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Abstract. Stock market prediction with machine learning techniques
is a popular field of research due to the potential profit making oppor-
tunities. A less frequently analysed area in financial data mining is the
application of Artificial Neural Networks (ANNs) in the domain of risk
management. This paper aims to contribute to the literature by exam-
ining advances in stock market prediction and use them to create hedg-
ing strategies to protect stock portfolios against downturns in the stock
market. The simulation results indicate that Artificial Neural Networks
provide a flexible and effective decision support tool for risk managers
in the Australian stock market.
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1 Introduction

Stock index forecasting is important for making informed investment decisions.
The global financial crisis showed that investing in the stock market can poten-
tially lead to high losses for the holder of common shares. Company specific risk
can be reduced by diversification. However, systematic market risk that affects
the whole stock market can have a large negative impact on portfolio returns.
Derivatives based on the stock index, like stock index futures, can be used to
protect a portfolio against unfavourable moves in the stock market. In this study,
we develop a market timing model based on artificial neural networks (ANNs).
This model is used to predict the stock market one month ahead. Depending
on the result of the prediction we short sell stock index futures to protect the
portfolio against downturns in the share market. ASX/SPI 200 futures are stan-
dardised contracts to buy or sell the equivalent of the ASX 200 index value at a
future date at a market determinant price.

We create a hedging model based on artificial neural networks and compare
the performance of our model against the two naive investment strategies of never
hedging and always hedging, as well as the two more sophisticated strategies
based on the futures premium and excessive volatility models. The objective of
this paper is to provide risk managers with additional information about the
state of the stock market so that they can make more informed investment
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decisions. Risk managers need to decide when to leave a portfolio unhedged to
generate profit and when to hedge in order to control downside risk. [39]

Artificial Neural Networks are frequently used in the area of stock market
prediction. Less frequently, ANNs are applied in the domain of risk management.
The contribution of this research is to fill this gap by applying the existing body
of literature in stock index forecasting with machine learning techniques to the
domain of portfolio risk management. We analyse if the strategies to predict
movements in the stock index can be used to derive hedging strategies and
improve the overall risk-return trade off an investor faces.

The remainder of the paper is organized as follows. The next section is a
review of the relevant literature. Section 3 discusses the data used in the analysis.
Section 4 details the methodologies employed in the paper. Section 5 presents
the results of the analysis and section 6 concludes the paper.

2 Literature Review

2.1 Selective Hedging

Hedging is usually performed to reduce the risk associated with holding a risky
asset [26]. Working [42] defines hedging as using the futures market to reduce
risk in a cash market position. A portfolio of risky assets can for example be
combined with a position in a futures contract which is highly negatively cor-
related. Thus, fluctuations in the risky asset are offset by opposite fluctuations
in the hedging instrument. Therefore, hedging is used as protection against ad-
verse price movement. However, favourable price movements in the risky assets
are also offset by losses in the hedging instrument.

There are several views on the purpose of hedging in the literature. Working
[42] states that the main objective of hedging is profit maximisation, which is
achieved by speculating on changes of the basis. The basis if the difference be-
tween the futures price and the cash price of a commodity. Erderington [9] argues
that the objective of hedging is risk reduction which is achieved by minimizing
the portfolio variance. Howard and D’Antonio [16, 17] state that the purpose of
hedging is to optimise the risk-return trade off. Please refer to Floros & Vougas
[11] for a detailed review of the hedging literature.

The term ”selective hedging” describes a dynamic hedging strategy which
establishes hedge positions based on the hedgers market expectations. In a se-
lective hedging strategy, the risky asset can be fully protected, partly protected
or not protected at all. For example, if a hedger expects his assets to rise in
value because of favourable market conditions, he might decide to leave the as-
sets unprotected to be able to take full advantage of the gain in value. If volatile
market conditions are expected, the hedger can decide to protect the risky asset
through hedging.

As an alternative to selective hedging, small investors could decide to simply
sell their assets instead of hedging. However, large institutions like banks or
superannuation funds cannot sell all their assets since the selling itself would
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have a large negative impact on the market. Large institutions can use financial
derivatives as short term protection under uncertain market conditions [19]. The
overall objective of selective hedging is to achieve downside protection and allow
upside gain [20].

Topaloglou, Vladimirou & Zenios [39] use a dynamic stochastic programming
model to manage risk in assets price and exchange rates in a international port-
folio context. The study finds that selective hedging strategies are effective in
controlling risk and generating stable return path.

Kim, Leuthold & Garcia [24] investigate local polynomial kernel forecasts
for the management of price risks in hog and corn futures markets. The study
indicates that combining hedging with forecasts can potentially enhance price
risk management.

McCarthy [29] compares strategies for managing foreign exchange exposures
and finds that a selective hedging strategy based on the random walk model
performs well in the analysed markets. Eun & Resnick [10] also state that the
Random Walk model is a good estimate of foreign exchange rates when analysing
international equity investments.

Simpson [34] analyses the performance of five selective hedging strategies
with foreign exchange future contracts. The author states that a strategy based
on large deviations of prices compared to the purchasing power parity performs
best in the examined market.

Simpson & Dania [35] examine conditional hedging strategies for Euro cur-
rency exposures. It is found that selective hedging strategies can outperform
strategies that always hedge and never hedge. Using such a strategy leads to a
better risk-return trade off for investors.

2.2 Neural Network Models

Artificial Neural Networks aim to automatically learn and recognise patterns in
large amounts of data. There is a great variety of machine learning techniques
within the literature. The popularity of ANN based forecasting has been growing
steadily over the last years. Examples of ANN based techniques are local linear
wavelet neural networks [7], probabilistic neural networks [4], stochastic neural
networks [37], chaotic neural networks [30] and tapped delay neural networks
[33].

Evolutionary & optimisation techniques are based on particle swarm optimi-
sation [28], bacterial foraging optimisation [27] and genetic algorithms [25].

Very common in the recent literature are variations of ANNs and hybrid
systems. There is a clear trend to use established ANN models and enhance them
with new training algorithms or combine ANNs with emerging technologies into
hybrid systems.

2.3 Forecasting Timeframe

In the context of hedging, time-frames of one week or longer are usually preferred.
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Butterworth & Holmes [3] use daily and weekly hedging time-frames and
find that hedging performance increases as the hedge duration rises from a day
to a week. The finding that hedging effectiveness tends to increase when the
investment period increases is consistent with previous studies [1] [14] [15].

Chen, Lin, Chou & Hwang [5, p.280] state that ”[a] possible explanation for
this phenomenon is that trading noise in the market will be cancelled out in
longer investment horizons as the true underlying relationship between the spot
and futures prices emerges”.

Kenourgios, Samitas & Drosos [22] use weekly data in their study and justify
their decision by stating that a weekly time-frame implies that hedgers in the
market rebalance their futures positions on a weekly basis. Therefore, futures
can be used for risk reduction without incurring excessive transaction costs.

2.4 Input Variables

Choosing the right input variables is essential for Artificial Neural Networks.
Even the best machine learning technique can only learn from an input if there
is actually some kind of correlation between input and output variable.

The majority of reviewed papers rely in some form on lagged index data. The
most commonly used parameters are daily opening, high, low and close prices.
Also often used are technical indicators which are mathematical transformations
of lagged index data. The most common technical indicators found in the litera-
ture are the simple moving average (SMA), exponential moving average (EMA),
relative strength index (RSI), rate of change (ROC), moving average convergence
/ divergence (MACD), William’s oscillator and average true range (ATR).

In addition to data purely derived from past index data, some studies use
economic data in order to forecast the stock index.

Stansell & Eakins [38] forecast the change in sector stock indices with neural
networks. 19 economic variables are used as inputs variables. The authors state
that input data needs to fulfill certain criteria in order to be usable in the
forecasting process. The information has to be available on a consistent and
timely basis, and there should be a rational economic justification for believing
that the variable has an effect on the predicted index.

Collard & Ades [8] analyse the sensitivity of US stock market indices to the
commodity prices of the US dollar, oil, and gold. The authors argue that the
companies which form a stock index incur capital costs for borrowing funds and
energy costs for producing and transporting goods. Capital costs are influenced
by the value of the US dollar and energy costs are affected by changes in the
major energy commodity, oil. In addition, changes in the gold price are used as
a proxy for the belief of future inflation.

Chen et al. [4] use the spreads of long-term bond yields over short-term bond
yields as input parameter. The authors state that it may have some power to
forecast stock returns since this variable has also a business cycle pattern. In
general it is stated that an independent variable must be observable (available
and published) before the prediction can be made. ”Constructing the data set
in this manner ensures that the generation of out-of-sample forecasts will be
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similar to those made in the real world. It is because only observable, but not
future unobservable, data can be used as inputs to the forecasting models.” [4,
p.906]

Additional economic variables found in the literature are the unemployment
rate [38] and the value of US stock indices for non-US studies. Huang, Nakamori
& Wang [18] use the S&P 500 data and the USD/JPY exchange rate to predict
the NIKKEI 225 index. Jaruszewicz & Mandziuk [21] also try to predict the
NIKKEI index and use data from the US NASDAQ and German DAX indices.
Pan et al. [31] use the S&P 500 index as input to predict the Australian AORD
index. Witkowska & Marcinkiewicz [41] use the USD/PLN exchange rate as well
as the US DJIA, German DAX and Japanese NIKKEI indices in order to predict
Warsaw index futures. This suggests that there is a lead-lag relationship between
established economies and small markets.

The majority of studies try to forecast the stock index directly. Only a small
number of reviewed papers [13, 23, 41] use stock index futures data.

3 Data

This paper uses 10 years of end-of-day data beginning in May 2000, when the
SPI 200 contract had been first listed, to April 2010. The data is sourced from
the Securities Industry Research Centre of Asia-Pacific (SIRCA) [36] and the
Reserve Bank of Australia (RBA) [32]. We split the data into two datasets.
One for training the neural network and one for the out-of-sample evaluation.
While there are several different ratios used in the literature to split data into
a training and testing dataset, we use a ratio of 50:50. This means we use data
from May 2000 to April 2005 from training the neural network and May 2005
to April 2010 for out-of-sample testing. The ratio of 50:50 has been chosen so
that the out-of-sample period covers one bull market (2005-2006) and one bear
market (2007-2010). Therefore, we can investigate the performance of our neural
network model under different market characteristics.

In this study, we aim to protect a portfolio of shares using a hedging strategy.
In our simulation, we use the Australian S&P/ASX 200 stock index as a proxy
for a well diversified portfolio of shares.

The SPI 200 futures contract is the benchmark contract in Australia, based
on the S&P/ASX 200 stock index, and amongst the 12 most actively traded stock
index futures contracts in the world [12]. In contrast to the ASX/S&P 200 stock
index, there is no continuous time series for SPI 200 futures contracts. Australian
futures markets are comprised of individual contracts which expire four times a
year in March, June, September and December. The limited lifespan of futures
contracts makes it difficult to test academic hypotheses and implement trading
strategies in the futures market. To avoid problems with the limited lifespan,
individual contracts are usually linked together to create a continuous time-
series of prices. We account for differences in price levels when linking contracts
together by back adjusting the data accordingly.
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4 Methodology

Figure 1 shows a flowchart of the selective hedging strategy based on an Artificial
Neural Network.

Fig. 1. Flowchart: ANN based hedging

The market timing ANN analyses the current state of the stock market and
gives an indication whether unfavourable market conditions are expected or not.
The ANN model is described in more detail in section 4.3. If good conditions
are expected, it is not necessary to hedge and therefore the portfolio of stocks
is left unprotected. If, however, the market timing ANN predicts unfavourable
market conditions, the portfolio needs to be protected by short selling stock
index futures. The number of futures contracts to be short sold is calculated
based on the hedge ratio h.

The ANN model is compared to the two naive strategies of never hedging
and hedging every exposure. Two more advanced selective hedging models found
in the foreign exchange literature are to hedge when the futures price is at a
premium or to hedge when excessive volatility is observed in the market. [29]

The hedge rule based on the futures price level stipulates to only hedge if
the futures price is at a premium, which means that the futures price is higher
than the underlying stock index. The strategy is also said to be based on the
random walk hypothesis. The random walk hypotheses states that the current
index level is the best estimate of future index prices and therefore that higher
futures prices will return to the index level [35].

The hedging strategy based on volatility protects the portfolio when the
volatility of the stock index is deemed to be excessive. McCarthy [29] defines
volatility to be excessive when the moving average of the short term volatility
is greater than the moving average of the long term volatility. The short term
volatility is expressed by the moving average of the previous 6 month volatility
versus 12 month for the long term.
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4.1 Hedge Ratio Estimation

The minimum variance hedge ratio is calculated by performing a regression be-
tween the returns of the stock portfolio and the returns of the futures contracts.
The hedge ratio is equivalent to the regression slope. According to Floros &
Vougas [11] hedge fund managers commonly use the ordinary least squares (OLS)
regression to calculate futures hedge ratios. The hedge ratio is periodically recal-
culated as the correlation between portfolio and futures contract might change
over time. Equation 1 shows details how the hedge ratio is calculated. [15]

DSt = a + bDFt + Et (1)

DSt = One month return of the share portfolio.
DFt = One month return of the futures price.
a, b = Regression parameters, where b is the minimum variance hedge ratio h.
Et = A residual term.

The hedge ratio h can then be used in equation 2 to calculate the number of
futures contracts which need to be short sold in case a hedging decision is made.
[19]

N = h
VP

VF
(2)

N = Number of futures contracts.
h = Hedge ratio.
VP = Value of the portfolio of stocks.
VF = Value of one futures contract.

4.2 Metrics

In order to compare various selective hedging strategies, a measure of hedging
effectiveness is needed.

McCarthy [29] states that one of the difficulties in making a statement re-
garding the effectiveness of hedging is that effectiveness has a different meaning
to different hedgers. One group of hedgers might be willing to sacrifice a sub-
stantial part of the returns in order to have more certainty while for others a
significant reduction in returns might not be acceptable. In the following, two
metrics which are used in the domain of foreign exchange hedging are presented.

The Sharpe ratio based hedging effectiveness measure, developed by Howard
& D’Antonio [16, 17], is defined as the ratio of excess return per unit of risk.
This ratio is a standard measure in the investment literature to compare hedging
strategies. [2, 6, 16, 17, 29]

A second measure of hedging effectiveness is the minimum-variance model
of Ederington [9]. The minimum-variance metric measures the reduction in risk
(variance) without considering the return of a strategy.

As part of this research we evaluate if the described metrics used in foreign
exchange hedging are also applicable to stock market hedging.
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4.3 Neural Network Architecture

A neural network model is created in order to predict changes in the ASX/SPI
200 futures contract. In order to determine the number of neurons in the hidden
layer, we follow the methodology described by Vanstone and Finnie [40]. The
neural network is configured with one hidden layer and only a small number of
hidden neurons. The initial number of hidden neurons is determined by taking
the square root of the number of input variables. The network is trained until the
maximal number of training epochs is reached. Then the network is benchmarked
using in-sample data. At this point a new neural network is created and the
number of hidden neurons is increased by one. The training of the neural network
with in-sample data is repeated and compared to the previous network using the
in-sample metric. If the metric is superior to the metric of the previous network
the process is repeated until an increase in the number of hidden neurons fails to
further improve the in-sample metric. At this point, the neural network starts to
overfit and a higher number of neurons leads to a inferior performance in regards
to our performance metric.

We begin the in-sample training with a neural network consisting of one hid-
den layer and two hidden neurons. The initial number of neurons is determined
by taking the integer part of the square root of the number of inputs. As in-
sample metric the Sharpe ratio is used. Table 1 shows the forecasting models
and corresponding Sharpe ratios.

Strategy (In-Sample) Sharpe Ratio

Unhedged 0.45
ANN - 2 Hidden Nodes 1.33
ANN - 3 Hidden Nodes 1.50
ANN - 4 Hidden Nodes 1.43

Table 1. In-Sample Characteristics

Based on the in-sample testing, we choose the ANN model with 3 hidden
nodes to go forward to the out-of-sample testing, since the model showed the
best in-sample performance. Figure 2 visualises the created ANN model, as well
as the input variables which have been selected based on the literature review.

5 Results

The described selective hedging model was applied to the 5 year out-of-sample
period from May 2005 to April 2010 and the results are displayed in table 2.
A simulation was performed to evaluate to usefulness of the developed predic-
tion model in a trading context. $1 million was used as starting capital for the
simulation. Orders were implemented as day+1 market orders.

The results indicate that the developed model was able to outperform the
alternative hedging models in the out-of-sample period in terms of the Sharpe
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Fig. 2. Artificial Neural Network

ratio, as well as annualised return. However, in terms of variance reduction as
defined by Ederington [9] and maximum drawdown the ’Always Hedge’ strategy
performs best. Ederington assumes hedgers to be indefinitely risk-averse and only
be concerned with risk minimisation. This assumption is plausible in the foreign
exchange market where producers might have exposures to currency fluctuations
while producing abroad. These producers might want to minimise risk associated
with currency fluctuation and are not primarily concerned with making a profit
out of their hedging strategy. However, the assumption of being indefinitely risk-
averse does not apply to the stock market. In the stock market, an indefinitely
risk-averse investor would be better off, in terms of risk reduction, not to invest
in the stock market at all. Therefore, the Ederington risk measure, as found in
the foreign exchange literature, does not seem to be suitable for stock market
hedging strategies.

In contrast, the Sharpe ratio is a measure of risk adjusted return and seems
to be sensible for measuring hedging effectiveness in the stock market.

In the analysed period, the hedging strategies based on the futures premium
and volatility perform better than the naive strategies of always hedging and
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Strategy Sharpe Variance Annualised Max DD
Reduction Return

Never Hedge 0.34 0 3.97% -51.88%
Always Hedge 0.29 0.98 0.85% -6.94%
Premium 0.77 0.43 8.40% -35.90%
Volatility 0.87 0.44 9.61% -10.67%
ANN 3 Nodes 1.38 0.60 13.45% -17.92%

Table 2. Out-Of-Sample Results

never hedging. The ANN model was able to reduce the maximum draw down
compared to the unhedged portfolio from -51.88% to -17.92% while improving
the annualised rate of return.

6 Conclusion

This paper developed a neural network based selective hedging strategy for the
Australian stock market. The simulation results indicate that Artificial Neural
Networks provide a flexible and effective decision support tool for risk managers
in the share market. The neural network based model seems to be suitable to
notify investors of unfavourable market conditions.

A limitation of this study is the use of the stock index as a proxy for a
diversified portfolio. It would be useful to see how the model performs with less
correlated portfolios in a cross-hedging scenario. Also, we used a binary hedging
approach in this study, which means that we where either fully invested or fully
hedged. Another possibility would be to constantly hedged, but to adjust to
hedge ratio according to the expected market conditions. We leave this as a
future research direction.
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