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Forecasting Tourism Demand Using Search

Query Data: A Hybrid Modelling Approach

Abstract

Search query data have recently been used to forecast tourism demand. Linear
models, particularly autoregressive integrated moving average with exogenous
variable (ARIMAX) models, are often used to assess the predictive power of
search query data. However, they are limited by their inability to model
nonlinearity due to their pre-assumed linear forms. Artificial neural network
(ANN) models could be used to model nonlinearity, but mixed results indicate
that their application is not appropriate in all situations. Therefore, this study
proposes a new hybrid model that combines the linear and nonlinear features of
component models. The model outperforms other models when forecasting
tourist arrivals in Hong Kong from mainland China, thus demonstrating the
advantage of adopting hybrid models in forecasting tourism demand with search

query data.
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1. Introduction

The need for accurate forecasts of tourism demand has long been recognised by
tourism researchers, policy-makers and practitioners. Policy-makers need
accurate forecasts to allocate resources for the construction of tourism

infrastructure, such as hospitality facilities and public transportation. Due to the



perishable nature of tourism products, it is impossible to stockpile unsold airline
seats and hotel rooms. Thus, accurate forecasts of business demand are crucial
for practitioners to make better business decisions, such as staffing decisions, and

to formulate pricing strategies.

Traditional tourism demand forecasting involves gathering historical data to
construct various models, including time series, econometric and artificial
intelligence models (Song & Li, 2008, Wu, Song & Shen, 2014). However, the
ubiquitous use of the Internet means that traces of these on-line activities are
now being recorded on a massive scale. These digital footprints constitute Big
Data that reflect users’ intentions, preferences and interests and thus have the
potential to improve modelling and forecasting in a wide array of areas.
Researchers have adopted different types of Big Data, such as search query and
social media data, to forecast activities like claims for unemployment (Choi &
Varian, 2012), influenza epidemics (Ginsberg et al., 2009) and box office revenue

trends (Arias, Arratia, & Xuriguera, 2013).

Studies have also investigated the effectiveness of Big Data in forecasting tourism
demand. Search queries are among the most commonly used types of data (Choi
& Varian, 2012; Pan, Chenguang Wu, & Song, 2012; Yang, Pan, Evans, & Lv, 2015;
Li, Pan, Law, & Huang, 2017). Before travelling (Fesenmaier, Xiang, Pan, & Law,
2010), many tourists search online for relevant information about
accommodation, attractions and activities (Pan, Litvin, & Goldman, 2006). These
search query volumes can be retrieved from search engines to provide early

indicators of future trips, and thus to predict future tourism demand.



Previous studies that have attempted to forecast tourism demand from search
qguery data have used traditional statistical models, particularly the autoregressive
integrated moving average with exogenous variable (ARIMAX) model (Choi &
Varian, 2012; Yang, Pan, Evans, & Lv, 2015; Li, Pan, Law, & Huang, 2017). Although
the forecasting performance of these models is better than that of the benchmark
models due to their inclusion of search query data, they still have limitations due

to their pre-assumed linear forms.

In contrast, artificial neural network (ANN) models have the advantage of being
able to model nonlinearity, and have been used for tourism demand forecasting
(Law & Au, 1999; Kon & Turner, 2005; Palmer, José Montano, & Sesé, 2006). ANN
models perform better than traditional linear models in forecasting nonlinear
time series data (Zhang, Patuwo, & Hu, 2001). A composite index must often be
constructed due to the large amount of information that Big Data provide. This
can create a complicated relationship between the index and the variable we
want to predict, which cannot be fully explained by linear models (Arias et al.,
2013). A nonlinear autoregressive with exogenous variable (NARX) model can be

used to capture the nonlinearity.

Although autoregressive integrated moving average (ARIMA) and ANN models
have proven successful in their own linear and nonlinear domains, neither type is
suitable for all situations. It is widely accepted in the forecasting literature that no
single model is superior in all situations. Real-life time series data are often
complex and may involve both linear and nonlinear patterns that cannot be
adequately modelled by either ARIMA or ANN. Combining the two can alleviate

the problem (Zhang, 2003) . Due to the combination of linear and nonlinear



features, hybrid models have been proven to outperform both of the individual
component models in univariate time series forecasting (Tseng, Yu, & Tzeng,
2002; Zhang, 2003; Khashei & Bijari, 2011). Hybrid models with linear and
nonlinear components are likely to be better at modelling the complex

relationship between tourism demand and a composite search index.

Although several studies have found search query data to be useful in forecasting
tourism demand, only linear models were used (Yang et al., 2015; Li et al., 2017).
No study has explored the possible nonlinear relationship between search query
data and tourism demand. This study fills this gap by comparing the results of the
ARIMA and nonlinear autoregressive (NAR) neural network models with those of
the ARIMAX and NARX models, respectively. An extension of a hybrid model that
includes an explanatory variable is proposed. The results of the ARIMAX model in
the first stage are then used as inputs for the NARX model in the second stage.
This novel hybrid model contributes to the modelling literature, which is
dominated by linear models, because it is capable of capturing both the linearity

and nonlinearity common to real-life data.

The remainder of the paper is organised as follows. Section 2 presents the
relevant literature. Section 3 introduces the data and preliminary tests. Section 4
provides the model construction and results, and the conclusions are drawn in

Section 5.

2. Literature Review
In this section, we begin by reviewing the literature on tourism demand

forecasting. We then review the application of forecasting using search query



data and consider ANN and hybrid model forecasting studies. Research gaps are

identified at the end of the section.

2.1.Tourism demand forecasting
Song and Li (2008) provided a detailed review of tourism demand modelling and
forecasting. There are three main types of modelling techniques: time series,

econometric and artificial intelligence models.

Time series models that generate forecasts based on past values are widely used
in tourism demand forecasting. This makes data collection less costly, as only one
variable is needed to build the model. The most commonly used time series
model is the ARIMA model proposed by Box and Jenkins (1970). Various
extensions of the ARIMA model have also been used. When seasonal data are
used, the seasonal ARIMA model can be used to capture the seasonality of
tourism demand. Goh and Law (2002) introduced the ARIMA model with
intervention to forecast 10 arrival series for Hong Kong and found that the model
outperformed other time series models. Simpler models such as naive and
exponential smoothing models are also frequently used, but they are more often

used as benchmark models.

Econometric models can be used when influencing factors that might have causal
relationships with tourism demand need to be included. Traditional regression
models such as the ordinary least squares model suffer from the spurious
regression problem (Song & Li, 2008). Therefore, more advanced econometric
models have been used, such as the autoregressive distributed lag model (Song,
Wong, & Chon, 2003), error correction model (Kulendran & Wilson, 2000), vector

autoregressive model (Song & Witt, 2006), time varying parameter model (Song &



Wong, 2003) and almost ideal demand system model. Although some studies
have found that econometric models outperform time series models in
forecasting tourism demand (Song, Witt, & Jensen, 2003), others have found that
time series models forecast more accurately (Witt & Witt, 1995; Athanasopoulos,
Hyndman, Song, & Wu, 2011). Song and Li (2008) concluded that no single model

can outperform all other models in all situations.

Various artificial intelligence techniques have been used to forecast tourism
demand, such as fuzzy logic, genetic algorithms and most notably the ANN model.
Unlike traditional time series and econometric models, the ANN model can model
the nonlinearity in the data. Law (2000) used a back-propagation ANN model and
found that it outperformed regression and time series models in forecasting
Taiwanese visitors to Hong Kong. Cho (2003) compared three approaches to
forecast tourist arrivals in Hong Kong and found that the ANN model performed
better than the ARIMA and exponential smoothing models. Kon and Turner (2005)
compared the ANN model with the basic structural, naive and Holt-Winters
models in forecasting arrivals in Singapore, and found that a correctly specified
ANN model could outperform the other models. Although most studies have
asserted that ANN models can forecast tourism demand accurately, some have
suggested that it they are outperformed by simpler time series models. Claveria
and Torra (2014) demonstrated that a simple ARIMA model could outperform an

ANN model in forecasting tourism demand in Catalonia.

2.2.Forecasting with search query data
The Internet has made it incredibly easy to find information, and using search

engines is a part of people’s daily lives (Sparrow, Liu, & Wegner, 2011). Online



search behaviour is related to users’ consumption preferences and decision-
making processes (Du, Hu, & Damangir, 2014; Ghose, Ipeirotis, & Li, 2014). In
recent years, using search query data for forecasting has become commonplace in

numerous research areas.

One of the first efforts was made by Ginsberg et al. (2009), who demonstrated
the feasibility of detecting influenza epidemics using a large number of Google
search queries. Vosen and Schmidt (2011) forecasted private consumption based
on factors extracted from Google search queries. The Google indicators
outperformed the two most common survey-based indicators in almost all in- and
out-sample forecasting experiments. Bordino et al. (2012) showed that daily
volumes of search queries related to stocks traded on the NASDAQ-100 were
correlated with the trading volumes of the same stocks, and in many cases
predicted trading peaks by one day or more. Other studies have used search
query data to forecast unemployment rates (Askitas & Zimmermann, 2009),
automotive sales (Du & Kamakura, 2012) and consumer confidence (Choi &

Varian, 2012).

Studies using search query data to forecast tourism demand have emerged in the
last few years. Choi and Varian (2012) used the average Google Trends index for
vacation destinations in Hong Kong for the first two weeks of every month by
country of origin to predict the tourism demand in that month. Pan et al. (2012)
used the search volumes of five related queries for a specific tourist city to predict
demand for hotel rooms. They compared different models and found that
autoregression with an exogenous variable model generated better forecasting

performance than other models. They also pointed out that their study included



only a limited number of search queries, and that a larger number of queries
could be used to increase forecasting accuracy. Yang et al. (2015) used a large
number of search queries from two search engines, Google and Baidu, to forecast
tourism demand for a popular tourist city in China, and proposed a method for
selecting relevant search queries. They found that although search query data
from both search engines improved forecasting accuracy compared with the
baseline model, the Baidu Index data appeared to outperform the Google Trends
data in forecasting tourism demand. Bangwayo-Skeete & Skeete (2015) found
that the forecasting performance of tourist arrivals in five popular tourist
destinations in the Caribbean was superior to that of the alternative models when
the mixed-data frequency approach that incorporates the Google Trends
information was used. Rivera (2016) retrieved Google Trends data in 11 different
occasions and found that the dynamic linear model provided better forecasts than
the simpler models. Onder and Gunter (2016) used Google Trends data to
forecast tourism demand in Vienna. Their results confirmed that the models’
forecasting performance was improved when Google Trends data are included
across the source markets for both seasonal and seasonally adjusted data. Li et al.
(2017) used search queries from Baidu to predict the tourism demand for Beijing
and found that forecasting performance was improved by the inclusion of a

composite search index.

2.3.Forecasting using ANN and hybrid models
The most basic computing units in ANN models are nodes (or neurons). Although
numerous types of ANN have been proposed, the most popular and widely
adopted is the multilayer feedforward network model, which usually consists of

input, hidden and output layers. Hornik, Stinchcombe and White (1989) rigorously



established that one hidden layer was enough for multilayer feedforward

networks to be universal approximators.

Scholars have adopted ANN models to forecast time series data. Hill, O’Connor
and Remus (1996) compared the time series forecasting performance of an ANN
model with six statistical time series techniques generated in a major forecasting
competition. They found that the ANN performed significantly better than

traditional methods across monthly and quarterly time series.

Refenes, Zapranis and Francis (1994) showed that an ANN model outperformed
classical statistical techniques in forecasting stock performance and noted that
the traditional techniques had limitations in forecasting applications with
nonlinearity. Zhang, Patuwo and Hu (2001) conducted an experimental evaluation
of ANNs for nonlinear time series forecasting, and showed that neural networks
are valuable tools for forecasting nonlinear time series data whereas traditional

linear methods are unsuitable for this task.

Choosing an appropriate structure for an ANN model is important, yet there is no
systematic procedure to guide the model-building process. For example, an
appropriate number of input and hidden nodes must be specified: specifying too
many can make the ANN model too specific and may cause an overfitting
problem, thus deteriorating the forecasting performance. In practice, appropriate
experimental parameters are often chosen through trial and error. There are
other issues in building ANN models, such as the choice of activation function and
training algorithm (Zhang, Patuwo, & Hu, 1998). Faraway and Chatfield (1998)

found that ANN models outperformed the Box-Jenkins model in forecasting



airline time series data only when the former were built with appropriate

structures.

Although ANN models perform better than traditional linear models in some
studies, other studies have reported inconsistent results. Foster, Collopy and
Ungar (1992) found that ANN models presented significantly less accurate
forecasts than traditional linear regression. Denton (1995) found little difference
between linear regression and neural network models in causal forecasting under
ideal conditions. ANN models may perform worse than linear statistical models in
some cases because the underlying data are linear without much disturbance
(Zhang et al., 1998). The mixed results from ANN models suggest that it is

inappropriate to apply them blindly in all situations.

As it is difficult to know the underlying pattern of real-life data and it is rarely
purely linear or nonlinear, the use of hybrid models that have both linear and
nonlinear modelling capabilities tends to be a good strategy. For example, Zhang
(2003) suggested a hybrid method that combined the features of the ARIMA and
ANN models to take advantage of their unique linear and nonlinear modelling
strengths. Their experimental results indicated that the hybrid model improved
the forecasting accuracy compared with the individual models. Tseng et al. (2002)
proposed a hybrid forecasting model that combined seasonal ARIMA and neural
network backpropagation models. The hybrid model outperformed seasonal
ARIMA and two neural network models with differenced and deseasonalised data
in forecasting two-seasonal time series data. Khashei and Bijari (2011) proposed a
novel hybridisation of the ANN and ARIMA models. Their model preserved and

magnified the linear features of the ARIMA model, and the ANN model was used



to capture the underlying data-generating process. Their empirical results
indicated that the proposed model produced more accurate forecasts than
traditional hybrid models and either of the components models used separately.
Aslanargun, Mammadov, Yazici and Yolacan (2007) used various combinations of
ARIMA and ANN models to forecast tourist arrivals in Turkey and found that

models with nonlinear components exhibited better performance.

Considering the potentially complex relationship between tourism demand and
the composite search index, univariate time series hybrid models could be
extended to include the composite search index as an exogenous variable. This
study proposes a new hybrid ARIMAX/NARX model. The linear models used in
previous studies were incapable of capturing the possible nonlinear relationship
between search data and tourism demand. This study fills this gap by using the

proposed hybrid model to capture both linearity and nonlinearity.

3. Preliminary Data Analysis

3.1.Tourist arrivals data
Tourist arrivals in Hong Kong from mainland China are used as the tourism
demand data for the empirical study. According to A Statistical Review of Hong
Kong Tourism 2015 by the Hong Kong Tourism Board, there were 45.8 million
arrivals from mainland China in 2015, accounting for 77% of Hong Kong’'s total
arrivals. The Hong Kong Tourism Board publishes monthly tourist arrivals data
with a lag of about one month, and the data can be collected from the official
website. As the search query data used in this study are only available from 2011,
we collect the tourist arrivals data from January 2011 to September 2016. The

tourist arrival data are log transformed, following conventional practice.



3.2.Composite search index construction
As we are interested in tourists from mainland China visiting Hong Kong, we use
search engines in the Chinese market. Baidu has the largest market share in
China, and an earlier study confirmed that Baidu search data could better predict
Chinese tourists’ travel patterns (Yang et al., 2015). Thus, we use Baidu as the
search engine to collect search query data. The daily volumes of search queries

are available from 2011 provided by Baidu Index.

The most commonly used method for selecting search query data is based on the
researcher’s intuition and knowledge (Brynjolfsson, Geva, & Reichman, 2014).
This method is also adopted in this study. Some studies have selected several
specific search queries and directly used the volumes of these search queries to
predict tourism demand (Pan et al., 2012). This method has the potential problem
of omitting important information by excluding relevant search queries. Recent
studies have suggested a systematic procedure for selecting tourism-related
search queries (Yang et al., 2015; Li et al., 2017). First, some aspects of trip
planning are specified. Tourists generally make their travel decisions based on the
economic factors such as the their income levels, the costs of travel and their
destination preferences (Jeng & Fesenmaier, 2002). However, after choosing the
destination, tourists normally search for the details online about different aspects
of the destination that they chose. Following the earlier studies such as Yang et al
(2015) and Li et al. (2017), six aspects are chosen in this study: dining, shopping,
traffic, tours, attractions and lodgings. Second, several initial search queries are
specified for each aspect. Third, these search queries are entered into the Baidu
Index; highly correlated search queries can be collected from a demand map

interface provided by the Baidu Index. This step is iterated, after which the



number of search queries converges to 126. Lastly, as the Baidu Index does not
provide the volumes of search queries below a certain threshold, the availability
of each search query is manually checked in the Baidu Index, and only those that
are available are saved as final search queries. Finally, there are 64 search queries
and their volumes are available on a daily basis starting from 2011. The daily
tourist arrivals data are aggregated into monthly data spanning January 2011 to

September 2016.

The translated search query terms and their correlations with the arrivals data are

shown in Table 1.

(Insert Table 1 about here)

After obtaining the volumes of the relevant search queries, it is important to
decide how to extract information from this large amount of data. It is not viable
to add the volumes of so many search queries directly into the model because
doing so would create many degrees of freedom and cause an overfitting
problem. Principal component analysis (PCA) is a dimension reduction tool that
uses orthogonal transformation to produce linearly uncorrelated principal
components (PCs), which are linear combinations of original data. Most variations
in the original data can be preserved by choosing the first few PCs. PCA can be
used to construct a composite index from a large number of search queries, and it
has been applied in other studies (Li, Shang, Wang, & Ma, 2015; Li et al., 2017).
Such a composite index also has the advantage of being less volatile than an

individual search query. In practice, normalisation, which is also adopted in this



study, is often achieved by subtracting the mean and dividing by the standard
deviation for each search query before applying PCA. Applying this procedure can
better reflect the variations of search queries with relatively low volumes. The

variance contribution rates of the PCs are plotted in Fig. 1.

(Insert Fig. 1 about here)

The first PC explains more than 30% of the variance, and there is a large drop in
the contribution rate from the second PC. The scree plot criterion suggests to
choose the factors until a break in the graph. Since there is a clear break after the
first PC, only the first PC is retained as the composite search index in this study.
This study does not intend to explain the majority of the variance of the search
queries as our focus is to extract information from the search queries to improve

the accuracy of tourism demand forecasts.

The top 10 queries that have the largest weights in the PC are listed in Table 2.

(Insert Table 2 about here)

The top 3 queries, and indeed 6 out of the top 10, are related to traffic,
suggesting that tourists from mainland China travelling to Hong Kong most
commonly search for traffic information. Fig. 2 plots the relationship between the

PC and arrivals data.



(Insert Fig. 2 about here)

A strong concordance can be seen between the arrivals data and PC. However,
the underlying relationship requires further investigation using more tests and

modelling.

3.3.Preliminary tests
Some statistical tests can be conducted before the modelling to assess the

relationship between the arrivals data and PC.

There are several methods for testing linearity, and some neural-network-based
tests have been shown to work well in many fields (White, 1989; Lee, White, &
Granger, 1993). Terasvirta, Lin and Granger (1993) demonstrated that the
Terasvirta Neural Network Test appeared superior to the other tests overall. It is
implemented by testing the null hypothesis of linearity between the arrivals data

and the PC. The results are shown in Table 3.

(Insert Table 3 about here)

The small p-value of the Terasvirta neural network test suggests that the null
hypothesis of linearity between the arrivals data and PC should be rejected. This
indicates that traditional linear models such as the ARIMAX may not be able to

adequately model the relationship between the arrivals data and the PC.



Granger causality tests (Granger, 1969) are often conducted to assess the causal
relationship between variables. The basic idea is that if a random variable X
Granger causes another variable Y, then the past values of X should contain
information that helps to predict Y in addition to the information contained in
past values of Y. Traditional parametric tests involve building a vector
autoregressive model to test the null hypothesis that all coefficients of lagged X
are zero in a linear regression model where Y is dependent on the past values of
both X and Y (Toda & Yamamoto, 1995). Rejection of the null hypothesis suggests
that X Granger causes Y. However, the limitation of the parametric Granger
causality test is that it assumes a linear relationship between the variables. As the
Terasvirta neural network test indicated nonlinearity between the arrivals data
and PC, it may not be appropriate to test Granger causality in a linear form. Some
nonparametric tests that can test for nonlinear Granger causality have been
suggested. We use a nonparametric Granger causality test proposed by Diks and
Panchenko (2006) because it overcomes some of the problems of earlier tests and
proves to work well in applications. According to the results in Table 4, the null
hypothesis that the PC does not Granger cause tourist arrivals is rejected at the
5% significance level. This suggests that the PC Granger causes tourist arrivals and

thus is predictive of tourist arrivals.

(Insert Table 4 about here)

4. Competing Models
4.1.ARIMA and ARIMAX
We construct ARIMA and ARIMAX models with the PC as an exogenous variable.

In the following, TA denotes the log transformed tourist arrivals data. The data



from January 2011 to September 2015 are used to train the models, and the data
from the 12 months from October 2015 to September 2016 are used for

forecasting.
A seasonal ARIMA(p,d,q)(P,D,Q)m model can be written as follows:
®(B™)$(B)(1 — B™P(1 - B)*y, = c + 0(B™)0(B)e,

where B is the backshift operator; ®(x) and 0(x) are polynomials of orders P
and Q, respectively; ¢(x)and 8(x) are polynomials of orders p and q,
respectively; and €, is a white noise process with mean of zero and a variance o?.
ARIMA models are often estimated following the Box-Jenkins approach. Hyndman
and Khandakar (2008) proposed an automatic order selection process for the
ARIMA model. First, the order of seasonal differencing D is chosen based on the
OCSB test (Osborn, Chui, Smith, & Birchenhall, 1988). Second, the order of non-
seasonal differencing d is chosen using the KPSS unit-root test (Kwiatkowski,
Phillips, Schmidt, & Shin, 1992). Third, a step-wise procedure is used to traverse
the model space to choose the order of autoregressive and moving average
terms, p, g, P and Q. The model with the lowest Akaike information criterion (AIC)

is then chosen. This automatic process is applied to TA.

The ARIMAX model is constructed in a similar way to the ARIMA model, except
that a linear regression of TA on the lagged PC is conducted first and the
automatic order selection process is used after the effect of the lagged PC is
eliminated. The PC has strong positive autocorrelations that die out very slowly,
as can be seen in Fig. 3. The horizontal blue dashed lines are placed at zero plus
and minus two approximate standard errors of the sample autocorrelations. Most

sample autocorrelations are way above the positive blue dashed line, suggesting a



large correlation for the PC with different lags. To avoid multicollinearity caused
by including multiple lags of the PC at the first linear regression step, only the PC

with a lag equal to one is included in the ARIMAX model.
(Insert Fig. 3 about here)

The resulting models are ARIMA(0,1,2)(1,0,0)12 and ARIMAX(0,1,1)(0,1,1)12. The

details are shown in Table 5.
(Insert Table 5 about here)

SAR denotes the seasonal autoregressive term, and SMA denotes the seasonal
moving average term. The fitted ARIMA and ARIMAX models can be expressed as

follows:

ARIMA: (1 - 0.8867B'%)(1 — B)TA, = (1 — 0.8666B + 0.2923B2),

TA = 0.0246PC,_; + u,

ARIMAX: {(1 — B12)(1 — B)u, = (1 — 0.7439B)(1 — 0.3254B12)¢,

ARIMAX has seasonal and non-seasonal differencing while ARIMA has non-
seasonal differencing and seasonal autoregressive term. PC+1 is significant at the

1% level and indicates that the composite search index is predictive of tourist



arrivals. The Ljung-Box test is conducted and the P-value suggests that there is no

autocorrelation in the residuals for the ARIMA and ARIMAX models.

4.2.NAR and NARX
The appropriate construction of an ANN model is important, but there is no
systematic approach that guides this process. For example, there is no standard
rule that determines the number of layers and number of nodes in each hidden
layer, although using one hidden layer is sufficient for most practical problems
(Hornik et al., 1989; Zhang et al., 1998). Thus, we use a single hidden layer, and
the number of nodes in the hidden layer and the number of delays are

determined experimentally.

To obtain good predictions with ANN models, it is important to prevent
overfitting to preserve their generalising ability. Several methods can be used to
solve the overfitting problem. One method is to create a validation dataset that
imposes early stopping when the performance stops improving. Another method
is to add a regularisation term into the model, but the regularisation parameters
must be chosen beforehand. An automated training algorithm based on the
Bayesian framework can be used to address this problem (MacKay, 1992). The
regularisation parameters can be determined based on the variance of weights in
the ANN model, which are assumed to be random variables. Creating a validation
dataset reduces the number of observations that can be used in the training
process. Considering the relatively short length of the dataset in this study,

Bayesian regularisation is adopted to prevent overfitting.

The form of the data should also be considered before they are applied to neural

network training. Although there is no consensus as to whether the data should



be deseasonalised before use, most studies have found that ANN models give
better results in forecasting time series data if they are deseasonalised (Nelson,
Hill, Remus, & O’Connor, 1999; Zhang & Qi, 2005). In the context of tourism
demand forecasting, Palmer, José Montaio and Sesé (2006) found that using
preprocessing by seasonally differencing data produced better forecasts of
tourism expenditure in the Balearic Islands, perhaps due to the large number of
hidden nodes required to adequately model time series data based on trend and
seasonality. Considering that the amount of data available in the tourism field is
usually very limited, which is also the case in this study, an ANN model with too
many parameters is likely to cause overfitting. The most effective solution is to
eliminate the deterministic components first and concentrate on learning the
non-deterministic components of the data. This approach is implemented in this
study by using seasonally differenced data, denoted as DTA and DPC for

seasonally differenced TA and PC, respectively.

Although it is possible to use different activation functions for different nodes in
the same or different layers, almost all ANN models use the same activation for
the same layer ( Zhang et al., 1998). The following hyperbolic tangent function is

often used as an activation function in forecasting problems:

f(x) = (exp(x) — exp(—x))/(exp(x) + exp(—x))

This nonlinear function can be used to introduce nonlinearity into the model. In
this study, it is used as the activation function for the hidden layer. The linear

activation function for output nodes is often used for forecasting problems that
involve continuous target values (Rumelhart, Durbin, Golden, & Chauvin, 1995).

As we are forecasting time series data in this study, we adopt it as the activation



function for the output layer. Finally, it is recommended that the range of
variables should be limited in the work interval of the activation functions used in
the hidden and output layers to avoid computational problems and facilitate
network learning (Srinivasan, Liew, & Chang, 1994). As the hyperbolic tangent
function has an output interval of [-1, 1], the data are transformed to this interval

using linear transformation.

Two further parameters need to be chosen for the NAR model: the number of
hidden nodes and the lags for DTA that should be used as inputs. The mean
squared error (MSE) is used as the criterion for choosing these two parameters
experimentally. The model with fewer parameters is chosen when two models
give the same MSE, as parsimonious models often have better generalisation
capability and better forecasting performance. The results of different

combinations of hidden nodes and lags are listed in Table 6.

(Insert Table 6 about here)

The model with one hidden node and three lags of DTA is the most parsimonious
among models with the smallest MSE of 0.0046. Models with more lags of DTA
are also explored, but the MSE does not decrease further. Thus, an NAR model

with one hidden node and three lags of DTA is chosen for forecasting.

The same model building procedure is applied to the NARX model, with the
exception of choosing the number of lags for DPC. The results with one and two

lags of DPC are shown in Table 7.



(Insert Table 7 about here)

Models with one and two lags of DPC give similar MSE results. Models with more
lags for DPC and DTA are also fitted, but they do not give better MSE results.
Compared with the NAR model, the NARX model has a smaller MSE, indicating its
better fit with the inclusion of lagged DPC. Based on the parsimonious rule, a
NARX model with three DTA lags, one DPC lag and one hidden node is chosen for

forecasting.

4.3.Hybrid model
The hybrid model is constructed by combining the ARIMAX and NARX models.
Linear modelling is accomplished by constructing an ARIMAX model, as described
earlier, and the results are saved for the nonlinear modelling stage. The residuals
and one-step-ahead predictions from the ARIMAX model are used as inputs to the
NARX model. The one-step-ahead prediction from the ARIMAX model for time t,
denoted by T‘Zt, is available at time t-1. Lagged PC and lagged TA are also used as
inputs for the NARX model. TA is used as the output. The same construction
procedure is applied to choose the appropriate lags for the inputs and the
number of hidden nodes. The final hybrid model has two hidden nodes, and the

inputs at time t can be summarised as follows:

e one-step-ahead prediction from ARIMAX, TA,,
e residual from ARIMAX with lag 1, e;_;,
e PCwithlag1l, PC;_4, and



e TAwithlag1, TA;_;.

4.4.Forecast Comparison
To examine the predictive power of the search query data and whether the hybrid
model can outperform other models, we compare the forecasting results for all
five models from October 2015 to September 2016. Performance is assessed
using five measures: the mean absolute deviation (MAD), mean squared error
(MSE), mean absolute percentage error (MAPE), root mean square percentage
error (RMSPE) and Theil’s U statistic. The MAD measures the average accuracy by
weighting the absolute deviations equally. The MSE takes the average squared
errors, so that large errors have bigger impacts. The MAPE is similar to the MAD,
but uses the percentage errors. The RMSPE uses squared percentage errors and
takes the square root of the mean. Theil’s U is used to evaluate the forecasting
performance of the model against the seasonal naive model. If Theil’s U is less
than one, it indicates that the forecasting technique performs better than the

seasonal naive method. Each of these measures is defined as follows:

n
1
MAD = — A —
~> |4, F
t=1

1 n
MSE == EZ(A{: - Ft)z
t=1

n

_ 12 |Ae — Fi
MAPE=—- ) ——
n A;

t=1



1 & At_Ft
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t=1

V(A —
\/Zt=1(‘4t - At—12)2

where A; denotes the actual value and F; denotes the forecast value in
forecasting period t, and n is the length of the forecasting period, which is equal
to 12. The forecasting performance results for all of the models are shown in

Table 8.

(Insert Table 8 about here)

The values of Theil’s U are smaller than one for all models, indicating that they all

perform better than the naive model.

As expected, the ARIMAX model performs better than the ARIMA model, and the
NARX model performs better than the NAR model for all measures. This suggests
that including search query data in the models improves their forecasting
performance, and confirms the predictive ability of search query data in
forecasting tourism demand, as found in earlier studies (Pan et al., 2012; Yang et

al., 2015; Li et al., 2017).

The hybrid model consistently outperforms the other four models on all
measures, demonstrating its superiority in forecasting tourist arrivals using search

query data, and parallels the superior performance of the hybrid models in the



univariate time series forecasting literature (Tseng et al., 2002; Zhang, 2003;
Aslanargun et al., 2007; Khashei & Bijari, 2011). The extension to the case with an
exogenous variable proves to be successful. This confirms the expectation that a
hybrid model that integrates both linear and nonlinear features provides better
forecasting performance with the help of search query data. As indicated by the
Terasvirta neural network test, there is a nonlinear relationship between tourist
arrivals and the composite search index. The hybrid model overcomes the
limitation of traditional time series models such as the ARIMAX model, which
captures only the linear relationship and is unable to account for the nonlinear
relationship. The most commonly used error measure, the MAPE, decreases from
4.65% for the ARIMAX model to 3.68% for the hybrid model. There is an even
bigger improvement from the NARX model to the hybrid model. This proves the
advantage of the hybrid model over the individual component models when the
underlying relationship involves both linearity and nonlinearity, which is often the

case for real-life data.

4.5.Robustness check
The above forecasting performances use the past 12 months as the testing set. To
check the robustness of the findings, we perform three more forecasting
comparisons using data from the past 9, 6 and 3 months and the results are

shown in Tables 9, 10 and 11, respectively.

(Insert Table 9-11 about here)



As the search query data are lagged by one, one-step-ahead ex-ante dynamic
forecasts can be generated. The models are first estimated using the data with
the last 12 months excluded and 1-month-ahead ex-ante forecasts are calculated.
Then, the models are re-estimated using the data without the last 11, 10, ..., 1
months, and the same forecasts are calculated in each round. Therefore, 12 one-
step-ahead ex-ante dynamic forecasts are generated, and the results are shown in

Table 12.

(Insert Table 12 about here)

The models with search query data perform better than their univariate
counterparts in all cases, thus confirming that the predictive power of search

qguery data is robust.

Although the ARIMAX has better forecasting performance than the NARX most of
the time, the NARX outperforms the ARIMAX when using the last 3 months as the
testing set (except for the error measure RMSPE). There is also no clear evidence
as to whether the ARIMA or the NAR performs better. This suggests that neither

the linear nor the nonlinear models can outperform the other under all situations.

However, the hybrid model consistently outperforms all other models in all
forecasting comparisons, indicating that the superiority of hybrid model is robust
for different error measures and different lengths of testing set. This further
demonstrates that hybrid models should be used more often in empirical

applications.



5. Conclusion

This study proposes a new hybrid ARIMAX/NARX model and demonstrates the
advantage of incorporating both linear and nonlinear features when forecasting
tourism demand using search query data. Relevant search queries are collected,
and a composite search index is constructed using PCA. Finally, various models
are fitted to forecast tourist arrivals in Hong Kong from mainland China using the

lagged composite search index.

The empirical results show that models that include a composite search index as
an exogenous variable exhibit better forecasting performance than univariate
baseline models. This confirms the predictive ability of search query data in
forecasting tourism demand. Although linear models were used in earlier studies,
their inability to model nonlinearity presents limitations. Real-world applications

are complicated and often involve nonlinearity.

ANN models are often used to model nonlinearity. However, the mixed results
when these models are used to forecast time series data in the literature suggest
that it is inappropriate to apply them blindly as a black box. They can be
outperformed by traditional linear models simply because the underlying process
is linear. As hybrid models have the advantage of incorporating both linear and
nonlinear features from the component models, several earlier studies
demonstrated their superior performance. This study extends the hybrid models
by including a composite search index as an exogenous variable, and its superior
forecasting performance parallels that of the hybrid models used in univariate
forecasting contexts. The hybrid model is also better at utilising the predictive

power of search query data.



The results of this study suggest that it is appropriate to use hybrid models in
forecasting tourism demand using search query data. The findings also have
implications for general tourism demand forecasting research, which is
dominated by linear models. As nonlinearity is often involved under univariate
and causal modelling contexts, hybrid models with linear and nonlinear
components can be used more often because they better reflect the nature of
real-world problems. Several previous studies have demonstrated the usefulness
of hybrid models in univariate time series forecasting. The new hybrid model
proposed in this study shows better forecasting performance when an exogenous
variable is also included. It suggests that hybrid models can be used more often in
tourism demand forecasting, not only for univariate time series but also in cases

where explanatory variables are involved.

This study also has practical implications. As search engines provide up-to-date
data that are readily available, they provide a new way for practitioners and
policymakers to accurately forecast tourism demand, which is important for their
strategic decision making. The hybrid model proposed in this study can better use
the search query data and provide better forecasting performance. It provides a

valuable tool for decision makers to obtain accurate short-term forecasts.

Notwithstanding the importance of these implications, the study also has several
limitations. As the model comparison is based on forecasting the arrival of tourists
in Hong Kong from mainland China, more origin and destination pairs must be
analysed to assess the generalisability of the findings. In addition, the PCA

method is used to construct the composite search index, which is commonly

applied to extract information from many variables. However, the loadings of the



components extracted may change over time and they should be checked
regularly to ensure and the stability of the components. Although several other
methods for constructing the composite index have been proposed, they are all
case specific. Further studies could continue to compare index composition

techniques on a larger scale and more comprehensively.
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Table 1

Correlation between search query and arrivals data.

Search query name Correlation Search query name Correlation

Dining Tour

Hong Kong food 0.806 Hong Kong travel guidance 0.492
Hong Kong self-guided tour

Hong Kong snack 0.786 guidance 0.243

Hong Kong food guidance -0.047 Hong Kong travel guide 0.589
Hong Kong tourism

Hong Kong food recommendation 0.724 guidance 0.462
Hong Kong tourism

Hong Kong specialty 0.839 guidance self-guided tour 0.723

Which are Hong Kong specialties 0.799 Hong Kong weather 0.261
Hong Kong weather

Hong Kong specialty food 0.739 forecasting 0.674
Hong Kong one-day trip 0.688
Hong Kong one-day trip

Shopping guidance 0.715

Hong Kong shopping 0.577

Hong Kong shopping list 0.701 Attraction
Hong Kong tourist

Hong Kong shopping guidance 0.701 attractions 0.282
Hong Kong tourist

Hong Kong Ladies Market 0.363 attractions introduction -0.536

What is worth buying in Hong Kong 0.775 Hong Kong Ocean Park 0.688

Hong Kong shopping guide -0.190 Hong Kong Times Square 0.793

Hong Kong shopping map 0.303 Hong Kong Mong Kok 0.481

Hong Kong travel shopping guide 0.263 Hong Kong Causeway Bay 0.857

Go to Hong Kong shopping guidance 0.780 Hong Kong Avenue of Stars 0.670

Hong Kong Mong Kok shopping

guidance 0.840 Hong Kong Victoria Harbour 0.791
Hong Kong attractions 0.832
Madame Tussauds Hong

Traffic Kong 0.728
Hong Kong Ocean Park

Hong Kong map 0.180 guidance 0.595
Hong Kong Ocean Park

Hong Kong subway 0.929 ticket 0.692

Hong Kong subway circuit map 0.857 Hong Kong Disneyland 0.728
Hong Kong Disneyland

Hong Kong whole map HD 0.807 Resort 0.733
Hong Kong Ocean Park

Hong Kong subway map 0.489 ticket price 0.103



Hong Kong travel map

Hong Kong subway price

Hong Kong subway schedule
Hong Kong airport

Hong Kong airport express

Hong Kong airport duty-free shop
Octopus card

-0.200

0.880
0.771
0.816
0.880
0.358
0.878

Hong Kong Disneyland
ticket price

Hong Kong Disneyland
guidance

Lodging

Hong Kong hotels
Peninsula Hotel Hong Kong
Hong Kong hotel booking
Hong Kong accommodation
Four Seasons Hotel Hong
Kong

Hong Kong hotels
recommendation

Hong Kong hotel booking
website

Hong Kong hotel group
booking

L hotel Nina Et Convention
Centre

0.480

0.783

0.075
0.601
0.296
0.708

0.568

0.853

-0.525

0.366

0.549
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Fig. 1. Variance contribution rates.



Table 2
Queries with top 10 biggest weights for PC.

Query Weights
Octopus card 0.1699
Hong Kong airport express 0.1685
Hong Kong subway 0.1622
Hong Kong attractions 0.1622
Hong Kong hotels 0.1618

recommendation
Hong Kong subway circuit map  0.1617
Hong Kong Mong Kok shopping 0.1601

guidance
Go to Hong Kong shopping 0.1598
guidance
Hong Kong airport 0.1588

Hong Kong subway schedule 0.1584
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Fig. 2: Relationship between the first principal component (PC) and arrivals data.

Table 3

Linearity test.

Terasvirta Neural Network Test

X-squared 9.8274
Degrees of freedom 2

p-value 0.007345




Table 4

Nonparametric Granger causality test.

Null PC does not Granger Arrivals data does not
hypothesis cause arrivals data Granger cause PC
T-statistics 2.21 0.289
P-value 0.01356 0.38629

PC Autocorrelation
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Fig. 3. Sample autocorrelation of PC.



Table 5

Results of ARIMA and ARIMAX models.

ARIMA

ARIMAX

Nonseasonal differencing Yes

Seasonal differencing No

MA(1) -0.8666***
MA(2) 0.2923**
SAR(1) 0.8867***
Residual variance 0.004999
AlC -113.64
BIC -105.53

P-value of Ljung-Box 0.7741

Nonseasonal differencingYes

Seasonal differencing Yes

MA(1) -0.7439***
SMA(1) -0.3254*
PCt1 0.0246***
Residual variance 0.004346
AlC -105.49

BIC -98.44

P-value of Ljung-Box 0.2369

Note: ***, ** and * indicate that the estimates are significant at the 1%, 5% and

10% levels, respectively.



Table 6
MSE Results of NAR model.

DTA lags
Hidden nodes 1 2 3

1 0.0066 0.0061 0.0046
2 0.0062 0.0047 0.0046
3 0.0062 0.0061 0.0046

Table 7

MSE Results of NARX model.

One lag of DPC Two lags of DPC
DTA lags DTA lags
Hidden nodes 1 3 Hidden nodes 1 2 3

1 0.0051 0.0046 0.0034 1 0.0052 0.0044 0.0034
2 0.0051 0.0046 0.0034 2 0.0052 0.0044 0.0034
3 0.0051 0.0046 0.0034 3 0.0052 0.0044 0.0034




Table 8

Forecasting result with last 12 months as testing set.

Measure  ARIMA ARIMAX NAR NARX Hybrid
MAD 253402(5) 165975(2) 228649(4) 213920(3) 125607 (1)
MSE 8.72x1010(3) 4.23x101°(2) 9.91x1010(5) 8.77x1010(4) 3.03x1020(1)
MAPE 7.18%(5) 4.65%(2) 6.37%(4) 5.99%(3) 3.68%(1)
RMSPE 8.39%(3) 5.81%(2) 8.96%(5) 8.47%(4) 5.15%(1)
Theil's U 0.592(3) 0.412(2) 0.631(5) 0.593(4) 0.349(1)

Note: The figures in parentheses denote rankings.

Table 9

Forecasting result with last 9 months as testing set.
Measure  ARIMA ARIMAX NAR NARX Hybrid
MAD 245959(5) 128783(2) 233768(4) 211813(3) 116160(1)
MSE 8.5x1010(5) 2.67x1010(2) 8.49x1010(4) 7.57x1010(3) 2.14x1020(1)
MAPE 7.03%(5) 3.63%(2) 6.73%(4) 6.13%(3) 3.47%(1)
RMSPE 8.35%(4) 4.63%(2) 8.39%(5) 7.97%(3) 4.45%(1)
Theil's U 0.606(5) 0.340(2) 0.606(4) 0.572(3) 0.304(1)

Note: The figures in parentheses denote rankings.

Table 10

Forecasting result with last 6 months as testing set.
Measure  ARIMA ARIMAX NAR NARX Hybrid
MAD 243184 (4) 136437(2) 252745(5) 213715(3) 128465(1)
MSE 7.31x1010(C4) 2.54x1010(2) 9.06x1010(5) 5.92x1010(3) 1.93x1010(1)
MAPE 6.79%(4) 3.76%(2) 7.12%(5) 6.10%(3) 3.71%(1)
RMSPE 7.51%(4) 4.29%(2) 8.44%(5) 6.87%(3) 4.08%(1)
Theil's U 1.010(4) 0.595(2) 1.124(5) 0.908(3) 0.519(1)

Note: The figures in parentheses denote rankings.



Table 11

Forecasting result with last 3 months as testing set.

Measure  ARIMA ARIMAX NAR NARX Hybrid
MAD 214566(5) 174320(3) 185262(4) 166411(2) 123471(1)
MSE 6.44x1019(5) 3.67x1010(3) 5.77x101°(4) 3.66x1010(2) 1.81x1020(1)
MAPE 5.56%(5) 4.62%(3) 4.67%(4) 4.48%(2) 3.42%(1)
RMSPE 6.49%(5) 5.01%(2) 6.08%(4) 5.10%(3) 3.85%(1)
Theil's U 0.801(5) 0.604(3) 0.758(4) 0.603(2) 0.424(1)

Note: The figures in parentheses denote rankings.

Table 12

One-step-ahead ex-ante dynamic forecasts.
Measure  ARIMA ARIMAX NAR NARX Hybrid
MAD 252711(4) 167826(2) 277641(5) 245430(3) 147038(1)
MSE 8.83x101°(4) 4.19x1010(2) 10.8x1010(5)  8.6x1010(3) 3.12x1020(1)
MAPE 7.15%(4) 4.69%(2) 7.94%(5) 7.05%(3) 4.28%(1)
RMSPE 8.43%(3) 5.72%(2) 9.49%(5) 8.50%(4) 5.19%(1)
Theil's U 0.595(4) 0.410(2) 0.658(5) 0.588(3) 0.354(1)

Note: The figures in parentheses denote rankings.
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