
 

Liquor Sales: Time Series Analysis Project               Wang, Xu, Fang 

TABLE OF CONTENTS 

1. Introduction 2 

2. Data Exploratory Analysis 3 

3. Data Transformation 5 

3.1 Variance Improve ………………………………………………………………. 5 

3.2 De-Trend  ………………………………………………………………………. 6 

3.3 Deseasonalization ……………………………………………………………… 6 

3.4 Check with Dickey-Fuller Test ………………………………………………… 7 

4. Model Identification 7 

4.1 Preliminary Identification ……………………………………………………… 7 

4.2 Model Selection ………………………………………………………………… 8 

5. Parameter Estimation 8 

6. Diagnostics Check (Model Adequacy) 9 

6.1 Independence / Correlation ……………………………………………………..        9 

6.2 Normality ……………………………………………………………………….      10 

6.3 Constant Variance of Errors …………………………………………………….      11 

6.4 Final Model Selection …………………………………………………………..      12 

7. Spectral Analysis            12 

7.1 Periodogram …………………………………………………………………….      12 

7.2 Fisher’s Test …………………………………………………………………….      15 

7.3 Kolmogorov-Sminov Test ………………………………………………………      15 

8. Forecasting            15 

9. Further Extension            17 

10. Conclusion            18 

11. References            19 

12. Appendix            19 

1   



 

Liquor Sales: Time Series Analysis Project               Wang, Xu, Fang 

ABSTRACT 

In the contemporary society, more and more people regard liquor as an indispensable good              
during their break time and also an agent to help them relax their emotions. In order to establish                  
a better understanding on the amount of liquor people buy during previous decades, we obtain               
monthly data from FRED website from year 1992 to 2018, and construct the following time               
series project to analyse it. We utilize transformation and differentiation to gain the stationary              
data, and fit a SARIMA model possessing a low AICc and BIC value. Based on the diagnostic                 
criterias and spectral analysis, we select the final best model and perform a forecast from Jan.                
1st, 2017 to Dec.1st, 2017. Since the comparison between forecast data and observed data lied               
within the 95% confidence interval, it is reasonable to believe that our model is appropriate and                
accurate. 

1 INTRODUCTION  

Based on research, drinking small quantities of alcohol could help people decrease risk of heart               
disease, stroke, diabetes mellitus and early death. Additionally, in our daily life, even though              
people do not know these merits of liquor, a number of people still love alcohol. Sometimes,                
people regard drinking alcohol as a pattern of life. Therefore, liquor, as one of the most popular                 
consumptions of daily life, possesses both the trading potential and collection value. In order to               
obtain a more comprehensive understanding of the liquor market, we analyzed the data of              
merchant wholesalers of beer, wine, and distilled alcoholic beverages sales. Through such a             
indepth research, we aim at constructing a time series model, by using R software, to predict the                 
future liquor market growth, which acts as valuable investment references. 

The data we use gives general information about the purchase level of people on liquors in the                 
United States ranging from January 1st, 1992 to August, 1st 2018. This data is updated and                
specific enough, since it is monthly based, for us to use with n=320. When we plot the original                  
data, it is easy to observe a upward trend and seasonality with each 12 lag from it. To correct                   
high variance, we use Box-Cox, moreover, to remove trend and seasonality, we need a              
differentiation at lag 1 and a differentiation at lag 12. We check variance of each step to verify if                   
our decision is appropriate. We identify 9 SARIMA models based on time series techniques and               
choose 2 suitable models after using AIC and BIC criteria. We then use MLE method to evaluate                 
the coefficients. In order to select the best model, we perform diagnostic checks to examine the                
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independence, normality, and constant variance of errors criterias. Based on the previous            
analysis, we select the final model as SARIMA(2,1,2)×(2,1,1)12. Moreover, we execute spectral            
analysis based on our date to examine its periodic behavior and confirm that the residual of this                 
data is Gaussian White Noise by using Fisher’s Test and Kolmogorov-Smirnov Test. At the end,               
we generate 12-month future values as forecast, and compare its trend with the observed real               
data. Since the forecast data and the real data possess significantly similar trend and value               
within the 95% confidence interval, we can conclude that our final model is reasonable and               
feasible. 

2 DATA EXPLORATORY ANALYSIS  

We select data from the FRED website that includes two variables. The x-axis is monthly dates                
from Jan 1st, 1992 to Aug 31th, 2018. The y-axis is Merchant Wholesalers of Non Durable                
Goods (beer, wine, distilled alcoholic beverages) Sales in millions of dollars. We originally have              
320 observations, but we eliminate the last 20 values in order to compare our forecast data with                 
the real data later. 

 

Figure 2.1 Original Data Plot 
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There is an upward trend with growth of years. We can also observe that there is a seasonality                  
between each 12-data interval, which indicates a year range. Thus, we plot a seasonal graph to                
better demonstrate the seasonal pattern. 

 

Figure 2.2 Seasonal Plot of Original Data 

 

We notice that sales in Jan and Feb are usually lower than other months, and there are some                  
similar fluctuation patterns between each year. Generally, there are higher points in Jun and Dec,               
which may be affected by summer vacations and holidays, when people are more likely to               
purchase alcohol to hold a party or have fun with friends. 

Moreover, we made the decomposition graph  to further identify the components of original data. 
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Figure 2.2 Decomposition Plot 

As for the original data at the top, it has a general trend that increases smoothly and steadily. The                   
subsequent plots prove that there is a similar seasonality pattern each year. 

Since the data is non-stationary, we then perform the transformation and differentiation. 

3 DATA TRANSFORMATION  

We transform the data using Box-Cox standard and differentiate the data at lag 1 and lag 12 to                  
remove trend and seasonality. 

3.1 Variance Improve 

According to Figure 3.1.1, we performed Box-Cox Transformation, Log transformation and           
Square root transformation. Since we find a similar linear trend in all plots, we use Box-cox                
function in R to obtain λ, which indicated that λ=0.2626263. We then plug the λ to the equation                  
V(t)=(Y*λ−1)/λ. 
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Figure 3.1.1 Box-Cox Transformed data 

After the Box-Cox transformation, the variance is reduced to 15.23286, which is smaller than the               
variance of original data, 8112106. In order to minimize the variance, we then differentiate the               
transformed data at lag 1. 

3.2 De-Trend 

First, we try to remove the trend by applying the differentiation with formula Wt = ∇V t = V t −                   
V t−1. To testify whether we are on the right track, we check the variance again and get 2.561723,                  
which is smaller than 15.23286. 

 

         Figure 3.2.1 Differenced Plot at Lag 1                  Figure 3.2.2 Differenced Plot at Lag 12 

3.3 Deseasonalization 

Since seasonality is still exist in the above graph, we apply another differentiation at lag 12 based                 
on what we have at the moment. Therefore, the formula becomes Wt = ∇12∇V t. We checked                

6   



 

Liquor Sales: Time Series Analysis Project               Wang, Xu, Fang 

variance equals 0.5915407, which decreased again.  

Figure 3.2.2 has no trend or seasonality at all, which looks appropriate. In order to testify the                 
reliability of the graph, we differentiate it again at lag 1 to see the variance change. The answer                  
we get is 1.874655, which is bigger than 0.5915407. Thus, there is no need for further                
differentiation. 

3.4 Check with Dickey-Fuller Test 

This Dickey-Fuller test helps us check whether our data is stationary. The null hypothesis is that                
a unit root is present in this time series sample, which means non-stationarity; the alternative               
hypothesis indicates stationarity. We get p-value=0.01 which is smaller than 0.05, so we reject              
the null at ɑ=0.05 and conclude that we now have a stationary model. 

4 MODEL IDENTIFICATION  

4.1 Preliminary Identification 

We plot the ACF and PACF graph of our stationary model. Obviously, the ACF tails off                
exponentially and there are spikes at multiple of 12 in PACF with a lowest spike at lag 1.                  
However, it is hard to recognize P or Q from this step.  

 

Figure 4.1.1 Sample ACF and Sample PACF 

Thus we use the auto.arima function in R on original data to find out the seasonal components of                  
the model. We acquire ARIMA(2,1,2)(2,1,1) [12] and ARIMA(2,1,0)(2,1,1)[12].  
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4.2 Model Selection 

We use criteria AIC and BIC to select the best models from stationary data. The lowest value in                  
AIC and BIC indicates the appropriate models. From the result above, we acknowledge the              
highest number of p and q are both 2. Then we construct the matrix of AIC and BIC. The                   
Akaike’s information criterion (AICc) gives us best model when p=2, q=2 as below: 

 

Figure 4.2.1 AIC Matrix 

The Bayesian Information Criterion (BIC) is lowest when p=2, q=0, as below: 

 

Figure 4.2.2 BIC Matrix 

According to the results, we select SARIMA(2,1,2)×(2,1,1)12 and SARIMA(2,1,0)×(2,1,1)12 as          
two plausible data. 

5 PARAMETER ESTIMATION  

Since we already obtained two best models, we fit and estimate the coefficients based on MLE                
method.  Coefficients are shown as below: 
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We have models where Wt = ∇12∇Vt, V(t)=(Y*(0.2626263)−1)/0.2626263  

SARIMA(2,1,2)×(2,1,1)12  

 ar1   ar2   ma1  ma2  sar1   sar2   sma1 
 

-0.9108  -0.6238  -1.0882  0.0882  0.3743  -0.3045  -0.8044 

Table 5.1.1 

(1+0.9108B+0.6238B^2)(1-0.3743B^12-0.3045B^24)Wt=(1-1.0882B)(1+0.0882B^2)(1 
-0.8044B^12)Zt 

 

SARIMA(2,1,0)×(2,1,1)12 

    ar1    ar2            sar1  sar2   sma1 

 

-1.1563   -0.7691  0.4134  -0.3659  -0.7948 

Table 5.1.2  

(1-1.1563B+0.7691B^2)(1-0.4134B^12+0.3659B^24)Wt = (1-0.7948B)Zt 

Compare two models, since the second model has coefficient smaller than -1, we consider the               
first model as a better one. 

6 DIAGNOSTICS CHECK (MODEL ADEQUACY)  

In order to obtain the final “best” model, we compare the two fitted model by performing the                 
diagnostic checks, including independence (correlation), normality, and constant variance of          
errors. The diagnostics checks verify the validity of models, so that we can select the better                
model and construct the forecasting. 

6.1 Independence / Correlation 

In order to detect the independence of each model, we utilized Box-Ljung test and Box-Pierce               
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test at ɑ=0.05. According to the result in Table 6.1, the first model possess Box-Ljung p-value >                 
0.05 and Box-Pierce p-value > 0.05, so we don’t reject the null hypothesis, i.e. the residuals are                 
independent (serially uncorrelated). However, the second model possesses Box-Ljung p-value <           
0.05 and Box-Pierce p-value < 0.05, so we reject the null hypothesis. Since only the model 1                 
residuals are independent from their lagged values, we prefer it as the better time series. 

Null Hypothesis: Residuals are Independent (Serially Uncorrelated) 
Alternative Hypothesis: Residuals aren’t Independent (Serially Correlated) 

 Box-Ljung P-Value Box-Pierce P-Value 

Model 1 0.984 0.9841 

Model 2 1.235e^-6 1.402e^-6 

Table 6.1.1 Box-Ljung Test and Box-Pierce Test 

6.2 Normality  

First, we construct the histogram and the normal QQ-plot for each of the standardized residuals.               
According to Figure 6.1, the histograms of both models are generally symmetric and corresponds              
to the normal distribution histogram. As for the QQ-plots, both models possess points roughly lie               
on the straight line on 45 degree line, which indicates he normal distribution of errors. 

                         

                              

Figure 6.2.1 Histogram and QQ-Plot of Each Model 
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Second, we perform the Shapiro-Wilk normality test at ɑ=0.05. According to the result in Table               
6.2, both models possess p-value > 0.05, so we don’t reject the null hypothesis, i.e. the residuals                 
are normally distributed. 

Null Hypothesis: Residuals are Normally Distributed 
Alternative Hypothesis: Residuals aren’t Normally Distributed 

 W Statistics P-Value 

Model 1 0.99547 0.5694 

Model 2 0.99607 0.6939 

Table 6.2.1 Shapiro-Wilk Normality Test 

Therefore, both models possess normality of errors. 

6.3 Constant Variance of Errors  

In order to confirm that the models possess constant variance of errors, we checked              
Heteroskedasticity, which violates the constant error variance assumptions. According to the           
ACF and PACF plots in Figure 6.2, although some results excess the 95% of the White Noise                 
limits due to seasonality and outliers, both model possess most of ACF and PACF values lie                
within the 95% boundary. 

 

 

Figure 6.3.1 Fit 1 ACF and PACF 
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Figure 6.3.2 Fit 2 ACF and PACF 

Therefore, we reject the Heteroskedasticity possibility and conclude that both models possess            
constant variance of errors. 

6.4 Final Model Selection 

Based on the diagnostic checks, model 1 fulfills the independence, normality, and constant             
variance criterion, which is an adequate fit. However, since model 2 violates the independence              
assumption, we reject it. Therefore, we select model 1 SARIMA(2,1,2)×(2,1,1)12 as our final             
model, with the equation: 

(1+0.9108B+0.6238B^2)(1-0.3743B^12-0.3045B^24)Wt=(1-1.0882B)(1+0.0882B^2)(1 
-0.8044B^12)Zt 

7 SPECTRAL ANALYSIS  

Here, we decompose the time series into a combination of a sine function and a cosine function,                 
which has its own frequency and amplitude. In other words, we do spectral analysis in the                
“frequency domain”, which helps us to examine the periodic behavior of the time series.  

7.1 Periodogram 

The periodogram graph helps us to estimate the spectral frequency. According to the frequency,              
we can explain the periodic pattern of our data. In the next step, we will identify the dominant                  
frequencies by fitting our data into the following model: 

       X t = μ + ∑(A j*cos2πν jt + Bj*sin2πν jt),   [ ν = frequency ] 
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Since it is necessary to plot the periodogram based on the stationary data, we choose the                
deseasonalized and detrended “diff2alcohol,” which possesses a constant variance.  

According to the periodogram in Figure 7.1, it is obvious that we have two relatively higher lines                 
indicating the most significant ν j among all the v, which can be utilized to find the corresponding                 
A j and  B j.  

From the periodogram, we found the dominant v j : ν1=0.3484321 and ν2=0.4320557. 

 

       Figure 7.1.1 Periodogram on the Stationary Data  

Then, we use regression to find the corresponding A j and B j : 

              j                   Aj                Bj 

1   -0.62539           -0.4443 

2     -0.09002           0.39916 

Table 7.1.1 Table of Coefficients 

From Table 7.1.2,  we get the μ= 0.00459. Hence, our final model is:  

       X t ≈0.00459-0.62539*cos(2𝜋*0.3484321t)-0.4443*sin(2𝜋*0.3484321t) 

-0.09002*cos(2𝜋*0.4320557t)+0.39916*sin(2𝜋*0.3484321t) 

 

13   



 

Liquor Sales: Time Series Analysis Project               Wang, Xu, Fang 

Moreover, we get the R^2 value = 0.6362, which means that 63.62% variability can be explained                
by our model when we choose two most significant frequency according to the periodogram plot.               
The value is reasonable for this model when we use two most significant frequency. Moreover,               
we compare the plots of the  usual data and the data from using spectral techniques:  

 

           

    Table 7.1.2 Linear Model Summary Table 

 

                                                        Figure 7.1.2 Comparison Plot 
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7.2 Fisher’s Test 

After evaluating the periodogram, we use the deseasonalized and detrended residuals of our final              
model in the fisher’s test to check the presence of hidden periodicities with unspecified              
frequency. According to the R calculation, we get the P-value = 0.05242953, which is larger than                
0.05. Thus, we reject the H0. Since our model passes the test, we conclude that there is no hidden                   
periodicities in our data and the residuals follow the Gaussian White Noise. 

7.3  Kolmogorov-Smirnov Test 

In order to double-check whether our final model residuals follow the Gaussian White Noise, we               
then use the Kolmogorov-Smirnov Test. According to Figure 7.3.1, we can see that there is no                
value overbonds the boundaries, which indicates that our final model passes the test. Therefore,              
the residuals are Gaussian White Noise.  

 

                                          Figure 7.3.1 Kolmogorov-Smirnov Test Plot 

8 FORECASTING  

Based on the previous steps, we successfully estimated all parameters of our model. In order to                
predict the future development, we forecast 12 values ahead, which covers the merchant             
wholesalers of beer, wine, and distilled alcoholic beverages sales from Jan. 1st, 2017 to Dec.1st,               
2017.  

Figure 8.1.1 indicates the forecast of transformed data and Figure 8.1.2 indicates the forecast of               
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original data. Red points represents the 12 forecast values, and the blue dashed lines construct               
the 95% confidence interval boundaries. 

In order to compare the forecast and the real data, we zoom the Figure 8.1.2 and added observed                  
real data points, indicated as green, to construct Figure 8.1.3. According to Figure 8.1.3, it shows                
that our forecast trend correspond to the observed trend, all data points lie within the confidence                
interval, and some points overlap. Both data possess similar peak and nadir, revealing the boom               
season during June and December, the slack season during January and February, and the              
fluctuation during other months. 

 

Figure 8.1.1 Forecast of Transformed Data 

 

Figure 8.1.2 Forecast of Original Data 
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Figure 8.1.3 Comparison Between Observed Data and Forecast Data 

Therefore, it is reasonable to conclude that our final model is a successful fit, which is capable to                  
generate accurate future predictions. 

9 FURTHER EXTENSION 

Generally, our model can act as an effective reference for companies to adjust their marketing               
strategies under a stable situation. Although our prediction is relatively precise for forecast of 12               
months, we believe that we can make further enhancement by eliminating the influence of some               
external problems.  

Concerning the legal-drinking-age of 21 in America, we realize that government policies may             
influence the liquor market sharply. If the government strengthen the liquor management policy,             
the liquor market may shrink largely. Therefore, in order to obtain a more precise prediction               
model, we should take government movements in to consideration 

Moreover, since alcohol possesses both a thousands of years history and a promising             
development space, we think the 25-year data isn’t a big enough sample, which may potentially               
influence the results. 

If we have extra time and information, we believe that we will make further enhancement on our                 
project.  
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10 CONCLUSION  

For this project, we successfully achieve our goal of constructing a time series model to explain                
the liquor market in America from January 1st, 1992 to August, 1st 2018. We find there is a                  
upward trend in liquor amount, which can be caused by not only the increase in population but                 
also the improvement of varieties and development of qualities that the market made. We use               
auto.arima function, AIC and BIC to determine appropriate models. After diagnostic evaluation,            
we choose final model as (1 + 0.9905B+0.5839B^2)(1 + 0.2296B^12- 0.3752B^24)Wt = (1 −              
0.5839B)(1 −0.0393B^2)(1 -0.8037B^12)Zt and Zt equals N(0,0.1336),Wt = ∇12∇Vt where          
V(t)=(Y*(0.2626263)−1)/0.2626263. After analysis, we made the prediction for its future          
development during the next year (12 months). Based on our forecast, we observe that the whole                
trend is generally upward with increasing range of fluctuation, indicating that the wholesale trade              
increase year after year. As for each year, the peak emerges during June and December, and the                 
valley happens during January and February, which may reasonably result from student            
vacations and new-year celebrations. We appreciate the help and guidance from professor Bapat             
and teaching assistant Nicole. 
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12 APPENDIX 

library(readxl) 

library(MASS) 

library(tseries) 

library(qpcR) 

library(sarima) 

library(ggplot2) 

library(stats) 

library(TSA) 

library(GeneCycle) 

# Import Data 

setwd("~/Desktop/") 

Alcohol<-read_excel("~/Desktop/Alcohol.xls") 

View(Alcohol) 
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# Transfer Data to Time Series 

Alcohol1<-ts(Alcohol[,2], frequency=12) 

# Plot Alcohol1 as {Yt} 

plot(Alcohol1, xlab="Year Interval", ylab="Millions of Dollars", main="Merchant 
Wholesalers") 

# Seasonal Plot 

seasonplot(Alcohol1, 12, season.labels=NULL, col=rainbow(5), year.labels=TRUE, 
main="Seasonal Plot of Original Data") 

# Decomposition Model 

autoplot(decompose(Alcohol1), main="Decomposition Plot", xlab="Year") 

# Data Transformation 

# Box-Cox Check for lambda 

require(MASS) 

bcTransform<-boxcox(Alcohol1~as.numeric(1:length(Alcohol1)), plotit=TRUE, 
lambda=seq(-2,2,1/10), xlab=expression(lambda), ylab="Log-Likelihood") 

lambda<-bcTransform$x[which(bcTransform$y ==max(bcTransform$y))] 

lambda 

## [1] 0.2626263 
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1.  

# Compare Different Transformations 

Alcohol1bc<-(1/lambda)*(Alcohol1^lambda-1) 

# Alcohol1bc<-Alcohol1^lambda 

Alcohollog<-log(Alcohol1) 

Alcoholsqrt<-sqrt(Alcohol1) 

#op<-par(mfrow=c(1,3)) 

ts.plot(Alcohol1bc, main="Box-Cox Transformation") 

ts.plot(Alcohollog, main="Log Transformation") 

ts.plot(Alcoholsqrt, main="Sqrt Transformation") 

var(Alcohol1) 

##                  8112106 

# Use Differentiation to Remove Seasonality and Trend 

Alcoholbc<-ts(Alcohol1bc[1:300]) 

var(Alcohol1bc) 
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##                 15.23286 

# First Differentiation Remove Trend 

diffAlcohol<-diff(Alcoholbc, 1) 

ts.plot(diffAlcohol, main="Differenced Data at Lag=1", 
ylab=expression(paste(nabla[1],Yt^(0.2626263)))) 

var(diffAlcohol) 

## [1] 2.561723 

# Second Differentiation Remove Seasonality 

diff2Alcohol<-diff(diffAlcohol, 12) 

ts.plot(diff2Alcohol, main="Second Differenced Data at Lag=12", 
ylab=expression(paste(nabla[12],nabla,Yt^(0.2626263)))) 

var(diff2Alcohol) 

## [1] 0.5915407 

# Third Differentiation Check 

diff3Alcohol<-diff(diff2Alcohol, 1) 

ts.plot(diff3Alcohol, main="Third Differenced Data at Lag=1", 
ylab=expression(paste(nabla,nabla[12],nabla,Yt^(0.2626263)))) 

var(diff3Alcohol) 

## [1] 1.874655 

# ADF Test 

adf.test(diff2Alcohol) 

##  Augmented Dickey-Fuller Test 

## data:  diff2Alcohol 
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## Dickey-Fuller = -7.7536, Lag order = 6, p-value = 0.01 

## alternative hypothesis: stationary 

# Model Identification 

# Plot ACF and PACF 

acf(diff2Alcohol, lag.max =300, main="Sample ACF")  

pacf(diff2Alcohol, lag.max =300, xlim=c(0,80), main="Sample PACF") 

# Check AIC 

auto.arima(Alcohol1) 

## Series: Alcohol1  

## ARIMA(2,1,2)(2,1,1)[12]  

## Coefficients: 

##           ar1      ar2     ma1      ma2    sar1    sar2     sma1 

##       -1.0135  -0.5159 -0.0069  -0.3459  0.3474 -0.3080  -0.5905 

## s.e.   0.1092   0.0730  0.1213   0.1422  0.0825  0.0675   0.0592 

## sigma^2 estimated as 101469:  log likelihood=-2205.3 

## AIC=4426.6   AICc=4427.08   BIC=4456.41 

auto.arima(Alcohol1, stepwise=FALSE, approximation=FALSE) 

## Series: Alcohol1  

## ARIMA(2,1,0)(2,1,1)[12]  

## Coefficients: 

##           ar1      ar2   sar1     sar2     sma1 

##       -0.9554 -0.6267  0.3173  -0.2719 -0.5781 
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## s.e.   0.0529   0.0510 0.0859   0.0674   0.0638 

## sigma^2 estimated as 104021:  log likelihood=-2209.67 

## AIC=4431.34   AICc=4431.62   BIC=4453.7 

#Model Selection by AICc 

AICc <-as.numeric(diff2Alcohol) 

aiccs<-matrix(NA,nr=3,nc=3) 

dimnames(aiccs)=list(p=0:2,q=0:2) 

for(p in0:2){ 

  for(q in0:2){ 

    aiccs[p+1,q+1]=AICc(arima(Alcoholbc,order=c(p,0,q),method="ML")) 

  } 

} 

rownames(aiccs) <-c("p = 0", "p = 1", "p = 2") 

colnames(aiccs) <-c("q = 0", "q = 1", "q = 2") 

aiccs 

(aiccs==min(aiccs)) 

BIC <-as.numeric(diff2Alcohol) 

biccs<-matrix(NA,nr=3,nc=3) 

dimnames(biccs)=list(p=0:2,q=0:2) 

for(p in0:2){ 

  for(q in0:2){ 

    biccs[p+1,q+1]=BIC(arima(diff2Alcohol,order=c(p,0,q),method="ML")) 
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  } 

} 

rownames(biccs) <-c("p = 0", "p = 1", "p = 2") 

colnames(biccs) <-c("q = 0", "q = 1", "q = 2") 

biccs 

(biccs==min(biccs)) 

fit1<-arima(diff2Alcohol, order=c(2,1,2), seasonal =list(order=c(2,0,1), period =12), 
method="ML") 

fit1 

## Call: 

## arima(x = diff2Alcohol, order = c(2, 1, 2), seasonal = list(order = c(2, 0,  

##     1), period = 12), method = "ML") 

## Coefficients: 

##           ar1      ar2     ma1     ma2   sar1     sar2     sma1 

##       -0.9108 -0.6238  -1.0882  0.0882 0.3743  -0.3045  -0.8044 

## s.e.   0.0936   0.0705  0.1316  0.1293  0.0710  0.0701   0.0469 

## sigma^2 estimated as 0.1371:  log likelihood = -134.22,  aic = 282.44 

fit2<-arima(diff2Alcohol, order=c(2,1,0), seasonal =list(order=c(2,0,1), period =12), 
method="ML") 

fit2 

## Call: 

## arima(x = diff2Alcohol, order = c(2, 1, 0), seasonal = list(order = c(2, 0,  

##     1), period = 12), method = "ML") 
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## Coefficients: 

##           ar1      ar2   sar1     sar2     sma1 

##       -1.1563 -0.7691  0.4134  -0.3659 -0.7948 

## s.e.   0.0393   0.0397 0.0655   0.0620   0.0440 

## sigma^2 estimated as 0.2511:  log likelihood = -216.55,  aic = 443.1 

# Diagnostics - Independence / Correlation 

## Fit 1 

Box.test(residuals(fit1), type="Ljung") 

##  Box-Ljung test 

## data:  residuals(fit1) 

## X-squared = 0.00040243, df = 1, p-value = 0.984 

Box.test(residuals(fit1), type="Box-Pierce") 

##  Box-Pierce test 

## data:  residuals(fit1) 

## X-squared = 0.00039826, df = 1, p-value = 0.9841 

## Fit 2 

Box.test(residuals(fit2), type="Ljung") 

##  Box-Ljung test 

## data:  residuals(fit2) 

## X-squared = 23.522, df = 1, p-value = 1.235e-06 

Box.test(residuals(fit2), type="Box-Pierce") 

##  Box-Pierce test 
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## data:  residuals(fit2) 

## X-squared = 23.278, df = 1, p-value = 1.402e-06 

# Diagnostics - Normality 

resid1<-residuals(fit1) 

resid2<-residuals(fit2) 

op<-par(mfrow=c(2,2)) 

## Fit 1 

hist(resid1, main="Fit 1 Histogram") 

qqnorm(resid1) 

qqline(resid1) 

shapiro.test(resid1) 

##  Shapiro-Wilk normality test 

## data:  resid1 

## W = 0.99547, p-value = 0.5694 

## Fit 2 

hist(resid2, main="Fit 2 Histogram") 

qqnorm(resid2) 

qqline(resid2) 

shapiro.test(resid2) 

##  Shapiro-Wilk normality test 

## data:  resid2 

## W = 0.99607, p-value = 0.6939 
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## Fitted Residuals Plot 

ts.plot(resid1, main ="Fitted Residuals 1") 

ts.plot(resid2, main ="Fitted Residuals 2") 

# Diagnostics - Constant Variances 

# Plot Diagnostics of Fit 1 Residuals 

op<-par(mfrow=c(2,2)) 

## ACF 

acf(resid1, main="Fit 1 Autocorrelation") 

## PACF 

pacf(resid1, main="Fit 1 Partial Autocorrelation") 

# Plot Diagnostics of Fit 2 Residuals 

op<-par(mfrow=c(2,2)) 

## ACF 

acf(resid2, main="Fit 2 Autocorrelation") 

## PACF 

pacf(resid2, main="Fit 2 Partial Autocorrelation") 

# Data Forecasting 

## Choose Model 1 as the Final Model 

## Predict 12 Future Observations for Transformed Data and Plot 

require(graphics) 

finalfit<-arima(Alcoholbc, order=c(2,1,2), seasonal =list(order=c(2,1,1), period =12), 
method="ML") 

foreAlcohol<-predict(finalfit,n.ahead=12) 
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Ufore=foreAlcohol$pred+1.96*foreAlcohol$se 

Lfore=foreAlcohol$pred-1.96*foreAlcohol$se 

ts.plot(Alcoholbc, xlim=c(1, length(Alcoholbc)+12), ylim=c(0, max(Ufore))) 

lines(Ufore, col="blue", lty="dashed") 

lines(Lfore, col="blue", lty="dashed") 

points((length(Alcoholbc)+1):(length(Alcoholbc)+12), foreAlcohol$pred, col="red") 

## Predict 12 Future Observations for Original Data and Plot 

Alcohol2<-ts(Alcohol1[1:300]) 

orAlcohol<-(((lambda*foreAlcohol$pred)+1))^(1/lambda) 

U=(lambda*(Ufore)+1)^(1/lambda) 

L=(lambda*(Lfore)+1)^(1/lambda) 

ts.plot(Alcohol2, xlim=c(1, length(Alcohol2)+12), ylim=c(0,max(U))) 

lines(U, col="blue", lty="dashed") 

lines(L, col="blue", lty="dashed") 

points((length(Alcohol2)+1):(length(Alcohol2)+12), orAlcohol, col="red") 

# Comparison Between Original and Forecast Data 

foreAlcohol 

## $pred 

## Time Series: 

## Start = 301  

## End = 312  

## Frequency = 1  
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##  [1] 38.10258 40.00445 41.39823 41.06617 42.30992 42.79333 40.87214 

##  [8] 42.38129 41.46251 41.78153 42.32234 43.54766 

## $se 

## Time Series: 

## Start = 301  

## End = 312  

## Frequency = 1  

##  [1] 0.3655493 0.3657113 0.3713694 0.4264562 0.4270175 0.4444225 0.4637489 

##  [8] 0.4681594 0.4849199 0.4960784 0.5041436 0.5175857 

ts.plot(Alcohol2, xlim=c(length(Alcohol2), length(Alcohol2)+12), ylim=c(0,max(U))) 

lines((length(Alcoholbc)+1):(length(Alcoholbc)+12), U, col="blue", lty="dashed") 

lines((length(Alcoholbc)+1):(length(Alcoholbc)+12), L, col="blue", lty="dashed") 

points((length(Alcoholbc)+1):(length(Alcoholbc)+12), Alcohol1[301:312], col="green") 

points((length(Alcoholbc)+1):(length(Alcoholbc)+12), orAlcohol, col="red") 

TSA::periodogram(diff2Alcohol) 

abline(h=0) 

p1<-periodogram(diff2Alcohol) 

freqW<-p1$freq [order(p1$spec , decreasing=TRUE) ][1:2] 

freqW 

## [1] 0.3484321 0.4320557 

t<-1:287 

w<-2*pi*t 
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x1<-cos(w*freqW [ 1] ) 

x2<-sin(w*freqW [ 1] ) 

x3<-cos(w*freqW [ 2] ) 

x4<-sin(w*freqW [ 2] ) 

rlm<-(lm(diff2Alcohol~x1+x2+x3+x4)) 

summary(rlm) 

## Call: 

## lm(formula = diff2Alcohol ~ x1 + x2 + x3 + x4) 

## Residuals: 

##      Min      1Q   Median       3Q     Max  

## -1.15982 -0.30434 -0.01981  0.29751  1.21182  

## Coefficients: 

##             Estimate Std. Error t value Pr(>|t|)  

## (Intercept)  0.00459    0.02738  0.168   0.8670  

## x1          -0.62539    0.03873 -16.150   <2e-16 *** 

## x2          -0.44443    0.03873 -11.477   <2e-16 *** 

## x3          -0.09002    0.03873 -2.325   0.0208 *  

## x4           0.39916    0.03873 10.308   <2e-16 *** 

## --- 

## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

##  

## Residual standard error: 0.4639 on 282 degrees of freedom 
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## Multiple R-squared:  0.6413, Adjusted R-squared:  0.6362  

## F-statistic:   126 on 4 and 282 DF,  p-value: < 2.2e-16 

Para<-lm(diff2Alcohol~x1+x2+x3+x4)$coeff 

resultP<-Para[1]+Para[2]*x1+Para[3]*x2+Para[4]*x3+Para[5]*x4 

#op<-par(mfrow=c(2,1)) 

plot(t,resultP,type='l',ylab=expression(X[t]),main='sin & cos') 

plot(diff2Alcohol,xlab='time',ylab='',main='transformed_data') 

title(ylab=expression(X[t]),line=2) 

#par(op) 

## KS test 

TSA::periodogram(resid1, main="Periodogram on the residuals") 

cpgram(resid1,main=("ks test for sarima"[12])) 

## Fisher's test 

fisher.g.test(resid1) 

## [1] 0.0002141981 
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