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Abstract 

This article is based on Google Trends of Chinese international tourists forecast 

research. Firstly, the literature review and theoretical basis are sorted out. The 

literature review will be conducted in a chronological order to analyze the research 

status of the prediction of the number of tourists based on the web search data 

provided by Google search engines since 2009.On the theoretical basis, 

summarize and analyze the keyword selection method, and then carry out the 

selection of Google trend data, combined with the relevant websites to collect the 

data of inbound foreign visitors. Then involved in tourism activities based on 

Google trends to provide food, accommodation, transportation, traveling, shopping, 

entertainment of relevant keyword search data, combined with the same period 

and foreign visitors to different period data (web search and the actual tourism 

activities has a certain amount of time lag), using SPSS to the Pearson correlation 

analysis between the two, and select appropriate number of keywords. Then, the 

ARIMAX prediction model was constructed. Based on the monthly data from 2004 
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to 2019, the best model was fitted and predicted, and the prediction accuracy was 

tested based on the actual data, and the relevant conclusions were finally made. 

Key words：Google Trends; Keywords selection; ARIMAX model; Inbound visitor 

volume 
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1. Introduction 

1.1. The background of the topic 

Inbound tourism has played an important role in the development of China's 

tourism industry, and as one of the important fields of tourism research, tourism 

demand modeling and forecasting has always been an important object of 

attention for a wide range of scholars and practitioners. Quantitative forecasting 

methods are mainly divided into three categories: time series models, 

econometrics, and other emerging methods represented by artificial intelligence 

technology. However, most of these studies rely on historical data, and these data 

are often lagging in release, and the prediction methods that rely on such data 

often have high requirements for the level of economic stability and cannot predict 

certain one-time outbursts. The impact of the incident is generally only suitable for 

long-term forecasting and has certain limitations. 

 

The development of the Internet has brought another source of data for predicting 

the number of tourists. Every search and click on a search engine, web page, and 

social media platform is recorded as reliable data for predicting the number of 

tourists. In recent years, there have been a large number of researches on the 

prediction of the number of tourists using search engine data as the main source 

of Google trend data, and a large number of studies have also shown that, 

compared with historical data as the predictor, the prediction results of using 

search engine data Tend to be more accurate. 

1.2. The significance of the topic 

From an academic research level, there are few Chinese-related studies on the 

prediction of tourist arrivals that use search engine data as the predictor variables, 

and many of them are only for queries on the number of visitor visits in a certain 

tourist area. To some extent, it fills in the lack of Chinese literature in this area. 

 

In terms of practical significance, first of all, the accurate prediction of the number 

of international inbound tourists will not only help China formulate and adjust 

relevant inbound tourism macro development plans and strategies, but also help 

tourism operators formulate corresponding operating plans and business 

strategies. It is helpful to measure and predict the overall economic activity of the 

region. Secondly, this study will predict and compare the outbreak of the new 

coronary pneumonia epidemic, which can show to some extent the impact of the 

new coronary pneumonia epidemic on China's inbound tourism. 

2. Literature review 

2.1. Introduction 

As one of the important fields of tourism research, tourism demand modeling and 

forecasting has always been an important object of attention for a wide range of 

scholars and practitioners. Quantitative prediction methods are mainly divided into 

three categories: time series models, econometrics, and other emerging methods 

represented by artificial intelligence technology (Haiyan Song, Gang Li, 2008). 

However, most of these studies rely on historical data, and these data are often 

lagging in release, and the prediction methods that rely on such data often have 
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high requirements for the level of economic stability and cannot predict certain 

one-time outbursts. The impact of incidents is generally only suitable for long-term 

forecasting and has certain limitations (X. Yang et al, 2015). The development of 

the Internet has brought another source of data for predicting the number of 

tourists. Every search and click on a search engine, web page, and social media 

platform is recorded as reliable data for predicting the number of tourists. And how 

to use these data to make predictions, and how its accuracy has become the 

research object that many scholars have paid attention to in recent years. 

 

The earliest use of web search data to predict economic data dates back to 2005. 

For the first time, scholars applied web search data to macroeconomic data that 

predicted unemployment as the main factor (Ettredge et al, 2005). In the field of 

epidemiology, scholars have found that online search data can be used to predict 

the incidence of influenza-like illnesses (Polgreen et al, 2008). Since then, many 

scholars have used it for commodity consumption (Vosen & Schmidt, 2011), hotel 

occupancy rate (Pan, Wu, & Song, 2012; Yang, Pan, & Song, 2014), and car 

sales (Choi, Varian, 2012), real estate sales (Choi, Varian, 2012), song and movie 

popularity (Goel, Hofman, Lahaie, Pennock, & Watts, 2010), etc. In 2009, Choi 

and Varian used Google Search Insights (which was merged into Google Trends 

in 2012) to predict the demand for vacation destinations (Choi, Varian, 2009). This 

is also the first time that scholars have proposed to use Google ’s web search 

data As for the forecast of tourism demand. This article mainly analyzes the 

research status of the number of tourists predicted by the web search data 

provided by the search engines based on Google and Baidu after 2009 in the 

order of the publication date. 

2.2. Overview 

In 2012, Choi and Varian simplified on the basis of their original research. Taking 

Hong Kong ’s inbound tourists as an example, they proposed a simple basic 

quarterly autoregressive model, namely yt = b1yt-1 + b12yt-12 + b0xt + et, Among 

them, t represents the month, yt represents the number of tourists to Hong Kong 

in a certain country or region in t month, xt represents the average Google Trend 

Index of Hong Kong in these countries or regions, but the article does not provide 

an accurate prediction of how to get this index. How to make a detailed 

explanation about the degree of content (Choi, Varian, 2012). 

 

In 2013, scholars such as Huang Xiankai used the Baidu index as a predictive 

index, and the number of visitors to the Forbidden City in Beijing as a predictor. 

They also used the relevant search function as a screening tool. Finally, they used 

keyword search and repeat rate as an indicator for keyword selection and adopted 

The autoregressive moving average model compares the prediction accuracy 

using historical visitor data as the prediction index and Baidu index search index. 

The study found that the latter has a higher accuracy (Huang Xiankai, 2013). Prior 

to this, some domestic scholars have studied the correlation between Baidu index 

data and Baidu user attention and actual visitor volume, but did not propose a 

corresponding prediction model. For example, in 2008, Li Shan and others used 
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Baidu index data. A statistical analysis of the daily attention data of the first batch 

of 66 5A-level tourist attractions in China. The study found that the spatial 

attention of tourist attractions has a "palm" pattern within the week in terms of time 

distribution, "double peaks" and "three peaks" during the year Features such as 

patterns (Li Shan, 2008). In 2011, Long Maoxing and other studies found that 

regional tourism Baidu user attention has a strong positive correlation with actual 

tourist passenger flow, and there are three levels of fluctuations in regional 

tourism network user attention in space and time (Long Maoxing, 2011). 

 

In 2015, scholars such as Xin Yang and Bing Pan proposed that previous 

researches were too subjective and random for the search keywords used as 

predictive indicators and proposed a more systematic screening method, that is, in 

some basic keywords related to tourism Based on the relevant search function of 

the search engine, all relevant terms are obtained, and the search index of these 

terms is calculated one by one with the actual number of tourist trips to obtain the 

Pearson correlation coefficient, and finally a suitable number of Pearson 

correlations are selected. Keywords with high coefficients; and taking Hainan 

Province's tourist visits as the forecast object, adopting the ARIMAX 

autoregressive moving average model, comparing the prediction accuracy of 

Google Trends and Baidu Index, and finding that Baidu Index is regional because 

of its data. Therefore, it is more suitable as a predictor (X. Yang et al, 2015). 

In the same year, Shen Suyan and other scholars used Google Trends data to 

adopt a similar research method to that of Xin Yang and others, that is, to select 

keywords through systematic word selection and combined with the ARIMAX 

model to simulate the prediction of the number of foreign tourists entering China. 

The research results show that the use of The model that uses Google trend data 

is more accurate than the model that uses historical data, and the Chinese visa 

policy and flight information have a significant impact on the number of foreign 

tourists entering the country (Shen Suyan et al, 2015). 

 

In the same year, scholars such as Prosper F selected the United States, Canada, 

and the United Kingdom as the source countries, and Jamaica and five other 

Caribbean countries as the destination countries. They used "destination country 

+ hotels and flights" as the search keywords for calculating the forecast indicators. 

The autoregressive model and the SARIMA (seasonal autoregressive integrated 

moving average model) model were used as benchmark models, and the 

prediction accuracy of the AR-MIDAS (autoregressive mixed data sampling) 

model was compared. The study found that the AR-MIDAS model was used for 

Prediction accuracy is higher than that of the other two models (Prosper F et al, 

2015). 

 

In 2016, Korean scholars Sangkon and others used Google Trends to predict the 

number of Japanese tourists entering South Korea using the SARIMA model. For 

the selection of keywords, the author directly used the Japanese tourists from the 

Korean Tourism Organization (KTO) through research. Click on the keywords that 
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were searched on Yahoo (but Yahoo does not provide functions similar to Google 

Trends) before entering the official website of Korea Tourism. The study found 

that the accuracy of the model using the Google Trend Search Index as a forecast 

indicator is higher than that of the traditional time series model. At the same time, 

the model using the Google Trend Search Index as a forecast indicator has more 

accuracy than the in-sample forecast High (Sangkon, 2017). 

 

In 2017, Önder used Google Trends as the destination keyword for the two cities 

of Vienna and Barcelona, as well as the names of the two countries of Austria and 

Belgium (English), using the web search index and the image search index as 

prediction indicators, and adopted ADLM (self The regression distribution lag 

model) model compares the prediction accuracy of cities and countries. The study 

found that among the four destinations, Vienna has the highest prediction 

accuracy, followed by Barcelona, Belgium and Austria. However, due to the small 

sample size, the results of the study do not indicate which predictions for cities 

and countries are usually more accurate (Önder, 2017). 

 

In the same year, scholars such as Xin Li used the Baidu index as a tool and the 

number of visitors in Beijing as a predictor, and used the search index obtained by 

principal component analysis as the predictor variable, and combined with the 

GDFM (Generalized Dynamic Factor Model) model for prediction. The research 

results show that the former has higher prediction accuracy (Xin Li et al, 2017). 

In 2018, scholars such as Theologos D proposed that when visitors come from 

countries / regions that use different languages and different dominant search 

engine platforms, they should determine a total search index for prediction based 

on defining language preferences and platform preferences. The author used 

Google Trends as a tool and used the number of inbound international tourists 

from Cyprus as a predictor. 

 

In 2019, scholars such as Shaolong S took the number of Beijing tourists (both 

overseas and domestic) as their prediction objects, and also used the system of 

word selection to combine Google Trends and Baidu index search index, and 

applied machine learning algorithms to predictive modeling and proposed new 

KELM model (kernel function extreme learning machine model), based on it as a 

benchmark model, the author combines it with only historical data, historical data 

and Baidu index data, historical data and Google trend data , Historical data 

combined with Baidu index and Google trend data, these three predictors are 

combined with the four models of ARIMAX, LSSVR, SVR, and ANN, and multiple 

control groups have been set up. The final study shows that using the KELM 

model and combining historical data with Google The combination of trend and 

Baidu index data as the predictor has the highest accuracy (Shaolong S et al, 

2019). 

2.3. Conclusion 

A lot of research shows that the web search data provided by search engines can 

help people make effective predictions about the future. 
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In 2012, Choi and Varian first applied Google data to the prediction of Hong Kong 

inbound tourists and proposed a simple autoregressive model, which began to 

appear one after another. In terms of the selection of search engines, in these 

studies, Google ’s search data was adopted by many scholars as a predictor 

because of its high market share in the world; and Baidu index because of its high 

market share in China It has been adopted by many Chinese scholars as a 

predictive indicator for predicting the number of domestic tourists; at the same 

time, some scholars have compared the accuracy of the two predictions, and 

some scholars have combined the two data into a comprehensive predictive 

indicator. In terms of research issues, the focus of debate among different 

scholars is mainly on two aspects, one is the selection of keywords, and the other 

is the selection of prediction models. In terms of keyword selection, there are 

currently direct lexical selection, range lexical selection, and systematic lexical 

selection. Among them, systematic lexical selection has been recognized by most 

scholars, but it also requires a large number of calculations related to the Pearson 

coefficient to filter out Appropriate number of keywords with high predictive 

relevance. In terms of prediction models, the ARIMAX model is the most basic and 

the prediction model used by most scholars. However, with the improvement of 

research level, many scholars have applied SARIMAX, ASLM, GDFM, KELM and 

other models to the research based on the ARIMAX model to improve the 

accuracy of prediction. 

All in all, basically all studies have shown that the prediction model of network 

search data added to the search engine is more accurate than the traditional 

prediction model that only uses historical visitor data; and the current research 

focus of scholars is on how to pass keywords Improvements in screening methods 

and prediction models improve the accuracy of predictions. 

3. Methodology 

3.1. Research data 

3.1.1. Research tool 

Google is the most popular online search engine in the world, accounting for 

approximately 66.7% of the global market share. Google Trends 

(GoogleTrends, http://www.google.com/trends) can report the relative 

frequency and trend of weekly or monthly searches of a search keyword from 

January 2004 to the present. The relative frequency here refers to the absolute 

search times of a keyword in a certain period of time. It is the ratio of the 

search volume of the keyword to the search volume of all Google search 

engine keywords at a certain point in time. During the period, the maximum 

value in the ratio series is regarded as 100, and a set of relative frequency 

values formed after normalization. Since the index is calculated by dividing the 

search volume of a keyword by the total number of Google searches, it 

basically excludes the impact of the increase in the absolute number of people 

on the Internet due to the popularity of the Internet on the index. 

3.1.2. Inbound visitor volume 

In China ’s inbound tourism statistics, foreigners, Hong Kong compatriots, 

Macao compatriots and Taiwan compatriots are separately counted. 
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Considering the main contribution of inbound foreign tourists to China’s 

international tourism revenue, this article only intercepts inbound tourism 

statistics Visitor data. Since Google Trends data is from January 2004 to the 

present, in order to effectively study the relationship between the frequency of 

online search for relevant travel keywords and the number of foreign tourists 

entering the country, we obtained from the website of the National Tourism 

Administration from January 2004 to December 2017 monthly data on the 

number of Chinese inbound foreign tourists for comparison and simulation 

research. 

3.2. Research route 

Provide relevant keyword search data related to travel activities such as food, 

housing, travel, tourism, shopping, entertainment, etc. provided on "Google 

Trends", and output monthly relative searches for each keyword from January 

2004 to December 2017 Frequency data. By calculating the correlation coefficient, 

the search keywords that are closely related to the statistics of the number of 

Chinese inbound foreign tourists published by the National Tourism Administration 

from January 2004 to December 2017 are selected. The time series model is 

mainly not based on the causal relationship between different variables, but to find 

the changing law of the time series itself. Therefore, it can solve the factors that 

cannot be explained by the structural model based on causality, such as changes 

in consumer preferences. Through the historical data of the time series, we can 

draw relevant conclusions about its past behavior, and then infer the future trend 

of the time series. Therefore, this article uses the differential autoregressive 

moving average model (ARIMA model) in the time series analysis method to 

construct a prediction model for the number of inbound foreign tourists, and uses 

the data of the inbound foreign tourists from January 2004 to December 2016 as 

"historical data." , To simulate the forecast of inbound foreign tourists from 

January 2017 to December 2017, compare the actual number of people with the 

predicted number, and compare the prediction effect of the prediction model after 

adding relevant Google keyword search frequency as an independent variable 

Analyze the relationship between online search behavior and the number of 

inbound foreign tourists. 

3.3. Research method 

3.3.1. Preprocessing for time series analysis 

Normally, after getting a sequence of observations (a set of), the stationarity 

and pure randomness tests are first performed. Then, according to the test 

results, the time series can be divided into different types to use different 

analysis methods. 

a. Stationarity test 

Generally, the unit root test is used to judge whether the sequence is 

stationary. The original hypothesis of the single root test is 0H : 1 , indicating 

that the sequence has a unit root; the alternative hypothesis: 1H ： 0 , 
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indicating that the sequence does not have a unit root. There are generally the 

following methods for stationarity test; 

 

Autocorrelation graph method: 

Let the array kiii XXX  ,...,, 1  be i  to ki values in the time series, and they are 

auto-correlated with each other. The specific expression is as follows:  
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In the equation, n is the capacity that contains all the data, k is the lag period, 

and the average value of this sample is X . kr  is in the range of [-1, 1], and
kr  

represents the degree of autocorrelation, and its value is equivalent to the 

magnitude of the degree of correlation. 

 

Unit root test method: 

The unit root test is a method used to check whether there is a unit root in the 

sequence. If there is a unit root, the sequence is proved to be non-stationary; 

otherwise, the sequence is stable. Commonly used unit root inspection 

methods usually include two types: DF method and ADF method. 

(i) DF method 

Use the formula ttt XX   1  to proceed, when 1  , the sequence tX  

is a smooth sequence. Otherwise, the sequence is not a smooth 

sequence. 

(ii) ADF method 

It is assumed that tY  follows the process of )(AR P  . The test equations 

are as follows: 

tptptttt XXXXX    1122111 ...
 

b. Pure randomness test 

If the sequence passes the stationarity test, then we need to find a way to fully 

extract the relevant information contained in the sequence. If the extraction is 

sufficient, the remaining residual sequence should appear purely random. The 

commonly used method is to test statistics, that is, Q  statistics to test. If the 

value P  is significantly greater than the significance level , the residual 

sequence can be regarded as white noise, which proves that the extraction is 

sufficient. 

3.3.2. Basic model of time series 

a. Autoregressive model 
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It is assumed that the random process can be expressed by the following 

equation: 

tptpttt XXXX    ...2211  

pii ,...,2,1, 
,And t  is for the uncertain term, tX

 is the p-order autoregressive 

process, expressed by 
)(AR p  

b. Moving average model 

Suppose the linear stochastic process is expressed by the following formula: 

tt

q

qqiqiit LLLLX  )()...1(... 2

2122111    

q ,...,21，  
is expressed as regression parameter and t  

is white noise 

process. 

c. Autoregressive moving average model 

Combine these two above, we can have ),( qpARMA The expression is as 

follows: 

qiqiitpipttt XXXX    ...... 22112211  

The essence of the ARIMA  model is the combination of difference operation 

and ARMA  model. The general representation of the ARIMA  model is: 

  tt

d
BXBB )(1)( 

 

)(B is the q-order moving average coefficient polynomial,  B is the p-order 

moving average polynomial,
 t  is the white noise sequence 

3.3.3. ARIMA model modeling steps 

a. Data smoothing operation 

The unit root test method introduced above is used to determine whether the 

sequence is stationary. The original hypothesis of the single root test is:
 0H :

1 , indicating that the sequence has a unit root; the alternative hypothesis: 

1H ： 0 , indicating that the sequence does not have a unit root. 

b. Model recognition 

Determine the general direction of the model by identifying the autocorrelation 

graph ACF and partial autocorrelation graph PACF. If there is order truncation 

in the ACF graph, it can be preliminarily judged as the MA (q) sequence; if 

there is order truncation in the PACF graph, it can be preliminarily judged as 

the AR (p) sequence; if there is no censoring phenomenon in the ACF and 

PACF graphs, it only exists An exponential decay phenomenon, which can be 
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fitted by the ARMA mixed model. Finally, you can also use the AIC, SC, HQ 

information criteria to determine the optimal lag order. 

c. Parameter Estimation 

OLS is a commonly used parameter estimation method. 

d. Model checking 

The residual randomness test is used to prove whether the residual of the 

obtained model is a pure random sequence. If it is a pure random sequence, 

the useful information is extracted and the model passes the test; otherwise, 

the model fails the test. The judging rules are: 

If ),(2 qpkQ    , then accept 0H . 

If,
 

),(2 qpkQ    then deny 0H . 

 is test level. 

4. Empirical analysis 

4.1. The selecting of Google Trends keywords 

The selection of web search keywords is the key to the research of web 

search and related behaviors. First, search for keywords according to the 

food, housing, transportation, travel, shopping, entertainment and other 

aspects that may be involved in the initiation of tourism activities by 

inbound foreign tourists in China. For example, Visit China, Flight to China, 

Hotels in China, Restaurants in China, Shopping in China, Destinations in 

China, etc. There are not many search results for some keywords, but 

Google Trends will provide a list of related search terms (including different 

languages) based on the entered keywords. The high-frequency search 

keywords provided on this list will be conducted on Google Trends. In the 

second round of search, the search frequency is selected to be relatively 

high, and considering that the amount of data must be large enough to 

obtain a more accurate analysis, so 5 relevant keywords are selected (see 

Table 4.1). 

Table 4.1 The selecting of keywords 

Number Keywords 

1 places in china 

2 flight to china 

3 Food in china 

4 hotel in china 

5 china visa 

 

4.2. Pearson correlation analysis 

The correlation coefficient is used to measure the correlation of the variable. 

The value ranges from -1 to 1. The larger the value, the stronger the 

correlation of the data variable. On the contrary, this indicates that the 
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correlation is weak. The difference between positive and negative is 

manifested as a positive and negative correlation between variables. With 

the help of SPSS software, this paper uses the Pearson method to test the 

correlation between variables such as places in china, flight to china, food 

in china, hotel in china, china visa and the number of domestic inbound 

international tourists. 

The correlation results between each keyword and the number of domestic 

inbound international tourists are as follows (see Table 4.2): 

Table 4.2 Pearson correlation analysis 

Keyword Pearson correlation 
coefficient 

Note 

Places in china 0.342** ** indicates significant 
correlation at the 0.01 
level; n.s. indicates that 
the two are not 
significantly correlated 

Flight to china 0.583** 

Food in china n.s. 

Hotel in china -0.377** 

China visa  0.711** 

From the results, we can see that there is a positive correlation 

between Places in China and the number of domestic inbound international 

tourists. The correlation coefficient is 0.342, and the significance is 

positively correlated on 0.01. There is a positive correlation between Flight 

to China and the number of domestic inbound international tourists. The 

correlation coefficient is 0.583, and the significance is positively correlated 

on 0.01. The correlation between Food in China and the number of 

domestic inbound international tourists has not passed the test, proving that 

there is no correlation between the two, which shows that international 

tourists are not so interested in domestic food, which is due to differences 

in food culture Caused. There is a negative correlation between Hotel in 

china and the number of domestic inbound international tourists. The 

correlation coefficient is -0.377, and the significance is negatively correlated 

on 0.01. There is a positive correlation between the China visa and the 

number of domestic inbound international tourists, the correlation 

coefficient is 0.711, and the significance is positively correlated on 0.01. 

Therefore, from the above analysis, it can be seen that among the five 

search terms, except that there is no significant correlation between the 

search volume of Food in China and the number of foreign tourists entering, 

the other four are more significantly correlated. In comparison, the search 

term China Visa has the highest correlation coefficient, indicating the effect 

of visa policy on international tourists ’decision-making in entering China. It 

also shows that the convenience of visas and the simplification of 

corresponding procedures can help attract international tourists to China. 

The correlation coefficient between Flight to China and the number of 

domestic inbound international tourists ranks second, indicating that the 

relevant factors of flights, such as related services and price factors, will 

affect the tourism intent of domestic inbound international tourists. The third 

place is Places in China, and the fourth is hotel in China. Both of these 
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factors will also affect the willingness of domestic inbound international 

tourists to a certain extent. 

5. Data Analysis of Chinese Inbound Tourists Based on Time Series 

5.1. Data Sources 

This article analyzes the monthly data of domestic inbound international 

tourists from 2004 to 2017, and the data comes from the 2005-2018 edition 

of the China Tourism Statistical Yearbook. Since the statistical yearbook 

data for 2019 has not been published, this article only counts up to 

December 2017. 

Table 5.1 Number of domestic inbound international tourists by month from 

2004 to 2017(10 thousand) 

Time Tourists volume（10 thousand） Time Tourists volume（10 thousand） 

2004.01 94.67 2011.01  188.57 

2004.02 110.22 2011.02 171.97 

2004.03 124.49 2011.03 225.23 

2004.04 145.00 2011.04 238.50 

2004.05 134.15 2011.05 232.38 

2004.06 138.53 2011.06 230.58 

2004.07 144.62 2011.07 236.72 

2004.08 159.45 2011.08 246.79 

2004.09 153.76 2011.09 231.67 

2004.10 179.15 2011.10 262.54 

2004.11 165.64 2011.11 228.83 

2004.12 143.56 2011.12 217.42 

2005.01 143.04 2012.01 181.72 

2005.02 126.20 2012.02 205.61 

2005.03 167.23 2012.03 242.28 

2005.04 179.99 2012.04 246.91 

2005.05 163.18 2012.05 239.10 

2005.06 183.58 2012.06 229.98 

2005.07 172.04 2012.07 227.14 

2005.08 184.89 2012.08 243.35 

2005.09 174.87 2012.0 222.15 

2005.10 202.01 2012.10 248.60 

2005.11 175.04 2012.11 223.71 

2005.12 153.45 2012.12 208.62 

2006.01 140.07 2013.01 203.94 

2006.02 149.69 2013.02 158.76 

2006.03 173.48 2013.03 241.48 

2006.04 190.00 2013.04 233.31 

2006.05 186.03 2013.05 220.93 

2006.06 181.63 2013.06 217.49 

2006.07 191.77 2013.07 212.80 

2006.08 203.92 2013.08 228.22 

2006.09 194.48 2013.09 219.39 
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2006.10 228.83 2013.10 259.43 

2006.11 198.13 2013.11 220.98 

2006.12 181.19 2013.12 212.31 

2007.01 179.86 2014.01 189.44 

2007.02 146.52 2014.02 176.37 

2007.03 219.29 2014.03 218.52 

2007.04 223.27 2014.04 223.07 

2007.05 225.12 2014.05 226.95 

2007.06 217.46 2014.06 218.80 

2007.07 229.40 2014.07 214.30 

2007.08 239.61 2014.08 230.78 

2007.09 221.83 2014.09 223.14 

2007.10 261.08 2014.10 253.67 

2007.11 230.37 2014.11 222.35 

2007.12 217.15 2014.12 238.70 

2008.01 210.23 2015.01 203.00 

2008.02 179.13 2015.02 142.86 

2008.03 235.92 2015.03 215.67 

2008.04 236.63 2015.04 233.79 

2008.05 211.68 2015.05 229.78 

2008.07 190.45 2015.06 211.48 

2008.07 191.98 2015.07 210.87 

2008.08 190.90 2015.08 228.13 

2008.09 188.33 2015.09 224.61 

2008.10 231.07 2015.10 257.77 

2008.11 191.22 2015.11 227.64 

2008.12 174.98 2015.12 213.15 

2009.01 144.69 2016.01 208.76 

2009.02 156.08 2016.02 169.73 

2009.03 181.94 2016.03 243.77 

2009.04 191.17 2016.04 252.57 

2009.05 175.69 2016.05 239.41 

2009.06 171.05 2016.06 232.92 

2009.07 190.94 2016.07 238.37 

2009.08 201.35 2016.08 239.47 

2009.09 185.71 2016.09 238.01 

2009.10 213.51 2016.10 275.38 

2009.11 189.27 2016.11 244.24 

2009.12 192.34 2016.12 232.48 

2010.01 189.41 2017.01 204.73 

2010.02 150.95 2017.02 209.42 

2010.03 234.71 2017.03 260.63 

2010.04 227.79 2017.04 261.96 

2010.05 228.71 2017.05 247.27 

2010.06 223.51 2017.06 240.79 
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2010.07 226.35 2017.07 234.88 

2010.08 236.08 2017.08 241.59 

2010.09 228.37 2017.09 245.31 

2010.10 255.09 2017.10 273.43 

2010.11 212.53 2017.11 250.12 

2010.12 199.19 2017.12 246.39 

 

5.2. Smoothing operation 

According to the 168-month data, make the corresponding timing chart: 
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Fig 5.1 Sequence chart of domestic inbound international tourists by 

month from 2004 to 2017 

It can be seen from the monthly sequence of domestic inbound international 

tourists from 2004 to 2017 in Figure 5.1 that the data presents a relatively 

obvious seasonality. The following is an autocorrelation and partial 

autocorrelation graph of the domestic inbound international tourist volume 

series, as shown below: 
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Date: 04/17/20   Time: 18:23

Sample: 2004M01 2017M12

Included observations: 168

Autocorrelation Partial Correlation AC  PAC  Q-Stat  Prob

1 0.717 0.717 87.944 0.000

2 0.571 0.117 144.05 0.000

3 0.459 0.029 180.59 0.000

4 0.428 0.129 212.50 0.000

5 0.518 0.314 259.47 0.000

6 0.469 -0.065 298.32 0.000

7 0.457 0.074 335.32 0.000

8 0.310 -0.206 352.49 0.000

9 0.293 0.127 367.89 0.000

10 0.348 0.119 389.72 0.000

11 0.446 0.247 425.82 0.000

12 0.593 0.277 490.19 0.000

13 0.383 -0.442 517.21 0.000

14 0.232 -0.270 527.15 0.000

15 0.138 -0.023 530.69 0.000

16 0.113 -0.056 533.10 0.000

17 0.203 0.051 540.91 0.000

18 0.184 0.061 547.35 0.000

19 0.181 0.091 553.65 0.000

20 0.052 -0.043 554.17 0.000

21 0.058 0.092 554.82 0.000

22 0.112 -0.038 557.26 0.000

23 0.226 0.094 567.34 0.000

24 0.377 0.163 595.46 0.000

25 0.181 -0.224 602.04 0.000

26 0.080 0.007 603.31 0.000

27 -0.006 -0.021 603.32 0.000

28 -0.013 -0.081 603.35 0.000

29 0.089 0.054 604.98 0.000

30 0.065 -0.072 605.86 0.000

31 0.077 0.039 607.08 0.000

32 -0.028 0.086 607.25 0.000

33 -0.024 -0.027 607.37 0.000

34 0.040 0.013 607.72 0.000

35 0.127 -0.048 611.19 0.000

36 0.300 0.204 630.65 0.000

 

Fig 5.2 Correlation chart of domestic inbound international tourists 

 As shown in Figure 5.2, the autocorrelation coefficient graph shows that as the 

delay period increases, the rate of decrease to zero is very slow, so this is an 

unstable sequence. Then after the first order difference, the autocorrelation graph 

of the dlny sequence is obtained as follows: 
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Date: 04/17/20   Time: 18:24

Sample: 2004M01 2017M12

Included observations: 167

Autocorrelation Partial Correlation AC  PAC  Q-Stat  Prob

1 -0.261 -0.261 11.591 0.001

2 -0.064 -0.142 12.289 0.002

3 -0.130 -0.203 15.178 0.002

4 -0.255 -0.415 26.420 0.000

5 0.284 0.017 40.484 0.000

6 -0.068 -0.124 41.302 0.000

7 0.282 0.226 55.361 0.000

8 -0.273 -0.207 68.590 0.000

9 -0.118 -0.109 71.059 0.000

10 -0.083 -0.321 72.292 0.000

11 -0.122 -0.345 75.003 0.000

12 0.707 0.461 166.12 0.000

13 -0.142 0.304 169.82 0.000

14 -0.084 0.046 171.11 0.000

15 -0.113 0.105 173.48 0.000

16 -0.249 -0.070 185.08 0.000

17 0.241 -0.070 196.05 0.000

18 -0.045 -0.142 196.43 0.000

19 0.266 0.002 209.94 0.000

20 -0.289 -0.166 225.93 0.000

21 -0.065 0.081 226.76 0.000

22 -0.123 -0.117 229.69 0.000

23 -0.111 -0.207 232.10 0.000

24 0.678 0.144 322.75 0.000

25 -0.183 -0.019 329.43 0.000

26 -0.020 -0.026 329.51 0.000

27 -0.127 0.094 332.74 0.000

28 -0.228 -0.034 343.28 0.000

29 0.256 0.124 356.65 0.000

30 -0.061 0.000 357.41 0.000

31 0.239 -0.063 369.24 0.000

32 -0.230 0.047 380.31 0.000

33 -0.078 0.062 381.58 0.000

34 -0.051 0.152 382.13 0.000

35 -0.215 -0.212 391.96 0.000

36 0.669 0.027 488.42 0.000

 

Fig 5.3 Dlny sequence correlation diagram after first-order difference 

The autocorrelation coefficient decay to zero is still very slow, so it can be judged 

that this sequence is still unstable. Perform unit root inspection. At a significance 

level of 1%, the critical value of the test is -3.473096; at a significance level of 5%, 

the root test critical value is -2.880211; at a significance level of 10%, the root test 

critical value is 2.576805, the t-test statistic value is -2.981387, and the statistic 

value is less than the corresponding critical value of the 5% level, so H0 is 

rejected, indicating that after the first-order difference of domestic inbound 

international tourists, the performance is stable at the 5% level, but failed 1% 

significance level. The results of the first-order difference unit root test are as 

follows: 
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Null Hypothesis: D(RESID) has a unit root

Exogenous: Constant

Lag Length: 12 (Automatic - based on SIC, maxlag=13)

t-Statistic   Prob.*

Augmented Dickey-Fuller test statistic -2.981387  0.0389

Test critical values: 1% level -3.473096

5% level -2.880211

10% level -2.576805

*MacKinnon (1996) one-sided p-values.  

Fig 5.4 First-order difference unit root test result 

Next, the second order difference is performed on the sequence lny, and the unit 

root test is performed as follows: 

Null Hypothesis: D(RESID,2) has a unit root

Exogenous: Constant

Lag Length: 9 (Automatic - based on SIC, maxlag=13)

t-Statistic   Prob.*

Augmented Dickey-Fuller test statistic -9.957009  0.0000

Test critical values: 1% level -3.476805

5% level -2.881830

10% level -2.577668

*MacKinnon (1996) one-sided p-values.  

Fig 5.5 Second-order difference unit root test result 

It can be seen from Figure 5.5 that the autocorrelation coefficient decay to zero is 

still very slow, so it can be determined that this sequence is still an unstable 

sequence. Perform unit root inspection. At a significance level of 1%, the critical 

value of the test is -3.476805; At a significance level of 5%, the critical value of the 

root test is -2.881830; At a significant level of 10%, the critical value of the root 

test is- 2.577668, the t-test statistic value is -9.957009, the statistic value is less 

than the corresponding critical value, reject H0, indicating that the domestic 

inbound international tourist volume after the first-order difference, the 

performance is stable. 
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Fig 5.6 Timing diagram of dlny2 sequence after second order difference 

It can be seen from the difference that the sequence after the difference vibrates 

near zero, with no obvious trend. The trend has been eliminated, but there is still 

seasonal periodicity. 
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Date: 04/17/20   Time: 18:39

Sample: 2004M01 2017M12

Included observations: 166

Autocorrelation Partial Correlation AC  PAC  Q-Stat  Prob

1 -0.579 -0.579 56.666 0.000

2 0.105 -0.347 58.537 0.000

3 0.025 -0.161 58.644 0.000

4 -0.264 -0.504 70.676 0.000

5 0.353 -0.239 92.309 0.000

6 -0.279 -0.452 105.92 0.000

7 0.361 0.024 128.72 0.000

8 -0.284 -0.103 142.91 0.000

9 0.051 0.072 143.37 0.000

10 0.029 -0.014 143.52 0.000

11 -0.347 -0.641 165.16 0.000

12 0.668 -0.333 245.87 0.000

13 -0.364 -0.026 269.98 0.000

14 0.037 -0.075 270.24 0.000

15 0.044 0.097 270.59 0.000

16 -0.251 0.064 282.29 0.000

17 0.310 0.110 300.29 0.000

18 -0.239 -0.038 311.02 0.000

19 0.345 0.126 333.56 0.000

20 -0.310 -0.119 351.97 0.000

21 0.116 0.092 354.54 0.000

22 -0.030 0.133 354.71 0.000

23 -0.308 -0.210 373.23 0.000

24 0.653 -0.022 457.02 0.000

25 -0.408 -0.011 489.89 0.000

26 0.109 -0.115 492.26 0.000

27 -0.002 0.026 492.26 0.000

28 -0.232 -0.116 503.11 0.000

29 0.316 0.027 523.48 0.000

30 -0.245 0.065 535.77 0.000

31 0.306 -0.046 555.16 0.000

32 -0.249 -0.049 568.02 0.000

33 0.055 -0.114 568.64 0.000

34 0.072 0.227 569.75 0.000

35 -0.416 -0.057 606.60 0.000

36 0.682 -0.044 706.24 0.000

 

Fig 5.7 D2lny sequence correlation diagram after second order difference 

It can be seen from the figure that the autocorrelation coefficient vibrates near 

zero, and the sequence after the second-order difference is stationary. 

 

The timing chart of the seasonal difference dlny4 is as follows: 
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Fig 5.8 Time series of seasonal difference 

It can be seen from Figure 5.8 that the periodicity of the sequence has been 

eliminated, but there is still a trend. 

The autocorrelation diagram is as follows: 

Date: 04/17/20   Time: 19:29

Sample: 2004M01 2017M12

Included observations: 167

Autocorrelation Partial Correlation AC  PAC  Q-Stat  Prob

1 0.048 0.048 0.1301 0.718

2 0.035 0.032 0.1995 0.905

3 -0.158 -0.162 1.6797 0.641

4 0.282 0.305 6.4868 0.166

5 0.058 0.028 6.6914 0.245

6 0.074 0.022 7.0329 0.318

7 0.061 0.168 7.2748 0.401

8 0.169 0.090 9.1582 0.329

9 0.067 0.037 9.4565 0.396

10 0.054 0.063 9.6547 0.471

11 -0.055 -0.093 9.8665 0.542

12 0.073 0.017 10.247 0.594

13 -0.018 -0.060 10.269 0.672

14 -0.069 -0.179 10.629 0.715

15 -0.069 -0.045 11.002 0.752

16 0.029 -0.036 11.067 0.805

17 0.099 0.057 11.864 0.808

18 -0.038 -0.005 11.983 0.848

19 -0.072 -0.029 12.425 0.867

20 -0.068 -0.004 12.839 0.884

21 0.097 0.120 13.703 0.882

22 -0.024 -0.008 13.758 0.910

23 -0.017 0.037 13.787 0.933

24 0.008 0.095 13.794 0.951

 

Fig 5.9 Timing diagram after difference 

Obviously it can be obtained from the figure that the autocorrelation coefficient 

decays slowly to zero, and the sequence after the first-order seasonal difference is 

still unstable. Thus the sequence takes the 2nd order non-seasonal difference: 



24 

 

-.12

-.08

-.04

.00

.04

.08

92 94 96 98 00 02 04 06 08 10 12 14

DLNYS2

 

Fig 5.10 Second-order difference timing diagram after one season difference 

Date: 04/17/20   Time: 19:39

Sample: 2004M01 2017M12

Included observations: 166

Autocorrelation Partial Correlation AC  PAC  Q-Stat  Prob

1 -0.548 -0.548 16.562 0.000

2 0.143 -0.226 17.709 0.000

3 -0.087 -0.172 18.138 0.000

4 0.018 -0.138 18.157 0.001

5 -0.009 -0.106 18.162 0.003

6 -0.052 -0.169 18.327 0.005

7 0.148 0.044 19.700 0.006

8 -0.155 -0.064 21.234 0.007

9 0.035 -0.135 21.315 0.011

10 0.129 0.121 22.420 0.013

11 -0.139 0.011 23.740 0.014

12 0.116 0.083 24.690 0.016

13 -0.066 0.092 25.004 0.023

14 -0.036 -0.066 25.098 0.034

15 0.064 0.056 25.405 0.045

16 -0.106 -0.080 26.280 0.050

17 0.137 -0.012 27.781 0.048

18 -0.089 0.044 28.430 0.056

19 0.076 0.028 28.926 0.067

20 -0.133 -0.131 30.468 0.063

21 0.114 0.000 31.644 0.064

22 -0.071 -0.101 32.116 0.075

23 0.009 -0.074 32.123 0.098

24 0.001 -0.080 32.123 0.124

 

Fig 5.11 Second order difference correlation graph after one season difference 

Through analysis, the model can be established. The reasons are as 

follows: because the correlation graph shows a decay characteristic, it indicates 

that there is at least non-seasonal third-order autoregression. There is no moving 

  41,1,00,2,3
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average component. And it is not easy to judge whether the first-order season 

autoregression is the same as the first-order season movement, or is it only one. 

Overall, the SARIMA 
  41,1,00,2,3

 model can be established. 

5.3. Model recognition and building 

When the model is fixed, the least square estimation method is used for 

fitting 

Model selection DLOG (Y, 2,4) C AR (1) AR (2) AR (3) SMA (4) gives: 
Dependent Variable: DLOG(Y,2,4)

Method: ARMA Maximum Likelihood (OPG - BHHH)

Date: 04/17/20   Time: 12:52

Sample: 01/2004 12/2017

Included observations: 168

Convergence not achieved after 500 iterations

Coefficient covariance computed using outer product of gradients

Variable Coefficient Std. Error t-Statistic Prob.  

C 7.39E-05 0.000435 0.169667 0.8661

AR(1) -0.989024 0.018644 -53.04642 0.0000

AR(2) -0.988630 0.021302 -46.41094 0.0000

AR(3) -0.999548 0.004732 -211.2101 0.0000

MA(4) -0.988511 0.076172 -12.97737 0.0000

SIGMASQ 0.001128 0.000255 4.424311 0.0001

R-squared 0.633938     Mean dependent var 0.002021

Adjusted R-squared 0.591373     S.D. dependent var 0.056078

S.E. of regression 0.035847     Akaike info criterion -3.523487

Sum squared resid 0.055256     Schwarz criterion -3.291835

Log likelihood 92.32543     Hannan-Quinn criter. -3.435599

F-statistic 14.89330     Durbin-Watson stat 1.829676

Prob(F-statistic) 0.000000

Inverted AR Roots  .01-1.00i      .01+1.00i        -1.00

Inverted MA Roots       1.00      .00+1.00i   -.00-1.00i      -1.00

 
Fig 5.12 Model parameter estimation table 

It can be seen from Figure 5.12 above that R ^ 2 and the adjusted 

decidable coefficient r ^ 2 are close to 0.6, the fitting degree is better, and 

the model can be interpreted higher. The F statistic value is 14.89330, and 

each regression coefficient is significantly 0, indicating that the model is 

significant. At the significance level of 0.05, the independent variable k = 4, 

n = 168, lookup table shows DL = 1.566, DU = 1.751, k = 4, n = 95, DL = 

1.579, DU = 1.755, so, n = 168 At this time, 1.755 <DU <1.755, so DU <DW 

= 1.8877 <4-DU, the model eliminates autocorrelation. 

 

The estimated results of the SARIMA model: 

(1+0.989024B+0.988630B2+0.999548B3(1-B)²Yt=(1+0.988511B4)at 

5.4. Model fitness detection 

The adaptability test of the model is whether the pre-whitening sequence at 

derived from the residual sequence αt and Xt is cross-correlated, and the 

residual sequence is a white noise sequence. This article uses the χ2 test 

method to test the adaptability of the model. 
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Date: 04/17/19   Time: 19:37

Sample: 2004M01 2017M12

Included observations: 168

Q-statistic probabilities adjusted for 4 ARMA terms

Autocorrelation Partial Correlation AC  PAC  Q-Stat  Prob

1 0.063 0.063 0.2074

2 0.239 0.236 3.2457

3 -0.073 -0.106 3.5349

4 -0.197 -0.261 5.6903

5 -0.016 0.061 5.7040 0.017

6 -0.252 -0.161 9.3959 0.009

7 0.137 0.134 10.511 0.015

8 -0.110 -0.076 11.244 0.024

9 0.050 -0.040 11.398 0.044

10 0.075 0.070 11.754 0.068

11 0.046 0.092 11.894 0.104

12 0.082 -0.048 12.345 0.136

13 -0.089 -0.065 12.889 0.168

14 -0.031 -0.063 12.956 0.226

15 0.020 0.148 12.987 0.294

16 0.120 0.187 14.070 0.296

17 -0.057 -0.202 14.325 0.351

18 0.197 0.176 17.447 0.233

19 -0.044 0.005 17.607 0.284

20 -0.040 -0.115 17.744 0.339

 

Fig 5.13 Model residual sequence diagram 

Figure 5.13 shows that most of the residuals are within the confidence 

interval. The probability p value corresponding to the autocorrelation 

function of the 7th to 20th lag residual sequences in the figure is almost all 

greater than the significance level of 0.05, so the original hypothesis cannot 

be rejected, and the model meets the requirements. . 

5.5. Prediction using the model 

Using the model to predict: 
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Fig 5.14 Model fitting effect 

The predicted data is basically consistent with the original data, indicating 

that the model's estimation effect is very good. 
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Fig 5.15 Residual value 

It can be seen from the figure that the mean value of the model's residuals 

fluctuates around zero, and the fitted value is not much different from the 

actual value, and the model is feasible. Because the seasonal ARIMA 

model mainly considers the seasonal changes of variables, the number of 

tourists changes with the seasons. 12 here refers to taking one year (12 
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months) as a major cycle to consider seasonal changes). In order to 

compare the predictive power of the models, the sample period of Model 1 

was set from January 2004 to December 2016, and the samples from 

January 2017 to December 2017 were used as the test data for predictive 

power. Then add 3 Google keyword search frequency data with a large 

correlation coefficient to the amount of foreign tourists to the model 1 as 

independent variables to build model 2, and then use model 2 to make 

predictions, compare the two ARIMA models with or without independent 

variables forecast result. 

Table 5.2 ARIMA model fitting with and without independent variables and 

comparison of model statistics 

Fitting statistics Model 1 Model 2 

 Smooth coefficient of determination 

(R)
2
 0.823 0.873 

Coefficient of dertermination(R)
2
 0.823 0.873 

Root mean square of model fitting 

statistics ( RMSE) 17.0742 15.8862 

Normalized Bayesian information 

criterion (BIC) 6.2326 6.1545 

Yang-Burks Statistic Degree of 

Freedom 13.4233 17.457 

(Ljung Box Q DF) 14.000 14.000 

 0.590 0.321 

Number of Outliers 0 0 

 

Table 5.2 shows the model fitting indicators and model statistics indicators 

of the seasonal ARIMA model with and without independent variables 

output by SPSS. The comparison found that the fitting effect of the forecast 

model of inbound foreign tourists using Google keyword search frequency 

data as independent variables is better than the time series ARIMA model 

without independent variables. However, in the parameter estimation 

results of the model with four parameters, Food in China's monthly search 

frequency regression coefficient is not significant and has no statistical 

significance, suggesting parameter redundancy. Therefore, in the 

subsequent analysis of the model quantity, only the control variables Flight 

to China and China Visa with strong correlation are added on the basis of 

Model 1 to predict the model. From the analysis in Table 5.3, we can see 

that Model 2 with Google monthly search frequency data of Control 

Variables Flight to China and China Visa has a higher predictive ability, 

indicating that the model fitting effect after adding the control variables is 

better. 

Table 5.3 Comparison of prediction results of ARIMA model with or without 

control independent variables 

Time Actual 
number(10 
thousand) 

Predicted 
number(Model 

1) 

Relative 
error 
(%) 

Predicted 
number(Model 

1) 

Relative 
error 
(%) 
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2017.01 204.73 192.71 -5.87 193.76 -5.36 

2017.02 209.42 254.29 21.42 250.62 19.67 

2017.03 260.63 236.47 -9.27 238.08 -8.65 

2017.04 261.96 265.74 1.44 262.23 0.10 

2017.05 247.27 253.64 2.58 250.84 1.44 

2017.06 240.79 241.53 0.31 240.29 -0.21 

2017.07 234.88 244.56 4.12 244.80 4.22 

2017.08 241.59 240.35 -0.52 243.08 0.62 

2017.09 245.31 239.50 -2.37 249.35 1.65 

2017.10 273.43 257.94 -5.67 259.91 -4.94 

2017.11 250.12 252.44 0.93 251.67 0.62 

2017.12 246.39 242.58 -1.55 241.06 -2.16 

6. Conclusion and expectation 

6.1. Conclusion 

Inbound tourism has played an important role in the development of China's 

tourism industry, and as one of the important fields of tourism research, tourism 

demand modeling and forecasting has always been an important object of 

attention for a wide range of scholars and practitioners. 

This article is based on Google Trends Chinese international tourist prediction 

research. First of all, the literature review and theoretical basis will be sorted out. 

The literature review will be based on time, and analyze the research status of the 

number of tourists predicted by the web search data provided by Google-based 

search engines since 2009. On the basis of theory, summarize and analyze the 

method of keyword selection, and then select Google Trends data, and combine 

relevant websites to collect data on the number of inbound foreign tourists. 

Analyze the relevant data of China's international tourist volume for 168 months 

from 2004 to 2017, and make a prediction study based on the established model. 

The purpose of the study is to provide guidance for the development of tourism 

policies by predicting changes in China's international tourist volume data support. 

With the help of SPSS and Eviews statistical software, the seasonal product 

ARIMA model is used to analyze and model the time series of Chinese 

international tourists, and the later trends are predicted according to the model. 

Modeling and prediction are feasible and reliable, and Google keyword collection 

is added The prediction accuracy of the model is relatively higher. At the same 

time, China visa and Flight to China have a greater relevance for the willingness of 

international tourists to enter China, which provides an important theoretical basis 

for the national international tourism policy. 

 

There is a long-term positive correlation between the relative frequency of 

Google's search for China visa and the number of foreign tourists entering China. 

In other words, as the relevant visa policies become more relaxed or facilitate the 

entry of international tourists, the number of foreign tourists entering China will 

also increase. This shows that the visa policy is the main factor affecting the 

number of foreign tourists entering the country. Research by scholars at home and 

abroad also shows that the visa policy will have a significant impact on inbound 

tourism, and the loose visa policy will promote the development of regional 
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tourism to a certain extent. The World Tourism and Tourism Council (WTTC) has 

published tourism competitiveness indicators, including visa openness indicators. 

Therefore, reducing and eliminating the tourist visa procedures for the main tourist 

source countries of China can promote the development of China's inbound 

tourism to a certain extent and enhance the international competitiveness of 

China's inbound tourism. But it is worth noting that the impact of visa policy 

changes on inbound tourism is often short-term, and the market response is very 

rapid, resulting in a rapid increase in the number of tourists in the short term, but 

then there will often be adjustments and gradually return to normal growth rates. 

How to use the relatively loose tourist visa policy to make China's inbound tourism 

grow steadily and orderly in the long term is an issue that needs to be considered 

simultaneously when formulating relevant policies. 

 

According to the results of this study, the relative frequency of Flight to China in 

Google searches is also an important factor affecting the number of foreign 

tourists entering China. Compared with the short-term impact of changes in visa 

policies on the number of inbound foreign tourists, the distance to Flight to China 

is considered to be one of the main factors affecting the long-term international 

tourists' inbound tourism. And this distance can shorten the travel time by using 

advanced transportation technology, while reducing costs. In inbound tourism, 

foreign tourists generally prefer air transportation. For China, it is possible to 

attract international tourists and improve the number of inbound foreign tourists by 

improving the connectivity and services of international flights and improving the 

flight experience of tourists. 

6.2. Expectation 

This article is based on Google Trends-based Chinese international tourist 

prediction research. It is based on time series, using Google search trends as 

control variables to conduct ARIMA modeling and analysis, and through the 2017 

forecast to verify the validity of the results. However, for the model, the accuracy 

of the model needs to be based on a large amount of data. When empirical 

analysis is performed, the larger the past data sequence is often obtained, the 

more accurate the entire model is. However, if the amount of data is too large, it 

will lead to an increase in the amount of calculation, thereby increasing the 

uncertainty of the model. The data selected in this article for 2004-2017, whether 

the amount is moderate or not, needs further verification. At the same time, 

Google Trends can conduct a trend assessment of the retrieved content, which 

can reflect the wishes and attention directions of Chinese international inbound 

tourists, but the actual number of Chinese international inbound tourists is affected 

by many factors, such as national policies, political environment, etc. In the 

beginning of 2020, the global outbreak of new pneumonia has banned residents 

from leaving the country. And China has also strengthened the control of entry, 

which will inevitably have a very big impact on inbound tourism. In pure data 

modeling, there is no way to reflect these effects. Therefore, how to select a more 

comprehensive index to establish a model of the number of Chinese inbound 

international tourists needs more in-depth and detailed research. 
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