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Abstract
This paper utilizes different machine learning techniques for tourism demand
forecasting. Considering the magnitude of tourism in terms of economic
contribution to Small Island Developing States (SIDS), policy making could benefit
greatly from accurate tourism demand forecasting. This paper pursues a novel
approach of identifying relevant search query features through google correlate and
applying machine learning techniques to estimate individual source market series
prior to aggregation. The prediction performance of several machine learning
methods is assessed when applied to monthly tourist arrivals from individual source
countries to Aruba from 1994 to 2016. The results indicate that machine learning
techniques in combination with novel internet datasets sets pose great potential for
achieving accurate tourism demand forecasts.
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1. Introduction
A key challenge in many tourism destinations is the accurate forecasting of inbound
tourism to support destination management decisions and to guide
macroeconomic policy. The importance of the tourism industry is particularly
evident in the case of Aruba, as it ranked second among tourism destinations in
terms of relative contribution of travel and tourism to GDP in 2016 and where jobs
in the tourism industry accounted for an estimated 89.3 percent of total
employment (World Travel and Tourism Council, 2017).
However, by its very nature, tourism forecasting remains a very tricky endeavour.
The sector is so unpredictable that even a small disturbance in the environment of
the host country may bring down the level of demand significantly. Be it predictions
about changes in the economic scenario leading to sudden inflation or deflation,
any expected occurrences of hostile activities like war or terrorism, any warned
natural disasters like earthquakes or floods, any likely incidences of cultural hostility
or any kind of threat to public health owing to environmental imbalance or spread
of some contagious diseases; all such factors have massive impact on the demand
in tourism, making it almost impossible to forecast demand (O’Mahony et al., 2008).
Yet, given the significant impact of tourism on the wider Aruban economy, accurate
forecasting of tourism demand is a fundamental input for key decisions on
investments, as well as for gauging the conjectural situation and planning for
demand flow.
Unfortunately, despite the consensus on the need to develop more accurate
forecasts and the recognition of their corresponding benefits, there is no one model
that stands out in terms of forecasting accuracy (Claveria et al, 2013). With recent
advancements in Internet search technology, a new field has emerged (Google
Econometrics), which utilizes time series data on Internet activity by obtaining
correlations between keyword searches and macro-economic variables, including
unemployment, tourism and consumer demand. Spurred by recent computational
advancements, including refinements to the capacity to both efficiently process
large volumes of data and run computationally intensive algorithms, there has been
an increasing interest in machine learning techniques, including Artificial Neural
Networks (ANN) and Random Forests (RF).
In the case of Aruba, tourism demand analysis faces several challenges in terms of,
e.g., data availability, erratic factors and a dynamic economy that is inherently
vulnerable. Destinations may be inherently vulnerable because they are open to
both internal and external human and natural factors, and may have different
capabilities to cope with the changes and disturbances originating from these
factors (Ridderstaat, 2015). In an effort to counter some of these challenges, this
paper conducts a forecasting exercise for tourism demand to Aruba by leveraging
the availability of internet search data in combination with recent advances machine
learning techniques.
The remainder of the paper is structured as follows. In section 2 the relevant
literature is discussed while in section 3 I describe the main methodological
frameworks utilized. The results are presented in section 4 and to finalize section 5
presents some concluding remarks.
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2. Literature review
Search queries reflect how people show interest and attention on specific
topics on the internet and has caught the attention of researchers as a potential
useful source of information to model real world phenomenon (Mohebbi et al,
2011). Google provides two data sources that are useful in this context, namely
Google correlate and Google Trends. While economic data is often reported with a
lag of months or quarters, Google query data is available in real time. This means
that queries are contemporaneously correlated with an economic time series, which
may be helpful for economic ‘nowcasting’ (Stephens-Davidowitz and Varian, 2015).
Furthermore, existing studies have demonstrated that these data can predict future
trends (Choi and Varian, 2012). In the field of tourism, this development has not
gone unnoticed, as the predictive power of internet searches has been explored to
predict the number of visitors (Saidi et al, 2010; Li, 2016; Yang et al, 2014).
Given a temporal pattern of interest, Google Correlate provides an online,
automated method for query selection which determines which queries best mimic
the data (Mohebi et al., 2011). More specifically, when time series are uploaded,
Google Correlate computes the Pearson Correlation Coefficient (r) between the time
series of interest and the frequency time series for every query in the google
database. Correlation coefficients range from r=-1.0 to r=+1.0. The queries that
Google Correlate shows are the ones with the highest correlation coefficient (i.e.
nearest to r=1.0) (Mohebbi, M. et al, 2011). Tourism demand modelling and
forecasting studies have focused predominantly on tourist arrivals as proxy for
tourism demand (Song and Li, 2008). However, the literature has presented at least
three classes of tourism models, namely, those explaining the tourist expenditure,
tourist arrivals and length of stay. The most accepted measure of tourism demand is
tourism expenditure (Ahmed, 2013). For this study, tourism receipts are utilized
since it is available and provides a closer proxy to what tourists contribute to the
economy in monetary terms. The literature suggest that tourism demand very often
exhibit patterns in term of seasonal, cyclic and trend components (Cankurt and
Subasi, 2015). This is a challenge to traditional forecasting techniques to which
machine learning could potentially aid. Also, real-time macroeconomic data are
typically incomplete for today and the immediate past (‘ragged edge’) and subject
to revision. To enable more timely forecasts, the ‘ragged edge’ issue can be framed
as a standard “nowcasting” problem and addressed in similar fashion to the
nowcasting framework of the Centrale Bank van Aruba, as outlined in Zult and
Schreuder (2011).
In terms of techniques, compared to econometric models, machine learning
based approaches count on several significant advantages, particularly when
modelling large data sets. Machine-learning techniques are gaining ground among
econometricians, and are particularly well suited to the nowcasting problem.
Traditionally, econometrics and machine learning have focused on different types of
problems, and have developed separately. Econometrics has generally focused on
explanation, with particular attention to issues of causality, and a premium placed
on models that are easy to interpret. A “good” model in this framework is mostly
assessed on the basis of statistical significance and in-sample goodness-of-fit.
Machine learning, on the other hand, has focused more on prediction, with
emphasis instead on a model’s accuracy rather than its interpretability. A “good”
machine-learning model, then, is often determined by looking at its likely out-ofsample success, based on bootstrap-style simulation techniques (Tiffen, 2016).
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Another interesting insight that has emerged from the machine learning literature is
that averaging over many small models tends to give better out-of-sample
prediction than choosing a single model (Varian, 2013). Furthermore, there has been
an increasing interest in Artificial Neural Networks (ANN) due to controversial issues
related to how to model the seasonal and trend components in time series and the
limitations of linear methods (Claveria et al, 2013). In machine learning, support
vector machines are supervised learning models with associated learning algorithms
that analyse data used for classification and regression (Li, 2016). Machine learning
models are also deemed superior in recognizing and learning the seasonal patterns
without removing them from the raw data (Cankurt and Subasi, 2015).

3. Methodology
As a proxy for the dependent variable representing tourism demand, quarterly
tourism receipts were collected from the Centrale Bank van Aruba from 2004 to
2016. Tourism arrivals and nights for the 5 largest source markets are collected on a
monthly basis and passed through google correlate to identify search terms that
have a similar pattern of activity as our dependent variables (“features”). Google
correlate surfaces search queries whose temporal patterns are most highly
correlated (R2) with our target pattern. Google correlate employs a novel
approximate nearest neighbour (ANN) algorithm over millions of candidate queries
in an online search trees to produce results. The top 5 source countries combined
are found to account for about 90 percent of arrivals/nights.
In total 100 features are collected (see Table 1). The fact that most of the features
identified by google correlate are related to tourism provides initial face validity of
their inclusion.
We utilize Google trends to download the features. In practice two ways to achieve
this were considered: by (tediously) downloading CSV files from the Google Trends
website or by scripting a connection to Google trends data through packages like
“gtrendsR” in the R statistical software. Once the data was obtained, unsurprisingly,
many of the collected variables illustrated strong co-movement. Figure 1 provides a
correlogram of the first 10 features.
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Figure 1: Correlogram (First ten features)

As Figure 1 illustrates, the 100 collected Google search term series exhibit a high
degree of co-movement. The bulk of their dynamics can therefore be captured by
relatively few common factors, effectively reducing the dimensions of the full
dataset to a more manageable set (5) of key drivers (see Figure 2). The assumption
being that the 5 principle components represent a concise and sufficient summary
of underlying processes that drive tourism demand. As is evident by Figure 2, the
marginal improvements in captured variance diminishes greatly after the 5th
principal component. In terms of approach, the reduction through PCA closely
resembles the methodology adopted by Zult and Schreuder (2011).

Figure 2: Correlogram Principle Components

The ‘ragged edge’ issue of incomplete real-time macroeconomic data is particularly
apparent in Aruba, were the dependent variable of interest (tourism receipts) can
have a lag of up to 6 months in comparison to real-time Google data. Therefore, to
fully take advantage of the monthly frequency and timely availability of the
collected features, the dependent variable (tourism receipts) is disaggregated using
the “Chow Lin” with ‘sum’ disaggregation method which converts the series from a
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quarterly to monthly frequency (see: Sax and Steiner, 2013) using the following
equation:

𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡 =∝ + 𝛽𝛽1 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑡𝑡 + 𝛽𝛽2 𝑁𝑁𝑁𝑁𝑁𝑁ℎ𝑡𝑡𝑡𝑡𝑡𝑡 + 𝛽𝛽3 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡 + 𝛽𝛽4 𝐷𝐷1 + 𝛽𝛽5 𝐷𝐷3 + 𝑒𝑒𝑡𝑡 ,
Where the dependent variable tourism receipt is a function of total tourist arrivals,
total nights, a time variable, and 2 seasonal dummies.

Temporal disaggregation

Table 1

Variables

Coefficient

Std. Error

T value

Prob

(Intercept)

1.27.0e+02

0.2423

5.243

<0.001

Arrivals

-2.543e-03

7.817e-04

-3.253

0.002

Nights

3.928e-04

9.608e-05

4.088

<0.001

Time

5.503e+01

6.386e-02

8.658

<0.001

D1

3.299e+01

3.805e+00

8.670

<0.001

D3

-1.325e+01

3.085e+00

-4.294

<0.001

Chow-Lin Min RSS Ecotrim disaggregation with ‘sum’ conversion.

In general, learning algorithms benefit from standardization of the data set. The
intention is to counteract the effects of different features having different scales
(which then causes models to assign incorrect weights). The data is therefore
normalized between 0 and 1 by:

𝑧𝑧𝑖𝑖 =

𝑥𝑥𝑖𝑖 − min(𝑥𝑥)
max(𝑥𝑥) − min(𝑥𝑥)

To implement machine learning algorithms, the prediction is framed as a supervised
learning problem where we have to infer from historical data the possibly nonlinear
dependence between the input and the output (future value). To run the machine
learning algorithms, the dataset is split between a training set (January 2004 –
December 2014) and a test set (January 2015 – December 2016). The forecast period
is defined to cover 12 month beyond the test set (January 2017 – December 2017).
More specifically, 3 machine learning techniques are implemented, namely: random
forest including Google data, neural network auto regression, and a neural network
including Google data.

Random Forest (RF)
At core, these methods are based on the notion of a decision tree, which aims to
deliver a structured set of yes/no questions that can quickly sort through a wide set
of features, and produce an accurate prediction of a particular outcome. Decision
trees are computationally efficient, and work well for problems where there are
important nonlinearities. The RF algorithm seeks to improve the model’s predictive
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ability by growing numerous (unpruned) trees and combining the result. This
method produces surprisingly good out-of-sample results, particularly with highly
nonlinear data. In fact, Random Forests have been accredited as the most successful
general-purpose algorithm in modern times (Varian, 2013). A more detailed
methodological discussion on how RF works in the context of time series
forecasting is provided by Tiffen (2016). In constructing the RF, the 5 Google based
principle components are utilized along with two additional time variables to
account for annual and monthly cyclical behaviour (Figure 3).

Figure 3: Random Forest

Neural Network Autoregression (NNA)
Artificial neural networks are forecasting methods that are based on simple
mathematical models of the brain. They allow complex nonlinear relationships
between the response variable and its predictors. A neural network consists of an
input layer, an output layer, and usually one or more hidden layers. Each of these
layers contains nodes, and these nodes are connected to nodes at adjacent layer(s).
In the neural network autoregression, lagged values of the time series are used as
inputs to a neural network (similar to a linear autoregressive model). We consider a
feed-forward network with one hidden layer. The forecasts are obtained by a linear
combination of the inputs. The weights are selected in the neural network
framework using a “learning algorithm” that minimises a “cost function” such as
MSE (Hyndman and Athanaspoloulos, 2013).

Neural Network (using Google data)
Consistent with the input in the previously mentioned RF calculation, the 5 Google
based principle components are supplemented with two time variables to account
for annual and monthly cyclical behaviour. We consider a feed-forward network
with one hidden layer. Figure 4 provides a visual representation of the neural
network and the inter-relationship between the different layers.
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Figure 4: Neural Network (using Google data)

4. Results
In this section we evaluate the forecasting accuracy of the three machine learning
techniques (Random Forest, Neural Network Auto Regression and Neural Network
including Google data) by examining out-of-sample predictions of tourism receipts
in Aruba. The collected data was divided in training, validation and test sets to
assess the performance of the algorithms on unseen data. The forecasting
performances are compared in terms of their relative performance for the test set
(January 2015 – December 2016). The results of our forecasting competition are
shown in Table 2.

Forecast model accuracy
Table 2
ME

RMSE

MAE

MPE

MAPE

ACF1

Thiel’s U

Random Forest

0.093

0.137

0.097

11.571

12.404

0.562

1.018

Neural
Network AR

0.037

0.051

0.042

5.023

5.972

0.352

0.405

Neural
Network
(Google)

-0.037

0.072

0.063

-7.334

10.164

0.493

0.675

When comparing forecasting performance, the various measures are consistent in
contending that the prediction error is substantially less for the Neural Network AR
model, followed by the Neural Network using the Google variables.
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Annex 2 provides a visual example of a Neural network model fitted based on the
training dataset, tested for accuracy using the test set and forecasted for 12 months
ahead.

5. Conclusion
In terms of interpretability, it should be noted that both neural networks and
random forest resemble black boxes: explaining their outcome is much more
difficult than explaining the outcome of simpler models (such as a linear models)
due to their complexity. Nevertheless, these models have the advantage of
providing fairly accurate estimates and despite their computational complexity,
improvements in computing technology enable relatively quick execution of
machine learning algorithms. This paper provided an example where the
combination of near real-time Google search information along with machine
learning techniques provides forecasters with a new set of tools to model complex
relationships such as tourism demand, but which could easily be transferred to
similar macro-economic variables within other domains.
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Appendix 2: Forecast example
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1. Background
Statistical modeling: The two cultures
•
•

Prediction
Information

Y

Nature

The algorithmic modeling culture

The data modeling culture
Y

Linear regression
Logistic regression
Cox model

X

X

Y

Unknown

X

Decision trees
Neural nets

Source: Breiman, L. (2001). Statistical Modeling: The two cultures. Statistical Science 2001, Vol. 16, No. 3, 199-231
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2. Considerations
• Traditional statistical models require eliminating
the effects of seasonality prior to forecasting.
• Literature points to the ability of machine
learning models to recognize and learn
seasonal patterns without removing them from
the raw data.
• Traditional statistical forecasting methods are
mostly linear models while the literature
indicates machine learning techniques cope
well with possible nonlinearities.
Rendell de Kort: Forecasting Tourism demand through search queries and machine learning
March, 2017

3

2. Considerations
• Real-time macroeconomic data are typically incomplete for
today and the immediate past (‘ragged edge’) and subject
to revision.
• To enable more timely forecasts the issue is initially framed
as a standard “nowcasting” problem.
Figure 1: Ragged edge
January

February

March

April

May

June

2016
July

August

September October

November December January

2017
February March

Tourist arrivals
Visitor nights
Google search data
Tourism receipts
Chow-Lin decomposition

Rendell de Kort: Forecasting Tourism demand through search queries and machine learning
March, 2017

Machine learning

4

3. Preprocess
• Google trends enables easy download of Google search query time series.
• Download can take place by:
– (tediously) downloading CSV files from the Google Trends website.
– Using packages like “gtrendsR” to connect with your Google account and downloading
Trends data directly into R with a simple script.
Google correlate predictor
madeira beach florida

Correlation
0.7325

everglades airboat

0.725

casey key

0.719

drinking age in mexico

0.7094

clearwater beach florida

0.7062

tarpon bay

0.7061

islamorada

0.7039

key state

0.7025

xel ha

0.7018

indian shores

0.7016

Data Source: Google Correlate (http://www.google.com/trends/correlate)
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3. Preprocess

* Important to be mindful of extracting information from a large number of correlated proxies (100 in our example).
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3. Preprocess

• The dependent variable “tourism receipts” is measured on a quarterly
basis. To take full advantage of features collected on a monthly basis,
we’re disaggregating the series.
Tourism arrivals/nights USA

PCA 1

Tourism arrivals/nights Venezuela

PCA 2
Monthly
Tourism
receipts

PCA 3

Correlated
search terms
(100 series)

Tourism arrivals/nights Netherlands

PCA 4
Tourism arrivals/nights Colombia
PCA 5

Tourism arrivals/nights Canada
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4. Machine learning estimations
Random Forest
• At core, these methods are based on the notion of a
decision tree, which aims to deliver a structured set of
yes/no questions that can quickly sort through a wide
set of features, and produce an accurate prediction of
a particular outcome.
• Decision trees are computationally efficient, and work
well for problems where there are important
nonlinearities.
• The RF algorithm seeks to improve the model’s
predictive ability by growing numerous (unpruned)
trees and combining the result.
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4. Machine learning estimations
Neural Network (NN)
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4. Machine learning estimations
Neural network autoregression

• With time series data, lagged values of the time
series can be used as inputs to a neural network
(similar to a linear autoregressive model).
• we consider a feed-forward network with one
hidden layer
• Using the “nnetar” function in R
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4. Machine learning estimations
Example

Random Forest
Nueral Network AR
Nueral Network (Google)

ME
0.093
0.037
-0.037

RMSE
0.137
0.051
0.072

MAE
0.097
0.042
0.063

MPE
11.571
5.023
-7.334

MAPE
12.404
5.972
10.164

ACF1
0.562
0.352
0.493
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1.018
0.405
0.675
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5. Concluding remarks
• Machine learning models provide “good” out-of-sample success.
• Takes advantage of additional search information.
• Tradeoff between interpretability of the model and forecasting
performance (predictive not descriptive).
• Benefit: ease of processing once the script is in place.
• Opportunities exist to include the google data in a expanded
framework to forecast economic growth.
• The R script available on GitHub: https://github.com/rendell

Rendell de Kort: Forecasting Tourism demand through search queries and machine learning
March, 2017

12

THANK YOU
TERIMA KASIH

13

