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Introduction

A Machine learning is about extracting knowledge from data. It is a research field at the intersection
of statistics, artificial intelligence, and computer science and is also known as predictive analytics
or statistical learning.

A The application of machine learning methods has in recent years become ubiquitous in everyday

life.

A From automatic recommendations of which movies to watch, to what food to order or which
products to buy, to personalized online radio and recognizing your friends in your photos, many
modern websites and devices have machine learning algorithms at their core.

A When you look at a complex website like Facebook, Amazon, or Netflix, it is very likely that every
part of the site contains multiple machine learning models.
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A Outside of commercial applications, machine learning has had a tremendous influence on the way data-
driven research is done today.

A The tools introduced in Machine Learning have been applied to diverse scientific problems such as
A understanding stars,
A finding distant planets,
A discovering new particles,
A analyzing DNA sequences,

A providing cancer treatments, etc.

A In this chapter, we will explain why machine learning has become so popular and discuss what kinds of problems can
be solved using machine learning.

A Then, we will show you how to build machine learning models, introducing important concepts along the way.
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Why Machine Learning?

FACULTY OF RL4Eng -

ENGINEERING

A In the early days of “intelligent” applications, many systems used handcoded rules of “if ” and “else”
decisions to process data or adjust to user input.

A Think of a spam filter whose job is to move the appropriate incoming email messages to a spam folder.
You could make up a blacklist of words that would result in an email being marked as spam.
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A Using handcoded rules to make decisions has two major
disadvantages:

A The logic required to make a decision is specific to a
single domain and task. Changing the task even slightly
might require a rewrite of the whole system.

A Designing rules requires a deep understanding of how a
decision should be made by a human expert.

A One example of where this handcoded approach will fail is in
detecting faces in images. Today, every smartphone can detect
a face in an image. However, face detection was an unsolved
problem until as recently as 2001.
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Supervised Learning

A The most successful kinds of machine learning algorithms are those that automate decision-making
processes by generalizing from known examples.

A In this setting, which is known as supervised learning, the user provides the algorithm with pairs of
inputs and desired outputs, and the algorithm finds a way to produce the desired output given an
input.

A In particular, the algorithm is able to create an output for an input it has never seen before without any
help from a human.
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Supervised Learning

A Going back to our example of spam classification, using machine learning, the user provides the
algorithm with a large number of emails (which are the input), together with information about
whether any of these emails are spam (which is the desired output).

A Given a new email, the algorithm will then produce a prediction as to whether the new email is spam.

A Machine learning algorithms that learn from input/output pairs
are called supervised learning algorithms because a “teacher”
provides supervision to the algorithms in the form of the desired
outputs for each example that they learn from.
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Examples of supervised learning

A Determining whether a tumor is benign based on a medical image
A Input: the image,
A Output: whether the tumor is benign.

To create a dataset for building a model, we need a database of medical images. we also need an expert
opinion, so a doctor needs to look at all of the images and decide which tumors are benign and which
are not.

A Detecting fraudulent activity in credit card transactions

A Input: a record of the credit card transaction,

A Output: whether it is likely to be fraudulent or not.

Assuming that we are the entity distributing the credit cards, collecting a dataset means storing all
transactions and recording if a user reports any transaction as fraudulent.
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Unsupervised Learning

A In unsupervised learning, only the input data is known, and no known output data is given to the
algorithm.

A While there are many successful applications of these methods, they are usually harder to understand
and evaluate.
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Examples of unsupervised learning

A Identifying topics in a set of blog posts

If we have a large collection of text data, we might want to summarize it and find prevalent
themes in it.

We might not know beforehand what these topics are, or how many topics there might be.
Therefore, there are no known outputs.

A Good traffic days

A taxi agent might gradually develop a concept of “good traffic days™ and “bad traffic days
without ever being given labeled examples of each by a teacher.

A Anomaly Detection

Anomaly detection algorithms identify data points that deviate from normal behavior.
Applications include fraud detection, network security, and equipment monitoring.

10
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Data Representation

A For both supervised and unsupervised learning tasks, it is important to have a representation of
the input data that a computer can understand.

A Often it is helpful to think of the data as a table. Each data point that we want to reason about
(each email, each customer, each transaction) is a row, and each property that describes that data
point (say, the age of a customer or the amount or location of a transaction) is a column.

A Each entity or row here is known as a sample (or data point) in machine learning, while the
columns—the properties that describe these entities—are called features.

A Building a good representation of the data is called feature extraction or feature engineering.

A No machine learning algorithm will be able to make a prediction on data for which it has no
information. For example, if the only available feature for a patient is their last name, no algorithm
will be able to predict their gender!!

11
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Knowing our Task and Knowing our Data

A Quite possibly the most important part in the machine learning process is understanding the data we
are working with and how it relates to the task we want to solve.

A Tt will not be effective to randomly choose an algorithm and throw the data at it.
A Tt is necessary to understand what is going on in the dataset before we begin building a model.

A Each algorithm is different in terms of what kind of data and what problem setting it works best for.

12
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Knowing our Task and Knowing our Data

Always answer, or at least keep in mind, the following questions:

A What question(s) am I trying to answer? Do I think the data collected can answer that question?
A What is the best way to phrase my question(s) as a machine learning problem?

A Have I collected enough data to represent the problem I want to solve?

A What features of the data did I extract, and will these enable the right predictions?

A How will I measure success in my application?

A How will the machine learning solution interact with other parts of my research or business
product?

13
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scikit-learn

A scikit-learn is an open source project: It is free to use and distribute, and anyone can easily obtain
the source code to see what is going on behind the scenes.

A The scikit-learn project is constantly being developed and improved, and it has a very active user
community.

A Tt contains a number of state-of-the-art machine learning algorithms, as well as comprehensive
documentation.

.femn

A scikit-learn is a very popular tool, and the most prominent Python library for machine learning.

A scikit-learn documentation:
https://scikit-learn.org/stable/documentation

14
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Installing scikit-learn

A scikit-learn depends on two other Python packages, NumPy and SciPy.

A For plotting and interactive development, matplotlib, IPython, and the Jupyter Notebook
should be installed.

A Use pip to install all the needed packages:
$ pip install numpy scipy matplotlib ipython scikit-learn

.femn

15
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Essential Libraries and Tools

upyter
A Jupyter Notebook J | .DY |
A The Jupyter Notebook is an interactive environment for running code in the browser.
A Itis a great tool for exploratory data analysis and is widely used by data scientists.

A NumPy
A NumPy is one of the fundamental packages for scientific computing in Python. .

A It contains functionality for multidimensional arrays, high-level mathematical functions such as linear T
algebra operations and the Fourier transform, and pseudorandom number generators.

A SciPy
A SciPy is a collection of functions for scientific computing in Python.

A 1t provides, among other functionality, advanced linear algebra routines, mathematical function C‘
optimization, signal processing, special mathematical functions, and statistical distributions.

16
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Essential Libraries and Tools

A Matplotlib

A matplotlib is the primary scientific plotting library in Python. It provides functions for :
making publication-quality visualizations such as line charts, histograms, scatter plots, AN
etc.

A Pandas

A pandas is a Python library for data manipulation and analysis. It is built around a data
structure called the DataFrame that is modeled after the R DataFrame.

A a pandas DataFrame is a table, similar to an Excel spreadsheet.

A pandas provides a great range of methods to modify and operate on this table; in
particular, it allows SQL-like queries and joins of tables.

17
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A First Application: Classifying Iris Species (1)

A Let’s assume that a hobby botanist is interested in distinguishing the species of
some iris flowers that she has found.

A She has collected some measurements associated with each iris: the length and Petal
width of the petals and the length and width of the sepals, all measured in
centimeters
A She also has the measurements of some irises that have been previously identified
by an expert botanist as belonging to the species setosa, versicolor, or virginica.
Sepal

- Our goal is to build a machine learning model that can learn from the measurements of these irises
whose species is known, so that we can predict the species for a new iris.

18



= Co-funded by the
Erasmus+ Programme

of the European Union

2

o

=)
2
e

a
g
A S
«S’[Ty o7 sb\)

FACULTY OF RL4Eng -

ENGINEERING

A First Application: Classifying Iris Species (2)

A Because we have measurements for which we know the correct species of iris, this is a supervised learning
problem.

A In this problem, we want to predict one of several options (the species of iris). This is an example of a
classification problem.

A The possible outputs (different species of irises) are called classes.

A Every iris in the dataset belongs to one of three classes, so this problem is a three-class classification
problem.

A The desired output for a single data point (an iris) is the species of this flower.

19
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Meet the data (1)

A The data we will use for this example is the Iris dataset, a classical dataset in machine learning and statistics.
It is included in scikit-learn in the datasets module.

A We can load it by calling the load_iris function:

from import load_iris
iris _dataset = load _1iris()

A The iris object that is returned by load_iris is a Bunch object, which is very similar to a dictionary. It
contains keys and values:

In[10]:

print{"Keys of iris_dataset: \n{}".formmat{irils_dataset.keys()))
Out[10]:

Keys of iris_dataset:
dict_keys(["target_names', 'feature_names', "DESCR', 'data', '"target'])

A The value of the key target_names is an array of strings, containing the species of flower that we want to
predict:

In[12]:
print{"Target names: {}".format{iris_dataset['target_names']))
Oout[12]:

Target names: ['setosa’ 'versicolor' 'wvirginica'] 20
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Meet the data (2)

A The data itself is contained in the target and data fields. data contains the numeric measurements of
sepal length, sepal width, petal length, and petal width in a NumPy array.

A The rows in the data array correspond to flowers, while the columns represent the four measurements
that were taken for each flower.
In[15]:
print{"Shape of data: {}".format({iris_dataset['data’'].shape))
Out[15]:

Shape of data: (158, 4)

A We see that the array contains measurements for 150 different flowers.

A Remember that the individual items are called samples in machine learning, and their properties are
called features.

A The shape of the data array is the number of samples multiplied by the number of features.

A This is a convention in scikit-learn, and your data will always be assumed to be in this shape.

21
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Meet the data (3)

A The species are encoded as integers from 0 to 2:

In[19]:
print{"Target:\n{}".format(iris_dataset['target']))
Out[19]:

A The meanings of the numbers are given by the iris['target_names'] array:

0 means sefosa, 1 means versicolor, and 2 means virginica.

22
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Training and Testing
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Measuring Success: Training and Testing Data (1)

A We want to build a machine learning model from this data that can predict the species of iris for a new set of
measurements.

A But before we can apply our model to new measurements, we need to know whether it actually works—that is,
whether we should trust its predictions.

A Unfortunately, we cannot use the data we used to build the model to evaluate it. This is because our model can
always simply remember the whole training set, and will therefore always predict the correct label for any point in
the training set.

A To assess the model’s performance, we show it new data (data that it hasn't seen before) for which we have labels.
A This is usually done by splitting the labeled data we have collected (here, our 150 flower measurements) into two
parts.
A One part of the data is used to build our machine learning model, and is called the training data or training set.

A The rest of the data will be used to assess how well the model works; this is called the test data, test set, or
hold-out set.

24
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Measuring Success: Training and Testing Data (2)

A scikit-learn contains a function that shuffles the dataset and splits it for you:
The train_test_split function.

A This function extracts 75% of the rows in the data as the training set, together with the corresponding labels for
this data.

A The remaining 25% of the data, together with the remaining labels, is declared as the test set.

A In scikit-learn, data is usually denoted with a capital X, while labels are denoted by a lowercase Y.

A If we just took the last 25% of the data as a test set, all the data points would have the label 2, as the data points
are sorted by the label (see the output for iris['target’] shown earlier).

A Using a test set containing only one of the three classes would not tell us much about how well our model
generalizes, so we shuffle our data to make sure the test data contains data from all classes.

25
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Building our First Model: k-Nearest Neighbors (1)

A Now we can start building the actual machine learning model. There are many
classification algorithms in scikit-learn that we could use.

A Here we will use a k-nearest neighbors classifier, which is easy to understand.
A Building this model only consists of storing the training set.

A To make a prediction for a new data point, the algorithm finds the point in the
training set that is closest to the new point.

A Then it assigns the label of this training point to the new data point.

26
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Building our First Model: k-Nearest Neighbors (2)

A The k in k-nearest neighbors signifies that instead of using only the closest neighbor to the new data point, we
can consider any fixed number k of neighbors in the training (for example, the closest three or five neighbors).

A Then, we can make a prediction using the majority class among these neighbors.
A We will go into more detail about this later on; for now, well use only a single neighbor.

A The k-nearest neighbors classification algorithm is implemented in the KNeighborsClassifier class in the
neighbors module.

27
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Building our First Model: k-Nearest Neighbors (3)
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A Before we can use the model, we need to instantiate the class into an object. This is when we will set any
parameters of the model.

from import KNelghborsClassifier
knn = ENeighborsClassifier{n_neighbors=1)

A The knn object encapsulates the algorithm that will be used to build the model from the training data, as well the
algorithm to make predictions on new data points.

A Tt will also hold the information that the algorithm has extracted from the training data.

A To build the model on the training set, we call the fit method of the knn object, which takes as arguments the

NumPy array X_train containing the training data and the NumPy array y_train of the corresponding training
labels

knn.fFLt(X _tratn, ¥y _train)

28
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Making Predictions

A We can now make predictions using this model on new data for which we might not know the correct

labels.

A Imagine we found an iris in the wild with a sepal length of 5 cm, a sepal width of 2.9 cm, a petal length
of 1 cm, and a petal width of 0.2 cm. What species of iris would this be?

-

X new np.array([[5, 2.9, 1, &8.211)
print{"¥X _new.shape: {}".format(X_new.shape))

A To make a prediction, we call the predict method of the knn object:

tnlz7]: out[27]:
prediction = knn.predict(X_new)
print{"Prediction: {}".format(prediction)) Prediction: [8]
print("Predicted target name: {}".format( Predicted target name: ['setosa’]

iris_dataset['target_names'][prediction]))

29
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Evaluating the Model (1)

A Our model predicted that this new iris belongs to the class 0, meaning its species is setosa.

But how do we know whether we can trust our model?

A This is where the test set that we created earlier comes in. This data was not used to build the
model, but we do know what the correct species is for each iris in the test set.

A We can make a prediction for each iris in the test data and compare it against its label (the
known species).

A We can measure how well the model works by computing the accuracy, which is the fraction of
flowers for which the right species was predicted

30
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In[28]:
1& v _pred = knn.predict(¥_ test)
print{"Test set predictions:\n {}".format(y_pred))
Oout[28]:
Test set predictions:
[Z18 2628611121111 68116060606210668620661162102218 2]
In[29]:
}X print{"Test set score: {:.2f}".format{np.mean{y_pred == y_test)))
Oout[29]:

Test set score: 8.97

A We can also use the score method of the knn object, which will compute the test set accuracy

for us:
In[30]:

print{"Test set score: {:.27}".format({knn.score(X_test, y test)))
Out[30]:
Test set score: 8.97 31
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Evaluating the Model (3)

A For this model, the test set accuracy is about 0.97, which means we made the right prediction for
97% of the irises in the test set.

A Under some mathematical assumptions, this means that we can expect our model to be correct
97% of the time for new irises.

A For our hobby botanist application, this high level of accuracy means that our model may be
trustworthy enough to use.

32



i

=]
g
S

Co-funded by the
Erasmus+ Programme
of the European Union

2

%
,@.

‘%’[T,Y o7 3?’\)

FACULTY OF RL4Eng -

ENGINEERING

References

Y Introductionto MachineLearningwith Python A Guidefor Data Scientists AndreasMuller, Sarah
Guido,O0 R e 12016 vy ,

1 Atrtificial Intelligence A ModernApproach StuartRussellandPeterNorvig, Pearsorberies 202Q

33



= Co-funded by the
Erasmus+ Programme

of the European Union

2

%

“
7o
©

a
7
A S
«S’[TY o7 g?’*\)

FACULTY OF RL4Eng -

ENGINEERING

THANK YOU

34



