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Abstract:  
This paper identified change points in the production volumes and sales of various Industrial Metals in South Africa from the 
period 2003 – 2016. The socio-economic environment in which the mining sector operates is complicated, with countless 
factors influencing the performance of industrial metals. This complexity makes it difficult for mining stakeholders to 
accurately forecast the production and sales for specific metals. A descriptive model that links the identified change points 
to causative events or factors was constructed. This model provides mining stakeholders with information on the events or 
factors that have the greatest impact on the performance of the various metals. This information allows mining stakeholders 
to focus forecasting efforts on the identified factors. Combining the focused forecasts with the impact that similar events 
had in the past helps the mining stakeholders to alter production levels or schedule investments before forecasted events 
take place, minimising the potential negative impact of said event. In this study, the monthly production volumes and sales 
of Gold, Platinum Group Metals (PGMs), Iron Ore and Manganese were analysed. The data spanned from 2003 – 2016 and 
was supplied by StatsSA. The data was analysed using the Bayesian Change Point Analysis (BH) (Barry and Hartigan, 1993). 
The results reveal that production drops were caused predominantly by mining strikes and increases in production costs, 
while sales were influenced by changes in the exchange rates and rand value of the commodity. Future papers will use sales 
volumes instead of Actual Rand values in order to identify changes that can be attributed to shifts in the demand of each 
metal. Future papers will also focus on performing a multivariate analysis on similar data to determine whether certain 
factors influence numerous metals.    
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INTRODUCTION  
  

According to statistics released by the Chamber of Mines, mining provided one million jobs and contributed 7.7 % of 

the GDP in 2015 (Chamber of Mines South Africa, 2015). These figures show that the performance of South Africa’s 

industrial metals has a significant impact on the performance of South Africa’s economy. Given the importance of 

the mining sector in South Africa, it is imperative for mining stakeholders to have the ability to forecast the 

performance of various metals in order to create effective business plans.  

In this paper, a Bayesian change point approach was applied to the production volumes and sales of PGM, Gold, 

Iron Ore and Manganese. This was done in order to identify change points in the data. The identified change points 

were used to identify the factors or events that have the most significant impact on the performance of the 

abovementioned metals. The objective of which was to create a descriptive model that provides mining 



stakeholders with information on the events or factors that have the greatest impact on the performance of the 

various metals. This information allows mining stakeholders to focus forecasting efforts on the identified factors in 

order to predict the future performance of the metals in question. Mining stakeholders refers to management of 

mines as well as any potential investors.  

(Adams and MacKay, 2007) describes change points as locations where abrupt variations in the generative 

parameters of a sequence of data occur. Change point detection involves ascertaining whether or not a change (or 

several) in the parameters of a sequence has occurred and identifying the times of these change(s). Change points 

may occur when the process that generates the data changes or if the method of data collection is altered. Change 

point detection has applications in areas such as finance, biometrics and robotics.  

 

METHODOLOGY  
  
The Bayesian Change Point Analysis approach was used to identify change points in this paper. The overview is 

detailed below.  

Bayesian Change Point Analysis (BH)  

The Bayesian approach (Barry and Hartigan, 1993) states that the sequence of data has an underlying sequence of 
generative parameters that are divided into contiguous blocks. The blocks are divided so that observations in each 
block have equal parameter values. The beginning of each block will therefore represent a change point.  

BH assumes that the observations Xi are independent and that the probability of a change at a position i is p. Each 

Xi has a density that is dependent on θi,i = 1,...,n. The number of blocks is unknown with partitions ρ =  

{i0,i1,...,ib} such that 0 = i0 < i1 < ... < in and θi = θib when ir−1 < i 6 ir .  

(Barry and Hartigan, 1993) defined Xij as the sequence of observations from Xi+1 to Xj, where Xi+1 is the observation 

at time point i + 1. The density of xij given θj (when θi+1 = θi+2 = ... = θj) is defined as fij(xij|θj).  

The parameter values are approximated by Markov sampling techniques. The assumption is that the parameter 

sequence θi forms a Markov Chain. Given θi, θi+1 equals θi with probability 1 − pi or has a density f(θi+1|θi) with 

probability pi.  

The probability of a partition ρ = (i1,i2,...,ib) is given by f(p) = Kci0i1ci1i2 · · · cib−1ib, where cij are prior cohesions for 

each possible block ij. Cohesions are of the form  

  

and  

  

Independent priors are specified for each parameter: p,µ0,σ2 and w = σ2/(σ2
0 + σ2).  

  



p0 and w0 are prespecified numbers in [0,1]. (Barry and Hartigan, 1993) recommend using p0 = 0.2 and w0 = 0.2. BH 

estimates the probability of a change point at each location. This is a distinct advantage over BP, that merely 

estimate the locations of the change points. BH provide a more informative summary reflecting the degree of 

uncertainty in the change points. For a full breakdown of the approach refer to (Barry and Hartigan, 1993).  

  
  

RESULTS 
Bayesian Change Point Analysis (Barry and Hartigan, 1993)  

  
Included below are tables indicating the most probable change points of the production volumes and sales of Gold, 

PGMs, Iron Ore and Manganese. Each table shows the date, probability of a change point occurring at the identified 

point and the posterior estimated mean of the specific point.  

BCP: Bayesian Change Point Analysis  

Date: Date of identified change point  

Prob.: Posterior Probability of a Change Point at that specific location X1: 

Posterior estimate of mean  

Table 1:BCP Analysis for Gold Production  

  
  
  

Table 2: BCP Analysis for Gold Sales  

  
  

Table 1 identified change points at the end of the calendar year for 2003, 2005 and 2007. These changes were due 
to the new production plan implemented at the beginning of each year. This production plan takes into consideration 
the increased production costs due to rises in labour, electricity and fuel as well as the fact that the gold near the 
surface has been mined, forcing the miners to dig deeper. The 09/2012 change point was caused by strikes in various 
Gold mines.  
  

Since the Sales values were in Actual Rands, the change points identified were linked directly to the Rand 

weakening against the Dollar. In order to be able to obtain meaningful results, sales volumes will be used in future 

papers.  

  
 

 

 



Table 3: BCP Analysis for PGM Production  

  
  

Table 4: BCP Analysis for PGM Sales  

  
  

In the case of PGMs, it is important to note that South Africa supplies the vast majority of the world’s PGMs. This 
means that a decrease in production of South Africa’s PGMs decreases the world’s PGMs supply and therefore drives 
up the price and vice versa. The change points of 12/2011 and 01/2014 were both caused by miners strikes, which 
in-turn decreased supply and increased the price of PGMs and increased the sales for the corresponding period.  

  
Table 5: BCP Analysis for Iron Ore Production  

  
  
  
 

 

 

 

 



Table 6: BCP Analysis for Iron Ore Sales  

  
  

In Table 5,the change points up to 2014 were fluctuations in production, with the base level steadily increasing. 

The fluctuations were caused by mining related issues. In 2014 the Iron Ore market became over saturated and the 

price of Iron Ore plummeted. The main reason for the oversupply of Iron Ore, was that the Chinese Steel Industry 

cut back on their production. The plummeting Iron Ore process resulted in mines cutting back in their production 

volumes.  

  

Due to the apparent volatility of Iron Ore Production Volumes, quarterly productions volumes will be used in future 

studies.  

  
Table 7:BCP Analysis for Manganese Production  

  
  
  

Table 8: BCP Analysis for Manganese Sales  

  
 

 



Table 7 shows various change points, the most significant being the change points in 12/2008 and 10/2015. The 

former change point was caused by the economic crisis of 2008 and the latter being attributed to the dropping  

Chinese Steel production levels. Since Chinese Steel production is the main user of steel products and 95% of 
Manganese is used in steel production, the Chinese Steel Industry should be studied in order to gain an 
understanding of the performance of Manganese in the South African context.  

  
   

CONCLUSION 
  

This paper used the Bayesian Change Point Approach (Barry and Hartigan, 1993) to identify change points in the 

export volumes and total sales of Gold, PGMs, Iron Ore and Manganese. The identified changes were linked to 

causative events and/or factors in order to create a descriptive model of the factors that have significant impacts 

on the supply and/or demand of these industrial metals.  

The descriptive model will give mining stakeholders information on the most significant factors that influence the 
production and/or sales of each metal. This information will help the stakeholders to focus forecasting efforts on 
the identified factors and events. These forecasts will in turn allow mines to more effectively plan production 
levels.  
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