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Zt represent the growth rate of all four series by first, binding all the four data into one. 

Then take log function to convert data into log series, and lastly take the difference of the log series 

and multiply by 100 to convert into growth series of all four industries. 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The multiple time series show no sign of serial correlation between series and time frame. 

And the series seem to construct stationarity properties of constant mean and volatility. 

 

 

 

 

 

 

 

 

 

 



 

 

The VARorder function suggest the lag order 2, as the lowest possible BIC value, 

constructing the vector auto-regressive model using the Zt data with lag order 2. 



 

[

𝐼𝑃𝐷
𝐼𝑃𝑁
𝐼𝑃𝐵
𝐼𝑃𝑀

] = [

0.17248
0.18111
0.17572
0.12757

] + [

0.11876
0.02955
0.00339
0.01713

 0.2193
−0.1678
0.0539
0.1435

−0.10721
0.00916
0.1272

0.02771

 0.3384
0.0162
0.1800
0.2112

] [

𝐼𝑃𝐷𝑡−1

𝐼𝑃𝑁𝑡−1

𝐼𝑃𝐵𝑡−1

𝐼𝑃𝑀𝑡−1

]  

+ [

−0.15718
0.00042

−0.14216
0.01063

 0.1887
−0.0449
0.0250
0.1338

−0.49773
−0.00132
0.18277
0.02122

 0.10530
0.00082
0.10314

−0.06006

] [

𝐼𝑃𝐷𝑡−2

𝐼𝑃𝑁𝑡−2

𝐼𝑃𝐵𝑡−2

𝐼𝑃𝑀𝑡−2

] 

 

VAR model 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Refine VAR model 

[

𝐼𝑃𝐷
𝐼𝑃𝑁
𝐼𝑃𝐵
𝐼𝑃𝑀

] = [

0.21529
0.17730
0.18424
0.12400

] + [

0.1023
0.0348

0
0

 0
−0.155

0
0.178

0
0

0.134
0

 0.347
0

0.185
0.232

] [

𝐼𝑃𝐷𝑡−1

𝐼𝑃𝑁𝑡−1

𝐼𝑃𝐵𝑡−1

𝐼𝑃𝑀𝑡−1

]  

+ [

−0.129
0

−0.139
0

 0
0
0

0.144

−0.175
0

0.182
0

 0
0

0.102
0

] [

𝐼𝑃𝐷𝑡−2

𝐼𝑃𝑁𝑡−2

𝐼𝑃𝐵𝑡−2

𝐼𝑃𝑀𝑡−2

] 



The residuals cov-matrix are equal between VAR model and Refine-VAR model. 

 

With lag 2’s p-value, the calculated p-value is greater than 0.05 at 95% confidence interval, 

we cannot reject null hypothesis at 95% CI. Thus, the model does not contain serial correlation 

problem, the model is adequate and appropriate to use. 

 

 



 

The VARselect function suggest SC(n) criteria at lag 2, then construct 

 

 

 

 

 

 

 

 

 

 

 

 

 

The impulse response fu 

 

The impulse response from IPD affect IPD industry the most according to the IRF graph above 

The effect heavily affects IPD and slowly faded by the 3rd period. 



 

The impulse from IPN heavily affect IPN industry by the 1st period and slowly dried up by the 

2nd period. 



 

The impulse effect from IPB industry affect IPB the most, mostly positive. The effect 

slowly reduced after the 1st period and faded away by the 4th period. The impulse response function 

of IPD industries also shows slightly negative response from the impact from IPB industry during 

1st to 2nd period and faded away by the 4th period. 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The impact of IPM industry affect IPM itself the most, the impact slowly declined and 

eliminated after the 2nd period. The impulse response function of IPD and IPB also shows slight 

affected by the impact during 0 to 3rd period. However, the effect prolong to 5th period in IPD 

industry. 

 



 

The forecast error variance decomposition with 20 lags ahead, the impact from IPD 

industry affect IPD itself the most according to the statistical data above. 

 

 

 

 

 

 

 

 

 

 

 

 



The impact from IPN industry affect IPN itself the most 

 

The impact of IPB heavily influence the IPD industry the most, followed by the IPB 

industry itself according to the FEVD function above. 

 

 

 

 

 

 

 

 

 

 

 

 

Similar to IPD and IPN, the impact of IPM industry affect itself the most. 



 

 

 

 

 

 

 

  



 

 

 

 To obtain the optimal model for forecasting log returns and volatilities of Dogecoin per US 

dollars. First, importing the data available from the Yahoo Finance since January 1st, 2015, to May 

24th, 2021. Selecting the adjusted price in the 6th column of the data and convert the data into log 

price using log(x) command function. After obtaining log price of Doge-coin/US dollars, taking 

the difference between log price in a daily frequency to acquire the log return of Doge-coin. As 

illustrated in the figure above. With some NAs produced during the process of transforming the 

data, omitting NAs is require in order to procced to the finding optimal model for Dogecoin data, 

by using na.omit function. 

 After obtaining processed data, using partial auto-correlation function, auto regressive and 

auto arima function order to identify optimal lag for the model, the suggestion in AR and auto 

arima function are difference. However, auto arima function suggest the lag with lowest possible 

BIC value according to the BIC criteria at lag 3 with Autoregressive and Moving Average model 

at lag 3 with BIC value equal to 15976.33. Constructing ARMA model (3,0,3) using arima function 

for mean model. 

𝐷𝑂𝐺𝐸𝑡 =   
0.3246

(0.1685)
−0.1365𝐷𝑂𝐺𝐸𝑡−1 

(0.2863)
−0.6177 𝐷𝑂𝐺𝐸𝑡−2

(0.1375)
 
0.2899𝐷𝑂𝐺𝐸𝑡−3

(0.2476)
−0.1575𝑎𝑡−1 

(0.2920)
 

                      
−0.668𝑎𝑡−2 

(0.1342)
+0.2124𝑎𝑡−3

(0.2587)
+ 𝑎𝑡  

 Proceeding to performing T-test to identify the significant of mean with null hypothesis: 

mean is equal to zero, and alternative hypothesis: mean is significantly differed from zero. The 

calculated p-value = 0.03448, less than 0.05. Thus, we can reject null hypothesis in favor of 



alternative hypothesis at 95% confidence interval, mean of Dogecoin is significantly differ from 

zero. In addition, performing Ljung-Box test on both residuals and squared residuals of Dogecoin 

for linear and non-linear dependence of the data. The calculated p-value for Ljung-box test on 

residual = 0.0026, we can reject null hypothesis: the data contains linear dependence problem at 

95% confidence interval. Therefore, the data does not contain linear dependence problem. On the 

contrary, Ljung-Box test on squared residuals of log return of Dogecoin, calculated p-value is less 

than 0.05, rejecting null hypothesis: data contains ARCH effect in favor of alternative hypothesis 

at 95% confidence interval. The log return series of Dogecoin contains ARCH effect. 

 

 

 

 

 

 Due to the occurrence of ARCH effect in the series, constructing GARCH model to 

eliminate ARCH effect on the series. Firstly, constructing ARMA (3,3) and GARCH (1,1) model 

represented by G1. The model is inadequate, and the distribution is unequal in the first model (G1). 

Furthermore, constructing ARMA (3,3) and GARCH (1,1) with condition distribution = std in 

attempt to create adequacy and normal distribution represented in G2. The second model could not 

construct the adequacy and the mean model is insignificant. Reducing ARMA lag to create 

significant in the mean model, G3 and G4 represents model with lower lag of ARMA. 

Nevertheless, G3 and G4 could not construct the significant mean model according to the Ljung-

Box test on the residuals of both models. The fifth model constructed with pure GARCH and 

conditional distribution=std represented in G5. The model indicates significant means and variance 

model at 99% confidence interval, adequate and significant for forecasting mean and volatility of 

the Dogecoin log return series. 

𝑚𝑒𝑎𝑛 =  
−0.13885
(0.05137)

 

𝑣𝑎𝑟𝑎𝑖𝑛𝑐𝑒 =  
1.41763

(0.12416)
+

0.55619𝑎𝑡−1

(0.02888)
 

 

  



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Using the suggestion from VARorder function by using lag 1 as the optimal lag with 

lowest possible BIC value to construct VAR model with lag =1. 

 

 

 

 



 

VAR model: 

[
𝑈𝑆
𝐶𝐴
𝑈𝐾

] = [
0.30676
0.06166
0.22500

] + [
0.1475 0.1667 0.335
0.3732 0.2238 0.285
0.0839 0.0604 0.461

] [
𝑈𝑆𝑡−1

𝐶𝐴𝑡−1

𝑈𝐾𝑡−1

] 

Refine VAR model with threshold at 1.645 

[
𝑈𝑆
𝐶𝐴
𝑈𝐾

] = [
0.33811

0
0.28175

] + [
0 0.239 0.378

0.393 0.236 0.302
0 0 0.526

] [
𝑈𝑆𝑡−1

𝐶𝐴𝑡−1

𝑈𝐾𝑡−1

] 

 

 

 

 

 

 

 

The Ljung-Box statistic at lag 1 indicates the significant of the model. We cannot reject 

null hypothesis at 95% confidence interval; thus, the model does not contain serial correlation 

problem and adequate to use. 

 



 

 

 

 

 The impact on the changes in US real gross domestic product (GDP) affect US real GDP 

itself the most, followed by Canada and poses slightly effect on UK real GDP as well, mostly 

positive effects. The impulse response function indicates the impulse impact are mostly extended 

to 10th period after the initial impact at a declining rate after 2nd period. 

 

 

 



 

 The impact from changes in Canada real GDP affect Canada itself the most, similar to 

Orthogonal impulse response from US. However, the shocks slight impose impact on US and UK 

unlike Us. In addition, the impulse effect also extended to the 10th period with declining rate after 

2nd period. 

 



 

 

 

 The impulse response from UK shows that the impact significantly impacts UK, at a 

larger scale than the first 2 IRF. Shock from changes in UK real GDP heavily influence US and 

Canada real GDP and the period of the impact has been prolonged to 10th period as well but at a 

much slower declining rate than the other IRF. 

 





 

The forecast error variance decomposition indicates that most of the shocks generated by 

each country impact itself the most according to the fevd function above. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Then performing Engle-G

ranger cointegration test. 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

𝐷𝑈𝐾 = 5.906𝑒2 + 0.5748𝐷𝑈𝐾𝑡−1 − 6.933𝑒−8𝐷𝐶𝐴𝑡−1 + 3.772𝐷𝑈𝑆𝑡−1 + 2.443𝑒𝑡−1
^ + ℰ𝑡 



 

𝐷𝑈𝑆 = 34.14 + 0.01781𝐷𝑈𝐾𝑡−1 − 1.769𝑒−9𝐷𝐶𝐴𝑡−1 + 0.09813𝐷𝑈𝑆𝑡−1 + 0.02336𝑒𝑡−1
^ + ℰ𝑡 

 



𝐷𝐶𝐴 = 2.541𝑒8 + 3.747𝑒5𝐷𝑈𝐾𝑡−1 + 0.1886𝐷𝐶𝐴𝑡−1 + 9.414𝑒6𝐷𝑈𝑆𝑡−1 + 0.02336𝑒6𝑒𝑡−1
^

+ ℰ𝑡 

 

 

𝐷𝑈𝐾 = 5.906𝑒2 + 0.5748𝐷𝑈𝐾𝑡−1 − 6.933𝑒−8𝐷𝐶𝐴𝑡−1 + 3.772𝐷𝑈𝑆𝑡−1 + 2.443𝑒𝑡−1
^ + ℰ𝑡 

𝐷𝑈𝑆 = 34.14 + 0.01781𝐷𝑈𝐾𝑡−1 − 1.769𝑒−9𝐷𝐶𝐴𝑡−1 + 0.09813𝐷𝑈𝑆𝑡−1 + 0.02336𝑒𝑡−1
^ + ℰ𝑡 

𝐷𝐶𝐴 = 2.541𝑒8 + 3.747𝑒5𝐷𝑈𝐾𝑡−1 + 0.1886𝐷𝐶𝐴𝑡−1 + 9.414𝑒6𝐷𝑈𝑆𝑡−1 + 0.02336𝑒6𝑒𝑡−1
^

+ ℰ𝑡 

 


