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ABSTRACT

In this project, we aimed to use ensemble machine learning algorithms to trade ten cryptocurrencies along with attempting to add
more external factors. Cryptocurrency included in this project were Cardano (ADA), Binance Coin (BNB), Bitcoin (BTC), DOGE,
DOT, Ethereum (ETH), LINK, Polygon (MATIC), Uniswap (UNI), and Ripple (XRP). Furthermore, ten external factors, which are
ten major stock indices, were added to the algorithm. All machine learning algorithms in this project are used to predict prices for
a 1-hour interval. There are six machine learning models in this project which will be separated as based and ensemble models.
XGBoost (XGB), Support Vector Machine (SVM), and Long Short-Term Memory (LSTM) are based, models. Next, three based
models are used to combine with three ensemble methods which are Equally Weighted Forecast Combinations (EW), Adaptive
Regression by Mixing (ARM), and Aggregation of Forecasts Through Exponential Reweight (AFTER). To calculate the accuracy
of the trading algorithm, we convert the price changes signal into a binomial classification. As a result, XGBoost (XGB) performs
best for the training dataset, and Adaptive Regression by Mixing (ARM) performs best for testing dataset under 1-hour interval
trading.

Keywords: Cryptocurrency Trading, Machine Learning, Ensemble Algorithm.

Abbreviation in the report is represented as

C1 as Bitcoin

Cc2 as Ethereurm

C3 as Cardano

Cc4 as Binance Coin

C5 as Ripple

C6 as Chainlink

Cc7 as Uniswap

C8 as Polkadot

C9 as Dogecoin

C10 as Polygon

F1 as CAC 40 Index

F2 as Nasdagq Composite

F3 as DAX performance Index
F4 as Hang Seng Index

F5 as Bovespa Index

F6 as Dow Jones Industrial Index
F7 as Russell Index

F8 as S&P 500 Index

F9 as Euro Stoxx 50

F10 as UTX Index

V1 as Bitcoin’s Volume

V2 as Ethereum’s Volume

V3 as Cardano’s Volume

V4 as Binance Coin’s Volume
V5 as Ripple’s Volume

V6 as Chainlink’s Volume

V7 as Uniswap’s Volume

V8 as Polkadot’s Volume

V9 as Dogecoin’s Volume

V10 as Polygon’s Volume

M1 as XGBoost

M2 as Support Vector Machines
M3 as Long Short-Term Memory
M4 as Equally Weighted Forecast Combinations
M5 as Adaptive Regression by Mixing
M6 as Aggregation of Forecasts Through Exponential Reweight
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INTRODUCTION

The prediction of cryptocurrency price using machine learning-based models might be precise, but there are some major issues
that prevent it from being accepted as a tool for predicting stock. First, there is not a single well-standardized cryptocurrency coin
price prediction model due to each coin’s own unique fundamentals. At present, researchers are still seeking a new machine
learning model that works as perfectly as possible. Currently, there are too many machine learning models that have been
introduced into the field of cryptocurrency price prediction. A few examples are Support Vector Machines, Recurrent Neural
Network, Long-Short Term Memory, and Random Forest. As a result, none of the models is precise enough to predict most coins.
Some models run smoothly only for forecasting the price of Bitcoin, while some only for Ethereum. More specifically, owing to a
lack of consensus in the field of machine learning-based models for cryptocurrency algorithms, the best method that everyone
agrees upon does not exist. This is the opposite of the stock trading algorithm, which has been widely used and has a standardized
model. The second problem with the prediction of cryptocurrency price using machine learning-based models is the relatively low
accuracy of the cryptocurrency price predictor, compared to stock trading predictors. Prior study demonstrated that the machine
learning model for cryptocurrency price prediction was accurate only for the short run, while the stock trading algorithm worked
well for both the short and long run.

One way to improve the accuracy of machine learning models is by combining multiple machine learning models. An example of
a study that used such an approach is that of Lyu and Nikora (1991), which combined software reliability prediction using the
equally weighted linear combination model. In contrast, there are not many combined trading models for machine learning,
especially ones with stock and cryptocurrency trading. The trading algorithm is standardized for stock and does not need other
combination methods, as Strader et al. (2020) mentioned. On the other hand, the cryptocurrency trading algorithm is neither
standardized nor accurate; therefore, expanding the field of research on combining methods is one way to increase the accuracy of
the model.

With the option of combining multiple machine learning models available, this new method is supposed to improve accuracy and
solve the issue of standardization. The three models selected in this research, Long Short-Term Memory (LSTM), Support Vector
Regression (SVR), Extreme Gradient Boosting (XGBoost), are going to be combined with three different combination methods:
Equally Weighted Forecast Combinations, Adaptive Regression by Mixing, and Aggregation of Forecasts Through Exponential
Reweight. Our objective is to create a model with more than 75 percent accuracy and to increase the accuracy of the combined
model to be more than that of LSTM, SVR, and XGBoost for all cryptocurrency coins.

CRYPTOCURRENCY ALGORITHMIC TRADING & PERFORMANCE

Cryptocurrency trading predictions and other trading predictions originated in mathematical models such as regression.
Experienced and skilled investors even rely on machine learning, rather than regression, as a predictor because of its superior speed
and accuracy. Machine learning algorithms could also be applied to stock trading, as shown by many studies.

Using regression as a cryptocurrency predictor is outdated. Madan et al. (2015) tested the regression model for forecasting
cryptocurrency trading. The model performed well but only in low-frequency data. Regression cannot be used in the long run or
high-frequency data because it takes too long to compute. Furthermore, the mathematical model of regression is not sophisticated
enough to solve a time series like data.

Though the fundamentals of cryptocurrency may pose difficult problems for machine learning researchers in the long run, machine
learning algorithms for cryptocurrency are new methods for forecasting or building trading algorithms despite the currency’s
unstable performance. In consequence, numerous researchers (Madan et al., 2015; Colianni et al., 2015; Lahmiri; Zbikowski, 2016;
Bekiros, 2019; Koker and Koutmos, 2020, and Sebastial and Godinho, 2021) are presently exploring the field of algorithmic trading
with the intention of applying it to cryptocurrency.

The algorithmic trading researchers have been performing experiments on machine learning models, starting with ones that were
comparatively simple and scaling up in complexity after. Madan et al., 2015; Colianni et al., 2015; Lahmiri; Zbikowski, 2016;
Sebastial and Godinho, 2021 experimented on a low complex model such as Support Vector Machines, while Bekiros, 2019;
Koker, and Koutmos, 2020 were on more complex machine learning models such as Recurrent Neural Network (RNN) and Long
Short-Term Memory (LSTM).

There are three main ideas to summarize the overview of current models. First, most of the successful trading algorithms are
suitable for Bitcoin (BTC). However, cryptocurrency is not solely about Bitcoin, but it also encompasses thousands of other trading
coins. Consequently, to increase the success of algorithms, models need to be able to function properly with other coins as well.
Second, more complex models such as RNN or LSTM are not successful when factors are applied. Lahmiri and Bekiros (2019)
stated that models were successful only when factors were not applied. Last, when factors are applied to trading algorithms, models
are unable to perform in high-frequency circumstances. Both Koker and Koutmos (2020) and Sebastial and Godinho (2021) used
daily data to train the model, and the result went well only for Bitcoins. After reviewing the literature, algorithmic trading is
proposed to improve cryptocurrency trading strategies.
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THE NEW ALGORITHMIC TRAIDING APPROACH

A new method is proposed to explore more into the field of cryptocurrency algorithms. Three machine learning models, Long
Short-Term Memory (LSTM), Support Vector Regression (SVR), Extreme Gradient Boosting (XGBoost), are used with factors in
addition to sentiment analysis. These models are combined with three combination methods in this research: Adaptive Regression
by Mixing (ARM), Equally Weighted Forecast Combinations (EW), and Aggregation of Forecasts Through Exponential Reweight
(AFTER). Last, each of the ten cryptocurrency coins is individually chosen for the prediction, with external factors being the other
nine coins not selected, together with the ten major stock indices.

There are several reasons for proposing a new method to fill research gaps. First, models are not standardized for all cryptocurrency
coins; each model selected has its advantage. Though LSTM has a complex structure and high accuracy compared to others, they
can perform well only under low-frequency data. In contrast, SVR has a less complex structure, but it can perform in high-
frequency datasets like 60 minutes. Meanwhile, XGBoost is suitable for low-frequency dataset, and when computing the model
itself can properly deal with missing dataset. As a result, unlike stock trading algorithms, all three models are not standardized.
Second, no research has been done regarding combining machine learning models for cryptocurrency. Choudhry and Garg (2008)
and Shen et al. (2012) stated that "combined™ machine learning algorithms yield a satisfactory result with high accuracy. Therefore,
the combined model might help fill the gap caused by the low accuracy of the cryptocurrency trading algorithm. Last, besides
proposing new models, expanding the scope of data is also an objective of this research. Existing research was tested mainly on
the originator of cryptocurrency, Bitcoin, because in the past, other coins were not nearly as popular and their prices tended to rise
or fall according to that of Bitcoin. However, some coins do not follow Bitcoin now, so we should find a standardized model that
is capable of predicting all coins. Therefore, this research will deal with predicting ten cryptocurrency coins.

DATA COLLECTION & PREPARATION

Data Collection & Preparation was the preliminary step of creating machine learning-based algorithms. Ten cryptocurrency coins
were collected under the hourly frequency in Python. The data was collected from 1st June 2019 to 31st May 2021. The 10
Cryptocurrencies that were chosen were the top 10 according to www.coinmarketcap.com, where coins are ranked by "Market
Cap," which is calculated by multiplying a coin's price with its current supply. Ten coins selected are Bitcoin(BTC), Ethereum
(ETH), Polygon (MATIC), Cardano (ADA), Binance Coin (BNB), Ripple (XRP), Dogecoin (DOGE), Chainlink (LINK), Polkadot
(DOT) and Uniswap (UNI). There will be no trading fees in this experiment.

The other essential data for machine learning are factors influencing the predicted values. Besides ten cryptocurrency prices, ten
major stock indices would be incorporated as factors for predicting the prices. The ten major stock indices, ranked by market cap
as of May 2021, were NASDAQ-100, S&P 500, Hang Seng Index, FTSE 100, Dow Jones Industrial Average, DAX30, Russell
2000, CAC40, Euro STOXX50, and Bovespa Index. A reason behind selecting stock indices is that evidence was founded on the
cointegration relationship between cryptocurrency and major stock indices, as Dirican and Canoz (2017) stated. All factors' values
were collected from 1st June 2019 to 31st May 2021. For this research, all of the data collected was used as factors for the machine
learning model. For example, only Bitcoin's price was predicted in the Bitcoin prediction algorithm, and the nine cryptocurrency
coins and ten major stock indices would be used as factors for Bitcoin.

MACHINE LEARNING-BASED TRADING ALGORITHMS
SUPPORT VECTOR REGRESSION (SVR)
Support Vector Regression is a classifier formally defined by a separating hyperplane. Not only is the model suitable for data

classification, but it can also be used for regression analysis. According to Ince and Trafalis (2008), the Support Vector model
consists of Kernel Function, which acts as translation function in the matrix as

Kw,v) = o) o) @

Commonly used Kernel Functions are Linear, Polynomial, Radial Basis Function, Gaussian, and Sigmoid. For this trading
algorithm, Polynomial Function, Gaussian Function, and Radial Basis Function are selected.

d
e  Polynomial K(xi,xj) = (xl-Tyj + 1) )
2
e Radial Basis Function K(xi,xj) = e_ylxi_xfl , Yy >0 )
1 2
e  Gaussian K(xi,xj) = e_mlxi_le ,y >0 @

while d, ¥, &, and b are the parameters of the Kernel function, which is commonly adjusted manually, depending on the situation.
The predicting model of SVR is defined as

f(x) = ﬁzl(ai - af) < X, Xj > +b (5)
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Consider selected Kernel functions; the functions can be applied to the predicting model in place of < X;, X;j > Of equation (5).

The selected Kernel functions will act as translators for the non-linear dataset. As a result, the proper Support Vector Regression
function is defined as

f(x) = %:1(“1' - a:)K < xi,xj > +b (6)

LONG SHORT-TERM MEMORY (LSTM)

Like RNN, Long Short-Term Memory or LSTM is a type of artificial neural network, but the latter has a relatively more complex
structure. In RNN, there are three components, which are input, output, and hidden layer, whereas LSTM has six components or
LSTM cells. In other words, LSTM is an upgrade version of RNN. According to Chen et al. (2019), the components are Forget
Gate, Candidate layer, Input Gate, Output Gate, Hidden state, and Memory state. LSTM cell diagram at the time step t is

Figure 1: LSTM Sturcture
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e X, isinput vector
e H;_4 isprevious cell output
e  (;_q isprevious cell memory
e H,iscurrent cell output
e  (; is current cell memory
o [ isthe forget gate
e lisaninput gate
e O isan output gate
From the labeled LSTM cell, some components are functions as
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0t =X * Uy + He_qy x W) (10)
Co=fe*xCqg Tl *C (11)
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EXTREME GRADIENT BOOSTING (XGB)

Extreme Gradient Boosting or XGBoost is an ensemble machine learning model that implemented from gradient boosting.
XGboost contains features that surpass Gradient boosting which are regularization, sparse aware, parallelization and cache
optimization. According to Chen and Guestrin (2016), XGboost contains an objective equation of

- 1
L'® = Yicalgife(x) + Ehiftz(xi)] +f(x;) (13)
MODEL COMBINING METHOD

Relying on a single forecasting model has many limitations. Forecasting values are sometimes unstable or uncertain, which means
that if values in the dataset are changed, the forecasting values will also change significantly. Armstrong, 2001 stated that
combining forecasts is especially useful when uncertain which method is the most accurate. Furthermore, the result from the study
showed that combined methods were sometimes more accurate than even their most accurate components.

To eliminate the instability and the uncertainty of forecasting models, combined forecasts are invented and defined as

yl.CA = 2§4=1 ij(j)A i =12,...n (14)

where

A

. yl-c is the combined forecasted value

. y(j) is predicted value of selected models j,j=1,2, ....M
e W is the weight distributed to each model

° ] is single forecasting model of j,j=1,2, ....M

The combination methods selected for testing with cryptocurrency forecasting were Adaptive Regression by Mixing, Equally
Weighted Forecast Combinations, and Aggregation of Forecasts Through Exponential Reweight. All of these models were
proposed by Yang, 2003. Using these three techniques, our method merges all previous single models (SVR, XGBoost, and LSTM)
into all combined forecast methods.

EQUALLY WEIGHTED FORECAST COMBINATIONS

Equally Weighted Forecast Combinations or EW is a method that equally distributes weights of forecasting model of j as

wj = (15)

1
M
ADAPTIVE REGRESSION BY MIXING

Adaptive Regression by Mixing or ARM method is a combined forecast method where errors of based models are normally
distributed. The data for this method is equally split into two sets. The first is for estimating parameters, while the second set is
used to estimate the accuracy. Finally, parameters and accuracy are used for weight calculation.

Detailed processes of ARM are divided into four sections: first, equally split data while

n
zZW = (X, V)2, (16)
Z® = (X, Y)inj241 (17
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Next, Z 1) is used for estimating the new coefficient of model j; the new model is defined as

ING)) I ] ,
v = £ 0 (xi,e j_Z(l)),l=1,2,...,§,1 =12,...,M @9

,and Z @) is used for calculating the accuracy of the previous model.

Next, an overall measure of discrepancy is calculated by

2
— n /; ~
Dj = Yitn 241 (J’z —fiz0 (xz,e j,z(n)) (19)
Lastly, the New weight for model j is calculated from
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AGGREGATION OF FORECASTS THROUGH EXPONENTIAL REWEIGHT

Aggregation of Forecasts Through Exponential Reweight or AFTER method is for combining forecasts where errors are typically

2
distributed where using Error Variance Estimates (O'A it) where

(21)

Let T = {m;: i = 1} as prior weights where all of them are equals when 77; = 1 and w;; = m;

For t = 2, weight calculation can be done by

2
t-1 71 1vt-1_%it
Wi1(l_[r=1fr it )exp(—;Zul A2
9 it

2
_1 -1 1wp—1 &
Z}’l:l(wil(]'[i:}a it )exp(—EZﬁ:} v >>

9 it

Wi = (22)

Wherei=1,2,...mandT = 1

TRADING STRATEGY

A model with the lowest value of MSE is selected for creating trading strategies. The trading strategies are short/long with the
following criteria.

e Let Y;4q asthe price after one hour and 'y be the previous our price
e Ifys1q1 > ¥, usealong strategy for a specific cryptocurrency coin at the time t+1.
e If Y1 < Y, useashort strategy for a specific cryptocurrency coin at the time t+1.

Applying the same trading strategies as the previous models is the critical point in this research. The machine learning models
needed to be under the same circumstances as trading strategies so that they could be compared to each other after combining.
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MODEL EVALUATION

The six models achieved are Long Short-Term Model (LSTM), Support Vector Regression (SVR), Extreme Gradient Boosting
(XGBoost), Adaptive Regression by Mixing, and Equally Weighted Forecast Combinations, and Aggregation of Forecasts Through
Exponential Reweight will be compared to each other using the accuracy of each model. To make model evaluation less complex,
we decided to transform the trading strategy into a binomial. The correct trade signal will be considered 1; on the other hand, a
false trade signal will be 0. This method neglects the profit and loss of cryptocurrency trading because cryptocurrency prices
usually vary by significant value; for example, Bitcoin rises by 100 percent in one day.

Accuracy is for evaluating machine learning models and has the following definition.

Accuracy = Number of correct predictions 23)
Y= Total number of predictions

After gathering all of accuracy, the comparison chart will be devised to illustrate the best model.

RESULTS

The figure of train and test set of each trading signal are plotted with Accuracy vs. Sharpe Ratio scatter plot. By doing this certain
method, we can make our observation for our best or standardized model less complex than observing only raw result data. For
this section, the model with Sharpe Ratio lesser than one or Accuracy lesser than 50 percent will be crossed out.

Figure 1: Scatter plot of Accuracy versus Sharpe Ratio of training set for hourly trade
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Figure 2 : Scatter plot of Accuracy versus Sharpe Ratio of testing set for hourly trade
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Figure 3: Scatter plot of Accuracy versus Sharpe Ratio of training set for six-hour trade
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Figure 4: Scatter plot of Accuracy versus Sharpe Ratio of training set for six-hour trade
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Figure 5: Scatter plot of Accuracy versus Sharpe Ratio of training set for daily trade
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Figure 6: Scatter plot of Accuracy versus Sharpe Ratio of testing set for daily trade
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Figure 7: Scatter plot of Accuracy versus Sharpe Ratio of training set for weekly trade
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Figure 8: Scatter plot of Accuracy versus Sharpe Ratio of testing set for weekly trade
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According to figure 1, 2, 3,4, 5, 6, 7, and 8, model 1, model 4 and model6 are three of the best models in all of trading circumstances
while C7, C8 and C9 are giving the best outcome in this research. Model 1 is the most outstanding model because outputs from
trading cryptocurrency coins are mostly in the fourth quartile comparing to other models that has only one or two output that are
in the fourth quartile.

In term of trading circumstances, accuracies change slightly when the trade timing increases. Accuracies are mostly in the 50 to
60 percent area for all trading circumstances, but the number of outputs that have outstanding accuracies are increasing. According
to our literature review, it shows that predicting cryptocurrency daily has better accuracy than the accuracy from predicting hourly.
For Sharpe Ratios, in hourly trading, our Sharpe Ratios are not passing the criteria of above zero, but since the six-hour trading,
there are significant change for Sharpe Ratios. In a hourly trading especially in testing set, there are few outcomes that passes the
zero percent criteria. The testing set of hourly trading has only two outputs that fits our criteria. On the other hand, since the six-
hour trading, there are only few results that do not fit our criteria. This means that overall Sharpe Ratio is increasing when the trade
timing has increased.

COMPARISON WITH LITERATURE REVIEW

The previous works in literature review that can be compared with our result are Madan et al., 2015, Colianni et al., 2015 and
Lahmiri and Bekiros, 2019. They stated the accuracy from their experiment while others where comparison with no accuracy
stated. There are no Sharpe Ratio stated in the literature reviews.

First comparison is the data frequency or trading frequency. Our results show that while trading hourly our accuracy is around 50-
52 percent overall, and it has around 70 percent over daily trading. Accuracies from previous research were around 90-95 percent
during daily trade, and 50-55% during hourly trade. Our result in hourly trade is not differ from the previous research, but it was
significantly different with an hourly trade. The projected accuracy was 85-90 percent to be similar as the literature which is 15
percent more than our outcome. In conclusion, trade timing is not the only factor that affect our accuracy.

Second, features adding into machine learning algorithms can be compared. Madan et al., 2015 and Lahmiri and Behkiros, 2019
used previous closing price to predict the next hour price, which means that the model did not contain feature. On the other hand,
Colianni et al., 2015 used tweet on twitter as a feature. Our research uses 21 features compared to one feature of Colianni et al.,
2015. The result was different by 20 percent accuracy. The situation occurs

RESEARCH LIMIATION

There are four main errors found in this research. The first problem is acquiring the dataset. The dataset for this research is an
hourly dataset which is not mostly provided on most software, especially stock indices data. During this research, we tried to collect
stock indices data using Bloomberg Terminal, which is widely used and has plenty of data, but in the end, we could not acquire
hourly data of stock indices. Bloomberg Terminal can provide hourly data for six months timeframe even with the most expensive




South East Asia Journal of Contemporary Business, Economics and Law, Vol. 26, Issue 2 (April)

ISSN 2289-1560

plan on the software, but our research required to use of hourly data for two years span. We have to assume that stock prices are
equal for the whole day.

Second, the timeframe is not probable for predicting some cryptocurrency coins. Half of the dataset is a linear dataset for some
coins like MATIC, so most predictions are in linear value or even cause the straight-line prediction. This error occurred because,
at the beginning of the dataset, which is 2019, several coins have significant value to trade, but most cryptocurrency coins were
just created.

Third, there is too much dataset. Our data is at 25 by 17362 cells in a CSV file. By having a colossal dataset and many features for
machine learning, the models will sometimes undergo an underfitting situation where the model cannot capture the relationship
between the input and output variables. We have tried to reduce features of the machine learning model to only previous hour
prices to predict upcoming hour prices instead of our current method. As a result, accuracy slightly increased, and no underfitting
situations occurred.

Last, our evaluation method is simple. In this research, several models’ outcomes have an excellent trend for candidates for a
standardized trading algorithm, but the accuracy is low, as shown in Figure 3.

Figure 9: Example of good trend result in the reseach
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From the figure, this is the result of the AFTER method of DOGE. The result shows that trend of the predicted value is similar to
the original one, but it has 49.64 percent accuracy. A little phase shifting caused it. The phase-shifting problem was causing the
decreasing value of accuracy. Furthermore, we cannot confirm that one model is better than another by using our accuracy
calculation method.

FUTURE WORK

To further improve the accuracy of the machine learning algorithm, eliminating errors in this experiment will help. An
improvement for three main errors is using a newer dataset, reducing features, and exploring more evaluation methods. First, the
dataset’s timeframe should be more up-to-date so that all cryptocurrency coins selected are widely used. This will prevent the
linear dataset problem. Second, to eliminate underfitting circumstances, using fewer features is one of the solutions by plotting the
correlation heat map and selecting only high correlation features during the exploratory data analysis session. Last, a more
mathematical evaluation method can improve the evaluation of phase-shifting models. RMSE or Root Mean Square Error is an
example of a mathematical evaluation method. By evaluating these errors, this adjustment will increase accuracy, or it might be
possible to significantly see the differences between each model.
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