last):
File "<stdin=", line 1, in <modulex>
TypeError: can't multiply sequence by non-int of type "list"
>>> number array * number array
array([ 0, 1, 4, 9, 16, 25, 36, 49, 64, 81, 100])

Again, we see that this operand doesn't work on two lists but the ar-
rays provide elementwise multiplication. Now for completion we will

look at the division operand on both lists and arrays.

>»> number list / number list
Traceback (most recent call last):
File "<stdin>", line 1, in <module>
TypeError: unsupported operand type(s) for /: "list" and "list"
>>> number array / number array
__main__ :1: RuntimeWarning: invalid value encountered in true divide

array ([ nan, 1., 1., 1., 1., 1., 1., 1., 1., 1., 1.])

Unsurprisingly, we see that this doesn't work on lists but on the arrays
it performs elementwise division of the values in the first array by
those in the second. Note that we get a warning for division by zero
but ultimately it allows element by element division. This is great if we
want to perform some mathematical operation on two lists which we
cannot do and can be much faster. For the examples we have cov-
ered so far we can achieve the same thing using lists in Python in one
line via list comprehension. So the three examples that didn't work

here can be rewritten in as follows:



>>> number list = [0, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10]
>>> subtraction list = [nl - nl for nl in number list]
>>> subtraction list
(o, o, o, o, o, o, 0o, 0, 0, 0, 0]
>>> multiplication list = [nl * nl for nl in number list]
>>> multiplication list
[0, 1, 4, 9, 16, 25, 36, 49, 64, 81, 100]
>>> division_list = [nl / nl for nl in number list]
Traceback (most recent call last):

File "<stdin=", line 1, in <module=
ZeroDivisionError: integer division or modulo by zero

We can see that subtraction and multiplication can be done using list
comprehension but division cannot be done as we get a problem with
division by zero. Now, it should be noted that we have simply worked
with operations on the same list which makes it easy to rewrite, how-
ever if we had two distinct lists we cannot use list comprehension and
to rewrite using loops becomes more difficult. Let's demonstrate this
by creating two random integer arrays. So in numpy, we can do this

by using the random choice functionality as follows:

>>> import numpy as np
>>> np.random.choice (10,10)
array([7, 5, 3, 2, 0, 4, 6, 1, 6, 8])

Here, we generated an array of length 10 containing random numbers
between 0 and 9. Now if we extend this example to 1 million random
numbers and generate two arrays we can multiply them together as

follows:



>>> X = np.random.choice (100, 1000000)

22> X

array([11, 58, 13, ..., 11, 93, 27])
>>> Yy = np.random.choice (100, 1000000)
> Y

array([49, 24, 11, ..., 34, 32, 15])
>>> result = x * vy

>>> result
array ([ 539, 1392, 143, ..., 374, 2976, 405])

What we have just done is complete 1 million multiplications instantly,
if you try this using loops you would be waiting quite a bit longer than
an instance! We have seen how powerful numpy arrays are but how
do we access elements of them. Luckily we can access elements as
we did for lists. We will give some examples below applied to the re-

sult array from the previous example:

>>> result[10]

2232

=== result[10:20]

array([2232, 7140, 574, 1764, 0, 50, 632, 9207, 2520, 1701)
>>> result[:-1]

array([ 539, 1392, 143, ..., 665, 374, 2976])

>>> result[-3:-1]
array([ 374, 2976])

You can see that we access elements in much the same we did for

lists.

Now having introduced the concept of an array alongside everything

else means we can start looking at Pandas starting with Series.



16.2 Series
We can import pandas as follows.
>>> 1mport pandas as pd

Like before with numpy we use the alias pd which is the general con-

vention used in the documentation for the package.

The first thing that we will cover here is the concept of a Series, we

shall demonstrate this first by an example.

>>> import pandas as pd

>>> point dict = {"Bulgaria": 45, "Romania": 43, "Israel": 30,
"Denmark": 42}
>>> point series = pd.Series(point_dict)

>>> point series

Bulgaria 45
Romania 43
Israel 30
Denmark 42

dtype: 1inté4

We created a dictionary containing the keys of country names and
the median age of citizens (source worldomometers.info) in that
country and passes then in to the Series method to create point se-

ries. We can access the elements of the series as follows:


https://worldomometers.info/

>>> point series[0]
45

>>> point series[1:3]
Romania 43

Israel 30

dtype: inté4

= point_series [-1]

42

>>> point series[:-1]
Bulgaria 45
Romania 43

Israel 30

dtype: inté4

>>> point_ series[[1,3]]
Romania 43

Denmark 42

dtype: 1nté64

You can see we can access the first element as if it was a list using
the position of the value we want. We can also use the colon separat-
ed positional values as well as negative indices which we have cov-
ered earlier. There is a different way we can access elements of the
series and that is by passing a list of the positions we want from the
series. So if we want the first and third elements we have the values 0

and 2 in the list.

We have just accessed the values of the dict that we passed in to cre-

ate the series but what about the keys and what use do they have in



the series? What we will now show is that the series can also be ac-

cessed like it was a dictionary:

>>> point series.index

Index(['Bulgaria', 'Romania', 'Israel', 'Denmark'], dtype='ocbject')
>>> point series|['Bulgaria']
45

We see the series has an index which is the key of the dictionary and
we can access the values using the dictionary access approach we

have seen earlier. Now, when we covered dictionaries earlier we saw
that we could try and access a value from a key that isn't in the dictio-

nary and it would throw an exception which is the same for the series.

>>> point series["England"]
Traceback (most recent call last):
File "<stdin>", line 1, in <modulex
File "/Users/rob/anaconda/lib/python2.7/site-packages/pandas/core/series.py",
line 601, in  getitem
result = self.index.get_value(self, key)
File "/Users/rob/anaconda/lib/python2.7/site-packages/pandas/indexes/base.py",
line 2183, in get_value
raise el
KeyError: "England"

>»>> point_series.get ("England")

Here, we have shown what happens but you can see we have used
the method get to try and access the value for the index England. As

opposed to throwing an exception it just returns None.

Given we can now access elements of a series we will now show how

you can operate on it. Given the series is based on the concept of an



array in numpy you can do much of what you would in numpy to the
series. So, now we will create series of random numbers and show

how we can operate on them.

»>>> import numpy as np

>>> np.random.rand (10)

array([ 0.97886013, 0.18080097, 0.84464838, 0.13603242, 0.23835642,
0.69567161, 0.64771013, 0.67115685, 0.73923655, 0.22755168])

Here, we have used numpy's random methods to generate an array
of 10 random numbers between 0 and 1. This can be assigned to a

series relatively easily.

>>> import numpy as np
>>> import pandas as pd
>>> random series = pd.Series(np.random.rand(10))
>>> random_series
0.173617

.778444

.700113

.170871

.846544

157117

.420151

.960854

.759314

.841746

floate4
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We can operate on this in much the same way as we do with a numpy

array.



=>>>

=>>>

=>>>

=>>>

=>>

(=]

W o 0 e W

import numpy as np
import pandas as pd
random_series one = pd.Series(np.random.rand(10))
random_series two = pd.Series(np.random.rand(10))
random_series _one + random_ series_two
1.178019
.940846
.609092
.888857
.014994
.531080
.486204
.793577
.177649
.661979

o FH o o o - o oo

dtype: floaté4

>>>
0

W o 1 0 e W

random_series one - random_series_two
-0.410520
-0.757653
-0.412827
-0.154943
-0.465986
-0.372245
-0.245580
0.692818
-0.633033
-0.028016

dtype: floate4

=>>>

e e < R s T 1 L - B e

random_series_one / random_ series_ two
0.483148
.107856
.192055
.703117
.370706
.175844
.328819
14.752071
.300779
0.918792

o 0o oo oo

[=]

dtype: floateée4

>>>

0
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random_series one * random_series_two
0.304801
.077789
.050142
.191515
.203267
.035873
.044021
.037442
.246531
.109358
floate4
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Now that all looks the same as we have seen for arrays earlier, how-
ever one key difference is that we can operate on splices of the

series.

>>> random_series one[l:] * random series two[:-1]
NaN
.0777859
.050142
.191515
.203267
.035873
.044021
.037442
.246531
NaN
floate4
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What we see is that the multiplication is done on the elements of the
series by index. So where we don't have an index for both series we

get an NaN shown.

We earlier defined a series by using a dictionary but we can define a

series using a list or array as follows:



>>> pd.Series([1,2,3,4,5,6])

dtype: inte4
>>> pd.Series(np.array([1,2,3,4,5,6]))

dtype: inté4

As you can see the index is defined automatically by pandas, howev-

er if we want a specific index we can define one as follows:

>>> pd.Series([1, 2, 3, 4, 5, 6], index=(["a", "b", "ec", "d", "e", "f"])
1
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dtype: inté4

So, here we pass an optional list to the index variable and this gets

defined as the index for the series. It must be noted that the length of



the index list must match that of the list or array that we want to make

a series.

16.3 DataFrames

Having looked at series, we will now turn our attention to data frames

which are arguably the most popular aspect of pandas and are cer-

tainly what | use the most. They are essentially an object that carries

data in column and row format, so for many they will mimic what is

held in a spreadsheet or for others the content of a database table.

We will start off by looking at how we create a DataFrame and like

with a series there are many ways we can do it.

==

>>>

>>>

=22

=22

countries = ["United Kingdom", "France", "Germany", "Spain",
"ITtaly"]

median age = [40,42,46,45,47]

country dict = {"name": countries, "median age": median_age}

country df = pd.DataFrame (country dict)
country df
name median age

United Kingdom 40
France 42

Germany 46

Spain 45

Italy 47

What we have done above is begin by setting up two lists, one con-

taining names and another containing values. These are then put into

a dictionary with keys name and value. This dictionary is then passed



into the DataFrame method of pandas and what we get back is a
DataFrame object with column names of name and values. We can
see here that the index is automatically defined as 0—4 to correspond

with the number of elements in each list.

>>> countries = pd.Series( ["United Kingdom", "France",
"Germany", "Spain", "Italy"])
>>> median age = pd.Series([40,42,46,45,47])
>>> country dict = {"name": countries, "median age": median age}
>>> country df = pd.DataFrame (country dict)
>>> country df
name median_age

0 United Kingdom 40
1 France 42
2 Germany 46
3 Spain 45
4 Italy 47

We can do the same using a dictionary of Series again assigning the
Series to a dictionary and passing it into the DataFrame method. The

same would happen if we used numpy arrays.

Next, we create a DataFrame using a list of tuples where the data is

now country name, median age and density of the country.

>>> data = [("United Kingdom", 40, 281), ("France", 42, 119),
("Italy", 46, 206)]
>>> data_df = pd.DataFrame (data)
>>> data_df
0 1 2
0 United Kingdom 40 281
France 42 1195
Italy 46 206



Here, we have created a list of tuples and we then pass those into the
DataFrame method and it returns a three column by three row data
frame. Unlike before we not only have auto assigned index values but
we also have auto assigned column names which aren't the most
useful, however we will later show how to assign both. The same ap-
plies here for a list of lists, list of series, or a list or arrays. It also

works for a list of dictionaries, however the behaviour is slightly

different.

>>> data = [{"country": "United Kingdom", "median age":40, "density": 281},
{"country": "France", "median_age": 42, "density": 119},
["country":"Italy", "median age": 46, "density":206}]

>>> data df = pd.DataFrame (data)
>>> data_df
country density median age

0 United Kingdom 281 40
France 119 42
2 Italy 206 46

When the list of dictionaries is passed in we get the same Data-
Frame, however now we have column names from the dictionary. On
the face of it everything seems like it works the same as for lists of

lists, however if we change some of the keys we get some different

behaviour.



>>> data = [{"country": "United Kingdom", "median age":40, "density": 281},
{"country": "France", "median_age": 42, "density": 119},
{"country":"Italy", "median": 46, "density":206}]
>>> data_df = pd.DataFrame (data)
3= data_df
country density median median age

0 United Kingdom 281 NaN 40.0
1 France 119 NaN 42.0
2 Italy 206 46.0 NalN

What we see here is that as every dictionary doesn't have all the
same keys pandas fills in the missing values with NaN. Next, we will

look at how to access elements of the data frame.

>>> data = [{"country": "United Kingdom", "median age":40, "density": 281},
{"country": "France", "median_age": 42, "density": 119},
["country":"Italy", "median_age": 46, "density":206}]
»>»> data_df = pd.DataFrame (data)
3> data_df
country density median age

0 United Kingdom 281 40
1 France 119 42
2 Italy 206 46
>>> data_df['country']

0 United Kingdom

1 France

2 Italy

Name: country, dtype: cbject
>>> data_df ["country"] [0]
'United Kingdom'

»»> data df ["country"] [0:2]
0 United Kingdom

1 France

Name: country, dtype: object

We have done quite a lot here. The first thing is that we have defined
the data frame based on the list of dictionaries as we showed previ-

ously. We then accessed all the elements of the column country by



passing the name of the column as the key of the data frame. We
next showed how we could access the first element of that by adding
the index of the value we wanted. This is an important distinction as
we aren't asking for the first element, we are instead asking for the
value of the column with index value 0. Lastly, we select the rows of
the country with index 0 and 1 in the usual way we would for a list, but

again we are asking for specific index rows.

>>> data_df ["country"] [-1]
Traceback (most recent call last):
File "<stdin=", line 1, in <modulex

File "/Users/rob/anaconda/lib/python2.7/site-packages/pandas/core/series.py",
line 601, in _ getitem

result = self.index.get value (self, key)
File "/Users/rob/anaconda/lib/python2.7/site-packages/pandas/indexes/base.py"
, line 2169, in get_vwvalue

tz=getattr(series.dtype, 'tz', None))
File "pandas/index.pyx", line 105, in pandas.index.IndexEngine.get_value
(pandas/index.c:3567)
File "pandas/index.pyx", line 113, in pandas.index.IndexEngine.get_value
(pandas/index.c:3250)
File "pandas/index.pyx", line 161, in pandas.index.IndexEngine.get_loc
(pandas/index.c:4289)
File "pandas/src/hashtable class helper.pxi", line 404, in
pandas.hashtable.Int64HashTable.get item (pandas/hashtable.c:B8555)
File "pandas/src/hashtable class_helper.pxi", line 410, in
pandas.hashtable.Int64HashTable.get item (pandas/hashtable.c:8499)

KeyError: -1

Here, we asked for the last value of the column country as we would
with a list, however it threw an error because there is no index —1 in
the index for the data frame. So we can't treat the data frame as we

would a list and we need to have an understanding of the index. For

any data frame we can find out the index and columns as follows:



>>> data df.index

RangeIndex(start=0, stop=3, step=1)

>>> data_ df.columns

Index(['country', 'density', 'median age'], dtype='object')

Here, it shows the index starting at 0 and stopping at 3 with the step
used each time, it also shows the columns as a list of each name. We

can change the index of a data frame as follows:

>>> data df.index = ["a","b","c"]
>>> data df
country density median age

a United Kingdom 281 40
b France 119 42
C Italy 206 46

Now if we want to access the first element of the country column we

do so as follows:

>>> data df ["country"] ["a"]
'United Kingdom'

Similarly if we want to change the column names of a data frame we

do so as follows:

>>> data df.columns = ["country name", "density", "median age"]
>>> data_ df
country name density median age
a United Kingdom 281 40
b France 119 42
c Italy 206 46



Given we have changed the index to strings, the question is how do
we access the nth row if we don't know what the index is. Luckily
there is a method of data frames called iloc which allow us to access
the nth row by just passing in the number of the row that we want. It

works as follows:

>>> data df.iloc[0]

country name United Kingdom
density 281
median age 40

Name: a, dtype: object
>>> data df.iloc[0:1]

country name density median age
a United Kingdom 281 40
>>> data df.iloc[0:2]

country name density median age
a United Kingdom 281 40
b France 119 42
>>> data df.iloc[-1]
country name Italy
density 206
median age 46
Name: c, dtype: object

We can see we can access rows from the data frame as if it was a

list, which is cool.

Now that we have a grasp of DataFrames we will cover how to add to

one. Let's say we want to add a column of all ones to our DataFrames



we can do so as follows:

>>> data df ["ones"] =1

>>> data df
country name density median age ones

a United Kingdom 281 40 1
b France 119 42 1
c Ttaly 206 46 1

We can then delete a column in a couple of ways:



>>> del data df ["ones"]
>>> data_df
country name density median_ age

a United Kingdom 281 40
b France 119 42
C Italy 206 46

>>> data df ["ones"] =1
>>> data_df
country name density median_age ones

a United Kingdom 281 40 1
b France 119 42 1
C Italy 206 46 1
>>> data_df.pop("ones")

a 1

b 1

c 1

Name: ones, dtype: inté4
>>> data df
country name density median_ age

a United Kingdom 281 40
b France 119 42
c Italy 206 46

Here, we first used the del method to delete the ones column, we
then added it again and then used the pop method to remove the col-
umn. Note that when we use the del method we simply delete from
the DataFrame but using the pop method we return the column we

have popped as well as removing it from the DataFrame.



>>> data_df["ones"] = 1
>>> data_df ["new_ones"] = data_df ["ones"] [1:2]
>>> data_df
country name density median age ones new_ones

a United Kingdom 281 40 1 NaN
b France 119 42 1 1.0
c Italy 206 46 1 NaN

>>> del data_df ["ones"]
>>> del data_df ["new _ones"]

What we see here is that when we use a partial column to form a new
one pandas knows to fill in the gaps with the NaN value. There is an-
other approach where we can insert a column and put it in a specific

position:

>>> data df.insert (1, "twos", 2)
>>> data _df
country name twos density median_age

a United Kingdom 2 281 40

b France 2 119 42

C Italy 2 206 46
]

>>> del data_df ["twos"

Here, we create a column containing the integer value 2 and puts it
into position 1 (remember position 0 is the first position) under the title

twos. This gives us full control of how we add to the data frame.

So, now we have a grasp of what a DataFrame is we can start doing

some cool things to it. Let's say we want to take all data where the



value is less than 20.

>>> data df ['density']<200

a False
b True
C False

Name: density, dtype: bool

>>> data df [data df['density']<200]
country name density median age

b France 119 42

What we have done here is test the values in data_df values column
to see which ones are less than 20. This concept is a pretty key, we
test every element in the column to see which ones are less than 20
and return a boolean column to show which ones meet the criteria.
We can then pass this into the square brackets around a DataFrame
and it returns the values where the condition is true. We can do this
on multiple boolean statements where anything true across all the

statements is returned, this is shown below.



>>> data df [data df['density']<250]
country name density median age

b France 119 42
C Italy 206 46
>>> data _df ["median age"] > 42

a False

b False

C True

Name: median_age, dtype: bool
>>> data_df [(data_df['density']<250)
& (data df["median age"]>42)]
country name density median age
c Italy 206 46

It is important to note that the DataFrame isn't changed in this in-
stance it stays the same. To use the DataFrame that is returned from

such an operation you need to assign it to a variable to use later.

>>> (data df['density']<250) & (data_df ["median age"]>42)
a False
b False
C True
dtype: bool
>>> data_df['test'] = (data_df['density']<250)
& (data_df ["median_age"]>42)

>>> data df

country name density median age test

a United Kingdom 281 40 False
b France 119 42 False
c Italy 206 46 True

>>> del data df['test']



Here, we have used the same test as used in the previous example
and assigned it to a column which is now part of the DataFrame. We
could do the same thing if we wanted to create another column that

uses the data in data frame.

>>> data df ["density"] .sum()
606

>>> data df ['density proportion'] = data df['density']/data df['density'].sum()
»=>> data_df
country name density median_ age test density proportion
a United Kingdom 281 40 False 0.463696
France 119 42 False 0.196370
c Italy 206 46 True 0.339934

Here, we have divided all values in the value column with the sum of
all the values in the column which we can see is 606 to give us a new
column of data. We can also perform standard mathematical opera-
tions to a column. Below we use the numpy exponential function to

exponentiate every element of the column:

>>> 1lmport numpy as np
>>> np.exp(data_df ["density"])

a 1.088302e+122
b 4.797813e+51
c 2.915166e+89

Name: density, dtype: floaté4

We can also loop across a data frame as we have seen before with

lists.



>>> for df in data df:
df

'country name'
'density'
'median_age'
'density proportion'

This isn't exactly what we thought we would get as it only loops
across the column names, we really want to get into the meat of the

data frame to that we have to introduce the concept of transpose.

>>> data df.T

a b c
country name United Kingdom France Italy
density 281 119 206
median_age 40 42 46
density proportion 0.463696 0.19637 0.339934

What we have done here is turn the DataFrame the other way so now
the columns are the index. To loop over it we use the method

iteritems method.



>>> for df in data df.T.iteritems():

daf
('a', country name United Kingdom
density 281
median age 40
density proportion 0.463696
Name: a, dtype: object)
('b'", country name France
density 119
median age 42
density proportion 0.19637
Name: b, dtype: object)
('e', country name Italy
density 206
median_ age 46
density proportion 0.339934

Name: c, dtype: object)

What we see here is that when we use the iteritems method over the
data frame and at each instance of the loop it returns a two element

tuple. The first element is the index and the second the values in the
row stored in a series. The better way to access it would be to assign
each element to a variable allowing us to have better access to each

part.



>>> for ind, row in data df.T.iteritems():
ind
row['country name']

Ial

'United Kingdom'

Ibl

'France'

ICI

'Ttaly’

We assign the first element of the tuple to the variable ind and the se-
ries of the row in the variable row. Then we access the country col-
umn of that row and show it here with the index. Also we can avoid

using the transpose of the data frame by directly accessing the row
via the iterrows method.



>>> for ind, row in data df.iterrows() :

ind

row
1!
country name United Kingdom
density 281
median_age 40
density proportion 0.463696
Name: a, dtype: object
Ibl
country name France
density 119
median_age 42
density proportion 0.19637
Name: b, dtype: object
!
country name Italy
density 206
median_ age 46
density proportion 0.339934

Name: c, dtype: object

We have looked at how to add columns to a data frame but now we
will look at how to add rows. The way we will consider is using the ap-

pend method on data frames. We do so as follows:



>»>> data = [{"country": "United Kingdom", "median age":40, "density": 281},
{"country": "France", "median age": 42, "density": 119},
["country":"Italy", "median age": 46, "density":206}]
>»>> data_df = pd.DataFrame (data)
>>> data_df
country density median_age

0 United Kingdom 281 40
1 France 119 42
2 Italy 2086 46
>>> new _row = [{"country": "Iceland", "median age": 37, "density": 3}]

>>> new_row_data_df = pd.DataFrame (new_row)
>>> new_row_data_df
country density median age
0 Iceland 3 37
>>> data_df.append(new_row_data_df)
country density median age

0 United Kingdom 281 40
1 France 119 42
2 Italy 206 46
0 Iceland 3 37
>>> data_df

country density median_age
0 United Kingdom 281 40
1 France 119 42
2 Italy 2086 46

So we setup the initial data as we have done earlier but here make a
fresh copy of the original data. We then setup a DataFrame of the
new row and pass that into the append method of the original data
frame. What we then see is the DataFrame containing the new row
however it has an index of zero which we already had in the original
DataFrame. We also see that when we call the DataFrame after this
operation it no longer has the new row. If we look at the index prob-
lem we can resolve this by using the argument ignore_index as

follows:



>>> data_df.append(new_row_data df, ignore_index=True)
country density median age

0 United Kingdom 281 40
1 France 119 42
2 Italy 206 46
3 Iceland 3 37

>>> data_df
country density median_age

0 United Kingdom 281 40
1 France 1195 42
2 Ttaly 206 46

So that is sorted but what about the fact that the new row hasn't be-
come part of the data frame. Well to get that to work we need to as-
sign the data frame to a new variable as the append method doesn't
change the original DataFrame. We could re-assign the data frame to
the same name data_df, however we would lose the memory of what

we have done so we could assign it to a new variable.

>>> new data df = data_df.append(new row data df, ignore index=True)
>>> new data df
country density median age

0 United Kingdom 281 40
1 France 119 42
2 Italy 206 46
3 Iceland 3 37

16.4 Merge, Join, and Concatenation

Initially, we will consider the concept of concatenating DataFrames.

The manner in which we can do this is to create a list of DataFrames



and pass them into the pd.concat method. These DataFrames will
build on what we have looked at in the previous chapter by using the

following country data:

density

median age

population (millions)

population change (%)



>=> dfl = pd.DataFrame({"density": [119, 206, 240, 924],
"median age": [42, 47, 46, 45],
"population": [65, 60, B3, 4&],
"population_change": [0.22, -0.15, 0.32, 0.04]},
index=['France', 'Italy', 'Germany', 'Spain’'])

>>> df2 = pd.DataFrame({"density": [153, 464, 36, 25],

"median age": [38, 28, 38, 33],

"population": [1439, 1380, 331, 212],

"population_change": [0.39, 0.99, 0.59, 0.72]},
C index=['China', 'India', 'USA', 'Brazil'])
>>> df3 = pd.DataFrame({"density": [9, 66, 347, 103],

"median age": [40, 29, 48, 28],

"population": [145, 128, 126, 102],

"population change": [0.04, 1.06, -0.30, 1.941},
. index=['Russia', 'Mexiceo', 'Japan', 'Egypt'])
>>> frames = [dfl, dfz, df3]
»>»> result = pd.concat(frames)

>>> result

density median age population population change

France 119 42 65 0.22
Italy 206 47 60 -0.15
Germany 240 46 83 0.32
Spain 94 45 46 0.04
China 153 38 1439 0.39
India 464 28 1380 0.99
UsSA 36 38 331 0.59
Brazil 25 33 212 0.72
Russia 9 40 145 0.04
Mexico 66 29 128 1.06
Japan 347 48 126 -0.30
Egypt 103 25 102 1.94

What we did was to create a list of DataFrames and then by passing
them into the pd.concat method we get the result shown which is
DataFrame with columns density, median_age, population, popula-
tion_change and rows indexed with country names. But what if we did

not have the index values as shown in the example:



>>> dfl =

»»> df2

[}

==>> df3 =

>>»> frames
»>>»> result
»>> result
density
119

208

240

94

153

464

i6

25

9

66

347

103

W M = O W N O W NE O

pd.DataFrame ({"density":
"median age": [42, 47, 46
"population": [65, 60, 83

pd.DataFrame ({

pd.DataFrame ({

[df1, dfz,

"population_change":

[119, 206, 240

"country name": ['France'

"density":

[153, 464, 36,

"median_age": [38, 28, 38
"population": [143%, 1380

"population_change":

"country name": ['China’',
[9, 66, 347, 103],
"median_age": [40, 29, 48
"population": [145, 128,

"density":

"population_change":

"country name": ['Russia’

df3]

pd.concat (frames)

median_age
42
47
46
45
38
28
38
33
40
29
48
25

population
65
60
83
46
1439
1380
331
212
145
128
1286
102

]

’

1

]

94],
45],
46] ’

[0.22, -0.15,

"Italy’
25],
33],

0.32, 0.04],

. 'Germany’,

331, 212],

[0.39, 0.99,

'India’',

25],
26, 102]

[0.04, 1.0s8,

0.59, 0.72],

'Spain']})

'USA', 'Brazil'l})

-0.30, 1.94],

'Mexico', 'Japan',

population_change country name

H O +HF O O O O O O

0.
0.

o

22
15
.32
.04
.39
.99
.59
.72
.04
.06
+30
.94

France
Italy
Germany
Spain
China
India
USA
Brazil
Russia
Mexico
Japan
Egypt

'Egypt'1})

Here, we see that the index is retained for each DataFrame which

when created all have the index 0, 1, 2, 3. To have an index 0—-11 we

need to use the ignore_index argument and set it to True.



>>> result = pd.concat (frames, ignore index=True)
>>> result
density median age population population change country name

0 119 42 65 0.22 France
1 206 47 60 -0.15 Italy
2 240 46 83 0.32 Germany
3 94 45 46 0.04 Spain
4 153 38 1439 0.39 China
5 464 28 1380 0.99 India
6 36 38 331 0.59 USAh
7 25 33 212 0.72 Brazil
8 9 40 145 0.04 Russia
9 66 29 128 1.06 Mexico
10 347 48 126 -0.30 Japan
11 103 25 102 1.94 Egypt

We can expand on this example by creating a list of DataFrames as
we did previously and concat them together but now we use the argu-
ment keys and set it to a list containing region one, region two, and

region three.



>»>> dfl = pd.DataFrame({"density": [119, 206, 240, 94],
"median age": (42, 47, 46, 45],
"population": [65, &0, 83, 46],
"population_change": [0.22, -0.15, 0.32, 0.04],
A "country name": ['France', 'Italy', 'Germany', 'Spain']})
>>> df2 = pd.DataFrame({"density": [153, 464, 36, 25],
"median age": [38, 28, 38, 33],
"population": [1439, 1380, 331, 212],
"population_change": [0.39, 0.99, 0.59, 0.72],
ca "country name": ['China', 'India', 'USA', 'Brazil'l})

>>> df3 = pd.DataFrame({"density": [9, 66, 347, 103],
"median_age": [40, 29, 48, 25],
"population": [145, 128, 126, 102],
"population_ change": [0.04, 1.06, -0.30, 1.94],
N "country name": ['Russia', 'Mexico', 'Japan', 'Egypt']})
>>> frames = [dfl, dfz, 4df3]
»»> result = pd.concat (frames, keys=["region_one", "region_two", "region_three"])

>>> result
density median_age population population_change country name

region_one 0 119 42 65 0.22 France
1 206 47 60 -0.15 Italy
2 240 46 83 0.32 Germany
3 94 45 46 0.04 Spain
region_two 0 153 38 1439 0.39 China
1 464 28 1380 0.99 India
2 36 38 331 0.59 UsA
3 25 33 212 0.72 Brazil
region_three 0 9 40 145 0.04 Russia
1 66 29 128 1.086 Mexico
2 347 48 126 -0.30 Japan
3 103 25 102 1.594 Egypt

>>> result.loc['region_two'l]
density median_age population population_change country name

0 153 38 1439 0.39 China
1 464 28 1380 0.99 India
2 36 38 331 0.59 USA
3 25 33 212 0.72 Brazil

In running the code what we see is that passing the keys in means
we have what appears to be another level of the DataFrame away
from our index in the previous example which allows us to select the
one of the DataFrames used in the concat. If we look at the index of

the result we get the following:



>>> result.index
MultiIndex(levels=[['region one', 'region two', 'region three'],
(o, 1, 2, 311,
codes=[[0, 0O, O, O, 1, 1, 1, 1, 2, 2, 2, 21,
(o, 1, 2, 3, o, 1, 2, 3, 0, 1, 2, 311)

This is commonly referred to a multilevel index as the name would
suggest and what it does is tell us what the index value each element
has. So the levels are [“region_one”, “region_two”, “region_three”]
and [0, 1, 2, 3], which are denoted in levels. The index for each row is
then determined using the label which has two lists of eight elements
with the first one having values 0, 1, 2 which corresponds to region
one, region two and region three whilst the second has values 0, 1, 2,
3 which refer to the levels 0, 1, 2, 3. We could name these levels by

using the optional name argument.

»>»> result = pd.concat (frames, kEys—["region_one", "region_two",
"region three"], names = ["region","item"])
==> result
density median _age population population_change country name

region item

region one Q 118 42 65 0.22 France
1 206 47 60 -0.15 Italy
2 240 46 B2 0.32 Germany
3 94 45 46 0.04 Spain

region two 0 153 38 1439 0.39 China
1 464 28 1380 0.99 India
2 36 38 331 0.589 Usa
3 25 33 212 0.72 Brazil

region_three 0 9 40 145 0.04 Russia
1 66 29 128 1.06 Mexico
2 347 48 126 -0.30 Japan
3 103 25 102 1.94 Egypt



In the previous example we used concat to concatenate the Data-
Frames together however there are other ways to use it which we will
demonstrate now by concatenating urban population percentage

from France, ltaly, Argentina, and Thailand to our initial DataFrame.

s>> dfl = pd.DataFrame ({"density": [119, 206, 240, 94],
"median_age": [42, 47, 46, 45],
"population": [65, 60, 83, 48],
"population change": [0.22, -0.15, 0.32, 0.04]1},
index=['France', 'Italy', 'Germany', 'Spain'])

==> df4 = pd.DataFramEE{”urban_pcpulatinn“: [82, B9, 93, 51]}J
index=['France', 'Italy', 'Argentina', 'Thailand'])
»>> result = pd.concat([dfl, df4], axis=1, sort=False)
>»>> result
density median_age population population_change urban population

France 119.0 42.0 65.0 0.22 B2.0
Italy 206.0 47.0 60.0 -0.15 69.0
Germany 240.0 46.0 83.0 0.32 NalN
Spain 894.0 45.0 46.0 0.04 Nal
Argentina NaN NaN Nal NaN 93.0
Thailand NaN NaN NaN NaN 51.0

Here, we have used concat with a list of DataFrames as we have
done before but now we pass in the argument axis = 1. Now the axis
argument says we concatenate on the columns, here 0 is index and 1
is columns. So, we see commonality in the index with France and
ltaly so we can add the extra column on and fill the values that are
not common with NaN. Here, we have set the sort to be False which
means we keep the order as if the two were joined one below the oth-

er. If we set the value to be True we get the following:



=>> result =
»>> result

density
Argentina MNaN
France 119.0
Germany 240.0
Italy 206.0
Spain 94.0
Thailand NaN

median_ age
NaN
42.0
46.0
47.0
45.0
NaN

population
NaN

65.0

83.0

60.0

46.0

NaN

pd.concat ([dfl, df4], axis=1, sort=True)

population change urban population

NaN 93.0
0.22 82.0
0.32 NalN

-0.15 69.0
0.04 NalN
NaN 51.0

We can see that with sort set to True we get the values sorted by in-

dex order. Below we can also see what happens if we run the same

query with the axis set to 0.

>>> result = pd.concat([dfl, df4], axis=0, sort=False)

»=> result

density
France 119.0
Italy 206.0
Germany 240.0
Spain 94.0
France Nal
Italy NaN
Argentina NaN
Thailand NaN

median age
42.0
47.0
46.0
45.0
NaN
NalN
NaN
NaN

population
65.0

60.0

83.0

46.0

NaN

NaN

NaN

NaN

population change wurban population

0.22 NaN
-0.15 NaN
0.32 NalN
0.04 NaN
NaN 82.0
NalN 69.0
NaN 93.0
NaN 51.0

What we do is just concatenate the DataFrames one below each oth-

er with duplication of the index for France and ltaly.

Concat also has an extra argument join that we will now explore and

set the value to join.



>

2

2>

==

dfl = pd.DataFrame ({"density": [119,
"median_age": [42
"population": [65
"population chang
index=['France',
df4 = pd.DataFrame ({"urban population
index=['France',
result = pd.concat ([dfl, df4], axis=1
result

206, 240, 94],
, 47, 46, 45],
, 60, 83, 48],

e": [0.22, -0.15, 0.32, D.D4]},

'Ttaly', 'Germany', 'Spain'])
v. [82, 63, 93, 51]},
"Italy', 'Argentina', 'Thailand'])

, join="inner")

density median_age population population_change
France 119 42 65
Italy 2086 47 60

0.22
-0.15

urban_population
82
69

As you can see we only have two rows returned which if you look

back at the example before are the only two rows where the two

DataFrames have values in columns. The inner join is similar to that

of a database join which we will cover later in the course however

here we don't specify a key to use it on.

Next, we add argument join_axes and set it to dfl.index.

>

22

>

>

dfl

"median_age": [42,
"population": [6&5,

pd.DataFrame{{“densicy“: [119, 208, 240, 94],

47, 46, 45],
60, 83, 46],

"population change": [0.22, -0.15, 0.

index=['France"',

df4 = pd.DataFrame ({"urban population":

index=['France",

32, 0.04]},
'"Italy', 'Germany', 'Spain'])
[82, 69, 93, 511},
'Italy', 'Argentina', 'Thailand'])

result = pd.concat ([dfl, df4], axis=1, join_axes=[dfl.index])

result

density median_age population

France 118 42 65
Italy 206 47 60
Germany 240 46 83

Spain 94 45 46

population_change
0.22

-0.15

0.32

0.04

urban_population
82.0

69.0

NaN

NaN



What we see is that all we get back only the values for in the index in
dfl and show all the columns from the axis 1 argument. By default the

join_axes are set to False.

Next, we will ignore the index by using the following arguments:

>>> dfl = pd.DataFrame ({"density": [119, 206, 240, 54],
"median_age": [42, 47, 46, 45],
"population": [65, &0, 83, 48],
"population change": [0.22, -0.15, 0.32, 0.04]},

Ca index=['France', 'Italy', 'Germany', 'Spain'])
»»> df4 = pd.DataFrame ({"urban population": [82, 69, 93, 511},
index=['France', 'Italy', 'Argentina', 'Thailand'])

>>> result = pd.concat ([dfl, df4], ignore_index=True, sort=True)
>>> result
density median_age population population_change wurban population

0 115.0 42.0 65.0 0.22 NaN
1 206.0 47.0 60.0 -0.15 NaMN
2 240.0 46.0 83.0 0.32 NaMN
3 94.0 45.0 46.0 0.04 NaN
4 NaN NalN NaN NaN 82.0
5 NaN NaN NaN NaN 69.0
& NaN NaN NaN NaN 93.0
7 NaN NaN NaN NaN 51.0

Here, we see the result has lost index values from dfl and df2 and re-

tained all the information filling the missing values with NaN.

We can achieve the same thing using the append method directly on

a DataFrame.



>>> dfl = pd.DataFrame({"density": [119, 206, 240, 94],

"median age": [42, 47, 46, 45],

"population": [65, 60, 83, 48],

"population_change": [0.22, -0.15, 0.32, 0.041},
e index=['France', 'Italy', 'Germany', 'Spain'])
>>> df4 = pd.DataFrame ({"urban_population": [82, 69, 93, 511},

»»>» result =
=»> result
density
119.0
206.0
240.0
94.0
NaN
NaN
NaN
NaN

=]l v oo W R = O

dfl.append(df4,

median_age

42.0
47.0
46.0
45 .0
NaN
NaN
NaN
NaN

index=['France', 'Italy', 'Argentina', 'Thailand'])

ignore index=True, sort=True)

population population_change urban_population

65.0 0.22 NaN

60.0 -0.15 Nal

83.0 0.32 NaN

46.0 0.04 NaN

NaN NaN 82.0

NaN NaN 6£9.0

NaN NaN 93.0

NaN Nai 51.0

The concat method is not only valid for DataFrames but can also

work on Series.

>>> dfl = pd.DataFrame ({"density":

»>>> 81 =

»>>> 8l

France 82
Italy 69
Germany 93
Spain 51

Name: urban population,
pd.concat ( [df1,

>>»>» result =

=>> result

density
France 119
Italy 206
Germany 240
Spain 94

pd.Series|([82,

median_age

69,

[119, 206, 240,
[42, 47, 48,
[65, &0, 83,
"population_ change":
index=['France', 'Italy',
93, 51],

index=['France',

94],
45],
48],

"median_age":

"population":
'Germany"',

'Italy',
name="urban_population")

'Germany"',

dtype: inté4
s8l], axis=1)
population population change
42 65 0.22
47 60 -0.15
46 83 0.32
45 46 0.04

[0.22, -0.15, O.

32, 0.041},
‘Spain'l)

'Spain'],

urban_population
82
69
93
51



What is worth noting is that we give the series a name and then that
is set to be the name of the column when the two are concatenated
together. We could also pass in multiple series in the list and we will

add a second series with world share percentage.

>>> dfl = pd.DataFrame({"density": [119, 206, 240, 94],
"median age": [42, 47, 46, 45],
"population": [65, &0, B3, 46],
"population_change": [0.22, -0.15, 0.32, 0.04]},
index=['France', 'Italy', 'Germany', 'Spain'])
»>>> sl = pd.Series([82, 69, 93, 51],
index=['France', 'Italy', 'Germany', 'Spain'],

name="urban population")

s> 82 = pd.Series([0.84, 0.78, 1.07, 0.60],
index=['France', 'Italy', 'Germany', 'Spain'],
name="world share")

== 82

France 0.84

Italy 0.78

Germany 1.07

Spain 0.60

Name: world share, dtype: floatéed
>>> result = pd.concat([dfl, sl1l, s2], axis=1)
=»> result

density median age ... urban population world share
France 119 42 C e 82 0.84
Italy 206 47 ... 69 0.78
Germany 240 46 ... 93 1.07
Spain 94 45 ... 51 0.60

[4 rows x 6 columns]

Next, we pass in series as a list to create a DataFrame and by speci-

fying keys we can rename the columns.



>>> 51 = pd.Series([82, 69, 93, 51],
index=['France', 'Italy', 'Germany', 'Spain'],
name="urban population")

»>>> 82 = pd.Series([0.84, 0.78, 1.07, 0.60],
index=['France', 'Italy', 'Germany', 'Spain'],

. e name="world_share")
>>> pd.concat([sl, s2], axis=1, keys=["urban_populaticn", "world share"])

urban_population

France 82
Italy 69
Germany 93
Spain 51

world share
0.84
0.78
1.07
0.60

Next, we take our three DataFrames from before and assign them to

a dictionary each with a key. The dictionary is then passed into

concat.



=22

=35

=35

22>

=35

>>>

dfl =

df2 =

df3

]

pieces
result
result

region_one

pd

pd

region three

region_ two

.DataFrame({"density": [119, 206, 240, 94],
"median_age": [42, 47, 46, 45],
"population": [65, 60, 83, 46],
"population_change": [0.22, -0.15, 0.32, 0.04]1},
index=['France', 'Italy', 'Germany', 'Spain'])
.DataFrame({"density": [153, 464, 36, 25],
"median age": [38, 28, 38, 33],
"population": [1439, 1380, 331, 212],
"population_change": [0.39, 0.99, 0.59, 0.72]},
index=['China', 'India', 'USA', 'Brazil'])
.DataFrame({"density": [9, 66, 347, 103],
"median age": [40, 29, 48, 25],
"population": [145, 128, 126, 102],
"population_change": [0.04, 1.06, -0.30, 1.941},
index=['Russia', 'Mexiceo', 'Japan', 'Egypt'])
{"region_one": dfl, "region_two": df2, "region_three": df3}
pd.concat (pieces)

density median age population population change

France 119 42 65 0.22
Italy 2086 47 60 -0.15
Germany 240 46 83 0.32
Spain 94 45 46 0.04
Russia 9 40 145 0.04
Mexico 66 29 128 1.06
Japan 347 48 126 -0.30
Egypt 103 25 102 1.94
China 153 38 1439 0.39
India 464 28 1380 0.99
USA 36 38 331 0.59
Brazil 25 33 212 0.72

In using a dictionary we automatically create a DataFrame with a

multilevel index where the first level is the key of the dictionary and

the second level the index of the DataFrame. We next do exactly the

same but here pass in an optional keys list.



>>> dfl = pd.DataFrame({"density": [119, 206, 240, 94],
"median age": [42, 47, 46, 45],
"population": [65, 60, 83, 48],
"population_change": [0.22, -0.15, 0.32, 0.04]},

index=['France', 'Italy',6 'Germany', 'Spain'])
>>> df2 = pd.DataFrame({"density": [153, 464, 36, 25],
"median age": [38, 28, 38, 33],

"population": [1439, 1380, 331, 212],
"population change": [0.39, 0.99, 0.59, 0.?2]},
I index=['China', 'India', 'USA', 'Brazil'])
>>> df3 = pd.DataFrame({"density": [9, 66, 247, 103],
"median_age": [40, 29, 48, 25],
"population": [145, 128, 126, 102],
"population change": [0.04, 1.06, -0.30, 1.94]},

index=['Russia', 'Mexico', 'Japan', 'Egypt']l)
>>> pieces = {"region one": dfl, "region two": df2, "region three": df3}
»>> result = pd.concat(pieces, keys=["region two", "region_three"])

>>> result
density median_age population population_change

region two China 153 EY:] 1439 0.39
India 464 28 1380 0.99
Usa 36 38 331 0.59
Brazil 25 33 212 0.72
region_three Russia 9 40 145 0.04
Mexico 66 29 128 1.06
Japan 347 48 126 -0.30
Egypt 103 25 102 1.94

Having looked at the concat and append methods we now consider
how pandas deals with database styles merging this is all done via
the merge method. We will explain the specifics around each join
type by example, however it is worth explaining the basics of data-
base joins. So when we speak of database style joins we mean the
mechanism to join together tables via common values. The way in
which the tables will look will depend on the type of join with us show-

ing examples for inner, outer, right, and left joins.



We will develop the example of country data to combine DataFrames
that contain data relating to common countries and now add in the

data for the countries relating to the percentage world share.

==> left = pd.DataFrame{{“density”: [119, 206, 240, 94],
"median_age": [42, 47, 46, 45],
"population": [65, 60, 83, 46],

"population change": [0.22, -0.15, 0.32, 0.04],
- "country": ['France', 'Italy', 'Germany', 'Spain']}h
»=»> right = pd.DataFrame[{“world_share“: [0.84, 0.78, 1.07, 0.&0],

"country": ['France', 'Italy', 'Germany', 'Spain'l})

>»> result = pd.merge(left, right, on="country")
>>> result
density median_age population population_change country world share

0 119 42 65 0.22 France 0.84
1 206 47 60 -0.15 Italy 0.78
2 240 46 a3 0.32 Germany 1.07
3 94 45 46 0.04 Spain 0.80

In this example, we join two DataFrames on a common key which in
this case is the country name. The result is a DataFrame with only

one country column where both left and right are merged.

In the next example, we look at the merge method with a left and right
DataFrame but this time will have two keys to join on which will be
passed in as a list to the on argument. This allows us to join on multi-

ple values being the same.



>>> left = pd.DataFrame[{"density": [119, 206, 240, 94],
"median_age": [42, 47, 46, 45],
"population": [65, 60, 83, 46],
"population_change": [0.22, -0.15, 0.32, 0.04],

e "country": ['France', 'Italy', 'Germany', 'Spain']})
»»» right = pd.DataFramet{“world_share": [0D.84, 0.78, 1.07, 0.60],
"population": [65, 60, 85, 48],
"country": ['France',K 'Italy', 'Germany', 'Spain'l})

=»> result = pd.merge(left, right, on=["country", "pcpulation"])
>>»> result
density median_age population population_change country world share

0 119 42 65 0.22 France 0.84
208 47 &0 -0.15 Italy 0.78
94 45 46 0.04 Spain 0.60

Here, we have joined on country and population and the resulting
DataFrame is where both DataFrames share the same country and
population. So we lose one row of data from each DataFrame where

we do not share the population and country on both.

Next, we run the same code with an added argument which is how

equal to left.

>>> left = pd.DataFrame({"density": [119, 206, 240, 94],
"median age": [42, 47, 46, 45],
"population": [65, 60, B3, 46],
"population_change": [0.22, -0.15, 0.32, 0.04],
cen "country": ['France', 'Italy', 'Germany', 'Spain'l})
>>> right = pd.DataFrame({"world_share": [0.84, 0.78, 1.07, 0.60],
"population": [65, 60, B5, 46],
- "country": ['France', 'Italy',6 'Germany', 'Spain'l})
>>> result = pd.merge(left, right, how="left", on=["country", "population"])
»»> result
density median age population populaticon change country world share

0 118 42 65 0.22 France 0.84
1 206 47 60 -0.15 Italy 0.78
2 240 46 83 0.32 Germany NaN
3 94 45 46 0.04 Spain 0.60



The result of this is what is known as a left join. So we retain all the
information of the left DataFrame and only the elements from the
right DataFrame with the same keys as the left one. In this case we

retain all information from the left DataFrame.
Next we consider a right join using the same example as before.

>>> left = pd.DataFrame ({"density": [119, 206, 240, 94],
"median age": [42, 47, 46, 45],
"population": [65, 60, 83, 46],
"population change": [0.22, -0.15, 0.32, 0.04],

. "country": ['France', 'Italy', 'Germany', 'Spain']})

>»>» right = pd_DataFramet{“world_share“: [D.84, 0.78, 1.07, 0.60],
"population": [&5, 60, B85, 46],

e "country": ['PFrance', 'Italy', 'Germany', 'Spain']})

>>> result = pd.merge(left, right, how="right", on=["country", "population"])

>>> result
density median age population population change country world share

0 119.0 42.0 65 0.22 France 0.84
1 206.0 47.0 60 -0.15 Italy 0.78
2 94.0 45.0 46 0.04 Spain 0.60
3 NaN MNaN 85 NaN Germany 1.07

Essentially this does the same as the left join, however its now the left
DataFrame that is joined onto the right one which is the reverse of

what we saw with the left join.

The next join to consider is the outer join and again for completeness

we use the previous example to show how it works.



»=» left = pd.DataFrame({"density“: [119, 206, 240, 94],
"median_age": [42, 47, 46, 45],
"population": [&5, 60, 83, 48],
"population change": [0.22, -0.15, 0.32, 0.04],
ce "country": ['France', 'Italy', 'Germany’', 'Spainf]}}
»>»>> right = pd.DataFrame[{"world_share": [0.84, 0.78, 1.07, 0.60],
"populatien": [65, 60, 85, 46],
- "country": ['France', 'Italy', 'Germany', 'Spain']})
>>» result = pd.merge(left, right, how="outer", on=["country", "population"])
»»» result
density median _age populaticn population_change country world share

0 119.0 42.0 65 0.22 France 0.84
1 206.0 47.0 60 -0.15 Italy 0.78
2 240.0 46.0 83 0.32 Germany NaN
3 94.0 45.0 46 0.04 Spain 0.60
4 NaN NaN 85 NaN Germany 1.07

With the outer join its a combination of both the left and right joins so
we have more rows than are in each DataFrame as the join of left and
right give different results so we need all of these in the outer join

result.
The last how option we consider is the inner join.

==> left = pd.DataFrame{{"density": [119, 206, 240, 94],
"median_age": [42, 47, 46, 45],
"population®: [65, 60, 83, 48&],
"population change": [0.22, -0.15, 0.32, 0.04],
s "country": ['France', 'Italy', 'Germany', 'Spain'l})
»>>> right = pd.DataFramet{"world_share": [D.84, 0.78, 1.07, 0.60],
"population": [65, 60, B5, 48],
. "country": ['France', 'Italy', 'Germany', 'Spain'l})
>»> result = pd.merge(left, right, how="inner", on=["country", "population"])
»»> result
density median age population population change country world share
0 119 42 65 0.22 France 0.84
1 206 47 60 -0.15 Italy 0.78
94 45 46 0.04 Spain 0.60



This join gives only the result where we have commonality on both
the left and right DataFrame. This is also the default when we pass

no how argument:

>>> result = pd.merge(left, right, on=["country", "population"])
=»> result
density median_age population population change country world share

0 119 42 65 0.22 France 0.84
1 206 47 60 -0.15 Italy 0.78
2 94 45 46 0.04 Spain 0.60

Next, we join two DataFrames with columns population and country

but we join only on country using an outer join.

>>> left = pd.DataFrame ({"population": [65, 60, 83, 46],

"country": ['France', 'Italy', 'Germany', 'Spain']}]
»»>> right = pd.DataFrame({"population": [65, 60, 8BS, 4&],

"country": ['France', 'Italy', 'Germany', 'Spain']})

»>»> result = pd.merge(left, right, on="country", how="outer")
>»> result
population x country population vy

0 65 France 65
1 60 Italy &0
2 83 Germany 85
3 46 Spain 46

What we see here is that if the columns are the same and not used in
the join the names get changed. Here, we now have population_x
and population_y which could be problematic if you are assuming to
operate on the column population. This makes sense as we need a

way to distinguish the two and pandas takes care of it for us.



Next, we do a merge using the indicator option set to True. Here, we
have two DataFrames with only a single column to merge on which is

country and we want to do an outer join:

>=»> left = pd_DataFrame{["population”: [65, 60, 83, 48],

"country": ['France', 'Italy', 'Germany', 'Spain']}]
>>> right = pd.DataFrame({"population": [65, &0, B85, 48],

"country": ['France', 'Italy', 'Germany', 'Spain']})
»»> result = pd.merge(left, right, on="country", how="outer", indicator=True)

==»> result
populaticn_x country population y merge

0 65 France 65 both
1 60 Italy 60 both
2 83 Germany 85 both
3 46 Spain 46 both

What the result shows is how the join is done index by index position
so this could be left, right, or both. Here, we see that the join from one

to the other is done on both.

The merge method is a pandas method to take account of two Data-
Frames, however we can use a DataFrames join method to join one

onto another.



=>»>> left = pd.DataFrame({"density”: [119, 208, 240,

"median_age": [42, 47,
"population": [65, &0,
"population_change": [0.22,
index= ['France', 'Italy',

941,

45],

48],
-0.15,

0.32, 0.041},

'Germany', 'Spain'])

>>> right = pd.DataFrame ({"world share": [0.84, 0.78, 1.07, 0.60]},

index = ['France', 'Italy',

'United Kingdom'])
=>> result = left.join(right)
>»>> result

density median_age population population_change

France 119 42 65
Italy 206 47 60
Germany 240 46 83
Spain 94 45 46

0.22
-0.15
0.32
0.04

'Germany’',

world_share
0.84

0.78

1.07

NaN

What we see is that the left DataFrame is retained and we join the

right one where the keys in right match the keys in left. Like with the

merge we have the option how to join the DataFrames so we can

specify that like we have seen earlier. Using the same example previ-

ously we can show this.

=»> left = pd.DataFrame{{"density“: [119, 206, 240,
"median_age": [42, 47, 46,
"population": [65, 60, &3,

"population change": [0.22, -0.15, 0.32, 0.04]},

index= ['France',k6 'Italy’',

'Germany',

'Spain'])

»>>> right = pd.DataFrame({"world share": ([0.84, 0.78, 1.07, 0.60]},

index = ['France', 'Italy’',

'United Kingdom'])
>>> result = left.join(right, how="outer")
»>>> result

'Germany’,

density median age population population change world share

France 115.0 42.0 65.0
Germany 240.0 46.0 83.0
Italy 206.0 47.0 60.0
Spain 94 .0 45.0 46.0

United Kingdom NalN NaN NalN

0.22 0.84
0.32 1.07
-0.15 0.78
0.04 NalN

NaN 0.60



In using the outer join we retain all the information from both Data-

Frames as we have seen when using a merge and where there are

not values in one of the DataFrames they are filled in using NaN. Us-

ing the same example with an inner join show the following results:

==

>

=23

left = pd.DataFrame({"density”: [119, 206, 240, 94],
"median age": [42, 47, 46, 45],
"population": [65, 60, 83, 46],
"population_change": [0.22, -0.15, 0.32, 0.04]},
index= ['France',kK 'Italy',K 'Germany', 'Spain'l])
right = pd.DataFrame ({"world_share": [0.84, 0.78, 1.07, 0.60]},
index = ['France', 'Italy',6 'Germany',

'United Kingdom'])
result = left.join(right, how="inner")

>>> result

density median_age population population change world share
France 119 42 65 0.22 0.84
Italy 206 47 &0 -0.15 0.78
Germany 240 46 83 0.32 1.07

As expected the inner join just retains where the DataFrames have

common data which here is for index France, ltaly, and Germany.

We can achieve the same result without using a how if we pass in

some different arguments to the merge method. These arguments

are left_index and right_index here in setting them to True. We are

getting the same behaviour as for the join method with how set to

inner.



=»> left = pd.DataFrame({"density": [118, 208, 240, 94],

"median age": [42, 47, 46, 45],

"population": [&5, 60, 83, 48],

"population_change": [0.22, -0.15, 0.32, 0.041},
ce index= ['France', 'Italy', 'Germany', 'Spain'])
>>> right = pd.DataFrame ({"world share": [0.84, 0.78, 1.07, 0.60]},

index = ['France', 'Italy', 'Germany',

'United Kingdom'])
>>> result = pd.merge (left, right, left index=True, right index=True,)
>>> result
density median_age population population_change world_share

France 119 42 65 0.22 0.84
Italy 206 47 60 -0.15 0.78
Germany 240 46 a3 0.32 1.07

Next, we use the argument ‘on’ with the join method when applied to

the left DataFrame.



s»> left = pd.DataFrame({"density": [119, 206, 240, 94],
"median_age": [42, 47, 46, 45],
"population": [&5, 60, 83, 48],
"population_change": [0.22, -0.15, 0.32, 0.04],

s "country": ['France', 'Italy', 'Germany', 'Spain'l})
»>»>> right = pd.DataFrame({"world share": [0.84, 0.78, 1.07, 0.601},
index = ['France', 'Italy', 'Germany',

'"United Kingdom'])

==> left
density median age population population change country
0 119 42 65 0.22 France
1 206 47 60 -0.15 Italy
2 240 46 83 0.32 Germany
3 94 45 46 0.04 Spain
==> right
world_share
France 0.84
Italy 0.78
Germany 1.07
United Kingdom 0.60

=>» result = left.join(right, on="country")
>»> result
density median _age population population change country world share

0 119 42 65 0.22 France 0.84
1 206 47 60 -0.15 Italy 0.78
2 240 46 83 0.32 Germany 1.07
3 94 45 46 0.04 Spain NaN

In specifying the on column which is country we join the index of right
on this column and we see that we now have a DataFrame indexed
by the first DataFrame. This type of approach is what you may see
when using databases and you want to join on the id of the column on
the respective value in another table. This example can be extended
to multiple values in the on argument however to do this you would
require multilevel indexes which will be covered later in the book. We
can remove any NaN values by adding the how argument and setting

it to inner doing an inner join as shown below.



>»» left = pd.DataFrame ({"density": [119, 206, 240, 94],
"median_age": [42, 47, 46, 45],
"population": [65, 60, 83, 48],
"population change": [0.22, -0.15, 0.32, 0.04],

- "country": ['France', 'Italy', 'Germany', 'Spain']})
»>>> right = pd.DataFrame({"world share": [0.84, 0.78, 1.07, 0.60]},
index = ['France', 'Italy', 'Germany’',

'"United Kingdom'])
»>>»>>» result = left.join(right, on="country", how="inner")
»>>»> result
density median _age populaticon populaticon_change country world share

0 119 42 &5 0.22 France 0.84
1 206 47 60 -0.15 Italy 0.78
2 240 46 g3 0.32 Germany 1.07

The next thing we will consider is the important concept of missing
data. We all hope to work with perfect datasets but the reality is we
generally won't and having the ability to work with missing or bad
data is an important one. Luckily pandas offers some great tools for
dealing with this and we begin by showing how to identify where we

have NaN in our dataset.



»»>» left = pd.DataFrame({"density": [119, 206, 240, 94],
"median_age": [42, 47, 46, 45],
"population": [65, 60, B3, 48],
"population change": [0.22, -0.15, 0.32, 0.04],

"country": ['France', 'Italy', 'Germany', 'Spain']})
>>> right = pd.DataFrame ({"world_share": [0.84, 0.78, 1.07, 0.60],

"population": [&5, 60, 85, 48],

"country": ['France', 'Italy', 'Germany', 'Spain']})
>>> result = pd.merge(left, right, how="outer", on=["country", "populaticn"])

»>> result
density median age population population change country world share

0 115.0 42.0 65 0.22 France 0.84
1 206.0 47.0 60 -0.15 Italy 0.78
2 240.0 46.0 83 0.32 Germany NaN
3 94.0 45.0 46 0.04 Spain 0.60
4 NaN NaN 85 NaN Germany 1.07
»»>» pd.isna(result|['density'])

0 False

1 False

2 False

3 False

4 True

Name: density, dtype: bool
»>>> result ['median_age'] .notna()

0 True
1 True
2 True
3 True
4 False

Name: median_age, dtype: bool
>=> result.isnal)
density median_age population population_change country world share

0 False False False False False False
1 False False False False False False
2 False False False False False True
3 False False False False False False
4 True True False True False False

Here, we have taken the DataFrames we have seen before and cre-
ated a result DataFrame using the merge method with how set to out-
er. What this has done is given us a DataFrame with NaN values and

we can now demonstrate how you can find where these values are



within your DataFrame. We first consider the pandas isna method on
a column of the DataFrame which tests each element to see what is
and what isn't NaN. To achieve the same thing we can use the
notna() method on a column or all of our DataFrame, or we could use
isna() method which does the opposite of notna(). This makes it very

easy to determine what is and what isn't NaN in our DataFrame.

==> left = deDataFrame{{"density”: [119, 206, 240, 94],

"median_age": [42, 47, 46, 45],

"population": [65, 60, 83, 46],

"population_change": [0.22, -0.15, 0.32, 0.04],

"country": ['France', 'Italy', 'Germany', 'Spain']})
»>»> right = pd.DataFrame[{"world_share“: [0.84, 0.78, 1.07, 0.60],

"population": [65, 60, B5, 46],

"country": ['France', 'Italy', 'Germany', 'Spain'l})
>>> result = pd.merge(left, right, how="outer", on=["country", "population"])
»>»> result

density median age population population change country world share

0 119.0 42.0 65 0.22 France 0.84
1 206.0 47.0 60 -0.15 Italy 0.78
2 240.0 46.0 83 0.32 Germany NaN
3 94.0 45.0 46 0.04 Spain 0.60
4 NaN NaN 85 NaN Germany 1.07
»»>» result['density'] .dropna()

0 119.0

1 206.0

2 240.0

3 94 .0

Name: density, dtype: floated
>>> result.dropnal)

density median_age population population_change country world_share

0 119.0 42.0 65 0.22 France 0.84
1 206.0 47.0 60 -0.15 Italy 0.78
3 94.0 45.0 46 0.04 Spain 0.60

>>> result [result['density'] .notnal)]

density median _age population population_change country world share

0 119.0 42.0 65 0.22 France 0.84
1 206.0 47.0 60 -0.15 Italy 0.78
2 240.0 46.0 83 0.32 Germany NalN
3 94.0 45.0 46 0D.04 Spain 0.60



Taking the example one step further we can drop values from a col-
umn of the whole DataFrame by using the dropna method. For the
column we only drop the one value that is NaN, however across the
whole DataFrame we remove any row that has NaN in it. This may
not be ideal and instead we may want to remove the row where one
column has NaN and we can do that by passing and columns notna

to the whole DataFrame.

16.5 DataFrame Methods

Now in the next example we will show some of the methods we can
apply to a DataFrame. Earlier we demonstrated the sum method,
however pandas has lots more to offer and we will look at some of the
more common mathematical ones. Here, we import the package
seaborn and load the iris dataset that comes with it giving us the data

in a DataFrame.



»>>> import seaborn as sns

>>> iris = sns.load_dataset('iris')

=== iris.head()
sepal length

0 5.1
1 4.9
2 4.7
3 4.6
4 5.0
»>>> iris.tail ()
sepal_ lengt
145 6.
146 6.
147 6.
148 6.
149 5.

>>> iris.head (10
sepal_ length
5.1
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Following importing the package and the iris data we can access the

top of the DataFrame by using head which by default gives us the top

five rows, we can use the tail method to get the bottom five rows. We

can get a defined number of rows by just passing the number into the



head or tail method and if we want just the columns back we can use

the columns method.

Having imported and accessed the data we now demonstrate some

methods which we can apply.

>»> iris.count ()

sepal length 150

sepal width 150

petal length 150

petal width 150

species 150

dtype: 1nté4

>>> 1ris.count () .sepal_ length
150

>>> iris['sepal length'].count ()
150

>>> len(iris)

150

We can apply count to both the DataFrame and the column. When
applied to the DataFrame we return the length of each column. We
can also get the specific column length by either using the column
name on the end of the count method or by accessing the column
and then applying the count method. If you want the number of rows
in the DataFrame as a whole you can use the len method on

DataFrame.



>>> iris.corr()

sepal length sepal width

sepal length 1.000000
sepal_width -0.117570
petal_ length 0.871754
petal_width 0.817%941

>>> iris.corr() ['petal length'
sepal length 0.871754

sepal width -0.428440
petal_length 1.000000
petal width 0.962865

-0.117570

1.000000
-0.428440
-0.366126
]

Name: petal length, dtype: floaté4
>>> iris.corr() ['petal_length'] ['sepal_ length']

0.8B71753775B8685828
=>> iris.cov()

sepal length sepal width

sepal length 0.685694
sepal width -0.042434
petal length 1.274315
petal_width 0.516271

>>> iris.cov() ['sepal length']
sepal_length 0.6B85694

sepal width -0.042434
petal length 1.274315
petal width 0.516271

-0.042434

0.18997%
-0.329656
-0.121639

Name: sepal_length, dtype: floaté4
>>> iris.cov() ['sepal_length'] ['sepal_ width']

-0.04243400447427296

petal length
0.871754
-0.428440
1.000000
0.962865

petal length
1.274315
-0.329656
3.116278
1.295609

petal width
0.817941
-0.366126
0.962865
1.000000

petal width
0.516271
-0.121639
1.295609
0.58100e6

The corr method applied to the DataFrame gives us the correlation

between each variable and we can limit that to one columns correla-

tion with all others by passing the column name or get the correlation

between two columns by passing both column names. You can also

see the same applies with the cov method which calculates the co-

variance between variables.



=== iris.cumsum() .head()

sepal_length sepal width

0
1
2
3
4

5.1
10
14.7
19.3
24.3

>>> iris.columns

Index(['sepal_length',

3.5
6.
9.
1z2.
16.

d= @ =] N

'sepal_width',

0

0
0
0

dtype='object')

543
548
553.2
558.6

'species'],
>»> iris.cumsum() [['sepal length',
'petal width']].tailf()
145 851.6 446.7
146 857.9 449 .2
147 864 .4 452 .2
148 870.6 455.6
149 876.5 458.6

563.7

.4
.6
8
1

. petal_width
.2

'sepal width',

setosa

species

setosa

setosasetosa
setosasetosasetosa
setosasetosasetosasetosa

setosasetosasetosasetosa

'petal_length', 'petal_width',
'petal length',

sepal length sepal width petal length petal width
171.
173.
175.
178.
179.

9

8
8
1
9

Next, we consider the cumsum method. This provides the cumulative

sum as the columns ascend. Now for those columns of numeric type

the value ascends as expected with the current value added to the

previous value and so on to create an increasing value. The differ-

ence comes when we consider a character-based column. The cu-

mulative value here is just the concatenation of the values together

with the results looking very strange. To make things easier to read

we can restrict what we show for the return of the method by specify-

ing a list of the columns to show and as you can see we can even

chain the tail command on the end.



>>> iris.describe ()
sepal length sepal width petal length petal width

count 150.000000 150.000000 150.000000 150.000000

mean 5.843333 3.057333 3.758000 1.199333

std 0.828066 0.435866 1.765298 0.762238

min 4.300000 2.000000 1.000000 0.100000

25\% 5.100000 2.800000 1.600000 0.300000
50\% 5.800000 3.000000 4.350000 1.300000
75\ % 6.400000 3.300000 5.100000 1.800000
max 7.900000 4.400000 6.500000 2.500000

>>> lris.sepal_ length.describe ()

count 150.000000

mean 5.843333

std 0.828066

min 4.300000

25\% 5.100000

50\% 5.800000

75\ % 6.400000

max 7.900000

Name: sepal length, dtype: floaté4

Above we use the describe method which gives us a number of val-
ues namely the count, mean, standard deviation, minimum, maximum
and the 25, 50, and 75 percentiles. This method only works on col-
umns with the type to calculate the values so we not the column
species is not included. We can also use this on individual columns,
the manner in which we have done this in the example is not to use
the square bracket method to accessing a column but instead the dot
approach where we can use dot and the column name to access the

value and then chain the describe method on the end.



>>> iris.max()

sepal length 7.9
sepal width 4.4
petal length 6.9
petal width 2.5
species virginica

dtype: object
>>> iris.sepal length.max()
7.9

Next, we consider the max value. Here, when applied to the entire
DataFrame we get the max of every column where a maximum value
can be obtained. We also show that we can apply the method on a

column in the same manner as we showed in the previous example.



>>> iris.sepal width.mean/()
3.057333333333334
>>> 1lris.mean (0)

sepal length 5.843333
sepal width 3.057333
petal length 3.758000
petal width 1.199333

dtype: floate4

>>> iris.mean(1l) .head()
2.550

.375

.350

.350

.550

dtype: float64

>>> iris.mean(1l) .tail ()

= W oo
[ T o T % I

145 4.300
146 3.925
147 4.175
148 4,325
149 3.950
dtype: floaté64

The next method we look at is the mean which is a common calcula-
tion that you may want to make and as before we can apply it on an
individual column and we have done so here using the dot syntax.
We then apply the mean method but now pass in a 0 or 1 referring to
whether we want to apply across columns or rows. There are a num-
ber of different methods that you can apply to a DataFrame and a list

of some of the more useful ones is given below.



« median: returns the arithmetic median

« min: returns the minimum value

« max: returns the maximum value

« mode: returns the most frequent number
« std: returns the standard deviation

« sum: returns the arithmetic sum

« var: returns the variance
These are demonstrated as follows:

>>> import seaborn as sns

>>> iris = sns.load_dataset('iris')
>>> iris.sepal length.median()
5.8

>>> liris.sepal length.min()
4.3

>>> iris.sepal length.mode ()

0 5.0

dtype: floaté64

>>> iris.sepal length.max()
7.9

>>> iris.sepal length.std()
0.8280661279778629

>>> iris.sepal length.sum/()
876.5

>>> iris.sepal length.var()
0.6856935123042505

16.6 Missing Data



We next consider methods we can apply across the DataFrame and
how missing data is dealt with. Here, we set the DataFrame up in the
way we have done so far in the section and introduce some NaN en-

tries into the DataFrame.



>>> data = pd.DataFrame({"A": [1, 2.1, np.nan, 4.7, 5.6, 6.8]
.. "B": [.25, np.nan, np.nan, 4, 12.2, 14.4]})
>>> data

A B
0 1.0 0.25
1 2.1 NaN
2 NaN NaN
3 4.7 4.00
4 5.6 12.20
5 6.8 14.40

>>> data.dropna (axis=0

>>> data.dropna (axis=1

>>> data.where (pd.notna(data), data.mean(), axis="columns")

>»>> data.fillna(data.mean() ["B":"C"])

>>> data.fillna(data.mean())

>»>> data 2.fillna(method="pad")

>>> data_2.fillna(method="bfill")

>>> data.interpolate ()
B B

.25

.50

.75

.00

12.20

.8 14.40

>>> data.interpolate (method="barycentric")

A B

.00 0.250

.10 -7.660

.53 -4.515

.70 4.000

.60 12.200

.80 14.400

>>> data.interpolate (method="pchip")
A B

.00000 .250000

.10000 .672808

.43454 .928950

.70000 .000000

.60000 12.200000

.80000 14.400000

>>> data.interpolate (method="akima")
A B

.000000 0.250000

.100000 -0.873316

.406667 0.320034

.700000 4.000000

.600000 12.200000

.800000 14.400000

>>> data.interpolate (method="spline", order=2)
A B

.000000 0.250000

.100000 -0.428598

.404545 1.206900

.700000 4.000000

.600000 12.200000

.800000 14.400000

>>> data.interpolate (method="polynomial", order=2)
A B

.000000 0.250000

.100000 -2.703846

.451351 -1.453846

.700000 4.000000

.600000 12.200000

.800000 14.400000
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So interpolate has a number of methods that you can use to interpo-
late between the NaN's. The default, which is executed with no argu-
ment is linear and what it does is ignore the index and treats the val-
ues as equally spaced and looks to linearly fill between the values.
The remaining methods are all taken from scipy interpolate with a

brief description given below.

« barycentric: Constructs a polynomial that passes through a given
set of points.

« pchip: PCHIP one-dimensional monotonic cubic interpolation

« akima: Fit piecewise cubic polynomials, given vectors x and y

. spline: Spline data interpolator where we can pass the order of the
spline

« polynomial: Polynomial data interpolator where we can pass the

order of the polynomial

For more information please refer to the scipy documentation.

Next, we will consider interpolate on a series and show some of the

optional arguments that we can pass.



>>> ser = pd.Series([np.nan, np.nan, 5, np.nan, np.nan, np.nan,
13, np.nan])

13.0
NaN
dtype: floaté4
>>> ger.interpolate ()

NV e wNE o
=z
v
=z

N e WP o

dtype: floaté4
>>> ser.interpolate (limit=1)

13.0
13.0
dtype: floaté4
>»>> sger.interpolate(limit=1, limit_direction="backward")

N e wNE o
2z
o
=z

11.0
13.0
NaN
dtype: floaté4
>>> ser.interpolate(limit=1, limit_direction="both")

N W RO
=
o
=z

11.0
13.0
13.0
dtype: floaté4
>>> ser.interpolate(limit_direction="both")

S w e wN R o
z
D
=z
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dtype: floaté4
>>> ser.interpolate(limit_direction="both", limit_area:
limit=1)

11.0
13.0
NaN
dtype: floaté4
>>> ser.interpolate(limit_direction="backward",
limit_area="outside")

N AU e wN o

13.0
NaN
dtype: floaté4
>>> ser.interpolate(limit_direction="both",
limit_area="outside")
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13.0
13.0
dtype: floaté4
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Initially we interpolate using the default method which is linear, and
for the rest of the example we use the default method and vary the
optional arguments. Next, we pass the limit option and set itto 1
which says we can only interpolate one past any value so we still
have NaN data in the Series. We next keep limit set to 1 and add an-
other argument limit direction and set it to backward. What this does
is only interpolate one value next to an existing value but unlike be-
fore does it going backwards. We extend this in the next example by
setting the limit direction to be both which interpolates both forwards
and backwards for one value. We next remove the limit one and keep
limit direction to be both and see that all values are interpolated. We
next introduce the limit area option which has two options (aside from
the default None) these are inside and outside. When set to inside
NaN's are only filled when they are surrounded by valid values and
when set to outside it only fills outside valid values. Here, we show

examples using each of these alongside limit direction and limit.

Next, we introduce the replace method.



>>> import seaborn as sns
= sns.load_dataset('iris"')

=>> iris

(4}
(]

setosa
setosa
setosa
setosa
setosa

»>> iris.sepal_ length.unique()

array([5.1, 4.9, 4.7, 4.6, 5. , 5.4, 4.4, 4.8, 4.3, 5.8,
4.5, 5.3, 7. , 6.4, 6.9, 6.5, 6.3, 6.6, 5.9, 6. ,
6.2, 6.8, 7.1, 7.6, 7.3, 7.2, 7.7, 7.4, 7.9])

>>> iris.sepal width.unique/()

array([3.5, 3. , 3.2, 3.1, 3.6, 3.9, 3.4, 2.9, 3.7, S
4.1, 4.2, 2.3, 2.8, 2.4, 2.7, 2. , 2.2, 2.5, 2.86])

>>> iris.petal length.unique/()

array([1.4, 1.3, 1.5, 1.7, 1.6, 1.1, 1.2, . , 1.8, 4.7,
4.6, 3.3, 3.9, 3.5, 4.2, 3.6, 4.4, 4.1, 4.8, .3,
5.1, 3. , 6. , 5.9, 5.6, 5.8, 6.6, 3, 6.1, 5.3,
5.7, 6.4, 5.4, 5.2])

>>> iris.petal width.unique ()

array([0.2, 0.4, 0.3, 0.1, 0.5, 0.6, 1.4, 1.5, 1.3, 1.6,
1.2, 1.7, 2.5, 1.9, 2.1, 2.2, 2. , 2.4, 2.3])

>>> iris.replace(2.3, 2).headl()

sepal_length sepal_width petal_length petal_width species

0 5.1 3.5 1.4 0.2

1 4.9 3.0 1.4 0.2

2 4.7 3.2 1.3 0.2

3 4.6 3.1 1.5 0.2

4 5.0 3.6 1.4 0.2

>»> iris.species.unique ()

array(['setosa', 'versicolor', 'virginica'l, dtype=object)

>>> iris.replace(['setosa', 'versicolor', 'wirginica'l,

['set', '"wer', 'wir']) .head()

sepal_length

Vol W N R o

5.
4.
4,
4.,
.0
>> iris.replace(['setosa
['set!',

5

1
9
7
6

sepal width

3.

= W W

petal length petal width species

5 1.4
0 1.4
2 1.3
1 1.5
.6 1.4
, 'versicolor',
'wver', 'wir'])

["species'] .unique ()

array(['set’',

'ver',

16.7 Grouping
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dtype=object)
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Next, we introduce the concept of grouping the data via the groupby

method. Grouping data is a very powerful tool as we are able to cre-

ate and operate on groups of data all at once.

>>> import seaborn as sns
sns.load dataset('iris')
iris.groupby('species')

>>> iris =
>>> groupby =
>>> groupby.sum/()

sepal length

species

setosa 250.3
versicolor 296.8
virginica 329.4

>>> groupby.mean()
sepal length

species

setosa 5.006
versicolor 5.936
virginica 6.588

sepal_width

171 .4
138.5
148.7

sepal width
3.428

2.770
2.974

petal length

petal width

73.1 12.3
213.0 66.3
277.6 101.3

petal length petal width

1.462 0.246
4.260 1.326
5.552 2.026

Above we see the groupby applied to the iris dataset where we look

to group the data based on the column species. This then allows us

to apply methods to the groupby object and we show the results of

the sum and mean method applied to this. What this is doing is apply-

ing this method to all the distinct types in species by all the columns

in the dataset.

We next demonstrate how to loop over a group. Here, we set the

DataFrame up as seen previously but now we loop over the group

and in looping over it print the name of the group and what is in that



group. This gives us a good visualisation of what a groupby does to

the data.

=>> groupby

>>> for name,

iris.groupby('species')

print (name)
print (group.head())

setosa

sepal length
5.
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Next, we introduce the aggregate method applied to a groupby. We

set the data up in the same way as seen earlier and then apply the

aggregate method of the groupby object and inside it pass what we

want to use for this aggregation. In the example we show we have

used the np.sum method which will be applied to the group.



>>> grouped = iris.groupby('species')
>>> grouped.aggregate (np.sum)

B
A
1 6
2
3 13

We can extend the previous example by introducing the as_index ar-
gument. Here, we use the same DataFrame from the previous exam-
ples and groupby species with as_index set to False. What this does
iS create a group on species but retain species in the output as its col-
umn with the value we want to group by. In this case, we apply the

sum to the group and so all other columns are summed within the

group.

>>> iris.groupby('species', as index=False) .sum()
species sepal length sepal width petal length petal width

0 setosa 250.3 171.4 73.1 12.3
1 versicolor 296.8 138.5 213.0 66.3
2 virginica 329.4 148.7 277.6 101.3

There are also methods that we can apply to a groupby object which

can be useful.



>>> grouped = iris.groupby('species')
>>> grouped.size()

species

setosa 50
versicolor 50
virginica 50

dtype: inté4
>>> grouped['sepal length'] .describe ()

count mean std min 25% 50% 75% max
species
setosa 50.0 5.006 0.352490 4.3 4.800 5.0 5.2 5.8
versicolor 50.0 5.936 0.516171 4.9 5.600 5.9 6.3 7.0
virginica 50.0 6.58B8 0.635880 4.9 6.225 6.5 6.9 7.9

We can also apply different methods to the group and in this example
we show multiple ways to apply the numpy methods sum, mean, and
std to our grouped data. So we create the same DataFrame and
group as in the last examples. What we can then do is use the agg
method with the arguments being a list of methods to be applied and
what we see is that each method is applied on the group of data.

Lastly, here we can even apply a lambda function to the groupby.



>>> grouped = iris.groupby('species’')
>>> grouped|['sepal length'] .agg([np.sum, np.mean, np.std])
sum mean std
speciles
setosa 250.3 5.006 0.352490
versicolor 296.8 5.936 0.516171
virginica 329.4 6.588 0.635880
>>> grouped.agg ({lambda x: np.std(x, ddof=1)})
sepal length sepal width petal length petal width

<lambda-> <lambda> <lambda- <lambda>
species
setosa 0.352490 0.379064 0.173664 0.105386
versicolor 0.516171 0.313798 0.469911 0.197753
virginica 0.635880 0.322497 0.551895 0.274650

What we next show is that you can get the largest and smallest val-
ues with a group by using the nlargest and nsmallest methods. Here,
the integer value you pass in gives you the number of values re-

turned. What you see is that we get the largest and smallest per

group.



>>> grouped = iris.groupby('species')

>>> grouped|['sepal length'] .nlargest (3)

species

setosa 14
15
18

versicolor 50
52
76

virginica 131
117
118
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Name: sepal length, dtype:

floate4d

>>> grouped['petal length'] .nsmallest (4)

species

setosa 22
13
14
35

versicolor 98
57
93
60

virginica 106
126
138
121

Name: petal length, dtype:

S - N TS Y T Y e i

o o W Wm W wo N O

S

floate4

Our next example introduces the apply method which can be very

useful. Here, we set the data up in the manner seen before and

groupby column species. We can then use the apply method on the



group to apply whatever we pass through it to the groupby. It should
be noted we can also use the apply method on DataFrames and Se-

ries. Here we see we have applied a custom function to the groupby.

>>> grouped = iris.groupby('species')
>>> def f (group):
return pd.DataFrame ({"original" : group,
"demeaned" : group - group.mean() })
>>> grouped ['petal length'] .apply(f) .head()
original demeaned

0 1.4 -0.062
1 1.4 -0.062
2 1.3 -0.162
3 1.5 0.038
4 1.4 -0.062

In the next example, we introduce a nice pandas method called qcut.
This cuts the data into equal sized buckets based on the arguments
passed in. Here, we apply the gcut on the data which is the column
sepal length of the iris dataset by the list of values 0, 0.25, 0.5, 0.75,
and 1. We assign the cut to the variable factor and when passed into
the groupby the mean method gives the average on each bucket

showing what the min and max values in the buckets are.



>>»> factor = pd.gcut(iris(['sepal length'], [0, 0.25, 0.5, 0.75, 1.0])
>»> factor.head()

0 (4.298999559595998595, 5.1]
1 (4.2989999999999995, 5.1]
2 (4.2989999999999995, 5.1]
3 (4.2989999999999995, 5.1]
4 (4.2989999999999995, 5.1]

Name: sepal length, dtype: category
Categories (4, interval[floate4]): [(4.295899599999999995, 5.1]
< (5.1, 5.8] < (5.8, 6.4] < (6.4, 7.9]]
>>> iris.groupby (factor) .mean (
sepal length sepal width petal length petal width
sepal length

(4.2989999999959995, 5.1]) 4.856098 3.175610 1.707317 0.353659
(5.1, 5.8] 5.558974 3.089744 3.256410 0.9859744
(5.8, 6.4] 6.188571 2.868571 4.908571 1.682857
(6.4, 7.9] 6.971429 3.071429 5.568571 1.940000

So far we have considered grouping on single columns, however we
could also group on multiple columns. However, the iris dataset isn't
best setup to allow us to do this so we instead load the tips dataset.

The tips dataset contains the following columns:

total_bill
o tip
« Sex

smoker

« day

time

size

Given some of the columns only have limited responses it makes it

ideal to do a group by multiple columns so next we group by sex and



smoker.

tip
.01
.66
.50
.31

L) W e

>>> tips =

>>> tips.head()
total bill

0 16.99

1 10.34

2 21.01

3 23.68

4 24 .59

>>> grouped =

3.61

sex smoker

Female
Male
Male
Male

Female

No
No
No
No
No

tips.groupby(['sex"',

>>> grouped.sum()

sex smoker
Male Yes

No
Female Yes

No

>>> grouped =

sex
Male

Female

No

Yes

No

total _

1337.
1919.
593.
977.

bill

07
75
27
68

ti

183.0
302.0

96.7
149.7

P

7
0
4
7

tips.groupby(['sex',
>>> grouped.mean()

smoker time
Yes

Lunch
Dinner
Lunch
Dinner
Lunch
Dinner
Lunch
Dinner

total bill

17
23
18
20
17

20

.374615
.642553
.486500
.130130
.431000
18.
15.
.004138

215652
902400

sns.load dataset ('tips')

W b W W R

Here, we see that when we group by two or three variables we in-

e

e B oW W

day time siz
Sun Dinner

Sun Dinner

Sun Dinner

Sun Dinner

Sun Dinner
'smoker'])
size

150

263

74

140
'smoker', 'time'])

tip size

.790769 2.153846
.123191 2.5585745
.941500 2.500000
.158052 2.,766234
.891000 2.300000
.949130 2.217391
.459600 2.520000
.044138 2.655172

crease the number of values that are returned by creating more com-



binations within the groups.

A similar approach to groupby is pivot table which is a common
amongst spreadsheet users. The concept is to take a combination of
variables and group the data by it, which can seem similar to group-
by. The difference is you can extend upon this to create some more
complicated groupings of your dataset, we will demonstrate these by

example.



>>> tips = sns.load dataset('tips')
>>> tips.head()

total_bill tip sex smoker day time size
0 16.99 1.01 Female No Sun Dinner 2
1 10.34 1.66 Male No Sun Dinner 3
2 21.01 3.50 Male No Sun Dinner 3
3 23.68 3.31 Male No Sun Dinner 2
4 24.59 3.61 Female No Sun Dinner 4
>>> pd.pivot_table (tips, index=["sex"])
size tip total_bill
sex
Male 2.630573 3.089618 20.744076

Female 2.459770 2.833448 18.056897
>>> pd.pivot_table (tips, index=["sex", "smoker", "day"])
size tip total bill

sex smoker day
Male Yes Thur .300000 3.058000 19.171000
.125000 2.741250 20.452500
.629630 2.879259 21.837778
.600000 3.521333 26.141333
.500000 2.941500 18.486500
Fri .000000 2.500000 17.475000
Sat .656250 3.256563 19.929063

2
Fri 2
2
2
2
2
2
Sun 2.883721 3.1153459 20.403256
2
2
2
2
2
2
2

Sat
Sun
No Thur

.428571 2.990000 19.218571
.000000 2.682857 12.654286
.200000 2.868B667 20.266667
.500000 3.500000 16.540000
.480000 2.459600 16.014400
Fri .500000 3.125000 19.365000
Sat .307692 2.724615 19.003846
Sun 3.071429 3.329286 20.824286
>>> pd.pivot_table(tips, index=["sex", "smoker", "day"],

Female Yes Thur
Fri

Sat

Sun
No Thur

values=['tip'])

tip
sex smoker day
Male Yes Thur 3.058000
Fri 2.741250
Sat 2.879259
Sun 3.521333
No Thur 2.941500
Fri 2.500000
Sat 3.256563
Sun 3.115349
Female Yes Thur 2.990000
Fri 2.682857
Sat 2.868667
Sun 3.500000
No Thur 2.459600
Fri 3.125000
Sat 2.724615
Sun 3.329286



In the above code we use the tips as the dataset in each example
and set a variety of index values starting at just sex and extending to
sex and smoker and then with the combination of sex, smoker and
day. In each example when we pivot the data by default we end up
with the average of the index across all of the variables where we can
take an average, so only numerical variables. We don't necessarily
need to show all available variables as we have seen by passing the

values argument as a list of columns we want to include.

>>> import numpy as np
>>> pd.pivot table(tips, index=["sex", "smoker", "day"],
values=['tip'],aggfunc=[np.mean, len])

mean len
tip tip
sex smoker day
Male Yes Thur 3.058000 10.0
Fri 2.741250 8.0
Sat 2.879259 27.0
Sun 3.521333 15.0
No Thur 2.941500 20.0
Fri 2.500000 2.0
Sat 3.256563 32.0
Sun 3.115349 43.0
Female Yes Thur 2.990000 7.0
Fri 2.682857 7.0
Sat 2.868667 15.0
Sun 3.500000 4.0
No Thur 2.459600 25.0
Fri 3.125000 2.0
Sat 2.724615 13.0
Sun 3.329286 14.0



As a default when we use the pivot table command we get the aver-

age of the variables, however we can control what we get back by

passing the aggfunc argument which takes a list of functions we want

to apply to the data. Note here that we pass the numpy mean function

as well as the len from the standard Python library.

>>> pd.pivot table(tips, index=["sex", "smoker"],values=["tip"],
columns=["day"] ,aggfunc=[np.mean])

All

.051167
.113402
.931515
.773519

mean
tip
day Thur Fri Sat Sun
sex smoker
Male Yes 3.0580 2.741250 2.879259 3.521333
No 2.9415 2.500000 3.2565kK3 3.115349
Female Yes 2.9900 2.6B2B57 2.8B68687 3.500000
No 2.4596 3.125000 2.724615 3.329286
>>> pd.pivot table(tips, index=["sex", "smoker"],values=["tip"],
columns=["day"] ,aggfunc=[np.mean] ,margins=True)
mean
tip
day Thur Fri Sat Sun
sex smoker
Male Yes 3.058000 2.741250 2.879259 3.521333
No 2.941500 2.500000 3.256563 3.115349
Female Yes 2.990000 2.682857 2.86B667 3.500000
No 2.459600 3.125000 2.724615 3.329286
All 2.771452 2.734737 2.993103 3.255132

MO W W

.998279

We can expand on this example by adding in the margins variable

which then gives us the totals associated with the rows and columns.

16.8 Reading in Files with Pandas



The examples in the chapter have used the datasets from Seaborn
and while this is useful, pandas has a lot of methods to allow you to
read in external files. If we relate this back to earlier in the book
where we read and manipulated data within Python we can see that
these methods are a lot easier to use. They also allow us to write
back to file. To show how this works we will take one of the existing
datasets that we have been using and write to a csv and read that

back in:

>>> tips.head()

total bill tip sex smoker day time size
0 16.99 1.01 Female No Sun Dinner 2
1 10.34 1.66 Male No Sun Dinner 3
2 21.01 3.50 Male No Sun Dinner 3
3 23.68 3.31 Male No Sun Dinner 2
4 24.59 3.61 Female No Sun Dinner 4
>>> tips.to _csv('myfile.csv', index=False)

>>> data = pd.read csv('myfile.csv')
>>> data.head()

total bill tip sex smoker day time size
0 16.99 1.01 Female No Sun Dinner 2
1 10.34 1.66 Male No Sun Dinner 3
2 21.01 3.50 Male No Sun Dinner 3
3 23.68 3.31 Male No Sun Dinner 2
4 24 .59 3.61 Female No Sun Dinner 4

What we have done is use the to_csv method that the tips DataFrame
has and write the data into a file called ‘myfile.csv’, note this will live in

the directory where this is being run from, as well as the file name the



index argument is set to False which prevents the DataFrame index
being written to the file with the other columns. Now, to read this back
in we use the read_csv method from pandas and this takes the csv
file and creates a DataFrame with the contents of this file. These
methods are extremely useful as we do not have to worry about the
process of writing to file or reading from file. Alongside read_csv we
have other read methods for different file types and here are some of
the more useful ones, for a complete list consult the pandas

documentation:

- read_excel: reads in xls, xlIsx, xlsm, xIsb, odf, ods and odt file types

« read_json: reads a valid json string

If we take the examples in previous chapters we created the following
json and excel files called boston.json and boston.xIsx. We can read

these into DataFrames using the following code:



>>> file name = '/path/to/boston.json’
>>> data = pd.read json(file name)
>>> data.head()

CRIM NOX
0 0.00632 2.31
1 0.02731 7.07
2 0.02729 7.07
3 0.03237 2.18
4 0.06505 2.18
>>> file name = '/path/to/boston.xlsx’

>>> data = pd.read excel(file name)
>>> data.head()
CRIM NOX

0 0.00632 2.31
1 0.02731 7.07
2 0.02729 7.07
3 0.03237 2.18
4 0.06905 2.18

As you can see these methods provide very simple ways to load data
from these common formats into DataFrames. There is also a read-
_table method which we can use for general delimited files. The read
methods also support operations like querying databases or even
reading html but that is beyond the scope of this book but well worth a

look.

The to methods of the DataFrames are pretty similar with support for

many different formats and a selection given as follows:

- to_dict



to_json
to_html

to_latex

to_string

These are all demonstrated as follows:



3>

import seaborn as sns

>>> tips = sns.load dataset('tips')

-

tips.head().to_json()

"{"total bill":{"0":16.99,"1":10.34,"2":21.01,"3":23.68,"4":24.59},
"tip":{"0":1.01,"1":1.66,"2":3.5,"3":3.31,"4":3.61},

"gex": { "o "Female" , nyn. “Nale"; "N NpMglaen , nyn

"smoker":{”O”:”NO“,“I":"NO","E":”NO”,”3“:“N0","4":"No"},
udayn:{non:nsunu'ulu:nsunnfnzn:nsunn‘n3«:usunn'u4n:nsunn}‘
"time": { "0":"Dinner","1":"Dinner","2":"Dinner", "3": "Dinner", "4" :"Dinner" } '
“size":{"O“:2,“1":3,“2":3,"3":2,“4“:4}}'
>>> tips.head().to_dict ()

:"Male", "4":"Female"},

{'total_bill': {0: 16.99, 1: 10.34, 2: 21.01, 3: 23.68, 4: 24.59},
‘tip': {0: 1.01, 1: 1.66, 2: 3.5, 3: 2.31, 4: 3,61},
'sex': {0: 'Female', 1: 'Male', 2: 'Male', 3: 'Male', 4: 'Female'},
'smoker': {0: 'No', 1: 'Ne', 2: 'No', 'No', 4: 'No'},
'day': {0: 'Sun', 1: 'Sun', 2: 'Sun’', 'Sun', 4: 'Sun'},
'time': {0: 'Dinner', 1: 'Dinner', 2: 'Dinner', 3: 'Dinner’, 'Dinner'},
'gize': {0: 2, 1: 3, 2: 3, 3: 2, 4: 4}}
>>> tips.head().to_html ()
'<table border="1" class="dataframe">\n <theads>\n
<tr style="text-align: right;">\n <th></th=\n
<thstotal bill</ths\n <th>tip</th>\n <th>sex</th>\n
<th>smoker</th>\n <th>day</th>\n <th=time</th>\n
<thsgize</th>\n </tr=\n </thead>\n <tbody:>\n <trs>\n
<th>0</th>\n <td>16.99</td>\n <td>1.01l</td>\n
<tdsFemale</td>\n <tdsNo</td>\n <td=Sun</tds\n
<td>Dinner</td>\n <td>2</td>\n </tr=\n <tr>\n
<th>1l</th>\n <td=>10.34</td>\n <td=1.66</td>\n
<td>Male</td>\n <td>No</td>\n <td>Sun</td>\n
<tdsDinner</td>\n <td>3</td=\n </tr>\n <trs\n
<th>2</th>\n <td>21.01</td>\n <td>3.50</td>\n
<td>Malec</td>\n <td>No</td>\n <td>Sun</td>\n
<td>Dinner</td>\n <td>3</td>\n </tr=\n <tr>\n
<th>3</th>\n <td>23.68</td>\n <td>3.31l</td>\n
<td>Male</td>\n <td>No</td>\n <td>Sun</td>\n
<tdsDinner</td>\n «td>2</td=\n </tr>\n <trs\n
<th>4</th>\n <td>24.59</td>\n <td=3.61</td>\n
<td>Female</td>\n <td>No</td=\n <td>Sun</td=\n
<td>Dinner</td>\n <td>4</td>\n </tr>\n </tbody=\n</tablex>"'
>>> tips.head().to_latex()
"\\begin{tabular}{lrrllllr}\n\\toprule\n{} & total\\_bill & tip &
sex & smoker & day & time & size \\\\\n\\midrule\no & 16.99 &
1.01 & Female & No & Sun & Dinner & 2 \W\AWAANnL & 10.34 &
1.66 & Male & No & Sun & Dinner & 3 \WANAN2 & 21.01 &
3.50 & Male & No & Sun & Dinner & 3 \WANAD3 & 23.68 &
3.31 & Male & No & Sun & Dinner & 2 \W\A\\\nd & 24.59 &
3.61 & Female & No & Sun & Dinner & 4 \\\\\n\\bottomrule\n
\\end{tabular}\n'
>>> tips.head().to string()
' total bill tip sex smoker day time size\n0 16.99
1.01 Female No Sun Dinner 2\nl 10.34 1.66 Male
No Sun Dinner 3\n2 21.01 3.50 Male No Sun Dinner
3\n3 23.68 3.31 Male No Sun Dinner 2\n4
24.59 3.61 Female No Sun Dinner 4!



We can also use some of these methods to write the data directly to

file in the format with some examples below:

>>> import seaborn as sns

>>> tips = sns.load dataset('tips')
>>> tips.head() .to_json('tips.json')
>>> tips.to html('tips.html')

>>> tips.to latex('tips.latex')

>>> tips.to latex('tips.tex')

These methods are really useful and for correctly formatted data are
a very convenient way to read data into pandas and also export it

from pandas.

What we have seen in this chapter is the advanced methods of pan-
das and how we can do complex data analysis. We have shown how
pandas allows us to manipulate data as if it were in a database allows
us to join, merge, group, and pivot the data in a variety of ways. We
have also covered some of the built in methods that pandas has and
shown how we can deal with missing data. The examples that we
have covered have been rather simple in nature but pandas is power-
ful enough to deal with large datasets and that makes it an extremely
powerful Python package. It is also worth noting that pandas plays
well with many other Python packages meaning a mastery of it is es-

sential for a Python programmer.



17
Plotting

Plotting is a key component when looking to work with data, and
Python has a number of plotting libraries. In this chapter, we cover
plotting in great detail starting with creating basic plots directly from
Pandas DataFrames to getting more control using matplotlib all the
way through to using Seaborn. The chapter is fully example driven
with code snippets alongside the graphics they produce. The aim of
including both is to give you the ability to see what the code produces
but also act as a reference for when you want to produce graphs. The
examples are based on datasets that come from with Python with
many being taken from the documentation with the idea of giving
them greater explanation to help you understand what is happening.
The packages that we will look to use in this chapter are imported

below.

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

>>> import pandas as pd

>>> import matplotlib

>>> import seaborn as sns

17.1 Pandas



Initially, we will look at plotting methods on Series and DataFrame ob-
jects in pandas. One of the great things about pandas is that we have
inbuilt plotting methods that we can call and produce plots from. This
allows very fast visual presentation of datasets that we want to

analyse.

>>> iris = sns.load dataset('iris')

>>> iris.sepal length.plot ()

<matplotlib.axes. subplots.AxesSubplot object at 0x113e62290>
>>> plt.show()

>>> iris.sepal length.plot ()
<matplotlib.axes. subplots.AxesSubplot cbject at 0x113e62290>
>>> plt.savefig('/path/to/file/file name.pdf')
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Figure 17.1 Line plot of sepal length.

The previous code snippets and associated plot show how we can
produce a simple line plot of a Series. The two examples use
plt.show() and plt.savefig() to show how to either show the graph or
save the graph, with the graph shown in Figure 17.1 In the event of
saving a graph, we need to supply the file path and name to where

we want the plot to save.

>>> plt.clf ()
>>> iris.sepal length.hist()
<matplotlib.axes. subplots.AxesSubplot object at 0x1147cd9d0>



In the Figure 17.2, we use the method hist method of the series in the
same way we used the plot method in the previous example. It should
be noted that plt.clf() was used as the first line of code with the rea-
son behind this to clear the figure meaning we do not see the previ-

ous plot when we plot the new image.

>>> plt.clf()
>>> iris.sepal length.plot.box()
<matplotlib.axes. subplots.AxesSubplot object at 0xl1alflaOb00>

>>> plt.clf()
>>> iris.sepal length.plot.density()
<matplotlib.axes. subplots.AxesSubplot object at 0xlalféb7a58>

>>> plt.show()

The next two snippets show how we can create a box plot and a den-
sity as shown in Figures 17.3 and 17.4. In these examples, we use
plot method of the series to give us access to the plot that we want to
create. This is slightly different from what we have used before, and
looking at the plot method, we can see the types of plots that we can

create.
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Figure 17.2 Histogram of sepal length.
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Figure 17.3 Boxplot of sepal length.
>»>> dir(iris.sepal_length.plot)
['_bytes_ ', '__call_ ', '__class_ ', '__delattr_ ', '_ dict_ ', '_ dir_ ',
' doc ', ' eg ', ' format ', ' ge ', ' getattribute ', ' gt ',
' hash ', ' _ init__ ', ' init subclass_ ', ' _le ', ' 1t ', ' module_ ',
' mne_ ', ' new_ ', ' reduce ', ' reduce ex ', ' repr_ ', ' setattr_ ',
' sizeof ', '__str__', '__subclasshook__', '__unicode__ ', '__weakref_ ',
' _accessors', '_constructor', '_deprecations', '_dir additicns', '_dir_deleticns',
' _reset_cache', 'area', 'bar', 'barh', 'box', 'density', 'hist', 'kde', 'line', 'pie']

Here we see that alongside box and density, we also have the follow-

ing types of plots.
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Figure 17.4 Density plot of sepal length.
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Figure 17.5 Area plot of sepal length.

area as shown in Figure 17.5

hist as shown in Figure 17.6

kde as shown in Figure 17.7

line as shown in Eigure 17.8

It is worth noting that some of these types we have already covered
as we can directly plot a line using plot and a histogram using hist.

But we will show examples of each of these.



Thus far we have looked at plots on series which will apply to col-
umns of data frames however we can also do plots on DataFrames
as a whole. As opposed to working on a single column of the iris

DataFrame, we now work on the DataFrame as a whole.
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Figure 17.6 Histogram of sepal length.
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Figure 17.7 KDE of sepal length.

>>> plt.clf()
>>> iris.plot.box()
<matplotlib.axes. subplots.AxesSubplot object at 0xlalbldla58>

The first plot that we will consider is the box plot as shown in Figure
17.9. When applied to the DataFrame as a whole, we can see that we
have box plots for each of the variables where a box plot can be cre-
ated. Pandas also labels up the variables from the DataFrame names

so out of the box you get a robust plot of all the data.
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Figure 17.8 Line plot of sepal length.
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Figure 17.9 Box plot of iris data.

>>> plt.clf ()

>>> iris.plot.density()

<matplotlib.axes. subplots.AxesSubplot object at 0xlalféb3f60>
>>> plt.show()

>>> plt.clf ()

>>> iris.plot.line()

<matplotlib.axes. subplots.AxesSubplot object at 0xlalfl66668>
>>> plt.show()
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Figure 17.10 Density plot on iris data.

Next we will show a density and line plot, as shown in Figures 17.10
and 17.11 of the DataFrame and like with the box plot example we get
a line for each variable where we can get one. In the same way, we
have labels for each box we get a legend for the lines indicating what

each colour refers to.

>>> plt.clf()

>>> iris.plot.scatter (x='sepal length', y='sepal width')
<matplotlib.axes. subplots.AxesSubplot object at 0xlalfl46a58>
>>> plt.show()
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Figure 17.11 Line plot on iris data.
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Figure 17.12 Scatter plot on pandas data frame.

In the last built-in plot, we shall consider a scatter plot on the Data-

Frame as shown in Eigure 17.2. Unlike the plots we have considered

so far, a scatter plot requires an x and y variable as its plotting x
against y. So, we pass in the specific column name from the Data-
Frame and the method can pick up the data that it needs to giving us

the scatter of sepal length against sepal width.

As before we have a number of other plot types that we can apply to

the DataFrame, these are



- area as shown in Eigure 17.13

« line as shown in Figure 17.14
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Figure 17.13 Area plot of iris DataFrame.
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Figure 17.14 Histogram of iris DataFrame.
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Figure 17.15 KDE of iris DataFrame.

« hist as shown in Figure 17.14

« kde as shown in Figure 17.15

Examples of these are shown below, with all being produced using

iris.plot method as shown before.

There were a couple of plots that we did not include in the previous
examples namely bar, barh, and pie (examples of a pie and barh plot
are given in Figures 17.16 and 17.17). The reason being these plots
require the data to be in the format suitable for the plot so we need

data that has been manipulated to be in that form. Thus far all other



plots have been directly on the DataFrame but here we will group the

tips DataFrame to get in a format that we can use.
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Figure 17.16 Pie plot of tip size by day.
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Figure 17.17 Barh plot of tips data by day.

>>> grouped = tips.groupby(['sex',6 'smoker'])
>>> grouped.sum()
>>> data.plot.pie(y='size')

>>> grouped = tips.groupby(['sex',6 'smoker'])

>>> grouped.sum()
>>> data.plot.bar ()

17.2 Matplotlib

So here we have shown a number of plots that you can easily gener-

ate with pandas and matplotlib; next, we will look at how we can cus-



tomise them.

>>> fig = plt.figure/()

>>> plt.plot(iris.sepal length, '-')
[<matplotlib.lines.Line2D object at 0xlaled400b8>]
>>> plt.plot(iris.petal length, '--')

[cmatplotlib.lines.Line2D object at 0xlaled408d0s>]
>>> fig.savefig('iris plot.pdf')

Now in the above code, we use a different approach to creating our
plot (Figure 17.18) using one which is more common from a matplotlib
point of view. Here we setup a figure and plot lines on them using the
plot method. In this example, we specify the line type by using an ex-
tra argument to determine if the line is solid or partially solid. Lastly,
we save the plot using the savefig method, we can find what filetypes

are supported by running the following command.

>>> fig.canvas.get supported filetypes|()

{'ps': 'Postscript', 'eps': 'Encapsulated Postscript',
'pdf': 'Portable Document Format',
'pgf': 'PGF code for LaTeX',
'png': 'Portable Network Graphics',
'raw': 'Raw RGBA bitmap',
'rgba': 'Raw RGBA bitmap',
'svg': 'Scalable Vector Graphics',
'svgz': 'Scalable Vector Graphics',
'jpg': 'Joint Photographic Experts Group',
'jpeg': 'Joint Photographic Experts Group',
'tif': 'Tagged Image File Format',

'tiff': 'Tagged Image File Format'}
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Figure 17.18 Iris plot.

The next example we look at is a panel plot as shown in Figure 17.19.
This is where we have two plots on one figure as opposed to plotting

two lines on one plot.



>>> plt.clf ()

>>> plt.figure()

<Figure size 640x480 with 0 Axes>

>>> plt.subplot (2, 1, 1)

<matplotlib.axes. subplots.AxesSubplot object at 0xlalf6e0358>
>>> plt.plot(iris.sepal_ length)

[cmatplotlib.lines.Line2D object at 0xlalbOble48>]

>>> plt.subplot (2, 1, 2)

<matplotlib.axes. subplots.AxesSubplot object at 0xlalbOblccO>
>>> plt.plot(iris.petal_length)

[cmatplotlib.lines.Line2D object at 0xlalble7438>]

The first thing we do is create the figure in the usual way and we then
use the subplot method to create two panels. The arguments for the

subplot method is

« Number of rows
« Number of columns

« Index
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Figure 17.19 Panel plot example one.
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Figure 17.20 Panel plot example two.

So in this example, we have two rows with one column and initially

we plot on index one the line of sepal length.

Next, we plot the line of petal length in the second panel and we now

have an example of a panel plot as shown in Eigure 17.20.

>>> plt.clf ()

>>> fig, ax = plt.subplots(2)

>>> ax[0] .plot (iris.sepal length)
[<matplotlib.lines.Line2D ocbject at 0xlalc35e9e8>]
>>> ax[1l] .plot (iris.petal length)
[cmatplotlib.lines.Line2D object at 0x1lalf6933585]



We can achieve the same thing using the subplots method directly
specifying we want two subplots and using the ax variable to control
what goes into each subplot. Here we can use the plot method direct-
ly to plot sepal length in the first subplot and petal length in the

second.

Next, we will look at how the plots look. In matplotlib, we can control
the styling of the plot and by running the below command you get a

list as follows

>>> plt.style.available

['seaborn-dark', 'seaborn-darkgrid', 'seaborn-ticks',
'fivethirtyeight', 'seaborn-whitegrid', 'classic',

' classic test', 'fast', 'seaborn-talk',
'seaborn-dark-palette', 'seaborn-bright',
'seaborn-pastel', 'grayscale', 'seaborn-notebock',
'ggplot', 'seaborn-colorblind', 'seaborn-muted’',
'seaborn', 'Solarize Light2', 'seaborn-paper',

'bmh', 'tableau-colorblindl0', 'seaborn-white',

'dark background', 'seaborn-poster', 'seaborn-deep']

To get a more detailed view of how these differ please refer to the
documentation

https:/matplotlib.org/3.1.1/gallery/style_sheets/style_sheets_refer-
ence.html where there are images relating to the specific types. What

is important to note is that we can alter how a plot looks by just using

a different style sheet.


https://matplotlib.org/3.1.1/gallery/style_sheets/style_sheets_reference.html

>>> plt.clf ()

>>> plt.style.use('seaborn-whitegrid')

>>> fig = plt.figure()

>>> ax = plt.axes()

>>> plt.plot(tips.tip, color='blue')
[<matplotlib.lines.Line2D object at 0xlalb0562e8>]
>>> plt.plot(tips.tip+5, color='g')
[<matplotlib.lines.Line2D object at 0x1alb056240>]
>>> plt.plot(tips.tip+10, color='0.75")
[cmatplotlib.lines.Line2D object at 0x1lalb0567485>]
>>> plt.plot(tips.tip+15, color='#FFDD44')
[<matplotlib.lines.Line2D object at 0xlalb056a20>]
>>> plt.plot(tips.tip+20, color=(1.0,0.2,0.3))
[<matplotlib.lines.Line2D object at 0x1lalb056£f98>]
>>> plt.plot(tips.tip+25, color='chartreuse')
[<matplotlib.lines.Line2D object at 0xlalb07c5c0>]

Here we import the seaborn whitegrid style to use in this example and
we setup the figure and axes. Next, we plot the same tips line but in
each instance we add 5 to each value so we can see the difference
between each of the lines. Now for each line we use, a different ap-
proach to give it a colour. The first line using the colour argument set
as blue and we can use the colour as a name. The second line uses
the colour set as a single letter where in this case g refers to green.
For the third line, we use the grayscale value between 0 and 1. The
forth line shows how we can use hex codes to pass in the colour. The
fifth line shows how you use the RGB tuple where each value can be
between 0 and 1 with the first referring to red the second to green and

third to blue. The result of this is shown in Figure 17.21.



Next, we consider different line types that we can use within mat-
plotlib where we use the linestyle argument to pass in different types

of lines as shown in Eigure 17.22.

>>> plt.clf ()

>>> plt.style.use('fivethirtyeight')

>>> fig = plt.figure()

>>> ax = plt.axes|()

>>> plt.plot (tips.tip, linestyle='solid')
[cmatplotlib.lines.Line2D object at 0xlalfé69bf98>]
>>> plt.plot (tips.tip + 5, linestyle='dashed')
[<matplotlib.lines.Line2D object at 0xlalfé6bf438>]
>>> plt.plot(tips.tip + 10, linestyle='dashdot')
[cmatplotlib.lines.Line2D object at 0xlalfebf7b8s]
>>> plt.plot(tips.tip + 15, linestyle='dotted');
[<matplotlib.lines.Line2D object at 0xlalfébfb38>]

>>> plt.plot(tips.tip + 20, linestyle='-")
[cmatplotlib.lines.Line2D object at 0xlalfé6Sbfd0s]
>>> plt.plot(tips.tip + 25, linestyle='--"')
[<matplotlib.lines.Line2D object at 0xlalfébfed48>]
>>> plt.plot(tips.tip + 30, linestyle='-."')
[<matplotlib.lines.Line2D object at 0xlalc3527483]
>>> plt.plot(tips.tip + 35, linestyle=':")

[<matplotlib.lines.Line2D object at 0xlalfé6c3978>]
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Figure 17.21 Plot with custom line colour.



1

1 ]

l . & q
i . n

:‘ !':'\' n"af ‘.. 'l"l ‘l‘ "l:"'l" ",‘ .'1'3' s ' o \'ﬂ" l‘ m:"‘:ll " ":,n',t:l

, Mrph Mﬂf’( vl
[ fi L AV W\'L’Hﬁ]\' f‘ *WU:

20

40

N-"l’ 1 W#fm-‘:;l{,\ iy il
by ‘ PRI R TIN o

0o | | |
0 50 100 150 200 250

Figure 17.22 Plot with custom linetype.
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Figure 17.23 Plot with custom colour linetype.

We can also combine linestyle and colour into one argument to give
different coloured lines on our plots. To do this, we use the short
linestyle combined with the single letter colours the result of which is

shown in Figure 17.23.



>>> plt.clf ()

>>> plt.style.use('ggplot"')
>>> fig = plt.figure()

>>> ax = plt.axes()

>>> plt.plot(tips.tip, '-g') # solid green
[<matplotlib.lines.Line2D object at 0x1alb087940>]
>>> plt.plot(tips.tip + 5, '--c') # dashed cyan
[<matplotlib.lines.Line2D object at 0xlalb0876a0>]
>>> plt.plot(tips.tip + 10, '-.k') # dashdot black
[<matplotlib.lines.Line2D object at 0x1alb087668>]
>>> plt.plot(tips.tip + 15, ':r') # dotted red

[<matplotlib.lines.Line2D object at 0x1alb045908>]

In the next examples, we will look at how we change the limits and
add some labelling to plots, we begin by looking at setting the limits

for the plot.

>>> fig = plt.figure()

>>> plt.plot (tips.tip)

[<matplotlib.lines.Line2D object at 0x1a20f81160>]
>>> plt.xlim (50, 200)

(50, 200)

>>> plt.ylim(0, 10)

(0, 10)

>>> fig = plt.figure()
>>> plt.plot(tips.tip)
>>> plt.x1im (200, 50)
>>> plt.ylim(10, 0)



In the first example shown in Eigure 17.24, we plot the tip from the tips
dataset and here we customise the x limits and y limits using xlim and
ylim methods. To use these methods, you simply put in the start and
end value where you want the axis to start and end with us using 50

to 200 for the x axis and 0 to 10 for the y axis.

In Eigure 17.25, we reverse the axis by simply using 200 to 50 and 10

to 0 for the x axis and the y axis respectively.

10

no
1
R ——

0 I 1 L) I I 1 1
60 80 100 120 140 160 180 200

Figure 17.24 Plot with limits altered.
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Figure 17.25 Plot with reverse limits.

>>> fig = plt.figure()

>>> plt.plot(tips.tip)

[<matplotlib.lines.Line2D object at 0x1a21149518>]
>>> plt.title("Tips from the seaborn tips dataset")
Text (0.5, 1.0, 'Tips from the seaborn tips dataset')
>>> plt.xlabel ("Indiviual")

Text (0.5, 0, 'Indiviual')

>>> plt.ylabel ("Tip (£)")

Text (0, 0.5, 'Tip (£)"')

In the first example, shown in Figure 17.26, we label the plot to display

titles and axis names by using the methods title, xlabel, and ylabel,



which populate the plot title, x axis, and y axis, respectively. We can
also add a legend to the plot (shown in Eigure 17.27) using the legend
method. In using this we add the label variable to the plot where we

specify the name we want to be shown in the legend.

We next consider some special plots showcasing what we can do be-

yond standard plots within matplotlib.

Tips from the seaborn tips dataset
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Figure 17.26 Plot with labels.
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Figure 17.27 Plot with legend.

>>> fig
>>> plt
>>> plt
>>> plt
>>> plt

= plt.figure()

.plot (tips.tip, '-g',
.plot (tips.total bill,
.axis('equal')
.legend ()

150

label="
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tip')
label="total bill"')



>>> fig = plt.figure()
>>> rng = np.random.RandomState (0)

>>> for marker im ['o', '.', ',', 'x', ‘'4+', ‘'v', "N, v, s,
's', 'd']:
plt.plot (rng.rand(5), rng.rand(5), marker,
label="marker="'{0}'".format (marker) )

[<matplotlib.lines.Line2D object at 0xl1a211880b8>]
[<matplotlib.lines.Line2D object at 0x1a211888d0>]
[<matplotlib.lines.Line2D object at 0x1a21188d30>]
[<matplotlib.lines.Line2D object at 0xla20fel860>]
[«<matplotlib.lines.Line2D object at 0x1a21064160>]
[<matplotlib.lines.Line2D object at 0x1a210640f0>]
[<matplotlib.lines.Line2D object at 0xl1la2l10641285>]
[<matplotlib.lines.Line2D object at 0x1a20ff9f98>]
[<matplotlib.lines.Line2D object at 0x1a2l10bfb00>]
[<matplotlib.lines.Line2D object at 0x1a20765cf8>]
[cmatplotlib.lines.Line2D object at 0x1a2118f£2405>]
>>> plt.legend (numpoints=1)
<matplotlib.legend.Legend object at 0xla2119c4a8>
>>> plt.x1im(0, 1.8)

(0, 1.8)

In this first example shown in Figure 17.28, we show how to use a dif-
ferent markers on a plot. To do so we use the numpy RandomState to
generate arrays of random numbers. We then loop over the list of
markers that we want to plot and generate a five value random array
to plot all of these values and add a legend to show what each point

in our code refers to what on the plot.
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Figure 17.28 Scatter plots with different markers.

>>> fig = plt.figure()

>>> rng = np.random.RandomState (0)

>>> X = rng.randn(100)

>>> y = rng.randn(100)

>>> colors = rng.rand(100)

>>> sizes = 1000 * rng.rand(100)

>>> plt.scatter(x, y, c=colors, s=sizes, alpha=0.3, cmap='viridis')
<matplotlib.collections.PathCollection object at 0xla2ZaeS5c88>

>>> plt.colorbar ()

<matplotlib.colorbar.Ceolorbar object at 0xla2l115beb8>

The next plot Eigure 17.29 that we create is a scatter plot where each
element has a colour and size associated with it. To do this, we create

a figure in the normal way and again use RandomState to allow us to



generate random numbers. In this case, we calculate the x and y co-
ordinates for the scatter plot by generating 100 random numbers. We
next generate another 100 random numbers to determine the colours.
Lastly, we generate the size of the scatter by multiplying another 100
random numbers by 1000 to make the ball size varied enough so that
we can see them. These then get passed into the scatter method set-
ting the c value to be the colours array and s to be the sizes array. We
use the alpha argument to set how opaque the plots are. The last ar-
gument that we set is the cmap value which sets the colour map that
we want to use. Once we have plotted the scatter, we can add the
colour bar to show what the colours refer to relative to the random

numbers from the colour array.
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Figure 17.29 Scatter plot with different sizes.

17.3 Seaborn

Having covered direct plotting from pandas objects and how we can
use matplotlib to create and customise plots, we next move onto
Seaborn which is the natural progression as its built using matplotlib
and is highly coupled with pandas DataFrames. In Seaborns own

words, the functionality that it offers is as follows.



A dataset-oriented application programming interface (API) for ex-

amining relationships between multiple variables.

« Specialised support for using categorical variables to show obser-
vations or aggregate statistics.

« Options for visualising univariate or bivariate distributions and for
comparing them between subsets of data.

« Automatic estimation and plotting of linear regression models for
different kinds dependent variables.

« Convenient views onto the overall structure of complex datasets.

« High-level abstractions for structuring multi-plot grids that let you
easily build complex visualisations.

« Concise control over matplotlib figure styling with several built-in
themes.

« Tools for choosing colour palettes that faithfully reveal patterns in

your data.

What does this mean? In simple terms what Seaborn offers is some
out of the box plots which look great and work well with DataFrames

but can be configured to a high level.

The best way to show this is through example so let us dive in and

get started



>>> import matplotlib.pyplot as plt

>>> import seaborn as sns

>>> sns.set (style="darkgrid")

>>> tips = sns.load dataset("tips")

>>> tips.columns

Index(['total bill', 'tip', 'sex',K 'smoker', 'day', 'time',
'size'], dtype='cbject!')

>>> sns.relplot (x="total bill", y="tip", data=tips)

The above code loads up the tips dataset in a manner similar to what
we have done previously in the book. We then use the replot method
and pass in the name of the DataFrame as the argument to the data

option and set x and y to the column names from the DataFrame.

The result of this is a scatter plot of the x and y variables shown in
Eigure 17.30. Now we can extend this by adding a third dimension. In
this case, we want to plot the same scatter plot but now segment the
data by whether they are a smoker or not. To do this we use the hue
option and pass in the name smoker which relates to the column
within the DataFrame. Note here the values of smoker are yes and no

which mimics what we see in the plot
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Figure 17.30 Scatter using replot in seaborn.
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>>> tips.head()

total bill tip sex smoker day time size
0 16.99 1.01 Female No Sun Dinner 2
1 10.34 1.66 Male No Sun Dinner 3
2 21.01 3.50 Male No Sun Dinner 3
3 23.68 3.31 Male No Sun Dinner 2
4 24.59 3.61 Female Ne Sun Dinner 4
>>> tips.smoker.unique ()
[No, Yes]
Categories (2, object): [No, Yes]

>>> sns.relplot (x="total bill", y="tip", hue="smoker", data=tips);

The plot Figure 17.31 conveniently colours the values related to
whether they are a smoker or not however we can extend this by
adding the variable style and setting it to smoker which will now
change what is plotted for each category in smoker, which in this

case is yes or no, this is shown in Figure 17.32.

>>> sns.relplot (x="total bill", y="tip", hue="smoker",
style="smoker", data=tips);

The hue value previously was a categorical variable which makes
sense when applying but what happens if your hue value is a numeric
value? To demonstrate this, we change the hue value to use the size
variable in the dataset. Initially we used the dot syntax to obtain the
unique value but we get an error and this is due to the fact that dot
size on any DataFrame brings back the actual size of the DataFrame
which is rows multiplied by columns. So to obtain the unique values
we use the square bracket notation. The size value is then passed

into the hue to give us a scatter plot using a numeric hue.
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Figure 17.31 Scatter plot using replot in seaborn with a third variable.
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Figure 17.32 Scatter plot using replot in seaborn with a third variable and styling.



>>> tips.dtypes

total bill floaté64
tip floate4
sex category
smoker category
day category
time category
size inté64

dtype: object
>>> tips.head()

total_bill tip sex smoker day time size
0 16.99 1.01 Female No Sun Dinner 2
1 10.34 1.66 Male No Sun Dinner 3
2 21.01 3.50 Male No Sun Dinner 3
3 23.68 3.31 Male No Sun Dinner 2
4 24.59 3.61 Female No Sun Dinner 4

>>> tips.size.unique()
Traceback (most recent call last):
File "<stdin=", line 1, in <module>
AttributeError: 'numpy.inté4' object has no attribute 'unique'
>>> tips.size
1708
>>> len(tips) *len(tips.columns)
1708
>>> tips(['size'] .unique ()
array([2, 3, 4, 1, 6, 5])
>>> sns.relplot (x="total bill", y="tip", hue="size", data=tips);
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Figure 17.33 Scatter plot using replot in seaborn with hue on size.

What we see in the Eigure 17.33 is that the size colours get darker as
the value increases and seaborn casts the value to a float and uses a

sequential palette taking care of this for you.

Having shown how to apply a third variable using hue we can also

use the size option. As in the previous example, we will use the size



variable as the input to size and what this does is change the size of

the point based on this third variable, this is shown in Figure 17.34.
>>> sns.relplot (x="total bill", y="tip", size="size", data=tips);

We can expand upon the previous example by using the sizes vari-
able this can be in the form of list, dictionary, or tuple. In the event of
a categorical variable, a dictionary would contain the levels with the

relevant values so for the smoker variable we could pass a dictionary
as follows.

>>> tips.smoker.unique ()

[No, Yes]

Categories (2, object): [No, Yes]

>>> sizes dict = {'No': 100, 'Yes': 200}

>>> sns.relplot (x="total bill", y="tip", size="smoker",

sizes=sizes dict, data=tips)
We can do the same with a list replacing the dictionary

>>> sns.relplot (x="total bill", y="tip", size="smoker",
gizes=[100,200], data=tips)
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Figure 17.34 Scatter plot using replot in seaborn with a third variable using the size
command.

If the size used is numeric, we can pass a tuple with the min and max
values which is then applied across the different numeric values to

give appropriate sizes of each point, this is shown in Figure 17.35.

>>> sns.relplot(x="total bill", y="tip", size="size",
sizes=(15, 200), data=tips);



Next, we will look at line plots in seaborn. Initially we will setup a
DataFrame using two methods in numpy. The first is arange which
creates a list of ascending integer values from 0to n — 1, which we

demonstrate below.

>>> np.arange (10)
array([o, 1, 2, 3, 4, 5, 6, 7, 8, 9])

We then also generate a set of random numbers using the randn
method of random and them apply the cumsum method to cumula-

tively sum these.

»>»> np.random.randn(10)
array([ 0.75458636, 0.97439336, 0.60599301, -0.433%01759, -2.099&60322,
-0.98797121, 0.49168321, -0.674106872, 0.31230068, 0.3019389¢6])

>»> np.random.randn(10) .cumsum ()
array([ 0.90373977, 1.33607406, -0.14939861, -0.02879636, -0.72357103,
-0.17421058, -0.643783907, 0.19505236, 0.10861358, -1.86160312])

Note the values in the two examples will not add up as everytime we
generate a set of random numbers we get a different value as they do
not have memory. We could have cast the first value to a variable as

follows and you can see the effect of cumsum.
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Figure 17.35 Scatter plot using replot in seaborn with different size of points.

»>»> X = np.random.randn (10)

==> print (x)

array([-0.66468216, -0.64194921, 0.4189947, -1.76462566, 0.60687855,
-1.46429832, -0.01150336, 1.97159021, 0.93025079, -0.470&8112])

>>> X.cumsum/()

array([-0.66468216, -1.30663136, -0.88763666, -2.65226232, -2.04538377,
-3.5096821, -3.52118546, -1.54959525, -0.61934447, -1.09002559])

Using the above we can create a DataFrame with some random val-

ues as our value column. To plot the data, we can use the lineplot or



with replot setting the kind to be line as is shown below with the re-

sulting graph in Figure 17.36.

>>> import numpy as np
>>> import pandas as pd
>>> import matplotlib.pyplot as plt
>>> import seaborn as sns
>>> sns.set (style="darkgrid")
>>> df = pd.DataFrame (dict (time=np.arange(500),
value=np.random.randn (500) .cumsum() )} )
=>> df.head()
time value

0 0 -1.189914
1 1 -1.,744486
2 2 -2.182634
3 3 -2.321100
4 4 -0.503165
>>> g = sns.relplot(x="time", y="value", kind="line", data=df)

>>> g.fig.autofmt_ xdate ()



0
D
=
©
>

-5

-10

-15

Q Q Q Q Q Q
A Dy o B} X
time

Figure 17.36 Line plot in Seaborn using replot.

Next, we look at the fmri dataset and how we can use replot to pro-
duce a line plot of timepoint by signal. Looking at the dataset, we can

see for each timepoint we have multiple measurements.



>>> fmri = sns.load dataset ("fmri")
>>> fmri[fmri['timepoint']==18] .head()

subject timepoint event region signal
0 sl3 18 stim parietal -0.017552
2 sl2 18 stim parietal -0.081033
3 sll 18 stim parietal -0.046134
4 s10 18 stim parietal -0.037970
5 s9 18 stim parietal -0.103513
>>> fmri.groupby('timepoint') .count () ['signal']
timepoint
0 56
1 56
2 56
3 56
4 56
5 56
6 56
7 56
8 56
9 56
10 56
11 56
12 56
13 56
14 56
15 56
16 56
17 56
18 56

So for each timepoint, we have 56 values; now passing these values

into replot aggregates over the data with the line representing the



mean of that timepoint and a 95% confidence interval around that

point, this is shown in Figure 17.37.
>>> sns.relplot (x="timepoint", y="signal", kind="line", data=fmri) ;

We can repress the confidence interval by passing the ci to be None

as shown in Eigure 17.38.

>>> sns.relplot (x="timepoint", y="signal", ci=None,
kind="1line", data=fmri);
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Figure 17.37 Line plot in replot with mean and confidence interval.
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Figure 17.38 Line plot in replot with mean and no confidence interval.

We can change what the interval around the mean by passing sd to it
which then calculates the standard deviation around the mean which

is given in Figure 17.39.

>>> sns.relplot (x="timepoint", y="signal", kind="line",
ci="sd", data=fmri);



Like we saw before with the scatterplot, we can use the hue to pass
in a third variable to group our data by, in the below code we choose
the event variable which splits our data in two as shown in Eigure
17.40.

s»>> fmri.head/()

subject timepoint event region signal
0 sl3 18 stim parietal -0.017552
1 s5 14 stim parietal -0.080883
2 sl2 18 stim parietal -0.081033
3 sll 18 stim parietal -0.046134
4 sl0 18 stim parietal -0.037870
>>> fmri.event.unique ()
array(['stim', 'cue'], dtype=object)
>>> sns.relplot (x="timepoint", y="signal", hue="event",

kind="1line", data=fmri) ;

We can expand on the previous example by setting the hue to be re-
gion and the style to be event. In doing so we have the different
colours representing the regions and the line type representing the
event. This allows us to represent more variables in the line plot as

shown in Figure 17.41.
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Figure 17.39 Line plot in replot with mean and standard deviation.
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Figure 17.40 Line plot in replot with hue applied.
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Figure 17.41 Line plot in replot with hue and style applied.
>>> fmri.region.unigque ()
array(['parietal', 'frontal'], dtype=cbject)
>>> sns.relplot(x="timepoint", y="signal", hue="region", style="event",

kind="1line", data=fmri);

Let us change the example and use a different dataset. Here we load

in the dots dataset.



>>> dots = sns.load dataset ("dots").query("align == 'dots'")

>>> dots.head()
align choice time coherence firing rate

0 dots T1 -80 0.0 33.185967
1 dots T1 -80 3.2 31.691726
2 dots T1 -80 6.4 34.275840
3 dots T1 -80 12.8 32.631874
4 dots T1 -80 25.6 35.060487

>>> dots.tail ()
align choice time cocherence firing rate

389 dots T2 680 3.2 37.806267
390 dots T2 700 0.0 43.464959
391 dots T2 700 3.2 38.994559
392 dots T2 720 0.0 41.987121
393 dots T2 720 3.2 41.716057
>>> dots.coherence.unique ()

array ([ 0., 3.2, 6.4, 12.8, 25.6, 51.2])

>>> dots.choice.unique ()

array(['T1', 'T2'], dtype=object)

>>>sns.relplot (x="time", y="firing rate",
hue="coherence", style="choice",
kind="1ine", data=dots);
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Figure 17.42 Line plot in replot with hue and style applied on the dots dataset.

In the plot shown in Figure 17.42, we use time and firing rate as our x
and y variables, we then use the coherence and choice variables to
provide the hue and the styling. Using both hue and style allows us to
combine colour and style at each x and y combination. So in essence
we can display four variables on one plot. It should be noted that the
makeup of this dataset is particularly suited to doing this as we have
six unique values for coherence and two for choice resulting in 12

lines. When considering using this type of plot, it is important to make



sure that your dataset is suitable and that the plot is a better repre-

sentation of the data, as opposed to something that visually offers

little.

So far we have considered single plots but what if we want to com-

pare the relationship between multiple variables on the same plot. Let

us look at the tips dataset and the relationship between total bill and

tip

>>> import numpy as np

>>> import pandas as pd

>>> import matplotlib.pyplot as plt
>>> import seaborn as sns

>>> sns.set (style="darkgrid")

>>> tips = sns.load dataset ("tips")
>>> tips.head()

total bill tip sex smoker day
0 16.99 1.01 Female No Sun
1 10.34 1.66 Male No Sun
2 21.01 3.50 Male No Sun
3 23.68 3.31 Male No Sun
4 24.59 3.61 Female No Sun

>>> tips.time.unique ()
[Dinner, Lunch]

Categories (2, object): [Dinner, Lunch]
>>> tips.smoker.unique ()

[No, Yes]

Categories (2, object): [No, Yes]

>>> sns.relplot (x="total bill", y="tip",
col="time", data=tips);

time size

Dinner 2
Dinner 3
Dinner 3
Dinner 2
Dinner -

hue="smoker",



In this example, we have looked at the relationship between total bill
and tip which has been covered before. Now looking at other vari-
ables within the dataset that we could use time and smoker to drill
further into the relationship between total bill and tips. Setting the hue
to be smoker breaks our data into those who are and who are not a
smoker; however, we can expand on this further by using the col ar-
gument. In this case, we set col to time, which like with smoker con-
tains only two categories, and results in our initial plot by hue being
replicated on the variable passed through col. This is useful in show-

ing us the relationship side by side and is shown in Figure 17.43.

We can expand upon the previous example by producing a multi plot

using rows and columns. Here we load the fmri dataset from seaborn.



>>> fmri = sns.load dataset ("fmri")
>>> fmri.head()

subject timepoint event region signal
0 sl13 18 stim parietal -0.017552
1 s5 14 stim parietal -0.080883
2 sl2 18 stim parietal -0.081033
3 sll 18 stim parietal -0.046134
4 sl0 18 stim parietal -0.037970
>>> fmri.dtypes
subject object
timepoint inté64
event object
region object
signal floate4

dtype: object
>>> fmri.event.unique ()

array(['stim', 'cue']l, dtype=object)

>>> fmri.region.unique ()

array(['parietal', 'frontal'], dtype=object)

>>> fmri.subject.unique()

array(['s13', 's5', 'sl12', 'sll', 'sl0', 's9', 's8', 's7',
's6', 's4', 's3', 's2', 'sl', 's0'], dtype=cbject)

>>> sns.relplot (x="timepoint", y="signal", hue="subject",
col="region", row="event", height=3,
kind="1line", estimator=None, data=fmri);
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Figure 17.43 Multi scatter plot on tips data.

As usual we examine the dataset using head; however, in this exam-
ple we use the dtypes method to display the types of each column.
What this shows is that timepoint and signal are of types int64 and
floato4 respectively which make them ideal candidates as our x and y
variable. Looking at the other variables, we see that both event and
region have only two distinct values and the subject has 14 different
values. So in putting together our plot subject is best suited to be the
hue, and we can use event and region to be set as the row and col
variables. In the code, we set the col as region and row as event. The
result of this is that the headers for our 2 by 2 plot contains the distinct

combinations of the variables as shown in Eigure 17.44.

Now this plot is fine however you could argue that having 14 variables

in the hue makes it hard to distinguish what's going on. We can quite



easily reduce this down by looking at selecting a subset of data as

shown in Figure 17.45.

>>> fmri['subject'].isin(['s0','sl',"'s2']) .head()

0 False

1 False

2 False

3 False

4 False

Name: subject, dtype: bool

>>> fmri red = fmri[fmri['subject'].isin((['s0','sl','s2'])]
>>> sns.relplot (x="timepoint", y="signal", hue="subject",

col="region", row="event", height=3,
kind="1line", estimator=None, data=fmri_red);
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Figure 17.44 Multi line plot with rows and columns using fmri dataset.

If we only want to look at one variable passed through col, we can set
a col_wrap which will have a max number of plots side by side. In this
case, setting the value to 5 wraps the plots to 5 per line giving three
rows to fit our 14 different subjects. This gives us the effect of setting
rows and columns using just a single variable as shown in Figure
17.46.



>>> sns.relplot(x="timepoint",
col="subject", col wrap=5,
height=3, aspect=.75, linewidth=2.5,
kind="1line",

y="sgsignal",

hue="event",

data=fmri.query("region == 'frontal'"));

style="event",

We next consider plotting categorical data and start by looking at us-

ing the catplot method with the tips dataset.

>>> tips = sns.load dataset("tips")
>>> tips.head()

total bill tip sex smoker
0 16.99 1.01 Female No
1 10.24 1.66 Male No
2 21.01 3.50 Male No
3 23.68 3.31 Male No
4 24.59 3.61 Female No
>>> tips.dtypes
total bill floate4
tip floate4
sex category
smoker category
day category
time category
size inte4
dtype: object
>>> tips(['day'] .unique/()

[Sun, Sat, Thur, Fril]

Categories (4,

object): [Sun, Sat, Thur,

day
Sun
Sun
Sun
Sun
Sun

time
Dinner
Dinner
Dinner
Dinner
Dinner

Fril]

size

L oS N VY R VY

>>> sns.catplot (x="day", y="total bill", data=tips);
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Figure 17.45 Multi line plot with rows and columns using reduced fmri dataset.

The code shown loads the seaborn dataset tips and we look at its
content using the head and dtypes methods. What we see is that
there are some options for categorical data and we look at the individ-
ual values of the day column which unsurprisingly contain some of
the week of the year names (albeit abbreviated). It is also worth not-
ing that the type of this column is category. We can then plot the val-

ues of the total bill split by the day of the week which is in the form of



points grouped by the day and also coloured to distinguish them with

the resulting plot shown in Figure 17.47.
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Figure 17.46 Multiline plot using col wrap.
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Figure 17.47 Catplot of day against total bill from the tips dataset.

Now if we consider the data, we can see some shared values



>>> tips([tips['day']=='Thur'] .sort_values (by='total bill') .head(20)

total bill tip sex smoker day time size
149 7.51 2.00 Male No Thur Lunch 2
195 7.56 1.44 Male No Thur Lunch 2
145 8.35 1.50 Female No Thur Lunch 2
135 8.51 1.25 Female No Thur Lunch 2
126 8.52 1.48 Male No Thur Lunch 2
148 9.78 1.73 Male No Thur Lunch 2
82 10.07 1.83 Female No Thur Lunch 1
136 10.33 2.00 Female No Thur Lunch 2
196 10.34 2.00 Male Yes Thur Lunch 2
117 10.65 1.50 Female No Thur Lunch 2
132 11.17 1.50 Female No Thur Lunch 2
128 11.38 2.00 Female No Thur Lunch 2
120 11.69 2.31 Male No Thur Lunch 2
147 11.87 1.623 Female No Thur Lunch 2
133 12.26 2.00 Female No Thur Lunch 2
118 12.43 1.80 Female No Thur Lunch 2
124 12.48 2.52 Female No Thur Lunch 2
201 12.74 2.01 Female ¥Yes Thur Lunch 2
202 13.00 2.00 Female Yes Thur Lunch 2
198 13.00 2.00 Female Yes Thur Lunch 2

So we can see that we have a shared value on Thursday for the total
bill value of 13.00. In the previous plot, our scatter does not take ac-
count of that so we need a way to deal with this. Luckily, we have a
setting that can be applied to change this. By passing the kind vari-
able and setting it to swarm applies an algorithm to prevent the over-
lapping of the variables and this gives us a better representation of
the distribution as shown in Eigure 17.48. It should be noted that the
default value of kind is strip which gives the plot shown in the previ-

ous example.

>>> sns.catplot (x="day", y="total bill", kind="swarm", data=tips);



Previously we had shown how we could add a hue to a plot to group it
by that value and the same is true when we produce a catplot. Look-
ing through the variable list, we can see that sex is another categori-
cal variable that would work well passed to the hue. The difference
that we see between this and the last plot is that the colour is now dri-
ven by the hue which is to be expected as our other categorical vari-

able is passed through the x variable. This is shown in Figure 17.49.

>>> tips.dtypes

total bill floate4
tip floate4
sex category
smoker category
day category
time category
size inte4

dtype: object

>>> tips['sex'] .unique ()

[Female, Male]

Categories (2, object): [Female, Male]

>>> sns.catplot (x="day", y="total bill", hue="sex",
kind="swarm", data=tips);
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Figure 17.48 Catplot of day against total bill from the tips dataset with kind set to swarm.
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Figure 17.49 Catplot of day against total bill from the tips dataset with kind set to swarm with
hue set to sex.

So far we have dealt with categorical variables in the form of text data
like sex or day, but what if the category could be numerical. In this
next example, we will set the x value to be size which is an integer
and what we see is that the value is treated as a category in a similar
way to what we have seen in the previous example. In the code, you
will also see that we have introduced a new DataFrame method

query which works by passing a query to apply on the DataFrame in



the form of a string. So here we have passed in the query size !=3 so
what we are saying is that we want to get the data where size is not
equal to 3. This could also have been written using Boolean series
where we would look for tips[tips| ‘size’]!=3]. What should be noted is
that catplot will order the x value appropriately based on the numeri-

cal values as shown in Figure 17.50.

>>> sns.catplot(x="size", y="total bill", kind="swarm",

data=tips.query("size != 3"));
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Figure 17.50 Catplot of size against total bill.

The question of ordering a numerical value is relatively simple as you
would expect seaborn to order it using the ascending numerical val-
ue, but for a categorical variable, it is not quite as straight forward. If
we take the example of plotting smoker against tip how do we control

the ordering of the smoker values which are yes and no. To do this



we can use the order argument and set it to be how we want the re-

sponses to be shown as demonstrated in Figure 17.51.

>>> tips.smoker.unique ()

[No, Yes]

Categories (2, object): [No, Yes]

>>> sns.catplot (x="smoker", y="tip", order=["No", "Yes"],
data=tips) ;

We can change the example by using the x axis as total bill and set-
ting the y axis to be the categorical variable day to invert the plot with
the swarm being horizontal as opposed to vertical. In this example,
we also apply the hue and swarm which shows we can achieve the

same result horizontally or vertically as shown in Figure 17.52.

>>> sns.catplot (x="total bill", y="day", hue="time"
kind="swarm", data=tips);
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Figure 17.52 Catplot of total bill against day with swarm and hue of time.

The previous examples have all looked at scatterplots but we can

produce different plots by changing what we pass as the kind argu-

ment. The first such example that will be shown is how we produce a

box plot of our data. To do this, we specify the kind to be box and that

will move us from the default of a scatter plot to a box plot representa-

tion of the data. In the example below, we set the y axis to be the total

bill and the x axis to be day.



>>> sns.catplot (x="day", y="total bill", kind="box", data=tips);

The result of this is a standard box plot but what we see is that data
outside of the whiskers are shown as data points on the plot so every

point of data is represented on it as shown in Figure 17.53.

As we have shown earlier with the scatterplot example, we can add a
hue to our data which then gives us multiple box plots per category
using the colour to distinguish the levels of the hue, which we demon-

strate in Figure 17.54.

>>> sns.catplot (x="day", y="total bill", hue="smoker",
kind="box", data=tips);

The next type of plot we consider is a boxen plot, this is produced
where the kind argument is set to boxen. The example below uses
the diamond dataset and plots the variable colour against price. This
plot is similar to the box plot except for the fact that the data is
grouped beyond the quartiles that a box plot shows as shown in
Figure 17.55. In doing this we can get a better picture of the distribu-

tion of the data given the larger number of groups.
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Figure 17.54 Boxplot using catplot with a hue.
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Figure 17.55 Boxen plot using catplot.



=>> diamonds.head()

carat cut color clarity depth table price X v z
0 0.23 Ideal E SI2 61.5 55.0 326 3.95 3.98 2.43
1 0.21 Premium E 511 59.8 61.0 326 3.89 3.84 2.31
2 0.23 Good E V51 56.9 65.0 327 4.05 4.07 2.31
3 0.29 Premium I vs2 62.4 58.0 334 4.20 4.23 2.863
4 0.31 Good J SIz 63.3 58.0 335 4.34 4 .35 2.75
>>> diamonds.dtypes
carat float64
cut object
color object
clarity object
depth float64
table floate4d
price inté64
X floate4
v floate4d
z floate4
dtype: object
>>> diamonds.color.unigue ()
array(['E', 'I', 'J', 'H', 'F', 'G', 'D'], dtype=ocbject)
>>> sns.catplot (x="color", y="price", kind="boxen",

data=diamonds.sort_values("color"));

The previous example of the boxen plot allowed us to get a better pic-
ture of the distribution with more groups than a box plot; however, our
next example allows us to get the overview given by the box plot
whilst also displaying the information of a box plot. To do this, we set
the kind to violin which gives us a violin plot. In our example, we use
the common total bill and day values that we have used previously;
we apply a hue to the data using the variable time which has the
unique values of Dinner and Lunch. The plot calculates the kernel
density estimate (KDE) with the box plot representation of the data
inside it. The KDE aspect of this plot is something that we will go into

more detail. A KDE looks to represent the data in much the same way



as histogram summarising the distribution. For a histogram, we would
look to set the bin numbers to determine how the plot would look, now
we cannot do this for the KDE aspect of the violin plot instead we
have to set a smoothing parameter. In the example given, you can
see that this is set to 0.15, this is in contrast to the default value 1. The
choice of this parameter is key to how your plot looks as over
smoothing may remove aspects of the dataset. The other argument
that we pass here which we have not seen before is the cut parame-
ter. This is much more straightforward as it determines where we ex-
tend the plot when used with the smoothing value. In this case, we

set the value to 0 which means we truncate at the end of the data.

In the example, we can see that we do not have data points for each
combination of day and time; therefore, for Thursday and Friday, we
have two violins and for Saturday and Sunday we only have the one.
Another interesting consequence is how a single data point is dealt
with as we have only one for Thursday Dinner. In this case, we have
a single line at the point 18.78 representing that total bill value. If we
did not want this, we could remove it from the data before plotting it.

The result of this is shown in Figure 17.56.



>>> tips.head()

total bill tip sex smoker day time
0 16.99 1.01 Female No Sun Dinner
1 10.34 1.66 Male No Sun Dinner
2 21.01 3.50 Male No Sun Dinner
3 23.68 3.31 Male No Sun Dinner
4 24.59 3.61 Female No Sun Dinner
>>> tips.time.unique ()
[Dinner, Lunch]
Categories (2, object): [Dinner, Lunch]
>>> tips.groupby(by=['day', 'time']) .count ()
total bill tip sex smoker size
day time
Thur Lunch 61.0 61.0 61.0 61.0 61.0
Dinner .0 .0 .0 .0 1.0
Fri Lunch 7.0 7.0 7.0 7.0 7.0
Dinner 12.0 12.0 12.0 12.0 12.0
Sat Lunch NaN NaN NaN NaN NaN
Dinner g7.0 87.0 87.0 87.0 87.0
Sun Lunch NaN NaN NaN NaN NaN
Dinner 76.0 76.0 76.0 76.0 76.0
>>> thursday = tips[(tips(['day']l=='Thur')]
>>> thursday.head()
total bill tip sex smoker day time s
77 27.20 4.00 Male No Thur Lunch
78 22.76 3.00 Male No Thur Lunch
79 17.29 2.71 Male No Thur Lunch
80 19.44 3.00 Male Yes Thur Lunch
81 16.66 3.40 Male No Thur Lunch
>>> thursday[thursday['time']=='Dinner"']
total bill tip sex smoker day time
243 18.78 3.0 Female No Thur Dinner
>>> sns.catplot (x="total bill", y="day", hue="tim
kind="violin", bw adjust=.15, cut=0,

data=tips) ;
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Figure 17.56 Violin plot using catplot.

An interesting variation of this is to set the split value to True which
when applied with a hue shows both sets of values in the same violin.
So in this example, we have one violin per day as opposed to two that
we might expect when we normally use hue. In doing this, our box
plot is done on the data as a whole with the split on the violin so you
can compare the overall distribution to the distribution of each cate-

gory of the hue. This example is also good to compare the effect of



the smoothing parameter which is set to the default here compared to
the adjustment applied in the previous example. The resulting plot is

shown in Figure 17.57.

>>> sns.catplot (x="day", y="total bill", hue="sex",
kind="violin", split=True, data=tips);
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Figure 17.57 Violin plot using catplot using a split on the hue.

Next we look at how we can capture variability within our dataset over

categorical data using a bar plot. To achieve this, we pass bar as the



argument to kind which produces a bar plot based on our x and y

variables which are survived and sex with the hue class as shown in

Figure 17.58. The default operation that the bar plot applies to the

data is the mean and as such if we have multiple observations a con-

fidence interval is bootstrapped from the data and shown as a vertical

line at the top of the bar.

»»> import seaborn as sns

>>> import matplotlib.pyplot as plt
=>> 8ns.set (style="ticks",
>»>> tips = sns.load dataset ("tips")

>>> titanic =

survived

T S
[

color codes=True)

sns.load_dataset ("titanic")
=»> titanic.head()

pclass
3 male 22.
1 female 38.
3 female 26.
1 female 35.
3 male 35.

[5 rows x 15 columns]
=»> titanic.dtypes

survived
pclass

sex

age

sibsp

parch

fare
embarked
class

who
adult_male
deck

embark town
alive

alone
dtype: object

>>> sns.catplot (x="sex",

inté64
inté64
cbject
floate4
inte4
inté4
floate4
cbject
category
cbject
bool
category
cbject
object
bool

data=titanic) ;

sex age

y="survived", hue="class",

o o o o o

deck
NaN
C
NalN
C
NaN

embark_town alive
Southampton no
Cherbourg ves
Southampton ves
Southampton yes
Southampton no
kind="bar",

alone
False
False
True
False
True
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Figure 17.58 Bar plot using catplot.

If we are interested in the frequency and not the mean, we can pass
count to the kind argument which gives us a countplot as shown in
Eigure 17.59. Here we have not passed an x value and instead use
the hue argument to group by class with the y value set to deck. What
happens here is that as we are looking to obtain the counts of the
deck variable grouped by class which means the output is the count

per grouping which then becomes the x axis.



>>> sns.catplot (y="deck", hue="class", kind="count",
palette="pastel", edgecolor=".6",
data=titanic);

The examples we have looked at so far have concentrated on rela-
tionships between variables that are explicitly passed to be plot. If we
take the example of the iris dataset, we can be much more loose and
pass the data to the method to get it applied across the dataset. In
this example, the data is of type float for four of the five columns and
passing this into the catplot with the type set as box results in box
plots for these four variables of type float. So we can use seaborn to
be more exploratory when producing plots of our datasets as shown
in Figure 17.60. It should also be noted that we achieved the horizon-

tal box plots by passing the orient argument set to h.
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Figure 17.59 Count plot using catplot.
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Figure 17.60 Boxplot of iris data.




=>> iris =
>>> iris.head()
sepal_length

sepal_ width

sns.load dataset ("iris")

petal length

petal _width species

0 5.1 3.5 1.4 0.2 setosa
1 4.9 3.0 1.4 0.2 setosa
2 4.7 3.2 1.3 0.2 setosa
3 4.6 3.1 1.5 0.2 setosa
- 5.0 3.6 1.4 0.2 setosa
>>> iris.dtypes
sepal_ length floate4d
sepal_width floate4
petal length floate4
petal width floaté64
species object
dtype: object
>>> sns.catplot (data=iris, orient="h", kind="box");
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Figure 17.61 Multiple plots with col in catplot.



Having shown how to apply hue on catplot, we can also use the col
argument to create multiple plots. This is demonstrated using the tips
dataset and plotting a swarm plot of day against total bill with the hue
being smoker, but to extend this we add the col as time which gives
us two plots one for time set to Lunch and one for time set to Dinner.

This is shown in Figure 17.61.

>>> sns.catplot (x="day", y="total bill", hue="smoker",
col="time", aspect=.6,
kind="swarm", data=tips) ;

Next, we look at plotting a single set of data as opposed to one value

against another. We call this a univariate distribution, and for this type
of data, we may want to use a histogram. To demonstrate this, we can
simply generate some random data and then pass this into distplot to
give us a histogram with a KDE fit to our data as shown in Figure
17.62.

>>> import numpy as np

>>> import pandas as pd

>>> import seaborn as sns

>>> import matplotlib.pyplot as plt
>>> from scipy import stats

>>> sns.set (color codes=True)

>>> X = np.random.normal (size=100)
>>> sns.distplot (x);



We can customise the histogram and next we look to remove the
KDE by setting the kde option to False and add a rugplot by setting
the rug option to True as shown in Eigure 17.63. A rugplot shows
every single value of data as lines along the x axis giving us a repre-

sentation of the data.
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Figure 17.62 Histogram with KDE.
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Figure 17.63 Histogram with ruglplot.

>>> sns.distplot (x, kde=False, rug=True) ;

The previous histogram bin values have been the default values that
distplot have used with the dataset. If we want to specify the number
of bins to use, we can just set the bin argument to the value that we
want and the plot will divide into the number of bins requested as

shown in Figure 17.64.

>>> X = np.random.normal (size=100)

>>> % [0:10]

array([-0.4087231, 0.6615343, -1.57704264, 0.56074442, 0.75721634,
-0.18845652, 1.89587154, -0.8917129, -0.48700585, -0.69029233])

>>> sns.distplot (x, bins=20, kde=False, rug=True);
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Figure 17.64 Histogram with bins option set.

Now having covered scatterplots and histograms, we now look at
method which plots both; by using the jointplot method, we get a scat-
terplot of x against y as well as the histograms for each variable in the
x and y axis. In our example, we create two random variables and put
these into a DataFrame. This DataFrame is then passed in as the
data argument and we set x and y arguments to refer to the columns

in our DataFrame with the resultant plot shown in Figure 17.65.



np.random.normal (size=100)
>5>> Y np.random.normal (size=100)
>>> df = pd.DataFrame({'x':x, 'y': y})
>>> df.head()
X Y

-0.926842 0.927292
1.402616 0.056310
.101788 -1.164577
-0.068730 0.469220
0.708112 1.861127
>>> sns.jointplot (x="x", y="y", data=df);
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Figure 17.65 Joint plot.
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Figure 17.66 Pairplot example using iris data.
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The last plot that we will consider in this chapter is the pairplot. In the

example shown, we simply pass in the iris DataFrame and the result

is a plot which shows every value plotted against every other one as

a scatter plot with the distribution of each variable given as a his-

togram where the x and y names are the same as shown in Figure



17.66. Note in the example we have categorical data within the iris

DataFrame yet the pairplot ignores this column.

>>> iris = sns.load dataset ("iris")

>»>> iris.head()

sepal length sepal_ width

0 5.1 3.
1 4.9

2 4.7 3

3 4.6 3

4 5.0 3

>>> sns.pairplot (iris);
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In this chapter, we have looked at plotting in Python and seen how we

can produce simple easy to use through to very complicated cus-

tomisable plots. What this hopefully demonstrates is the power of

Python when it comes to producing plots. The examples shown

should act as a reference for you to refer back to and give you a doc-

ument of some of what can be achieved in Python.



18
APIls in Python

In this chapter, we will cover how to deal with APIs (application pro-
gramming interfaces) using Python. To do this we are going to cover
both how to create and access an API and build examples to do both.
Before we get to writing any code we need to cover what an APl is
and why its useful. An APl is a mechanism that allows communication
between software applications and in this case will cover communica-
tion between an application and a web user. The uses of APIs have
become increasingly popular allowing users to access data or com-
municate with services. They give a unified approach to doing so and
therefore have become an important aspect to become familiar with,

understanding how to communicate with.

We begin by creating our own API to do this. We are going to use the
Python packages flask as well as the package flask-restful. To see if

you have the packages you can try and import them.

>>> from flask import *
>>> from flask restful import *

Now, flask comes by default with the Anaconda distribution of Python

but you may not have flask_restful, if that is the case you will need to



install it. To do so go to https://anaconda.org/conda-forge/flask-restful

to find something like the one shown in Figure 18.1.

Now, while this book has intended to be self-contained and not rely
on many things outside the Anaconda distribution of Python, the url
around things like the Anaconda website and subsequent links within
it may change. If at the time of reading this is the case, then you just
need to search the package list of Anaconda to get this. You could
also do a simple search of conda flask restful using your favourite
search engine and you should find the relevant web pages. You can
then install flask-restful from the command line using one of the con-

da commands given.

With all the packages installed we can then look to create our very
first API, to do so we will work within the confines of a script, so cre-

ate a file called my_flask api.py and add the following in the file.


https://anaconda.org/conda-forge/flask-restful

from flask import Flask
from flask restful import Resource, Api

Flask(_ name_ )
Api (app)

app
api

class HelloWorld (Resource) :
def get (self):
return {'hello': 'world'}

api.add resource (HelloWorld, '/')

if name == ' main_ ‘':
app.run (debug=True)



conda-forge / packages / flask-restful oz:  |EIKSICEIERER

Simple framework for creating REST APIs

B License: BSD 3-Clause

# Home: https://www.github.com/flask-restful/flask-restful/

</> Development: https://www.github.com/flask-restful/flask-restful/
&) Documentation: https:/flask-restful.readthedocs.io/en/latest/

& 72423 total downloads

£ Last upload: 9 months and 29 days ago

Installers

Info: This package contains files in non-standard labels.
conda install @
£ o
To install this package with conda run one of the following:

conda install -c conda-forge flask-restful

conda install -c conda-forge/label/gcc7 flask-restful
conda install -c conda-forge/label/cf201901 flask-restful
conda install -c conda-forge/label/c£202003 flask-restful

Figure 18.1 Example of flask-restful download page.

Let's first run this and then explain what is going on. To do so open up
a terminal or command prompt and change directory to where your

file is living.

Once there run the command Python my_flask_api.py and you will

see something as shown in Eigure 18.2.

What this is doing is starting up your APl and you are now running it

locally on machine. This means that it is accessible by you on your



machine but not available on the world wide web. To demonstrate this
if we open up a web browser we can go to the ip address
http://127.0.0.1:5000/ then we see what is shown in Figure 18.3.

(base) MacBook-Pro-3:23-apis rob$ python my_flask_api.py
% Serving Flask app "my_flask_api" (lazy loading)
% Environment: production

Debug mode: on

Running on http://127.0.0.1:5800/ (Press CTRL+C to quit)
Restarting with stat

Debugger is active!

Debugger PIN: 3087-239-802

Loy ) ey )

Figure 18.2 Display of terminal window upon starting up API.

127.0.0.1:5000/ . -

= C @ @ 127.0.0.1

JSON Raw Data Headers

Save Copy Pretty Print

"hello": "world"

¥

Figure 18.3 Display of API from browser.

How has this all happened? Let's go back and look at the original

code.

from flask import Flask
from flask restful import Resource, Api

Flask( name )
Api (app)

app
api


http://127.0.0.1:5000/

We initially import the relevant objects from both flask and flask_rest-
ful, and using this we create a flask app using the Flask method with
the name of the current module passed invia __name__. This gives
us an app object, and we can then create an api object by passing
the app into the API method. This is our setup stage, next we want to

add an endpoint to it.

class HelloWorld (Resource) :
def get (self):
return {'hello': 'world'}

api.add resource (HelloWorld, '/')

In this code snippet, we create a class named HelloWorld using the
argument of Resource. Within this class we create a method called

get, which simply returns the dictionary of hello with the key world.

if name

== ' main_ ':
app.run(debug=True)

Lastly, show the code that is executed to start the api up. In relation to
the app object we use its run method with the argument of debug set
as True. This makes the api available locally for the user. This block

of code does raise an interesting line of code, namely,

if name == ' main



This is common place within Python but many use it without under-
standing it, and we will attempt to resolve that now. Using an if state-
ment with the == between two variables is pretty straightforward but
whatdo _name__and' main__'mean? As shown when the Flask
object was created, we used the __name__ variable which gives us
the name of the current module. But how does this work, we will show
by an example creating two files that each call the __name__ variable
to show how it behaves. Let us call our first file file_one.py, we put the

following code in there:

out str = 'file one name  is {}'.format(_ name )
print (out_ str)

If we run this code, then we see the output:
file one name is main
Now, we create file_two.py and put in the following code:

out_str = 'file two name  is {}'.format(_name )
print (out_str)

If we run this code, then we see the output:

file two name is main



All sounds sensible but if we now import file_two.py into file_one.py

as follows:

from file two import *
out str = 'file two name is {}'.format(_ name )
print (out str)

We get the following output:

file two name is file two
file one name is main

What does this mean in relation to the original code snippet?
if name == "' main '

Essentially in having that bit of code, it means that if we run the code
from the script that it is in, then we can execute what lives within the if

statement.

So we have our API running on http://127.0.0.1:5000/ if we maintain

the persistence of the script my_flask _api.py. So, keep that running in
the same window you had it going in before. Now if we want to pro-
grammatically get the data from our own API, we need to use the re-
quests package and access the data. If we work in the console we
can interactively access the API running on our own machine using

the following code:


http://127.0.0.1:5000/

>>> import requests

>>> data = requests.get('http://127.0.0.1:5000/")
>>> data

<Resgsponse [200] >

>>> type(data)

<class 'requests.models.Response's>

Now, if you refer back to the window where you are running your API
from, you will notice that a get request was made to the endpoint / at
the time you ran the requests.get method with the url as the argu-

ment. You'll notice that the data variable from the requests.get doesn't
give us the json data that we saw from the website but instead gave
us a response of 200. If we use the dir method around the data object,

then we see the following:

»»> dir (data)

['_attrs_ ', ' _bool ', '_class_ ', '_delattr_ ', '_diet_ ', '_dir_ ',
' doc_ ', ' enter ', ' eg ', ' exit ', ' format_ ', ' ge ',
' getattribute_ ', ' getstate ', '_gt ', ' hash ', ' init_ ',
' _init_subclass__ ', '_iter_ ', ' _le ', ' 1t ', ' module_ ',
' ne ', ' new ', ' nonzerc ', ' reduce ', ' reduce ex ',
' repr ', '_setattr ', '_ setstate_ ', '_ sizeof_ ', '__str_ ',
' subclasshook ', '_weakref ', ' content', ' content consumed',
' next', 'apparent enceding', 'close', 'connection', 'content', 'cookies',
'elapsed', 'enceding', 'headers', 'history', 'is_permanent_ redirect',
'is redirect', 'iter content', 'iter lines', 'json', 'links', 'next', 'ock',
'raise for status', 'raw', 'reason', 'regquest', 'status code', 'text', 'url']

==> data.json()

{'hello': 'world'}

>>> data.status_code

200

>>> data.reason

oK

»>> data.text

"{\n "hello": "world"\n}\n'
=>> data.url
'http://127.0.0.1:5000/"



So, here we can see the methods and attributes of the data object
and we look at a few of these. The json method of the object unsur-
prisingly gives the json that we saw from the endpoint via the web
browser. The status_code attribute returns the status of the web re-
quest that we made here 200,which is a successful request. We will
not cover all status codes within this book, however if you are inter-
ested then they are easily accessible online. Alongside a status code
we also have a reason, here we would expect an informative mes-
sage to alongside our status code. The text representation of what is
returned is also available alongside the url we used. What is clear is

that we get a lot of information back from our request.

Now this is a good first example, but it only demonstrates the get re-
quest and actually the information isn't that useful as we only get
back some simple json. What we will do next is create an API that al-
lows us to get, post, and delete information from a small movie data-
base that we will add to the code. The full code is shown below and

as usual we will step through it line by line:



from flask import Flask
from flask restful import regparse, abort, Api, Resource

Flask(_ name_ )
Api (app)

app
api

film dict = {
"1': {'Name': 'Avengers: Infinity War', 'Year': 2018, 'Month': 'March'},
'2': {'Name': 'Ant Man and the Wasp', 'Year': 2018, 'Month': 'August'},

def abort_if todo_doesnt_exist (film_id):
if film id not in film dict:
abort (404, message="Film {} doesn't exist".format (film_id))

parser = regparse.ReguestParser()
parser.add_argument ('name')
parser.add_argument ('year')
parser.add argument ('month')

class Films (Resource) :
def get(self, film_id):
abort_if_todo_doesnt_exist (film id)
return film dict[film id]

def delete(self, film_ id):
abort_if todo_doesnt_exist(film_id)
del film dict[film_id)
return '', 204

def put(self, film_id):
args = parser.parse_args ()
task = {'Name': args['name'],
'Year': args|['year'],
'Month': args['month']}
film dict[film id] = task
return task, 201

class FilmDict (Resource) :
def get (self):
return film dict

api.add_resource (FilmDict, '/films')
api.add_resource (Films, '/films/<film_id>"')

if name == '_main_':
app.run (debug=True)



The imports that we use within this API are as follows:

from flask import Flask
from flask restful import regparse, abort, Api, Resource

This is similar to what we used in the hello world example. However,
now there are two more imports from flask_restful, namely regparse

and abort. Regparse is an argument parser that we can make use of
to process arguments sent with the web request to the APl as shown

below:

parser = regparse.RequestParser ()
parser.add argument ('name')
parser.add argument ('year')
parser.add argument ('month')

Here, we create a RequestParser and then add arguments, name,
year, and month, which we will pass when we need to add a film.
Adding this doesn't allow us to get the arguments, to do this we need
to parse them out and later in the code we have the following snippet

of code:

args = parser.parse args|)

What this does is parse the arguments from the RequestParser and

then store them in a dictionary.



The abort import is used in a custom function that we use to send an

appropriate message if the film:id doesn't exist.

def abort_if film doesnt_exist (film_id) :
if film id not in film dict:
abort (404, message="Film {} doesn't exist".format (film id))

Here, we pass the film:id as an argument and if the id doesn't exist in
the dictionary then a 404 is given with a custom message relating to
the film that doesn't exist. We use this function in a number of places

within the code as we will show.

Next, we consider the two classes that are in the code namely Films

and FilmDict. The first of these looks as follows:



class Films (Resource) :
def get (self, film id):
abort if film doesnt exist(film_ id)
return film dict[film_id]

def delete(self, film_id):
abort if film doesnt exist (film_id)
del film dict [film id]
return '', 204

def put(self, film id):
args = parser.parse args()
task = {'Name': args['name'],
'Year': args|['year'],
'Month': args|['month'] }
film dict[film id] = task
return task, 201

This class defines get, delete, and put methods which do, as you
would think, what it says on the tin and gets a film, deletes a film, and
puts a film in our dictionary. Notice that in the get and delete meth-
ods, we use our abort_if _film:doesnt_exist function to first check if the
film exists and sends the appropriate error message and status code.
Note that we could have done it in each method but if we ended up
with 20 different methods that would be lots of repeated code. The ac-
tual nuts and bolts of what this code does is pretty straight forward
and uses dictionary methods covered within this book. Note that for
the delete and put methods we return a status code alongside an

empty string for the delete method or the task for the put method.



class FilmDict (Resource) :
def get (self):
return film dict

The next class only has a single get method and returns our entire
database of films, but why have this as a separate class? This is be-
cause we add this to a separate url as shown in the following code

shippet:

api.add resource(FilmDict, '/films')
api.add resource(Films, '/films/<film id>")

Now, the FilmsDict class be accessed at the films url, if we want to
get, delete, or put a film based on an id and we do so via the /films/

ifilm:idg,.

if name = ! main .

app.run (debug=True)

And as before we run the app in debug mode. To get this running we
change directory to where the code lives and run the script at which
time we will have the API available on http://127.0.0.1:5000/ so if we

navigate to http://127.0.0.1:5000/films which shows us the list as

shown in Eigure 18.4.

We can pass an id of a film that exists and get the result shown in

Figure 18.5.


http://127.0.0.1:5000/
http://127.0.0.1:5000/films

127.0.0.1:5000/films =N 4

¢ @ 0 127.0.01

JSON Raw Data  Headers

Save Copy Collapse All Expand All Filter JSON

Name: “Avengers: Infinity War"
Year: 2018
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Figure 18.4 Display of APl from browser getting all films.
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Figure 18.5 Display of API from browser getting film id 1.

o0 127.0.0.1:5000/films/3 X +

= Cc @ [ 127001

JSON  RawData Headers

Save Copy Collapse All Expand All ¥
message: "Film 3 doesn't exist"

Figure 18.6 Display of API from browser getting film id 3.

If we enter the id for a film that isn't already in our database we get

the message shown in Figure 18.6.

Now, if we want to use the API to add or delete films we can do so us-

ing the requests library. So, let's show some code examples.



>>> import regquests

>>> ¥ = reguests.get('http://127.0.0.1:5000/films"')

>>> r.json()

{'1': {'Name': 'Avengers: Infinity War', 'Year': 2018, 'Month': 'March'},
'2': {'Name': 'Ant Man and the Wasp', 'Year': 2018, 'Month': 'August'}}
>>> r = requests.get('http://127.0.0.1:5000/£films/1"')

>>> r.json()

{'Name': 'Avengers: Infinity War',K 'Year': 2018, 'Month': 'March'}

So, we can call the same urls that we did before from the browser us-

ing requests. Now, let's show how to add and delete using the api.

>>> r = requests.delete('http://127.0.0.1:5000/films/1")
>>> I,Ctext

L |

>>> r.status code
204

To delete a film based on the id, we use the delete method and pass
in the url and note that the text and status code match that mentioned
within the APl code. Now, to add that record back in we can use the

put method.



>>> ¥ = reguests.get('http://127.0.0.1:5000/films")
>>> r.json()

{'2': {'Name': 'Ant Man and the Wasp', 'Year': 2018, 'Month': 'August'}}
»>>> ¥ = requests.put('http://127.0.0.1:5000/films/1",
data:{'name': 'Avengers: Infinity War',
'year': 2018,
'month': 'March'})
=>> r.json()
{‘Name': 'Avengers: Infinity War', 'Year': '2018', 'Month': ‘March'}

>>> r.status code

201

>>> r = reguests.get('http://127.0.0.1:5000/£films")

>>> r.json()

{r2': {'Name': 'Ant Man and the Wasp', 'Year': 2018, 'Month': 'August'},
'1': {'Name': 'Avengers: Infinity War', 'Year': '2018', 'Month': 'March'}}

Now, we can see that we had only the film with id 2 available so using
the put method with the same arguments as the regparser means we
can use the data argument to populate id 1. In sending the put re-
quest we get back the data in the form it has been added with the
variable names matching what we have in the API. Lastly, we check
that it was added correctly by calling the http://127.0.0.1:5000/films
and getting all the films we have, which shows the film with id 1 was
added back in.

So far our APl has been public but what if we want to secure it in
some way? To do so we need some authentication on our API, and

below we discuss some of the options available to us.

Basic Authentication Mentioned above is the definition of basic au-
thentication (Basic Auth) which is a server asking for a username and

a password (e.g. to a personal social media account) to allow access


http://127.0.0.1:5000/films

to private data (though there are potential security risks to be aware
of if this data is not encrypted as it is transferred). Basic Auth is per-
formed over HTTP and is encrypted using SSL to protect the user-
name and password being transmitted. Note that Basic Auth can be
done without SSL but sensitive data will be transmitted over HTTP
unencrypted which is an extreme security risk. Basic Auth is a simple
authentication technique which makes coding it into scripts a relative-
ly straightforward process. However, since it relies on the use of a
username and password to access the APl and manage the account
associated with it, this is not ideal. It is like you lending your car keys
to your friend and the keys can open everything in your house and
workplace as well. Put differently, if you give your social media user-
names and passwords out to scripts, those scripts will end up having
a far greater access to your personal social media accounts than you

might like!

API Key Authentication API key authentication is a technique that
overcomes the weakness of Basic Auth by requiring the API to be ac-
cessed with a unique key. The key is usually a long series of letters
and numbers that is completely separate from the user's login details
(e.g. username and password). As such, APl keys can be intentional-
ly limited for security reasons, so that they provide access only to the
bits of data and services users we need, rather than granting access

to everything.



OAuth Token OAuth is a prevailing standard that applications can
use to provide client applications with secure access that operates
using the principles of API key authentication. OAuth authorises de-
vices, APls, servers and applications with access tokens rather than
credentials. When OAuth is used to authenticate a connection to a
server an authentication request is sent from the client application (in
the present case, a Python script that we build) to an authentication
server. It is the authentication server that generates the OAuth token.
The token is returned to the client application over HTTPS, which
then passes it to the API server. You may have come across websites
or apps that ask you to login with your Google, Facebook, or Twitter
account. In these cases Google, Facebook, or Twitter are acting as
an authentication server. Note that an authentication server doesn't
need to be a third-party server, but will generally be a different server

to the one providing data.

In the last example of this chapter, we will create an API that uses ba-
sic authentication to authenticate a web request. The full code is

shown as follows:



from flask import Flask

from flask restful import Resource, Api
from flask httpauth import HTTPBasicAuth

app = Flask( name )
apli = Api (app)
auth = HTTPBasicluth()

USER_DATA = {
"admin": "atCh_ 5K}?2g"

@auth.verify password
def verify(username, password):
if not (username and password)
return False
return USER DATA.get (username)

class HelloWorld(Resource) :
@auth.login required
def get (self) :
return {"Hello": "World"}

== password

api.add resource (HelloWorld, '/hello world')

if name == ' main_ ':
app.run (debug=True)



Now much of this code is similar to what we have seen before, so we

will just go over the new elements of which there are two.

from flask import Flask
from flask restful import Resource, Api
from flask httpauth import HTTPBasicAuth

app Flask( name )
api = Api (app)
auth = HTTPBasicAuth()

1]

USER_DATA = {
"admin": "atCh 5K}?g"

}

In the above block of code we add in the HTTPBasicAuth from
flask_httpauth, you may need to install this package so refer back to
earlier in the book where we showed you where to find the command
for a specific package. With this imported we create a HTTPBasic-
Auth() object and assign it to auth. We then create a dictionary con-
taining user data which has a username and password as key and

value.



@auth.verify password
def verify(username, password) :
if not (username and password) :
return False
return USER DATA.get (username) == password

class HelloWorld (Resource):
@auth.login required
def get (self):
return {"Hello": "World"}

Next, we create a verify function which takes the username and pass-
word as arguments and returns True if the value of the dictionary call
using the username gives the password we have. Note that we use
get method of the dictionary so we don't get a key error. This is deco-
rated this with the auth verify password. We can then use the deco-
rator auth.login_required on our get method that means we must be
logged in to get the return of the HelloWorld class. The resource is
added to the endpoint /hello_world and we run the APl in the way we

have done in the previous examples.

With the API running we can then attempt to access the endpoint
http://127.0.0.1:5000/hello_world using the requests library.


http://127.0.0.1:5000/hello_world

>>> r = requests.get ('http://127.0.0.1:5000/hello world')

>>> r.status code

401

3> T = requests.get{'http:jflz?.U.G.l:EDOG!hello_world',
auth=('admin', 'atCh 5K}?g'))

>>> r.status_code

200

>>> r.jsonl)

{'Hello': 'World'}

In the first example, we use the standard get method and get back
the status code of 401 which refers to us being unauthorised. So to
become authorised in the second example we pass a tuple of user-
name and password to the auth argument and we get access to the

endpoint and see we get back the expected json response.

In this chapter, we have covered API's how to create then and how to
access them. All examples have been run locally on our machine
however Python is a great tool for production quality APIs. The exam-
ples relating to how to access APls are particularly useful for those
wishing to work with different data sources as APIs are common
place as a solution to allow users to interact with. While requests are
great for interfacing directly with APIs you may find packages that

wrap up some of the complexity associated with providers APIs.



19
Web Scraping in Python

The last chapter of the book covers the concept of web scraping. This
is the programmatic process of obtaining information from a web

page. To do this we need to get up to speed on a number of things:

o html
« Obtaining a webpage

« getting information from the webpage

To do this we will create our own website using Python that we will

scrape with our own code.

19.1 An Introduction to HTML

HTML stands for Hyper Text Markup Language and is the standard
markup language for creating web pages. It is essentially the lan-
guage that makes up what you see on the internet. An HTML file tells
a web browser how to display the text, images, and other content on
a webpage. The purpose of HTML is to describe how the content is
structured and not how it will be styled, and rendered within a web
browser. To render the page you need to use a cascading style sheet

(CSS) and an HTML page can link to a CSS file to get information on



colours, fonts, and other information relating to the rendering of the

page.

HTML is a markup language, so in creating HTML content you are
embedding the text to be displayed alongside how the text should be
displayed. The way this is done is by using HTML tags which can
contain name-value pairs which are known as attributes. Information
within a tag is known as an HTML element. Well-formed HTML
should have an open and a close tags, and before you start a new tag

you should close off your old tag.

Now, that we have described what HTML is we will give some exam-
ples of how you create elements within it and show how to put togeth-
er a page. Let's start by looking at some tags. It is important to re-
member that when we open a tag we close it with a / (forward slash).

Let's demonstrate with a header tag.

Header

This is how we define a header

<h>This is how we define a header</h>

Here, we see that to open the tag we have

<hl>



and to close it we have
</hl>
Paragraph
Next, we show how to tag a paragraph:
<p>This is how we define a paragraph</p>

Define

Here, we show how to define a tag, which is how we have embedded

a hyperlink:

<a href='https://www.google.com">This is how we define a link</a>

Table

The next HTML tag is for a table which is a bit more complex than

what we have covered before.



<table>
<tr>
<th>Name</ths>
<th>Year</th>
<th>Month</th>
</tr>
<tr>
<td>Avengers: Infinity War</tds
<td>2018</td>
<td>March</td>
</tr>
<tr->
<td>Ant Man and the Wasp</td>
<td>2018</td>
<td>RAugust</td>
</tr>
</table>

So the first thing we need to define for a table is the table tag:
<table></table>

Next, we need to define the rows in the table using the table row tag

this is denoted using:
<tr></tr>
Here, we have three rows defined.

In each row we need to have some data so you'll see we use



<th>
and

<td->
tags. The

<th>
tags refer to the table header and

<td->

the table data. So here we have the headers being Name, Year, and

Month and then the next two rows are the table data.

Thead and Tbody

There are two other tags that we can add to this table and that is the
thead and tbody tag. Within a table these can separate out the head

and body of the table. They are used as follows:



<table>
<thead->
<tr>
<th>Name</th>
<th>Year</th>
<th>Month</th>
</tr>
</thead>
<tbody>
<tr>
<td>Avengers: Infinity War</tds
<td>2018</td>
<td>March</td>
</tr>
<tr>
<td>Ant Man and the Wasp</tds>
<td>2018</td>
<td>Auguste</td>
</tr>
</tbody>
</table>

Div

The last tag we will introduce is a div tag. This is a tag that defines a
section in the html. So linking back to the previous table example we
can put a div tag around it. In putting html within a div we can apply

the format to the whole section covered by it.



<div>
<table>
<thead>
<tr>
<th>Name</th>
<th>Year</th>
<th>Month</th>
</tr>
</thead>
<tbody>
<tr>
<td>Avengers: Infinity War</td-
<td>2018</td>
<td>Marche</td>
</tr>
<tr=
<td>Ant Man and the Wasp</td>
<td>2018</td>
<td>August</td>
</tr>
</tbody>
</table>

</divs>
HTML Attributes

Having defined lots of the tags, we will now discuss the attributes of
these tags. Attributes provide us with additional information about the
elements. We will show how these relate back to the tags we defined
earlier. Let's begin by showing an example of an attribute applied to

an



zda>
tag.
<a href='https://www.google.com">This is how we define a link</a>
Here, the href is the attribute and it specifies what the url is.

We could also add a title to a tag which would result in the value be-

ing displayed as a tooltip (when you hover over it).

<p title="It will show when you hover over the text">
This is how we define a paragraph.</p>

Id and Classes

Having introduced attributes, we will now look at two important ones
which can help us locate elements within html, these are the id and
class attributes. An id element is unique to that html element whereas
a class can be used in multiple elements. Let's demonstrate this by

looking at three headers with associated information.



<!-- A unique element -->
<hl id='myHeader'sMCU Films</hl>

<!-- Multiple similar elements -->
<h2 class='film'>Avengers: Infinity War</h2>
<p>Can Earth's mightiest heroes protect us from the threat

of Thanos?</p>

<h2 class='film'>Ant Man and the Wasp</h2>
<p>Following the events of Civil War will Scott Lang don the
Ant Man suit again?</p>

<h2 clags='film">Captain Marvel</h2>
<p>Plot Unknown.</p>

Here, we have one header with an id attribute. This unique attribute
specifically identifies that header. The remaining headers all have the
same class film which has been applied to each one. This is only in-
tended as a brief introduction to html so while this will help us in the
remainder of the chapter it is not a comprehensive exploration of all
things html so if you are interested there are lots of resources online

which cover html.

19.2 Web Scraping

Having introduced html and how it works, we now move onto how we
obtain that data using Python. When we think of web scraping, we
generally think of the process of getting and processing data from a
website. Actually this can be broken down into two distinct processes:

web crawling and web scraping.



« Web crawling is the process of getting data from one or more urls
which can be obtained by traversing through a websites html. For
example say a website has a front page with lots of links to other
pages and you want to get all the information from all the links, you
would traverse through all the links programmatically and then visit
all the relevant pages and store them.

« Web scraping is the process of getting the information from the
page in question so in the previous part you would have to scrape
the page to get the links that you want to traverse. When you
scrape the page you would programmatically get the information
from the page and when you have that you would be able to store

or process the data.

Given scraping plays an important part in the whole process the com-
bination of crawling and scraping will be referred to as web scraping.
In scraping a page there is no code of conduct that you sign up to.
However, as soon as you try to get data from a website there are

some things to note that are important.

« Check if you are allowed to get and use data from a given website:
While you may think that any data on the website is fair game, it is
not always the case. Check the website's terms of use as while
they may not be able to stop you obtaining the data via web scrap-
ing they may have something to say that if they see the data used

in any research so be careful. The issues around legality of getting



data from the web are really important and if you are in any doubt
please get legal advice. The examples used in this book will in-
volve creating our own web page locally and getting the data from
it SO we are covered.

Check if there is a fair usage policy: Some websites are happy for
you to scrape the data as long as you do it in an appropriate way.
What do we mean by that? Well, every time you make a call to a
website you are providing traffic to that site. By doing this via a
computer you can send a lot of traffic to a site very quickly and this
can be problematic to the site. If you are seen to do this your IP ad-
dress can be blocked from the site which would mean you wouldn't
be able to access the site in question. So what you need to consid-
er is how often you plan to run code to hit certain websites and
what is appropriate and necessary for you and whether the site will
allow you to do. For code that does a call to a single url, it is just
about how often you run it, however, if you wrote a code that
crawled across lots of urls and brought back the data from them,
then you would need to ensure that your code is running at an ap-
propriate speed. To do this you would need to consider adding
time delays to what you do to ensure that you are not sending ex-
cessive traffic to the site.

Robots.txt: Again, linked to the above points, if you go to the web-
sites url/robots.txt you will get information on what web crawlers

can and can't do. If present, then it's expected that this is read to



understand what can and can't be scrapped. If there is no robot-
s.txt, then there is no specific instruction on how the site can be
crawled. However, don't assume you can scrape everything on the

site.

Ultimately you need to take care when scraping a website and if they
have an application programming interface (API) available then you
should be using that. If you are unsure please get the appropriate ad-
vice. Before you can start crawling the site and scraping the data you
need to understand the page. Python cannot just get you the data
you want, instead you need to tell it how to find the data you are after.

So you need to understand how the html works and where to look.

To inspect the page you have a couple of options.
Through a Web Browser

You can use the tools of the web browser to inspect what HTML
refers to what elements of the page. The manner in which you can in-
spect is specific to the browser itself. Ultimately, it involves you se-
lecting the element of the page and inspecting the corresponding
HTML and then it showing what the html refers to that element. Differ-
ent browsers have different ways of inspecting the pages they show
so refer to the documentation around the specific browser that you

are using.



Saving the Page and Physically Searching

You can physically save the page and then search for the name or
value of certain text and in the same way determine what html refers
to that element. Ultimately what you are trying to do is learn what htmi
refers to what values in the website. This isn't an exact science due to
the fact html can be written in different ways. The key is understand-
ing the definitions of html and how they fit together and then use this
to understand what you need to access in the html. With any piece of
code you need to plan ahead and with parsing html you need to de-

velop a plan for how you want to get the data from the html.

So going back to what we mentioned at the start, we described web
scraping and web crawling. Web crawling is the process of actually
accessing the data from a url or multiple urls. To do this we need a
mechanism to do this, luckily making a web request can be in the
same way we accessed an API endpoint in the Chapter so we will
use the requests library. This will be demonstrated later in the chapter

where we setup our own webpage.

Having a mechanism to get the data is great but we also need to
process what we get back so we need a Python library that can do
this. Python has many options and this book isn't intended to be a re-

view of the best packages for processing html as the landscape is



constantly changing. Instead we will cover one specific parser namely

BeautifulSoup.

BeautifulSoup

BeautifulSoup is not only an html parser but can also parse xml by
using the Ixml library which we covered earlier in the book. The way
that BeautifulSoup works is that it takes advantage of other parsers.

So, to run BeautifulSoup you would:

>>> from bs4 import BeautifulSoup
>>> BeautifulSoup (content to be parsed, "parser name")

Here content_to_be_ parsed is the content from the site which could
have been obtained using requests as shown before and the ‘parser
name’ is the name of the parser to use. The four examples of these

parsers are:

« html.parser: This is the default Python html parser. It has decent
speed and is lenient in how it accepts html as of 3.2.2.

o Ixml: This is built upon the Ixml Python library which is built upon
the C version. It's very fast and very lenient.

o Ixml-xml or xml: Again built upon Ixml so similar to above. Howev-
er, this is the only xml parser you can use with BeautifulSoup. So,
while we introduced how to parse XML with Ixml, you could also do

the same in BeautifulSoup.



« htmllib5: This is built upon the Python html5lib and is very slow,
however, it's very lenient and it parses the page in the same way a

web browser does to create valid htmls.

Now, for the rest of this section we will concentrate on using the htm-

l.parser. So to create soup we can do as follows:

>>> import requests

>>> from bs4 import BeautifulSoup

>>> url = "some url"

>>> r = requests.get (url)

>>> response text = r.text

>>> soup = BeautifulSoup (response text, "html.parser")

Now, this will have transformed the html into a format where we can
access elements within it. What we will show now are the methods

available to us.

>>> text = '<b class="boldest">This is bold</b>'
>>> soup = BeautifulSoup (text, "html.parser")

>>> S0oup

<b class="boldest">This is bold</b>

Now we can access this tag as follows:

>>> tag = soup.b
==>> tag
<b class="boldest">This is bold</b>



Now, if we had multiple b tags using soup.b would only return the first

one.
>>> text = """<b class="boldest">This is bold</b>
<b class="boldest">This also is bold</b>"""
>>> soup = BeautifulSoup (text ,"html.parser")

>>> tag = soup.b
>>> tag
<b class="boldest">=This is bold</b>

So, we won't get all the b tags back only the first one. The tag itself

has a name which can be accessed as follows:

>>> tag.name
b

The tag also has a dictionary of attributes which are accessed as

follows:

>>> tag.attrs

{"class": ["boldest"]}
>>> tag["class"]
["boldest"]

Now, let's have a look in a more complicated example. If we look at

something like a table we can parse it as follows:



>»>> text = """ <table>
<tr>
<th>Name</th>
<th>Year</th>
<th>Month</th=
</tr>
<tr:
<td=Avengers: Infinity War</tds>
<td>2018</td>
<td>March</td=>
</tr>
<tr>
<td=>Ant Man and the Wasp</td>
<td>201B</td>
<td>August</td>
</tr>
{ftablebll nn
»>>> text
' <table>\n <tr>\n <th>Name</th>\n <th>Year</th> \n <th>Month</th>\n
</tr>\n <trs\n <td>Avengers: Infinity War</tds\n <td>2018</td> \n
<td>March</td>\n </tr>\n <tr>\n <td>Ant Man and the Wasp</tds>\n
<td=2018</td> \n <td>August</td>\n </tr>\n</tables'
>>> soup = BeautifulSocup(text, "html.parser")
=>> Soup
<table>
<Lr>
<thsName</th>
<thsYear</ths>
<th>Month</th>
</trs
<tr>
<td>Avengers: Infinity War</tds
<td>2018</td>
<tdsMarche</td>
</tr=
<tr>
<tds>Ant Man and the Wasp</tds
<td>2018</td>
<tdsAuguste</tds
</tr>
</table>

Now, we can access elements of the table by just traversing down the

tree structure of the html.



>>> soup.table
<table>

<tr=>

<th>Name</th>
<th>Year</th>
<th>Month</th>

</tr>

<tr=

<td>Avengers: Infinity War</tds
<td>2018</td>
<tdsMarch</td>

</tr>

<tr>

<td>Ant Man and the Wasp</td>
<td>2018</td>
<tds>August</td>
</tr>

</table>

>>> soup.table.tr
<tr=>

<th>Name</th>
<th>Year</th>
<th>Month</th>

</tr>

>>> soup.table.tr.th
<th>Name</th>

Now, in each example we get the first instance of the tag that we are
looking for. Assume we want to find all tr tags within the table we can

do so as follows using the findAll method.



>>> soup.find all("txr")

[<tr>

<th>Name<,/th>

<th>Year</th>

<th>Month</th>

</tr>, <tr>

<tdsAvengers: Infinity War</tds>
<td>2018</td>

<td>March</td>

</tr>, <tr>

<td>Ant Man and the Wasp</td>
<td>2018</td>

<td>August</td>

</tr>]

So, here we get back a list of all the tr tags. Similarly, we can get back

the list of td tags using the same method.

>>> tags = soup.find all("td")

>>> tLags

[<td>Avengers: Infinity War</td>, <td>2018</td>, <td>March</td>,
<td>Ant Man and the Wasp</td>, <td>2018</td>, <td>August</td>]

So with regards to getting data out if we look back and consider our
original table, we can use the find all method to get all the tr tags and

then loop over these and get the td tags.



>>> table rows = soup.find all("tr")

>>> table rows

[«<tr>

<th>=Name</th>

<th>Year</ths>

<th>Month</th>

</tr>, <tr>

<td>Avengers: Infinity War</tds
<td>2018</td>

<td>March</td>

</tr>, <tr>

<td>Ant Man and the Wasp</tds>
<td>2018</td>

<td=August</tds>
</tr>]

>>> headers = []
>>> content = []

>>> for tr in table rows:

header tags = tr.find all("th")

if len(header tags) = O:

for ht in header tags:

headers.append (ht.text)

else:
row = []

row_tags = tr.find all("td")

for rt in row_tags:

row.append (rt.text)

content.append (row)

>>> headers
["Name', 'Year', 'Month']
>>> content

[['Avengers: Infinity War', '2018', 'March'],

['Ant Man and the Wasp', '2018',

'August']]



What we are doing here is looping over the high level tr tags to get
every row and then looking for the th tags and if we find them, we
know its the table header and if not we get the td tags and associate
both with the appropriate list namely headers or content. The impor-
tant thing to note here is that we know the structure of the data as we
will have inspected the html so we build the parsing solution knowing

what we will get.

So, we have introduced the find_all method in a single table. But if we
had two tables and the table we wanted had a specific id we could

use the find method as follows:



>>> text = """<table id="unique_ table"=»
<trs<thsName</ths<th>sYear</th><thsMonth</th></trs<trs
<tds>Avengers: Infinity War</td><td>2018</td>" \
"std>Marche/td></tr><tr>
<td>Ant Man and the Wasp</td><td>2018
</tds><td>August</td></tr>\n</tables" \
"<table id="second_table":
<trs><th>Name</th><th>Year</th><th>Month</th></trs<tr>
<td>Avengers: End Game</td><td>2019</td>" \
"etd=April</td></tr>
<tr><td>Spider-man: Far from home</td>
<td>2019</td><td>June</td></tr>\n</table>
.. <table id="other table"s><tr><th>Name</th>"""
»>>> soup = BeautifulScup(text, "html.parser")
>>> Soup
<table id="unigue table"s
<tr><th>Name</th><th>Year</th><th>Month</th></tr><tr>
<td>Avengers: Infinity War</td><td>2018</td>" "etd=Marche/td></tr><tr>
<td>Ant Man and the Waspe</td><td>2018
</td><td>August</td></tr>

</table>" "ctable id="second table"s>
<trs<thsName</ths<thsYear</ths><thsMonth</ths</trs<trs>
<td>Avengers: End Game</td><td>2019</td>" "etdsRpril</td></tr>

<tr><td>Spider-man: Far from home</td>
<td>2019%</td><td>Junec</td></tr>

</table>

<table id="other table"s<tr><th>Name</th></tr=</table>
>>> table = soup.find("table", id="second table")

>>> table

<table id="second_table">
<trs<th>Name</th><th>Year</th><th>Month</th></tr><tr>
<td>Avengers: End Game</td><td>2019</td>" "etd>Aprile</td></tr>
<tr><td>Spider-man: Far from home</td>
<td>2019</td><td>June</td></tr>

</table>

And we can get the data from this table in a similar way as before but
again we can take advantage of the find method to find the text in the

specific element.



>>> table rows = table.find all("tr")
>>> table rows
[ctr><thsName</th><th>Year</th><th>Month</th></tr>, <tr>
<td>Avengers: End Game</td><td>2019</td>" "
<td>April</td></tr>, <tr><td>Spider-man: Far from home</td>
<td>2019</td><td>June</td></tr>]
>>> headers = []
>>> content = []
>>> for tr in table rows:
header tags = tr.find all("th")
if len(header tags) > O0:
for ht in header_ tags:
headers.append (ht .text)
else:
row = []
row_tags = tr.find all("td")
for rt in row tags:
row.append (rt.text)
content .append (row)

>>> headers

["Name', 'Year',kK 'Month']

>>> content

[['Avengers: End Game', '2019', 'April'l],
['Spider-man: Far from home', '2019', 'June']]

This shows that when we have multiple tables we can obtain the in-
formation from a specific one, this is really dependent on the table

having an id attribute which made the process much easier.

So, we now know how to process html, and the next stage is to grab
data from a website and then parse that data using Python. To do this

we will build our own website locally which we will grab data from and



parse the results. Given we have covered the libraries to get and

process the data how do we go about creating a website?

As in the Chapter , we will use the package Flask to create a simple
website that we can run locally and then scrape the data from. Let's
just get started and write a hello world example to show how it will

work. Here, we will create a file called my_flask_website.py and put

the following code in it:

from flask import Flask
app = Flask( name )

@app.route('/")
def hello world():
return 'Hello World'

if name == ' main_':
app.run{)

Now, if you think back to the Chapter what we have here is a reduced
down version of what we used to create our APIl. We import Flask
from the flask package and then create ourselves an app. Unlike with
the APl where we created a class we simply define a hello_world

function which returns the string Hello World.

@app.route('/")
def hello world():
return 'Hello World'



Again we use the syntax:

if name == ' main ':
app.run (debug=True)

to run our application. As with the API we built if we open a terminal
or command prompt and move to the location of the file and run the
code using Python my_flask_website.py then we will get a web page

as shown in Figure 19.1.

(base) MacBook-Pro-3:21-web-scraping rob$ python my_flask_website.py
* Serving Flask app "my_flask_website" (lazy loading)
*x Environment: production

Debug mode: on

Running on http://127.0.0.1:5000/ (Press CTRL+C to quit)
Restarting with stat

Debugger is active!

Debugger PIN: 213-110-979

Figure 19.1 Display of website from terminal.

127.0.0.1:5000/ x +

<« c w © O 127001

Hello World

Figure 19.2 Display of website from browser.

If we then go to the address on a web browser we will see a web

page as shown in Figure 19.2.



Now, one part of the code that we didn't cover was the use of @ap-
p.route this is an example of a decorator. In this is an example its pur-
pose is to bind a location to a function. So when we apply the

following:

@app.route('/")
def hello world():
return 'Hello World'

What we are doing is mapping any call of http://127.0.0.1:5000/ to the
function hello_world so when that url is called the hello_world function
is executed and the results displayed. This is a specific use of a deco-
rator in general decorators are functions that can take functions as an
argument. The best way to explain is by demonstration so we could
decorate the hello_world function with a decorator that make a string

all lowercase.

def make_uppercase{functian]:
def wrapper/|() :
func = function()
lowecase = func.lower ()
return lowercase

return wrapper

What this function does is take in another function as an argument
and then run the wrapper function in the return statement. The func-

tion wrapper then runs the function that is passed in to make _upper-


http://127.0.0.1:5000/

case and take the output from it and make it lowercase and return

that value. Let's demonstrate with one example (Figure 19.3).

o0 127.0.0.1:5000/ X +

C @ © D 127001

hello world

Figure 19.3 Display of website from with lowercase decorator applied.

from flask import Flask
app = Flask(_ name )

def make lowercase (function):
def wrapper() :
func = function()
lowercase = func.lower ()
return lowercase

return wrapper

@app.route('/"')

@make lowercase

def hello world():
return 'Hello World'

if name == ' main_ ':
app.run/()



We have our website up and running, so let's programmatically get
the data from it. To do this we can use requests in the same way we

did in the API chapter to obtain a get request.

>>> import requests

>

>>> r = requests.get('http://127.0.0.1:5000/")
>>> r.text

'Hello World'

Notice that this time we looked at the text attribute as opposed to the
json method and that is because the content of our website is not
json. This is all well and good but its not much of a challenge to
process the data mainly because its not in html format (Eigure 19.4).
We can change that pretty easily by just modifying the code in our

flask application so let's change the output hello world as follows:

o000 127.0.0.1:5000/ X +

< c @ © O 127.0.01:5000

Hello World

Figure 19.4 Display of website from browser with html.



from flask import Flask
app = Flask(_ name )

@app.route('/")
def hello world() :
return '<h>Hello World</h>'

if name == ' main_':
app.run/()

With our flask application running we can see the following on the

web browser:

It looks pretty similar to what we saw before, so what has changed? If
we run the code to get the data from the webpage we get the

following:

>>> import requests
22>

>>> r = requests.get('http://127.0.0.1:5000/")
>»>> r.text
'«h>Hello World</h>'

You can now see that instead of just the text representation, we have

some html around that with the h tags.

Let's modify the code once more and change the h tags to h1 tags, so

our flask application now looks like so



from flask import Flask
app = Flask(_name_ )

@app.route('/")
def hello world() :
return '<hl>Hello World</hl>'

if name == ' main_ ':
app.run/()

With our flask application running we can see the following on the

web browser:

0 127.0.0.1:5000/ X +

= e @ © [ 127.0.01:5000

Hello World

Figure 19.5 Display of website from browser with h1 hello world.

Again running the same requests code on this website bring back the

h1 tags (Eigure 19.5).

>>> import requests

===

>>> r = requests.get('http://127.0.0.1:5000/")
>>> r.text

'«hl>Hello World</hls'



So now we have our website running lets add something a little hard-
er to parse and create a table that we can look to programmatically

obtain. To do this we will add a new route to the flask application and
look to add a html table. To do this we will make use of some existing

data from the seaborn package namely the tips data.

>>> import seaborn as sns

»»> tips = sns.load dataset("tips")

>>> tips.head().to_html ()

'«table border="1" class="dataframe"=\n <thead=\n
<tr style="text-align: right;"=\n

<th></th>\n <th=total bill</th=\n <th=tip</th>\n zth>sex</th>\n
<ths=smoker</ths\n <th>day</th>\n <thstime</th=\n <thssize</th>\n
</tr>\n =</thead>=\n <tbody=\n «trs\n <th=0</th>\n <td=>16.99</td>\n
<td>1.01l</td>\n <td>Female</td=\n «tdsNo<,/td=\n <tds>Sun</td>\n
<td>Dinner</td>\n <td>2</td>\n </tr>\n <tr>\n <th>1l</th>\n
<td=10.34</td=\n <td=>1.66</td>\n <td>Male</td=>\n <td=No</td=\n
<td=8un</td>\n <td>Dinner</td>\n <td=3</td>\n </tr=\n <trs\n
<th>2</th=\n <td=21.01l</td>\n <td>3.50</td>\n <td=Male</td>\n
<td>No</td=>\n <td>Sun</td=>\n <td>Dinner</td>\n <td=3</td>\n
</tr=\n <trsi\n <th>3</th>\n =td=23.68</td>\n <td>3.31l</td=\n
«<tdsMale</td=\n «<td=No</td>\n <td>Sun</td>\n <td=Dinner</td=\n
<td=2</td>\n </tr=\n <tr=\n <th=4</th=\n <td>24.59</td=\n
<td>3.61l</td>\n <td>Female</td>\n <td>No</td>\n <td=Sun</td=\n
<td>Dinner</td>\n <td>4</td>\n </tr>\n </tbody>\n</tablex>’

Now, we have imported the tips dataset and we can make use of the
to_html method from pandas, which takes the DataFrame and give us
back html that we could put on our website. If we look back to our pre-
vious table example, we might want to add an id to the table to allow
us to access the table and we can do that using to_html by passing in
the table id argument and setting it to the name that we want our ta-

ble to have. So, let's apply it by setting the name to be tips.



>>> import seaborn as sns

>>> tips = sns.load dataset("tips")

>>> tips.head() .to _html (table id='tips')

'<table border="1" class="dataframe" id="tips">\n <thead>\n

<tr style="text-align: right;">\n <ths></th>\n
<th>total bill</th>\n <th>tip</th>\n <th>sex</th>\n
<th>smoker</th>\n <th>day</th>\n <th>time</th>\n
<thssize</th>\n </tr>\n </thead>\n <tbody>\n <tr=\n
<th>0</th>\n <td>16.99</td>\n <td>1.01l</td>\n
<td>Female</td>\n <td>No</td>\n <td>Sun</td>\n
<td>Dinner</td>\n <td>2</td>\n </tr>\n <tr>\n
<th>1</th>\n <td>10.34</td>\n <td>1.66</td>\n
<td>Male</td>=\n <tdsNo</td>\n <td>Sun</td>\n
<td>Dinner</td>\n <td>3</td>\n </tr>\n <tr=\n
<th>2</th>\n <td>21.01</td>\n <td>3.50</td>\n
<tdsMale</td=\n <td>No</td>\n <td>Sun</td>=\n
<td>Dinner</td=\n <td>3</td>\n </tr=\n <tr=\n
<th>3</th>\n <td>23.68</td>\n <td=3.31</td>\n
<tdsMale</td>\n <tdsNo</td>\n <tds>Sun</td>\n
<td=Dinner</td=\n <td=2</td>\n </tr=\n

<trs\n <th>4</th>\n <td>24.59</td>\n
<td>3.61</td>\n <td>Female</td=\n <td>No</td>\n
<td>Sun</td>\n <td>Dinner</td>\n <td>4</td>\n

</tr>\n </tbodys>\n</table>'

So, we can now see we have added the id attribute with the name
tips. Our next step is to add this to our website and we can alter the

code as follows to do so:



from flask import Flask
import seaborn as sns
app = Flask(__name_ )

tips = sns.load dataset ("tips")

@app.route('/")
def hello world() :
return '<hl>Hello World</hl>'

@app.route('/table')
def table view():
return tips.head(20) .to html(table id='tips')

if name == ! main '

app.ru;?debug:;rue]

ValueError: Invalid value for justify 1 X +

cC @ © [ 127.0.0.1:5000/table

total_bill | tip sex [smoker||day | time size
0 (1699 1.01/|Female |[No Sun [Dinner
1(10.34 1.66|Male |No Sun |Dirmer
2 (21.01 3.50/Male |No Sun |Dirmer
3 2368 3.31Male |No Sun |Dinner
42459 3.61 [Female No Sun |Dinner
52529 4.71|Male |No Sun [Dinner
6
7
8
9

8.77 2.00Male |No Sun |Dinner
26.88 3.12|Male |No Sun |Dinner
15.04 1.96|Male |No Sun |Dirmer
14.78 3.23|Male |No Sun |Dirmer
10(10.27 1.71|Male  |No Sun |Dinner
11|35.26 5.00 [Female No Sun |Dinner
121542 1.57|Male |No Sun ]Dinner
131843 3.00|Male |No Sun Dinner
14(14.83 3.02 [Female |No Sun [Dinner
15[21.58 3.92 Male |No Sun [Dinner
16 (10.33 1.67 [Female |No Sun |Dinner
17(16.29 3.71Male |No Sun |Dinner
18(16.97 3.50|[Female No Sun |Dinner
19[20.65 3.35Male |No Sat |Dinner

W W W[ W NN &] R R[] R R] ] R &R N W W[

Figure 19.6 Display of website from browser showing a table.



Now, the difference here is that we have added the imports for
seaborn and then imported the tips dataset. To display this we then
create another function called table view and in it return 20 rows of
the DataFrame and convert it to html with the id of tips. A decorator
then defines the route of this to be /table which means when we go to
the hitp://127.0.0.1:5000/table we will see the result of this function.

Let's do that and go to the url and see what is shown (Eigure 19.6).

Now, we can see the table but it doesn't look great, we can customise
this using some of the options that come with pandas. First, we will
remove the index from the table as you normally wouldn't see this on
a website. Next, we will centre the table headings and we will also
make the borders more prominent. So our flask application is now

modified to this.


http://127.0.0.1:5000/table

from flask import Flask
import seaborn as sns
app = Flask(_ name )

tips = sns.load dataset("tips")

@app.route('/")
def hello world():
return '<hl>Hello World</hl>'

@app.route('/table')

def table view():
return tips.head(20) .to_html (table id='tips', border=6,
index=False, justify='center')

if name == ' main_':

app.run (debug=True)

The browser view now looks like the one shown in Figure 19.7.

127.0.0.1:5000/table x +

& c o © D 127001

total_bill | tip | sex |smoker ‘day time |size
16.99 1.01 |[Female |[No ‘Sun Dinner
10.34 1.66 Male |No Sun |Dinner
21.01 3.50 Male |No Sun |Dinner
23.68 3.31 Male |No Sun [Dinner
24.59 3.61 |Female |No Sun [Dinner
25.29 4.71 Male |No Sun [Dinner
8.77 2.00Male |No Sun [Dinner
26.88 3.12|Male |No Sun [Dinner
15.04 1.96 Male |No Sun |Dinner
14.78 3.23|Male |No Sun |Dinner
10.27 1.71 Male [No Sun |Dinner
35.26 5.00 |[Female |No Sun |Dinner
1542 1.57 |Male |No Sun (Dinner
18.43 3.00 Male |No Sun |Dinner
14.83 3.02 [Female |No Sun |Dinner
21.58 3.92|Male |No Sun [Dinner
10.33 1.67 |Female No Sun |Dinner
16.29 3.71 Male |No Sun |Dinner
16.97 3.50 |Female [No Sun [Dinner,
20.65 3.35|Male  |[No Sat (Dinner,

D@ e S| R R B TN R R R R B R & &R R w2

Figure 19.7 Display of website from browser showing a table with customisation.



If we use some of what we covered earlier, we can add a title and
some information about the website in a paragraph. To do that we
can use the h1 and p tags to create a header and paragraph, respec-
tively, and to show that everything belongs together let's put this all
within a div tag so it resembles what you might find on a production

web page. The flask application now looks like the following:

from flask import Flask
import seaborn as sns
app = Flask(_ name )

tips = sns.load dataset("tips")

Japp.route ('/")
def helloc world():
return '<hl=Hello World</hl='

@app.route('/table")
def table view():

html = '<divs<hl=Table of tips data</hl>' + )\
'«p>This table contains data from the seaborn tips dataset</p=' + \
tips.head(20) .to _html (table id='tips', border=6,
index=False, justify='center')
+ '</divs

return html

if name == ' main
app.run (debug=True)

Our webpage now looks as the one shown in Figure 19.8.



127.0.0.1:5000/table X +

C o @ O 127001

Table of tips data

This table contains data from the seaborn tips dataset

[total_bill [ tip | sex [smoker|day| time |[size
[1699  [101 [Female[No [Sun [Dinner
[1034 166 Male [No [Sun |Dinner
21.01 3.50 [Male |[No Sun [Dinner
23.68 3.31 Male |No Sun [Dinner.
24.59 3.61 [Female No Sun [Dinner
25.29 4.71 Male |No Sun [Dinner
877  [200Male |No |[Sun|Dinner
26.88 3.12|Male |[No |Sun Dinner
1504 (196 Male [No [Sun|Dinner
14.78 3.23 Male [No Sun [Dinner
10.27 1.71 Male |No Sun [Dinner.
[35.26 5.00 [Female |NU Sun [Dinner
[15.42 1.57 [Male |NU Sun |Dinner
(1843 300 Male |No Sun [Dinner
(1483 [3.02 [Female|No Sun [Dinner
21.58 3.92 Male |No Sun |Dinner
10.33 1.67 [Female |No Sun [Dinner.
16.29 3.71 Male ||No Sun [Dinner.
(1697 [3.50 [Female[No  [Sun [Dinner[3 |
[2065 [335Male [No  [Sat [Dinner[3 |

2.
N
3
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Figure 19.8 Display of website from browser showing a table with header and paragraph.

Ok so now we have a website we want to scrape it so let's use re-

quests to get the html that we will look to obtain.



=>> import requests

2>

>>> ¥ = reqguests.get('http://127.0.0.1:5000/table")

>=»> r.text

'edivs<hl>Table of tips data</hl=<p>This table contains data from the seaborn

tips dataset</p><table border="6" class="dataframe" id="tips">\n

<tr style="text-align: center;"s\n

cth>gex</th>\n
<ths=size</ths\n
<td=1.01</td=\n
<tds>Dinner</td>\n
<td=1.66</td=\n
<td>Dinner</td>\n
<td=3.50</td=\n
<td>Dinner</td=\n
<td=3.31</td=\n
<td>Dinner</td=\n
<td=3.61l</td=\n
<td>Dinner</td>\n
<td>4.71l</td=\n
<td=Dinner</td=\n
«td>2.00</td>\n
<td>Dinner</td>\n
<td=3.12</td=\n
<tdsDinner</td>\n
<td>1.96</td=\n
«td>Dinner</td=\n
<td>3.23</td>\n
<td=Dinner</td>\n
<td=1.71l</td=\n
<td>Dinner</td=\n
<td>5.00</td>\n
<tdsDinner</td>\n
<td=1.57</td=\n
<tdsDinner</td=\n
«td>3.00</td=\n
<tds>Dinner</td>\n
<td=3.02</td=\n
<td>Dinner</td>\n
<td>3.92</td=\n
<td=Dinner</td=\n
<td>1.67</td=>\n
<td=Dinner</td>\n
ctd=3.71l</td=\n
<tdsDinner</tds\n
<td=3.50</td=\n
<tds>Dinner</td>\n
<td=3.35</td=\n
<tdsDinner</tds\n

<thssmoker</th=\n
</tr=\n

</thead>\n
<td=Female</td=\n
<td>2</td>\n
<td>Male</td>\n
=td>3</td>\n
<tdsMale</td=\n
<td>3</td>\n
<td=Male</td=\n
<tds=2</td>\n
«<tdsFemale=/td=\n
<td=d4</td>\n
<td>Male</td=\n
<tds=4</td>\n
«td>Male</td>\n
<td>2</td>\n
<td=Male</td=\n
<td=4</td>\n
<td=Male</td=\n
<td=2</td>\n
<td>Male</td>\n
<td>2</td>\n
<td=Male</td=\n
<td=2</td>\n
<tdsFemale</td>\n
<td>4</td>\n
<td>Male</td>\n
<td=2</td>\n
«td=Male</td=\n
<td>4</td>\n
<td>Female</td>\n
<td>2</td>\n
<tdsMale</td=\n
<td=2</td>\n
<td>Female</td>\n
<td>3</td=\n
<td>Male</td>\n
<td>3</td>\n
<td=Female</td=\n
<td>3</td>\n
<td>Male</td>\n
<td>3</td=\n

<th>total bill</th=>\n

<th>day</th>\n
<tbody>\n
<td=No</td=\n
</tr=\n <tr=\n
<td>No</td>\n
</trs\n =tr>\n
<tdsNo</td=\n
</tr>\n <tr>\n
«td=No</td=\n
</tr=\n <tr=\n
<td=No</td=\n
</trs\n <tr=\n
<td>No</td>\n
</tr=\n <trsi\n
«td>No</td>\n
</tr>\n =tr>\n
<td>No</td=\n
</tr=\n <tr=\n
<td>No</td=\n
</tr=\n <tr=\n
<td>No</td=\n
</trs\n
«td=No</td=\n
</tr=\n <trs\n
<td>Neo</td=\n
</tr=\n <tr>\n
<td>No</td>=\n
</trs\n <tr=\n
«td>No</td>\n
</tr>\n <tr>\n
<tdsNo</td>\n
</tr>\n <tr=\n
<tdsNo</td=\n
</tr=\n <tr=\n
<td>No</td=\n
</tr>\n
<td>No</td>\n
</trs\n =tr=\n
<td=No</td=\n
</trs\n <trs>\n
<td>No</td>\n
</trs\n

<tr=in

<trsin

<trsi\n

<thead>\n
<thstip</th>\n
<th>time</th>\n
<td>16.99</td>\n
<td=Sun<,/td=\n
<td>10.34</td>\n
<td=Sun</td>\n
<td>21.01</td>\n
<td=Sun</td>\n
«td>23.68</td>\n
<td=Sun</td>\n
<td=24.5%9</td>\n
<td>Sun</td>\n
<td=25.29</td>\n
<td>Sun</td>\n
<td=8.77</td>\n
«td>Sun</td>\n
<td>26.88</td>\n
<td=Sun</td=>\n
<td=>15.04</td>\n
<td=Sun</td>\n
<td=14.78</td>\n
<td>Sun</td>\n
<td>10.27</td>\n
<td>Sun</td=\n
«td=35.26</td>\n
<td>Sun</td>\n
<td=15.42</td>\n
<td>Sun</td>\n
<td=18.43</td>\n
«td>Sun</td>\n
<td=14.83</td>\n
<td=Sun</td>\n
<td>21.58</td>\n
<td=Sun</td>\n
<td=10.33</td>\n
<td>8un</td>\n
<td>16.29</td>\n
<td>Sun</td>\n
<td=16.97</td>\n
<td=Sun<,/td=\n
<td=20.65</td>\n
<tds=Sat</td>\n

</tbody>\n</table></divs>"



So, we can see that it was relatively straight forward to get the data
but unlike with our static table example before the data from the web-
page is more than just table data. The next step is to pass this into

BeautifulSoup to parse the html.



>>> soup = BeautifulSoup(r.text, "html.parser")
>>> soup.find('table',id="tips")
<table border="6" class="dataframe" id="tips">
<theads>

<tr style="text-align: center;"s>
<th>total bill</th>
<th>tip</th>
<thssex</th>
<th>smoker</th>
<th>day</th>
<th>time</th>
<thssize</th>
</tr>

</thead>
<tbody>

<trs>
<td>16.99</td>
<td>1.01l</td>
<td>Female</td>
<td>No</td>
<td>Sun</td>
<tdsDinner</tds>
<td>2</td>
</tr>

<tr>
<td>10.34</td>
<td>1.66</td>
<td>Male</td>
<tds>No</td>
<td>Sun</td>
<td>Dinner</td>
<td>3</td>
</tr>

<tr>
<td>16.97</td>
<td>3.50</td>
<td>Female</td>
<td>No</td>
<td>Sun</td>
<tdsDinner</tds>
<td>3</td>
</tr>

<tr=>
<td=20.65</td>
<td=3.35</td>
<td>Male</td>
<td>No</td>
<td>Sat</td>
<td>Dinner</td>
<td>3</td>
</trs>

</tbody>
</table>



SO SS

In using the table id we can go directly to the table within the html and
we then have access to all the rows within it just like before. Note that
we have only shown a subset of this data as we have 20 rows. Now, if
we want to parse the data from the html we can use something like

we used on the dummy data.



>>> table = soup.find('table',id="'tips
>>> table rows = table.find all("tr")
>>> table rows[0:3]

[<tr style="text-align: center;">
<th>total bill</th>
<th>tip</th>

<th>sex</th>
<th>smoker</th>
<th>day</th>
<ths>time</th>
<th>size</th>

</tr>, <trs>
<td>16.99</td>
<td>1.01</td>
<td>Female</td>
<td>No</td>

<td>Sun</td>
<td>Dinner</td>
<td>2</td>

</tr>, <tr>
<td>10.34</td>
<td>1.66</td>
<td>Male</td>

<td>No</td>

<td>Sun</td>
<td>Dinner</td>
<td>3</td>

</tr=]

>>> headers = []

>>> content = []

>>> for tr in table_rows:

')

. header tags = tr.find all("th")

ces if len(header tags) > 0:
e for ht in header_ tags:

headers.append (ht . text)

else:
row = []

row tags = tr.find all("td")

for rt in row tags:
row.append (rt.text)
content . append (row)

>>> headers
['total_bill', 'tip', 'sex', 'smocker',
>>> content

'day', 'time', ‘'size']

[['16.99', '1.01', 'Female', 'No', 'Sun', 'Dinner', '2'],
['10.34', 'l.66', 'Male', 'No', 'Sun', 'Dinner', '3'],
[*21.01', '3.50', 'Male', 'No', 'Sun', 'Dinner', '3'],
['23.68', '3.31', 'Male', 'No', 'Sun', 'Dinner', '2'],
['24.59', '3.61', 'Female', 'No', 'Sun', 'Dinner', '4'],
['25.29', '4.71', 'Male', 'No', 'Sun', 'Dinner', '4'],
['8.77', '2.00', 'Male', 'No', 'Sun', 'Dinner', '2'],
['26.88', '3.12', 'Male', 'No', 'Sun', 'Dinner', '4'],
['15.04', '1.96', 'Male', 'No', 'Sun', 'Dinner', '2'],
[t14.78', '3.23', 'Male', 'No', 'Sun', 'Dinner', '2'],
[t10.27', '1.71', 'Male', 'No', 'Sun', 'Dinner', '2'],
['35.26', '5.00', 'Female', 'No', 'Sun', 'Dinner', '4'],
['15.42', '1.57', 'Male', 'No', 'Sun', 'Dinner', '2'],
['18.43', '3.00', 'Male', 'No', 'Sun', 'Dinner', '4'],
['14.83', '3.02', 'Female', 'No', 'Sun', 'Dinner', '2'],
[t21.58', '3.92', 'Male', 'No', 'Sun', 'Dinner', '2'],
["10.33', '1.67', 'Female', 'No', 'Sun', 'Dinner', '3'],
['16.29', '3.71', 'Male', 'No', 'Sun', 'Dinner', '3'],
[*16.97', '3.50', 'Female', 'No', 'Sun', 'Dinner', '3'],

['20.65', '3.35', 'Male', 'No', 'Sat’',

'Dinner’',

|3\]]



As we can see we have now pulled the data from the html and got it
into two separate lists bit to go a step further we can put it back into a

DataFrame pretty simply by using what we have covered earlier in
the book.



>>> data = pd.DataFrame (content)

>>> data
0

0 16.99 1
1 10.34 1
2 21.01 3
3 23.68 3
- 24.59 3
5 25.29 4
6 8.77 2
7 26.88 3
8 15.04 1
9 14.78 3
10 10.27 1
11 35.26 5
12 15.42 1
13 18.43 3
14 14.83 3
15 21.58 3
16 10.33 1
17 16.29 3
18 16.97 3

19 20.65 3.

1

.01
.66
.50
.31
.61
.71
.00
.12
.96
.23
.71
.00
.57
.00
.02
.92
.67
.71
.50

35

>>> data.columns

>>> data
total_bill
0 16.99
1 10.34
2 21.01
3 23.68
4 24.59
5 25.29
6 8.77
7 26.88
8 15.04
9 14.78
10 10.27
11 35.26
12 15.42
13 18.43
14 14.83
15 21.58
16 10.33
17 16.29
18 16.97

-
0

20.65

W W W W W WwHEOmE WRHE W& WWwwpPe P

2
Female
Male
Male
Male
Female
Male
Male
Male
Male
Male
Male
Female
Male
Male
Female
Male
Female
Male
Female
Male

= head

tip
.01 Fe
.66
.50
.31
.61 Fe
.71
.00
.12
.96
.23
.71
.00 Fe
.57
.00
.02 Fe
.92
.67 Fe
.71
.50 Fe
.35

3
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No

ers

Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sat

sex smoker

male
Male
Male
Male
male
Male
Male
Male
Male
Male
Male
male
Male
Male
male
Male
male
Male
male
Male

No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No

5
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner

day
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sun
Sat
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time size

Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
Dinner
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Now, we have gone full circle and used a DataFrame to populate a
table within our website and then scraped that data and converted it

back into a DataFrame.

This chapter has covered a lot of content from introducing html to
parsing it out to building our own website and scraping from there.
The examples have been focussed on table data but they can be ap-
plied to any data we find within html. When it comes to web scraping
Python is a powerful and popular choice to interact and obtain data

from the web.



20
Conclusion

This book has given you an introduction into Python covering all the
basics right up to some complex examples. However, there is much
more that could have been covered and much more for you the read-
er to learn. Python has many more packages and changes are al-
ways being made, so its important to keep up to date with the trends
within the language. From a development point of view, we have kept
things simple working in the shell or writing basic scripts, however
Python can be so much more than an exploratory language. Python
can be used in a production environment and given its adoption by
many big tech firms it works very well with a lot of cloud computing
solutions and is an excellent choice for everything from web ap-
plications to machine learning. This book is a gateway to give you the
tools to follow your own Python journey and with a community as big
as Pythons there is always something to learn as well as new things

to be aware of. Good luck!
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