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Abstract 

Huge amounts of available data and rapid growth in computation power have changed the world 

where we live and conduct our business in a way that was just a few years ago unimaginable. The 

financial industry is trying to adapt to a new, fast-changing financial world by using innovative 

technologies to create new or upgrade existing business models to create financial innovative 

companies – FinTech. In this work, we are focused on these two sides of FinTech, where one side 

is represented by machine learning as innovative technology and the other side by Bitcoin as a 

representative of a new innovative business model – cryptocurrency. The main aim of this work is 

to find out if the past performance could be used as an indicator of future behavior. The proposed 

approach is implemented in Python by creating a single-point LSTM model that represents a 

machine learning algorithm that will be predicting bitcoin prices based only on historical daily 

closing prices.  
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1 Introduction 

There is a natural intersection between machine learning and bitcoin as a crypto-asset. Both are 

parts of what is in today´s world defined as a Fintech, both represent innovations either as a new 

approach in banking or as a new innovative approach in a way how to create and interact with 

analysis or even how to explain different phenomenons not only in the world of the financial 

industry. Today´s world is driven by unpreceded amounts of available data that together with fast 

growth in a computation power have created in the last few years innovative technologies that made 

possible creation of new business models around the world.  

Every investor or trader would like to create a model, algorithm, robot that could outperform the 

market, that would be automated without the need for human intervention, that would operate 

without emotions and human faults. In the past, there have been traditional approaches for creating 

an analysis, mentioned bots, models, predictions for future development by humans itself with 

backtesting and constant improvements based on past experience. Machine learning could be the 

key to the future creation of models, predictions, as it enables us to create models even if we do 

not know, how should the outcome look like. In this work, we would like to look at the possibility 

of the use of a machine learning approach for predicting future market behavior by an individual 

investor, an investor that has natural limitations in computation power and other resources.  

There is a general understanding in the investment community that past performance (historical 

prices) is no guarantee of future results. The main aim of this work is to give the answer on a 

hypothesis if machine learning as a new fast-growing field of among other things also of analyzing 

financial market data could be used even as a single-point prediction model based barely on the 

past performance of a financial asset without connecting it to other variables from investing world.  

The focus is on the real-life usability of results and comparing them with the technical accuracy of 

the model. To understand the main problems with this approach and what could be the other 

potential for usage of this innovative approach to understanding and analyzing financial markets 

and their behavior. 



 

 

2 Fintech  

The National Bank of Slovakia (NBS) defines FinTech as a short form of the phrase “Financial 

Technology” which is used as a collective term embracing the practical application of technological 

innovations to the provision of various services in the financial sector such as payment services, 

banking and funding, investment services or insurance.  

Financial innovation as a technology-based approach enables in the area of finance not only the 

development of new business models, applications, services or products, but also create new ways 

for enhancements of currently provided business models, products and services with a goal to make 

them more accessible and individualized for targeted customers while reducing their costs. Every 

company which applies financial innovations in its activities is FinTech. 

 

Fig. 1 New business models enabled by FinTech 

Source: National bank of Slovakia (NBS), 2020 

 



 

 

FinTech based on NBS consists of six basic pillars: 

1. Alternative payment methods,  

2. Crowdfunding, 

3. Robo-advice (Chat-advice),  

4. Crypto assets and ICOs (Initial Coin Offerings),  

5. InsurTech (new approaches in insurance), 

6. Algorithmic trading. 

These six pillars represent business models where FinTech is applied in practice to create new or 

improve existing models. NBS also defines six basic groups of innovative technologies that are 

used to make any change in business models through FinTech possible.  

 

Fig. 2 FinTech innovative technologies 

Source: National bank of Slovakia (NBS), 2020 

 



 

 

These FinTech innovative technologies are: 

1. Smart contracts (Crypto world),  

2. Biometrics, 

3. Artificial intelligence (AI) and big data, 

4. Distributed ledger technology (DLT) (Crypto world),  

5. Mobile wallet,  

6. Cloud computing (NBS, 2020). 

When we look at what the FinTech is and what it consists of in the case of our thesis we are looking 

at the business model of Crypto assets which is represented by Bitcoin (BTC). The innovative 

technology used in our analysis is Artificial intelligence (AI) represented by machine learning 

which is a sub-category of AI and is often called an engine or a heart of AI. 

The importance of financial innovative sector (FinTech) can be globally seen on the rapid growth 

of global investments to the FinTech companies which recorded 220% growth between the years 

2017 - $50.8B and 2018 - $111.8B respectively (Blackman, 2019). 

Also when we want to focus on the financial sector we have to look at FinTech specifically AI and 

machine learning. Dr. Christian Westermann as a Partner of Data and Analytics at PwC Switzerland 

defines financial sector to be the most interested in AI not only because finance work is incredibly 

data-heavy but also because there is a change in consumer demand thanks to the FinTech 

companies that are changing landscape for financial providers where banks are no longer an only 

option (aibusiness, 2018). 

By all of that we can see what are the interrelations between FinTech, Bitcoin as a representant of 

biggest cryptocurrency based on the market capitalization of crypto-assets and machine learning 

as an innovative technology, and why are these interrelations in today´s financial world important. 



 

 

3 Time series  

A time series is a set of observations that are recorded at a specific time, it is a sequence of 

numerical data points in successive order. A time series can be taken on any variable that changes 

over time. It can be analyzing and forecasting anything from monthly death in the USA, weather 

change, to the sales of a company or the prices of specific products, services or stocks (Brockwell 

& Davis, 1991).  

Time series variables are defined by specific components such as: 

 trend - easily can be described on the development of the price of certain investment 

security (bull trend – a growth of prices vs. bear trend – a fall of prices), 

 seasonality (cycles) – sales (we can observe an increase in sales of specific products 

around the Christmas period), weather changes (Spring, Summer, Autumn, Winter),  

 autocorrelation - correlation of data points separated by some time interval. 

In investing, it is common to use a time series to track the price change of any security (from prices 

of apple stocks to the price of bitcoin) over a specified period of time with data points recorded at 

regular intervals. This can be tracked over the short term, such as the price of a security on the hour 

over the course of a business week, or the long term, such as the price of a security at close on the 

last day of every month over the course of a year (Kenton, 2019). 

There is no minimum or maximum amount of time that must be included, allowing the data to be 

gathered in a way that provides the information based on the preferences of an investor or analyst 

and examined activity. When we look at most common time intervals for displaying security prices 

in charts we are talking about intervals from one second to the monthly prices. 

Time series forecasting in investing uses information regarding historical price values and 

associated patterns to predict future activity. Most often, this relates to trend analysis, cyclical 

fluctuation analysis, and issues of seasonality. As with all forecasting methods, success is not 

guaranteed. 



 

 

4 Machine learning  

Many financial organizations have moved from using traditional predictive analysis to using 

machine learning algorithms to predict financial trends. With the help of machine learning, 

financial specialists try to identify market changes much sooner than with traditional methods. 

Machine learning generally works by finding a function or relationship from input X to output Y. 

Machine learning can be defined as the ability of computers to learn and act without being explicitly 

programmed. It is a method of designing a sequence of actions (algorithm) to solve a problem that 

is optimized automatically through experience and with limited or no human intervention. The 

primary aim is to allow the machines to learn, adjust actions and learn with time accordingly 

(Financial Stability Board, 2017).  

 

Fig. 3 The trend in using machine learning 

Source: Rubygarage, 2018 



 

 

In the case of our study, we are going to build a long short-term memory network (LSTM) as a 

machine learning model. LSTM networks are a type of recurrent neural networks (RNNs) capable 

of learning order dependence in sequence prediction problems. This characteristic is required in 

solving complex problems like time series forecasting, machine translation, speech and language 

recognition. 

There is a problem with the use of traditional neural networks for time-series questions, that 

standard neural networks are unable to remember previous information and thus they cannot 

consider it. This is a major shortcoming especially for time-series datasets because of 

autocorrelation (Colah, 2015). 

Recurrent neural networks address this issue. RNN contains loops in their structure, which allows 

them to remember and take into consideration the previous information to the present task. The 

issue with RNN for time-series dataset is that as RNNs become larger and larger at some point they 

start to forget previous information as they are unable to connect (bridge) bigger gaps. This is called 

vanishing gradient problem and as they are not capable to handle long-term dependencies they are 

not suitable for time-series forecasting (Graves, 2009).   

 

Fig. 4 RNNs vanishing gradient problem 

Source: Colah, 2015 

 



 

 

The vanishing error problem casts doubt on whether standard RNNs can indeed exhibit significant 

practical advantages over standard neuron networks without memory. The LSTM model is not 

affected by this problem.  

 
Fig. 5 LSTM 

Source: Colah, 2015 

LSTMs can learn to bridge large gaps inside of the dataset within special units, called cells. The 

success of LSTMs is in their claim to be one of the first implements to overcome the technical 

problems and deliver on the promise of recurrent neural networks.  

LSTMs were explicitly designed to avoid the long-term dependency problem. Remembering 

information for long periods of time is their basic characteristic and it is not something they would 

have to learn (Gers, Schmidhuber & Cummins, 2000). 

Therefore LSTMs as a special kind of Recurrent Neural Networks (RNN) are particularly suitable 

for time series problems and thus, they have become popular when trying to forecast stock markets, 

as well as cryptocurrency prices. 

http://karpathy.github.io/2015/05/21/rnn-effectiveness/


 

 

5 Methods and dataset 

To implement a long short-term memory network as a machine learning algorithm desired for our 

analysis we have used Python version 3.8.0.. Using Python is one of the easiest ways how to 

develop a machine learning model mainly because of Python´s libraries that have been created with 

the main focus to make creating and implementing machine learning algorithms as fast and simple 

as possible. Main Python libraries that we have used to create our LSTM model are: 

1. Tensorflow - used in writing algorithms and performing heavy computations that 

involve Neural Networks,  

2. Keras - this library simplifies the implementation of neural networks, focus on deep 

learning, 

3. Scikit-Learn - one of the best libraries for working with complex data, a set of python 

modules for machine learning and data mining, 

4. NumPy - computing scientific/mathematical data, array processing for numbers, 

strings, records, and objects, 

5. Pandas - high-performance, easy to use data structures and analysis tools. 

These are the main libraries that we have used in our coding process in Python but it is not all of 

them. We have used Anaconda Distribution as an open-source data science platform that not only 

has a lot of science packages, libraries pre-installed but also makes searching and installing other 

necessary science packages simple and straightforward directly through anaconda´s environment.  

Last but not least we have used Spyder as a Python IDE development environment that makes 

possible advanced editing, interactive testing, debugging and more. Choosing a Python 

development environment is an only subjective matter and therefore you can use any development 

environment that suits your preferences. 

As a dataset for our analysis, we were able to acquire historical prices of Bitcoin from 

CryptoCompare.com webpage through the APIs that they provide. As the daily data are the shortest 

available period through their APIs and as we are making in this analysis prediction of bitcoin 

prices only on historical closing prices of our asset we chose to create our analysis based on them. 



 

 

Daily data are for our analysis sufficient as we are creating a single-point LSTM model, we are not 

focused on daytraders and thus we are not combining sentiment data with price data nor we are 

focused on long term traders (investors) where we would be combining price data with global 

macroeconomic data.  

 

Fig. 6 Dataset first and last 10 rows 

Source: Own results from the study - Python 

In the picture, we can see how our dataset looks like with the first and the last 10 days of a provided 

period. Our dataset contains daily data on open, high, low, close prices and volume in USD for 

BTC for a period of 2000 trading days from 19.09.2014 until 11.03.2020 (almost 20x in the rise of 

value for BTC from start to end of our dataset). Advantage of an acquired dataset through APIs in 

comparison to data from for example yahoo finance (also the shortest period for prices of BTC for 

free is daily), is that our dataset is “live” and therefore it is automatically upgradeable.  



 

 

6 Results 

After importing necessary science packages, libraries for coding in Python and connecting our 

“live” dataset through CryptoCompare API to our code, analysis, we started with the splitting of 

provided dataset to training data (on which algorithm is learning) and to test data (on which we 

will be testing how good is algorithm behaving comparing to real-life prices).  

In most cases, training data should be in the range of 70 – 90% of the whole dataset, in our analysis 

we have decided to split the data in the middle of the range for test data, therefore training data will 

represent by 80% of the whole dataset and test data will be the rest 20%.  

As we can see in the picture below for training the model we have 1600 training days and the split 

between training and testing is on 05.02.2019, which represents circa 13 months of market prices 

on which we can test our model. 

 

Fig. 7 Training vs. test dataset 

Source: Own illustration from the study – Python 



 

 

To create and train an LSTM algorithm, we have to split our training dataset into the same time 

periods (windows). In our analysis, we have chosen these periods to be 7 days (week) and windows 

to be overlapping with each other. As starting entry of every window is 0 and all values represent 

changes according to the first value, the LSTM algorithm will be predicting price change and not 

an absolute price. 

As hyperparameters for the LSTM algorithm with presented results on our dataset we have used 

25 neurons, 100 epochs, dropout with value 0.2, batch size of 4, and adam optimizer which gave 

us the best results in terms of the loss function.  

The loss or also called cost function reduces all the various good and bad aspects of a possibly 

complex system down to a single number, a scalar value, which allows candidate solutions to be 

ranked and compared (Reed & Marksll, 1999).  

 

Fig. 8 Result of BTC price prediction 

Source: Own results from the study – Python 

 



 

 

In the case of our study, we have decided to use Mean Absolute Error (MAE) and Mean Squared 

Error (MSE) to be able to compare their values as they are the most commonly used loss functions.  

In figure 8 we can see the final results of our study represented by actual and predicted values of 

bitcoin prices. The actual and predicted lines look very close and when we look at the values of the 

loss functions to evaluate how good our prediction model is performing, we get values of MAE 

0.021581234035106565 and MSE 0.0009618890874472703. As the error of our model is 

extremely low our predicted prices of bitcoin are very close to real prices returned by the market. 

This fact only confirms what we can see in figure 8 and we can say that this LSTM algorithm is 

very accurate from a technical point of view. 

 

Fig. 9 Price prediction of BTC – last 30 days 

Source: Own results from the study – Python 

As the main focus of this study is to find out if this type of analysis can be useful in real-life as 

help for decision making in investing and trading. There is a general understanding that market 

developments are unpredictable and although technically speaking the results of our model are very 

good, immediately after looking at figure 8 we can see that the LSTM model and final predictions 

are just learning prices returned by the market in recent history. This event is much more imminent 

when we look at the results of prediction zoomed in for the period of the last 30 days represented 



 

 

by figure 9, where it looks like that the predictions are almost just shifted actual prices returned by 

the market. 

We wanted to test this problem and by shifting the predicted results of our analysis back in the time 

of just 1 day we have obtained almost perfect fit of predicted with actual values what we can see 

on the chart in figure 10.  

 

Fig. 10 Price prediction of BTC – last 30 days shifted -1 

Source: Own results from the study – Python 

This phenomenon shows us how our entire model with the historical data of 1600 trading days 

(training data) has learned to get the best results represented by loss function (error) just by learning 

the next day for a prediction from a closing price of the previous day, therefore the results are from 

the real-life investing point of view faulty and unusable. 

The same outcome we can observe in figure 11 representing on the left side expected and predicted 

daily returns of bitcoin and on the right side the same values with predicted returns shifted by -1 

day. 



 

 

When we did the correlation test to see what is the correlation between actual and predicted returns, 

as can be seen in figure 12 on the left there, is almost no correlation whatsoever. However, the 

outcome of the correlation test of actual versus predicted returns of bitcoin shifted by -1 day turn 

out to be highly correlated and by that, we can confirm what we have already seen on previous 

parts of our analysis. 

 

Fig. 11 Prediction of BTC returns vs. prediction of BTC returns shifted -1 

Source: Own results from the study – Python 

With that result, we are unable to refute general understanding in the investment community that 

past performance (historical prices) is no guarantee of future results as new innovative approach 

machine learning by taking into consideration only past performance was unable to create a model 

of prediction usable in the real market world. 



 

 

  

 

Fig. 12 Actual vs. predicted returns - Correlation 

Source: Own results from the study – Python 

7 Conclusion 

The main aim of this analysis was to find out if machine learning as a new innovative approach for 

analyzing and predicting market behavior could be used as a real-life usable a single-point 

prediction model based barely on the past performance of a bitcoin representing financial asset for 

investors and traders and by that find out if a general understanding in the investment community 

that past performance is no guarantee of future results could be refuted by using machine learning 

as prediction model that is based only on daily closing prices. Building a prediction model as a 

single-point model is also an outcome of the limitation of resources and computation power of 

individual investor.  

Even though we have achieved highly accurate analysis (from a technical point of view) 

represented by very low values of loss functions, in real-life investing or trading, outcomes of a 

single-point machine learning model based purely on closing prices are not usable. To achieve as 

low error as possible model learned to learn closing prices from the previous day as a prediction 



 

 

for the next day, even though the model was provided with a dataset that contained more than 4 

years of training data represented by daily closing prices.  

By all of that, we can say that there is a need for a fundamental change in the single-point LSTM 

model to make it real-life usable as data on closing prices are just not enough to predict future 

market behavior. We need to step up from a single-point machine learning model and that with 

remaining focus on past performance could be done by the connection of not only price itself but 

also with a focus on the data from technical indicators (moving averages, Bollinger bands, 

Ichimoku clouds, etc.).  

With the understanding of the fact that past performance is not an indicator for future behavior that 

we could not refute, to create an ultimate analysis with a help of the great power of machine 

learning which is the ability to work with huge amounts of data, we could connect the past 

performance data with various other factors, such as the reactions from social media, policies, laws 

that each country announces to deal with digital currency and other macroeconomic indicators that 

can all contribute to the rise and fall of Bitcoin prices. That is something that would create high 

demands on general analytic resources, computation power, availability of trusted data sources and 

even time which could be a major obstacle for an individual investor. 
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