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Abstract. The cryptocurrencies are a new paradigm of transferring money be-
tween 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 in-
herit 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. What we propose in this article is a system for the
better understanding of the cryptocurrencies economical behavior against the
global market. For that we are using Data Analytics techniques to build a pre-
dictor that uses as inputs said external financial variable. These forecasts would
help determine if a coin is safe to trade with, if those forecasts can be precise by
only using this external data. The results obtained indicates us that there is a
certain degree of influence of the global market to the cryptocurrencies, but that
is it not enough to correctly predict the fluctuations in price of the coins and that
they care more about others factors and that they have their own bubbles, like
the crypto collapse in late 2017.
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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

The final authenticated version is available online at http://doi.org/10.1007/978-3-030-27713-0



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 accord-
ing to external economic circumstances. This way we can verify if the cryptocurrency
behaviors go along the global economy or if they are independent, making them hard-
er to predict than normal classic markets.

1.1  Data Analytics and Big Data

Data Analytics is the process of studying raw data sets for the extraction of
knowledge [4][6][8]. There are many directions and techniques in which we can ap-
proach a data analytics project and one of them is what is called Big Data.

Big Data is none less than the treatment of large groups of data that are usually ob-
tained in real time and need quick treatment so they can be useful. Economical mod-
els, such as this one, take advantage of the Big Data approach since using a predictor
in real time adds a lot of value to the decision making that the end users have to af-
front. Making long-term determinations in investments is not as important as making
short-term ones, and for that we need quick and fluent data processing.

1.2 Cryptocurrencies

One of the most interesting and controversial finance paradigms in modern society is
the cryptocurrency boom. Between its novelty using current technology and excep-
tional situation and uses, the crypto phenomenon is a trending topic in both general
public opinion and in the scientific community [2] [5] [10].

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 Cryptocur-
rency Wallet.

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 verifi-
cation 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 pub-
lic, 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 re-
wards.

Those rewards are in fact a certain number of cryptocurrencies. The number of dig-
ital 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.

There have been some successes in the matter of correctly analysing and study the
economical behaviour of the cryptocurrencies, such as an accurate forecasting on the
price trend by the use of Gradient Boost Decision Trees [11] or a dissection of the
bubbles in the Bitcoin history [12].

1.3 Workflow

This study explanation is divided by the following parts, starting in section 2. In 2.1
we are going to define what is this project and what is not. For 2.2 we are explaining
the caveats on the transformation of the cryptocurrencies timeseries to a characteriza-
tion that allows us to work with it easily. 2.3 corresponds to the methodology for
choosing which coins that represent the total the best are we going to study. Feature
selection of the external economical variables used in the next stage for prediction is
done in 2.4, and the prediction in 2.5. Evaluation of this prediction is detailed in 2.6.

Conclusions of the study are in section 3 in which we talk about the discoveries of
our investigation. Section 4 is Acknowledgements and section 5 References.

2 Analysis on the cryptocurrencies behaviour

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 generali-
zations 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 behavior
of the cryptocurrencies. The selection was performed over 73 different coins which
data 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.



2.1  Scope of the model

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 Intel-
ligence, 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 super-
vised 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 Data-
bases [7] processes that are done in order, not in parallel. The first one uses unsuper-
vised 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 deci-
sions if they want to start exchanging money through this method.

2.2 Cryptocurrency characterization

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. 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 [1]. 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 work-
ing. 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 consider-
ing the overtime price increases and decreases. The new database with all the charac-
terization of the coins had the following features or variable

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 in-
creases 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 Coeffi-
cient): Measure of the strength of the linear relationship between number of days
passed and active addresses.

2.3  Representative coins

Now that we had all the coins defined by one line in a database, we applied algo-
rithms to make segments out of the entire database, and from there take the most rep-
resentative coins. In this case we had chosen Principal Component Analysis, a statis-
tical procedure to project a set of points into a reduced number of new linear uncorre-
lated values, to transform all these features into 2 data projections that we can show in
a graph and K-means clustering [3] to obtain a determined number of clusters out of
them. K-means clustering is a method of vector quantization that aims to divide sev-
eral samples into a specified number, k, of clusters. Each sample belongs to the clus-
ter 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 (figure 1).
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 any-
thing useful.
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Fig. 1. KMeans clusters result with k =4

24 Feature selection

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 val-
uation 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 crypto-
currencies 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 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 spe-
cially 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 fea-
tures while fitting the given data.

2.5  Behavior prediction with external 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 par-
ametrized the model by using a Cross-Validation test. Cross-validation (CV) is a sta-
tistical 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 pro-
ceeded 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 2, 3, 4,
5 and 6.
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Fig. 2. Bitcoin six months prediction against real data



In the Bitcoin prediction we can observe that it gets accurate the first weeks, but as
time passes, the normal behavior of the coin would be to go up in value. What the
predictor cannot take into account are things like the collapse of the cryptocurrencies
in the fall of 2017 and early 2018, which is an event completely unrelated with global
economics.

1e11 eth.csv KNeighborsRegressor (k = 3, weights = 'distance')
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Fig. 3. Ethereum six months prediction against real data

Ethereum had the same type of result as Bitcoin, an overoptimistic prediction since
the economical behavior of the coin did not follow the global market.

1eg icx.csv KNeighborsRegressor (k = 4, weights = 'distance’)
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Fig. 4. Icon six months prediction against real data

Icon had an interesting prediction, it was not affected by the 2017 collapse like
Bitcoin and Ethereum, this coin follows the global economy behavior much closer.



The prediction falls down to a flat line due to the lack of samples that have that low of
a value. This means the predictor could not tell that a new low was coming for this
coin.

1eqa zrx.csv KNeighborsRegressor (k = 3, weights = 'distance’)
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Fig. 5. Ox six months prediction against real data
0x does not follow the global economy as closer as the other coins, the prediction
started to fail around summer, the slower months for economy. This did not hinder the

movement of 0x.

1eg Waves.csv KNeighborsRegressor (k = 3, weights = 'distance’)
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Fig. 6. Waves six months prediction against real data

Waves price does not follow the global market tendencies as we can see in the erro-
neous prediction.
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2.6 Evaluation

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 centroids counterparts so it proved that the predictor does not
discriminate between the clusters of coins.

1eg aion.csv KNeighborsRegressor (k = 3, weights = 'distance’)
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Fig. 7. Aion six months prediction against real data

Aion has similar behavior to Icon and 0x. The predictor can not estimate the new
lows that a coin can have since it is out of the range of the training.

1eg salt.csv KNeighborsRegressor (k = 3, weights = 'distance’)
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Fig. 8. Salt six months prediction against real data

As for Salt and Dash the predictor could not take into account the collapse of 2017,
the same case as Bitcoin and Ethereum.
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1e10dash.csv KNeighborsRegressor (k = 3, weights = 'distance’)
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Fig. 9. Dash six months prediction against real data

Most of the predictions commence to err in the start of summer. This could mean that
the predictor is not fit to forecast the price of a coin in a long-term situation of more
than two or three months and that the economic slowness of these months do not af-
fect the coins price.

3 Conclusions

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 vi-
sion of the rest of the important features that affect it we cannot make a good estima-
tion 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 favor 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 fluctua-
tion 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
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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 specialized
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
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