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Introduction

The combination forecasting approach has been extensively applied in many areas such as
meteorology, economics and insurance as a robust and powerful method to improve
forecasting ability (Qian et al., 2022; Stock and Watson, 1998, 2003, 2004). However, in the

context of tourism demand forecasting, combining individual forecasts is not the mainstream

method. Some studies apply the combination, and constituent models considered include time

series, econometric and artificial intelligence (AI) models with causal models being confined

to the ones that identify the same set of economic variables as influencing factors. When

forecasting tourism demand, no combination has been applied to causal models with different

explanatory variables. It means that a type of information has been neglected, which origins
from distinct independent variables included in different single models. Bates and Granger
(1969) pointed out that to make as good a forecast as possible, combining single forecasts
based on different variables was a wise procedure. This paper evaluates whether combining
econometric models with different explanatory variable can improve tourism demand

forecasting performance.

In this paper, econometric models serving as constituents in combination take two model
specifications, which are different in identified influencing factors: either only include
mainstream economic determinants or introduce the climate factor as a demand determinant.
Climate is an important influencing factor in choice of destination, time of departure and
length of stay and can hence affect tourism demand. In the context of climate change, to
which tourism is both a significant contributor and substantially affected by (Scott et al.,
2019), it is important to understand the value of climate variables when projecting the
geographical and seasonal shifts in tourism demand. Besides, the ongoing COVID-19 crisis

holds important messages regarding the interwoven nature between tourism and the
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environment, which highlights the need to consider the role of climate variables in
forecasting tourism demand. In the current literature, however, mainstream causal models
treat climate variables as fixed with time, as seasonal dummies, or as fixed effects in panel
data studies, which ignores variation as well as long-term change in climate conditions.
Tourism demand forecasts generated from such models neglect the relationship between
climate condition and tourism demand. This study fills this gap through incorporating climate

factors when combining tourism demand forecasts.

The rest of this paper is structured as follows. Section 2 reviews the literature on combination
forecasting and its application in the tourism demand context. Section 3 focuses on the
research method by introducing the individual and combination forecasting models, the
variables and data as well as the forecasting procedure. Section 4 presents the empirical

results with discussion and section 5 concludes the study.
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Literature Review

There are two distinct forecasting approaches: the individual forecasting approach, which
produces direct forecasts from single models; and the combination forecasting approach,
which generates composite forecasts by combining constituent forecasts yielded by single
models. When the individual approach is followed, forecasts are generated relying on only
one model, and the forecasting performance of rival models are always compared to identify
the best-performing one with the inferior forecasts being discarded. The disadvantages of
such a procedure include: firstly, the discarded predictions may contain useful independent
information, and secondly, the identification of the ‘best single model’ is like a moving
target. Many existing studies show that the forecasting performance of different individual
models depends on the accuracy measure used, the forecasting horizon under consideration
and the origin-destination pair under study (Gunter and Onder, 2015; Hassani et al., 2017).
There are no clear-cut evidences showing which single model is superior to others under all
situations, hence there exists no principles regarding the selection of the best single
forecasting method. Rather than trying to choose the best single model, the combination
forecasting approach pools a range of constituent forecasts together. The rationale is that
single forecasts from diverse models based on competing theories, functional forms and
specifications contain independent information, the combination of which can achieve
diversification gain. As a result, the performance of combination forecasting is supposed to

be more stable than the individual one.

The idea of combining multiple forecasts of the same event dates to the 1960s. Bates and

Granger (1969) published the seminal work in 1969, which showed that better predictions can
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1

2

3 be obtained by combining two forecasts yielded by different models. Since then, the general
4

5 forecasting literature has seen considerable studies on combination forecasts with

6

; contributions from many disciplines such as forecasting, statistics and management (Clemen,
? 0 1989). The constituent forecasts have been extended from two to multiple ones with various
1 .. . . . .

12 combining methods being presented and tested and different forecasting horizons and

13

14 accuracy measures being considered. The empirical results support the conclusion that

15

16 combining alternative forecasts together can reduce uncertainty and increase accuracy

17

18 (Diebold and Pauly, 1990; Makridakis et al., 2020; 2018; Zhang and Yu, 2018).

19

20

21

22

23

24

25 One important step of combination is to identify the optimal weights that are assigned to each
26

27 constituent projection. Main combination approaches differ in the way they use historical
28

;g information to compute the weights. The simplest weighting scheme is the simple average
;; (SA) method, which assigns equal weights to all individuals. The SA method has been found
33

34 to be a robust, stable and easy-to-use way, often outperforming more sophisticated weighting
35

36 schemes and hence is always used as a benchmark in combination forecasting studies

37

38 (Makridakis and Winkler, 1983; Makridakis et al., 2020; Henry and Clements, 2004; Wu et
39

40 al., 2020).

41

42 . .

43 The variance-covariance (VACO) method was presented by Bates and Granger (1969) and
44

45 extended by Fritz et al. (1984) to multiple constituents. To minimize the combined forecasts
46

47 variance, the VACO scheme assigns larger weights to individual forecasts with smaller

48

gg forecasting errors, which links the weighting scheme to the historical performance of

g ; constituent forecasts. The VACO method is a common choice in forecasting studies

53 . - .

54 (Baumeister and Kilian, 2015; Fritz et al., 1984; Stock and Watson, 2004; Wong et al., 2007,
55

56 Wu et al., 2020).

57

58

59
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A similar weighting method is the discounted mean square forecast error (DMSFE) method,
which is proposed by Bates and Granger (1969) and generalized by Newbold and Granger
(1974). Weights in DMSFE are inversely related to the individual forecasting accuracy,
which is measured by the forecasting error, and the recent forecasts are weighed more heavily
by applying a discounting factor. The discounting factor lies between 0 and 1, and in practice,
0.95, 0.9, 0.85, 0.8 are all common choices (Diebold and Pauly, 1987; Shen et al., 2008,

2011; Stock and Watson, 2004).

All the above-mentioned methods share one common feature which is that the weights add up
to unity. Granger and Ramanathan (1984) presented the regression method which does not
require the weights to add up to unity. The proposed method regresses the actual values on
each constituent forecasts and a constant term with the estimated parameters to be the
corresponding weights. Some applications of the regression method have demonstrated its
satisfactory performance (Guerard, 1987; Holmen, 1987; MacDonald and Marsh, 1994),
while others showed evidence of its unstable predicting ability (Lobo, 1991; Shen et al.,
2011). The limitation of the regression method is obvious: when the number of the
constituent forecasts are large compared to the sample size, it is inappropriate as the
regression for working out the weights is invalid. In the regression-based framework, Diebold
and Pauly (1990) applied Bayesian shrinkage techniques to incorporate prior information into
the weighting scheme and concluded that shrinkage improved the accuracy of the regression-

based combination forecasts.

Another extension of the regression method is the time-varying parameter (TVP) method,

which uses Kalman filter algorithm to estimate the weights that are allowed to vary with time
if the data suggests so. Applications of the time-varying combination method include LeSage
and Magura (1992), Sessions and Chatterjee (1989), Shen et al. (2011) and Stock and Watson

(2004). Sun et al. (2021) further developed the TVP weighting method through introducing
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the nonparametric estimation and proposed the TV jackknife model averaging (TVIMA),

which can handle structural changes and nonstationary trends in tourism data.

oNOYTULT D WN =

15 An increasing number of studies on combination forecasts have appeared in the tourism

17 demand literature, among which differences can be found in weighting schemes, individual
19 model inputs and accuracy measures with one common finding being that combination
forecasts are generally superior to individual ones (Kourentzes et al., 2021; Li et al., 2019;
Liu et al., 2021; Song and Li, 2021; Wu et al., 2020). The SA, VACO and DMSFE methods
26 are popular weighting schemes (Shen et al., 2008, 2011; Song, Witt, Wong, and Wu, 2009;
28 Wong et al., 2007). Other methods including the stochastic frontier analysis (SFA), the

30 cumulative sum control chart (CUSUM) method, the management-oriented approach, Al

32 techniques and nonparametric techniques have also been explored to determine the optimal
34 weights (Andrawis et al., 2011; Chan et al., 2010; Claveria et al., 2016; Coshall and

Charlesworth, 2011; Qiu et al., 2021; Sun et al., 2021).

39 When it comes to individual model inputs, the most popular ones are time-series and
econometric models. Regarding time series techniques, autoregressive integrated moving
average (ARIMA) and exponential smoothing (ETS) models are widely chosen; and for

46 causal models, popular candidates are autoregressive distributed lag (ADL), error correction
48 (EC) and TVP models (Cang et al., 2011, 2014; Chan et al., 2010; Li et al., 2019; Shen et al.,
50 2008, 2011). However, independent information embedded in different explanatory variables
52 in econometric models has never been combined. Causal models that generate component
forecasts in existing combination studies are the same in identifying the same influencing

factors: the origins’ real income, the relative price between destination and origin, the
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substitute price in competing markets as well as seasonal and one-off events dummies (Chan
et al., 2010; Li et al., 2019; Shen et al., 2008, 2011; Wong et al., 2007). Al techniques and
grey models are also considered in more recent studies (Hu et al., 2021; Liu et al., 2021; Qiu

et al., 2021).

When evaluating forecasting performance, widely employed accuracy measures include mean
absolute percentage error (MAPE), mean absolute error (MAE), root mean squared error
(RMSE) and root mean squared percentage error (RMSPE). Besides descriptive accuracy
measures, statistical tests such as the Diebold and Mariano (D-M) test, the Harvey,
Leybourne, Newbold (HLN) test and the Mann-Whiteney test are also applied to assess
whether the combination forecasting approach is significantly better than the single method

(Bangwayo-Skeete and Skeete, 2015; Cang, 2014; Coshall, 2009).
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Research Method

UK’s inbound tourism demand from its seven leading markets: France, Germany, Irish
Republic, Italy, the Netherlands, Spain and the US are studied with tourism demand being
proxied by tourist arrivals. For traditional econometric models, income, own price and
substitute price are chosen as demand determinants, and seasonal and event dummies are
included to capture the seasonal and event effects. To compute substitute prices, Germany
and France are chosen as competing destinations to the UK, as France, the UK and Germany
are the top three most visited destinations in northwestern Europe in 2017 (UNWTO, 2018).
For climate econometric models, besides economic influencing factors, climate condition in
the UK, which is measured by Tourism Climatic Index (TCI) of the UK, is introduced to
represent the climate attribute of the destination, which is considered as another determinant

of tourism demand.

TCI is a human-oriented, synthetic evaluation of climate attractiveness to tourists, which
takes the most relevant climate elements to tourism experience into account. It comprises five

sub-indices. The composition of TClyg follows Mieczkowski (1985):
TClyk,e = 2 x [4(cidyk,) + ciayk, + 2(Pyke) + 2(Suk,) + Wy 1

where cidyg, is the daytime comfort index composed of the maximum daily temperature
and the minimum daily relative humidity; ciayg, is the daily comfort index composed of
daily temperature and daily relative humidity; Py, denotes the rating for precipitation;
Suk, signifies the rating for sunshine duration; and Wy, represents the rating for wind

speed.

Detailed introduction of the TCI can be found in (Mieczkowski, 1985). Data for the UK’s
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TCI are from the Met Office, which provides monthly meteorological data from many
weather stations across the UK. Only data from the Heathrow weather station are taken into
account mainly for two reasons. First and most importantly, it is dictated by data availability.
Data on seven meteorological variables are required to construct TCI which include the
maximum daily temperature, the minimum daily relative humidity, the mean daily
temperature, the mean daily relative humidity, the mean monthly precipitation, the mean
hours sunshine per day and the wind speed. Only the Heathrow station provides all data
needed for the whole sample period under study, while other stations fail to provide some of
the data either for the whole sample period or for some seasons. Secondly, most international
holiday-makers tend to take the weather condition of their first stop into consideration when
making travel decisions. In 2017, 76% of inbound tourists reached the UK by air, and as the
busiest airport in the UK, Heathrow Airport is the first stop for most of them. Table 1

summarizes variables and data sources.

The general form of traditional and climate econometric models are specified in equation 2

and equation 3 respectively:
y¢ = f(GDP,rpe,sptQ1,02,Q3.Dps,Do11,Dpm,D2008.Do1) 2
ye = f(GDP,rpe,spuTClyk D psDo11,Dgm.D2008.DoL) 3

Table 1: Variables and Data Sources

Individual models selected as constituents in combination serve not only as forecasting tools
but also as sources of diversification. If we see forecasts as information, combining forecasts
is an aggregation of information. According to Bates and Granger (1969), the combination of

models that contain independent information is most likely to improve forecasting
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performance. To ensure that constituent models contain as much independent information as
possible, a variety of individual models including causal econometric and non-causal time
series techniques, which are different in modelling techniques, assumptions and explanatory

variables are selected. The seasonal naive no-change forecasts serve as benchmarks.

In the current tourism demand literature, popular econometric models based on time series
data include cointegration techniques, ADL, leading indicator (LI), vector autoregressive
(VAR), TVP and simple dynamic (SD) models (Song et al., 2019), all of which are applied to
generate individual forecasts. All econometric techniques are applied with two specifications
which are different in identified explanatory variables. The ones that follow the mainstream
specification in the current literature by considering economic influencing factors and
dummy variables are referred to as traditional econometric models. And the others that
introduce the climate factor as a demand determinant are called climate econometric models.
The employed time series techniques consist of seasonal Naive no-change, SARIMA, ETS
and state space ETS methods. Except the seasonal naive no-change model, all other
individual forecasting models are considered as candidate components in combinations.
Therefore, there are altogether 15 individual forecasting models, all of which are summarized

in Table 2.

According to the PP (Phillips and Perron, 1988) unit root test results, all model variables are
integrated of order zero or order one, based on which the bounds test cointegration approach
is selected in this study as it is robust no matter whether the model variables are integrated of
the same order (not integrated of order d > 2) (Song et al., 2012; Wang, 2009). The lag
lengths in econometric models are selected based on Akaike Information Criteria (AIC) with
maximum lags of four. The specific forms of SARIMA models are also selected based on
AIC and the types of the error, trend and seasonal components in state space ETS models are

automatically selected based on AIC, according to which the smoothing methods of ETS
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models are chosen. Three residual diagnostic tests including serial correlation LM test
(Breusch, 1978; Godfrey, 1978), Harvey heteroscedasticity test (Harvey, 1976) and
autoregressive conditional heteroscedasticity (ARCH) test (Engle, 1982) are run after
estimation. The detailed discussion of the bounds test cointegration approach can be found in
Pesaran et al. (2001), those of other econometric models can be found in Song, Witt, and Li
(2009) and that for SARIMA, ETS and state space ETS methods can be found in Box et al.

(2015), Holt (2004) and Hyndman et al. (2002) respectively.
Table 2: Summary of Individual Forecasting Models

The 15 individual models available to combine are categorized into three combination
groups: Group A consists of all models; Group B comprises six traditional econometric
models and three time series models; and Group C contains six climate econometric models
and three time series models. Table 3 shows the component models in each combination
group. For each group, we need to consider all possible combinations for every weighting

scheme, origin and forecasting horizon, the number of which can be specified as N =

Z:: ,Cn with €, = ey where n is the number of individual models in each group. The
number of all possible combinations is 32752 for Group A with n =15 and 502 for Group

B and Group C with n =9 respectively.

Table 3: The Component Models of Three Combination Groups

This paper evaluates the most popular statistical weighting schemes in the current tourism
demand literature including SA, VACO and DMSFE. The regression-based methods are
excluded from this study as they are inappropriate because of the large number of constituent

forecasts in the combination panel relative to the small training sample size. In addition, a
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new weighting scheme, which is referred to as the inverse-MAE method, is introduced and

tested with weights being expressed as:

[MAE,]
- sumi—1[MAE;] ™

w;

1 AT
where MAE; = F|Z:= Sern—f : i h| signifies the mean absolute error of the ith individual

forecast f ; + p- Rather than the mean squared error (MSE), which is used in VACO and

DMSFE, MAE is selected as the measure of historical forecasting performance. With the
same individual forecasts, the better performing constituent forecasts are weighted lighter in

such a scheme as the forecasting error is not amplified by the square operator.

Three popular accuracy measures including MAE, MAPE and RMSE are applied to evaluate
the forecasting performance, and the D-M test (Diebold and Mariano, 1995) is conducted to
check whether the difference in the accuracy of competing models is statistically significant.
Applications of the D-M test in the tourism demand literature include Athanasopoulos and

Silva (2012), Gil-Alana (2010) and Alvarez-Diaz and Rossello-Nadal (2010).

The sample covers the 1994Q1-2017Q4 period and different time spans are considered for
different origins given data availability. The whole sample is divided into three periods as
illustrated by Figure 1. Observations from 1994Q1 to 2012Q4 are used for model estimation,
and the individual out-of-sample forecasts are generated from 2013Q1 to 2017Q4, with
forecasts from 2013Q1 to 2015Q4 used to determine the combining weights, and the ones
from 2016Q1 to 2017Q4 retained for comparison. The out-of-sample combination forecasts
are generated from 2016Q1 to 2017Q4. The sample from 2013Q1 to 2015Q4 is the training

sample, and that from 2016Q1 to 2017Q4 is the comparison sample.
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Figure 1: Illustration of Data Sample

This study follows the recursive forecasting procedure which is popular in the tourism
demand forecasting literature (Song et al., 2019). One- to four-step-ahead out-of-sample
forecasts are generated from every 15 individual forecasting model for combination and
comparison with the seasonal naive no-change forecasts serving as benchmarks. Three groups
of individual forecasts are combined respectively with different weighting schemes. The
weights determined by different combination methods (except SA) are time-varying by
applying the recursive weighting procedure, which is illustrated in Figure 2. For example, for
composite forecasts in 2016Q1, the historical performance of single forecasts from 2013Q1
to 2015Q4 are considered to construct the weights. For combination forecasts in 2016Q2, the
historical performance of individual forecasts from 2013Q1 to 2016Q1 are taken into account
to decide the weights. Such a procedure is repeated with one more single forecast added to
the training sample each time, updating the weights each period according to the historical
individual forecasting performance. The codes for computing combination forecasts as well

as conducting forecasting comparison and statistical tests are written in Matlab 2018a.

Figure 2 The Recursive Weighting Procedure for One-Step-Ahead Combination Forecasts

https://mc.manuscriptcentral.com/teu
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Results and Discussion

For seven origins and four forecasting horizons, the performance of every single and
combination model is evaluated and compared based on MAE, MAPE and RMSE. For the
comparison between the individual and the combination forecasting approach, the
percentages of the superior combination forecasts compared to the best single ones (referred
to as superior percentages hereafter) and the percentages of the inferior combination
projections compared to the worst single ones judged by MAE, MAPE and RMSE
respectively are generated for each case. The results show that combining individual forecasts
can improve forecasting accuracy in all cases regardless of origin country, forecasting length,
accuracy measure, combination group or combination method. The most accurate forecasts
are always produced by combination methods, and the worst projections are always generated
through individual models. To evaluate whether including econometric models with different
explanatory variables in combination is superior to only considering causal models of the
same independent variables to combine, composite forecasts from combining different

models in three groups are compared.

For every weighting scheme, the average superior percentages for each origin over four
forecasting horizons judged by MAE, MAPE and RMSE are presented in Table 4 to Table 6
respectively with the highest superior percentages highlighted. For example, according to
Table 5 (evaluated by MAPE), for the German origin, averagely 9616 (29.36% X 32752)
SA combination forecasts are more accurate than the best single prediction when combining
all models in Group A. The results show that the performance ranking of three combination
groups varies according to origin market and accuracy measure. In general, combining all

models in Group A is the best, which achieves the highest superior percentages for at least
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five out of seven markets despite three different accuracy measures and six distinct weighting

methods.

It also shows that for one market, the difference in the forecasting ability of different
weighting schemes given the same combination group is small (refer to each column of Table
4 to Table 6). For instance, according to Table 4 (judged by MAE), the greatest difference in
the superior percentages achieved by the best and the worst weighting methods to combine
Group A is seen from the American case between SA and DMSFE (.85), which is 3.7%. It
means that there are 1212 more superior combination forecasts if the weights are obtained

based on SA instead of DMSFE (.85).

Table 4: Superior Percentages of Three Combination Groups for Each Origin (MAE)

Table 5: Superior Percentages of Three Combination Groups for Each Origin (MAPE)

Table 6: Superior Percentages of Three Combination Groups for Each Origin (RMSE)

For every weighting scheme, the average superior percentages for each forecasting horizon
over seven origins based on MAE, MAPE and RMSE are presented in Table 7 to Table 9
respectively with the highest superior percentages highlighted. It shows that combining all
models in Group A performs the best in all cases. Similarly, the difference in the forecasting
ability of different weighting schemes for one forecasting length is not great given the same

combination group (refer to each column of Table 7 to Table 9).

Table 7: Superior Percentages of Three Combination Groups for Each Forecasting Horizon

(MAE)

Table 8: Superior Percentages of Three Combination Groups for Each Forecasting Horizon

(MAPE)

Table 9: Superior Percentages of Three Combination Groups for Each Forecasting Horizon

(RMSE)
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Table 10 demonstrates the results of the general comparison among three combination groups
for each weighting method evaluated by three measures by taking averages across seven
origins and four horizons. It is clear that combing all models achieves the best results for all
cases. The values in Table 10 confirms previous observation, which is that the forecasting
ability of different combination methods is similar considering the same combination group

(refer to each row of Table 10).

Table 10: Superior Percentages of Three Combination Groups for Each Weighting Scheme

For a given weighting scheme, 32752 combination models and 15 single models are available
to generate forecasts for seven origins at four forecasting horizons when combining Group A.
(Regarding Group B and Group C, there are 502 combination forecasting models and nine
single forecasting models respectively with one weighting scheme.) To conduct the D-M test
for each forecasting horizon, every combination model is compared with the best single
model for each combination group with each weighting scheme. Considering seven origins
and the application of the recursive forecasting procedure, each forecasting model generates
140 (7 x 20) one-step-ahead forecasts, 133 (7 X 19) two-step-ahead forecasts, 126 (7 X 18)

three-step-ahead forecasts and 119 (7 x 17) four-step-ahead forecasts.

The null hypothesis of the D-M test is that there exists no difference in the forecast accuracy
between the combination model and the best single model. When the null is rejected with a
negative statistic, it means that forecasts from the combination model are significantly more
accurate than those from the best single model; and when the null is rejected with a positive
statistic, it means that the best single model forecasts significantly better than the
combination model. The tests are carried out based on the quadratic loss function, and two

percentages are provided in Table 11 for three combination groups, four forecasting horizons
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and six weighting schemes. The first percentage is the proportion of times of a negative
significant value for the tests, and the second percentage is the percentage of times of a
positive significant value for the tests. The highest negative significant value percentage and

the lowest positive significant value percentage for each case are highlighted.

According to Table 11, the combination forecasting approach is statistically better than the
single one. For each case, the percentage of the times that the D-M test is rejected with a
negative statistic, which means that the combination model forecasts statistically more
accurate than the best single one, is much higher than the percentage of the times that the D-
M test is rejected with a positive statistic, which signifies that the best single model performs
significantly better than the combination model. The results imply that when generating one-
to four-step-ahead forecasts, forecasting performance can be improved significantly if
combination is applied. For example, for the case of combining Group A using SA for one-
step-ahead forecasts, the percentage of times of a negative significant statistic for the tests is
22.66%, and that of times of a positive significant statistic is 6.02%. It means that 7422
(22.66% x 32752) out of 32752 combination models from combining Group A using SA
generate significantly more accurate forecasts than the best single model, and the best single
model forecasts significantly better than 1971 (6.02% X 32752) of the 32752 sets of 140

one-step-ahead forecasts.

Table 11 also shows that combining econometric models with different explanatory variables,
i.e., combining models in Group A, is better than integrating econometric models with the
same set of independent variables. For four forecasting horizons, combining all models in
Group A always yields the highest percentage of negative significant statistic and the lowest
percentage of positive significant statistic no matter which combination method is applied.
For instance, for the D-M tests between the VACO combination models and the best single

model for four-step-ahead forecasts, the percentage of times of a negative significant statistic
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is 22.47% when combining Group A, 21.12% if combining Group B and 21.51% when
Group C is combined. It means that if VACO weighting is applied with Group A, 7359
(22.47% x 32752) out of 32752 combination models generate significantly more accurate
forecasts than the best single model; when Group B is combined, 106 (21.12% X 502) out of
502 combination models perform significantly better than the best single model; and if
combination is applied with Group C, 108 (21.51% X 502) out of 502 combination models

forecast significantly more accurate than the best single method.

Table 11 further indicates that for four forecasting horizons, the difference in the forecasting
ability of different weighting schemes given the same combination group is small. For
instance, the greatest difference in the percentage of times of a negative significant statistic
achieved by the best and the worst weighting methods to combine Group A is seen from
producing one-step-ahead forecasts between DMSFE (.95) and VACO, which is 1.6%. It
means that there are 524 (1.6% X 32752) more significantly better combination models if
the weights are obtained based on DMSFE (.95) instead of VACO. In addition, the
performance rankings of six weighting schemes to combine Group A are relatively consistent
across four forecasting horizons judged by the D-M test results, with DMSFE (.95), inverse-
MAE and SA always ranking top three and VACO staying at the bottom. Another interesting
observation is that when combining all models in Group A, six weighting schemes
consistently behave the best for the fourth horizon (one year), which is of direct interest to

policy-makers.

Table 11: The D-M Test Results
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Conclusion

This paper evaluates forecasting combination of econometric models with different
influencing factors through an empirical study on UK’s inbound tourism demand with results
showing that such a combination is statistically better than just integrating econometric
models with the same explanatory variables. It also demonstrates that for a given combination
panel, the forecasting ability of different combination methods is similar with the presented

inverse-MAE scheme showing good performance.

The findings of this paper have implications for future research and for stakeholders in the
tourism industry. Most importantly, this paper paves the way for further empirical
investigations on combination forecasting including component models with distinct
explanatory variables. In addition, it suggests more research attention to the combination
forecasting approach. This study shows the general forecasting superiority of combination
models compared to individual ones, which is in agreement with the conclusions of many
existing studies (Li et al., 2019; Liu et al., 2021; Qiu et al., 2021; Wu et al., 2020). In the
current literature, too much attention is paid to improving the forecasting ability of individual
models and to identifying the best single model. If improving forecasting accuracy is the aim,
combination forecasting deserves more study and should be included in forecasting
comparisons. Besides, government and destination managers can improve the efficiency of

their planning exercises by taking into account additional information on climate trends.

Several future research directions have been identified. Firstly, combining econometric
models with different explanatory variables deserves more exploration in the future. Climate
variables such as the origin’s climate condition, the difference in the climate condition
between the destination and the origin, and the relative climate condition of the main

destination to the alternative competitors can be considered as tourism demand influencing

https://mc.manuscriptcentral.com/teu
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factors. And the value of other variables such as Air Quality Index (AQI) and search engine

data in improving combination forecasting accuracy can be explored.

Secondly, a user-friendly software which can produce combination forecasts easily should be
made available considering the powerful forecasting ability of the combination forecasting
approach. The biggest obstacle of popularizing combination forecasting is the cost of
applying it. It is extremely time-consuming under the current condition to generate
combination forecasts as it requires different programs for different tasks. With the help of
the software, combination forecasts should be included in forecasting comparisons and can be

used as benchmarks for forecasting evaluation.

Moreover, the findings of this paper suggest the application of combination forecasting to
assess the impact of the COVID-19 crisis on tourism demand. In the current literature, one
important way to evaluate the impact of crises on tourism demand is to compare actual values
of demand with reference demand forecasts which are generated on the assumption that the
crisis had not happened (Page et al., 2012). Combination can be applied to improve the
accuracy of the reference forecasts and hence to improve the performance of such

evaluations.

This paper, like other studies, is not without limitations. Only one- to four-step-ahead
forecasts are generated and other forecasting horizons are omitted. Besides, nonparametric
techniques such as Al-based individual and combination forecasting methods are not
included. In addition, important determinants may be missing from the causal models. For

instance, no variables for travel costs are included due to unavailability of suitable data.
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Table 1: Variables and Data Sources

Page 28 of 56

substitute price: the market share adjusted relative

prices of alternative destinations

1 . h l l Z:Tpk,t* Kk,t
ogarithm, nsp;=mn|———
g & 2K

K} represents the market share of

competing destination k.

Variables Explanation Transformation / Formula Data source

YVt dependent variable: logarithm Travelpac
tourist arrivals for holiday purpose from one origin to
the UK

GDP, independent variable: logarithm Federal Reserve Bank of St. Louis

tourists’ income: real GDP in the origin (https://fred stlouisfed.org)

Dt independent variable: CE’:’”‘" Federal Reserve Bank of St. Louis

UK,
logarithm, Inrp, =In C,,,oai '

own price/relative price: exchange rate adjusted CPI oG, (https://fred stlouisfed.org)
of the UK to that of the origin country (OG)

Sp: independent variable: Federal Reserve Bank of St. Louis

(https://fred.stlouisfed.org);

German National Tourist Board

(GNTB);

Directorate General for Enterprise
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(DGE)

oNOYTULT D WN =

Q1, Q2,03 independent variable: To capture the instantaneous and NA

. delayed effects of these events, the
10 seasonal dummies

1 dummies take values of 1 in the quarter
12 Dps independent variable:
13 the event happened and the following

15 one-off event dummy: the outbreak of foot-and-mouth quarter, and they take values of 0

disease at the beginning of 2001 otherwise.

19 Do11 independent variable:

one-off event dummy: the terrorist attack on 11 of

23 September, 2001

Dgy independent variable:

28 one-off event dummy: the terrorist bombing in

30 London on 7 of June, 2005

Dz008 independent variable:

35 one-off event dummy: the global financial crisis in

2008
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Do, independent variable:
one-off event dummy: the Olympic Games held in
London in 2012.
TClyk; | cidyk, | independent variable: | daytime comfort index logarithm, Met Office
ciayg,: | The UK’s climate daily comfort index TClyk:=12 X
B condition (the TCI of |— - - 4(cidyk,) + ciayge + 2(Pyke) +
UK.t index for precipitation 2(Suko) + Woke

the UK)

Sukt index for sunshine duration

Wk, index for wind speed
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Econometric Models

Bounds Test Cointegration nopi—
Ayt “+ZZﬁﬂAXJt—z+Z¢AYt—z+lo}’:—1+ZlX]t—1+u
j=1i=0 i=1 j=1
ADL n
Ve = a+223}1x1t—1+2¢1}’t—1+5t

j=1i=0 i=1

Leading Indicator

n
Y= ZZB]Lx]t—L‘l'gt

j=1li=1

VAR

V= Hl}’t—l + HZ}’t—Z + ..+ prt—p + th + Ut

TVP

ye=xfe+ e,  &~iid.(0,Hp)

ﬁf+ 1= TL‘Bt + ntﬁ ﬁ1~N(bll Pl)r r]f~lld(0’ Qt)

Simple Dynamic

n
Ve = Zﬁjox]’,t +P1ye—st+ e

j=1

The climate factor is
introduced as an
explanatory variable
in climate
econometric models
(represented by x; ¢

or Xi)

Time Series Techniques
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SARIMA

®5(B)pp(B)(1 — B) (1 — B)ly, = u + 0¢(B)0,(B)e:

ETS

Vesr=Le+ kTS 11—y

Ve
St—»

Li=ac—+ (1 —a)(Li_y +Tr_1)

T, = Y(Lt—Lt—l) +(1-—YTi—1
Yt
Stz 6_+ (1 _5)St—p
Ly

or,
Vesk=Le+KkTe+ Sty k—p
Li=a@e—Si—p) + (1 —a)(Le—1 +Te—1)
Te=y(Li—Le—) + (1 —p)Te—q

Se=6—L)+(1—=8)Sc—p

State Space ETS

yi=wXi_1te

XtZFXt—1+gst

Non-causal models

Notes: Only the estimation equations for each model are provided here.
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Table 3: The Component Models of Three Combination Groups

Group A Group B Group C

oNOYTULT D WN =

?O 6 traditional ‘/ \/

econometric models

15 6 climate \/ \/

17 econometric models

20 3 time series models \/ \/ \/
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Table 4: Superior Percentages of Three Combination Groups for Each Origin (MAE)

Irish the
France Germany Italy Spain the US
Republic Netherlands
SA
Group A 27.93% 29.67% 29.50% 18.40% 19.23% 29.65% 27.80%
Group B 25.10% 28.54% 28.34% 17.18% 11.11% 26.25% 19.57%
Group C 14.39% 27.29% 29.63% 13.35% 18.73% 28.34% 12.25%
VACO
Group A 29.05% 29.71% 29.58% 19.19% 22.08% 29.70% 25.48%
Group B 24.25% 28.83% 28.24% 23.61% 15.29% 27.04% 17.98%
Group C 16.98% 27.24% 29.38% 12.45% 23.16% 28.54% 12.40%
DMSFE (.85)
Group A 29.24% 29.64% 29.60% 20.84% 21.43% 29.78% 24.10%
Group B 24.55% 28.74% 27.84% 24.95% 13.89% 27.29% 17.73%
Group C 17.93% 26.34% 29.33% 14.64% 22.96% 28.19% 11.70%
DMSEFE (.90)
Group A 29.19% 29.66% 29.59% 20.29% 21.66% 29.76% 24.53%
Group B 24.55% 28.74% 28.04% 24.40% 14.44% 27.29% 17.73%
Group C 17.58% 26.69% 29.38% 13.84% 23.01% 28.39% 11.95%
DMSFE (.95)
Group A 29.12% 29.69% 29.58% 19.75% 21.87% 29.73% 25.00%
Group B 24.40% 28.74% 28.14% 24.05% 14.94% 27.14% 17.93%
Group C 17.33% 26.99% 29.33% 13.05% 23.01% 28.44% 12.15%
inverse-MAE
Group A 28.92% 29.76% 29.65% 19.44% 20.14% 29.67% 27.35%
Group B 25.10% 28.93% 28.59% 22.16% 13.20% 26.64% 18.87%
Group C 15.29% 27.24% 29.68% 12.55% 19.72% 28.59% 12.20%

Note: Two decimal places are retained for all percentages for neatness of presentation and the superior percentages of the

best-performing combination group for each combination method and each origin are highlighted.
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1
2
3 Table 5: Superior Percentages of Three Combination Groups for Each Origin (MAPE)
4
Z Irish the
France Germany Italy Spain the US

; Republic Netherlands
9 SA
10
11 Group A 26.39% 29.36% 29.68% 19.79% 28.21% 29.68% 19.24%
12
13 Group B 27.04% 27.14% 28.83% 17.08% 7.47%/ 26.10% 28.09%
14
15 Group C 15.64% 24.15% 29.43% 14.94% 25.90% 28.09% 17.48%
16

VACO
17
18 Group A 27.87% 29.55% 29.76% 18.61% 28.32% 29.69% 16.41%
19
20 Group B 26.49% 27.64% 29.33% 22.71% 8.22%/ 26.94% 27.84%
21
22 Group C 20.32% 25.80% 29.13% 12.95% 26.69% 27.84% 15.74%
23

DMSFE (.85)
24
;2 Group A 28.22% 29.44% 29.78% 20.22% 27.95% 29.79% 17.15%
27 Group B 27.04% 27.59% 28.98% 24.15% 6.62%/ 27.24% 27.59%
28
29 Group C 21.22% 25.20% 29.03% 14.99% 26.39% 27.59% 15.54%
30
31 DMSEFE (.90)
32
33 Group A 28.14% 29.47% 29.78% 19.69% 28.06% 29.76% 16.94%
g: Group B 26.89% 27.59% 29.08% 23.56% 7.02%/ 27.14% 27.69%
36 Group C 21.02% 25.35% 29.03% 14.34% 26.54% 27.69% 15.59%
37
38 DMSFE (.95)
39
40 Group A 28.02% 29.51% 29.77% 19.13% 28.19% 29.73% 16.69%
41
42 Group B 26.64% 27.59% 29.18% 23.16% 7.62%/ 27.09% 27.79%
23 Group C 20.72% 25.50% 29.03% 13.65% 26.59% 27.79% 15.69%
45 inverse-MAE
46
47 Group A 27.81% 29.62% 29.81% 19.67% 28.44% 29.68% 17.84%
48
49 Group B 27.04% 27.69% 29.33% 21.71% 8.72%/ 26.49% 28.29%
50
51 Group C 17.53% 25.70% 29.48% 13.94% 26.34% 28.29% 16.24%
52
53 Note: Two decimal places are retained for all percentages for neatness of presentation and the superior percentages of the
gg best-performing combination group for each combination method and each origin are highlighted.
56
57
58
59
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Table 6: Superior Percentages of Three Combination Groups for Each Origin (RMSE)

Irish the
France Germany Italy Spain the US
Republic Netherlands
SA
Group A 26.02% 29.82% 29.76% 27.95% 17.74% 29.86% 28.69%
Group B 27.94% 27.29% 28.54% 26.49% 17.18% 26.64% 25.55%
Group C 19.47% 29.58% 30.13% 25.55% 14.99% 29.38% 13.45%
VACO
Group A 27.71% 29.78% 29.84% 28.41% 23.09% 29.81% 26.21%
Group B 27.49% 27.34% 28.09% 28.54% 22.31% 27.34% 24.20%
Group C 22.36% 29.28% 30.13% 26.05% 21.41% 29.38% 12.70%
DMSFE (.85)
Group A 28.16% 29.77% 29.83% 28.38% 22.97% 29.83% 24.79%
Group B 27.79% 27.09% 27.69% 28.78% 21.76% 27.64% 23.75%
Group C 23.85% 28.93% 30.03% 26.49% 21.17% 29.18% 12.20%
DMSEFE (.90)
Group A 28.03% 29.77% 29.83% 28.43% 22.99% 29.82% 25.22%
Group B 27.69% 27.24% 27.79% 28.64% 21.96% 27.54% 24.00%
Group C 23.41% 29.08% 30.13% 26.39% 21.31% 29.28% 12.30%
DMSFE (.95)
Group A 27.88% 29.78% 29.84% 28.45% 23.03% 29.81% 25.68%
Group B 27.64% 27.29% 27.84% 28.59% 22.21% 27.34% 24.10%
Group C 22.96% 29.23% 30.13% 26.29% 21.36% 29.28% 12.50%
inverse-MAE
Group A 27.58% 29.81% 29.85% 28.37% 19.72% 29.84% 28.33%
Group B 27.99% 27.54% 28.69% 28.19% 18.92% 27.19% 25.20%
Group C 21.66% 29.43% 30.13% 26.05% 17.08% 29.43% 13.40%

Note: Two decimal places are retained for all percentages for neatness of presentation and the superior percentages of the

best-performing combination group for each combination method and each origin are highlighted.
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1

2

3 Table 7: Superior Percentages of Three Combination Groups for Each Forecasting Horizon
4

5 (MAE)

6

7

8 1-step-ahead 2-step-ahead 3-step-ahead 4-step-ahead
9

10 SA

:; Group A 23.68% 26.23% 27.16% 27.04%
13 Group B 22.96% 20.94% 22.22% 23.05%
14

15 Group C 21.74% 20.89% 19.41% 20.23%
16

17 VACO

1

13 Group A 23.97% 26.66% 27.48% 27.48%
;‘1) Group B 23.02% 22.37% 23.16% 25.87%
22 Group C  22.42% 22.11% 20.06% 21.20%
23

24 DMSFE (.85)

25

26 Group A 23.51% 26.47% 27.64% 27.88%
27

28 Group B 22.68% 22.43% 23.16% 26.01%
;g Group C  2228% 22.37% 20.18% 21.51%
31 DMSEE (.90)

32

33 Group A 23.68% 26.55% 27.58% 27.72%
34

35 Group B 22.77% 22.43% 23.13% 26.07%
36

37 Group C 22.31% 22.31% 20.12% 21.46%
38 DMSFE (.95)

39

40 Group A 23.83% 26.62% 27.53% 27.59%
41

42 Group B 22.88% 22.43% 23.22% 25.95%
43

44 Group C 22.31% 22.20% 20.06% 21.31%
45 .

46 inverse MAE

2273 Group A 24.32% 26.44% 27.23% 27.68%
49 Group B 23.79% 21.77% 22.68% 25.18%
50

51 Group C 21.94% 21.46% 19.10% 20.52%
52

53 Note: Two decimal places are retained for all percentages for neatness of presentation and the superior percentages of the
54

55 best-performing combination group for each combination method and each forecasting horizon are highlighted.
56

57

58

59

60 https://mc.manuscriptcentral.com/teu
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Table 8: Superior Percentages of Three Combination Groups for Each Forecasting Horizon

(MAPE)

Tourism Economics

1-step-ahead 2-step-ahead 3-step-ahead 4-step-ahead

SA

Group A 25.83%
Group B 23.39%
Group C  21.80%
VACO

Group A  25.30%
GroupB  23.85%
Group C  22.23%
DMSEFE (.85)
Group A 25.30%
Group B 23.68%
Group C 22.11%
DMSEFE (.90)
Group A 25.32%
GroupB 23.73%
Group C  22.23%
DMSEFE (.95)
Group A  25.31%
GroupB  23.79%
Group C  22.23%
Inverse-MAE
Group A 26.34%
Group B 24.30%

Group C  22.57%

Note: Two decimal places are retained for all percentages for neatness of presentation and the superior percentages of the

best-performing combination group for each combination method and each forecasting horizon are highlighted.

25.69%

22.88%

22.68%

25.49%

23.59%

22.97%

25.67%

23.65%

23.22%

25.63%

23.62%

23.16%

25.57%

23.59%

23.08%

25.56%

23.56%

22.94%
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25.90%

23.93%

22.14%

25.45%

24.62%

22.51%

26.06%

24.59%

22.85%

25.87%

24.50%

22.77%

25.66%

24.56%

22.65%

25.48%

24.76%

21.86%

26.78%

22.22%

22.31%

26.74%

24.62%

22.85%

27.28%

24.79%

23.22%

27.09%

24.70%

23.02%

26.91%

24.67%

22.88%

27.12%

24.10%

22.65%
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1

2

3 Table 9: Superior Percentages of Three Combination Groups for Each Forecasting Horizon
4

5 (RMSE)

6

7

8 1-step-ahead 2-step-ahead 3-step-ahead 4-step-ahead
9

10 SA

:; Group A 25.28% 27.26% 27.48% 28.47%
13 GroupB  25.18% 24.90% 26.78% 25.78%
14

15 Group C  24.10% 23.45% 21.51% 23.82%
16

17 VACO

1

1 g Group A 25.56% 28.01% 28.51% 29.26%
;‘1) Group B 25.18% 25.58% 27.92% 27.21%
22 Group C  24.59% 24.62% 23.39% 25.30%
23

24 DMSFE (.85)

25

26 Group A  25.37% 27.68% 28.45% 29.20%
27

28 GroupB 24.87% 25.61% 27.86% 27.09%
;g Group C  24.53% 24.59% 23.68% 25.41%
31 DMSEE (.90)

32

33 Group A  25.43% 27.79% 28.48% 29.22%
34

35 Group B 25.04% 25.61% 27.83% 27.15%
36

37 Group C  24.56% 24.64% 23.65% 25.38%
38 DMSFE (.95)

39

40 Group A  25.49% 27.90% 28.50% 29.24%
41

42 GroupB  25.07% 25.61% 27.89% 27.15%
43

44 Group C  24.62% 24.64% 23.56% 25.33%
45

46 inverse-MAE

2273 Group A 26.07% 27.73% 27.82% 28.94%
49 Group B 25.58% 25.41% 27.15% 26.84%
50

51 Group C  24.70% 24.05% 22.08% 24.70%
52

53 Note: Two decimal places are retained for all percentages for neatness of presentation and the superior percentages of the
54

55 best-performing combination group for each combination method and each forecasting horizon are highlighted.
56

57

58

59

60 https://mc.manuscriptcentral.com/teu
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Table 10: Superior Percentages of Three Combination Groups for Each Weighting Scheme

DMSFE DMSFE DMSFE inverse
SA VACO

(.85) (.90) (.95) MAE
MAE Group A 26.03%  26.40%  26.38%  26.38% 26.39% 26.42%
Group B 22.30%  23.61%  23.57%  23.60% 23.62% 23.36%
Group C 20.57%  21.45%  21.59%  21.55% 21.47% 20.75%
MAPE Group A 26.05%  25.74%  26.08%  25.98% 25.86% 26.12%
Group B 23.11%  24.17%  24.17%  24.14% 24.15% 24.18%
Group C 22.23%  22.64%  22.85%  22.79% 22.71% 22.50%
RMSE Group A 27.12%  27.84%  27.67%  27.73% 27.78% 27.64%
Group B 25.66%  26.47%  2636% @ 26.41% 26.43% 26.25%
Group C 23.22%  24.47%  24.55%  24.56% 24.54% 23.88%

Note: Two decimal places are retained for all percentages for neatness of presentation and the superior percentages of the

best-performing combination group for each combination method are highlighted.
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1
2
3 Table 11: The D-M Test Results
4
Z 1-step-ahead  2-step-ahead  3-step-ahead  4-step-ahead
7

A
8 S
9 Group A 22.66% 22.75% 22.64% 23.40%
1? 6.02% 5.75% 6.07% 5.71%
12 GroupB 21.31% 21.51% 21.71% 21.91%
1 i 7.17% 6.97% 6.17% 6.77%
15 Group C  20.91% 21.91% 21.51% 22.31%
1? 6.57% 6.77% 6.97% 6.57%
18 VACO
19
20 Group A 21.81% 21.70% 21.89% 22.47%
21 6.79% 6.10% 6.57% 6.26%
22
23 GroupB  20.91% 21.51% 21.12% 21.12%
24 6.77% 7.37% 6.57% 6.77%
25
26 Group C  20.91% 21.71% 19.72% 21.51%
27 6.97% 7.77% 6.97% 6.57%
28
29 DMSFE (.85)
30
31 Group A 22.41% 22.50% 22.13% 22.98%
32 6.09% 6.02% 5.48% 4.94%
33
34 Group B 22.50% 22.70% 21.91% 22.90%
35 6.57% 6.97% 6.77% 6.57%
36
37
38 Group C  20.91% 20.31% 21.12% 21.51%
39 6.57% 6.77% 6.97% 6.17%
40
41
49 DMSFE (.90)
43
42 Group A 22.29% 21.86% 22.52% 22.70%
45 6.30% 6.71% 6.32% 5.46%
46
47 GroupB  21.12% 20.91% 21.12% 21.51%
48 7.17% 6.77% 6.57% 6.57%
49
g? Group C  20.71% 21.51% 21.91% 22.11%
- 7.17% 7.17% 6.97% 7.17%
53
54
55
56
57
58
59

60 https://mc.manuscriptcentral.com/teu
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DMSFE (.95)

Group A 23.41%
5.94%

Group B 20.52%
7.37%

GroupC 21.31%
6.57%
inverse-MAE

Group A 22.99%
6.04%

GroupB 21.51%
6.77%

Group C 21.51%
6.97%

Note: Each cell of the table comprises two entries. The first entry is the percentage of times the Null of equal forecast
accuracy between the combination model and the best single model is rejected at a 5% level of significance with a negative
statistic, i.e., forecasts from the combination model are significantly more accurate than the best single model. The second
entry is the percentage of times the Null of equal forecast accuracy between the combination model and the best single

model is rejected at a 5% level of significance with a positive statistic, i.e., forecasts from the combination model are

22.77%
6.00%

20.71%
6.77%

21.91%
6.18%

22.61%
5.93%

21.71%
6.77%

21.51%
6.37%

22.65%
5.96%

21.91%
6.77%

20.71%
6.57%

22.85%
6.17%

21.31%
7.17%

21.71%
6.77%

significantly less accurate than the best single model.
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23.61%
5.60%

22.31%
6.57%

22.11%
6.37%

23.23%
5.99%

21.91%
6.37%

21.91%
6.57%
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Figure 1: Illustration of Data Sample
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Figure 2 The Recursive Weighting Procedure for One-Step-Ahead Combination Forecasts
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2016Q1
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2016Q2
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Notes: The weights for two- to four-step-ahead combination forecasts are generated iteratively in the same way.
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Unit Root Test Results

Table S1 Unit Root Test Results

France Germany Irish Ttaly The Spain The US
Republic Netherlands
Iny, Level -6.25%%* -8.53** -8.32%** =537k -9.35%** -4.64%** -9.37kH*
Ist <22, 15%%* -16.79%%* -20.40%** -31.21%* -21.75%** -25.70%** -14.85%**
difference
InGDP; Level -1.46 -1.10 -0.68 -5.51%k* -1.65 -2.06 -1.15
Ist -18.06%** -10.92%** -10.44%%* -30.73%%* -21.08%** 25,1 5%k -11.09%**
difference
Inrp, Level -2.05 -2.06 -1.57 -1.69 -1.88 -1.48 -1.77
Ist 9,61 %%k 9,80k 9. 8Ok 9. 7] %k 9.56% %% 9.4k 809k
difference
Insp, Level -1.79 -1.80 -1.71 -1.81 -1.61 -1.60 -1.63
It -11.84%** -11.85%** -7.08%** 27.52%k* -9.00%** -14.55%** -6.81%**
difference
InTClyx Level -14.45%%*
I -18.07%**
difference

Notes: Two decimal places are retained for all values. The superscript * means significant at the 10%

level, ** means significant at the 5% level, and *** means significant at the 1% level.
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Weights in VACO and DMSFE Combination Methods

Weights in the VACO method are calculated to minimise the error variance of the
combination forecasts (assuming unbiasedness of each single forecast), which can be

expressed as:

[ZtT= 1eizt]_1

T
n 2
sumf'= 1[Zt: 1ejt]

Wit = -1

where w;; is the weight of the ith individual forecast, e;; is the estimated individual
forecast error for the ith individual forecast, ej; denotes the estimated individual
forecast error for any individual forecasts, T 1is the sample size, and n is the number
of single constituents in the combination panel. Because there exist correlations

among the forecast errors, negative weights may appear in some cases.

Weights in the DMSFE scheme can be written as:

-1 T-1
bit s . 2
W= Pie= Z e (A
z%:lqmt s=1

where f IS +hs 18 the individual h-step-ahead forecast generated at time s from single
model i for the actual value f ., «a isa selected discounting factor with

0 < a « 1. The smaller the value of «a is, the heavier the more recent forecasts are
weighted. Following the current literature, the DMSFE combination forecasts are

computed for three values of a: a = 0.95,0.90,0.85 (Shen et al., 2008, 2011).
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Forecasting Performance of Individual Models

All MAE, MAPE and RMSE ratios of the 15 individual models have been normalized relative to the seasonal naive no-change forecasts with

ratios below one indicating predictive gains relative to the benchmark forecast. The comparisons are conducted in the market-specific, the

forecasting-horizon-specific and the general ways and the results are presented in Table S2, S3 and S4 respectively

Table S2  Forecasting Performance of Individual Models for Seven Origins

origin bounds© | ETS SARIMA | ADLMO | State ETS | LIO VARO | TVPO | SDO | bounds | ADLM | LI VAR | TVP SD
MAE ratios
France 0.916 | 0.895 | 1.009 | 0.784 | 0.785 | 0.936 | 0.742 | 0.784 | 0.876
12 11 14 6 7 13 4 5 9
Germany 0.889 | 0.727 | 0.679 | 0.570 | 0.663 | 0.540
14 12 10 5 9 4
Irish Republic 0.628 | 0.646 0.617 | 0.711 - 0.751 | 0.905 | 0.650 | 0.564

https://mc.manuscriptcentral.com/teu
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- e = |- - Il

0.863 | 0.988 | 0.811 | 0.794 | 1.270 | 0.904 | 0.860 | 0.865

oNOYTULT D WN =

Italy 0.870

1 12 10 14 |8 6 15 [13 |9 11

the 0.986 1.040 | 0.998 | 0.931 | 0.891 | 0.745 | 0.958 | 0.922 | 1.039

16 Netherlands 11 14 12 8 6 4 10 7 13

19 Spain 0.859 0.756 | 0.890 | 0.796 | 0.820 | 0.875 | 0.714 0.712

21 13

24 us 0.855 0.863 | 0.836 | 0.870 | 0.661 | 0.801 | 0.815 | 0.830 | 0.711

12 13 11 14 4 7 9 10 5

29 MAPE ratios

32 France 1.421 | 0.955 | 0.956 | 1.007 | 0.857 | 0.800 | 1.029 | 0.789 | 0.897 | 0.864

15 11 12 13 7 5 14 4 9 8

37 Germany 1.018 | 0.770 | 0.620 | 0.614 | 0.511 | 0.587 0.501 | 0.542 | 0.517
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9
Irish Republic 0.577
5
Italy 0.955
12
the 0.985
Netherlands 9
Spain 0.975
14
us 0.838
12
RMSE ratios
France

Tourism Economics

14 11 10 5
0.754 | 0.939 0.692
12 14 9
0.827 | 0.911 | 1.075 | 0.872
5 9 14 7
0.973 | 1.126 | 1.014 | 0.952
8 14 10 7
0.856 | 0.858 | 1.029 | 0.934
8 9 15 12
0.801 | 0.859 | 0.805 | 0.909
10 13 11 15
0.760 1.463 | 1.005 | 0.938 | 1.163 | 0.814 | 0.909
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0.944 - 0.798 | 0.983
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Germany
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Irish Republic

Italy

the

Netherlands

Spain

us

13 9 14 6 7 10 5 12
0.928 | 0.783 | 0.751 | 0.682 | 0.738 | 0.733 0.780 | 0.711
14 11 9 4 8 7 10 6
0.562 | 0.665 0.814 | 1.010 | 0.699 0.541 | 0.705
5 9 14 15 11 4 12
1.262 | 1.284 | 1.452 | 1.149 | 1.257 | 1.763 | 1.257 | 1.208 | 1.273
9 12 14 5 7 15 8 6 11
0.908 | 0.991 | 0.997 | 0.916 | 0.883 | 0.758 | 0.898 | 0.828 | 1.023
9 12 13 10 7 4 8 6 15
0.868 | 0.877 | 0.948 | 0.889 | 0.871 | 0.930 0.819
9 11 15 13 10 14 6
1.053 | 1.184 | 0.869 | 1.154 | 0.782 | 0.935 | 0.957 | 1.014 | 0.852
11 15 7 14 4 8 9 10 6
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Notes: There are two entries in each cell with the first ones being accuracy measure ratios and the second ones being ranks. Three decimal places are retained for all ratios

and the ratios and ranks of the top three individual models are highlighted for each comparison.
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Table S3  Forecasting Performance of Individual Models for Four Forecasting Horizons

oNOYTULT D WN =

9 horizon | bounds© | ETS SARIMA | ADLMO | State ETS | LIO VARO | TVPO SDO bounds | ADLM | LI VAR TVP SD

1 MAE ratios

14 1 0.750 0.911 | 0.761 | 0.846 | 0.816 | 0.754 | 0.744 | 0.790 | 0.731 | 0.739 | 0.758

15 11 14 13 9 7 12 5 6 10

19 2 0.806 0.914 | 0.847 | 0.850 | 0.857 | 0.787 | 0.776 | 0.820 | 0.767 | 0.745 | 0.779

2 10 15 |12 |13 |14 |9 7 11 |6 5 8

3 0.777 0.909 | 0.825 | 0.832 | 0.845 | 0.798 | 0.803 | 0.853 | 0.745 | 0.736 | 0.790

15 11 12 13 9 10 14 5 4 8

0.921 | 0.824 | 0.818 | 0.845 | 0.811 | 0.830 | 0.860 | 0.744 | 0.734 | 0.792

15 11 10 13 9 12 14 5 4 8

35 MAPE ratios

g; 1 0.783 0.751 0.964 | 0.798 | 0.909 | 0.839 | 0.785 | 0.802 | 0.833 | 0.777 | 0.785 | 0.779
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7 15 10 14 13 8 11 12 5 9 6
0.831 0.948 | 0.880 | 0.904 | 0.870 | 0.802 | 0.813 | 0.850 | 0.790 | 0.776 | 0.785
10 15 13 14 12 8 9 11 7 5 6
0.789 0.946 | 0.857 | 0.889 | 0.856 | 0.818 | 0.833 | 0.875 | 0.773 | 0.768 | 0.793
7 15 12 14 11 9 10 13 5 4 8
0.804 0.967 | 0.859 | 0.880 | 0.863 | 0.868 | 0.859 | 0.889 | 0.774 0.802
8 15 9 13 11 12 10 14 5 7
RMSE ratios

0.863 1.017 | 0.917 | 1.011 | 0.916 | 0.898 | 0.870 | 0.927 | 0.827 | 0.850 | 0.874
7 15 12 14 11 10 8 13 5 6 9
0.905 1.015 | 0.972 | 0.982 | 0.960 | 0.919 | 0.902 | 0.948 | 0.850 | 0.822 | 0.898
9 15 13 14 12 10 8 11 6 5 7
0.863 1.024 | 0.945 | 0.937 | 0.965 | 0.910 | 0.941 | 0.987 | 0.820 | 0.814 | 0.925
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15 12 10 13 8 11 14 5 4 9

oNOYTULT D WN =

4 0.870 0.865 1.033 | 0.929 | 0.911 | 0.987 | 0.940 | 0.972 | 1.002 | 0.823 | 0.811 | 0.941

15 9 8 13 10 12 14 5 4 11

Notes: There are two entries in each cell with the first ones being the accuracy measure ratios and the second ones being the ranks. Three decimal places are retained for all

16 ratios and the ratios and ranks of the top three individual models are highlighted for each comparison.
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General Forecasting Performance of Individual Models

bounds

MAE

ratios

MAPE

ratios

RMSE

ratios

ETS

SARIM | ADLM

State

ETS

Page 56 of 56

LIO VARO TVPO SD©O bounds ADL LI VAR TVP SD
0.914/1 | 0.814/1 | 0.836/1 | 0.841/1 | 0.788/ | 0.789/1 | 0.831/1 | 0.747/ | 0.738/ | 0.780/
5 1 3 4 9 0 2 6 5 8
0.956/1 | 0.848/1 | 0.896/1 | 0.857/1 | 0.818/ | 0.827/1 | 0.862/1 | 0.778/ | 0.774/ | 0.790/
5 1 4 2 9 0 3 6 5 7
1.022/1 | 0.941/1 | 0.960/1 | 0.957/1 | 0.917/ | 0.921/1 | 0.966/1 | 0.830/ | 0.824/ | 0.909/
5 1 3 2 9 0 4 5 4 8

Notes: There are two entries in each cell with the first ones being the accuracy measure ratios and the second ones being the ranks. Three decimal places are retained for all

ratios and the ratios and ranks of the top three individual models are highlighted for each comparison.
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