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Abstract

In the development of machine learning models, the comprehensibility of a model is barely considered,
while the amount of newly developed applications is visibly increasing and so is the introduction of more
advanced machine learning algorithms. There is no unambiguous evaluation method of the interpretability
of a model, yet. With Post-hoc model-agnostic interpretation methods, an e�ort is made to quantify the
explainability of arbitrary machine learning models. Two dimensions are proposed; accuracy and complex-
ity, to describe their relationship with the interpretability of a model. In this report, it is shown that the
dimensions are independent and that there is an inverse relationship between the complexity and explain-
ability. However, more dimensions with model-agnostic measures are needed to return a fully-expressible
quanti�cation for the explainability. At last, the suggestion is made that the exact height for explainability
of a model is in a severe relationship with the prediction task and underlying set of data.

Keywords: Quantify Explainability � Interpretable Machine Learning � Explainable AI � Accuracy �
Models Complexity
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Summary

The encountering of algorithmic decision making, in this research focused on machine learning models, has a
daily occurrence. The amount of newly develop applications is visibly increasing and so is the introduction of
more advanced machine learning algorithms. In the process of developing machine learning models, it tends to
use a single success criterion; accuracy. However, this has created a downside. At this point in time a human,
developer or user, is no longer able to understand or interpret what is happening in the model or how the model
comes to a decision. This research aims to work towards a quantified value for explainability that is applicable
in a broad perspective of machine learning models.

Explainability is considered as the degree to which extend a human can understand what is happening in a
model. From a theoretical point of view, two dimensions have emerged which are expected to have a relationship
with the explainability of a model. The dimension refers to the accuracy and complexity of a model. The aim is
to measure models explainability for multiple machine learning algorithms. Therefore post-hoc model-agnostic
interpretation methods are introduced. For measuring the complexity, with a post-hoc method, the complexity
measurements that are initially proposed by Molnar (2018), are used. The measurements reflect on the number
of features that are used (NF), the interaction strength between those features (IAS) and the linearity by which
the individual feature effects (MEC) can be described.

For this research, an experiment is carried out. The goal of the experiment is to analyze the behavior of
the complexity and accuracy measures over the different machine learning methods and datasets. The final
experiment contains 27 models for four sets of data and four different machine learning methods. From the
desire to make a possible measurement for explainability as generic as possible, both regression and classification
models were included in the experiment. With the results of the experiment, an effort is made to confirm three
hypotheses. In short, confirm or reject the presence of an inverse relationship between a models explainability
and its complexity, the inverse relationship between explainability and accuracy and the relationship between
accuracy and complexity of a model.

To apply the measures proposed by Molnar (2018) to the 27 models, an approximation of the complexity
measurements is made. In addition, the measurement is extended with the application to apply the function
to classification models. It is possible to work with the principle in which index labels are assigned to the
classes. The restriction on this relates to the sequential nature of the classification classes. This is also one of
the limitations of the current approach.

One of the datasets that is included in this experiment contains data that is distributed in a skew way. This
caused misleading and verbose results for both dimensions. Besides the conclusion that both measurements
are not applicable to highly skew data, the results could not be further analyzed for a possible relation with
explainability. The other datasets show that there is a significant dependency on the actual height of both the
accuracy and IAS scores with respect to the prediction task and the data. Subsequently, the values of IAS and
MEC are in line with each other. If a model has a higher interaction value, it also has a proportionally higher
main effect complexity concerning the same prediction task.

The main conclusion of the experiment is that with just the IAS, MEC, NF and accuracy, it is not possible
to make a quantification for the explainability of a model. These measures do not give a complete representation
of the comprehensibility of a model. The gaps between the low outcome for linear regression conflict with the
relatively high results for decision tree model outcomes. The results for decision tree models are more in a value
range equal to the results for support vector machine or neural network models. This does not correspond with
the theory of explainability.

Nevertheless, from the complexity measures definition, the measures should suite to a relation with explain-
ability. To confirm this the experiment is somewhat extended. When it comes to the explainability of a model,
the depth of a decision tree indicates whether the model is more or less explainable. A decision tree with low
depth is easier to follow and understand than when the depth increases. The results show an obvious connection
between the decision tree depth and the IAS of a model. This indicates that the IAS does contain information
about the explainability of a model and bring the first outline towards the quantification of explainability for
machine learning models.
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1 Introduction

In the last decades the use of Algorithmic Decision Making (ADM) in our everyday life is visibly increasing.
Within the field of algorithm decision making, the possibilities of introducing machine learning models are
rapidly emerging. Parallel to the increase in use of machine learning models, there has been a movement to
further optimize the performance of the models by increasing their accuracy. As a result of this increased perfor-
mance, the models are more broadly applicable and therefore can be used more often. However, while focusing
on improving the performance, the models have become more and more complex and difficult to understand.
Examples of such complex and hard to understand models are Neural Networks and Random Forests (Dam et
al., 2018). This is where the term "Black Box" models arises. A human, developer or user, is no longer able to
understand or interpret what is happening in the model or how the model comes to a decision.

But, What is a machine learning model? A machine learning model can be seen as a function f . This
function is formed by feeding data, this is called the training dataset, to an algorithm. The algorithm is based
on a certain machine learning method. Examples of different methods are neural networks, random forests, and
regression. So now there is a machine learning models function f . To apply the function, the function requires
input feature and the result can be a prediction or decision. But what do we mean by input feature? While,
lets say we have a dataset. The columns represent the input features. Each record from the dataset is called an
example. This way each example has its own input feature values. For an example it is possible to apply the
function f to the input features. The result is a prediction for the example.

Machine learning models are applied in all kinds of industries for a variety of purposes. Examples of indus-
trie domains using machine learning models are transportation, healthcare, legal, financial and defence (Adadi
& Berrada, 2018). They have to deal with the increasing complexity and the lack of interpretability of these
models. This might cause problems for these industries, because it can be relevant or even essential to know
how a decision or prediction came about. Both, Adadi & Berrada (2018) and Samek et al. (2017) provides an
overview of reasons why explainability is relevant. For example, explanations for justification or explanations
to discover and learn from the system. Clearly there is a need to explain machine learning, making it relevant
to study explainability of machine learning.

According to Adadi & Berrada (2018), in a large amount of literatur is explainability closely related to the
concept of interpretability. Because "Interpretable systems are explainable if their operations can be understood
by human". In this thesis we consider explainability as the degree to which extend a human can understand
what is happening in a model.

Next we can compare the concept of explainability to the concept of accuracy. In the process of developing
machine learning models we tend to only use one success criteria; accuracy. It would be nice to have a second
success criteria; Explainability of the developed model. However, there are no quantitative measurements for
explainability or interpretability, yet. At least not like the quantitative measurements we know for predicting
accuracy. Accuracy can be determined by measurement values such as F-measure, mean absolute error and
similar. Additionally, these measurements can be applied to a diversity of machine learning model. The goal of
this thesis is to quantify the explainability of machine learning models. The following research questions will
be answered:

1. How might we evaluate explainability of machine learning models?

2. What kind of machine learning models do we acknowledge?

3. Which elements influence the explainability of models?

4. What quantification can be made for evaluating explainability of machine learning models?

The remainder of this thesis is organized as follows. In chapter 2 a systematic literature review is performed.
The review gives context to our research topic. We try to find partial answers to our research questions, where
the aim of our study is confirmed by explicitly defining a gap in the current literature. With this information
as a solid foundation for our research, the methodology for answering the research question and describing the
type of research we are doing is stated in chapter 3. Where results of the research are gathered in section 4, the
discussion of the results and furhter recommendations are proposed in section 5
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2 Theoretical framework

As part of this thesis, a systematic literature review is carried out according to the guide lines conducted by
Okoli & Schabram (2010). The importance of the literature review is to gather knowledge concerning the sub-
ject; explainability of algorithm decision making, with a focus on quantifying explainability for machine learning
models. By gathering knowledge we try to find answers to the research questions we have specified in Section
1. In addition, we determine what research has been done, and where possibly is a gap in the literature. This is
important to clarify the relevance of our study. So with the total thesis we aim to be supplemental to existing
research.

For the conduction of the systematic literature review, we define a protocol. Based on our main research
question we define a search query, that is going to be the start point of our research. The main research question
to be investigated in this thesis is How might we quantify the explainability of machine learning models? We
do this with perspective to the developers of these models, so they can optimise their models not only based on
accuracy, but also on the basis of explainability. The search query we have defined is "algorithm + complexity
+ explainability". In both search engines, Google Scholar and the OU Library, we derive information of the
amount of result articles and the amount of relevant articles. To reduce the amount of result articles, if possible
we specify some advanced filter options; a time frame of the last three years, no citations or patents, preferably
publications and finally, whether or not the article is peer reviewed. The relevance of the articles is based on
reviewing their abstract, furthermore we explicitly define 2 as the minimum number of citations. To extend
the amount of relevant articles we follow citations in both directions, citing about topics that seem to have
additional value for our research. For even further extend we can iteratively add search queries and apply the
protocol.

We do an initial search with the query, "algorithm + complexity + explainability", in Google Scholar.
Google Scholar has not that many options to reduce the amount of result articles. We apply the filter for a time
frame of the last three years and exclude citations and patents. Despite the filters, about 10100 articles were
obtained. As these are too many to consider on relevance, we use google’s sorting function based on relevance.
Only the top forty articles will be studied for possible relevance. Ten articles are classified as relevant. The
articles vary from literature overviews to specific models research and their solution for tackling explainability.

When we use the Open University online library for the first search query, we find 173 results. After filtering
the articles by the last three years, where the content type equals publication and the articles must be peer
reviewed, a manageable result of nineteen articles emerges. Only three of those articles seem to be relevant.
Furthermore, no duplicates were found compared to the result from google scholar. This implies that we have
found a total of thirteen unique and relevant articles based on the search query "algorithm + complexity +
explainability".

For now this seems sufficient for the goal of gathering knowledge and determining what research has been
done on the subject.
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2.1 Result

In a search for relevant literature, it soon became clear that the topic "explainable Artifical intelligence (XAI)"
has a high interest to researchers over the last few years. This does not only show that more research in
explainability is desirable, but it also shows that there are many research opportunities in this field. When
focusing on quantifying explainability, a lower yield of literature results is there to be found. Although the
relevance of such quantification is often emphasized, no uniform measurement for explainability of machine
learning models is there to be found.

2.1.1 Evaluation of Explainability

Our first research question is about the evaluation of explainability for machine learning models. To answer
this question a definition is required for what is meant by explainability. In the literature overview of (Adadi
& Berrada, 2018) is ascertained that the research fiel of XAI more often uses the term "interpretable" instead
of the term "explainable". They argue that "Explainability is closely related to the concept of interpretability:
interpretable systems are explainable if their operations can be understood by human". In other term ’the
extent to which a human can understand what is happening in a model (Dam et al., 2018).

One way to look at explainability of machine learning models is to improve the interpretablility of model.
Several methods and strategies have been proposed that help to interpret what is happening inside the black
box. For example Partial dependence plots (PDP) or Sensitivity Analysis. Adadi & Berrada (2018) was able
to provide an overview of methods, that are described in the literature.

Figure 1: A perception of Explainability methods (Adadi & Berrada, 2018)

The proposed methods each have their own approach to increasing explainability. A distinction is made
between local and global explanations. Local explanations revolve around the data, the individual example for
which an explanation is given. Whereas global explanations are about the model. Understanding what happens
in the model. Another distinctions is made between intrinsic and post-hoc explainability methods. Where
intrinsic methods is by definition limited to a specific type of model. Post-hoc methods can be ’model-agnostic’.
Being ’Model-agnostic’ means that the given explanations are separated from the given predictions. The method
can therefore be applied more or less model-independently. But it also means that the results of the method
for different machine learning models can be compared to each other. This is a most desirable feature when
looking at a uniform way for evaluating explainability for machine learning models.

The previously mentioned method Partial dependence plots (PDP) is a model-agnostic method. It can be
applied to different models. The method visualises the effects of input features. It is a visualisation technique
that is able to explain the effect of the input features in a model (Friedman, 2001). In the research of Szepannek
(2019) "a framework has been developed to quantify how well a PDP is able to explain the underlying model".
A measurement was established for explainability. This measurement defines how wel the PDP is able to explain
the black box.

Another way of looking at explainability is to compare the concept of explainability to the concept of accu-
racy. In the process of developing machine learning models we now only use one success criteria; accuracy. It
would be nice to have a second success criteria; Explainability of the developed model.
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Already back in the 1980s, the performance of machine learning models was described by two parameters;
accuracy and comprehensibility (Michie, 1988). However, nowadays these two axes are not used equally for
developing models. The main success criteria that is used for the evaluation of the these models is based on
the accuracy. This is understandable, since there are many measurement values for determining the accuracy
of a model (e.g. Root Mean Square error or F-measure). But when looking at the concept of explainability
or comprehensibility or interpretability or other similar terms, it is still a rather subjective concept Adadi &
Berrada (2018). These concepts are not specific enough give it a uniform measurement.

To gather even more context on the concept op explainability and giving explanations we discuss some more
observations.

Figure 2: Taxonomy of explainability in the field of ADM. (Waltl & Vogl, 2018)

In a certain way explainability can be seen as combination of both, interpretability and transparency, re-
spectively local explainability and global explainability. In our case for machine learning models, this would
mean transparency in the models process for determining a decision and interpretability. Here interpretability
stands for the interpretability of the models outcome. In other term ’the extent to which a human being can
understand the reasons behind a decision made by the model. This taxonomy of explainability in the field of
ADM has been introduced by Lipton (2016) and is shown in Figure 2. We can see that explainability can be
expressed in terms of transparency and interpretability. Where transparency in turn can be subdivided into sim-
ulatability, decomposability and algorithmic transparency, where interpretability can be subdivided into textual
descriptions, visualizations, local explanations and examples. These subdivision are axes by which explanations
can be provided.

When looking a bit more into providing explanations, Two forms of giving explanations can be determined
(Van Bouwel & Weber, 2002). The first form is the plain-fact explanation, which answers the question “Why
does object a have property P?”. In terms of explanations for machine learning model this can be translated
into the question; why does a certain input features result in a particular model outcome? The Second form are
contrast explanations. It compares a particular models input or outcome to another. This type of explanation
can be expressed as three types of constrains; O-contrast, P-contrast and T-contrast. Each type has his own
corresponding question.

(P-contrast) “Why does object a have property P, rather than property P’?”
(O-contrast) “Why does object a have property P, while object b has property P’?”
(T-contrast) “Why does object a have property P at time t, but property P’ at time t’?”

2.1.2 Acknowledged Machine Learning models

The second research question is: What kind of machine learning models do we acknowledge? In the introduction
section, section 1, a explanation is given for what a machine learning model is. A function f that is created by
feeding a training dataset to a machine learning algorithm. The function requires input features and the result
of the function can be a prediction or decision.

The machine learning algorithms are based on so called methods or strategies. Three examples of methods
were already given; neural network, random forests and regression. In table 1 this list is extended with Markov
Models, Decision trees, Bayesian methods, Statistical relational learning and Ensemble methods (Gunning,
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2017), (Provost & Fawcett, 2013). The list gives a nice overview of the diversity of methods en strategies used
for developing machine learning model, but this is not a complete list of all methods or strategies. And a
machine learning model can be developed based on an algorithm that combined methods.

Table 1: Machine Learning methods

Decision Tree
Regression
Support Vector Machines
Neural Network
Random Forests
Markov Models
Bayesian Methods
Statistical relational learning
Ensemble Methods

For this literature review it is not possible to list all different methods en strategies, or in extend all machine
learning algorithms, because there simply are too many. This is also not relevant in the essence of gathering
knowledge about machine learning models. What is relevant is the fact that machine learning models are based
on different methods. When focusing on quantifying explainability of machine learning models, a uniform quan-
tification is desirable. So regardless of the method or strategy on which the machine learning model is based, a
measurement is desired for the explainability of the model.

2.1.3 In�uencing elements on the explainability of models

What makes a model so difficult or uninterpretable? From a certain perspective, it seems to be the non-linearity
of models that is hard for humans to understand or interpret Tan et al. (2015). The algorithms used today
are most often based on higher order interactions between the different input features, and so the relationship
between the input feature is non-linear, and hard to interpret for humans.

In extend to finding elements that influence the explainability, it seems relevant to take a look on how inter-
pretability can be evaluated. Doshi-Velez & Kim (2017) proposed three main levels for evaluation; application
level, human level and function level. Both the application and the human level evaluation require the interac-
tion of a human, while the functional level focuses on characteristics of the model and given explanations. The
functional level of evaluation is further specified by Molnar (2018) and can be divide into two group, relating
the model and the explanation. All three of the models functional level evaluation points, can be referred by
models complexity.

Table 2: functional level evaluation on the explanation

Uncertainty Is a measurement of uncertainty part of the explanation?
Interactions Is the explanation able to include interactions of features?
Cognitive processing time How long does it take to understand the explanation?
Feature complexity What features were used for the explanation?

Table 3: functional level evaluation on the model

Model size
Model sparsity How many features are being used?
Monotonicity Is there a monotonicity constraint?

Interpretability is most commonly compared to complexity. So without further need for a reason, the explain-
ability of a model seems to be related to the complexity of a model. But how can we express this relationship?
It seems relevant to further observe the relationship between explainability and complexity for machine learning
models.
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One way for measuring complexity is with function 1 (Gaines, 1996). This function presumes that the
model f , for which we want to measure the complexity, can be represented as an Exception Directed Acyclic
Graphs (EDAG). The graph has several characteristic elements such as the amount of nodes and clauses. These
characteristic elements are used for measuring the complexity. This measure of complexity is dependent on the
condition that a model f can be represented as an EDAG. It makes the measurement less uniformly applicable.

complexity (f ) =
nodes + excess arcs � 2 + clauses � 2

5
(1)

In addition, the research of Allahyari & Lavesson (2011) used function 1 to measure the complexity two
different models that are based on the same Method. A distinction was made in the complexity of the models
implemented. Based on a survey analysis the understandability was measured for the corresponding models.
Unfortunately Allahyari & Lavesson (2011) was not able to derive a positive correlation between complexity
and understandability for both of the models he had tested.

A more uniform measurement for complexity is given by Molnar et al. (2019). This measure is based on
"functional decomposition". They express complexity in three different measures. The Main Effect Complexity
(MEC), The number of features used (NF) and The Interaction Strength (IAS). Molnar et al. (2019) provided
the how these measures can be applied for a models f .

Another dimension that is often mentioned in comparison to explainability of models is the accuracy of the
model. Often we see figures like 3, where the different machine learning methods are plotted against the axes
performance or so called accuracy versus the explainability. Each of these model techniques have an estimated
distance to the other techniques. Many uniform measurement are available for measuring accuracy. For example
Root Mean Square Error (RMSE) or F-measures.

Figure 3: prediction accuracy versus explainability Dam et al. (2018)

However, it seems natural that there is a relationship between accuracy and complexity. Since the main
success criteria, for evaluation of models is accuracy. Due to this criteria, more and more complex algorithms
originated. Therefore a dependency can be expected between the dimensions complexity and accuracy.

Some extra search query might be necessary to evaluate more about elements or dimensions that can influence
the explainability of machine learning models.
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2.2 Conclusion

For the conclusion of the research question we will look at the three main sub-questions of the research as
defined in the introduction. At last, the effect on the further research is discussed.

First of all, explainability is closely related to the concept of interpretability (Adadi & Berrada, 2018).
Therefore the explainability of ADM´s can be expressed as the extent to which a human can understand what
is happening in a model (Dam et al., 2018). There is a wide variety of methods that try to explain what is
happening inside the black-box models. One of these methods is partial dependence plot (PDP). This method
is model-agnostic and Szepannek (2019) was able to measure explainability. This measurement defines how well
the PDP is able to explain the black box.

Secondly, we were not able to list all different methods and strategies used for machine learning model.
But this is also not desirable. What is relevant is the fact that machine learning models are based on different
methods. When focusing on quantifying explainability of machine learning models, a uniform quantification is
desirable. So regardless of the method or strategy on which the machine learning model is based, a measurement
is desired for the explainability of the model.

At last, from a certain perspective, it seems to be the non-linearity of models that is hard for humans to un-
derstand or interpret Tan et al. (2015). In extend the dimensions complexity and accuracy are often mentioned
in relation to the explainability of models. Both dimensions can be measure in a uniform way, independent
of the modeling strategies. However, based on logical reasoning a dependent relationship could be expected
between the dimension complexity and accuracy.
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3 Methodology

This methodology section is presenting the substantiation for the research. The goal of this thesis is to quantify
the explainability of machine learning models. To provide substantiation, the approach for the research is
presented. The research approach includes the main approach and method used for this research. Furthermore,
arguments are provided why this approach is relevant.

3.1 Research approach

With this research, an effort is made to provide a uniform quantification for different machine learning models.
In short, we want to be able to measure explainability for a machine learning model. We define a function E
that can be applied to a machine learning model f .

In the literature review two dimensions are mentioned, the accuracy and complexity of a machine learning
model. Based on the literature review, it is expected that these dimensions have an inverse relation with respect
to the explainability of a model. If the complexity of a model increases the explainability decreases and the same
applies to accuracy. In an attempt to provide a uniform quantification for different machine learning models, it
is desired to express explainability in terms of those two dimensions, equation 2.

E(f ) =
1

complexity(f )
+

1
accuracy(f )

(2)

It is important to note that both dimensions have their own influence on explainability and therefore on the
quantification of explainability. Weight terms w1 and w2 will be added for the corresponding dimension com-
plexity and accuracy, equation 3. The weight terms represent constant values and will represent the proportion
between the dimensions. The summation of the weight terms is set to be equal to one, w1 + w2 = 1 .

E(f ) =
w1

complexity(f )
+

w2

accuracy(f )
(3)

In section 2, it is argued that based on logical reasoning a dependent relationship is expected between the di-
mension complexity and accuracy. Depending on the relationship, the measurement for explainability E should
be extended with a suitable correction.

When investigating the relationship between explainability and the two dimensions complexity and accu-
racy, values for the weight terms w1 and w2 have to be found. Also, the relationship between the dimensions
complexity and accuracy itself will be looked into. With this relation, a correction factor for the function E
could be further specified.

In order to investigate the relationship between explainability and the two dimensions complexity and ac-
curacy, quantitative information of different models is needed. In particular, quantitative information on the
complexity and accuracy of the model. In the literature review, measurements have been presented for both,
complexity and accuracy. These measurements can be used to achieve quantified information for different mod-
els. However, it is important to note that the measured values can be applied to different models. For example,
models based on different machine learning algorithms or models with an ability to classify versus regression
models.

The most common and general measurement for complexity is computational complexity. Better known
as the associated cost function. In literature, a complexity measurement method was found to quantify the
complexity of machine learning models in particular Molnar et al. (2019). This is based on "functional decom-
position". Complexity is expressed by using three different measures. The Main Effect Complexity (MEC), The
number of features used (NF) and The Interaction Strength (IAS). For measuring the accuracy, we will look at
the methods mentioned in the literature section 2. Here, measurements were mentioned like Root Mean Square
Error (RMSE) or F-measure. Both measures can be applied to a diversity of models. However, during the re-
finement of the research, a selection must be made of the suitable measurement or combination of measurements.

There is no uniform measurement for the explainability of a machine learning models, yet. The definition of
explainability is all about the interpretability of the model. So, for each model, it will be necessary to examine
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how interpretable the model is. Especially with respect to the other models.

With an experimental setup, we are able to calculate the complexity and accuracy of several different models.
We select multiple datasets with corresponding prediction tasks. For each prediction task, we build machine
learning models based on several machine learning methods. We use the same machine learning methods on
all datasets. The goal is to analyze the behavior of the measures’ complexity and accuracy over the different
machine learning methods and datasets. We start with four different datasets. For each dataset a prediction
task is specified, that can be proposed as both a classification problem and a regression problem. We try to
build machine learning models by using four different machine learning methods. In the selection process of the
machine learning method, among other things, the ability to deal with both classification and regression prob-
lems will be examined. When all machine learning methods can handle both problems, a total of 32 machine
learning models will be created.

The datasets and some of the machine learning models can be collected from www.kaggle.com. Most often
these models are programmed in the language python. Therefore the measurements for the complexity and
accuracy are in python as well.

There are three hypotheses we are trying to confirm with this experiment:

1. There is an inverse relationship between the explainability of a model and its complexity.

2. There is an inverse relationship between the explainability of a model and its accuracy.

3. There is a relationship between the dimension accuracy and complexity of a model.

The initial results of the experiment are the measurements complexity and accuracy. These results will be
related to the model’s explainability. In addition, we will also test the co-variance between the dimensions.
These results form the substantiation in the process to accept or reject each of the three hypotheses. When
discussing the results the hypothesis test of type 1 and type 2 errors will be encountered. Finally, by accepting
the hypothesis, we further analyze the quantitative results. We try to obtain an approximation for the weight
terms, w1 and w2, and also for the correction in a possibly dependence relationship between the complexity and
accuracy of a model.
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3.2 The Experiment setup

As proposed in the research approach, section 3.1, an experiment is carried out. The goal of the experiment is to
create an opportunity to analyse the behavior of the measures complexity and accuracy over the different machine
learning methods and dataset. It is preferable that the selected datasets, with corresponding prediction tasks,
and machine learning methods correspond with each other. This means that the same machine learning methods
are used to execute the prediction tasks of the four different datasets. With results over the same methods over
the different datasets, an opportunity is created to analyse the behavior of the measures independent of both
method or prediction task.

3.2.1 Datasets

For the experiment four different datasets with corresponding predictions tasks are selected. They origin from
Kaggle.com. In the interest of the experiment, it seem good if the datasets and prediction tasks are diverse
and therefore distinctive. In addition, it has to be mentioned that in order for all four datasets to perform a
classification problem, some target variables needs to be aggregated into categories or so called classes. It is
nice to have a dataset with only a small amount of classes and others with more. But based on the amount of
entities that are given, it is not always reasonable to have a large amount of classes.

The first dataset is called Boston Housing. This dataset is commonly used in related articles (Molnar et al.,
2019), (Szepannek, 2019).The aim is to predict median house prices in Boston areas. This can be translated
in attribute MEDV, the median value of owner-occupied homes in 1000 dollar, being the target value. The
dataset contains 506 entries representing aggregated data about 14 features. Each entry describes a Boston
suburb or town. Each attribute represents an characteristic of the area. Some attributes are summations while
others represent the average for the area in question. Since the dataset contains 506 entries and 14 attributes,
this means that 506 areas are included in the dataset and that 14 characteristics can be registered for each
area. All attributes contain numerical values, either integer, boolean or float. Furthermore, there seem to be
some dependencies or so called correlation between some of the attributes. We must note that maybe not all
13 features seem relevant for the prediction task. We will come back to this in section 4. At last, is there a
reasonable amount of kernels that contain different analysis on the data and prediction models. This will help
when creating models. The latter is true for all the datasets that were selected.

The second dataset, creditcard fraud, aims to detect fraud for creditcard transactions. The dataset contains
transactions made by credit cards. This dataset presents transactions that occurred in two days, where we have
492 frauds out of 284,807 transactions. This is different order of magnitude as the Boston Housing. The dataset
is highly unbalanced, the positive class (frauds) account for 0.172% of all transactions. Furthermore, there are
28 features. Again all the features contain only numerical input variables. This is due to PCA transformations,
which was necessary for confidentiality reasons.

The third dataset can be used to predict heart diseases. This dataset originally contained as many as 76
attribute, but experiments have shown that it is sufficient to only use a subset of 14 of them. The "goal"
field refers to the presence of heart disease in the patient. All features in the dataset are represent as numerical
values. From a data understanding perspective, features seem to be categorical. For example the feature gender,
which could be male or female. In the dataset this feature is represented with the corresponding values 1 and 0.

The fourth dataset is called Electric Motor Temperature. It comprises several sensor data collected from
a permanent magnet synchronous motor (PMSM) deployed on a test bench. The dataset exist of 14 features,
that are all numerical. The test bench measurements were collected by the LEA department at Paderborn
University. Furthermore, several publications have used this data, which shows the usefulness and relevance of
the dataset.

There are much more relevant prediction tasks with accompanying dataset available. For example, a dataset
for flower recognition. There are related kernels that use custom CNN for the flower recognition. Gender
recognition by voice and speech analysis. A dataset that contains 1.600.000 tweets extracted using the twitter
API. The tweets have been annotated (0 = negative, 4 = positive) and they can be used to detect sentiment.
These dataset with their corresponding prediction tasks will not be included in the experiment. The fact that
different machine learning methods are required to solve it, means that it is not reasonable to relate the models
explainability, complexity or accuracy to the other prediction tasks with respect to the used method.
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3.2.2 Machine learning methods

Four machine learning methods are selected. In the field of machine learning it is possible to make a division in
supervised and unsupervised learning. The selected methods all should have the ability of training models and
will therefore be supervised. In the theoretical framework, section 2, table 1, an overview is given of different
machine learning methods.

One method that is presented in table 1 is the Decision Tree. This is an ensemble method with the ability
to classify. The method is often argued to be very explainable Benbenishty (1992), Dam et al. (2018). When
referring back to what is meant by explainable, it is the term "interpretable" that is often used within the field
of XAI (Adadi & Berrada, 2018). A decision tree model can be visualized and any decision that is at the root
of the prediction can be traced back. This way a human can understand what is happening in the model. It
makes the model interpretable. Note that this is not to be confused with the explainability or interpretability of
the predicted outcome. In Tan et al. (2015) it is argued that a very simple decision tree can lack explainability
on the prediction outcome. It appears that human do need a certain amount of decisions at the root cause
in order to think of the model as being explainable for a certain prediction. Nevertheless in terms of models
explainability, we focus on the extend to which a human can understand what is happening in a model. So
a decision tree is a very explainable method. But that is not what this research is about. This research is
about the degree to what extend a model is explainable. With the aim to compare models explainability to one
another. In case of a decision tree; based on logic reasoning a small decision tree is more interpretable than a
very large one. Knowing about the relation between a decision tree and explainability, helps when analyzing the
results later. Therefore the decision tree will be selected as the first machine learning method. This conclusion
leads to the decision to not include the random forest method in the selection. This method is build on the
principal of combining decision trees in order to improve the classification rate. Since the decision tree method
is already included due to the high interpretability, the random forest method was excluded.

On the opposite of the commonly known as very interpretable machine learning model are the Neural Net-
works. Models that are based on this method are often called "Black Box" models. For neural network models
it is not clear what is happening inside the model. What is known are the features that enter the model, some
model parameters that are used for training the model and the prediction outcome of the model. Despite the
lack of interpretability of the models, is the Neural Network method very popular in use. These models have a
high accuracy of outcome predictions. The method appeals the ability to emulate the brains pattern-recognition
skills. With this skill it can be used to predict numbers, make classifications, find patterns in handwriting or
other pictures. This makes the method very widely applicable. In compensation for lack of the models inter-
pretability lots of explanation methods were developed to help explain what is happening inside the model. The
PDP is one of these methods.

A very commonly used machine learning method is Regression analysis. A regression model estimates the
relationship between the outcome prediction value and the features. The most common form is a linear regres-
sion. This means that the estimated relationship is linear, for example a line or more complex a hyperplane. In
any case, the linear relation can be expressed using a linear function. In case of logistic regression, the estimated
relationship is logistic and therefore the representation is in the form of a logistic function representation. These
representations might not be for all humans easily to interpreted, but it does explain what is happening inside
the model. What should be noted about this method is the restriction of only handling numerical features and
prediction outcomes.

The Support vector machine method can be abbreviated as SVM. The method can be applied on both a
regression or a classification problem and results in a significant high accuracy model with less computational
power. Thanks to this, the method is very attractive to use. Using SVMś is trying to find a hyperplane that can
distinctly classify the data points. The hyperplane can be a line, surface or even more dimensional. Depend-
ing on the amount of features. With N feature the plane will be N -dimensional. The position and therefore
definition of the hyperplane is optimized by maximizing the margin, the distance between two parallel planes
that define represent the space between classes. This may result in a unique but also quit complex form of the
hyperplane. In addition when the amount of features increases, the hyperplane gets more dimensional and so
more complex until leading to a model that lacks interpenetrability.

A last method that is worth mentioning but is not included in the selection is the Bayesian method. The
method is based on very old principals of conditional dependencies. The models are represented with directed
acyclic graphs, where nodes that are connected represent conditionally dependencies between features. Despite
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of that, this method is not included in our selection. Based on the fact that the Bayesian method has a graphical
representation just like a decision tree and in addition the decision tree has the advantage that the model are
very interpretable, while Bayesian models does not necessarily have to be interpretable. So since the decision
tree is in our selection of methods, the Bayesian network method is not.

First and foremost, these four methods form a nice representation of commonly used methods. But the
methods are also quite diverse. The methods vary in their commonly known degree of explainability, their
ability of having a representation form or not and the age of a method. Where decision tree is by far the oldest
method, followed by Regression than support vector machine and newest the Neural Network.

All selected methods have in common that they can handle numerical features. Only the linear regression
method solves a regression problem and can only handle numerical features. This limitations should be consid-
ered when selecting suitable datasets and corresponding prediction tasks.

3.2.3 The complexity and accuracy measures

An important element of the experiment is retrieving model measurements. While developing the models, the
focus will be to maximize the models accuracy. In the case of a classifications this means maximizing the
fraction of correct predictions. In case of a regression their are a lot more measures to capture accuracy, or in
other words how close are we to the actual solution. For example Mean squared error, Absolute error or R2.
Because we would like the comparison between the classification problem accuracy and the regression problems
accuracy, R2 would be the better choice. This measurement is calculated as R2 = 1 � rMSE , where rMSE is
the relative mean squared error. Since the rMSE gives a positive result, R2 has a maximum at 1 and the higher
result for R2 the more accurate the model is.

One of the other measurements is to measure models complexity. A most common measurement for com-
plexity is the computational complexity. Each machine learning method belongs to a so called family of com-
putational complexity, also known as the cost function. The cost function is an upper bound function and is
notated as O(f (n)) , with f a function of the number of samples, n. Knowing that the cost function is only
an upper bound function means that it would be a derivative of the actual computational complexity. For the
experiment it seems that this cost function lacks information in order to give use the insight of how complex
the machine learning models are.

Complexity measurements that are suitable for this experiment were proposed by Molnar et al. (2019). In
his work three measurements are given that together give a insight of the complexity of a model. The measure-
ments are called the Main Effect Complexity (MEC), the number of features used (NF) and The Interaction
Strength (IAS). These measurements are the ones we apply to the models of the experiment.

The IAS measurement value stands for the interaction strength. It concerns the level of interaction be-
tween the different features. In other term, how well can the model be described by separate functions for
each features? The function for IAS is the accuracy, expressed in R2, for an Accumulated Local Effects (ALE)
approximation of the model with respect to the model outcomes.

Molnar et al. (2019) provided more information on both topics; the functional decomposition and the ALE
approximation. In short is the ALE approximation a so called functional decomposition. Any function, hence
also a machine learning model, can be decomposed into a sum of components with increasing dimensionality.
Starting with a component with zero dimensionality. Next the component with dimensionality equal to one,
also known as the first order effects. Followed by the second order effects. A component with a dimensionality
of two, and so on.

The ALE approximation is a function known for its ability of capturing feature effects. Combine this with
the first order functional decomposition results in a first order ALE approximation. The first order ALE ap-
proximation fits the description of the IAS for an approximation function. It contains the sum of functions,
where each function captures the effect of the individual features effects.

The last complexity measurement is MEC. The essence of this measurement is to calculate the amount of
necessary linear segments to approximate, with a particular error � , the ALE approximation that then sues the
actual model. This measurement focuses on the monotonicity of the model. Like Tan et al. (2015) argued; it
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seems to be the non-linearity of models that is hard for humans to understand or interpret. Thus the less linear
segments are necessary to approximate the ALE function, the easier a model is to interpret.

Pleas note that the complexity measurements for MEC can not be used without the IAS. The IAS says
how well the ALE function approximates the model, while the MEC tell the order of linearity of the ALE
approximation.
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3.3 Summary of the experiment

The experiment contains a total number of 28 machine learning model. Established with the help of four
datasets, whose prediction tasks are described in table 4. For each dataset seven models will be developed,
partly regression models and partly classification models. The models are based on four machine learning meth-
ods. In table 5, an overview is given of the machine learning method in combination with the type of models
that will be created for the experiment.

Table 4: Prediction Tasks

Dataset Prediction Task
Boston Housing Predict the Median House prices in Boston by area
Creditcard Fraud Indicate fraud for credit card transactions
Heart Diseases Predict the the presence of heart disease in the patient
Electric Motor Temperature Predict motor temperature

Table 5: Machine Learning methods

Machine learning method Classification Regression
Decision Tree X X
Linear Regression X
Support Vector Machine X X
Neural Network X X
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4 Results

In this section, a description of the implementation of the research is given. The two main components concern
the scripting process of complexity measurements in the Python language and the process for creating the 28
machine learning models. The subsection 4.1 is a reflection on the scripted measurements. It gives context
on how the scripted complexity measurements can be used and what is happening in the function, that is not
already explained by Molnar (2018). In addition to Molnar (2018), the complexity measurement is extended
with the application to apply the function on classification models. The approach for this kind of application
is also explained in subsection 4.1. In subsection 4.2 , the description and primary insights of the dataset are
given for each of the datasets. This is then followed with the process of selecting all the appropriate models for
the experiment is extensively run through. At last, section 4.3 discusses the outcomes that have been obtained
throughout the research.

4.1 Scripting the complexity measurements

As part of the experiment, python functions are developed to determine the NF, IAS and MEC values for the
different models. With the NF measurement, the number of features is returned for which altering the feature
values has an impact on the model’s outcome. The function requires a trained model, a dataset containing
records of feature values and optionally a sample size. For each record in the sample set, randomly sampled
from the feature dataset, the value is replaced by a random other value in the set of possible values of the
feature. If the predicted outcome differs from the outcome using the original value, then the feature is marked
as used. The sum of all features, that are marked as used, is the response value of the NF function.

For the python function that calculates the ALE approximation, some of the python source code from the
’ALEpython’ package was used. The function is based on the descriptions of Molnar et al. (2019). As numerical
methods in calculating the derivative of the models’ function, the forward divided difference method from Vuik
(2015) was used. The function requires attributes like a trained model, with a predict function. A dataset
containing record with the necessary features for the model to create predictions for. The amount of bins in
order to measure the feature effects per bin and last an optional fractional sample size. The Sample fraction
applies to the features dataset and may decrease the size over which effects are calculated. This attribute is
only relevant for quite large datasets. For the definition of bin edges a linear distribution between the min and
max value points is used. Now each bin has the exact same width and the approximation is made considering
a linear approach. Nevertheless, the number of points is not equally divided over the bins. For data that has a
high skewness and large discrepancies in value size, it should be considered to take a relatively larger number
of bins.

In addition to Molnar (2018), the complexity measurement is extended with the application to apply the
function to classification models. The restriction on this relates to the sequential nature of the classification
classes. For example, the classes defined for the Boston housing dataset are ’<17’, ’17-21’, ’21-25’ and ’25+’
in that order. For the ALE approximation, the classes should be added as an attribute to the function. Then
the classes are labeled with index numbers corresponding with the sequentially of the classes. This requires the
sequential nature of the classification classes to have an alphabetical order. So the function can translate the
classes into index labels based on the preferable sequence. The ALE approximation uses the labeled value as
numerical values to calculate feature effects over bins. The outcome of the ALE approximation consists of both
a continues numerical approximation of the index, a rounded index number and a backward translated index
that returns the ale approximation using the original classes.

In the calculation of IAS for the classification models, the rounded index numbers are compared with the
index labels that apply to the model’s outcomes. To ensure unambiguity in definitions, only one translation
function is defined. This is included in the ALE approximation. All translation outputs that are necessary for
further calculations are returned by the ALE approximation function.
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4.2 Creating models

4.2.1 Boston Housing dataset

The UCI Machine Learning Repository gives a description for the Boston housing data. According to them,
each record in the dataset describes a Boston suburb or town. Each attribute represents an characteristic of
the area. Some attributes are summations while others represent the average for the area in question. The data
was drawn from the Boston Standard Metropolitan Statistical Area (SMSA) in 1970.

Table 6: Top five rows of Boston Housing dataset

CRIM ZN INDUS CHAS NOX RM AGE DIS RAD TAX PTRATIO B LSTAT MEDV
0 0.00632 18.0 2.31 0.0 0.538 6.575 65.2 4.0900 1 296 15.3 396.90 4.98 24.0
1 0.02731 0.0 7.07 0.0 0.469 6.421 78.9 4.9671 2 242 17.8 396.90 9.14 21.6
2 0.02729 0.0 7.07 0.0 0.469 7.185 61.1 4.9671 2 242 17.8 392.83 4.03 34.7
3 0.03237 0.0 2.18 0.0 0.458 6.998 45.8 6.0622 3 222 18.7 394.63 2.94 33.4
4 0.06905 0.0 2.18 0.0 0.458 7.147 54.2 6.0622 3 222 18.7 396.90 NaN 36.2

The top five entries output, table 6, illustrate that all attributes contain numerical values, either integer,
boolean or float. The dataset contains 506 entries and fourteen attributes. In functional terms, that are 506
areas included in the dataset and fourteen characteristics registered for each area. Not all areas have each
characteristics specified. The dataset contains some null values. Table 6 give a representation of how that data
looks like. The top five records are shown. The dataset uses abbreviations for column names in accordance
with the attribute descriptions shown in table 7. Next, a statistical description and histogram of each attribute
of the data is given, table 8 and figure 4.

Table 7: Attributes of the Boston Housing Dataset

CRIM The ratio for the crime rate by town per capita
ZN The proportion of residential land zoned for lots over 25.000 square foot
INDUS The proportion of non-retail business acres per town
CHAS An indicator if the town tract bounds the Charles River
NOX The concentration nitric oxides. It is measured in parts per 10 million
RM The average number of rooms per dwelling
AGE The proportion of owner-occupied units built prior to 1940
DIS The weighted distances to five Boston employment centers
RAD An index for the accessibility to radial highways
TAX The full-value property-tax rate per 10.000 dollar
PTRATIO The ratio of pupil-teacher by town
B A calculation; as 1000(Bk� 0.63)*2 where Bk is the proportion of blacks by town
LSTAT The percentage of lower status in the town’s population
MEDV The median value of owner-occupied homes in 1000 dollar

Table 8: Boston housing statistical information

CRIM ZN INDUS CHAS NOX RM AGE DIS RAD TAX PTRATIO B LSTAT MEDV
count 486 486 486 486 506 506 486 506 506 506 506 506 486 506
mean 3.61 11.21 11.08 0.07 0.55 6.28 68.52 3.80 9.55 408.24 18.46 356.67 12.72 22.53
std 8.72 23.39 6.84 0.26 0.12 0.70 28.00 2.11 8.71 168.54 2.16 91.29 7.16 9.20
min 0.01 0.00 0.46 0.00 0.38 3.56 2.90 1.13 1.00 187.00 12.60 0.32 1.73 5.00
25% 0.08 0.00 5.19 0.00 0.45 5.89 45.18 2.10 4.00 279.00 17.40 375.38 7.12 17.02
50% 0.25 0.00 9.69 0.00 0.54 6.21 76.80 3.21 5.00 330.00 19.05 391.44 11.43 21.20
75% 3.56 12.50 18.10 0.00 0.62 6.62 93.98 5.19 24.00 666.00 20.20 396.22 16.96 25.00
max 88.98 100.00 27.74 1.00 0.87 8.78 100.00 12.13 24.00 711.00 22.00 396.90 37.97 50.00
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Figure 4: Boston housing histogram

Some records have missing values in it. The maximum number of missing values per attribute is twenty.
When all missing values would occur in the same twenty entries the solution would be to remove all of those
areas. The removal of twenty areas would not result in a big loss of information as twenty records is only ca. 4%
of the dataset. However, the missing values occur in more than twenty records. By removing all entries which
miss one or multiple values, only 394 rows are left. This is a decrease of ca 22% of the original dataset and
therefore not preferable. To keep the 112 areas that have some information missing, the missing information
will be filled with a representative value.

Only attributes CRIM, ZN, INDUS, CHAS, AGE and LSTAT contain missing values. For column CRIM,
the data is not normally distributed, which means that the average is higher than 75% of the data. For this
column, the missing values should be replaced by the median. The same applies to the column ZN. The column
INDUS has a mean and median that are relatively close together. Both values are suitable for replacing the
missing values. The column CHAS contains boolean values and has a significant class imbalance. The value
0 is common while the value 1 is relatively rare. The value 0 is therefore the appropriate substitute for the
missing values in this column. Since this is also the median value, the missing values can be replaced by the
median value here as well. The column AGE has an almost logarithmic distribution, which corresponds to the
attribute description; the proportion of owner-occupied units built prior to 1940. A proportion measure with
values between 0 and 100. Due to the distribution of the data, the median value is 77 and the mean value is 69.
Concluding, for all columns that are missing values, the missing value can best be replaced by the median. The
last column that contains missing values is LSTAT. The percentage of lower status in the town’s population
seems to be normally distributed with a skewness to the left. Nevertheless, the mean and median values are
close to another. Both values can fill the missing values. It follows from this analysis that all missing values are
best replaced by the median value of the relevant column.

When analyzing the correlation matrix, table 9, some striking correlations can be highlighted. INDUS with
respect to NOX, DIS and TAX. NOX also shows a significantly higher correlation score with respect to AGE
and DIS. To continue, there is also a correlation between AGE and DIS. MEDV shows a significant correlation
with respect to RM and LSTAT. At last, the columns RAD and TAX show a dependency. All these relations
have an absolute correlation value of about 0,7 or more with the use of Pearsonś correlation method. Finally,
it can be noted that the attribute CHAS, that gives the indicator if the town tract bounds the Charles River,
has virtually no correlation with other attributes and can therefore be called absolute independent.

Now that there is a better understanding of the data, the next step is the prediction task. The objective
is to predict house prices in Boston. This can be translated into attribute MEDV, the median value of owner-
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Table 9: Boston housing correlation information

CRIM ZN INDUS CHAS NOX RM AGE DIS RAD TAX PTRATIO B LSTAT MEDV
CRIM 1.000 -0.185 0.393 -0.056 0.411 -0.220 0.343 -0.366 0.601 0.560 0.278 -0.365 0.437 -0.384
ZN -0.185 1.000 -0.507 -0.033 -0.499 0.312 -0.535 0.632 -0.300 -0.304 -0.395 0.170 -0.399 0.362
INDUS 0.393 -0.507 1.000 0.055 0.738 -0.378 0.614 -0.699 0.593 0.716 0.385 -0.355 0.565 -0.476
CHAS -0.056 -0.033 0.055 1.000 0.071 0.107 0.075 -0.092 -0.003 -0.036 -0.109 0.051 -0.047 0.184
NOX 0.411 -0.499 0.738 0.071 1.000 -0.302 0.712 -0.769 0.611 0.668 0.189 -0.380 0.573 -0.427
RM -0.220 0.312 -0.378 0.107 -0.302 1.000 -0.240 0.205 -0.210 -0.292 -0.356 0.128 -0.604 0.695
AGE 0.343 -0.535 0.614 0.075 0.712 -0.240 1.000 -0.724 0.447 0.498 0.262 -0.268 0.575 -0.378
DIS -0.366 0.632 -0.699 -0.092 -0.769 0.205 -0.724 1.000 -0.495 -0.534 -0.232 0.292 -0.483 0.250
RAD 0.601 -0.300 0.593 -0.003 0.611 -0.210 0.447 -0.495 1.000 0.910 0.465 -0.444 0.468 -0.382
TAX 0.560 -0.304 0.716 -0.036 0.668 -0.292 0.498 -0.534 0.910 1.000 0.461 -0.442 0.524 -0.469
PTRATIO 0.278 -0.395 0.385 -0.109 0.189 -0.356 0.262 -0.232 0.465 0.461 1.000 -0.177 0.371 -0.508
B -0.365 0.170 -0.355 0.051 -0.380 0.128 -0.268 0.292 -0.444 -0.442 -0.177 1.000 -0.371 0.333
LSTAT 0.437 -0.399 0.565 -0.047 0.573 -0.604 0.575 -0.483 0.468 0.524 0.371 -0.371 1.000 -0.723
MEDV -0.384 0.362 -0.476 0.184 -0.427 0.695 -0.378 0.250 -0.382 -0.469 -0.508 0.333 -0.723 1.000

occupied homes, being the target value. The aim is to have demonstrative models that can be subdivided into
both, classification and regression models. Since the target values for this dataset are numerical, categorical
target values must be created. The bin size of the categories has been chosen in such a way to create a uniform
distribution in the number of records per category. Furthermore, a reasonable number of categories chosen.
The amount of categories is in proportion to the number of records. This means that the number of categories
has a maximum size of 1% of the number of records. In the case of the Boston housing dataset, this results in
a maximum of 5 categories. But having fewer categories results in more entries per category, this is better to
build a predictive model on. However, it is necessary to trade-off the minimum number of categories needed to
make predictions for the value. For our prediction, 3 categories would already be sufficient.

Figure 5: Distribution of Target value MEDV divided into classes

The correlation matrix is based on Pearson’s definition for correlations and was performed to all numer-
ical values. Now the focus is on a correlation specific with the numerical target value; MEDV. Once more,
an approach is selected that uses Pearson’s correlation definition. This method is called the univariate linear
regression test, which is a linear model for testing the individual effect of each regressor. In this test is the
correlation value converted to an F score and subsequently to a p-value. The result of the test gives a feature
order, based on those p-values. This is used to select the relevant number of features. Based on the results
below, the features LSTAT is the most relevant feature. Followed by the features RM, PTRATIO, INDUS and
TAX in that order.

For the classification target value, a different technique is used; ANOVA. A collection of statistical models
and estimation variables, like variation, that analyzes the differences between the means in sample sets. This
technique is highly suitable for feature selection of machine learning problems with numerical features and cate-
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gorical target values. Based on the results below, the features LSTAT is the most relevant feature. Followed by
the features RM, NOX, TAX and INDUS in that order. By knowing the feature importance scores correspond-
ing to the classed target value; MEDVc, an order is given for the selection of features. This way it is possible to
select the four or five best features and see what will happens if only these features are used for further modeling.

Figure 6: Feature importance for Regression

Figure 7: Feature importance for Classification

Now, it is time to start building the models. As discussed before, it is preferred to build models based on
four methods; decision tree, regression, support vector machine and neural network. For each method both a
regression and a classification prediction task will be modeled, with an exception for the linear regression model.

The first method will be the decision tree. The dataset will be split into a training and a test set, with
respectively 70% and 30% of the total data. We train the model, starting with all features to predict the target
variable and score it. Then apply a process of feature selection. The model is retrained and scored using fewer
features and different algorithm parameters. The resulting accuracy scores are compared and then the best
features in combination with other model-specific parameters are selected.
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Decision Tree
A classification model was established for the Boston Housing prediction task. The model has an accuracy
that is shown below. All features were used for this model, it could be over fitted or unnecessary complex. A
better way is to try to build the model with fewer features. To decide which features should be considered both
relevant and important for the prediction, some additional feature analysis is executed. This should be done
without losing the accuracy of the model.

Accuracy using all available features: 0.6447368421052632

The first step is to look into the feature importance of the model, that was just created. In the figure below,
it can be seen that the feature RM is unmistakably the most important feature in the model. Followed by the
feature LSTAT. This should not be a surprise. As discussed in the analysis of the correlation matrix, both RM
and LSTAT were highlighted thanks to their high correlation with respect to MEDV. To conclude, the features
RM and LSTAT seem relevant to consider in the process of improving the model.

Figure 8: Model feature importance

To know the optimal number of features, a recursive feature elimination with cross-validation is performed.
The result is a total of six features. Nevertheless, the plot shows that with only three features the cross-validation
score is similar. Therefore we continue modeling with only three features NOX, RM, and LSTAT.

Figure 9: RFE scores
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The accuracy result of only using three features; NOX, RM and LSTAT, is shown below. The accuracy is
comparable to the accuracy of the model that needs all target features.

Accuracy using three features: 0.6578947368421053

So the modeling is continued using only the three features NOX, RM and LSTAT. The goal is to further
increase accuracy with the help of model parameters like the maximum depth. The example for specifying the
maximum depth of the tree structure can help to prevent over- or underfitting. The accuracy of our optimized
model is 0,723.

Accuracy after optimization: 0.7236842105263158

A property of decision trees is the capability to visualize the model in a figure. In the figure below visualiza-
tion is given for this model. Each node represents a decision, with a total of eight paths that lead to an output
value. the outcome classes 0, 1, 2 and 3 correspond respectively with the classes <17, 17-21, 21-25 and 25+ for
the median value of owner-occupied homes in 1000 of dollars.

Figure 10: Boston Housing Decision Tree Classification

Now there is a decision tree classification model for the Boston housing problem. Finally, it should be
mentioned that in the beginning, we decided to replace the missing values with median values, but was this
justified. The process for modeling the optimized decision tree including the feature selection is repeated for the
dataset where records with missing values were dropped. The accuracy of the model based on dropped missing
values is a bit lower. But when adjusting the random_state numbers specified for both the training split as
well as the decision tree classifier object, it seems that the models’ accuracy can be equal. Therefore it can be
concluded that both methods for replacing missing values are correct for modeling the decision classification
tree. For this thesis lets stick to the decision tree model where replaced missing values are used.

Accuracy using all available features: 0.6722689075630253
Accuracy with three features: 0.6050420168067226
Accuracy after optimization: 0.73109243697478993
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Figure 11: Models Feature Importance with NA dropped

Figure 12: Anova scores for feature importance with NA dropped

Figure 13: RFE scores with NA dropped
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Now, a classification model is created, starting the development of a regression model based on the decision
tree method. To obtain a regression model the modeling starts with all available features. The column MEDV
contains the numerical target values.

Accuracy with all available features in R^2: 0.8643252746086584

Figure 14: Actual versus prediction

For regression problems, it can occur that training a model takes a large amount of time. A solution to this
problem is to do a feature reduction. To keep all previously selected features you can use the Principal Com-
ponent Analysis (PCA) method to reduce the number of features, without losing essential feature characteristics.

For the decision tree regressor on the relatively small dataset Boston Housing, a feature reduction is not
necessary for decreasing the model’s training time. Nevertheless, selecting the more relevant features can pre-
vent over-fitting of the model.

Figure 15: Models Feature Importance

Based on the model, with all 14 input features, it is clear that the two feature LSTAT and RM can be
considered as most important. In contrast to the previous model, the classification tree, the feature DIS turns
out to be quite important as well. When looking back to the feature importance calculated with the univariate
linear regression test, a remarkable difference can be seen in the importance score for the feature DIS. In further
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modeling, the scores of the univariate linear regression test results are followed. However, a parallel model is
created with the feature DIS included. This parallel model is used to observe the impact of this feature. To
know the number of features fits best to the target value the recursive feature elimination with cross-validation
is performed.

Figure 16: Models Feature Importance

The results show that four features would be optimal. According to the ordering result given in the univariate
linear regression test, this would mean that the features LSTAT, RM, PTRATIO and INDUS are selected. For
the parallel model, the features LSTAT, RM, PTRATIO and DIS are selected.

Accuracy with four features LSTAT, RM, PTRATIO and INDUS in R^2: 0.7366324710031629
Accuracy with four features LSTAT, RM, PTRATIO and DIS R^2: 0.6970860682271366

The accuracy of the models with only four features seems to be significantly lower than the results for mod-
eling with all fourteen features. Nevertheless, we continue modeling to see the impact of model optimization.
With a max_depth of four and the mean absolute error as the criterion for the decision tree regressor, we
establish an accuracy that is relatively close to the accuracy using all fourteen input features, but with the
certainty of not being over-fitted.

We did also a model optimization for the parallel model with input features; DIS, RM, PTRATIO and
LSTAT. The results are good. The results are close, but not as good as the model that uses INDUS, RM,
PTRATIO and LSTAT as input features. Therefore the optimized model that uses INDUS, RM, PTRATIO
and LSTAT as input features will be the decision tree regression model for the Boston housing problem.

Accuracy after optimization with LSTAT, RM, PTRATIO and INDUS R^2: 0.8475386542521615
Accuracy after optimization with LSTAT, RM, PTRATIO and DIS R^2: 0.7968622439463795

Figure 17: Boston Housing Decision Tree Regression
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Support Vector Machine

Next is the technique of Support Vector Machine (SVM) to develop both classification and regression mod-
els. Starting with a simplified version of a support vector machine classification. A linear kernel is selected.
Furthermore, a random_state number is specified for consistency in the modeling process. Just as before the
experiment is started with all available input features.

Accuracy with all available features: 0.75

The first attempt in solving the Boston housing problem with a support vector machine model seems to have
a good accuracy result already when compared to the previous results. In a second attempt, all input features
are normalized to the l2-norm. But, it is not more than reasonable that despite the normalization the accuracy
result did not improve. Indeed the opposite happened. A dramatic drop in accuracy occurred. Therefore the
normalization step is not further included in the modeling. On the other hand, the support vector machine
function has as default a parameter regularization.

Accuracy with all available and normalized features: 0.44537815126050423

The method that was selected for performing a support vector machine classification, has no methods for
evaluating feature importance. This complicates the feature selection. By lacking such functions no recursive
feature elimination figure can be shown. Therefore we test ourselves to find out what works best; the amount
of two, three, four, five or six input features. We do this for the original input features. The features LSTAT,
RM, NOX, TAX, INDUS and AGE were given as most important in that specific order.

Accuracy with two input features: 0.6907894736842105
Accuracy with three input features: 0.7236842105263158
Accuracy with four input features: 0.7368421052631579
Accuracy with five input features: 0.743421052631579
Accuracy with six input features: 0.7236842105263158

The results of the model with limited input features seem more promising. The accuracy results show that
with the amount of four or five features a nice result is obtained. In addition, the results of feature selection
are positive on the model accuracy. The better choice seems to be the amount of five input features. This gives
already the best accuracy result and in addition, five is a decent number of input features. This way it is not
necessary to worry about over-fitting.

The modeling continues with some model optimization. In the case of the support vector machine algorithm,
the kernel argument has a major impact on the model. Never the less, it seems that the linear kernel performs
best in terms of accuracy. Then again we test what works best. Nevertheless, there is a similar SVM function
in the sklearn python package, linearSVC. This function is similar to the SVC function with the kernel=’linear’
parameter, but the mathematical approach is slightly different. Among other things, this results in more
flexibility in the choice of penalties and loss functions. Nevertheless, the function does not outperform the SVC
function with a linear kernel. Therefore the linear kernel SVC model is the one used for further research.

Accuracy with rbf kernel: 0.6776315789473685
Accuracy with linear kernel: 0.743421052631579
Accuracy with poly kernel: 0.6578947368421053

Accuracy with linearSVC function: 0.6118421052631579

Next is a regression model and start with all fourteen input features and the default model settings. A
negative R2 value is returned. When plotting the actual target values against the predicted values a cluttered
cloud of dots is displayed. In an ideal situation, such a plot represents an approximation of a linear line with
x=y and equally scaled axes. In our process of improving the model now start with a more simple kernel. The
linear kernel. This was also the kernel that performed best with the classification problem solved with a support
vector machine classification.

Accuracy with all available features and rbf kernel in R^2: -0.02262144686624512
Accuracy with all available features and linear kernel in R^2: 0.7730090492809334

The results in terms of accuracy are quite good for the linear kernel, therefore we continue using the linear
kernel instead of the default rbf option. In addition, to increase accuracy, the effect can be examined when the
input features are normalized.
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Accuracy with all available features and linear kernel in R^2: 0.16635083664670947

In terms of the accuracy of the model, the result is terrible. This should not be surprising since the effect of
normalization was also negative for the SVM classification. Therefore we continue modeling without normalized
input features. further down the process of optimizing the model, some regularizations can be applied with
model parameters.

Again, we continue selecting the optimal amount of features. Just like the support vector machine classifica-
tion, this model has no methods for evaluating feature importance. Therefore no recursive feature elimination
could be applied. So we test our self, what works best; the amount of two, three, four, five or six input features.
We do this for the not normalized input features.

Accuracy with two input features in R^2: 0.7015140555316756
Accuracy with three input features in R^2: 0.7233918308420313
Accuracy with four input features in R^2: 0.7253181872945185
Accuracy with five input features in R^2: 0.7380923229061825
Accuracy with six input features in R^2: 0.7354553167113393

The test results show a positive relationship between the number of features and the resulting accuracy.
However, the delta between the different accuracy numbers decreases when increasing the number of features.
Therefore it seems more reasonable to continue model optimization with only five input features. This is a
reasonable amount of input features.

Accuracy with kernel rbf and additional parameters specified in R^2: 0.6059642429969487
Accuracy with kernel linear and C=10 in R^2: 0.7467566749629299
Accuracy with kernel linear and C=15 in R^2: 0.7396372641023898
Accuracy with kernel linear and other parameters in R^2: 0.7458453964128504
Accuracy with kernel linear and shrinking off in R^2: 0.7436773394773515
Accuracy with kernel ploy of second degree in R^2: -142619.501705238
Accuracy with kernel ploy of second degree and gamma='scale' in R^2: 0.3481852679616937

Like in the first attempt of modeling a support vector machine regression for this dataset, the ’rbf’ kernel
performs not that promising. Nevertheless, the linear kernel gives some nice results. But any other optimization
parameters do not seem to significantly improve the model’s accuracy measure.

A second-order polynomial kernel seems to differentiate in performance. For the second-order polynomial
kernel, it might be interesting to see what is the effect of the different number of input features. A test is
performed with fewer and more input features to find the optimal number of features.

#with C=10, gamma='scale', degree=2, epsilon=0.5, coef0=1
Accuracy with two features in R^2: 0.7923615557111364
Accuracy with three features in R^2: 0.7769813431947894
Accuracy with four features in R^2: 0.7729331394000845
Accuracy with five features in R^2: 0.3481852679616937
Accuracy with six features in R^2: 0.21296403021924937

#with C=10, gamma='auto', degree=2, epsilon=0.5, coef0=1
Accuracy with two features in R^2: 0.8256615396137796
Accuracy with three features in R^2: 0.8340916596531557
Accuracy with four features in R^2: 0.8653138240953195
Accuracy with five features in R^2: -142619.501705238
Accuracy with six features in R^2: -0.017921751497247174

Accuracy with four normalized input features in R^2 0.7169112450753181

The best scoring model is the one using four input features, a polynomial kernel with parameter gamma=’auto’.
As a last check, the model is built on normalized input features. The result in terms of accuracy is not improved.
This confirms to not use the normalization step. The second-order polynomial model with gamma=’auto’ and
four features is the model we continue to work with.
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Figure 18: Target versus actual for polynomial kernel, four input features and gamma = ’auto’

Neural Network

We move on to the Neural network technique. Starting with a prediction for the classified column MEDVc. Like
mentioned before, neural networks are commonly referred to as black box model. The model includes several
layers and multiple lines between the layers. The input features have to flow throw the layers over the lines that
connect the different layers to form an output value. The more layers, the more complex the model is. For the
classification model of the Boston housing data, we aim to build a model with maximum accuracy, regarding
the consequence of making a highly complex model. Like every other start of building a model, we begin with
all fourteen input features and default model settings. Then continue to observe the effect of normalizing the
input features.

Accuracy with all available input features: 0.6842105263157895
Accuracy with all available normalized input features: 0.6907894736842105

The first neural network classification accuracy result is not bad, but the default maximum amount of
iterations had to be increased. Furthermore, the effect of normalizing the input features is only minimal on the
accuracy result. While the maximum of iterations again needed to be multiplied by 10. This means that the
cost function of the model with normalized input features increased. For that reason, we continue modeling
without normalized input features. Then at the end of the modeling, we will observe the effect of normalizing
the features.

Accuracy with two input features: 0.6447368421052632
Accuracy with three input features: 0.6447368421052632
Accuracy with four input features: 0.6118421052631579
Accuracy with five input features: 0.5921052631578947
Accuracy with six input features: 0.6118421052631579

The accuracy results for using two to six features are relatively close to one another. The accuracy results
show a slight parabolic behavior, with five features as the lowest point. With way, the number of three (or
probably seven) features seems to give the best results. But the delta between the different accuracy numbers
decreases when increasing the number of features. Since seven would be quite a large number of input features
with respect to the small dataset, it seems more reasonable to continue model optimization with only three
input features. This is a reasonable amount of input features.

Accuracy with relu activation and solver='adam': 0.6447368421052632
Accuracy with relu activation and solver='lbfgs': 0.6710526315789473
Accuracy with relu activation and solver='sgd': 0.625
Accuracy with identity activation and solver='adam': 0.6052631578947368

30



Accuracy with identity activation and solver='lbfgs': 0.7039473684210527
Accuracy with identity activation feature and solver='sgd': 0.5986842105263158
Accuracy with logistic activation and solver='adam': 0.6842105263157895
Accuracy with logistic activation and solver='lbfgs': 0.6513157894736842
Accuracy with logistic activation and solver='sgd': 0.6052631578947368
Accuracy with tangs hyperbolic activation andsolver='adam' features: 0.6578947368421053
Accuracy with tangs hyperbolic activation and solver='lbfgs': 0.6381578947368421
Accuracy with tangs hyperbolic activation and solver='sgd': 0.5986842105263158

Accuracy with identity activation and normalized features: 0.6118421052631579

Various activation parameters are combined with different solvers. Some of the accuracy results are relatively
close to one another. The best performance is obtained by using the identity activation and the lbfgs solver.
Furthermore, the effect of normalizing the input features has resulted in a lower accuracy. Therefore the final
model will not contain normalized input features. Nevertheless, the accuracy results are not what we would like
them to be, or what we would expect from a neural network. We continue optimizing the model by specifying
more parameters.

Trying different amounts of layers with different amounts of neurons in each layer gives us some improvement
in terms of accuracy performance. Other parameters like batch size or alpha only have a slight impact on the
accuracy number. Since the last model has no unnecessary hidden layers, this is the model to go with.

Accuracy with hidden_layer_sizes=(120,80,80): 0.7105263157894737
The number of layers used: 5
Accuracy with no hiddel layers: 0.7105263157894737
The number of layers used: 2

This Neural network technique is also used to create a model to make a prediction for the numerical column
MEDV. Starting with all fourteen input features and default model settings and then continue to observe the
effect of normalizing the input features.

Accuracy with all available features in R^2: 0.7887175201171109
Accuracy with all available features in R^2: 0.7790822455956778

The result for modeling a neural network regression model to predict the numerical value MEDV is remark-
ably good. The plot for modeling with all available not-normalized features shows a nice cloud-like density
recognizable as the line x=y. The effect of modeling with normalized input features is slightly negative. Fur-
thermore the maximum number of iterations needed to be considerably increased, which results in a higher cost
function for the model. Both the effect on accuracy as well as the necessary increase in the number of iterations
lead to the conclusion to neglected the normalization step when continuing the modeling process. To come back
to the effect of normalizing the input features for the optimized model.

So now again we continue selecting the optimal amount of features. Just like the support vector machine
model, this model has no methods for evaluating feature importance. Therefore no recursive feature elimination
could be applied. So we test ourselves, what works best; the amount of two, three, four, five or six input
features. We do this for the not normalized input features.

Accuracy with two input features in R^2: 0.7738361480250371
Accuracy with three input features in R^2: 0.8214059615736602
Accuracy with four input features in R^2: 0.8431513928580181
Accuracy with five input features in R^2: 0.7179262184547084
Accuracy with six input features in R^2: 0.8062239293195317

From the accuracy result, it can be concluded that three or four input features seems the most promising.
Therefore a model optimization is performed, by specifying that MLPRegressor parameters, for both sets of
input features.

Accuracy with four input features and logistic activation in R^2: 0.8423719104171191
Accuracy with four input features and activation='relu' in R^2: 0.8682669736947869
Accuracy with three input features and logistic activation in R^2: 0.8004838472262161
Accuracy with three input features and activation='relu' in R^2: 0.8099439799062864
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Figure 19: Target versus actual after optimization

The optimal model seems to be the model with only four input features and ’lbfgs’ as the solver. It refers to
an optimizer in the family of quasi-Newton methods. Furthermore, we use the default activation function for a
layer, the rectified linear unit function, it returns f(x) = max(0, x). As a final set, the effect of normalization
is measured in terms of accuracy. Despite the fact that the maximum number of iteration does not need to
be increased, compared to the model without normalized features. The result shows a negative impact on the
accuracy and therefore the step of normalizing the features is skipped. The final model for the neural network
regression is the model that uses four input features and parameters; activation=’relu’ and solver=’lbfgs’.

Accuracy with four normalized input features and activation='relu' in R^2: 0.8153299100281439

Linear Regression

The last modeling technique is linear regression. The linear regression method is known to be relatively simple
to understand. Since all relations between features and the target variable are linear. We start the modeling
with all features that are available and default function parameters. The column MEDV contains the numerical
target values. As second a model is formed with normalized input features. Both result are compared to see
the effect of normalization of the input features.

Accuracy with all available features in R^2: 0.7684166325128852
Accuracy with all available normalized features in R^2: 0.7949132750783544

The first results are promising. With the use of all fourteen input features two models were established with
good accuracy numbers. In contrast to most of the previous modeling techniques, the normalization step now
seems to have a positive effect on the accuracy of the model. Therefore we continue modeling with normalized
input features.

Again, we continue by selecting the optimal amount of features. Since the linear regression technique is a
bit less complex compared to the support vector machine and the neural network, this model has a method for
evacuating feature importance. A recursive feature elimination is applied to establish an optimal number of
features. The result is an optimal number of four features. But we will also test results for the amount of three
input features since the cross-validation scores are relatively close to one another.

The linear regression model has no further parameters that helps to optimize the model in terms of accuracy.
The results for three and four input features are close to each other, but the model using three features scores
the best. This is the model we select to be the linear regression model for the Boston housing dataset.

Accuracy with four input features in R^2: 0.7569519595659073
Accuracy with three input features in R^2: 0.7720533835002266
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Figure 20: RFEscores

Figure 21: Target versus actual after optimization

.
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4.2.2 Creditcard Fraud dataset

The credit card fraud dataset is collected with the aim to research the possibilities of big data mining in de-
tecting fraud transactions. The dataset is used in a diversity of studies. It is important to recognize fraudulent
credit card transactions so that customers are not charged for items that they did not purchase. Within the
context of explainable AI, it is then important that the classification of being a fraud transaction is interpretable
and can be explained to a particular customer.

When looking at the contents of the dataset, it contains credit card transactions of European owners from
a two day period in September 2013. For privacy reasons, only the features ’amount’ and ’time’ have been
described. With time the difference is measured between the time of the first and current transactions in
seconds. Further properties of transactions are available as 28 numerical features ,V1,..., V28, produced with
PCA transformations on the original properties. In addition, also the Class is specified for each transaction.
The class is a 0-1 representation for being a fraudulent transaction or not. All features are numerical values.
The shape function tells that the dataset contains 284807 entries and a total of 31 columns.

Table 10: Top five rows of Creditcard fraud dataset

Time V1 V2 V3 V4 ... V26 V27 V28 Amount Class
0 0.0 -1.359807 -0.072781 2.536347 1.378155 ... -0.189115 0.133558 -0.021053 149.62 0
1 0.0 1.191857 0.266151 0.166480 0.448154 ... 0.125895 -0.008983 0.014724 2.69 0
2 1.0 -1.358354 -1.340163 1.773209 0.379780 ... -0.139097 -0.055353 -0.059752 378.66 0
3 1.0 -0.966272 -0.185226 1.792993 -0.863291 ... -0.221929 0.062723 0.061458 123.50 0
4 2.0 -1.158233 0.877737 1.548718 0.403034 ... 0.502292 0.219422 0.215153 69.99 0

Next, the dataset is analyzed by the statistical descriptions partially shown in table 11 and a graphical
representation of the value distribution per feature, figure 22. From the isnull function, it follows that there are
no empty values in the dataset.

Since the features V1,...,V28 are established with PCA transformations, all mean values are equal to zero.
The interval for values between the first and third quartile can roughly be boxed with boundaries -1 and 1. It
seems that the V1,V2,..., V28 values are very similar ranged, only the min and max values differ in size for the
different features. The histograms of these features confirm these observations with only a single bin around
zero being visible. Next feature that shows a remarkable pattern is the feature that describes the time between
the first transaction and the current. Two bumps can be recognized in the histogram, figure 22, representing
the two days of data that is contained in the dataset. It seems obvious that fewer transactions are made in the
evening. Looking into the amount of cash transferred per transaction, it becomes clear that almost all trans-
actions are for amounts less than 100 and only some large transactions are made. Only those large amounts
create a skewed distortion of the feature.

At last, we look at the target value, Class. This value only contains the values 0 and 1. The data seems to
be far from evenly distributed. Only a number of 492 transactions out of 284807 are classified as fraud.

Table 11: Creditcard fraud statistical information

Time V1 V2 V3 V4 ... V27 V28 Amount Class
count 284807.00 284807.00 284807.00 284807.00 284807.00 ... 284807.00 284807.00 284807.00 284807.00
mean 94813.86 0.00 0.00 -0.00 0.00 ... -0.00 -0.00 88.35 0.00
std 47488.15 1.96 1.65 1.52 1.42 ... 0.40 0.33 250.12 0.04
min 0.00 -56.41 -72.72 -48.33 -5.68 ... -22.57 -15.43 0.00 0.00
25% 54201.50 -0.92 -0.60 -0.89 -0.85 ... -0.07 -0.05 5.60 0.00
50% 84692.00 0.02 0.07 0.18 -0.02 ... 0.00 0.01 22.00 0.00
75% 139320.50 1.32 0.80 1.03 0.74 ... 0.09 0.08 77.16 0.00
max 172792.00 2.45 22.06 9.38 16.88 ... 31.61 33.85 25691.16 1.00

Based on the correlation matrix and using Pearsonś definition for correlation, table 12, the correlations
and so possible dependencies between different features are analyzed. There are no correlations between the
V1,V2,..,V28 values. Furthermore, all correlations, except one, seem to be unnoticeable small. Only one of the
correlation reached the size of 0.5. It is the maximum of correlation that occurred. This is between the Cash
amount that is transferred and the feature V2. From this point of view, it can be concluded that there are no
absolute dependencies between any of the features.
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Figure 22: Creditcard fraud features

Table 12: Creditcard fraud summarized correlation matrix

Time V1 V2 ... V28 Amount Class
Time 1.000 0.117 -0.011 ... -0.009 -0.011 -0.012
V1 0.117 1.000 0.000 ... 0.000 -0.228 -0.101
V2 -0.011 0.000 1.000 ... -0.000 -0.531 0.091
... ... ... ... ... ... ... ...
V28 -0.009 0.000 -0.000 ... 1.000 0.010 0.010
Amount -0.011 -0.228 -0.531 ... 0.010 1.000 0.006
Class -0.012 -0.101 0.091 ... 0.010 0.006 1.000

Now that we have a better understanding of the data, we move on to the prediction task. The aim is to
predict the indicator of being a fraudulent transaction. This corresponds to the attribute class for being the
target value.

The class attribute contains the values zero or one, which represents the indicator of being a fraud transaction.
The 0 and 1 value can be seen as the two possible outcome classes in a classification problem. For regression
problems, all continuous numbers around and between zero and one can be excepted. In business terms, this
would mean that the closer the prediction outcome is to one, the more certain it is a fraudulent transaction.
For both regression and classification, the attribute class is appropriate and can be used as the target value.
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However, how well the model predicts for regression models is measured with the R2 value, which definition
is given in equation 4. In this case, the value is expected to be significantly low. This is caused by the compar-
ison of continuous number results of the models with the ’0’ and ’1’ target values. A target value ’1’ from the
dataset could in business term with the altered prediction task be an outcome of 0.8, which means it is more
certain a fraudulent transaction. One way to deal with this is by placing a threshold on top of the results for
the regression models. However, this is not desirable. For the experiment, we accept the low R2 values and
keep regression models with continuous results. Because several regression models for the same dataset will
eventually be compared with each other, it is possible to make a statement about the degree of correctness for
the other models.

The approach that is used for creating the different machine learning models for the credit card fraud dataset
is similar to the modeling process for the Boston housing dataset. The aim is to increase the accuracy of the
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models without overfitting. However, the target value of this dataset is highly skewed, which causes high ac-
curacy results. The accuracy is measured after splitting data into 70% for training and 30% for testing. If
the model outcome is only 0 and no fraud is detected in the test dataset, the accuracy is still 0.99842. This is
caused by the only 135 records out of 85443 from the test set representing a fraud transaction. To have a better
idea of the accuracy, the actual amounts of true positives, true negatives, false positives and false negatives are
analyzed. The aim is to increase the true positives, the amount of well-predicted fraud transactions. While
decreasing the false positives and false negatives to increase the accuracy number. To improve the models,
several optimization steps are carried out. Feature selection is applied, the impact of normalizing the feature
data is analyzed and several machine learning parameters are optimized.

The results of feature analysis for regression problems are shown in figure 23. The results for classification
problems is shown in figure 24. The results for regression and classification are exactly the same. Based on the
results below it can be concluded that V17 is the most relevant feature. Followed by the features V14, V12,
V10, V3 and v16 in that order. This feature importance order is used to select features for the different machine
learning models.

Figure 23: Feature importance for regression

Figure 24: Feature importance for classification
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To start with the decision tree method. A similar approach is used for the models of the Boston housing
dataset. We loop a process of starting with all features to predict the target variable. Then split the dataset
into a training and a test set, respectively 70% and 30%. Train the model and score it. When going back to
the first step we add a feature selection process and loop throw the process again. Compare the scores and so
select the best features.

A first attempt for building a decision tree classification model results in an accuracy of 0.999146, with 99
out of 135 true positives. The figures 25 and 26 show the models feature importance and the RFE score for
the model referring to the optimal number of features to use. The optimal number of features used is 3. The
features V17, V14 and V10 are used, since these features occur in both the top features list, for the feature
importance for classification, figure 24 and the models feature importance, figure 25.

Figure 25: Models feature importance

Figure 26: RFE scores

The accuracy results for a model using only three features; V10, V14 and V17, is not better but yet similar
to the results of the model using all features. The accuracy of the model using three features is 0.999005, with
92 out of 135 true positives. To further increase models performance, the maximum depth of the decision tree
can be specified. Doing so results in an optimal maximum depth of 3. This results in a model with an accuracy
of 0.999309, with 97 out of 135 true positives. The model is graphically shown in figure 27. It is possible to
create an even better performing model. With a maximum depth equal to 7 an accuracy of 0.999426, with 101
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out of 135 true positives occurs. The difference between using a maximum depth of 3 or 7 results in quite a
difference in computable cost, while the accuracy effect is small. Therefore a maximum depth of 3 is specified
as being optimal.

Figure 27: Creditcard fraud Decision Tree Classification

We continue with a decision tree regression model. For the regression models in general, we make sure
that the target value class is of a numerical data type. The first model uses all features available and default
parameter settings. The result is a R2 of 0.458. A score of 0.458 for R2 seems low compared to the high
accuracy of the decision tree regression. This is explained by the comparison of the continuous number results
of the models with the ’0’ and ’1’ target values. In addition, considering the definition, 4 of the R2 measure.
A constant model that always predicts the expected value of y, disregarding the input features, would get a R2

score of 0. The model we created is almost constant. To show how well the model does perform, we look at the
number of true positives, which is equal to 99 out of 135. The amount of true negatives is 85271 out of 85308.
Even though the model does not necessarily has a 0 or 1 output, there was no threshold placed.

With the results of RFE scores, figure 29, and the models feature importance, figure 28, it seems a number of
three, four or five features is optimal. The features V17,V10 and V14 are in this order the more relevant features
to use. This also corresponds to the results of the feature importance for regression, figure 24. The fourth and
fifth feature has multiple options with comparable feature importance. The features are ’time’ or ’V12’ or ’V16’.

Figure 28: Models feature importance

A model with four features results in the most promising true positives outcomes. After optimizing the
model parameters with a maximum depth of 4 and mean squared error as the supported criterion, the models
accuracy equals 0.5772
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Figure 29: RFE scores

Figure 30: Creditcard fraud Decision Tree Regression

Next is the support vector machine method, starting with a classification followed by a regression model.
For the support vector machine classification, a linear kernel is selected. The initial model using all available
features has an accuracy of 0.9986658, with 42 out of 135 true positives. The effect of normalizing the input
features, for both the L1 and L2 function, is negative. The models accuracy reaches the base accuracy of 0.99842
and results in 0 out of 135 true positives.

In comparison to the decision tree models does SVM lacks a models feature importance and RFE score
function. To obtain the optimal features to use, we test with an amount of two, three,four, five and six input
features. The features V17, V14, V12, V10, V16 and V3 were given in order of most important. Based on the
results shown below, the optimal number of features seems to be five. Combine this with a radial basis function
kernel, resulting in the most preferable model with an accuracy 0.99949674, a 101 out of 135 true positives and
only a 9 out of 85308 false positives.

Accuracy with two input features: 0.9990637032875719, TP: 69 FP: 14
Accuracy with three input features: 0.99916903666772, TP: 80 FP: 16
Accuracy with four input features: 0.9993914071369217, TP: 99 FP: 16
Accuracy with five input features: 0.9993914071369217, TP: 101 FP: 18
Accuracy with six input features: 0.9993914071369217, TP: 101 FP: 18

Accuracy with rbf kernel: 0.9994967405170698, TP: 101 FP: 9
Accuracy with linear kernel: 0.9993914071369217, TP: 101 FP: 18
Accuracy with poly kernel: 0.9989700736163291, TP: 60 FP: 13
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For a support vector machine regression model, the time to train the model largely decreases compared to
techniques like a decision tree. In advance, the svm regression model returns R2 values in the negative domain.
It seems that a model that approaches reality is not realistic. Different starting kernels for this technique were
tested, together with different amounts of input features, which are selected from the general feature importance
order both for the two optional solvers. Also, do the normalized input features for both the L1 and L2 function,
return no better result. For the first time, we were not able to create a specific model, that can be used in the
experiment.

Accuracy with two input features in R^2: -0.5946666593602776
Accuracy with three input features in R^2: -0.54593019726096
Accuracy with four input features in R^2: -1.0918104526533754
Accuracy with five input features in R^2: -1.4087948948243199
Accuracy with six input features in R^2: -0.38963124781190817
Accuracy with six features and rbf kernel in R^2 -1.4292657837776597
Accuracy with six features and linear kernel in R^2 -0.33195614384635164
Accuracy with six features and poly kernel degree=2 in R^2 -3.5939409972971816

The support vector machine method is followed by the neural network method. Again both, a classification
as well as a regression model, is established for the use of the experiment. To avoid repetition, it is to be
concluded that the impact of normalizing the input features, with respect to both L1 and L2, is negative on the
accuracy for all models.

Similar to the SVM models, the Neural network models have no function to easily do cross-validation on the
optimal number of features to use. Therefore we analyze the model results for models using two, three, four,
five of six features. The features are V17, V14, V12, V10, V16 and V3. Ordered by importance score, based on
figure 24. The results in terms of accuracy and true positives are shown below.

Accuracy with two input features: 0.9992392589211521, TP: 85 FP: 15
Accuracy with three input features: 0.9993211848834895, TP: 94 FP: 17
Accuracy with four input features: 0.9993914071369217, TP: 101 FP: 18
Accuracy with five input features: 0.9994148145547324, TP: 101 FP: 16
Accuracy with six input features: 0.9993562960102056, TP: 101 FP: 21

The model with five input features seems to perform the best but is not that much better as the model
using only four features. Therefore we continue the optimization with four features. Several solvers, activators
and additional parameters for the neural network regression are tested. The result are shown below. Both the
’relu’ and the ’tangus’ seem good activations for this data. A model with tangus activation and solver=’adam’
performs best with an accuracy of 0.9994265 with 101 out of 135 possible true positives.

Accuracy with relu activation and solver='adam': 0.999403110845827, TP: 101 FP: 17
Accuracy with relu activation and solver='lbfgs': 0.9993914071369217, TP: 98 FP: 15
Accuracy with relu activation and solver='sgd': 0.999204147794436, TP: 81 FP: 14
Accuracy with identity activation and solver='adam': 0.9987945179827488, TP: 38 FP: 6
Accuracy with identity activation and solver='lbfgs': 0.9991222218320986, TP: 74 FP: 14
Accuracy with identity activation feature and solver='sgd': 0.999133925541004, TP: 75 FP: 14
Accuracy with logistic activation and solver='adam': 0.9993679997191109, TP: 100 FP: 19
Accuracy with logistic activation and solver='lbfgs': 0.9993797034280163, TP: 101 FP:
Accuracy with logistic activation and solver='sgd': 0.9988998513628969, TP: 52 FP: 11
Accuracy with tanh activation and solver='adam': 0.9994265182636377, TP: 101 FP: 15
Accuracy with tanh activation and solver='lbfgs': 0.9993914071369217, TP: 101 FP: 18
Accuracy with tanh activation and solver='sgd': 0.9993797034280163, TP: 97 FP: 15
Accuracy with activation='identity' and layers used: 5: 0.999133925541004, TP: 75 FP: 14
Accuracy with activation='identity' and layers used: 2: 0.999133925541004, TP: 75 FP: 14

For a Neural Network regression model, the step of modeling with all available input features is overlooked.
The time necessary to train the model is quite high and when using a maximum number of iterations the trained
model has a severe low accuracy score. For the Neural Network regression, the same approach applies with
respect to finding the optimal number of features. The accuracy results for models using two, three, four, five of
six features are shown below. A number of four features seems best to continue modeling with. Some modeling
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parameters have been tested and results are added below. The model with activation=’relu’, solver=’adam’
gives the best result with an accuracy of 0.6106787.

Accuracy with two input features in R^2: 0.5159848139344823
Accuracy with three input features in R^2: 0.5606883564289947
Accuracy with four input features in R^2: 0.6106786737324754
Accuracy with five input features in R^2: 0.6092045195225284
Accuracy with six input features in R^2: 0.5592398452946769

Accuracy with activation='relu', solver='adam'in R^2: 0.6106786737324754
Accuracy with logistic activation, solver='adam'in R^2: 0.5919542029431173
Accuracy with activation='relu', solver='lbfgs' in R^2: 0.5385482997404031

At last, a linear regression model is created. A model with all available features used results in an accuracy
of 0.4804373. In terms of a linear model, it is not relevant to look at true positives. The relation between the
features and the target variable is linear and the predicted values is a continuous number. To predict the exact
number 1, occurs only for a small percentage of the data.

In order to obtain the optimal number of features, the RFE scores are calculated, see figure 31. According to
the RFE scores, the optimal number would be around fifteen to seventeen features. Since this is already quite
a large amount of features, the model results are compared to a model with only five input features. Figure 31
shows a peak for the use of five features.

Figure 31: RFE scores

Still, the result of using five features does not match the results for using fifteen or more features. The
model with fifteen models is selected as the best because the accuracy difference in adding another feature is
rejectable.

Accuracy with five input features in R^2: 0.30664633691702625
Accuracy with 15 input features in R^2: 0.47714577960586185
Accuracy with 16 input features in R^2: 0.47782863477791127
Accuracy with 17 input features in R^2: 0.47908594348568845
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4.2.3 Heart Diseases dataset

The Heart Diseases dataset is a subset of the Clevelands database. The data is previously used to do experi-
ments that concentrated on simply attempting to distinguish the presence of heart disease from absence. The
dataset contains patient information of human beings. Each line represents a patient. The attributes contain
values such as properties of the patient at the time of registration, or measure results like blood pressure.

Table 13: Top five rows of Heart diseases dataset

age sex cp trestbps chol fbs restecg thalach exang oldpeak slope ca thal target
0 63 1 3 145 233 1 0 150 0 2.3 0 0 1 1
1 37 1 2 130 250 0 1 187 0 3.5 0 0 2 1
2 41 0 1 130 204 0 0 172 0 1.4 2 0 2 1
3 56 1 1 120 236 0 1 178 0 0.8 2 0 2 1
4 57 0 0 120 354 0 1 163 1 0.6 2 0 2 1

Table 14: Attributes of the Heart diseases Dataset

age
sex
cp chest pain type in grades
trestbps resting blood pressure
chol serum cholestoral in mg/dl
fbs indicator for fasting blood sugar over 120 mg/dl
restecg resting electrocardiographic results (values 0,1,2)
thalach maximum heart rate achieved
exang exercise induced angina
oldpeak oldpeak, ST depression induced by exercise relative to rest
slope the slope of the peak exercise ST segment
ca number of major vessels (0-3) colored by flourosopy
thal 3 = normal; 6 = fixed defect; 7 = reversable defect

Table 13 shows the top five lines of the heart disease dataset. The column names are already somewhat
descriptive or abbreviations are used. The exact descriptions of each column is given in table 14. As indicated,
it concerns a subset with only fourteen columns. The original database contains over 76 attributes. However,
previous research has shown that the thirteen attributes are sufficiently relevant to consider for an indication
of possible heart disease. Each record in the dataset represents a patient at the moment of registration. In
total 303 patient recordings are included. The top five rows, table 13, give a first insight into what kind of data
is available. It can already be noticed that a lot of attributes have a value representation of integers. With
table 15 and figure 32 statistical description and histograms of each attribute are shown, that give a better
understanding of how that data looks like.

Table 15: Heart diseases statistical information

age sex cp trestbps chol fbs restecg thalach exang oldpeak slope ca thal target
count 303 303 303 303 303 303 303 303 303 303 303 303 303 303
mean 54.37 0.68 0.97 131.62 246.26 0.15 0.53 149.65 0.33 1.04 1.40 0.73 2.31 0.54
std 9.08 0.47 1.03 17.54 51.83 0.36 0.53 22.91 0.47 1.16 0.62 1.02 0.61 0.50
min 29.00 0.00 0.00 94.00 126.00 0.00 0.00 71.00 0.00 0.00 0.00 0.00 0.00 0.00
25% 47.50 0.00 0.00 120.00 211.00 0.00 0.00 133.50 0.00 0.00 1.00 0.00 2.00 0.00
50% 55.00 1.00 1.00 130.00 240.00 0.00 1.00 153.00 0.00 0.80 1.00 0.00 2.00 1.00
75% 61.00 1.00 2.00 140.00 274.50 0.00 1.00 166.00 1.00 1.60 2.00 1.00 3.00 1.00
max 77.00 1.00 3.00 200.00 564.00 1.00 2.00 202.00 1.00 6.20 2.00 4.00 3.00 1.00

There are no missing values in the dataset. All columns have a counted number of values equal to the total
number of rows. The attributes ’sex’, ’cp’, ’fbs’, ’restecg’, ’exang’, ’slope’, ’ca’ ’thal’ and the target value are
composed of a limited subset of integers. The other attributes possibly also contain only integers, however, these
attributes do show a distribution similar to a normal or logarithmic distribution. For the attributes mentioned
in the beginning, it is correct to describe them with clustered distributions.
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Figure 32: Heart diseases feature histograms

Table 16: Heart diseases correltion matrix

age sex cp trestbps chol fbs restecg thalach exang oldpeak slope ca thal target
age 1.000 -0.098 -0.069 0.279 0.214 0.121 -0.116 -0.399 0.097 0.210 -0.169 0.276 0.068 -0.225
sex -0.098 1.000 -0.049 -0.057 -0.198 0.045 -0.058 -0.044 0.142 0.096 -0.031 0.118 0.210 -0.281
cp -0.069 -0.049 1.000 0.048 -0.077 0.094 0.044 0.296 -0.394 -0.149 0.120 -0.181 -0.162 0.434
trestbps 0.279 -0.057 0.048 1.000 0.123 0.178 -0.114 -0.047 0.068 0.193 -0.121 0.101 0.062 -0.145
chol 0.214 -0.198 -0.077 0.123 1.000 0.013 -0.151 -0.010 0.067 0.054 -0.004 0.071 0.099 -0.085
fbs 0.121 0.045 0.094 0.178 0.013 1.000 -0.084 -0.009 0.026 0.006 -0.060 0.138 -0.032 -0.028
restecg -0.116 -0.058 0.044 -0.114 -0.151 -0.084 1.000 0.044 -0.071 -0.059 0.093 -0.072 -0.012 0.137
thalach -0.399 -0.044 0.296 -0.047 -0.010 -0.009 0.044 1.000 -0.379 -0.344 0.387 -0.213 -0.096 0.422
exang 0.097 0.142 -0.394 0.068 0.067 0.026 -0.071 -0.379 1.000 0.288 -0.258 0.116 0.207 -0.437
oldpeak 0.210 0.096 -0.149 0.193 0.054 0.006 -0.059 -0.344 0.288 1.000 -0.578 0.223 0.210 -0.431
slope -0.169 -0.031 0.120 -0.121 -0.004 -0.060 0.093 0.387 -0.258 -0.578 1.000 -0.080 -0.105 0.346
ca 0.276 0.118 -0.181 0.101 0.071 0.138 -0.072 -0.213 0.116 0.223 -0.080 1.000 0.152 -0.392
thal 0.068 0.210 -0.162 0.062 0.099 -0.032 -0.012 -0.096 0.207 0.210 -0.105 0.152 1.000 -0.344
target -0.225 -0.281 0.434 -0.145 -0.085 -0.028 0.137 0.422 -0.437 -0.431 0.346 -0.392 -0.344 1.000

When analyzing the correlation matrix, table 16, possible dependencies between different features are ana-
lyzed. Only one striking correlation can be highlighted. The correlation between the oldpeak and the slope of
the peak exercise ST segment. This is the only correlation value that exceeds 0,5. If we limit ourselves to just
looking at the target value, it becomes clear that there are often negative correlations concerning the attributes.
This can be explained. Take the age, for example. It is well known that someone with a higher age is more likely
to have heart disease. Apart from the fact that only one correlation value exceeds a 0,5 value, the correlations
between attributes and the target value are significant.

The objective is to predict an indication of a possible heart disease for a patient. This can be translated
to a prediction of the target value for a value 0 or 1. The aim is to have demonstrative models that can be
subdivided into both, classification and regression models. With the current predictions task and target values,
a classification problem is suggested. Meaning that The 0 and 1 value can be seen as the two possible outcome
classes in a classification problem. Just like the credit card fraud dataset, for a regression problem all values,
preferable in a range, between zero and one are excepted. In business terms, this would mean that the closer
the prediction outcome is to one, the more certain the patient suffers from heart disease. For both regression
and classification, the target value is a suitable outcome.
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However, similar to the credit card fraud dataset significant low values for R2 can be expected. The mea-
surement for how well the model predicts for regression models, R2, examines the model outcomes compared
with the target values. But target values are values of the form ’0’ or ’1’, while in business terms we predict how
certain the patient suffers from heart disease. Two different types of outcomes are compared with each other.
Again a threshold could be placed on top of the results for the regression models. However, this is not desirable.
For the experiment, we accept the low R2 values and keep regression models with continuous results. Because
several regression models for the same dataset will eventually be compared with each other, it is possible to
make a statement about the degree of correctness for the other models.

The approach that is used for creating the different machine learning models for the credit card fraud dataset
is similar to the modeling process for the Boston housing dataset and so the credit card fraud dataset. The
aim is to increase the accuracy of the models without overfitting. To improve the models, several optimization
steps are carried out. Feature selection is applied, the impact of normalizing the feature data is analyzed and
several machine learning parameters are optimized.

Respectively, the figure 33 and figure 34 give a graphical representation of the feature importance for re-
gression and classification problems. Again the feature importance outputs for classification and regression are
the same. We have seen this before with the credit card fraud dataset, which also uses the same target value
for both regression and classification. Based on the results below it can be concluded that ’exang’ is the most
relevant feature. Followed by the features ’oldpeak’, ’ca’, ’slope’, ’thal’, ’sex’ and ’age’ in that order. This
feature importance order is used to select features for the different machine learning models.

Figure 33: Feature importance for regression

Figure 34: Feature importance for classification
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Now we continue with defining the machine learning models for the experiment. Starting with the decision
tree method, followed by the support vector machine, next to the neural network method and finally a linear
regression model. In the development process for the creation of the models, a similar approach has been used
for the Boston housing and credit card fraud datasets.

For a decision tree classification is a model feature importance available. The models feature importance,
figure 35, returns the attributes ’exang’, ’age’, ’ca’, ’trestbps’, ’chol’, ’oldpeak’ and ’thal’ in that order. Besides
the RFE scores for the decision tree classification concluded that an optimal number of input features equals
seven. However, from the generic feature importance for classification, figure 34, follows the order ’exang’, ’old-
peak’, ’ca’, ’slope’, ’thal’, ’sex’ and ’age’. Features that appear in both lists are ’exang’, ’age’, ’ca’, ’oldpeak’ and
’thal’. The sequel model will be based on these features complemented by two of the features; ’trestbps’, ’chol’,
’sex’ and ’slope’. The features ’trestbps’ and ’sex’ provide a model that performance best with an additional
model parameter adjustments for the maximum depth of five gives an accuracy of 0,72527. The decision tree is
depicted in figure 36.

Figure 35: Decision tree classification feature importance

Figure 36: Heart deseases Decision tree classification
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For the regression models, no significant high accuracy’s can be achieved. As explained in the introduction
of this dataset this is to be expected. The fact that the original target values contain ’0’ or ’1’ values, while in
business terms we predict how likely the patient suffers from a heart disease. These are two different types of
outcomes that are compared with one another. Nevertheless, regression models are created. For the decision
tree classification, specific model feature importances are extracted, figure 37 and an optimal number of features
followed for the RFE scores.

Figure 37: Decision tree regression feature importance

The RFE score shows that a model should be developed with a single feature. Now the use of one feature
would indicate a direct relationship between ’exang’ and the target value. Based on Pearsons correlation matrix,
table 16. this argument is rejected and models with one, two and three features are all tested for their accuracy.
As a decision tree regression model with two input features, ’exang’ and ’ca’ with a maximum depth specified
equal to 3 has an accuracy of 0.299106 and is the model that is further used in the experiment. Figure 38 is a
representation of the model.

Figure 38: Heart diseases Decision tree regression

The following model that is defined for the experiment is a support vector machine classification. Based
on different kernels for the SVM method that are tested, the linear kernel is selected to work with. In order
to obtain the optimal features to use, we test with an amount of two up to eight input features. The fea-
tures ’exang’, ’oldpeak’, ’ca’, ’slope’, ’thal’, ’sex’, ’age’ and ’trestbps’ were given in order of most important.
A model with the seven most relevant input features and a linear kernel returns the highest accuracy of 0.857143.
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In line with the support vector machine technique, we continue with a regression model. For this model,
it was examined that six input features and a second-order polynomial kernel returns a significant accuracy of
0.492571. The additional parameters that were specified are gamma=’auto’, epsilon=0.05 and coef0=1. The
six features that are used are selected from the same list that is mentioned for the support vector machine
classification model.

Next is the method of Neural network to consider, in developing both a classification and a regression model.
For both models, an optimal number of input features to use equals six. The attributes ’exang’, ’oldpeak’, ’ca’,
’slope’, ’thal’ and ’sex’ are the ones that are used. The difference between the models is the activation com-
mand they use. For the classification model, an activation named ’relu’ is used and return an accuracy output
of 0.835165. The regression model uses a logistic activation and a non-default solver named ’lbfgs’ to result in
a model with an accuracy of 0.521123.

For each of the models the effect of normalizing the input features, with respect to both the L1 and L2
function, is examined. The outcome is negative for all models accuracy and normalizing the input features is
further overlooked.

Finally, a linear regression model is established. In order to obtain the optimal features to use, we test with
an amount of two up to eight input features. The same six features that the neural network models use are also
used as input features for the linear model. No parameters are further specified and the R2 value of the model
for the test dataset is 0.459619.
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4.2.4 Electric Motor Temperature dataset

The LEA department at Paderborn University provided this dataset. As they explain "The data set com-
prises several sensor data collected from a permanent magnet synchronous motor (PMSM) deployed on a test
bench." The motor concerns a prototype model. The data that is collected is said to be made mildly anonymous.

As mentioned before, the data consists of measurements from test runs. Multiple test runs with measure-
ment sessions are included in the dataset, which is marked with the field ’profile_id’. The duration of such
measurement sessions varies between a one and six hours duration. Every line of the dataset represents the
measurements recorded at a 2 Hz frequency.

Table 17: Top five rows of Electrical Motor Temperature dataset

ambient coolant u_d u_q speed torque i_d i_q pm yoke tooth winding profile_id
0 -0.752 -1.118 0.328 -1.298 -1.222 -0.250 1.030 -0.246 -2.522 -1.831 2.066 -2.018 4
1 -0.771 -1.117 0.330 -1.298 -1.222 -0.249 1.030 -0.246 -2.522 -1.831 -2.065 -2.018 4
2 -0.783 -1.117 0.333 -1.302 -1.222 -0.249 1.029 -0.246 -2.523 -1.830 -2.064 -2.017 4
3 -0.781 -1.117 0.334 -1.302 -1.222 -0.249 1.033 -0.247 -2.522 -1.830 -2.063 -2.018 4
4 -0.774 -1.117 0.335 -1.303 -1.222 -0.249 1.032 -0.247 -2.522 -1.830 -2.063 -2.018 4

The top five rows of the Electricl Motor Temperature dataset, table 17, illustrate that all containing features
are numerical values, either integer,boolean or float. The dataset contains 998070 entries and fourteen columns.
There are no empty values. Table 17 shows what the data looks like. The top five records are shown. In table
18 a description is given for what each column name stands for. Next, a statistical description and histogram
of each of the attribute is given, respectively table 19 and figure 40.

Table 18: Attributes of the Electrical Motor Temperature Dataset

ambient Ambient temperature as measured by a thermal sensor located closely to the stator
coolant Coolant temperature. The motor is water cooled. Measurement is taken at outflow
u_d Voltage d-component
u_q Voltage q-component
speed Motor speed
torque Torque induced by current
i_d Current d-component
i_q Current q-component
pm Permanent Magnet surface temperature representing the rotor temperature
yoke Stator yoke temperature measured with a thermal sensor
tooth Stator tooth temperature measured with a thermal sensor
winding Stator winding temperature measured with a thermal sensor
profile_id id to specify the measurement session

Table 19: Electrical Motor Temperature statistical information

ambient coolant u_d u_q speed torque i_d i_q pm yoke tooth winding profile_id
count 998070 998070 998070 998070 998070 998070 998070 998070 998070 998070 998070 998070 998070
mean -0.00 0.00 0.00 -0.01 -0.01 -0.00 0.01 -0.00 -0.00 0.00 -0.00 -0.00 50.73
std 0.99 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 22.07
min -8.57 -1.43 -1.66 -1.86 -1.37 -3.35 -3.25 -3.34 -2.63 -1.83 -2.07 -2.02 4.00
25% -0.60 -1.04 -0.83 -0.93 -0.95 -0.27 -0.76 -0.26 -0.67 -0.75 -0.76 -0.73 32.00
50% 0.27 -0.18 0.27 -0.10 -0.14 -0.19 0.21 -0.19 0.09 -0.06 0.01 0.01 56.00
75% 0.69 0.65 0.36 0.85 0.85 0.55 1.01 0.50 0.68 0.70 0.77 0.73 68.00
max 2.97 2.65 2.27 1.79 2.02 3.02 1.06 2.91 2.92 2.45 2.33 2.65 81.00

Based on the statistical information given in table 19 it can be observed that all features, except the ’pro-
file_id’, are centralized. This is concluded based on all means being equal to zero and the standard deviation
equal to one. This means that only the effect for all other records in the dataset is given. Figure 40 shows more
information about each features distribution.

Next, the correlations are analyzed. Based on the correlation matrix, table 20 using Pearson’s definition
for correlation, the correlations and so possible dependencies between different features are analyzed. The
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Figure 39: Electric motor temperature features

significant-high correlation scores between the features ’yoke’, ’tooth’ and ’winding’ can be explained by the
fact that these readings each relate to the stator motor. Also, it can be noticed that the coolant temperature also
has a high correlation with the stator motor measurements. Further, the permanent magnet surface temperature
representing the rotor temperature shows a correlation with the temperature measurements of the stator motor.
The attributes currents in d/q-coordinates and voltages in d/q-coordinates are a result of a standard control
strategy trying to follow the reference speed and torque. They have a strong relationship with the columns’
speed and torque. The values for speed and torque are created as resulting quantities achieved by the strategy,
derived from set currents and voltages. There are more significant correlations for example between features
’u_d’ and the features ’i_q’ and the torque.

Table 20: Electrical Motor Temperature correlation matrix

ambient coolant u_d u_q speed torque i_d i_q pm yoke tooth winding profile_id
ambient 1.000 0.434 0.195 0.087 0.078 -0.262 0.006 -0.261 0.501 0.452 0.397 0.302 0.385
coolant 0.434 1.000 0.179 0.028 -0.033 -0.190 0.108 -0.186 0.431 0.874 0.689 0.509 0.500
u_d 0.195 0.179 1.000 -0.027 -0.234 -0.821 0.359 -0.797 -0.083 0.041 -0.066 -0.151 0.301
u_q 0.087 0.028 -0.027 1.000 0.717 -0.037 -0.182 -0.026 0.101 0.106 0.149 0.125 -0.122
speed 0.078 -0.033 -0.234 0.717 1.000 0.025 -0.723 0.006 0.332 0.183 0.334 0.393 -0.166
torque -0.262 -0.190 -0.821 -0.037 0.025 1.000 -0.239 0.997 -0.073 -0.092 -0.011 0.081 -0.257
i_d 0.006 0.108 0.359 -0.182 -0.723 -0.239 1.000 -0.204 -0.299 -0.180 -0.388 -0.540 0.142
i_q -0.261 -0.186 -0.797 -0.026 0.006 0.997 -0.204 1.000 -0.086 -0.099 -0.025 0.061 -0.256
pm 0.501 0.431 -0.083 0.101 0.332 -0.073 -0.299 -0.086 1.000 0.695 0.768 0.730 0.157
yoke 0.452 0.874 0.041 0.106 0.183 -0.092 -0.180 -0.099 0.695 1.000 0.950 0.845 0.398
tooth 0.397 0.689 -0.066 0.149 0.334 -0.011 -0.388 -0.025 0.768 0.950 1.000 0.966 0.281
winding 0.302 0.509 -0.151 0.125 0.393 0.081 -0.540 0.061 0.730 0.845 0.966 1.000 0.182
profile_id 0.385 0.500 0.301 -0.122 -0.166 -0.257 0.142 -0.256 0.157 0.398 0.281 0.182 1.000

Now we have a better understanding of the data, we move on to the prediction task. Two features can be
highlighted as most interesting to use as a possible target feature. These are rotor temperature (’pm’) and
torque. Both values are not reliably and economically measurable in a commercial vehicle. Since the focus of
this dataset is electrical motor temperatures, it suits to pick the rotor temperature for a target feature. The
distribution in figure 40 shows a nice centralized normal distribution for this features. What is beneficial for
predicting these values. In advance having a strong estimator for the rotor, temperature helps the automotive
industry. They can manufacture motors with less material and enables control strategies to utilize the motor
to its maximum capability.
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The aim is to have demonstrative models that can be subdivided into both, classification and regression
models. Since the target values for this dataset are continuous numbers, categorical target values must be
created. Bins are created as classes. The bin size of the categories has been chosen in such a way to represent
a semi uniform distribution in the number of records per category. Furthermore, a reasonable number of 14
categories is chosen. The amount of categories is in proportion to the number of records. The categories are
labeled with numbers 1 to 14. They represent the bins described by the bin edges
[�1 ; � 1:8; � 1:3; � 1; � 0:8; � 0:5; � 0:2; 0; 0:2; 0:4; 0:7; 1; 1:3; 1:8; 1 ]. Class ’1’ contain all values falling within the
interval (�1 ; � 1:8] . Class ’2’ contains all values falling within the interval (� 1:8; � 1:3], and so on.

Figure 40: Distribution of motor temperature over classes

In the aim to predict the rotor temperature with the regression models and the rotor temperature classes
with the classification models, we continue defining the relevant attributes that can serve as input features for
the models. For the regression models, the univariate linear regression test is executed. The test results, shown
in figure 41, return a feature order based on p-values. This is used to select the relevant number of features.
The features yoke temperature, tooth temperature and tooth temperature for the stator motor score the best.
But since these attributes are also correlated. For modeling, it can be ineffective to use all three attributes for
the model. The winding temperature scores best out of the three. This is why it is best to include only this
attribute as an important feature. The other relevant features are in ’ambient’, ’coolant’, ’speed’, ’i_d’ and
’profile_id’ in that order.

For the classification models, the relevant features are selected using the ANOVA technique. Figure 42 show
the results. The results in the same column are the same order as for the regression models.

Figure 41: Feature importance for regression
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Figure 42: Feature importance for classification

For the experiment both regression as well as classification models are desired. Since the electrical motor
temperature contains such a large amount of record, 10% of the data is sampled to build models on. As dis-
cussed, we build models based on four methods; decision tree, support vector machine, neural network and
linear regression. For each method, both regression and a classification prediction task will be modeled, with an
exception for the linear regression model. To develop models a similar approach is used for the previous three
datasets. The dataset will be split into a training and a test set, with respectively 70% and 30% of the total
data. We train the model, starting with all features to predict the target features and score it. Then apply
a process of feature selection. The model is retrained and scored using fewer features and different algorithm
parameters. The resulting accuracy scores are compared and then the best features in combination with other
model-specific parameters are selected.

The decision tree classification model has a function that defines the models feature importance. The
resulted scored per features are visualized in figure 43. The figure tells that, similar to the generic feature
importance, the measurements for the stator motor are considered most important. The deviation is that the
feature ’stator_yoke’ is now considered as most relevant out of the three measures. Next are the ’profile_id’,
’ambient’, ’coolant’ and ’u_q’ to be considered relevant. Based on the RFE scores, shown in figure 44, a
number of four or more features would be optimal. The accuracy results present a model using the features
’stator_yoke’,’profile_id’,’ambient’, ’coolant’ and ’u_q’ and the entropy as criterion as best model with an
accuracy of 0.884681. Initially, this model has a depth of 29, after fixing the depth at 20 the accuracy has even
slightly increased to 0.885349.

Figure 43: Decision tree classification model feature importance scores

51



Figure 44: Decision tree classification RFE scores

The models feature importance scores vary for the classification and the regression model. The result of the
regression model is that stator_tooth should be selected as an important feature. The models feature importance
for regression, figure 45, is more similar to the general feature importance. The model feature importance order
is stator_tooth, ’ambient’, ’coolant’, ’profile_id’, ’motor_speed’ and ’torque’. The RFEscores, figure 46, shows
that a model with at least three features would score the best. The line below shows the accuracy result for
using the different number of features. A model that uses five features does best and after optimizing the model,
with specifying a maximum depth of 18, the result is an accuracy of 0.975003.

Figure 45: Decision tree regression model feature importance scores

Figure 46: Decision tree regression RFE scores
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Accuracy with three features in R^2: 0.8566622920377694
Accuracy with four features in R^2: 0.9502992133640781
Accuracy with five features in R^2: 0.9775598303135143

The next machine learning technique to discuss is the support vector machine. For both the regression and
the classification model it becomes clear that the training time for this technique greatly increased, compared
to smaller datasets. If the accuracy of the models is significantly lower than other machine learning techniques.
For the classification model, a default ’rfb’ kernel with six input features returned the demonstrably higher ac-
curacy of 0.627726. The R2 values for the regression model are relatively higher, but compared to the decision
tree regression a significant reduction can be observed. Again six features are used for the model that we con-
tinue using in the experiment. For both models the features are extracted from the general feature importance
list, corresponding to ’stator_tooth’,’ambient’, ’coolant’, ’motor_speed’, ’i_d’ and ’profile_id’. The regression
model is optimized with a ’C’ value of thirty and epsilon of 0.5. The R2 value is 0.917231.

For both the SVM and neural network technique, selecting the ideal number of input features is done feature
selection for the neural network classification model is by analyzing the models accuracy or R2 results for models
that use two, three, four, five of six features. Ordered by importance score, based on figure 41 and 42. For the
Neural network classification model, the accuracy results are shown below. Followed by the accuracy results for
using six features but different model parameters, such as kernel and solver. The Neural network classification
model using six features a logistic activation and the solver ’adam’ is the model with the highest accuracy
and is further used for the experiment. Nevertheless, it can be notified that for all models that were rendered
the accuracy is quite low. The R2 values for the regression model, on the other hand, are in line with the
expectations founded on the results for decision tree and SVM regression models.

Accuracy with two input features: 0.2969308352536486
Accuracy with three input features: 0.41395317770430484
Accuracy with four input features: 0.4589052533146311
Accuracy with five input features: 0.4751026951207294
Accuracy with six input features: 0.477841231673513

Accuracy with relu activation and solver='adam': 0.477841231673513
Accuracy with relu activation and solver='lbfgs': 0.3303610192699462
Accuracy with relu activation and solver='sgd': 0.37377684266773537
Accuracy with identity activation and solver='adam': 0.27341949704438434
Accuracy with identity activation and solver='lbfgs': 0.27372006812944594
Accuracy with identity activation feature and solver='sgd': 0.2745883845974017
Accuracy with logistic activation and solver='adam': 0.5395250976856026
Accuracy with logistic activation and solver='lbfgs': 0.3894399358781685
Accuracy with logistic activation and solver='sgd': 0.39865744915339146
Accuracy with tangus hyperbolicus activation andsolver='adam' features: 0.5197875964332231
Accuracy with tangus hyperbolicus activation and solver='lbfgs': 0.4091106435560899
Accuracy with tangus hyperbolicus activation and solver='sgd': 0.41321844838526534

The use of five of six features returns significant equal R2 scores. After optimizing the model with different
parameter values and see the effect of normalizing the input features. The final model uses five input features,
the ’relu’ activation and has a R2 score of 0.878244.

Accuracy with five input features and logistic activation in R^2: 0.8309732807569989
Accuracy with five input features and activation='relu' in R^2: 0.8782444365487047
Accuracy with six input features and logistic activation in R^2: 0.872202891573167
Accuracy with six input features and activation='relu' in R^2: 0.8300925177678118

Similar to some of the other datasets, like credit card fraud and heart diseases, the effect of normalizing
the input features, for both the L1 and L2function, is examined. Again, the outcome is negative for models
accuracy and normalizing the input features is further overlooked.

The final model to develop is a linear regression model. To obtain the optimal number of features, the RFE
scores are calculated, see figure 47. According to the RFE scores, the optimal number would be at least 4.
Therefore numbers from four up to using all features are tested and it turns out that for seven features or more
the accuracy in terms of R2 does not further show a significant increase. Therefore, the model that uses the
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seven features ’stator_tooth’,’ambient’,’coolant’, ’motor_speed’, ’profile_id’, ’i_d’ and ’u_q’ will be used for
the experiment.

Figure 47: Linear regression RFE scores

Accuracy with twelve input features in R^2: 0.7763851254082965
Accuracy with ten input features in R^2: 0.7399358980424618
Accuracy with nine input features in R^2: 0.7397806276283037
Accuracy with eight input features in R^2: 0.7384961484473951
Accuracy with seven input features in R^2: 0.7380568814029929
Accuracy with six input features in R^2: 0.6903292720938499
Accuracy with five input features in R^2: 0.6872000382368046
Accuracy with four input features in R^2: 0.675389619583814
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4.3 Experiment results

The goal of the experiment is to analyze the behavior the dimensions complexity and accuracy over the different
machine learning methods and datasets. In the experiment, an effort is made to confirm the three hypotheses.
In short, confirm or reject the presence of an inverse relationship between a models explainability and its com-
plexity, the inverse relationship between explainability and accuracy and the relationship between accuracy and
complexity of a model. The initial results of the experiment are the complexity and accuracy measurements for
different machine learning models. The experiment contains 27 models varying over the axes; dataset, machine
learning technique and classification or regression model. For each model, an accuracy score is defined in terms
of correct predicted classes or R2. The complexity of a model is expressed in three components, the number
of input features (NF), the interaction strength between features is represented by IAS and the linearity of
each features effect is given as MEC. Table 21 contains an overview of all results obtained. These results are
discussed in relation to the explainability of the models.

To calculate the number of input features, a sample set of 100 records is used, with an exception for the
creditcard fraud dataset. Since this dataset is highly skew the sample size has been increased to 1000. From
this point, the result for NF is stable and corresponds to the expectation that all available input features are
indeed used. For the ALE approximation, a bin size of 200 is specified and for datasets Creditcard Fraud and
Motor Temperature a sample fraction of 1% is passed to the function. At last, for the MEC a maximum number
of segments is five and epsilon is specified to be 0.05.

Table 21: Models performance and complexity scores

Dataset Technique Model Accuracy NF IAS MEC
1 Boston Housing Decision Tree Classification 0.723684 3 0.116 2.204
2 Boston Housing Decision Tree Regression 0.796862 4 0.185 3.366
3 Boston Housing Support Vector Machine Classification 0.743421 5 0.133 2.757
4 Boston Housing Support Vector Machine Regression 0.864792 4 0.076 1.969
5 Boston Housing Neural Network Classification 0.710526 3 0.131 2.978
6 Boston Housing Neural Network Regression 0.868267 4 0.153 3.080
7 Boston Housing Linear regression Regression 0.772053 3 0.000 1.000
8 Creditcard Fraud Decision Tree Classification 0.999309 3 1.002 5.715
9 Creditcard Fraud Decision Tree Regression 0.577216 4 0.885 5.336
10 Creditcard Fraud Support Vector Machine Classification 0.999497 5 1.001 5.397
11 Creditcard Fraud Support Vector Machine Regression - - - -
12 Creditcard Fraud Neural Network Classification 0.999134 4 0.496 5.024
13 Creditcard Fraud Neural Network Regression 0.610679 4 0.277 4.577
14 Creditcard Fraud Linear regression Regression 0.479086 17 0.005 1.000
15 Heart Diseases Decision Tree Classification 0.725275 6 0.449 2.174
16 Heart Diseases Decision Tree Regression 0.299106 2 0.224 2.369
17 Heart Diseases Support Vector Machine Classification 0.857143 7 0.240 1.000
18 Heart Diseases Support Vector Machine Regression 0.515001 7 0.095 2.071
19 Heart Diseases Neural Network Classification 0.835165 6 0.137 1.249
20 Heart Diseases Neural Network Regression 0.521123 6 0.024 1.748
21 Heart Diseases Linear regression Regression 0.459619 6 0.000 1.000
22 Motor Temperature Decision Tree Classification 0.885349 5 0.783 5.227
23 Motor Temperature Decision Tree Regression 0.975003 5 0.293 1.493
24 Motor Temperature Support Vector Machine Classification 0.627726 6 0.761 5.039
25 Motor Temperature Support Vector Machine Regression 0.917231 6 0.323 2.235
26 Motor Temperature Neural Network Classification 0.538724 7 0.784 5.076
27 Motor Temperature Neural Network Regression 0.878244 5 0.258 1.525
28 Motor Temperature Linear regression Regression 0.738057 7 0.000 1.000

When analyzing the results, IAS equals 0.0 and MEC 1.0 for linear regression models, with an exception
for the Creditcard Fraud dataset. The ALE function for each model is an approximation and the result for the
Creditcard fraud dataset can be accepted as an approximation error. Since there is no actual functional repre-
sentation of each model, the approximation of the ALE function uses bins that capture the feature effects. This
is done for each feature. It is observed that the approximation error increases as the number of features increases.

To get a better understanding of the results. First, the values for accuracy on the dimension dataset and
machine learning method will be discussed, followed by the IAS and MEC. The results of classification and
regression models are evaluated separately.
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Figure 48a presents the accuracy of the classification models dataset for each of the different machine learn-
ing methods. Similarly, the R2 values are plotted for the regression models in figure 48b. Both figures show
the result of how well a models prediction fits the actual target value. Initially, the figures show a significant
dependency on the height of the accuracy concerning the prediction task and the dataset. Predicting the in-
dicator of a transaction is fraudulent or not returned demonstrably higher accuracy values regardless of the
machine learning method. In section 4.2, this is explained with the skewed distribution of the target values.
Nevertheless, the other datasets show more variation. It is self-explanatory to focus on those accuracies.

(a) Classi�cation models (b) Regression models

Figure 48: Results on how well a models prediction fits the actual target value for different machine learning
methods with respect to the datasets, separated for classification models and their accuracy (a) and regression
model with their R2 scores (b)

The accuracy results of the Boston housing dataset can be called equivalent, when divisioning it with respect
to the classification en regression task, see figures 48a and 48b. This results in that no matter the machine
learning technique that is being used, the results are similar. For the classification models, the prediction task
is to predict one out of four classes, which are evenly distributed. The property that is different besides the
machine learning technique is the number of features used. The decision tree and support vector machine use
three features, while the neural network uses five features in the best performing model. For regression models,
the number of input features is less diverse. All models use four input features and only the linear regression
model performs better with three. The number of input features may differ per method to result in the best
scoring model.

One thing that can be observed is that the accuracy results can be nearly equivalent for the best scoring
models of different machine learning methods and the number of input features for a particular dataset. In
contrast, the dataset Electrical motor temperature shows a larger step that arose between the methods. This
dataset concerns fourteen classes instead of the four classes of the Boston housing dataset. The total dataset
has a size of around 900,000 rows which is 1800 times larger. The impact of having more data available to train,
results in more information and a better understanding of the model on how to predict, while on the other hand
predicting one out of fourteen classes is more difficult. When feeding an algorithm with more information on
how to predict a limit is expected. At a certain point, there is no new information for the model and the addi-
tional records would be more of the same. Having so many more outcome classes seems to be the most relevant
cause. When taking fewer classes the optimal results per method must get closer to one another. Nevertheless,
the larger steps also apply for the regression models. Indicating that a particular method is better in capturing
relations between features and target value than other methods. In this case, the decision tree performs best,
both for classification as well as regression. This can not be generalized, it does depend on the dataset.

Next are the classification models of the Heart diseases dataset, it concerns only two possible outcome classes,
a 0 or 1 indicator. Yet, the methods show a bit more diversity. This could be related to the fact that the Heart
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diseases dataset contains less records. Around 300 records are contained. Each method was given the same
training set, but it could be that some algorithms are better in handling the lack of information than others.
Despite that, the number of features that were used is relatively similar, six or seven features.

We continue with the focus on the machine learning method instead of the dataset. The linear regression
method is only used for numerical prediction tasks. When evaluating this method it appears that the accuracy
results are significantly lower when compared to some of the other methods. In some instances, the gap might
not be significant but overall, it could be concluded that predictions for each of the datasets lack linearity
between the input and target feature. This causes a linear model to under-perform and may ultimately lead to
higher IAS and MEC scores for the models that perform better. The calculations behind these values are based
on the linearity of a model.

On the other hand, decision tree models score above expectations for both the regression and classification
tasks. By definition decision trees are simple. No deep layered relations are captured as-is for a Neural network.
Yet, the results on these four datasets show those decision tree models could make accurate predictions. There
is only an exception, the heart diseases regression task. The use of more than two input features leads to a
decrease in those models accuracy. This is remarkable since the other methods use six or seven features, even
increasing the maximum depth could not make a difference.

When investigating the depth for decision trees, the electrical motor temperature has a depth that is sig-
nificantly larger compared to the depth of the other datasets. Nevertheless, the accuracy does not seem to be
compromised by this. It seems that the depth is not necessarily in line with the number of features that are
used. Table 22, present the ratio between the number of features used and the tree dept for both regression
and classification models per dataset. No relation is seen between this ratio and the models accuracies for the
other methods.

Table 22: Models tree depth ratio

Dataset NF Tree depth ratio
Regression Boston Housing 4 8 0.5

Creditcard Fraud 4 4 1.0
Heart Diseases 2 4 0.5
Motor Temperature 5 18 0.28

Classification Boston Housing 3 3 1.0
Creditcard Fraud 3 3 1.0
Heart Diseases 7 5 0.25
Motor Temperature 5 20 1.4

One more thing that caught the attention is a deviation in the expectation for the above-average performance
of the neural network method. By definition, the neural network method falls into the category of the more
sophisticated algorithms. These are designed to better solve difficult problems. Now, this is not apparent from
our results, which allows us to conclude that either the issues are not that difficult or that neural networks do
not necessarily perform better than other methods on the harder problems. Since we are unable to refute the
latter, we assume that our prediction tasks are not that difficult.

As discussed, when comparing the performance no machine learning method clearly stands out. In contrast,
neural networks and support vector machine models score scientifically equal in terms of accuracy. This applies
to both regression and classification models. It seems to be most remarkable since there is no uniform trend
in the model parameters like kernels or activation specification. In addition, the two methods result in best
performing models with equal or a common difference of only one feature more or less. Since both models
appear to score similarly in terms of accuracy it is interesting to observe the related complexity values and see
if there is a relationship between accuracy and complexity.

The first thing that stands out when analyzing the IAS results, are the results for predicting whether or not
a transaction is a fraudulent transaction. As indicated earlier, the ratio of fraudulent transactions to the total
number of registered transactions is minimal. Table 23, show the skewness that is predicted with each model
on the total dataset. Based on the numbers for the amount of zero and one values, it is possible to define the
size of the dominator for IAS. By definition equal to

P n
i =1 (f (x ( i ) ) � f 0)2 with f 0 the mean value predicted.

The size of the denominator is of the same order size as the amount of one that is predicted. Note that even for
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using labels 1 and 2, for respectively a normal and fraudulent transaction, the modulo of y_pred = 1 is still of
size one. Comparing the actual IAS with the denominator, gives a respective numerator of 453.9, 201 and 331,0
for the decision tree, support vector machine and neural network model. The definition for the numerator isP n

i =1 (f (x ( i ) ) � f ALE 1st (x ( i ) ))2. For both the decision tree and the neural network this might suggest that the
first order ALE approximation always has zero or an absolute small effect. This in turn could be caused by the
number of zero values that bring the average effect per bin per feature to a minimum. For further analysis, the
results of the credit card fraud dataset are not taken into account.

Table 23: Accuracy results in relation with IAS for Creditcard fraud classification models

y_pred=0 y_pred=1 IAS_denominator IAS
Decision tree 284353 454 453.28 1.002
Support vector machine 284401 406 405.42 0.496
Neural network 284476 331 330.62 1.001

(a) Classi�cation models (b) Regression models

Figure 49: IAS for Neural Network and Support Vector Machine models with a separation for classification
model (a) and regression models (b)

When analyzing the IAS scores for the NN and SVM models, figure 50a, there only is a significant difference
for the model that aims to predict an indicator for the presence of heart diseases. The electrical motor temper-
ature and the Boston housing data show no significant gap. Nevertheless for the regression models, figure 50b,
there is a difference each time. However, the lines cross each other, which means that it is not uniform that one
method always shows a higher value for IAS than the other. Therefore it is nice to have a further look into the
model parameters to see a possible cause to explain the non-uniform behavior.

For the classification models, the Heart diseases dataset, the SVM model resulted in a higher IAS score
compared to the NN model. If we pay attention to the kernel chosen for the SVM model we would expect the
opposite result. A linear kernel is used. We ask ourselves whether the chosen parameters of the NN model
ensure that this model has a lower IAS score. The same activation value has been passed to the regression
models for Boston housing and Motor temperature. Still, for the Boston housing model, a kernel is applied
with a second-order polynomial, which has a higher-order of linearity but scores better in terms of interaction
strength. This is in contrast with the expectations followed by the definition of IAS.

Since models on the same dataset with only different algorithms used, have significantly equal accuracies
but no similar IAS values, indicate that there is no direct independent link between accuracy and complexity.
Thus, having comparable accuracy results does not directly mean that the IAS is the same. From a broader
perspective, let us look at the relationship between how well a model can predict and the interaction strength.
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Table 24: Neural network and Support vector machine accuracy, interaction strength and model characteristics
specified

Dataset NN_activation NN_sovler NN_IAS NN_Accuracy SVM_kernel SVM_IAS SVM_Accuracy
Classification Boston Housing 'identity' 'lbfgs' 0.131 0.710526 'linear' 0.133 0.743421

Heart Diseases 'relu' 'adam' 0.137 0.835165 'linear' 0.240 0.857143
Motor Temperature 'logistic' 'adam' 0.784 0.538724 'rbf' 0.761 0.627726

Regression Boston Housing 'relu' 'lbfgs' 0.153 0.868267 'poly' 0.076 0.864792
Heart Diseases 'logistic' 'lbfgs' 0.024 0.521123 'poly' 0.095 0.515001
Motor Temperature 'relu' 'lbfgs' 0.258 0.878244 'rbf' 0.323 0.917231

Just as the dependence on the dataset influences how well a model can actually predict the target value,
it initially seems that this is also the case for the IAS. Figure 50a and 50b shows all models their interaction
strength grouped by dataset, for the different methods. If only the actual height of the accuracy is taken into
account, the average accuracy for classification tasks can be ordered by Heart Diseases, Boston housing and
Motor temperature, where the decision tree model of the electrical motor temperature is currently not taken into
account. The order for average IAS is exact the other way around. This would indicate a negative correlation,
which is also measured with Pearson’s correlation measures. A score of -0.351 is calculated. Doing the same for
regression models results in the exact opposite and a correlation score of 0.400 is obtained. In addition, when
looking at the individual numbers, the decision tree model for the electrical motor temperatures truly outper-
forms the other two classification models in terms of accuracy while the IAS score is significantly the same. Even
though we are trying to find a link between accuracy and IAS, we are not able to demonstrate this unequivocally.

(a) Classi�cation models (b) Regression models

Figure 50: IAS scores with a separation for classification model (a) and regression models (b)

Since IAS is not the only complexity value, it is relevant to see the relationship between the interaction
strength and the linearity of the ALE approximation. Figures 51a and 51b show that these results are in line
with each other. When IAS for decision trees is highest then MEC for the decision tree is also the highest per
dataset. However, the results for Boston housing and Heart disease seem to deviate from this trend. When
looking at the order of magnitude of the axis, we see that the results are all significantly close to each other and
thus it can be uniformly confirmed that the values of IAS and MEC are in line with each other. If a model has
a higher interaction value, it also has a proportionally higher main effect complexity with respect to the same
dataset.

In extend, the number of input features that are used does not affect the overall height of the MEC. This is
also confirmed by the definition of the MEC value in which the number of required segments per feature is the
proportion by feature relevance.
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(a) Classi�cation models (b) Regression models

Figure 51: IAS and MEC results by dataset and a seperation for classification model (a) and regression models
(b)

The last thing to mention, before moving on to relation with explainability, is the relative high IAS values
for the decision trees for equivalent high values for the neural network. Like previously suggested it might be
that the dataset that is used has no complex layers of feature interaction, causing a neural network not to
outperform the decision tree and support vector machines. In any case, these results show that a decision tree
can contain as much interaction strength as that of a neural network.

To be able to pronounce on the explainability of a model, we go back to the definition of an explainable
model. Like Adadi & Berrada (2018) proposed, explainability is closely related to the concept of interpretability.
Therefore the explainability of ADMś can be expressed as the extent to which a human can understand what
is happening in a model Dam et al. (2018). As Tan et al. (2015) proposed is the extend of non-linearity in
a model. This element makes a model hard for humans to understand or interpret. This could be translated
to the values of IAS and MEC, were higher values create a less interpretable model. So, by definition of the
complexity measures we see that there is a relation between explainability and complexity. The question is
whether this can also be found in the results of the experiment.

Since the exact height of both accuracy and complexity are so closely related to the dataset that is used,
it can be assumed that the value for explainability would also be depending on the dataset. Subsequently, by
making multiple models on the dataset, a distinction can be made between better or worse understandable
models. So, when taking into account that the explainability of a model is related to the underlying dataset,
as well as the accuracy and complexity, we will consider the results per dataset for further evaluation.

For each dataset is the possibility to evaluate the different machine learning methods. In section 3.2.2 it was
discussed that the selected machine learning methods have a more general principle in terms of understand-
ability. The general expectation therefore would be that the decision tree is expected to be most explainable,
followed by linear regression models, support vector machine and less explainable is the neural network method.
However, the overall picture of the accuracy and IAS results on the Boston housing, Heart diseases and Motor
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temperature datasets do not reflect this. Referring back to the figures 51a and 51b, the decision trees regularly
show relatively high values of IAS and MEC. Especially for the regression model. Whereas the neural network
models show an overall fairly average result. As discussed earlier in this section, the same result is visible for
accuracy.

The reason why decision trees contain such a relatively high IAS value compared to the other models, which
are based on different machine learning methods for the same dataset, does not seem to relate directly to the
maximum depth or NF score that was given in 22. That said, the fact that a decision tree is based on step
functions, means that by definition the model lacks linearity. However, returning to the comprehensibility of a
model possibly derived from IAS, the extent to which a decision tree contains such a higher IAS than a linear
model is not in line with the expectations in which these two methods are both classified as comprehensible.
Supplementary to this is the difference in complexity with methods such as neural network and support vector
machine relatively small. While from literature a neural network is referred to as difficult to interpret.

With values such as IAS, MEC, NF and accuracy, it does not seem possible to give a complete picture of the
comprehensibility of a model. The picture to define a function as equation 3 for explainability based on these
two dimensions seems to lack information.

Model Max_Depth Depth NF IAS
Classification 3 3 3 0.089416
Classification 4 4 5 0.126256
Classification 5 5 5 0.194371
Classification 6 6 5 0.242778
Classification 7 7 5 0.293675
Classification 8 8 5 0.286634
Classification 9 9 5 0.323942
Classification 10 10 5 0.320477
Classification 11 11 5 0.347761
Classification 12 12 5 0.340868
Classification 13 13 5 0.341959
Classification 14 13 5 0.341959
Classification 15 13 5 0.341959
Regression 3 3 3 0.081132
Regression 4 4 4 0.167508
Regression 5 5 5 0.189358
Regression 6 6 5 0.210550
Regression 7 7 5 0.216909
Regression 8 8 5 0.228791
Regression 9 9 5 0.257910
Regression 10 10 5 0.266975
Regression 11 11 5 0.242880
Regression 12 12 5 0.245222
Regression 13 13 5 0.236005
Regression 14 14 5 0.238031
Regression 15 15 5 0.245020

(a) Boston housing

Model Max_Depth Depth NF IAS
Classification 3 3 3 0.026486
Classification 4 4 6 0.516884
Classification 5 5 6 0.501656
Classification 6 6 6 0.608062
Classification 7 7 6 0.753468
Classification 8 8 6 0.714623
Classification 9 9 6 0.727856
Classification 10 10 6 0.766085
Classification 11 11 6 0.818562
Classification 12 12 6 0.871524
Classification 13 13 6 0.871373
Classification 14 13 6 0.871373
Classification 15 13 6 0.871373
Regression 3 3 6 0.218343
Regression 4 4 6 0.277915
Regression 5 5 6 0.392743
Regression 6 6 6 0.471077
Regression 7 7 6 0.552515
Regression 8 8 6 0.561789
Regression 9 9 6 0.559278
Regression 10 10 6 0.577733
Regression 11 11 6 0.586345
Regression 12 12 6 0.591915
Regression 13 13 6 0.595986
Regression 14 13 6 0.595986
Regression 15 13 6 0.595986

(b) Heart diseases

Table 25: Interaction strength for models with an increasing number of maximum depth specified

Finally, we can look at whether the complexity of a model can contain information that is in relation to
the expectations of a models explainability. The experiment is somewhat extended for this purpose. When it
comes to the explainability of a model, we can say that a decision tree with low depth is easier to follow and
understand than when the depth increases. The expected movement in explainability is a linear deflecting result
for increasing depth. From a certain dept, the model is so large and therefore difficult to follow that the impact
of one extra depth is no longer significant. Here the explainability stabilizes. It is interesting to see how the
interaction strength adapts to this movement.

The Boston housing and heart disease datasets are used. For the Boston housing data the features ’LSTAT’,
’RM’, ’NOX’, ’TAX’ and ’INDUS’ are specified as input features for the classification models. For the regression
models the features ’LSTAT’,’RM’,’PTRATIO’,’INDUS’ and ’TAX’ are used. The algorithm is given default
parameters, which is a criterion ’gini’ for classification and ’mse’ for the regression model. Thirteen classification
models and thirteen regression models are created with maximum depths specified from three up to fifteen. In
the results, the get_depth function is used to extract the depth of the tree. The results are presented in table
25a. For the Heart diseases dataset, the same thing is done. However, for this dataset six input features are
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specified; exang’, ’age’, ’ca’, ’oldpeak’, ’thal’ and ’trestbps’. The same features are applied for both regression
and classification models. The results are presented in table 25b.

It is important that all further model features and the number of features used must remain the same. Only
the depth of the tree is increased. With the NF function, we test the actual number of features that were used.
Models that use fewer features than specified are removed for further analysis. For three out of four prediction
tasks it turns out there is a maximum of actual depth and although the maximum depth is specified higher,
the output is the same as that of a max_depth specification lower. As these models do not specify any new
information, they are not considered further. Figure 52a and 52b show the relation between the depth of a tree
and IAS for datasets Boston housing and heart diseases. The result is a clear relationship between the IAS
and the increase in the depth of a decision tree, which in term indicates that the IAS does contain information
about the explainability of a model.

(a) Boston Housing (b) Heart Diseases

Figure 52: The IAS with respect to the tree depth for classification model and regression models seperated, left
the results for Boston housing and right the Heart diseases
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5 Discussion, conclusions and recommendations

In this section, answers are obtained for the research questions that are proposed in the methodology section (3).
A discussion of the outcome is contained and what conclusions can be made based on the obtained results. The
extent to which these results are consistent with previous research and what are the practical recommendations
that follow from this research. In addition, the discussion is finalized with a reflection on this research by giving
recommendations for further research.

5.1 Discussion and conclusion

In this research, an experiment was carried out. The goal of the experiment is to analyze the behavior of
the complexity and accuracy measures over the different machine learning methods and datasets. The final
experiment contains 27 models for four sets of data and four different machine learning methods. From the
desire to make a possible measurement for explainability as generic as possible, both regression and classification
models were included in the experiment. With the results of the experiment, an effort is made to confirm the
three hypotheses.

1. There is an inverse relationship between the explainability of a model and its complexity.

2. There is an inverse relationship between the explainability of a model and its accuracy.

3. There is a relationship between the dimension accuracy and complexity of a model.

The complexity of a model is reflected in the number of features that are used, the interaction strength
between those features and the linearity by which the individual feature effects can be described. While the
accuracy of a model is reflected with the ratio of correctly predicted outcomes for classification models and the
R2 value for regression models. From the results of the experiment, it follows that the values of IAS and MEC
are inline with each other. If a model has a higher interaction value, it also has a proportionally higher main
effect complexity for the same prediction task. This ensures that the complexity of a model can be reflected by
only using the interaction strength.

To apply the measures proposed by Molnar (2018) to the 27 models, an approximation of the complexity
measurements is made. In addition, the measurement is extended with the application to apply the function
to classification models. It is possible to work with the principle in which index labels are assigned to the
classes. The restriction on this relates to the sequential nature of the classification classes. This is also one of
the limitations of the current approach.

One of the datasets that is included in this experiment contains highly skew distributed data. This caused
misleading and verbose results for both accuracy and complexity. The measurements seems to be not applicable
to highly skew data. Basing an explainability measurement on these dimensions implies that the explainability
measurement value would also not applicable for skewed data.

From the perspective of evaluating different methods for the same prediction task a significant dependency
on the actual height of both the accuracy and the IAS scores regarding the prediction task and underlying
data set is observed. This suggests that the data for which a model is built determines the overall height of
both dimensions. The effect of using different machine learning methods then only results in a relatively small
increase or decrease in this. From our hypothesis, it is foreseen that the explainability of a model is related to
both dimensions. This would mean that for quantification of the comprehensibility of a model, it will also have a
strong dependency on the underlying dataset and associated prediction task. Subsequently, by making multiple
models for a prediction task, a distinction can be made between better or worse understandable models. What
follows from this is that for a determination of explainability, the involvement of data is important. Let us try
to clarify this using an example. The idea of only determining the explainability of a model at values such as the
maximum depth of a decision tree and the NF value, therefore, seems to be insufficiently defined here. For two
different datasets for which these values are equal, this would also result in an equal score of explainability. How-
ever, based on our definition of explainability as interpretability, this is not necessarily the case. Even with the
same model properties, the model on one dataset may be less interpretable than the model on the other dataset.

In addition, the deviation of measuring the effect of using different machine learning methods does not
necessarily result in one method always being better than the other in terms of both accuracy and complexity.
Let us assume a decision tree, which is by definition classified as an understandable model, but if the number
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of nodes in the tree is extremely high, the model may be more difficult to understand than the effects that a
simple neural network has on the prediction task. In the experiment, this behavior could also be derived for both
dimensions. Nevertheless, the experiment has provided us with results that are to some extent contradictory
with the literature. In short, the decision tree model returned relatively good accuracy results and a result that
was below expectation for neural network models that are comparable to the support vector machine models.
This allows us to conclude that either the issues are not that difficult or that neural networks do not necessarily
perform better than other methods on the harder problems. Since we are unable to refute the latter, it is
assumed that our prediction tasks are not that difficult. Besides, the linear regression models with their lower
accuracy indicate a lesser degree of containment of linear relationships between input features and the target
value. This is reflected in the values for complexity; IAS and MEC. For the complexity measures, the decision
tree model regularly generated similar or higher complexity values than the support vector machine and neural
network models for the same dataset.

Current research does show that both dimensions show similar behavior as can be expected for the explain-
ability of a model. For the relations between the dimensions it is attempted to find a link between accuracy
and IAS, but are not able to demonstrate this unequivocally. This makes it possible to apply both values
independently of each other in a possible measure for explainability.

Nevertheless, from the complexity measures definition, the measures should suite to a relation with explain-
ability. To confirm this relation the experiment is somewhat extended. When it comes to the explainability
of a model, the depth of a decision tree indicates whether the model is more or less explainable. A decision
tree with low depth is easier to follow and understand than when the depth increases. The results showed an
obvious connection between the decision tree depth and the IAS of a model. This indicates that the IAS does
contain information about the explainability of a model and brings the first outline towards the quantification
of explainability for machine learning models.

The main conclusion of the experiment is that with just the IAS, MEC, NF and accuracy, it is not possible to
make a quantification for the explainability of a model. These measures do not give a complete representation of
the comprehensibility of a model. The gaps between the low IAS outcome for linear regression conflict with the
relatively high results for decision tree model outcomes. The results for decision tree models are more in a value
range equal to the results for support vector machine or neural network models, Which does not correspond
with the theory of explainability. It is therefore expected that additional dimensions are needed to provide a
complete understanding of explainability for machine learning models.

5.2 Recommendations

In this report, The first outline towards the quantification of explainability for machine learning models is given.
Nevertheless, a measurement value that can be used in practice is not yet available. More research is required
to achieve that.

With values such as IAS, MEC, NF and accuracy, it does not seem possible to result in a complete cap-
turing of the comprehensibility of a model. Therefore it is recommended to do further research into additional
dimensions that can be brought into contact a models explainability. When setting up the experiment, it was
already indicated that the complexity of a model can be interpreted in several ways. A possible study of other
dimensions that are related to explainability can therefore also contain an additional definition of complexity.
With this, complexity can be measured more broadly, possibly reducing the current gap in IAS for linear re-
gression and decision tree models.

Also, it seems relevant to get a better understanding of the explainability for a specific model. With a
models individual evaluation of explainability, it is possible to see the similarities and contradictions with other
dimensions with more significant certainty. Especially, since the underlying dataset is expected to have a large
impact on explainability. We propose to use post-hoc evaluation methods such as LIME and partial dependency
plots for considering how well a model can be explained per method.
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A Code for Dependencies
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# dependenc ies

import numpy as np # l i n e a r a l geb ra
import pandas as pd # use pandas data f rames f o r data p r o c e s s i n g
import s t a t i s t i c s as s t
import os

import ma tp l o t l i b . pyp lo t as p l t
from s k l e a r n . d a t a s e t s import load_boston
from s k l e a r n . neural_network import MLPRegressor
from s k l e a r n . p r e p r o c e s s i n g import S tandardSca le r
from s k l e a r n . p i p e l i n e import make_pipel ine
from s k l e a r n . t r e e import Dec i s i onTreeRegresso r
from numpy import s e t _ p r i n t o p t i o n s
from s k l e a r n . f e a t u r e _ s e l e c t i o n import Se lec tKBest
from s k l e a r n . f e a t u r e _ s e l e c t i o n import f _ r e g r e s s i o n
from s k l e a r n . f e a t u r e _ s e l e c t i o n import f _ c l a s s i f
from s k l e a r n . f e a t u r e _ s e l e c t i o n import RFE
from s k l e a r n import l inear_model

from s k l e a r n . t r e e import D e c i s i o n T r e e C l a s s i f i e r # Import Dec i s i on Tree C l a s s i f i e r
from s k l e a r n . mode l_se lec t ion import t r a i n _ t e s t _ s p l i t # Import t r a i n _ t e s t _ s p l i t f u n c t i o n
from s k l e a r n import me t r i c s #Import s c i k i t � l e a r n me t r i c s module f o r accuracy c a l c u l a t i o n

from s k l e a r n . t r e e import expor t_graphviz
from s k l e a r n . e x t e r n a l s . s i x import St r ing IO
from IPython . d i s p l a y import Image
import pydotp lus

from s k l e a r n import svm
from s k l e a r n import p r e p r o c e s s i n g
from s k l e a r n . neural_network import MLPClass i f ie r
from s k l e a r n . neural_network import MLPRegressor

from s k l e a r n . mode l_se lec t ion import S t r a t i f i e d K F o l d
from s k l e a r n . mode l_se lec t ion import KFold
from s k l e a r n . f e a t u r e _ s e l e c t i o n import RFECV
from s k l e a r n . p r e p r o c e s s i n g import LabelEncoder
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B Code for complexity measures
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# # Complexity measures
import numpy as np # l i n e a r a l geb ra
import pandas as pd # use pandas data f rames f o r data p r o c e s s i n g
import s t a t i s t i c s as s t
import os

from s k l e a r n . p r e p r o c e s s i n g import LabelEncoder
from s k l e a r n import l inear_model

# ## Number o f Features used (NF)

de f fea ture_used ( model , X, sample_s ize = 5 0 0 ) :
NF = 0
dat1 = X[ np . random . c h o i c e (X. shape [ 0 ] , sample_size , r e p l a c e=Fa lse ) , : ]
f o r j i n range (0 ,X. shape [ 1 ] ) :

dat2 = dat1 . copy ( )
f o r m in range (0 , sample_s ize ) :

wh i le dat2 [m, j ] == dat1 [m, j ] :
dat2 [m, j ] = X[ np . random . c h o i c e (X. shape [ 0 ] , 1 , r e p l a c e=Fa lse ) , j ]

dat1_pred = model . p r e d i c t ( dat1 )
dat2_pred = model . p r e d i c t ( dat2 )
i f np . any ( dat1_pred != dat2_pred ) :

NF = NF + 1
re tu rn (NF)

# ## ALE approx imat ion
# Source code i s used from the ALEpython package tha t based ALE f u n c t i o n on the the book i n t e r p r e t a b l e ml , w r i t t en by Chr is toph Molnar . \ c i t e p { h t tps : / / chr is tophm . g i thub . i o / i n t e r p r e t a b l e � ml� book / } .

de f f i r s t_order_a le_approx imat ion ( model , X, b ins , sample_frac =1):
#e f f e c t s = pd . DataFrame ( )
p r i n t ( " s t a r t ALE approx imat ion ")
a le_approx imat ion = [ ]
fea ture_b in_bounder ies = [ ]

a le_ fea tu re_va lues = pd . DataFrame ( )

f o r j i n range (0 , X. shape [ 1 ] ) :
p r i n t ( " f e a t u r e : " , s t r ( j ) )
# An ordered ar ray o f unique f e a t u r e va lues , r e p r e s e n t i n g the b ins bounder ies
bin_bounder ies = np . l i n s p a c e ( min (X [ : , j ] ) , max(X [ : , j ] ) , b ins + 1)

# Determine the e f f e c t o f each bin
e f f e c t s = pd . DataFrame ( )
f o r i i n range (0 , b ins ) :

p r i n t ( i )
p r e d i c t i o n s = [ ]
mod_train_set = pd . DataFrame (X) . sample ( f r a c = sample_frac , random_state = 1 ) . va l ues
f o r o f f s e t i n range ( 2 ) :

mod_train_set [ : , j ] = b in_bounder ies [ i + o f f s e t ]
p r e d i c t i o n s . append ( model . p r e d i c t ( mod_train_set ) )

# The i n d i v i d u a l e f f e c t s .
e f fec t_ fo r_b in_ i = pd . DataFrame ({" index " : i , " e f f e c t s " : p r e d i c t i o n s [ 1 ] � p r e d i c t i o n s [ 0 ] } )
e f f e c t s = pd . concat ( [ e f f e c t s , e f fec t_ fo r_b in_ i ] , ignore_ index=True )

# Average these d i f f e r e n c e s wi th in each bin .
index_groupby = e f f e c t s . groupby (" index ")
mean_effects_by_index = index_groupby . mean ( ) . to_numpy ( ) . f l a t t e n ( )

a l e = np . ar ray ( [ 0 , � np . cumsum( mean_effects_by_index ) ] )

# The uncent red mean main e f f e c t s at the bin c e n t r e s .
a l e = ( a l e [ 1 : ] + a l e [ : � 1 ] ) / 2

# Centre the e f f e c t s by s u b t r a c t i n g the mean ( the mean o f the i n d i v i d u a l ` e f f e c t s ` ,
# which i s e q u i v a l e n t l y c a l c u l a t e d us ing ` mean_effects ` and the number o f samples in each bin ) .
b in_ ind i ces = pd . DataFrame ({" bin_index " : np . arange (0 , b ins ) } )
X_bin_indices = pd . DataFrame ({" bin_index " : np . c l i p ( np . d i g i t i z e (X [ : , j ] , b in_bounder ies , r i g h t=True ) � 1, 0 , None ) } ) . groupby (" bin_index " ) . s i z e ( )
X_bins_size = ( pd . concat ( [ b in_ ind ices , X_bin_indices ] , a x i s =1, j o i n =' outer ' , ignore_ index=True , keys="bin_index " ) . f i l l n a ( 0 ) ) [ 1 ] . to_numpy ( ) . f l a t t e n ( )

a l e � = np . sum( a l e � X_bins_size / X. shape [ 0 ] )
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ale_approx imat ion . append ( a l e )
fea ture_b in_bounder ies . append ( b in_bounder ies )

#P red i c t y with the a l e approx imat ion
f o r j i n range (0 ,X. shape [ 1 ] ) :

ale_approx_array = np . asa r ray ( a le_approx imat ion [ j ] )
index = np . c l i p ( np . d i g i t i z e (X [ : , j ] , fea ture_b in_bounder ies [ j ] , r i g h t=True ) � 1, 0 , None )
a le_ fea tu re_va lues [ j ] = ale_approx_array [ index ]

y_pred_ale = np . mean( model . p r e d i c t (X) ) + np . sum( a le_ fea tu re_va lues , a x i s =1)
#p r i n t ( pd . DataFrame ({" model " : model . p r e d i c t (X) , " a l e " : y_pred_ale } ) )
p r i n t ( " done ")
re tu rn y_pred_ale , ale_approximat ion , fea ture_b in_bounder ies

# ## I n t e r a c t i o n St rength ( IAS )
de f i n t e r a c t i o n _ s t r e n g t h ( model , X, b ins , sample_frac =1):

#c r e a t e an ar ray o f p r e d i c t i o n outcomes e s t a b l i s h e d with the ALE apporx imat ion
y_pred_ale , ale_approximat ion , fea ture_b in_bounder ies = f i rs t_order_a le_approx imat ion ( model , X, b ins , sample_frac )
#c r e a t e an ar ray o f the models p r e d i c t i o n outcomes
y_pred = model . p r e d i c t (X)
# d e f i n e the mean va lue o f the models p r e d i c t i o n outcomes
f 0 = np . mean( model . p r e d i c t (X) )

numerator = np . sum ( ( y_pred � y_pred_ale ) � � 2 )
denominator = np . sum ( ( y_pred � f 0 ) � � 2 )

IAS = numerator / denominator

re tu rn ( IAS )

# ## MainE [U+FFFD]ectComplexity (MEC)
de f main_ef fect_complex i ty ( model , X, b ins , max_segments , approx imat ion_error , sample_frac =1):

# ge t ALE approx imat ion
y_pred_ale , ale_approximat ion , fea ture_b in_bounder ies = f i rs t_order_a le_approx imat ion ( model , X, b ins , sample_frac )

# d e f i n e empty va r i ance ar ray
Vj = [ ]
MECj = [ ]

# f o r each f e a t u r e s we d e f i n e the segmented l i n e a r f u n c t i o n g j ( x j )
f o r j i n range (0 , X. shape [ 1 ] ) :

#p r i n t ( " " )
#p r i n t ( " featurenumber i s : " + s t r ( j ) )
f ea tu re_va lues = X[ : , j ] . reshape ( � 1 ,1)
#determine the fjALE ( x j )
ale_approx_array = np . asa r ray ( a le_approx imat ion [ j ] )
index = np . c l i p ( np . d i g i t i z e (X [ : , j ] , fea ture_b in_bounder ies [ j ] , r i g h t=True ) � 1, 0 , None )
ta rge t_va lues = ale_approx_array [ index ]
#p r i n t ( f ea tu re_va lues )
#p r i n t ( ta rge t_va lues )

# amount o f segments K = 1
K = 1
breakpo in t s = [ min (X [ : , j ] ) , max(X [ : , j ] ) ]

# i n i t i a l g j ( x j ) with on ly 1 segment
g = l inear_model . L i nea rReg ress ion ( )
g = g . f i t ( fea tu re_va lues , ta rge t_va lues )
y_pred = g . p r e d i c t ( f ea tu re_va lues )

# c a l c u l a t e the accuracy in R2 f o r the segmented l i n e a r f u n c t i o n g j ( x j )
R2_variance = np . asa r ray ( np . sum ( ( y_pred � ta rge t_va lues ) � � 2 ) )
R2 = 1 � R2_variance /np . sum ( ( ta rge t_va lues ) � � 2 )

# d e f i n e Beta va lues
Beta = np . a r ray ( [ [ round ( g . in tercept_ , 2 ) , g . coef_ [ 0 ] ] ] )

wh i le K < max_segments and R2 < (1 � approx imat ion_error ) :
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#p r i n t ( "K : " , s t r (K) )
op t i ona l_b reakpo in ts = np . s e t d i f f 1 d ( np . unique ( np . q u a n t i l e (X [ : , j ] , np . l i n s p a c e (0 , 1 , b ins + 1 ) , i n t e r p o l a t i o n="lower " ) ) , b reakpo in t s )
#p r i n t ( op t i ona l_b reakpo in ts )
max_R_square = 0
o r i g i n a l _ b r e a k p o i n t s = b reakpo in t s
f o r i i n op t i ona l_b reakpo in ts :

#p r i n t ( i )
R = 0
opt ional_Beta = [ ]
segment_var iance = [ ]
i n d i c e s = np . c l i p ( np . d i g i t i z e (X [ : , j ] , np . s o r t ( np . append ( o r i g i na l _b reakpo in t s , i ) ) , r i g h t=True ) � 1 , 0 , None )
f o r index in np . unique ( i n d i c e s ) :

mod_train_features = fea tu re_va lues [ ( i n d i c e s == index ) ]
mod_train_target = ta rge t_va lues [ ( i n d i c e s == index ) ]
g . f i t ( mod_train_features , mod_train_target )
y_pred ic t ion = g . p r e d i c t ( mod_train_features )
beta_i = [ round ( g . in tercept_ , 2 ) , g . coef_ [ 0 ] ]
opt ional_Beta . append ( beta_i )
va r i ance = np . sum ( ( y_pred ic t ion � mod_train_target ) � � 2 )
segment_var iance . append ( va r i ance )

R_square = 1 � np . sum( segment_var iance ) / np . sum ( ( ta rge t_va lues ) � � 2 )
i f R_square > max_R_square :

max_R_square = R_square
b reakpo in t s = np . s o r t ( np . append ( o r i g i na l_b reakpo in t s , i ) )
Beta = np . a r ray ( opt ional_Beta )
R2_variance = segment_var iance

R2 = max_R_square
K += 1

K = Beta . shape [ 0 ]
#p r i n t ( "K = " , s t r (K) )
#p r i n t ( " b reakpo in t s = " , s t r ( b reakpo in t s ) )
#p r i n t ( " Beta = " , s t r ( Beta ) )
#p r i n t ( "R2 = " , s t r (R2 ) )

#Greed i l y s e t s l o p e s to ze ro wh i le R2 > 1 [U+FFFD]epsilon
i n d i c e s = np . c l i p ( np . d i g i t i z e (X [ : , j ] , b reakpo in ts , r i g h t=True ) � 1 , 0 , None )

#s t a r t i n g with the s m a l l e s t s l o p e
f o r i i n np . a r g s o r t ( abs ( Beta [ : , 1 ] ) ) :

#Mean o f a l e va lues in segment
Ale_values_in_segment = ta rge t_va lues [ ( i n d i c e s == i ) ]
R_square = 1 � np . sum ( ( Ale_values_in_segment � np . mean( Ale_values_in_segment , a x i s = 0 ) ) � � 2 ) / np . sum ( ( Ale_values_in_segment ) � � 2 )
i f R_square > (1 � approx imat ion_error ) :

Beta [ i , 1 ] = 0
Beta [ i , 0 ] = np . mean( Ale_values_in_segment , a x i s = 0)
R2_variance [ i ] = np . sum ( ( Ale_values_in_segment � np . mean( Ale_values_in_segment , a x i s = 0 ) ) � � 2 )

MEC_for_j = K + Beta [ ( Beta [ : , 1 ] != 0 ) , 1 ] . shape [ 0 ] � 1
MECj . append (MEC_for_j )
#p r i n t ( " Beta with s l o p e s to 0 = " , s t r ( Beta ) )

#average ALEj approx imat ion va r i ance
V_for_j = np . sum ( ( ta rge t_va lues ) � � 2 ) /X. shape [ 0 ]
Vj . append ( V_for_j )

#p r i n t ( " " )
#p r i n t ( "MECj = " , s t r (MECj) )
#p r i n t ( " Vj = " , s t r ( Vj ) )

MEC = np . sum( np . mu l t i p l y (MECj, Vj ) ) / np . sum( Vj )
re tu rn (MEC)

# ## ALE Approximation f o r c l a s s i f i c a t i o n models
de f f i r s t_order_a le_approx imat ion_c lass ( model , X, a r ray_o f_c lasses , b ins , sample_frac=1 ) :

p r i n t ( " s t a r t ALE approx imat ion ")
a le_approx imat ion = [ ]
fea ture_b in_bounder ies = [ ]

a le_ fea tu re_va lues = pd . DataFrame ( )

#labe lEncoder f o r model_outcome c l a s s e s
l e = LabelEncoder ( )

70



l e . f i t ( a r ray_o f_c lasses )
#p r i n t ( l e . c l asses_ )

f o r j i n range (0 , X. shape [ 1 ] ) :
p r i n t ( " f e a t u r e : " , s t r ( j ) )
# An ordered ar ray o f unique f e a t u r e va lues , r e p r e s e n t i n g the b ins bounder ies
bin_bounder ies = np . l i n s p a c e ( min (X [ : , j ] ) , max(X [ : , j ] ) , b ins + 1)

# Determine the e f f e c t o f each bin
e f f e c t s = pd . DataFrame ( )
f o r i i n range (0 , b ins ) :

p r e d i c t i o n s = [ ]
mod_train_set = pd . DataFrame (X) . sample ( f r a c = sample_frac , random_state = 1 ) . va l ues
f o r o f f s e t i n range ( 2 ) :

mod_train_set [ : , j ] = b in_bounder ies [ i + o f f s e t ]
p r e d i c t i o n s . append ( l e . t rans fo rm ( model . p r e d i c t ( mod_train_set ) ) )

# The i n d i v i d u a l e f f e c t s .
e f fec t_ fo r_b in_ i = pd . DataFrame ({" index " : i , " e f f e c t " : p r e d i c t i o n s [ 1 ] � p r e d i c t i o n s [ 0 ] } )
e f f e c t s = pd . concat ( [ e f f e c t s , e f fec t_ fo r_b in_ i ] , ignore_ index=True )

# Average these d i f f e r e n c e s wi th in each bin .
index_groupby = e f f e c t s . groupby (" index ")
mean_effects_by_index = index_groupby . mean ( ) . to_numpy ( ) . f l a t t e n ( )

a l e = np . ar ray ( [ 0 , � np . cumsum( mean_effects_by_index ) ] )

# The uncent red mean main e f f e c t s at the bin c e n t r e s .
a l e = ( a l e [ 1 : ] + a l e [ : � 1 ] ) / 2

# Centre the e f f e c t s by s u b t r a c t i n g the mean ( the mean o f the i n d i v i d u a l ` e f f e c t s ` ,
# which i s e q u i v a l e n t l y c a l c u l a t e d us ing ` mean_effects ` and the number o f samples in each bin ) .
b in_ ind i ces = pd . DataFrame ({" bin_index " : np . arange (0 , b ins ) } )
X_bin_indices = pd . DataFrame ({" bin_index " : np . c l i p ( np . d i g i t i z e (X [ : , j ] , b in_bounder ies , r i g h t=True ) � 1, 0 , None ) } ) . groupby (" bin_index " ) . s i z e ( )
X_bins_size = ( pd . concat ( [ b in_ ind ices , X_bin_indices ] , a x i s =1, j o i n =' outer ' , ignore_ index=True , keys="bin_index " ) . f i l l n a ( 0 ) ) [ 1 ] . to_numpy ( ) . f l a t t e n ( )

a l e � = np . sum( a l e � X_bins_size / X. shape [ 0 ] )

a le_approx imat ion . append ( a l e )
fea ture_b in_bounder ies . append ( b in_bounder ies )

#P red i c t y with the a l e approx imat ion
f o r j i n range (0 ,X. shape [ 1 ] ) :

ale_approx_array = np . asa r ray ( a le_approx imat ion [ j ] )
index = np . c l i p ( np . d i g i t i z e (X [ : , j ] , fea ture_b in_bounder ies [ j ] , r i g h t=True ) � 1, 0 , None )
a le_ fea tu re_va lues [ j ] = ale_approx_array [ index ]

y_pred_ale_num = np . mean( l e . t rans fo rm ( model . p r e d i c t (X) ) ) + np . sum( a le_ fea tu re_va lues , a x i s =1)
y_pred_ale_index = np . c l i p ( round ( y_pred_ale_num ) . as type ( i n t ) , 0 , l en ( a r ray_o f_c lasses ) � 1)
y_pred_ale_cat = l e . inverse_ t rans fo rm ( y_pred_ale_index )

mean = np . mean( l e . t rans fo rm ( model . p r e d i c t (X) ) )
model_outcome_index = l e . t rans fo rm ( model . p r e d i c t (X) )
p r i n t ( " done ")
re tu rn y_pred_ale_num , y_pred_ale_index , y_pred_ale_cat , a le_approximat ion , feature_bin_bounder ies , model_outcome_index , mean

de f i n t e r a c t i o n _ s t r e n g t h _ c l a s s ( model , X, a r ray_o f_c lasses , b ins , sample_frac=1 ) :
#re tu rn outcomes e s t a b l i s h e d with the ALE apporx imat ion
y_pred_ale_num , y_pred_ale_index , y_pred_ale_cat , a le_approximat ion , feature_bin_bounder ies , model_outcome_index , mean = f i r s t_o rder_a le_approx imat ion_c lass ( model , X, a r ray_o f_c lasses , b ins , sample_frac )

f 0 = mean

numerator = np . sum ( ( y_pred_ale_index � model_outcome_index ) � � 2 )
denominator = np . sum ( ( model_outcome_index � f 0 ) � � 2 )

IAS = numerator / denominator

re tu rn ( IAS )

de f main_ef fec t_complex i ty_c lass ( model , X, a r ray_o f_c lasses , b ins , max_segments , approx imat ion_error , sample_frac=1 ) :

71



# get ALE approx imat ion
y_pred_ale_num , y_pred_ale_index , y_pred_ale_cat , a le_approximat ion , feature_bin_bounder ies , model_outcome_index , mean = f i r s t_o rder_a le_approx imat ion_c lass ( model , X, a r ray_o f_c lasses , b ins , sample_frac )

# d e f i n e empty va r i ance ar ray
Vj = [ ]
MECj = [ ]

# f o r each f e a t u r e s we d e f i n e the segmented l i n e a r f u n c t i o n g j ( x j )
f o r j i n range (0 , X. shape [ 1 ] ) :

#p r i n t ( " " )
#p r i n t ( " featurenumber i s : " + s t r ( j ) )
f ea tu re_va lues = X[ : , j ] . reshape ( � 1 ,1)
#determine the fjALE ( x j )
ale_approx_array = np . asa r ray ( a le_approx imat ion [ j ] )
index = np . c l i p ( np . d i g i t i z e (X [ : , j ] , fea ture_b in_bounder ies [ j ] , r i g h t=True ) � 1, 0 , None )
ta rge t_va lues = ale_approx_array [ index ]
#p r i n t ( f ea tu re_va lues )
#p r i n t ( ta rge t_va lues )

# amount o f segments K = 1
K = 1
breakpo in t s = [ min (X [ : , j ] ) , max(X [ : , j ] ) ]

# i n i t i a l g j ( x j ) with on ly 1 segment
g = l inear_model . L i nea rReg ress ion ( )
g = g . f i t ( fea tu re_va lues , ta rge t_va lues )
y_pred = g . p r e d i c t ( f ea tu re_va lues )

# c a l c u l a t e the accuracy in R2 f o r the segmented l i n e a r f u n c t i o n g j ( x j )
R2_variance = np . asa r ray ( np . sum ( ( y_pred � ta rge t_va lues ) � � 2 ) )
R2 = 1 � R2_variance /np . sum ( ( ta rge t_va lues ) � � 2 )

# d e f i n e Beta va lues
Beta = np . a r ray ( [ [ round ( g . in tercept_ , 2 ) , g . coef_ [ 0 ] ] ] )

wh i le K < max_segments and R2 < (1 � approx imat ion_error ) :
p r i n t ( "K : " , s t r (K) )
op t i ona l_b reakpo in ts = np . s e t d i f f 1 d ( np . unique ( np . q u a n t i l e (X [ : , j ] , np . l i n s p a c e (0 , 1 , b ins + 1 ) , i n t e r p o l a t i o n="lower " ) ) , b reakpo in t s )
#p r i n t ( op t i ona l_b reakpo in ts )
max_R_square = 0
o r i g i n a l _ b r e a k p o i n t s = b reakpo in t s
f o r i i n op t i ona l_b reakpo in ts :

R = 0
opt ional_Beta = [ ]
segment_var iance = [ ]
i n d i c e s = np . c l i p ( np . d i g i t i z e (X [ : , j ] , np . s o r t ( np . append ( o r i g i na l _b reakpo in t s , i ) ) , r i g h t=True ) � 1 , 0 , None )
f o r index in np . unique ( i n d i c e s ) :

mod_train_features = fea tu re_va lues [ ( i n d i c e s == index ) ]
mod_train_target = ta rge t_va lues [ ( i n d i c e s == index ) ]
g . f i t ( mod_train_features , mod_train_target )
y_pred ic t ion = g . p r e d i c t ( mod_train_features )
beta_i = [ round ( g . in tercept_ , 2 ) , g . coef_ [ 0 ] ]
opt ional_Beta . append ( beta_i )
va r i ance = np . sum ( ( y_pred ic t ion � mod_train_target ) � � 2 )
segment_var iance . append ( va r i ance )

R_square = 1 � np . sum( segment_var iance ) / np . sum ( ( ta rge t_va lues ) � � 2 )
i f R_square > max_R_square :

max_R_square = R_square
b reakpo in t s = np . s o r t ( np . append ( o r i g i na l _b reakpo in t s , i ) )
Beta = np . a r ray ( opt ional_Beta )
R2_variance = segment_var iance

R2 = max_R_square
K += 1

K = Beta . shape [ 0 ]
#p r i n t ( "K = " , s t r (K) )
#p r i n t ( " b reakpo in t s = " , s t r ( b reakpo in t s ) )
#p r i n t ( " Beta = " , s t r ( Beta ) )
#p r i n t ( "R2 = " , s t r (R2 ) )
p r i n t ( " done ")
#Greed i l y s e t s l o p e s to ze ro wh i le R2 > 1 [U+FFFD]epsilon
i n d i c e s = np . c l i p ( np . d i g i t i z e (X [ : , j ] , b reakpo in ts , r i g h t=True ) � 1 , 0 , None )

#s t a r t i n g with the s m a l l e s t s l o p e
f o r i i n np . a r g s o r t ( abs ( Beta [ : , 1 ] ) ) :
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#Mean o f a l e va lues in segment
Ale_values_in_segment = ta rge t_va lues [ ( i n d i c e s == i ) ]
R_square = 1 � np . sum ( ( Ale_values_in_segment � np . mean( Ale_values_in_segment , a x i s = 0 ) ) � � 2 ) / np . sum ( ( Ale_values_in_segment ) � � 2 )
i f R_square > (1 � approx imat ion_error ) :

Beta [ i , 1 ] = 0
Beta [ i , 0 ] = np . mean( Ale_values_in_segment , a x i s = 0)
R2_variance [ i ] = np . sum ( ( Ale_values_in_segment � np . mean( Ale_values_in_segment , a x i s = 0 ) ) � � 2 )

MEC_for_j = K + Beta [ ( Beta [ : , 1 ] != 0 ) , 1 ] . shape [ 0 ] � 1
MECj . append (MEC_for_j )
#p r i n t ( " Beta with s l o p e s to 0 = " , s t r ( Beta ) )

#average ALEj approx imat ion va r i ance
V_for_j = np . sum ( ( ta rge t_va lues ) � � 2 ) /X. shape [ 0 ]
Vj . append ( V_for_j )

#p r i n t ( " " )
#p r i n t ( "MECj = " , s t r (MECj) )
#p r i n t ( " Vj = " , s t r ( Vj ) )

MEC = np . sum( np . mu l t i p l y (MECj, Vj ) ) / np . sum( Vj )
re tu rn (MEC)
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C Code of the experiment
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# Experiment

# run the dependenc ies
get_ipython ( ) . run_line_magic ( ' run ' , ' Dependencies ' )
# run the complex i ty measurements
get_ipython ( ) . run_line_magic ( ' run ' , ' ComplexityMeasurements ' )

#c r e a t e dataframe to save r e s u l t s
r e s u l t s = pd . DataFrame ( columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] )

# Boston Housing models
Dataset = "Boston Housing "

#read data
d f = pd . read_csv ( r "C: \ Users \ Alexandra . vanderMost \ A fs tuderen \Data\HousingData . csv ")
#r e p l a c e n u l l va l ues
df_rep lacena = df . f i l l n a ( d f . median ( ) )
#c r e a t e c l a s s e s
b ins = [ 0 , 17 , 21 , 25 , np . i n f ]
names = [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ]
d f_ rep lacena [ 'MEDVc' ] = pd . cut ( d f_rep lacena [ 'MEDV' ] , b ins , l a b e l s=names )

#Dec i s i on t r e e c l a s s i f i c a t i o n
p r i n t ( " s t a r t BH_DT_clf" )
Technique = " Dec is ionTree "
Model = " C l a s s i f i c a t i o n "
f e a t u r e _ c o l s = [ 'NOX' , 'RM' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
BH_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( c r i t e r i o n ="ent ropy " , max_depth=3, random_state=1) # Create Dec i s i on Tree c l a s s i f e r o b j e c t
BH_DT_clf = BH_DT_clf . f i t ( X_train , y_tra in )
y_pred = BH_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , me t r i c s . accuracy_score ( y_test , y_pred ) , fea ture_used (BH_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200) , main_ef fec t_complex i ty_c lass (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#Dec i s i on t r e e r e g r e s s i o n
p r i n t ( " s t a r t BH_DT_rgs")
Model = " Regress ion "
f e a t u r e _ c o l s = [ ' DIS ' , 'RM' , 'PTRATIO' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
BH_DT_rgs = Dec i s ionTreeRegresso r ( random_state=1, max_depth=8, c r i t e r i o n ="mae") # Create Dec i s i on Tree r e g r e s s i o n o b j e c t
BH_DT_rgs = BH_DT_rgs . f i t ( X_train , y_tra in )
y_pred = BH_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , BH_DT_rgs . s c o r e ( X_test , y_test ) , fea ture_used (BH_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (BH_DT_rgs, X, 200) , main_ef fect_complex i ty (BH_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#Support Vector Machine c l a s s i f i c a t i o n
p r i n t ( " s t a r t BH_SVM_clf" )
Technique = " Support Vector Machine"
Model = " C l a s s i f i c a t i o n "
f e a t u r e _ c o l s = [ ' INDUS' , 'NOX' , 'RM' , 'TAX' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
BH_SVM_clf = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )
BH_SVM_clf = BH_SVM_clf . f i t ( X_train , y_tra in )
y_pred = BH_SVM_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , me t r i c s . accuracy_score ( y_test , y_pred ) , fea ture_used (BH_SVM_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (BH_SVM_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200) , main_ef fec t_complex i ty_c lass (BH_SVM_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#Support Vector Machine r e g r e s s i o n
p r i n t ( " s t a r t BH_SVM_rgs")
Model = " Regress ion "
f e a t u r e _ c o l s = [ 'RM' , 'PTRATIO' , ' INDUS' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
BH_SVM_rgs = svm .SVR( k e r n e l ='poly ' , C=30, gamma='auto ' , degree =2, e p s i l o n =0.5 , c o e f 0 =1)
BH_SVM_rgs = BH_SVM_rgs . f i t ( X_train , y_tra in )
y_pred = BH_SVM_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , BH_SVM_rgs . s c o r e ( X_test , y_test ) , fea ture_used (BH_SVM_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (BH_SVM_rgs, X, 200) , main_ef fect_complex i ty (BH_SVM_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#Neural network c l a s s i f i c a t i o n
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p r i n t ( " s t a r t BH_NN_clf" )
Technique = " Neural Network"
Model = " C l a s s i f i c a t i o n "
f e a t u r e _ c o l s = [ 'RM' , 'NOX' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
BH_NN_clf = MLPClass i f ie r ( random_state=1, max_iter =4000 , h idden_ layer_s izes =() , a c t i v a t i o n =' i d e n t i t y ' , s o l v e r =' l b f g s ' , ba tch_s ize =200 , a lpha =0.001)
BH_NN_clf = BH_NN_clf . f i t ( X_train , y_tra in )
y_pred = BH_NN_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , me t r i c s . accuracy_score ( y_test , y_pred ) , fea ture_used (BH_NN_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (BH_NN_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200) , main_ef fec t_complex i ty_c lass (BH_NN_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#Neural network r e g r e s s i o n
p r i n t ( " s t a r t BH_NN_rgs")
Model = " Regress ion "
f e a t u r e _ c o l s = [ 'RM' , 'LSTAT' , 'PTRATIO' , ' INDUS ' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
BH_NN_rgs = MLPRegressor ( random_state = 1 , max_iter = 8000 , a c t i v a t i o n =' re lu ' , s o l v e r =' l b f g s ' , a lpha =0.1)
BH_NN_rgs = BH_NN_rgs . f i t ( X_train , y_tra in )
y_pred = BH_NN_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , BH_NN_rgs . s c o r e ( X_test , y_test ) , fea ture_used (BH_NN_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (BH_NN_rgs, X, 200) , main_ef fect_complex i ty (BH_NN_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#L inear r e g r e s s i o n
p r i n t ( " s t a r t BH_LR_rgs")
Technique = " L inear r e g r e s s i o n "
Model = " Regress ion "
f e a t u r e _ c o l s = [ 'RM' , 'LSTAT' , 'PTRATIO' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e
nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
BH_LR_rgs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True , norma l i ze=True )
BH_LR_rgs = BH_LR_rgs . f i t ( X_train , y_tra in )
y_pred = BH_LR_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , BH_LR_rgs . s c o r e ( X_test , y_test ) , fea ture_used (BH_LR_rgs , X, 100) , i n t e r a c t i o n _ s t r e n g t h (BH_LR_rgs , X, 200) , main_ef fect_complex i ty (BH_LR_rgs , X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

p r i n t ( r e s u l t s )

# Cred i t ca rd f raud models
Dataset = " Cred i t ca rd Fraud"

#read data
d f = pd . read_csv ( r "C: \ Users \ Alexandra . vanderMost \ A fs tuderen \Data\ c r e d i t c a r d . csv ")

#Dec i s i on t r e e c l a s s i f i c a t i o n
p r i n t ( " s t a r t CCF_DT_clf" )
Technique = " Dec is ionTree "
Model = " C l a s s i f i c a t i o n "
f e a t u r e _ c o l s = [ ' V10 ' , ' V14 ' , ' V17 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
CCF_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( c r i t e r i o n ="ent ropy " , max_depth=3, random_state=1)
CCF_DT_clf = CCF_DT_clf . f i t ( X_train , y_tra in )
y_pred = CCF_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , me t r i c s . accuracy_score ( y_test , y_pred ) , fea ture_used (CCF_DT_clf , X, 10000) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (CCF_DT_clf , X, [ 0 , 1 ] , 200 , 0 . 0 1 ) , main_ef fec t_complex i ty_c lass (CCF_DT_clf , X, [ 0 , 1 ] , 200 , 5 , 0 . 0 5 , 0 . 0 1 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#Dec i s i on t r e e r e g r e s s i o n
p r i n t ( " s t a r t CCF_DT_rgs")
Model = " Regress ion "
f e a t u r e _ c o l s = [ ' V17 ' , ' V10 ' , ' V14 ' , ' Time ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
CCF_DT_rgs = Dec i s ionTreeRegresso r ( random_state=1, max_depth=4)
CCF_DT_rgs = CCF_DT_rgs . f i t ( X_train , y_tra in )
y_pred = CCF_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , CCF_DT_rgs . s c o r e ( X_test , y_test ) , fea ture_used (CCF_DT_rgs, X, 10000) , i n t e r a c t i o n _ s t r e n g t h (CCF_DT_rgs, X, 200 , 0 . 0 1 ) , main_ef fect_complex i ty (CCF_DT_rgs, X, 200 , 5 , 0 . 0 5 , 0 . 0 1 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#Support Vector Machine c l a s s i f i c a t i o n
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p r i n t ( " s t a r t CCF_SVM_clf" )
Technique = " Support Vector Machine"
Model = " C l a s s i f i c a t i o n "
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' , 'V16 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
CCF_SVM_clf = svm .SVC( random_state=1, k e r n e l =' rb f ' , gamma='auto ' )
CCF_SVM_clf = CCF_SVM_clf . f i t ( X_train , y_tra in )
y_pred = CCF_SVM_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , me t r i c s . accuracy_score ( y_test , y_pred ) , fea ture_used (CCF_SVM_clf , X, 10000) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (CCF_SVM_clf , X, [ 0 , 1 ] , 200 , 0 . 0 1 ) , main_ef fec t_complex i ty_c lass (CCF_SVM_clf , X, [ 0 , 1 ] , 200 , 5 , 0 . 0 5 , 0 . 0 1 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#Support Vector Machine r e g r e s s i o n
Model = " Regress ion "
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , 0 , 0 , 0 , 0 ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#Neural network c l a s s i f i c a t i o n
p r i n t ( " s t a r t CCF_NN_clf" )
Technique = " Neural Network"
Model = " C l a s s i f i c a t i o n "
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
CCF_NN_clf = MLPClass i f ie r ( random_state=1, max_iter =4000 , h idden_ layer_s izes =(120 ,80 ,80) , a c t i v a t i o n =' i d e n t i t y ' , s o l v e r =' l b f g s ' , ba tch_s ize =700 , a lpha =0.05)
CCF_NN_clf = CCF_NN_clf . f i t ( X_train , y_tra in )
y_pred = CCF_NN_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , me t r i c s . accuracy_score ( y_test , y_pred ) , fea ture_used (CCF_NN_clf , X, 10000) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (CCF_NN_clf , X, [ 0 , 1 ] , 200 , 0 . 0 1 ) , main_ef fec t_complex i ty_c lass (CCF_NN_clf , X, [ 0 , 1 ] , 200 , 5 , 0 . 0 5 , 0 . 0 1 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#Neural network r e g r e s s i o n
p r i n t ( " s t a r t CCF_NN_rgs")
Model = " Regress ion "
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
CCF_NN_rgs = MLPRegressor ( random_state = 1 , max_iter = 8000)
CCF_NN_rgs = CCF_NN_rgs . f i t ( X_train , y_tra in )
y_pred = CCF_NN_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , CCF_NN_rgs . s c o r e ( X_test , y_test ) , fea ture_used (CCF_NN_rgs, X, 10000) , i n t e r a c t i o n _ s t r e n g t h (CCF_NN_rgs, X, 200 , 0 . 0 1 ) , main_ef fect_complex i ty (CCF_NN_rgs, X, 200 , 5 , 0 . 0 5 , 0 . 0 1 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#L inear r e g r e s s i o n
p r i n t ( " s t a r t CCF_LR_rgs")
Technique = " L inear r e g r e s s i o n "
Model = " Regress ion "
f e a t u r e _ c o l s = [ ' V17 ' , ' V10 ' , 'V12 ' , ' V14 ' , ' V16 ' , ' V3 ' , ' V7 ' , ' V11 ' , ' V4 ' , ' V18 ' , ' V1 ' , ' V9 ' , ' V5 ' , ' V2 ' , ' V6 ' , ' V21 ' , ' V19 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
CCF_LR_rgs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True )
CCF_LR_rgs = CCF_LR_rgs . f i t ( X_train , y_tra in )
y_pred = CCF_LR_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , CCF_LR_rgs . s c o r e ( X_test , y_test ) , fea ture_used (CCF_LR_rgs , X, 10000) , i n t e r a c t i o n _ s t r e n g t h (CCF_LR_rgs , X, 200 , 0 . 0 1 ) , main_ef fect_complex i ty (CCF_LR_rgs , X, 200 , 5 , 0 . 0 5 , 0 . 0 1 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

p r i n t ( r e s u l t s )

# Heart D i s e a s e s models
Dataset = " Heart D i s e a s e s "

#read data
d f = pd . read_csv ( r "C: \ Users \ Alexandra . vanderMost \ A fs tuderen \Data\ Heart . csv ")

#Dec i s i on t r e e c l a s s i f i c a t i o n
p r i n t ( " s t a r t HD_DT_clf" )
Technique = " Dec is ionTree "
Model = " C l a s s i f i c a t i o n "
f e a t u r e _ c o l s = [ ' exang ' , ' age ' , ' ca ' , ' o ldpeak ' , ' tha l ' , ' t r es tbps ' , ' sex ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ' ) # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
HD_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( c r i t e r i o n =" g i n i " , max_depth=5, random_state=1)
HD_DT_clf = HD_DT_clf . f i t ( X_train , y_tra in )
y_pred = HD_DT_clf . p r e d i c t ( X_test )
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r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , me t r i c s . accuracy_score ( y_test , y_pred ) , fea ture_used (HD_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (HD_DT_clf , X, [ 0 , 1 ] , 200) , main_ef fec t_complex i ty_c lass (HD_DT_clf , X, [ 0 , 1 ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#Dec i s i on t r e e r e g r e s s i o n
p r i n t ( " s t a r t HD_DT_rgs")
Model = " Regress ion "
f e a t u r e _ c o l s = [ ' exang ' , ' ca ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
HD_DT_rgs = Dec i s ionTreeRegresso r ( c r i t e r i o n = ' mse ' , max_depth=4, random_state=1)
HD_DT_rgs = HD_DT_rgs . f i t ( X_train , y_tra in )
y_pred = HD_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , HD_DT_rgs . s c o r e ( X_test , y_test ) , fea ture_used (HD_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (HD_DT_rgs, X, 200) , main_ef fect_complex i ty (HD_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#Support Vector Machine c l a s s i f i c a t i o n
p r i n t ( " s t a r t HD_SVM_clf" )
Technique = " Support Vector Machine"
Model = " C l a s s i f i c a t i o n "
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' , ' sex ' , ' age ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ' ) # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
HD_SVM_clf = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )
HD_SVM_clf = HD_SVM_clf . f i t ( X_train , y_tra in )
y_pred = HD_SVM_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , me t r i c s . accuracy_score ( y_test , y_pred ) , fea ture_used (HD_SVM_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (HD_SVM_clf , X, [ 0 , 1 ] , 200) , main_ef fec t_complex i ty_c lass (HD_SVM_clf , X, [ 0 , 1 ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#Support Vector Machine r e g r e s s i o n
p r i n t ( " s t a r t HD_SVM_rgs")
Model = " Regress ion "
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' , ' sex ' , ' age ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
HD_SVM_rgs = svm .SVR( k e r n e l =' poly ' , gamma='auto ' , degree =2, e p s i l o n =0.05 , c o e f 0 =1)
HD_SVM_rgs = HD_SVM_rgs. f i t ( X_train , y_tra in )
y_pred = HD_SVM_rgs. p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , HD_SVM_rgs. s c o r e ( X_test , y_test ) , fea ture_used (HD_SVM_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (HD_SVM_rgs, X, 200) , main_ef fect_complex i ty (HD_SVM_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#Neural network c l a s s i f i c a t i o n
p r i n t ( " s t a r t HD_NN_clf" )
Technique = " Neural Network"
Model = " C l a s s i f i c a t i o n "
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' , ' sex ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ')# Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
HD_NN_clf = MLPClass i f ie r ( random_state=1, a c t i v a t i o n = ' re lu ' )
HD_NN_clf = HD_NN_clf . f i t ( X_train , y_tra in )
y_pred = HD_NN_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , me t r i c s . accuracy_score ( y_test , y_pred ) , fea ture_used (HD_NN_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (HD_NN_clf , X, [ 0 , 1 ] , 200) , main_ef fec t_complex i ty_c lass (HD_NN_clf , X, [ 0 , 1 ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#Neural network r e g r e s s i o n
p r i n t ( " s t a r t HD_NN_rgs")
Model = " Regress ion "
f e a t u r e _ c o l s = f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' , ' sex ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t# Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
HD_NN_rgs = MLPRegressor ( random_state = 1 , a c t i v a t i o n = ' l o g i s t i c ' , s o l v e r =' l b f g s ' , a lpha =0.1)
HD_NN_rgs = HD_NN_rgs . f i t ( X_train , y_tra in )
y_pred = HD_NN_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , HD_NN_rgs . s c o r e ( X_test , y_test ) , fea ture_used (HD_NN_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (HD_NN_rgs, X, 200) , main_ef fect_complex i ty (HD_NN_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#L inear r e g r e s s i o n
p r i n t ( " s t a r t HD_LR_rgs")
Technique = " L inear r e g r e s s i o n "
Model = " Regress ion "
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' , ' sex ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t# Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
HD_LR_rgs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True , norma l i ze=True )
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HD_LR_rgs = HD_LR_rgs . f i t ( X_train , y_tra in )
y_pred = HD_LR_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , HD_LR_rgs . s c o r e ( X_test , y_test ) , fea ture_used (HD_LR_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (HD_LR_rgs, X, 200) , main_ef fect_complex i ty (HD_LR_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

p r i n t ( r e s u l t s )

# Motor Temperature models
Dataset = "Motor Temperature "

#read data
d f = pd . read_csv ( r "C: \ Users \ Alexandra . vanderMost \ A fs tuderen \Data\pmsm_temperature_data . csv ")
#c r e a t e c l a s s e s
b ins = [ � np . i n f , � 1 .8 , � 1.3 , � 1, � 0.8 , � 0.5 , � 0.2 , 0 , 0 . 2 , 0 . 4 , 0 . 7 , 1 , 1 . 3 , 1 . 8 , np . i n f ]
names = [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' , ' 5 ' , ' 6 ' , ' 7 ' , ' 8 ' , ' 9 ' , ' 10 ' , ' 11 ' , ' 12 ' , ' 13 ' , ' 1 4 ' ]
d f [ ' pm_class ' ] = pd . cut ( d f [ 'pm' ] , b ins , l a b e l s=names )
#de c r e as e da tase t s i z e
d f = df . sample ( f r a c = 0 . 1 , random_state = 1)

#Dec i s i on t r e e c l a s s i f i c a t i o n
p r i n t ( " s t a r t MT_DT_clf" )
Technique = " Dec is ionTree "
Model = " C l a s s i f i c a t i o n "
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' p r o f i l e _ i d ' , ' ambient ' , ' coo lan t ' , ' u_q ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
MT_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( c r i t e r i o n ="ent ropy " , max_depth = 20 , random_state=1)
MT_DT_clf = MT_DT_clf . f i t ( X_train , y_tra in )
y_pred = MT_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , me t r i c s . accuracy_score ( y_test , y_pred ) , fea ture_used (MT_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (MT_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' , ' 5 ' , ' 6 ' , ' 7 ' , ' 8 ' , ' 9 ' , ' 10 ' , ' 11 ' , ' 12 ' , ' 13 ' , ' 1 4 ' ] , 200 , 0 . 0 1 ) , main_ef fec t_complex i ty_c lass (MT_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' , ' 5 ' , ' 6 ' , ' 7 ' , ' 8 ' , ' 9 ' , ' 10 ' , ' 11 ' , ' 12 ' , ' 13 ' , ' 1 4 ' ] , 200 , 5 , 0 . 0 5 , 0 . 0 1 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#Dec i s i on t r e e r e g r e s s i o n
p r i n t ( " s t a r t MT_DT_rgs")
Model = " Regress ion "
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' p r o f i l e _ i d ' , ' motor_speed ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
MT_DT_rgs = Dec i s ionTreeRegresso r ( random_state=1, max_depth=18)
MT_DT_rgs = MT_DT_rgs. f i t ( X_train , y_tra in )
y_pred = MT_DT_rgs. p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , MT_DT_rgs. s c o r e ( X_test , y_test ) , fea ture_used (MT_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (MT_DT_rgs, X, 200 , 0 . 0 1 ) , main_ef fect_complex i ty (MT_DT_rgs, X, 200 , 5 , 0 . 0 5 , 0 . 0 1 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#Support Vector Machine c l a s s i f i c a t i o n
p r i n t ( " s t a r t MT_SVM_clf" )
Technique = " Support Vector Machine"
Model = " C l a s s i f i c a t i o n "
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
MT_SVM_clf = svm .SVC( random_state=1)
MT_SVM_clf = MT_SVM_clf . f i t ( X_train , y_tra in )
y_pred = MT_SVM_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , me t r i c s . accuracy_score ( y_test , y_pred ) , fea ture_used (MT_SVM_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (MT_SVM_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' , ' 5 ' , ' 6 ' , ' 7 ' , ' 8 ' , ' 9 ' , ' 10 ' , ' 11 ' , ' 12 ' , ' 13 ' , ' 1 4 ' ] , 200 , 0 . 0 1 ) , main_ef fec t_complex i ty_c lass (MT_SVM_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' , ' 5 ' , ' 6 ' , ' 7 ' , ' 8 ' , ' 9 ' , ' 10 ' , ' 11 ' , ' 12 ' , ' 13 ' , ' 1 4 ' ] , 200 , 5 , 0 . 0 5 , 0 . 0 1 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#Support Vector Machine r e g r e s s i o n
p r i n t ( " s t a r t MT_SVM_rgs")
Model = " Regress ion "
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
MT_SVM_rgs = svm .SVR( k e r n e l =' rb f ' , C=30, gamma='auto ' , e p s i l o n =0.5 , c o e f 0 =1)
MT_SVM_rgs = MT_SVM_rgs. f i t ( X_train , y_tra in )
y_pred = MT_SVM_rgs. p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , MT_SVM_rgs. s c o r e ( X_test , y_test ) , fea ture_used (MT_SVM_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (MT_SVM_rgs, X, 200 , 0 . 0 1 ) , main_ef fect_complex i ty (MT_SVM_rgs, X, 200 , 5 , 0 . 0 5 , 0 . 0 1 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#Neural network c l a s s i f i c a t i o n
p r i n t ( " s t a r t MT_NN_clf" )
Technique = " Neural Network"
Model = " C l a s s i f i c a t i o n "
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' , ' p r o f i l e _ i d ' , 'u_d ' ]
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X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
MT_NN_clf = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' l o g i s t i c ' , s o l v e r ='adam ' )
MT_NN_clf = MT_NN_clf . f i t ( X_train , y_tra in )
y_pred = MT_NN_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , me t r i c s . accuracy_score ( y_test , y_pred ) , fea ture_used (MT_NN_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (MT_NN_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' , ' 5 ' , ' 6 ' , ' 7 ' , ' 8 ' , ' 9 ' , ' 10 ' , ' 11 ' , ' 12 ' , ' 13 ' , ' 1 4 ' ] , 200 , 0 . 0 1 ) , main_ef fec t_complex i ty_c lass (MT_NN_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' , ' 5 ' , ' 6 ' , ' 7 ' , ' 8 ' , ' 9 ' , ' 10 ' , ' 11 ' , ' 12 ' , ' 13 ' , ' 1 4 ' ] , 200 , 5 , 0 . 0 5 , 0 . 0 1 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#Neural network r e g r e s s i o n
p r i n t ( " s t a r t MT_NN_rgs")
Model = " Regress ion "
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
MT_NN_rgs = MLPRegressor ( random_state = 1 , max_iter = 8000 , h idden_ layer_s izes =(100 , ) , a c t i v a t i o n =' re lu ' , s o l v e r =' l b f g s ' , a lpha =0.1)
MT_NN_rgs = MT_NN_rgs. f i t ( X_train , y_tra in )
y_pred = MT_NN_rgs. p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , MT_NN_rgs. s c o r e ( X_test , y_test ) , fea ture_used (MT_NN_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (MT_NN_rgs, X, 200 , 0 . 0 1 ) , main_ef fect_complex i ty (MT_NN_rgs, X, 200 , 5 , 0 . 0 5 , 0 . 0 1 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

#L inear r e g r e s s i o n
p r i n t ( " s t a r t MT_LR_rgs")
Technique = " L inear r e g r e s s i o n "
Model = " Regress ion "
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' p r o f i l e _ i d ' , ' i_d ' , ' u_q ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
MT_LR_rgs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True )
MT_LR_rgs = MT_LR_rgs . f i t ( X_train , y_tra in )
y_pred = MT_LR_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Technique , Model , MT_LR_rgs . s c o r e ( X_test , y_test ) , fea ture_used (MT_LR_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (MT_LR_rgs, X, 200 , 0 . 0 1 ) , main_ef fect_complex i ty (MT_LR_rgs, X, 200 , 5 , 0 . 0 5 , 0 . 0 1 ) ] ] , columns =[" Dataset " , " Technique " , "Model " , " Accuracy " , "NF" , "IAS " , "MEC" ] ) ] )

p r i n t ( r e s u l t s )

#r e s e t index
r e s u l t s = r e s u l t a . rese t_ index ( )
r e s u l t s = r e s u l t s . drop ( columns = [ ' index ' ] )
p r i n t ( r e s u l t s )

d f = r e s u l t s . copy ( )

d f _ c l f = d f [ d f . Model == " C l a s s i f i c a t i o n " ] . p i vo t ( index ='Dataset ' , columns='Technique ' , va l ues ='Accuracy ' )
df_rgs = df [ d f . Model == " Regress ion " ] . p i vo t ( index ='Dataset ' , columns='Technique ' , va l ues ='Accuracy ' )
d f _ c l f . p l o t ( k ind = ' bar ' , r o t = 90 , sort_columns = True , f i g s i z e = ( 1 0 , 8 ) , c o l o r = l i s t ( [ ' tab : blue ' , ' tab : orange ' , ' tab : green ' ] ) )
df_rgs . p l o t ( k ind = ' bar ' , r o t = 90 , sort_columns = True , f i g s i z e = ( 1 0 , 8 ) , c o l o r = l i s t ( [ ' tab : blue ' , ' tab : red ' , ' tab : orange ' , ' tab : green ' ] ) )

d f1 = df . so r t_va lues ( [ ' Dataset ' , ' Technique ' , ' Model ' ] )
f i g , axs = p l t . subp lo t s (4 , 2 , f i g s i z e =(10 ,16) , sharex=Fa lse )
axs [ 0 , 0 ] . p l o t ( [ 'DT' , 'LR' , 'NN' , 'SVM' ] , d f1 [ ( d f1 . Model == " Regress ion ") & ( d f1 . Dataset == "Boston Housing " ) ] . va l ues [ : , 5 ] )
axs [ 0 , 0 ] . s e t ( t i t l e = ' Boston Housing ' , y l a b e l ='IAS ' )
axs [ 1 , 0 ] . p l o t ( [ 'DT' , 'LR' , 'NN' ] , d f1 [ ( d f1 . Model == " Regress ion ") & ( d f1 . Dataset == " Cred i t ca rd Fraud " ) ] . va l ues [ : , 5 ] )
axs [ 1 , 0 ] . s e t ( t i t l e = ' Cred i t ca rd Fraud ' , y l a b e l ='IAS ' )
axs [ 2 , 0 ] . p l o t ( [ 'DT' , 'LR' , 'NN' , 'SVM' ] , d f1 [ ( d f1 . Model == " Regress ion ") & ( d f1 . Dataset == " Heart D i s e a s e s " ) ] . va l ues [ : , 5 ] )
axs [ 2 , 0 ] . s e t ( t i t l e = ' Heart D iseases ' , y l a b e l ='IAS ' )
axs [ 3 , 0 ] . p l o t ( [ 'DT' , 'LR' , 'NN' , 'SVM' ] , d f1 [ ( d f1 . Model == " Regress ion ") & ( d f1 . Dataset == "Motor Temperature " ) ] . va l ues [ : , 5 ] )
axs [ 3 , 0 ] . s e t ( t i t l e ='Motor Temperature ' , y l a b e l ='IAS ' )
axs [ 0 , 1 ] . p l o t ( [ 'DT' , 'LR' , 'NN' , 'SVM' ] , d f1 [ ( d f1 . Model == " Regress ion ") & ( d f1 . Dataset == "Boston Housing " ) ] . va l ues [ : , 6 ] )
axs [ 0 , 1 ] . s e t ( t i t l e ='Boston Housing ' , y l a b e l ='MEC' )
axs [ 1 , 1 ] . p l o t ( [ 'DT' , 'LR' , 'NN' ] , d f1 [ ( d f1 . Model == " Regress ion ") & ( d f1 . Dataset == " Cred i t ca rd Fraud " ) ] . va l ues [ : , 6 ] )
axs [ 1 , 1 ] . s e t ( t i t l e =' Cred i t ca rd Fraud ' , y l a b e l ='MEC' )
axs [ 2 , 1 ] . p l o t ( [ 'DT' , 'LR' , 'NN' , 'SVM' ] , d f1 [ ( d f1 . Model == " Regress ion ") & ( d f1 . Dataset == " Heart D i s e a s e s " ) ] . va l ues [ : , 6 ] )
axs [ 2 , 1 ] . s e t ( t i t l e ='Heart D iseases ' , y l a b e l ='MEC' )
axs [ 3 , 1 ] . p l o t ( [ 'DT' , 'LR' , 'NN' , 'SVM' ] , d f1 [ ( d f1 . Model == " Regress ion ") & ( d f1 . Dataset == "Motor Temperature " ) ] . va l ues [ : , 6 ] )
axs [ 3 , 1 ] . s e t ( t i t l e ='Motor Temperature ' , y l a b e l ='MEC' )

d f1 = df . so r t_va lues ( [ ' Dataset ' , ' Technique ' , ' Model ' ] )
f i g , axs = p l t . subp lo t s (4 , 2 , f i g s i z e =(10 ,16) , sharex=Fa lse )
axs [ 0 , 0 ] . p l o t ( [ 'DT' , 'NN' , 'SVM' ] , d f1 [ ( d f1 . Model == " C l a s s i f i c a t i o n ") & ( d f1 . Dataset == "Boston Housing " ) ] . va l ues [ : , 5 ] )
axs [ 0 , 0 ] . s e t ( t i t l e = ' Boston Housing ' , y l a b e l ='IAS ' )
axs [ 1 , 0 ] . p l o t ( [ 'DT' , 'NN' , 'SVM' ] , d f1 [ ( d f1 . Model == " C l a s s i f i c a t i o n ") & ( d f1 . Dataset == " Cred i t ca rd Fraud " ) ] . va lues [ : , 5 ] )
axs [ 1 , 0 ] . s e t ( t i t l e = ' Cred i t ca rd Fraud ' , y l a b e l ='IAS ' )
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axs [ 2 , 0 ] . p l o t ( [ 'DT' , 'NN' , 'SVM' ] , d f1 [ ( d f1 . Model == " C l a s s i f i c a t i o n ") & ( d f1 . Dataset == " Heart D i s e a s e s " ) ] . va l ues [ : , 5 ] )
axs [ 2 , 0 ] . s e t ( t i t l e = ' Heart D iseases ' , y l a b e l ='IAS ' )
axs [ 3 , 0 ] . p l o t ( [ 'DT' , 'NN' , 'SVM' ] , d f1 [ ( d f1 . Model == " C l a s s i f i c a t i o n ") & ( d f1 . Dataset == "Motor Temperature " ) ] . va l ues [ : , 5 ] )
axs [ 3 , 0 ] . s e t ( t i t l e ='Motor Temperature ' , y l a b e l ='IAS ' )
axs [ 0 , 1 ] . p l o t ( [ 'DT' , 'NN' , 'SVM' ] , d f1 [ ( d f1 . Model == " C l a s s i f i c a t i o n ") & ( d f1 . Dataset == "Boston Housing " ) ] . va l ues [ : , 6 ] )
axs [ 0 , 1 ] . s e t ( t i t l e ='Boston Housing ' , y l a b e l ='MEC' )
axs [ 1 , 1 ] . p l o t ( [ 'DT' , 'NN' , 'SVM' ] , d f1 [ ( d f1 . Model == " C l a s s i f i c a t i o n ") & ( d f1 . Dataset == " Cred i t ca rd Fraud " ) ] . va lues [ : , 6 ] )
axs [ 1 , 1 ] . s e t ( t i t l e =' Cred i t ca rd Fraud ' , y l a b e l ='MEC' )
axs [ 2 , 1 ] . p l o t ( [ 'DT' , 'NN' , 'SVM' ] , d f1 [ ( d f1 . Model == " C l a s s i f i c a t i o n ") & ( d f1 . Dataset == " Heart D i s e a s e s " ) ] . va l ues [ : , 6 ] )
axs [ 2 , 1 ] . s e t ( t i t l e ='Heart D iseases ' , y l a b e l ='MEC' )
axs [ 3 , 1 ] . p l o t ( [ 'DT' , 'NN' , 'SVM' ] , d f1 [ ( d f1 . Model == " C l a s s i f i c a t i o n ") & ( d f1 . Dataset == "Motor Temperature " ) ] . va l ues [ : , 6 ] )
axs [ 3 , 1 ] . s e t ( t i t l e ='Motor Temperature ' , y l a b e l ='MEC' )

d f1 = df . so r t_va lues ( [ ' Dataset ' , ' Technique ' , ' Model ' ] )
f i g , axs = p l t . subp lo t s (4 , 2 , f i g s i z e =(10 ,16) , sharex=Fa lse )
axs [ 0 , 0 ] . p l o t ( [ 'DT' , 'NN' , 'SVM' ] , d f1 [ ( d f1 . Model == " C l a s s i f i c a t i o n ") & ( d f1 . Dataset == "Boston Housing " ) ] . va l ues [ : , 6 ] )
axs [ 0 , 0 ] . s e t ( t i t l e = ' Boston Housing ' , y l a b e l ='IAS ' )
axs [ 1 , 0 ] . p l o t ( [ 'DT' , 'NN' , 'SVM' ] , d f1 [ ( d f1 . Model == " C l a s s i f i c a t i o n ") & ( d f1 . Dataset == " Cred i t ca rd Fraud " ) ] . va lues [ : , 6 ] )
axs [ 1 , 0 ] . s e t ( t i t l e = ' Cred i t ca rd Fraud ' , y l a b e l ='IAS ' )
axs [ 2 , 0 ] . p l o t ( [ 'DT' , 'NN' , 'SVM' ] , d f1 [ ( d f1 . Model == " C l a s s i f i c a t i o n ") & ( d f1 . Dataset == " Heart D i s e a s e s " ) ] . va l ues [ : , 6 ] )
axs [ 2 , 0 ] . s e t ( t i t l e = ' Heart D iseases ' , y l a b e l ='IAS ' )
axs [ 3 , 0 ] . p l o t ( [ 'DT' , 'NN' , 'SVM' ] , d f1 [ ( d f1 . Model == " C l a s s i f i c a t i o n ") & ( d f1 . Dataset == "Motor Temperature " ) ] . va l ues [ : , 6 ] )
axs [ 3 , 0 ] . s e t ( t i t l e ='Motor Temperature ' , y l a b e l ='IAS ' )
axs [ 0 , 1 ] . p l o t ( [ 'DT' , 'NN' , 'SVM' ] , d f1 [ ( d f1 . Model == " C l a s s i f i c a t i o n ") & ( d f1 . Dataset == "Boston Housing " ) ] . va l ues [ : , 4 ] )
axs [ 0 , 1 ] . s e t ( t i t l e ='Boston Housing ' , y l a b e l ='MEC' )
axs [ 1 , 1 ] . p l o t ( [ 'DT' , 'NN' , 'SVM' ] , d f1 [ ( d f1 . Model == " C l a s s i f i c a t i o n ") & ( d f1 . Dataset == " Cred i t ca rd Fraud " ) ] . va lues [ : , 4 ] )
axs [ 1 , 1 ] . s e t ( t i t l e =' Cred i t ca rd Fraud ' , y l a b e l ='MEC' )
axs [ 2 , 1 ] . p l o t ( [ 'DT' , 'NN' , 'SVM' ] , d f1 [ ( d f1 . Model == " C l a s s i f i c a t i o n ") & ( d f1 . Dataset == " Heart D i s e a s e s " ) ] . va l ues [ : , 4 ] )
axs [ 2 , 1 ] . s e t ( t i t l e ='Heart D iseases ' , y l a b e l ='MEC' )
axs [ 3 , 1 ] . p l o t ( [ 'DT' , 'NN' , 'SVM' ] , d f1 [ ( d f1 . Model == " C l a s s i f i c a t i o n ") & ( d f1 . Dataset == "Motor Temperature " ) ] . va l ues [ : , 4 ] )
axs [ 3 , 1 ] . s e t ( t i t l e ='Motor Temperature ' , y l a b e l ='MEC' )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = (20 ,10 )
f i g , axs = p l t . subp lo t s (2 , 2 , f i g s i z e =(6 ,3) )
axs [ 0 , 0 ] . p l o t ( [ 'DT' , 'SVM' , 'NN' , 'LR ' ] , d f [ ( d f . Model == " Regress ion ") & ( d f . Dataset == "Boston Housing " ) ] . va l ues [ : , 6 ] )
axs [ 0 , 0 ] . s e t _ t i t l e ( ' Boston Housing ' )
axs [ 0 , 1 ] . p l o t ( [ 'DT' , 'SVM' , 'NN' ] , d f [ ( d f . Model == " Regress ion ") & ( d f . Dataset == " Cred i t ca rd Fraud " ) ] . va l ues [ : , 6 ] )
axs [ 0 , 1 ] . s e t _ t i t l e ( ' C red i t ca rd Fraud ' )
axs [ 1 , 0 ] . p l o t ( [ 'DT' , 'SVM' , 'NN' , 'LR ' ] , d f [ ( d f . Model == " Regress ion ") & ( d f . Dataset == " Heart D i s e a s e s " ) ] . va l ues [ : , 6 ] )
axs [ 1 , 0 ] . s e t _ t i t l e ( ' Heart D iseases ' )
axs [ 1 , 1 ] . p l o t ( [ 'DT' , 'NN' , 'LR' , 'SVM' ] , d f [ ( d f . Model == " Regress ion ") & ( d f . Dataset == "Motor Temperature " ) ] . va l ues [ : , 6 ] )
axs [ 1 , 1 ] . s e t _ t i t l e ( ' Motor Temperature ' )
f o r ax in axs . f l a t :

ax . s e t ( x l a b e l ='Machine l e a r n i n g method ' , y l a b e l ='MEC' )

#p l t . rcParams [ " f i g u r e . f i g s i z e " ] = (200 ,10 )
f i g , axs = p l t . subp lo t s (4 , 2 , f i g s i z e =(10 ,8) )
axs [ 0 , 0 ] . p l o t ( [ 'DT' , 'SVM' , 'NN' , ] , d f [ ( d f . Model == " C l a s s i f i c a t i o n ") & ( d f . Dataset == "Boston Housing " ) ] . va l ues [ : , 5 ] )
axs [ 0 , 0 ] . s e t _ t i t l e ( ' Boston Housing ' )
axs [ 1 , 0 ] . p l o t ( [ 'DT' , 'SVM' , 'NN' ] , d f [ ( d f . Model == " C l a s s i f i c a t i o n ") & ( d f . Dataset == " Cred i t ca rd Fraud " ) ] . va lues [ : , 5 ] )
axs [ 1 , 0 ] . s e t _ t i t l e ( ' C red i t ca rd Fraud ' )
axs [ 2 , 0 ] . p l o t ( [ 'DT' , 'SVM' , 'NN' ] , d f [ ( d f . Model == " C l a s s i f i c a t i o n ") & ( d f . Dataset == " Heart D i s e a s e s " ) ] . va l ues [ : , 5 ] )
axs [ 2 , 0 ] . s e t _ t i t l e ( ' Heart D iseases ' )
axs [ 3 , 0 ] . p l o t ( [ 'DT' , 'NN' , 'SVM' ] , d f [ ( d f . Model == " C l a s s i f i c a t i o n ") & ( d f . Dataset == "Motor Temperature " ) ] . va l ues [ : , 5 ] )
axs [ 3 , 0 ] . s e t _ t i t l e ( ' Motor Temperature ' )
axs [ 0 , 1 ] . p l o t ( [ 'DT' , 'SVM' , 'NN' , ] , d f [ ( d f . Model == " C l a s s i f i c a t i o n ") & ( d f . Dataset == "Boston Housing " ) ] . va l ues [ : , 5 ] )
axs [ 0 , 1 ] . s e t _ t i t l e ( ' Boston Housing ' )
axs [ 1 , 1 ] . p l o t ( [ 'DT' , 'SVM' , 'NN' ] , d f [ ( d f . Model == " C l a s s i f i c a t i o n ") & ( d f . Dataset == " Cred i t ca rd Fraud " ) ] . va lues [ : , 5 ] )
axs [ 1 , 1 ] . s e t _ t i t l e ( ' C red i t ca rd Fraud ' )
axs [ 2 , 1 ] . p l o t ( [ 'DT' , 'SVM' , 'NN' ] , d f [ ( d f . Model == " C l a s s i f i c a t i o n ") & ( d f . Dataset == " Heart D i s e a s e s " ) ] . va l ues [ : , 5 ] )
axs [ 2 , 1 ] . s e t _ t i t l e ( ' Heart D iseases ' )
axs [ 3 , 1 ] . p l o t ( [ 'DT' , 'NN' , 'SVM' ] , d f [ ( d f . Model == " C l a s s i f i c a t i o n ") & ( d f . Dataset == "Motor Temperature " ) ] . va l ues [ : , 5 ] )
axs [ 3 , 1 ] . s e t _ t i t l e ( ' Motor Temperature ' )
f o r ax in axs . f l a t :

ax . s e t ( x l a b e l = ' . ' , y l a b e l ='IAS ' )
p r i n t ( axs . f l a t )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = (20 ,10 )
f i g , axs = p l t . subp lo t s (2 , 2 , f i g s i z e =(6 ,3) )
axs [ 0 , 0 ] . p l o t ( [ 'DT' , 'SVM' , 'NN' ] , d f [ ( d f . Model == " C l a s s i f i c a t i o n ") & ( d f . Dataset == "Boston Housing " ) ] . va l ues [ : , 6 ] )
axs [ 0 , 0 ] . s e t _ t i t l e ( ' Boston Housing ' )
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axs [ 0 , 1 ] . p l o t ( [ 'DT' , 'SVM' , 'NN' ] , d f [ ( d f . Model == " C l a s s i f i c a t i o n ") & ( d f . Dataset == " Cred i t ca rd Fraud " ) ] . va lues [ : , 6 ] )
axs [ 0 , 1 ] . s e t _ t i t l e ( ' C red i t ca rd Fraud ' )
axs [ 1 , 0 ] . p l o t ( [ 'DT' , 'SVM' , 'NN' ] , d f [ ( d f . Model == " C l a s s i f i c a t i o n ") & ( d f . Dataset == " Heart D i s e a s e s " ) ] . va l ues [ : , 6 ] )
axs [ 1 , 0 ] . s e t _ t i t l e ( ' Heart D iseases ' )
axs [ 1 , 1 ] . p l o t ( [ 'DT' , 'NN' , 'SVM' ] , d f [ ( d f . Model == " C l a s s i f i c a t i o n ") & ( d f . Dataset == "Motor Temperature " ) ] . va l ues [ : , 6 ] )
axs [ 1 , 1 ] . s e t _ t i t l e ( ' Motor Temperature ' )
f o r ax in axs . f l a t :

ax . s e t ( x l a b e l ='Machine l e a r n i n g method ' , y l a b e l ='MEC' )

d f _ c l f = d f [ ( d f . Model == " C l a s s i f i c a t i o n ") & ( d f . Dataset != " Cred i t ca rd Fraud ") & ( ( d f . Technique == " Neural Network ") | ( d f . Technique == " Support Vector Machine " ) ) ] . p i vo t ( index ='Dataset ' , columns='Technique ' , va lues ='IAS ' )
df_rgs = df [ ( d f . Model == " Regress ion ") & ( d f . Dataset != " Cred i t ca rd Fraud ") & ( ( d f . Technique == " Neural Network ") | ( d f . Technique == " Support Vector Machine " ) ) ] . p i vo t ( index ='Dataset ' , columns='Technique ' , va lues ='IAS ' )
d f _ c l f . p l o t ( k ind = ' l i n e ' , r o t = 90 , sort_columns = True , f i g s i z e = ( 1 0 , 8 ) , c o l o r = l i s t ( [ ' tab : orange ' , ' tab : green ' ] ) )
df_rgs . p l o t ( k ind = ' l i n e ' , r o t = 90 , sort_columns = True , f i g s i z e = ( 1 0 , 8 ) , c o l o r = l i s t ( [ ' tab : orange ' , ' tab : green ' ] ) )

d f _ c l f = d f [ ( d f . Model == " C l a s s i f i c a t i o n ") & ( d f . Dataset != " Cred i t ca rd Fraud " ) ] . p i vo t ( index ='Dataset ' , columns='Technique ' , va lues ='IAS ' )
df_rgs = df [ ( d f . Model == " Regress ion ") & ( d f . Dataset != " Cred i t ca rd Fraud " ) ] . p i vo t ( index ='Dataset ' , columns='Technique ' , va lues ='IAS ' )
d f _ c l f . p l o t ( k ind = ' bar ' , r o t = 90 , sort_columns = True , f i g s i z e = ( 1 0 , 8 ) , c o l o r = l i s t ( [ ' tab : blue ' , ' tab : orange ' , ' tab : green ' ] ) )
df_rgs . p l o t ( k ind = ' bar ' , r o t = 90 , sort_columns = True , f i g s i z e = ( 1 0 , 8 ) , c o l o r = l i s t ( [ ' tab : blue ' , ' tab : red ' , ' tab : orange ' , ' tab : green ' ] ) )

p r i n t ( d f [ ( d f . Model == " C l a s s i f i c a t i o n ") & ( d f . Dataset != " Cred i t ca rd Fraud " ) ] . c o r r ( method = ' pearson ' ) . round ( dec ima ls =3))
p r i n t ( d f [ ( d f . Model == " Regress ion ") & ( d f . Dataset != " Cred i t ca rd Fraud " ) ] . c o r r ( method = ' pearson ' ) . round ( dec ima ls =3))
p r i n t ( d f [ ( d f . Dataset != " Cred i t ca rd Fraud " ) ] . c o r r ( method = ' pearson ' ) . round ( dec ima ls =3))
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D Code of the additional experiment
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# Add i t i ona l Experiment

# run the dependenc ies
get_ipython ( ) . run_line_magic ( ' run ' , ' Dependencies ' )
# run the complex i ty measurements
get_ipython ( ) . run_line_magic ( ' run ' , ' ComplexityMeasurements ' )

#c r e a t e r e s u l t dataframe
r e s u l t s = pd . DataFrame ( columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] )

# Boston Housing models
Dataset = "Boston Housing "

#read data
d f = pd . read_csv ( r "C: \ Users \ Alexandra . vanderMost \ A fs tuderen \Data\HousingData . csv ")
#r e p l a c e n u l l va l ues
df_rep lacena = df . f i l l n a ( d f . median ( ) )
#c r e a t e c l a s s e s
b ins = [ 0 , 17 , 21 , 25 , np . i n f ]
names = [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ]
d f_ rep lacena [ 'MEDVc' ] = pd . cut ( d f_rep lacena [ 'MEDV' ] , b ins , l a b e l s=names )

#Def ine t r a i n and t e s t data
f e a t u r e _ c o l s = [ 'LSTAT' , 'RM' , 'NOX' , 'TAX' , ' INDUS ' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

#Dec i s i on t r e e c l a s s i f i c a t i o n
Technique = " Dec is ionTree "
Model = " C l a s s i f i c a t i o n "
BH_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=3, random_state=1) # Create Dec i s i on Tree c l a s s i f e r o b j e c t
BH_DT_clf = BH_DT_clf . f i t ( X_train , y_tra in )
y_pred = BH_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_clf . get_depth ( ) , fea ture_used (BH_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200) , main_ef fec t_complex i ty_c lass (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

BH_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=4, random_state=1) # Create Dec i s i on Tree c l a s s i f e r o b j e c t
BH_DT_clf = BH_DT_clf . f i t ( X_train , y_tra in )
y_pred = BH_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_clf . get_depth ( ) , fea ture_used (BH_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200) , main_ef fec t_complex i ty_c lass (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )

BH_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=5, random_state=1) # Create Dec i s i on Tree c l a s s i f e r o b j e c t
BH_DT_clf = BH_DT_clf . f i t ( X_train , y_tra in )
y_pred = BH_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_clf . get_depth ( ) , fea ture_used (BH_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200) , main_ef fec t_complex i ty_c lass (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )

BH_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=6, random_state=1) # Create Dec i s i on Tree c l a s s i f e r o b j e c t
BH_DT_clf = BH_DT_clf . f i t ( X_train , y_tra in )
y_pred = BH_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_clf . get_depth ( ) , fea ture_used (BH_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200) , main_ef fec t_complex i ty_c lass (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )

BH_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=7, random_state=1) # Create Dec i s i on Tree c l a s s i f e r o b j e c t
BH_DT_clf = BH_DT_clf . f i t ( X_train , y_tra in )
y_pred = BH_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_clf . get_depth ( ) , fea ture_used (BH_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200) , main_ef fec t_complex i ty_c lass (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

BH_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=8, random_state=1) # Create Dec i s i on Tree c l a s s i f e r o b j e c t
BH_DT_clf = BH_DT_clf . f i t ( X_train , y_tra in )
y_pred = BH_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_clf . get_depth ( ) , fea ture_used (BH_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200) , main_ef fec t_complex i ty_c lass (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )

BH_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=9, random_state=1) # Create Dec i s i on Tree c l a s s i f e r o b j e c t
BH_DT_clf = BH_DT_clf . f i t ( X_train , y_tra in )
y_pred = BH_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_clf . get_depth ( ) , fea ture_used (BH_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200) , main_ef fec t_complex i ty_c lass (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )

BH_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=10, random_state=1) # Create Dec i s i on Tree c l a s s i f e r o b j e c t

84



BH_DT_clf = BH_DT_clf . f i t ( X_train , y_tra in )
y_pred = BH_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_clf . get_depth ( ) , fea ture_used (BH_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200) , main_ef fec t_complex i ty_c lass (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )

BH_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=11, random_state=1) # Create Dec i s i on Tree c l a s s i f e r o b j e c t
BH_DT_clf = BH_DT_clf . f i t ( X_train , y_tra in )
y_pred = BH_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_clf . get_depth ( ) , fea ture_used (BH_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200) , main_ef fec t_complex i ty_c lass (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )

BH_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=12, random_state=1) # Create Dec i s i on Tree c l a s s i f e r o b j e c t
BH_DT_clf = BH_DT_clf . f i t ( X_train , y_tra in )
y_pred = BH_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_clf . get_depth ( ) , fea ture_used (BH_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200) , main_ef fec t_complex i ty_c lass (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

BH_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=13, random_state=1) # Create Dec i s i on Tree c l a s s i f e r o b j e c t
BH_DT_clf = BH_DT_clf . f i t ( X_train , y_tra in )
y_pred = BH_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_clf . get_depth ( ) , fea ture_used (BH_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200) , main_ef fec t_complex i ty_c lass (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )

BH_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=14, random_state=1) # Create Dec i s i on Tree c l a s s i f e r o b j e c t
BH_DT_clf = BH_DT_clf . f i t ( X_train , y_tra in )
y_pred = BH_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_clf . get_depth ( ) , fea ture_used (BH_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200) , main_ef fec t_complex i ty_c lass (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )

BH_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=15, random_state=1) # Create Dec i s i on Tree c l a s s i f e r o b j e c t
BH_DT_clf = BH_DT_clf . f i t ( X_train , y_tra in )
y_pred = BH_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_clf . get_depth ( ) , fea ture_used (BH_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200) , main_ef fec t_complex i ty_c lass (BH_DT_clf , X, [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )

#Def ine t r a i n and t e s t data
f e a t u r e _ c o l s = [ 'LSTAT' , 'RM' , 'PTRATIO' , ' INDUS' , 'TAX' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

#Dec i s i on t r e e r e g r e s s i o n
Model = " Regress ion "
BH_DT_rgs = Dec i s ionTreeRegresso r ( random_state=1, max_depth=3) # Create Dec i s i on Tree r e g r e s s i o n o b j e c t
BH_DT_rgs = BH_DT_rgs . f i t ( X_train , y_tra in )
y_pred = BH_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_rgs . get_depth ( ) , fea ture_used (BH_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (BH_DT_rgs, X, 200) , main_ef fect_complex i ty (BH_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

BH_DT_rgs = Dec i s ionTreeRegresso r ( random_state=1, max_depth=4) # Create Dec i s i on Tree r e g r e s s i o n o b j e c t
BH_DT_rgs = BH_DT_rgs . f i t ( X_train , y_tra in )
y_pred = BH_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_rgs . get_depth ( ) , fea ture_used (BH_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (BH_DT_rgs, X, 200) , main_ef fect_complex i ty (BH_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

BH_DT_rgs = Dec i s ionTreeRegresso r ( random_state=1, max_depth=5) # Create Dec i s i on Tree r e g r e s s i o n o b j e c t
BH_DT_rgs = BH_DT_rgs . f i t ( X_train , y_tra in )
y_pred = BH_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_rgs . get_depth ( ) , fea ture_used (BH_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (BH_DT_rgs, X, 200) , main_ef fect_complex i ty (BH_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

BH_DT_rgs = Dec i s ionTreeRegresso r ( random_state=1, max_depth=6) # Create Dec i s i on Tree r e g r e s s i o n o b j e c t
BH_DT_rgs = BH_DT_rgs . f i t ( X_train , y_tra in )
y_pred = BH_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_rgs . get_depth ( ) , fea ture_used (BH_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (BH_DT_rgs, X, 200) , main_ef fect_complex i ty (BH_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

BH_DT_rgs = Dec i s ionTreeRegresso r ( random_state=1, max_depth=7) # Create Dec i s i on Tree r e g r e s s i o n o b j e c t
BH_DT_rgs = BH_DT_rgs . f i t ( X_train , y_tra in )
y_pred = BH_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_rgs . get_depth ( ) , fea ture_used (BH_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (BH_DT_rgs, X, 200) , main_ef fect_complex i ty (BH_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

BH_DT_rgs = Dec i s ionTreeRegresso r ( random_state=1, max_depth=8) # Create Dec i s i on Tree r e g r e s s i o n o b j e c t
BH_DT_rgs = BH_DT_rgs . f i t ( X_train , y_tra in )
y_pred = BH_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_rgs . get_depth ( ) , fea ture_used (BH_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (BH_DT_rgs, X, 200) , main_ef fect_complex i ty (BH_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )
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BH_DT_rgs = Dec i s ionTreeRegresso r ( random_state=1, max_depth=9) # Create Dec i s i on Tree r e g r e s s i o n o b j e c t
BH_DT_rgs = BH_DT_rgs . f i t ( X_train , y_tra in )
y_pred = BH_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_rgs . get_depth ( ) , fea ture_used (BH_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (BH_DT_rgs, X, 200) , main_ef fect_complex i ty (BH_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

BH_DT_rgs = Dec i s ionTreeRegresso r ( random_state=1, max_depth=10) # Create Dec i s i on Tree r e g r e s s i o n o b j e c t
BH_DT_rgs = BH_DT_rgs . f i t ( X_train , y_tra in )
y_pred = BH_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_rgs . get_depth ( ) , fea ture_used (BH_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (BH_DT_rgs, X, 200) , main_ef fect_complex i ty (BH_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

BH_DT_rgs = Dec i s ionTreeRegresso r ( random_state=1, max_depth=11) # Create Dec i s i on Tree r e g r e s s i o n o b j e c t
BH_DT_rgs = BH_DT_rgs . f i t ( X_train , y_tra in )
y_pred = BH_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_rgs . get_depth ( ) , fea ture_used (BH_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (BH_DT_rgs, X, 200) , main_ef fect_complex i ty (BH_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

BH_DT_rgs = Dec i s ionTreeRegresso r ( random_state=1, max_depth=12) # Create Dec i s i on Tree r e g r e s s i o n o b j e c t
BH_DT_rgs = BH_DT_rgs . f i t ( X_train , y_tra in )
y_pred = BH_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_rgs . get_depth ( ) , fea ture_used (BH_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (BH_DT_rgs, X, 200) , main_ef fect_complex i ty (BH_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

BH_DT_rgs = Dec i s ionTreeRegresso r ( random_state=1, max_depth=13) # Create Dec i s i on Tree r e g r e s s i o n o b j e c t
BH_DT_rgs = BH_DT_rgs . f i t ( X_train , y_tra in )
y_pred = BH_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_rgs . get_depth ( ) , fea ture_used (BH_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (BH_DT_rgs, X, 200) , main_ef fect_complex i ty (BH_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

BH_DT_rgs = Dec i s ionTreeRegresso r ( random_state=1, max_depth=14) # Create Dec i s i on Tree r e g r e s s i o n o b j e c t
BH_DT_rgs = BH_DT_rgs . f i t ( X_train , y_tra in )
y_pred = BH_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_rgs . get_depth ( ) , fea ture_used (BH_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (BH_DT_rgs, X, 200) , main_ef fect_complex i ty (BH_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

BH_DT_rgs = Dec i s ionTreeRegresso r ( random_state=1, max_depth=15) # Create Dec i s i on Tree r e g r e s s i o n o b j e c t
BH_DT_rgs = BH_DT_rgs . f i t ( X_train , y_tra in )
y_pred = BH_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , BH_DT_rgs . get_depth ( ) , fea ture_used (BH_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (BH_DT_rgs, X, 200) , main_ef fect_complex i ty (BH_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

# Heart D i s e a s e s models
Dataset = " Heart D i s e a s e s "

#read data
d f = pd . read_csv ( r "C: \ Users \ Alexandra . vanderMost \ A fs tuderen \Data\ Heart . csv ")

#Def ine t r a i n and t e s t data
f e a t u r e _ c o l s = [ ' exang ' , ' age ' , ' ca ' , ' o ldpeak ' , ' tha l ' , ' t r es tbps ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ' ) # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

#Dec i s i on t r e e c l a s s i f i c a t i o n
Model = " C l a s s i f i c a t i o n "
HD_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=3, random_state=1)
HD_DT_clf = HD_DT_clf . f i t ( X_train , y_tra in )
y_pred = HD_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_clf . get_depth ( ) , fea ture_used (HD_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (HD_DT_clf , X, [ 0 , 1 ] , 200) , main_ef fec t_complex i ty_c lass (HD_DT_clf , X, [ 0 , 1 ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )

HD_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=4, random_state=1)
HD_DT_clf = HD_DT_clf . f i t ( X_train , y_tra in )
y_pred = HD_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_clf . get_depth ( ) , fea ture_used (HD_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (HD_DT_clf , X, [ 0 , 1 ] , 200) , main_ef fec t_complex i ty_c lass (HD_DT_clf , X, [ 0 , 1 ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )

HD_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=5, random_state=1)
HD_DT_clf = HD_DT_clf . f i t ( X_train , y_tra in )
y_pred = HD_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_clf . get_depth ( ) , fea ture_used (HD_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (HD_DT_clf , X, [ 0 , 1 ] , 200) , main_ef fec t_complex i ty_c lass (HD_DT_clf , X, [ 0 , 1 ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )

HD_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=6, random_state=1)
HD_DT_clf = HD_DT_clf . f i t ( X_train , y_tra in )
y_pred = HD_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_clf . get_depth ( ) , fea ture_used (HD_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (HD_DT_clf , X, [ 0 , 1 ] , 200) , main_ef fec t_complex i ty_c lass (HD_DT_clf , X, [ 0 , 1 ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )
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HD_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=7, random_state=1)
HD_DT_clf = HD_DT_clf . f i t ( X_train , y_tra in )
y_pred = HD_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_clf . get_depth ( ) , fea ture_used (HD_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (HD_DT_clf , X, [ 0 , 1 ] , 200) , main_ef fec t_complex i ty_c lass (HD_DT_clf , X, [ 0 , 1 ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )

HD_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=8, random_state=1)
HD_DT_clf = HD_DT_clf . f i t ( X_train , y_tra in )
y_pred = HD_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_clf . get_depth ( ) , fea ture_used (HD_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (HD_DT_clf , X, [ 0 , 1 ] , 200) , main_ef fec t_complex i ty_c lass (HD_DT_clf , X, [ 0 , 1 ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )

HD_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=9, random_state=1)
HD_DT_clf = HD_DT_clf . f i t ( X_train , y_tra in )
y_pred = HD_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_clf . get_depth ( ) , fea ture_used (HD_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (HD_DT_clf , X, [ 0 , 1 ] , 200) , main_ef fec t_complex i ty_c lass (HD_DT_clf , X, [ 0 , 1 ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )

HD_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=10, random_state=1)
HD_DT_clf = HD_DT_clf . f i t ( X_train , y_tra in )
y_pred = HD_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_clf . get_depth ( ) , fea ture_used (HD_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (HD_DT_clf , X, [ 0 , 1 ] , 200) , main_ef fec t_complex i ty_c lass (HD_DT_clf , X, [ 0 , 1 ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )

HD_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=11, random_state=1)
HD_DT_clf = HD_DT_clf . f i t ( X_train , y_tra in )
y_pred = HD_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_clf . get_depth ( ) , fea ture_used (HD_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (HD_DT_clf , X, [ 0 , 1 ] , 200) , main_ef fec t_complex i ty_c lass (HD_DT_clf , X, [ 0 , 1 ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )

HD_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=12, random_state=1)
HD_DT_clf = HD_DT_clf . f i t ( X_train , y_tra in )
y_pred = HD_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_clf . get_depth ( ) , fea ture_used (HD_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (HD_DT_clf , X, [ 0 , 1 ] , 200) , main_ef fec t_complex i ty_c lass (HD_DT_clf , X, [ 0 , 1 ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )

HD_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=13, random_state=1)
HD_DT_clf = HD_DT_clf . f i t ( X_train , y_tra in )
y_pred = HD_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_clf . get_depth ( ) , fea ture_used (HD_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (HD_DT_clf , X, [ 0 , 1 ] , 200) , main_ef fec t_complex i ty_c lass (HD_DT_clf , X, [ 0 , 1 ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )

HD_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=14, random_state=1)
HD_DT_clf = HD_DT_clf . f i t ( X_train , y_tra in )
y_pred = HD_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_clf . get_depth ( ) , fea ture_used (HD_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (HD_DT_clf , X, [ 0 , 1 ] , 200) , main_ef fec t_complex i ty_c lass (HD_DT_clf , X, [ 0 , 1 ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )

HD_DT_clf = D e c i s i o n T r e e C l a s s i f i e r ( max_depth=15, random_state=1)
HD_DT_clf = HD_DT_clf . f i t ( X_train , y_tra in )
y_pred = HD_DT_clf . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_clf . get_depth ( ) , fea ture_used (HD_DT_clf , X, 100) , i n t e r a c t i o n _ s t r e n g t h _ c l a s s (HD_DT_clf , X, [ 0 , 1 ] , 200) , main_ef fec t_complex i ty_c lass (HD_DT_clf , X, [ 0 , 1 ] , 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" ,
"IAS " , "MEC" ] ) ] )

#Def ine t r a i n and t e s t data
f e a t u r e _ c o l s = [ ' exang ' , ' age ' , ' ca ' , ' o ldpeak ' , ' tha l ' , ' t r es tbps ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t # Target v a r i a b l e
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

#Dec i s i on t r e e r e g r e s s i o n
Model = " Regress ion "
HD_DT_rgs = Dec i s ionTreeRegresso r ( max_depth=3, random_state=1)
HD_DT_rgs = HD_DT_rgs . f i t ( X_train , y_tra in )
y_pred = HD_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_rgs . get_depth ( ) , fea ture_used (HD_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (HD_DT_rgs, X, 200) , main_ef fect_complex i ty (HD_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

HD_DT_rgs = Dec i s ionTreeRegresso r ( max_depth=4, random_state=1)
HD_DT_rgs = HD_DT_rgs . f i t ( X_train , y_tra in )
y_pred = HD_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_rgs . get_depth ( ) , fea ture_used (HD_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (HD_DT_rgs, X, 200) , main_ef fect_complex i ty (HD_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )
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HD_DT_rgs = Dec i s ionTreeRegresso r ( max_depth=5, random_state=1)
HD_DT_rgs = HD_DT_rgs . f i t ( X_train , y_tra in )
y_pred = HD_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_rgs . get_depth ( ) , fea ture_used (HD_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (HD_DT_rgs, X, 200) , main_ef fect_complex i ty (HD_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

HD_DT_rgs = Dec i s ionTreeRegresso r ( max_depth=6, random_state=1)
HD_DT_rgs = HD_DT_rgs . f i t ( X_train , y_tra in )
y_pred = HD_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_rgs . get_depth ( ) , fea ture_used (HD_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (HD_DT_rgs, X, 200) , main_ef fect_complex i ty (HD_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

HD_DT_rgs = Dec i s ionTreeRegresso r ( max_depth=7, random_state=1)
HD_DT_rgs = HD_DT_rgs . f i t ( X_train , y_tra in )
y_pred = HD_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_rgs . get_depth ( ) , fea ture_used (HD_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (HD_DT_rgs, X, 200) , main_ef fect_complex i ty (HD_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

HD_DT_rgs = Dec i s ionTreeRegresso r ( max_depth=8, random_state=1)
HD_DT_rgs = HD_DT_rgs . f i t ( X_train , y_tra in )
y_pred = HD_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_rgs . get_depth ( ) , fea ture_used (HD_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (HD_DT_rgs, X, 200) , main_ef fect_complex i ty (HD_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

HD_DT_rgs = Dec i s ionTreeRegresso r ( max_depth=9, random_state=1)
HD_DT_rgs = HD_DT_rgs . f i t ( X_train , y_tra in )
y_pred = HD_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_rgs . get_depth ( ) , fea ture_used (HD_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (HD_DT_rgs, X, 200) , main_ef fect_complex i ty (HD_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

HD_DT_rgs = Dec i s ionTreeRegresso r ( max_depth=10, random_state=1)
HD_DT_rgs = HD_DT_rgs . f i t ( X_train , y_tra in )
y_pred = HD_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_rgs . get_depth ( ) , fea ture_used (HD_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (HD_DT_rgs, X, 200) , main_ef fect_complex i ty (HD_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

HD_DT_rgs = Dec i s ionTreeRegresso r ( max_depth=11, random_state=1)
HD_DT_rgs = HD_DT_rgs . f i t ( X_train , y_tra in )
y_pred = HD_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_rgs . get_depth ( ) , fea ture_used (HD_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (HD_DT_rgs, X, 200) , main_ef fect_complex i ty (HD_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

HD_DT_rgs = Dec i s ionTreeRegresso r ( max_depth=12, random_state=1)
HD_DT_rgs = HD_DT_rgs . f i t ( X_train , y_tra in )
y_pred = HD_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_rgs . get_depth ( ) , fea ture_used (HD_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (HD_DT_rgs, X, 200) , main_ef fect_complex i ty (HD_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

HD_DT_rgs = Dec i s ionTreeRegresso r ( max_depth=13, random_state=1)
HD_DT_rgs = HD_DT_rgs . f i t ( X_train , y_tra in )
y_pred = HD_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_rgs . get_depth ( ) , fea ture_used (HD_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (HD_DT_rgs, X, 200) , main_ef fect_complex i ty (HD_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

HD_DT_rgs = Dec i s ionTreeRegresso r ( max_depth=14, random_state=1)
HD_DT_rgs = HD_DT_rgs . f i t ( X_train , y_tra in )
y_pred = HD_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_rgs . get_depth ( ) , fea ture_used (HD_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (HD_DT_rgs, X, 200) , main_ef fect_complex i ty (HD_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

HD_DT_rgs = Dec i s ionTreeRegresso r ( max_depth=15, random_state=1)
HD_DT_rgs = HD_DT_rgs . f i t ( X_train , y_tra in )
y_pred = HD_DT_rgs . p r e d i c t ( X_test )
r e s u l t s = pd . concat ( [ r e s u l t s , pd . DataFrame ( [ [ Dataset , Model , HD_DT_rgs . get_depth ( ) , fea ture_used (HD_DT_rgs, X, 100) , i n t e r a c t i o n _ s t r e n g t h (HD_DT_rgs, X, 200) , main_ef fect_complex i ty (HD_DT_rgs, X, 200 , 5 , 0 . 0 5 ) ] ] , columns =[" Dataset " , "Model " , "Depth " , "NF" , "IAS " , "MEC" ] ) ] )

pd . se t_opt ion ( ' d i s p l a y . max_rows ' , None )
p r i n t ( r e s u l t s )

r e s u l t s = r e s u l t s . rese t_ index ( )
r e s u l t s = r e s u l t s . drop ( columns = [ ' index ' , 'MEC' ] )
p r i n t ( r e s u l t s )

d f = r e s u l t s . copy ( )
d f = d f . drop ( d f . index [ 0 ] ) . rese t_ index ( ) . drop ( columns = [ ' index ' ] )
d f = d f . drop ( d f . index [ 1 0 : 1 4 ] ) . rese t_ index ( ) . drop ( columns = [ ' index ' ] )
d f = d f . drop ( d f . index [ 2 1 ] ) . rese t_ index ( ) . drop ( columns = [ ' index ' ] )
d f = d f . drop ( d f . index [ 3 1 : 3 3 ] ) . rese t_ index ( ) . drop ( columns = [ ' index ' ] )
d f = d f . drop ( d f . index [ 4 1 : 4 3 ] ) . rese t_ index ( ) . drop ( columns = [ ' index ' ] )
p r i n t ( d f )
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df1 = df [ ( d f . Model == " C l a s s i f i c a t i o n ") & ( d f . Dataset == "Boston Housing " ) ]
d f2 = df [ ( d f . Model == " Regress ion ") & ( d f . Dataset == "Boston Housing " ) ]
f i g , axs = p l t . subp lo t s (2 , 1 , f i g s i z e =(8 ,12) , sharex=Fa lse )
axs [ 0 ] . p l o t ( d f1 [ ' Depth ' ] . va lues , d f1 [ ' IAS ' ] . va l ues )
axs [ 0 ] . s e t ( t i t l e = ' C l a s s i f i c a t i o n ' , y l a b e l ='IAS ' )
axs [ 1 ] . p l o t ( d f2 [ ' Depth ' ] . va lues , d f2 [ ' IAS ' ] . va l ues )
axs [ 1 ] . s e t ( t i t l e = ' Regress ion ' , x l a b e l = ' a c t u a l t r e e depth ' , y l a b e l ='IAS ' )

d f1 = df [ ( d f . Model == " C l a s s i f i c a t i o n ") & ( d f . Dataset == " Heart D i s e a s e s " ) ]
d f2 = df [ ( d f . Model == " Regress ion ") & ( d f . Dataset == " Heart D i s e a s e s " ) ]
f i g , axs = p l t . subp lo t s (2 , 1 , f i g s i z e =(8 ,12) , sharex=Fa lse )
axs [ 0 ] . p l o t ( d f1 [ ' Depth ' ] . va lues , d f1 [ ' IAS ' ] . va l ues )
axs [ 0 ] . s e t ( t i t l e = ' C l a s s i f i c a t i o n ' , y l a b e l ='IAS ' )
axs [ 1 ] . p l o t ( d f2 [ ' Depth ' ] . va lues , d f2 [ ' IAS ' ] . va l ues )
axs [ 1 ] . s e t ( t i t l e = ' Regress ion ' , x l a b e l = ' a c t u a l t r e e depth ' , y l a b e l ='IAS ' )
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E Code for modeling Boston housing data
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# Boston Housing Dataset

# run the dependenc ies
get_ipython ( ) . run_line_magic ( ' run ' , ' Dependencies ' )

#Read and prev iew data
df = pd . read_csv ( r "C: \ Users \ Alexandra . vanderMost \ A fs tuderen \Data\HousingData . csv ")
p r i n t ( d f . shape )
p r i n t ( d f . d types )
p r i n t ( d f . head ( ) )

# Change p l o t s i z e
p l t . rcParams [ " f i g u r e . f i g s i z e " ] = (20 ,10 )

# Plo t d f
d f . h i s t ( )
# s t a t i s t i c s
d f . d e s c r i b e ( ) . round ( dec ima ls =2)

d f . i s n u l l ( ) . sum ( )

df_dropna = df . dropna ( )
p r i n t ( df_dropna . shape )

#r e p l a c e miss ing va lues with median
df_rep lacena = df . f i l l n a ( d f . median ( ) )

#c a l c column c o r r e l a t i o n s
df_rep lacena . c o r r ( method = ' pearson ' ) . round ( dec ima ls =3)

#c r e a t e c l a s s e s
b ins = [ 0 , 17 , 21 , 25 , np . i n f ]
names = [ ' <17 ' , '17 � 21 ' , '21 � 25 ' , '25+ ' ]
d f [ 'MEDVc' ] = pd . cut ( d f [ 'MEDV' ] , b ins , l a b e l s=names )
d f_rep lacena = df . f i l l n a ( d f . median ( ) )
df_dropna = df . dropna ( )

# Change p l o t s i z e
p l t . rcParams [ " f i g u r e . f i g s i z e " ] = (10 ,5 )
# Plo t
d f_rep lacena [ 'MEDVc' ] . value_counts ( ) . sor t_ index ( ) . p l o t ( k ind ='bar ' )

# Feature importance

# Feature importance f o r r e g r e s s i o n problem
f e a t u r e _ c o l s = [ 'CRIM' , 'ZN' , ' INDUS' , 'CHAS' , 'NOX' , 'RM' , 'AGE' , ' DIS ' , 'RAD' , 'TAX' , 'PTRATIO' , 'B' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# f e a t u r e e x t r a c t i o n
skb = Selec tKBest ( score_func=f _ r e g r e s s i o n )
skb = skb . f i t (X, y )

# L i s t Sco res
s c o r e = np . a r ray ( [ f ea tu re_co l s , skb . scores_ ] ) . t r anspose ( )
s c r = pd . DataFrame ( data=score , columns =[ ' Feature ' , ' Score ' ] )
p r i n t ( s c r )

# P lo t s c o r e s by f e a t u r e
p l t . bar ( f ea tu re_co l s , skb . scores_ )
p l t . x l a b e l ( ' Feature ' )
p l t . y l a b e l ( ' Score ' )
p l t . t i t l e ( ' Feature Un iva r i a te l i n e a r r e g r e s s i o n t e s t Score ' )

p l t . show ( )

# Feature importance f o r c l a s s i f i c a t i o n problem
f e a t u r e _ c o l s = [ 'CRIM' , 'ZN' , ' INDUS' , 'CHAS' , 'NOX' , 'RM' , 'AGE' , ' DIS ' , 'RAD' , 'TAX' , 'PTRATIO' , 'B' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e

# f e a t u r e e x t r a c t i o n
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skb = Selec tKBest ( score_func=f _ c l a s s i f )
skb = skb . f i t (X, y )

# L i s t Sco res
s c o r e = np . a r ray ( [ f ea tu re_co l s , skb . scores_ ] ) . t r anspose ( )
s c r = pd . DataFrame ( data=score , columns =[ ' Feature ' , ' Score ' ] )
p r i n t ( s c r )

# P lo t s c o r e s by f e a t u r e
p l t . bar ( f ea tu re_co l s , skb . scores_ )
p l t . x l a b e l ( ' Feature ' )
p l t . y l a b e l ( ' Score ' )
p l t . t i t l e ( ' Feature ANOVA Score ' )

p l t . show ( )

# Dec i s i on Tree C l a s s i f i c a t i o n

f e a t u r e _ c o l s = [ 'CRIM' , 'ZN' , ' INDUS' , 'CHAS' , 'NOX' , 'RM' , 'AGE' , ' DIS ' , 'RAD' , 'TAX' , 'PTRATIO' , 'B' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Dec i s i on Tree c l a s s i f e r o b j e c t
c l f = D e c i s i o n T r e e C l a s s i f i e r ( random_state=1)

# Train Dec i s i on Tree C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy us ing a l l a v a i l a b l e f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# L i s t f e a t u r e importance
importance = np . ar ray ( [ f ea tu re_co l s , c l f . feature_importances_ ] ) . t r anspose ( )
imp = pd . DataFrame ( data=importance , columns =[ ' Feature ' , ' Importance ' ] )
p r i n t ( imp )

# Plo t f e a t u r e s importance
p l t . bar ( f ea tu re_co l s , c l f . feature_importances_ )
p l t . x l a b e l ( ' Feature ' )
p l t . y l a b e l ( ' Importance ' )
p l t . t i t l e ( ' Models f e a t u r e importance ' )

p l t . show ( )

# The " accuracy " s c o r i n g i s p r o p o r t i o n a l to the number o f c o r r e c t c l a s s i f i c a t i o n s
r f e c v = RFECV( es t ima to r=c l f , s tep =1, cv=S t r a t i f i e d K F o l d ( 2 ) , s c o r i n g =' accuracy ' )
r f e c v . f i t (X, y )
p r i n t ( " Optimal number o f f e a t u r e s : %d" % r f e c v . n_features_ )

#p l o t the RDE
p l t . f i g u r e ( )
p l t . x l a b e l ( "Number o f f e a t u r e s s e l e c t e d ")
p l t . y l a b e l ( " Cross v a l i d a t i o n s c o r e ( nb o f c o r r e c t c l a s s i f i c a t i o n s ) " )
p l t . p l o t ( range (1 , l en ( r f e c v . gr id_scores_ ) + 1 ) , r f e c v . gr id_scores_ )
p l t . show ( )

#make new model
f e a t u r e _ c o l s = [ 'NOX' , 'RM' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
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# Train Dec i s i on Tree C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

#P red i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy us ing th ree f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#make new model
f e a t u r e _ c o l s = [ 'NOX' , 'RM' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Dec i s i on Tree c l a s s i f e r o b j e c t
c l f = D e c i s i o n T r e e C l a s s i f i e r ( c r i t e r i o n ="ent ropy " , max_depth=3, random_state=1)

# Train Dec i s i on Tree C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy a f t e r op t im i za t i on : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#v i s u a l i z e model
from s k l e a r n . e x t e r n a l s . s i x import St r ing IO
from IPython . d i s p l a y import Image
from s k l e a r n . t r e e import expor t_graphviz
import pydotp lus

dot_data = St r ing IO ( )
expor t_graphviz ( c l f , o u t _ f i l e=dot_data ,

f i l l e d=True , rounded=True ,
s p e c i a l _ c h a r a c t e r s=True , feature_names = fea tu re_co l s , class_names = [ ' 0 ' , ' 1 ' , ' 2 ' , ' 3 ' ] )

graph = pydotp lus . graph_from_dot_data ( dot_data . ge t va lue ( ) )
graph . write_png ( ' BostonHousingDTC . png ' )
Image ( graph . create_png ( ) )

#ana l yse the e f f e c t o f us ing dropna ipv r e p l a c e with median va lues
f e a t u r e _ c o l s = [ 'CRIM' , 'ZN' , ' INDUS' , 'CHAS' , 'NOX' , 'RM' , 'AGE' , ' DIS ' , 'RAD' , 'TAX' , 'PTRATIO' , 'B' , 'LSTAT' ]
X2 = df_dropna [ f e a t u r e _ c o l s ] . va l ues # Features
y2 = df_dropna .MEDVc # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X2_train , X2_test , y2_train , y2_test = t r a i n _ t e s t _ s p l i t (X2 , y2 , t e s t _ s i z e =0.3 , random_state=2) # 70% t r a i n i n g and 30% t e s t

# Create Dec i s i on Tree c l a s s i f e r o b j e c t
c l f 2 = D e c i s i o n T r e e C l a s s i f i e r ( random_state=1)

# Train Dec i s i on Tree C l a s s i f e r
c l f 2 = c l f 2 . f i t ( X2_train , y2_tra in )

#P red i c t the response f o r t e s t da tase t
y2_pred = c l f 2 . p r e d i c t ( X2_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy us ing a l l a v a i l a b l e f e a t u r e s : " , me t r i c s . accuracy_score ( y2_test , y2_pred ) )

# Get models f e a t u r e importance
importance = np . ar ray ( [ f ea tu re_co l s , c l f 2 . feature_importances_ ] ) . t r anspose ( )
imp = pd . DataFrame ( data=importance , columns =[ ' Feature ' , ' Importance ' ] )

# P lo t f e a t u r e s importance
p l t . bar ( f ea tu re_co l s , c l f 2 . feature_importances_ )
p l t . x l a b e l ( ' Feature ' )
p l t . y l a b e l ( ' Importance ' )
p l t . t i t l e ( ' Models f e a t u r e importance ' )
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p l t . show ( )

# f e a t u r e e x t r a c t i o n
skb = Selec tKBest ( score_func=f _ c l a s s i f )
skb = skb . f i t (X2 , y2 )

# L i s t Sco res
s c o r e = np . a r ray ( [ f ea tu re_co l s , skb . scores_ ] ) . t r anspose ( )
s c r = pd . DataFrame ( data=score , columns =[ ' Feature ' , ' Score ' ] )
p r i n t ( s c r )

# P lo t s c o r e s by f e a t u r e
p l t . bar ( f ea tu re_co l s , skb . scores_ )
p l t . x l a b e l ( ' Feature ' )
p l t . y l a b e l ( ' Score ' )
p l t . t i t l e ( ' Feature ANOVA Score ' )
p l t . show ( )

# The " accuracy " s c o r i n g i s p r o p o r t i o n a l to the number o f c o r r e c t c l a s s i f i c a t i o n s
r f e c v = RFECV( es t ima to r=c l f 2 , s tep =1, cv=S t r a t i f i e d K F o l d ( 2 ) , s c o r i n g =' accuracy ' )
r f e c v . f i t (X2 , y2 )
p r i n t ( " Optimal number o f f e a t u r e s : %d" % r f e c v . n_features_ )

#p l o t the RDE
p l t . f i g u r e ( )
p l t . x l a b e l ( "Number o f f e a t u r e s s e l e c t e d ")
p l t . y l a b e l ( " Cross v a l i d a t i o n s c o r e ( nb o f c o r r e c t c l a s s i f i c a t i o n s ) " )
p l t . p l o t ( range (1 , l en ( r f e c v . gr id_scores_ ) + 1 ) , r f e c v . gr id_scores_ )
p l t . show ( )

#f e a t u r e and t a r g e t s e l e c t i o n
f e a t u r e _ c o l s = [ 'TAX' , 'RM' , 'LSTAT' ]
X2 = df_dropna [ f e a t u r e _ c o l s ] . va l ues # Features
y2 = df_dropna .MEDVc # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X2_train , X2_test , y2_train , y2_test = t r a i n _ t e s t _ s p l i t (X2 , y2 , t e s t _ s i z e =0.3 , random_state=2) # 70% t r a i n i n g and 30% t e s t

# Train Dec i s i on Tree C l a s s i f e r
c l f 2 = c l f 2 . f i t ( X2_train , y2_tra in )

#P red i c t the response f o r t e s t da tase t
y2_pred = c l f 2 . p r e d i c t ( X2_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with th ree f e a t u r e s : " , me t r i c s . accuracy_score ( y2_test , y2_pred ) )

# Redef ine the Dec i s i on Tree c l a s s i f e r o b j e c t � op t im ized
c l f 2 = D e c i s i o n T r e e C l a s s i f i e r ( c r i t e r i o n ="ent ropy " , max_depth=3, random_state=1)

# Train Dec i s i on Tree C l a s s i f e r
c l f 2 = c l f 2 . f i t ( X2_train , y2_tra in )

# Pred i c t the response f o r t e s t da tase t
y2_pred = c l f 2 . p r e d i c t ( X2_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy a f t e r op t im i za t i on : " , me t r i c s . accuracy_score ( y2_test , y2_pred ) )

# Dec i s i on Tree Regress ion
f e a t u r e _ c o l s = [ 'CRIM' , 'ZN' , ' INDUS' , 'CHAS' , 'NOX' , 'RM' , 'AGE' , ' DIS ' , 'RAD' , 'TAX' , 'PTRATIO' , 'B' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Dec i s i on Tree r e g r e s s i o n o b j e c t
r gs = Dec is ionTreeRegresso r ( random_state=1)

# Train Dec i s i on Tree C l a s s i f e r
rgs = rgs . f i t ( X_train , y_tra in )
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# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " Dec i s i on Tree Regress ion ")
p l t . show ( )

# Get models f e a t u r e importance
importance = np . ar ray ( [ f ea tu re_co l s , r gs . feature_importances_ ] ) . t r anspose ( )
imp = pd . DataFrame ( data=importance , columns =[ ' Feature ' , ' Importance ' ] )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = (10 ,5 )
# Plo t f e a t u r e s importance
p l t . bar ( f ea tu re_co l s , r gs . feature_importances_ )
p l t . x l a b e l ( ' Feature ' )
p l t . y l a b e l ( ' Importance ' )
p l t . t i t l e ( ' Models f e a t u r e importance ' )
p l t . show ( )

# The " accuracy " s c o r i n g i s p r o p o r t i o n a l to the number o f c o r r e c t c l a s s i f i c a t i o n s
r f e c v = RFECV( es t ima to r=rgs , s tep =1, cv=KFold ( 2 ) )
r f e c v . f i t (X, y )
p r i n t ( " Optimal number o f f e a t u r e s : %d" % r f e c v . n_features_ )

#p l o t the RDE
p l t . f i g u r e ( )
p l t . x l a b e l ( "Number o f f e a t u r e s s e l e c t e d ")
p l t . y l a b e l ( " Cross v a l i d a t i o n s c o r e ")
p l t . p l o t ( range (1 , l en ( r f e c v . gr id_scores_ ) + 1 ) , r f e c v . gr id_scores_ )
p l t . show ( )

#new model
f e a t u r e _ c o l s = [ ' INDUS' , 'RM' , 'PTRATIO' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Train Dec i s i on Tree C l a s s i f e r
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with fou r f e a t u r e s LSTAT, RM, PTRATIO and INDUS in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#p a r a l l e l model ing with f e a t u r e DIS
f e a t u r e _ c o l s = [ ' DIS ' , 'RM' , 'PTRATIO' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Train Dec i s i on Tree C l a s s i f e r
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with fou r f e a t u r e s LSTAT, RM, PTRATIO and DIS R^2 : " , r gs . s c o r e ( X_test , y_test ) )
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#new model
f e a t u r e _ c o l s = [ ' INDUS' , 'RM' , 'PTRATIO' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Dec i s i on Tree r e g r e s s i o n o b j e c t
r gs = Dec is ionTreeRegresso r ( random_state=1, max_depth=4, c r i t e r i o n ="mae")

# Train Dec i s i on Tree C l a s s i f e r
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy a f t e r op t im i za t i on with LSTAT, RM, PTRATIO and INDUS R^2: " , r gs . s c o r e ( X_test , y_test ) )

#p a r a l l e l model ing with f e a t u r e DIS
f e a t u r e _ c o l s = [ ' DIS ' , 'RM' , 'PTRATIO' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Dec i s i on Tree r e g r e s s i o n o b j e c t
r gs = Dec is ionTreeRegresso r ( random_state=1, max_depth=8, c r i t e r i o n ="mae")

# Train Dec i s i on Tree C l a s s i f e r
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy , �� Not f i n i s h e d yet ��
p r i n t ( " Accuracy a f t e r op t im i za t i on with LSTAT, RM, PTRATIO and DIS R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#v i s u a l i z e the model
dot_data = St r ing IO ( )
expor t_graphviz ( rgs , o u t _ f i l e=dot_data ,

f i l l e d=True , rounded=True ,
s p e c i a l _ c h a r a c t e r s=True , feature_names = fea tu re_co l s , class_names = [ ' 0 ' , ' 1 ' , ' 2 ' , ' 3 ' ] )

graph = pydotp lus . graph_from_dot_data ( dot_data . ge t va lue ( ) )
graph . write_png ( ' BostonHousingDTR . png ' )
Image ( graph . create_png ( ) )

# Support vec to r machine c l a s s i f i c a t i o n
f e a t u r e _ c o l s = [ 'CRIM' , 'ZN' , ' INDUS' , 'CHAS' , 'NOX' , 'RM' , 'AGE' , ' DIS ' , 'RAD' , 'TAX' , 'PTRATIO' , 'B' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#Normal ize the input f e a t u r e s
f e a t u r e _ c o l s = [ 'CRIM' , 'ZN' , ' INDUS' , 'CHAS' , 'NOX' , 'RM' , 'AGE' , ' DIS ' , 'RAD' , 'TAX' , 'PTRATIO' , 'B' , 'LSTAT' ]
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X = df_dropna [ f e a t u r e _ c o l s ] . va lues # Features
y = df_dropna .MEDVc # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with a l l a v a i l a b l e and normal ized f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ 'RM' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with two input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ 'NOX' , 'RM' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with th ree input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ 'NOX' , 'RM' , 'TAX' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )

# Train Support vec to r machine C l a s s i f e r
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c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with fou r input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' INDUS' , 'NOX' , 'RM' , 'TAX' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with f i v e input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' INDUS' , 'NOX' , 'RM' , 'AGE' , 'TAX' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with s i x input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' INDUS' , 'NOX' , 'RM' , 'TAX' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t with k e r n e l r b f
c l f = svm .SVC( random_state=1, k e r n e l =' rb f ' , gamma='auto ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with r b f k e r n e l : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Support vec to r machine c l a s s i f e r o b j e c t with k e r n e l l i n e a r
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with l i n e a r k e r n e l : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Support vec to r machine c l a s s i f e r o b j e c t with k e r n e l po ly
c l f = svm .SVC( random_state=1, k e r n e l =' poly ' , degree =2, gamma='auto ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with po ly k e r n e l : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
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#new model
f e a t u r e _ c o l s = [ ' INDUS' , 'NOX' , 'RM' , 'TAX' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm . LinearSVC ( random_state=1, max_iter =999999999 , t o l =1e � 05)
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with linearSVM f u n c t i o n : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Support vec to r machine r e g r e s s i o n
#new model
f e a t u r e _ c o l s = [ 'CRIM' , 'ZN' , ' INDUS' , 'CHAS' , 'NOX' , 'RM' , 'AGE' , ' DIS ' , 'RAD' , 'TAX' , 'PTRATIO' , 'B' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' rb f ' , gamma='auto ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s and r b f k e r n e l i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " suppor t vec to r machine Regress ion ")
p l t . show ( )

f e a t u r e _ c o l s = [ 'CRIM' , 'ZN' , ' INDUS' , 'CHAS' , 'NOX' , 'RM' , 'AGE' , ' DIS ' , 'RAD' , 'TAX' , 'PTRATIO' , 'B' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s and l i n e a r k e r n e l i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " suppor t vec to r machine Regress ion ")
p l t . show ( )
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#new model with nomal ized input f e a t u r e s
f e a t u r e _ c o l s = [ 'CRIM' , 'ZN' , ' INDUS' , 'CHAS' , 'NOX' , 'RM' , 'AGE' , ' DIS ' , 'RAD' , 'TAX' , 'PTRATIO' , 'B' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s and l i n e a r k e r n e l i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " suppor t vec to r machine Regress ion ")
p l t . show ( )

#new model
f e a t u r e _ c o l s = [ 'RM' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with two input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ 'RM' , 'PTRATIO' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with th ree input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )
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#new model
f e a t u r e _ c o l s = [ 'RM' , 'PTRATIO' , ' INDUS' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with fou r input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ 'RM' , 'TAX' , 'PTRATIO' , 'LSTAT' , ' INDUS ' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with f i v e input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ 'RM' , 'TAX' , 'PTRATIO' , 'LSTAT' , ' INDUS' , 'NOX' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with s i x input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new models
f e a t u r e _ c o l s = [ 'RM' , 'TAX' , 'PTRATIO' , 'LSTAT' , ' INDUS ' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' rb f ' , C=10, gamma='auto ' , e p s i l o n =0.5)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with k e r n e l r b f and a d d i t i o n a l parameters s p e c i f i e d in R^2 : " , r gs . s c o r e ( X_test , y_test ) )
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# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' , C=10)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with k e r n e l l i n e a r and C=10 in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' , C=15)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with k e r n e l l i n a e r and C=15 in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' , C=10, t o l =1e � 5, e p s i l o n =1.5)#0.7377038678579562
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with k e r n e l l i n e a r and o ther parameters in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' , C=10, s h r i n k i n g=Fa lse )
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with k e r n e l l i n a e r and s h r i n k i n g o f f i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l ='poly ' , C=10, gamma='auto ' , degree =2, e p s i l o n =0.5 , c o e f 0 =1)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with k e r n e l p loy o f second degree in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l ='poly ' , C=10, gamma=' s c a l e ' , degree =2, e p s i l o n =0.5 , c o e f 0 =1)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with k e r n e l p loy o f second degree and gamma=' s c a l e ' i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#The input f e a t u r e s
f e a t u r e _ c o l s = [ 'RM' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
rgs_poly = svm .SVR( k e r n e l =' poly ' , C=30, gamma='auto ' , degree =2, e p s i l o n =0.5 , c o e f 0 =1)

# Train model
rgs_poly = rgs_poly . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs_poly . p r e d i c t ( X_test )
# Model Accuracy
p r i n t ( " Accuracy with two f e a t u r e s in R^2 : " , rgs_poly . s c o r e ( X_test , y_test ) )

#The input f e a t u r e s
f e a t u r e _ c o l s = [ 'RM' , 'PTRATIO' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
rgs_poly = svm .SVR( k e r n e l =' poly ' , C=30, gamma='auto ' , degree =2, e p s i l o n =0.5 , c o e f 0 =1)

# Train model
rgs_poly = rgs_poly . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
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y_pred = rgs_poly . p r e d i c t ( X_test )
# Model Accuracy
p r i n t ( " Accuracy with th ree in R^2 : " , rgs_poly . s c o r e ( X_test , y_test ) )

#The input f e a t u r e s
f e a t u r e _ c o l s = [ 'RM' , 'PTRATIO' , ' INDUS' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
rgs_poly = svm .SVR( k e r n e l =' poly ' , C=30, gamma='auto ' , degree =2, e p s i l o n =0.5 , c o e f 0 =1)

# Train model
rgs_poly = rgs_poly . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs_poly . p r e d i c t ( X_test )
# Model Accuracy
p r i n t ( " Accuracy with fou r f e a t u r e s in R^2 : " , rgs_poly . s c o r e ( X_test , y_test ) )

#The input f e a t u r e s
f e a t u r e _ c o l s = [ 'RM' , 'TAX' , 'PTRATIO' , 'LSTAT' , ' INDUS ' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
rgs_poly = svm .SVR( k e r n e l =' poly ' , C=30, gamma='auto ' , degree =2, e p s i l o n =0.5 , c o e f 0 =1)

# Train model
rgs_poly = rgs_poly . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs_poly . p r e d i c t ( X_test )
# Model Accuracy
p r i n t ( " Accuracy with f i v e f e a t u r e s in R^2 : " , rgs_poly . s c o r e ( X_test , y_test ) )

#The input f e a t u r e s
f e a t u r e _ c o l s = [ 'RM' , 'TAX' , 'PTRATIO' , 'LSTAT' , ' INDUS' , 'NOX' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
rgs_poly = svm .SVR( k e r n e l =' poly ' , C=30, gamma='auto ' , degree =2, e p s i l o n =0.5 , c o e f 0 =1)

# Train model
rgs_poly = rgs_poly . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs_poly . p r e d i c t ( X_test )
# Model Accuracy
p r i n t ( " Accuracy with s i x f e a t u r e s in R^2 : " , rgs_poly . s c o r e ( X_test , y_test ) )

#The input f e a t u r e s
f e a t u r e _ c o l s = [ 'RM' , 'PTRATIO' , ' INDUS' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
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X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
rgs_poly = svm .SVR( k e r n e l =' poly ' , C=30, gamma='auto ' , degree =2, e p s i l o n =0.5 , c o e f 0 =1)

# Train model
rgs_poly = rgs_poly . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs_poly . p r e d i c t ( X_test )
# Model Accuracy
p r i n t ( " Accuracy with normal ized input f e a t u r e s in R^2" , rgs_poly . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " suppor t vec to r machine Regress ion ")
p l t . show ( )

# Neural Network C l a s s i f i c a t i o n
f e a t u r e _ c o l s = [ 'CRIM' , 'ZN' , ' INDUS' , 'CHAS' , 'NOX' , 'RM' , 'AGE' , ' DIS ' , 'RAD' , 'TAX' , 'PTRATIO' , 'B' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create neu ra l network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter=400)

# Train neu ra l network C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with a l l a v a i l a b l e input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#Normal ized input f e a t u r e s
f e a t u r e _ c o l s = [ 'CRIM' , 'ZN' , ' INDUS' , 'CHAS' , 'NOX' , 'RM' , 'AGE' , ' DIS ' , 'RAD' , 'TAX' , 'PTRATIO' , 'B' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create neu ra l network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000)

# Train neu ra l network C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with a l l a v a i l a b l e normal ized input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ 'RM' , 'LSTAT' ]
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X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with two input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ 'RM' , 'NOX' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with th ree input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ 'RM' , 'TAX' , 'NOX' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with fou r input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ 'NOX' , 'RM' , ' INDUS' , 'TAX' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
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y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with f i v e input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ 'NOX' , 'RM' , ' INDUS' , 'TAX' , 'LSTAT' , 'AGE' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with s i x input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#Normal ized input f e a t u r e s
f e a t u r e _ c o l s = [ 'RM' , 'NOX' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' re lu ' , s o l v e r ='adam ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with r e l u a c t i v a t i o n and s o l v e r ='adam ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' re lu ' , s o l v e r =' l b f g s ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with r e l u a c t i v a t i o n and s o l v e r =' l b f g s ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' re lu ' , s o l v e r ='sgd ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with r e l u a c t i v a t i o n and s o l v e r ='sgd ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' i d e n t i t y ' , s o l v e r ='adam ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with i d e n t i t y a c t i v a t i o n and s o l v e r ='adam ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =40000 , a c t i v a t i o n =' i d e n t i t y ' , s o l v e r =' l b f g s ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with i d e n t i t y a c t i v a t i o n and s o l v e r =' l b f g s ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' i d e n t i t y ' , s o l v e r ='sgd ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with i d e n t i t y a c t i v a t i o n f e a t u r e and s o l v e r ='sgd ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Neural network c l a s s i f e r o b j e c t

106



c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' l o g i s t i c ' , s o l v e r ='adam ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with l o g i s t i c a c t i v a t i o n and s o l v e r ='adam ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' l o g i s t i c ' , s o l v e r =' l b f g s ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with l o g i s t i c a c t i v a t i o n and s o l v e r =' l b f g s ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' l o g i s t i c ' , s o l v e r ='sgd ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with l o g i s t i c a c t i v a t i o n and s o l v e r ='sgd ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' tanh ' , s o l v e r ='adam ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with tangus h y p e r b o l i c u s a c t i v a t i o n andso l ve r ='adam ' f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' tanh ' , s o l v e r =' l b f g s ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with tangus h y p e r b o l i c u s a c t i v a t i o n and s o l v e r =' l b f g s ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' tanh ' , s o l v e r ='sgd ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with tangus h y p e r b o l i c u s a c t i v a t i o n and s o l v e r ='sgd ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' i d e n t i t y ' , s o l v e r =' l b f g s ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with i d e n t i t y a c t i v a t i o n and normal ized f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ 'RM' , 'NOX' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDVc # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , h idden_ layer_s izes =(120 ,80 ,80) , a c t i v a t i o n =' i d e n t i t y ' , s o l v e r =' l b f g s ' , ba tch_s ize =700 , a lpha =0.05)
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with r e l u a c t i v a t i o n and normal ized f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
p r i n t ( " and the number o f l a y e r s used : " , c l f . n_layers_ )

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , h idden_ layer_s izes =() , a c t i v a t i o n =' i d e n t i t y ' , s o l v e r =' l b f g s ' , ba tch_s ize =200 , a lpha =0.001)
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with r e l u a c t i v a t i o n and normal ized f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
p r i n t ( " and the number o f l a y e r s used : " , c l f . n_layers_ )

# Neural Network Regress ion
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#new model
f e a t u r e _ c o l s = [ 'CRIM' , 'ZN' , ' INDUS' , 'CHAS' , 'NOX' , 'RM' , 'AGE' , ' DIS ' , 'RAD' , 'TAX' , 'PTRATIO' , 'B' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 800)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " neu ra l network Regress ion ")
p l t . show ( )

#new model
f e a t u r e _ c o l s = [ 'CRIM' , 'ZN' , ' INDUS' , 'CHAS' , 'NOX' , 'RM' , 'AGE' , ' DIS ' , 'RAD' , 'TAX' , 'PTRATIO' , 'B' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 10000)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " neu ra l network Regress ion ")
p l t . show ( )

#new model
f e a t u r e _ c o l s = [ 'RM' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 2000)

# Train model
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r gs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with two input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ 'RM' , 'LSTAT' , 'PTRATIO' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 2000)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with th ree input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ 'RM' , 'LSTAT' , 'PTRATIO' , ' INDUS ' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 2000)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with fou r input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ 'RM' , 'LSTAT' , 'PTRATIO' , ' INDUS' , 'TAX' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 2000)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with f i v e input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ 'RM' , 'LSTAT' , 'PTRATIO' , ' INDUS' , 'TAX' , 'NOX' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e
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# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 2000)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with s i x input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ 'RM' , 'LSTAT' , 'PTRATIO' , ' INDUS ' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 8000 , a c t i v a t i o n =' l o g i s t i c ' )
r gs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with fou r input f e a t u r e s and l o g i s t i c a c t i v a t i o n in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 8000 , a c t i v a t i o n =' re lu ' , s o l v e r =' l b f g s ' , a lpha =0.1)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with fou r input f e a t u r e s and a c t i v a t i o n =' re lu ' i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ 'RM' , 'LSTAT' , 'PTRATIO' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 8000 , a c t i v a t i o n =' l o g i s t i c ' )
r gs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with th ree input f e a t u r e s and l o g i s t i c a c t i v a t i o n in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 8000 , a c t i v a t i o n =' re lu ' , s o l v e r =' l b f g s ' , a lpha =0.1)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with th ree input f e a t u r e s and a c t i v a t i o n =' re lu ' i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ 'RM' , 'LSTAT' , 'PTRATIO' , ' INDUS ' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 8000 , h idden_ layer_s izes =(100 , ) , a c t i v a t i o n =' re lu ' , s o l v e r =' l b f g s ' , a lpha =0.1 , )
r gs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with fou r normal ized input f e a t u r e s and a c t i v a t i o n =' re lu ' i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )
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#new model
f e a t u r e _ c o l s = [ 'RM' , 'LSTAT' , 'PTRATIO' , ' INDUS ' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 8000 , h idden_ layer_s izes =(100 , ) , a c t i v a t i o n =' re lu ' , s o l v e r =' l b f g s ' , a lpha =0.1)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with fou r input f e a t u r e s and a c t i v a t i o n =' re lu ' i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " neu ra l network Regress ion ")
p l t . show ( )

# L inear Regress ion
f e a t u r e _ c o l s = [ 'CRIM' , 'ZN' , ' INDUS' , 'CHAS' , 'NOX' , 'RM' , 'AGE' , ' DIS ' , 'RAD' , 'TAX' , 'PTRATIO' , 'B' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " L inear Regress ion ")
p l t . show ( )

#new model
f e a t u r e _ c o l s = [ 'CRIM' , 'ZN' , ' INDUS' , 'CHAS' , 'NOX' , 'RM' , 'AGE' , ' DIS ' , 'RAD' , 'TAX' , 'PTRATIO' , 'B' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )
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# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e normal ized f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " L inear Regress ion ")
p l t . show ( )

#new model
f e a t u r e _ c o l s = [ 'CRIM' , 'ZN' , ' INDUS' , 'CHAS' , 'NOX' , 'RM' , 'AGE' , ' DIS ' , 'RAD' , 'TAX' , 'PTRATIO' , 'B' , 'LSTAT' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( )

# The " accuracy " s c o r i n g i s p r o p o r t i o n a l to the number o f c o r r e c t c l a s s i f i c a t i o n s
r f e c v = RFECV( es t ima to r=rgs , s tep =1, cv=KFold ( 2 ) )
r f e c v . f i t (X, y )
p r i n t ( " Optimal number o f f e a t u r e s : %d" % r f e c v . n_features_ )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = (10 ,5 )
#p l o t the RDE
p l t . f i g u r e ( )
p l t . x l a b e l ( "Number o f f e a t u r e s s e l e c t e d ")
p l t . y l a b e l ( " Cross v a l i d a t i o n s c o r e ")
p l t . p l o t ( range (1 , l en ( r f e c v . gr id_scores_ ) + 1 ) , r f e c v . gr id_scores_ )
p l t . show ( )

#new model
f e a t u r e _ c o l s = [ 'RM' , 'LSTAT' , 'PTRATIO' , ' INDUS ' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True , norma l i ze=True )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with fou r input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

f e a t u r e _ c o l s = [ 'RM' , 'LSTAT' , 'PTRATIO' ]
X = df_rep lacena [ f e a t u r e _ c o l s ] . va l ues # Features
y = df_rep lacena .MEDV # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
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# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True , norma l i ze=True )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with th ree input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " L inear Regress ion ")
p l t . show ( )
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# Cred i t ca rd f raud Dataset

# run the dependenc ies
get_ipython ( ) . run_line_magic ( ' run ' , ' Dependencies ' )

#Read and prev iew data
df = pd . read_csv ( r "C: \ Users \ Alexandra . vanderMost \ A fs tuderen \Data\ c r e d i t c a r d . csv ")
p r i n t ( d f . shape )
p r i n t ( d f . d types )
d f . head ( )

# Change p l o t s i z e
p l t . rcParams [ " f i g u r e . f i g s i z e " ] = (20 ,10 )

# Plo t
d f . h i s t ( )

# s t a t i s t i c s d f . i s n u l l ( ) . sum ( )
d f . d e s c r i b e ( ) . round ( dec ima ls =2)

d f [ ' C lass ' ] . va lue_counts ( )
#p r i n t ( d f . columns )

d f . i s n u l l ( ) . sum ( )

d f . c o r r ( method = ' pearson ' ) . round ( dec ima ls =3)

# Feature importance f o r r e g r e s s i o n problem
f e a t u r e _ c o l s = [ ' Time ' , 'V1 ' , 'V2 ' , 'V3 ' , 'V4 ' , 'V5 ' , 'V6 ' , 'V7 ' , 'V8 ' , 'V9 ' , 'V10 ' ,

'V11 ' , 'V12 ' , 'V13 ' , 'V14 ' , 'V15 ' , 'V16 ' , 'V17 ' , 'V18 ' , 'V19 ' , 'V20 ' ,
'V21 ' , 'V22 ' , 'V23 ' , 'V24 ' , 'V25 ' , 'V26 ' , 'V27 ' , 'V28 ' , 'Amount ' ]

X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

# f e a t u r e e x t r a c t i o n
skb = Selec tKBest ( score_func=f _ r e g r e s s i o n )
skb = skb . f i t (X, y )

# L i s t Sco res
s c o r e = np . a r ray ( [ f ea tu re_co l s , skb . scores_ ] ) . t r anspose ( )
s c r = pd . DataFrame ( data=score , columns =[ ' Feature ' , ' Score ' ] )
p r i n t ( s c r )

# P lo t s c o r e s by f e a t u r e
p l t . bar ( f ea tu re_co l s , skb . scores_ )
p l t . x l a b e l ( ' Feature ' )
p l t . y l a b e l ( ' Score ' )
p l t . t i t l e ( ' Feature Un iva r i a te l i n e a r r e g r e s s i o n t e s t Score ' )

p l t . show ( )

s c r 2 = s c r . copy ( ) . [ { ' Score ' : ' in t32 ' } ]
s c r 2 . so r t_va lues ( by =[ ' Score ' ] , i n p l a c e=True )

# Feature importance f o r c l a s s i f i c a t i o n problem
f e a t u r e _ c o l s = [ ' Time ' , 'V1 ' , 'V2 ' , 'V3 ' , 'V4 ' , 'V5 ' , 'V6 ' , 'V7 ' , 'V8 ' , 'V9 ' , 'V10 ' ,

'V11 ' , 'V12 ' , 'V13 ' , 'V14 ' , 'V15 ' , 'V16 ' , 'V17 ' , 'V18 ' , 'V19 ' , 'V20 ' ,
'V21 ' , 'V22 ' , 'V23 ' , 'V24 ' , 'V25 ' , 'V26 ' , 'V27 ' , 'V28 ' , 'Amount ' ]

X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e

# f e a t u r e e x t r a c t i o n
skb = Selec tKBest ( score_func=f _ c l a s s i f )
skb = skb . f i t (X, y )

# L i s t Sco res
s c o r e = np . a r ray ( [ f ea tu re_co l s , skb . scores_ ] ) . t r anspose ( )
s c r = pd . DataFrame ( data=score , columns =[ ' Feature ' , ' Score ' ] )
p r i n t ( s c r )

# P lo t s c o r e s by f e a t u r e
p l t . bar ( f ea tu re_co l s , skb . scores_ )
p l t . x l a b e l ( ' Feature ' )
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p l t . y l a b e l ( ' Score ' )
p l t . t i t l e ( ' Feature ANOVA Score ' )

p l t . show ( )

#f u n c t i o n f o r True p o s s i t i v e s , TN FP and FN.
de f perf_measure ( y_actual , y_hat ) :

TP = 0
FP = 0
TN = 0
FN = 0

f o r i i n range ( l en ( y_hat ) ) :
i f y_actual [ i ]==y_hat [ i ]==1:

TP += 1
i f y_hat [ i ]==1 and y_actual [ i ] != y_hat [ i ] :

FP += 1
i f y_actual [ i ]==y_hat [ i ]==0:

TN += 1
i f y_hat [ i ]==0 and y_actual [ i ] != y_hat [ i ] :

FN += 1

re tu rn (TP, FP, TN, FN)

# ## Dec i s i on t r e e c l a s s i f i c a t i o n
# Feature importance f o r r e g r e s s i o n problem
f e a t u r e _ c o l s = [ ' Time ' , 'V1 ' , 'V2 ' , 'V3 ' , 'V4 ' , 'V5 ' , 'V6 ' , 'V7 ' , 'V8 ' , 'V9 ' , 'V10 ' ,

'V11 ' , 'V12 ' , 'V13 ' , 'V14 ' , 'V15 ' , 'V16 ' , 'V17 ' , 'V18 ' , 'V19 ' , 'V20 ' ,
'V21 ' , 'V22 ' , 'V23 ' , 'V24 ' , 'V25 ' , 'V26 ' , 'V27 ' , 'V28 ' , 'Amount ' ]

X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Dec i s i on Tree c l a s s i f e r o b j e c t
c l f = D e c i s i o n T r e e C l a s s i f i e r ( random_state=1)

# Train Dec i s i on Tree C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy us ing a l l a v a i l a b l e f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

# L i s t f e a t u r e importance
importance = np . ar ray ( [ f ea tu re_co l s , c l f . feature_importances_ ] ) . t r anspose ( )
imp = pd . DataFrame ( data=importance , columns =[ ' Feature ' , ' Importance ' ] )
p r i n t ( imp )

# Plo t f e a t u r e s importance
p l t . bar ( f ea tu re_co l s , c l f . feature_importances_ )
p l t . x l a b e l ( ' Feature ' )
p l t . y l a b e l ( ' Importance ' )
p l t . t i t l e ( ' Models f e a t u r e importance ' )

p l t . show ( )

# The " accuracy " s c o r i n g i s p r o p o r t i o n a l to the number o f c o r r e c t c l a s s i f i c a t i o n s
r f e c v = RFECV( es t ima to r=c l f , s tep =1, cv=S t r a t i f i e d K F o l d ( 2 ) , s c o r i n g =' accuracy ' )
r f e c v . f i t (X, y )
p r i n t ( " Optimal number o f f e a t u r e s : %d" % r f e c v . n_features_ )

#p l o t the RDE
p l t . f i g u r e ( )
p l t . x l a b e l ( "Number o f f e a t u r e s s e l e c t e d ")
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p l t . y l a b e l ( " Cross v a l i d a t i o n s c o r e ( nb o f c o r r e c t c l a s s i f i c a t i o n s ) " )
p l t . p l o t ( range (1 , l en ( r f e c v . gr id_scores_ ) + 1 ) , r f e c v . gr id_scores_ )
p l t . show ( )

# Feature importance f o r r e g r e s s i o n problem
f e a t u r e _ c o l s = [ ' V10 ' , ' V14 ' , ' V17 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Dec i s i on Tree c l a s s i f e r o b j e c t
c l f = D e c i s i o n T r e e C l a s s i f i e r ( random_state=1)

# Train Dec i s i on Tree C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy us ing th ree f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

# Feature importance f o r r e g r e s s i o n problem
f e a t u r e _ c o l s = [ ' V10 ' , ' V14 ' , ' V17 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Dec i s i on Tree c l a s s i f e r o b j e c t
c l f = D e c i s i o n T r e e C l a s s i f i e r ( c r i t e r i o n ="ent ropy " , max_depth=3, random_state=1)

# Train Dec i s i on Tree C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy us ing th ree f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

from s k l e a r n . e x t e r n a l s . s i x import St r ing IO
from IPython . d i s p l a y import Image
from s k l e a r n . t r e e import expor t_graphviz
import pydotp lus

dot_data = St r ing IO ( )
expor t_graphviz ( c l f , o u t _ f i l e=dot_data ,

f i l l e d=True , rounded=True ,
s p e c i a l _ c h a r a c t e r s=True , feature_names = fea tu re_co l s , class_names = [ ' 0 ' , ' 1 ' ] )

graph = pydotp lus . graph_from_dot_data ( dot_data . ge t va lue ( ) )
graph . write_png ( ' BostonHousingDTC . png ' )
Image ( graph . create_png ( ) )

# Dec i s i on t r e e r e g r e s s i o n
# Feature importance f o r r e g r e s s i o n problem
f e a t u r e _ c o l s = [ ' Time ' , 'V1 ' , 'V2 ' , 'V3 ' , 'V4 ' , 'V5 ' , 'V6 ' , 'V7 ' , 'V8 ' , 'V9 ' , 'V10 ' ,

'V11 ' , 'V12 ' , 'V13 ' , 'V14 ' , 'V15 ' , 'V16 ' , 'V17 ' , 'V18 ' , 'V19 ' , 'V20 ' ,
'V21 ' , 'V22 ' , 'V23 ' , 'V24 ' , 'V25 ' , 'V26 ' , 'V27 ' , 'V28 ' , 'Amount ' ]

X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e
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# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Dec i s i on Tree r e g r e s s i o n o b j e c t
r gs = Dec is ionTreeRegresso r ( random_state=1)

# Train Dec i s i on Tree C l a s s i f e r
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

# Get models f e a t u r e importance
importance = np . ar ray ( [ f ea tu re_co l s , r gs . feature_importances_ ] ) . t r anspose ( )
imp = pd . DataFrame ( data=importance , columns =[ ' Feature ' , ' Importance ' ] )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = (10 ,5 )
# Plo t f e a t u r e s importance
p l t . bar ( f ea tu re_co l s , r gs . feature_importances_ )
p l t . x l a b e l ( ' Feature ' )
p l t . y l a b e l ( ' Importance ' )
p l t . t i t l e ( ' Models f e a t u r e importance ' )
p l t . show ( )

# The " accuracy " s c o r i n g i s p r o p o r t i o n a l to the number o f c o r r e c t c l a s s i f i c a t i o n s
r f e c v = RFECV( es t ima to r=rgs , s tep =1, cv=KFold ( 2 ) )
r f e c v . f i t (X, y )
p r i n t ( " Optimal number o f f e a t u r e s : %d" % r f e c v . n_features_ )

#p l o t the RDE
p l t . f i g u r e ( )
p l t . x l a b e l ( "Number o f f e a t u r e s s e l e c t e d ")
p l t . y l a b e l ( " Cross v a l i d a t i o n s c o r e ")
p l t . p l o t ( range (1 , l en ( r f e c v . gr id_scores_ ) + 1 ) , r f e c v . gr id_scores_ )
p l t . show ( )

# Feature f o r r e g r e s s i o n problem
f e a t u r e _ c o l s = [ ' V17 ' , ' V10 ' , ' V14 ' , ' Time ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Dec i s i on Tree r e g r e s s i o n o b j e c t
r gs = Dec is ionTreeRegresso r ( random_state=1, max_depth=4)

# Train Dec i s i on Tree C l a s s i f e r
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

dot_data = St r ing IO ( )
expor t_graphviz ( rgs , o u t _ f i l e=dot_data ,

f i l l e d=True , rounded=True ,
s p e c i a l _ c h a r a c t e r s=True , feature_names = fea tu re_co l s , class_names = [ ' 0 ' , ' 1 ' ] )

graph = pydotp lus . graph_from_dot_data ( dot_data . ge t va lue ( ) )
graph . write_png ( ' CreditcardDTR . png ' )
Image ( graph . create_png ( ) )
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#Support Vector Machine c l a s s i f i c a t i o n
#new model
f e a t u r e _ c o l s = [ ' Time ' , 'V1 ' , 'V2 ' , 'V3 ' , 'V4 ' , 'V5 ' , 'V6 ' , 'V7 ' , 'V8 ' , 'V9 ' , 'V10 ' ,

'V11 ' , 'V12 ' , 'V13 ' , 'V14 ' , 'V15 ' , 'V16 ' , 'V17 ' , 'V18 ' , 'V19 ' , 'V20 ' ,
'V21 ' , 'V22 ' , 'V23 ' , 'V24 ' , 'V25 ' , 'V26 ' , 'V27 ' , 'V28 ' , 'Amount ' ]

X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

#Normal ize the input f e a t u r e s
f e a t u r e _ c o l s = [ ' Time ' , 'V1 ' , 'V2 ' , 'V3 ' , 'V4 ' , 'V5 ' , 'V6 ' , 'V7 ' , 'V8 ' , 'V9 ' , 'V10 ' ,

'V11 ' , 'V12 ' , 'V13 ' , 'V14 ' , 'V15 ' , 'V16 ' , 'V17 ' , 'V18 ' , 'V19 ' , 'V20 ' ,
'V21 ' , 'V22 ' , 'V23 ' , 'V24 ' , 'V25 ' , 'V26 ' , 'V27 ' , 'V28 ' , 'Amount ' ]

X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with a l l a v a i l a b l e and normal ized f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

119



# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with two input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with th ree input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with fou r input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' , 'V16 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )
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# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with f i v e input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' , 'V16 ' , 'V3 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with s i x input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' , 'V16 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t with k e r n e l r b f
c l f = svm .SVC( random_state=1, k e r n e l =' rb f ' , gamma='auto ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with r b f k e r n e l : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

# Create Support vec to r machine c l a s s i f e r o b j e c t with k e r n e l l i n e a r
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with l i n e a r k e r n e l : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

# Create Support vec to r machine c l a s s i f e r o b j e c t with k e r n e l po ly
c l f = svm .SVC( random_state=1, k e r n e l =' poly ' , degree =2, gamma='auto ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with po ly k e r n e l : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' , 'V16 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
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# Create Support vec to r machine c l a s s i f e r o b j e c t with k e r n e l r b f
c l f = svm .SVC( random_state=1, k e r n e l =' rb f ' , gamma='auto ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with r b f k e r n e l : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

# Support vec to r machine r e g r e s s i o n
#new model
f e a t u r e _ c o l s = [ ' Time ' , 'V1 ' , 'V2 ' , 'V3 ' , 'V4 ' , 'V5 ' , 'V6 ' , 'V7 ' , 'V8 ' , 'V9 ' , 'V10 ' ,

'V11 ' , 'V12 ' , 'V13 ' , 'V14 ' , 'V15 ' , 'V16 ' , 'V17 ' , 'V18 ' , 'V19 ' , 'V20 ' ,
'V21 ' , 'V22 ' , 'V23 ' , 'V24 ' , 'V25 ' , 'V26 ' , 'V27 ' , 'V28 ' , 'Amount ' ]

X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( max_iter = 4000)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

#new model
f e a t u r e _ c o l s = [ ' Time ' , 'V1 ' , 'V2 ' , 'V3 ' , 'V4 ' , 'V5 ' , 'V6 ' , 'V7 ' , 'V8 ' , 'V9 ' , 'V10 ' ,

'V11 ' , 'V12 ' , 'V13 ' , 'V14 ' , 'V15 ' , 'V16 ' , 'V17 ' , 'V18 ' , 'V19 ' , 'V20 ' ,
'V21 ' , 'V22 ' , 'V23 ' , 'V24 ' , 'V25 ' , 'V26 ' , 'V27 ' , 'V28 ' , 'Amount ' ]

X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with normal ized f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' )

# Train model
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r gs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with two input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with th ree input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with fou r input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' , 'V16 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with f i v e input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' , 'V16 ' , 'V3 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e
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# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with s i x input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#Decrease da tase t s i z e
d f = df . sample ( f r a c = 0 . 1 , random_state = 1)
d f [ ' C lass ' ] . va lue_counts ( )
#p r i n t ( d f . columns )

f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' , 'V16 ' , 'V3 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' rb f ' , gamma='auto ' )
r gs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with r b f k e r n e l i n R^2" , r gs . s c o r e ( X_test , y_test ) )

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' rb f ' , gamma='auto ' )
r gs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with r b f k e r n e l i n R^2" , r gs . s c o r e ( X_test , y_test ) )

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' , gamma='auto ' )
r gs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with l i n e a r k e r n e l i n R^2" , r gs . s c o r e ( X_test , y_test ) )

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' , gamma=' s c a l e ' )
r gs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with l i n e a r k e r n e l i n R^2" , r gs . s c o r e ( X_test , y_test ) )

# Create Support vec to r machine r e g r e s s i o n o b j e c t
rgs_poly = svm .SVR( k e r n e l =' poly ' , gamma='auto ' , degree =2)
rgs_poly = rgs_poly . f i t ( X_train , y_tra in )
y_pred = rgs_poly . p r e d i c t ( X_test )
p r i n t ( " Accuracy with po ly k e r n e l degree=2 in R^2" , rgs_poly . s c o r e ( X_test , y_test ) )

# Create Support vec to r machine r e g r e s s i o n o b j e c t
rgs_poly = svm .SVR( k e r n e l =' poly ' , gamma=' s c a l e ' , degree =2)
rgs_poly = rgs_poly . f i t ( X_train , y_tra in )
y_pred = rgs_poly . p r e d i c t ( X_test )
p r i n t ( " Accuracy with po ly k e r n e l degree=2 in R^2" , rgs_poly . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' , 'V16 ' , 'V3 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' s igmoid ' )
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r gs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with s igmoid k e r n e l i n R^2" , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' , 'V16 ' , 'V3 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
rgs_poly = svm .SVR( k e r n e l =' poly ' , C=30, gamma='auto ' , degree =2, e p s i l o n =0.5 , c o e f 0 =1)

# Train model
rgs_poly = rgs_poly . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs_poly . p r e d i c t ( X_test )
# Model Accuracy
p r i n t ( " Accuracy with normal ized input f e a t u r e s in R^2" , rgs_poly . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " suppor t vec to r machine Regress ion ")
p l t . show ( )

# ## Neural Network C l a s s i f i c a t i o n
#new model
f e a t u r e _ c o l s = [ ' Time ' , 'V1 ' , 'V2 ' , 'V3 ' , 'V4 ' , 'V5 ' , 'V6 ' , 'V7 ' , 'V8 ' , 'V9 ' , 'V10 ' ,

'V11 ' , 'V12 ' , 'V13 ' , 'V14 ' , 'V15 ' , 'V16 ' , 'V17 ' , 'V18 ' , 'V19 ' , 'V20 ' ,
'V21 ' , 'V22 ' , 'V23 ' , 'V24 ' , 'V25 ' , 'V26 ' , 'V27 ' , 'V28 ' , 'Amount ' ]

X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create neu ra l network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter=100)

# Train neu ra l network C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with a l l a v a i l a b l e input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

#new model
f e a t u r e _ c o l s = [ ' Time ' , 'V1 ' , 'V2 ' , 'V3 ' , 'V4 ' , 'V5 ' , 'V6 ' , 'V7 ' , 'V8 ' , 'V9 ' , 'V10 ' ,

'V11 ' , 'V12 ' , 'V13 ' , 'V14 ' , 'V15 ' , 'V16 ' , 'V17 ' , 'V18 ' , 'V19 ' , 'V20 ' ,
'V21 ' , 'V22 ' , 'V23 ' , 'V24 ' , 'V25 ' , 'V26 ' , 'V27 ' , 'V28 ' , 'Amount ' ]

X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
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X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create neu ra l network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter=100)

# Train neu ra l network C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with a l l a v a i l a b l e normal ized input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter=400)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with two input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter=400)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with th ree input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter=400)
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# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with fou r input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' , 'V16 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter=400)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with f i v e input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' , 'V16 ' , 'V3 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter=400)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with s i x input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

#new model
f e a t u r e _ c o l s = [ ' V17 ' , ' V10 ' , ' V12 ' , ' V14 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' re lu ' , s o l v e r ='adam ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with r e l u a c t i v a t i o n and s o l v e r ='adam ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
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TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' re lu ' , s o l v e r =' l b f g s ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with r e l u a c t i v a t i o n and s o l v e r =' l b f g s ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' re lu ' , s o l v e r ='sgd ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with r e l u a c t i v a t i o n and s o l v e r ='sgd ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' i d e n t i t y ' , s o l v e r ='adam ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with i d e n t i t y a c t i v a t i o n and s o l v e r ='adam ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =40000 , a c t i v a t i o n =' i d e n t i t y ' , s o l v e r =' l b f g s ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with i d e n t i t y a c t i v a t i o n and s o l v e r =' l b f g s ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' i d e n t i t y ' , s o l v e r ='sgd ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with i d e n t i t y a c t i v a t i o n f e a t u r e and s o l v e r ='sgd ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' l o g i s t i c ' , s o l v e r ='adam ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with l o g i s t i c a c t i v a t i o n and s o l v e r ='adam ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' l o g i s t i c ' , s o l v e r =' l b f g s ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with l o g i s t i c a c t i v a t i o n and s o l v e r =' l b f g s ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' l o g i s t i c ' , s o l v e r ='sgd ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with l o g i s t i c a c t i v a t i o n and s o l v e r ='sgd ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
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p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' tanh ' , s o l v e r ='adam ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with tangus h y p e r b o l i c u s a c t i v a t i o n andso l ve r ='adam ' f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' tanh ' , s o l v e r =' l b f g s ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with tangus h y p e r b o l i c u s a c t i v a t i o n and s o l v e r =' l b f g s ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' tanh ' , s o l v e r ='sgd ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with tangus h y p e r b o l i c u s a c t i v a t i o n and s o l v e r ='sgd ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , h idden_ layer_s izes =(120 ,80 ,80) , a c t i v a t i o n =' i d e n t i t y ' , s o l v e r =' l b f g s ' , ba tch_s ize =700 , a lpha =0.05)
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with a c t i v a t i o n =' i d e n t i t y ' , s o l v e r =' l b f g s ' and alpha =0 .05 : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
p r i n t ( " and the number o f l a y e r s used : " , c l f . n_layers_ )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , h idden_ layer_s izes =() , a c t i v a t i o n =' i d e n t i t y ' , s o l v e r =' l b f g s ' , ba tch_s ize =200 , a lpha =0.001)
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with a c t i v a t i o n =' i d e n t i t y ' , s o l v e r =' l b f g s ' and alpha =0.001 : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
p r i n t ( " and the number o f l a y e r s used : " , c l f . n_layers_ )
# Amount o f t rue p o s i t i v e s , f a l s e p o s i t i v e , t rue nega t i ve and f a l s e nega t i ve
TP, FP, TN, FN = perf_measure ( y_test . va lues , y_pred )
p r i n t ( "TP: " ,TP, " FP: " , FP, " TN: " , TN, " FN: " , FN)

# Neural Network r e g r e s s i o n
#new model
f e a t u r e _ c o l s = [ ' Time ' , 'V1 ' , 'V2 ' , 'V3 ' , 'V4 ' , 'V5 ' , 'V6 ' , 'V7 ' , 'V8 ' , 'V9 ' , 'V10 ' ,

'V11 ' , 'V12 ' , 'V13 ' , 'V14 ' , 'V15 ' , 'V16 ' , 'V17 ' , 'V18 ' , 'V19 ' , 'V20 ' ,
'V21 ' , 'V22 ' , 'V23 ' , 'V24 ' , 'V25 ' , 'V26 ' , 'V27 ' , 'V28 ' , 'Amount ' ]

X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

#nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
#X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
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r gs = MLPRegressor ( random_state = 1 , max_iter = 100)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " neu ra l network Regress ion ")
p l t . show ( )

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 2000)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with two input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 2000)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with th ree input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 2000)

# Train model
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r gs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with fou r input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' , 'V16 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 2000)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with f i v e input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' , 'V16 ' , 'V3 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 2000)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with s i x input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 8000)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with a c t i v a t i o n =' re lu ' , s o l v e r ='adam ' in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 8000 , a c t i v a t i o n =' l o g i s t i c ' )
r gs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with l o g i s t i c a c t i v a t i o n , s o l v e r ='adam ' in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , h idden_ layer_s izes =(100 , ) , max_iter = 8000 , a c t i v a t i o n =' re lu ' , s o l v e r =' l b f g s ' , a lpha =0.1)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with a c t i v a t i o n =' re lu ' , s o l v e r =' l b f g s ' i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )
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#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 8000)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with f i v e input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " neu ra l network Regress ion ")
p l t . show ( )

# L inear r e g r e s s i o n
#new model
f e a t u r e _ c o l s = [ ' Time ' , 'V1 ' , 'V2 ' , 'V3 ' , 'V4 ' , 'V5 ' , 'V6 ' , 'V7 ' , 'V8 ' , 'V9 ' , 'V10 ' ,

'V11 ' , 'V12 ' , 'V13 ' , 'V14 ' , 'V15 ' , 'V16 ' , 'V17 ' , 'V18 ' , 'V19 ' , 'V20 ' ,
'V21 ' , 'V22 ' , 'V23 ' , 'V24 ' , 'V25 ' , 'V26 ' , 'V27 ' , 'V28 ' , 'Amount ' ]

X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' Time ' , 'V1 ' , 'V2 ' , 'V3 ' , 'V4 ' , 'V5 ' , 'V6 ' , 'V7 ' , 'V8 ' , 'V9 ' , 'V10 ' ,

'V11 ' , 'V12 ' , 'V13 ' , 'V14 ' , 'V15 ' , 'V16 ' , 'V17 ' , 'V18 ' , 'V19 ' , 'V20 ' ,
'V21 ' , 'V22 ' , 'V23 ' , 'V24 ' , 'V25 ' , 'V26 ' , 'V27 ' , 'V28 ' , 'Amount ' ]

X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e normal ized f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )
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#new model
f e a t u r e _ c o l s = [ ' Time ' , 'V1 ' , 'V2 ' , 'V3 ' , 'V4 ' , 'V5 ' , 'V6 ' , 'V7 ' , 'V8 ' , 'V9 ' , 'V10 ' ,

'V11 ' , 'V12 ' , 'V13 ' , 'V14 ' , 'V15 ' , 'V16 ' , 'V17 ' , 'V18 ' , 'V19 ' , 'V20 ' ,
'V21 ' , 'V22 ' , 'V23 ' , 'V24 ' , 'V25 ' , 'V26 ' , 'V27 ' , 'V28 ' , 'Amount ' ]

X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( )

# The " accuracy " s c o r i n g i s p r o p o r t i o n a l to the number o f c o r r e c t c l a s s i f i c a t i o n s
r f e c v = RFECV( es t ima to r=rgs , s tep =1, cv=KFold ( 2 ) )
r f e c v . f i t (X, y )
p r i n t ( " Optimal number o f f e a t u r e s : %d" % r f e c v . n_features_ )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = (10 ,5 )
#p l o t the RDE
p l t . f i g u r e ( )
p l t . x l a b e l ( "Number o f f e a t u r e s s e l e c t e d ")
p l t . y l a b e l ( " Cross v a l i d a t i o n s c o r e ")
p l t . p l o t ( range (1 , l en ( r f e c v . gr id_scores_ ) + 1 ) , r f e c v . gr id_scores_ )
p l t . show ( )

#new model
f e a t u r e _ c o l s = [ ' V17 ' , 'V14 ' , 'V12 ' , 'V10 ' , 'V16 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with f i v e input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' V17 ' , ' V10 ' , 'V12 ' , ' V14 ' , ' V16 ' , ' V3 ' , ' V7 ' , ' V11 ' , ' V4 ' , ' V18 ' , ' V1 ' , ' V9 ' , ' V5 ' , ' V2 ' , ' V6 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with 15 input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' V17 ' , ' V10 ' , 'V12 ' , ' V14 ' , ' V16 ' , ' V3 ' , ' V7 ' , ' V11 ' , ' V4 ' , ' V18 ' , ' V1 ' , ' V9 ' , ' V5 ' , ' V2 ' , ' V6 ' , 'V21 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e
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# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with 16 input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' V17 ' , ' V10 ' , 'V12 ' , ' V14 ' , ' V16 ' , ' V3 ' , ' V7 ' , ' V11 ' , ' V4 ' , ' V18 ' , ' V1 ' , ' V9 ' , ' V5 ' , ' V2 ' , ' V6 ' , ' V21 ' , ' V19 ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . C lass # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with 17 input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )
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G Code for modeling Heart diseases data
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# Heart D isease Dataset

# run the dependenc ies
get_ipython ( ) . run_line_magic ( ' run ' , ' Dependencies ' )

#Read and prev iew data
df = pd . read_csv ( r "C: \ Users \ Alexandra . vanderMost \ A fs tuderen \Data\ Heart . csv ")
p r i n t ( d f . shape )

##p r i n t ( d f . d types )
d f . head ( )

# Change p l o t s i z e
p l t . rcParams [ " f i g u r e . f i g s i z e " ] = (20 ,10 )

# Plo t
d f . h i s t ( )

# s t a t i s t i c s
d f . d e s c r i b e ( ) . round ( dec ima ls =2)
d f . i s n u l l ( ) . sum ( )

#measure column c o r r e l a t i o n s
df . c o r r ( method = ' pearson ' ) . round ( dec ima ls =3)

# Feature importance
# Feature importance f o r r e g r e s s i o n problem
f e a t u r e _ c o l s = [ ' age ' , ' sex ' , ' t r es tbps ' , ' cho l ' , ' fbs ' , ' r e s t e c g ' , ' exang ' , ' o ldpeak ' , ' s lope ' , ' ca ' , ' tha l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t # Target v a r i a b l e

# f e a t u r e e x t r a c t i o n
skb = Selec tKBest ( score_func=f _ r e g r e s s i o n )
skb = skb . f i t (X, y )

# L i s t Sco res
s c o r e = np . a r ray ( [ f ea tu re_co l s , skb . scores_ ] ) . t r anspose ( )
s c r = pd . DataFrame ( data=score , columns =[ ' Feature ' , ' Score ' ] )
p r i n t ( s c r )

# P lo t s c o r e s by f e a t u r e
p l t . rcParams [ " f i g u r e . f i g s i z e " ] = (10 ,6 )
p l t . bar ( f ea tu re_co l s , skb . scores_ )
p l t . x l a b e l ( ' Feature ' )
p l t . y l a b e l ( ' Score ' )
p l t . t i t l e ( ' Feature Un iva r i a te l i n e a r r e g r e s s i o n t e s t Score ' )

p l t . show ( )

# Feature importance f o r c l a s s i f i c a t i o n problem
f e a t u r e _ c o l s = [ ' age ' , ' sex ' , ' t r es tbps ' , ' cho l ' , ' fbs ' , ' r e s t e c g ' , ' exang ' , ' o ldpeak ' , ' s lope ' , ' ca ' , ' tha l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ' ) # Target v a r i a b l e

# f e a t u r e e x t r a c t i o n
skb = Selec tKBest ( score_func=f _ c l a s s i f )
skb = skb . f i t (X, y )

# L i s t Sco res
s c o r e = np . a r ray ( [ f ea tu re_co l s , skb . scores_ ] ) . t r anspose ( )
s c r = pd . DataFrame ( data=score , columns =[ ' Feature ' , ' Score ' ] )
p r i n t ( s c r )

# P lo t s c o r e s by f e a t u r e
p l t . bar ( f ea tu re_co l s , skb . scores_ )
p l t . x l a b e l ( ' Feature ' )
p l t . y l a b e l ( ' Score ' )
p l t . t i t l e ( ' Feature ANOVA Score ' )

p l t . show ( )

# Dec i s i on Tree C l a s s i f i c a t i o n
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#new model
f e a t u r e _ c o l s = [ ' age ' , ' sex ' , ' t r es tbps ' , ' cho l ' , ' fbs ' , ' r e s t e c g ' , ' exang ' , ' o ldpeak ' , ' s lope ' , ' ca ' , ' tha l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Dec i s i on Tree c l a s s i f e r o b j e c t
c l f = D e c i s i o n T r e e C l a s s i f i e r ( random_state=1)

# Train Dec i s i on Tree C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy us ing a l l a v a i l a b l e f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# L i s t f e a t u r e importance
importance = np . ar ray ( [ f ea tu re_co l s , c l f . feature_importances_ ] ) . t r anspose ( )
imp = pd . DataFrame ( data=importance , columns =[ ' Feature ' , ' Importance ' ] )
p r i n t ( imp )

# Plo t f e a t u r e s importance
p l t . bar ( f ea tu re_co l s , c l f . feature_importances_ )
p l t . x l a b e l ( ' Feature ' )
p l t . y l a b e l ( ' Importance ' )
p l t . t i t l e ( ' Models f e a t u r e importance ' )

p l t . show ( )

# The " accuracy " s c o r i n g i s p r o p o r t i o n a l to the number o f c o r r e c t c l a s s i f i c a t i o n s
r f e c v = RFECV( es t ima to r=c l f , s tep =1, cv=S t r a t i f i e d K F o l d ( 2 ) , s c o r i n g =' accuracy ' )
r f e c v . f i t (X, y )
p r i n t ( " Optimal number o f f e a t u r e s : %d" % r f e c v . n_features_ )

#p l o t the RDE
p l t . f i g u r e ( )
p l t . x l a b e l ( "Number o f f e a t u r e s s e l e c t e d ")
p l t . y l a b e l ( " Cross v a l i d a t i o n s c o r e ( nb o f c o r r e c t c l a s s i f i c a t i o n s ) " )
p l t . p l o t ( range (1 , l en ( r f e c v . gr id_scores_ ) + 1 ) , r f e c v . gr id_scores_ )
p l t . show ( )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' age ' , ' ca ' , ' o ldpeak ' , ' tha l ' , ' t r es tbps ' , ' cho l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Train Dec i s i on Tree C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

#P red i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy us ing ' t r es tbps ' , ' cho l ' f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' age ' , ' ca ' , ' o ldpeak ' , ' tha l ' , ' t r es tbps ' , ' sex ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Train Dec i s i on Tree C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )
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#Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy us ing ' t r es tbps ' , ' sex ' f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' age ' , ' ca ' , ' o ldpeak ' , ' tha l ' , ' sex ' , ' cho l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Train Dec i s i on Tree C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

#P red i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy us ing ' sex ' , ' cho l ' f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' age ' , ' ca ' , ' o ldpeak ' , ' tha l ' , ' t r es tbps ' , ' s lope ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Train Dec i s i on Tree C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

#P red i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy us ing ' t r es tbps ' , ' s lope ' f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' age ' , ' ca ' , ' o ldpeak ' , ' tha l ' , ' s lope ' , ' cho l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Train Dec i s i on Tree C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

#P red i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy us ing ' s lope ' , ' chol ' f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' age ' , ' ca ' , ' o ldpeak ' , ' tha l ' , ' s lope ' , ' age ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Train Dec i s i on Tree C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

#P red i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
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p r i n t ( " Accuracy us ing ' s lope ' , ' age ' f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' age ' , ' ca ' , ' o ldpeak ' , ' tha l ' , ' t r es tbps ' , ' sex ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Dec i s i on Tree c l a s s i f e r o b j e c t
c l f = D e c i s i o n T r e e C l a s s i f i e r ( c r i t e r i o n =" g i n i " , max_depth=5, random_state=1)

# Train Dec i s i on Tree C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy a f t e r op t im i za t i on : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

from s k l e a r n . e x t e r n a l s . s i x import St r ing IO
from IPython . d i s p l a y import Image
from s k l e a r n . t r e e import expor t_graphviz
import pydotp lus

dot_data = St r ing IO ( )
expor t_graphviz ( c l f , o u t _ f i l e=dot_data ,

f i l l e d=True , rounded=True ,
s p e c i a l _ c h a r a c t e r s=True , feature_names = fea tu re_co l s , class_names = [ ' 0 ' , ' 1 ' ] )

graph = pydotp lus . graph_from_dot_data ( dot_data . ge t va lue ( ) )
graph . write_png ( ' BostonHousingDTC . png ' )
Image ( graph . create_png ( ) )

# Dec i s i on Tree Regress ion
#new model
f e a t u r e _ c o l s = [ ' age ' , ' sex ' , ' t r es tbps ' , ' cho l ' , ' fbs ' , ' r e s t e c g ' , ' exang ' , ' o ldpeak ' , ' s lope ' , ' ca ' , ' tha l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create a Dec i s i on Tree C l a s s i f e r
rgs = Dec is ionTreeRegresso r ( c r i t e r i o n = ' mse ' , random_state=1)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with c r i t e r i o n = ' mse ' i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Create a Dec i s i on Tree C l a s s i f e r
rgs = Dec is ionTreeRegresso r ( c r i t e r i o n = ' friedman_mse ' , random_state=1)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with c r i t e r i o n = ' friedman_mse ' i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Create a Dec i s i on Tree C l a s s i f e r
rgs = Dec is ionTreeRegresso r ( c r i t e r i o n = 'mae ' , random_state=1)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with c r i t e r i o n = 'mae ' i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Create a Dec i s i on Tree C l a s s i f e r
rgs = Dec is ionTreeRegresso r ( c r i t e r i o n = ' mse ' , s p l i t t e r = ' random ' , random_state=1)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with c r i t e r i o n = ' mse ' , s p l i t t e r = ' random ' in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Get models f e a t u r e importance
importance = np . ar ray ( [ f ea tu re_co l s , r gs . feature_importances_ ] ) . t r anspose ( )
imp = pd . DataFrame ( data=importance , columns =[ ' Feature ' , ' Importance ' ] )
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p l t . rcParams [ " f i g u r e . f i g s i z e " ] = (10 ,5 )
# Plo t f e a t u r e s importance
p l t . bar ( f ea tu re_co l s , r gs . feature_importances_ )
p l t . x l a b e l ( ' Feature ' )
p l t . y l a b e l ( ' Importance ' )
p l t . t i t l e ( ' Models f e a t u r e importance ' )
p l t . show ( )

# The " accuracy " s c o r i n g i s p r o p o r t i o n a l to the number o f c o r r e c t c l a s s i f i c a t i o n s
r f e c v = RFECV( es t ima to r=rgs , s tep =1, cv=KFold ( 2 ) )
r f e c v . f i t (X, y )
p r i n t ( " Optimal number o f f e a t u r e s : %d" % r f e c v . n_features_ )

#p l o t the RDE
p l t . f i g u r e ( )
p l t . x l a b e l ( "Number o f f e a t u r e s s e l e c t e d ")
p l t . y l a b e l ( " Cross v a l i d a t i o n s c o r e ")
p l t . p l o t ( range (1 , l en ( r f e c v . gr id_scores_ ) + 1 ) , r f e c v . gr id_scores_ )
p l t . show ( )

#new model
f e a t u r e _ c o l s = [ ' exang ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

rgs = Dec is ionTreeRegresso r ( c r i t e r i o n = ' mse ' , max_depth=3, random_state=1)

# Train Dec i s i on Tree C l a s s i f e r
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with one f e a t u r e in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' ca ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

rgs = Dec is ionTreeRegresso r ( c r i t e r i o n = ' mse ' , max_depth=4, random_state=1)

# Train Dec i s i on Tree C l a s s i f e r
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with two f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' ca ' , ' t r es tbps ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

rgs = Dec is ionTreeRegresso r ( c r i t e r i o n = ' mse ' , max_depth=5, random_state=1)

# Train Dec i s i on Tree C l a s s i f e r
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )
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# Model Accuracy
p r i n t ( " Accuracy with th ree f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' ca ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

rgs = Dec is ionTreeRegresso r ( c r i t e r i o n = ' mse ' , max_depth=4, random_state=1)

# Train Dec i s i on Tree C l a s s i f e r
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with two f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

dot_data = St r ing IO ( )
expor t_graphviz ( rgs , o u t _ f i l e=dot_data ,

f i l l e d=True , rounded=True ,
s p e c i a l _ c h a r a c t e r s=True , feature_names = fea tu re_co l s , class_names = [ ' 0 ' , ' 1 ' ] )

graph = pydotp lus . graph_from_dot_data ( dot_data . ge t va lue ( ) )
graph . write_png ( ' BostonHousingDTR . png ' )
Image ( graph . create_png ( ) )

# Support vec to r machine c l a s s i f i c a t i o n
#new model
f e a t u r e _ c o l s = [ ' age ' , ' sex ' , ' t r es tbps ' , ' cho l ' , ' fbs ' , ' r e s t e c g ' , ' exang ' , ' o ldpeak ' , ' s lope ' , ' ca ' , ' tha l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' age ' , ' sex ' , ' t r es tbps ' , ' cho l ' , ' fbs ' , ' r e s t e c g ' , ' exang ' , ' o ldpeak ' , ' s lope ' , ' ca ' , ' tha l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ' ) # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l1 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )
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# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with a l l a v a i l a b l e and normal ized f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with two input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with th ree input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with fou r input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )
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# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with f i v e input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' , ' sex ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with s i x input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' , ' sex ' , ' age ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with seven input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' , ' sex ' , ' age ' , ' t r es tbps ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with e i g h t input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' , ' sex ' , ' age ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
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y = df . t a r g e t . as type ( ' ca tegory ' ) # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t with k e r n e l r b f
c l f = svm .SVC( random_state=1, k e r n e l =' rb f ' , gamma='auto ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with r b f k e r n e l : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Support vec to r machine c l a s s i f e r o b j e c t with k e r n e l l i n e a r
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with l i n e a r k e r n e l : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Support vec to r machine c l a s s i f e r o b j e c t with k e r n e l po ly
c l f = svm .SVC( random_state=1, k e r n e l =' poly ' , degree =2, gamma='auto ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with po ly k e r n e l : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Support vec to r machine r e g r e s s i o n
#new model
f e a t u r e _ c o l s = [ ' age ' , ' sex ' , ' t r es tbps ' , ' cho l ' , ' fbs ' , ' r e s t e c g ' , ' exang ' , ' o ldpeak ' , ' s lope ' , ' ca ' , ' tha l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s and r b f k e r n e l i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' age ' , ' sex ' , ' t r es tbps ' , ' cho l ' , ' fbs ' , ' r e s t e c g ' , ' exang ' , ' o ldpeak ' , ' s lope ' , ' ca ' , ' tha l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s and l i n e a r k e r n e l i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t # Target v a r i a b l e
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# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with two input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with th ree input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with fou r input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
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p r i n t ( " Accuracy with f i v e input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' , ' sex ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with s i x input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' , ' sex ' , ' age ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with seven input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' , ' sex ' , ' age ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' rb f ' , C=10)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with k e r n e l r b f i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' , C=10)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with k e r n e l l i n e a r and C=10 in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' , C=15)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with k e r n e l l i n a e r and C=15 in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l ='poly ' , degree =2)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with k e r n e l p loy o f second degree in R^2 : " , r gs . s c o r e ( X_test , y_test ) )
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# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l ='poly ' , degree =3)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with k e r n e l p loy o f t h i r t h degree and gamma=' s c a l e ' i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#The input f e a t u r e s
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' , ' sex ' , ' age ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
rgs_poly = svm .SVR( k e r n e l =' poly ' , gamma='auto ' , degree =2, e p s i l o n =0.05 , c o e f 0 =1)

# Train model
rgs_poly = rgs_poly . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs_poly . p r e d i c t ( X_test )
# Model Accuracy
p r i n t ( " Accuracy with k e r n e l =' poly ' , gamma='auto ' , degree =2, e p s i l o n =0.05 , c o e f 0=1 in R^2" , rgs_poly . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " suppor t vec to r machine Regress ion ")
p l t . show ( )

# Neural Network C l a s s i f i c a t i o n
#new model
f e a t u r e _ c o l s = [ ' age ' , ' sex ' , ' t r es tbps ' , ' cho l ' , ' fbs ' , ' r e s t e c g ' , ' exang ' , ' o ldpeak ' , ' s lope ' , ' ca ' , ' tha l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ')# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter=400)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with a l l a v a i l a b l e input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#Normal ized input f e a t u r e s
f e a t u r e _ c o l s = [ ' age ' , ' sex ' , ' t r es tbps ' , ' cho l ' , ' fbs ' , ' r e s t e c g ' , ' exang ' , ' o ldpeak ' , ' s lope ' , ' ca ' , ' tha l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ')# Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l1 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000)

# Train Support vec to r machine C l a s s i f e r
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c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with a l l a v a i l a b l e normal ized input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ')# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with two input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ')# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with th ree input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ')# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with fou r input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ')# Target v a r i a b l e
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# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with f i v e input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' , ' sex ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ')# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with s i x input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' , ' sex ' , ' age ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ')# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with seven input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ')# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, a c t i v a t i o n = ' i d e n t i t y ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
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p r i n t ( " Accuracy with a c t i v a t i o n i d e n t i t y and th ree f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, a c t i v a t i o n = ' l o g i s t i c ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with a c t i v a t i o n l o g i s t i c and th ree f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, a c t i v a t i o n = ' tanh ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with a c t i v a t i o n tanh and th ree f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, a c t i v a t i o n = ' re lu ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with a c t i v a t i o n r e l u and th ree f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' , ' sex ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t . as type ( ' ca tegory ')# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, a c t i v a t i o n = ' i d e n t i t y ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with a c t i v a t i o n i d e n t i t y and s i x f e a t u r e s s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, a c t i v a t i o n = ' l o g i s t i c ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with a c t i v a t i o n l o g i s t i c and s i x f e a t u r e s s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, a c t i v a t i o n = ' tanh ' )
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# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with a c t i v a t i o n tanh and s i x f e a t u r e s s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, a c t i v a t i o n = ' re lu ' )

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with a c t i v a t i o n r e l u and s i x f e a t u r e s s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Neural Network Regress ion
#new model
f e a t u r e _ c o l s = [ ' age ' , ' sex ' , ' t r es tbps ' , ' cho l ' , ' fbs ' , ' r e s t e c g ' , ' exang ' , ' o ldpeak ' , ' s lope ' , ' ca ' , ' tha l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , a c t i v a t i o n = ' l o g i s t i c ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " neu ra l network Regress ion ")
p l t . show ( )

#new model
f e a t u r e _ c o l s = [ ' age ' , ' sex ' , ' t r es tbps ' , ' cho l ' , ' fbs ' , ' r e s t e c g ' , ' exang ' , ' o ldpeak ' , ' s lope ' , ' ca ' , ' tha l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t# Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , a c t i v a t i o n = ' l o g i s t i c ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )
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# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , a c t i v a t i o n = ' l o g i s t i c ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with two input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , a c t i v a t i o n = ' l o g i s t i c ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with th ree input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , a c t i v a t i o n = ' l o g i s t i c ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with fou r input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , a c t i v a t i o n = ' l o g i s t i c ' )
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# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with f i v e input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' , ' sex ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , a c t i v a t i o n = ' l o g i s t i c ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with s i x input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' , ' sex ' , ' age ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , a c t i v a t i o n = ' l o g i s t i c ' )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with seven input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' , ' sex ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , a c t i v a t i o n = ' l o g i s t i c ' , s o l v e r =' l b f g s ' , a lpha =0.1)
# Train model
rgs = rgs . f i t ( X_train , y_tra in )
# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )
# Model Accuracy
p r i n t ( " Accuracy with s o l v e r =' l b f g s ' i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , a c t i v a t i o n = ' l o g i s t i c ' , s o l v e r ='sgd ' , a lpha =0.1)
# Train model
rgs = rgs . f i t ( X_train , y_tra in )
# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )
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# Model Accuracy
p r i n t ( " Accuracy with s o l v e r ='sgd ' i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , a c t i v a t i o n = ' l o g i s t i c ' , s o l v e r ='adam ' , a lpha =0.1)
# Train model
rgs = rgs . f i t ( X_train , y_tra in )
# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )
# Model Accuracy
p r i n t ( " Accuracy with s o l v e r ='adam ' in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' , ' sex ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , a c t i v a t i o n = ' l o g i s t i c ' , s o l v e r =' l b f g s ' , a lpha =0.1)
# Train model
rgs = rgs . f i t ( X_train , y_tra in )
# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )
# Model Accuracy
p r i n t ( " Accuracy with s i x input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " neu ra l network Regress ion ")
p l t . show ( )

# L inear Regress ion
#new model
f e a t u r e _ c o l s = [ ' age ' , ' sex ' , ' t r es tbps ' , ' cho l ' , ' fbs ' , ' r e s t e c g ' , ' exang ' , ' o ldpeak ' , ' s lope ' , ' ca ' , ' tha l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " L inear Regress ion ")
p l t . show ( )

#new model
f e a t u r e _ c o l s = [ ' age ' , ' sex ' , ' t r es tbps ' , ' cho l ' , ' fbs ' , ' r e s t e c g ' , ' exang ' , ' o ldpeak ' , ' s lope ' , ' ca ' , ' tha l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t# Target v a r i a b l e
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nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e normal ized f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' age ' , ' sex ' , ' t r es tbps ' , ' cho l ' , ' fbs ' , ' r e s t e c g ' , ' exang ' , ' o ldpeak ' , ' s lope ' , ' ca ' , ' tha l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( )

# The " accuracy " s c o r i n g i s p r o p o r t i o n a l to the number o f c o r r e c t c l a s s i f i c a t i o n s
r f e c v = RFECV( es t ima to r=rgs , s tep =1, cv=KFold ( 2 ) )
r f e c v . f i t (X, y )
p r i n t ( " Optimal number o f f e a t u r e s : %d" % r f e c v . n_features_ )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = (10 ,5 )
#p l o t the RDE
p l t . f i g u r e ( )
p l t . x l a b e l ( "Number o f f e a t u r e s s e l e c t e d ")
p l t . y l a b e l ( " Cross v a l i d a t i o n s c o r e ")
p l t . p l o t ( range (1 , l en ( r f e c v . gr id_scores_ ) + 1 ) , r f e c v . gr id_scores_ )
p l t . show ( )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True , norma l i ze=True )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with fou r input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
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# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True , norma l i ze=True )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with th ree input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True , norma l i ze=True )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with fou r input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True , norma l i ze=True )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with f i v e input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' , ' sex ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True , norma l i ze=True )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with s i x input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
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f e a t u r e _ c o l s = [ ' exang ' , ' o ldpeak ' , ' ca ' , ' s lope ' , ' tha l ' , ' sex ' , ' age ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . t a r g e t# Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True , norma l i ze=True )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with seven input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )
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H Code for modeling Electrical motor temperatur data
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# Motor Temperature Dataset

# run the dependenc ies
get_ipython ( ) . run_line_magic ( ' run ' , ' Dependencies ' )

#Read and prev iew data
df = pd . read_csv ( r "C: \ Users \ Alexandra . vanderMost \ A fs tuderen \Data\pmsm_temperature_data . csv ")
p r i n t ( d f . shape )
p r i n t ( d f . d types )
d f . head ( ) . round ( dec ima ls =3)

# Change p l o t s i z e
p l t . rcParams [ " f i g u r e . f i g s i z e " ] = (20 ,10 )

# Plo t
d f . h i s t ( )

# s t a t i s t i c s
d f . d e s c r i b e ( ) . round ( dec ima ls =2)
d f . i s n u l l ( ) . sum ( )

#measure column c o r r e l a t i o n s
df . c o r r ( method = ' pearson ' ) . round ( dec ima ls =3)

#c r e a t e b ins
b ins = [ � np . i n f , � 1 .8 , � 1.3 , � 1, � 0.8 , � 0.5 , � 0.2 , 0 , 0 . 2 , 0 . 4 , 0 . 7 , 1 , 1 . 3 , 1 . 8 , np . i n f ]
names = [ ' 1 ' , ' 2 ' , ' 3 ' , ' 4 ' , ' 5 ' , ' 6 ' , ' 7 ' , ' 8 ' , ' 9 ' , ' 10 ' , ' 11 ' , ' 12 ' , ' 13 ' , ' 1 4 ' ]
d f [ ' pm_class ' ] = pd . cut ( d f [ 'pm' ] , b ins , l a b e l s=names )

# Change p l o t s i z e
p l t . rcParams [ " f i g u r e . f i g s i z e " ] = (10 ,5 )

# Plo t
d f [ ' pm_class ' ] . va lue_counts ( ) . sor t_ index ( ) . p l o t ( k ind ='bar ' )

# Feature importance f o r r e g r e s s i o n problem
f e a t u r e _ c o l s = [ ' ambient ' , ' coo lan t ' , ' u_d ' , ' u_q ' , ' motor_speed ' , ' torque ' , ' i_d ' , ' i_q ' , ' s tator_yoke ' , ' s ta tor_ tooth ' , ' s tator_winding ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# f e a t u r e e x t r a c t i o n
skb = Selec tKBest ( score_func=f _ r e g r e s s i o n )
skb = skb . f i t (X, y )

# L i s t Sco res
s c o r e = np . a r ray ( [ f ea tu re_co l s , skb . scores_ ] ) . t r anspose ( )
s c r = pd . DataFrame ( data=score , columns =[ ' Feature ' , ' Score ' ] )
p r i n t ( s c r )
p l t . rcParams [ " f i g u r e . f i g s i z e " ] = (15 ,8 )
# Plo t s c o r e s by f e a t u r e
p l t . bar ( f ea tu re_co l s , skb . scores_ )
p l t . x l a b e l ( ' Feature ' )
p l t . y l a b e l ( ' Score ' )
p l t . t i t l e ( ' Feature Un iva r i a te l i n e a r r e g r e s s i o n t e s t Score ' )

p l t . show ( )

# Feature importance f o r c l a s s i f i c a t i o n problem
f e a t u r e _ c o l s = [ ' ambient ' , ' coo lan t ' , ' u_d ' , ' u_q ' , ' motor_speed ' , ' torque ' , ' i_d ' , ' i_q ' , ' s tator_yoke ' , ' s ta tor_ tooth ' , ' s tator_winding ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e

# f e a t u r e e x t r a c t i o n
skb = Selec tKBest ( score_func=f _ c l a s s i f )
skb = skb . f i t (X, y )

# L i s t Sco res
s c o r e = np . a r ray ( [ f ea tu re_co l s , skb . scores_ ] ) . t r anspose ( )
s c r = pd . DataFrame ( data=score , columns =[ ' Feature ' , ' Score ' ] )
p r i n t ( s c r )

# P lo t s c o r e s by f e a t u r e
p l t . bar ( f ea tu re_co l s , skb . scores_ )
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p l t . x l a b e l ( ' Feature ' )
p l t . y l a b e l ( ' Score ' )
p l t . t i t l e ( ' Feature ANOVA Score ' )

p l t . show ( )

#de c r e as e d a t a s i z e
df = df . sample ( f r a c = 0 . 1 , random_state = 1)
d f . shape

# Plo t
d f [ ' pm_class ' ] . va lue_counts ( ) . sor t_ index ( ) . p l o t ( k ind ='bar ' )

# Dec i s i on Tree C l a s s i f i c a t i o n
#new model
f e a t u r e _ c o l s = [ ' ambient ' , ' coo lan t ' , ' u_d ' , ' u_q ' , ' motor_speed ' , ' torque ' , ' i_d ' , ' i_q ' , ' s tator_yoke ' , ' s ta tor_ tooth ' , ' s tator_winding ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Dec i s i on Tree c l a s s i f e r o b j e c t
c l f = D e c i s i o n T r e e C l a s s i f i e r ( random_state=1)

# Train Dec i s i on Tree C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy us ing a l l a v a i l a b l e f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# L i s t f e a t u r e importance
importance = np . ar ray ( [ f ea tu re_co l s , c l f . feature_importances_ ] ) . t r anspose ( )
imp = pd . DataFrame ( data=importance , columns =[ ' Feature ' , ' Importance ' ] )
p r i n t ( imp )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = (15 ,8 )
# Plo t f e a t u r e s importance

p l t . bar ( f ea tu re_co l s , c l f . feature_importances_ )
p l t . x l a b e l ( ' Feature ' )
p l t . y l a b e l ( ' Importance ' )
p l t . t i t l e ( ' Models f e a t u r e importance ' )

p l t . show ( )

# The " accuracy " s c o r i n g i s p r o p o r t i o n a l to the number o f c o r r e c t c l a s s i f i c a t i o n s
r f e c v = RFECV( es t ima to r=c l f , s tep =1, cv=S t r a t i f i e d K F o l d ( 2 ) , s c o r i n g =' accuracy ' )
r f e c v . f i t (X, y )
p r i n t ( " Optimal number o f f e a t u r e s : %d" % r f e c v . n_features_ )
p l t . rcParams [ " f i g u r e . f i g s i z e " ] = (10 ,5 )
#p l o t the RDE
p l t . f i g u r e ( )
p l t . x l a b e l ( "Number o f f e a t u r e s s e l e c t e d ")
p l t . y l a b e l ( " Cross v a l i d a t i o n s c o r e ( nb o f c o r r e c t c l a s s i f i c a t i o n s ) " )
p l t . p l o t ( range (1 , l en ( r f e c v . gr id_scores_ ) + 1 ) , r f e c v . gr id_scores_ )
p l t . show ( )

#new model
f e a t u r e _ c o l s = [ ' s tator_yoke ' , ' p r o f i l e _ i d ' , ' ambient ' , ' coo lan t ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.8 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Dec i s i on Tree c l a s s i f e r o b j e c t
c l f = D e c i s i o n T r e e C l a s s i f i e r ( random_state=1)
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# Train Dec i s i on Tree C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

#P red i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy us ing fou r f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' s tator_yoke ' , ' p r o f i l e _ i d ' , ' ambient ' , ' coo lan t ' , ' u_q ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Dec i s i on Tree c l a s s i f e r o b j e c t
c l f = D e c i s i o n T r e e C l a s s i f i e r ( random_state=1)

# Train Dec i s i on Tree C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

#P red i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy us ing th ree f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' s tator_yoke ' , ' p r o f i l e _ i d ' , ' ambient ' , ' coo lan t ' , ' u_q ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Dec i s i on Tree c l a s s i f e r o b j e c t
c l f = D e c i s i o n T r e e C l a s s i f i e r ( c r i t e r i o n ="ent ropy " , random_state=1)

# Train Dec i s i on Tree C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy a f t e r op t im i za t i on : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

c l f . get_depth ( )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' p r o f i l e _ i d ' , ' ambient ' , ' coo lan t ' , ' u_q ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Dec i s i on Tree c l a s s i f e r o b j e c t
c l f = D e c i s i o n T r e e C l a s s i f i e r ( c r i t e r i o n ="ent ropy " , max_depth = 20 , random_state=1)

# Train Dec i s i on Tree C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy a f t e r op t im i za t i on : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Dec i s i on Tree Regress ion
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#new model
f e a t u r e _ c o l s = [ ' ambient ' , ' coo lan t ' , ' u_d ' , ' u_q ' , ' motor_speed ' , ' torque ' , ' i_d ' , ' i_q ' , ' s tator_yoke ' , ' s ta tor_ tooth ' , ' s tator_winding ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Dec i s i on Tree r e g r e s s i o n o b j e c t
r gs = Dec is ionTreeRegresso r ( random_state=1)

# Train Dec i s i on Tree C l a s s i f e r
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Get models f e a t u r e importance
importance = np . ar ray ( [ f ea tu re_co l s , r gs . feature_importances_ ] ) . t r anspose ( )
imp = pd . DataFrame ( data=importance , columns =[ ' Feature ' , ' Importance ' ] )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = (15 ,8 )
# Plo t f e a t u r e s importance

p l t . bar ( f ea tu re_co l s , r gs . feature_importances_ )
p l t . x l a b e l ( ' Feature ' )
p l t . y l a b e l ( ' Importance ' )
p l t . t i t l e ( ' Models f e a t u r e importance ' )
p l t . show ( )

# The " accuracy " s c o r i n g i s p r o p o r t i o n a l to the number o f c o r r e c t c l a s s i f i c a t i o n s
r f e c v = RFECV( es t ima to r=rgs , s tep =1, cv=KFold ( 2 ) )
r f e c v . f i t (X, y )
p r i n t ( " Optimal number o f f e a t u r e s : %d" % r f e c v . n_features_ )

#p l o t the RDE
p l t . rcParams [ " f i g u r e . f i g s i z e " ] = (10 ,5 )
p l t . f i g u r e ( )
p l t . x l a b e l ( "Number o f f e a t u r e s s e l e c t e d ")
p l t . y l a b e l ( " Cross v a l i d a t i o n s c o r e ")
p l t . p l o t ( range (1 , l en ( r f e c v . gr id_scores_ ) + 1 ) , r f e c v . gr id_scores_ )
p l t . show ( )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Dec i s i on Tree r e g r e s s i o n o b j e c t
r gs = Dec is ionTreeRegresso r ( random_state=1)

# Train Dec i s i on Tree C l a s s i f e r
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with th ree f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t
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# Train Dec i s i on Tree C l a s s i f e r
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with fou r f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' p r o f i l e _ i d ' , ' motor_speed ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Train Dec i s i on Tree C l a s s i f e r
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with f i v e f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

p r i n t
( r gs . get_depth ( ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' p r o f i l e _ i d ' , ' motor_speed ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Dec i s i on Tree r e g r e s s i o n o b j e c t
r gs = Dec is ionTreeRegresso r ( random_state=1, max_depth=18)

# Train Dec i s i on Tree C l a s s i f e r
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy a f t e r op t im i za t i on in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Support vec to r machine c l a s s i f i c a t i o n
#new model
f e a t u r e _ c o l s = [ ' ambient ' , ' coo lan t ' , ' u_d ' , ' u_q ' , ' motor_speed ' , ' torque ' , ' i_d ' , ' i_q ' , ' s tator_yoke ' , ' s ta tor_ tooth ' , ' s tator_winding ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, max_iter = 4000)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
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f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with two input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with th ree input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with fou r input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )
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# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with f i v e input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with s i x input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t with k e r n e l r b f
c l f = svm .SVC( random_state=1, k e r n e l =' rb f ' , gamma=' s c a l e ' , max_iter = 4000)
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with r b f k e r n e l : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Support vec to r machine c l a s s i f e r o b j e c t with k e r n e l l i n e a r
c l f = svm .SVC( random_state=1, k e r n e l =' l i n e a r ' , max_iter = 4000)
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with l i n e a r k e r n e l : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Support vec to r machine c l a s s i f e r o b j e c t with k e r n e l po ly
c l f = svm .SVC( random_state=1, k e r n e l =' poly ' , degree =2, gamma='auto ' , max_iter = 4000)
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with po ly k e r n e l : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' , ' p r o f i l e _ i d ' , 'u_d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = svm .SVC( random_state=1, max_iter = 4000)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with seven input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
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# Support vec to r machine r e g r e s s i o n
#new model
f e a t u r e _ c o l s = [ ' ambient ' , ' coo lan t ' , ' u_d ' , ' u_q ' , ' motor_speed ' , ' torque ' , ' i_d ' , ' i_q ' , ' s tator_yoke ' , ' s ta tor_ tooth ' , ' s tator_winding ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' rb f ' , gamma='auto ' , max_iter = 4000)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s and r b f k e r n e l i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " suppor t vec to r machine Regress ion ")
p l t . show ( )

#new model
f e a t u r e _ c o l s = [ ' ambient ' , ' coo lan t ' , ' u_d ' , ' u_q ' , ' motor_speed ' , ' torque ' , ' i_d ' , ' i_q ' , ' s tator_yoke ' , ' s ta tor_ tooth ' , ' s tator_winding ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' l i n e a r ' , max_iter = 4000)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s and l i n e a r k e r n e l i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' ambient ' , ' coo lan t ' , ' u_d ' , ' u_q ' , ' motor_speed ' , ' torque ' , ' i_d ' , ' i_q ' , ' s tator_yoke ' , ' s ta tor_ tooth ' , ' s tator_winding ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' rb f ' , gamma='auto ' , max_iter = 4000)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s and l i n e a r k e r n e l i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )
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#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' rb f ' , gamma='auto ' , max_iter = 4000)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with fou r input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' rb f ' , gamma='auto ' , max_iter = 4000)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with f i v e input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' rb f ' , gamma='auto ' , max_iter = 4000)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with s i x input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l =' rb f ' , C=10, gamma=' s c a l e ' , e p s i l o n =0.5 , max_iter = 4000)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with k e r n e l r b f and a d d i t i o n a l parameters s p e c i f i e d in R^2 : " , r gs . s c o r e ( X_test , y_test ) )
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# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = svm .SVR( k e r n e l ='poly ' , C=10, gamma='auto ' , degree =2, e p s i l o n =0.5 , c o e f 0 =1, max_iter = 4000)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with k e r n e l p loy o f second degree in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
rgs_poly = svm .SVR( k e r n e l =' rb f ' , C=30, gamma='auto ' , e p s i l o n =0.5 , c o e f 0 =1)

# Train model
rgs_poly = rgs_poly . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs_poly . p r e d i c t ( X_test )
# Model Accuracy
p r i n t ( " Accuracy in R^2" , rgs_poly . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " suppor t vec to r machine Regress ion ")
p l t . show ( )

# Neural Network C l a s s i f i c a t i o n
#new model
f e a t u r e _ c o l s = [ ' ambient ' , ' coo lan t ' , ' u_d ' , ' u_q ' , ' motor_speed ' , ' torque ' , ' i_d ' , ' i_q ' , ' s tator_yoke ' , ' s ta tor_ tooth ' , ' s tator_winding ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create neu ra l network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000)

# Train neu ra l network C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with a l l a v a i l a b l e input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
#Normal ized input f e a t u r e s
f e a t u r e _ c o l s = [ ' ambient ' , ' coo lan t ' , ' u_d ' , ' u_q ' , ' motor_speed ' , ' torque ' , ' i_d ' , ' i_q ' , ' s tator_yoke ' , ' s ta tor_ tooth ' , ' s tator_winding ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create neu ra l network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000)

# Train neu ra l network C l a s s i f e r
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c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with a l l a v a i l a b l e normal ized input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with two input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with th ree input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with fou r input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e
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# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with f i v e input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000)

# Train Support vec to r machine C l a s s i f e r
c l f = c l f . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = c l f . p r e d i c t ( X_test )

# Model Accuracy , how o f t e n i s the c l a s s i f i e r c o r r e c t ?
p r i n t ( " Accuracy with s i x input f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' re lu ' , s o l v e r ='adam ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with r e l u a c t i v a t i o n and s o l v e r ='adam ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' re lu ' , s o l v e r =' l b f g s ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with r e l u a c t i v a t i o n and s o l v e r =' l b f g s ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' re lu ' , s o l v e r ='sgd ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with r e l u a c t i v a t i o n and s o l v e r ='sgd ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' i d e n t i t y ' , s o l v e r ='adam ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with i d e n t i t y a c t i v a t i o n and s o l v e r ='adam ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =40000 , a c t i v a t i o n =' i d e n t i t y ' , s o l v e r =' l b f g s ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with i d e n t i t y a c t i v a t i o n and s o l v e r =' l b f g s ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )
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# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' i d e n t i t y ' , s o l v e r ='sgd ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with i d e n t i t y a c t i v a t i o n f e a t u r e and s o l v e r ='sgd ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' l o g i s t i c ' , s o l v e r ='adam ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with l o g i s t i c a c t i v a t i o n and s o l v e r ='adam ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' l o g i s t i c ' , s o l v e r =' l b f g s ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with l o g i s t i c a c t i v a t i o n and s o l v e r =' l b f g s ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' l o g i s t i c ' , s o l v e r ='sgd ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with l o g i s t i c a c t i v a t i o n and s o l v e r ='sgd ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' tanh ' , s o l v e r ='adam ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with tangus h y p e r b o l i c u s a c t i v a t i o n andso l ve r ='adam ' f e a t u r e s : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' tanh ' , s o l v e r =' l b f g s ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with tangus h y p e r b o l i c u s a c t i v a t i o n and s o l v e r =' l b f g s ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Create Neural network c l a s s i f e r o b j e c t
c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' tanh ' , s o l v e r ='sgd ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with tangus h y p e r b o l i c u s a c t i v a t i o n and s o l v e r ='sgd ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' , ' p r o f i l e _ i d ' , 'u_d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df . pm_class # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

c l f = MLPClass i f ie r ( random_state=1, max_iter =4000 , a c t i v a t i o n =' l o g i s t i c ' , s o l v e r ='adam ' )
c l f = c l f . f i t ( X_train , y_tra in )
y_pred = c l f . p r e d i c t ( X_test )
p r i n t ( " Accuracy with l o g i s t i c a c t i v a t i o n and s o l v e r ='adam ' : " , me t r i c s . accuracy_score ( y_test , y_pred ) )

# Neural Network Regress ion
#new model
f e a t u r e _ c o l s = [ ' ambient ' , ' coo lan t ' , ' u_d ' , ' u_q ' , ' motor_speed ' , ' torque ' , ' i_d ' , ' i_q ' , ' s tator_yoke ' , ' s ta tor_ tooth ' , ' s tator_winding ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 800)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )
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# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " neu ra l network Regress ion ")
p l t . show ( )

#new model
f e a t u r e _ c o l s = [ ' ambient ' , ' coo lan t ' , ' u_d ' , ' u_q ' , ' motor_speed ' , ' torque ' , ' i_d ' , ' i_q ' , ' s tator_yoke ' , ' s ta tor_ tooth ' , ' s tator_winding ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 4000)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 2000)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with two input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 2000)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )
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# Model Accuracy
p r i n t ( " Accuracy with th ree input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 2000)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with fou r input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 2000)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with f i v e input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 2000)

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with s i x input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 8000 , a c t i v a t i o n =' l o g i s t i c ' )
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r gs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with f i v e input f e a t u r e s and l o g i s t i c a c t i v a t i o n in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 8000 , a c t i v a t i o n =' re lu ' , s o l v e r =' l b f g s ' , a lpha =0.1)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with f i v e input f e a t u r e s and a c t i v a t i o n =' re lu ' i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 8000 , a c t i v a t i o n =' l o g i s t i c ' )
r gs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with s i x input f e a t u r e s and l o g i s t i c a c t i v a t i o n in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 8000 , a c t i v a t i o n =' re lu ' , s o l v e r =' l b f g s ' , a lpha =0.1)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with s i x input f e a t u r e s and a c t i v a t i o n =' re lu ' i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 8000 , a c t i v a t i o n =' re lu ' , s o l v e r =' l b f g s ' , a lpha =0.1)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with f i v e normal ized input f e a t u r e s and a c t i v a t i o n =' re lu ' i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Neural Network r e g r e s s i o n o b j e c t
r gs = MLPRegressor ( random_state = 1 , max_iter = 8000 , h idden_ layer_s izes =(100 , ) , a c t i v a t i o n =' re lu ' , s o l v e r =' l b f g s ' , a lpha =0.1)
rgs = rgs . f i t ( X_train , y_tra in )
y_pred = rgs . p r e d i c t ( X_test )
p r i n t ( " Accuracy with f i v e input f e a t u r e s and a c t i v a t i o n =' re lu ' i n R^2 : " , r gs . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " neu ra l network Regress ion ")
p l t . show ( )

# L inear Regress ion
#new model
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f e a t u r e _ c o l s = [ ' ambient ' , ' coo lan t ' , ' u_d ' , ' u_q ' , ' motor_speed ' , ' torque ' , ' i_d ' , ' i_q ' , ' s tator_yoke ' , ' s ta tor_ tooth ' , ' s tator_winding ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = ( 7 , 7 )
# Plo t the r e s u l t s
p l t . f i g u r e ( )
p l t . s c a t t e r ( y_test , y_pred , a lpha =0.5)
p l t . x l a b e l ( " a c t u a l " )
p l t . y l a b e l ( " p r e d i c t e d ")
p l t . t i t l e ( " L inear Regress ion ")
p l t . show ( )

#new model
f e a t u r e _ c o l s = [ ' ambient ' , ' coo lan t ' , ' u_d ' , ' u_q ' , ' motor_speed ' , ' torque ' , ' i_d ' , ' i_q ' , ' s tator_yoke ' , ' s ta tor_ tooth ' , ' s tator_winding ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

nrm = p r e p r o c e s s i n g . Normal izer (norm=' l2 ' )
X = nrm . t rans fo rm (X) # Normal ized f e a t u r e s

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with a l l a v a i l a b l e normal ized f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' ambient ' , ' coo lan t ' , ' u_d ' , ' u_q ' , ' motor_speed ' , ' torque ' , ' i_d ' , ' i_q ' , ' s tator_yoke ' , ' s ta tor_ tooth ' , ' s tator_winding ' , ' p r o f i l e _ i d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( )

# The " accuracy " s c o r i n g i s p r o p o r t i o n a l to the number o f c o r r e c t c l a s s i f i c a t i o n s
r f e c v = RFECV( es t ima to r=rgs , s tep =1, cv=KFold ( 2 ) )
r f e c v . f i t (X, y )
p r i n t ( " Optimal number o f f e a t u r e s : %d" % r f e c v . n_features_ )

p l t . rcParams [ " f i g u r e . f i g s i z e " ] = (10 ,5 )
#p l o t the RDE
p l t . f i g u r e ( )
p l t . x l a b e l ( "Number o f f e a t u r e s s e l e c t e d ")
p l t . y l a b e l ( " Cross v a l i d a t i o n s c o r e ")
p l t . p l o t ( range (1 , l en ( r f e c v . gr id_scores_ ) + 1 ) , r f e c v . gr id_scores_ )
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p l t . show ( )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' p r o f i l e _ i d ' , ' i_d ' , ' torque ' , ' i_q ' , ' u_d ' , ' u_q ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with ten input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' , ' p r o f i l e _ i d ' , ' torque ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with fou r input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with th ree input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s tator_yoke ' , ' s ta tor_ tooth ' , ' s tator_winding ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' p r o f i l e _ i d ' , ' i_d ' , ' u_q ' , ' i_q ' , ' u_d ' , ' torque ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True )
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# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with twe lve input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' p r o f i l e _ i d ' , ' i_d ' , ' u_q ' , ' i_q ' , ' u_d ' , ' torque ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with ten input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' p r o f i l e _ i d ' , ' i_d ' , ' u_q ' , ' i_q ' , ' u_d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with n ine input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' p r o f i l e _ i d ' , ' i_d ' , ' u_q ' , ' i_q ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with e i g h t input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' p r o f i l e _ i d ' , ' i_d ' , ' u_q ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e
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# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with seven input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' p r o f i l e _ i d ' , ' i_d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with s i x input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )

#new model
f e a t u r e _ c o l s = [ ' s ta tor_ tooth ' , ' ambient ' , ' coo lan t ' , ' motor_speed ' , ' i_d ' ]
X = df [ f e a t u r e _ c o l s ] . va lues # Features
y = df .pm # Target v a r i a b l e

# S p l i t da tase t i n t o t r a i n i n g s e t and t e s t s e t
X_train , X_test , y_train , y_test = t r a i n _ t e s t _ s p l i t (X, y , t e s t _ s i z e =0.3 , random_state=1) # 70% t r a i n i n g and 30% t e s t

# Create Support vec to r machine r e g r e s s i o n o b j e c t
r gs = l inear_model . L i nea rReg ress ion ( f i t _ i n t e r c e p t=True )

# Train model
rgs = rgs . f i t ( X_train , y_tra in )

# Pred i c t the response f o r t e s t da tase t
y_pred = rgs . p r e d i c t ( X_test )

# Model Accuracy
p r i n t ( " Accuracy with f i v e input f e a t u r e s in R^2 : " , r gs . s c o r e ( X_test , y_test ) )
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