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Resumen 
 

Las criptomonedas son un nuevo paradigma de transferencia de dinero entre usuarios. Su 

anonimato es un tema de debate en todo el mundo que se combina con las subidas y 

disminuciones de valor propias de un activo no registrado. Estos hechos dificultan el uso 

diario de las criptomonedas como moneda de cambio, ya que en su lugar se están utilizando 

como una nueva forma de inversión. Hasta que se aclaren las dudas sobre la masiva 

fluctuación y su legalidad, el número de personas que están dispuestas a usarlas es pequeño. 

Es por eso por lo que se necesita aprender más sobre el funcionamiento de las monedas. Hay 

mucha información que cubre cómo funcionan, la tecnología detrás de ellas, cómo se 

intercambian entre usuarios y demás. Pero, aunque los detalles técnicos son útiles para el 

usuario final técnico más especializado, tienen poca o ninguna relevancia para la mayoría de 

la gente. A los usuarios les importa que su moneda esté operativa, sin el temor de cambiar 

dinero real por criptomonedas y el día después darse cuenta de que ese intercambio es ahora 

menos valioso. Si bien no podemos cambiar este factor, podemos investigar y mitigar las 

consecuencias de la fluctuación de los precios de las monedas. 

 

Hay muchos detalles a considerar, una tarea casi imposible de cubrir en un solo proyecto es 

por eso por lo que en este documento nos centramos en la relación entre las variables 

económicas globales y la fluctuación de precios de las criptomonedas. Con el uso de 

Inteligencia Artificial, Análisis de Datos y Aprendizaje Automático, el objetivo es obtener 

conocimiento acerca de qué tan relacionadas están las fluctuaciones de las monedas digitales 

con la economía global, ayudando al usuario interesado a pronosticar si es seguro obtener 

cambio en estos nuevos tipos de monedas, y si es así, ¿cuál de las monedas es la más segura? 

Para eso vamos a utilizar el aprendizaje supervisado y no supervisado en conjunto. Con el 

aprendizaje no supervisado, estamos segmentando las monedas para seleccionar las más 

relevantes y obtener generalizaciones. El aprendizaje supervisado complementa este proceso 

tomando esas monedas y utilizando algoritmos de aprendizaje automático, construye un 

predictor para cada una de ellas para pronosticar su valor en un futuro próximo. Este 

desarrollo del modelo se realiza mediante dos procesos KDD (Knowledge Discovery in 

Databases) que se realizan secuencialmente, no en paralelo. El primero utiliza el aprendizaje 

no supervisado para obtener estas monedas más relevantes y el segundo con aprendizaje 

supervisado pronostica el valor de las monedas utilizando solo factores económicos externos.  



 

Este conocimiento no está dirigido a los inversores, aunque podría ser utilizado para ese fin, 

el objetivo no es obtener ganancias con este modelo, sino ayudar a los usuarios finales a 

tomar mejores decisiones si desean comenzar a intercambiar dinero a través de este método.  

 
  



Abstract 
 
The cryptocurrencies are a new paradigm of transferring money between users. Their 

anonymous and non-centralized is a subject of debate around the globe that paired with the 

massive spikes and declines in value that are inherit to an unregistered asset. These facts 

make difficult for the common daily use of the cryptocurrencies as an exchange currency as 

instead they are being used as a new way to invest. Until the doubts around the fluctuation 

and the legality are clarified, the share of people that are willing to use them is reduced. That 

is why is needed to obtain more knowledge about them. There are a lot of information 

covering how they work, the technology behind then, how they are traded between users and 

so on, but while knowing the technical details are useful for the top end user that is more 

specialized, they carry little to no relevancy to most people. The users care that their currency 

is going to be operational, without the fear of exchanging real life money for crypto coins 

and the day after realizing that that exchange is now less valuable. While we cannot change 

this factor, we can investigate and mitigate the consequences of the price fluctuation of the 

coins. 

 

There are a lot of details to consider, an almost impossible task to cover in a single project, 

that is why in this document we are focusing on the relation between global economic 

variables and the cryptocurrencies price fluctuation. Using Artificial Intelligence, Data 

Analytics and Machine Learning the goal is to obtain knowledge about how related the 

fluctuations of the digital currencies with the global economy are, helping the interested user 

to forecast if it is safe to hold onto these new types of coins, and if so which of the coins are 

the safest. For that we are going to use supervised and unsupervised learning in conjunction. 

With unsupervised learning we are segmenting the coins to select the most relevant ones and 

generalizations. Supervised learning completes this process by taking those coins and using 

Machine Learning algorithms construct a predictor for each of them to forecast the value of 

them in the near future. This model development is done by two Knowledge Discovery in 

Databases process that are done in order, not in parallel. The first one uses unsupervised 

learning to obtain this more relevant coins and the second one with supervised learning 

forecasts the value of the coins by only using external economic factors. 

This knowledge is not aimed at investors, although it could be used by then, the goal is not 

to turn on a profit with this model, but to help final users make better decisions if they want 

to start exchanging money through this method. 
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CHAPTER 1. INTRODUCTION 
 

The cryptocurrency world is one of the most fascinating and unique paradigms that modern 

society is facing. It aims to change how money is generated and exchanged between people  

through what is called a blockchain. The main difference with classic currencies is the 

decentralization, most of the crypto coins are not associated to a single entity, corporation or 

country, although there are examples of the contrary. Said decentralization carries a degree 

of uncertainty, there is nothing behind the coin and the value of it depends entirely on the 

uses of the holders of the currency. It is also in a grey legal area, with more and more 

countries making steps for a more regulated crypto market. 

 

So even though the original idea looks good in paper, there are many caveats left in the air 

that makes the trading with cryptocurrencies unsafe and unattractive for the general public 

because sometimes it feels that nobody has control on the value of them and overnight you 

could potentially lose a great part of your savings. 

 

For this reason, we, the authors of this document, are going to develop a model to obtain 

knowledge and conclusions on the fluctuation on the price of the coins according to external 

economic circumstances. This way we can verify if the cryptocurrencies go along the global 

economy or if they are more independent, making them harder to predict than normal classic 

markets. 

 

This task is important to help the society better understand how this new way of exchanging 

money performs. There are currently a lot of skepticism towards the coins, in part because 

they are independent of any bank or country, but if we can demonstrate that they perform 

similar to how the global economy is going, we would be one step closer to normalize them 

for the day to day use. 

 

It is important to note that this is a research in the ambit of computation, with special 

attention in Data Analytics, not a software which destiny is to be used by an everyday user. 

This does not mean that this model is impossible to implement in a commercial product, the 

algorithms and code that will be developed can be easily transported to a conventional 

software for the everyday user that wants to predict or get the relevancy of certain economic 

variables with a cryptocurrency, as an example. Also, the code here will work for 
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cryptocurrencies, but also for any other theme, the algorithms are not going to be chained to 

the subject at hand and can work to check how the global economic variables affect other 

assets like the value in the stock market of a company or the exchange rate of a normal 

currency. 

 

The structure of the document is quite straightforward. For the Ch.2, 3, 4 and 5 we are going 

to explain in more detail how we are going to develop this proposed model, what are our 

objectives, what technology are we going to use, and the basic concepts needed to understand 

the explanations given. The longest chapter will be Ch.6 in which we are going to show to 

the reader all the procedures and observations while we develop the model. 

Supplementary to this, we have Ch.7 where we are going to evaluate the results obtained. 

All the efforts on the project would be in vain if there is not a way to validate what we 

obtained from it, deeming it useless and ultimately an unsuccessful model. In Ch.8 we are 

going to make our closing remarks and give comments about the fulfillment of the project  

objectives, considering what we wanted to obtain and what we finally obtained. 

As for additional material, Ch.9 is Bibliography and references and we also have two 

annexes. Annex 1 is all the code developed with some comments about each script and 

Annex 2 are the results that those scripts return. 
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CHAPTER 2. HYPOTHESIS 

 

2.1. Main Objective  

 

The global objective is to contribute to the society knowledge about the behavior of the 

cryptocurrencies in regards on how influenced they are with the global economic by using 

Data Analytics, Data Mining and Machine Learning. The main question is if the coins go 

along the global economy or if instead, they follow their own path and in what degree.  

What we want to obtain is not a complete software that will predict us the price of the 

cryptocurrencies with a high degree of exactitude, this is not in the scope of our project. This 

project is a scientific approach to learn more about the subject at hand, the behavior of the 

cryptocurrencies against the global economy. 

 

For this task we have settled the following subobjectives. 

 

2.2. Subobjectives  

 

• Obtain data sources of selected cryptocurrencies and economic factors, like the price 

of the oil or the price of the gold. 

 

• Model and develop a data analysis model using Artificial Intelligence, Machine 

Learning and Data Mining to obtain knowledge about how related the 

cryptocurrencies with the economic variables are. Focus on the correct use of the 

different algorithms at our disposal and argument why we are using them. 

 

• Evaluate the model with different data samples to make sure that the model is valid, 

and the results can be replicated with another set of data. 

 

• With our evaluation systems in place, perform an analysis of our model to check if 

the knowledge obtained from it is a valuable contribution. 

 

• Interpret the results obtained using the model and extract knowledge and 

observations out of them. 
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CHAPTER 3. PROPOSAL AND METHODOLOGY 

 

3.1. Proposal 

 

The proposal of the project is as follows. 

 

- Use a Knowledge Discovery in Databases process to group the different selected 

cryptocurrencies to make generalizations out of them. This allows us to perform the 

study in only a subset of currencies without having to go one by one, which will take 

too much time and would not be useful. What we really want is to learn about the 

behavior in a general sense, if we granularize the samples too much, the knowledge 

obtained is too specific and does not translate to something useful for the general 

purpose.   

 

We lack the information about how many coins are we going to study to develop the 

model, so making segments out of them is a way to have a located and manageable 

number of inputs without losing data, if performed correctly. 

 

- From those segments, select a representative coin or coins to carry on with the study.  

 

- Iterate through the KDD process to obtain the importance that select economic 

features have other the representative coins. It is important to remind the reader that 

we are only caring about economic global features, we are not going to add other 

types of data to compare through the entirety of this project. 

 

- With that obtained importance develop a model that would allow us to make 

predictions based only on the external economic data. This predictor would help us 

validate the study, if the predictions that we obtained are good enough then we can 

safely assume that the external factors influence a lot on how the price of the crypto 

coins moves up or down.  
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3.2. Desired result and way of working 

 

Every data mining project needs to have an input and an output preestablished before getting 

to work in the project per se. Although the scope of this project is somewhat of generic nature, 

since we are looking for knowledge in the economic fluctuation and that could return a 

plethora of different results. 

 

The input that we are going to give to the model is explained in each iteration of the KDD 

process later in this document, but as a resume we want to process databases in an 

incremental order, starting with basic ones such as the economic historic of the selected 

cryptocurrency or cryptocurrencies and then adding external databases like the historic of 

the price of the oil, gold or silver to demonstrate the importance, or lack of, of external 

factors to the coins exchange. We will also talk about overfitting and correct procedures for 

choosing data in the respective sections.  

 

The output of the final model is the knowledge obtained in each step of the study, which is 

analysed and commented through the document. For that we are going to perform numerous 

operations over the data such as dividing the coins into segments for an easier generalization 

of what we discovered by researching with the most representative one. We are also going 

to develop a predictor as well to verify is the hypothesises explained throughout this 

document in a more visual way. 

 

3.3. Methodology 

 

The main methodology that we are going to use is the Knowledge Discovery in Databases 

Process, which aims to extract knowledge from a segment of data normally stored in 

databases. Each of the phases of the process depends on the previous one, meaning that it is 

an iterative and increasing procedure. We will enter more in detail in the next chapter when 

will talk about the basic concepts that are needed to understand the makings of the project. 

 

As for our software developing methodology, we chose Scrum. Scrum is an agile framework 

designed for teams with a low amount of developers which main premise is to divide their 

work into actions that can be completed within a time, limit. Those time limits are called 

Sprints and are generally of a short duration, 30 days or less, and each day they are revised 
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in a short 15 minutes meeting in what it is called a Scrum Daily. After finishing each Sprint, 

a Sprint review is scheduled so the project can continue.  

 

Every project that uses Scrum as a methodology has 3 main components:  

 

• The product owner the one whom represents the stakeholders and customers, making 

sure that the team is developing the project in a way that gives value to the final 

customer. For our project in hand, the advisor José Ángel Olivas Varela is going to 

be our product owner, ensuring that the only component of the development team 

makes quality research.  

 

• The development team formed by the author, Eduardo Sánchez López 

 

• The Scrum master, the person that makes sure that the Scrum framework is followed, 

a role that also Eduardo is going to take.  

 

Each Sprint is going to represent a week, starting from the day that the making of the 

project is started. The sprints intentions are as follow: 

 

 

• Sprint 01: Initial documentation, finish with chapter three. 

 

• Sprint 02: Continue Initial documentation, finish with chapter five. 

 
 

• Sprint 03, 04, 05, 06 and 07: In these sprints we aim to develop the code used for 

the KDD process. Each week we are going to have an auditory, sprint review, with 

José Ángel to determine if the software is going in the right direction. We expect 

this set of sprints to be the ones that would give the most trouble and can disarrange 

the sprint calendar since we lack a perfect estimation of the problems that could 

happen in this stage. 

 

• Sprint 08, 09 and 10: Document and explain all the observations from the results 

obtained running the scripts developed in the previous set of sprints. 
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• Sprint 11 and 12: Final documentation, end with the final chapter and revise the 

document. 
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CHAPTER 4. ARTIFICIAL INTELLIGENCE, KDD PROCESS,  
MACHINE LEARNING AND CRYPTOCURRENCIES 

 

To better understand the proposal at hand it is needed that we introduce key concepts that 

are going to be reiterated through the project and are vital for the understanding of the results 

of the investigation. The aim of this part is to start with generic notions to explain the more 

specific ones, so the reader does not seem lost in the following chapters. Along the way we 

will also talk about important milestones and previous efforts made in the area. 

 

4.1. Artificial Intelligence  

 

We call Artificial Intelligence [4] the simulation of the human knowledge carried on by 

machines. This simulation includes every step needed to gain intelligence by human 

standards. Those steps are learning (acquiring the information), reasoning (converting that 

information in rules or patterns) and validation (pondering if the knowledge obtained is true, 

complete or good enough).  

 

Like real learning, performing a single cycle of this process over a subject is usually not 

enough, most of the time the knowledge gained is not absolute or can change with the time, 

in AI it is the same. Once the validation stage is performed the machine must relearn and 

adapt, but this time it has the basis of the knowledge obtained in the previous iteration. 

 

AI is used in many different ambits, it is a broad term that includes branches or disciplines 

that although they work under the same general premise, they achieve different things. One 

of those ambits, and the one that is relevant to this project, is Data Analytics. 

 

Data Analytics [6] is the process of studying raw data sets for the extraction of knowledge. 

There are many directions and techniques in which we can approach a data analytics project 

and one of them is the Knowledge Discovery in Databases Process. 
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4.2. Knowledge Discovery in Databases Process 

 

4.2.1. Definition 

 

The Knowledge Discovery in Databases (KDD) process (Figure 1) is a methodology used 

to extract knowledge in the form of patterns  from a given database or set of databases [7]. 

4.2.2. Stages 

This process is divided into the following five stages, that are performed by the order they 

appear: 

1. Selection: Where we select the database to work on. 

2. Pre-processing: Or data cleaning. This is the process used to determine inaccurate, 

incomplete or unreasonable data for then improving the quality of said data. 

3. Transformation: The dataset is selected and created here. A dataset is portion of the 

selected database that contains the data that we deem useful for the task. 

4. Data Mining: In this stage is where we apply Machine Learning techniques for the 

comprehension of our data. Machine Learning is none other than an extension or 

application of Artificial Intelligence based around the idea of giving data to the 

machines and letting them learn through it. 

5. Interpretation/Evaluation: The final step consists in finally materializing the 

knowledge obtained into patterns, which are represented by rules. 

A cycle is done only after we finish all these stages. The number of cycles that are needed to 

complete any project is hard to estimate since until the results are evaluated, we lack a 

complete understanding of the patterns provided by the model. 
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4.3. Machine Learning 

 

4.3.1. Definition 

 

We call machine learning the computer science field which uses statistical techniques to 

automatize learning on a specific task while using data. 

 

We can categorize most Machine Learning algorithms into two sections, supervised and 

unsupervised learning. 

 

4.3.2. Supervised learning 

 

Supervised learning the technique used for learning with data that has been already labeled 

and categorized so we can get an estimation when new data is passed. The data structure is 

divided in what we call features, each feature represents a facet of the data, for example, in 

a dataset that represents the sales of a given company each day we could have a feature 

representing the date, another one for the total amount of workers that went to work in that 

day and any number of them for the number of sales of each product that the company carries 

in that period of time. From those features, one of them is the target feature, which represents 

Figure 1 Different stages of the KDD process [1] 
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the data that we want to estimate in a non-learning scenario. The first part in this process is 

to divide the data into three sets, the training, validation and test sets. 

 

The training dataset is used to fit the data into the model or, as the name says, to train the 

model. They are the base case examples that are going to be used to give real result with 

uncategorized or unresolved data in a real example, that’s why usually 60% of the original 

dataset is going to the training set. 

 

The purpose of the validation dataset is to give an unbiased evaluation of the fitted model 

with the chosen training dataset while parameterizing the algorithms by getting the best 

hyperparameters for the model. 

 

One of the most important techniques used in this step are the Cross-Validation tests, which 

will give an error metric given the current parametrization of the model fit and comparing it 

to the validation dataset. This way the data scientist can corroborate multiple hypothesis for 

tuning the algorithms 

 

After that we can start training our model using different algorithms such as Decision Trees, 

K-Nearest Neighbors and Neural Networks. It is important to remark that there is not a 

perfect algorithm that can solve every problem and we can combine them depending on the 

task at hand, they are situational and should be used according to the model needs. Then we 

validate the model using the test set passing the data without the result to the already trained 

system for then compare the results obtained from that process to the real ones. There are a 

lot of procedures and metrics for this step, and like with the Machine Learning algorithms, 

each one accomplishes something different for different types of data and there should be 

special attention while choosing which one is selected.   

 

As a resume, supervised learning is for classification, the goal with an already trained model 

is to classify and categorize the new and unsolved data. 
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4.3.3. Unsupervised learning 

 

On the other hand, Unsupervised learning differs on that there is no previous information 

on the categorization of the data to get estimations based on it. In unsupervised learning we 

are just looking to study the input, not the result that the data gives. Some  

We talked before that supervised learning is based on classification but in contrast 

unsupervised learning is leads its bases on clustering. Clustering is the grouping of a set of 

observations into subsets, clusters, according to the similarities of said observations.  

 

These two types of learning are not mutually exclusive in a model. We can use clustering to 

learn more about our data with techniques such as Principal Component Analysis (PCA) to 

check the component of the dataset that maximizes variance or Hierarchical Clustering to 

identify possible outliers and inliers, and then with that knowledge parametrize the model 

better. Unsupervised learning also helps a lot in the feature selection step needed in a lot of 

supervised learning algorithms, so it is very common that they work together. There is a 

scientific effort to maximize the efficiency of working with both supervised and 

unsupervised algorithms and to how make the cooperate in the best possible way [3].  

 

 

4.3.4. Data Mining and Machine Learning in the KDD process 

 

While Machine Learning is a term usually used interchangeably with Data Mining, they are 

not the same [8]. The main difference is that in Data Mining the work is done by a scientist 

while in Machine Learning the work is totally automated by a machine. As a practical 

example, with Machine Learning we can create a software in which with a given set of 

symptoms the program would automatically give a diagnostic on which potential health 

issues a certain patient has. 

 

That does not mean that there is no automatization in a Data Mining process, as we said 

before we are going to use Machine Learning techniques to obtain the patterns requested to 

solve the desired problem. Although the algorithms that allow us to carry on with the 

machine learning section are important for a correct resolution of our project, most of the 

time is spent in what we described as pre-processing. 
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This process is usually executed in a more artisan way, there are uncountable number of 

problems that can arise if this part is not performed correctly. Missing, incomplete and 

incorrect values, databases segmented in numerous files or even having to transfer data 

carried by physical storage such as plain paper sheets to a digital environment like modern 

databases are some of the activities that must be done in this stage. 

 

Some problems like blank spaces or non-standardized fields in a database can be seen and 

solved quicker thanks to all the tools that current database manager provides us, but other 

ones such as incorrect or false information require a deeper analysis of the subject of the 

problem at hand. It is easier to backtrack and fill the leftovers blank spaces that the pre-

processing did not solve since in the Data Mining stage, most of the Machine Learning 

algorithms would return an error once the missing data is found. This is not the case with 

errors involving incorrect or false data, although there are tools to check and evaluate the 

trust in our data, like clustering, is entirely up to the data scientist or scientists to give the 

final verdict on the trustfulness of the data. 

 

Situations caused by the first type of error can lead to the second if the resolution is not the 

right one. As an example, we can think of a database in which we have periodic values about 

the value of a certain stock, but in between some months we lack data about it. One of the 

most common approaches when a numeric value is missing is to compute the mean of the 

whole column and replace the blank spaces with it. This is fine in certain cases but doing 

that procedure in this instance is not valid, because it doesn’t consider the stationarity of the 

presented data and leads to odd conclusions that are not true. 

 

4.4. Cryptocurrency 

 

One of the most interesting and controversial finance paradigms in modern society is the 

cryptocurrency boom. Between its novelty using current technology and exceptional 

situation and uses, the crypto phenomenon is a trending topic in both general public opinion 

and in the scientific community [2] [5] [10]. 
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4.4.1. Definition 

 

A cryptocurrency is a digital asset that uses cryptography and other encryption techniques to 

regulate the generation of those said assets and the verification of the transactions. (Mining)  

Said coins are stored, sent and received through a Cryptocurrency Wallet. 

 

4.4.2. Mining and Blockchain 

 

The initial idea for this new type of currency was so it was decentralised from any 

government, company or entity, for that it is the user computers that make the verification 

of the transactions. 

 

This is done by the blockchain technology, developed by an anonymous person or group that 

went by the alias of Satoshi Nakamoto [9] in 2009 for the developing of Bitcoin, the first 

cryptocurrency. This technology consists on the idea that everybody has a complete database 

of the blocks of the said blockchain. That way if everybody has the same data, said data must 

be true. This makes that all the transactions are public, but both the sender and the receptor 

are anonymous. 

 

The workflow of the blockchain consists of that once a computer (node) receives a 

transaction it tries to solve a computationally difficult puzzle that once is done, if it is the 

first that solved it, it places the next block in the block chain and claims the rewards.  

Those rewards are in fact a certain number of cryptocurrencies. The number of digital coins 

that provides as a reward depends on how many other nodes are mining that certain 

cryptocurrency and other factors that depends of the cryptocurrency. 

 

There are a lot of different cryptocurrencies ready to be used. Alongside Bitcoin, the other 

most important and relevant cryptocurrency is Ethereum, but there is a plethora of smaller 

and less used coins that can be traded as well such as Monero, Ripple, Aion, Waves or 

Litecoin. 
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4.4.3. Cryptocurrency Wallet 

 

A cryptocurrency wallet is a digital wallet used to store, send and receive digital currency. 

It’s mandatory to have a wallet to use any cryptocurrency. Although a lot of the coins have 

an official wallet, there are third-party wallets that are commonly use. There are also 

universal wallets like HolyTransaction that can store multiple types of coins. 

 

4.4.4. Risks and security measures. 

 

The very nature of the cryptocurrency makes it so it’s difficult to counterfeit or steal, but 

there are still some security factors linked to the digital wallets that are used to store the 

coins. After all, those wallets are websites that require logins to use them so every attack that 

can potentially breach a website can also break those. Without the safeguard of a bank behind 

all the transactions every currency exchange is final, if somebody steals a user bank account 

credentials, they can chargeback and get the money back, that is simply not possible with 

the crypto system. 

 

Nonetheless the biggest risk is the volatility of the value of the coins. A coin without stability 

is not useful for the general market since both buyer and seller are interested in a fair 

exchange for a set amount of value, if said value goes up or down drastically within hours 

one of the parties involved is going to feel cheated. 

 

One of the most catastrophic events in the cryptocurrency history was in the fall of 2017 

when Bitcoin went up from $7300 per coin registered in the sixth of November to the current 

record peak of $17900 to then drop down to $6200 in the fifth of February. This event 

propagated to every other relevant digital coin such as Ethereum, with an all-time high of 

$1432.88 recorded in the 13th of January of 2018 and with a current value as in October of 

2018 of $223, or Monero with the highest value of $542.33 recorded in the 9th of January in 

2018 and now clinging on the $115 mark by October 2018. 

 

From this point forward, many shopping places and entities dropped support for 

cryptocurrency transactions, such as the digital store Steam in December 6th or the China 

ban on trading that was me effective on July 2018. Although the price has been stabilized 
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for months at the time that this document is being written, this event is still being held on 

users minds. 
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CHAPTER 5. TECHNOLOGIES FOR DATA ANALYSIS 

 

5.1. Python. 

 

Python is an interpreted high-level language that lacks a specific purpose, meaning it is 

suited for multiple tasks, not only computer science. It can be used in Windows, GNU/Linux 

and MacOS. The version that we are going to use for the scripts in this project is the 3.7. 

 

One of the biggest advantages of Python is that is a scripting language, meaning that we can 

create smart and concise algorithms in a sort amount of time, while maintaining the code 

clean and concise. This also makes that is easier to debug and to find problems within the 

code, especially since the error verbose of Python is quite complete. 

 

There is a plethora of libraries ready to go, making Python one of the go-to programming 

languages for data science more so for applications that use data analytics and artificial 

intelligence, but are not dedicated studies. For example, webpages that uses machine 

learning algorithms to forecast when there is going to be a hiccup in simultaneous users that 

could bring the system down. Those systems are integrated in the backend of the server, 

making Python powerful to perform multiple functions in the same project. 

 

5.1.1. Pip 

 

To install said libraries we do not have to manually download it from a webpage like in other 

programming languages such as C++ and Java. Python has an integrated library distribution 

called Pip (Pip Installs Packages). Works really like the package distribution in GNU/Linux, 

where the most important libraries are in one centralized repository, but the user can as well 

use third party repositories if the needed module is in another server. 
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The basic commands to use Pip in a basic level are: 

 

Install a package 

 

pip install some-package-name 

 

 

Uninstall a package 

 

pip uninstall some-package-name 

 

Pip also have a way to download multiple modules at the same time, and a way to share 

which modules are used. This is done by including a requirements file, which is just a plan 

text file with the libraries that we want to use. This way we have an easy way to download 

all needed libraries each time we change of environment or to share the project with 

somebody. 

 

pip install -r requirements.txt 

 

 

5.1.2. Virtual environment 

 

Python also provides the user with the possibility of using different environments for 

different projects. There is no need to install in local all the libraries needed for the multiple 

programs that the programmer is working on. Instead the virtual environments (venv) let the 

user download the modules in a unique place for each project, solving conflicts and using 

different module versions if needed. 
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5.1.3. Anaconda 

 

 

 

 

 

 

Anaconda is a Python and R distribution specialized in the data science field. This 

distribution contains a great number of modules preinstalled that make it, so we have 

everything ready to go by just using this framework. It aims to simplify the package 

management and deployment for these types of projects. 

 

It comes with more than one thousand packages and the Conda manager. The Conda manager 

or Anaconda Navigator is very similar to pip, it fetches from the Anaconda repository and 

installs the desired module in the virtual environment. The main advantage of Anaconda is 

that it comes with everything installed, including Python 3.7 or 2.7. From the Anaconda 

framework there are have two modules that are going to be used in depth for this project. 

 

  

Scikit-learn 

 

Scikit-learn is machine learning module for Python that has numerous algorithms for both 

supervised and unsupervised learning, such as Decision Tree, Hierarchical clustering or 

Deep Learning. 

 

Pandas  

 

While scikit-learn allows us to use algorithms in our data, but the first step it to load said 

data into memory and manipulate it, so the algorithms can be used on them. The databases 

with the data that we are going to use are stored in Comma-separated values or CSV files, 

one of the most used ways to store information in data science. 

 

Pandas or Python Data Analysis Library is a Python library that allows us to manipulate data 

in memory. It has multiple data structures, such as series or the one that we are going to use, 
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Dataframe. Think about the Dataframe as a big N x N table in which each column 

corresponds to a feature, and each row to an index that can be a number, a String or even a 

datetime for timeseries manipulation. That is basically the structure of a spreadsheet, the one 

that a CSV file follows, and it feels more organic to manipulate data imported from a data 

structure that is basically identical, specially once we want to visualize data. Pandas also 

offers a lot of already programmed functionalities to alter the structure of the dataframe and 

to clean the data, like filling blank values or checking if the data format is the correct one. 

Pandas is also specialized in timeseries handling, which is important for our project since it 

is the only data format that we are going to use. Working with timeseries is not much different 

than working with other data structures, there are multiple ways to predict and operate like 

a non-linear dataset [1]. 
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CHAPTER 6. KDD PROCESS 

 

As said before the KDD process is an incremental process from which we take the results of 

the previous iterations to obtain and refine knowledge in the next ones. For that we have set 

an initial hypothesis of how we want to proceed. 

 

6.1. First iteration 

 

For the first iteration of the process we want to create a first draft of the model by only using 

economic and, if possible, technical data about the selected coin or coins and from the second 

onwards use external data as well, being them not related directly to any cryptocurrency. 

That way we can compare the outputs of the results of each iteration to check how does the 

external data affect the value of the digital assets. 

 

If we had chosen to start the study with the external data since the beginning there is a 

possibility that the knowledge extracted is not completely true. This means that there is 

uncertainty in the importance factor of the external data if we perform the study with said 

data out of the gate. To secure the veracity of the study we must study each dataset separately 

before using them together to check how do they behave and what knowledge could be 

obtained by themselves. We will explain what is, the criteria chosen to select and how to 

manage this so-called external data in the second iteration where we would start to work 

with it. 

 

6.1.1. Selection 

 

The first part in the process is to select which databases are we going to use to extract the 

data. The basis of the project is the selfsustained cryptocurrency data from which we are 

going to perform conclusions and obtain patterns. We can say this is the main component 

and the other databases are supplementary. 

 

Because of the nature of the premise, ideally the data in this database or set of databases 

should be organized by a lineal temporal measure. Each period, let it be by days, months or 

weeks, must have economic data of the cryptocurrency that we want to analyse, such as the 
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number of transactions done in that period, the maximum value that the coin obtained, the 

starting and final value and the Market Cap. Having non-economic data about the coin in 

each period is also valuable, so finding sources that also have data about the blockchain size 

of each coin per period is another of our tasks. 

 

Since the goal is to obtain the generic behaviour of how the cryptocurrencies go up and down 

in value, the chosen grain for the temporal line is to group the data by days. The reasoning 

behind this is that any bigger grain, such as sorting by weeks, will dilute important data 

needed for the study and a smaller grain is not useful to work with external data. We will 

explain in more detail the reason behind this. 

 

Now that we have the structure predefined the next step is searching for databases that fulfil 

these requirements or at least are close to. Luckily there are a lot of sources from which we 

can extract this exact type of data since it is a very standard format in economics. We are 

looking for complete, trustful and clean data so that way we have a lot of the work done in 

the pre-process. 

 

Coinmarketcap the most popular website to obtain data about crypto exchange. It provides 

easy to make observations onsite and use on local data of almost every single cryptocurrency 

in the market. Apart from the basic data, it has information about what trading sites are the 

ones that give a coin the most transactions between users, at which price are the coins traded 

in those exchange sites and if the transaction carries any type of fee. It also has full historic 

ready to use and download alongside to see the current ranking of coins by market cap or 

volume. 

 

The only constraint is that the public API that they provide is going to be replaced on the 4th 

of December of 2018 by a professional one that requires a fee to use, so the data must be 

downloaded by manually replication and updating the databases daily to get live data is an 

issue. This is a big problem because if we want to download many databases, manually 

having to copy and paste the data in the webpage to a file that is useful to work with requires 

an insane amount of time and it is not reasonable to consider it. Nonetheless this source can 

be useful to get metainformation such as the ranking of the coins by different metrics like 

the volume, so we will still work with it although we are not going to retrieve the raw data 

from them. 
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Coinmetrics.io is another webpage that also provides daily data about cryptocurrencies and 

it make it easier to download and manipulate. It also provides technical information about 

the coins such as the number of coins generated that day, the size of the blockchain and the 

block count, which as said before is also useful and will be used during the entirety of the 

project. The number of coins that this website has data of is quite large, not as large as 

Coinmarketcap but succeeds in what we want to do. The main problem with Coinmetrics is 

that not all the coins share the same features, some of them only have the date in which the 

value was recorded and said value while others have the full data achieved. For now, we are 

going to ignore the problem until pre-processing.  

 

For these reasons we are going to select Coinmetrics.io as our source for the raw internal 

data. The databases are updated as the 30th of September of 2018. 

 

Now that we have the sources with the desired structure the next step is deciding which 

specific databases we want to study. We have at our disposal data of almost every relevant 

current cryptocurrency, but we need to get a criterion to select which ones are worth and 

useful to do the study. As a side note, by relevant cryptocurrencies we are referring to the 

cryptocurrencies that are placed in the top 100 relevance ranking by Market Cap of 

Coinmarketcap as of the day the databases were updated. 

 

There are three ways to approach this problem. 

 

• Select only one database.  

This leads to incomplete and biased knowledge, not all the cryptocurrencies act 

similar or depend on the same factors. It is incorrect to assume that the knowledge 

obtained studying only a certain coin is a generalization of all the cryptocurrencies. 

  

• Select a great number of databases by importance ranking.  

Since one cryptocurrency database is not enough by lack of diverse data, the natural 

solution is to use a lot of them and draw conclusions from there.  

 

This leads to a different problem called overfitting, whose definition is the analysis 

that correspond too closely to a certain part of the dataset. Adding a lot of data 
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without theoretical reasons to process in a data mining project is not a valid solution 

since the distribution of the data can be off touch, making that there can be types of 

data that are overly represented and other kinds that are underrepresented. When 

there is a fraction of the data that is underrepresented it can show as outliers even 

though is valid data that we need to process, the problem is that there are not enough 

samples like them or that there are too many samples different to it. Having few data 

samples is a problem difficult to solve by itself, but there are solutions to the problem 

involving a class being overrepresented. 

  

• Select several databases by internal study.  

One of those said solutions is taking all that data and doing an unsupervised study to 

group the data samples into several clusters from which we are going to select the 

ones that represent said cluster the better. This way we avoid overfitting by having 

an equal number of coins with different characteristics that are representative of the 

rest of the data blob. Having less samples to work with also facilitates the pre-

processing and data mining for future iterations during the KDD model. 

 

However, there are some disadvantages inherit to this option such as the possibility 

of losing knowledge and what we are going to call the snowball effect. After all we 

are discarding a great majority of the data that we have, if the basis of this selection 

is incorrect the rest of the project will be affected. The snowball effect refers to that 

if we are getting incorrect or incomplete knowledge because the database selection 

in the first stage is not satisfactory, it is difficult to first detect that the problem is 

because of this reason and second a lot of the work already made must be redone to 

adjust to these changes. 

 

As a resume of the selection step, we are going to take all the coins possible from our source, 

discard the ones that are not useful and then selecting the most representative ones of each 

coin cluster.  

 

 6.1.2. Pre-processing  

 

Commonly named data cleaning, the pre-processing stage is where we must make sure that 

the data that we extracted from the selection is ready to be used. Since we have a large 



 27 | 89 
 

enough amount of data divided in 73 databases data cleaning by hand is not an option, so we 

are going to need some automatization. For said automatization we are going to use Python 

as our programming language. 

 

As said before, not all databases share the same structure, but in order to work with this data 

we must get into an agreement on which features we are going to use and are going to be 

common for all the coins. For that we are looking into what are the most common data 

structures and what data characteristics do they store. (Annex 1 Script 

PreProcess1_FeatureCounting)  

 

As showed in Annex 2, Result 1 Feature counting, we have eleven different data structures 

with one being used by more than half of the field with 47 out of 73 coins using it (Group 

2). The other big group (Group 3) has 13 coins in there and it the only difference with the 

first group is that it has more information about the blockchain, such as the number of coins 

generated in that day and the average difficulty to mine the coin.  

 

The features in group 2 are enough in order to make a characterization of each of the coins 

and since it is the biggest group of the set, we minimize the amount of data that we transform 

or lose. It lacks information about the blockchain per se such as the block size or the number 

of generated coins, but it is information that we cannot compute with only the current 

features and we cannot afford to drop this group since it represents the 64% of our data 

samples. 

 

Once we have chosen the final structure for our data let’s look at the changes that are needed 

in the other coins. Note that we are only dropping features for this iteration, this does not 

mean that we cannot use the discarded data in future ones, especially if we are studying coin 

by coin.  

 

Group 1, 3, 4, 5, 6, 8, 9, 10 Drop the not used features. 

 

Group 6, 11 These groups lack the median of the transaction value. Since only four coins 

lack this metric, we can safely delete them from the samples, especially since they are not 

very high in the relevance ranking of Coinmarketcap. 
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Now that we have the same features for all the databases the next step is to drop unusable 

databases due to its length. If we only have a few weeks or days worth of data about a coin, 

it is not useful enough for us to consider using said information. The minimum amount of 

time that we have specified in order to use a coin database is of one year because that way 

we can also look if there is any stationarity. We found fourteen databases that does not qualify 

for our study, so we delete them as well. (Annex 1 Script 2. PreProcess2_NotEnoughData.py) 

After these two studies, we are left with 55 coins that meet the criteria that we need.  

 

The next step is to finally prepare the data for the algorithms used in the transformation and 

data mining stages. These algorithms would not work if there are blank spaces or if the 

format of the values is not the correct one. 

 

The number of empty values is essential specially in the data mining part, most of the 

algorithms used there do not allow blanks as a value and will throw up an error. There are 

multiple ways to fill them and each solution depends entirely on the context of the database 

and what we want to achieve with it, here we are going to list some of the most common 

ones. 

 

• Deleting rows where the blank space is at. 

Used when losing that data is not a big deal or when completing the camps in other 

ways will end up in a less trustful data.  

 

• Filling with zeros and other default values. 

In many cases a blank space refers to a zero and depends entirely on the method to 

collect data used by the source. Nulls can mean that in that instance no data was 

collected, think about a weather station that stores a historic of the weather of each 

day, if no precipitations were recorded on said day, the person in charge of that task 

could seem logical to put a null value instead of a zero.  

Filling with other default values is broadly used when the data scientist is working 

with non-numeric data and is making an abstraction of the said data by assigning a 

number to each category in the field. Think about a feature that represent colours, 

instead of working with strings of characters that are impractical while computing 

with machine learning algorithms each colour has a number associated with it, orange 

is 1, blue is 2 and white is 3. Assuming that orange is the one that has the biggest 
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probability to appear in the database when a value in that feature is missing, each 

time that happens can assign a 1 and have a quick solution that can do the trick while 

not losing data. 

 

• Arithmetic operations 

It is quite common to fill blank spaces in regression problems with the mean, or other 

metrics, of the feature to have the most probable value that can appear in said fields.  

 

• Interpolations and extrapolations 

When simpler arithmetic operations are not good enough, the data scientist can use 

these techniques. Interpolation is estimating a value that is between other two that 

are known while Extrapolation is estimating with data that is out of bounds from 

our knowledge.  They are mostly used in time series data, such as our crypto coins 

databases, interpolation is used when there’s data missing in between a time period 

and extrapolation when we lack data from a point forward. 

 

The first that we notice once we investigate the number of missing values in our databases 

is that some of them contain an enormous number of blanks. Some coins have over 50% of 

missing values, for example Augur has 640 missing days in the transaction volume, the 

transaction count, the active addresses and the median transaction value columns. Most of 

this missing data is located at the start of the lifespan of the coin, meaning that until a certain 

period of time some metrics were not recorded for that particular coin, in the case of Augur 

those missing features started to get collected from the 28th of July of 2017 and the coin has 

existed since 27th of November, 2015, almost two years of missing data. 

 

We had several options for these coins, one is deleting the rows in which the missing values 

appear, which would miss on a lot of data, another one is doing interpolations, but this option 

was not accepted as well since trying to interpolate with that much missing data would alter 

the results more than was acceptable and the last option that was considered and the one that 

we chose is deleting the coin altogether. We chose these criteria since interpolating (or using 

arithmetic operations) modified the data more than we wanted and because deleting the rows 

with missing values hide information about the start of the life of a coin. If in the Augur 

database we deleted all the previous data from the 28th of July of 2017, the model will obtain 
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results based on that it is the day in which the coin was born, which is a false assumption 

and most likely will end in false conclusions about the normal behaviour of the coin.  

 

The databases that have more than 20% of missing values are dropped because of these 

reasons, the special case in which we are allowing to delete the initial rows with missing 

data are the Bitcoin, the Ripple and the Litecoin database, which lacks most financial data 

until 2013. They were three of first cryptocurrencies to ever appear and until they made an 

impact there was no recording of most of the financial data. (Annex 1 Script 3 

PreProcess3_NaNValues) 

As showed in Annex 2, Result 3 only 3 databases do not adjust to our needs, so we proceed 

to exclude them from our dataset. 

 

Another case is the empty values in between data, they usually happen because of a punctual 

error in the data extraction. In this case we opted to use interpolation techniques to fill up 

those missing data, especially considering that deleting a day in between is not a possible 

solution for our model, we need continuity from the beginning of the dataset to the end. We 

are using linear interpolation since it will give us a continuous approach based on the already 

existing data, as a constraint if there are two or more blank spaces one after the other it will 

fill both with the same data. We also noticed that there are a very small number of values 

that get the value of zero in fields that they should not belong, for that reason we decided to 

treat them as nulls as well for this process. (Annex 1 Script 4 

PreProcess4_FillNaNValues_AndFormatChecking.py) 

 

In this stage we are also going to guarantee that every feature is of the type that we require. 

Date is going to be a date field understandable by both Python and LibreOffice, the number 

of active addresses is an integer and the rest are floats. We are also going to set the end of 

the data by the specified date said before, 30 of September of 2018. (Annex 1 Script 4 

PreProcess4_FillNaNValues_AndFormatChecking.py) 

 

After modifying the data to be ready for use we can begin to operate with it. 
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6.1.3. Transformation 

 

In this stage is where we get all the databases and create our dataset from them. Our intend 

for said dataset is for it to store the characterization of each of the coins for later use in the 

data mining part.   

 

The characterization will have the following values: 

 

name: Name of the coin. 

 

mean_daily_price_variation: Mean of the daily price variation in %. 

 

cv_daily_price_variation: Coefficient of variation (relative standard deviation) of the daily 

price variation in %. 

 

ratio_of_price_increases: From -1 to 1 it indicates the number of days that were positive 

of negative for the coin, meaning that -1 indicates that all days were negative and 1 that 

every day was positive and 0 that there was an equal number of price increases and decreases. 

 

linear_correlation_coefficient_price (Pearson’s Correlation Coefficient): Measure of 

the strength of the linear relationship between number of days passed and price.  

 

max_price_increase: Biggest increase for a day in %. 

 

max_price_decrease: Biggest decrease for a day in %. 

 

mean_active_addresses: Mean of the active addresses.  

 

cv_active_addresses: Coefficient of variation (relative standard deviation) of the daily 

active addresses. 

 

linear_correlation_coefficient_active_addresses (Pearson’s Correlation Coefficient): 

Measure of the strength of the linear relationship between number of days passed and active 

addresses. 
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With these features we are specially aiming to get a complete landscape of the stability of 

the coins checking if the price fluctuation is stable and goes up or down in a stable way. 

(Annex 1 Script 5 Transformation1_CoinCharacterization.py) 

 

6.1.4. Data Mining 

 

After settling down a resume of each of the selected coins so we can work and compare 

between them, we can begin to divide them into groups.  As explained before we are going 

to use clustering, more in concrete, k-means clustering. 

 

Principal component analysis , or PCA, is a statistical method that converts a set of samples 

of supposedly linearly correlated variables into a group of linearly uncorrelated values using 

orthogonal transformation, a linear transformation used in linear algebra. Said values are 

called principal components . 

 

PCA is useful to get the distance between samples and to print them into a graph, as shown 

in Figures 2 and 3, we project the points in the map and see visually what groups they form. 

Also, this is going to be used to transform the coins into projections for the ease of making 

a K-means clustering out of them and divide said coins into groups or clusters.  

 

K-means clustering is a method of vector quantization that aims to divide several samples 

into a specified number, k, of clusters. Each sample belongs to the cluster with the nearest 

mean. 
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At the beginning a k number of centroids are chosen picked at random from the data set that 

we selected, there is a centroid for each resulting cluster and said centroid is a data point at 

the centre of it. Then the centroids are used to train a k-nearest neighbours classifier and 

from there the classifier already trained is used to classify the data points into a randomized 

set of clusters. Then all the centroids are now set to the arithmetic mean of the cluster 

associated with them and the process continues until the values of the centroids are 

considered stabilized. The result of this process is our data divided into k clusters.  

[http://www.fon.hum.uva.nl/praat/manual/k-means_clustering_1__How_does_k-

means_clustering_work_.html] 

 

 

 

 

Figure 2 KMeans with k=5 
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We have chosen this clustering algorithm due to how we can control in how many groups 

we want to divide the dataset. This is important in order to avoid clusters that could be 

considered outliers, if we see that the results are too granular, and the data is very disperse 

we can reduce the k and observe how does it perform. For a starter point we are going to go 

with a k value of 5. 

 

The result can be seen in Figure 2, where we have 3 very distinguishable groups, red, green 

and blue, and a couple that are shown as outliers, with just 3 and 1 cryptocurrencies inside 

them. The centres, the black dots, are in points that make sense in the middle of each cluster.  

 

We thought having these odd outliers was product of having too many clusters, so we 

downgraded k to 4 and observe how does it perform, as shown in Figure 3. 

 

This time we can see that the red and green centres moved a little and are slightly off entered 

from the mob of the datasets, but we deem these results are better suited for our needs since 

Figure 3  KMeans  with k = 4 
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FunFair (fun) and Veritaseum (veri) are the only possible databases that we can see as 

outliers.  

We could lower the number of clusters again to 3 to have said coins inside another group, 

but we considered this as faking the data since FunFair and Veritaseum are coins that have 

special properties that differentiate them from the rest. More on that will be disclosed in the 

Evaluation section of this iteration. The final clusters are shown in Annex 2, Result 4. 

 

6.1.5. Evaluation 

 

The evaluation in this iteration is going to check if the coins inside the groups make sense in 

the broad scenario. By this we mean that we cannot check every single coin one by one 

because in that case why would we be doing all the automatization and data mining process 

if we could create ourselves the groups.  

 

Group 2: Associated in the Figure 3 with the colour red, is the biggest cluster. This cluster 

has in common that it stores coins with a slow grow or with minimum grow. It lacks some 

heavy hitters such as Bitcoin or Ethereum. This group corresponds to the blob of the 

cryptocurrencies, the ones that are still relevant and move in a somewhat linear way and are 

worth studying but does not have insane movements. 

 

Group 1: Colour green in Figure 3 correspond to a cluster of coins that are similar as the 

ones in group 2 with an even or slightly increase in price overtime, but the price of them 

does not grow positively in a linear way, indicating that they are less stable when they get 

up in value and have more price spikes than the other ones. We can observe this by looking 

at the features “linear_correlation_coefficient_price” and 

“linear_correlation_coefficient_active_addresses” which have values very close to 0 or -1. 

Being close to -1 means that they are very negatively correlated, which translates that overt 

the time the coin tends to go down in price and active addresses and being close to 0 means 

that it lacks linearity with the time.  

 

Group 0: Painted in blue in Figure 3 is the one corresponding to the coins that had the 

biggest success and are the most known in the market. We find here famous coins such as 

Ethereum, Ripple, Litecoin or Bitcoin that had massive amount of price increases, at least 

until the collapse of the fall of 2017. 
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Group 3: The cyan in the Figure 3 indicates outliers. They perform somewhat strangely 

since they act like the coins in group 1, but the average daily price variation is the highest 

among the entire dataset. Veritaseum with a 2% daily mean increase and FunFair with a 4% 

is huge and rather unusual. 

 

Overall, we can say that we are very happy with the results and we can move forward to the 

next iteration. 

 

6.2. Second iteration 

 

In this iteration we are now including external data into our model to check the relevance of 

each of them onto our model. We also must select the coins from each cluster that we are 

going to use in this study. 

 

6.2.1. Selection 

 

We want to compare how some of the most important economic factors affect the price of 

the cryptocurrencies. First is needed that we explain what are those factors that we value as 

important. Every factor should be expressed in dollars in order to not get confused since all 

the crypto coins economic data is expressed in dollars as well. 

 

- Oil price. One of the biggest players on every country economy. The oil price impacts 

almost everything, from the cost of the fuel for the common people that use private 

transport to the value of the food and other basic needs goods, since they need to be 

transported and said transport also needs oil to work.  

 

Since this is probably the best indicator, alongside the stock markets of several 

countries, of how the global economy is performing what we are looking for 

including this data in our model is to check if there is any impact of the behaviour of 

the world economy on the cryptocurrencies price. Our source will be the Bent Crude 

for Europe. 
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- Global market indexes. We have at our disposal stock market indexes data for all the 

important markets in the world. Having only one index is not enough since one of 

them represent a group of countries, but not the whole world, for that reason we are 

choosing one index for the Americas, Europe and Asia Pacific in order to cover most 

of the world. These metrics are interesting because in a single database with only two 

features, date and index, we can have a quick look at how a region of the world is 

performing financially. 

 

For the Americas we have chosen the Dow Jones Industrial Average , which shows 

how 30 of the largest publicly owned companies in the United States of America have 

performed in a session of the stock market. 

 

In the case of Europe, the index used is the Financial Times Stock Market 

Exchange 100 (FTSE 100) which is a share of the 100 companies with the highest 

market capitalisation on the London Stock Exchange. 

 

And finally, for Asia Pacific Nikkei 225 price weights the 225 most important 

companies based on the Tokyo Stock Exchange.  

 

- Precious metals price. Another desired way to invest money by a lot of investors. We 

are adding the price of gold to the dataset in hopes of discovering possible causalities 

between investing in them and investing in cryptocurrency. Source is the London 

Bullion Market. 

 

- Classic local currency. We are also going to check normal currencies with the Euro 

and the Japanese yen. Since we are taking the dollar as the common coin for all the 

metrics, we cannot use it as a feature itself. 

 

All the data extraction from the original sources is done in the Federal Reserve Bank Of St. 

Louis from where we downloaded it. 

 

Now that we have specified which external data we are going to use, and we have obtained 

said databases the next step is doing a selection process in base of what we learned from the 
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previous iteration. The idea is taking several cryptocurrencies from each cluster previously 

discussed plus some that the authors had deem noteworthy of study. 

From each group, except the group 3, we are going to take the coins that are closer to the 

centre of the cluster and, we are going to select Bitcoin and Ethereum since they are 

emblematic coins and the two most relevant. 

The other three coins are 0x (zrx) from Group 2, ICON (icx) from Group 1 and Waves (waves) 

from Group 0. 

 

6.2.2. Pre-processing 

 

The cleaning of the databases for our coins is done already so in this iteration we only have 

to process the selected external databases. 

 

 The structure of the data must be the same, a date and the value of the commodity in dollars.  

 

With a quick look at them we discover that every database except for the FTSE 100 has said 

structure, so we just modify that database. The features there are the typical ones in any stock 

market dataset, Open, Close, High and Low price and the Volume of transactions, it is as 

simple as purging all other columns except the Open price. The reasoning behind is that it 

provides us a continuity in the data, if we had chosen the High or Low price, we do not know 

at what time of the day it was registered, while if we chose to adhere to the Open or Close 

price we are stablishing at what time all the samples are collected, first or last hour of the 

stock market session. 

 

Again, we deal with null values in every database except for FTSE 100, which does not have 

a single blank space. This time the null spaces are expressed by a dot, so we specify that in 

the code. They are also missing entire rows, without a date, so we put ourselves the missing 

days. The missing values are filled by using interpolation, same as in the first iteration. The 

dates in the databases follow different formats, fixing it is needed to then concatenate them 

into one database. (Annex 1 Script PreProcess5_FillNaNValuesExternalData.py) 

 

After doing this step we are ready to work with our external dataset. 
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6.2.3. Transformation 

 

No characterization is needed for the external data in this iteration, our dataset is formed by 

the databases that we specified earlier and everything is ready to work with. 

 

Nonetheless we still must select what we call target feature for the cryptocurrencies. Said 

target feature is needed to obtain knowledge about how the global economic factors affect 

the behaviour of the coins, so one of the best indicators on how well the coin is performing 

is the market cap. We are pruning all others since they are not useful for us in this case. 

 

Now that we have every external database at the ready, we are combining all of them in one 

single dataset to start performing calculations in the Data Mining step. To standardize the 

time series across the databases, the starting date is settled at the 1st of January of 2013 and 

the ending at the 30th of September of 2018.  

 

What we obtained from this step is a dataset for each of the cryptocurrencies and a common 

dataset to all of them with the other economic data.  

 

6.2.4. Data Mining 

 

The goal of this whole iteration is to have an idea on what are the most important factors that 

affect the cryptocurrencies price and in what degree. If we are doing the study directly with 

all the data, without a feature selection step before, we are running into the problem of 

overfitting. Take as an example that the price of the Oil and the market value of the Nikkei 

225 are similar and grow and decline at the same pace. If the price of oil affects greatly to 

the value of Bitcoin at the same time the market value of Nikkei 225 is also going to be an 

important factor for Bitcoin, but maybe this is redundant information that is obscuring other 

factors and altering the results. 
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For that reason, the first step is to do a feature selection so that we are sure that the chosen 

features are the ideal ones to procedure with the model. There is no denial that some of the 

economic databases have certain overlap between them since all of them are decent 

indicators on how the global economic is going, excluding the currencies and the indexes 

which are more akin to the local market of each continent. The basis of the algorithm relies  

here, we are going to exclude those features that are way too similar between them using 

linear correlation.  

 

As a base line, correlation refers to how dependant are two variables. Linear correlation is 

the straight-line dependency between those variables. A value of -1 means that they are 

perfectly negative correlated, a +1 perfectly positive correlated and a value of 0 that there is 

not dependency. It is very common to get confuse and assume that -1 also means that there 

is no relationship between the variables, which is false, there is relationship in that when a 

variable increase, the other decreases and vice versa as can be shown in Figure 4.  

 

If the linear correlation between two variables is more than 0.9 then we delete one of them, 

but, which one of those are we going to keep? It does not make sense to purge both from the 

dataset, so we must choose.  

 

The criteria that we have selected is to delete the one that is less correlated with the 

cryptocurrency that we are studying in that moment. We cannot assume that all the factors 

are going to be useful for every single coin, some will care about the price of gold while 

others may not for example. 

Figure 4 Types of correlation Source: https://www.emathzone.com/tutorials/basic-statistics/positive-and-negative-

correlation.html 

 

https://www.emathzone.com/tutorials/basic-statistics/positive-and-negative-correlation.html
https://www.emathzone.com/tutorials/basic-statistics/positive-and-negative-correlation.html
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As a resume we are going to do the feature selection of each individual coin by 

 

1. Getting the linear correlation between every single pair of external features. 

 

2. Checking if said correlation is bigger than 0.9. 

 

3. If so, we proceed to delete the one in that pair that has the lowest correlation with the 

market cap of the coin.  

 

Note that since we have different time data for each of the coins, maybe some variables 

that were correlated in a period are not correlated in another one. As a theorical example, 

the economic factor A is growing at the same pace as the factor B for the last 3 years, but if 

we look at the data from the last 6 years, we can see that A was declining while B was 

rising, until 3 has passed and A started to rise again.  

 

Once we have selected the features, we need to express in a numeric value how important 

are those features for the price of the cryptocurrency. For that a percentage is given to each 

of those features, from the selected values, and it must up to 100%. This is done by using a 

Random Forest algorithm 

 

For a better understanding of what a Random Forest is, we must explain first a Decision Tree 

algorithm. 

 

A decision tree is a tree-like flowchart used for decision support where each of the branches 

is a decision and the nodes are states. It can store a large amount of information such as 

chances that certain decisions are taken, cost of them and etcetera. Decision Tree learning 

implements that decision tree model to obtain conclusions about an item using the branches 

as observations. It is very useful specially to represent the decision-making process in data 

mining projects but can be also used as a predictor. 

 

There are multiple types of decision trees, the two most important are: 
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• Classification tree  Where the predicted outcome belongs in the range of options of 

the target feature. For example, if we are training a model to forecast if a patient is 

ill or not, the target feature range will be only Ill or Healthy, which are the only two 

values that the classification tree will return us. 

 

• Regressive tree When the predicted outcome is a numeric number that does not have 

to belong to an already existing value of the target feature. 

 

Random forests or random decision forests are an ensemble learning method for both 

regression and classification which build the model by using a N number of decisions trees 

for the training and making the model by selecting a portion of them. 

 

The parametrization is identical as a Decision Tree algorithm, you need to input a dataset, 

the target feature that we want to predict and in the case of Random Forest, the number of 

trees that we want to generate. 

 

The Random Forest algorithm helps to alleviate the overfitting that the decisions trees tend 

to have. The Decision Tree model tends to give a lot of importance to a single feature, while 

the Random Forest spreads the relevancies much more for the other characteristics. 

 

This algorithm adds a certain random element to the model. It does not mean that is 

completely arbitrary and that it does not follow any rules, randomness while controlled can 

be useful like in this case. 

 

One of the uses of Random Forest, and Decision Tree by extension, is that it can be used to 

rank the relevancy of the features while fitting the model. The relevancies are calculated by 

how many times a feature is repeated in the branches, what are the consequences on taking 

that route and other factors that we are not going to talk in depth here. 

 

We input the dataset with the selected features and out target feature, the market cap of the 

coin that we are studying, and from there the Random Forest computes internally how much 

importance does it give to each of those features for the fitting of the model. We are only 

interested in the relevancy of the features, so is the only information that we are extracting 

from the model. It is important to note that although the Random Forest is a predictor, we 
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are not currently interested in using it as one, the only interesting thing for our model is how 

it operates inside, in what features does it base the calculus for the predictions and in what 

degree. 

(Annex 1 Script DataMining2_FeatureSelectionAndRelevance.py) 

 

Note that in the code we also include the possibility of using a Decision Tree for the 

importance of the variables, but the results that we obtained from it were worse. The 

overfitting problem was real, and it gave out too much relevancy to a single feature, we 

already have this problem with Bitcoin and Ethereum, but it propagated to the other three, 

so we chose to go with the Random Forest as we explained. 

 

As showed in Annex 2, Result 5, we can see that both Bitcoin and Ethereum are heavily 

linked to the United States market, since in both cases over 70% of the total external 

influence that affect the price comes from the Dow Jones Industrial Average. This makes 

sense because they are the two mainstream coins, the ones that everyone knows and the ones 

with the biggest volumes, and the ones a bigger number of traditional investors that do not 

have an interest in cryptocurrencies beforehand also invest in them. Most of those traditional 

investors are located within the USA and when the market there goes well, some of the 

profits generated through it goes into these cryptocurrencies to obtain what is called market 

diversification, which basically is investing in different assets so when ones goes badly, not 

all your capital goes down as well. 

 

The other three coins are not as known so mainstream investors are not usually looking into 

them. They are more of a specialize investment for the cryptocurrency enthusiasts, and it 

shows as the external factors influence is more leverage without one surpassing the 45%. 

This indicates that there is more variety in the type of investors that are interested in these 

coins, and for the exception of the Nikkei 225 index, none of the heavy hitters are shared 

between those three. These coins can be considered more unlinked from traditional economy 

for the same reason, there are multiple factors that affect them, is not about one that is all 

that matters. 

 

We extracted the relevancy of the factors on each of the selected representative coins, but 

until know we are making the false and incorrect assumption that the only thing that matters 

in the value of the currencies are the outsider agents. The sum of the relevancy that we 
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calculated in the previous iteration that adds up to 100%, is not the relevancy over the final 

price of the coin since there are other multiple features that affect the value that we are not 

going to study in this document such as the internal factors, block size, volume transactions 

and so on. Remember that we are talking about economic external factors, we are not 

considering things like the number of messages in social media about a certain coin or if 

there is going to be any change in the legislation in a country regarding the trading of digital 

assets. 

 

As an example, for the cryptocurrency X, the price is determined by a N% internal factors, 

M% the jurisprudence in the countries that is used, Y% social media impressions and another 

W% by the economic factors, from which that 20%, 70% is from the price of the oil, 20% 

the index of the Nikkei 225 and 10% from the current value of the Euro.  

For this reason, the results of making a predictor with only external data will not be perfect 

and there are some caveats that must be addressed in a more complete model. Nonetheless, 

since this project is only oriented to work with external economic data, we are going to carry 

on and proceed to do the final step in our study, a predictor. 

 

With this predictor we are aiming to get an approximation on the price of the 

cryptocurrencies for a certain amount of time in which the data for the external factors are 

known. One limitation of this approach to try and predict the behaviour of a coin is that for 

training and testing we have all the external data that we want since it is in the past, the 

problem arises once we want to put the model in production and predict the future, with 

external data that is currently unknow.  

 

In this document we are not going to also try to estimate the future value of the selected 

economic factors, but the model that we developed is designed to also accept estimated 

economic data. The only thing that the reader must consider is that the error that said 

estimations have is going to be added to the error that the model already carries. With that 

in mind, les discuss our estimator. 
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For the estimator the chosen algorithm this time is the k-nearest neighbour (KNN). 

Although it is been already used indirectly by the K-means clustering performed in the first 

KDD iteration, the KNN algorithm is a technique used in supervised learning, while every 

type of clustering is considered unsupervised learning. This difference is vital, right now we 

are aiming to build a regression model while in the previous iteration we were designing a 

model to identify pre-handed unknown clusters or groups, the scope is completely different 

even when K-means shares procedures with KNN.KNN is used more for classification than 

for regression, but in this case is the best performing algorithm to work with already 

weighted features. 

 

 

 

 

 

Figure 5 k-folds 10 Cross-Validation test for Bitcoin 
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In KNN for regression the output is the average of the k nearest neighbours. Unlike a 

Random Forest algorithm that does not need parametrization, a correct estimation of the 

number of nearest neighbours is vital for the optimal result. The best way to parametrize this 

is using a Cross-Validation test. Cross-validation (CV) is a statistical technique that help us 

determine the usefulness of a machine learning model. More in concrete, is a resampling 

procedure used to evaluate these models with preestablished data samples. There are 

multiple types of CV, but the one that is widely used among data scientist is the k-fold CV. 

The steps to perform this test, considering that we are working with linear data, are as follow.  

 

1. Choose an initial and final parameter for the algorithm that we are trying to 

parametrize. In KNN is the number of neighbours what we are trying to obtain. Also 

choose the number of folds that are going to be applied to the CV 

2. Divide the dataset into k groups, the higher the k the smaller the groups.  

3. Iterate through the groups, making so that group is the testing dataset and the other 

k-1 groups together are the training dataset. 

Figure 6 k-folds 10 Cross-Validation test for Icon 
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4. Train the model with those parameters and obtain a score. This score is the error that 

the fitted model has against the testing dataset. The lower, the better.  

5. Iterate through the range of possible parameters given in the first step and then show 

all the scores. 

 

The parametrization that obtains the best score, less error, is the one that we shall use. In our 

case we are going to choose 3 neighbours for the start and 30 for the end. For the number of 

folds, it will be 10, which is the standard that a lot of studies uses and the one that usually 

gives the best results. This does not mean that is the perfect number for our model, but the 

window of error is usually small, and the goal is not to obtain a highly optimized result to 

send to a competition, the goal is to extract knowledge that we can use for a better 

understanding of the crypto coins.  

 

In Figure 5 we can see the results of using the Script 10, located in Annex 1, on Bitcoin data 

where there’s a straight-line that goes up with the more neighbours that we use for the model. 

Figure 7 Bitcoin prediction and real data  
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This behaviour repeats for all the coins, except for Icon, showed in Figure 6, where it makes 

a dip in the second iteration. Keep in mind that the x axis in the two figures are not the 

number of neighbours, we cannot perform a KNN with k=0, but in which iteration of CV 

process we are. To each iteration we sum 3 to get the real number of neighbours being studied 

as shown in Annex 2 Result 6. As we can see, we are going to stablish k equals to 3 in every 

coin but in Icon, where the number of neighbours is going to be 4. 

 

Now we are ready to model our predictor. The first thing to take into consideration is 

assigning to each of the features the corresponding weight. Once we have done that, the 

procedure to perform the KNN is similar as what we done previously with the Random 

Forest, with the exception that now we divide between training and testing datasets. 

Traditionally with non-linear data the usual way to approach this division is why randomly 

dividing a % of the samples into those groups, usually 80% for training and 20% for testing, 

but it depends ultimately on the context of the project, but since we are working with linear 

data, we cannot do that. The reason is because if we divide the dataframe randomly without 

considering that, we are predicting the past using the future since inevitably some samples 

Figure 8 Ethereum prediction and real data  
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of the training will be ahead of some of the testing samples. It does not make sense that to 

guess what the price of the Bitcoin in was 2015 we are using prices of Bitcoin 2018, we 

should work and study the increase without jumps. For that reason, in every dataset we are 

dividing the dataset in test, which will be the last 6 months and in train, which will be the 

rest. 

 

 

As for how we are going to give each feature its corresponding relevancy, we are going to 

normalize all the features with a min-max scaler. That is transforming the values to other 

ones ranging from 0 to 1 where 0 is the minimum of the feature and 1 the maximum, with 

all the other data taking numbers in that range. After that transformation, we multiply the 

column by the relevancy that we previously obtained and with that transformed data we 

begin to train the model. 

 

 

 

 

Figure 9 Icon prediction and real data  
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6.2.5. Evaluation 

 

Once trained we are going to predict the last 6 months with said model and compare the 

results against the testing dataset, as showed in figures 7, 8, 9, 10 and 11 for their respective 

coins. 

 

As we can see the results are very exaggerated in both the Bitcoin, Ethereum and Waves 

prediction. Those are the three cryptocurrencies that had the biggest values compared to the 

market cap when the testing was performed. Out hypothesis with these high values that are 

far off the real ones is that the tendencies for those three coins changed abruptly with the 

crypto collapse in the fall of 2017, while the external factors remained untouched for that 

event and the model cannot know the real reason of why suddenly the Bitcoin had more than 

a 50% decline in mere months. To this also affects that it was a one-time thing, there was not 

a similar occasion when this behaviour repeats, and such we lack data samples to verify that. 

The time between the crash and the time between testing is not that much as well, between 

2 or 4 months depending on the coin, so in that sort time there is not enough time for the 

algorithm to adjust the tendency again, especially considering that for Bitcoin we have data 

all the way back from 2013. 

 

As for the other two coins the only that can predict the tendency and adjusts the value the 

closest is with 0x. With Icon we have a problem that is like the first three coins previously 

mentioned, the values that Icon receives at the time of the testing are the lowest  

ones in the whole lifecycle of the cryptocurrency, and while KNN is a decent regressor, it 

does not get beyond the scope of values provided by the training. 
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Figure 10 0x prediction and real data 

Figure 11 Waves prediction and real data 
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CHAPTER 7. EVALUATION 
 

To evaluate this model, we are going to check with other coins of the 3 groups if the results 

that they give are similar. These coins were chosen at random to not have any type of input 

or bias in this step. Said coins are Aion, SALT and Dash. Keep in mind that the process to 

do the evaluation is going to be the same that we performed for the main coins of the study, 

so the code will remain the same except for the individual parameters of each of the coins, 

such as the feature relevancy. 

 

The first step is to obtain the importance of the external features and compare them to their 

respective coin inside the groups. 

 

Feature Dash Waves  

DJIA 59.3212 - 

DEXUSEU 13.9283 40.8066 

NIKKEI225 10.2903 32.4281 

DCOILBRENTEU 4.86889 4.68409 

GOLDAMGBD228NLBM  4.68187 11.6792 

DEXJPUS 4.55081 5.96995 

FTSE_100 2.35861 4.43202 

 

 

 

Feature Salt Icon 

NIKKEI225 25.1967 32.4281 

DEXUSEU 19.957 3.41333 

GOLDAMGBD228NLBM  17.7578 45.4167 

DJIA 15.6623 3.52736 

FTSE_100 8.41868 4.43202 

DEXJPUS 7.14452 9.13095 

DCOILBRENTEU 5.86291 4.68409 
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Feature Aion 0x 

GOLDAMGBD228NLBM 54.0675 12.4769 

FTSE_100 10.7974 20.3447 

DCOILBRENTEU 9.44565 37.3188 

DEXUSEU 6.79798 9.56848 

DJIA 6.68421 9.44636 

DEXJPUS 6.39284 6.46214 

NIKKEI225 5.81434 4.38259 

 

As we can see the most similar ones in this regard are Salt with Icon, since Salt is very close 

to the centroid of its cluster, while the other two that are more far away from them as we can 

see in Figure 12. This is normal behaviour, especially for samples like Aion that could as 

well be part of the green group and it shows because it gives a lot of importance to the price 

of Gold, just like as the centroid of said group, Icon. 

 

This demonstrates that while trying to divide the coins into separate groups according to 

economic factors makes for an easier way of generalizing, not all coins can be easily 

categorized. 

 

The next step is to make the prediction and see how they compare to their centroids. For that 

we must calculate the number of neighbours first, which are 3 for all the coins. Now that we 

have all the parameters, let’s proceed to the prediction making, which result is showed in 

figures 13, 14 and 15 for Aion, Salt and Dash respectively. 

 

As we can see, Aion and Icon have similar behaviour, they are a declining coin that are 

bottoming out at the time of testing, they both share the straight line that happens when the 

market cap is reaching a new lowest value. 0x is very similar in that regard, but we can see 

some small variations in value in that straight line, symptom that the decline in value is not 

as exaggerated. We commented before that the distance between Aion and 0x is not very far 

from Aion and Icon, so it is normal that it shares behaviour from both of those coins, the 

impossibility of the algorithm to produce coherent results once the value is out of the reach 

of the training dataset. 
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Salt and Icon are also similar in that regard, with the exception that Salt reached higher 

values than Icon in the past and that is why the market cap is off by a good measure upwards, 

even thou the behaviour is more accurate. Also, the decline in price of Salt is more balanced 

and smoother than the other coins previously explained, hence why it does not have a simple 

straight line like Aion and Icon in the prediction. Dash and Wave also share similar behaviour, 

the correct value does not correlate to the prediction since the market cap before the big 

crypto decline in the fall of 2017 was way higher, so there was no time to adjust. 

 

We can say that the study was successful in that we obtained a correct generalization of the 

coins by dividing them into clusters and choosing the centroid of each one. We also 

performed decently in identifying what are the important external economic factors that are 

important for each coin, but what did not go as well was doing a prediction with that data. 

The behaviour of most of them was captured with success, but there are some nuances that 

should be addressed in future work. 

Figure 12 Clusters with the evaluation coins marked  
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Figure 13 Aion prediction and real data  

Figure 14 Salt prediction and real data  
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Figure 15 Dash prediction and real data  
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CHAPTER 8. CLOSING REMARKS 
 

In this project we developed a model that let us know the importance of certain economic 

variables and use them to forecast the price for a set number of months. 

 

The first step to take was the selection of what cryptocurrencies we were going to use to 

perform the study. This is a very important step since the goal is to obtain generalizations of 

the coins, not a case by case study. We knew that every coin was going to have different 

needs and different results, but if we could select a few ones that were representative of the 

conglomerate we can make conclusions of the general behaviour of the cryptocurrencies. 

The selection was performed over 73 different coins obtained which data was obtained was 

obtained from Coinmetrics.io, a webpage with the sole intent of providing raw data on 

cryptocurrencies and its related characteristics. Once we had the data, the selection was made 

as follows. 

 

A cryptocurrency database is made by several characteristics, called features, such as the 

price or market cap, that had a value registered for each day from the moment the currency 

was coined to the last day that we stipulated to stop retrieving data in order to have the same 

end for every coin. This form to express data is called time series, and it is just a linear way 

to store information. It is widely used in economics where time and seasonality matters. A 

graphical example of this useful type of dataset is shown in Figure 16, where we can see that 

for each day that passes, we have a value in the columns. For this project we used days as 

our grain, but we could had use months, semesters or even years, the timeseries model is not 

only thought to work with days. Also, not all the coins had the same structure, some had 

more technical data like the block size, while others lacked it. We had to drop features and 

in some cases databases in order to have the same structure, so we could start working. 

Nonetheless, this structure was not useful to select the most representative coins, so we had 

to do a transformation and convert the data into one that can help us on the task. 

 

Said transformation consisted into making a characterization of each coin considering the 

overtime price increases and decreases. The new database with all the characterization of the 

coins had the following features or variables. 
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Figure 16 Example of Timeseries 

 

name: Name of the coin. 

 

mean_daily_price_variation: Mean of the daily price variation in %. 

 

cv_daily_price_variation: Coefficient of variation (relative standard deviation) of the daily 

price variation in %. 

 

ratio_of_price_increases: From -1 to 1 it indicates the number of days that were positive 

of negative for the coin, meaning that -1 indicates that all days were negative and 1 that 

every day was positive and 0 that there was an equal number of price increases and decreases. 

 

linear_correlation_coefficient_price (Pearson’s Correlation Coefficient): Measure of 

the strength of the linear relationship between number of days passed and price. 

 

max_price_increase: Biggest increase for a day in %. 

 

max_price_decrease: Biggest decrease for a day in %. 

 

mean_active_addresses: Mean of the active addresses.  

 

cv_active_addresses: Coefficient of variation (relative standard deviation) of the daily 

active addresses. 
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linear_correlation_coefficient_active_addresses (Pearson’s Correlation Coefficient): 

Measure of the strength of the linear relationship between number of days passed and active 

addresses. 

 

Now that we had all the coins defined by one line in a database, we applied algorithms to 

make segments out of the entire database, and from there take the most representative coins. 

In this case we had chosen Principal Component Analysis, a statistical procedure to project 

a set of points into a reduced number of new linear uncorrelated values, to transform all these 

features into 2 data projections that we can show in a graph and K-means clustering to obtain 

a determined number of clusters out of them. K-means clustering is a method of vector 

quantization that aims to divide several samples into a specified number, k, of clusters. Each 

sample belongs to the cluster with the nearest mean. With this algorithm we settled the 

number of clusters that we considered to be the best and obtained the most representative 

coins out of them. The k number of clusters at the start were 5 but got reduced to 4 since we 

got better results and the selected coins were Bitcoin, Ethereum, 0x, Icon and Waves. The 

first two were selected since they are the most important cryptocurrencies at the time of 

writing this document, while the other three were the centroids of the resulting clusters. We 

did not select the 4th centroid of the last cluster since it was a very small cluster with just 2 

coins and we considered that it was not going to contribute anything useful.  

 

Once we had the coins selected, we had to choose the external economic factors from which 

we are going to base our model. After some investigation we concluded that the factors that 

were best suited for the problem were the price of Oil, Gold, the valuation of the market 

indexes Nikkei225, Financial Times Stock Exchange 100 and Dow Jones Industrial 

Average and the exchange in dollars of the Euro and Japanese Yen. The structure of the 

databases that contain this data is very similar to the cryptocurrencies databases, a timeseries 

with the grain put in days but instead of multiple features there was only one, the value in 

dollars. 

 

What we did next was to finally calculate the importance that each of the selected coins gave 

to the external economic features. For that we used a correlation test to prune the economic 

features that were very similar considering the linear correlation with the market cap of the 

cryptocurrency. If two external variables acted identically, that could cause overfitting in out 
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model, so we had to delete one of them. The one that was deleted was always whichever had 

the least linear correlation with the market cap of the coin at study. 

 

Once we did this initial feature selection, we used a Random Forest predictor to calculate 

the importance. Random forests or random decision forests are an ensemble learning method 

for both regression and classification which build the model by using a N number of 

decisions trees for the training and making the model by selecting a portion of them. A 

decision tree is a tree-like flowchart used for decision support where each of the branches is 

a decision and the nodes are states. It can store a large amount of information such as chances 

that certain decisions are taken, cost of them and etcetera. Decision Tree learning implements 

that decision tree model to obtain conclusions about an item using the branches as 

observations. It is very useful specially to represent the decision-making process in data 

mining projects but can be also used as a predictor. Note that we are not using the Random 

Forest predictor to predict anything yet, we are only extracting the importance that it gives 

to each of the features while fitting the given data.  

 

To better validate that the obtained relevancies were on point, we developed a K-nearest 

neighbours model that considered the importance of each feature. For that we used a scaler 

to transform the numeric values of the global economic features into values from 0 to 1 and 

then multiplied then by the relevancy, which goes from 0 to 1 as well. After that 

transformation we operated like a normal predictor model, we parametrized the model by 

using a Cross-Validation test. Cross-validation (CV) is a statistical technique that help us 

determine the usefulness of a machine learning model. More in concrete, is a resampling 

procedure used to evaluate these models with preestablished data samples. 

 

Once we parametrized the algorithm correctly, we divided the data into two sets, the training 

and test datasets. The training dataset is used to fit the model, to train it and adjust the 

predictor, and the testing dataset is used to validate and compare the predictions that the 

model can do with real data. Once the model is trained, we proceeded to forecast the price 

of the coins in 6 months for now, and that forecast was then compared with the testing dataset, 

obtaining the results showed in figures 7, 8, 9, 10 and 11  

 

The results obtained where then validated with another 3 different coins, Aion, Salt and Dash, 

each one from the 3 clusters resulting in the previous step. Said results were quite like their 
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centroids counterparts so it proved that the predictor does not discriminate between the 

clusters of coins. 

 

8.1. Final results  

 

What we learned is that both Bitcoin and Ethereum, the two largest and more known 

cryptocurrencies, follow the global market way closer than the rest of the samples. But at 

the same time, as we can see by looking at the predictions, these are also the two that are the  

hardest to predict with just these variables. This is not considered a contradiction, a coin can 

be very related to a certain feature, but without a global vision of the rest of the important  

features that affect it we cannot make a good estimation if the importance of the variables 

that we are studying is low. 

 
What this really means is that even when those two cares a lot about the price of the oil, they 

are not conditioned by it and favour other features. Such features could be the number of 

miners currently mining the blockchain, the comments in social media and so on. It is as we 

explained earlier, from the 100% of the price, a Y percent is the economic external factors, 

from which that said percent, 80% is the value of the oil in dollars, but if the Y percent is 

really low, then it does not matter at all if the price of the crude has a lot of relevancy because 

in the grand scheme is not important at all.  

 

The other three, smaller coins care a lot more about the economic features fluctuation since 

the prediction is more on point there, by a lot, and since they are varied in what features do, 

they give importance it indicates us that they are being traded by investors that also trade 

other assets. These cryptocurrencies could be used as a scapegoat when one of the assets that 

those investors have capital in declines in value, while the blob of the investors of Ethereum 

and Bitcoin are enthusiasts or specialised capitalists that only care about those coins. This is 

not unusual, since they are the better-known ones that attracted a lot of attention from tech 

individuals and just common people that liked the idea of digital money, which never 

invested in the past. That also makes sense why the price of the crude is the most important 

feature for those two, since it is the better indicator of how the home economy go, the more 

money that the common people have, the more chance they invest in Bitcoin or Ethereum. 

 

 



 64 | 89 
 

8.2. Model limitations and problems  

 

As said in the evaluation, we are happy by how the final result was shaped and that it could 

capture the movements of the coins by only using external data, but there are some 

limitations: 

 

• We cannot estimate outside of the  range stablished  

 

Problem 

As an example, if the results given for the training are between 50 and 100, we cannot 

estimate values of 110 or 45 in the testing part. This causes so when a coin is hitting 

a new low, it is impossible to go beyond X value and we cannot predict that.  

 

Proposed solution 

Change the algorithm that we use to perform the predictions or add new techniques. 

Using classic statistical procedures in addition to machine learning have 

demonstrated that it gives good results, so the investigation line should be evolving 

around that option in future iterations of the model. 

 

• Crashes in the price of the coin are not detected by the model 

 

Problem 

Big declines that are not conditioned by external factors are impossible to detect. As 

mentioned before, the cryptocurrency value is conditioned by a great number of 

things, not only the economic factors that we are focusing in this study, so our model 

cannot reflect those big crashes and adapt to it. This is a problem that many economic 

artificial intelligent models have to face and ours is not an exception, if anything the 

volatility of the crypto coins makes it even more complicated. 

 

Proposed solution 

Make a study that uses more than a single type of factors into account. While we 

consider that the procedure of studying the economic factors is acceptable, this 

cannot be the only thing that matters in any study. 
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• Generalization of the coins should be revised 

 

Problem 

We think that dividing the coins in groups and then make a generalization over them 

is a good idea, but the number the groups and the components inside them should be 

updated. This problem is very similar to the previous ones where we discuss that 

making a predictor with only using external economic data is not optimal or complete, 

here is the same, we need to consider numerous factors before trying to group. 

 

Proposed solution 

Divide into clusters considering if the coin is mineable, anonymous, how relevant is 

in social media, the perception of it by the public, the technology that it uses and 

whatever factors the data scientist deem important. 

  

 

8.3. Completion degree 

 

Let us revisit the objectives of the project and see how we performed. 

 

1. Obtain data sources of selected cryptocurrencies and economic factors, like the 

price of the oil or the price of the gold. 

 

The data sources were mostly perfect for this task. We had plenty of different coins 

and we did not have to discard a lot of them because the quality of the data was good. 

The only thing that is missing is data about the blockchain of the coins, we had that 

data for some of them, but we had to discard it to get the same structure in every 

database. This is important for the division into clusters made at the beginning, since 

we mostly only used economic internal information for the coin characterization. For 

future iterations of the project we will try and complete this missing information since 

it could show us a lot of missing information. 
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2. Model and develop a data analysis model using Artificial Intelligence, Machine 

Learning and Data Mining to obtain knowledge about how related the 

cryptocurrencies with the economic variables are. Focus on the correct use of 

the different algorithms at our disposal and argument why we are using them.  

 

We developed a tool to obtain the importance of each feature that while it gives 

results that make sense and the scope of the project is complete in that regard, we are 

missing how much of the global % correspond to the sum of these features. This 

would be a perfect indicator of how much every coin care about the global economy, 

this should be the objective for future endeavors on this model. We also designed a 

predictor by only using external economic data, which helps us to discover that 

missing indicator, but we lack a way to specify that in numbers. This predictor would 

also estimate better if we could enter other features as well, not only economic ones. 

Overall, we are satisfied with measure with this task and the results it provides.  

 

3. Evaluate the model with different data samples to make sure that the model is 

valid, and the results can be replicated with another set of data. 

 

The model was tested on other randomly selected coins to see if the results were like 

what we obtained. The results were easily replicated, and the coins had similar 

behavior with the ones closest in the k-means clustering. 

 

4. With our evaluation systems in place, perform an analysis of our model to check 

if the knowledge obtained from it is a valuable contribution. 

 

We deem that the knowledge is useful. We learned that the classification method, 

while working as expected and performing with nice and clean outcomes, needs to 

have a little more granularity and it will also help that we used more variables of the 

coins, as explained before.  
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5. Interpret the results obtained using the model and extract knowledge and 

observations out of them. 

 

This was done in this chapter, in the first section. We are considered that we 

succeeded, and we obtained notable notes and curiosities of our digital coins. 

 

8.4. Future work proposals  

 

Summarizing, what we propose to complete this model is using more types of data. One 

thing that we could not use for this study that would be useful is technical information, such 

as the block size, if the coin is currently mineable or if it was developed by a corporation or 

an individual. Since we had to use the same data structure for the K-means clustering we 

prune a lot of useful information, we could do better and use that information once we have 

created the clusters to divide once again the clusters and have more granularity. Said 

granularity could trump the generalization goal, so trying to introduce that technical 

information while creating the first clusters could also be a solution by trying to get the data 

that is missing in another source or transforming the features into other ones. 

 

Nonetheless the goal of the project should always be the understanding and study of the 

coins, never a model to predict with a high precision the value of them. Unregistered assets 

have a lot of problems with unseen factors affecting the normal behaviour of those, even 

more than registered ones such as the stock market.  

 

 

8.5. Final conclusions and closing thoughts  

 

While we have demonstrated that we can predict the flow of the price variations of the 

cryptocurrencies by just using non-internal data with a decent enough confidence interval, 

the absolute values are off. This is caused because for the price of the coins there are a lot of 

circumstances that could potentially affect it, not only economic global factors.  

 

But also, we can safely say that not all the coins are affected by the same factors, some care 

about the price of the crude while other ones are mostly only interested in how the stock 

market is going in Asia. The circumstances of each of the coins are unique to them and while 
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some follow the global market better than the others, which is the case of Aion and Icon, 

others are not as conditioned by it and need another type of study. 

 

The world of cryptocurrencies is very big, and while it may not be in its prime at the time of 

writing this document, it is still one of the most interesting areas of investigation. We 

encourage to the reader to investigate and amplify what he learned today with other areas of 

the cryptocurrencies. Or to make his or her own external economic factors study to complete 

the study, or to prove us wrong. 
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ANNEX 1: Scripts 

 
Script 1 PreProcess1_FeatureCounting.py 

from os import listdir 

from os.path import isfile, join 

import pandas as pd 

 

mypath = 'databases/' 

cryptoconcurrenciesName = [f for f in listdir(mypath) if isfile(join(my-

path, f))] 

 

df = pd.DataFrame() 

classified_dfs = [] 

 

for cryptoName in cryptoconcurrenciesName: 

    file = mypath + cryptoName 

 

    cryptocurrencies = pd.read_csv(file) 

    columns = list(cryptocurrencies.columns.values) 

 

    is_there = True 

    # Base case 

    if classified_dfs == []: 

 

        df_tuple = [columns, [cryptoName]] 

        classified_dfs.append(df_tuple) 

 

    # Generic case 

    else: 

        is_there = False 

        for df_tuple in classified_dfs: 

 

            feature = df_tuple[0] 

            if set(columns) == set(feature): 

                is_there = True 

                df_tuple[1].append(cryptoName) 

                break 

 

    if is_there == False: 

        df_tuple = [columns, [cryptoName]] 

        classified_dfs.append(df_tuple) 

 

result = pd.DataFrame() 

group_num = 1 

with open("FeatureCountingResult.txt", "w") as f: 

    for df in classified_dfs: 

        f.write('Group ' + str(group_num) + '\n') 

        f.write(str(df) + '\n') 

        f.write('Number of coins: ' + str(len(df[1])) + '\n') 

        f.write('\n') 

        group_num = group_num + 1 
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Script 2 PreProcess2_NotEnoughDaysRecorded.py 

from os import listdir 

from os.path import isfile, join 

import pandas as pd 

 

mypath = 'databases/' 

cryptoconcurrenciesName = [f for f in listdir(mypath) if isfile(join(my-

path, f))] 

 

df = pd.DataFrame() 

classified_dfs = [] 

 

with open("InsufficientData.txt", "w") as f: 

 

    for cryptoName in cryptoconcurrenciesName: 

        file = mypath + cryptoName 

 

        cryptocurrencies = pd.read_csv(file) 

        if len(cryptocurrencies) < 365: 

            f.write('Coin ' + str(cryptoName) + '\n') 

            f.write('Days recorded ' + str(len(cryptocurrencies)) + '\n') 

            f.write('\n') 

 
Script 3 PreProcess3_NaNValues.py 

from os import listdir 

from os.path import isfile, join 

import pandas as pd 

import numpy as np 

 

mypath = 'databases_after_pre1_2/' 

cryptoconcurrenciesName = [f for f in listdir(mypath) if isfile(join(my-

path, f))] 

 

SELECTED_FEATURES = ['date', 'txVolume(USD)', 'txCount', 'mar-

ketcap(USD)', 'price(USD)', 

                     'exchangeVolume(USD)','activeAddresses', 'medi-

anTxValue(USD)'] 

df = pd.DataFrame() 

classified_dfs = [] 

 

with open("TooManyMissingValues.txt", "w") as f: 

    for cryptoName in cryptoconcurrenciesName: 

        file = mypath + cryptoName 

 

        cryptocurrencies = pd.read_csv(file) 

        columns_n_nan = cryptocurrencies[SELECTED_FEATURES].isna().sum() 

 

        columns_per_nan = columns_n_nan * len(columns_n_nan) / 100 

        if np.any(columns_per_nan > 20): 

            print(cryptoName) 

            f.write(str(cryptoName) + '\n') 

            f.write('% Missed \n' + str(columns_per_nan) + '\n') 

            f.write('\n') 

 
Script 4 PreProcess4_FillNaNValues_AndFormatChecking.py 

from os import listdir 

from os.path import isfile, join 

import pandas as pd 

import numpy as np 
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from datetime import datetime 

 

mypath = 'databases_after_pre3/' 

mynewpath = 'databases_after_pre4/' 

cryptoconcurrenciesName = [f for f in listdir(mypath) if isfile(join(my-

path, f))] 

 

SELECTED_FEATURES_FLOAT = ['txVolume(USD)', 'txCount', 'marketcap(USD)', 

'price(USD)', 'exchangeVolume(USD)', 

                           'medianTxValue(USD)'] 

 

SELECTED_FEATURES_INT = ['activeAddresses'] 

df = pd.DataFrame() 

classified_dfs = [] 

 

end_date = pd.Timestamp(datetime.strptime('2018-09-30', '%Y-%m-%d')) 

 

for cryptoName in cryptoconcurrenciesName: 

    file = mypath + cryptoName 

    cryptocurrency = pd.read_csv(file, parse_dates=['date']) 

    cryptocurrency.replace(0, np.nan, inplace=True) 

    cryptocurrency['date'] = pd.to_datetime(cryptocurrency['date']) 

    cryptocurrency.set_index('date', inplace=True) 

 

    cryptocurrency = cryptocurrency[:end_date].interpolate(method='line-

ar', axis=0).ffill().bfill() 

 

    # Convert to correct format 

    cryptocurrency[SELECTED_FEATURES_FLOAT] = cryptocurrency[SE-

LECTED_FEATURES_FLOAT].astype(float) 

    cryptocurrency[SELECTED_FEATURES_INT] = cryptocurrency[SELECTED_FEA-

TURES_INT].astype(int) 

 

    cryptocurrency.to_csv(mynewpath+cryptoName) 

 
Script 5 Transformation1_CoinCharacterization.py 

from os import listdir 

from os.path import isfile, join 

import pandas as pd 

 

 

def calculate_positive_ratio(df, column): 

    ''' 

    :param df: Dataframe that contains the data to be processed 

    :param column: Feature from which we want to calculate the ratio 

    :return: A value between 0 and 1, being 0 that there was not a posi-

tive value in the data and 1 that every value was 

    positive. 

    ''' 

 

    n_rows = len(df.index) 

    n_positive_values = len(df[df[column] > 0]) 

 

    return n_positive_values / n_rows 

 

 

mypath = 'databases_after_pre4/' 

mynewpath = 'databases_after_tansformation1/' 
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cryptoconcurrenciesName = [f for f in listdir(mypath) if isfile(join(my-

path, f))] 

 

 

cryptocurrency_characterization_final = pd.DataFrame() 

 

for cryptoName in cryptoconcurrenciesName: 

    file = mypath + cryptoName 

    cryptocurrency = pd.read_csv(file) 

 

    # Get the monthly price variation 

    cryptocurrency['dailyVariation'] = cryptocur-

rency['price(USD)'].pct_change(fill_method='pad') 

    cryptocurrency['dailyVariation'].fillna(0, inplace=True) 

 

    cryptocurrency['index'] = cryptocurrency.index 

 

    cryptocurrency_characterization = pd.DataFrame(data= 

                 {'name' : cryptoName.format('csv',''), 

                  'mean_daily_price_variation': cryptocurrency['dailyVar-

iation'].mean(), 

                  'cv_daily_price_variation': cryptocurrency['dailyVaria-

tion'].var(), 

                  'ratio_of_price_increases': calculate_positive_ra-

tio(cryptocurrency, 'dailyVariation'), 

                  'linear_correlation_coefficient_price': cryptocur-

rency['price(USD)'].corr(cryptocurrency['index']), 

                  'max_price_increase': cryptocurrency['dailyVaria-

tion'].max(), 

                  'max_price_decrease': cryptocurrency['dailyVaria-

tion'].min(), 

                  'mean_active_addresses': cryptocurrency['activeAddress-

es'].mean(), 

                  'cv_active_addresses': cryptocurrency['activeAddress-

es'].var(), 

                  'liner_correlation_coefficient_active_addresses': cryp-

tocurrency['activeAddresses'].corr( 

                      cryptocurrency['index']) 

                  }, index = [0]) 

 

    cryptocurrency_characterization_final = cryptocurrency_characteriza-

tion_final.append(cryptocurrency_characterization) 

 

 

cryptocurrency_characterization_final.reset_index(inplace=True) 

cryptocurrency_characterization_final.drop(columns='index', inplace=True) 

cryptocurrency_characterization_final.to_csv("databases_after_trans-

form1/coins_characterization.csv") 

 

 
Script 6 DataMining1_Clustering.py 

from sklearn.cluster import KMeans 

 

import pandas as pd 

 

 

import math 

 

 

def calculateDistance(x1, y1, x2, y2): 
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    dist = math.sqrt((x2 - x1) ** 2 + (y2 - y1) ** 2) 

    return dist 

 

 

coin_characterization = pd.read_csv('databases_after_trans-

form1/coins_characterization.csv') 

 

# Delete the name from the features 

 = ['mean_daily_price_variation', 

            'cv_daily_price_variation', 

            'ratio_of_price_increases', 

            'linear_correlation_coefficient_price', 

            'max_price_increase', 

            'max_price_decrease', 

            'mean_active_addresses', 

            'cv_active_addresses', 

            'liner_correlation_coefficient_active_addresses'] 

 

# 1. Data normalizazion 

# http://scikit-learn.org/stable/modules/preprocessing.html 

from sklearn import preprocessing 

 

min_max_scaler = preprocessing.MinMaxScaler() 

 

datanorm = min_max_scaler.fit_transform(coin_characterization[features]) 

 

# 2. Principal Component Analysis 

from sklearn.decomposition import PCA 

 

estimator = PCA(n_components=2) 

X_pca = estimator.fit_transform(datanorm) 

 

import matplotlib.pyplot as plt 

 

plt.plot(X_pca[:, 0], X_pca[:, 1], 'x') 

 

# 3. KMeans Clustering 

# 3.1. Compute the similarity matrix 

import sklearn.neighbors 

import numpy 

 

dist = sklearn.neighbors.DistanceMetric.get_metric('euclidean') 

matsim = dist.pairwise(X_pca) 

avSim = numpy.average(matsim) 

print("%s\t%6.2f" % ('Average Distance', avSim)) 

 

# 3.2. Building the Dendrogram 

from scipy import cluster 

 

n_clusters = 4 

clusters = KMeans(n_clusters=n_clusters) 

clusters.fit(X_pca) 

plt.show() 

 

labels = clusters.labels_ 

print('Number of clusters %d' % n_clusters) 

 

# 4. plot 

colors = numpy.array([x for x in 'bgrcmykbgrcmykbgrcmykbgrcmyk']) 

colors = numpy.hstack([colors] * 20) 

names = coin_characterization['name'] 
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fig, ax = plt.subplots() 

for i in range(len(X_pca)): 

    plt.text(X_pca[i][0], X_pca[i][1], names[i], color=colors[labels[i]]) 

    print(names[i] + ' Group: ' + str(labels[i])) 

    print(calculateDistance(X_pca[i][0], X_pca[i][1], 

                            clusters.cluster_centers_[labels[i]][0], 

clusters.cluster_centers_[labels[i]][1])) 

    print() 

     

for i in range(len(clusters.cluster_centers_)): 

    plt.scatter(clusters.cluster_centers_[i][0], clusters.cluster_cen-

ters_[i][1], c='k') 

 

plt.xlim(-1, 1.5) 

plt.ylim(-1, 2) 

ax.grid(True) 

fig.tight_layout() 

plt.show() 

 

# 5. Write in a file the results and save the new database. 

 

coin_characterization['Group'] = clusters.labels_ 

 

coin_characterization.to_csv('databases_after_datamining1/ClusteringChar-

acterization.csv') 

with open('databases_after_datamining1/ClusteringCharacterization.txt', 

'w') as f: 

    dataFrameList = [x for _, x in coin_characteriza-

tion.groupby(coin_characterization['Group'], axis=0, sort=False)] 

 

    for df in dataFrameList: 

        f.write('Group ' + str(df['Group'].iloc[0]) + ':\n') 

        for index, row in df.iterrows(): 

            f.write(str(row['name'])+' ') 

        f.write('\n') 

 

 
Script 7PreProcess5_FillNaNValuesExternalData.py 

from os import listdir 

from os.path import isfile, join 

import pandas as pd 

 

mypath = 'external_data/' 

mynewpath = 'external_data/cleaned_external_data/' 

externalDataName = [f for f in listdir(mypath) if isfile(join(mypath, 

f))] 

 

for name in externalDataName: 

    file = mypath + name 

 

    dataframe = pd.read_csv(file, parse_dates=['DATE'], na_values='.') 

 

    idx = pd.date_range('01-01-2013', '09-30-2018') 

 

    dataframe.set_index('DATE', inplace=True) 

 

    dataframe.index = pd.DatetimeIndex(pd.to_datetime(pd.Index(data-

frame.index.values))) 

 

    dataframe = dataframe.reindex(idx, fill_value=None) 
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    dataframe = dataframe.interpolate(method='linear', 

axis=0).ffill().bfill() 

 

    dataframe.to_csv(mynewpath + name) 

 

 

 

 
 

 
Script 8 Transformation2_EconomicVariablesDataset.py 

from os import listdir 

from os.path import isfile, join 

import pandas as pd 

 

mypath = 'external_data/cleaned_external_data/' 

mynewpath = 'final_external_data/' 

externalDataName = [f for f in listdir(mypath) if isfile(join(mypath, 

f))] 

 

external_dataset = pd.DataFrame() 

 

for name in externalDataName: 

    file = mypath + name 

 

    dataframe = pd.read_csv(file) 

 

    dataframe.rename({'Unnamed: 0': "DATE"}, axis='columns', 

inplace=True) 

 

    dataframe.set_index(dataframe['DATE'], inplace=True) 

 

    dataframe.drop(columns='DATE', inplace=True) 

 

    external_dataset = pd.merge(external_dataset, dataframe, how='outer', 

left_index=True, right_index=True) 

 

external_dataset.to_csv(mynewpath + "external_dataset.csv") 

 

 
Script 9 DataMining2_FeatureSelectionAndRelevance.py 

import pandas as pd 

import matplotlib.pyplot as plt 

from pylab import pcolor, show, colorbar, xticks, yticks 

import numpy as np 

from scipy.stats.stats import pearsonr 

from sklearn import neighbors 

 

from sklearn.tree import DecisionTreeRegressor 

from sklearn.ensemble import RandomForestRegressor 

from sklearn.cross_validation import cross_val_score 

 

from tabulate import tabulate 

 

 

def correlation_features_target(dataFrame, features, target): 

    # NOTE: Low correlation means there's no linear relationship; 

    # it doesn't mean there's no information in the feature that predicts 
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the target. 

    corr = [] 

 

    for feature in features: 

        local_corr = pearsonr(dataFrame[feature], dataFrame[target])[0] 

        corr.append(local_corr) 

 

    y_pos = np.arange(len(features)) 

 

    plt.bar(y_pos, corr, align='center', alpha=0.5) 

    plt.xticks(y_pos, features, rotation='vertical') 

    plt.ylabel('Correlation') 

    plt.title('Correlation features vs target') 

 

    plt.show() 

 

 

def cross_validation(dataFrame, features, target, 

                     mode='DecisionTree', weights='uniform'): 

    total_scores = [] 

 

    if mode == 'DecisionTree': 

        print('Decision Tree CV test') 

 

    elif mode == 'KNN': 

        print('KNN CV test with ' + weights + ' weight') 

 

    for i in range(2, 30): 

        if i < len(dataFrame.index) / 2: 

            regressor = neighbors.KNeighborsRegressor(i, weights=weights) 

            regressor.fit(dataFrame[features], dataFrame[target]) 

 

            scores = -cross_val_score(regressor, dataFrame[features], 

                                      dataFrame[target], scor-

ing='neg_mean_absolute_error', cv=2) 

            total_scores.append(scores.mean()) 

 

    plt.plot(total_scores, marker='o') 

    plt.xlabel('max_depth') 

    plt.ylabel('cv score') 

    plt.legend() 

    plt.show() 

 

    import operator 

    min_index, min_value = min(enumerate(total_scores), key=opera-

tor.itemgetter(1)) 

    # max_index, max_value = max(enumerate(total_scores), key=opera-

tor.itemgetter(1)) 

 

    return min_index + 1 

 

 

def correlation_between_features(df, features, target): 

    # plotting the correlation matrix 

    # http://glowingpython.blogspot.com.es/2012/10/visualizing-correla-

tion-matrices.html 

    R = np.corrcoef(df, rowvar=False) 

    pcolor(R) 

    colorbar() 

    yticks(range(0, df.shape[1]), list(df.columns.values)) 
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    xticks(range(0, df.shape[1]), list(df.columns.values), rotation='ver-

tical') 

    show() 

 

    Rdf = pd.DataFrame(R, columns=list(df.columns.values)) 

    Rdf.index = list(df.columns.values) 

    for column in Rdf.columns: 

        # Comprobar si el valor todavia existe 

        if column in Rdf.columns: 

            for idx in Rdf[column].index: 

                # Comprobar si el valor todavia existe 

                if column in Rdf.columns: 

                    # Valor threshold por arriba y por abajo 

                    if Rdf[column][idx] > 0.9 or Rdf[column][idx] < -0.9: 

                        if idx != column: 

                            print(str(column) + " has a " + str(Rdf[col-

umn][idx]) + " corr with " + str(idx)) 

                            local_corrColumn = pearsonr(df[str(column)], 

df[target])[0] 

                            local_corrRow = pearsonr(df[str(idx)], 

df[target])[0] 

                            # Eliminar valor con mayor correlacion con el 

target feature 

                            # De esta manera también eliminamos atributos 

que sean similares 

                            # con el target, ya que la corr entre el tar-

get y el mismo es 1 

                            if abs(local_corrColumn) >= abs(local_cor-

rRow): 

                                df.drop(str(idx), 1, inplace=True) 

                                features.remove(str(idx)) 

                                # Borrar de Rdf tambien para que no itere 

por algo ya borrado 

                                Rdf.drop(str(idx), 1, inplace=True) 

                                Rdf.drop(str(idx), 0, inplace=True) 

                                print("Deleted " + str(idx) + " from the 

dataset") 

                            else: 

                                df.drop(str(column), 1, inplace=True) 

                                features.remove(str(column)) 

                                Rdf.drop(str(column), 1, inplace=True) 

                                Rdf.drop(str(column), 0, inplace=True) 

                                print("Deleted " + str(column) + " from 

the dataset") 

    return df, features 

 

 

def decision_tree(df, features, target): 

    print('Feature Relevancies with DT') 

    depth = cross_validation(df, features, target) 

 

    print('Best depth is ' + str(depth)) 

 

    # Model Parametrization 

    regressor = DecisionTreeRegressor(criterion='mae', max_depth=depth, 

random_state=0) 

    regressor.fit(df[features[0]].reshape(-1, 1), df[target]) 

 

    # Model construction 

    regressor.fit(df[features], df[target]) 
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    list1 = [x * 100 for x in regressor.feature_importances_] 

    list2 = list(zip(features, list1)) 

 

    dffeaturesrelevancy = pd.DataFrame(data=list2) 

    dffeaturesrelevancy = dffeaturesrelevancy.sort_values(1, ascend-

ing=False) 

    dffeaturesrelevancy = dffeaturesrelevancy[dffeaturesrelevancy[1] != 

0] 

 

    # Install tabulate conda install -c conda-forge tabulate 

    from tabulate import tabulate 

    print(tabulate(dffeaturesrelevancy)) 

 

    # Model Visualization 

    from sklearn.tree import export_graphviz 

    export_graphviz(regressor, out_file='tree.dot', feature_names=fea-

tures, 

                    filled=True, rounded=True) 

    # Only works in GNU/Linux 

    # from subprocess import check_call 

    # check_call(['dot','-Tpng','tree.dot','-o','tree.png']) 

 

 

def random_forest(df, features, target): 

    print('Feature Relevancies with RF') 

 

    # Model Parametrization 

    regressor = RandomForestRegressor(criterion='mae', random_state=0) 

    regressor.fit(df[features[0]].reshape(-1, 1), df[target]) 

 

    # Model construction 

    regressor.fit(df[features], df[target]) 

 

    list1 = [x * 100 for x in regressor.feature_importances_] 

    list2 = list(zip(features, list1)) 

 

    dffeaturesrelevancy = pd.DataFrame(data=list2) 

    dffeaturesrelevancy = dffeaturesrelevancy.sort_values(1, ascend-

ing=False) 

    dffeaturesrelevancy = dffeaturesrelevancy[dffeaturesrelevancy[1] != 

0] 

 

    print(tabulate(dffeaturesrelevancy)) 

 

    return dffeaturesrelevancy 

 

 

def feature_selection(df, target): 

    features = list(df) 

    features.remove(target) 

 

    df, features = correlation_between_features(df=df, features=features, 

target=target) 

 

    correlation_features_target(df, features, target) 

 

    decision_tree(df, features, target) 

 

    return random_forest(df=df, features=features, target=target), df 
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# Extract common external data 

external_dataframe = pd.read_csv('final_external_data/external_da-

taset.csv') 

 

# Iterate through all the coins 

mypath = 'databases_after_pre4/' 

cryptoNames = ['btc.csv', 'eth.csv', 'zrx.csv', 'icx.csv', 'waves.csv'] 

 

external_dataframe.set_index(external_dataframe['DATE'], inplace=True) 

external_dataframe.drop('DATE', axis=1, inplace=True) 

 

target_feature = 'marketcap(USD)' 

 

 

with open('features_relevancv.txt', 'w') as f: 

    for name in cryptoNames: 

 

        f.write(name) 

        file = mypath + name 

 

        crypto = pd.read_csv(file) 

        crypto.set_index(crypto['date'], inplace=True) 

        crypto.drop('date', axis=1, inplace=True) 

        crypto = crypto[[target_feature]] 

        dataframe = pd.merge(external_dataframe, crypto, how='inner', 

left_index=True, right_index=True) 

 

        features, dataframe = feature_selection(dataframe, target_fea-

ture) 

        f.write(tabulate(features)) 

 

 
Script 10 DataMining3_CrossValidationTestKNN.py 

import pandas as pd 

import matplotlib.pyplot as plt 

 

from sklearn import neighbors 

 

from sklearn.cross_validation import cross_val_score 

 

 

def cross_validation(data_frame, features, target, weights='uniform'): 

    total_scores = [] 

 

    print('KNN CV test with ' + weights + ' neighbors') 

 

    for i in range(3, 30): 

        if i < len(data_frame.index) / 2: 

            regressor = neighbors.KNeighborsRegressor(i, weights=weights) 

            regressor.fit(data_frame[features], data_frame[target]) 

 

            scores = -cross_val_score(regressor, data_frame[features], 

                                      data_frame[target], scor-

ing='neg_mean_absolute_error', cv=2) 

            total_scores.append(scores.mean()) 

 

    plt.plot(total_scores, marker='o') 

    plt.xlabel('neighbors') 

    plt.ylabel('cv score') 

    plt.legend() 
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    plt.show() 

 

    import operator 

    min_index, min_value = min(enumerate(total_scores), key=opera-

tor.itemgetter(1)) 

    # max_index, max_value = max(enumerate(total_scores), key=opera-

tor.itemgetter(1)) 

 

    return min_index + 3 

 

 

# Extract common external data 

external_dataframe = pd.read_csv('final_external_data/external_da-

taset.csv') 

 

# Iterate through all the coins 

mypath = 'databases_after_pre4/' 

cryptoNames = ['btc.csv', 'eth.csv', 'zrx.csv', 'icx.csv', 'waves.csv'] 

 

external_dataframe.set_index(external_dataframe['DATE'], inplace=True) 

external_dataframe.drop('DATE', axis=1, inplace=True) 

 

features = ['DCOILBRENTEU', 'DEXJPUS', 'DEXUSEU', 'DJIA', 'FTSE_100', 

'GOLDAMGBD228NLBM', 

            'NIKKEI225', 'marketcap(USD)'] 

target_feature = 'marketcap(USD)' 

 

with open('CVKNNTest.txt', 'w') as f: 

    for name in cryptoNames: 

        f.write(name+"\n") 

        file = mypath + name 

 

        crypto = pd.read_csv(file) 

        crypto.set_index(crypto['date'], inplace=True) 

        crypto.drop('date', axis=1, inplace=True) 

        crypto = crypto[[target_feature]] 

        dataframe = pd.merge(external_dataframe, crypto, how='inner', 

left_index=True, right_index=True) 

 

        best_value=cross_validation(dataframe, features, target_feature) 

        f.write("Best number of neighbours is "+str(best_value)+"\n") 
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ANNEX 2: Results of the scripts 

 
Result 1 Feature counting 

Group 1 

Features ['date', 'txVolume(USD)', 'adjustedTxVolume(USD)', 'txCount', 

'marketcap(USD)', 'price(USD)', 'exchangeVolume(USD)', 'fees', 'active-

Addresses', 'medianTxValue(USD)', 'medianFee', 'paymentCount'] 

Coins ['ada.csv'] 

Number of coins 1 

 

Group 2 

Features ['date', 'txVolume(USD)', 'txCount', 'marketcap(USD)', 

'price(USD)', 'exchangeVolume(USD)', 'activeAddresses', 'medi-

anTxValue(USD)'] 

Coins ['ae.csv', 'aion.csv', 'ant.csv', 'bat.csv', 'bnb.csv', 'btm.csv', 

'cennz.csv', 'ctxc.csv', 'cvc.csv', 'dai.csv', 'drgn.csv', 'elf.csv', 

'eng.csv', 'ethos.csv', 'fun.csv', 'gno.csv', 'gnt.csv', 'gusd.csv', 

'icn.csv', 'icx.csv', 'kcs.csv', 'knc.csv', 'loom.csv', 'lrc.csv', 

'maid.csv', 'mana.csv', 'mtl.csv', 'nas.csv', 'omg.csv', 'pax.csv', 

'pay.csv', 'poly.csv', 'powr.csv', 'ppt.csv', 'qash.csv', 'rep.csv', 

'rhoc.csv', 'salt.csv', 'snt.csv', 'srn.csv', 'tusd.csv', 'usdc.csv', 

'ven.csv', 'veri.csv', 'wtc.csv', 'zil.csv', 'zrx.csv'] 

Number of coins 47 

 

Group 3 

Features ['date', 'txVolume(USD)', 'adjustedTxVolume(USD)', 'txCount', 

'marketcap(USD)', 'price(USD)', 'exchangeVolume(USD)', 'generatedCoins', 

'fees', 'activeAddresses', 'averageDifficulty', 'paymentCount', 'medi-

anTxValue(USD)', 'medianFee', 'blockSize', 'blockCount'] 

Coins ['bch.csv', 'btc.csv', 'btg.csv', 'dash.csv', 'dcr.csv', 'dgb.csv', 

'doge.csv', 'eth.csv', 'ltc.csv', 'pivx.csv', 'vtc.csv', 'xvg.csv', 

'zec.csv'] 

Number of coins 13 

 

Group 4 

Features ['date', 'txVolume(USD)', 'txCount', 'marketcap(USD)', 

'price(USD)', 'exchangeVolume(USD)', 'medianTxValue(USD)', 'active-

Addresses', 'paymentCount', 'blockCount'] 

Coins ['eos.csv'] 

Number of coins 1 

 

Group 5 

Features ['date', 'txVolume(USD)', 'txCount', 'marketcap(USD)', 

'price(USD)', 'exchangeVolume(USD)', 'generatedCoins', 'fees', 'active-

Addresses', 'medianTxValue(USD)', 'medianFee', 'averageDifficulty', 'pay-

mentCount', 'blockSize', 'blockCount'] 

Coins ['etc.csv'] 

Number of coins 1 

 

Group 6 

Features ['date', 'txVolume(USD)', 'txCount', 'marketcap(USD)', 

'price(USD)', 'exchangeVolume(USD)', 'fees', 'activeAddresses'] 

Coins ['gas.csv', 'neo.csv', 'xlm.csv'] 

Number of coins 3 

 

Group 7 

Features ['date', 'txVolume(USD)', 'txCount', 'marketcap(USD)', 
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'price(USD)', 'exchangeVolume(USD)', 'fees', 'activeAddresses', 'medi-

anTxValue(USD)', 'medianFee', 'paymentCount'] 

Coins ['lsk.csv', 'xrp.csv'] 

Number of coins 2 

 

Group 8 

Features ['date', 'txVolume(USD)', 'txCount', 'paymentCount', 'active-

Addresses', 'medianTxValue(USD)', 'marketcap(USD)', 'price(USD)', 'ex-

changeVolume(USD)'] 

Coins ['trx.csv'] 

Number of coins 1 

 

Group 9 

Features ['date', 'txVolume(USD)', 'txCount', 'marketcap(USD)', 

'price(USD)', 'exchangeVolume(USD)', 'generatedCoins', 'activeAddresses', 

'medianTxValue(USD)'] 

Coins ['usdt.csv'] 

Number of coins 1 

 

Group 10 

Features ['date', 'txVolume(USD)', 'txCount', 'marketcap(USD)', 

'price(USD)', 'exchangeVolume(USD)', 'medianTxValue(USD)', 'fees', 'medi-

anFee', 'activeAddresses'] 

Coins ['waves.csv', 'xem.csv'] 

Number of coins 2 

 

Group 11 

Features ['date', 'txCount', 'marketcap(USD)', 'price(USD)', 'exchange-

Volume(USD)', 'fees', 'generatedCoins', 'activeAddresses', 'medianFee', 

'averageDifficulty', 'paymentCount', 'blockCount', 'blockSize'] 

Coins ['xmr.csv'] 

Number of coins 1 

 
Result of the PreProcess1_FeatureCounting script which shows us the different data structures of 

the original databases. 

 
Result 2 Databases without enough data  

Coin btg.csv 

Days recorded 344 

 

Coin cennz.csv 

Days recorded 287 

 

Coin ctxc.csv 

Days recorded 227 

 

Coin dai.csv 

Days recorded 309 

 

Coin drgn.csv 

Days recorded 326 

 

Coin elf.csv 

Days recorded 309 

 

Coin gusd.csv 

Days recorded 44 

 

Coin loom.csv 

Days recorded 234 
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Coin pax.csv 

Days recorded 43 

 

Coin poly.csv 

Days recorded 267 

 

Coin srn.csv 

Days recorded 315 

 

Coin tusd.csv 

Days recorded 232 

 

Coin usdc.csv 

Days recorded 43 

 

Coin zil.csv 

Days recorded 284 

 

Result of PreProcess2_NotEnoughDaysRecorded.py with all the coins that are not useful due to its 

insufficient longevity.  

 
Result 3 Databases with a bigger null  % than acceptable per column  

etc.csv 

% Missed  

date                    0.00 

txVolume(USD)          28.80 

txCount                 0.64 

marketcap(USD)         28.80 

price(USD)             28.80 

exchangeVolume(USD)    28.80 

activeAddresses         0.64 

medianTxValue(USD)     28.80 

 

rep.csv 

% Missed  

date                    0.0 

txVolume(USD)          51.2 

txCount                51.2 

marketcap(USD)          0.0 

price(USD)              0.0 

exchangeVolume(USD)     0.0 

activeAddresses        51.2 

medianTxValue(USD)     51.2 

 

ven.csv 

% Missed  

date                    0.00 

txVolume(USD)          28.24 

txCount                 0.24 

marketcap(USD)         28.24 

price(USD)             28.24 

exchangeVolume(USD)    28.24 

activeAddresses         0.24 

medianTxValue(USD)     28.24 

 

Result of PreProcess3_NaNValues script with the databases that did not pass the null value test and 

the blank value % per column. 
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Result 4 Clusters corresponding to each database 

Group 2: 

ada ae aion bat bch btm ethos gnt icn kcs lrc mana nas omg powr snt usdt 

vtc wtc zrx  

Group 1: 

ant cvc eng gno icx knc mtl pay ppt qash salt  

Group 0: 

bnb btc dash dcr dgb doge eos eth lsk ltc maid pivx rhoc trx waves xem 

xrp xvg zec  

Group 3: 

fun veri  

 

Result of DataMining1_Clustering.py with all the resulting clusters and its crypto coins. 

 
Result 5 Features relevancy for each coin  

-----------------------------btc.csv----------------------------- 

2  DJIA              79.1784 

4  GOLDAMGBD228NLBM   6.40441 

1  DEXJPUS            4.82199 

3  FTSE_100           3.57029 

0  DCOILBRENTEU       3.56793 

5  NIKKEI225          2.45694 

-----------------------------eth.csv----------------------------- 

2  DJIA              72.8409 

1  DEXUSEU            8.11517 

4  GOLDAMGBD228NLBM   7.91307 

3  FTSE_100           4.20635 

5  NIKKEI225          4.13391 

0  DEXJPUS            2.79058 

-  --------------------------zrx.csv----------------------------- 

0  DCOILBRENTEU      37.3188 

4  FTSE_100          20.3447 

5  GOLDAMGBD228NLBM  12.4769 

2  DEXUSEU            9.56848 

3  DJIA               9.44636 

1  DEXJPUS            6.46214 

6  NIKKEI225          4.38259 

----------------------------icx.csv------------------------------ 

5  GOLDAMGBD228NLBM  45.4167 

6  NIKKEI225         26.1321 

1  DEXJPUS            9.13095 

4  FTSE_100           6.80828 

0  DCOILBRENTEU       5.57124 

3  DJIA               3.52736 

2  DEXUSEU            3.41333 

---------------------------waves.csv---------------------------- 

2  DEXUSEU           40.8066 

5  NIKKEI225         32.4281 

4  GOLDAMGBD228NLBM  11.6792 

1  DEXJPUS            5.96995 

0  DCOILBRENTEU       4.68409 

3  FTSE_100           4.43202 

---------------------------------------------------------------- 

 

Result of DataMining2_FeatureSelectionAndRelevance.py with the relevance of the features ex-

pressed in % for each of the previously selected coins. 
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Result 6 Best number of neighbors after a CV test 

btc.csv 

Best number of neighbours is 3 

eth.csv 

Best number of neighbours is 3 

zrx.csv 

Best number of neighbours is 3 

icx.csv 

Best number of neighbours is 4 

waves.csv 

Best number of neighbours is 3 

 

Result of DataMining3_CrossValidationTestKNN.py with the best number of neighbours for each 

of the coins. 

 
 

 


