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ABSTRACT 

 

TRADING STRATEGY BASED CLASSIFICATION ON CRYPTOCURRENCY 

PRICE PREDICTION 

 

 

Mehmet Ali Atçeken 

Master of Science, Applied Data Science 

Supervisor: Assist. Prof. Dr. Ceyda YAZICI 

Co-Supervisor: Dr. İnan Utku TÜRKMEN 

 

August 2021 

These days, the price prediction of cryptocurrencies, which is one of the main topics 

discussed in the media, is considered as a difficult problem when the volatility and 

high risk is taken into account. In this study, classification and regression algorithms 

have been developed and compared with the time series model on the question of 

whether it will increase more than different threshold values in the next 24 hours by 

using different indicators as support and resistance levels, highest low opening and 

closing prices or not. One of the most important results obtained is that the use of 

limited data to cover a certain period, rather than the use of all data, gives better metric 

results. 

 

Keywords: Cryptocurrency, Bitcoin, Machine Learning, Classification, Regression 
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ÖZET 

 

AL/SAT STRATEJİSİ MERKEZLİ KRİPTO PARA FİYAT TAHMİNİ 

SINIFLANDIRMASI 

 

 

Mehmet Ali Atçeken 

Master of Science, Uygulamalı Veri Bilimi 

Tez Yöneticisi: Dr. Öğr. Üyesi Ceyda YAZICI 

Ortak Tez Yöneticisi: Dr. İnan Utku TÜRKMEN 

 

Ağustos, 2021 

Bu günlerde yoğun olarak medyada tartışılan konulardan olan kriptoparaların fiyat 

tahmini oynaklığı ve riski düşünüldüğünde zor bir problem olarak 

değerlendirilmektedir. Bu çalışmada, indikatörler, destek ve direnç seviyeleri, en 

yüksek ve düşük açılış ve kapanış fiyatları ile kullanılarak gelecek 24 saat içerisinde 

farklı eşik değerlerden fazla yükselip yükselmeyeceği sorusu üzerinde sınıflandırma 

ve tahmin algoritmaları uygulanmış ve zaman serisi modeli ile karşılaştırılmıştır. Elde 

edilen en önemli sonuçlardan biri tüm verinin kullanılmasının yerine, belirli bir 

dönemi kapsayacak şeklide kısıtlı verinin kullanılmasının daha iyi metrik sonuçları 

vermesidir.     

 

Anahtar Kelimeler: Kriptopara, Bitcoin, Makine Öğrenmesi, Sınıflandırma, 

Regresyon 
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CHAPTER 1 

INTRODUCTION 

 

Cryptocurrency is a peer-to-peer payment system that may be used to buy and sell 

products and services online. Cryptocurrencies are built on blockchain records, which 

are a decentralized system that organizes and records transactions across multiple 

machines. Each machine in the blockchain network has its own copy of the blockchain, 

resulting in thousands or millions of copies.  

Many companies have started to produce their own currencies, namely tokens that can 

be traded specifically for the good or service that the company provides. Table 1 

presents the top cryptocurrencies tokens and market capitalizations as of July 12, 2021 

(Coinmarketcap, 2021). It can be easily seen that total market is $1,401.50 Billion and 

top two cryptocurrency has the 61.19% market share. 

Table 1 

Top 7 Cryptocurrency and Market Capitalization 

  Cryptocurrency Short Name 
Market 

Capitalization 
%  

1 Bitcoin BTC $621.07 Billion 44.31% 

2 Ethereum ETH $236.57 Billion 16.88% 

3 Tether USDT $62.22 Billion 4.44% 

4 Binance Coin BNB $48.14 Billion 3.44% 

5 Cardano ADA $41.89 Billion 2.99% 

6 XRP XRP $28.82 Billion 2.06% 

7 Dogecoin DOGE $26.86 Billion 1.92% 

8 USD Coin USDC $26.16 Billion 1.87% 

9 Polkadot DOT $14.35 Billion 1.02% 

10 Other   $295.44 Billion 0.82% 
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1.1 Bitcoin 

 

The cryptocurrency with the largest market capitalization and the most popular one is 

Bitcoin digital currency which is created in January 2009 following the housing market 

crisis. It is based on concepts presented in a whitepaper (Nakamoto, 2009) by Satoshi 

Nakamoto, a mysterious and pseudonymous figure. Bitcoin is a technological 

innovation built on peer-to-peer networks and encryption algorithms (Ron et al., 2012). 

Unlike government-issued currencies, it promises reduced transaction costs than 

standard online payment systems and is managed by a decentralized authority. Bitcoin 

is not governed by any governments or financial organizations due to its 

characteristics. Bitcoin, like other currencies, has the ability to enable service and 

commodities transactions (Grinberg, 2011). It is attracting lots of people, financial and 

governmental institutions and venture capitalists and traders especially. Figures 1 – 2 

present the interest and traded volumes and 20 days moving average over time, 

respectively.  

Figure 1 

Bitcoin Interest Index Over Time 

Note. Adapted from google trends, May 2021 (https://trends.google.com/trends) 
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Figure 2 

Bitcoin (BTCUSDT) Trade Volume Distribution 

 

 

Note. Adapted from trading view web site, May 2021 (https://www.tradingview.com) 

On the other hand, bitcoins are not physical currencies, but the balances are collected 

in an accessible public ledger. The transactions are also kept here and verified by an 

excessive power of computing.   

 

1.2 Prices of Bitcoin  

 

The volume of algorithmic trading deals has changed dramatically over the last year. 

With the aid of Artificial Intelligence technologies created in 2020, the proportion of 

participants trading 80% or more of their portfolio via algorithmic trading nearly 

quadrupled from 10.98% in 2020 to 20.75% in 2021 (Editors, 2021).  
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Moreover, bitcoin prices have raised over 6000 times higher since the beginning of the 

trades. Figure 3 shows the prices against USD which is shown in a log scale. This high 

increase attracts many traders to join cryptocurrency environment.   

Figure 3 

Bitcoin Price Movements in log scale 

 

Note. Adapted from trading view web site, May 2021 (https://www.tradingview.com) 

 

 

Markets are considered to be fully efficient and follow a random walk model in which 

future returns cannot be predicted using previous data in other words, historical prices 

cannot be used to predict future prices (Fama, 1970). Moreover, Stavroyiannis et al., 

(2019) concluded that due to the absence of regulation results in large price changes 

and high volatility, Bitcoin is not yet an efficient market. However, Palamalai et al., 

(2020) stated that cryptocurrencies (based on top 10 cryptocurrencies) returns do not 

follow the behavior of random walk after a slew of parametric, normality and unit root 

tests with and without breaks. 
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1.3 Problem Definition  

 

As algorithmic trading volume in the cryptocurrency market increases, the 

infrastructure of the market also changes. The market is 7/24 open and robust and 

accurate predictions play an important role.  

The main purpose of this study is to predict the prices of Bitcoins. In order to do this, 

three different groups of models are considered. The first group includes regression 

models to predict the highest price in the next 24 hours. Then, in order to analyze 

whether price can be higher than the different threshold levels, i.e., to classify whether 

the behavior is higher or lower than different threshold levels, binary classification 

models are built. Lastly, in order to work with the temporal structure, multivariate time 

series model is constructed.   

This study includes 5 Chapters and organized as follows. This first Chapter introduces 

the problem and then, the second Chapter summarizes the literature review.  Third 

Chapter 3 describes the methods used in this study and the Chapter 4 introduces the 

data and the application. In Chapter 5, all of the findings obtained through the models 

are discussed and finally the study is concluded by giving information about the results 

and the future studies.    
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CHAPTER 2 

LITERATURE REVIEW 

 

Bitcoins have been becoming more popular and attracting media and public due to the 

recent surge and crash. Correspondingly, many articles are published to understand the 

factors behind the price fluctuations. Table 2 and Table 3 retrieved from (Merediz-

Solà et al., 2019) present the increase in the number of articles published through the 

years and the distribution of the research area, respectively. As seen from Table 2, 

there is an average of 45% increase in the number of articles per years after 2015.  

Table 2 

The Number of Articles Published About Bitcoin 

Year Number of articles 
Yearly Grow 

Rate 

2012 3  

2013 17 467% 

2014 90 429% 

2015 148 64% 

2016 192 30% 

2017 296 54% 

2018 384 30% 

 

Table 3 

The Distribution of Research Area  

Research Areas Records % Of Total 

Computer Science 541 35.1% 

Business Economics 279 18.1% 

Engineering electrical electronic 196 12.7% 

Telecommunications 106 6.9% 

Science Technology other topics 79 5.1% 

Other  342 22.2% 
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According to the Table 3, %35.1 of the articles published are related with Computer 

Science and it is two times greater compared to Business Economics. 

There are many studies related with Bitcoin including prediction, classification or 

sentiment analysis. For instance, Abraham et al., (2018) stated that after making a 

sentiment analysis, both Google Trends and tweet volumes using a 15-day window are 

highly correlated with Bitcoin prices. In another study, with sentiment analysis from 

tweets, Colianni et al. (2015) tried to predict whether the price of Bitcoin will increase 

or decrease over a set time frame. Colianni et al., (2015) built Bernoulli Naive Bayes 

(NB) model on hourly timeframe that performed the best out of all text classification 

algorithm. When deep learning and time series models were compared to predict real 

time prices of Bitcoin with inputs obtained by tweets’ sentiment analysis for both 

model types, it is concluded that Long Short-Term Memory (LSTM) yields better 

results compared to ARIMA based on the RMSE results (Raju et al, 2020). Apart from 

the sentiment analysis, there are also other studies including different modeling. For 

instance, Ji et al., (2019) tried to predict prices with deep learning ensemble methods 

using 29 features of blockchain like average-block-size, blockchain size, cost-per-

transaction or hash rate. They concluded that LSTM slightly performed better than 

other models for regression. In the same study, they tried to predict whether the prices 

go up or down. In this classification problem, Deep Neural Network (DNN) slightly 

yielded better results than other models on Bitcoin price prediction. They also stated 

that although the purpose is to predict sequence data, Convolutional Neural Network 

(CNN) and Residual Neural Network (ResNet) are known to be very effective, and 

their performance was not particularly good for Bitcoin price prediction. Moreover, 

Pintelas et al., (2020) tried to predict prices with deep learning approach. They 

concluded that models are not efficient and unreliable to predict bitcoin prices because 

of complication of the problem and concluded that even advanced deep learning 

techniques such as LSTM and CNNs are not able to perform good results to solve 

problem. There are also many studies which try to solve the same problem with help 

of Reinforcement Learning (RL). Hegazy, K., and Mumford, S. (2016) tried to analyze 

whether RL may overperform than different architecture like GDA or Logistic 

Regression (LR).  They concluded that the most effective trading algorithm is RL.  
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CHAPTER 3 

METHODS 

In this chapter, the models used for classification and regression with the performance 

measures are explained.  

 

3.1 Logistic Regression (LR) 

Logistic Regression (LR) is a type of regression analysis - a type of predictive 

modeling method - used to find the relationship between a categorical dependent 

variable and a series of independent variables. It is a classification algorithm and uses 

a logistic (sigmoid) function (See Figure 4) limited to values between 0 and 1 to 

estimate probabilities of a categorical dependent variable (James et al., 2013). 

Figure 4 

Sigmoid Function 

 

LR simply uses a linear equation as the parameter for the sigmoid function to calculate 

the probability of the observation for a particular class as in the (1). 
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𝑝 =
1

1+𝑒−(𝑏0+𝑏1𝑥1+𝑏2𝑥2+⋯+𝑏𝑝𝑥𝑝)                       (1) 

where x1, x2, … xp represents the p independent variables and b0, b1, … bp represents 

the intercept and the coefficients of the variables, respectively. 

The probabilities are calculated using Maximum Likelihood Estimation (MLE) by LR. 

The method is continued until the log likelihood does not change considerably after 

this first function is calculated. LR has many applications, for instance itis applied in 

health studies to predict cardiovascular diseases based on Cytokines in Kazakhs of 

China (Jiang et al., 2021). 

 

3.2 Random Forest (RF) 

Random Forest (RF) is an ensemble learning method used for both classification and 

regression and other tasks that are determined by building a set of Decision Trees 

(DTs). DT builds classification or regression models in the form of a tree structure 

constructed in a top-down recursive way with divide-and-conquer manner. It uses 

some if-then rule set in which the rules are learned sequentially using the training data 

one at a time. The tuples covered by the rules are deleted once each rule sequence has 

been learned. On the training set, this process is repeated until a termination condition 

is met. A DT may easily be over-fitted, resulting in an excessive number of branches, 

which might represent anomalies caused by noise or outliers. The performance of an 

over-fitted model on the test is low, despite its high performance on the training data 

(James et al., 2013). 

RFs are constructed by creating a large number of DTs at training time and outputting 

either the mode of the classes or mean prediction of the trees for the prediction of each 

observation. Unlike DTs, because of their structure RFs are less prone to overfitting. 

There are many applications of RFs. For instance, Patel et al., 2018 compared 3 DT 

based algorithms (ID3, C4.5 and CART) to analyze which performs better for a 

specific data set and (Alessia et al., 2017) used RF to analyze single and multi-modal 

neuroimaging data for the prediction of Alzheimer’s disease. 
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3.3 Support Vector Machines (SVMs) 

Support Vector Machines (SVMs) are based on the concept of decision planes that 

define decision boundaries which were first introduced by Vapnik (1995). A decision 

plane separates a set of data points having different classes. However, many techniques 

to separating classes exist in SVM, and the most basic example is a linear classifier, 

which uses a line to divide a set of data points into groups. Most classification jobs, 

however, are not so straightforward, and more complicated structures are frequently 

required to achieve effective separation. In general, SVM tries to construct a separating 

hyperplane in feature space, trying to find the one that maximizes the margin between 

the two distinct classes. The hyperplane with the greatest distance to the surrounding 

data points of both classes achieves a decent separation, since the greater the margin, 

the better the classifier's generalization error. (James et al., 2013).   

As an application of SVM, Srivastava et al. (2010) applied this method to two or multi 

class data sets including diabetes, heart, satellite and shuttle data. It is shown that SVM 

has comparative results using different kernel functions for all data samples.  

 

3.4 Naïve Bayes (NB) 

Naïve Bayes (NB), among the simplest Bayesian network models, is a probabilistic 

classifier works by applying Bayes’ theorem with strong assumptions of the 

independence of predictors. Bayes’ Theorem is used for calculating conditional 

probabilities which is a measure of the probability of an event is occurring given that 

another event has occurred. Compared to other ML models, since it has few tunable 

parameters, it is easy and fast to predict class of test data set and are often suitable for 

high-dimensional data sets. When the naive assumptions actually match the data (not 

very common), it performs well. There are 3 types of Naïve Bayes model which are 

Gaussian, Multinomial and Bernoulli. It uses MLE to maximize the joint likelihood of 

the data (James et al., 2013).   

NB has different applications in one of which Rish (2001) tried to explain the data 

characteristics which affect the performance of NB using Monte Carlo simulation. It 
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is stated that NB performs the best with completely independent features and 

functionally dependent features.  

 

3.5 K-Nearest Neighbor (KNN) 

K-Nearest Neighbor (KNN) is a classification and prediction algorithm that is used to 

separate data points into classes based on the distance between the observations. KNN 

is a non-parametric algorithm which means that it does not make any assumption on 

the underlying data. KNN considers that data points which are closer must be similar 

and hence, they are grouped together (James et al., 2013).   

As an application of KNN, Alahmari (2020) compared DT and KNN for predicting 

Bitcoin, XRP and Ethereum processes and concluded that DT is superior for each 

cryptocurrency.  

 

3.6 Neural Networks (NN) 

Neural networks (NN), also known as artificial neural networks (ANNs) are one of the 

ML models and are at the heart of deep learning algorithms. The NNs are inspired by 

the human brain, mimicking biological neurons signals from one to another. A node 

layer, an input layer, one or more hidden layers, and an output layer make up NNs. 

Each node, which has been designated as an artificial neuron, links to another node via 

synapses. It is associated with a weight and a threshold. When a node's output reaches 

a particular level, it is activated, and data is transmitted to the network's next layer. 

Otherwise, no data is sent on to the network's next tier (IBM Cloud Education, 2020). 

Neural networks use training data to learn and improve their accuracy over time. These 

learning algorithms, once fine-tuned for accuracy, become powerful tools in computer 

science and artificial intelligence, allowing us to swiftly categorize and cluster data 

(IBM Cloud Education, 2020). 
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As an application of NN, (Lanillos et al., 2020) compared symptoms with its neural 

model counterpart and concluded that models should be refined more to be used in 

computational psychiatry.  

 

3.7 Vector Autoregression (VAR)  

The vector autoregression (VAR) model is one of the most popular, adaptable, and 

straightforward methods for multivariate time series analysis. The dynamic 

multivariate autoregressive (AR) model is a natural extension of the univariate AR. 

The VAR has proven to be particularly beneficial for forecasting and understanding 

the dynamic behavior of economic and financial time series (Zivot, 2005). The 

equation of p lag vector autoregressive VAR(p) can be descripted as in equation (2) if 

there are m time series and 𝑒𝑖𝑡 is the white noise process where Ø(𝑖)are coefficients for 

lags of time series variable 𝑦𝑖𝑡..  

 [

𝑦1𝑡

𝑦2𝑡

⋮
𝑦𝑚𝑡

] =

[
 
 
 
Ø(0)

1

Ø(0)
2

⋮
Ø(0)

𝑚]
 
 
 

+

[
 
 
 
Ø(1)

11

Ø(1)
21

⋮

⋮
⋮
⋮

Ø(1)
𝑚1 ⋮]

 
 
 

[

𝑦1(𝑡−1)

𝑦2(𝑡−1)

⋮
𝑦𝑚(𝑡−1)

]+. . . +

[
 
 
 
Ø(𝑝)

11

Ø(𝑝)
11

⋮

⋮
⋮
⋮

Ø(𝑝)
11 ⋮]

 
 
 

[

𝑦1(𝑡−𝑝)

𝑦2(𝑡−𝑝)

⋮
𝑦𝑚(𝑡−𝑝)

] + [

𝑒1𝑡

𝑒2𝑡

⋮
𝑒𝑚𝑡

] (2) 

It frequently outperforms univariate time series models and sophisticated theory-based 

simultaneous equations models in forecasting. Forecasts from VAR models can be 

generated conditional on the likely future courses of specified variables in the model, 

giving them a lot of flexibility.   

In addition to data description and forecasting, The VAR model is also utilized for 

structural inference and policy analysis, in addition to data description and forecasting. 

Certain assumptions regarding the causal structure of the data under consideration are 

enforced in structural analysis, and the causal consequences of unanticipated shocks 

or innovations to defined variables on the variables in the model are summarized as a 

result. Impulse response functions and forecast error variance decompositions are 

commonly used to describe these causal effects (Zivot, 2005).  

As an application of VAR, Simkins, (1995) can be given which tried to answer whether 

applying an alternative type of restriction other than Bayesian random walk improves 
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the forecasting performance on the business cycle characteristic of U.S. 

macroeconomic data with an application of VAR.  

 

3.8 Principal Component Analysis (PCA) 

In several fields, large datasets are becoming more common. To analyze large datasets, 

techniques must substantially decrease their dimensionality in an interpretable manner 

while preserving the majority of the data's content. For this aim, a variety of 

approaches have been developed, but principal component analysis (PCA) is one of 

the oldest and most extensively utilized approaches. 

Let X be the original data set, where each column is a single sample of the population. 

X is a m × n matrix where m is the number of measurement types and n is the number 

of samples. Let Y be another m × n matrix related by a linear transformation P. Here, 

X is the original recorded data set and Y is a re-representation of that data set. The aim 

of the PCA is to find some orthonormal matrix P where Y = PX such that 𝐶𝑌  =

 
1

𝑛−1
𝑌𝑌𝑇  is diagonalized where 𝐶𝑌 is the covariance matrix for X and the rows of P are 

the principal components of X. This is mainly done by calculating subtraction of the 

mean for each measurement type or row xi and calculation of the eigenvectors of the 

covariance followed component selection and creation of a feature vector. (Shlens, 

2014) 

 

3.9 Cross Validation (CV) 

Cross–Validation (CV) is a method used for validating the model efficiency by 

constructing it on the subsets of training data and testing on previously unseen 

observations. Mainly, it is a method used to check how a statistical model can be 

generalized to an independent data set. On the other hand, it is also used to overcome 

over-fitting which is a common problem in ML models. Over-fitting can be defined as 

perfectly modeling the training data set while the performance on the test is not 

powerful (Berrar, 2018). 
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K-fold CV can be conducted to verify that the model is not over-fitted. In this method, 

the dataset is randomly partitioned into k distinct subsets, each with approximately 

equal size. Note that, one-fold is kept for testing while others are used for training. 

This process is iterated throughout the whole k folds. In time series, random selection 

may lead to unexpected results because of the temporal dependency between 

observations. Therefore, this relation must be preserved during CV. There are 2 types 

of CV used for time series.  

The idea for time series splits is to separate the training set into two folds at each 

iteration on the condition that the validation set is always ahead of the training split 

(See Figure 5). For instance, for stock prices, at the first iteration, one is used to train 

the model on the closing prices from January to March and validates on April’s 

observations, and for the next iteration, train on data from February to April, and 

validate on May’s observations, and so on to the end of the training set. 

Figure 5 

Blocking Time Series Split 

 

Time series split on the other hand, has drawbacks and may induce leakage into the 

model from future data. The model will try to memorize future trends in order to 

forecast them. Hence, to overcome this issue, blocked cross-validation is used.  It 

works by putting margins in two different places. The first is between the training and 

validation folds, to avoid the model from detecting lag values that are utilized twice in 

the model, once as a regressor and once as a response. The second is between each 
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iteration's folds, which keeps the model from memorizing patterns from one iteration 

to the next (See Figure 6). 

Figure 6  

Time Series Split 

 

3.10 Performance Measures 

In this study, three different methods are applied to predict Bitcoin prices: 

Classification, regression and time series. To evaluate each methodology several 

performance measures are used. For classification, Area under the Receiver Operating 

Characteristic Curve (AUC), Accuracy, F-Score, Precision and Recall are used while 

for regression and time series, Root Mean Square Error (RMSE), Mean Absolute Error 

(MAE) and Mean Absolute Percentage Error (MAPE) are calculated. The detailed 

explanation for each performance measures are given below.  

Receiver Operating Characteristic Curve (ROC Curve): ROC curve is used for 

visual comparison of classification models which shows the trade-off between the True 

Positive (TP) and the False Positive (FP) rates. The area under the ROC curve is a 

measure of the accuracy of the model. When a model is closer to the diagonal, it is less 

accurate and the model with perfect accuracy will have an area of 1.0. 

Confusion Matrix table is used to understand and visualize the performance of models. 

Each row of the matrix represents the frequency of observations in an actual class 

while each column represents the frequency of observations in a predicted class, or 

vice versa – both variants are found in the literature (Powers, 2011). A sample of 

confusion matrix is shown in Table 4. 
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Table 4 

Sample Binary Classification Confusion Matrix 

  Actual Class 

  True False 

P
re

d
ic

te
d

 

C
la

ss
 True True Positive (TP) False Negative (FN) 

False False Positive (FP) True Negative (TN) 

 

 

Accuracy: Accuracy is the proportion of correct predictions to total number of 

predictions. Based on Table 4, the accuracy formula is given in (3). 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
           (3) 

Precision – Recall: Precision is the proportion of relevant observations among the 

predicted ones, whereas recall is the proportion of relevant observations that have been 

predicted over the total amount of relevant observations. Precision and Recall are used 

as a measurement of the relevance. The calculations of precision and recall are given 

in the (4) and (5) respectively.   

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
                (4) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
            (5) 

F Score: F score balances the precision and the recall which is the harmonic mean of 

them. It is calculated with the (6). 

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 ∗
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙
= 

𝑇𝑃

𝑇𝑃+ 
𝐹𝑃+𝐹𝑁 

2

       (6) 

Root Mean Squared Error (RMSE): RMSE is a used as performance measure on 

prediction models frequently which is calculated by (7). 
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𝑅𝑀𝑆𝐸 = √
∑  𝑇

𝑡=1 (�̂�𝑡−𝑦𝑡)2

𝑇
            (7) 

where �̂�𝑡 is the predicted value for time t whereas 𝑦𝑡 is the obeserved value and T 

represents the sample size.  

Mean Absolute Error (MAE): MAE is basically the average of the absolute errors 

and calculated with the (7). 

𝑀𝐴𝐸 =  
∑ |�̂�𝑡−𝑦𝑡|

𝑛
𝑡=1

𝑇
               (7) 

where �̂�𝑡 is the predicted value for time t whereas  𝑦𝑡 is the obeserved value for fitted 

observations T. 

Mean Absolute Percentage Error (MAPE): MAPE is a measure of prediction 

accuracy, and it defines the absolute error ratio to the observed value. This 

performance measure is calculated with the (8). 

𝑀𝐴𝑃𝐸 = 
100

𝑇
 ∑ |

�̂�𝑡−𝑦𝑡

𝑦𝑡
|𝑛

𝑡=1         (8) 

where �̂�𝑡 is the predicted value for time t whereas  𝑦𝑡 is the obeserved value for fitted 

points 𝑇. 

 

 



18 

 

CHAPTER 4 

DATA AND APPLICATION 

 

In this chapter, the data used in the study, the preprocess and the structure of the models 

are explained in detail.   

4.1 Data Collection 

The data set used in this study consists of 28,000 observations and 27 variables which 

can be divided into 4 main categories. It is collected from Binance -cryptocurrency 

exchange firm providing platform for trading cryptocurrencies- via web service which 

consists of 28,000 hours of BTCUSDT pair between 2017-07-11 and 2020-11-12 with 

no missing observations. In hourly timeframe interval, High, Low, Open Close and 

Volume variables of the BTCUSDT pair are included by this data set. Their 

descriptions are given in the Table 5. 

Table 5 

Variables taken from Binance via Web Service 

Variable Name Description  

High The highest price of the pair at that time interval  

Low The lowest price of the pair at that time interval  

Close Close price of the pair at that time interval  

Open Open price of the pair at that time interval  

Volume Total trading volume in that time interval  

 

4.2 Technical Indicators  

Technical indicators are signals or values calculated by historical information of price, 

volume, standard deviation, etc. manipulated by some mathematical equations like 

Fibonacci levels or exponential moving averages. They are used to simplify price 

movements and then utilize these summarized movements to make trading decisions. 
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These indicators are classified into 4 main groups: trending or moving averages, 

volatility, momentum and volume indicators. In this study, 17 technical indicators that 

are commonly used are selected from the four different groups mentioned. These are 

listed in the Table 6. 

Table 6 

Indicators and Descriptions 

Short Name Name Group 

ADX Average Directional Index Trend 

RSI Relative Strength Indicator Momentum 

BB Bollinger Bands (3 different variables) Volatility 

MFI Money Flow Index Volume 

CMF Chaikin Money Flow Volume 

WMA Weighted Moving Average Trend 

VMA Volume Moving Average Trend 

ATR Average True Range Volatility 

WILL Williams %R Momentum 

CCI Commodity Channel Index Momentum 

Wave Trend Wave Trend (2 different variables) Momentum 

EMA Exponential Moving Average Trend 

Stochastic Stochastic Momentum 

MFI Money Flow Index Volume 

 

 

4.3 Support / Resistance and Trend Levels  

In cryptocurrency trading, trends, support and resistance levels play an important role. 

These levels are appeared to limit market as up or down movements which has a 

consequence of supply and demand magnitude. In order to obtain trend line, firstly, 

high and low points (pivot) are determined, and lines are drawn from each pivot point 

to preceding 30 pivot points. To determine how much a trend line is important is 

calculated by two different approaches: strength and distance to price. Strength is 

determined according to how much volume is traded around the trendline and distance 
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is calculated by the difference between the trend line price and the closest price to the 

trend line. If trendline is larger than the price, it is accepted as resistance; otherwise, it 

is considered as support. An example of trend lines is shown in the Figure 7.  

Figure 7 

Trend Lines Drawn for Support and Resistance 

 

It is clear that the variables used in this study are time series variables, so time-based 

performance figures are included as percentage changes from 1, 60, 240 and 480 hours 

earlier for close, stochastic and wave trend. 

Apart from the predictors used to construct the models, the highest value of the price 

in the following 24 hours is taken as the response for the prediction purposes. Then, a 

categorical variable True or False is constructed for classification models. Value of the 

response is True if the highest value of the price in the following 24 hours is higher 

than the price for different threshold levels else it is assumed to be False.  

 

4.4 Application 

Since there are highly correlated predictors, Principal Component Analysis (PCA) 

with 99% of the variance explained is constructed to those that have correlation figures 

higher than 0.80. After PCA construction, the dimension is reduced to 1 principal 

component from the actual 14 dimensions. In addition to dimension reduction, the 
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usage of correlated variables is available with this component. In Table 7, loadings for 

PCA are presented. 

Table 7 

Loadings of PCA 

Predictors Loadings 

ubb 0.3123 

high 0.3069 

close 0.3043 

open 0.3041 

wma 0.3033 

short_ema 0.3029 

low 0.3010 

mid_ema 0.3006 

long_ema 0.2969 

lbb 0.2934 

very_long_ema 0.2897 

rbb 0.0189 

will 0.0006 

pbb 0.0000 

 

From Table 7, it can be said that 11 out of 14 variables except rbb, will, pbb are 

important when determining the PCA component. 

Differences in the scales across predictor variables may increase the difficulty of the 

problem being modeled. Standardization, i.e., rescaling of the variables is applied with 

min-max scaling so that all values are located within the range of 0 and 1 in the 

transformed data. Scaling is fitted to train set and transformed to test set.  

The data set used is split as train, test and unseen data with 65%, 15%, and 15% 

respectively. Binary response has True (1) and False (0) values which is classified as 

True if high price is X% higher than the current price in the following 24hr period 

where X is 2, 3, 5 and 10, else it is assumed to be False.  
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Since cryptocurrency market has high volatility and a dynamic structure, for evaluation 

blocking time series split cross validation (descripted in 3.9) is used. In order to 

determine the best split parameters, different train-test split alternatives are 

experimented with trial-and-error method and with the highest ROC validation score. 

As a result, 80% and 20% data splits are selected and used for 300 observations in each 

run for model evaluation. 

For each model, local optimal parameters are determined with hyper parametrization 

and grid search method is used after edge points are determined with the trial and error. 
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 CHAPTER 5 

FINDINGS 

 

In this Chapter, it is aimed to compare the performances of the methods and different 

approaches studied, namely LR, NB, KNN, RF, SVM and NN for binary classification; 

KNN regressor, SVM Regressor, RF Regressor, and NN for regression and VAR for 

time series. In these comparisons, various criteria including accuracy, AUC, F score, 

Precision and Recall are considered for classification models, RMSE, MAE and 

MAPE are considered for regression models.  

 

5.1 Binary Classification 

As a starting point, binary classification with different target profit percentages is 

analyzed. Below in each section, the results of the train, test, blocking time series 

validation and unseen data for each target profit is presented.  

5.1.1 For 2% Target Profit 

With %2 profit target, response is True if the highest value of the price in the following 

24 hours is higher than the 2% of the price else it is assumed to be False.  The response 

is balanced with the percentages of 48.14% and 51.86% for True and False, 

respectively. In Table 8, the performance measures of the train, test validation and 

unseen data sets with respect to models are presented. Bold values indicate the best 

performance for to the associated measure. The following conclusions can be derived 

based on the data shown in the table:  

 For train data sets, KNN classification model gives superior results for each 

metric compared to other models which have between 0.60 - 0.66 AUC score.  

 For test data sets, recall scores are below 0.50 except LR. This model has also 

higher AUC, Accuracy, Recall and F score compared to other models.  

 For validation data sets, all model performances are better compared to test 

data performances. As stated earlier, for validation set 240 observations is 
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trained and 24 observation is tested. This shows that models trained 

dynamically in shorter periods yields better scores. Moreover, RF is superior 

compared to other models in each metric in validation. Although scores are not 

high enough to conclude model is useable for trading, it is promising given the 

highly volatile market.  

 For unseen data sets, RF is superior, and these results are better than the train, 

test and validation performances. Since dynamic modeling is used, model 

performances may fluctuate with the price trends and pattern through time. 

Table 8 

Performance Measures for 2% Profit Target 

Metrics NB LR KNN RF SVM NN 

   Train    

Accuracy 0.6173 0.6368 0.7358 0.6442 0.6032 0.6666 

AUC 0.6122 0.6336 0.7351 0.6442 0.5971 0.6663 

F Score 0.4842 0.5639 0.7214 0.6388 0.4261 0.657 

Precision 0.712 0.6843 0.7461 0.6353 0.7305 0.662 

Recall 0.3668 0.4796 0.6983 0.6423 0.3007 0.6521 

Test  

Accuracy 0.6044 0.6053 0.5819 0.5937 0.5905 0.6004 

AUC 0.59 0.601 0.5671 0.5819 0.5533 0.581 

F Score 0.4963 0.5597 0.4765 0.5081 0.3002 0.4696 

Precision 0.5815 0.5594 0.5426 0.5551 0.6401 0.5791 

Recall 0.4329 0.5599 0.4247 0.4684 0.1961 0.395 

Validation 

Accuracy 0.6952 0.7202 0.6776 0.7405 0.7241 0.7125 

AUC 0.6649 0.697 0.6505 0.7196 0.7009 0.691 

F Score 0.5615 0.6202 0.5516 0.6549 0.625 0.6176 

Precision 0.7288 0.7448 0.68 0.7585 0.7521 0.7156 

Recall 0.4567 0.5314 0.4641 0.5762 0.5347 0.5433 

Unseen 

Accuracy 0.7561 0.7879 0.7444 0.8232 0.7844 0.7933 

AUC 0.6576 0.7296 0.6705 0.7627 0.7268 0.7378 

F Score 0.503 0.6227 0.5334 0.6755 0.6185 0.6356 

Precision 0.6525 0.667 0.5933 0.7563 0.6585 0.6784 

Recall 0.4092 0.5839 0.4845 0.6103 0.583 0.5979 
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5.1.2 For 3% Target Profit 

With 3% profit target, response is True if the highest value of the price in the following 

24 hours is higher than the 3% of the price else it is assumed to be False. True response 

has 34.83% of the total sample. In Table 9, the performance measures of the train, test 

validation and unseen data sets with respect to models are presented. Bold values 

indicate the best performance for to the associated measure. 

Table 9 

Performance Measures for 3% Profit Target 

Metrics NB LR KNN RF SVM NN 

   Train    

Accuracy 0.6948 0.6906 0.9654 0.9702 0.6032 0.7014 

AUC 0.6190 0.5925 0.9612 0.9512 0.5971 0.6291 

F Score 0.4543 0.3689 0.9510 0.9310 0.4261 0.4746 

Precision 0.6210 0.6673 0.9550 0.9350 0.7305 0.6314 

Recall 0.3581 0.2549 0.9470 0.9270 0.3007 0.3802 

Test  

Accuracy 0.6728 0.6987 0.6201 0.6365 0.5905 0.6919 

AUC 0.5778 0.5459 0.5407 0.6119 0.5533 0.5316 

F Score 0.3795 0.1987 0.3499 0.4905 0.3002 0.1443 

Precision 0.4880 0.6960 0.3902 0.4473 0.6401 0.6875 

Recall 0.3105 0.1159 0.3171 0.5430 0.1961 0.0806 

Validation 

Accuracy 0.7788 0.7680 0.7759 0.8270 0.7858 0.7896 

AUC 0.6771 0.6956 0.6798 0.7661 0.7162 0.7085 

F Score 0.5331 0.5718 0.5391 0.6765 0.6038 0.5876 

Precision 0.6940 0.6462 0.6744 0.7445 0.6841 0.6864 

Recall 0.4328 0.5128 0.4490 0.6198 0.5403 0.5137 

Unseen 

Accuracy 0.8272 0.8452 0.8635 0.8806 0.8671 0.8624 

AUC 0.5990 0.6969 0.6745 0.7405 0.7039 0.7122 

F Score 0.3281 0.5027 0.4823 0.5895 0.5327 0.5339 

Precision 0.4365 0.5326 0.6166 0.6578 0.6315 0.5853 

Recall 0.2629 0.4760 0.3960 0.5341 0.4606 0.4908 
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The following conclusions can be derived based on the data shown in the table:  

 For train data sets, KNN and RF yields better performances with approximately 

0.9550 AUC values, but these models tend to overfit producing 0.5407 and 

0.6119 AUC test scores, respectively. When hyper parametrization applied to 

parameters to overcome this problem like pruning in RF or incrementation of 

neighbors in KNN, test performances also do not tend to increase.  

 For test data sets, RF is superior to other models based on AUC, Recall and F 

Score metrics.   

 For validation data sets, similar to 2% target profit, all model performances are 

better compared to test data set ones. RF is again superior compared to other 

models in each metric.  

 Although performance measures are higher when compared to 2% target profit, 

scores are still not good enough to trade in validation.  

 For unseen data sets, similar to 2% target profit, most performance measures 

are better than the validation set. However as stated earlier, model 

performances may fluctuate with the price trends and pattern through time. 

5.1.3 For 5% Target Profit 

With %5 profit target, response is True if the highest value of the price in the following 

24 hours is higher than the 5% of the price else it is assumed to be False. True class of 

the response has a proportion of 18.83% of the total sample. In Table 10, the 

performance measures of the train, test validation and unseen data sets with respect to 

models are presented. Bold values indicate the best performance for to the associated 

measure. The following conclusions can be derived based on the data shown in the 

table:  

 For train data sets, KNN and RF yields better performances similar to 3% target 

profit, here also models overfit considering lower performance measures in test 

data sets. Again, hyper parametrization is applied to the models to overcome 

this problem, however the models are not improved. 

 For test data sets, all models have poor performances, however RF is the best 

performing model.  
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 For validation datasets, similar to 2% and 3 % target profits, all model 

performances yield better scores especially on the F score compared to test data 

values. RF is again the best performing one. For validation datasets, although 

best model’s (RF) AUC value is the highest among all other target profits’ best 

AUC scores, F score is lower than the 3% target profit with a value of 0.6504.    

 For unseen data sets, performances are generally better than the validation set. 

SVM yields the higher scores and is superior to other models in terms of most 

of the measures.  

Table 10 

Performance Measures for 5% Profit Target 

Metrics NB LR KNN RF SVM NN 

   Train    

Accuracy 0.7910 0.8137 0.9765 0.9802 0.8979 0.8217 

AUC 0.6227 0.5584 0.9580 0.9612 0.7537 0.5711 

F Score 0.3932 0.2259 0.9393 0.9310 0.6644 0.2593 

Precision 0.4550 0.6031 0.9513 0.9350 0.9298 0.6928 

Recall 0.3463 0.1390 0.9276 0.9270 0.5169 0.1595 

Test  

Accuracy 0.7501 0.7921 0.6968 0.7747 0.8031 0.7829 

AUC 0.5943 0.6007 0.5653 0.6303 0.5689 0.5810 

F Score 0.3177 0.3287 0.2811 0.3715 0.2670 0.2945 

Precision 0.2808 0.3381 0.2257 0.3341 0.3275 0.3049 

Recall 0.3657 0.3198 0.3725 0.4184 0.2254 0.2848 

Validation 

Accuracy 0.8800 0.8768 0.8835 0.9120 0.8798 0.9006 

AUC 0.6468 0.7332 0.6799 0.7748 0.7375 0.7559 

F Score 0.4297 0.5769 0.4885 0.6504 0.5858 0.6099 

Precision 0.6425 0.6459 0.6342 0.7334 0.6589 0.6770 

Recall 0.3228 0.5213 0.3972 0.5842 0.5274 0.5549 

Unseen 

Accuracy 0.9517 0.9283 0.9535 0.9631 0.9525 0.9599 

AUC 0.5873 0.7132 0.6436 0.6569 0.7758 0.6912 

F Score 0.2612 0.403 0.3741 0.4435 0.5546 0.4755 

Precision 0.4384 0.3506 0.4906 0.7237 0.5323 0.5965 

Recall 0.186 0.4737 0.3023 0.3198 0.5789 0.3953 
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5.1.4 For 10% Target Profit 

With %10 profit target, response is True if the highest value of the price in the 

following 24 hours is higher than the 5% of the price else it is assumed to be False. 

True response is 5.07% of the total sample. In Table 11, the performance measures of 

the train, test validation and unseen data sets with respect to models are presented. 

Bold values indicate the best performance for to the associated measure. 

Table 11 

Performance Measures for 10% Profit Target 

Metrics NB LR KNN RF SVM NN 

   Train    

Accuracy 0.8871 0.9441 0.9821 1.0000 0.9789 0.9467 

AUC 0.6380 0.5177 0.8717 1.0000 0.8156 0.5367 

F Score 0.2562 0.0710 0.8192 1.0000 0.7647 0.1352 

Precision 0.1992 0.3604 0.9057 1.0000 0.9669 0.5612 

Recall 0.3586 0.0394 0.7478 1.0000 0.6325 0.0768 

Test  

Accuracy 0.7997 0.7299 0.8931 0.8055 0.9107 0.9349 

AUC 0.7244 0.6629 0.6014 0.7190 0.6105 0.6062 

F Score 0.1908 0.1384 0.1644 0.1911 0.1907 0.2211 

Precision 0.1120 0.0784 0.1153 0.1128 0.1429 0.1972 

Recall 0.6433 0.5906 0.2865 0.6257 0.2865 0.2515 

Validation 

Accuracy 0.9708 0.7680 0.9754 0.9759 0.9467 0.9779 

AUC 0.5835 0.6956 0.6832 0.7122 0.7216 0.7284 

F Score 0.2689 0.5718 0.4881 0.5299 0.5437 0.5685 

Precision 0.6438 0.6462 0.7120 0.6887 0.6637 0.7388 

Recall 0.1700 0.5128 0.3713 0.4307 0.4604 0.4620 

Unseen 

Accuracy 0.9936 0.9464 0.9936 0.9936 1.0000 0.9931 

AUC 0.6530 0.4808 0.6339 0.5576 1.0000 0.5000 

F Score 0.4000 0.0000 0.3684 0.2000 1.0000 0.0000 

Precision 0.5714 0.0000 0.5833 0.7500 1.0000 0.0000 

Recall 0.3077 0.0000 0.2692 0.1154 1.0000 0.0000 
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The following conclusions can be derived based on the data shown in the table:  

 For train data sets, similar with the 5%, RF which is the best performing model, 

tend to overfit.  

 For test data sets, all models yield poorer performances especially F scores with 

smaller than 0.25.  

 For validation data sets, LR and NN are the best models based on AUC and F 

Score. Best AUC score (SVM) is lower when compared to 5% target profit best 

AUC score.   

 For unseen data sets, SVM predicts all the responses correctly. Considering 

0.7216 AUC performance in the validation set, again as stated earlier, model 

performances may fluctuate with the price trends and pattern through time.  

 

5.2 Regression 

Besides classification, regression models are built to predict highest price within the 

24-hour period with the same predictors. In Table 12, performance measures of the 

studied methods for each model are presented. Here, the performances of the models 

are compared with respect to RMSE, MAE and MAPE in which the smaller values 

imply better models. Bold values indicate the best performance for to the associated 

measure. 

The following conclusions can be derived based on the data shown in the table:  

 For train data sets, KNN model yields better results than the other models.   

 For test data sets, NN is superior in each performance metric.  

 For validation data sets, RF gives the best result. However, unlike classification 

algorithms, dynamic modeling does not improve metric scores. For validation 

sets, MAPE is 0.0203 for RF whereas 0.0190 for NN for test sets. These results 

are not good enough to trade again because 2% error is higher even in crypto 

currency market.   

 For unseen data sets, RF predicts better compared to other models and this is 

the best score among train, test and also validation set. Similar to the 
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classification models, performances may fluctuate with the price trends and 

pattern through time.  

Table 12 

Regression Models’ Performance Measures 

Metrics KNN RF SVM NN 

Train 

RMSE 237.998 497.736 334.133 304.851 

MAE 137.254 366.878 183.421 186.37 

MAPE 0.0163 0.0521 0.0212 0.0232 

Test  

RMSE 476.879 402.641 238.28 219.132 

MAE 317.585 324.771 154.421 151.517 

MAPE 0.0411 0.0414 0.0196 0.019 

Validation 

RMSE 339.217 258.589 318.511 322.409 

MAE 214.808 156.245 189.144 193.447 

MAPE 0.0281 0.0203 0.0243 0.0253 

Unseen 

RMSE 274.035 213.663 256.668 323.184 

MAE 176.858 136.064 161.957 199.325 

MAPE 0.016 0.0123 0.0146 0.0181 
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5.3 Time Series Model 

Since the data set has time series properties, a multivariate time series regression model 

Vector Autoregressive Regression (VAR) is constructed to predict highest price within 

the 24-hour period with the same predictors descripted in the Section 4.1.  

Table 13, the performance measures of the train, test validation and unseen data sets 

with respect to models are presented.  

Table 13 

VAR Model’s Performance Measures  

Metrics VAR 

Train 

RMSE 303.846 

MAE 184.723 

MAPE 0.0227 

Test  

RMSE 219.04 

MAE 151.899 

MAPE 0.019 

Validation 

RMSE 341.614 

MAE 174.48 

MAPE 0.0206 

Unseen 

RMSE 212.729 

MAE 135.167 

MAPE 0.0124 

 

VAR results are very similar to what is found in prediction models with RF. MAPE 

was 0.0203 and 0.0123 for validation and unseen data set respectively, whereas it is 

0.0206 and 0.0124 for VAR model.  

 For training data sets, MAPE is 0.0227 whereas for test data sets, it is 0.0190. 

Compared to regression models, it is very close to NN model scores.  
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 For validation dataset, although MAPE is 0.0206 and it is very close to RF of 

regression model (0.0203), RMSE and MAE scores are lower for RF. For 

validation data sets, similar to the regression algorithms, dynamic modeling 

does not improve metric scores.  

 These results are again not good enough to trade again because 2% error higher 

even in crypto currency market.  

The correlation between the errors is presented in Table 14. From the table, it can be 

said that since there are predictors having error correlations higher than 0.80, the VAR 

model cannot meet independence assumption and is not acceptable to be used for 

prediction.     

Impulse functions for each variable are calculated. In Figure 8, the impulse functions 

for support and resistance strengths and response are given as an example. It can be 

said that a one standard deviation shock to the response (y), i.e., the highest price in 

the next 24 hours, causes significant increase in support strength for 3 periods and then 

it is getting smaller. The effect is smaller on resistance strength.  

  

5.4 Discussion 

When all classification models for each profit target except 10% are compared, RF 

performs better than other models for validation sets. For 10%, although NN is 

superior to other models, RF metrics are very close to NN. For validation sets, when 

AUC metric is compared, RF performs better for 5% than 3% and it is better than 2%. 

For 10%, again the results are different and seem to decrease especially for F Score. It 

can be stated that the structure seems to begin to change, and results may be increased 

with anomaly detection approach.  

For classification, when validation and test sets are compared, validation results are 

superior because of the blocking time series split. It can be said that dynamic modelling 

yields increase in performance measures.    

For regression models, including VAR, the best test results (NN) are slightly better 

than the best validation set results (RF). Dynamic modelling does not improve 
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performances of regression models. Based on the validation sets, VAR compared to 

other regression models yields very similar metrics. When models are used in the 

trading algorithm, RF performs better results for regression and classification 

compared to other models used in this study. Even though dataset is a time series data 

and time dependent, RF yields slightly superior results than the VAR model.  
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Table 14 

Heat map of correlations between the errors in VAR model 

predictors  volume sup_strength res_strength adx rsi cmf vma atr sd cci PMclose60 PMclose240 PMclose480 pca_prices y 

volume 1.0000 0.8507 0.8471 0.1867 -0.0806 -0.0335 0.6464 0.3222 0.2934 -0.0989 -0.0398 -0.0451 -0.0500 -0.0890 -0.1725 

sup_strength 0.8507 1.0000 0.8068 0.1604 -0.0615 -0.0159 0.5576 0.2735 0.2500 -0.0766 -0.0300 -0.0326 -0.0388 -0.0689 -0.1397 

res_strength 0.8471 0.8068 1.0000 0.1467 -0.0930 -0.0382 0.5520 0.2786 0.2515 -0.1039 -0.0533 -0.0542 -0.0580 -0.0937 -0.1684 

adx 0.1867 0.1604 0.1467 1.0000 -0.0338 -0.0253 0.0985 0.1601 0.2189 -0.0637 -0.0241 -0.0208 -0.0331 -0.0560 -0.0328 

rsi -0.0806 -0.0615 -0.0930 -0.0338 1.0000 0.5250 -0.0484 -0.0287 -0.0298 0.5461 0.5442 0.5240 0.5166 0.4820 0.1324 

cmf -0.0335 -0.0159 -0.0382 -0.0253 0.5250 1.0000 -0.0281 -0.0158 -0.0289 0.2542 0.3042 0.2997 0.3057 0.2278 0.1125 

vma 0.6464 0.5576 0.5520 0.0985 -0.0484 -0.0281 1.0000 0.2605 0.1765 -0.0805 -0.0354 -0.0301 -0.0273 -0.0806 -0.1289 

atr 0.3222 0.2735 0.2786 0.1601 -0.0287 -0.0158 0.2605 1.0000 0.7181 -0.0810 -0.0471 -0.0256 -0.0357 -0.0752 -0.1272 

sd 0.2934 0.2500 0.2515 0.2189 -0.0298 -0.0289 0.1765 0.7181 1.0000 -0.1076 -0.0403 -0.0244 -0.0539 -0.0851 -0.0945 

cci -0.0989 -0.0766 -0.1039 -0.0637 0.5461 0.2542 -0.0805 -0.0810 -0.1076 1.0000 0.5333 0.5293 0.5560 0.9491 0.0898 

PMclose60 -0.0398 -0.0300 -0.0533 -0.0241 0.5442 0.3042 -0.0354 -0.0471 -0.0403 0.5333 1.0000 0.4470 0.4563 0.4793 0.0979 

PMclose240 -0.0451 -0.0326 -0.0542 -0.0208 0.5240 0.2997 -0.0301 -0.0256 -0.0244 0.5293 0.4470 1.0000 0.4643 0.4725 0.0958 

PMclose480 -0.0500 -0.0388 -0.0580 -0.0331 0.5166 0.3057 -0.0273 -0.0357 -0.0539 0.5560 0.4563 0.4643 1.0000 0.4922 0.0940 

pca_prices -0.0890 -0.0689 -0.0937 -0.0560 0.4820 0.2278 -0.0806 -0.0752 -0.0851 0.9491 0.4793 0.4725 0.4922 1.0000 0.0731 

y -0.1725 -0.1397 -0.1684 -0.0328 0.1324 0.1125 -0.1289 -0.1272 -0.0945 0.0898 0.0979 0.0958 0.0940 0.0731 1.0000 
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Figure 8 

Impulse Functions for Support & Resistance Strength and Response 

 

5.5 Comparison of Findings with Literature  

There are many studies in the literature which uses price information like high, low 

open, close, sentiments like google trend and tweets, blockchain information like 

average block size or blockchain size and some different information like US Dollar 

or Foreign exchanges. In this study, some new predictors are tried to be used besides 

variables used in the literature like trendline, support and resistance levels apart from 

other studies. Below some studies are compared whether with these predictors improve 

the results.  

 

5.5.1 Classification  

Ashayer (2019) tried to predict whether the prices move up or down in a daily 

timeframe with historical values of closing prices. In this study, LSTM yielded 

superior results with 53.0% accuracy. For the same response and predictors, Mangla 

et al., (2019) built ARIMA, SVM, RNN and LR models where ARIMA yielded 53% 
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accuracy for the next days’ price movement. Similarly, Ji et al., (2019) tried to predict 

whether the prices move up or down with Bitcoin blockchain features like average 

block size, cost per transactions, etc. They used sequential approach and get 53.06% 

for 50 sequence size. Moreover, Madan et al. (2012) used bitcoin blockchain network 

features, and historical time differences for 30, 60 and 120 minutes. For 10 minutes 

ahead, they can obtain 55% accuracy. On the other hand,  Greaves et al., (2015) built 

LR and SVM with compiled several network-based features like developnet flow per 

hour, number of transactions per hour, mean transaction value, etc. where they can get 

53.4% accuracy. Apart from these studies, in this study the response is assumed to be 

True if the highest value of the price in the following 24 hours is higher than the price 

for different threshold levels else it is assumed to be False. For validation sets, the 

AUC score is between 0.72 and 0.77 for all threshold levels whereas F score is between  

0.57 and 0.67.  

 

5.5.2 Regression 

In terms of prediction, many studies are also conducted. For instance, Muniye et al. 

2020 applied Deep Learning models to predict the prices for different threshold levels 

days ahead using seven attributes such as opening price, high price, low price and 

closing prices and volume. In their study, LSTM performed better results than GRU 

with 0.048 MAPE. On the other hand, Ji et al. (2019) tried to predict the prices with 

Bitcoin blockchain features like average block size, cost per transactions, etc. They 

used sequential approach and compared deep learning models like DNN, LSTM 

andCNN. The concluded that LSTM yields better results with 0.0446 MAPE for 20 

sequence size compared to other models. Moreover, Munim et al., (2019)  obtained 

0.351 MAPE with ARIMA approach using the prices and log of prices.  

Here, in this study, the highest value of the price in the following 24 hours is taken as 

the response for the prediction purposes. MAPE for validation set is 0.0203 and 0.0206 

for RF and VAR respectively. This means that the values are lower but since the 

response approaches are different, it cannot be concluded that model is superior than 

earlier studies.  
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CHAPTER 6 

CONCLUSION AND FUTURE WORKS 

 

In this Chapter, it is aimed to summarize findings and future plans to improve 

concluding remarks. As stated previously, Bitcoin has grown in popularity as a form 

of currency and an investment instrument. The growing maturity is resulting in 

improved predictability, making it an asset class that might become a viable option for 

all investors.  

In this study, in addition to studies based on time series and deep learning model, time 

series data is tried to be analyzed and predicted with indicators, supports and resistance 

with time-based performance measures and trend lines. LR, NB, KNN, RF, SVM and 

NN models are used for classification and prediction models for KNN, RF, SVM and 

NN used for regression models. In addition to them, time series model; VAR is built.  

Comparing the results, it is proven that rather than using whole data, dynamic 

modeling yields better results for classification. However, for regression models 

including VAR, both dynamic and using whole data produce the same results.  

Moreover, although cryptocurrency prices are time dependent, best regression model 

performs similar and slightly superior results than the VAR model when all metrics 

taken into account. 

For future, ensemble stacking methods should be analyzed with different machine 

learning approaches’ outcomes like deep learning (transformers, CNN, LSTM, etc.).  

Different architectures together may lead incrementation in the scores of the model.  

Moreover, to make more accurate predictions, new inputs should be included like 

sentiment analysis from tweets and google trends. As previously mentioned, there is a 

correlation between social media sharing.  

Lastly, the study based on 1-hour timeframe data and upper timeframes like 4-hour 

or daily may result better results since they absorb some noise in data.  
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