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Modelling Extreme Risks in Commodities and Commodity Currencies 

 

Abstract 

This paper analyzes extreme co-movements between the Australian and Canadian commodity 

currencies, and the gold and oil markets respectively, within a multivariate extension of the 

Hawkes-POT model. The intensity of extreme events in the Australian dollar are influenced by 

extreme events in gold, while the size of extreme events in the Canadian dollar are driven by 

extreme events in crude oil. Models with both self-excitation and cross-excitation produce the 

most accurate predictions of extreme risk in these markets. The results of this paper will provide 

participants in the commodity and currency markets a deeper understanding of the risks they 

face. 

JEL classification: C53, F47, G15. 

Key Words: Extreme risk, Co-movements, Multivariate Hawkes-POT, Point process, Value at 
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1    Introduction 

For countries where commodities represent an important part of total exports, the prices at which 

these commodities are sold are crucial to their economic performance. Because of the 

importance of this relationship the currencies of these countries are often called commodity 

currencies, with many studies  examining the relationships (often long-run) between commodity 

prices and exchange rates, see Bjørnland and Hungnes (2005), Cashin et al. (2008), Chen and 

Rogoff (2003), Chen et al. (2010), Choudhri and Schembri (2014), Hatzinikolaou and Polasek 

(2005), among others. On the other hand, Sjaastad (2008) and Akram (2009) find links from 

currency movements to metals and commodity prices. Overall, it appears that quite complex 

interactions between commodity and currency markets exist. 

In recent years, there has been a growing interest in the volatility of commodity returns, Chkili et 

al. (2014), Kang and Yoon (2013), Kang et al. (2009), Wang et al. (2011). Moving beyond 

commodity volatility in isolation, Creti et al. (2013), Delatte and Lopez (2013), Souček and 

Todorova (2013) consider the links between commodity and equity market risk and volatility. 

However, while links between commodity prices and exchange rates have been studied, there is 

little understanding of links between commodity and exchange rate volatility, or in other words 

the risk in these two markets. The methodology proposed here along with the empirical results 

will provide participants in the commodity and currency markets, commodity traders, producers 

and wholesale consumers, a deeper understanding of the extreme risks they face. 

This paper is the first to examine the transmission of extreme risk between the most important 

export commodities of Australia and Canada, gold and oil and their respective exchange rates. 

To this end, a multivariate extension of the Hawkes-Peaks over Threshold (POT) model of 

Chavez-Demoulin et al. (2005) and Chavez-Demoulin and McGill (2012) is proposed. This 

methodology, based on self-exciting point processes and Extreme Value Theory (EVT), permits 

an analysis of extreme events which are not necessarily iid, capturing the intrinsic characteristics 

of the return series during periods of crisis. Such an analysis will provide insights beyond those 

available from models of conditional correlation. 

 

The main research questions posed here are: Can a multivariate model capturing the complex 

interactions in extreme risk be developed? Is it possible to explain and predict the dynamics of 

extreme events in both currency and commodity returns based on their historical behavior using 



such a model? Based on these predictions, can improved predictions of extreme risk be 

generated?  

Overall, the results show that dependence exists between the extreme events in the commodity 

and currency markets. In the case of Australia, the rate of occurrence of extreme events in gold 

affects the intensity of occurrence of extreme events in the exchange rate of Australia, while for 

Canada this intensity is mainly influenced by the size of extreme events in oil price returns. In 

relation to the estimation and accuracy of the Value at Risk  (VaR) by means of the Hawkes-

POT models, the best results in-sample are obtained with models that allow for dependence in 

the form of cross-excitation between the commodity and currency series.  

This paper is organized as follows: In Section 2, we introduce the proposed methodology and its 

main advantages over the classical theory of EVT. Section 3 includes the empirical analysis, 

description of the models, estimation results and analysis of the risk measures. Finally, Section 4 

presents the conclusions, study limitations and recommendations for future research. 

 

2  Methodology 

2.1 Multivariate Hawkes-POT 

Here, the perspective of an investor concerned with losses is taken, therefore all subsequent 

analysis is based on the negative returns	for both the commodities  and currencies 

 . A popular method to model extreme events is the Peaks over Threshold (POT) 

methodology, with all values that are above a sufficiently high threshold considered to be 

extreme events. Under this framework, a vector of random variables ,  is obtained 

in which the superscript 1,… ,  represents the -th dimension of the model,   

characterizes the time of the -th extreme event, and  characterizes the mark, 	

, with high threshold 	 0. Here, dimensions correspond to the respective commodity and 

currency combinations. 

 

It is well known that the extreme events in financial markets, and more generally volatility, 

cluster through time (Aboura and Chevallier, 2015; Delatte and Lopez, 2013; Hung et al., 2008; 

Liu and Tang, 2011). The Hawkes-POT model is a self-exciting marked point process that can 

capture this tendency of clustering in extreme events with a conditional intensity process 



determined by the history of observed events. The conditional intensity of this process is defined 

as: 

, | | ∙ | , , (1)

  

where |  defines the intensity of occurrence of the extreme events, the self-exciting 

ground process, and 	 | ,  the density function of the exceedances or marks, conditional 

on the history of the process 		 , ; 	∀ , :	 .  

According to the Pickands-Balkema-De Haan theorem (Balkema and de Haan, 1974; Pickands, 

1975) the size of the exceedances will follow a Generalized Pareto Distribution (GPD): 

	 | ,

1
1 , 0

1
exp , 0

		, 

with scale and shape parameters,  and , respectively. A Hawkes process (Hawkes, 1971) is 

used to describe the dynamics of the intensity of the ground process, | . This 

methodology has been used in many areas to capture the clustering of events, including 

seismology (Vere-Jones, 2006), neuroscience (Reynaud-Bouret et al., 2013), criminology 

(Mohler et al., 2011), financial markets (Bacry et al., 2013; Bowsher, 2002; Hardiman et al., 

2013) and electricity markets (Clements et al., 2015). 

In a multivariate Hawkes process, an extreme event in the dimension or series	 , increases the 

likelihood of future events of this type within the same dimension (self-excitation) and also in 

other dimensions (cross-excitation), a commonly observed pattern in financial markets. The 

intensity of a Hawkes process is given by 

| ,
:

  

where   corresponds to the immigrant rate of extreme events in dimension  that occur 

independent of self-excitation and  determines the influence of events in dimension  on the 

occurrence of extreme events in the dimension .   

The exponential kernel , exp  represents the instant 

influence of events in series  on the intensity of  . Here, 	is the rate of decay in the intensity 

from events in series   and  captures the impact of the size of events in series  on the 



intensity of . When  this is a self-exciting effect, otherwise it represents cross-

excitation. 

The distribution of the exceedances | ,  is conditional. Its scale parameter, | , 

is dependent on the internal history of the process through the  exponential kernel  ,  and 

aims to capture the impact of the size of the extreme events on their subsequent distribution: 

| , .  

 

The conditional intensity in the -th dimension in the multivariate Hawkes-POT model, 

assuming 0 is given by: 

, |
|

|
1

|
. (4)

Under this specification all the parameters with exception of the shape parameter  are 

restricted to be positive. Finally, the log-likelihood for such processes in a range (0, T] is given 

by: 

ln ln | ln | | , (5) 

where the process ≡ ∑  corresponds to the ground process, counting only times of 

occurrence of extreme events in dimension  until time . 

In its general form, this model for  dimensions has a rich structure due to its flexibility in 

permitting different forms of dependence. However, this flexibility is associated with a high cost 

in the number of parameters (4 3 ). For this reason, in Section 3, restricted alternatives of 

this general model are also used to explain the relationship between commodities and currencies, 

and highlight links between extreme risks in the commodity and currency markets. 

  



2.2 Evaluating Value-at-Risk forecasts 

Forecasts from the general and restricted versions of the Hawkes-POT model are used to obtain 

estimates of Value at Risk (VaR) for returns in both markets. The accuracy of these forecasts is 

compared to highlight the importance of dependence in extreme events across both markets. An 

estimate of VaR represents the percentage loss that a portfolio will face over a predefined period 

of time, at a certain confidence level . It can be directly obtained from the intensity of the 

ground process and the parameters of the GPD for the size of the events1:   

| 1
|

1 , 
 

where the superscript for dimension   has been removed for ease of exposition2.  

Four widely used statistical tests are performed to evaluate the accuracy of the VaR forecasts 

from the various versions of the Hawkes-POT model, with three of these tests based on the 

likelihood ratio tests of Christoffersen (1998). The first is the likelihood ratio unconditional 

coverage test ( ) test which determines whether the number of exceptions, or hits, 

I	 	 	   (when the VaR prediction is breached) differ from its expected value at a 

given confidence level	 . The second is a test of independence ( ) that tests whether VaR 

exceptions are independent through time. The third statistic is the likelihood ratio test of 

conditional coverage ( ), which simultaneously checks for independence and coverage. 

Finally, the dynamic quantile test (DQhit) of Engle and Manganelli (2004) is applied, which also 

tests for the presence of any dependence between the hits by defining , (therefore 

Ε 0 . Then, the model to be estimated is 

,	and the null hypothesis Η 0 tested. Tests in the 

subsequent empirical analysis are undertaken at three levels of confidence: 0.95, 0.99, and 0.999. 

  

                                                      
1 The Banking Supervision Committee on Banking proposed in May 2012 to replace the use of VaR by the Expected Shortfall (ES) 
as a risk measure due to its weaknesses in representing regulatory capital requirements. ES measures the expected loss in excess of 

VaR, with ES , VaR 		ds VaR β y , ξu 1 ξ⁄ . Nevertheless, considering that for backtesting 

analysis there is no way to assess the predictive ability of the model as a measure of risk using the ES, the Committee decided to use 
VaR in both periods. 
2 See Herrera and Schipp (2013) for details pertaining to the derivation of this risk measure under the Hawkes-POT model. 



3  Empirical Analysis 

The empirical analysis focuses on Australia and Canada in terms of the co-movements in 

extreme risks between the exchange rates of these countries and the future prices of gold and 

Brent crude oil, respectively. Canada is the only country in the G-7 that is a net exporter of crude 

oil; it exports nearly 100% of its oil to the United States, the main consumer of the commodity 

(Bashar et al., 2013), with Australia the second-largest gold producer worldwide3. 

3.1  Data Description 

The financial series are daily observations obtained from Bloomberg. The analysis focuses only 

on losses, therefore, the negative logarithmic returns of the financial price series	

⁄  are utilized. In order to analyze the predictive ability of the model, the database 

was divided into two periods. The first 20 years are used for estimation and model fit, with 

observations ranging from 4 January 1993 to 31 December 2012. For the backtesting sample, the 

period from 2 January 2013 until 14 August 2014 is used. Table A. 1 presents the descriptive 

statistics for each of the series. The results show the existence of common stylized facts, such as 

an asymmetry in the losses and heavy tails. In addition, the Jarque-Bera and Box-Pierce tests 

show that the returns are not normally distributed and auto-correlation is present in the returns. 

3.2 Threshold Choice 

In both the one-dimensional and multidimensional cases, the choice of the threshold to 

determine what fraction of observations in the tail of the distribution is a difficult issue, with no 

single optimal solution. Even in the case where the observations can be considered to be iid, the 

optimal choice of this threshold is subject to a balance between bias and variance. That is, 

increasing the sample size of extreme events will bias the approximation through the GPD of the 

tail’s distribution, but the variance of the estimates will be reduced. While decreasing this 

proportion increases the variance of the estimators, unbiased parameters are obtained. Most 

techniques for selecting the threshold are based on graphical methods and bootstrap techniques 

(Hill, 1975; McNeil et al., 2005; Scarrott and MacDonald, 2012). The choice, however, is rather 

subjective and no single optimal threshold exists under these approaches. 

In the case of non-iid observations, the literature is even scarcer. For self-exciting models, 

choosing a threshold a priori has generally favored the size of the fraction of observations in the 

                                                      
3 U.S. Geological Survey: Mineral Commodity Summaries, 2014 



tail over the quality of the approximation of the GPD in order to capture the clustering of 

extreme events. For example, Chavez-Demoulin and McGill (2012) use the graphical residual 

life plot technique proposed by Goldie and Smith (1987) and recommend treating between 5% 

and 8% of the sample as extreme events. Herrera (2013) proposes a sensitivity analysis based on 

the mean square error (MSE) to determine the stability of the VaR estimates for different 

confidence levels for a set of thresholds. Based on the results, a suitable threshold is determined, 

with close to 7%, and up to 8% of the sample identified as extreme events. Herrera and Schipp 

(2013) propose using a statistic developed by Reiss and Thomas (2007), which seeks to stabilize 

the shape parameter of the GPD, , leading to a sample size of extreme events close to 8%. 

Similar to Herrera (2013), this research proposes a pragmatic way to determine the threshold. 

The idea is to choose the threshold for the model in Equation 4 which leads allows to the most 

accurate estimates of the VaR (according to the LRuc, LRind, LRcc and DQhit tests.) in-sample. 

It is expected that this method will allow us to obtain better results in backtesting analysis than 

others might. 

Unique thresholds between the 0.90 and 0.94 quantiles are considered for each dimension 

allowing for greater flexibility than would otherwise be the case. A summary of this analysis is 

presented in Table 2. According to these estimates, the threshold that maximizes the accuracy of 

the in-sample VaR for Australia for both the commodity and the currency is the 0.92 quantile.  

For Canada, the selected thresholds are the 0.92 and 0.90 quantiles for the commodity and the 

currency respectively. 

3.3 Selection of the Hawkes-POT Models 

Different forms of the general multivariate Hawkes-POT model, including restricted versions, 

are estimated to examine the nature of the links in extreme risk between the commodity 

(dimension 1) and currency (dimension 2) markets. The models are estimated by maximizing the 

log-likelihood in Equation 5 and the alternatives are compared using the Akaike information 

criterion (AIC). 

 

Model 1, specified in Equation 4 is the most general model and forms a benchmark to which the 

restricted models will be compared. Model 2 restricts 0  meaning that there is 

no influence from the currency market to the commodity market but still retains all of the links 

from the commodity to the currency market. Model 3 also restricts 0 

meaning there is still no effect from currency to the commodity market along with no effect from 



size of the marks in the commodity market back to the size of the marks in the currency market. 

Model 4 restricts 0 meaning that in addition to the previous 

restrictions, there is no effect from the marks in the commodity market back to the intensity of 

extreme events in the currency market. Finally model 5 restricts all interaction between the 

events in the two markets with 0 meaning 

there is no cross-excitation and hence implying two independent univariate models. 

3.4   Empirical Results  

Tables 3 and 4 report the model estimation results for the Australian and Canadian markets 

respectively. For the Australian currency and gold, Models 2 and 3 are very similar though the 

fit of Model 3 is slightly superior. This result indicates that links from the currency to the 

commodity are not required. While the occurrence of events in the commodity market influences 

the intensity of currency events there are no links between the sizes of the events. A similar 

result is found in the case of the Canadian currency and oil where Model 2 provides the superior 

fit. Once again, there is no impact from the currency market to the commodity market, but here 

the size of events in the oil market influence the size of events in the Canadian currency. These 

results confirm the notion that the Australian and Canadian currencies are commodity 

currencies, corroborating the findings of Chan et al. (2011), Chen and Rogoff (2003), Choudhri 

and Schembri (2014), Hatzinikolaou and Polasek (2005) in the context of extreme events as 

opposed to behavior of price levels. In both cases, the performance of the unrestricted general 

Model 1 is reasonably close to the best performing models. While Model 5, the restricted model 

with no cross-excitation (essentially two univariate models) produces the lowest quality fit. 

An important feature of the Hawkes-POT model is that it allows one to distinguish the 

proportion of extreme events that are due to exogenous effects, represented by the immigration 

rates  and , and the proportion of extreme events that are exclusively due to self-excitation 

(  and 	  and cross-excitation (  and 	 . Overall, low immigrant rates are found along 

with higher values of the branching coefficients ( ,  and ). This reveals the importance 

of the dependence between both series, and their own internal history. In Model 3 for the 

Australian case, the immigration rates are 	 0.027	 for gold and 0.031	for the 

Australian dollar, while the branching coefficients are 0.342	, 	 0.287	and  

0.193; this last coefficient indicates the proportion of extreme events in the Australian dollar 

that are caused by extreme losses occurring in the returns of gold.  



In the case of Canada, the immigration rate is higher 0.048 	for oil than for the Canadian 

dollar 0.021 ,	which is mainly due to the global commodity characteristics of oil. In 

addition, the rate of self-excitation is higher for the Canadian dollar 	 0.557  than for oil 

0.213 , while its cross-excitation is insignificant  0.001 .  

Finally, in relation to the GPD function for the marks, the coefficients  and   have high 

values in each setting, which confirms the importance of self-excitation with regards to the 

marks. In particular, for Canada the parameters that relate the rate of occurrence of the extreme 

events and their sizes ( 1.554 and 1.840  show a positive link indicating that the 

higher the intensity, the greater the size of the extreme events. On the other hand, for Australia 

the superior model contains an influence of extreme events in the commodity 0.875  and 

currency 1.605  markets on the size of extreme events in the currency, which means that 

the size of extreme events in the currency market is influenced by losses in both markets. 

Note that all of the selected models consider the parameters  and , which determine the 

representativeness of the marks on the decay of the kernel function. The former corresponds to 

an important characteristic that is generally associated with the proposed methodology. As for 

the decay rates, this is stronger for the currency in the case of Australia, and for the commodities 

in the case of Canada (Australia 0.076; Canada 0.052 . In relation to the tail 

behavior of the distribution functions, the underlying distribution of the marks exhibits a power-

like tail distribution with shape parameters (  and ) greater than zero. 

Moving beyond in-sample model fit, the predictive ability of the models is now evaluated in 

terms of VaR prediction. Table 5 reports the results of the accuracy tests for the in-sample VaR 

estimates. In the Australian case, the most general version, Model 1 with full cross-excitation 

produces very few rejections while Model 5 produces relatively inaccurate estimates of VaR 

leading to numerous rejections. In this case, most of the rejections (not from Model 1) occur in 

the tests of independence of the exceptions (LRind, LRcc and DQhit).  Results for the Canadian 

currency and oil paint a similar picture. Model 1 produces relatively few rejections and Model 5 

the most. Although more rejections are observed in the Canadian case overall, most are for the 

VaR of the oil market. These results are consistent with the estimation results in that models that 

contain linkages in the form of cross-excitation between the markets provide more accurate 

estimates of VaR. Overall, while Model 1 does not quite produce the best in-sample fit, overall 

allowing for the complex structure of cross-excitation is of benefit when predicting extreme risks 

in the commodity and currency markets. 



Figures 1 and 2 present VaR estimates at the 0.99 confidence level for the Australian/gold and 

Canadian/oil markets. Each plot is divided into three panels. In the first two (top to bottom), the 

returns of each commodity and currency are displayed, together with the estimates of the VaR at 

the 0.99 confidence level (black line in the returns panel). Additionally, the crosses on the graph 

highlight VaR violations/exceptions (i.e., the times in which losses were underestimated). The 

third panel shows a bar graph in which the darker color represents times when extreme events 

occurred simultaneously in both marginals. Note, that greater co-movement between the series is 

observed in the latter part of the sample for both the Australian and Canadian cases. This is 

mainly due to the subprime crisis and the subsequent Global Financial Crisis. Overall, the 

Hawkes-POT models effectively capture periods of high volatility across the markets. It is clear 

that the conditional intensities and hence VaR estimates vary across time. The importance of 

cross-excitation from the commodity market to currency markets is clear in that there a number 

of periods where turbulence in the commodity markets is transmitted to the respective 

currencies. This pattern illustrates the benefit of taking the impacts of commodity events into 

account when modelling the risk in currency markets and hence why more accurate predictions 

of VaR are obtained. While this may be the case, there are numerous periods where volatility,  

intensity and VaR increase in the commodity markets in isolation, reflecting the importance of 

self-excitation. From the top two panels, it is clear that the VaR violations do tend to cluster 

somewhat which is consistent with some of the rejections in the tests for dependence observed 

earlier. While this may be the case, violations do not cluster during periods of turbulence which 

indicate that the models produce adequate VaR estimates during such crucial times. 

4  Conclusion 

While there is a well-established literature examining the links between commodity prices and 

exchange rates there is little understanding of how extreme loss events between the two markets 

are linked. To address this issue, this paper proposed a multivariate Hawkes-POT marked point 

process framework for analyzing the dependence in extreme events between commodity and 

currency markets. An advantage of this approach is an arbitrary filter for volatility, which may 

influence the definition of the extreme events, is not required. The application of the Hawkes-

POT framework offers greater insights then simply considering measures such as correlation. 

The empirical analysis here is based on two well-known commodity currencies, the Australian 

and Canadian currencies in relation to movements in gold and crude oil prices respectively. It is 

found that dependence exists in the extreme events across the respective commodity and 



currency markets and both self- and cross-excitation is important. The contribution from cross-

excitation on each of the markets is more important than the arrival of exogenous shocks to 

either the commodity or currency markets in isolation. Links from the extreme events in the 

commodity markets to the occurrence and size of extreme events in the currency market are 

found to be important. Models with cross-excitation provide more accurate risk predictions than 

models that rely solely on self-excitation from their own history. These results are consistent 

with earlier literature that shows there are complex linkages between the two markets and they 

offer participants in these markets a deeper understanding of the links they face. 

A potential avenue for future research is to consider a wider set of representative commodity 

markets in a country to investigate the different links between them and the channels of 

contagion during period of crisis. Another line of research could include time varying parameters 

to capture the behavior of these markets during these turbulent periods of crisis.  Possible 

limitations may be the need for a high number of parameters, which could be restricted in some 

cases to reduce the curse of dimensionality. 
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A   Appendices 

 

 

Table A. 1: Descriptive statistics of the logarithmic returns of the series and the p-value of the Jarque-
Bera  and Box-Pierce tests (10 lags). 

 

 

 

 

Table A. 2. The number of approved statistical tests for each 
country analyzed out of a maximum of 12 at different quantiles to 
select a threshold. Model 1 corresponds to the general 
specification introduced in Equation 4. 

 

 

 

 

 

 

 
 

Mean 
Standard 
deviation 

Min Max Asymmetry
Excess 

Kurtosis 
Jarque 
Bera 

Box-
Pierce 

A
U

S
 

Currency 0.0001 0.0080 -0.07 0.08 -0.30 9.56 0.00 0.00 

Commodity 0.0003 0.0105 -0.08 0.09 0.02 6.60 0.00 0.00 

C
A

N
 

Currency -0.0001 0.0052 -0.04 0.03 0.13 4.14 0.00 0.00 

Commodity 0.0005 0.0209 -0.14 0.13 -0.19 3.15 0.00 0.04 

Model 1 
AUSTRALIA CANADA 

Commodity Currency Commodity Currency 

0.90 11 5 6 12 
0.91 11 5 6 12 

0.92 11 8 7 10 
0.93 10 8 6 10 
0.94 10 4 6 10 



 
M

od
el

 Ground process Generalized Pareto Distribution function 
Commodity Currency Commodity Currency 

                    Log-Lik AIC 

1 0.022 0.345 0.065 0.019 0.582 0.001 0.381 0.001 0.031 0.249 0.243 0.091 0.413 1.362 0.645 0.026 0.379 1.666 0.788 0.176 -3200.9 6441.9

(0.007) (0.076) (0.055) (0.005) (0.075) (0.004) (0.046) (0.001) (0.006) (0.078) (0.106) (0.026) (0.062) (0.369) (0.661) (0.046) (0.053) (0.314) (0.556) (0.048)

2 0.027 0.343  0.023 0.590  0.370 0.001 0.031 0.281 0.201 0.079 0.432 1.556  0.032 0.373 1.758 0.696 0.167 -3202.1 6438.2

(0.006) (0.065)  (0.005) (0.066)  (0.043) (0.001) (0.006) (0.074) (0.095) (0.02) (0.06) (0.317)  (0.047) (0.053) (0.303) (0.521) (0.048)

3 0.027 0.342  0.023 0.590  0.369 0.001 0.031 0.287 0.193 0.076 0.432 1.554  0.032 0.412 1.840  0.148 -3203.0 6438.1

(0.006) (0.065)  (0.005) (0.066)  (0.042) (0.002) (0.006) (0.073) (0.094) (0.018) (0.06) (0.316)  (0.046) (0.047) (0.288)  (0.045)

4 0.027 0.353  0.025 0.571  0.358  0.036 0.337 0.035 0.066 0.432 1.596  0.030 0.403 1.914  0.140 -3205.0 6440.0

(0.006) (0.068)  (0.005) (0.069)  (0.04)  (0.006) (0.076) (0.044) (0.016) (0.06) (0.324)  (0.046) (0.046) (0.291)  (0.046)

5 0.014 0.831  0.019     0.024 0.699  0.041 0.502 2.321  0.041 0.322 3.299  0.001 -3249.4 6522.8
 (0.005) (0.077)  (0.004)     (0.005) (0.074)  (0.008) (0.077) (0.622)  (0.05) (0.042) (0.453)  (0.051)   

Table A. 3:  Results of the Hawkes-POT models for Australia applied to the negative logarithmic returns of the future prices of gold (subscript 1) and the Australian dollar (subscript 2) 
from 4 January 1993 to 31 December 2012. Standard errors are in parentheses. Log-lik corresponds to the log-likelihood, while AIC corresponds to the value of the Akaike information 
criterion. 

 

 

 

 

 

 

 

 

 

 



 
M

od
el

 Ground process Generalized Pareto Distribution function 
Commodity Currency Commodity Currency 

                    Log-Lik AIC 

1 0.053 0.152 0.001 0.069 0.676 1.529 0.413 0.517 0.021 0.564 0.001 0.015 0.447 0.981 0.001 0.067 0.306 1.598 0.695 0.148 -3444.2 6928.4

 (0.007) (0.055) (0.006) (0.024) (0.082) (1.491) (0.07) (0.365) (0.005) (0.073) (0.001) (0.003) (0.043) (0.235) (0.010) (0.033) (0.055) (0.272) (0.542) (0.042)   

2 0.048 0.213  0.052 0.651  0.418 0.396 0.021 0.557 0.001 0.016 0.436 1.099  0.071 0.291 1.605 0.875 0.146 -3445.7 6925.4

 (0.006) (0.051)  (0.013) (0.073)  (0.069) (0.396) (0.006) (0.073) (0.001) (0.004) (0.043) (0.238)  (0.033) (0.055) (0.27) (0.634) (0.042)   

3 0.047 0.217  0.048 0.651  0.485 0.019 0.025 0.489 0.001 0.020 0.433 1.123  0.072 0.317 1.812  0.134 -3450.3 6932.6

 (0.006) (0.052)  (0.013) (0.073)  (0.045) (0.099) (0.005) (0.053) (0.001) (0.004) (0.044) (0.247)  (0.033) (0.043) (0.244)  (0.042)   

4 0.047 0.217  0.048 0.651  0.485  0.025 0.489 0.001 0.020 0.433 1.123  0.072 0.317 1.812  0.134 -3450.3 6930.6

 (0.006) (0.052)  (0.013) (0.073)  (0.045)  (0.005) (0.053) (0.001) (0.004) (0.044) (0.247)  (0.033) (0.043) (0.244)  (0.042)   

5 0.029 0.648  0.031     0.013 0.884  0.015 0.398 2.542  0.008 0.255 2.982  0.008 -3500.3 7024.5
 (0.006) (0.084)  (0.008)     (0.005) (0.062)  (0.003) (0.051) (0.474)  (0.04) (0.045) (0.38)  (0.039)   

Table A. 4:  Results of the Hawkes-POT models for Canada applied to the negative logarithmic returns of Brent crude oil (subscript 1) and the Canadian dollar (subscript 2) from 4 
January 1993 to 31 December 2012. Standard errors are in parentheses. Log-lik corresponds to the log-likelihood, while AIC corresponds to the value of the Akaike information 
criterion. 

 



    Australia Canada 
      Excep LRuc LRind LRcc DQhit Excep LRuc LRind LRcc DQhit 

M
od

el
 1

 Commodity 
0.95 224 0.08 0.07 0.04 0.07 258 0.73 0.01 0.03 0.01 
0.99 55 0.49 0.15 0.28 0.15 50 0.94 0.01 0.05 0.01 

0.999 6 0.67 0.90 0.91 0.90 7 0.41 0.89 0.71 0.89 

Currency 
0.95 238 0.41 0.05 0.11 0.06 236 0.28 0.99 0.55 0.99 
0.99 56 0.41 0.03 0.06 0.03 44 0.35 0.40 0.45 0.40 

0.999 14 0.00 0.78 0.00 0.78 8 0.23 0.87 0.48 0.87 
M

od
el

 2
 Commodity 

0.95 226 0.11 0.08 0.06 0.08 254 0.93 0.00 0.01 0.00 
0.99 57 0.34 0.17 0.25 0.17 48 0.72 0.01 0.04 0.01 

0.999 6 0.67 0.90 0.91 0.90 7 0.41 0.89 0.71 0.89 

Currency 
0.95 243 0.63 0.02 0.06 0.02 242 0.49 0.47 0.61 0.48 
0.99 57 0.34 0.03 0.06 0.03 54 0.63 0.02 0.06 0.02 

0.999 11 0.02 0.83 0.07 0.83 12 0.01 0.81 0.03 0.81 

M
od

el
 3

 Commodity 
0.95 223 0.07 0.06 0.03 0.07 254 0.93 0.00 0.01 0.00 
0.99 57 0.34 0.17 0.25 0.17 48 0.72 0.01 0.04 0.01 

0.999 6 0.67 0.90 0.91 0.90 7 0.41 0.89 0.71 0.89 

Currency 
0.95 241 0.54 0.03 0.09 0.04 242 0.49 0.47 0.61 0.48 
0.99 59 0.22 0.04 0.05 0.04 54 0.63 0.02 0.06 0.02 

0.999 12 0.01 0.81 0.03 0.81 12 0.01 0.81 0.03 0.81 

M
od

el
 4

 Commodity 
0.95 224 0.08 0.07 0.04 0.07 255 0.88 0.00 0.01 0.00 
0.99 56 0.41 0.16 0.27 0.16 49 0.83 0.01 0.04 0.01 

0.999 6 0.67 0.90 0.91 0.90 7 0.41 0.89 0.71 0.89 

Currency 
0.95 238 0.41 0.03 0.06 0.03 238 0.34 0.95 0.63 0.95 
0.99 56 0.41 0.00 0.01 0.00 45 0.43 0.42 0.53 0.42 

0.999 13 0.00 0.79 0.01 0.79 7 0.41 0.89 0.71 0.89 

M
od

el
 5

 Commodity 
0.95 229 0.16 0.03 0.03 0.03 245 0.62 0.00 0.01 0.00 
0.99 47 0.66 0.47 0.69 0.47 45 0.43 0.07 0.14 0.07 

0.999 6 0.67 0.90 0.91 0.90 6 0.68 0.90 0.91 0.90 

Currency 
0.95 220 0.04 0.02 0.01 0.03 219 0.03 0.15 0.03 0.16 
0.99 50 0.99 0.00 0.01 0.00 47 0.61 0.00 0.00 0.00 

0.999 6 0.67 0.90 0.91 0.90 7 0.41 0.89 0.71 0.89 

Table A. 5: VaR accuracy tests for the Hawkes-POT models for the in-sample period. Entries in 
the rows are the significance levels (p-values) of the respective tests, with the exception of the 
confidence level  for the VaR and the number of exceptions (Excep).  

  



 

      Australia Canada 
      Excep LRuc LRind LRcc DQhit Excep LRuc LRind LRcc DQhit 

M
od

el
 1

 Commodity 
0.95 18 0.60 0.79 0.90 0.83 25 0.40 0.22 0.30 0.23 
0.99 3 0.60 0.01 0.00 0.01 6 0.40 0.70 0.70 0.70 

0.999 2 0.10 0.00 0.00 0.00 2 0.10 0.89 0.20 0.89 

Currency 
0.95 18 0.60 0.79 0.90 0.79 28 0.10 0.42 0.20 0.43 
0.99 2 0.30 0.89 0.50 0.89 5 0.70 0.73 0.90 0.73 

0.999 1 0.40 0.94 0.70 0.94 0 0.40 1.00 0.70 1.00 

M
od

el
 2

 Commodity 
0.95 22 0.70 0.88 0.90 0.84 25 0.40 0.22 0.30 0.23 
0.99 3 0.60 0.01 0.00 0.01 6 0.40 0.70 0.70 0.70 

0.999 2 0.10 0.89 0.20 0.89 0 0.40 1.00 0.70 1.00 

Currency 
0.95 16 0.30 0.62 0.60 0.63 27 0.20 0.85 0.40 0.85 
0.99 1 0.10 0.94 0.20 0.94 4 0.90 0.78 1.00 0.78 

0.999 1 0.40 0.94 0.70 0.94 0 0.40 1.00 0.70 1.00 

M
od

el
 3

 Commodity 
0.95 12 0.10 0.41 0.10 0.40 25 0.40 0.22 0.30 0.23 
0.99 1 0.10 0.94 0.20 0.94 6 0.40 0.70 0.70 0.70 

0.999 1 0.40 0.94 0.70 0.94 2 0.10 0.89 0.20 0.89 

Currency 
0.95 19 0.80 0.26 0.50 0.27 28 0.10 0.42 0.20 0.43 
0.99 2 0.30 0.89 0.50 0.89 5 0.70 0.73 0.90 0.73 

0.999 1 0.40 0.94 0.70 0.94 0 0.40 1.00 0.70 1.00 

M
od

el
 4

 Commodity 
0.95 12 0.10 0.41 0.10 0.40 27 0.20 0.33 0.30 0.34 
0.99 1 0.10 0.94 0.20 0.94 6 0.40 0.70 0.70 0.70 

0.999 1 0.40 0.94 0.70 0.94 3 0.00 0.86 0.00 0.86 

Currency 
0.95 20 1.00 0.32 0.60 0.33 27 0.20 0.36 0.30 0.37 
0.99 2 0.30 0.89 0.50 0.89 4 0.90 0.78 1.00 0.78 

0.999 1 0.40 0.94 0.70 0.94 0 0.40 1.00 0.70 1.00 

M
od

el
 5

  Commodity 
0.95 12 0.10 0.41 0.10 0.40 27 0.20 0.33 0.30 0.34 
0.99 1 0.10 0.94 0.20 0.94 6 0.40 0.70 0.70 0.70 

0.999 1 0.40 0.94 0.70 0.94 3 0.00 0.86 0.00 0.86 

Currency 
0.95 17 0.50 0.17 0.30 0.18 27 0.20 0.36 0.30 0.37 
0.99 1 0.10 0.94 0.20 0.94 4 0.90 0.78 1.00 0.78 

0.999 1 0.40 0.94 0.70 0.94 0 0.40 1.00 0.70 1.00 

Table 6:  VaR accuracy tests for the Hawkes-POT models for the backtest period. Entries in the 
rows are the significance levels (p-values) of the respective tests, with the exception of the 
confidence level  for the VaR and the number of exceptions (Excep.). 



 

Fig. A.1: Estimated 99%-VaR (black line) for the Hawkes-POT model applied to the negative log returns of the 
future gold prices (Top panel) and the Australian dollar (middle panel) in the in-sample period (from 4 January 1993 
to 31 December 2012). The bottom panel shows a barcode plot with light colors indicating extreme events in the 
commodity market and the grey indicating an extreme event occurring in the currency. The dark black color 
represents a simultaneous extreme event in the two markets. 



 

Fig. A. 2: Estimated 99%-VaR (black line) for the Hawkes-POT model applied to the negative log returns of the Brent 
crude oil prices (Top panel) and the Canadian dollar (middle panel) in the in-sample period (from 4 January 1993 to 
31 December 2012). The bottom panel shows a barcode plot with light colors indicating extreme events in the 
commodity market and the grey indicating an extreme event occurring in the currency. The dark black color 
represents a simultaneous extreme event in the two markets. 
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