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Abstract

This paper uses official data to develop exponential smoothing models for predicting monthly total income in tourism hotel
accommodation in South Africa for the period 2004 to 2011. The performance of the developed models is evaluated against a
neural network model for in and out of sample predictions. Empirical results from the study show that the triple exponential
smoothing model produces better forecast accuracy compared to the single and double exponential smoothing models. The
neural network model outperforms all the three exponential smoothing models prior to the onset of recession in 1998. The triple
exponential smoothing model produces better forecast accuracy after the onset of the world recession. This suggests that a
time series undergoing structural changes may require different forecasting approaches. This study is meant to provide insight
into the dynamics of the South African hotel accommodation income time series thereby stimulating future definitive work on
methods of forecasting.
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1. Introduction

The need for tourism forecasting in destination countries, especially as a tool in management processes cannot be
overemphasised (see Cummings and Busser, 1994; Archer, 1994). Accurate forecasting results have the capability of
shaping public or private tourism-related policies (Chen et al., 2008). South Africa increasingly needs accurate forecasts
in the tourism sector as the sector has grown in stature in recent years. This paper explores some of the challenges
posed by the 1998 recession and the 2010 World Cup in obtaining accurate tourism demand forecasts and gives
suggestions as to how researchers in the field can possibly overcome these challenges.

The importance of the tourism industry to South Africa can be viewed in the context of it outstripping gold in terms
of income generation for the country (Tourism in South Africa website). Given the available plethora of services that
range from transport, hunting and accommodation to catering, it is not a surprise that tourism is deemed by the
government as a growth sector that is best placed to draw previously disadvantaged people into the mainstream of South
Africa’s economy. Currently one job is created for every ten foreign tourists who visit South Africa (Whitepapers, 1996)
and approximately 7% of the employed people in the country are in the tourism sector or its auxiliary industries (Gil-
Alana, 2011 : after, (Tourism Business Council of South Africa (TBCSA). The highest contributor to South Africa’s tourism
receipts is the accommodation services.

Tourist accommodation establishments in South Africa are assessed according to the nine types of
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accommodation they provide, namely: (1) bed-and-breakfast; (2) guesthouse; (3) hotel; (4) self-catering; (5) backpacker
and hostelling; (6) caravan and camping; (7) country house; (8) restaurants and; (9) meetings, exhibitions and special
events. The hotel industry generates the most income (see Figure 1) and will be at the centre of this study. There is
currently no known research that has specifically focused on forecasting hotel accommodation income in South Africa.

Lundberg et al. (1995) indicate that hotels, like most other business activities, are subject to whims of the economy
with particular variables such as occupancy rates rising during prosperity and falling in recession. There has been a
global recession since 2008 and a World Cup in South Africa in 2010, which events have opposing effects on economy in
general and the hotel business, in particular.

Forecasting of tourist accommodation demand and forecasting guest nights in the lodging industry is discussed in
literature (Choi et al., 1999; Sorenson, 1999; Krakover, 2000; Choi, 2003; Koenig and Bischoff, 2004a, b; Athanasopoulos
and Hyndman, 2008; Lim et al., 2009; among others). Various statistical methods ranging from classical time series,
regression, exponential smoothing, SARIMA and neural networks have been used in tourist accommodation demand
forecasting. Neural networks have been particularly used to predict tourism expenditure (Law, 1998; Palmer et al., 2006;
among others).

Burger et al. (2001) provide a forecasting guideline for researchers who lack information to apply structural models
for South Africa’s tourism demand data. Their study reveals that neural network methods give the best forecasts when
applied to tourism demand data at a metropolitan level in Durban in comparison with such models as naive, moving
average, single exponential smoothing, ARIMA, multiple regression and genetic regression.

This paper develops forecasting models which will be used for predictions of monthly income in hotels in tourism
accommodation in South Africa in the absence of data for structural modelling. The rest of the paper is organized as
follows. In Section 2 we describe the data, while the models are discussed in Section 3 and the empirical results are
presented in Section 4. A comparative analysis of the models is given in Section 5 and Section 6 concludes.

2. Data

Official monthly income data for tourism accommodation in South Africa for the period 2004 to 2011was obtained from
the South African Tourism website. The data is for hotels, caravan parks and camping, guest houses and guest farms,
and other accommodation. The breakdown of income generated by tourism accommodation in South Africa for the period
September 2004 to September 2011 is shown in Figure 1. The variable H stands for hotels, CPCS for caravan parks and
camping sites, GHGF for guest houses and guest farms while OA is for other accommodation.
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Figure 1. Breakdown of income generated by tourism accommodation in South Africa.

Figure 1 shows that hotels have the largest income while caravan parks and camping sites had the lowest monthly
income during the sampling period. The bold solid lines indicate an upward moving trend of the income generated by
hotel accommodation since 2004, up until the end of 2008 when the recession set in. This was, thereafter, followed by a
general downward moving trend as the recession took hold. The “tweak” in June of 2010 is due to the mega event which
is the World Cup. Thus, there is a general structural change in the time series data of the total monthly income of the
tourist hotel accommodation induced by the onset of the recession in 1998 and, possibly, by the World Cup of 2010.

461



ISSN 2039-2117 (online) Mediterranean Journal of Social Sciences Vol 5 No 20
ISSN 2039-9340 (print) MCSER Pub]isbing, Rome,]m]y September 2014

3. The Models
3.1 Historical note on exponential smoothing

Exponential smoothing can be traced back to Second World War by Robert Brown, who worked as an operations
research analyst for the United States. After the war, Brown (1959) applied his work on simple exponential smoothing to
inventory management problems. Brown's work was extended by Charles Holt who came up with an exponential
smoothing model that could handle an additive trend (Holt, 1957). Winters (1960) implemented and tested Holt's models
on empirical data, and since then, this early form of exponential smoothing is referred to as the Holt-Winters method.
Hyndman et al. (2002) further extended this framework to cater for multiplicative and damped additive trends. It was
observed that “exponential smoothing methods are optimal for a very general class of state-space models that is in fact
broader than the ARIMA class” (Gardner, 2006).

3.2 Single exponential smoothing (SES): an adaptive approach

The single exponential smoothing (SES) model developed by Brown (1959) can be written as:

L,=aX, +(1-a)l,, )

where @ © =a =1) is the smoothing parameter, X, is the time series observation at time ¢t. Equation (1) can also
be written as

L=L.,+ a(erl_ Ltfij (2)

where ¥e2 ~L=1) s the forecast error. The forecast L, is given as
Ly, =aX,+(1—a)L,=L.+a(X,—L,) @3)

3.3 Holt's linear method (double exponential smoothing model)

Holt (1957) extended single exponential smoothing to linear exponential smoothing to allow forecasting of data with
trends. The forecast for Holt's linear exponential smoothing is found using two smoothing constants alpha, beta (with
values between 0 and 1) and two equations:
Li=aX, s+ (1—a)(l,, +T._)0<a< 1}
T.=B(L,—L. )+(1—-BT_,0<p<1 (4)
where T, represents the trend term, B represents the trend coefficient and the other terms are as defined in
equation (1). The h — step ahead forecast, X, (h) at time ¢ is given as

ft(h) = Lr+hTz (5)

3.4 Holt- Winters’ trend and seasonality method (triple exponential smoothing model)

Holt's method was extended by Winters (1960) to capture seasonality. The Holt-Winters’ method is based on three
smoothing equations-one for level, one for trend and one for seasonality. It is similar to Holt's method with one additional
equation to deal with seasonality. Seasonality is included in the model either multiplicatively or additively. We present the
multiplicative Holt-Winter's exponential smoothing model. It is given as:
L=al+(1-a)(les—Ty)
T, —,e(i,—L,-am—mr_l}
S Yy +(1-¥)S. (6)

where s is the seasonal period, ? captures the seasonal effects, « is the smoothing parameter, 3 is the trend
t

coefficient and y is the seasonality coefficient. The h — step ahead forecast, X, (h) at time t is given as:
‘ft(hj = (L: + hthsﬁh—s (7)

4. Empirical Results and Discussion

The component analysis for income from hotels is illustrated in Fig. 2. Figure 2(c) and 2(d) shows that there is a sudden
surge in income in June 2010 for hotels. This is due to the
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FIFA 2010 world cup which was hosted by South Africa. This figure is removed and replaced by the mean income
for hotels for the sampling period 2004 to 2011, excluding the outlier.
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Figure 2. Component analysis for income from hotels.

The mean absolute error (MAE) and the mean absolute percentage error (MAPE) are used to assess the accuracy of the
models under discussion. A summary of the estimates of the parameters of the exponential smoothing models, i.e. single,
double and triple together with some important accuracy measures are given in Table 1. The triple exponential smoothing
model produces better out of sample forecast accuracy with a MAPE of 4.9% and a MAE of 34.6. This is not surprising
given the strong seasonal variation inherent in the data. The multiplicative triple exponential model gives better results as
it is able to capture the interaction of the seasonal, secular, and cyclical trends.

Table 1. Summary results of exponential smoothing models for hotels.

Single Double Triple

a 0.400 0.300 0.500

B 0.100 0.100

y 0.100

MAE 61.83 64.70 34.60
MAPE 8.887% 9.387% 4.956%

4.1 Comparative analysis of the Holt-Winters method and neural network model

Both the exponential smoothing and neural network models are developed using data for the period 2004 up to the onset
of the recession (September 2004 to March 2008). This procedure is repeated using the data for the period September
2004 to December 2010 to include data after the recession. A 12-step forecast is done for each of the models and an
accuracy evaluation is done using MAPE and MAE. Table 2 shows a comparative analysis of the triple exponential
smoothing model with results from using a neural network model.

Table 2. Comparison of the Triple Exponential Smoothing and Neural Network Models.

Performance Criteria _ ‘Prior Rece_ssion _ lPost—Recgssion
Triple Exponential Smoothing | Neural Network | Triple Exponential Smoothing | Neural Network
MAPE 8.98% 6.15% 3.67% 11.89%
MAE 72.15 49.52 24.77 78.03

Table 2 shows that prior to the onset of the recession the neural network model outperforms the triple exponential
smoothing. The neural network model has the least values of 49.52 for MAE and 6.15% for MAPE compared to a MAE of
72.15 and a MAPE of 8.98 for exponential smoothing, respectively. But, after the onset of the recession and the World
Cup mega event neural network models are outperformed by the triple exponential smoothing model since the latter had
the least MAE (24.77) and the least MAPE (3.67%). Thus the neural network performs better than the exponential
smoothing method before the onset of the recession but is outperformed by the triple exponential technique after the
cyclical effects of the recession.
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Figure 3 further illustrates the extent to which the forecasted values for both the exponential and neural network
models fit the actual data. This is done for the model using data before the recession (panel A) and the data after the
recession (panel B). Generally forecasting accuracy worsens with time as would be expected. Overall, on one hand, it is
clear that the neural network model gives better forecast results before the recession than the exponential model. This is
in line with the findings of Burger et al. (2001). On the other hand, after the onset of the recession the triple exponential
smoothing model produces better forecast accuracy in forecasting hotel accommodation monthly income. The
exponential smoothing model gives a better estimate after the onset of the recession as it is able to identify structural
changes in the data as it gives weight to the most recent events. On the other hand, the failure by the neural network to
read structural changes to the data can be attributed to the bias within the model due to its training in the previous
months. Predictions are based on previous historical patterns only and does not take care or give more weight to recent
changes that may have occurred in the data. It can be seen from panel B of Figure 4 that the neural network model tends
to overestimate the actual values that have been depressed by the recession.
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Figure 3. Actual and predicted for hotels using triple exponential smoothing and neural network models.
5. Conclusion

This paper explored the classical time series techniques to forecast monthly tourism accommodation income in South
Africa. The exponential smoothing models were developed for predicting income from tourism accommodation. The out of
sample performance of the developed models was evaluated by comparing them with a neural network model for the
period prior to the onset of the recession in 2008 and for the months after the recession. Empirical results from the study
shows that the triple exponential smoothing model produces better forecast accuracy compared to the single and double
exponential smoothing models. This would be expected as the former is designed to capture seasonality that is present in
the data.

This study has shown that there are situations in which neural network models are not the best models. Thus no
one model can be expected to outperform all the other models in all situations. This is not a new discovery, but
nonetheless a very important finding. It was found that the neural network proved to be a better model when compared
with the triple exponential smoothing technique before the beginning of the recession but after the recession the reverse
was true. This can be attributed to the inability of the neural network model to quickly adapt to new changes in the
structure of the time series as it is trained on historical patterns whereas the triple exponential smoothing method can
easily and quickly adapt to the new changes as it gives more weight to the most recent observations.

The models used in this study were so chosen as to be able to capture the seasonal variations evident in the data
and the structural changes since the recession of 2008. It is not easy to ascertain the impact of the 2010 World Cup and
the 2008 recession but future research can be designed to capture these dynamics in the South African tourism hotel
accommodation monthly income with a view to give improved forecasting approximations.

Additionally, improved forecasts may be obtained through the use of advanced cause and effect structural models
that may provide better capability of capturing the dramatic seasonal variations and the structural changes induced by the
recession of 2008 and the 2010 World Cup. This may imply application of adaptive models such as multivariate adaptive
regression splines that can be used to capture piece-wise changes in the trends inherent in this series. Combining
forecasts is also a viable alternative as work by Palm and Zellner (1992) showed that a simple average of individual
forecasts may work well in practice, where equal weights are assigned to individual forecasts. The work by
Athanasopoulos and Hyndman (2008) in which they predict tourism demand using state space models may be worth
pursuing as the models capture shocks in the time series such as the impact of the Bali bombings on the Australian
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domestic tourism industry.

It may be desirable to make use of complex models but the difficulties in handling such models coupled with the
scarcity of data on the drivers of income generation in the hotel accommodation industry in South Africa deem the results
of the triple exponential smoothing model of this study good first approximations to forecast tourist hotel accommodation
monthly income. These short to medium term forecasts can be used for planning and management purposes.
Subsequent forecasts can be obtained by regularly updating the model from time to time as actual realisations are
obtained as suggested by Burger et al. (2001).
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