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Abstract. Bitcoin is the most famous digital currency in the world and has become an investment 
asset. Prediction is one of the important matters in the investment market. In the economic field, 
there are different studies on the reasons for the price change of Bitcoin and how to predict the price 
trend of Bitcoin or how Bitcoin studies the market. Therefore, for Bitcoin, predicting the trend of 
Bitcoin price can effectively help Bitcoin investors. Data from www. Coingecko, the price of bitcoin is 
sorted according to the time sequence. Using the time series model, the change of bitcoin price in a 
specific period which is from 28 April 2013 to 22 August 2022 is calculated to predict the future trend 
of bitcoin price. Data preprocessing includes attributes removal, stationary test, and differencing. In 
predicting the price of Bitcoin, the ARIMA method that can produce high accuracy in short-term 
prediction is adopted. Use prediction test AIC and Check the residuals to select the best prediction 
model among the candidate models. The results of model testing show that AIC of ARIMA (5,1,2) is 
the smallest among all candidate models, and the results of residual check also show that ARIMA 
(5,1,2) model is the best model for predicting four periods. 

Keywords: Bitcoin; ARIMA model; Time series analysis. 

1. Introduction 

The 2008 financial crisis caused by the problems on subprime loans led to the great global 

recession and the devaluation of the U.S. dollar. The collapse of Lehman Brothers, the largest bank 

on Wall Street, and the frozen cash liquidity have also prompted a negative attitude of people towards 

traditional currencies. It was at that period, a Japanese person called Satoshi Nakamoto appeared with 

an innovative cryptocurrency named Bitcoin [1]. The amount of Bitcoin is limited by 21 Million. This 

currency can be traded and acquired. Users mine bitcoins by providing the computing power of their 

own computers, and to be more specifically, by decrypting the Hash, the user can obtain bitcoins. 

Initially, after mining one block, the users could receive a total of 50 BTC, however, as the number 

of bitcoins decreases, they can only receive about 6 now, and they need to solve 2.7 quadrillion hashes 

in order to generate one single Bitcoin [2]. Solving hashes is not a waste of effort. For example, when 

Bitcoin transactions occur, they need to pass a security verification, which requires miners to resolve 

the hashes. This is also known as the Proof of Work model, ensuring that these bitcoins are unique, 

non-repeating and real. This means that instead of identifying the authenticity of the currency as 

traditional banks do, this power and right is now devolved to everyone [3]. In recent years, the world 

economy has followed the same path as the recession of 2008. Due to the pandemic, COVID-19, the 

hike of interest rate and Russia-Ukraine war, the S&P 500 has had a similar trend to the history of 

2008 from 2020 to the present. With people losing confidence and trust in traditional currencies, the 

interest in cryptocurrency has developed, driving this essay to examine Bitcoin as a research object. 

Bitcoin’s value stems from its scarcity, decentralization and public trust [4]. First of all, bitcoin 

has a finite amount, just like gold. At the same time, the measures to prevent double spending are 

always improving, ensuring that the bitcoins received by the payee are unique and no longer belong 

to the payer. The limited amount of bitcoin has the advantage of preventing a high degree of inflation 
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like that caused by printing large amounts of paper money [5]. Secondly, the decentralization of 

Bitcoin brings a lot of convenience to it. Its price is not easily influenced by government regulations 

towards the national paper currency, such as increase in interest rate. It is also not subject to a corrupt 

central authority or by counterfeit transactions. Finally, since Bitcoin uses Blockchain to perform its 

distributed ledgers feature, and is difficult to be stolen, it is trusted by the public [6]. 

Although Bitcoin has innovative advantages, as a new type of currency, its price can still be 

influenced by factors such as politics and human behaviors. Global geopolitical situation is a factor 

that affects Bitcoin price. This factor may cause investors to overreact to the market [7]. Additionally, 

by examining the connection between bitcoin trading volume and its price, this also confirms that the 

price of bitcoin can fall due to panic selling in the market, demonstrating the impact that human 

behavior and social factors can have on cryptocurrency [8]. These two phenomena suggest the truth 

that Bitcoin is currently a highly volatile investment vehicle for day traders or short-term traders. This 

irrational investment behavior also proves the applicability of “Greater Fool Theory” to Bitcoin (i.e. 

Investors tend to hold bitcoins when the price is going up and sell bitcoins to greater fools who are 

ignorant before the price goes down) [4]. However, Bitcoin as a new type of currency, its market is 

currently in its infancy. As the time passes by, buying property with Bitcoin, or shopping with Bitcoin 

at Brisbane Airport in Australia has become a reality [4]. Overseas transactions can also be easily 

paid by Bitcoin, such as airlines paying for fuel for their planes at foreign airports, which could save 

a lot of time [4]. The current volatility and bubble, in the long run, may gradually smooth out and 

reduce [7]. In order to understand Bitcoin and its viability to transform from an investment vehicle of 

investors and speculators into a stable currency and asset, this essay will focus on predicting the price 

of Bitcoin by using time series models as a starting point to analyze the future development of Bitcoin 

and cryptocurrency. 

2. Methodology 

The research is divided into five steps, as Figure 1 shown. 

 

 
Fig. 1 Research process (Photo credit: Original) 

2.1 Data Collection 

The data for this study was obtained from the website www.coingecko.com. CoinGecko conducts 

a fundamental analysis of the cryptocurrency market. CoinGecko tracks community growth, open-

source code development, major events, and on-chain metrics in addition to price, volume, and market 

capitalization [9]. The data provided is updated all times to ensure the final result. Coingecko offers 

a data export feature for easy access to price history of each cryptocurrency. There are 3402 data in 

the CSV file that was created from the Coingecko site's exported dataset. A price history for Bitcoin 

is included in the dataset from 28 April 2013 to 22 August 2022. Snapped_at, price, market_cap, and 

total_volume are the four attributes of the dataset. 
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2.2 Preprocessing 

The obtained dataset will now be prepared for research at this point. Attribute removal, a stationary 

test, and differencing are all parts of data preprocessing. To eliminate undesirable qualities from the 

data, attributes are removed. These characteristics are not included since they have no bearing on the 

prediction's outcome and might even make it less accurate. The attributes are chosen based on the 

requirements of the ARIMA approach. carrying out a stationary test to see if the data is stable. You 

can accomplish it by directly viewing the data's graph. The data is stationary if it is evenly distributed 

around a straight line in the graph. Utilizing an ACF plot on the data is another method of confirming 

stationary. The time series should be made stationary if it is not already stationary by recording or 

differencing it. Log transformation can be used to stabilize the variance of a series with non-constant 

variance. Differencing the data means that the influence of time has been eliminated, and now the 

statistical distribution can be reasoned just like the standard probability distribution function. Double 

check that the data after difference is stationary. If it’s not stationary, differencing again. Differencing 

processes is defined as equation (1). 

 

𝑌𝑑 = 𝑌𝑡 − 𝑌𝑡−1                                          (1) 

2.3 ARIMA Model 

The Autoregressive Integrated Moving Average (ARIMA) method was developed in 1970 by 

George Box and Gwilyn Jenkins and is also known as the Box Jenskins method [10]. A general class 

of models called ARIMA models is employed to forecast time series data. The ARIMA method is 

excellent for connected statistical data since it completely disregards independent factors when 

making predictions. Assumptions like autocorrelation, trend, or seasonality must also be met. The 

ARIMA model may predict historical data while taking into account data that is technically 

challenging to understand. When predicting short-term data, ARIMA model has a high accuracy, and 

it can also deal with seasonal data fluctuations.  

The first is an analysis technique known as autoregression (AR), which makes advantage of the 

dependent relationship between an observation and a set of lagged observations. In an autoregression 

model, this study employs a linear combination of the variable's prior values to obtain the variable's 

prediction of interest. The order value of the coefficient p is calculated using the AR model. P can be 

used to interpret how a value is related to the nearest earlier value. An AR model with order p can be 

written as the equation (2), where 𝜀𝑡 is white noise, p is the number of lagged observations in the 

model. 

 

𝑦𝑡 = 𝑐 + ∅1𝑦𝑡−1 + ∅2𝑦𝑡−2 + ⋯ + ∅𝑝𝑦𝑡−𝑝 + 𝜀𝑡                        (2) 
 

The second is MA model, a moving average model uses past forecast errors in a regression-like 

model. This method is used to determine the coefficient q, which can be used to interpret previous 

residual value’s movement. A MA model with order q can be written as the equation (3), where 𝜀𝑡 

is white noise, c is a constant, and 𝜃 s are parameters. 

 

𝑦𝑡 = 𝑐 + 𝜀𝑡 + 𝜃1𝜀𝑡−1 + 𝜃2𝜀𝑡−2 + ⋯ + 𝜃𝑞𝜀𝑡−𝑞                         (3) 
 

Then is the ARMA model, a composite of the AR model and MA model. The data used in this 

model is affected by previous period data and the forced value of previous period. An ARMA model 

can be written as the equation (4). 

 

𝑦𝑡 = 𝑐 + 𝜀𝑡 + ∅1𝐵𝑦𝑡 + ∅2𝐵2𝑦𝑡 + ⋯ + ∅𝑝𝐵𝑝𝑦𝑡 + 𝜃1𝐵𝜀𝑡 + 𝜃2𝐵2𝜀𝑡 + ⋯ + 𝜃𝑞𝐵𝑞𝜀𝑡      (4) 
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The ARIMA model must use stationary data. Nonstationary data must be change to stationary 

before using through differencing process. ARIMA model contains three parts, AR, I and MA. An 

ARIMA model with (p, d, q) can be written as the equation (5). 

 

𝑦𝑡 = 𝑐 + 𝜀𝑡 + ∅1𝑦𝑡−1 + ∅2𝑦𝑡−2 + ⋯ + ∅𝑝𝑦𝑡−𝑝 − 𝜃1𝜀𝑡−1 − 𝜃2𝜀𝑡−2 … − 𝜃𝑞𝜀𝑡−𝑞        (5) 

2.4 Model Parameters Determination 

The ARIMA Model has three orders which are p, d, and q. They can be determined by plotting 

ACF and PACF are two terms for the autocorrelation function (PACF). The correlation between a 

time series of data and a lagged version of itself is depicted using the ACF plot.The value of q can be 

determined by the ACF plot. On the other hand, the PACF plot is used to measure the partial 

correlations of a time series data with its own lagged values. The PACF plot can be used to calculate 

the value of p. Additionally, the value of d is the number of differencings required to make the data 

steady. 

Analyzing the presence of tails off and cuts off in the ACF plots and PACF plots can be used to 

determinate the orders. The tails off explains how the data correlation declines gradually until it 

reaches the plotted value of 0. When the data correlation declines significantly more than 0.05, the 

cutoff occurs. However, the cuts off only appears to the 1st to 10th lag are be considered. The more 

than 10th lag means the data need to difference one more time. The ACF () and PACF () functions of 

the package forecast in RStudio can be used to generate the ACF and PACF visualisation. Table 1 

shows the orders that were determined using the ACF and PACF plot. 

 

Table 1. Presence of ACF and PACF plots 

 ARIMA (p, d, 0) ARIMA (0, d, q) ARIMA (p, d, q) 

ACF Tails off Cuts off (at lag q) Tails off 

PACF Cuts off (at lag p) Tails off Tails off 

2.5 Testing Model for Prediction and Evaluation 

The model needs to be tested after the candidates have been obtained. Each candidate be 

determined will be used to test. The testing process has two steps, which is calculate the error rate 

and check the residuals of the model. If the candidates cannot be obviously determinate by ACF and 

PACF. There is an alternative way to get some candidates, which is auto.arima () function from 

forecast package in RStudio. This function will automatically try each p, d and q values to get the 

model. After having some candidates of ARIMA models, Akaike Information Criterion (AIC) is used 

to determinate which model is more fit. If the model has the smallest AIC, it means the model is more 

fit than others. 

The ARIMA model that was selected in the previous phase is checked for residuals in the following 

step. The ARIMA model is suitable for forecasting if its residuals are white noise. The residuals can 

be verified as white noise by Ljung-Box test. Using the Akaike Information Criterion (AIC) [11], the 

accuracy of the prediction findings was tested. AIC is a technique for assessing how well a model fits 

the data from which it was created. AIC is employed in this study to evaluate various potential models 

and find which one best fits the data. Low AIC values suggest that the outcome value is reasonably 

close to the real value. AIC stands for the Akaike information criterion, and its calculation is 

represented by equation (6), where k is the number of estimated parameters in the model, and 𝐿̂ is 

the maximum value of the likelihood function for the model. 

 

𝐴𝐼𝐶 = 2𝑘 − 2 𝑙𝑛 𝑙𝑛 (𝐿̂)                                     (6) 
 

The Ljung-Box test was used in this paper's residual checking phase [12]. A statistical test called 

the Ljung-Box test is used to determine whether a time series' group autocorrelation is different from 
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zero. The Ljung-Box test is performed in this study to determine whether any residuals are white 

noise. Equation (7), where 𝐻0 denotes independently distributed data and 𝐻𝑎 denotes inconsistently 

distributed data, defines the test statistics of the Ljung-Box test. 

 

𝑄 = 𝑛(𝑛 + 2) ∑
𝜌𝑘

2

𝑛−𝑘

ℎ
𝑘=1                                     (7) 

 

Where h is the number of lags being examined, n is the sample size, and 𝜌𝑘  is the sample 

autocorrelation at lag k. The statistic Q asymptotically follows a 𝜒(ℎ)
2  under 𝐻0. The critical area for 

rejecting the randomness hypothesis at significance level is defined as 𝑄 >  𝜒1−𝛼,ℎ
2 , where 𝜒1−𝛼,ℎ

2  

is the (1-𝛼)-quantile of the chi-squared distribution with h degrees of freedom. 

2.6 Best Model Determination 

Once all model candidates successfully conduct the AIC. Their AIC will be compared to choose 

the one with smallest AIC, which means the model is the best one among them. The model be chosen 

to need to be verified by the Ljung-Box test. If the residuals of it is white noise, the model is good for 

forecast. A 14-day forecast will be made by the best model. 

3. Result and Discussions 

3.1 Preprocessing 

At this part, the first thing is to remove the unwanted attributes in the data. Only two of the four 

attributes in the dataset—the snapped_at and price attributes—can be used. The characteristics 

Market_cap and Total_volume are not required for the forecast. When importing data into R Studio, 

the procedure to remove such properties is carried out. Next, stationary test can be done using two 

methods. The first one is viewing the graph of the data and the second one is viewing the plot of the 

ACF data. Both charts are shown below in Fig.2 and Fig.3, which shows that the data is not stationary. 

 

 
Fig. 2 Time series plot of price of Bitcoin in USD (Photo credit: Original) 
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Fig. 3 Plot ACF dataset (Photo credit: Original) 

 

The data must then be logged in order to be transformed into stationary data. The time series 

package's log () function in R Studio is used to carry out the log process. The outcome is depicted in 

Figures 4 and 5. The data is still not stationary, as seen by both charts. 

 

 
Fig. 4 Plot of data after logging (Photo credit: Original) 
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Fig. 5 Plot ACF data after logging (Photo credit: Original) 

 

A differencing procedure is then used to transform the data so that it is stationary. The time series 

package's diff () function in R Studio facilitates the differencing procedure. Figures 6 and 7 below 

display the results. The graphs in Figures 6 and 7 show the data changed to a stationary state. The 

data are spread out around the value 0. The ACF plot also shows how the value of lag has changed 

over time. 

 

 
Fig. 6 Plot of data after logging and differencing (Photo credit: Original) 
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Fig. 7 Plot ACF data after logging and differencing (Photo credit: Original) 

3.2 Model Candidate Determination 

The lag value of the ACF and PACF plots can be used to establish the candidates' p and q order. 

The plot of ACF and PACF can be performed by using ggAcf() and ggPacf() funtion of the package 

ggplot2 in R studio. The value of ACF and PACF can be seen in Table 2. Based on the result of ACF 

and PACF, although the ACF value and PACF value exceed 0.05 at lag 6 and 10, they are neither 

tails off nor cut off. It is difficult to directly derive the value of p and q by observation. So it needs to 

use other method to find the value of p and q. 

 

Table 2. Values of lag ACF and PACF 

lag ACF value PACF value 

1 -0.005 -0.005 

2 -0.009 -0.009 

3 0.022 0.022 

4 0.025 0.025 

5 0.029 0.030 

6 0.051 0.052 

7 -0.008 -0.007 

8 -0.016 -0.017 

9 0.000 -0.005 

10 0.074 0.071 

3.3 Choosing the Best Model 

Since the ACF and PACF cannot be used to determinate the value of p and q, auto. Arima () 

function will be an alternative way. In this function, it will search for the model with smallest by 

stepwise search but not searching all possible p and q. The Table. 3 is done using the function of auto. 

Arima () from the forecast package. 
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Table 3. Results of AIC by using the function of auto 

Model AIC 

(2,1,2) with drift -12051.52 

(0,1,0) with drift -12021.49 

(1,1,0) with drift -12019.83 

(0,1,1) with drift -12019.56 

(0,1,0) -12019.05 

(1,1,2) with drift -12016.44 

(2,1,1) with drift -12030.38 

(3,1,2) with drift -12059.91 

(3,1,1) with drift -12040.02 

(4,1,2) with drift -12062.31 

(4,1,1) with drift -12041.31 

(5,1,2) with drift -12066.14 

(5,1,1) with drift -12060.27 

(5,1,3) with drift Inf 

(4,1,3) with drift Inf 

(5,1,2) -12063.18 

 

The results of AIC using auto. Arima () function for finding the best model is in the Table 3. The 

ARIMA model (5, 1, 2) with drift has the smallest AIC among them, which means it is the best model 

among them. However, whether it is a good model should be analyzed by its residuals. The residuals 

check (1) is done by the function checkresiduals () from the forecast package in RStudio. 

 

 
(a) 

 
(b)                        (c) 

Fig. 8 Residuals from ARIMA (5,1,2) with drift (Photo credit: Original) 

 

The Ljung-Box test is also done by function checkresiduals (). The p-value of the test is rounded 

0.05 which means it failed to reject the H0: the data are independently distributed. Therefore, the 
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residuals of the ARIMA model (5, 1, 2) with drift are white noise. The model is good for prediction. 

Table. 4 shows the outcomes of the ARIMA model (5, 1, 2) with drift forecast for the fourteen next 

periods. Since the log-transformation is took for the data. The backward log-transformation needs to 

be done to get the actual prediction. Table shows the actual predictions made using the ARIMA model 

(5, 1, 2) with drift for the fourteen upcoming periods. 

 

Table 4. Forecasts result of ARIMA model (5,1,2) with drift 

 Point Forecast Lo 80 Hi 80 Lo 95 Hi 95 

3403 9.977986 9.925359 10.03061 9.8975 10.05847 

3404 9.980643 9.906559 10.05473 9.867342 10.09394 

3405 9.982337 9.891823 10.07285 9.843909 10.12076 

3406 9.9829 9.877658 10.08814 9.821946 10.14385 

3407 9.984587 9.866231 10.10294 9.803577 10.1656 

3408 9.986836 9.856079 10.11759 9.78686 10.18681 

3409 9.988731 9.846393 10.13107 9.771044 10.20642 

3410 9.989832 9.837112 10.14255 9.756266 10.2234 

3411 9.990615 9.828565 10.15267 9.742781 10.23845 

3412 9.991947 9.82108 10.16281 9.730628 10.25327 

3413 9.994001 9.814407 10.17359 9.719336 10.26866 

3414 9.996062 9.807892 10.18423 9.70828 10.28384 

3415 9.997428 9.80118 10.19368 9.697293 10.29756 

3416 9.998264 9.794574 10.20195 9.686747 10.30978 

 

Table 5. Actual forecast result of ARIMA model (5,1,2) with drift 

 Point Forecast Lo 80 Hi 80 Lo 95 Hi 95 

3403 21546.87 20442.24 22711.18 19880.6 23352.79 

3404 21604.19 20061.53 23265.48 19290 24196.01 

3405 21640.82 19768.07 23690.98 18843.22 24853.77 

3406 21653.01 19490.02 24056.05 18433.89 25434.28 

3407 21689.58 19268.57 24414.77 18098.36 25993.39 

3408 21738.42 19073.95 24775.09 17798.33 26550.74 

3409 21779.65 18890.1 25111.19 17519.05 27076.4 

3410 21803.65 18715.58 25401.24 17262.06 27540.11 

3411 21820.72 18556.31 25659.42 17030.83 27957.77 

3412 21849.8 18417.92 25921.15 16825.11 28375.07 

3413 21894.71 18295.44 26202.07 16636.2 28815.38 

3414 21939.89 18176.62 26482.3 16453.28 29256.09 

3415 21969.89 18055.04 26733.58 16273.5 29660.25 

3416 21988.25 17936.16 26955.79 16102.78 30024.83 

4. Discussion 

According to the forecast of the future bitcoin price, the price of bitcoin will trend down in the 

coming September. From the short-term effect, the financial value from ARIMA (5, 1, 2) can be 

observed. Based on the decreasing trend of the bitcoin price, it can infer that there is a profit margin 

for shorting in this period. Although getting an ARIMA model by the data of previous Bitcoin price, 
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there are also limitations. First, the irregular Bitcoin price variation characteristics make determining 

the corresponding ARIMA model difficult. The second limitation is that the ARIMA model is better 

suited for short-term prediction, as it produces a higher level of accuracy. The more the prediction 

period, the lower the accuracy level. Our ARIMA model is used to predict the bitcoin price in the 

future 14 periods, so the accuracy of prediction may be lower than the model that only predicts the 

next week. Furthermore, when finally got the best prediction model, this paper only used the residual 

check to check the accuracy of the model and did not use other methods to evaluate our prediction 

model. For example, the average absolute percentage error (MAPE) was not used to evaluate the 

forecasted results in this paper. As a result, this paper’s best model may differ from the actual best 

model. Overall, according to the limitation of our Arima model. In future research, it can use more 

test methods to test the predicted model as much as possible to reduce the deviation from the actual 

best model. 

Additionally, as time series data is time-consuming, the more historical the data is, the less value 

it can be used. Therefore, to improve the accuracy of the prediction, it can reduce the time interval to 

increase the accuracy. The data used is the daily bitcoin price from 2017 to the present. If the accuracy 

of the data is increased to an hourly basis, it can be more reproducible to the historical data and thus 

increase the accuracy of the forecast. Because bitcoin prices are affected by different factors, such as 

national policies or the volume of social media searches for bitcoin can have an impact on bitcoin 

price fluctuations, it could also help the model perform better if other factors' effects are taken into 

account in the prediction model [13]. 

5. Conclusion 

The purpose of this essay is to use the ARIMA model to forecast the future price of Bitcoin. The 

process of the prediction consists of Data Collection, Data Preparing, Model Parameters 

Determination, Model Testing and Evaluation, checking residuals and white noises, and determining 

the best model. The entire model build was completed around August 22. By using the model ARIMA 

(5,1,2) and collecting the data of Bitcoin’s price from April 2013 to August 2022, Bitcoin price will 

see a small price increase in the 14 days after August 22. If a smaller AIC is sought, the model needs 

more variables, but this will lead to model overfit. Thus, the current model is a balance point between 

these two demands. This method can also be used to forecast the price anytime by changing a few 

input values. Although the final result is showing a slight upward trend of Bitcoin’s price in 

September 2022, the unpredictable factors such as the high volatility of its price and the influence of 

human behavior must be considered when sketching Bitcoin future development. In order to be more 

accurate in predicting the price of bitcoin, researchers could consider and build the model to analyze 

the Google Trends of searching keyword Bitcoin from different countries and sources (when a large 

search volume occurs, this usually means that Bitcoin is in a high volatility range), the stock market 

capital flows or Federal Reverse Repurchase Agreement. These data can be compared with the price 

of Bitcoin, and examine the related pattern, thereby ensuring the reliability and stability of the whole 

trend of Bitcoin’s price. In terms of the future development of Bitcoin or the Cryptocurrency industry, 

broader and deeper data is needed to make predictions about it. In the short term, Bitcoin can only be 

used as a more rapid payment method in the case of immediate cross-border transactions. 
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