
    449      

Journal of ICT, 22, No. 3 (July) 2023, pp: 449-501

How to cite this article:
Abdul Rashid, N., & Ismail, M. T. (2023). Modelling and forecasting the trend in 
cryptocurrency prices. Journal of Information and Communication Technology, 
22(3), 449-501. https://doi.org/10.32890/jict2023.22.3.6

Modelling and Forecasting the Trend 
in Cryptocurrency Prices

*1Nurazlina Abdul Rashid & 2Mohd Tahir Ismail
1&2School of Mathematical Sciences, 

Universiti Sains Malaysia, Pulau Pinang, Malaysia
1Universiti Teknologi Mara (UiTM) 

Cawangan Kedah, Kampus Sungai Petani

*1azlina150@uitm.edu.my
2m.tahir@usm.my

*Corresponding author

Received: 14/3/2022  Revised: 22/1/2023  Accepted: 20/2/2023   Published: 24/7/2023

ABSTRACT

The prediction of cryptocurrency prices is a hot topic among academics. 
Nevertheless, predicting the cryptocurrency price accurately can be 
challenging in the real world. Numerous studies have been undertaken 
to determine the best model for successful prediction. However, 
they lacked correct results because they avoided identifying the 
critical features. It is important to remember that trends are critical 
features in time series to obtain data information. A dearth of research 
demonstrates that the cryptocurrency trend comprises linear and 
nonlinear patterns. Therefore, this study attempted to fill this gap and 
focused on modelling and forecasting trends in cryptocurrency. This 
study examined the linear and nonlinear dependency trend patterns 
of the top five cryptocurrency closing prices. The weekly historical 
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data of each cryptocurrency were taken at different periods due to 
the availability of data on the system. In achieving its goal, this 
study examined the results by plotting based on residual trend and 
diagnostic statistic checking using three deterministic methods: linear 
trend regression, quadratic trend, and exponential trend. Based on 
the minimum Akaike Information Criterion (AIC), the result showed 
that the top five cryptocurrency closing price data series contained 
nonlinear and linear trend patterns. The information of this study 
will assist traders and investors in comprehending the trend of the 
top five cryptocurrencies and choosing the suitable model to predict 
cryptocurrency prices. Additionally, accurately measuring the forecast 
will protect investors from losing their investment.

Keywords: Bitcoin, cryptocurrency, linear, nonlinear, trend.
 

INTRODUCTION

Cryptocurrency is a digital payment system that operates independently 
of a central monetary authority, such as a government or bank. 
Cryptocurrencies are created using cryptographic techniques that 
enable individuals to sell, buy, and trade them securely. It has been 
established and developed into a global phenomenon in the financial 
sector, and is widely accepted as a form of alternative currency 
exchange. It is also used in blockchain transactions. Throughout the 
previous few years, cryptocurrency has attracted the interest of the 
media, regulators, academics, and investors. Despite widespread 
scepticism in the financial sector, it is relevant academic research 
on cryptocurrencies (David et al., 2021). In addition, cryptocurrency 
is not merely among the most sophisticated and complex financial 
instruments. It is also seen as a puzzling financial problem because of 
its tremendous volatility (Hossain & Ismail, 2021; Zhu et al., 2021), 
noisy, non-stationary (Zhang et al., 2021), linear, and nonlinear data 
(Neslihanoglu, 2021).

In recent years, cryptocurrency, specifically the Bitcoin market, has 
steadily grown in popularity. Bitcoin is the most popular and the 
first one people think of when it comes to cryptocurrency. Bitcoin is 
the world’s most valuable cryptocurrency. It was created under the 
pseudonym Satoshi Nakamoto by an unidentified person or group of 
people (Nakamoto, 2008). The network of nodes began in 2009, with 
the first node being established in 2009. Even though the system was 
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launched in 2009, people started to use it in 2013. When Bitcoin began 
to get attention worldwide at the end of 2013, it saw a significant 
change in its value and the number of transactions. The price of Bitcoin 
frequently fluctuates dramatically, which causes many investors to 
rush into the market, oblivious to the risk. Indeed, many factors affect 
the Bitcoin price, whether internal or external (Khedr et al., 2021). 
Consequently, it is hard to predict the Bitcoin price accurately. 

Ethereum is another popular and leading cryptocurrency on the 
market. It is a second-generation blockchain system that is intended to 
hold various data types in addition to transaction data (Antonopoulos 
& Wood, 2018). Unlike Bitcoin, Ethereum can store numerous types 
of data, including identity, health care, product, and transaction data. 
Furthermore, Ethereum’s smart contract, which is a function for 
conducting trade under specific conditions, enhances its utility (Wang 
et al., 2021).

In a survey by Khedr et al. (2021), cryptocurrency price prediction is 
a hot topic among scholars, economists, financial analysts, investors, 
and traders. From their finding, numerous researchers focused 
their attention on projecting the future investment value of digital 
cryptocurrencies as their popularity grows. In other findings, some of 
the research focused on the best models for predicting price (Aditya 
Pai et al., 2022; Guo et al., 2018; Serrano, 2022; Zhang et al., 2021), 
return and volatility (Akyildirim et al., 2021; Loginova et al., 2021; 
Mahdi et al., 2021), and other factors that contribute to market bulling 
and bearishness (Cavalli & Amoretti, 2021; Huynh et al., 2020; Park & 
Chai, 2020). Furthermore, machine learning and traditional statistical 
algorithms for cryptocurrency price prediction are becoming more 
popular, and academics from various fields are showing interest. These 
techniques, such as linear regression (Aleksandra et al., 2021; Gandal 
et al., 2021; Levulytė & Šapkauskienė, 2021), logistic regression 
(Ibrahim, 2021; Trozze et al., 2022), Bayesian regression (Jalan et 
al., 2021; Koki et al., 2020), artificial neural network (Al-Ameer & 
Al-Sunni, 2021; Cahyani & Nuha, 2021; Serrano, 2022), and deep 
learning (Aditya Pai et al., 2022), are used in this field of research. 

Numerous studies have been undertaken to determine the best model 
for successful prediction. Nevertheless, they lacked correct results 
because they avoided identifying the behaviour of the market. From 
the authors’ survey, only a limited number of studies identified the 
behaviour of the market. Modelling the behaviour of the market 
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system helps predict the price of cryptocurrency. It is parallel with 
the assumption of time series, the trend pattern of the past price 
behaviour that tends to repeat in the future (Fama, 1965). Therefore, 
one of the behaviours of the market is identifying the trend time series 
component in the history data, which will give an idea of what the 
price pattern will be in the future. 

Other than that, to the best of the authors’ knowledge, a dearth of 
research demonstrates that the cryptocurrency trend comprises linear 
and nonlinear patterns. However, most studies claimed and assumed 
that the Bitcoin trend data are nonlinear (Ahamed & Ravi, 2021; Fadil 
et al., 2021; Gao et al., 2021; Lahmiri & Bekiros, 2020) because they 
look at the graph pattern only without conducting the diagnostic to 
check the hidden pattern in the data before implementing the advanced 
analysis. Therefore, this study attempts to fill this gap and focus on 
modelling and forecasting trends in cryptocurrency. This study uses 
the linear regression, quadratic, and exponential trends modelling 
approaches to examine and determine whether the cryptocurrency 
closing price data contain a trend that is linear, nonlinear, and/
or completely nonlinear. One of the study’s constraints will be the 
deterministic trend model, wherein the trend develops in a completely 
foreseeable manner. In practice, deterministic trend models are very 
useful. This study focuses on the top five cryptocurrencies in market 
capitalisation. 

This work makes a three-fold contribution: (1) this study illustrates 
the trend of the closing price for the top five cryptocurrencies based on 
a time series plot, and the modelling trend indirectly contributes to the 
current literature on cryptocurrency trend modelling; (2) demonstrates 
the trend by fitting and modelling a linear trend regression model, 
quadratic trend model, and exponential trend model; and (3) compares 
the performance of these three trend models for the closing price of 
the top five cryptocurrencies. 

METHODOLOGY

Data Sources

This study illustrates the trend modelling in the time-varying of 
the top five cryptocurrencies with the highest market capitalisation 
identified in January 2022. The study examined the following sample 
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of five cryptocurrencies deemed representative of more than 9,000 
cryptocurrencies circulated, as the Yahoo Finance website reported in 
January 2022. The total of cryptocurrencies in the system will change 
from time to time. Therefore, this study utilised January 2022 as a 
benchmark for data collection. The timespan history data this study 
took of each cryptocurrency were different due to the availability of 
data on the system based on the existence of cryptocurrency mines. 
Bitcoin is the oldest cryptocurrency currently in existence and has 
the largest market capitalisation compared to other cryptocurrencies. 
The sample data of the top five cryptocurrencies vary in terms of the 
start and end dates for all cryptocurrencies on 24 January 2022. The 
detailed samples are as follows: 

1. 	 Bitcoin (BTC) – Bitcoin is the oldest cryptocurrency currently 
in existence. It has the largest market capitalisation with $660 
billion of all cryptocurrencies and concerns the vast majority of 
scholarly research. The weekly closing price data coverage was 
from 5 January 2015 to 24 January 2011 (369 observations).

2. 	 Ethereum (ETH) – Ethereum is the second most valuable 
cryptocurrency after Bitcoin in terms of market capitalisation, 
with $290 billion. The weekly closing price data coverage was 
from 6 November 2017 to 24 January 2022 (221 observations).

3. 	 Tether (USDT) – Tether is the world’s third largest 
cryptocurrency by market capitalisation, with $79 billion. The 
weekly closing price data coverage was from 6 November 2017 
to 24 January 2022 (221 observations).

4. 	 Binance Coin (BNB) – Binance is the fourth largest 
cryptocurrency, with around $60 billion in market capitalisation. 
The weekly closing price data coverage was from 6 November 
2017 to 24 January 2022 (221 observations).

5. 	 U.S. Dollar Coin (USDC) – USDC is the fifth largest market 
capitalisation with $50 billion. The weekly closing price data 
coverage was from 5 November 2018 to 24 January 2022 (169 
observations).

The modelling and forecasting trend has been analysed using E-views 
version 12.0.
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Estimation and Evaluation Procedure

Three stages were required to assess the forecasting performance of 
the models. Therefore, this study split the data into two portions in 
the first stage, namely model estimation and evaluation (holdout data 
part). An evaluation was conducted to identify the models’ forecasting 
performance. This study divided all the cryptocurrency datasets by 
70 percent observations as an estimation part and 30 percent as an 
evaluation part. All Bitcoin models were estimated using data from 
5 January 2015 until 30 December 2019 (261 observations). The 
remaining observations from 6 January 2020 to 24 January 2022 
(108 observations) were used to evaluate the models. The estimation 
period for ETH was from 6 November 2017 to 19 October 2020 (155 
observations), and the evaluation period was 26 October 2020 to 24 
January 2022 (66 observations). Other cryptocurrency details are 
shown in Table 1.

The models were estimated via quadratic, linear, and exponential 
trend regressions in the second stage. Finally, estimated models 
were assessed at the third stage by comparing their performance to 
other estimated models. Consequently, the best model was chosen. 
The findings of comparing their various error measures were used as 
the selection criterion. The best model needs to produce the smallest 
value of the error measure.

Table 1

Data Sample and Market Capitalisation

Cryptocurrency Sample Period Total 
Sample

Market 
Capitalisation

Bitcoin 5 January 2015 – 
24 January 2022

369
$660 billion

Estimation: 5 January 2015 – 
30 December 2019

261

Evaluation: 6 January 2020 – 
24 January 2022

108

ETH 6 November 2017 – 
24 January 2022

221
$290 billion

Estimation: 6 November 2017 –
19 October 2020

155

Evaluation: 26 October 2020 – 
24 January 2022

66

(continued)
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Cryptocurrency Sample Period Total 
Sample

Market 
Capitalisation

USDT 6 November 2017 – 
24 January 2022

221
$79 billion

Estimation: 6 November 2017 – 
19 October 2020

155

Evaluation: 26 October 2020 –  
24 January 2022

66

BNB 6 November 2017 – 
24 January 2022

221
$60 billion

Estimation: 6 November 2017 – 
19 October 2020

155

Evaluation: 26 October 2020 –  
24 January 2022

66

USDC 5 November 2018 – 
24 January 2022

169
$50 billion

Estimation: 5 November 2017 – 
1 February 2021

118

Evaluation: 8 February 2021 – 
24 January 2022

51

Modelling Trends

It is empirically evident that there is a trend. Trends can be seen 
in numerous series in a wide range of disciplines. The trend looks 
generally linear, i.e., rises or falls in a straight line. The trend is well 
described by a simple linear function of time as given in Equation 1:
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The models were then estimated and evaluated by analysing the 
estimated models’ performance against one another. Finally, the 
benchmark model was used to compare the standard model to the 
benchmark model. As a result, the winning model would be chosen as 
the best model. The criterion for selection was based on the findings 
of a comparison of their various measures. A model needs to produce 
the lowest value of error measures to win.

Durbin-Watson Test for Serial Correlation

If the errors generated by a forecasting model are serially correlated, 
they are forecastable. Therefore, this study must enhance the forecasts 
by forecasting the forecast errors according to a popular test for serial 
correlation over time according to the Durbin-Watson (DW) statistic. 
The DW statistic’s formula is as in Equation 9:
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When a positive error follows a positive error in one period in the 
next, this is known as a positive serial correlation. Conversely, a 
negative serial correlation occurs when negative errors in one period 
are linked to positive errors in the following period and vice versa. 
The DW value is between 0 and 4, and a value of 2 implies no first-
order serial correlation, that is, when . The test results can be 
summarised as follows:

When DW < 2, there is a positive serial correlation.
When DW > 2, there is a negative serial correlation.
When DW is near 2, there is no first-order serial correlation.

The Akaike Information Criterion (AIC)

AIC is a mathematical test that determines how well a model fits 
the data it is supposed to represent. It penalises models with more 
independent variables (parameters) to avoid over-fitting. AIC is most 
commonly employed to analyse the relative goodness-of-fit of various 
models and then select the model that best fits the data. It is essentially 
a prediction of out-of-sample forecast variance. Nevertheless, it 
penalises the degree of freedom more severely. It is employed to 
choose between forecasting models that are competing, as represented 
in Equation 10:

The Schwarz Information Criterion (SIC)

SIC is similar to AIC but with a higher degree of freedom penalty and 
is calculated using Equation 11:
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RESULTS AND DISCUSSION

The descriptive analysis of the cryptocurrency closing price of 
Bitcoin, ETH, USDT, BNB, and USDC is shown in Table 2. Bitcoin 
had the highest closing price of $65,466.84 with a standard deviation 
of $16,213.56 and an average of $11,608.63. Meanwhile, the lowest 
closing price was USDT and USDC, which had the same value of 
$1.02. USDT and USDC also had low risk and low return since 
they had the lowest value standard deviation compared to other 
cryptocurrencies. Additionally, all cryptocurrency closing price data 
were not normal and highly skewed with a skewness value of more 
than 1, except for USDT that had moderate skewness.
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The study illustrated a closing price plot of Bitcoin, ETH, USDT, BNB, 
and USDC, as depicted in Figure 1. This plot demonstrated Bitcoin, 
ETH, and BNB’s distinct nonlinear trends while the other two showed 
stability. Bitcoin experienced tremendous growth. In January 2015, 
the price of a Bitcoin was about $200. In contrast, a single Bitcoin’s 
price was over $50,000 as of January 2022, which was a growth of 
about $49,800. Furthermore, according to Knight (2021), the bell 
curve shape could be seen in the first major Bitcoin bull run in late 
December 2017, when the price rose from around $3,000 to almost 
$20,000. The Bitcoin price rose sharply from $11,000 to $63,000 in 
mid-2021 before falling back to $30,000. ETH also saw significant 
growth. Its price increased nearly 4,300 percent from November 
2017 to January 2022, from about $300 to over $4,600. Unlike 
some other forms of cryptocurrency, USDT is a stable coin, which 
means that USDT’s value is supposed to be more consistent than 
other cryptocurrencies. Therefore, it is favoured by investors who are 
wary of the extreme volatility of other coins. While BNB Coin was 
launched in 2017 with a closing price of $1, by 1 January 2022, it had 
risen to around $400, a gain of around 400 percent. USDC is also a 
stable coin that works similarly to USDT. 

Table 3 shows the results of fitting a linear trend model using the 
closing price on a constant and a linear time trend. The time trend 
in Bitcoin, ETH, BNB, and USDC, appeared to be very significant, 
according to the p-value of the t-statistic on the time trend, except 
for USDT. According to the DW statistics, the disturbances were 
also positively serially correlated for all cryptocurrencies, indicating 
that each disturbance at time t was positively associated with the 
disturbance at time t-1. Nevertheless, it appeared that R2 for Bitcoin 
was 0.60. The value showed that the variation of a time trend explained 
60.0 percent of the total variation of Bitcoin’s closing price. At the 
same time, the other 47.5 percent were contributed by other factors 
not accounted for in the model. This observation implied that R2 for 
Bitcoin was moderate, while other cryptocurrencies showed weak 
linear relations. Nevertheless, the study used information criteria and 
error measurements instead of the R2 value to answer the objective.
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Figure 1

Closing Price

a) Bitcoin

b) Ethereum

c) Tether
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Figure 1

Closing Price (cont'd)

d) Binance

e) USD Coin
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Figure 2 shows the residual plot. From the plot, all the cryptocurrencies 
had a non-random pattern. Since the actual trend was nonlinear, the 
linear trend was simply insufficient, causing the residual trend’s high 
serial correlation. In addition, for Bitcoin, the closing price from 2015 
to mid-2017 was below the trend line, while the closing price from 
mid-2017 to 2018 was above. Then, towards the end of 2018, the data 
began to decline gradually, while towards the middle of 2019, the 
data gradually increased the trend line. For ETH, the closing price 
from 2017–2018 was above the trend line, the closing price from mid-
2018 to early 2019 was below the trend line, and then from mid-2019 
to 2020, the closing price was around the trend line. While USDT 
showed no significant trend on the graph, it was proven by the p-value 
of the t-statistic in the linear trend regression model. Whereas for 
BNB, the closing price from early to mid-2019 was above the trend. 
For USDC, there was a negative trend line with a small coefficient of 
-0.000 110, indicating that the trend was more consistent than Bitcoin, 
ETH, and BNB. 

This study exhibited a ±1 standard error of the regression alongside 
the residual for visual reference. The results of fitting a quadratic 
trend model are shown in Table 4. The quadratic and linear terms 
both appeared to be very important. Additionally, in ETH, BNB and 
USDC, the linear and quadratic time trends were very significant. At 
the same time, Bitcoin was insignificant on the quadratic trend, while 
USDT was insignificant in both trends.

Figure 2

Closing Price, Linear Trend Residual Plot
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b) Ethereum

c) Tether

Figure 2

Closing Price, Linear Trend Residual Plot (cont’d)

c) Binance

c) USD Coin
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Figure 2 
 
 Closing Price, Linear Trend Residual Plot (cont’d) 
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Figure 2 
 
 Closing Price, Linear Trend Residual Plot (cont’d) 
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Figure 3 illustrates the quadratic trend residual plot. The residual 
still had persistent dynamics, as evidenced by the low DW statistic. 
Nevertheless, these dynamics are challenging to be described with the 
trend since they are tied to the market cycle rather than the growth 
trend. According to Knight (2021), the bell curve is a well-known 
technique to identify market cycle phases: accumulation, run-up (bull 
market), price plateau phase, and run-down phase (bear market), as 
well as the best tool to determine the time to enter and exit the market. 
The accumulation phase is when the market has bottomed out. This 
phase is the start of a new cycle. At this point in the cycle, the price 
is at its lowest. It is also a turning point in market sentiment, shifting 
from negative to positive. Then, when the market starts to move higher 
at a faster rate, it is said to be in a bull market. For example, the bull 
phase of Bitcoin in December 2017 was the most considerable price 
increase, when the price increased from $3,000 to nearly $20,000. 
Again, the same pattern occurred in 2021, with another significant 
price increase where the price increased from $10,000 to $63,000, as 
depicted in Figure 1. While it is possible to say that the cycle lasted 
around four years, there is no definitive time frame for a cycle. Then, 
the bear market began to move from highest to lowest, as can be seen 
when the ETH price graph started to decrease from $700 to $100. 

This study then estimated an exponential trend, which is a distinct 
form of the nonlinear trend model. This study started with an ordinary 
least square (OLS) regression of the log of closing price on a linear 
and constant time trend variable. Table 5 and Figure 4 showed the 
estimated findings and residual plot. The results of fitting a linear 
trend to the closing price were low. Fitting a linear to the closing 
price log appeared to improve the results significantly for Bitcoin, 
but other cryptocurrency’s price was still maintained. However, 
since the quadratic and linear models were in levels, not logs, it 
was difficult to compare the log-linear trend model. Consequently, 
diagnostic measures, such as R2 and regression standard error, 
were incomparable. The exponential trend model could be directly 
estimated in level through nonlinear least squares, which was one way 
around this problem. The residual plot for the exponential trend model 
is shown in Table 4 and Figure 5. The residual plot and diagnostic 
statistics signified that the exponential trend was worse than the linear 
and quadratic for all cryptocurrencies except ETH.
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Figure 3

Closing Price, Quadratic Trend Residual Plot
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b) Ethereum

c) Tether
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Closing Price, Quadratic Trend Residual Plot (cont’d) 
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Figure 3

Closing Price, Quadratic Trend Residual Plot (cont’d)

d) Binance

e) USD Coin
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Figure 4

Closing Price, Log-Linear Trend Residual Plot

a) Bitcoin

b) Ethereum

c) Tether
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Figure 4

Closing Price, Log-Linear Trend Residual Plot (cont’d)

d) Binance

e) USD Coin
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Closing Price, Log-Linear Trend Residual Plot (cont’d) 
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Figure 5

Closing Price, Exponential Trend Residual Plot

a) Bitcoin

b) Ethereum

c) Tether
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Figure 5

Closing Price, Exponential Trend Residual Plot (cont’d)

d) Binance

e) USD Coin
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proximate price trend. Nevertheless, the best forecast model was the 
exponential trend model because the model had a minimum value of 
MSE, RMSE, MAE, and MAPE in the evaluation part compared to 
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quadratic, and exponential models on AIC and SIC. In that instance, both SIC and AIC implied that 
nonlinearity and linearity existed in the proximate price trend. Nevertheless, the best forecast model 
was the exponential trend model because the model had a minimum value of MSE, RMSE, MAE, and 
MAPE in the evaluation part compared to the linear and quadratic models. For ETH, this study 
examined SIC and AIC. Both indicated that the lowest values for quadratic trends meant that the 
nonlinearity was important compared to other models. Additionally, when this study checked the 
measurement errors, all showed the minimum error on the quadratic trend, followed by the exponential 
and linear models. This finding meant that ETH had a nonlinear trend on the closing price data. As for 
USDT, all models had negative SIC and AIC values. 
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exponential and linear models. This finding meant that ETH had a 
nonlinear trend on the closing price data. As for USDT, all models had 
negative SIC and AIC values.

The AIC value’s absolute value was irrelevant. It could be both 
positive and negative. The lower the AIC value, the better the model 
fits. In this case, the linear and exponential trend models had the 
same SIC and AIC values and the lowest quadratic trend. This finding 
specified that the trends of closing prices were linear and nonlinear. 
Nevertheless, evaluating all measurement errors showed that the 
quadratic trend model was most suitable for USDT. Meanwhile, BNB 
shared the same pattern and model with Bitcoin since there was a 
minor distinction number of decimal places between linear, quadratic, 
and exponential models in AIC and SIC. In that instance, SIC and 
AIC implied that nonlinearity and linearity existed in the proximate 
price trend. Note that the best forecast model was also known as the 
exponential trend model. Lastly, USDC also shares the same pattern 
and model as USDT. 

Table 7

Model Selection Criteria

Cryptocurrency Linear Trend Quadratic Trend Exponential Trend
Bitcoin AIC 18.53 18.54 18.69

SIC 18.56 18.58 18.71
ETH AIC 13.46 12.77 13. 22

SIC 13.50 12. 83 13. 26
USDT AIC -7. 24 -7.22 -7.24

SIC -7.20 -7.17 -7.20
BNB AIC 6.56 6.55 6.58 

SIC 6.60 6.61 6.62
USDC AIC -7.35 -7.40 -7.35

SIC -7.30 -7.33 -7.30
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CONCLUSION AND FUTURE RESEARCH

This study compared the quadratic, linear, and exponential trend 
models for the top five cryptocurrencies’ closing prices in an informal 
way. For Bitcoin, the linear trend appeared to be the most appropriate. 
The linear trend model, in contrast, did an excellent job of fitting the 
training data, but it did not always predict accurately, as shown in Table 
8 and the plot. In contrast, the linear trend model had one parameter 
compared to the other two models. Therefore, it is unexpected that 
historical data were a better bit. Nonetheless, there is no assurance 
that a better fit on historical data would transfer into better out-of-
sample predicting performance. In conclusion, all cryptocurrency 
closing price data series contained both nonlinear and linear trend 
patterns. The findings of this study contradicted previous research that 
claimed Bitcoin’s closing price and other cryptocurrency trends were 
nonlinear. 

Therefore, this study suggests that before implementing the advanced 
analysis, researchers need to confirm the data trend pattern to make an 
accurate prediction. Once they understand the data pattern, researchers 
can select the best model to predict accurately and minimise errors. 
Nevertheless, this research needs to be expanded further. In this case, 
the traditional and single nonlinear or linear deterministic models 
are inadequate for modelling and predicting cryptocurrency prices. 
For future research, this study will compare the trend utilising the 
stochastic model and study the pattern behaviour. Then, this study 
also plans to design a novel hybridisation model to encounter linear 
and nonlinear problems. According to the findings, hybridisation is 
the most effective method for simulating the complicated properties 
of nonlinear and linear components and obtaining more accurate and 
optimum outcomes (Hossain & Ismail, 2020; Mohammed et al., 2020). 
Therefore, to correct the serial correlation problem, it is suggested to 
use the closing price lag as a dependent variable and/or the time lag 
as an independent variable in the model. Usually, lag 1 is enough to 
increase or reduce the DW value (MA Lazim, 2005). 

It is important to remember that there are trends and cycles in every 
aspect of our lives. The moon, the sun, and the stock market all follow 
their own rhythms. When determining the best time to buy or sell, 
it is critical to understand the market trend and phase, especially in 
the highly volatile cryptocurrency markets. Knowing and applying 
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this information will help cryptocurrency traders and investors reduce 
risk while increasing returns by choosing the model appropriately. In 
addition, the ability to measure and predict well will prevent investors 
from losing their investments.
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