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Abstract
Investment in mining projects involves significant uncertainty. Project investment is usually
high risk, irreversible and challenged by major economic factors. Mining commodity prices in
particular always show greater volatility than any other primary product industries. The
variation of these prices is critical in the investment decision of whether the project should go
ahead, be abandoned or be delayed. This paper examines the impact of mineral price
uncertainty on mining investment decisions using examples of projects in the Asia-Pacific
region. Applying the mean reversion (MR) model, the commodity trigger value for investment
decisions in each project is determined in the context of operational flexibilities. The findings
indicate it is sometimes better to wait for a more suitable time to invest.
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1. Introduction
Investment in the resource industry has three important characteristics. First, mining
investment is partially or completely irreversible and the initial cost of investment is at least
partially sunk. Second, investment in mining projects involves uncertainty over future rewards.
Third, mining project investment has some leeway with regard to timing with the mining
investor able to delay investment to obtain more information about future investment
conditions. These three characteristics interact to determine the optimal decision rules of
investors in mining investment decision making.
When investments are irreversible and the economic environment is volatile, the option
value of maintaining flexibility is high. The ability to delay is a powerful component of the
strategy of mining investment. The irreversibility of investment creates exposure to losses in
the highly volatile commodity market. The research question addressed here, through empirical
analysis using examples from Asia-Pacific mining investment projects, is: How can mining
companies use the strategy of deferral to decide the optimal timing for investment when
commodity prices are volatile?
Mining commodity prices always show greater volatility than those of any other primary
product industries. As a result of these uncertainties, finding the critical price at which it is
optimal to invest in a project, is crucial. To address the research question identified above, the
research applies the mean reversion (MR) model, using the commodity trigger value to
determine investment decisions.
The rest of the paper proceeds as follows. Section 2 discusses background studies on mining
investment in the Asia-Pacific region and also presents the primary role of the mining industry
in the Asian Century for certain mineral-exporting Asia-Pacific countries. Section 3 reviews
previous literature on mineral price uncertainty. Section 4 introduces the model used to forecast
mineral prices under the optimisation investment rule, applying timing with flexibility. Section
5 describes the data collection and presents the results. Section 6 concludes.
2. The mining industry and the Asian Century
The Asia-Pacific region is one of the major mineral producers and consumers in the world
(APEC Business Advisory Council, 2014). In world terms, the region contains substantial
natural resources, including a wide variety of non-fuel mineral reserves, such as copper, gold,
nickel, tin and many more (O’Callaghan and Vivoda, 2010). In 2013, for instance, the APEC
economies accounted for approximately 76 percent of world copper reserves, 65 percent of
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world zinc reserves, 87 percent of world lead reserves and 48 percent of world nickel reserves
(APEC, 2014).4
The Asia-Pacific region covers a diverse landscape enriched with mineral resources and it
is one of the most influential economic zones in the world. Some advanced economies in this
region, Australia in particular, are significantly affected by the Asian economy as a result of
the region’s growing demand for commodities. The mining industry can generate 60–90
percent of a country’s foreign direct investment (FDI, 30–60 percent of total exports, 3–20
percent of total government revenues, 3–10 percent of total national income and 1–2 percent
of total employment (International Council on Mining & Metals, 2015) . In 2014, the Mining
Contribution Index (MCI) (see Table 1) shows that a majority of the Asia-Pacific countries are
dependent on the mineral resource industry as a major source of revenue to sustain their
national economies.
In 2011, the Asia-Pacific region was regarded as being the strongest region in the world in
terms of total project loan financing for the mining industry. For example, in Australia the total
project loan finance figures for 2011 were US$23.4 billion, the second highest total project
loan in the world after India (Austrade, 2012). The increased demand for total project finance
loans in the Asia-Pacific region can be attributed to the strong economic development in this
region, particularly the strong demand for mineral resources in China and India.

APEC has 21 members, which include Australia, Brunei Darussalam, Canada, Chile, the People’s Republic of
China, Hong Kong, Indonesia, Japan, the Republic of Korea, Malaysia, Mexico, New Zealand, Papua New
Guinea, Peru, the Philippines, Russia, Singapore, Chinese Taipei, Thailand, the USA and Vietnam. The resource
sector is one of the most important industries in APEC economies and this region accounts for a substantial share
of world mineral resources.
4
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Table 1
Contribution of mining to national economies in the Asia-Pacific region.
Mining export Total export

2012

2014

contribution

contribution

production

MCI

(2012)

(2012)

value (% of

Score

GDP)
OECD members
Australia

57.3%

69.0%

10.0%

89.36

Japan

3.7%

5.4%

0.0%

42.09

New Zealand

4.7%

9.5%

0.9%

40.76

China5

1.5%

2.9%

6.1%

39.54

Hong Kong SAR

14.9%

15.2%

0.0%

53.53

South Korea

2.7%

13.2%

0.1%

35.30

Indonesia

20.1%

40.7%

6.3%

78.46

Malaysia

2.6%

23.0%

0.6%

45.78

Philippines

6.3%

8.5%

2.5%

57.04

Singapore

1.8%

20.3%

0.0%

16.73

Thailand

5.2%

11.7%

0.7%

55.16

Fiji

9.3%

34.1%

1.9%

71.94

Papua New Guinea

51.3%

68.5%

26.1%

88.54

Solomon Islands

15.5%

15.6%

10.1%

83.93

Tonga

7.5%

7.5%

0.0%

47.02

USA

7.7%

15.6%

0.8%

60.88

East Asian economies

South-East Asian economies

Pacific Island countries6

Source: International Council on Mining and Metals (2015); Minerals Council of Australia (2014)

3. Literature review
Economic viability in today’s mining industry is highly dependent on sound company
planning and management. A key decision support system, which mining firms can
successfully apply to resolve their investment planning and management problems, is
optimisation. Optimisation techniques include ore-body or reserve estimation, the design of
optimal pits, optimal production planning, the determination of optimal mine operation layouts,
the development of machinery maintenance and replacement policies, the implementation of
Taiwan is included in China’s MCI.
These four Pacific Island countries are the major exporters of mineral resources. The contributions of the mining
industry to national economies in other Pacific island countries, such as the Marshall Islands, Samoa, Timor-Leste
and Vanuatu, only comprise zero to 20 percent of their economies. The table, therefore, only shows those countries
in which the mining industry is the major source of income that sustains national economic growth.
5
6
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an efficient mine site redevelopment programme, determining the best choice of machinery
(e.g. trucks and loaders for mining operations) and the design and efficient operation of matters
related to transportation and the logistics network to support mining operations (Caccetta,
2010, p. 547).
The use of optimisation decision support models in large-scale mining projects has been
studied extensively, in the copper resource sector by Mondschein and Schilkrut (1997),
Caldentey and Mondschein (2003) and Caldentey et al. (2007). Epstein et al. (1999) examines
techniques used in the renewable forestry industry, while their use in the oil industry is
examined by Baker and Lasdon (1985), Dyer et al. (1990) and Gibson and Schwartz (1990) .
The advantage of using these optimisation decision techniques is that mining firms are able
to evaluate their investment projects by choosing those that have short-term and long-term
profitability. Caldentey et al. (2007) point out that most of these models use state variables,
such as commodity market prices and mineral demand, as independent variables to determine
mining firms’ investment decisions. Within optimisation modelling, real option valuation
(ROV) is one of the most powerful financial techniques, assessing all information by
incorporating flexibility to evaluate large-scale mining projects.
When dealing with uncertainty in the real options model, Schwartz and Smith (2000) show
the significant role the stochastic model of commodity prices plays in evaluating mining project
investment. Price variables in a stochastic model evolve in either discrete or continuous time
periods in an unpredictable way. Stochastic price behaviour can be estimated using either a
geometric Brownian motion (GBM) (Brennan and Schwartz, 1985; McDonald and Siegel,
1986), especially in the short term, or using a mean reversion (MR) model (Ozorio et al., 2013)
in the long term. Monte Carlo simulation (MCS) is another stochastic approach used in
forecasting mineral prices.
In early studies using stochastic models in relation to price risks, researchers tended to
assume that commodity prices followed a “random walk” (described by GBM).7 GBM is a
process that does not follow any simple deterministic rule, such as “a commodity price will
increase by X percent every year”. The path of stock prices in the share market is often used as
an example of a GBM process because the path is purely random and cannot be predicted.
When applying the GBM model, it is expected t increases in commodity prices in one time
period cause smaller increases for all future forecasted commodity prices.

7

The GBM model was first used in the Black–Scholes (B–S) option pricing formula (Black and Scholes, 1973)
for evaluating stock price uncertainty.
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Although GBM is one of the common stochastic models for mineral price modelling, several
studies have also examined using the MR price model in evaluating commodity price risks in
the mining industry (e.g. Laughton and Jacoby, 1993; Cortazar and Schwartz, 1994; Dixit and
Pindyck, 1994; Smith and McCardle, 1999). In the long term, for most commodity prices, there
is some mean reversion in prices. However, there is also uncertainty about the market
commodity price equilibrium to which the commodity price reverts when applying the meanreverting price model.
MCS is another approach to forecast commodity prices when commodity markets are highly
volatile and uncertain. MCS is applied to valuing options through finite difference and binomial
lattices models. The main applications of this method are risk analysis, risk quantification,
sensitivity analysis and predictions, which enable mining investors to capture the impact of the
uncertain variables that could most substantially affect their investment decisions.
4. The model
4.1. Forecasting mineral prices
Stochastic models of mineral prices in the resource sector play an important role when
evaluating commodity-related mining projects (Schwartz and Smith, 2000). Most common
among studies using stochastic models to evaluate mining projects is assuming commodity
prices follow a “random walk” as described by GBM (Brennan and Schwartz, 1985; Paddock
et al., 1988; Smith and McCardle, 1999). However, many researchers believe mineral prices
should, to some extent, be related to long-term marginal production costs (Dixit and Pindyck,
1994). In other words, in the short term, commodity prices might fluctuate randomly up and
down in response to economic uncertainties, such as wars or civil revolutions, or in response
to changes in government mineral policies, but in the long term commodity prices are drawn
back towards the marginal cost of production. Thus, a mean reversion process is used for
modelling commodity prices in the applications in this paper.
Schwartz’s (1997) one-factor geometric mean reversion (GMR) model is an example of a
model able to capture pricing uncertainties when applying ROV. This model is particularly
useful when modelling a spot price process forecast for periods of greater than 30 years. Many
studies that support the idea of commodity prices following a mean reversion process and revert
to an equilibrium level in the long run (Gibson and Schwartz, 1990; Dixit and Pindyck, 1994;
Schwartz, 1997; Hahn and Dyer, 2008; Aleksandrov and Espinoza, 2009).
The model in this study assumes the mining project under consideration produces a single
mineral commodity and spot prices follow the stochastic process written as follows:
𝑑𝑆𝑡 = κ (μ- ln 𝑆𝑡 )𝑆𝑡 𝑑𝑡 + 𝜎𝑆𝑡 d𝑍𝑡

(1)
6
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where κ is the speed of reversion, μ is the level of mean reversion, σ is the volatility of
commodity prices and 𝑍𝑡 is the increment of a Wiener process. Defining 𝑋𝑡 = ln 𝑆𝑡 and
applying Ito’s lemma, the log price process follows the Ornstein–Uhlenbeck stochastic process,
also called the arithmetic MR process, which can be written as follows:
𝑑𝑋𝑡 = 𝜅(𝛼 − 𝑋𝑡 )𝑑𝑡 + 𝜎𝑑𝑊𝑡

(2)

where
𝜎2

𝛼 = 𝜇 − 2𝜅

(3)

Note that the expected change in X in Eq. (2) depends on the difference 𝛼 − 𝑋𝑡 . In other words,
the mean-reverting process is based on 𝛼. If X is greater than 𝛼, the expected value of X falls.
If X is less than 𝛼, the expected value of X rises.
Eq. (2) is the continuous time version of the first-order autoregressive (AR1) process in
discrete time. The equation is particularly useful in the limiting case when 𝑑𝑡 → 0. The AR1
process in discrete time is written as follows:
𝑋𝑡 − 𝑋𝑡−1 = 𝑋̅(1 − 𝑒 −𝜅 ) + (𝑒 −𝜅 − 1)𝑋𝑡−1 + 𝜖𝑡

(4)

where unit root tests are used to test econometrically for mean reversion, which requires 𝑘 >
0.
4.2. Real options valuation (ROV) – binomial decision tree analysis
The standard net present value (NPV) rule is appropriate for use only with the absence of
uncertainty (Brennan and Trigeorgis, 2000). Under the NPV or discounted cash flow approach,
mining investment projects are carried out if, and only if, the discounted present value of
project net revenue is greater than the investment cost. Otherwise, investment in mining
projects is withheld.
Numerous studies have shown that there are limitations to static discounted cash flows
(Myers, 2001; Cobb and Charnes, 2007; Guthrie, 2009; Foo, 2015). Moyen et al. (1996, p. 63)
state “many practitioners claim to be dissatisfied with traditional net present value techniques.
In particular, it is often found that such calculations undervalue mining assets”. The discounted
cash flow ignores mining firms’ flexibility in responding when market conditions deviate from
their expectations.
The shortcomings of the conventional discounted cash flow method, with its lack of
recognition of managerial flexibility, have induced a search for other valuation methods that
will enable mining firms to make project investment decisions with flexibility when market
uncertainty occurs (Dixit and Pindyck, 1995). The real option valuation (ROV) approach is one
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of the primary enhanced decision-making frameworks, which adds value by taking advantage
of flexibility (Lander and Pinches, 1998).
Applying the ROV framework to evaluate mining investment projects has three major
advantages. First, it considers all the flexibilities that the investment project might have.
Second, it uses all the information available for market prices to obtain the best possible
investment decision outcome when such prices exist. Third, it allows the use of powerful
strategies, such as the option to delay, developed in contingent claims analysis to determine
both the project value and the optimal operating policy (Schwartz and Trigeorgis, 2001).
Brennan and Schwartz (1985) introduces the use of ROV in empirical research in natural
resource industries. The empirical evidence in Brennan and Schwartz shows support for the
use of real option theory to capture the value in terms of being able to delay investment until
the optimal time in mining when future movements in commodity prices are uncertain. Many
leading mining and oil and gas companies use ROV in their project development (Sick, 1995).
McDonald and Siegel (1986) consider the appropriate timing for mining investors to pay a
sunk cost I in return for expected future project cash flows the value of which is V. The value
of V represents a discounted expected cash flow at time t and follows GBM:
(5)

𝑑𝑉 = 𝛼𝑉𝑑𝑡 + 𝜎𝑉𝑑𝑧

where dz is a standard Wiener process. When undertaking the investment decision, the mining
firm knows the present value of the project, but the expected future values are lognormally
distributed with variance that grows linearly with the time in the future.
Dixit and Pindyck (1994) examine the optimal timing of an irreversible mining investment
project, beginning with the initial mining investment project in which V follows Eq. (5). The
mining firm receives the payoff value at time t, which is 𝑉𝑡 − 𝐼. The value of the option to
invest represented by F(V)is found by maximising the expected present value:
𝐹(𝑉) = max[𝐸[(𝑉𝑡 − 𝐼)]𝑒 −𝜌𝑡 ]

(6)

where ρ represents the discount rate and the evolution of 𝑉𝑡 is determined by Eq. (5).
The condition α < ρ is applied as otherwise the integral in Eq. (5) can be indefinitely large
when t is large. In the stochastic case, with σ > 0, the mining firm seeks to determine at which
point it is optimal to invest I. This is done by finding a critical value 𝑉 ∗ such that the investment
decision takes place once 𝑉 ≥ 𝑉 ∗ . Examples of the process are provided in the next section.

8

[Type here]

5. Data collection and empirical outcomes
To conduct an empirical analysis of mineral price uncertainties, the study uses data from
online secondary data resources. The data are primarily from Index Mundi, the World Bank,
the International Monetary Fund (IMF) and government websites, such as those of central
banks for interest rates.
The analysis of mineral price simulations uses @Risk software and Syncopation software
DPL 8 decision programming language. The commodity price data for forecasting are from the
World Bank. The coal price data are collected for the period from early January 1970 to August
2014 and the gold price data from January 1960 until August 2014. In determining the
optimisation investment rule, for the commodity prices @Risk software is first used to simulate
the forecasting of future mineral spot prices, then DPL 8 is applied to solve the ROV.
5.1. Forecasting commodity prices
Based on historical data over 50-year periods available from the World Bank, the forecasted
results show that the value of precious metals such as gold is continuing to rise. However, there
is significant volatility in coal prices due to the demand and supply of coal in the world market.
The forecast shows that the coal price is likely to ease after 2015. These average monthly coal
and gold prices can then be simulated using @Risk software MCS with 5,000 iterations. Fig. 1
and Fig. 2 show the simulation of these two prices. The complete commodity price simulation
is discussed in Appendix 1a.
Using MCS with 5,000 iterations, the gold price simulation shows that for the gold mining
project, there is a five percent chance the gold price falls below US$1,064 per ounce and a five
percent chance the gold price goes above US$1,686 per ounce. For the coal mining project, the
simulation shows that with a 90 percentile target, the coal price will have a five percent chance
of falling below US$42.90 per metric ton and a five percent chance of going above US$98.00
per metric ton.

9
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Fig. 1. Gold price simulation.

Fig. 2. Coal price simulation.
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The key point of running this simulation is to obtain the forecasted gold and coal prices,
which are then used in determining the critical value, 𝑉 ∗ , for undertaking investment in
illustrative examples of a mining project for gold and another for coal. Determination the
critical value follows the procedure outlined in Dixit and Pindyck (1994), finding the value of
the option to invest and the investment rule for a mining investment.
5.2. The empirical evidence using binomial approach
Option pricing is extremely sensitive to the level of volatility of the project’s NPV.
Therefore, an important feature in conducting this empirical analysis is to examine an
optimisation framework for the timing of investment decisions; by deferring an investment
project rather than investing immediately, the mining firm may have the opportunity to achieve
better NPV. Fig. 3 presents the set-up of an ROV lognormal binomial decision model for a
hypothetical investment in gold mining over a five-year period, which shows the impact of the
volatility of mineral prices on NPV.
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Fig. 3. Gold price simulations using American call options.
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Using DPL 8, the study follows the steps applied by Tan et al. (2009) to evaluate a mining
project using the binomial model.8 The first three steps are exactly the same as the set-up
applied in the traditional DCF model: 1) identify the decision variables; 2) build the
deterministic DCF model; 3) specify the distributions for the uncertain variables using a
separate Excel sheet. The next five steps are conducted as follows: 4) calculate the expected
NPV of the mining project without options valuation at t=0 using a DCF analysis; 5) obtain the
cash flow payout rates for each period in u and d states using an exponential function of the
cash flow return volatility multiplied by the square root of time steps or stepping time (δt); 6)
estimate the volatility (σ) of the project returns using the logarithmic stock prices returns
approach; 7) calculate the parameters of the binomial approximation, u, d, p for the GBM; 8)
set up the binomial lattice using DPL; 9) solve the option by forming decision nodes in the
model using the risk-free rate.9
Fig. 4 shows the binomial decision tree model for the state variables using the forecasted
gold price in the American call option. An advantage of using an American-style call option is
that it enables the mining investor to exercise the option prior to the expiration date. As a result,
a model is established in which exercising an option can be executed at any time prior to
maturity. After the price is revealed in each period, the investor decides whether to invest or
continue to hold the option.

8

DPL8 is one of the software products used for the system dynamic model to solve the option problem for the
project with uncertainties.
9
Volatility estimation in mining project valuation is discussed in Appendix 1b.
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Fig. 4. Option values of the Mengapur gold mining project in Malaysia using the American
Call option.10
In terms of whether or not to exercise the option, the project’s value is dependent on the
objective

function.

In

this

case,

the

objective

function

is

Gold_Price_1-

Critical_Price_X/exp(0.12*1).11 Gold_Price_1 is initially set at $1,434.43 per ounce. As
mentioned in the previous section, an investment rule is constructed for the project investment
based on intrinsic value or the so-called critical price. In the objective function,
Critical_Price_X is set to $1,550 per ounce. This critical price is the intrinsic value that the
mining firm is able to use to make the investment decision. By adopting this investment rule,
the mining investor can decide whether or not to invest.

10

There are 11 levels in the model. Thus, it has been necessary to reduce the model size by showing only 5 levels
of this analysis in the study.
11
The binomial decision tree model for coal price is not shown in this section. The coal price model set-up is
similar to the gold price model shown in Fig. 4.
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Fig. 5. Option values of the Daunia coal mining project in Australia using the American Call
option.

In the binomial decision tree model for the coal mining project, Fig. 5 shows that the coal
mining investor should defer project investment until the expiry of the time option value. If the
coal price is above $400 per metric ton, investment at the end of a five-year period is optimal.
The project should be abandoned entirely if coal price has dropped below $390 per metric ton.12
The key point in summarising the outcomes shown in Fig. 4 and Fig. 5 is that timing
flexibility is a useful strategy to tackle highly volatile variables such as mineral prices when
considering high-risk mining investment projects. Understanding timing flexibility is a critical
point. The findings of Auger and Guzman (2010) are worth noting. These authors state that in
their sample “fewer than half of decisions were made at the right time – i.e. low price periods”
(p.249). However, capturing the right timing can be a difficult task because of the unpredictable
economic climate.
12

One interesting point of this outcome is that it is better to wait to execute the option value until the time of
expiration. From a practical perspective, it is not advisable to exercise an option early. This is because the time
value inherent in the option value will be lost if the option is exercised early.
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6. Conclusion
Adopting a strategy of flexibility by understanding optimal timing is one of the keys to
success in today’s extremely volatile investment climate. Applying the optimisation investment
rule using a powerful financial technique such as ROV binomial decision analysis can enhance
returns from investment projects in the natural resource, oil and gas industries.
The commodity price is usually the most volatile variable in decision making concerning
mining project investments. The uncertainty of mineral prices is of paramount importance in
many natural resource industries, in which these prices tend to swing approximately 25–40
percent per annum (Brennan and Schwartz, 1985). Adopting the option to defer mining
investment is found to be an optimal strategy in the current economic climate, which is
significantly volatile and uncertain. By applying this approach using the ROV method to
examples of gold and coal mining projects in the Asia-Pacific region, we find that using the
option to defer offers an avenue for mining investors to take advantage of the resolution of
uncertainty concerning commodity prices.
In this study, using a five-year period for only two illustrative projects means it is difficult
to make generalisations about the strategy of flexibility in timing for mining investments. Also,
variability in other elements affecting returns, such as production costs, labour costs and other
capital expenditures, has not been included. These variables can significantly affect the
investment decision, a matter that is left for future research. Future research could also be
extended to focus more on timing flexibility using with agricultural investment activities.
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Appendices
Appendix 1: Commodity price simulation
Mining commodity prices show greater volatility than any other primary product industry.
The variation in these prices is considered to be a reflection of resource availability (Tilton,
2003). In the resource industry, mining production decisions and the rate of mineral production
are highly dependent on commodity prices (Modirroosta, 2013).
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Fig. A1. The historical trend of mineral and energy prices.
Figure A1 indicates the fluctuation in the historical prices for commodities and energy prices
over a 30-year period.
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Table A1
Monthly average projected prices for gold.

Month
Sept 2014
Oct 2014
Nov 2014
Dec 2014
Jan 2015
Feb 2015
Mar 2015
Apr 2015
May 2015
Jun 2015
Jul 2015
Aug 2015
Sept 2015
Oct 2015
Nov 2015
Dec 2015
Jan 2016
Feb 2016
Mar 2016
Apr 2016
May 2016
Jun 2016
Jul 2016
Aug 2016

USD/ounce
1294.99
1297.89
1301.39
1305.00
1308.64
1312.29
1315.95
1319.60
1323.27
1326.93
1330.59
1334.27
1337.93
1341.61
1345.29
1348.98
1352.65
1356.35
1360.04
1363.74
1367.44
1371.14
1374.84
1378.55

Table A2
Monthly average projected prices for coal.
Month
USD/metric ton
Sept 2014
68.09
Oct 2014
70.58
Nov 2014
69.92
Dec 2014
70.65
Jan 2015
74.40
Feb 2015
75.75
Mar 2015
75.91
Apr 2015
73.79
May 2015
74.89
Jun 2015
73.53
Jul 2015
72.07
Aug 2015
70.77
Sept 2015
69.98
Oct 2015
68.53
Nov 2015
66.44
Dec 2015
66.67
Jan 2016
67.51
Feb 2016
68.29
Mar 2016
68.19
Apr 2016
68.11
May 2016
68.29
Jun 2016
68.00
Jul 2016
68.37
Aug 2016
68.23
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The commodity price data for forecasting are from the World Bank. The coal price data are
collected for the period from early January 1970 to August 2014 and the gold price data from
January 1960 to August 2014. Selecting an appropriate stochastic model is a crucial step in the
process of evaluating mining investment (Miranda and Brandao, 2013). The stochastic process
has a direct impact on the behaviour of the ROV, which can affect decision making as a whole.
This study employs a 50-year period to forecast commodity prices as this period is deemed
long enough for prices to revert to a long-term average price (Ozorio et al., 2013).
Based on historical data over a fifty-year period available from the World Bank, Tables A1
and A2 show the average monthly movement of coal and gold prices. The forecasted results
show that the value of gold is continuing to rise. However, there is significant volatility in coal
prices and the forecast shows that coal price is likely to ease after 2015.

22

