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Abstract      
The purpose of this thesis is to study the relationship between industrial metals bear cycles and credit 
dynamics of the mining companies. This thesis is the first piece of empirical research focusing on the 
topic. The objective of the paper is two-fold. First, I examine the characteristics of historical metal 
cycles and identify the turning points in the underlying metal index series. Second, I study how the 
leverage ratios and cost of debt of the mining companies develop during the metal market contraction 
phases. My aim is to find out if the re-pricing of debt and compression of CDS spread and yield on 
mining companies happen before the metal prices turn, i.e. if the CDS market and the bond market act 
as leading indicators for metal markets. 
 
The data used in this study is gathered from two sources. First, a database of monthly metal price 
series is collected from the UNCTAD database for the period January 1972-May 2017. Second, in 
order to calculate leverage ratios for the mining companies, I download net debt, equity and EBITDA 
data at a yearly frequency from Bloomberg, spanning from 1992 to 2016. The start date is determined 
by the availability of the data series. Also, CDS spread and yield-to-maturity data is downloaded from 
Bloomberg. Due to relatively poor availability of data, the sample period runs from September 2002 
to May 2017. 
 
My results indicate that leverage ratios of mining companies are prone to increase during periods of a 
metal bear market. This is likely due to fact that the continued deterioration in commodity prices 
during bear markets will undermine company’s cash flow. As the expansion projects take usually 
several years to complete, it is likely that the operating cash flow deteriorates faster than the cutbacks 
and capex reductions carried out by the mining companies.  
 
Second, my results also suggest that the cost of debt increases significantly for the miners during bear 
market phases. During the periods of continuously declining metal prices investors are likely to re-
price the companies’ debt exposure. Finally, while there can be observed clear spikes both in CDS 
spreads and yield-to-maturities when metal bear market is approaching to its end, I do not find any 
evidence that the CDS spreads or the yield-to-maturities of the mining companies would reverse their 
trend before the metal market does. In other words, in most cases the turn in the CDS market and the 
bond market happen simultaneously with the metal markets. 
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1 INTRODUCTION 

1.1 Background and motivation 

On January 15, 2016, the Bloomberg Commodity Index of 22 commodities was 

down 69% from the highs seen in June 2008. The underweight in the materials sector 

was at five-year lows. In addition, in July 2015, several large hedge funds such as 

Black River Asset Management and Armajaro Asset Management closed their 

commodity funds after reduced investor interest and continued outflows. 

Repeatedly, the global economy experiences commodity booms and busts, indicated 

by sharp co-movement of commodity prices. As an example, the decline in prices 

from the peak reached in the period from 1974 to August 1975 was 67 percent for 

sugar, and more than 40 percent for cotton and rubber (Newbery and Stiglitz 1981). 

The commodity prices tend to be volatile, but the volatility of commodities has not 

risen over time (Jacks, O’Rourke & Williamson 2011).  

The presence of market cycles in commodity prices matters for a number of 

decisions in production as well as in policy making. First, the production decisions in 

capital intensive mining industry are primarily related to expected future prices, and 

as the investment projects typically take several years or even decades to accomplish, 

companies must pay attention to the phase of the market cycle. Second, trends in 

commodity prices can be considered relevant in the policy making process for 

commodity-intensive developing countries. Furthermore, information on the state of 

any asset class is certainly relevant for investors. They may follow a market timing 

strategy: obtain a long position in the asset class when the bear market is forecasted 

to turn into a bull market, and a neutral or short position when the bull market is 

estimated to approach to its end. Also, investors might try to gain potential 

diversification benefits from commodities alongside more traditional asset classes 

such as equities and bonds.  

A number of academic papers examine the cyclicality in commodity prices (see, e.g., 

Labys, Lesourd & Badillo 1998, Cashin, McDermott & Scott 2002, Roberts 2009, 

and Rossen 2015). While it is easy to imagine what a bull and bear market is, and 
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despite such terms being frequently used in the financial media, there is no official 

definition in the literature. However, these authors use the Bry and Boschan (1971) 

algorithm with some adaptations to determine when commodity markets are in a 

boom (bull) or in a slump (bear). Applying some constraints to the original 

algorithm, the authors allow sequences of price reversals to occur and yet still the 

ongoing state to be considered part of any given boom or slump. The authors show 

that on average the typical length of the contraction is longer than the expansion. 

While Labys et al. (1998) find evidence that the mean duration is 27.0 months in 

contraction and 20.7 months in expansion, Cashin et al. (2002) and Roberts (2009) 

identify that the decline is approximately 10 months and over a year longer than the 

expansion phase, respectively. In addition, Rossen (2015) concludes that averaging 

across all 20 metals in his study, the time spent in slump phases is 63.7% and, 

therefore, higher than the average time spent in boom phases (36.3%).  On the other 

hand, the monthly change of metal prices in bull markets is slightly faster than the 

change in bear markets (1.7% and 1.5% a month, respectively), according to Cashin 

et al. (2002).  

Furthermore, several researchers hypothesize what causes the commodity market 

fluctuations. For instance, while Frankel (2006) finds proof of an inverse relationship 

between real interest rate and a number of commodity prices using data including the 

1970s, such a relationship is not supported by the data since the 1980s. However, 

Akram (2009) suggests that the reason why the data since the 1980s does not support 

the negative relationship owes to the use of a single equation model in Frankel’s 

(2006) study. Akram (2009) uses instead a five-variable vector autoregressive model 

based on quarterly data for the period 1990-2007, and argues that lower real interest 

rates lead to a fall in the value of the dollar which tends to cause higher commodity 

prices. Intuitively, this makes sense as most of the commodities are priced in US 

dollar. If the dollar weakens, it is likely to stimulate commodity buyers with other 

currencies, increasing their purchasing power.  

In addition to Frankel (2006) and Akram (2009), Xue-Zhong and Westerhoff (2005) 

tries to explain the commodity market fluctuations by developing a behavioral 

commodity market model with consumers, producers, and heterogeneous speculators 

to try to mimic the movements in commodity prices. According to them, interactions 
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between heterogeneous agents, so-called chartists and fundamentalists, cause market 

to deviate from its balance state and thus leads us to observe complex bear and bull 

market fluctuations in the commodity markets. Also, Stuerner (2014) studies the 

dynamic effects of demand and supply shocks on mineral commodity prices, and 

shows evidence that commodity price fluctuations are primarily driven by demand 

rather than supply shocks.  

In this thesis, I seek to shed light on the shortcomings in the existing literature on 

analyzing historical commodity market bear cycles from a credit perspective by 

providing the first empirical evidence on the relation between commodity bear cycles 

and credit dynamics of the mining companies. While several academic papers have 

analyzed the historical bull and bear cycles in commodities as well as tried to find 

relationships primarily between commodity cycles and macroeconomic factors such 

as interest rates, currencies, and demand-supply dynamics, none of the studies, to the 

best of my knowledge, have examined the commodity cycles from the credit 

perspective, that is to study the relation between commodity phases and leverage 

ratios and yields on mining companies. Traditionally capex-heavy mining companies 

have had debt-heavy balance sheets during boom times. When metal prices fall  

mining companies’ cash flow deteriorates, which poses a threat when servicing their 

debt-related costs. My intention is to study if a shift in market sentiment happens 

before the metal prices actually turn, leading to re-pricing of debt and thus 

compression of yields on mining companies.  

I use several datasets in this paper. My first dataset comprises of four nominal 

monthly metal price series on the London Metal Exchange (LME) during the period 

of January 1972 to May 2017. The metals included are aluminum, copper, nickel and 

zinc which all are critical inputs in residential and commercial construction activity, 

transportation, and/or heavy manufacturing. I use my second dataset to examine the 

leverage ratios of the mining companies during the metal bear market periods. It 

includes yearly net debt, equity and EBITDA data, for the period spanning from 

1992 to 2016. Finally, I collect monthly CDS and yield-to-maturity data to examine 

the development of cost of debt during the metal market contraction periods and to 

study if the CDS and the bond market act as leading indicators for metal markets. 
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In line with my first two hypotheses, the results suggest that the leverage ratios as 

well as the CDS spreads and yield-to-maturities for the miners are prone to increase 

materially during the metal market contraction stages. Furthermore, there is a very 

clear spike in CDS spreads and yield-to-maturities when the metal bear market is 

about to reverse its trend. However, disappointingly, there seems to be no evidence 

that the turning point in metal prices can be predicted by analyzing the CDS and the 

bond market for the mining companies. In some cases the CDS or the bond market 

seems to be leading the metal markets, but also in several other cases the opposite is 

true. More importantly, in most cases the turn in all three markets seems to happen 

simultaneously.  

1.2 Research question 

This thesis seeks to study the relationship between industrial metals bear cycles and 

credit dynamics of the corresponding mining companies. I form my main hypothesis 

around the following research problem:  

Can the turning point in metal prices be predicted by analyzing credit dynamics?   

In the empirical part of this thesis I try to verify three hypotheses related to the 

question above. My first hypothesis states that bear market periods bring escalating 

leverage ratios on company’s balance sheet. Even though companies eventually cut 

capex when metal prices fall, this is likely to come re-actively and with a significant 

time lag after the bear cycle has started. Hence, ratios like net debt to equity and net 

debt to EBITDA are prone to increase materially. My second hypothesis claims that. 

cost of debt for the miners increase during a bear market. As an indicator of debt-

related costs, I use both credit default swap (CDS) and bond yields to maturity. As 

my third hypothesis, and perhaps the most interesting, I argue that re-pricing of debt 

and compression of both CDS spread and bond yield on mining companies happen 

before the metal prices actually turn. That is, I claim that the shift in market 

sentiment happens earlier than the bear market ends as companies are likely to scale 

back their investment plans and cut production as they focus on survival.  
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1.3 Contributions to the literature 

This thesis contributes to the prior finance literature by being, to the best of my 

knowledge, the first academic research paper to assess the relationship between the 

metal cycles and the credit dynamics of the mining companies. Especially important 

is the study how the CDS and bond market tends to develop during the metal cycles. 

Furthermore, in this paper, I am able to shed light if the CDS prices and yield-to-

maturities act as leading indicators for the metal markets.  

1.4 Limitation of the study 

The data used in this thesis pose an important limitation. Particularly the scarcity of 

available data causes problems in the generalization of the results presented in this 

paper. Although I have sufficient amount of metal prices data as well as data to 

calculate leverage ratios, the lack of CDS data and to some extent yield-to-maturity 

data is problematic. However, the results presented with the available data I have 

show a very strong support regarding my Hypothesis 2, and really weak (if any) 

support in relation to my Hypothesis 3.  

In addition, the methodology I use can lead to false conclusions. Yet, the adaptation 

of the Bry-Boschan framework has been used by several authors before to study the 

characteristics of historical commodity cycles, though with some small deviations 

compared to my method. Hence, in the absence of a better methodology, at least to 

the best of my knowledge, I use the adaptation of the Bry-Boschan method in this 

paper. 

1.5 Definitions of key concepts 

CDS: A credit default swap (CDS) is a financial swap agreement that the seller of 

the CDS will compensate the buyer in the event of a loan default (by the debtor) or 

other credit event. 

Net debt: A metric that shows a company’s overall debt situation by netting the 

value of a company’s liabilities and debts with its cash and other similar liquid 



12 

assets. According to Bloomberg, it is calculated as ((total debt – financial subsidiary 

debt) – (cash & marketable securities + collaterals for debt – financial subsidiary 

cash and cash equivalents – financial subsidiary marketable securities)). Total debt is 

the sum of short-term and long-term debt. 

Equity: A metric that shows a company’s total assets minus its total liabilities. It 

represents the net value of a company, or the amount that would be returned to 

shareholders if all the company’s assets were liquidated and all its debts repaid. As 

stated in Bloomberg, it is calculated as a sum of common equity, minority interest 

and preferred equity.  

EBITDA: An indicator of a company’s financial performance which is essentially 

net income with interest, taxes, depreciation, and amortization added back to it, and 

can be used to analyze and compare profitability between companies and industries 

because it eliminates the effects of financing and accounting decisions. According to 

Bloomberg, it is calculated as the sum of operating income and depreciation and 

amortization.  

Yield to maturity: A metric that is used to calculate the yield on a bond based on its 

current price on the market.  

1.6 Structure of the study 

The rest of the study is organized as follows. Section 2 presents the most important 

previous research on characteristics of commodity cycles and underlying causes of 

commodity price movements. It also discusses on the most suitable credit risk 

indicators. Section 3 presents the research problem and hypotheses, which I seek to 

verify in the empirical part of this study. Section 4 describes the data and 

methodology used in this paper. Section 5 presents the empirical findings of this 

thesis. Finally, section 6 summarizes the findings of my thesis and relates them to the 

earlier literature, as well as discusses some possible areas for future research on the 

relation between metals bear cycles and credit dynamics of mining companies. 
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2 LITERATURE REVIEW 

In this section I present the existing literature in three folds. The first part covers the 

definition and framework to analyze bull and bear markets as well as typical 

characteristics of previous commodity cycles, whereas the second part tackles the 

underlying causes of commodity price movements. I conclude the chapter by 

discussing suitable credit risk indicators such as credit default swap (CDS) spread, 

bond yield to maturity, and net debt ratios.   

2.1 The existence of commodity price cycles 

The commodity market have repeatedly undergone periods of boom and bust, 

indicated by the periods of generally rising prices followed by generally falling ones. 

The consequences of quick transitions from a period of price increase to a period of 

price decline are highly challenging tasks not only for commodity producing 

companies but also for many developing countries which continue to be dependent 

on exports of commodities. In this section, I first discuss the literature on general 

definitions of bear markets as well as framework often used for analyzing 

commodity bull and bear markets. In the last subsection, I present the evidence on 

general characteristics of price cycles such as the typical duration of expansion and 

contraction phases and magnitudes of price changes.  

2.1.1 Definition 

In my thesis, a bear market needs to be defined. Financial analysts and financial 

media often refer to a bear market when the price of an asset class declines at least 

20% below its previous peak, potentially over the course of some time period, say for 

example two months. A correction, on the other hand, is commonly defined when an 

asset class falls between 10% and 20%. However, the academic finance and 

economics literatures enclose no generally accepted formal definition of bull and 

bear markets. 

The common understanding of a bear market is a period of substantial and sustained 

decline in asset prices. Multiple researchers have provided definitions which seem to 
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fit well to this common understanding, including Bry and Boschan (1971), Labys et 

al. (1998), Cashin et al. (2002), Pagan and Sossounov (2003), Roberts (2009), Jansen 

and Tsai (2010) and Rossen’s (2015) definition. According to them, a peak will 

always follow a trough and vice versa, and the event space is divided into bull and 

bear market periods. A bull market is said to exist when the asset price is located 

between the trough point and the peak point, including the peak, and a bear market 

occurs otherwise. Otherwise stated, peaks and troughs alternate; a peak cannot 

succeed another peak without an intervening trough. This is illustrated in Figure 1. 

 

Figure 1. Bull and bear markets for the log of the S&P 500 index (Jansen & Tsai 2010). 

Figure 1 shows a trough in June 1994, after the market entered into a bull market 

which lasted until August 2000. The bull market was followed by a roughly two year 

bear market. Then the market cycle was in a bull market until the end of the sample 

period. (Jansen & Tsai 2010)  

However, as the definition above does not rule out sequences of negative price 

movements in asset prices during a boom or positive ones in a slump, the authors 

introduced some extra rules to restrict the extent of these movements. While the Bry-

Boschan’s (Bry & Boschan 1971) original algorithm was designed to analyze 
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business cycle indicators such as fluctuations in unemployment rate as well as 

industrial production, Labys et al. (1998), Cashin et al. (2002), Roberts (2009), and 

Rossen (2015) made some adjustments to adapt it to commodity prices whereas 

Pagan and Sossounov (2003), and Jansen and Tsai’s (2010) modified it to examine 

equity cycles. Yet as rules were introduced to minimize the role of individual 

judgment, the formulation of these rules increases the importance of individual 

judgment. Thus, it is desirable to free the process as far as possible to avoid 

potentially biased individual interpretations.  

Furthermore, there also exist multiple other studies which have been used to review 

the commodity cycles. The common theme of this literature is that commodity price 

super cycles, typically varying between 20 and 70 years, can be detected by use of 

band-pass filtering techniques, a method originally developed by Baxter and King 

(1999), and Christiano and Fitzgerald (2003). Generally, this procedure has been 

applied to find deviations from the long-term trend. Using the band-pass framework, 

Cuddington and Jerrett (2008) observed three super cycles (1890-1911; 1930-1951; 

and 1962-1977) using a data set of six metals between 1850 and 2006. Moreover, 

they documented that a fourth super cycle that began in approximately 1999 is 

underway. Similar results are found by Erten and Ocampo (2013) based on a 

comprehensive metal price index: 1885-1921; 1921-1945; 1954-1999; and 1999-

ongoing. In addition, discussing about real commodity prices, the same algorithm 

was applied by Jacks (2013) not only to characterize the long-run evolution of prices 

but also the medium- as well as short-term. Finally, Rossen (2015) analyses the 

dynamics of metal prices during the past 100 years by using Bry-Boschan method for 

the short cycles and band-pass filtering method for the super cycles. 

However, as Bry-Bocshan procedure has been tested several times on the existing 

literature for short-run price cycles, and some of the Bry-Boschan identification and 

selection steps are often used in band-pass filtering technique (according to Roberts 

2009), my main interest in this thesis lies on the Bry-Boschan method. Thus, both 

Bry-Boschans’s original pattern-recognizing algorithm and its several adaptations are 

walked through more carefully in the following subsection. 
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2.1.2 Bry-Boschan framework and its adaptations 

Using a consistent procedure for identifying the turning points in a time series is 

necessary for evaluation of cyclicality. Hence, this subsection presents the Bry-

Boschan framework and its adaptations which are used by several academic papers 

in order to catch the cyclical turns and identify the short-run price cycles, usually 

varying from two to eight years.   

For the cyclical analysis of time series, differentiation between different segments of 

cyclical movements is desirable (Bry & Boschan 1971). Burns and Mitchell (1946) 

developed formal rules and definitions for cycle identification process and the 

National Bureau of Economic Research adopted this technique to observe cycles in 

the US economy. In order to replicate this judgment process and to reduce individual 

interpretations, Bry and Boschan (1971) developed an algorithm, so that turning 

points and cycles could be determined in a consistent way in any data series.  

Bry-Boschan procedure, which includes seven steps, can briefly be described as a 

series of smoothing steps that find initial highs and lows in a dataset over an 

appropriate time range. These are refined by comparing the peaks and troughs from 

other types of smoothing (using a Spencer curve) and by applying various constraints 

about minimum spell durations and other characteristics to produce a set of 

penultimate turning points. Afterwards, the final peaks and troughs are identified in 

the original unadjusted time series by comparing the highs and lows in the original 

series to highs and lows in the smoothed series (penultimate turning points). It is 

important to highlight, that the smoothed series are only used to help to identify the 

peaks and troughs in the original series. (Bry & Boschan 1971, Cashin et al. 2002 

and Roberts 2009) 

Bry-Boschan method starts by excluding the extreme values. According to Bry and 

Boschan (1971), these are defined as values whose ratios to a fifteen-month 

preliminary unadjusted Spencer curve (this is a weighted moving average with the 

highest weights in the center and negative weights at the ends) are outside a specified 

range. The authors use exclusion criterion as 3.5 standard deviations of the ratios. 

Any extreme values are substituted by the values of the unadjusted Spencer curve. 
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The second step smooths the adjusted data (extreme values replaced) using a 12 

month centered moving average smoothing. Using the smoothed data, the authors 

document that highs and lows are found so that any month whose values is higher 

than those of the five preceding months and five following months is regarded as the 

date of a tentative peak, and vice versa for a trough. In addition, the rule that peaks 

and troughs must alternate is added.  

The next step includes computing the second Spencer curve for the adjusted data, 

and to determine the highs and lows in this using the same interval as above. Bry and 

Boschan (1971) continue that this step contains a minimum-duration rule for 

recognized cycles. They state that the adopted rule is that peaks as well as troughs 

must be at least fifteen months apart from like turns (peak-to-peak and trough-to-

trough).  The MCD curve, which is included in the fourth step, represents the original 

seasonally adjusted data smoothed by a short-term average. The highs and lows in 

this step are again compared to the highs and lows in the previous step. 

Presented by Bry and Boschan (1971), the last steps of the procedure are to find the 

peak and trough values in the original unadjusted data that correspond to the MCD 

turns previously established. According to them, this includes identifying actual 

highs and lows in the original data that are within a five-month interval of the turning 

points in step four. No other highs and lows in the original data are accepted as 

turning points. Furthermore, these steps include the rules that: 1) full cycles (peak-to-

peak and trough-to-trough) must have a duration of a minimum of 15 months; 2) 

each phase (peak-to-trough and trough-to-peak) has a duration of at least six months; 

3) ensuring that no turning points are closer than five months from the beginning or 

end of the data set; and 4) ensuring that the first or last peak (trough) is higher 

(lower) than the first or last data point.  

As mentioned earlier, for instance Labys et al. (1998), Cashin et al. (2002), Roberts 

(2009), and Rossen (2015) use the Bry-Boschan algorithm with some adjustments to 

examine short-run commodity cycles, whereas Pagan and Sossounov (2003), and 

Jansen and Tsai (2010) modify it to examine equity cycles. While Labys et al. (1998) 

do not introduce precisely the changes they make to the original algorithm, Cashin 

et.al (2002) modifies the method, first, by focusing only on the last three steps and, 
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second, by making some adjustments in these. To be more accurate, Cashin et al. 

(2002) use a two-month search window instead of five, and use minimum durations 

of 12 months for each phase and 24 months for full cycles. The procedure applied by 

Rossen (2015) is similar to Cashin et al. (2002); the only difference is that Rossen 

(2015) keeps the original assumption of a five-month search window unchanged. On 

the contrary, Roberts (2009) uses all the same steps as in the original algorithm, 

however, with some adjustments. Not only refitting the time intervals in the 

smoothing steps, the author uses an eight-month search window. On the other hand, 

he follows the procedure of Cashin et al. (2002) by enforcing the rule that full cycles 

must last a minimum of two years.   

Moreover, Pagan and Sassaunov (2003) apply a variant of the Bry-Boschan 

algorithm to examine bull and bear markets in equity prices, also used by Jansen and 

Tsai (2010). They document that their first deviation is not to smooth any of the 

series, while the second relates to the time window used in making the initial location 

of turning points. They use eight months. In addition, the authors set the minimum 

time for a phase (peak-to-trough and trough-to-peak) and cycle to four and 16 

months, respectively. However, an extra constraint is that minimum length of a phase 

(four months) can be disregarded if the stock price falls by 20% in single months.  

2.1.3 Characteristics of commodity cycles 

Already Labys, Rees and Elliott (1971) examined the copper price fluctuations on the 

London Metal Exchange. As seen from Figure 2, in June 1965, the value of copper 

wire bars rested at £417.0 per ton, while by March 1966 the price had nearly doubled 

to £708.7 before collapsing back to £406.5 in August 1966.  
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Figure 2. Copper cash and forward prices at London Metal Exchange (Labys et al 1971). 

In the previous subsection I showed the framework applied by Labys et al. (1998), 

Cashin et al. (2002), Roberts (2009), and Rossen (2015) to study historical 

commodity cycles. In addition, Pagan and Sassaunov (2003) and Jansen and Tsai’s 

(2010) variants were presented for equity cycles. In this section, however, I 

concentrate on the results of the studies related to commodity cycles. In other words, 

as Pagan and Sassaunov (2003) and Jansen and Tsai (2010) apply the Bry-Boschan 

technique on equity prices, it is of less interest in this thesis.  

The dataset adopted by Labys et al. (1998) consists of monthly nominal price series 

during 1960-1995. The metal prices they study include aluminum, copper, gold, lead, 

silver, tin, tungsten and zinc. Table 1 summarizes the key findings from the study. 
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Table 1. Characteristics of metal price cycles (Labys et al. 1998). 

 

Table 1 contains the number of expansion, contraction and total cycles. In addition, it 

includes their minimum, maximum and mean duration as well as their amplitude 

from peak to trough and trough to peak over the sample period.  The metals with the 

most frequent cycles are copper and silver with 24 and 17 cycles, respectively. 

Moreover, the mean duration in expansion phase for the same metals is the lowest 

among the eight metals, 13.5 months for copper and 18.3 months for silver. Tin and 

tungsten display the longest mean duration. In general, the study suggests shorter 

lengths of the recovery phase than the contraction phase (20.7 and 27.0 months, 

respectively). Looking at aluminum, copper and zinc, which are included in my 

paper, aluminum and copper had a total of 18 respective 24 cycles while zinc had 15. 

Concerning the mean duration, these range from 30.7 months for copper to 48.5 

months for zinc. Furthermore, also important to highlight, the amplitude of 0.69 for 

zinc is clearly higher than for aluminum (0.53) and copper (0.45). This suggests that 

both the boom and bust periods have been the strongest for zinc.    

The monthly data for the 36 commodities used in Cashin et al. (2002) study include 

the period from 1957 to 1999. Instead of using nominal prices such as Labys et al. 

(1998), the authors deflate each nominal commodity price series by the unit value 

index (in US dollars) of manufactures exported by 20 developed countries (base 

1990 = 100), with country weights based on the countries’ total 1990 exports of 

manufactures.  
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According to Cashin et al. (2002), zinc (8) completed the highest number of full 

cycles (from peak-to-peak and trough-to-trough) while nickel (5) had the least. 

Furthermore, aluminum had 7 and copper had 6 complete cycles. Whereas 

aluminum, nickel and zinc spent close to 60% of the time in a slump phase, copper 

spent only roughly 50%. In addition to the information on the attributes of full 

cycles, Table 2 summarizes other key findings from the paper.       

Table 2. Average duration, amplitude and test of duration dependence (Cashin et al. 2002). 

 

Comparing the data in Table 2 to the study by Labys et al. (1998), interestingly the 

average amplitude of the aggregate phase movement in prices (in percent change) is 
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much lower for zinc. As seen in Table 2, the average amplitude for zinc in slump and 

boom phases was a bit above 40% which is much lower than nearly 70% 

documented by Labys et al. (1998). The difference between the studies could be 

explained by the nominal price data used by Labys et al. (1998). On the other hand, 

as indicated by Cashin et al. (2002), the average phase movement is well above 45% 

both in slump and boom phases for copper compared to 45% in Labys et al. (1998) 

study.  

Also, Cashin et al. (2002) examines whether there is any tendency for booms and 

slumps in individual commodity prices to maintain a fixed duration. If true, this 

would suggest duration dependence – the longer the market for a given commodity 

remains in a boom or a slump, the more likely it is to switch to the other phase. It is 

examined by applying Brain-Shapiro test, and the results are also shown in Table 2. 

The null hypothesis of the test statistic is that the probability of exiting a phase is 

independent of the length of time a series has been in that phase. Thus, using a 5% 

critical value for a two-tailed test, any test result greater than 1.96 in absolute value 

suggests duration dependence in the price series.  

The Brain-Shapiro test results indicate that for every commodity, the probability of a 

slump cycle to end did not change the longer the slump period lasted (Table 2). In 

addition, for the majority of the commodities, the probability of a boom to run to its 

end was also independent of the time spent in the boom, with the exception of copper 

(2.17), cotton (2.17), fishmeal (2.84) and hides (2.08).   

Then, looking at Roberts’ (2009) paper, where he uses real monthly average prices 

for ten metals from 1947 to 2008, the mean duration for aluminum, copper and zinc 

are almost identical to Cashin et al. (2002) both in expansion and contraction phase. 

He finds evidence that the mean duration for aluminum in expansion and contraction 

phase is 24.8 months respective 36.5 months (22.5 and 34.8 months in Cashin et al. 

2002 study), for copper 27.5 months respective 37.6 months (31.7 and 34.4 months), 

and for zinc 23.2 and 30.2 months, respectively (24.1 and 31.8 months). In all cases, 

the mean duration of expansions is less than that of contractions, often by well over a 

year. The results are presented in Table 3. 
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Table 3. Basic phase duration characteristics (in months) (Roberts 2009). 

 

In addition, the author documents the numbers of expansion and contraction periods 

for the fourteen metal prices (four metals include both LME and US) as well as the 

average time spent in expansion phase. This is shown in Table 4. 

Table 4. Numbers of phases and cycles in metal prices (Roberts 2009). 

 

As it can be observed from Table 4, all metal prices were most often in a state of 

decline during the time period, ranging from 54.6% of the time (New York tin) to 

77.8% (PPI iron ore). Furthermore, looking at the number of expansion and 

contraction phases, and comparing the results to the study by Labys et al. (1998), 

zinc had 13 expansion and contraction phases as stated by Roberts (2009) while 

Labys et al. (1998) recorded only seven expansion and eight contraction phases. 

Also, by using two versions of the Brain-Shapiro to test duration dependency, the 

author finds many cases in which the duration of phases are not purely random and 

have some degree of cyclicality, as a part contradiction to Labys et al. (1998).   
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Finally, I report the results documented by Rossen (2015) on the dynamics of short-

run metal cycles. His study examines the dynamics of 20 monthly price series which 

mostly span the period between January 1910 and December 2011. Similar to the 

results of other authors, he finds evidence that on average the time spent in slump 

phases is close 64%. Considering the duration of boom and slump phases, the results 

are presented in Table 5. 

Table 5. Boom (left) and slump (right) phases (Rossen 2015). 

  

Displayed in Table 5, for each metal, the average duration of slump phases is longer 

than the average duration of boom phases. This is in line with the results in Roberts’ 

(2009) study. Across all metals, slump phases last close to 54 months on average 

while boom phases last a slightly above 33 months. Considering again the four 

metals examined in my thesis, the mean duration in expansion and contraction phase 
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is 35.8 and 53.5 months for aluminum, and 30.5 and 35.2 months for copper, 

respectively. For nickel and zinc the corresponding numbers are 39.7 and 48.7 

months, and 26.9 and 37.2 months. Thus, averaging across four metals, the mean 

duration in expansion and contraction is significantly longer than in other studies 

presented earlier. However, this might be driven by the much longer data period used 

by Rossen (2015).  

The findings of Labys et al. (1998), Cashin et al. (2002), Roberts (2009), and Rossen 

(2015) are summarized in Table 6. 

Table 6. Previous studies concerning short-run commodity cycles.  

 Expansion phase  Contraction phase 

Labys et al. 
(1998) 

Number Mean 
duration 

Amplitude  Number Mean 
duration 

Amplitude 

Aluminum 10 18.7 0.39  8 18.2 0.48 

Copper 13 13.5 0.46  11 17.2 0.44 

Nickel n.a. n.a. n.a.  n.a. n.a. n.a. 

Zinc 7 19.7 0.66  8 28.8 0.67 
        

Cashin et al. 
(2002) 

       

Aluminum n.a. 22.5 0.29  n.a. 34.8 0.33 

Copper n.a. 31.7 0.46  n.a. 34.4 0.49 

Nickel n.a. 31.3 0.39  n.a. 43.0 0.43 

Zinc n.a. 24.1 0.43  n.a. 31.8 0.41 
        

Roberts 
(2009) 

       

Aluminum 12 24.8 n.a.  11 36.5 n.a. 

Copper 11 27.5 n.a.  10 37.6 n.a. 

Nickel n.a. n.a. n.a.  n.a. n.a. n.a. 

Zinc 13 23.2 n.a.  13 30.2 n.a. 
        

Rossen 
(2015) 

       

Aluminum n.a. 35.8 n.a.  n.a. 53.5 n.a. 

Copper n.a. 30.5 n.a.  n.a. 35.2 n.a. 

Nickel n.a. 39.7 n.a.  n.a. 48.7 n.a. 

Zinc n.a. 26.9 n.a.  n.a. 37.2 n.a. 

All mean durations in months, and amplitude of 0.01 corresponds to 1%. 



26 

2.2 Drivers behind commodity price fluctuations 

While much research has been done about the characteristics of commodity cycles 

(co-movement, short-run cycles and super cycles), there still remain gaps in 

understanding of why commodity prices move as they do. The most general 

explanation of this phenomenon is that they response to certain common and global 

macroeconomic shocks (Śmiech, Papież & Dąbrowski 2015). In this section, I 

present the key prior studies on the most common driving forces behind fluctuations 

in commodity prices. These drivers are divided in two subsections: 1) 

macroeconomic factors such as economic activity, interest rate and exchange rate; 

and 2) microeconomic factors such as inventory levels, speculation and future-spot 

spread.        

2.2.1 Macroeconomic factors 

There are times when so many commodities move so much together that it becomes 

challenging to ignore the influence of common macroeconomic shocks (see Figure 3 

below, Lescaroux 2009). Of all macroeconomic shocks, two of the theories that 

compete to explain the most fluctuations in commodity prices include global 

economic activity and easy monetary policy. The latter usually shows up as fall in 

interest rates and the value of the US dollar. 

 

Figure 3. Indexes of commodity prices (Lescaroux 2009). 
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First, and perhaps the most common, is the global economic activity explanation. 

This argument stems primarily from the broad and strong economic activity after 

2000 until the financial crisis, which has at times been attributed specially to rising 

demand from China and India. (Frankel 2014) According to World Bank (2015), 

China’s metals consumption more than tripled from 13% in 2000 to 47% in 2014, 

contributing nearly of the net increase in global consumption during 2000-14. On the 

other hand, based on the same study, India accounted only for 5% of the global 

increase.  

As evidenced by Kilian and Hicks (2013), real GDP growth forecast surprises during 

2003-08 were associated primarily with unexpected growth in emerging economies. 

Examining the price of oil, the authors find out that these positive surprises drove the 

surge in the real price of oil from mid-2003 until mid-2008 and much of its 

subsequent decline. However, applying the Kilian (2009) global industrial activity 

measure to a wider set on mineral and agricultural commodities (11 in total), which 

uses data of dry cargo voyage ocean freight rates and which has become a popular 

choice to represent global real economic activity (in particular for oil price studies), 

Frankel (2014) argues that while the regression coefficient is positive for eight out of 

11 cases, it is only statistically significant for three out of eight. Furthermore, 

discussing on the macroeconomic determinants of commodity prices, Borensztein 

and Reinhart (1994) claim that much of the weakness in real commodity prices was 

explained by weak industrial production and strong dollar during the early 1980s.  

However, after 1984, despite a substantial rebound in the growth of output of several 

major countries, real commodity prices remained soft. According to them, industrial 

production in industrial countries explained just over 5% of the explained variance of 

commodity prices for 1985-88, thus suggesting that only looking at the global 

demand side activity is not enough to capture the commodity price fluctuations. 

Second, is the easy monetary policy explanation. This often translates into low real 

interest rate and weakening of the currency. Discussing on the commodity prices, 

interest rates and the dollar, Akram (2009) results suggest that not only commodity 

prices increase in response to a reduction in real interest rates but oil prices as well as 

metal prices tend to display overshooting behavior in response to interest rate 

changes. The analysis is based on quarterly data between Q1 1990 and Q4 2007. If 
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one treats commodity prices as flexible asset prices in efficient markets, expected 

returns from investing in commodities should equal the returns on investing in 

financial assets to ensure the absence of arbitrage opportunities. The expected return 

should equal the expected price increase, adjusted for carrying costs (storage costs) 

and possible risk premium. Thus, according to Akram (2009), in response to a fall in 

interest rates, commodity prices overshoot. 

Moreover, Akram (2009) finds evidence that a fall in the value of the dollar tends to 

cause higher commodity prices. He notes that fluctuations in the real exchange rate 

are almost totally driven by the shocks to the real exchange rate and the real interest 

rate. In addition, the author states that real exchange rate shocks account close to 

40% of metal price fluctuations.  

Chen, Rogoff and Rossi (2010) also investigate the relationship between exchange 

rates and commodity prices. Their study focuses on five commodity-exporting 

economies including Australia, Canada, Chile, New Zealand, and South Africa. In 

other words, the authors study the impact of nondollar exchange rates on commodity 

prices using data of countries with a sufficiently long history of market-based 

floating exchange rates. By constructing country-specific, export-earning-weighted 

commodity price indices, they find that individual exchange rates can forecast the 

price movements of its associated country’s commodity basket in both in-sample and 

out-of-sample. Furthermore, by combining multiple commodity currencies, Chen et 

al. (2010) show that forecasts of commodity prices are enhanced. As the authors 

state, this is likely due to global commodity prices depending on global shocks, 

whereas commodity currency exchange rates depend on both country-specific and 

global shocks (mainly through commodity prices). The theoretical ground of their 

analysis – why commodity currencies should predict commodity prices – is due to 

two drivers. First, global commodity currencies, being a proxy for the terms of trade 

for these countries, are a fundamental factor for the value of their nominal exchange 

rates. Second, as the nominal exchange rate can be considered an asset price, it 

incorporates forward-looking information of its fundamentals, such as commodity 

prices. (Chen et al. 2010)   
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Not only to examine the relationship between global industrial activity and 

commodity prices, Frankel (2014) also attempts to capture the impact of real interest 

rate on commodity prices in his model. By focusing first only on oil, the regression 

coefficient on the real interest rate is negative (higher interest rate leads to higher oil 

price and vice versa). However, by extending the regression to a wider set of 

commodities (11 in total), the coefficient is negative for nine out of 11 commodities 

and statistically significant for six out of the nine. That is to say, the coefficient of 

real interest rate shows up statistically significant in most cases. 

2.2.2 Microeconomic factors 

Whereas the previous subsection focused on the macroeconomic aspects of 

commodity prices, this subsection will focus more on microeconomic issues. I will 

present the existing literature on the role of inventories in the short-run dynamics of 

price, and show the relationship between base metal spot prices, futures prices, 

inventories, and speculation. 

Inventory behavior provides a key to understanding price and equilibrium adjustment 

processes in commodity markets, yet it has received relatively little attention in the 

economic and econometric analyses of these markets. As Crompton and Xiarchos 

(2008) state, one reason for this is the lack of global inventory data, the other reason 

being the lack of any uniform theory of inventory behavior. While inventories can 

play a key role on the determination of commodity prices when the supply and 

demand are not in balance (to ease the pressure on spot and futures prices in response 

to a temporary shock), as many commodities are highly storable and large number 

are actively traded on futures markets, they can be part of speculation. However, the 

role of speculation does not need to be destabilizing; if speculators are short on 

average, they would keep prices lower than they otherwise would be (Frankel 2010). 

The first to examine the relationship between commodity futures and spot prices was 

the Keynes’ (1930) theory of normal backwardation. His theory argued that futures 

prices should be discounted to compensate for the risk of holding the contract; 

therefore they would be below expected future spot price. This theory was developed 

further by Kaldor (1939) and Working (1949), suggesting the theory of storage (or 
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cost-of-carry). According to this theory, companies will adjust their inventory levels 

until marginal revenue of holding stocks equals their marginal cost, the latter being 

determined by charges for interest, insurance, and storage. In other words, the price 

of futures must be high enough to offset the spot price plus costs of carrying before 

delivery. Furthermore, Working (1949) expanded the model by including the 

convenience of holding inventories, referred to as a convenience yield. The author 

explained that marginal convenience yield should be a declining function of 

inventory levels which is the yield of each additional unit falls in proportion of 

inventory levels.  

By incorporating the charges for interest, insurance, storage as well as the 

convenience yield, Erbil (2013) shows that there is a negative relationship between 

the spot price and inventories. In all cases – for aluminum, copper, lead, nickel, tin, 

and zinc – the coefficients on inventories are negative, indicating that higher physical 

stocks are consistent with lower spot prices. Also, by pooling data from 11 

commodities into one large panel dataset, Frankel (2014) confirms the theory that 

there is an inverse relationship between the commodity prices and inventories. By 

running the regressions, the author finds evidence that the coefficient on inventories 

is in all cases negative as hypothesized, and also statistically significant. If the level 

of inventories is one of the key factors to drive commodity prices, does the role of 

speculation play an important role to drive fluctuations in inventory levels and 

commodity prices? 

According to Frankel (2010) and Frankel (2014), speculation can be defined as the 

purchases of commodities, whether in physical form or via contracts traded on an 

exchange, in anticipation of financial gain at the time of resale. First, Irwin, Sanders 

and Merrin (2009) investigate if speculative buying by index funds in commodity 

futures and over-the-counter derivatives markets created a ”bubble” in the recent 

commodity price boom. Focusing only on agricultural commodities, they find that 

even if long speculation – driven by index funds – increased sharply in all but one of 

the nine commodity futures markets over January 2006 – April 2008, the increase in 

short hedging actually surpassed the increase in long speculation. Second, by 

examining the commodity inventories during the same period, Irwin et al. (2009) do 

not find any notable buildup of inventories. While Wolf (2008) comes to the same 
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conclusion as Irwin et al. of a missing link that has been raised in objection to the 

destabilizing speculation theory, others such as Kilian and Murphy (2014) find 

evidence in inventory data (in terms of oil) that they interpret as consistent with an 

important role for speculation.   

Also, Xue-Zhong and Westerhoff (2005) study the commodity markets, and 

speculative price dynamics. In their study, they develop a behavioral commodity 

market model with consumers, producers, and heterogeneous speculators to try to 

mimic the movements in commodity prices, and thus to catch the behavioral 

perspective of financial market dynamics. According to them, interactions between 

heterogeneous agents, so-called chartists and fundamentalists, cause market to 

deviate from its balance state and thus leads us to observe complex bear and bull 

market fluctuations in the commodity markets. First, their model shows that the 

chartists are a source of market instability, and, second, weak reaction of the 

speculators (either the fundamentalists or the chartists) can push the market to be 

either a boom or a slump.  

2.3 Credit dynamics 

Traditionally capex-heavy mining companies have had debt-heavy balance sheets for 

financing and expanding operations during boom times. However, in the bear market 

environment, securing funding and credit terms become increasingly challenging. 

When commodity prices fall, mining companies’ cash flow deteriorates which poses 

a threat when servicing their debt-related costs. In this section, I discuss about the 

suitable credit risk indicators such as credit default swap (CDS) spread, bond yield to 

maturity, and net debt ratios.  

2.3.1 Credit default swap (CDS) 

An important development in derivatives markets since the late 1990s has been the 

growth of credit derivatives. In 2012, the total notional principal for outstanding 

credit was USD 48tn, meaningfully higher than USD 800bn in 2000. Credit 

derivatives have the potential to allow companies to trade and manage credit risks in 
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much the similar way as market risks. The most popular credit derivative is a credit 

default swap (CDS). (Hull 2012 and Augustin 2014) 

Technically speaking, a CDS is a fixed income derivative instrument, which allows a 

protection buyer to purchase insurance against the risk of a default by particular 

company. The company is known as the reference entity and a default by the 

company is known as a credit event. The protection buyer makes periodic payments 

to the seller until the end of the life of the CDS or until a credit event occurs. These 

payments are typically made in every quarter, but deals when payments are made 

monthly, every six months, or 12 months also occur. The total amount paid per year, 

as a percent of the notional principal, to buy protection is known as the CDS spread. 

(Hull 2012 and Augustin 2014) As Zhu (2006) states, this CDS spread provides an 

alternative market price of credit risk to the corporate bond yield from the cash 

market. 

The CDS rate quoted for any particular CDS depends on the term of the CDS and the 

credit quality of the underlying asset. Hull et al. (2004) note that while the vast 

majority of quotes lie between 0 and 300 basis points, sometimes quotes exceed even 

3000 basis points. As a CDS can be used to hedge a position in a corporate bond, in 

theory CDS spreads should be closely related to bond yield spreads. If, for instance, a 

5-year corporate bond is yielding 5% per year, and the risk-free bond (LIBOR rate, 

for example) gives a 3% per annum, the CDS spread should be at 200 basis points. 

Put in other words, the effect of the CDS is to convert the corporate bond to a risk-

free bond.  

Discussing about the relationship between CDS spreads and bond yields, Hull et al. 

(2004) find that the theoretical relationship holds fairly well. However, they find 

bigger differences between CDS and bond yield spreads using the Treasury rate as 

the benchmark risk-free rate rather than the swap rate. This is similar to the 

observations by Houweling and Vorst (2005), and Zhu (2006). According to Zhu 

(2006), the failure of treasure rates to proxy for risk-free rates could be explained by 

tax considerations and liquidity factors. Zhu (2006) also states that while the 

theoretical relationship between the two markets seems to hold in the long run, there 

is evidence that the two spreads (CDS spreads and bond spreads adjusted by swap 
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rates) can differ significantly in the short run, largely due to their different responses 

to changes in the credit conditions of reference entities. Using a data set running 

from January 1999 to December 2002, the author documents that for a 10 basis 

points increase in the CDS spread, there is only a 3 basis points increase in the bond 

spread. He continues that generally the derivatives market seems to lead the cash 

market in anticipating rating events and price discovery.    

While there does not exist any studies in the existing literature to examine the 

relationship between commodity prices and the CDS spreads of the mining 

companies, much of the research in the CDS market focuses on the relationship 

among the CDS, bond, and stock markets. While investigating the co-movement of 

stock returns, CDS spread changes, and bond spread changes between 2000 and 

2002, Norden and Weber (2004) find a negative relationship between stock returns 

and CDS/credit spread changes. Using a VAR model to investigate lead-lag 

relationships among these three markets, they claim that the stock market (a data set 

of 58 companies) leads both the CDS and the bond market. They also note that, for 

the most part, CDS spread changes Granger cause changes in bond spreads.  

Fung et al. (2008) explore links between the U.S. stock market and the CDS market 

for the period 2001-2007. The authors’ results show that the lead-lag relationship 

between the markets depends on credit quality of the underlying reference entity. 

While the stock market leads the investment-grade CDS index in terms of pricing 

process, the CDS market seems to play a more significant role in volatility. That is, 

volatility of both the investment-grade and high-yield CDS indices seems to lead the 

stock market volatility.  

In addition, Acharya and Johnson (2007) report a negative cross-correlation between 

CDS changes and lagged equity returns. Using a data for a cross-section of U.S. 

companies over the period January 2001 through October 2004, they find evidence 

that there is an information flow from the CDS markets to equity markets when there 

is credit deterioration. However, in general, information flows from the stock market 

to the CDS market. Also, by examining the effect of credit ratings on the CDS and 

the bond market, Daniels (2005) findings suggest that the changes in credit ratings 

are anticipated by both the CDS and the bond market. However, his findings indicate 



34 

that the CDS market reacts faster and with higher magnitude to changes in credit 

ratings than the bond market.   

2.3.2 Bond yield 

”A debt security, or a bond, is a financial claim by which the issuer, or the borrower, 

is committed to paying back to the bondholder, or the lender, the cash amount 

borrowed, called principal, plus period interests calculated on this amount during a 

given period of time” (Martellini, Priaulet, P. & Priaulet S. 2003). A standard bond is 

a fixed-coupon bond without any embedded option, delivering its coupons on certain 

dates and principal on the maturity date. For instance, a U.S. Treasury bond with a 

coupon rate of 2 1
8

%, maturity date 30/12/2020 and a nominal issued amount of USD 

10 billion pays an annual interest of USD 212.5 million every year until 30/12/2020 

included, as well as USD 10 billion on the maturity date. 

In the fixed-income space, there are several types of interest rates involved. The 

coupon rate is the claimed interest rate on a security, that is, an annual percentage of 

face value. It obligates the bearer to a payment based to a coupon rate until a set date 

has been reached. It is important not to mix this with current yield where the annual 

payout is a percentage of the current market price. In other words, the current yield 

varies based on the current market price while the coupon rate does not change. 

Yield-to-maturity (YTM), on the other hand, is the single rate such that discounting a 

security’s cash flows at that rate gives that security’s market price. Put it simple, the 

YTM is the internal rate of return (IRR) of the series of cash flows. As the same rate 

is used to discount each flow, one implicitly assumes that the yield curve is flat at a 

point in time. (Martellini et al. 2003 & Tuckman and Serrat 2012). 

 ”Commodity prices are falling, mining shares are dropping and now the bonds are 

getting battered too” (Financial Times 2015). In July 2015, Markit’s high yield 

materials index, which tracks the bonds of junk-rated raw-material groups, had seen 

its yield to increase to a record high of 9.28%, the highest since the index began in 

2009. However, just a few months later there appeared to happen a key shift in 
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market sentiment as evidenced by the significant narrowing in bond spreads in 

Barclays Credit Index across the major miners. This is shown in Figure 4. 

  

Figure 4. Barclays Global Credit Index (Shad and Trujillo 2016). 

As shown in the previous sub-section, a lot of research has been put to analyze the 

relationships between the CDS, bond and the stock markets. Furthermore, the 

theoretical link between CDS premium and bond yield spreads seems to hold fairly 

well. However, many studies provide evidence of other factors than credit risk that 

affect yield spreads. For instance, Elton, Gruber, Agrawal, and Mann (2001) argue 

that only 25% of the yield spread can be attributed to default risk. According to them, 

other factors include taxes and the compensation for systematic risk. Also, the 

features in the bond (callable, convertible, etc.) affect the yield movement in bonds. 

2.3.3 Leverage ratios 

Falling metal prices put typically pressure on mining companies’ cash flow, in some 

cases rapidly. Even though companies eventually cut their capital expenditures, this 

typically comes re-actively and with a material time lag after the bear cycle has 

started. Hence, ratios like net debt/equity and net debt/EBITDA are likely to 

increase. 
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In 2015, for the top 40 mining companies by market capitalization, the net debt to 

EBITDA ratio, often a covenant applied by lenders, rose by 62% year-on-year, from 

1.52 to 2.46. Moreover, 12 of the top 40 had a net debt to EBITDA ratio above four, 

compared to 2014, when only four companies had such a high ratio. Interestingly, the 

net debt for the same companies did not move and thus the increase in ratio is 

completely explained by the significant drop in earnings due to reduced commodity 

prices. Unsurprisingly, the total equity dropped by 17% in total, leading to increased 

ratio of net debt to equity as well. Even though the capex fell to just USD 69bn in 

2015 compared to USD 100bn in 2014, the free cash flow dropped by 15% year-on-

year, primarily driven by lower earnings and higher financing costs. (PwC 2016) 

Debt to equity ratio measures the relationship between the total value of a company’s 

liabilities and debts, and equity. Capital structure with less debt and more equity is 

typically considered favorable as it reduces the chances of bankruptcy and reduces 

the financing costs. Also, companies with high debt to equity ratio might have 

difficulties to obtain additional source of financing if needed. However, from the 

perspective of owners, higher use of debt might be preferred if the company is able 

to generate higher return on its capital employed than the rate of interest payable. On 

the other hand, net debt subtracts the cash, cash equivalents and other liquid assets 

from the company’s total value of liabilities and debts. (Purwanto and Bina 2016) 

Investigating whether the high level of corporate indebtedness was a contributing 

factor for the decline in investment expenditures in the aftermath of the 2008-2009 

financial crisis (so called debt overhang), Kalemli-Özcan, Laeven and Moreno 

(2015) uses net debt to EBITDA as one of the measures. According to the authors, 

the ratio of net debt to EBITDA is widely used by banks and investors to determine a 

company’s ability to repay its debt and thus to determine the existence of debt 

overhang. Often the companies with higher volatility in earnings tend to have less 

leverage, i.e. a lower net debt to EBITDA ratio, whereas water- and wastewater 

companies may consider much higher leverage acceptable due to more stable 

business. 

In this chapter, I have covered the extant literature on typical characteristics of 

commodity cycles and understanding of why commodity prices move as they do. 
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Also, as this thesis seeks to study the relationship between industrial metals bear 

cycles and credit dynamics of the corresponding mining companies, suitable credit 

risk indicators were briefly studied. It is time to move on to form the three 

hypotheses in this thesis. 
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3 HYPOTHESES 

The main contribution of my thesis is the evaluation of three hypotheses, none of 

which, to the best of my knowledge, have so far been tested on a commodity cycle 

setting. I form my main hypothesis around the following research problem:  

Can the turning point in metal prices be predicted by analyzing credit dynamics?   

In this chapter, I present the hypotheses, which I pursue to verify later in the 

empirical part of my study.  

3.1 Hypothesis 1 

During the boom period, in an effort to continually increase production when the 

metal prices surge, capital spending programs are launched among mining companies 

to commence their expansion strategies. In addition to free cash flow, I argue, most 

projects are financed with debt leading to debt-heavy balance sheets. However, when 

the cycle turns, continued deterioration in commodity prices will undermine cash 

flows, putting pressure on the serviceability of existing commitments. As the 

expansion projects take usually several years to complete, it is likely that the 

operating cash flow deteriorates faster than the cutbacks and capex reductions carried 

out by the mining companies. As a result, ratios like net debt to equity and net debt to 

EBITDA are prone to increase materially. Hence, my first hypothesis: 

H1:  Bear market periods bring escalating leverage ratios on company’s 

balance sheet 

3.2 Hypothesis 2  

With the declining market, today’s earnings are not always sufficient to offer 

absolute confidence that the borrowings will be repaid when they become due. In 

other words, it is likely that the weak (even negative) operating cash flow 

development poses threat when servicing miners’ debt-related costs. Owing to 

softening metal prices and declining cash flows, one might expect the market start to 
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panic, lenders start to feel the heat and investors re-price the companies’ loan/debt 

exposure. As the perceived ability to service the debt will come into sharp focus as 

earnings deteriorate, I argue, that the cost of debt (CDSs and bond yields) for these 

companies is likely to increase during a contraction phase. Thus, I form my second 

hypothesis as follows: 

H2:  Cost of debt for the miners increase during a bear market 

3.3 Hypothesis 3 

As presented in the previous chapter, Fung et al. (2008) explore links between the 

U.S. stock market and the CDS market for the 2001-2007 period, and find that the 

CDS market seems to lead the stock market in terms of volatility. In addition, 

Daniels (2005) findings suggest that the changes in credit ratings are already 

anticipated by both the bond market and the CDS market. My third hypothesis relates 

to the argument that the CDS market and the bond market act as leading indicators 

for commodity prices. To put it simple, I claim that the shift in market sentiment 

happens earlier than the bear market ends as mining companies are likely cut their 

dividends paid to the shareholders, to scale back their investment plans and cut 

production as they focus on survival. The formulation of my last hypothesis is as 

follows: 

H3:  Re-pricing of debt and compression of both CDS spread and yield on 

mining companies happen before the metal prices actually turn 
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4 DATA AND METHODOLOGY 

In this chapter, I first introduce the data used in my thesis, after which I describe the 

methodology which I employ to examine the hypotheses laid out in the previous 

chapter. 

4.1 Data 

In this section, I introduce the data used in my thesis. I start with describing the data 

related to the metal prices, after I continue with CDS and bond yields. I conclude the 

section by introducing the data for the leverage ratios. As there is no global index 

available for the CDS spreads of the mining companies, the data used for the CDS, 

bond yields and leverage ratios is based on the 20 largest (by market capitalization) 

listed mining companies globally producing either one or all of the metals presented 

in the next sub-section.  

4.1.1 Metal prices 

The monthly metal price data used in this study cover four nominal metal price series 

on the London Metal Exchange (LME) taken from the UNCTAD database for the 

period of January 1972 to May 2017. The four metal price datasets include 

aluminum, copper, nickel and zinc. For each of the metal, the database represents the 

monthly averages calculated from daily quotations. Even though the monthly data is 

available in the database since January 1960, at times the monthly observations seem 

to be missing for the period of January 1960 to July 1971. For example, there is no 

variation in the price of aluminum between May 1970 and July 1971, neither there is 

any variation in the price of nickel for the December 1970-July 1971 period.  

4.1.2 CDS and bond yields 

Similar to the metal price data, the CDS spread and bond yield data used is based on 

monthly observations. For both CDS spreads and bond yields I collect the data from 

Bloomberg. CDS contracts are with maturities of five years (which are the most 

popular, Hull et al. 2004) and as a proxy of bond yield I use yield-to-maturity. As I 
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am not aware of any existing CDS index for the mining companies, I choose the 

CDS contracts and yield-to-maturities of the mining companies which are the 20 

largest (by market capitalization) globally and produce either one or all of the four 

metals examined in my study. This screening is based on the publicly available 

company material, such as the companies’ annual reports. Moreover, as the size is 

based on market capitalization, the companies need to be listed. Also, I note that for 

several of the companies neither the CDS spread nor yield-to-maturity are available. 

Also, even if the data is available, it rarely extends to the 1900s.  

4.1.3 Leverage ratios 

In terms of leverage ratios, the sample period spans from 1992 to 2016. The start date 

is determined by the availability of the data series at a yearly frequency. Similar to 

CDS spreads and yield-to-maturities, the data for net debt, equity and EBITDA is 

downloaded from Bloomberg. 

4.2 Methodology 

In this section, I briefly present the methodology which I use in the empirical part of 

my thesis to test the three hypotheses presented in the previous chapter. First, I 

introduce the adaptation of the Bry-Boschan method, a method used by several 

authors to identify turning points in business and metal cycles, and then different 

methodologies to test my three hypotheses.  

4.2.1 Adaptation of the Bry-Boschan framework 

Using a consistent procedure for identifying the turning points in a time series is 

essential for evaluating cyclicality. Also, identifying the turning points is essential to 

test the three hypotheses in this paper. For the procedure, I use the Bry-Boschan 

framework as I find it transparent, robust and as it has also been used in several other 

papers as mentioned earlier. A few modifications in the framework and its parameter 

values (similar to those used by Cashin et al. 2002, Roberts 2009 and Rossen 2015) 

are made to adapt this procedure for the purposes of this study.  
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First, similar to the study of Cashin et al. (2002), outliers are not separately screened, 

and the data is not smoothed. To put it in other words, I focus only on the three last 

steps of the original framework. As Cashin et al. (2002) formulates, the removal of 

outliers and smoothing may help to identify turning points in real quantities (such as 

data on economic activity), but it may actually restrain some of the most important 

movements in commodity price data.  

Second, I deviate from the original Bry-Boschan algorithm concerning to the rule for 

deciding the minimum time the commodity price can spend in a phase or cycle. For 

the phase (peak-to-trough or trough-to-peak), the original method uses a six-month 

period, similar to the rule used by Roberts (2009). On the other hand, both Cashin et 

al. (2002) and Rossen (2015) use a 12-month period for a phase. In this paper a phase 

must be at least eight months long. Otherwise the trough point for both aluminum 

and copper in 2008/2009 is not recognized as a turning point in my algorithm. For a 

full cycle I choose a 24-month period. While a 15-month period is used in the 

original algorithm, a rule of 24 months is suggested by Cashin et al. (2002), Roberts 

(2009) and Rossen (2015).    

According to my method, a peak is the end of the expansion phase and must follow a 

trough (with the exception at the beginning of the series). It is the highest value of 

the price for the previous and following five months, in line with the original 

algorithm. If two subsequent months have the same values, the latter is selected. A 

trough ends the contraction phase and follows a peak (except at the beginning of a 

series). It is the lowest value of the price for previous and following five months 

(similar to the original algorithm). As in the original algorithm and in its adaptations, 

the duration of an expansion is measured from the trough to the subsequent peak, 

whereas the duration of a contraction lasts from the peak to the following trough. The 

full cycle consists of both an expansion phase and a contraction phase and its 

duration can be measured from peak to peak or trough to trough. Besides studying 

the cycles of individual metals separately, I also construct a metal index from the 

four metals. The index starts in January 1972, and each of the metal has an equal 

weight in the index, i.e. a 25% weight. 
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4.2.2 Methods to verify the three hypotheses 

After I have identified the turning points in the metal price data using an adaptation 

of the Bry-Boschan algorithm to test the first hypothesis is relatively straightforward. 

I calculate the net debt to equity and net debt to EBITDA ratios for the mining 

companies at the beginning and at the end of the contraction periods, and compare 

the difference in percentage between these values. Not only do I calculate the ratios 

for the individual companies but I also calculate the average for the whole group 

using Equation 1: 

𝐴 =
1
𝑛
�𝑥𝑖

𝑛

𝑖=1

                                                                                                             (1) 

    

where A = average (or arithmetic mean) 

n = number of terms 

xi = the value of each individual item in the list of numbers being 

averaged 

However, as there is not available any monthly data for the miners in terms of net 

debt, equity and EBITDA, I introduce the following rule: if the peak or trough in 

metal prices is reached in the first half of the year x, the leverage ratios are calculated 

at the end of the year x-1. On the contrary, if the peak or trough in metal prices is 

reached in the second half of the year x, the leverage ratios are calculated at the end 

of the year x. Also, it is important to highlight that for every company the data is not 

available since 1990. This can lead to some extent misleading results if in one year 

there are several more observations than in the previous year. For example, in the 

dataset the net debt to EBITDA ratios of two new companies (Korea Zinc and 

Sumitomo Metals) are added to the group in 1997. However, as I do not notice any 

major distortions due to the additions, the group average in this study is calculated 

based on all the observations that are available at any time point. 

Moving on to the Hypothesis 2, I have monthly data available for both CDS spreads 

and yield-to-maturities. One option to study the sample would be the method similar 
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to the metal prices earlier: to construct an index where each company would have an 

equal weight. However, the lack of sufficient data makes this method challenging. 

Therefore, I decide to examine the development of both CDS spreads and yield-to-

maturities during the bear market environment on an individual company basis. I 

compare the value for the CDS spread in the beginning and at the end of the bear 

market. If there is no data available for the whole period, I calculate the difference 

between the value at the first available data point and at the turning point. The same 

process is repeated with yield-to-maturities.  

Finally, to test my third hypothesis, i.e. if re-pricing of debt and compression of both 

CDS spread and yield on mining companies happen before the metal prices actually 

turn, I use a 12-month search window. To make it clear, after I have identified a 

turning point in the metal price data, I search for the highest point in the CDS and 

yield-to-maturity data using a window of 12 months either side of that turning point.  
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5 EMPIRICAL RESULTS 

In this chapter, I present the empirical findings of my thesis. First, I discuss the 

turning points and the resulting phases identified using the adaptation of the Bry-

Boschan framework. Second, I go over the results on leverage ratios for the miners 

during the metal phases and cycles. Then, I present the results of my cost of debt 

analysis. Finally, I conclude the chapter by examining the development of price of 

debt near the metal market turning points. 

5.1 Features of metal price booms and slumps 

This section describes the results of the empirical analysis using the adaptation of the 

Bry-Boschan method and compares them to the findings in the existing literature. 

The modifications made to the original formula are shown in detail in section 4.2.1. 

Figures 5 and 6 illustrates the bull and bear market phases as well as the turning 

points for aluminum and metal index between January 1972 and May 2017. All other 

three metal price series are handled in the same manner. In Figure 5, the actual price 

data (in USD per ton) for aluminum is shown by the solid line. The bear market 

phases are shown by the rectangles at the bottom of the figure. A peak is denoted by 

the beginning of the rectangle and a trough is at the end of the rectangle. 

  

Figure 5. The price of aluminum on LME in US dollars per ton. 
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As can be seen in Figure 5, there was a total of eight contraction phases in the 

aluminum market over the January 1972-May 2017 period. In the same period, the 

price of aluminum increased from USD 661.5 per ton in January 1972 to USD 

1914.7 per ton in May 2017, equaling to an increase of 189.3%.   

In Figure 6, the contraction phases are shown again by the rectangles at the bottom of 

the figure for the constructed metal index. The index values start at 100 (January 

1972), which is the base value for the index. For January 1972-May 2017 period, the 

metal index surged by 470.1% which is significantly more than the increase was for 

the aluminum price. The main driver for the deviation between the development of 

aluminum price and metal index was the strong performance of copper price. During 

the same time period, the copper price surged by over 900%.   

  

Figure 6. The metal index. 

Table 7 on next page shows the numbers of expansion and contraction periods for the 

four metals as well as for the constructed metal index. The total number of phases 

varies between eight and ten for the expansion periods and between eight and eleven 

for the contraction periods. 
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Table 7. The characteristics of metal cycles.  

 Expansion phase  Contraction phase 

 Number Mean 
duration 

Min 
duration 

Max 
duration 

 Number Mean 
duration 

Min 
duration 

Max 
duration 

Aluminum 8 31.5 10 81  8 33.3 8 65 

Copper 9 29.7 18 78  9 28.3 8 59 

Nickel 8 33.9 16 79  8 31.5 19 55 

Zinc 10 25.6 12 52  10 26.5 9 55 

Index 10 25.1 10 67  11 27.1 13 59 

The number of expansion and contraction phases and the average, min and max duration in metal prices. 

The results in Table 7 also imply that the price slumps are longer in duration than 

price booms for the index, but only by two months. Looking at individual metals, the 

contraction phases lasted longer than expansion phases for aluminum and zinc 

whereas the opposite is true for copper and nickel. Comparing these results to the 

prior studies presented earlier in Table 6, my findings are somewhat different. The 

results of previous studies show that the contraction phase for copper was longer the 

expansion phase, and in two of the papers where the characteristics of nickel market 

was examined, the slump phase was also longer than the boom phase. I believe the 

deviation between my results and the prior results could be mainly explained by the 

following two factors: 1) the difference in the length of a dataset; and 2) slightly 

different adaptations to the original Bry-Boschan framework.       

5.2 Leverage ratios 

In this section, I illustrate the results in relation to Hypothesis 1. I assess the 

development of leverage ratios during the contraction phases. 

Figure 7 presents the average net debt to equity ratio among the 20 mining 

companies selected in this study calculated using Equation 1. It seems that the ratio 

was at relatively high level in the beginning of the period (ratio of 58% in 1992) and 

reached a local peak of 65% in 1994. After it declined from 65% in 1994 to 22% in 

1995, the ratio increased every year until the peak in 2000, at over 100%. This is 

around the same time when the so-called dot-com bubble burst. 
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Figure 7. The net debt to equity ratio.  

Strong growth in China’s economy after 2000 increased the demand for building 

materials, triggering sharp price rises throughput the industrial metals sector, as 

shown earlier in Figures 5 and 6. This also strengthened the balance sheets of the 

mining companies evidenced by the net debt to equity ratio declining to 26% in 

2006. This was followed by a slight increase in the ratio during the financial crisis 

after it reached a trough in 2010. I note the last local peak in my dataset in 2015. 

Comparing the development of net debt to equity ratio to the progress of metal index 

during the same period, I find it interesting that the ratio peaked in 2008 and 2015 

which is around the same time I identify a turning point in the metal index. First, 

when the metal index experienced a bear market between May 2007 and December 

2008, the net debt to equity ratio increased from 29% in 2007 to 42% in 2008. 

Second, followed by another metal market slump phase from February 2011 to 

January 2016, the ratio expanded from 16% to 65% in the same period. These results 

give strong support to Hypothesis 1.  

Also, as can be seen in Figure 7, there was a significant increase in the ratio between 

22% in 1995 to 111% in 2001. However, I record three metal bear markets during the 

same period, spanning from January 1995 to October 1996, from August 1997 to 

January 1999, and from September 2000 to October 2001. While the ratio expanded 

for 1995-1996 and 1997-1999 periods, it took a dip from 111% in 2000 to 79% in 
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2001. This is somewhat controversial in relation to my Hypothesis 1. On the other 

hand, the reason might be that the bear markets during these three periods were 

relatively short-lived (21, 17 and 13 months, respectively) and not as severe (-28.5%, 

-37.9% and -33.5%) as the bear markets during February 1989 to October 1993 (-

56.5%), May 2007 and December 2008 (-67.1%) and February 2011 to January 2016 

(-51.8%). If some different rules would be applied for the adaptation of Bry-Boschan 

framework, one might end up considering the January 1995 and October 2001 only 

as a single bear market.  

Looking at the development of the average net debt to EBITDA ratio for the 20 

miners between 1992 and 2016 in Figure 8, it can be seen that it does not give as 

strong support in relation to Hypothesis 1 as the net debt to equity ratio did. First, the 

net debt to EBITDA ratio was relatively flat between 1992 and 1996, took a dip from 

1.8x in 1996 to 0.6x in 1997, and then spiked to 3.7x in 1998. Between 1998 and 

2002 it was relatively flat again, excluding the drop in 2000. After the trough at 0.5x 

in 2006, the ratio expanded to 2.3x in 2009, i.e. the local peak was reached a year 

later than the local peak in net debt equity ratio. Also, while the multiple was 

expanding during the latest metal bear market in 2011-2016, the local peak was 

reached already in 2013, still in the middle of the contraction period.  

The reason why the inverse relationship between metal index and net debt to equity 

seems to work better compared to metal index and net debt to EBITDA ratio might 

be related with the fact that EBITDA is more volatile metric than equity and that it 

could be impacted by some goodwill impairment charges, for example, which distort 

the multiple. Instead, in my opinion one should focus on the adjusted EBTDA which 

represents EBITDA adjusted for non-recurring items. However, I note that the figure 

is not available on Bloomberg and, in addition, there are variations how companies 

report the adjusted numbers on their reports and which items they include in non-

recurring items.       
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Figure 8. The net debt to EBITDA ratio.  

Table 8 and Table 9 on the next two pages present the net debt to equity and net debt 

to EBITDA ratios for 20 mining companies selected in this study for 1992-2016 

period. In addition, they show the average ratio among the companies calculated 

using Equation 1.  
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Table 8. Net debt to equity.  
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1992 n.a. 6% 16% 91% n.a. n.a. 47% n.a. n.a. n.a. n.a. n.a. 151% n.a. n.a. 96% 90% 7% 16% n.a. 58% 

1993 n.a. -2% 23% 66% n.a. n.a. 140% n.a. n.a. n.a. n.a. n.a. 117% n.a. n.a. 92% 102% 0% 15% n.a. 61% 

1994 n.a. 4% 14% 51% n.a. n.a. 295% n.a. n.a. 57% n.a. n.a. 60% 16% n.a. 90% 78% 35% 10% n.a. 65% 

1995 n.a. 4% 14% 34% n.a. -98% 53% n.a. n.a. 21% -15% n.a. 39% 18% n.a. 95% 87% 23% 16% n.a. 22% 

1996 n.a. 21% 24% 48% n.a. -14% 20% n.a. n.a. 25% -5% n.a. 41% 28% n.a. 82% 76% 15% 33% n.a. 30% 

1997 n.a. -38% 18% 71% n.a. 71% 32% n.a. n.a. 21% -13% 126% 49% 35% n.a. 102% 64% 30% 35% n.a. 43% 

1998 n.a. 12% 41% 105% 109% 137% 77% n.a. n.a. 5% -3% 64% 53% 49% n.a. 141% 62% 39% 34% n.a. 62% 

1999 -1% 68% 35% 114% 114% 102% 119% n.a. n.a. -3% -6% 101% 67% 31% n.a. 154% 68% 21% 34% n.a. 64% 

2000 20% 66% 60% 67% 778% 149% 284% n.a. 10% -19% 8% 118% 41% 62% n.a. 105% 66% 26% 50% n.a. 111% 

2001 13% 67% 51% 52% 172% 71% 327% n.a. 20% -5% 58% 92% 25% 73% n.a. 150% 65% 56% 57% n.a. 79% 

2002 30% 56% 72% 57% 184% 32% 247% n.a. 3% -8% 50% 61% 44% 66% n.a. 149% 59% 46% 81% 92% 73% 

2003 37% 53% 50% 45% 144% 24% 354% n.a. -7% -24% 18% 57% 23% 49% n.a. 130% 61% 58% 31% 58% 64% 

2004 30% -13% 40% 31% 73% 103% 353% n.a. -1% -28% -4% 32% 11% 33% n.a. 124% 49% 4% 34% 2% 48% 

2005 18% -31% 39% 49% 51% 46% 240% n.a. 1% -8% -27% 37% 8% 7% n.a. 131% 43% -23% 33% 1% 34% 

2006 12% -37% 41% 34% -4% 5% 183% n.a. -13% -33% -25% 17% 2% 11% 138% 130% 40% -57% 92% -43% 26% 

2007 21% -40% 41% 33% 39% 9% 101% 64% 19% -59% -27% 0% -20% 168% 83% 121% 27% 1% 54% -53% 29% 

2008 51% -45% 68% 23% 36% 12% 24% 84% 27% -11% -16% -14% -7% 130% 294% 124% 13% 109% 12% -70% 42% 

2009 39% -24% 54% 14% 42% -10% -9% 126% 1% -67% -8% -14% -4% 40% 216% 120% 12% 46% 21% -66% 26% 

2010 19% -18% 45% 7% 21% -15% 29% 127% -21% -65% -22% -21% -19% 8% 100% 117% 18% 26% 26% -63% 15% 

2011 3% -15% 43% 10% 26% -9% 91% 83% 30% -66% -55% -33% 0% 19% 105% 107% 12% 15% 25% -68% 16% 

2012 20% -28% 42% 35% 22% 1% 34% 96% 29% -67% 0% -31% -2% 33% 101% 112% 11% 22% 33% 21% 24% 

2013 27% -15% 51% 37% 33% 37% 7% 99% 40% -67% 9% -37% -1% 34% 155% 112% 11% 26% 37% 27% 31% 

2014 37% 0% 47% 30% 28% 55% -7% 97% 69% -68% 17% -32% 0% 23% 396% 113% 18% 34% 44% 33% 47% 

2015 52% 12% -3% 35% 18% 44% -1% 100% 186% -71% 32% -36% -6% 31% 603% 123% 18% 47% 71% 37% 65% 

2016 29% 13% 8% 43% 29% 43% 72% 70% 117% -94% 45% -35% -7% 20% 256% 169% 18% 39% 61% 36% 47% 

The table presents the net debt to equity ratio for each 20 mining companies selected in this study as well as the average yearly net debt to equity ratio of the 20 companies. AAL LN: Anglo 
American; ANTO LB: Antofagasta; AA US: Arconic; BHP AU: BHP Billiton; BOL SS: Boliden; FM CN: First Quantum; FCX US: Freeport-McMoRan; GLEN LN: Glencore; GMKN RX: 
GMK Noril’skiy Nickel; HZ IN: Hindustan Zinc; KGH PW: KGHM Polska; 010130 KS: Korea Zinc; NHY NO: Norsk Hydro; RIO LN: Rio Tinto; 486 HK: Rusal; SO US: Southern Copper; 
5173 JT: Sumitomo Metal Mining; TECK US: Teck Resources; VALE3 BZ: Vale; VEDL IN: Vedanta. 
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Table 9. Net debt to EBITDA.  
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1992 n.a. 0.5x 0.6x 2.8x n.a. n.a. 0.3x n.a. n.a. n.a. n.a. n.a. 3.2x n.a. n.a. 2.4x n.a. 0.5x 1.9x n.a. 1.5x 

1993 n.a. -0.3x 1.1x 2.3x n.a. n.a. 1.1x n.a. n.a. n.a. n.a. n.a. 2.6x n.a. n.a. 2.4x n.a. 0.0x 1.7x n.a. 1.4x 

1994 n.a. 0.6x 0.7x 1.8x n.a. n.a. 2.6x n.a. n.a. 4.2x n.a. n.a. 1.3x 0.6x n.a. 2.5x n.a. 2.4x 1.2x n.a. 1.8x 

1995 n.a. 0.2x 0.4x 0.7x n.a. 13.1x 1.1x n.a. n.a. 1.1x -0.3x n.a. 0.8x 0.5x n.a. 2.5x n.a. 1.5x 2.0x n.a. 2.0x 

1996 n.a. 1.4x 0.7x 1.3x n.a. 7.6x 1.0x n.a. n.a. 1.6x -0.2x n.a. 1.0x 1.2x n.a. 2.4x n.a. 1.3x 2.5x n.a. 1.8x 

1997 n.a. -6.0x 0.5x 2.8x n.a. -8.3x 1.6x n.a. n.a. 1.5x -0.3x 2.8x 1.2x 1.2x n.a. 3.0x 3.7x 2.7x 2.1x n.a. 0.6x 

1998 n.a. 3.6x 1.2x -7.2x 23.9x 13.8x 1.6x n.a. n.a. 0.2x -0.2x 2.2x 2.0x 1.7x n.a. 3.4x 3.4x 3.4x 1.9x n.a. 3.7x 

1999 -0.1x 22.0x 1.0x -5.9x 13.2x 2.0x 1.9x n.a. n.a. -0.2x -0.4x 4.4x 2.1x 1.0x n.a. 4.6x 6.6x 2.5x 1.2x n.a. 3.5x 

2000 1.1x 2.3x 1.8x 1.8x 8.6x 2.2x 2.7x n.a. 0.2x -0.9x 0.3x 3.7x 0.7x 1.7x n.a. 3.1x 6.2x 2.2x 1.5x n.a. 2.3x 

2001 0.5x 2.9x 1.7x 1.2x 4.2x 3.1x 2.9x n.a. 0.8x -0.2x 24.0x 2.2x 0.5x 1.8x n.a. 3.3x 3.6x 2.8x 1.7x n.a. 3.4x 

2002 1.6x 2.1x 3.0x 2.0x 4.6x 14.1x 2.4x n.a. 0.2x -0.6x 2.4x 2.3x 1.0x 3.0x n.a. 3.5x 7.6x 4.0x 1.7x 3.2x 3.2x 

2003 2.6x 1.3x 2.3x 1.5x 8.3x 1.3x 2.8x n.a. -0.3x -1.1x 0.6x 3.4x 0.6x 2.2x n.a. 3.2x 4.0x 3.5x 0.9x 1.7x 2.2x 

2004 1.4x -0.2x 1.7x 0.8x 2.2x 3.2x 2.8x n.a. 0.0x -0.5x -0.1x 1.4x 0.2x 1.1x n.a. 3.4x 3.2x 0.1x 0.7x 0.0x 1.2x 

2005 0.7x -0.5x 1.7x 1.0x 1.1x 0.6x 2.3x n.a. 0.0x -0.2x -0.6x 1.1x 0.1x 0.1x n.a. 3.4x 1.8x -0.5x 0.6x 0.0x 0.7x 

2006 0.3x -0.5x 1.2x 0.7x -0.1x 0.1x 1.7x n.a. -0.2x -0.5x -0.5x 0.4x 0.0x 0.2x 1.2x 3.4x 1.5x -1.0x 2.1x -0.6x 0.5x 

2007 0.5x -0.7x 1.6x 0.4x 0.7x 0.2x 1.7x 1.9x 0.5x -0.7x -0.5x 0.0x -1.0x 4.2x 1.8x 3.4x 0.8x 0.0x 1.1x -0.9x 0.8x 

2008 1.1x -1.6x 3.0x 0.3x 2.4x 0.3x 0.2x 2.7x 0.4x -0.2x -0.5x -0.4x -0.4x 1.6x 3.7x 3.4x 0.4x 4.7x 0.4x -0.9x 1.0x 

2009 1.8x -0.9x 10.9x 0.3x 1.3x -0.3x -0.1x 7.4x 0.0x -3.4x -0.3x -0.6x -2.8x 1.6x 22.9x 3.6x 1.5x 1.9x 1.2x -1.2x 2.3x 

2010 0.7x -0.5x 2.8x 0.1x 0.5x -0.4x 0.7x 6.4x -0.5x -2.5x -0.5x -0.8x -1.5x 0.2x 4.4x 3.6x 1.1x 1.0x 0.7x -1.6x 0.7x 

2011 0.1x -0.3x 2.2x 0.2x 0.8x -0.3x 1.1x 6.0x 0.5x -2.7x -1.2x -1.1x 0.0x 0.4x 4.4x 3.2x 0.6x 0.5x 0.7x -1.7x 0.7x 

2012 1.1x -0.6x 3.4x 0.7x 0.7x 0.1x 0.5x 7.0x 0.8x -3.0x 0.0x -1.4x -0.2x 1.2x 11.8x 3.3x 0.7x 0.9x 1.4x 0.9x 1.5x 

2013 1.2x -0.5x 2.7x 1.0x 1.6x 2.4x 0.1x 6.0x 0.9x -3.3x 0.3x -2.1x -0.1x 0.9x 15.6x 3.4x 0.7x 1.5x 1.2x 9.0x 2.1x 

2014 1.7x 0.0x 1.9x 0.9x 1.1x 3.9x -0.1x 4.5x 0.6x -3.7x 0.9x -1.8x 0.0x 0.7x 5.9x 3.5x 1.7x 2.7x 2.2x 1.7x 1.4x 

2015 2.7x 1.1x -0.2x 1.2x 0.7x 7.4x 0.0x 5.2x 1.0x -4.1x 1.4x -2.2x -0.4x 1.1x 4.2x 3.9x 1.3x 3.8x 4.7x 1.5x 1.7x 

2016 1.3x 1.0x 0.6x 2.2x 0.9x 4.5x 2.2x 4.1x 1.2x -5.3x 1.6x -2.0x -0.6x 0.7x 5.7x 5.6x 1.9x 2.0x 2.0x 1.9x 1.6x 

The table presents the net debt to EBITDA ratio for each 20 mining companies selected in this study as well as the average yearly net debt to EBITDA ratio of the 20 companies. AAL LN: 
Anglo American; ANTO LB: Antofagasta; AA US: Arconic; BHP AU: BHP Billiton; BOL SS: Boliden; FM CN: First Quantum; FCX US: Freeport-McMoRan; GLEN LN: Glencore; GMKN 
RX: GMK Noril’skiy Nickel; HZ IN: Hindustan Zinc; KGH PW: KGHM Polska; 010130 KS: Korea Zinc; NHY NO: Norsk Hydro; RIO LN: Rio Tinto; 486 HK: Rusal; SO US: Southern 
Copper; 5173 JT: Sumitomo Metal Mining; TECK US: Teck Resources; VALE3 BZ: Vale; VEDL IN: Vedanta.
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5.3 Cost of debt 

In this section, I study the progress of cost of debt during the contraction phases. I 

compare the value of the CDS spread in the beginning and at the end of the bear 

market. If there is no data available for the whole period, I calculate the difference 

between the value at the first available data point and at the turning point of the metal 

index. The same process is repeated with yield-to-maturities. 

Table 10 presents CDS spreads in the beginning and at the end of the metal bear 

markets. First, there is CDS data available for only half (10 out of 20) of the 

companies. Second, due to lack of data before 2002, I can only study the CDS 

development during the last two bear markets, i.e. from May 2007 to December 2008 

and from February 2011 to January 2016.  

However, when one looks at the results in Table 10, it actually appears to be a very 

clear trend during the contraction periods. The CDS spread increases significantly for 

each of the company, thus giving strong support to my second hypothesis. For 

instance, the CDSs for Anglo American’s 5 year bonds were trading close to 16 basis 

points in May 2007 when in December 2008 they were roughly at 722 basis points. 

Additionally, looking at the Anglo American’s five-year CDS spread during the 

latest bear market, it increased from approximately 90 basis points in February 2011 

to well over 1000 basis points in January 2016.      

Table 10. Five-year CDS spreads for ten mining companies.  

 Anglo 
American Arconic BHP 

Billiton 
Freeport-

McMoRan Glencore Rio 
Tinto 

Sumitomo 
Metal 

Mining 

Teck 
Resources Vale Vedanta 

31/5/2007 16.3 44.7 14.7 n.a. 53.0 13.0* 12.7 215.0** 54.5 215.0** 

31/12/2008 721.9 653.3 295.7 n.a. 2280.2 1013.9 218.5 1138.8 325.0 2139.5 

28/2/2011 90.5 158.7 66.1 110.9 159.2 80.5 70.5 112.9 121.9 473.6 

29/1/2016 1148.2 638.1 228.7 2477.8 n.a. 248.9 94.0 1875.0 965.0 1649.2 

The table shows the five-year CDS spreads during the metal bear markets running from May 2007 to December 
2008 and from February 2011 to January 2016. *Represents the value on October 31, 2007. **Represents the 
values on September 28, 2007. Anglo American: AALLN CDS EUR SR 5Y D14; Arconic: ARNC CDS USD SR 
5Y D14; BHP Billiton: BHPB CDS USD SR 5Y D14; Freeport-McMoRan: FCXMCM CDS USD SR 5Y D14; 
Glencore: GLENCORE CDS EUR SR 5Y D14; Rio Tinto: RIOLNTD CDS USD SR 5Y D14; Sumitomo Metal 
Mining: SUMITOMO METAL CDS JPY SR 5Y D; Teck Resources: TCKBCN CDS USD SR 5Y D14; Vale: 
CVRDOCE CDS USD SR 5Y D14; and Vedanta: VEDLN CDS USD SR 5Y D14. 
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Figures 9 and 10 show the development of the five-year CDS spread for Anglo 

American respective BHP Billiton. As can be seen in both figures, there is a clear 

spike in CDS spreads when the metal bear market is approaching to its end. In the 

case of Anglo American, the spikes could be explained by the meaningful increase in 

its net debt to equity ratio both in 2008 and 2015, from 21% to 51% 2007-08 and 

from 37% to 52% 2014-2015. However, one can not notice any spike in net debt to 

equity ratio for BHP Billiton, neither in 2008 nor 2015. Indeed, in 2008, the ratio 

decreased to 23% from 33% a year earlier, and in 2015 it increased only by five 

percentage points to 35% from 30% in 2014. 

  

Figure 9. Five-year CDS spread (in basis points) for Anglo American.  

 

 

Figure 10. Five-year CDS spread (in basis points) for BHP Billiton. 
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Table 11 on the next page presents the results in the beginning and at the end of the 

metal bear markets regarding yield-to-maturities. Similar to the CDS data, there is no 

YTM data available before 2002, which makes it possible to study the YTM 

development only during the last two bear markets. For 13 of 20 companies there is 

at least one yield-to-maturity series available, and for several out of the 13 

companies, there are multiple series available. Given there are several options 

available, I choose the bonds with the most amount of historical observations.    

As can be seen in Table 11, the results seem to give nearly as strong support in 

relation to my second hypothesis as the CDS study earlier. For 20 out of 23 bonds the 

YTM increased during the metal market contraction periods, and in many cases the 

rise was considerable, especially when the metal bear market was close to its turning 

point. This shows that the market required a larger premium for the risk of lending 

money to most of the companies when the underlying metal market was approaching 

to its price reversal. Only for Anglo American’s bond (5 1
8

%, a maturity date 

15/12/2010) and for Sumitomo Metal’s bonds (1.257%, a maturity date 31/08/2021; 

and 1.42%, a maturity date 30/01/2012) the opposite was true. Figure 11 below 

illustrates the development of 23 bonds’ yield-to-maturities since September 2003 

(the time period when the first dataset was available).  

 

Figure 11. Yield-to-maturities for 23 bonds. 
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Table 11. Yield-to-maturities for 13 mining companies.  
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31/5/
2007 

6.24 6.80 n.a. 6.43 6.46 4.77 n.a. n.a. n.a. n.a. 6.05 n.a. 7.03 n.a. 6.73 n.a. 1.58 n.a. 6.49 n.a. 6.41 n.a. n.a. 

31/12
/2008 

5.68 8.70 n.a. 8.03 9.38 4.90 n.a. n.a. n.a. n.a. 10.70 n.a. 10.91 n.a. 11.26 n.a. 1.15 n.a. 16.34 n.a. 16.69 n.a. n.a. 

28/2/
2011 

n.a. 4.85 3.34 5.97 6.14 n.a. 4.33 7.63 5.09 5.42 n.a. 5.33 n.a. 5.55 6.55 1.25 n.a. 3.62 6.00 6.53 n.a. 6.08 7.20 

29/1/
2016 

n.a. 13.92 10.40 8.13 8.64 n.a. 5.05 25.35 14.52 14.85 n.a. 5.40 n.a. 6.10 8.36 0.17 n.a. 14.24 14.23 9.94 n.a. 24.33 18.27 

AAL LN: Anglo American; AA US: Arconic; BHP AU: BHP Billiton; FM CN: First Quantum; FCX US: Freeport-McMoRan; GLEN LN: Glencore; GMKN RX: GMK Noril’skiy Nickel; RIO 
LN: Rio Tinto; SO US: Southern Copper; 5173 JT: Sumitomo Metal Mining; TECK US: Teck Resources; VALE3 BZ: Vale; VEDL IN: Vedanta.
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5.4 Turning points in CDS and YTM data 

In this section, I illustrate the results in relation to Hypothesis 3. I assess the 

development of CDS spreads and yield-to-maturities close to the turning points of 

the underlying metal index. In other words, I study if the CDS market and the bond 

market act as leading indicators for metal markets. 

Table 12 and 13 show the result for CDS spreads. As shown in Figure 6 earlier, the 

underlying metal index troughed in December 2008 and January 2016. However, the 

results below do not provide any clear evidence that the CDS market would have 

acted as a leading indicator for metal markets. Regarding the first contraction phase 

in metal index which run from May 2007 to December 2008, only in two out of nine 

cases the price of the CDS instrument turned before the metal index. On the other 

hand, in four cases the CDS prices peaked during the same month as the index 

bottomed and in three cases the CDS prices peaked after the metal index had already 

changed its trend.  

Table 12. Turning points in CDS data.  

 Anglo American Arconic BHP Billiton Freeport-
McMoRan Glencore 

 AALLN CDS 
EUR SR 5Y D14 

ARNC CDS 
USD SR 5Y D14 

BHPB CDS USD 
SR 5Y D14 

FCXMCM CDS 
USD SR 5Y D14 

GLENCORE 
CDS EUR SR 5Y 

D14 

Peak 1 31/12/2008 27/2/2009 31/10/2008 n.a. 31/12/2008 

Peak 2 29/1/2016 29/1/2016 29/1/2016 29/1/2016 n.a. 

Table 13. Turning points in CDS data.  

 Rio Tinto Sumitomo Metal 
Mining Teck Resources Vale Vedanta 

 RIOLNTD CDS 
USD SR 5Y D14 

SUMITOMO 
METAL CDS 
JPY SR 5Y D 

TCKBCN CDS 
USD SR 5Y D14 

CVRDOCE CDS 
USD SR 5Y D14 

VEDLN CDS 
USD SR 5Y D14 

Peak 1 31/12/2008 27/2/2009 31/03/2009 31/10/2008 31/12/2008 

Peak 2 29/1/2016 28/2/2016 30/12/2015 29/1/2016 29/1/2016 

In addition, the latest bear market which ran from February 2011 to January 2016, 

does any give any support in relation to my Hypothesis 3 either. Actually, in seven 

out of nine cases both the CDS spreads and the metal index signaled a change in 
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trend in the same month, while only in one case the CDS spread turned before the 

metal index troughed and in one case the opposite was true, i.e. the metal index 

shifted before the CDS prices.  

Disappointingly, results on the next page in Table 14 and 15, which present the 

turning points in my yield-to-maturity data, do not back Hypothesis 3 either. In Table 

14 and 15, I have a total of 28 observations. First, regarding to the earlier of the two 

contraction periods, only in two out of ten cases the YTMs and metal index changed 

their trends in the same month. However, the rest of the eight observations are evenly 

distributed; in four cases the YTMs peaked before the metal index troughed and in 

four cases the opposite was true. Second, the same pattern in results is visible in 

regarding to the latest metal bear cycle. Interestingly though, clearly in most cases 

both the YTMs and the metal index reversed their directions (in 13 out of 18 cases) 

at the same time, similar to the CDS study above (in seven out of nine cases). 

Moreover, in two out of 18 cases the YTMs peaked before the metal index and in 

three out of 18 cases the metal index bottomed before the YTMs peaked. Hence, 

combining the results and considering my third hypothesis, i.e. that re-pricing of debt 

and compression of both CDS spread and yield on mining companies happen before 

the metal prices turn, there is no support found.           

In sum, having now covered the features of historical metal price booms and slumps, 

studied the development of leverage ratios and cost of debt of the mining companies 

during contraction phases as well as identified the turning points in the CDS and 

YTM data,  I can argue that the leverage ratios and cost of debt of the mining 

companies tend to increase during the contraction periods in metal markets, 

especially when the bear market is approaching to its end, but the CDS and the bond 

market do not give any indication that they could act as leading indicators for metal 

markets.  
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Table 14. Turning points in YTM data.  

 AAL LN AA US BHP AU FM CN FCX US GLEN LN 

 AALLN 5 1/8 
12/15/10 

 AALLN 6 
7/8 05/01/18 

AALLN 3 1/4 
04/03/23 

ARNC 5.9 
02/01/27 

ARNC 5.95 
02/01/37 

BHP 4 1/8 
05/05/11 

BHP 4.3 
09/25/42 

FMCN 7 1/4 
05/15/22 

FCX7 1/6 
11/01/27 

FCX 6 1/8 
03/15/34 

GLENLN 5 
1/2 06/15/17 

Peak 1 28/11/2008 31/10/2008 n.a. 27/02/2009 30/01/2009 31/10/2008 n.a. n.a. n.a. n.a. 31/03/2009 

Peak 2 n.a. 29/01/2016 29/01/2016 29/01/2016 29/01/2016 n.a. 29/01/2016 29/01/2016 29/01/2016 29/01/2016 29/01/2016 

AAL LN: Anglo American; AA US: Arconic; BHP AU: BHP Billiton; FM CN: First Quantum; FCX US: Freeport-McMoRan; GLEN LN: Glencore. 

Table 15. Turning points in YTM data.  

 GMKN RX RIO LN SO US 5713 JT TECK US VALE3 BZ VEDL LN 

 GMKNRM 
5.55 

10/28/20 

RIOLN 7 
1/8 07/15/28 

RIOLN 5.2 
11/02/40 

SCCO 7 1/2 
07/27/35 

SUMIMM 
1.257 

08/31/21 

SUMIMM 
1.42 

01/30/12 

TCKBCN 
3.85 

08/15/17 

TCKBCN 6 
1/8 10/01/35 

VALEBZ 5 
5/8 09/11/42 

VEDLN 6 
5/8 02/22/10 

VEDLN 6 
01/31/19 

VEDLN 7 
1/8 05/31/23 

Peak 1 n.a. 31/10/2008 n.a. 27/02/2009 n.a. n.a. n.a. 31/12/2008 n.a. 31/10/2008 n.a. n.a. 

Peak 2 30/01/2015 29/02/2016 29/01/2016 29/01/2016 n.a. n.a. 29/01/2016 31/12/2015 29/01/2016 n.a. 28/02/2016 28/02/2016 

GMKN RX: GMK Noril’skiy Nickel; RIO LN: Rio Tinto; SO US: Southern Copper; 5173 JT: Sumitomo Metal Mining; TECK US: Teck Resources; VALE3 BZ: Vale; VEDL IN: Vedanta. 
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6 CONCLUSIONS 

In this thesis, I seek to shed light on the shortcomings in the existing literature on 

analyzing historical commodity market bear cycles from a credit perspective by 

providing the first empirical evidence on the relation between commodity bear cycles 

and credit dynamics of the mining companies. While several academic papers have 

analyzed the historical expansion and contraction periods in commodities as well as 

tried to find relationships primarily between commodity cycles and macroeconomic 

factors such as interest rates, currencies, and demand-supply dynamics, none of the 

studies, to the best of my knowledge, have studied the commodity cycles from the 

credit perspective, that is to study the relation between commodity phases and 

leverage ratios, CDS spreads and yields on mining companies. 

The datasets I use comprise of monthly metal price series for four industrial metals 

(aluminum, copper, nickel and zinc) which are all critical inputs in residential and 

commercial construction activity, transportation, and/or heavy manufacturing. In 

addition, I collect yearly data on net debt, equity and EBITDA of the largest mining 

companies producing either one or each of the four metals. By analyzing this data, I 

am able to calculate how the leverage ratios of the mining companies tend to develop 

during the contraction periods. Finally, I collect monthly CDS and yield-to-maturity 

data to examine the development of the cost of debt during the metal bear market 

periods and to study if the CDS and the bond market act as leading indicators for 

metal markets. 

6.1 Overview of the empirical results 

In line with my Hypothesis 1, I find that leverage ratios are prone to increase 

materially during the metal market contraction phases. However, net debt to 

EBITDA ratios do not give as strong support as net debt to equity ratios in relation to 

my first hypothesis. It might be related to the fact that EBITDA is more volatile 

metric than equity and that EBITDA could be impacted by some goodwill 

impairment charges, for example, which distort the multiple.  
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Regarding my second hypothesis, I find that the cost of debt for the mining 

companies increases significantly during the period of declining metal market. Based 

on the available CDS data I have since 2002, the CDS spreads increase for each of 

the company when the metal market is declining. Furthermore, there can be seen 

clear spikes in CDS spreads when the metal bear market is approaching to its end. 

Also, looking at the yield-to-maturities, almost similar results apply. For 20 out of 

the 23 bonds included in this study the YTM increases during the metal market 

contraction periods, and in many cases the rise is considerable, especially when the 

metal bear market is close to its turning point.  

In relation to my Hypothesis 3, I do not identify anything pointing out that the CDS 

or the bond market would act as leading indicators for metal markets.  Based on my 

results, I argue that the re-pricing of debt and compression of both CDS spread and 

yield on mining companies happen in most cases simultaneously with the metal 

market turn. While in some cases either the CDS or the bond market (or both) peaks 

before the metal market troughs, in several other cases the opposite is true, i.e. the 

metal market reverses its trend before either the CDS or the bond market (or both) 

reverses. 

6.2 Potential biases in the study 

My results include two potential biases inherent in the methods used. First, while the 

Bry-Boschan framework has been used in several other papers to study the 

characteristics of commodity cycles and identify a turning point in the underlying 

commodity data series, the method was originally developed to observe business 

cycles, for example to observe cycles in the US economy. Furthermore, Bry and 

Boschan (1971) originally developed the algorithm, so that turning points and cycles 

could be determined in a consistent way in any data series. Still, many studies such 

as Labys et al. (1998), Cashin et al. (2002), Roberts et. al (2009) and Rossen’s (2015) 

modify or simplify the original routine, including me. While I acknowledge that 

modifications applied on the original framework might distort the results, I argue that 

in this study as well as in other academic papers the essential methodology of the 

algorithm is retained, and thus the impact on the results is likely to be insignificant.   



62 

Second potential source of bias derives from inadequate sample size. The sample size 

is sufficient for metal prices as the data runs from January 1972 to May 2017, but the 

poor availability of CDS data and to some extent yield-to-maturity data makes it 

problematic to generalize the results. The problem is the most obvious with CDS 

data, as there are only ten companies where CDS data can be obtained in this thesis. 

6.3 Suggestions for future research 

As the present study is the first piece of academic research to date to study the 

relation between commodity cycles and leverage ratios and cost of debt of the mining 

companies, there is a wide pathway for possible future research. The most obvious 

extension of this study is to include more mining companies in the study. This should 

make it possible the obtain a broader dataset of CDS and yield-to-maturity data, and 

thus it should make it easier to generalize the results. However, in my view, the 

likelihood of lack of sufficient CDS data before 2002 would still be problematic. 

Also, as this study includes only four industrial metals, it would be interesting to see 

whether adding other metals into the metal index would have a material impact on 

the results. Specifically, it would be interesting to see whether the turning point in 

the metal index would change. In addition, a similar study could be applied on other 

commodities.  
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