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ABSTRACT ARTICLE HISTORY
More and more people are entering the cryptocurrency market Received 13 March 2021
after Bitcoin (BTC) soared to nearly USD 20,000 in 2017. To Revised 24 August 2021
promote the development of information technology and cryp- Accepted 27 August 2021
tocurrency marketing, various computerized systems integrat-

ing information technology with investment and financing are

innovated continuously. In this study, the daily cryptocurrency

prices were input to Recurrent Neural Network (RNN) and Long

Short-Term Memory (LSTM); and the developing trend plots

were drawn to predict and analyze the future cryptocurrency

prices through deep learning. Finally, the business practices of

cryptocurrency investment were modularized based on High-

Level Fuzzy Petri Nets (HLFPNs) to make a better investment

decision so that all investors can use this decision system to

quickly understand the future cryptocurrency trend. The experi-

mental results have shown that this decision system can provide

effective investment information to achieve investors’ personal

financial goals with the expectation of improving financial

situations.

Introduction

Since Satoshi Nakamoto published his article entitled “Bitcoin: A Peer-to-Peer
Electronic Cash System on the Internet” in 2008 (Nakamoto 2009), the advent
of the era of cryptocurrency has become. In recent years, thanks to the
dramatic increase of Bitcoin, people have begun to note the existence of
cryptocurrency and its underlying technology that could change the world
in the future, especially in the blockchain. Due to the characteristics of
blockchain with open sources, one can create one’s own cryptocurrencies
(Bitcoin 2020a; Bitcoin 2020b). Therefore, in the next few years, the world
will enter a cryptocurrency boom, and now there are more than 6,000
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cryptocurrencies around the world (Lansky 2018). However, a Temporal
Mixture Ensemble (TME) was constructed to provide predictive uncertainty
of the target volume by using the Stochastic Gradient Descent based technique
(Huang et al. 2021). Although the mixture models have been widely used in
machine learning and deep learning, they are hardly explored for prediction
tasks in cryptocurrency markets (Cherfi et al. 2018; Guo et al. 2018).

In a broad sense, investment refers to the fact that people pay for things
they think are valuable and expect to get more valuable returns on them
in the future. However, in a narrow sense, investment refers to buying
assets with money in the hope of getting more assets in the future (Kraftt,
Penna, and Pentland 2018). There are many advantages of cryptocurrency
in the blockchain, namely, digital currency, real-time transfer, decentra-
lized feature and transparency, and so on. At present, cryptocurrency is
considered as attractive investments (Gupta et al. 2020). Many people
hope to make fortunes, so they may make heavy investments in crypto-
currency (Brito, Shadab, and Castillo 2014). A few people have been
among millionaires by investments in cryptocurrency and reached the
peak through the shortcut.

Investment may amass wealth, but it may lose more money, which is
full of uncertainty. Therefore, all investors often use various investment
tools as an aid, which not only reduces risks but also makes it easier to
find ways to make more money (Alam, Li, and Patidar 2015; Buterin et al.
2020; Jozefowicz, Zaremba, and Sutskever 2015). Many people consider
cryptocurrency transaction as a gamble because they have no way to
estimate the future rise or fall of the currency values (Jondri, et al.
2018; Hochreiter et al. 1997; Wirawan et al. 2019; Jang et al. 2017; Saad
et al. 2020; Bohme et al. 2015; Kosba et al. 2016).

Nevertheless, many scholars have already proposed several methods,
such as trend following (Huang, Jeng, and Chen 2008; Karasu et al.
2018), technical index strategies (Lin and Chiang Lin 2009; Shen et al.
2018) and fuzzy reasoning (Arora, Singh, and Gupta 2021; Inder et al.
2021; Li and Jeng 2010; Li et al. 2019; Yu and Kuo 2004), in their studies.
But it is usually hard to generate buying signals in trend following and
technical index strategies. Moreover, trend following has poor predictabil-
ity in continuous rises and falls. On the other hand, in the studies on
fuzzy reasoning, the system calculation becomes large and complex when
multiple rules are triggered simultaneously (Istrat et al. 2017; Jain, Walia,
and Gupta 2020; Jain et al. 2021). The main purpose of this paper is to
make investment decisions on the cryptocurrency marketing. First,
Recurrent Neural Network (RNN) and Long Short-Term memory
(LSTM) aim to perform data preprocessing for deep learning. Then an
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HLFPN model with fuzzy reasoning is designed to process a knowledge-
based system and make an appropriate decision on the investment
(Robidoux et al., 2010).

In Section 2, the applications of RNN and LSTM to price prediction,
as well as the definition of technical indices are discussed; and the
HLFPN theory and its basic properties are reviewed. Section 3 presents
the system structure and investment model based on HLFPN. Section 4
shows the experimental results and discussion of the HLFPN-based
investment model. Finally, Section 5 remarks the conclusion and future
work.

Literature Review

This Section discusses the literature required. First, cryptocurrency principles and
popular currencies are introduced. Second, the RNN and LSTM are introduced. And
then the technical analysis methods are presented. Also, some basic definitions of the
HLFPN model are stated. Finally, the related works are discussed.

Cryptocurrency

Cryptocurrency is a medium of money exchange created to ensure secure
transactions and control transaction units by using cryptography princi-
ples. Just like the ordinary currencies which require an anti-counterfeiting
design, in terms of cryptocurrency, the digital and virtual currencies are
made up of cryptography and digital hashing; and achieve the anti-
counterfeit effect by Smart Contracts (Alam, Li, and Patidar 2015; Brito,
Shadab, and Castillo 2014; Krafft, Penna, and Pentland 2018; Lansky
2018).

Bitcoin

Created by Mr. Satoshi Nakamoto, Bitcoin (BTC) is the first cryptocurrency in
the world and currently the most valuable currency (Bitcoin 2020a; Bitcoin
2020b; Guo, Bifet, and Antulov-Fantulin 2018; Nakamoto 2009), (Alam, Li,
and Patidar 2015; Brito, Shadab, and Castillo 2014). The BTC white paper was
published in November 2008 and officially issued in January 20009.

Ethereum

As the currently second-largest cryptocurrency by market value launched in 2015, in
addition to using Ether for peer-to-peer currency transactions, Ethereum (ETH) aims to
build a decentralized multi-application platform, namely, establishing self-governing
organizations, launching project ICOs and providing DApps (Decentralized applica-
tions) (Ethereum 2020; Buterin et al. 2020).
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Recurrent Neural Network

Recurrent Neural Network (RNN) is a neural network for processing data
sequences. Compared to common neural networks, it can process the chan-
ging data sequences, such as the texts which are sequences of letters and words,
the voices which are sequences of syllables, the videos which are sequences of
images, meteorological observation data and stock transaction data. RNN can
well solve such problems (Jozefowicz, Zaremba, and Sutskever 2015; Jondri
et al. 2018). The simple RNN cannot solve those problems regarding recur-
sion, weighted exponential explosion or gradient vanishing, so it is difficult to
capture the long-term time correlation.

Long Short-Term Memory

First published in 1997, Long Short-Term Memory (LSTM) is a variant of
RNN. Due to its unique design structure, it is suitable for processing and
predicting important events with long intervals and delays in time series
(Hochreiter and Schmidhuber 1997; Huang et al. 2021).

Technical Analysis

Technical analysis is used to determine the past and present trends of stock/cryptocur-
rency prices by charts, which estimates the developing trends in the future. It develops
the objective and scientific marketing status with statistical data as a tool to help all
investors. With the specific values and transaction signals, it is possible to determine the
transaction timing and seek for significant indices to predict stock/cryptocurrency
exchange points. Technical analysis is a widely used analytical tool in the stock/
cryptocurrency market because the technical analysts consider that all investors will
repeat the behaviors of previous investors collectively, and the market prices will reflect
all related information (Shen et al. 2018; Singh et al. 2021; Yu and Kuo 2004).

Relative Strength Index

Relative Strength Index (RSI) was proposed by J. Welles Wilder in his article
entitled “New Concepts in Technical Trading Systems” in 1978. RSI compares
the relative price strength between the degrees to which the closing price is
higher than that of the previous day and lower than that of the previous day.
The formula is shown in Eqn. (1).

RSI = 100 — [100/(1 + RS)] (1)

where RS is “the mean difference in the closing prices rise over a specified
period” divided by “the mean difference in the closing prices fall over
a specified period.”
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Williams %R

First proposed by Larry Williams in his article entitled “How I Made A Million
Dollars” in 1973, Williams %R (WMS) was originally known as Williams
overbought/oversold index, WMS%R or %R for short. WMS%R analyzes
whether the stock/cryptocurrency market is overbought or oversold by using
the swing theory. It measures the high or low point of stock/cryptocurrency
market cycles to propose effective buying and selling signals. This study
adopted 5-day WMS%R, and the formula is shown in Eqn. (2).

5 — dayWMS%R = (H5 — Ct)/(H5 — L5) x 100 (2)

where H5 is the highest price within 5 days, L5 is the lowest price within
5 days, and Ct is the closing price on the 5th day.

Psychological Line

A psychological line (PSY) tests the psychological phenomenon of investors’ tendency to
buy or sell based on the days of rises or falls in the closing price of the stock/
cryptocurrency market index. Also, it is used as an index to analyze whether the
stock/cryptocurrency market is overbought or oversold. It can accurately show the
peak or trough of the stock/cryptocurrency market trend. The index adopted in this
study is 5-day PSY line, and the formula is shown in Eqn. (3).

5 — dayPSYvalue = (days of rises within 5 days/ 5) x 100%  (3)

High Level Fuzzy Petri Net (HLFPN)

High Level Fuzzy Petri Net (HLFPN) has been formally defined in references
(Papageorgiou et al. 2018; Shen 2006, 2003; Shen et al. 2018). To better
understand, the fuzzy reasoning procedure, which is the key concept of
HLFPN, is illustrated as follows:

Illlustrative Example

Assume that the fuzzy production rule is shown below.
IF the apple flesh(X;) is sweet(A;) AND its weight(X;) is heavy(A,),
THEN the price(Y) is high (B).
Briefly, the alternative fuzzy production rule is shown as follows:

R; : IFX,(A))ANDX, (A, )thenY (B)
Thus, the predicate logic form is shown below.

Xi1(A1) AN Xa2(Az) — Y(B)
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X1

o

pi <A1>

<B>
<A2>

X2

o n

p2

Figure 1. HLFPN for illustrative example.

p3

According to the predicate logic above, the HLFPN model is shown in

Figure 1.
Assume that the fuzzy sets A;, A, and B are shown as follows:

0.36 0.70 0.18

A1 — —|— ‘|‘
an a a3
0.21 0.81 0.29

2 = + +
ar az ax3
0.24 0.57 0.16

B =

o T o, T

Apply the cylindrical extension and get the fuzzy set A.

0.21 0.36 0.29
A=A; x A, =(0.360.700.18)" A (0.210.810.29) = | 0.21 0.70 0.29
0.18 0.18 0.18
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Then, the fuzzy relational matrices Vi(t1), Va(t1), and V3(t;) between
antecedent and consequent of the fuzzy production rule R; can be obtained,
shown as follows:

[0.21 024 0.24]
Vi(t;)) = {021 024 024| € AXBxb
0.18 0.18 0.18 |

[0.21 0.36 0.29]
Vy(t)) = {021 057 029| €AXBxb,
1 0.18 0.18 0.18 |

[0.16 0.16 0.16]
Vi(t)) = [0.16 0.16 0.16 | € Ax B x bs
10.16 0.16 0.16 |

The most widely used fuzzy reasoning method is the max-min compositional
inference. Assume that the input fuzzy sets A;" and A,’ are shown as follows:

. 011 0.79 0.23
A =—"+

1 / 7 7
an ap as

;031 092 039
Ay =

!’ U U
a4 Gp O3
Then we can get

Al o Vi(t) = (0.110.790.23) o Vi (t;) = (0.210.240.24)
A, 0 Vy(t) = (0.110.790.23) o V,(t,) = (0.210.570.29)

Al 0 V3(t;) = (0.110.790.23) o V;(t;) = (0.160.160.16)
Finally, we obtain

_024 057 016
by b b

The description above is the HLFPN-based fuzzy reasoning procedure.

Theoretically, RNN and LSTM are used to perform data preprocessing
for cryptocurrency prediction; and HLFPN is used to make decision on
investment. Practically, this approach can determine the appropriate tim-
ing of buying or selling BTC or ETH.
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Table 1. Abbreviations.

Abbreviations Description

BTC Bitcoin

ETH Ethereum

RNN Recurrent Neural Network
LST™M Long Short-Term Memory
HLFPN High-Level Fuzzy Petri Net
RSI Relative Strength Index
WMS Williams %R

PSY Psychological Line

Proposed Cryptocurrency Investment Model

Just like the investment in stocks, real estate and gold, the timing of buying or
selling is also critical for cryptocurrency investors. However, in the real life,
many investors may be unable to achieve their goal due to the lack of financial
awareness. Investors must make their own investment decision and bear the
risk of loss. But it does not mean that other tools cannot be used in crypto-
currency investment. It is a good way to make investment decision based on
the technical indices.

However, the timing of buying or selling is determined by the calcu-
lated values in the technical index-based investment decision. It would
be biased to use only one index to make decisions. However, are the
technical indices high or low? How to find the best time to buy or to sell
if many indicators available are used to make decisions. It is appropriate
to use the fuzzy theory for uncertain and ambiguous situations.

To enhance the readability, all required abbreviations are listed in Table 1.

Research Architecture

This paper proposed a method to apply the HLFPN model to crypto-
currency investment, as shown in Figure 2. First, the cryptocurrency
prices were trained by using LSTM and the future prices are predicted
based on the trained model. And then the membership function was
defined according to the investment strategies of the technical indices;
and the fuzzy reasoning rules and the corresponding HLFPN model were
built. All index values calculated by the actual and predicted prices were
transformed by the fuzzifier to membership functions and put into the
HLFPN. All indices were reasoned according to the fuzzy production
rules. Finally, all indices were combined to make decisions on buying or
selling.
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Data Preprocess

h 4

Training Data

h 4

Price Prediction

h A

b

Define Fuzzy
Membership Function

h 4

-

p

Define Fuzzy Reasoning

Rule & Build HLFPN

-

=

¥
Input RSI Value to

h 4
Input WMS Value to

Input PSY Value to

Membership Function and| | Membership Function and | [Membership Function and
Obtain the Fuzzy Vector | | Obtain the Fuzzy Vector of | | Obtain the Fuzzy Vector

of IIQSI

WITAS

of Fl’SY

v

Fuzzy Reasoning

h 4

-

(lntegrate and Defuzzify“

Fuzzy Vector of Each
Technical Index

A

h 4

LS

Decision Making

Figure 2. Architecture of the proposed method.

In this Section, RNN and LSTM-based deep learning models as well as
the HLFPN fuzzy reasoning procedure were used to make investment
decisions based on the defined technical indices and fuzzy production

rules.
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10 4

0.8 4

o
o

Membership
=]
.

0.2 4

— low
medium
—— high

0.0

100
RSl

Figure 3. Type of technical index membership functions.

Cryptocurrency Price Prediction

Keras (Keras 2020) was usually used to train the prediction model. Keras is an
open source and high-level deep learning link library written in Python; and it
can run on TensorFlow. The input datasets are based on the Bitcoin and
Ethereum historical datasets published on Kaggle, which were learned by the
traditional RNN and LSTM.

10 4
/\ —— Buy
o\ Sell
08 1
206
g / \
5 ' .AV‘\
2 04
021
00 — . — ; .
0 20 40 60 80 100
Investment
Figure 4. Type of membership functions for investment decision.
Table 2. Membership functions of technical index.
Technical index Low Medium High
RSI 10 30 20 50 80 70 90
WMms 10 30 20 50 80 70 90
PSY 10 30 20 50 80 70 90
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Cryptocurrency Price Prediction

There are many transaction decision methods in the market. Technical index is a good
choice, easy to implement and clear to understand. So, technical indices were used to
establish the membership functions. According to Pareto Principle (Papageorgiou et al.
2018), 20% of variables can control 80% of situations. In other words, of all the variables,
only 20% are important. The technical indices were divided into three sets, namely,
“high,” “medium,” and “low.” Moreover, three sets of technical indices include two
trapezoidal membership functions and one triangular membership function, as shown
in Figure 3.

In addition, the investment decision includes two options, namely, “Buy” or “Sell,”
which are triangular membership functions, as shown in Figure 4.

In this study, three technical indices, namely, RS, WMS and PSY, were used. Hence,
the membership functions of all “high,” “medium” and “low” technical indices are
defined, as shown in Table 2. The membership functions of the investment decision on
two actions, “buy” and “sell,” are shown in Table 3.

In the technical analysis, the values of technical indices are usually set between 0 and
100. Those values above 80 are high and those values below 20 are low. However, due to
the membership functions defined above, their variable domain ranges from 0 to 1.
Hence, the technical indices must be converted to the values between 0 and 1 to replace
them in the rule base for calculation.

Assume that py(X), py(X), p(X), pg(X)anduy(X) denote “High,”
“Medium,” “Low,” “Sell” and “Buy” membership functions, respectively; and
the fuzzy transformation processes are defined as follows:

1,x>90
py(X) = ¢ 5% (x—70),70 <x <90 (4)
0,x <70

S (x —80),50 < x <80

Uy (X) = 35 (x —20), <x<50 (5)
0,x <20
0,x > 30

U (X) = ¢ 55 (x—30),10<x<30 (6)
1,x <10

Table 3. Membership functions of investment decision.
Decision Buy Sell
Value 10 40 70 30 60 90
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( 0,x > 90
~1(x — 90),60 < x <90
ps(X) 53 (x —30),30 <x <60 7
\ 0,x < 30
( 0,x > 70
=L (x — 70),40 < x <70
_ )30 Y =
#p(X) =L (x — 10),10 <x < 40 ®)
0,x <10

Fuzzy Reasoning and Building HLFPN

According to the fuzzy sets and their membership functions defined above, all
technical indices were input to the fuzzifier to calculate the membership
grades. Based on the technical index size, they were converted to “If ...
then” to build the statements in the rule base. Different sizes of technical
indices produce different results for the investment decision. For example, if
the index is high, the decision is to sell. If the index is intermediate, the
decision is not to be changed, namely, flat. If the index is low, the decision is
to buy. There are three input variables in this study. Three variables denote the
antecedents of all rules, and the consequents contain three options, namely,
buying, flat and selling.

Assume that RSI (R), WMS (W) and PSY (P) denote the input linguistic
variables with fuzzy terms: High (H), Medium (M) and Low (L); and assume
that Decision (D) is the output linguistic variable with fuzzy terms: Strong (S),
Indeterminate (I) and Weak (WK), where Strong € {Sell|56 < Decision <
60}, Indeterminate € {Flat|44 < Decision < 56 fandWeak € {Buy|40 <
Decision < 44}. Nine fuzzy production rules are defined as follows:

Ry: If Wis H, then D is S.

Ry: If Wis M, then D is L.

Rs;: If Wis L, then D is WK.

Ry IfRis H, then D is S.

Rs: If Ris M, then D is L.

Rs: If Ris L, then D is WK.

R;: If P is H, then D is S.

Rg: If Pis M, then D is L.

Ro: If Pis L, then D is WK.

Then the above-mentioned fuzzy production rules are converted to the
HLFPN model, as shown in Figure 5. All parameters are described in Table 4.
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V(t9)

p2

Figure 5. HLFPN model of fuzzy production rules.
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Figure 6. Evaluation indices for BTC RNN model.
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Figure 7. Evaluation indices for BTC LSTM model.
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Figure 9. Evaluation indices for ETH LSTM model.




APPLIED ARTIFICIAL INTELLIGENCE . 1183

9000 4 = true result
—-= predicted result

8000 -

7000 4

Close Values
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Time(50 days)

Figure 10. BTC price trend predicted by the traditional RNN.
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Figure 11. BTC price trend predicted by LSTM.
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Figure 12. ETH price trend predicted by the traditional RNN.

Based on the built HLFPN model, the fuzzy technical indices and the
rules in the rule base were used for fuzzy reasoning. During the fuzzy
reasoning, standard operators were used for calculation. Finally, the
specific outputs of buying or selling decision were made by using the
weighted average defuzzification method.
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320 1

300

280

Close Values

220 1

200 4

180

260

240 4

= true result
=+ predicted result

0 10 20 30 40 50

Time(50 days)

Figure 13. ETH price trend predicted by LSTM.

Table 4. Parameter description.

Parameter name

Description

V(t),i=1.2,....9

Denotes RS/ value, an input place, p;.

Denotes WMS value, an input place, p,.

Denotes PSY value, an input place, p3

Denotes investment decision, an output place, ps.

Denote high, medium, and low fuzzy vectors, respectively.

Denote strong, indeterminate, and weak fuzzy vectors, respectively.

Denote the fuzzy relational matrices of RS, WMS, PSY, and investment decision.
Denotes high fuzzy vectors of input value.

Denotes medium fuzzy vectors of input value.

Denotes low fuzzy vectors of input value.

An Example of HLFPN-Based Fuzzy Reasoning

In this Sub-section, an example was illustrated to explain the feasibility of
HLFPN-based fuzzy reasoning.

[Step 1]

Initially, assume that only the degree of memberships (DOMs) in the
propositions operating on input variables are available. Assume that six
fuzzy sets are shown as follows:

~ 030 0.18 0.98

H
by | hn
0.11 0.70 0.21
M=""—+4""1
mr, My mpg
0.60 0.10 0.19
L=—+—"—+
I I Iy
0.07 0.10 0.93
S = T

St - Sm SH
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0.13 0.60 0.17
+—+

ur Um ug

[ =

0.12 045 0.78
= +

K
WK = = T 5,

[Step 2]

All elementst;’s belong to set T. Calculate the fuzzy relational matrix V (t),
where T denotes a set of transitions. V(t;) denotes a fuzzy relational matrix
between the antecedent and the consequent of rule j. Calculate the fuzzy
relational matrices as shown below.

0.07 0.10 0.30
V(t;) = H x § = (0.300.180.98)"A(0.070.100.93) = | 0.07 0.10 0.18
0.07 0.10 0.93

[0.07 0.10 0.30]
V(ty) = V()= |0.07 0.10 0.18
0.07 0.10 0.93

[0.07 0.10 0.30]
V(t;) = V(t;) = | 0.07 0.10 0.18
10.07 0.10 0.93

0.11 0.11 0.11
V(t,) = M x I = (0.110.700.21)7A(0.130.600.17) = | 0.13 0.60 0.17
0.13 021 0.17

[0.11 0.11 0.11]
V(ts) = V(t;) = | 0.13 0.60 0.17
[0.13 0.21 0.17 |

[0.11 0.11 0.11]
V(ts) = V(t,) = | 0.13 0.60 0.17
[0.13 021 0.17 |

0.12 0.45 0.60
V(t3) = L x WK = (0.600.100.19)7A(0.120.450.78) = | 0.10 0.10 0.10
0.12 0.19 0.19

0.12 0.45 0.60
V(te) = V(t5) = [ 0.10 0.10 0.10
0.12 0.19 0.19
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[Step 3]

0.12 0.45 0.60
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0.12 0.19 0.19

Input a data pattern. Consider the following data patterns:

Hy =

My =

My =

R:

!/
Hp—

/

=

/!
Lp—

[Step 4]

Fire the enabled transitions:

S'w=HyoV(t;) =[0.02 0.05 0.78]0 | 0.07
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~0.02 0.05 0.78
hy  hy  hy
_ 011  0.12  0.03
mp  omy my
027 013 0.02
Lo Iy Iy
~0.08 0.20 N 0.89
hp  hy  hy
~0.04 021  0.08
mp  my my
0.11 0.05 0.04
L Iy
~0.06 0.04 0.98
hy  hy  hy
~0.07 024 0.10
mp  my my
~0.17 0.09  0.06
Loy Iy
[0.07
0.07
[0.11

=[0.12 0.12 0.12]

0.12 0.03]o [0.13

0.13

0.10
0.10
0.10

0.11
0.60
0.21

0.30 ]
0.18
0.93 |

0.11 |
0.17
0.17 |




APPLIED ARTIFICIAL INTELLIGENCE . 1187

0.12 0.45 0.60
WK’y =L'wo V(t;) =[027 0.13 0.02]o |[0.10 0.10 0.10
=1[0.12 027 0.27] 0.12 0.19 0.19

[0.07 0.10 0.30]
SR =HproV(ty) =[0.08 020 0.89]o [0.07 0.10 0.18
=[0.07 0.10 0.89] 0.07 0.10 0.93 |

[0.11 0.11 0.11]
I'p =Mpo V(ts) =[0.04 021 0.08]o [0.13 0.60 0.17
=[0.13 021 0.17] (0.13 0.21 0.17 |

0.12 0.45 0.60
WK'r =L'ro V() =[0.11 0.05 0.04]o [0.10 0.10 0.10
=[0.11 0.11 0.11] 0.12 0.19 0.19

[0.07 0.10 0.30]
Sp=H,0V(t;) =[0.06 0.04 0.98]c |0.07 0.10 0.18
=10.07 0.10 0.93] 0.07 0.10 0.93

[0.11 0.11 0.11]
I'p=M,0V(ts) =[0.07 024 0.10]o |0.13 0.60 0.17
=[0.13 0.24 0.17] [0.13 0.21 0.17 |

0.12 0.45 0.60
WK'p =L, 0 V(ty) =[0.17 0.09 0.06]c |0.10 0.10 0.10
=[0.12 0.17 0.17] 0.12 0.19 0.19

[Steps 5-6]
The final fuzzy reasoning result is shown below.

0.13 0.27 0.93
_|_

D=S5wU""UVK USSR UV KR U P U UV K = +
dL dM dH

[Steps 7-8]
Use the weighted average method to calculate the decision value, as shown
below.

(0.13 X dL +0.27 X dM + 0.93 x dH)

0.13+0.27 4 0.93
0.13 x 40 +0.27 x 50 + 0.93 x 60
= ( + 133 + ) = 56.02

Decision =

The decision value is set as 56 < Decision < 60, so the decision is to sell.
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Experimental Results

This Section explains the experimental results and performance analysis. To
prove that the investment decision system based on HLFPN is feasible, this
system is used to verify the predictive effect of the model. The proposed
method aims to apply RNN and LSTM to cryptocurrency price trend predic-
tion. To test the system accuracy, two practical examples including BTC and
ETH were applied for performance evaluation.

Experimental Design

During the test phase in this experiment, the daily closing prices of BTC and
ETH disclosed in Yahoo Finance (Yahoo 2020) were used as the input datasets.
The BTC price datasets from January 1, 2012 to August 12, 2019 and the ETH
price datasets from July 30, 2015 to August 5, 2018 were collected. RNN and
LSTM models were first trained by using two cryptocurrency input datasets,
respectively, which predict the 50-day overnight prices. Then, the 50-day RSI,
WMS and PSY technical indices were calculated, to make decision on the
cryptocurrency buying or selling through the HLFPN-based reasoning proce-
dure presented in Sub-section 3.5.

Cryptocurrency Price Prediction

In this Sub-section, two examples were given to compare the predictive
abilities of RNN and LSTM models. Then the line chart was used to show
the changes in prediction data variants of the models. Two loss functions,
namely, mean squared error (MSE) and mean absolute error (MAE), were
used to evaluate the prediction results of the RNN and LSTM models.

Mean Squared Error (MSE)

MSE is the regression loss function which was used the most commonly. The
computation method is to calculate the sum of squares of the difference between
the predictive value and the true value. The formula is shown in Eqn. (9).

MSE = 1zmj (i =) )
i=1

where y; denotes the true value, y; denotes the predictive value, and m denotes
the total number of summations.
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Mean Absolute Error (MAE)

MAE is another loss function used in the regression models. MAE is the sum
of the absolute values of the difference between the target value and the
predictive value, only measuring the average length of the error of predictive
value, but not considering the direction. Its value ranges from 0 to positive
infinity. The formula is shown in Eqn. (10).

m
MAE =1 |yi—7| (10)

i=1

where y; denotes true value, y; denotes predictive value, and m denotes the
total number of summations.

Figure 6-9 show different evaluation indices based on RNN and LSTM
models.

Performance Analysis for RNN and LSTM Models

In summary, the lower MSE and MAE values indicate that the predictive
values are closer to the true values, and the models can have better learning
abilities and predict the future price trends more accurately.

Comparison between RNN and LSTM

As shown in Figure 10-13, the traditional RNN and LSTM were used to learn
the daily closing prices of BTC and ETH, respectively, and to predict the future
price trends.

In summary, it has shown that the price trend predicted by LSTM is closer
to the actual prices than that by the traditional RNN, proving that LSTM has
a better learning effect. Therefore, LSTM was used for data preprocessing of
this decision system.

Table 5. Detailed datasets of the system decision procedure.

Date Price RSI WMS PSY HLFPN Output Decision
2020-02-25 9341.7 45.2 100.0 429 55.5 Sell
2020-02-26 8820.5 37.8 100.0 357 55.5 Sell
2020-02-27 8784.5 373 100.0 357 55.5 Sell
2020-02-28 8672.5 359 100.0 286 54.5 Sell
2020-02-29 8599.5 349 100.0 286 54.5 Sell
2020-03-01 8562.5 344 100.0 214 514 Flat
2020-03-02 8869.7 41.9 80.6 28,6 54.2 Sell
2020-03-03 8787.8 40.6 83.5 214 513 Flat
2020-03-04 8755.3 40.0 85.8 214 513 Flat
2020-03-05 9078.8 47.5 62.1 286 48.8 Flat
2020-03-06 9122.6 48.4 58.9 28,6 48.8 Flat
2020-03-07 8910.0 443 745 286 519 Flat

2020-03-08 8108.1 329 100.0 214 514 Flat
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Information about the Decision Processes

According to the example of HLFPN in Sub-section 3.5, this Sub-section will
present the proposed method based on BTC prices for transaction decision
process in detail. In Table 5, the transaction transaction decision datasets
calculated by the HLFPN-based investment model include the following
seven items:

(1) Date: A total of 100 days from February 25, 2020 to June 3, 2020.

(2) Price: The daily closing prices disclosed in Yahoo Finance were used as
the technical indices for calculation, and then the HLFPN-based invest-
ment model was used for transaction decision.

(3) RSI: RSI was calculated based on the daily closing prices.

(4) WMS: Williams %R was calculated based on the daily closing prices.

(5) PSY: Psychological line (PSY) was calculated based on the daily closing
prices.

(6) HLFPN Output: RSI, WMS and PSY values were input to the HLFPN
investment model, getting the outputs through HLFPN-based fuzzy
reasoning.

(7) Decision: The transaction decision was made according to the output
results, namely, “Sell”, “Flat” and “Buy”.

Decision System Performance Evaluation within Six Months

During the six months from December 1, 2019 to June 1, 2020, HLFPN
reasoning, fuzzy reasoning, technical index strategies, trend following, and
buy & hold strategies were used for BTC and ETH investment simulation, with
all returns on investment shown in Table 6; and all methods generate positive
returns. The novel coronavirus was ravaging the world during the study
period. Due to the influence of the epidemic, cryptocurrencies also collapsed

Table 6. Decision system performance comparison of ROI.

Proposed
Methods HLFPN Fuzzy Technical Indicator Trend Buy &
Cryptocurrencies Reasoning Reasoning Strategies Following Hold
BTC 37.3% 31.4% 25% 4.1% 31.2%
ETH 43.2% 38.4% 40.5% 5.3% 39.2%

Table 7. Results of functional comparison.

Functions Data
Approaches Preprocessing RNN LSTM Fuzzy Reasoning BTC ETH
Our proposed Vv v \' v Vv v
Guo et al. \ v v

2018
Huang et al. v v v

2021
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with the mainstream market in mid-March, but they have been steadily rising
since then. Consequently, the returns on investment (ROI) are high through
Buy & Hold strategies. The ROI of HLFPN reasoning is higher than that of
other methods; and the performance of HLFPN reasoning is also significantly
better than that of other methods. Therefore, the proposed method is feasible
and superior to other methods. ROI is defined as follows:

ROI = (Gi - Ci)/Ci(11)

where Gi denotes gain from investment and Ci denotes cost of investment.

Functional Comparison

To fully support the claim that our proposed method is more feasible and
acceptable than other existing ones, we have made a functional comparison
among different methods including ours, (Guo, Bifet, and Antulov-Fantulin
2018,; Huang et al. 2021). The results of functional comparison are shown in
Table 7.

“V” denotes “Yes” or “Available.”

Research Limitations

The research limitations are described as follows:

(1) Since there are many technical indices, we cannot select all of them.
Therefore, this paper selected three short-term technical indices,
namely, RS, WMS and PSY, without considering other technical
indices.

(2) The buying or selling decision was made based on the reasoning results
of the HLFPN model without human judgment.

(3) Unlike stocks, there is no opening or closing time for cryptocurrency. In
the simulated transactions, cryptocurrency is only bought or sold based
on the prices recorded in the historical datasets. Therefore, it may not be
able to buy at the lowest price or to sell at the highest price.

(4) The price difference between transaction fees was not considered in this
research.

Conclusion

The daily BTC and ETH closing price datasets were used as the samples for
training and prediction. For the predicted results, trend plots were drawn; and
the technical indices such as RSI, WMS and PSY were used to analyze the
prices as another basis for determining cryptocurrency prices. Moreover,
according to the values of the technical indices and by combining with
HLFPN reasoning procedure, the appropriate investment decision was made
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to reflect buying or selling, so that investors can better understand the eco-
nomic development trend. The experimental results have shown that, com-
pared with the previous studies, the proposed method, which combines
HLFPN fuzzy reasoning with technical analysis to process investment deci-
sion, has been improved significantly.

Thus, the contributions of this study are presented as follows:

1. Using the LSTM model to predict cryptocurrency prices, which draws the
trend plots to enable users to understand the future trends correctly.

2. Using the technical indices such as RS, WMS and PSY as a basis for
technical analysis of cryptocurrency.

3. Making decision on buying or selling through the HLFPN reasoning proce-
dure, so that investors can determine the appropriate timing of buying or selling.

There were numerous studies on stock market prediction in the past, but there
are still few studies of investment decision on cryptocurrency, which is a new
transaction medium. Currently, there are two main methods for stock prediction:
one is to use statistical tools and technical indices for analysis, and the other is to
build specific models as a decision aid by machine learning algorithms. Hence,
the proposed HLFPN model is now used for the cryptocurrency investment
decision by taking advantages of deep learning and technical indices.

The experimental results have shown that HLFPN is accurate in making
investment decision on cryptocurrency prices. However, due to the time
factor, there was no way to achieve all ideal functions. Hence, the future
research directions are listed as follows:

(1) To use more technical indices as the input datasets of HLFPN, and to
compare the differences of all technical index combinations.

(2) To train datasets and build models by using the samples with different
sizes, and to input test datasets of samples with different sizes to figure
out their advantages and disadvantages.

(3) To adopt more cryptocurrencies to train the proposed model and make
investment decision.
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