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Introduction

Welcome and thank you for purchasing this special guide on “Python Data
Science.”

You have, no doubt, already experienced data science in one way or
another. Obviously, you are interacting with data science products every
time you search for information on the web by using search engines such as
Google, or asking for directions with your mobile phone. Data science has
been the force behind resolving some of our most common daily tasks for
several years

Data science is the science and technology focused on collecting raw data
and processing it in an effective manner. It is the combination of concepts
and methods that make it possible to give meaning and understandability to
huge volumes of data.

In nearly all of our daily work, we directly or indirectly work on storing and
exchanging data. With the rapid development of technology, the need to
store data effectively is also increasing. That's why it needs to be handled
properly. Basically, data science unearths the hidden insights of raw-data
and uses them for productive output.

Most of the scientific methods that power data science are not new. They
have been out there for a long time, just waiting for applications to be
developed. Statistics is an old science that stands on the shoulders of
eighteenth-century giants such as Pierre Simon Laplace (1749-1827) and
Thomas Bayes (1701-1761). Machine Learning is younger, but it has
already moved beyond its infancy and can be considered a well-established
discipline. Computer science changed our lives several decades ago, and
continues to do so; but it cannot be considered new.

Now that we understand the importance of data science, the q uestion that
arises is...

'How should it be done?'

The answer lies in data science using the Python programming language.



Python is among the topmost languages at this time and it is beating Java in
the data science market. Python is an object-oriented programming
language, and it has features which make it more user friendly for
programming. For example- when using Python, we don't need different
language to identify data types, and there is no need to learn difficult
syntax; we can simply write the code. It has more functions when compared
to other programming languages.

Python is a programming language that works for everything from data
mining to building websites. It’s easy to see that Python has great value and
utility in the data science market. Anyone who is seeking a future in the
data science industry should learn Python.

“Python Data Science” teaches a complete course of data science,
including key topics like data integration, data mining, python etc. We will
explore NumPy for numerical data, Pandas for data analysis, IPython,
Scikit-learn and Tensorflow for Machine Learning and business.

Let’s get started!

Understanding Data Science

First, we will begin by discussing some of the tools that data scientists use.
The toolbox of any data scientist, as for any kind of programmer, is an
essential ingredient for success and enhanced performance. Choosing the
right tools can save a lot of time, allowing us to focus on data analysis.



BEHIND THE DATA

The most basic tool to decide on is which programming language we will
use. Many people use only one programming language in their entire life,
which is usually the first and only one they learn. Many see learning a new
language as an enormous task that, if possible, should be undertaken only
once. The problem is that some languages are intended for developing high-
performance or production code, such as C, C++, or Java, while others are
more focused on prototyping code. Among these, the best known are the so-
called ‘scripting’ languages: Ruby, Perl, and Python. Depending on the first
language you learned, certain tasks may seem rather tedious at first.
Remember, however, that even tedious tasks must be done properly, if
success is to follow.

The primary problem of being stuck with a single language is that many
basic tools simply will not be available in it, and eventually you will have to
either reimplement them or create a ‘bridge’ so you can use some other
language for a specific task. You either have to be ready to switch to the
best language for each task and then somehow glue the results together, or
choose a very flexible language with a rich ecosystem (e.g., third-party
open-source libraries). For this book, we have selected Python as the
programming language, as it offers a great degree of flexibility for the data
science programmer.



Why Python?

Python is a mature programming language, but it also has excellent
properties for newbie programmers, making it ideal for people who have
never programmed before. Some of the most remarkable of those properties
are easy-to-read code, suppression of non-mandatory delimiters, dynamic
typing, and dynamic memory usage. Python is an interpreted language, so
the code is executed immediately in the Python console without needing the
compilation step to machine language. Besides the Python console (which
comes included with any Python installation), you can find other interactive
consoles, such as IPython, which give you a richer environment in which to
execute your Python code.

Currently, Python is one of the most flexible programming languages. One
of its main characteristics that makes it so flexible is that it can be seen as a
multiparadigm language. This is especially useful for people who already
know how to program with other languages, as they can rapidly start
programming with Python in the same way. For example, Java programmers
will feel comfortable using Python, as it supports the object-oriented
paradigm, or C programmers could mix Python and C code using cython.
Furthermore, for anyone who is used to programming in functional
languages such as Haskell or Lisp, Python also has basic statements for
functional programming in its own core library.

In this book, we have decided to focus on the Python language because, as
explained earlier, it is a mature programming language, easy for the
newbies, and can be used as a specific platform for data scientists, thanks to
its large ecosystem of scientific libraries and its vibrant community. Other
popular alternatives to Python for data scientists are R and
MATLAB/Octave.

Fundamental Python Libraries for Data Scientists

The Python community is one of the most active programming
communities, with a huge number of developed toolboxes. The most
popular Python toolboxes for any data scientist are NumPy, SciPy, Pandas,
and Scikit-Learn.

Numeric and Scientific Computation: NumPy and SciPy



NumPy is the cornerstone toolbox for scientific computing with Python.
NumPy provides, among other things, support for multidimensional arrays
with basic operations and useful linear algebra functions. Many toolboxes
use the NumPy array representations as an efficient basic data structure.
Meanwhile, SciPy provides a collection of numerical algorithms and
domain-specific toolboxes, including signal processing, optimization,
statistics, and much more. Another core toolbox in SciPy is the plotting
library Matplotlib. This toolbox has many tools for data visualization.

SCIKIT-Learn: Machine Learning in Python

Scikit-learn is a Machine Learning library built from NumPy, SciPy, and
Matplotlib. Scikit-learn offers simple and efficient tools for common tasks
in data analysis, such as classification, regression, clustering,
dimensionality reduction, model selection, and preprocessing.

PANDAS: Python Data Analysis Library

Pandas provides high-performance data structures and data analysis tools.
The key feature of Pandas is a fast and efficient DataFrame object for data
manipulation with integrated indexing. The DataFrame structure can be
seen as a spreadsheet, which offers very flexible ways of working with it.
You can easily transform any dataset in the way you want, by reshaping it
and adding or removing columns or rows. It also provides high-
performance functions for aggregating, merging, and joining datasets.
Pandas also has tools for importing and exporting data from different
formats: comma-separated value (CSV), text files, Microsoft Excel, SQL
databases, and the fast HDF5 format. In many situations, the data you have
in such formats will not be complete or totally structured. For such cases,
Pandas offers handling of missing data and intelligent data alignment.
Furthermore, Pandas provides a convenient Matplotlib interface.

Data Science Ecosystem Installation

Before we can get started on solving our own data-oriented problems, we
will need to set up our programming environment. The first q uestion we
need to answer concerns the Python language itself. There are currently two
different versions of Python: Python 2.X and Python 3.X. The differences
between the versions are important, so there is no compatibility between the
codes, i.e., code written in Python 2.X does not work in Python 3.X and



vice versa. Python 3.X was introduced in late 2008; by then, a lot of code
and many toolboxes had already been deployed using Python 2.X (Python
2.0 was initially introduced in 2000). Therefore, much of the scientific
community did not change to Python 3.0 immediately, and they were stuck
with Python 2.7. By now, almost all libraries have been ported to Python
3.0; but Python 2.7 is still maintained, so either version can be chosen.
However, those who already have a large amount of code in 2.X rarely
change to Python 3.X. In our examples throughout this book, we will use
Python 2.7.

Once we have chosen one of the Python versions, the next thing to decide is
whether we want to install the data scientist Python ecosystem by
individual tool- boxes, or to perform a bundle installation with all the
needed toolboxes (and a lot more). For newbies, the second option is
recommended. If the first option is chosen, then it is only necessary to
install all the mentioned toolboxes in the previous section, in exactly that
order.

However, if a bundle installation is chosen, the Anaconda Python
distribution is a good option. The Anaconda distribution provides
integration of all the Python toolboxes and applications needed for data
scientists into a single directory, without mixing with other Python
toolboxes installed on the machine. It contains, of course, the core
toolboxes and applications such as NumPy, Pandas, SciPy, Matplotlib,
Scikit-learn, IPython, Spyder, etc., but also more specific tools for other
related tasks such as data visualization, code optimization, and big data
processing.

Integrated Development Environments (IDE)

For any programmer, and by extension, for any data scientist, the integrated
de- velopment environment (IDE) is an essential tool. IDEs are designed to
maximize programmer productivity. Thus, over the years, this software has
evolved in order to make coding tasks less complicated. Choosing the right
IDE for each person is crucial, but unfortunately, there is no “one-size-fits-
all” programming environment. The best solution is to try the most popular
IDEs among the community and keep the ones that fit better in each case.



In general, the basic pieces of any IDE are three: the editor, the compiler (or
interpreter), and the debugger. Some IDEs can be used in multiple
programming languages, provided by language-specific plugins, such as
Netbeans?7 or Eclipse.8.

Others are specific to one language, or even to a specific programming task.
In the case of Python, there are a large number of specific IDEs, both
commercial (PyCharm, WingIDE10) and open-source. The open-source
community helps IDEs spring up; anyone can customize their own
environment and share it with the rest of the community. For example,
Spyderl1l (Scientific Python Development EnviRonment) is an IDE
customized with the task of the data scientist in mind.

Web Integrated Development Environment (WIDE): Jupyter

With the advent of web applications, a new generation of IDEs for
interactive languages such as Python has been developed. Starting in the
academic and e-learning communities, web-based IDEs were developed
considering how not only your code, but also all of your environment and
executions, can be stored in a server. One of the first applications of this
kind of WIDE was developed by William Stein in early 2005, using Python
2.3 as part of his SageMath mathematical software. In SageMath, a server
can be set up in a center, such as a university or school, and students can
work on their homework either in the classroom or at home, starting from
exactly the same point they left off. Moreover, students can execute all the
previous steps over and over again, and then change some particular code
cell (a segment of the document that contains source code that can be
executed) and execute the operation again. Teachers can also have access to
student sessions and review student progress.

Nowadays, such sessions are called ‘notebooks’ and they are not only used
in classrooms, but also used to show results in presentations or on business
dashboards. The recent spread of such notebooks is mainly due to IPython.
Since December 2011, IPython has been issued as a browser version of its
interactive console, called IPython Notebook, which shows Python
execution results very clearly and concisely by means of cells. Cells can
contain content other than code. For example, markdown (a wiki text
language) cells can be added to introduce algorithms. It is also possible to
insert Matplotlib graphics to illustrate examples or even web pages.



Recently, some scientific journals have started to accept notebooks in order
to show experimental results, complete with their code and data sources. In
this way, experiments can become completely replicable, down to the last
detail.

Since the project has grown so much, [Python notebook has been separated
from IPython software and has become a part of a larger project: Jupyter12
. Jupyter (for Julia, Python and R) aims to reuse the same WIDE for all
these interpreted languages, and not just Python. All old IPython notebooks
are automatically imported to the new version when they are opened with
the Jupyter platform; but once they are converted to the new version, they
cannot be used again in old IPython notebook versions.

In this book, all the examples shown use Jupyter notebook style.



Get Started with Python for Data Scientists

Throughout this book, we will come across many practical examples. In this
chapter, we will use a very basic example to help you start a data science
ecosystem from scratch. To execute our examples, we will use Jupyter
notebook, although any other console or IDE can be used.

The Jupyter Notebook Environment

Once the ecosystem is fully installed, we can start by launching the Jupyter
notebook platform. This can be done directly, by typing the following
command on your terminal or command line: $ jupyter notebook

If we chose the bundle installation, we can start the Jupyter notebook
platform by clicking on the Jupyter Notebook icon installed by Anaconda in
the start menu or on the desktop.

The browser will immediately be launched, displaying the Jupyter notebook
home- page, whose URL is http://localhost:8888/tree. Note that a special
port is used; by default it is 8888. This initial page displays a tree view of a
directory. If we use the command line, the root directory is the same
directory where we launched the Jupyter notebook. Otherwise, if we use the
Anaconda launcher, the root directory is the current user directory. Now, to
start a new notebook, we only need to press the (New  Notebooks
Python 2) button at the top on the right of the home page.



A blank notebook is created called Untitled. First of all, we are going to
change the name of the notebook to something more appropriate. To do
this, just click on the notebook name and rename it: DataScience-
GetStartedExample.

Let’s begin by importing the toolboxes that we will need for our program.
In the first cell, we put the code to import the Pandas library as ‘pd.’ This is
for convenience; every time we need to use some functionality from the
Pandas library, we will write ‘pd’ instead of ‘pandas.” We will also import
the two core libraries mentioned above: the Numpy library as ‘np’ and the
Matplotlib library as ‘plt.’

import pandas as pd
import numpy as np
import matplotlib. pyplot as plt

To execute just one cell, we press the | button, or click on Cell Run, or
press the keys Ctrl + Enter. When execution is underway, the header of the
cell shows the * mark:

import pandas as pd
import numpy as np
import matplotlib. pyplot as plt

While one cell is being executed, no other cell can be executed. If you try to
execute another cell, its execution will not begin until the first cell has
finished its execution.

Once the execution is finished, the header of the cell will be replaced by the
next number of execution. Since this was the first cell executed, the number
shown will be 1. If the process of importing the libraries is correct, no
output cell is produced.

Reading, Selecting & Filtering Your Data

Reading



Let’s start reading the data we downloaded. First of all, we have to create a
new notebook called Open Government Data Analysis and open it. Then,
after ensuring that the educ_figdp_1_Data.csv file is stored in the same
directory as our notebook directory, we will write the following code to
read and show the content:

edu = pd.read_csv(’files/ch02/ educ_figdp_1_Data.csv’,
na_values =":’,

usecols = ["TIME","GEQ","Value"])

edu

The way to read CSV (or any other separated value, providing the separator
character) files in Pandas is by using the read_csv method. Besides the
name of the file, we add the na_values key argument to this method along
with the character that represents “non available data” in the file. Normally,
CSYV files have a header with the names of the columns. If this is the case,
we can use the usecols parameter to select which columns in the file will be
used.

In this case, the DataFrame resulting from reading our data is stored in edu.
The output of the execution shows that the edu DataFrame size is 384 rows
X 3 columns. Since the DataFrame is too large to be fully displayed, three
dots appear in the middle of each row.

Beside this, Pandas also has functions for reading files with formats such as
Excel, HDF5, tabulated files, or even the content from the clipboard
(read_excel(), read_hdf(), read_table(), read_clipboard()). Whichever
function we use, the result of reading a file is stored as a DataFrame
structure.

To see how the data looks, we can use the head() method, which shows just
the first five rows. If we use a number as an argument, this will be the
number of rows that will be listed:

edu.head()

Similarly, you can use the tail()method, which returns the last five rows by
default.



edu.tail()

If we want to know the names of the columns or the names of the indexes,
we can use the DataFrame attributes columns and index respectively. The
names of the columns or indexes can be changed by assigning a new list of
the same length to these attributes. The values of any DataFrame can be
retrieved as a Python array by bringing up its values attribute.

If we just want q uick statistical information on all the numeric columns in
a DataFrame, we can use the function describe(). This result shows the
count, the mean, the standard deviation, the minimum and maximum, and
the percentiles, by default, of the 25th, 50th, and 75th, for all the values in
each column or series.

Selecting

If we want to select a subset of data from a DataFrame, it is necessary to
indicate this subset using s q uare brackets ([ ]) after the DataFrame. The
subset can be specified in several ways. If we want to select only one
column from a DataFrame, we only need to put its name between the s g
uare brackets. The result will be a Series data structure, not a DataFrame,
because only one column is retrieved.

edu[’Value’]

If we want to select a subset of rows from a DataFrame, we can do so by
indicating a range of rows separated by a colon (:) inside the s q uare
brackets. This is commonly known as a ‘slice’ of rows:

This instruction returns the slice of rows from the 10th to the 13th position.
Note that the slice does not use the index labels as references, but the
position. In this case, the labels of the rows simply coincide with the
position of the rows.

If we want to select a subset of columns and rows, using the labels as our
references instead of the positions, we can use ix indexing;:

This returns all the rows between the indexes specified in the slice before
the comma, with the columns specified as a list after the comma. In this
case, ix references the index labels, which means that ix does not return the
90th to 94th rows, but it returns all the rows between the row labeled 90 and



the row labeled 94; so if the index ‘100’ is placed between the rows labeled
as 90 and 94, this row would also be returned.

Filtering

Another way to select a subset of data is by applying Boolean indexing.
This indexing is commonly known as a ‘filter.” For instance, if we want to
filter those values less than or e q ual to 6.5, we can do it like this:

edu[edu[’Value’] > 6.5].tail()

Boolean indexing uses the result of a Boolean operation over the data,
returning a mask with True or False for each row. The rows marked True in
the mask will be selected. In the previous example, the Boolean operation
edu[’Value’] > 6.5 produces a Boolean mask. When an element in the
“Value” column is greater than 6.5, the corresponding value in the mask is
set to “True,” otherwise it is set to ‘False.” Then, when this mask is applied
as an index in edu[edu[’Value’] > 6.5], the result is a filtered DataFrame
containing only rows with values higher than 6.5. Of course, any of the
usual Boolean operators can be used for filtering: < (less than),<= (less than
or equal to), > (greater than), >= (greater than or e g ual to), = (e q ual to),
and != (not e q ual to).

Filtering Missing Values

Pandas uses the special value NaN (not a number) to represent missing
values. In Python, NaN is a special floating-point value returned by certain
operations when one of their results ends in an undefined value. A subtle
feature of NalN values is that two NaN are never e q ual. Because of this,
the only safe way to tell whether a value is missing in a DataFrame is by
using the isnull() function. Indeed, this function can be used to filter rows
with missing values.

Manipulating & Sorting Data

Manipulating

Once we know how to select the desired data, the next thing we need to
know is how to manipulate data. One of the most straightforward things we
can do is to operate with columns or rows using aggregation functions.



Table 2.1 shows a list of the most common aggregation functions. The
result of all these functions applied to a row or column is always a number.
Meanwhile, if a function is applied to a DataFrame or a selection of rows
and columns, then you can specify if the function should be applied to the
rows for each column (setting the axis=0 keyword on the invocation of the
function), or if it should be applied on the columns for each row (setting the
axis=1 keyword on the invocation of the function).

Note that these are functions specific to Pandas, not the generic Python
functions. There are differences in their implementation. In Python, NaN
values propagate through all operations, without raising an exception. In
contrast, Pandas operations exclude NaN values representing missing data.
For example, the Pandas max function excludes NaN values, thus they are
interpreted as missing values; while the standard Python max function will
take the mathematical interpretation of NaN and return it as the maximum:

edu. max(axis = 0)

Besides these aggregation functions, we can apply operations over all the
values in rows, columns, or a combination of both. The rule of thumb is that
an operation between columns means that it is applied to each row in that
column, and an operation between rows means that it is applied to each
column in that row. For example, we can apply any binary arithmetical
operation (+,-,*,/) to an entire row:

s = edu["Value" ]/100
s.head()

However, we can apply any function to a DataFrame or Series just by
setting its name as the argument of the apply method. For example, in the
following code, we apply the s q rt function from the NumPy library to
perform the s g uare root of each value in the Value column.

If we need to design a specific function to apply it, we can write an in-line
function, commonly known as a A-function. A A-function is a function
without a name. It is only necessary to specify the parameters it receives,
between the lambda keyword and the colon (:). In the next example, only
one parameter is needed, which will be the value of each element in the



Value column. The value the function returns will be the s q uare of that
value.

s = edu["Value"]. apply ( lambda d: d**2)
s.head()

Another basic manipulation operation is to set new values in our
DataFrame. This can be done directly by using the assign operator (=) over
a DataFrame. For example, to add a new column to a DataFrame, we can
assign a Series to select a column that does not exist. This will produce a
new column in the DataFrame, displayed after all the others. You must be
aware that if a column with the same name already exists, its previous
values will be overwritten . In the following example, we assign the Series
that results from dividing the Value column by the maximum value in the
same column to a new column named ‘ValueNorm.’

Now, if we want to remove this column from the DataFrame, we can use
the drop function; this removes the indicated rows if ‘axis=0,” or the
indicated columns if ‘axis=1’. In Pandas, all the functions that change the
contents of a DataFrame, such as the drop function, will normally return a
copy of the modified data, instead of overwriting the DataFrame. Therefore,
the original DataFrame is kept. If you do not want to keep the old values,
you can set the keyword inplace to ‘“True’. By default, this keyword is set to
‘False’, meaning that a copy of the data is returned.

edu.drop(’ValueNorm’, axis = 1, inplace = True)

edu.head()

Instead, if what we want to do is to insert a new row at the bottom of the
DataFrame, we can use the Pandas ‘append' function. This function receives
as argument the new row, which is represented as a dictionary where the
keys are the name of the columns and the values are the associated value.
You must be sure to set the ‘ignore_index’ flag in the append method to
“True’, otherwise the index 0 is given to this new row, which will produce
an error if it already exists:

edu = edu.append({"TIME": 2000,"Value": 5.00,"GEQO": ’a’},

ignore_index = True)



edu.tail()

Finally, if we want to remove this row, we need to use the drop function
again. Now, we have to set the axis to 0, and specify the index of the row
we want to remove. Since we want to remove the last row, we can use the
max function over the indexes to determine which row it is.

The drop() function is also used to remove missing values by applying it
over the result of the isnull() function. This has a similar effect to filtering
the NaN values, as we explained above, but here the difference is that a
copy of the DataFrame without the NalN values is returned, instead of a
view.

To remove NaN values, instead of the generic drop function, we can use the
specific dropna() function. If we want to erase any row that contains an
NaN value, we have to set the how keyword to ‘any’. To restrict it to a
subset of columns, we can specify it using the subset keyword. As we can
see below, the result will be the same as using the drop function:

eduDrop = edu.dropna(how = ’any’, subset = ["Value"])

eduDrop. head()

If, instead of removing the rows containing NaN, we want to fill them with
another value, then we can use the fillna() method, specifying which value
is to be used. If we want to fill only some specific columns, we have to set
as the argument to the fillna() function a dictionary with the names of the
columns as the key, and which character is to be used for filling as the
value.

Sorting

Another important functionality we will need when inspecting our data is to
sort by columns. We can sort a DataFrame using any column, using the sort
function. If we want to see the first five rows of data sorted in descending
order (i.e., from the largest to the smallest values) and using the Value
column, then we just need to do this:

Note that the inplace keyword means that the DataFrame will be
overwritten, and hence no new DataFrame is returned. If instead of



ascending = False we use ascending = True, the values are sorted in
ascending order (i.e., from the smallest to the largest values).

If we want to return to the original order, we can sort by an index using the
sort_index function and specifying axis=0:

edu.sort_index( axis = 0, ascending = True , inplace = True)
edu.head()
Grouping & Rearranging Data

Grouping

Another very useful way to inspect data is to group it according to
established criteria. For instance, in our example, it would be nice to group
all the data by country, regardless of the year. Pandas has the groupby
function that allows us to do exactly this. The value returned by this
function is a special, grouped DataFrame. To have a proper DataFrame as a
result, it is necessary to apply an aggregation function. Thus, this function
will be applied to all the values in the same group.

For example, in our case, if we want a DataFrame showing the mean of the
values for each country over all the years, we can obtain it by grouping
according to country, and using the mean function as the aggregation
method for each group. The result would be a DataFrame with countries as
indexes and the mean values as the column:

group = edu[["GEQ", "Value"]].groupby(’GEQO’).mean()
group.head()

Rearranging

Up until now, our indexes have been just a numeration of rows without
much meaning. We can transform the arrangement of our data,
redistributing the indexes and columns for better manipulation of our data,
which normally leads to better performance. We can rearrange our data
using the pivot_table function. Here, we can specify which columns will be
the new indexes, the new values, and the new columns.



For example, imagine that we want to transform our DataFrame to a
spreadsheet- like structure with the country names as the index, while the
columns will be the years starting from 2006, and the values will be the
previous Value column. To do this, first we need to filter out the data, and
then pivot it in this way:

filtered_data = edu[edu["TIME"] > 2005]

pivedu = pd. pivot_table( filtered_data , values = *Value’,
index = [’GEO’],

columns = [’TIME’])

pivedu.head()

Now we can use the new index to select specific rows by label, using the ix
operator:

pivedu.ix[[ ’Spain’,’Portugal’], [2006,2011]]

Pivot also offers the option of providing an argument aggr function that
allows us to perform an aggregation function between the values, if there is
more than one value for the given row and column after the transformation.
As usual, you can design any custom function you want, just giving its
name or using a A-function.



Descriptive Statistics

Descriptive statistics helps to simplify large amounts of data in a sensible
way. In contrast to inferential statistics, which will be introduced in a later
chapter, descriptive statistics do not draw conclusions beyond the data we
are analyzing; nor do we reach any conclusions regarding any hypotheses
we may make. We do not try to infer characteristics of the “population” (see
below) of the data, but claim to present q uantitative descriptions of it in a
manageable form. It is simply a way to describe the data.
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Statistics, and in particular descriptive statistics, is based on two main
concepts:

e A population is a collection of objects, items (“units”) about
which information is sought;

* A sample is a part of the population that is observed.

Descriptive statistics applies the concepts, measures, and terms that are
used to describe the basic features of the samples in a study. These
procedures are essential to provide summaries about the samples as an
approximation of the population. Together with simple graphics, they form
the basis of every q uantitative analysis of data. In order to describe the
sample data and to be able to infer a conclusion, we must go through
several steps:

e Data preparation: Given a specific example, we need to prepare
the data for generating statistically valid descriptions.

»  Descriptive statistics: This generates different statistics to describe
and summa- rize the data concisely, and evaluate different ways to
visualize them.



Data Preparation

One of the first tasks when analyzing data is to collect and prepare the data
in a format appropriate for analysis of the samples. The most common steps
for data preparation involve the following operations.

e Obtaining the data: Data can be read directly from a file, or
might be obtained by scraping the web.

e Parsing the data: The right parsing procedure depends on what
format the data are in: plain text, fixed columns, CSV, XML,
HTML, etc.

e Cleaning the data: Survey responses and other data files are
almost always in- complete. Sometimes, there are multiple codes
for things such as ‘not asked’, ‘did not know’, and ‘declined to
answer’. There are almost always errors. A simple strategy is to
remove or ignore incomplete records.

« Building data structures: Once you’ve read the data, it is necessary
to store it in a data structure that lends itself to the analysis we are
interested in. If the data fits into the memory, building a data structure
is usually the way to go. If not, usually a database is built, which is an
out-of-memory data structure. Most databases provide a mapping
from keys to values, so they serve as dictionaries.

Exploratory Data Analysis

The data that comes from performing a particular measurement on all the
subjects in a sample represents our observations for a single characteristic
like country, age, education, etc. These measurements and categories
represent a sample distribution of the variable, which in turn approximately
represents the population distribution of the variable. One of the main goals
of exploratory data analysis is to visualize and summarize the sample
distribution, thereby allowing us to make tentative assumptions about the
population distribution.

Summarizing the Data

The data can be categorical or q uantitative. For categorical data, a simple
tabulation of the fre ¢ uency of each category is the best non-graphical



exploration for data analysis. For example, we can ask ourselves to identify
the proportion of high- income professionals in our database:

df1 = df [( df. income ==’ >50K\n’)]

print *The rate of people with high income is: ’, int ( len ( df1 )/ float ( len
(df)) *100), *%.’

print *The rate of men with high income is: ’, int ( len ( ml1 )/ float ( len
(ml)) *100), *%.’

print *The rate of women with high income is: ’,
int (len ( fm1 )/ float ( len (fm)) *100), *%.’
The rate of people with high income is: 24 %.
The rate of men with high income is: 30 %.

The rate of women with high income is: 10 %.

Given a q uantitative variable, exploratory data analysis is a way to make
preliminary assessments about the population distribution of the variable,
using the data of the observed samples. The characteristics of the
population distribution of a q uantitative variable are its mean, deviation,
histograms, outliers, etc. Our observed data represent a finite set of samples
of an often infinite number of possible samples. The characteristics of our
randomly observed samples are interesting only to the degree that they
represent the population of the data they came from.

. Mean

One of the first measurements to obtain sample statistics from the data, is
the sample mean. Given a sample of n values, {xi }, i = 1,..., n, the mean, p,
is the sum of the values divided by the number of values.

The terms ‘mean’ and ‘average’ are often used interchangeably. In fact, the
main distinction between them is that the mean of a sample is the summary
statistic computed byE q . (3.1), while an average is not strictly defined and
could be one of many summary statistics that can be chosen to describe the
central tendency of a sample.



In our case, we can consider what the average age of men and women in
our dataset would be in terms of their means:

print *The average age of men is: ’, ml[’age ’]. mean ()

print *The average age of women is: ’, fm[’age ’]. mean ()

print *'The average age of high - income men is: ’, ml1 [’age ’]. mean ()
print *The average age of high - income women is: ’,

fm1 [’age ’]. mean ()

The average age of men is: 39.4335474989

The average age of women is: 36.8582304336

The average age of high-income men is: 44.6257880516
The average age of high-income women is: 42.1255301103

This difference in the sample means can be considered initial evidence that
there are differences between men and women with high income!

Comment: Later, we will work with both concepts: the population mean and
the sample mean. We should not confuse them! The first is the mean of
samples taken from the population; the second is the mean of the entire
population.

* Sample Variance

The mean is not usually a sufficient descriptor of the data. We can go
further by knowing two numbers: mean and variance. The variance o¢?
describes the spread of the data.

The term (x;, — p) is called the deviation from the mean, so the variance is

the mean squared deviation. The s q uare root of the variance, o, is called
the standard deviation. We consider the standard deviation, because the
variance is hard to interpret (e.g., if the units are grams, the variance is in
grams s q uared).



Let us compute the mean and the variance of hours per week men and
women in our dataset work:

ml_mu = ml[’age’].mean()

fm_mu = fm[’age’].mean()

ml_var = ml[’age’].var()

fm_var = fm[’age’].var()

ml_std = ml[’age’].std()

fm_std = fm[’age’].std()

print ’Statistics of age for men: mu:’,
ml _mu, ’var:’, ml_var, ’std:’, ml_std
print ’Statistics of age for women: mu:’,
fm_mu, ’var:’, fm_var, ’std:’, fm_std

We can see that the mean number of hours worked per week by women is
significantly less than that worked by men, but with a much higher variance
and standard deviation.

 Sample Median

The mean of the samples is a good descriptor, but it has a significant
shortcoming: what will happen if, in the sample set, there is an error with a
value very different from the rest? For example, considering hours worked
per week, it would normally be in a range between 20 and 80; but what
would happen if, by mistake, there was a value of 1000? An item of data
that is significantly different from the rest of the data is called an outlier. In
this case, the mean, p, will be drastically shifted towards the outlier. One
solution to this drawback is offered by the statistical median, p12 , which is
an order statistic giving the middle value of a sample. In this case, all values
are ordered by their magnitude, and the median is defined as the value that
is in the middle of the ordered list. Hence, it is a value that is much more
robust in the face of outliers.



Let us see, then, the median age of working men and women in our dataset
and the median age of high-income men and women:

ml_median = ml[’age ’]. median ()
fm_median = fm[’age ’]. median ()

print " Median age per men and women : ", ml_median , fm_median

ml_median_age = ml1 [’age ’]. median ()
fm_median_age = fm1 [’age ’]. median ()
print " Median age per men and women with high - income : ",

ml_median_age , fm_median_age

Median age per men and women: 38.0 35.0
Median age per men and women with high-income: 44.0 41.0

As expected, the median age of high-income people is higher than the
whole set of working people, although the difference between men and
women in both sets is the same.

*  Quantiles and Percentiles

Sometimes we are interested in observing how sample data are distributed
in general. In this case, we can order the samples {xi }, then find the x p so
that it divides the data into two parts, where:

a fraction p of the data values is less than or e q ual to x p and
the remaining fraction (1 — p) is greater than x p .

That value, x p , is the p-th q uantile, or the 100 x p-th percentile. For
example, a 5-number summary is defined by the values xmi n, Q1 , Q2,
Q3 , xmax , where Q1 is the 25 x p-th percentile, Q2 is the 50 x p-th
percentile and Q3 is the 75 x p-th percentile.

Data Distributions



Summarizing data by just looking at their mean, median, and variance can
be danger- ous: very different data can be described by the same statistics.
The best thing to do is to validate the data by inspecting each facet. We can
have a look at the data distribution, which describes how often each value
appears (i.e., what is its frequency).

Outlier Treatment

As mentioned before, outliers are data samples with a value that is far from
the central tendency. Different rules can be followed to detect outliers, such
as:

Computing samples that are far from the median.
Computing samples whose values exceed the mean by 2 or 3
standard deviations.

For example, in our case, we are interested in the age statistics of men
versus women with high incomes and we can see that, in our dataset, the
minimum age is 17 years and the maximum is 90 years. We can consider
that some of these samples are due to errors or are not representative.
Applying our domain knowledge, we focus on the median age (37, in our
case) up to 72 and down to 22 years old, and we consider the rest as
outliers.

In[17]:
df2 = df. drop (df. index [
(df. income == >50K\n’) &

(dff’age ’] > df[’age ’]. median () + 35) & (df[’age ’] > df[’age ’]. median ()
-15)

)

mll_age = mll [’age ’]

fm1_age = fm1 [’age ’]

ml2_age = ml1_age . drop ( ml1_age . index [



( ml1_age > df[’age ’]. median () + 35) & ( ml1_age > df[’age ’]. median ()
- 15)

)
fm2_age = fm1_age . drop ( fm1_age . index [

( fm1_age > df[’age ’]. median () + 35) & ( fm1_age > df[’age ’]. median ()
- 15)

)

We can check how the mean and the median changed once the data were
cleaned:

In:

mu2ml = ml2_age . mean ()
std2ml = ml2_age . std ()
md2ml = ml2_age . median ()
mu2fm = fm2_age . mean ()
std2fm = fm2_age . std ()

md2fm = fm2_age . median ()

print " Men statistics :"
print " Mean :", mu2ml , " Std :", std2ml print " Median :", md2ml

print " Min :", ml2_age . min (), " Max :", ml2_age . max ()

print " Women statistics :"
print " Mean :", mu2fm, " Std :", std2fm print " Median :", md2fm

print " Min :", fm2_age . min (), " Max :", fm2_age . max ()

Out: Men statistics: Mean: 44.3179821239 Std: 10.0197498572 Median:



44.0 Min: 19 Max: 72
Women statistics: Mean: 41.877028181 Std: 10.0364418073 Median:
41.0 Min: 19 Max: 72

Let us visualize how many outliers are removed from the whole data by:

In:

plt . figure ( figsize = (13.4, 5))

df. age [( df. income ==’ >50K\n’)]

. plot (alpha = .25, color = ’blue ’)

df2 . age [( df2 . income ==’ >50K\n’)]
. plot (alpha = .45, color = ’red ’)

Next, we can see that by removing the outliers, the difference between the
populations (men and women) actually decreased. In our case, there were
more outliers in men than women. If the difference in the mean values
before removing the outliers is 2.5, then after removing them, it slightly
decreased to 2.44:

In:

print *The mean difference with outliers is: %4.2 {.
% ( ml_age . mean () - fm_age . mean ())

print *'The mean difference without outliers is:
%4.2 f.

% ( ml2_age . mean () - fm2_age . mean ())



Out: The mean difference with outliers is: 2.58.
The mean difference without outliers is: 2.44.

Let us observe the difference of men and women incomes in the cleaned
subset with some more details.

In:
countx , divisionx = np. histogram ( ml2_age , normed = True )

county , divisiony = np. histogram ( fm2_age , normed = True )

val = [( divisionx [i] + divisionx [i +1]) /2
foriin range ( len ( divisionx ) - 1)]
plt . plot (val , countx - county , ’0-’)

One can see that the differences between male and female values are
slightly negative before age 42, and positive after it. Hence, women tend to
be promoted (receive more than 50K) earlier than men.

Measuring Asymmetry: Skewness and Pearson’s Median
Skewness Coefficient

For univariate data, the formula for skewness is a statistic that measures the
asymmetry of the set of n data samples, xi :

1 3 (xi — ')
g1 = — :

" £F-

where 1 is the mean, o is the standard deviation, and n is the number of data
points. Negative deviation indicates that the distribution “skews left” (it
extends further to the left than to the right). One can easily see that the
skewness for a normal distribution is zero, and any symmetric data must
have a skewness of zero. Note that skewness can be affected by outliers! A
simpler alternative is to look at the relationship between the mean p and the
median p12 .



def skewness (x):

res =0

m = X. mean ()

s =X.std ()

foriinx:

res += (i-m) * (i-m) * (i-m)

res /= (len (x) *s *s *5s)

return res

print " Skewness of the male population =", skewness ( ml2_age )

print " Skewness of the female population is = ", skewness ( fm2_age )

Out:
Skewness of the male population = 0.266444383843
Skewness of the female population = 0.386333524913

That is, the female population is more skewed than the male, probably since
men could be more prone to retire later than women.

The Pearson’s median skewness coefficient is a more robust alternative to
the skewness coefficient and is defined as follows:

gp=3(H-pl2)o.

There are many other definitions for skewness that will not be discussed
here. In our case, if we check the Pearson’s skewness coefficient for both
men and women, we can see that the difference between them actually
increases:

In:

def pearson (x):



return 3*( x. mean () - x. median ())*x. std ()

print " Pearson ’s coefficient of the male population

pearson ( ml2_age )
print " Pearson ’s coefficient of the female population =",

pearson ( fm2_age )

Out: Pearson’s coefficient of the male population = 9.55830402221
Pearson’s coefficient of the female population = 26.4067269073

After exploring the data, we obtained some apparent effects that seem to
support our initial assumptions. For example, the mean age for men in our
dataset is 39.4 years; while for women, is 36.8 years. When analyzing for
high-income salaries, the mean age for men increased to 44.6 years; while
for women, it increased to 42.1 years. When the data were cleaned of
outliers, we obtained a mean age for high-income men: 44.3, and for
women: 41.8. Moreover, histograms and other statistics show the skewness
of the data and the fact that women used to be promoted a little bit earlier
than men, in general.

Continuous Distribution

The distributions we have considered up to now are based on empirical
observations and thus are called ‘empirical distributions’. As an alternative,
we may be interested in considering distributions that are defined by a
continuous function and are called continuous distributions [2]. Remember
that we defined the PMF, f X (x ), of a discrete random variable X as f X (x
) =P (X =x) forall x. In the case of a continuous random variable X , we
speak of the Probability Density Function (PDF), which is defined as FX (x
) where this satisfies: FX (x ) = f X (t )6t for all x . There are many
continuous distributions; here, we will examine both exponential and
normal distributions.

*  The Exponential Distribution



Exponential distributions are well known, since they describe the interval
time between events. When events are e q ually likely to occur at any time,
the distribution of the interval time tends to be an exponential distribution.
The CD F and the PD F of the exponential distribution are defined by the
following e q uations:

CDF(x)=1-e-Ax, PDF (x)=2Ae—Ax.

The parameter A defines the shape of the distribution. It is easy to show that
the mean of the distribution is 1 , the variance is 1 and the median is In
(2)/A.

Note that, for a small number of samples, it is difficult to see that the exact
empirical distribution fits a continuous distribution. The best way to
observe this match is to generate samples from the continuous distribution
and see if these samples match the data. As an exercise, you can consider
the birthdays of a large group of people, sorting them and computing the
interval time in days. If you plot the C DF of the interval times, you will
observe the exponential distribution.

There are a lot of real-world events that can be described with this
distribution, including the time until a radioactive particle decays; the time
it takes before your next telephone call; and the time until default (on
payment to company debt holders) in reduced-form credit risk modeling.

e  The Normal Distribution

The normal distribution, also called the Gaussian distribution, is the most
common, since it represents many real phenomena: economic, natural,
social, and others. Some well-known examples of real phenomena with a
normal distribution are as follows:

»  The size of living tissue (length, height, weight).

. The length of inert appendages (hair, nails, teeth) of biological
specimens.

. Different physiological measurements (e.g., blood pressure),
etc.



Data Analysis and Libraries

There are numerous data analysis libraries that help us to process and
analyze data. They use different programming languages, and have different
advantages and disadvantages when solving various data analysis problems.
Now, we will introduce some common libraries that may be useful for you.
They should give you an overview of the libraries in the field. However, the
rest of this module focuses on Python-based libraries.

&y SciPy

#9 NumPy % matplotlib
TP[y]: Python
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Some of the libraries that use the Java language for data analysis are as
follows:

e Weka : This is the library that I became familiar with when I
first learned about data analysis. It has a graphical user
interface that allows you to run experiments on a small
dataset. This is great if you want to get a feel for what is
possible in the data processing space. However, if you build a
complex product, it is not the best choice, because of its
performance, sketchy API design, non-optimal algorithms,
and little documentation (http://www.
cs.waikato.ac.nz/ml/weka/).

o Mallet : This is another Java library that is used for statistical
natural language processing, document classification,
clustering, topic modeling, information extraction, and other
Machine Learning applications on text. There is an add-on
package for Mallet, called GRMM, that contains support for



inference in general, graphical models, and training of
Conditional Random Fields (CRF) with arbitrary graphical
structures. In my experience, the library performance and the
algorithms are better than Weka. However, its only focus is
on text-processing problems. The reference page is at
http://mallet.cs.umass.edu/.

e Mahout : This is Apache's Machine Learning framework
built on top of Hadoop; its goal is to build a scalable Machine
Learning library. It looks promising, but comes with all the
baggage and overheads of Hadoop. The homepage is at
http://mahout.apache.org/.

» Spark: This is a relatively new Apache project, supposedly up
to a hundred times faster than Hadoop. It is also a scalable library
that consists of common Machine Learning algorithms and
utilities. Development can be done in Python as well as in any
JVM language. The reference page is at https://
spark.apache.org/docs/1.5.0/mllib-guide.html.

Here are a few libraries that are implemented in C++:

 Vowpal Wabbit : This library is a fast, out-of-core learning
system sponsored by Microsoft Research and, previously,
Yahoo! Research. It has been used to learn a tera-feature
(1012) dataset on 1,000 nodes in one hour. More information
can be found in the publication at http://arxiv.org/
abs/1110.4198.

e MultiBoost : This package is a multiclass, multilabel, and
multitask classification boosting software implemented in
C++. If you use this software, you should refer to the paper
published in 2012 in the Journal of Machine Learning
Research ,

e ¢ MultiBoost: A Multi-purpose Boosting Package’,
D.Benbouzid, R. Busa-Fekete, N. Casagrande, F.-D. Collin,
and B. Kégl.

e MLpack : This is also a C++ machine-learning library,
developed by the Fundamental Algorithmic and Statistical
Tools Laboratory (FASTLab) at Georgia Tech. It focuses on



scalability, speed, and ease-of-use, and was presented at the
Big Learning workshop of NIPS 2011. Its homepage is at
http://www.mlpack.org/about.html.

Caffe : The last C++ library we want to mention is Caffe. This

is a deep learning framework made with expression, speed, and
modularity in mind. It is developed by the Berkeley Vision and
Learning Center (BVLC) and community contributors. You can
find more information about it at http://caffe.berkeleyvision.org/.

Other libraries for data processing and analysis are as follows:

Statsmodels : This is a great Python library for statistical
modeling, and is mainly used for predictive and exploratory
analysis.

Modular toolkit for data processing (MDP): This is a
collection of supervised and unsupervised learning
algorithms and other data processing units that can be
combined into data processing seq uences and more
complex feed-forward network architectures (http://mdp-
toolkit.sourceforge. net/index.html).

Orange : This is an open-source data visualization and
analysis for both novices and experts. It is packed with
features for data analysis and has add-ons for bioinformatics
and text mining. It contains the implementation of self-
organizing maps, which sets it apart from the other projects
(http://orange.biolab.si/).

Mirador : This is a tool for the visual exploration of complex
datasets, supporting Mac and Windows. It enables users to
discover correlation patterns and derive new hypotheses from
data (http://orange.biolab.si/).

RapidMiner : This is another GUI-based tool for data
mining, machine learning, and predictive analysis
(https://rapidminer.com/).

Theano : This bridges the gap between Python and lower-level

languages. Theano gives very significant performance gains,
particularly for large matrix operations, and is therefore, a good



choice for deep learning models. However, it is not easy to debug
because of the additional compilation layer.

* Natural language processing toolkit (NLTK) : This is written
in Python with un i q ue and very salient features.

I could not list all libraries for data analysis here. However, the preceding
libraries are enough to help you learn and build data analysis applications. I
hope you will enjoy them after reading this module.

Data Analysis and Processing

Data is getting bigger and more diverse every day. Therefore, analyzing and
processing data to advance human knowledge or to create value is a big
challenge. To tackle these challenges, you will need domain knowledge and
a variety of skills, drawing from areas such as Computer Science, Artificial
Intelligence (AI) and Machine Learning (ML), statistics and mathematics,
and domain knowledge.

Let's go through data analysis and its domain knowledge:

e Computer Science : We need this knowledge to provide
abstractions for efficient data processing. Basic Python
programming experience is re q uired to follow the next
chapters. We will introduce the Python libraries used in data
analysis.

e Artificial Intelligence and MachineLlearning : If
Computer Science knowledge helps us to program data
analysis tools, Artificial Intelligence and Machine Learning
help us to model the data and learn from it in order to build
smart products.

e Statistics and mathematics : We cannot extract useful
information from raw data if we do not use statistical
techni q ues or mathematical functions.

. Domain Knowledge : Besides technology and general techn
iq ues, it is important to have insight into the specific domain.
What do the data fields mean? What data do we need to collect?
Based on this expertise, we explore and analyze raw data by
applying the preceding techniques, step by step.



Data analysis is a process composed of the following steps:

e Datar eq uirements : We have to define what kind of data
will be collected based on the requirements or problem
analysis. For example, if we want to detect a user's behavior
while reading news on the Internet, we should be aware of
visited article links, dates and times, article categories, and
the time the user spends on different pages.

e Data collection : Data can be collected from a variety of
sources: mobile, personal computer, camera, or recording
devices. It may also be obtained in different ways:
communication, events, and interactions between person and
person, person and device, or device and device. Data
appears at all times in all places across the world. The
problem is how to find and gather it to solve our problem.
This is the mission of this step.

e Data processing : Data that is initially obtained must be
processed or organized for analysis. This process is
performance-sensitive. How fast can we create, insert,
update, or q uery data? When building a real product that has
to process big data, we should consider this step carefully.
What kind of database should we use to store data? What
kind of data structure, such as analysis, statistics, or
visualization, is suitable for our purposes?

. Data cleaning : After being processed and organized, the data
may still contain duplicates or errors. Therefore, we need a
cleaning step to reduce those situations and increase the q uality
of the results in the following steps. Common tasks include
record matching, de-duplication, and column segmentation.
Depending on the type of data, we can apply several types of data
cleaning. For example, a user's history of visits to a news website
might contain a lot of duplicate rows, because the user might
have refreshed certain pages many times. For our specific issue,
these rows might not carry any meaning when we explore the
user's behavior, so we should remove them before saving it to our
database. Another situation we may encounter is click fraud on



news—someone just wants to improve their website ranking or
sabotage a website. In this case, the data will not help us to
explore a user's behavior. We can use thresholds to check
whether a visit page event comes from a real person or from
malicious software.

e Exploratory data analysis : Now, we can start to analyze
data through a variety of techniq ues, referred to as
‘exploratory data analysis.” We may detect additional
problems in data cleaning, or discover re q uests for further
data. Therefore, these steps may be iterative and repeated
throughout the whole data analysis process. Data
visualization techni q ues are also used to examine the data
in graphs or charts. Visualization often facilitates
understanding of data sets, especially if they are large or
multidimensional.

e Modelling and algorithms : A lot of mathematical formulas
and algorithms may be applied to detect or predict useful
knowledge from raw data. For example, we can use similarity
measures to cluster users who have exhibited similar news-
reading behavior, and recommend articles of interest to them
next time. Alternatively, we can detect users' genders based
on their news reading behavior by applying classification
models such as the Support Vector Machine (SVM) or linear
regression. Depending on the problem, we may use different
algorithms to get an acceptable result. It can take a lot of time
to evaluate the accuracy of the algorithms and choose the best
one to implement for a certain product.

. Data product : The goal of this step is to build data products
that receive data input and generate output according to the
problem r eq uirements. We will apply computer science
knowledge to implement our selected algorithms as well as
manage the data storage.

Python Libraries in Data Analysis



Python is a multi-platform, general-purpose programming language that can
run on Windows, Linux/Unix, and Mac OS X, and has been ported to Java
and .NET virtual machines as well. It has a powerful standard library. In
addition, it has many libraries for data analysis: Pylearn2, Hebel, Pybrain,
Pattern, MontePython, and MILK. In this module, we will cover some
common Python data analysis libraries such as Numpy, Pandas, Matplotlib,
PyMongo, and Scikit-learn. Now, to help you get started, I will briefly
present an overview of each library for those who are less familiar with the
scientific Python stack.

NumPy

One of the fundamental packages used for scientific computing in Python is
Numpy. Among other things, it contains the following:

e A powerful N-dimensional array object

e Sophisticated (broadcasting) functions for performing array
computations

e Tools for integrating C/C++ and Fortran code

. Useful linear algebra operations, Fourier transformations, and
random number capabilities

Besides this, it can also be used as an efficient multidimensional container
of generic data. Arbitrary data types can be defined and integrated with a
wide variety of databases.

Pandas

Pandas is a Python package that supports rich data structures and functions
for analyzing data, and is developed by the PyData Development Team. It
is focused on the improvement of Python's data libraries. Pandas consists of
the following things:

o A set of labeled array data structures; the primary of which
are Series, DataFrame, and Panel

 Index objects enabling both simple axis indexing and
multilevel/hierarchical axis indexing



e An integrated group by engine for aggregating and
transforming datasets

e Date range generation and custom date offsets

e Input/output tools that load and save data from flat files or
PyTables/HDF5 format

e Optimal memory versions of the standard data structures

*  Moving window statistics and static and moving window linear/
panel regression

Due to these features, Pandas is an ideal tool for systems that need
complex data structures or high-performance time series functions such as
financial data analysis applications.

Matplotlib

Matplotlib is the single most used Python package for 2D-graphics. It
provides both a very q uick way to visualize data from Python and
publication- q uality figures in many formats: line plots, contour plots,
scatter plots, and Basemap plots. It comes with a set of default settings, but
allows customization of all kinds of properties. However, we can easily
create our charts with the defaults of almost every property in Matplotlib.

PyMongo

MongoDB is a type of NoSQL database. It is highly scalable, robust, and
perfect to work with JavaScript-based web applications, because we can
store data as JSON documents and use flexible schemas.

PyMongo is a Python distribution containing tools for working with
MongoDB. Many tools have also been written for working with PyMongo
to add more features such as MongoKit, Humongolus, MongoAlchemy, and
Ming.

The Scikit-learn library

The scikit-learn is an open source machine-learning library using the
Python programming language. It supports various Machine Learning
models, such as classification, regression, and clustering algorithms,



interoperated with the Python numerical and scientific libraries NumPy and
SciPy.



NumPy Arrays and Vectorized Computation

NumPy is the fundamental package supported for presenting and computing
data with high performance in Python. It provides some interesting features.

Array Prograsuming

WITH NUMPY

e Extension package to Python for multidimensional arrays
(ndarrays), various derived objects (such as masked arrays),
matrices providing vectorization operations, and broadcasting
capabilities. Vectorization can significantly increase the
performance of array computations by taking advantage of
Single Instruction Multiple Data (SIMD) instruction sets in
modern CPUs.

e Fast and convenient operations on arrays of data, including
mathematical manipulation, basic statistical operations,
sorting, selecting, linear algebra, random number generation,
discrete Fourier transforms, and so on.

. Efficiency tools that are closer to hardware because of
integrating C/C++/Fortran code.

NumPy is a good starting package for you to get familiar with arrays and
array-oriented computing in data analysis. Also, it is the basic step to learn



other, more effective tools such as Pandas, which we will see in the next
chapter. We will be using NumPy version 1.9.1.

NumPy arrays

An array can be used to contain values of a data object in an experiment or
simulation step, pixels of an image, or a signal recorded by a measurement
device. For example, the latitude of the Eiffel Tower, Paris is 48.858598
and the longitude is 2.294495. It can be presented in a NumPy array object
as p:

>>> import numpy as np

>>> p = np.array([48.858598, 2.294495])
>>>p

Output: array([48.858598, 2.294495])

This is a manual construction of an array using the np.array function. The
standard convention to import NumPYy is as follows:

>>> import numpy as np

You can, of course, put from numpy import * in your code to avoid having
to write np. However, you should be careful with this habit because of the
potential code conflicts (further information on code conventions can be
found in the Python Style Guide, also known as PEP8, at
https://www.python.org/dev/peps/pep-0008/).

There are two re q uirements of a NumPy array: a fixed size at creation,
and a uniform, fixed data type, with a fixed size in memory. The following
functions help you to get information on the p matrix:

>>>p.ndim # getting dimension of array p

1

>>>p.shape # getting size of each array dimension
(2,)

>>>len(p) # getting dimension length of array p



2 >>>p.dtype # getting data type of array p dtype('float64")

Data Types

There are five basic numerical types, including Booleans (bool), integers
(int), unsigned integers (uint), floating point (float), and complex. They
indicate how many bits are needed to represent elements of an array in
memory. Besides that, NumPy also has some types, such as intc and intp,
that have different bit sizes, depending on the platform.

Array Creation

There are various functions provided to create an array object. They are
very useful to create and store data in a multidimensional array in different
situations.

Indexing and Slicing

As with other Python se q uence types, such as lists, it is very easy to
access and assign a value of each array's element:

>>> a = np.arange(7) >>> a array([0, 1, 2, 3, 4, 5, 6]) >>> a[1], a [4], a[-1]
(1, 4, 6)

In Python, array indices start at 0. This is in contrast to Fortran or Matlab,
where indices begin at 1.

As another example, if our array is multidimensional, we need tuples of
integers to index an item:

>>> a = np.array([[1, 2, 3], [4, 5, 6], [7, 8, 9]])
>>> [0, 2]  # first row, third column

3

>>>al0, 2] =10

>>> g

array([[1, 2, 10], [4, 5, 6], [7, 8, 9]])

>>> b = a[2]



>>> b
array([7, 8, 9]) >>> c = a[:2]
>>> c array([[1, 2, 10], [4, 5, 6]])

We call b and ¢ ‘array slices’, which are views on the original one. It
means that the data is not copied to b or ¢, and whenever we modify their
values, it will be reflected in the array a as well:

>>>Db[-1]=11>>>a
array([[1, 2, 10], [4, 5, 6], [7, 8, 11]])
when we omit the index number.

Fancy Indexing

Besides indexing with slices, NumPy also supports indexing with Boolean
or integer arrays (masks). This method is called fancy indexing. It creates
copies, not views.

First, we take a look at an example of indexing with a Boolean mask array:
>>> a = np.array([3, 5, 1, 10])

>>>Db = (a % 5 == 0) >>> b array([False, True, False, True], dtype=bool)
>>> ¢ = np.array([[0, 1], [2, 3], [4, 5], [6, 7]]) >>> c[b] array([[2, 3], [6, 7]])

The second example is an illustration of using integer masks on arrays:
>>> a = np.array([[1, 2, 3, 4],

[5, 6, 7, 8],

[9, 10, 11, 12],

[13, 14, 15, 16]]) >>> a[[2, 1]]

array([[9, 10, 11, 12], [5, 6, 7, 8]]) >>> a[[-2, -1]] # select rows from
the end array([[ 9, 10, 11, 12], [13, 14, 15, 16]]) >>> a[[2, 3], [0, 1]] #
take elements at (2, 0) and (3, 1) array([9, 14])

Numerical Operations on Arrays



We are getting familiar with creating and accessing ndarrays. Now, we
continue to the next step, applying some mathematical operations to array
data without writing any for loops, of course, with higher performance.

Scalar operations will propagate the value to each element of the array:

>>> a = np.ones(4) >>> a * 2 array([2., 2., 2., 2.]) >>> a + 3 array([4., 4.,
4.,4.])

All arithmetic operations between arrays apply the operation element wise:

>>> a = np.ones([2, 4]) >>> a * a array([[1., 1., 1., 1.], [1., 1., 1., 1..]]) >>> a
+a

array([[2., 2., 2.,2.], [2., 2., 2., 2.]])

Also, here are some examples of comparisons and logical operations:
>>> a = np.array([1, 2, 3, 4])

>>>b = np.array([1, 1, 5, 3]) >>>a ==

array([ True, False, False, False], dtype=bool)

>>>np.array_e q ual(a, b)  # array-wise comparison

False

>>> c = np.array([1, 0])

>>> d = np.array([1, 1]) >>> np.logical_and(c, d) # logical operations
array([True, False])

Array Functions

Many helpful array functions are supported in NumPy for analyzing data.
We will list the parts of them that are commonly used. First, the transposing
function is another kind of reshaping form that returns a view on the
original data array without copying anything:

>>> a = np.array([[0, 5, 10], [20, 25, 30]]) >>> a.reshape(3, 2) array([[O, 5],
[10, 20], [25, 30]]) >>> a.T

array([[0, 20], [5, 25], [10, 30]])



We also have the swapaxes method that takes a pair of axis numbers and
returns a view on the data, without making a copy:

>>>a = np.array([[[0, 1, 2], [3, 4, 5]],
[[6, 7, 8], [9, 10, 11]]]) >>> a.swapaxes(1, 2) array([[[O0, 3], [1, 4],
[2, 51],
[[6, 91,
[7, 10],
[8, 11111)

The transposing function is used to do matrix computations; for example,
computing the inner matrix product XT.X using np.dot:

>>> a = np.array([[1, 2, 3],[4,5,6]]) >>> np.dot(a.T, a) array([[17, 22, 27],
[22, 29, 36],

[27, 36, 45]])

Sorting data in an array is also an important demand when processing data.
Let's take a look at some sorting functions and their use:

>>> a = np.array ([[6, 34, 1, 6], [0, 5, 2, -1]])
>>>np.sort(a) # sort along the last axis array([[1, 6, 6, 34], [-1, 0, 2, 5]])

>>> np.sort(a, axis=0) # sort along the first axis array([[O, 5, 1, -1], [6, 34,
2, 6]])

>>> b = np.argsort(a) # fancy indexing of sorted array >>> b array([[2, O,
3,11, [3, 0, 2, 11]) >>> a[0][b[0]] array([1, 6, 6, 34])

>>>np.argmax(a) # get index of maximum element 1

Data Processing Using Arrays

With the NumPy package, we can easily solve many kinds of data
processing tasks without writing complex loops. It is very helpful for us to
control our code, as well as the performance of the program. In this section,
we want to introduce some mathematical and statistical functions.



Loading And Saving Data

We can also save and load data to and from a disk, either in text or binary
format, by using different supported functions in the NumPy package.

Saving an array

Arrays are saved by default in an uncompressed raw binary format, with the
file extension .npy by the np.save function:

>>> a = np.array([[0, 1, 2], [3, 4, 5]])
>>> np.save('testl.npy', a)

If we want to store several arrays into a single file in an uncompressed .npz
format, we can use the np.savez function, as shown in the following
example:

>>> a = np.arange(4)
>>> b = np.arange(7)
>>> np.savez('test2.npz', arr0=a, arr1=b)

The .npz file is a zipped archive of files named after the variables they
contain. When we load an .npz file, we get back a dictionary-like object that
can be q ueried for its lists of arrays:

>>> dic = np.load('test2.npz") >>> dic['arr0'] array([O0, 1, 2, 3])

Another way to save array data into a file is using the np.savetxt function
that allows us to set format properties in the output file:

>>> x = np.arange(4)

>>> # e.g., set comma as separator between elements

—1

>>> np.savetxt('test3.out', X, delimiter=',

Loading an Array

We have two common functions (np.load and np.loadtxt) which correspond
to the saving functions, for loading an array:



>>>  np.oad('testl.npy') array([[0, 1, 2], [3, 4, 5])) >>>
np.loadtxt('test3.out', delimiter=',") array([O0., 1., 2., 3.])

Similar to the np.savetxt function, the np.loadtxt function also has a lot of
options for loading an array from a text file.

Linear algebra with NumPy

Linear algebra is a branch of mathematics concerned with vector spaces and
mapping between those spaces. NumPy has a package called linalg that
supports powerful linear algebra functions. We can use these functions to
find eigenvalues and eigenvectors, or to perform singular value
decomposition:

>>> A = np.array([[1, 4, 6],

[5’ 2’ 2],

[_]-’ 65 8]])
>>> w, v = np.linalg.eig(A) >>> w # eigenvalues
array([-0.111 + 1.5756j, -0.111 - 1.5756j, 11.222+0.j]) >>>
\% # eigenvector array([[-0.0981 + 0.2726j, -0.0981 —

0.2726j, 0.5764+0.j], [0.7683+0.j, 0.7683-0.j, 0.4591+0.j],
[-0.5656 — 0.0762j, -0.5656 + 0.00763j, 0.6759+0.j11)

The function is implemented using the geev Lapack routines that compute
the eigenvalues and eigenvectors of general s q uare matrices.

Another common problem is solving linear systems, such as Ax = b with A
as a matrix and x and b as vectors. The problem can be solved easily by
using the numpy.linalg.solve function:

>>> A = np.array([[1, 4, 6], [5, 2, 2], [-1, 6, 8]])
>>>b = np.array([[1], [2], [3]])
>>> x = np.linalg.solve(A, b) >>> x

array([[-1.77635e-16], [2.5], [-1.5]])

NumPy Random Numbers



An important part of any simulation is the ability to generate random
numbers.

For this purpose, NumPy provides various routines in the submodule
random. It uses a particular algorithm, called the Mersenne Twister, to
generate pseudorandom numbers.

First, we need to define a seed that makes the random numbers predictable.
When the value is reset, the same numbers will appear every time. If we do
not assign the seed, NumPy automatically selects a random seed value
based on the system's random number generator device or on the clock:

>>> np.random.seed(20)

An array of random numbers in the [0.0, 1.0] interval can be generated as
follows:

>>> np.random.rand(5) array([0.5881308, 0.89771373, 0.89153073,
0.81583748, 0.03588959])

>>> npp.random.rand(5) array([0.69175758, 0.37868094, 0.51851095,
0.65795147,

0.19385022])

>>> pp.random.seed(20)  # reset seed number >>> np.random.rand(5)
array([0.5881308, 0.89771373, 0.89153073,
0.81583748, 0.03588959])

If we want to generate random integers in the half-open interval [min,
max], we can use the randint(min, max, length) function:

>>> np.random.randint(10, 20, 5) array([17, 12, 10, 16, 18])

NumPy also provides for many other distributions, including the Beta,
bionomial, chi-s q uare, Dirichlet, exponential, F, Gamma, geometric, and
Gumbel.

We can also use random number generation to shuffle items in a list.
Sometimes this is useful when we want to sort a list in random order:

>>> a = np.arange(10)



>>> np.random.shuffle(a) >>> a
array([7, 6, 3,1, 4, 2,5,0,9, 8])

The following figure shows two distributions, binomial and poisson , side
by side with various parameters.



Data Analysis with Pandas

In this chapter, we will explore another data analysis library called Pandas.
The goal of this chapter is to give you some basic knowledge and concrete
examples for getting started with Pandas.

An Overview of the Pandas Package

Pandas is a Python package that supports fast, flexible, and expressive data
structures, as well as computing functions for data analysis. The following
are some prominent features that Pandas supports:

e Data structure with labeled axes. This makes the program
clean and clear and avoids common errors resulting from
misaligned data.

e Flexible handling of missing data.

o Intelligent, label-based slicing, fancy indexing, and subset
creation of large datasets.

e Powerful arithmetic operations and statistical computations
on a custom axis via axis label.

»  Robust input and output support for loading or saving data from
and to files, databases, or HDF5 format.
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Related to Pandas installation, we recommend an easy method, which is to
install it as a part of Anaconda, a cross-platform distribution for data
analysis and scientific computing. You can refer to the reference at
http://docs.continuum.io/ anaconda/ to download and install the library.

After installation, we can use it like other Python packages. First, we have
to import the following packages at the beginning of the program:

>>> jmport pandas as pd



>>> import numpy as np

The Pandas Data Structure

Let's first get ac @ uainted with two of Pandas' primary data structures: the
Series and the DataFrame. They can handle the majority of use cases in
finance, statistics, social science, and many areas of engineering.

Series

A Series is a one-dimensional object, similar to an array, list, or column in
table. Each item in a Series is assigned to an entry in an index:

>>> 5] = pd.Series(np.random.rand(4), index=['a', 'b', 'c’, 'd'])
>>>sla 0.6122b 0.98096c 0.3350d 0.7221 dtype: float64

By default, if no index is identified, one will be created with values ranging
from O to N-1, where N is the length of the Series:

>>> 52 = pd.Series(np.random.rand(4))

>>> gD

0 0.6913

10.8487

20.8627 3 0.7286 dtype: float64

We can access the value of a Series by using the index:

>>>s1['c']

0.3350

>>>s1['c'] = 3.14 >>>s1['c,'a', b']c 3.14a 0.6122b 0.98096

This access method is similar to a Python dictionary. Pandas also allows us
to initialize a Series object directly from a Python dictionary:

>>>s3 = pd.Series({'001": 'Nam', '002": 'Mary’',
'003": 'Peter'})

>>> g3



001 Nam
002 Mary 003 Peter dtype: object

Sometimes, we want to filter or rename the index of a Series created from a
Python dictionary. At such times, we can send the selected index list
directly to the initial function, similarly to the process in the preceding
example. Only elements that exist in the index list will be in the Series
object. Conversely, indexes that are missing in the dictionary are initialized
to default NaN values by Pandas:

>>> s4 = pd.Series({'001": 'Nam', '002": 'Mary’',
'003": 'Peter'}, index=|
'002','001", '024', '065'])

>>> g4
002 Mary
001 Nam

024 NaN 065 NaN dtype: object ect

The library also supports functions that detect missing data:

>>> pd.isnull(s4)
002 False
001 False

024 True 065 True dtype: bool
Similarly, we can also initialize a Series from a scalar value:

>>> s5 = pd.Series(2.71, index=["x, 'y']) >>>s5x 2.71y 2.71 dtype:
float64

A Series object can be initialized with NumPy objects as well, such as
ndarray. In addition, Pandas can automatically align data indexed in
different ways in arithmetic operations:



>>> s6 = pd.Series(np.array([2.71, 3.14]), index=["z", 'y']) >>>s6z 2.71
y  3.14 dtype: float64 >>>s5 +s6x NaNy 585z NaN dtype:
float64

The DataFrame

The DataFrame is a tabular data structure comprising a set of ordered
columns and rows. It can be thought of as a group of Series objects that
share an index (the column names). There are a number of ways to initialize
a DataFrame object. First, let's take a look at the common example of
creating a DataFrame from a dictionary of lists:

>>> data = {"Year': [2000, 2005, 2010, 2014],
'Median_Age": [24.2, 26.4, 28.5, 30.3],
'Density': [244, 256, 268, 279]}

>>> df1 = pd.DataFrame(data)

>>> dfl

Density Median_Age Year

0244 24.2 2000

1256 26.4 2005

2 268 28.5 2010

3279 30.3 2014

By default, the DataFrame constructor will order the column alphabetically.
We can edit the default order by applying the column's attribute to the
initializing function:

>>> df2 = pd.DataFrame(data, columns=["Year', 'Density’,
'Median_Age'])
>>> df?2
Year Density Median_Age



02000
1 2005
22010
32014

>>> df2.index
Int64Index([0, 1, 2, 3], dtype='int64")
We can provide the index labels of a DataFrame similar to a Series:

>>> df3 = pd.DataFrame(data, columns=["Year', 'Density’,

>>> df3.index
Index([u'a’, u'b', u'c', u'd'], dtype='object’)
We can construct a DataFrame out of nested lists, as well:
>>> df4 = pd.DataFrame([
['Peter’, 16, 'pupil’, "TN', 'M', None],
['Mary', 21, 'student’, 'SG', 'F', None],
['Nam', 22, 'student’, 'HN', 'M', None],

['Mai', 31, murse', 'SG', 'F', None],
None]], columns=['name’, 'age’, 'career’, 'province’, 'sex’, 'award'])

Columns can be accessed by column name, just as a Series can, either by
dictionary-like notation or as an attribute, if the column name is a
syntactically valid attribute name:

>>> df4.name # or df4['name']
0 Peter

1 Mary

2 Nam

244
256
268
279

24.2
26.4
28.5
30.3

'Median_Age'], index=['a", 'b', 'c, 'd'])

[John', 28, 'laywer’, 'SG', 'M/,



3 Mai
4 John
Name: name, dtype: object

To modify or append a new column to the created DataFrame, we specify
the column name and the value we want to assign:

>>> df4['award'] = None >>> df4 name age career province sex award
O Peter 16 pupil TN M None

1 Mary 21 student SG F None

2 Nam 22 student HN M None

3Mai 31 nurse SG F None

4 John 28 lawer SG M None

Using a couple of methods, rows can be retrieved by position or name:

>>> df4.ix[1] name Mary age 21 career student
province SG sex F award None Name: 1, dtype: object

A DataFrame object can also be created from different data structures, such
as a list of dictionaries, a dictionary of Series, or a record array. The method
to initialize a DataFrame object is similar to the preceding examples.

Another common method is to provide a DataFrame with data from a
location, such as a text file. In this situation, we use the read_csv function
that expects the column separator to be a comma, by default. However, we
can change that by using the sep parameter:

# person.csv file name,age,career,province,sex Peter,16,pupil, TN,M
Mary,21,student,SG,F

Nam,22,student, HN,M

Mai,31,nurse,SG,F

John,28,lawyer,SG,M



# loading person.cvs into a DataFrame

>>> df4 = pd.read_csv('person.csv') >>>
df4 name age career province sex
0O Peter 16 pupil TN M

1Mary 21 student SG F
2Nam 22 student HN M
3Mai 31 nurse SG F
4John 28 lawyer SG M

While reading a data file, we sometimes want to skip a line or an invalid
value. As for Pandas 0.16.2, read_csv supports over 50 parameters for
controlling the loading process. Some common useful parameters are as
follows:

* sep: This is a delimiter between columns. The default is a comma symbol.
» dtype: This is a data type for data or columns.

* header: This sets row numbers to use as the column names.

» skiprows: This defines which line numbers to skip at the start of the file.

« error_bad_lines: This shows invalid lines (too many fields) that will, by
default, cause an exception, so that no DataFrame will be returned. If we set
the value of this parameter as false, any bad lines will be skipped.

Moreover, Pandas also has support for reading and writing a DataFrame
directly from or to a database such as the read_frame or write_frame
function within the Pandas module. We will come back to these methods
later.

Essential Basic Functionality

Pandas supports many essential functions that are useful to manipulate
Pandas data structures. In this module, we will focus on the most important
features regarding exploration and analysis.

Reindexing and Altering Labels



Reindexing is a critical method in the Pandas data structures. It confirms
whether the new or modified data satisfies a given set of labels along a
particular axis of Pandas objects.

First, let's view a reindex example on a Series object:
>>> s2. reindex([0, 2, 'b', 3])
0 0.69132 0.8627b NaN 3 0.7286 dtype: float64

When reindexed labels do not exist in the data object, a default value of
NaN will be automatically assigned to the position; this holds true for the
DataFrame case as well:

>>> df1.reindex(index=[0, 2, 'b', 3],
columns=['Density’, "Year', Median_Age','C'])
Density Year Median_Age C

0 244 2000 24.2 NaN 2 268 2010 28.5 NaN
b NaN NaN NaN NaN3 279 2014 30.3 NaN

We can change the NalN value in the missing index case to a custom value,
by setting the fill_value parameter.

Head and Tail

In common data analysis situations, our data structure objects contain many
columns and a large number of rows. Therefore, we cannot view or load all
the information of the objects. Pandas supports functions that allow us to
inspect a small sample. By default, the functions return five elements, but
we can set a custom number as well. The following example shows how to
display the first five and the last three rows of a longer Series:

>>> s7 = pd.Series(np.random.rand(10000))
>>> s7.head()

00.631059

1 0.766085

2 0.066891



3 0.867591

4 0.339678

dtype: float64 >>> s7.tail(3)

9997 0.412178

9998 0.800711 9999 0.438344 dtype: float64

We can also use these functions for DataFrame objects in the same way.

Binary Operations

First, we will consider arithmetic operations between objects. In different
indexes’ objects case, the expected result will be the union of the index
pairs. We will not explain this again because we had an example of it in the
previous section (s5 + s6). This time, we will show another example with a
DataFrame:

>>> df5 =
pd.DataFrame(np.arange(9).reshape(3,3) columns=['a','b','c'])
>>>df5 abc001?2

1345

2 6 7 8 >>> df6 =
pd.DataFrame(np.arange(8).reshape(2,4), columns=

[d,b",'c,'d])>>>df6 abcd0O0123
14567>>df5+df6 a b c d0O 0 2 4NaN
17 9 11 NaN

2 NaN NaN NaN NaN

The mechanisms for returning the result between two kinds of data
structures are similar. A problem that we need to consider is the missing
data between objects. In this case, if we want to fill with a fixed value, such
as 0, we can use arithmetic functions such as add, sub, div, and mul, and the
function's supported parameters such as fill_value:

>>> df7 = df5.add(df6, fill_value=0) >>>df7 ab c d0 02 4 3



17911 7
26 7 8 NaN

Next, we will discuss comparison operations between data objects. We have
some supported functions, such as e q ual (e q ), not e q ual (ne), greater
than (gt), less than (It), less equal (le), and greater e q ual (ge). Here is an
example:

>>> df5.e q (df6) a b ¢ dO True True True False
1 False False False False
2 False False False False

Functional Statistics

The supported statistics method of a library is really important in data
analysis. To get inside a big data ob