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Abstract. Three models, including Naive Forecast, Seasonal Auto Regressive Integrated Moving
Average (SARIMA), and artificial neural networks (ANNs), have been used to forecast the demand
for the Red wine in Australia. The evaluation of the precision of each forecasting model is based on
the Mean Absolute Percentage Error (MAPE). By comparison, it is found that ARIMA (1,1,5)
(1,1,0)12 and ARIMA(1,1,6)(1,1,0)12 models to the red wine data and SARIMA models
demonstrate the most superior performance.
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1. Introduction
The wine industry plays a crucial role in the economy of Australia. Since the 1820s, the
commercial wine industry has been flourishing in Australia due to the country’s superior
geographic location. Currently Australia is the sixth largest producer of wine in the world,
producing 1.37 billion liters of wine per year and occupying 4.9% of the total wine production in
the world. With such a large proportion of production in the world market, the wine industry of
Australia has a significant effect on its people. A booming wine industry increases employment and
exports, and contributes to the economic growth of Australia. The wine estates become a popular
tourist attraction and stimulate the development of tourism. Since the wine industry is an important
pillar of Australia’s economy, accurately forecasting the demand for wine is of great importance.

2. Literature
In this paper we will forecast the demand for the Red wine and compare the performance of
traditional statistical forecasting models, such as Auto Regressive Integrated Moving Average
(ARIMA) to that of artificial neural networks (ANNs). ARIMA models have been used extensively
in a variety of fields, from medical, to supply chain to fish production. Liu et al. (2011) used
ARIMA models to forecast the incidence of hemorrhagic fever with renal syndrome. Tsitsika et al.
(2007) utilized ARIMA models to forecast the sting pelagic fish production. Contreras et al. (2003)
employed ARIMA models to predict the next day electricity prices. Kumar et al. (2004) forecasted
daily maximum surface ozone concentrations using ARIMA. These univariate ARIMA models
provided excellent results in terms of explained variability and predictive power.
More recently, neural networks gained popularity as far as time series forecasting is concerned.
According to Hill et al. (1996), artificial neural networks (ANNs) offer good predictive
performance and become a reliable alternative approach to traditional time series forecasting.
Zhang&Berardi (2001) applied them to predict the exchange rate.
Foster et al. (1991) using M-competition data found that ANNs underperform compared to
Brown's, Holt’s and the least squares statistical models for annual time series; they did not run the
models on monthly data. Tang et al. (1990) show that ANNs and Box-Jenkins models produce
similar results for time series with long history. Kang (1991) found that Box-Jenkins technique
produces superior MAPE to that found with 18 different ANNs. Kang also pointed out that ANNs
perform better given a longer forecast horizon.
Selecting the best ANN architecture (the number of hidden layers and hidden nodes in each layer)
and choosing the right type of a learning algorithm is a challenging task that is crucial to successful
ANN modeling. With ANNs there is a sizeable possibility of model over-fitting since there are no
prior theoretical relationships to function as constraints. Typically ANN models that require fewer
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parameters to be estimated tend to perform significantly better. However, ANNs are more robust to
missing and inaccurate data and can handle interaction between several independent variables
easily.
The remainder of this article is organized as follows. The next section describes the relationship
between feed-forward ANNs and statistics and includes a discussion of some of the limitations of
ANNs in terms of statistics. The following section provides some examples of neural networks that
address specific applications. The article closes with conclusions.

3. Data
Monthly sales data on Australian red wine from January 1980 to December of 1993 are used in
this study for detailed examination. The data is from the source: R. J. Hyndman, Time Series Data
Library, www.robjhyndman.com/TSDL. It contains monthly sales of six types of Australian wines
(red, rose, sweet white, dry white, sparkling, and fortified) for the period from January 1980 to
December of 1993, and the sales of the Red wine are chosen to be studied.

Fig 1. The Monthly sales data on Australian red wine from January 1980 to December of 1993

4. Research Methodology
We compare three forecasting models and select the best one based on the Mean Absolute
Percentage Error (MAPE). This metric is widely used and is highly robust (Madrakis 1993). We use
a rolling window forecast method with 36 windows and 12 month-ahead forecasts for improved
accuracy. The first window contains the data from January 1980 to January 1990 with 167
observations. The second window uses the data from January 1980 to February 1990 with 168
observations. Finally, the last window employs the data from January 1980 to February 1990 with
168 observations. For each of the 36 forecasts we compute the corresponding MAPE and later on
we compute the average of the 36 MAPEs.
We have used the mlp (multi-layer perceptron) function in R developed by Kourentzes to
forecast the demand for the Australian red wine. The mlp function trains 20 single hidden layer
ANNs and produces an ensemble forecast by computing by default the median of all forecasts. The
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ensemble operator for the mlp function could be also set to either the “mode” or the “mean” regime,
so that the researcher can control how forecasts are combined. The size of the ANN ensemble could
also be specified within the mlp function. Furthermore, the mlp function automatically specifies the
autoregressive lags and seasonal dummy variables to be used in the model. Kourentzes recommends
both controlling for the size of the ensemble and using either the “median” or the “mode” operator
to combine forecasts since the “mean” is highly sensitive to outliers.
A single hidden layer (SHL) network with two nodes and up to 48 autoregressive lags was
employed. We found that increasing the size of the ensemble from 20 to 120 ANNs improves the
MAPE by about two percentage points, so we changed the default size of the ensemble to 120
ANNs. We have also tried all three possible ways of combining ensemble forecasts and came to the
conclusion that the “median” operator performs the best, while the “mean” operator’s performance
is the worst. Therefore, we kept the default way of combining forecasts. We also allowed the mlp
function to automatically select inputs from the first 48 autoregressive lags of the dependent
variable.
The architecture of the network we used is displayed in Fig. 1 and the results are shown in Table
1. We compare the forecasting results produced by the mlp function to those of Seasonal Auto
Regressive Moving Average (SARIMA) models. We fit ARIMA(1,1,5)(1,1,0)12 and ARIMA
(1,1,6) (1,1,0)12 models to the red wine data and find that SARIMA models demonstrate far
superior performance as compared to the MLP ANNs (see Table 1).

Fig 2. Single Hidden Layer ANN with Two Neurons
Forecasting
Models
Average of MAPE

Table 1. Results of Forecasting Models
Naive
Neural
SARIMA (1)
Forecast
Network
Forecast
67.7
18.6
11.7

SARIMA (2)
Forecast
12.1

5. Conclusion
It can be seen from the results that Naive forecast is the worst in terms of seasonal forecasting.
Neural Network is the second worst although in other cases it may be the best. SARIMA models
outperform other two models and between the two SARIMA models, SARIMA (1) Forecast does
slightly better then SARIMA (2) Forecasting.
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