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Abstract
The aims of the present study are to identify a model best fitting the tourist in the USA data and to forecast the number of
tourists entering the United States for 2018. The method of maximum likelihood was used to estimate the parameters and to forecast
the number of tourists in the future. The data from 1998 to 2011, which have been documented annually by Rachel Passmore at Census
School of New Zealand, reveal that the 𝑆𝐴𝑅𝐼𝑀𝐴(0,1,2)(0,1,1),- model may fit most adequately and forecast that the number of tourists
who enter the U.S. will reach approximately 540,000 in 6 years, which explains 2.6 times increase, compared to the number of tourists
entering the U.S. in 1998.
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Introduction
SARIMA models are useful for modeling seasonal time series, in which the mean and other statistics for a given season are
not stationary across the years. Seasonality in a time series is a regular pattern of changes that repeats over S time periods, where
S characterizes the number of time periods until the design rehashes once more (Chatfield, 20016 and 2000).
Tourism in the USA is a large industry that serves millions of international and domestic tourists yearly. Tourists visit the US to see
natural wonders, cities, historic landmarks, and entertainment venues. Americans seek similar attractions, as well as recreation and
vacation areas. Tourism in the United States grew rapidly in the form of urban tourism during the late nineteenth and early twentieth
centuries (Song, et. al, 2008). By the 1850s, tourism in the United States was well established both as a cultural activity and as an
industry New York, Chicago, Boston, Philadelphia, Washington D.C, and San Francisco, all major US cities, attracted a large number
of tourists by the 1890s. By 1915, city touring had marked significant shifts in the way Americans perceived, organized, and moved
(Gössling, S., 2008).
Democratization of travel occurred during the early twentieth century when the automobile revolutionized travel.
Similarly, air travel revolutionized travel during 1945–1969, contributing greatly to tourism in the United States. Purchases of travel
and tourism-related goods and services by international tourists traveling in the United States totaled $10.9 billion during February
2013 (Cunado, J., 2008). Tourists spend more money in the United States than any other country, while attracting the second-highest
number of tourists after France. The discrepancy may be explained by longer stays in the USA. The aims of the present study are to
identify a model best fitting the tourism in the USA data and to forecast the number of tourists entering the United States for 2018.

The Data
The present study used tourism data released by Rachel Passmore at Census School of New Zealand. Even though the U.S.
government has published data on tourism annually since the 1890s, the data before 1996 are not available directly from their
homepage.
The tourism data in this present study consist of 170 observations, that is to say, one observation from each year from 1998 to 2012.
Following sections include 1) the analysis, 2) conclusion, and 3) appendices. All statistical analyses will be performed in SAS.

The Analysis
We will describe the seasonal ARIMA modeling procedures. The data are plotted in Figure 1. They are clearly nonstationary, with some seasonality.

Figure 1. Time series of annual tourism of the USA from 1998 to 2012.
The ACF plot of original data with two standard errors indicates that there is a seasonality variation in Figure 2.

Figure 2. The ACF plot of original data
So, we will first take a seasonal difference of order twelfth. The seasonally differenced data are shown in Figure 3.

Figure 3. Seasonality differenced Annual Tourism of the USA.
These also appear to be non-stationary, and so we take an additional first difference, shown in Figure 4.
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Figure 4. Double differenced Annual Tourism of the USA.
Our aim now is to find an appropriate ARIMA model based on the ACF and PACF shown in Figure 4. The ACF cuts off after lag 1
and PACF is exponentially decayed. Then, it suggests a non-seasonal MA(1) component. Additionally, the significant spike at lag 12
in the ACF suggests a seasonal MA(1) component. Consequently, we begin with an 𝑆𝐴𝑅𝐼𝑀𝐴(0,1,1)(0,1,1),- , indicating a first and
seasonal difference, and non-seasonal and seasonal MA(1) components. The residuals for the fitted model are shown in Figure 5.

Figure 5. The residuals for the model 𝐒𝐀𝐑𝐈𝐌𝐀(𝟎, 𝟏, 𝟏)(𝟎, 𝟏, 𝟏)𝟏𝟐 .
Both the ACF and PACF show significant spikes at lag 2, and almost significant spikes at lag 3, indicating some additional nonseasonal terms need to be included in the model. So, we will consider 𝑆𝐴𝑅𝐼𝑀𝐴(0,1,2)(0,1,1),- model and investigate which model is
appropriate. The AIC of the 𝑆𝐴𝑅𝐼𝑀𝐴(0,1,2)(0,1,1),- is 2468.194; however, for the model 𝑆𝐴𝑅𝐼𝑀𝐴(0,1,1)(0,1,1),- is 2472.047. In
addition, we use Proc ARIMA option minic in SAS. The results are shown in Figure 6.

Figure 6. Proc ARIMA option minic in SAS for Annual Victors of the USA.
As it is shown, the smallest value belongs to MA(2). Consequently, we choose 𝑆𝐴𝑅𝐼𝑀𝐴(0,1,2)(0,1,1),- . Its residuals are plotted in
Figure 7. All spike is now within significance limits, and so the residuals appear to be white.
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Figure 7. The residuals for the model 𝐒𝐀𝐑𝐈𝐌𝐀(𝟎, 𝟏, 𝟐)(𝟎, 𝟏, 𝟏)𝟏𝟐 .
The graphical check of the residuals from this model is shown in Figure 7. The residual correlation and white noise test plots show
that the hypothesis that the residuals are uncorrelated is not rejected. The normality plots and test also show no departure from
normality, Figure 8.

Figure 8. The normality plots and tests of residuals for the model.
Additionally, there is not sever problem with equality of variances, Figure 9. Thus, the 𝑆𝐴𝑅𝐼𝑀𝐴(0,1,2)(0,1,1),- model is adequate for
the change in visitor series, and there is no point in trying more complex models.

Figure 9. Plot of residual for checking equality of variances.
In addition, autocorrelation for residuals suggests that the null hypothesis the residuals are uncorrelated is rejected. Also, test for
normality confirms that the p-values are big enough to accept the randomness and normality assumption are met. The results are
shown in Figures 8, 9, and 10.

Figure 10. Autocorrelation for residuals.
Now, the SARIMA model has been passed the required checks and is ready for forecasting. Forecasts from the model for six years
ahead are shown in Figure 11. Notice how the forecasts follow the recent trend in the data (this occurs because of the double
differencing). The large and rapidly increasing prediction intervals show that the visitor could start increasing or decreasing at any
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time — while the point forecasts trend downwards, the prediction intervals allow for the data to trend upwards during the forecast
period.

Figure 11. Five years ahead forecasting, original data plot, lower and upper bound forecast for
Annual Visitor of the USA, 1998-2012.
It is useful to look at forecast error for two models 𝑆𝐴𝑅𝐼𝑀𝐴(0,1,1)(0,1,1),- as model 1 and 𝑆𝐴𝑅𝐼𝑀𝐴(0,1,2)(0,1,1),- as model 2. The
criteria based on forecast error for these models are shown in Table 1.
Model
Model 2
Model 1

MPE
-93.141
-83.412

MSE
61617846.38
63051290.28

MAE
76732.77
77014.06

MAPE
821.847
820.201

Table 1.
The results of Table 1 indicate that minimum values belong to model 2. To ensure the maintenance of quality, the detection of outliers
is always an important task in quality control. In this study, outlier detection procedure to data set by SAS is applied and results are
shown in Figure 12.

Figure 12. Detected outliers for the model 2.
As it is shown, the SAS is detected there are 5 outliers at observations 29, 136, 4, 113, and 56 and their types are additive, additive,
shift, shift, and shift respectively. In addition, the p-values are small, so we can conclude that they are outliers. Therefore, the SARIMA
model can be fitted with outliers as follows.
1781.3 AF 1250.1 AG 1173.2 AH
𝑌7 = 𝑋7 − 0.1578.6 𝐼7A, + 1189.2 𝐼7A- −
𝐼 +
𝐼 −
𝐼
1−𝚩 7
1−𝚩 7
1−𝚩 7
On the other hand, the fitted model for the data is 𝑆𝐴𝑅𝐼𝑀𝐴(0,1,2)(0,1,1),- so the 𝑋7 is as follow.
𝜙- (𝚩)Φ, (𝚩 𝟏𝟐 )(1 − 𝚩)(1 − 𝚩 𝟏𝟐 )𝑋7 = Z𝒕
Now the parameters for SARIMA model should be estimated. SAS is used MLE method to estimate that parameters, Figure 13.
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Figure 13. Maximum likelihood estimation for parameters.
Hence, the SARIMA model can be fitted with outliers as follows.
1
1781.3 AF 1250.1 AG 1173.2 AH
𝑌7 =
Z − 0.1578.6 𝐼7A, + 1189.2 𝐼7A- −
𝐼 +
𝐼 −
𝐼
(1 − 0.21930 𝚩 𝟐 )(1 − 0.56517𝚩 𝟏𝟐 ) 𝒕
1−𝚩 7
1−𝚩 7
1−𝚩 7

The Conclusion
By using the method of maximum likelihood, the present study identified that the 𝑆𝐴𝑅𝐼𝑀𝐴(0,1,2)(0,1,1),- model fits the
data most adequately. According to the predicted values from the MMSE forecast, in the near future, in 2018, the number of tourists
who enter the U.S. will reach approximately 540,000, which accounts for 2.6 times increase compared with the number of tourists who
enter the U.S. in 1998. The present study used the data documented by Rachel Passmore at Census School of New Zealand, but the
selected model and forecasting can be generalizable only under some assumptions including that the current tourism policy and
welfare perform in the U. S. are persistent in the future.
One limitation is that defining the term “tourism” as those who enter the U.S. at age 45 or older may also be a limitation. Compared
to early twentieth century, the age of 45 or older is no longer “old” in present. Hence, tourism aged 55 or older may be a better target
population for the future study.
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Appendices
SAS Code.

data p1;
infile "/home/mostafazahed0/visitor.txt";
input visitor;
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months = INT(_n_);
date=INTNX('month', '01jan1998'd, _N_-1);
FORMAT date monyy7.;
title "Time Series of Annual Tourism of The USA from 1998 to 2012";
proc sgplot data=p1;
series x=months y=visitor / legendlabel="USA visitors";
yaxis label="Visitors";
xaxis label="Time";
run;
proc arima data=p1 plots(unpack)=series(all);
identify var=visitor nlag=25;
run;
proc arima data=p1 plots(unpack)=series(all);
identify var=visitor(1,12) nlag=25;
run;
* Estimation

and Residaual Analysis

;

PROC ARIMA DATA=p1;
identify var=visitor(1,12) ;
estimate q=(1)(12) method=ml
noconstant ; /* ML Estimate */
forecast printall lead= 12 interval=month id=date out=forecast; /* Getting
the residuals */
run;
quit;
PROC ARIMA DATA=p1;
identify var=visitor(1,12) minic
ods select minic ;
run;

p=5 q=5;

PROC ARIMA DATA=p1;
identify var=visitor(1,12) ;
estimate q=(2)(12) method=ml
noconstant ; /* ML Estimate */
forecast printall lead= 12 interval=month id=date out=forecast; /* Getting
the residuals */
run;
quit;

* Durrbin-Watsot Test ;
proc autoreg data=forecast ;
model residual= / DW=3 DWprob;
run;
* Test Of Normality;
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proc univariate data=forecast;
var residual;
histogram /cfill=blue normal(color=red );
run;
/*Forecast*/
PROC ARIMA DATA=p1;
identify var=visitor(1,12) ;
estimate q=(2)(12) method=ml
noconstant ; /* ML Estimate */
forecast printall lead=72 interval=month id=date out=forecast; /* Getting
the residuals */
outlier maxnum=5;
run;
quit;

goptions reset=all;
title " SARIMA forecasting for Annual Visitor of the USA,1998-2012";
AXIS1 LABEL=(ANGLE=90 r=0 ) ;
symbol1 i=j l=1 w=1 v=none
; /* for _type_=ACTUAL */
symbol2 i=j l=1 w=1 v=none h=.2; /* for _type_=FORECAST */
symbol3 i=j l=1 w=1 v=none h=.2; /* for _type_=L95 */
symbol4 i=j l=1 w=1 v=none h=.2; /* for _type_=U95 */
symbol5 i=j l=1 w=1 v=none h=.2; /* for _type_=residual */
Legend1 LABEL=NONE FRAME VALUE=( 'Forecast' 'Original' 'Lower bound forecast'
' Upper bound forecast' )
shape=symbol(5, .25);
proc gplot data=forecast;
plot visitor*date=1
forecast*date=2
l95*date=3
u95*date=3 / overlay legend=Legend1 href='01JAN2012'd vminor=0 hminor=0;;
run;
quit;
data data3_1;
set p1;
keep date visitor;
where date > '1jan1999'd;
data data3_2;
set forecast;
keep forecast;
where date > '1jan1999'd;
run;
data data3;
merge data3_1 data3_2;
run;
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data result;
set data3;
retain mpe 0;
retain mse 0;
retain mae 0;
retain mape 0;
error= visitor- forecast;
mpe=mpe + error/visitor*100;
mse=mse+ error*error;
mae=mae+ abs(error);
mape=mape + abs(error/visitor)*100;
run;

proc print data=result;
run;
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