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Abstract 

The Australian Financial System Inquiry (FSI) has identified ways to improve the efficiency 

and resilience of the Australian banking system. In particular, bank capital levels are 

expected to be unquestionably strong. However, limited empirical guidance on the size of 

such buffers exists. We analyse the impact of increased capital buffers on system resilience 

based on confidential data for Australian banks from 2002 to 2014 provided by the Australian 

Prudential Regulation Authority and annual public accounts from 1981 to 2014 for the top 

four banks. First, the estimation of banks’ credit losses reveals that future loss rates are 

positively related to past loss rates, lagged loan growth and are negatively related to the GDP 

growth rate, deposit ratio, and bank size. Second, by decomposing the loss rates into 

systematic and systemic model residuals, we simulate distributions of bank losses and 

financial system losses in Australia for future periods. We quantify the size of capital buffers 

required to significantly reduce systemic losses. 
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1. Introduction  

System resilience refers to the ability of financial institutions to withstand plausible 

shocks, in unstable times, whilst continuing to provide critical services to the markets 

(Financial System Inquiry, 2015)
4
. Since loan portfolios are the largest and most important 

asset class for Australian authorised deposit-taking institutions (ADIs), the aggregation of 

credit losses across banks ultimately lead to losses for the financial system as a whole 

(henceforth, systemic losses). Although system resilience has supported economic growth in 

Australia in recent years, an analysis further back in time reveals that Australian banks were 

exposed to a severe economic downturn in 1991, which suggests that the Australian financial 

system may not be immune against such downturns.  

In this paper, we analyse the dynamics of loan loss rates and the interaction of such 

dynamics with bank’s capital buffers, loan loss rates and system resilience. Capital buffers 

are the difference between the economic capital of banks and the minimum capital 

requirements, which are supervised by the Australian Prudential Regulation Authority 

(APRA). In 2013 and 2014, the Australian Financial System Inquiry (FSI) mandated by the 

Australian government identified ways to improve the efficiency and resilience of the 

Australian banking system. The FSI has recommended to increase regulatory capital in 

particular areas such as mortgage loans for internal-ratings based banks and to strengthen 

banks’ capital buffers in general. We examine the ways in which capital may support system 

resilience through a selection of FSI recommendations, including (i) set capital standards 

such that ADI capital ratios are unquestionably strong; (ii) enhance loss absorbing and 

recapitalization capacity; and (iii) narrow mortgage risk weight differences. All of these 

recommendations require greater capital adequacy and higher capital buffers in banks. 

This paper assesses the impact of higher capital buffers, relative to the current 

prudential requirements, on financial system resilience given by the FSI recommendations. 

To date there is limited research on the interactions between regulatory capital and financial 

system resilience, especially for a highly concentrated banking system like that in Australia. 

We use an innovative approach based on the earlier work of Roesch and Scheule (2016) to 

model credit losses and to simulate observable information to measure financial system 

resilience in Australia. This approach captures the extent of systemic risk from the joint 

exposure of financial institutions to systemic shocks through similar asset portfolio 

                                                        
4 For further details and a complete list of FSI recommendations, see http://fsi.gov.au. 
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characteristics. The aggregation of such systematic risks across banks leads to systemic risk 

within the Australian financial system. Hence, we decompose bank loan loss rates into 

systematic and systemic model residuals to simulate the distributions of bank losses and 

systemic losses for future periods. The systematic risk factor accounts for the non-

diversifiable risk that relates to a bank’s loan portfolio whilst the systemic risk factor captures 

the risk that is common to all banks in a system. Both factors are conditional on loan loss 

provisioning models and hence a reflection of model risk.  

The academic contributions of this paper are as follows. Firstly, we provide empirical 

evidence on the role of loan loss dynamics and capital buffers in supporting the financial 

system resilience of Australia. This is important as the digitalization of data on the Australian 

banking industry started around 2000. Much of our knowledge is based on years thereafter, 

which is a period in which Australia has experienced persistent growth without a severe 

economic downturn. However, since 1981, Australia has experienced three episodes of low 

GDP growth, which were 1991, 2000 and 2008 with a GDP growth rate of -1%, 1.1% and 

1.5%, respectively. The downturn in 1991 is not included in most existing studies. To the best 

of our knowledge, this study is the first that analyses the systemic risk of the Australian 

banking system whilst incorporating the downturn data from 1981. The extended data allows 

us to analyse the patterns and prediction of the bank’s loss rates during crises, which could be 

very different to that in tranquil times (Danielsson, 2002). We compare the role of economic 

downturns on the parameterization of a model that explains future loss rates by contrasting 

the outcomes based on APRA data starting in 2002 and hand-collected annual data for the top 

four Australian banks since 1981. As regulatory capital is reported, the paper analyses the 

role of capital buffers in excess of regulatory capital. 

Secondly, we find that Australian bank loss rates are positively related to past loss 

rates, lagged loan growth and are negatively related to the GDP growth rate, deposit ratio, 

and bank size. Hence, the paper confirms that the results found in previous literature using 

US data (see Laeven and Majnoni, 2003; Bikker and Metzmakers, 2005; and others) also hold 

for the Australian financial system. 

Thirdly, we provide a sensitivity analysis of system resilience by using banks’ capital 

buffers. We are the first to analyze the role of capital buffers as we have access to APRA data 

on regulatory capital which is a key constituent, while most other studies rely solely on public 

accounts, which state economic capital as the combination of regulatory capital and capital 

buffers. The size of the Australian financial system protection schemes is measured by 
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computing the absolute losses (in excess of capital buffers) in the system that are not 

explained by loan provisioning models and hence a reflection of model risk. Specifically, we 

examine two main risk measures – Value-at-Risk (VaR) and Conditional Value-at-Risk 

(henceforth, Expected Shortfall). These measures are useful for assessing the minimum 

adequacy and thus the size of protection schemes necessary for creditors. The analysis of the 

systemic losses with regard to banks’ capital buffers allows us to assess the impacts of FSI 

recommendations on the strength of the overall financial system. Financial system protection 

schemes such as the Australian Financial Claims Scheme can be analysed in terms of their 

adequacy and costs transferred to stakeholders, based on such metrics. The Australian 

government has recently decided against a transfer of such costs from taxpayers to banks. 

The paper proceeds as follows. Section 2 summarises the main strands of the relevant 

literature and hypotheses that motivate the current study. Section 3 outlines the data. Section 

4 describes the research design, and presents main empirical results and robustness checks. 

Section 5 concludes the paper. 

 

2. Related literature and hypothesis development 

There are two distinct strands of literature that are related to this paper: that on explaining 

bank’s loan loss rates and that on the measurement of systemic losses. Our paper contributes 

to the current body of knowledge by bridging the gap between these two strands to provide a 

comprehensive analysis on their interactions. 

 

2.1. Determinants of bank’s credit losses 

Since system-wide risk can be measured by aggregating individual bank risk, a major 

strand of literature focuses on understanding what determines bank risk and credit losses. 

Prior studies use stock measure of loan loss provisions, which are recorded on banks’ balance 

sheets as a proxy for loan losses (for instance, Gizycki, 2001; Esho and Liaw, 2002; 

Cummings and Durrani, 2014). According to Ahmed et al. (1999), loan loss provisions are 

accounting accruals to adjust banks’ loss reserves and hence, reflect expected future losses on 

the loan portfolios. In addition, these accruals are often used for capital management, 

whereby increases in capital correspond to decreases in loan loss provisions.  
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Whilst loss provision accounting provides a good indication on the credit portfolio’s 

quality, it is often criticized for its unreliability due to the discretionary nature of a bank’s 

provisioning practices. Therefore, it is difficult to capture the dynamics of this variable using 

a structural theory (Balboa, Lopez-Espinosa and Rubia, 2013). Loan loss provisions are 

reported as a flow variable in the income statement and as a stock variables on the balance 

sheet. A stock measure does not accurately reflect the change in loan loss provision as it can 

be declining in the current period due to some asset write-offs in earlier years even when new 

bad loans incurred (Hess et al., 2008 and 2009). Further, the use of stock measure may dilute 

our econometric results as it aggregates over provisions generated over multiple periods. We 

address this issue by using the flow measure as opposed to the stock variable of loan loss 

provisions. Our choice is consistent with Hess et al. (2009).  

The role of provisioning of loan losses in a regulatory capital framework has been 

examined in several international studies. Laeven and Majnoni (2003) use a sample of 45 

countries and find that banks tend to postpone provisioning until negative economic 

conditions are already set in. Similarly, such findings are supported by Bikker and 

Metzemakers (2005). Using both annual provisions and cumulative loss reserves of 29 OECD 

countries, Bikker and Metzemakers (2005) observe a clear relationship between bank’s 

provisioning and the business cycle. The pro-cyclical behaviour in banks’ provisioning 

implies that banks increase their provision for bad loans during economic downturns, which 

is inconsistent with the regulatory objective of providing a forward-looking cover for the 

realization of risk. The evidence on banks’ pro-cyclical provisioning behaviour remains 

relevant in the Basel regulatory framework and the FSI capital recommendations to support 

system resilience. Although Australia weathered the GFC well partly due to the sound 

prudential supervision of ADIs, banks may delay their provisions for bad loans until it is too 

late.  

It has been universally accepted that the growth of bank lending is an important 

determinant of bank’s riskiness. Using a global sample of 16 major countries (including US, 

European countries and Japan) over 1997-2007, Foos, Norden and Weber (2010) find that 

past loan growth, up to three years, has a significant and positive impact on banks’ loan loss 

provisions. Further, the provisioning of loan losses is likely to be time persistent.  

Such results are also evident in the literature on Australian banking system. Hess, 

Grimes and Holmes (2009) study the determinants of credit losses at 32 Australasian banks 

over 1980-2005. They conclude that loan growth is strongly related to subsequent credit 
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losses in the next two to four years, with evidence of income smoothing patterns. Cummings 

and Durrani (2014) examine the effects of the Basel Accord’s capital requirements on the 

loan-loss provisioning practices of 22 Australian banks. The authors argue that internal-

ratings based (IRB) banks use surplus regulatory capital to support their specific and general 

provisions after the adoption of the IRB framework. More recently, Rodgers (2015) uses 

public annual financial reports of 26 Australian banks from 1980 to 2013 to study credit 

losses in Australia. Their results indicate that the lending to businesses was the main driver of 

the credit losses during the 1990s recession and the GFC. 

These past studies have focused on prediction of loss rate for short horizons, usually 

over a one-year term. One aspect that differentiates this paper from those works is our 

assessment of the determinants for multiple year loss rates. Banks respond to increased credit 

and risk with some delays, and the loan loss rates can be impacted to varying degrees over the 

time. In light of the broad literature on loan loss provisioning, our first hypothesis is as 

follows. 

 

H1. Multi-year banks’ loss rates are time persistent and are determined by lagged 

loss rates, past financial ratios and macro-economic variables. 

 

2.2. Systemic risk and capital regulation 

Systemic risk is related to the financial system and can cause major disruptions to the 

real economy, leading to severe output losses (Acharya et al., 2010; FSI, 2015). Several 

theoretical studies investigate the contribution of individual bank’s risk to systemic risk. 

Acharya, Pedersen, Phillippon and Richardson (2010) propose to measure a bank’s 

contribution to systemic risk by the Systemic Expected Shortfall (SES). They find that SES is 

positively related to bank’s leverage and the expected loss in the tail of the system’s loss 

distribution. Similarly, Huang, Zhou and Zhu (2011) assess the measure of individual bank’s 

contribution to systemic risk. The paper develops a systemic risk indicator, which is the price 

of insurance against systemic financial distress. In this view, the marginal contribution of 

each bank is additive and hence, macro prudential tools can be used at individual bank levels 

to oversee the whole system. Consequently, the credit losses experienced by banks can be 

aggregated to the system loss that poses potential risks to the broader society.  
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One of the main sources of systemic risk is bank failure. Kupiec and Ramirez (2013) 

use a vector autoregressive framework to show that bank failures have a statistically and 

economically important negative effect on industrial production and aggregate output. Using 

US data from 1900 to 1930, their findings imply that in the absence of government 

interventions the negative effect of banking system distress can last for at least 10 quarters. In 

addition, other studies by Wicker (2000) and Calomiris and Mason (2003) also examine the 

causes of banking system distress. Wicker (2000) highlights that the size of failed institutions 

is an important factor in contributing to system distress, while Calomiris and Mason (2003) 

relate the timing of individual bank failures to individual banks’ characteristics, changing 

local, regional, and national economic environment for Fed member banks.  

The impact of systemic risk on the real economy is often measured by examining the 

interconnections between the financial markets and other industry sectors. Dungey, Lucani 

and Veredas (2014) use a sample of 500 US firms over the period 2003-2011 to measure the 

interconnectedness between the banking sector and insurance firms. They argue that the 

insurance firms also have substantial systemic risk through their connections with the 

financial industry and real economy while banks are found to have the most systemic risk. 

Apart from the works on the US markets, the extant literature on the Asian countries 

has focused on market-based approach to measure systemic risk. Using equity price 

information, Fong et al. (2011) assess the interdependence of 12 Hong Kong banks by 

estimating systemic risk (CoVaR). In a similar method, Wong et al. (2011) examine the 

systemic risk of the Hong Kong banking sector in both time and cross-section dimensions 

using the procyclicality of loan loss provisioning and Merton default probability, 

respectively. In a sample of international banks (with Asian economies account for more than 

30%), Zhang et al. (2013) analyze whether four market measures for systemic risk are useful 

in signaling financial crises in the early stages. They find that size is the most consistent 

proxy for systemic significance. Roesch and Scheule (2016) develop an econometric model 

to analyse the systemic risk in relation to bank lending for Asian economies. Using a network 

analysis, Dungey, Lucani, Matei and Veredas (2015) construct a systemic risk index from 

different sectors in the Australian economy from 2004 to 2013. They show that there is a high 

degree of interconnectedness between the financial and mining sectors, and that this 

interconnection increased during the economic downturn from 2008. In terms of systemic 

importance, they confirm the consistently high systemic risk ranking of the four major 

Australian banks. This highlights the dominance of financial sector firms in the real 



-8- 
 

economy.  In a similar spirit, Anuriev and Panchenko (2015) construct a network of financial 

dependencies between 8 publicly traded Australian banks, other domestic sectors, and 

international markets over the period 2000–2014. They show that there are strong direct links 

between the big four Australian banks and the real economy via their financial services. 

Furthermore, the Australian banks are strongly connected to the Asian economies and the 

authors conclude that the banking sector is important in regional shock transmission. Another 

recent study by Snethlage (2015) applies the Black-Scholes framework to measure systemic 

risk for the four largest banks in New Zealand. The paper finds that the price of the risk that 

banks will fail is estimated to be $170-$340 million per annum.  

From a macro-prudential perspective, raising the level and quality of capital in the 

system is proposed as a way to ensure effective loss absorption capacity. To address the 

systemic risk, there has been greater effort by the Basel Committee to examine its two main 

dimensions, procyclicality and interconnection among the banks (Caruana, 2012). The 

countercyclical buffer aims to mitigate the former dimension while requirement of higher loss 

absorption capacity aims at resolving the latter. From January 2013, the new Basel III 

framework introduced a countercyclical buffer of between 0 and 2.5% of risk weighted assets 

(RWA), in addition to a conservation buffer for common equity Tier 1 capital of 2.5%, to 

protect the banking system (Basel Committee on Banking Supervision, 2011 and 2014). This 

can be seen as a response to the pro-cyclical features in bank provisioning and lending. The 

recent FSI recommendations emphasize the need to heighten banks’ loss absorbency capacity 

and supervision of systemically important financial institutions whose failure would have 

more pronounced impacts on the financial system.  

Overall, we propose the following hypothesis: 

 

H2: Higher capital buffers reduce banks’ credit losses and hence, lower the systemic losses 

for the society. 

 

3. Data and variables 

3.1. Data 

We use reported financial data for 25 Australian ADIs from 2002 to 2014. The data 

has been collected and provided by APRA. All balance sheet and profit and loss items are 
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analyzed at the quarterly frequency and relates to the end of each corresponding quarter. We 

analyse the sample banks by applying two data filters. First, we exclude banks with less than 

15 quarters of observations, or missing values for the entire sample period. Second, we 

exclude financial companies that are classified as building societies, credit unions and foreign 

branch banks. These filter rules have a minor impact on the economic significance of our 

findings. In the last quarter of the data (2014:Q4), the data includes 161 ADIs with total 

assets of $3.2 trillion
5
. After the application of filter rules we analyse 19 banks with 90% of 

the original total assets. 

The first filter allows us to have sufficient and reliable quarterly observations for our 

simulation study. Following Cummings and Durrani (2014), the second filter restricts our 

analysis to only licensed banks, including domestic banks and those that have foreign 

subsidiaries. In addition, we drop outliers and extreme values by eliminating financial ratios 

and regulatory capital variables at the 1
st
 and 99

th
 percentiles, except the loss rates for our 

stage one specifications
6
 and total assets for stage two simulations. Since banks entered and 

exited the market throughout the period, the final sample is an unbalanced panel data that 

consists of 25 banks
7
, yielding 1,168 bank quarters.  

Although the APRA data offers detailed information about the regulatory capital 

position of the ADIs, the data is only available for the period 2002-2014. This limits our 

ability to measure the systemic risks during periods of economic downturn. To address this 

issue, we compile an extended dataset backdating from 1981 to 2014. This dataset is hand 

collected from 1981 using banks’ public annual reports, which is then reconciled with the 

Ausaspect database. We are able to collect data on the top four banks starting from 1981 to 

2014: the Commonwealth Bank of Australia (CBA), Westpac Banking Corporation (WBC), 

Australia and New Zealand Group Limited (ANZ) and National Australia Bank Limited 

(NAB). The APRA data relates to the licensed deposit-taking institution while the annual data 

relates to the consolidated accounts. Despite this difference we find consistent financial ratios 

for the individual banks and two data sources indicating that the consolidated operations of 

the four largest banks is dominated by the operations of the licensed bank entity. 

                                                        
5
 The value of total Australian banking assets is obtained from APRA data. It is calculated as the sum 

of all financial firms’ assets as of December 2014. 
6
 We choose not to winsorise the loss rates, as we want to capture these variables’ dynamics, 

especially when there is a negative shock during the crisis. 
7
 After applying two filter rules, our sample consists of 25 banks. However, only 19 banks remain as 

at the end of December 2015, out of those 25 banks. Hence, our loss estimation relies on the full 

sample of 25 banks, while the simulation study is based on the remaining 19 banks. 
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Furthermore, we annualize all our quarterly financial ratios (from APRA). Figures 1 and 2 

reveal the patterns in total assets and loss rates over the sample period for quarterly and 

annual data, respectively. The shaded grey area depicts the periods when the GDP growth 

rate is below 2% in Australia, representing the economic downturns in the market. 

 

(insert Figure 1 about here) 

(insert Figure 2 about here) 

 

As seen from Figure 1, the loss rates increased from about 0.12% per year in the pre-

GFC period to 0.5% per year in late 2008. The total assets follow an upward trend, which is 

consistent with our priors. As of 2014, the sample banks account for $2.9 trillion, of which 

the four major banks attribute about $2.5 trillion. 

It is important to note that the annual report data collect banks’ financials on a 

consolidated level, including foreign branches and subsidiaries while the APRA data reports 

ADIs’ financials only. Accordingly, the total assets from Figure 2 are higher than the reported 

values in Figure 1. Overall, the same patterns in banks’ loss rates and assets are shown in 

Figure 2. Interestingly, the increase in loss rate during the recent GFC is nowhere near as 

dramatic as the one observed during the Australian banking crisis in 1991. The average 

yearly loss rates jumped from 0.28% in 1986 to 1.42% in 1992. This fact reinforces the 

importance of our analysis in investigating the banks’ loss rates and systemic risk using data, 

which covers the major economic downturn in 1991.  

 

3.2. Variables 

3.2.1. Dependent variables for regressions 

The first research question is set to study the determinants of individual bank’s future 

loss rates. The dependent variables for our regressions are bank’s loan loss rates. For both 

APRA and annual data, we define loss rates as the flow measure of provisions for credit 

impairments.
8
 Henceforth, we refer to this variable as loss rate for short. To examine the 

                                                        
8
 Note that this respective variable is referred as ‘Charge for bad and doubtful debts (ARF_330_0_L) 
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predictions of loss rates at different time intervals, our annualised loss rates are measured for 

one quarter (𝐿𝑅𝑖,𝑡), one year (𝐿𝑅𝑖,𝜏=1), two year (𝐿𝑅𝑖,𝜏=2) and three year (𝐿𝑅𝑖,𝜏=3) horizons.  

3.2.2. Covariates for regressions 

We are guided by extant studies in our selection of explanatory and control variables 

for the loss rates. The contemporaneous loss rate (𝐿𝑅𝑖,𝑡) captures the information about the 

bank’s credit riskiness up to the current time. The choice is also based on the assumption that 

other determinants that are related to the loss rates would be embedded in the current loss 

measures (Foos, Norden and Weber, 2010). Further, banks are unlikely to change their loan 

provisioning practices frequently on a quarterly basis, and this implies that previous quarters’ 

loss rates have relevant information for future credit losses. Hence, we expect that current 

loss rates tend to co-move with next period’s loss rates, suggesting a positive relation.  

Liquidity ratio (𝐿𝐼𝑄𝑖,𝑡) measures the bank’s liquidity position. The relation between 

banks’ liquidity and credit losses is expected to be negative, as banks with larger holdings of 

liquid assets would face lower credit losses from holding fewer loans on their asset side. Loan 

growth is a proxy for bank’s credit supply.  

Following Foos, Norden and Weber (2010), we use the lagged value of loan growth 

(𝐿1_𝐿𝑂𝐴𝑁_𝐺𝑅𝑖,𝑡) as opposed to current loan growth to account for the possibility that banks 

may not realize the losses relating to their loan portfolio until after a period of time. For 

completeness, we also include current loan growth in the estimation model but the coefficient 

is not significant
9
. We expect lagged loan growth to be positively related to loss rates. Since 

banks tend to expand credit supply by relaxing underwriting standards, this leads to a greater 

risk exposure that is attached with increased loan growth and hence, resulting in an increase 

in credit loss rates.  

To control for the bank’s funding structure and systemically importance, we include 

deposit funding (𝐷𝐸𝑃𝑖,𝑡) and size (𝑆𝐼𝑍𝐸𝑖,𝑡). The expectations of these variables’ coefficients 

are unclear. It could be argued that more deposit-funded banks would have higher loan loss 

rates due to their greater capacity to originate more loans. Alternatively, banks with higher 

deposit funds could be safer banks and therefore, they incur less loan losses.  Large banks 

could either engage in riskier loans, which leads to a positive relation between bank size and 

                                                        
9
 These unreported results are available upon request. 
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loan losses, or they could be subject to greater market scrutiny and prudential monitoring that 

make them have future lower loss rates.  

Consistent with the literature (Kim and Kross, 1998; Ahmed et al., 1999; Bikker and 

Metzemakers, 2005), we also control for bank’s capital position (𝐶𝐴𝑃𝑖,𝑡) and profitability 

(𝑃𝑅𝑂𝐹𝐼𝑇𝑖,𝑡) for completeness. Although it would be best to use banks’ actual regulatory 

capital ratios, such variables are not available in the annual data. As we aim to compare the 

loss outcomes based on the APRA and annual samples, we choose a simplified definition of 

capital ratio as total equity to assets to ensure that the results are comparable and consistent.  

To capture the effect of the business cycle on banks’ credit losses we include GDP 

growth (𝐺𝐷𝑃_𝐺𝑅𝑡) and change in unemployment rate (𝑈𝑁𝐸𝑀𝑃_𝐺𝑅𝑡). We expect to observe 

a negative relationship between GDP growth and loss rates, but a positive relationship 

between unemployment rate and loss rates.  

3.2.3. Capital variables for simulations 

The APRA enforces capital adequacy of all Australian incorporated banks. The ADIs 

are required to hold total economic capital of at least eight per cent of their risk-weighted 

assets. In 2013, the Australian Prudential Regulation Authorities (APRA) implemented Basel 

III and the requirements for both quality and quantity of regulatory capital have increased. As 

a result, the composition of Tier 1 and Tier 2 also changes. Tier 1 capital must be at least 6% 

(of RWA), of which 4.5% must be from common equity. 

For the simulation study, we require detailed information on the banks’ regulatory 

capital in the APRA data, including Tier 1 and Tier 2 capital and total risk-weighted assets. 

Tier 1 capital comprises of high-quality capital element that a bank can allocate to losses 

without bankruptcy risk, such as core capital and retained earnings, while the sum of book 

value of Tier 1 and Tier 2 capital represents the economic capital that banks actually hold. 

We define the regulatory capital as the minimum level of capital that banks are required to 

hold, which is 8% of the bank’s total risk-weighted assets. The capital buffer includes the 

countercyclical and capital maintenance buffers under Basel III which may cover credit 

losses in severe economic downturns. In our study, we assume that the whole capital buffer is 

available for loss absorption should loan losses incur.  Therefore, bank’ capital buffer 

(𝐶𝐴𝑃_𝐵𝑈𝐹𝐹𝐸𝑅𝑖𝑡) is calculated as the difference between the book value of economic capital 

and the regulatory capital threshold. The values represent the additional capital that banks can 

draw from when large loan losses incur. Note that we relate loss rates and capital buffers to 
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total assets and hence, report these as well as the capital buffer constituents (economic and 

regulatory capital) to total assets.  

We summarise the definition and data source for all variables used in this study in 

Table 1.  

(insert Table 1 about here) 

Table 2 displays the descriptive statistics for the main variables of interest for the 

APRA and annual datasets for the full sample in Panel A and the Pearson correlation matrix 

of these variables in Panel B. From column I of Panel A, the annualized quarterly loss rate 

averages at 0.24% while the mean loss rate per bank over the next three years amounts to 

0.25% per annum. Loan growth is measured as the annualized percentage change in loans 

relative to the previous year. We report the first lag of loan growth over a year as 10.11%. 

Capital ratio is defined as total equity to total assets.  

The correlation estimates in Panel B indicates that future loss rates are highly 

correlated with the loss rates over the last periods, providing evidence to support our first 

hypothesis. However, the correlation coefficient of 0.56 between 𝐶𝐴𝑃𝑖,𝑡  and 𝑃𝑅𝑂𝐹𝐼𝑇𝑖,𝑡  is 

relatively high, which suggests that their inclusion in the estimation model may result in 

multicollinearity. This is discussed in the next section. 

In addition, we divide the sample banks into two groups, IRB and non-IRB banks, and 

report the statistics of these groups for the whole period and as of the last quarter of 2014. 

The subsample of IRB banks consists of the major four banks and Macquarie Bank while the 

remaining banks are classified as non-IRB banks. As reported in Panel C and D, non-IRB 

banks hold higher capital levels relative to their counterparts. In addition, we also report the 

capital buffers as of 2014:Q4 for both bank groups in Panel D. The non-IRB banks are 

generally smaller in size, and their higher holdings of capital buffers are at the expense of 

their profitability. An average IRB (non-IRB) bank holds 8.2% (10.43%) of economic capital 

and 5.25% (5.23%) of regulatory capital. In the fourth quarter of 2014, IRB banks hold 

2.95% while non-IRB banks hold 5.20% of capital buffers in excess of their regulatory 

capital requirement. The differences in capital buffers between the two groups are 2.25% 

(significant at the 5% level) for 2014:Q4.
10

 

                                                        
10 As a robustness check we relate all numbers to risk weighted assets in which case the regulatory 

capital is 8% with identical results. We also confirm that the mean Tier 1 and economic capital ratios 

for IRB banks are similar to those reported in Cummings and Durrani (2014). 
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(insert Table 2 about here) 

 

4. Empirical analysis 

 

4.1. Research design 

The paper aims to (i) analyse bank portfolio level loss rates and (ii) relate bank credit 

losses and capital buffers to systemic losses. In this section, we detail the method used to 

address the key questions. Our approach is summarized in Figure 3.  

 

(insert Figure 3 about here) 

 

The main advantage of this approach is that we are able to use a detailed database on 

individual ADIs whilst addressing the economic downturn’s potential impact on the loss rates 

with the extended annual sample. Note that only the annual data covers a severe economic 

downturn observed in recent Australian history (that is, 1991). On the other hand, APRA data 

provides for a decomposition of economic and regulatory capital and hence the capital buffer, 

which is a key input to our simulation study in 2014:Q4. This hybrid approach allows us to 

provide more robust results on the resilience of the Australian financial system based on 

information observed during the economic downturn of 1991 while retaining the detailed 

level information collected by APRA on regulatory capital. 

Stage 1: Model estimation of loss rates 

In the first stage, we apply Equation (1) to model the average loss rate using (a) 

APRA data and (b) annual data. We apply various lag relationships between the average loss 

rate and covariates: one quarter, one year, two years and three years for (a) and one year, two 

years, and three years for (b), with deteriorating model accuracy for longer lags. We estimate 

and present all models to analyse H1.  

We model the loss rates by analysing their portfolio level loss rates. These are 

available from bank accounting information and will include losses in relation to credit 

portfolios, other investments and contingent guarantee contracts (such as standby letters of 

credit). In reference to Roesch and Scheule (2016) the bank-level portfolio loss rates may be 
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decomposed into observable fundamental information, a systemic ( 휀𝑡 ) as well as an 

systematic factor (휀𝑖𝑡 ) to yield a better understanding of the driving forces behind time-

varying loss rates under different conditions. 휀𝑖,𝑡 is systematic as every bank i holds a 

diversified asset portfolio. 

We employ a panel mixed model to predict future credit losses using 

contemporaneous bank-level and macroeconomic variables. A mixed model is suitable for 

this study because it allows the residuals to be decomposed into 휀𝑡 and 휀𝑖𝑡. The measures that 

are used in the estimation model are annualized for a consistent comparison with the annual 

sample. The estimation model that we employ is as follows: 

 

𝐿𝑅𝑖,𝜏 = 𝛼𝑖 + 𝛽𝑋𝑖,𝑡 + 𝛾휀𝑡 + 𝛿휀𝑖𝑡                                                    (1) 

 

where 𝐿𝑅𝑖,𝜏 is the average annualised loss rate of bank i over the next 𝜏 period, for 

which  𝜏 > 𝑡 ; and  𝛼𝑖, 𝛽, 𝛾 and  𝛿  are the model parameters. The bank-level intercept 

(𝛼𝑖) controls for unobservable heterogeneity across the banks and hence, bank fixed effects 

are omitted from the specification. 𝛽 represents the sensitivities of future loss rates to a set of 

explanatory variables, while 𝛾 and 𝛿  are the standard deviations of the standard normally 

distributed random variables 휀𝑡 and 휀𝑖𝑡. Roesch and Scheule (2016) show that the mixture 

over standard normal random variables reflects tail risk. A set of explanatory variables, 

including bank’s contemporaneous loss rate, liquidity, lagged loan growth, GDP growth rate, 

change in unemployment rate, deposit funding, size, capital and profitability, is represented 

by the vector 𝑋𝑖,𝑡. 

Stage 2: Simulation of systemic losses 

In the second stage, we apply the three-year models in a simulation study to assess the 

impact of three-year cumulative bank losses and analyse H2. This is important for a financial 

system resilience perspective as banks may be unable to recapitalize for such an extended 

period during economic downturns and capital buffers should be able to cover such multi-

period losses (compare Kupiec and Ramirez, 2013). For the simulation study, we use the 

latest period (2014:Q4) of the APRA data for both the model estimated with APRA data and 

the model estimated with annual data. As at the end of quarter four in 2014, there are only 19 

banks that remain in the sample, out of the initial 25 banks at the start in the APRA sample. 
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Next, we obtain the standard deviations of 휀𝑡 and 휀𝑖𝑡, total assets and capital buffer for each 

bank. Since the annual data does not have detailed information about the banks’ regulatory 

capital we extrapolate the values computed for the APRA sample as of 2014:Q4 to those in 

the annual sample. In particular, we extrapolate the capital buffers and total assets for the 19 

banks from the APRA sample to the annual sample.  

To ensure our extrapolation does not cause any bias in the simulation process we 

compare the statistics of the top four banks in both samples for 2014 (that is, 2014:Q4 for 

APRA). Table 3 shows that both samples are comparable and hence, the extrapolation of 

values from APRA sample to the annual sample is not a major issue. As a result, both data 

have the same sample size of 19 banks for the simulation, which represent the Australian 

banking system. Hence, we simulate the systemic risk realization for 

 휀𝑡 and the systematic risk realization for 휀𝑖𝑡  based on one million iterations to conduct 

several sensitivity analyses. 

 

(insert Table 3 about here) 

 

We develop an economic framework, where bank default occurs if losses exceed 

capital buffers and regulatory capital releases (Merton, 1974). Capital buffers 

(𝐶𝐴𝑃_𝐵𝑈𝐹𝐹𝐸𝑅𝑖𝑡) and the regulatory capital threshold are reported by APRA in 2014:Q4. 

Given the observable information and estimated parameters from model (1), we simulate one 

million iterations of the risk factors, namely 휀𝑡 and 휀𝑖,𝑡. Conditional on the simulated values, 

we compute the values for the loss per bank and the loss of the financial system (that is, the 

sum of all losses). We then compute the various measures for systemic risk by analysing 

moments of the complete distributions or conditional distributions. The systematic risk 

measures are based on one million iterations for the sample banks, using APRA and annual 

data. These numbers are sufficient to ensure convergence, i.e. the simulated Value-at-Risk 

changes by less than 0.1% if the data sample is doubled. This results in simulated losses, 

which we aggregate by value weighting with total assets and summing over the sample 

banks. 

Bank 𝑗 in period 𝑡 fails if losses exceed the capital buffer: 
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𝐷𝑖𝑡 = 1 ⇔     𝛾휀𝑡 + 𝛿휀𝑖,𝑡⏟          

  𝑢𝑛𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑙𝑜𝑠𝑠 𝑟𝑎𝑡𝑒,   𝑚𝑜𝑑𝑒𝑙 𝑟𝑖𝑠𝑘

> 𝐶𝐴𝑃_𝐵𝑈𝐹𝐹𝐸𝑅𝑖,𝑡                          (5) 

 

Note that this is an important extension relative to the existing literature as in a going 

concern scenario a bank is required to continue to meet the regulatory capital requirements 

and losses in excess of the capital buffer would have to be covered by investors or the 

broader societies.  

Loss exceedances will be weighted by total assets (𝑇𝐴𝑖𝑡) and aggregated to gauge 

system-wide losses:  

𝐿𝑡 =∑𝑇𝐴𝑖𝑡

𝐽

𝑖=1

. (𝛾휀𝑡 + 𝛿휀𝑖,𝑡 − 𝐶𝐴𝑃_𝐵𝑈𝐹𝐹𝐸𝑅𝑖,𝑡)                                        (7) 

 

We compute losses in excess of the capital buffer and interpret these as losses the 

bank is unable to bear by itself in a going concern scenario, because under such a scenario a 

bank is required to continue to meet the regulatory capital requirements. In other words, such 

a bank would have to rely on some sort of subsidy to remain alive, which may include 

contributions from investors (e.g., via a merger where the acquiring bank makes a 

contribution), bondholders, or eventually the taxpayers (e.g., from a deposit insurance 

scheme).  

As a result, we compute the following systemic risk measures: (i) Unconditional 

Value-at-Risk (VaR) and (ii) unconditional Expected Shortfall (CVaR) for the simulated loss 

vector.  

 

4.2. Analysis of the loss rates’ determinants (Stage 1) 

From Panel B of Table 2, the high correlation between capital ratio and profitability 

may pose multicollinearity in the estimation. Consequently, we perform multiple 

specifications: (i) we include both variables in the model; (ii) we account for each variable, 

one at a time; and (iii) we omit the two variables from the model. Similarly, GDP growth rate 

(𝐺𝐷𝑃_𝐺𝑅𝑡) and the change in the rate of employment (𝑈𝑁𝐸𝑀𝑃_𝐺𝑅𝑡) are both indicators of 

the cyclical state of an economy (Hess et al., 2009) and hence, they are strongly correlated. 

We use the GDP growth rate for the main baseline results, and include unemployment growth 
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rate in the later stage as a robustness check. The residual 휀𝑖,𝑡 is the bank-specific error term 

and represents the common shock to bank i at a point in time (bank systematic risk). The 

residual 휀𝑡 refers to the common shock to all banks in the financial system (systemic risk). 

We assume that banks provision for the anticipated loss rate (𝛼𝑖 + 𝛽𝑋𝑖,𝑡) and that the realised 

shock to the loss rate (𝛾휀𝑡 + 𝛿휀𝑖,𝑡) is netted with the capital buffer.  

We estimate the loss rates for different time horizons, 𝜏, which are one year, two 

years and three years’ horizon using Equation (1). The economic interpretation is that banks 

may not have access to capital markets in severe economic downturns and hence, can only 

recapitalize after an extended period of time.  We aim to analyse the relevance of bank 

fundamentals for the estimation of future loss rates. 

Using data available at the quarterly frequency, we compute the bank’s loss rates as 

follows. For the dependent variable 𝐿𝑅𝑖,𝜏=3, we calculate the annual mean of credit losses for 

the next three years (12 quarters), which is then scaled by the average total assets of those 

quarters. Accordingly, the contemporaneous measure for bank’s loss rate (𝐿𝑅𝑖,𝑡) is defined as 

the annual mean of the current and eleven lags of credit losses, scaled by the average of the 

corresponding quarters’ total assets. Equations (3) and (4) illustrate how the dependent 

variable 𝐿𝑅𝑖,𝜏=3  and autoregressive variable 𝐿𝑅𝑖,𝑡  for the three year loss rate models are 

computed, respectively. 

𝐿𝑅𝑖,𝜏=3 = 100((
1

3
∑𝐿𝑅𝑖,𝑡+𝑘

12

𝑘=1

)/(
1

12
∑𝑇𝑜𝑡𝑎𝑙 𝑎𝑠𝑠𝑒𝑡𝑠𝑖,𝑡+𝑘

12

𝑘=1

))                      (3) 

𝐿𝑅𝑖,𝑡 = 100((
1

3
∑𝐿𝑅𝑖,𝑡−𝑘

11

𝑘=0

)/(
1

12
∑𝑇𝑜𝑡𝑎𝑙 𝑎𝑠𝑠𝑒𝑡𝑠𝑖,𝑡−𝑘

11

𝑘=0

))                     (4) 

where t represents the reference quarter, and k represents the lead and lag structure. 

We follow the same methodology for the other loss rates (one quarter, one year and 

two years). The models estimate to what extent does the current information predicts the 

average loss rate for next three years. As the dependent variables are extended to the next one 

year, two and even three years, they enable us to consider losses to the system over different 

horizons. For consistency in the estimation process, we use the dependent and independent 

loss rates that have the same time horizon. That is, the average three-year lagged loss rates 

are used for estimating the average three-year forward loss rates. In addition, we are able to 
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model the future loss rate for the next quarter using the contemporaneous loss rate with the 

APRA data. Our paper is the first to study multi-period loss rates. 

Table 4 presents the estimation results. Consistent with Foos, Norden and Weber 

(2010), the contemporaneous loss rates are significantly and positively related to future loss 

rates over all time horizons. Despite their significance, the magnitude of the estimated 

coefficients diminishes as the estimation horizon for the future loss rates increases. This is 

consistent with our expectations as the information embedded in the contemporaneous loss 

rates would be less significant (but still positive) for predicting the loss rates further ahead. 

The coefficient on 𝐿𝐼𝑄𝑖,𝑡  is positive, though it is both economically and statically 

insignificant. The low magnitude and insignificance of the coefficient implies that banks’ 

liquidity is not the main driver of the future loss rates.  

Furthermore, we include the first lag of loan growth, 𝐿1_𝐿𝑂𝐴𝑁_𝐺𝑅𝑖,𝑡. The coefficient 

on this lagged variable has a positive sign, as expected, but is insignificant. According to 

Foos et al. (2010), if banks expand their outstanding loans to low-quality borrowers it is 

expected that there is a positive relation between loan losses and higher lags of past loan 

growth. The sign of the coefficient is consistent with their findings. In our case, the low 

economic significance may be explained by Australian banks being more conservative and 

have more stringent credit assessment procedures so that the banks are not exposed to low-

quality loans. 

The coefficient of 𝐺𝐷𝑃_𝐺𝑅𝑡 is consistently negative and significant at the 1% level. 

This result implies that banks’ loss rates increase during times of distress, supporting the 

procyclical behaviour of loss provisioning documented in other studies (Bikker and 

Metzemakers, 2005).  

Another interesting result is that 𝐷𝐸𝑃𝑖,𝑡 exhibits significantly negative coefficients for 

all regressions. On average, banks that are flushed with more deposits tend to incur fewer 

losses. This could be because banks that have greater deposit funding are less risky, and 

hence, they experience lower loan losses.  

Lastly, the negative coefficient of 𝑆𝐼𝑍𝐸𝑖,𝑡 suggests that bank size is negatively related 

to loan loss rates. Larger banks, with more deposit funding, are less risky and hence, would 

not incur large losses as much as smaller banks. Further, large banks are often seen as “too-

big-too-fail” and are subject to greater scrutiny and monitoring by the markets and regulation. 
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Another possible explanation is that these banks are more diversified in their activities, which 

make them less prone to credit shocks. 

We choose not to include 𝐶𝐴𝑃𝑖,𝑡 and 𝑃𝑅𝑂𝐹𝐼𝑇𝑖,𝑡  in the final estimation due to their 

insignificance and multicollinearity issue. It is often argued that 𝐶𝐴𝑃𝑖,𝑡  and 𝑃𝑅𝑂𝐹𝐼𝑇𝑖,𝑡  are 

highly endogenous with future loss rates, as banks adjust their future loss rates in response to 

their capital level and profitability in the previous period. As a result, both variables can lead 

to biased estimates. Our decision is further supported when we run the mixed models with 

either both 𝐶𝐴𝑃𝑖,𝑡  and 𝑃𝑅𝑂𝐹𝐼𝑇𝑖,𝑡 , or one variable at a time and the coefficients are 

inconsistent across the time horizons whilst the coefficients are in most cases insignificant.
11

 

In sum, future loss rates are highly dependent on current loan losses, and capture 

banks’ overall risk characteristics and the market’s credit conditions. Loan growth, however, 

is unpredictable since the impact would depend on the credit quality of the loans initiated. 

From our results, we reveal that future credit loss rates are positively associated with lagged 

loan growth, implying that banks increase their credit impairment charge for new loans 

supplied. There is strong evidence that banks’ loss rates are negatively related to the business 

cycle. This suggests that banks do not account sufficiently for bad loans during periods of 

boom and credit expansion, which leads to higher loss rates for those loans during economic 

downturns. Our results are in line with those found in Laeven and Majnoni (2003), and 

Bikker and Metzemakers (2005). 

We show the performance of the model for predicting future loss rates in Figure 4. 

The predicted loss rates appear to follow a smoother pattern over time relative to the actual 

loss rates. It is interesting to see that the predicted line tends to understate the true losses 

during the crisis. This implies that by relying on bank’s internal models to estimate future 

loss rates, banks would under-charge for losses in times of instability (for example, the GFC 

in mid 2008) and ultimately end up with unexpected losses that exceed the provisioned 

amount. The results suggest that it is important to increase the capital buffers so that banks 

are able to absorb losses should they occur. 

(insert Table 4 about here) 

(insert Figure 4 about here) 

 

                                                        
11

 Results reported in Section 4.4.  
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We report the results for model (1) using the annual data in Table 5. The graphs 

showing the predicted and actual loss rates for these results are presented in Figure 5. Our 

main results are quantitatively the same. 

(insert Table 5 about here) 

(insert Figure 5 about here) 

 

4.3. Analysis of the Australian financial system resilience (Stage 2) 

As the data is confidential and banks are anonymous in the sample, we only report the 

systemic risk measures for the whole system rather than for individual banks. It is important 

to note that while the estimation model is estimated for 25 banks, the simulation is based on 

19 banks that are present as of 2014:Q4. All the simulated systemic risk measures are based 

on one million iterations.  

We conduct several sensitivity analyses based on the systemic risk measures. Firstly, 

we simulate the systemic risk measures using the actual capital buffers of the Australian 

ADIs as of 2014:Q4 and a range of confidence intervals (from 80% to 99%). This is to study 

the sensitivity of the systemic losses to varying levels of confidence. Table 6 and Figure 6 

describe the empirical distribution for the exceedance ratio (i.e., the number of instances 

where the capital buffer is insufficient to cover excess losses relative to all iterations) and the 

systemic risk measures for the financial system in Australia, using a set of different 

confidence levels. The simulated systemic risk measures are based on the actual capital 

buffers of 19 Australian ADIs in the sample. In Table 6, Panel A displays the simulated 

results for the APRA data and Panel B displays the results for the annual data. The Value-at-

Risk (VaR) refers to the quantiles of the loss distributions. For instance, a 95% VaR of a loan 

portfolio is the loss value such that a greater loss would only happen 5% of the time. The 

Expected Shortfall (CVaR) is defined as the expected loss in excess of VaR.  

 

(insert Figure 6 about here) 

 (insert Table 6 about here) 

 

VaR is the Value-at-Risk and CVaR is the mean conditional VaR (conditional on 

losses exceeding VaR, i.e. the Expected Shortfall) of the system, and both are systemic risk 
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measures in absolute terms Using the APRA data, the mean CVaRs for the Australian 

banking system are $5.95 million and $29.7 million for the 95% and 99% confidence 

interval, respectively. These numbers reflect losses, which a three-year loss rate exceedance 

may cause given the current state of the economy. The CVaR measure is higher for annual 

data than for the APRA data as it has been calibrated to the economic downturn in 1991. The 

mean CVaRs for the financial system are $1.4 billion and $5.2 billion for the 95% and 99% 

percentiles, respectively. This is due to the banking crisis, which translates into greater 

estimates for 𝛾. Similarly, this is also the reason why the simulated risk measures using the 

annual sample are consistently higher than the ones obtained using the APRA data. We also 

report the number of exceedances over the one million iterations. For the 99% confidence 

level, in an average year the number of banks that will fail is 0.0053 and 0.004 for APRA and 

annual data, respectively. We summarise the main results from Table 6 in Figure 6. It is 

important to note that the exceedance ratios are identical for each sample because they are 

computed prior to the application of different confidence intervals. 

Secondly, we compare the effects of reference loss rates on the predictions of 

systemic losses. More specially, we use reference loss rates for the one-year, two-year and 

three-year horizons to simulate systemic losses for the corresponding time periods. It is 

expected that the use of lower time horizon reference loss rates would lead to lower simulated 

systemic losses, as the losses are estimated for shorter time intervals. The results are 

displayed in Panel A and Panel B of Table 7 for the APRA and annual data, respectively. 

Using the actual capital buffers of Australian banks and a confidence level of 99%, it is 

evident that the systemic CVaRs increase as the estimation horizon increases. This is in line 

with our prior expectations, as the simulated systemic loss for the one-year ahead would be 

lower than that of the three-year period. Using one-year and three-year reference loss rates, 

the exceedance ratio, i.e. average failure likelihood of a bank (CVaRs of the system) over the 

next one year and three years are 0 and 0.0001 ($201,807 and $29.7 million), respectively. 

This pattern is clearer for the annual sample. The finding confirms our choice to focus on the 

longer time horizons to estimate future loan losses.  

 

 (insert Table 7 about here) 
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Thirdly, we replace the banks’ actual capital buffers with a set of hypothetical capital 

buffers (from 0.25% to 4%), and simulate the systemic risk measures based on the 99
th

 

percentile. This confidence level is maintained for the remaining analyses, and our choice 

reflects the interest to know the losses for the highest percentile. In this simulation, we 

examine the impact of capital buffers on financial systemic losses. Table 8 and Figure 8 show 

the negative relation between the capital buffers and banks’ loss distributions using APRA 

(first chart) and annual data (second chart). The pattern is consistent with our expectations 

since increases in capital buffers allow banks to have higher safety nets during unfavourable 

credit events. Therefore, the CVaRs become smaller and eventually diminish to zero beyond 

a certain level of capital buffers. A similar pattern can also be found when we examine the 

relation between the exceedance ratio and the capital buffers. The higher the capital buffer, 

the lower the exceedance ratio. The systemic risk measures are generally higher for annual 

data than for the APRA data, as the latter has been calibrated to the economic downturn in 

1991. At a capital buffer of 1.5%, the simulated CVaRs for the APRA and annual data sets 

are approximately $0.5 billion and $17.45 billion, respectively. This is due to the inclusion of 

the banking crisis, which drives the magnitude of these values. It is interesting to see that for 

higher capital buffer levels above 2%, the diminishing pattern in the risk measures for the 

APRA data is steadier relative to the decline as observed for the annual data. Our study 

estimates the response rate at which the systemic risk dissipates corresponding to an increase 

in capital buffers. 

 

(insert Table 8 about here) 

(insert Figure 8 about here) 

 

Fourthly, we extend the current analysis and study the impact of additional capital 

buffers on systemic risk measures. To determine the incremental capital buffer levels, we 

compare the actual capital buffers that are held by IRB banks and non-IRB banks. From the 

discussion in Section 3, non-IRB banks hold about 2.25% higher regulatory capital levels 

than IRB banks as of 2014:Q4. Consequently, we add capital cushions, ranging from 0.25% 

to 2%, on top of banks’ actual capital buffers and simulate the systemic risks at the 99
th

 

percentile. The results are summarized in Table 9 and Figure 9. Similar to the previous test, 

we find strong evidence to support our second hypothesis. Higher capital buffers help banks, 
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and eventually the financial system, to avoid future systemic losses. Further, the rate at which 

the systemic risk declines in value is diminishing as capital buffers strengthen. The findings 

strongly support the recommendations by the FSI to increase the banks’ capital buffers as a 

means of promoting financial system resilience in Australia. 

 

(insert Figure 9 about here) 

(insert Table 9 about here) 

 

 Lastly, we consider the impacts of confidence levels and capital buffers on the 

systemic risk measures of two subsamples, IRB and non-IRB banks. As the IRB banks tend 

to hold lower capital buffers, it is of an interest to examine their ability to absorb loan losses 

relative to non-IRB banks. We report the results in Tables 10 and 11. For the 99
th

 percentile, 

we find that IRB banks would suffer significantly greater systemic losses relative to non-IRB 

banks. For instance, if capital buffers were set at 2%, the IRB banks and non-IRB banks 

would incur systemic CVaRs of $8 million and $965,194 over the next three years, 

respectively. Such results complement the current debate of the Financial System Inquiry of 

raising capital buffers and reinforces that the core of the debate should be on the IRB banks, 

as their downfalls would pass onto the whole system more strongly. Our findings also tie well 

with earlier studies on the Australian financial interconnectedness, where the major banks are 

found to have a strong direct link with the real economy via their financial services (Dungey 

et al., 2015; and Anuriev and Panchenko, 2015).  

  

 (insert Table 10 about here) 

(insert Table 11 about here) 

 

Overall, the results are supportive of our second hypothesis. We observe a positive 

relationship between the level of confidence and the systemic losses, while documenting a 

negative relationship between these systemic losses and bank’s capital buffers. Banks that 

hold greater capital buffers are less risky when loans deteriorate. They are thus, able to 

absorb credit losses more efficiently without passing them onto the whole financial system. 
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We find unambiguous evidence that higher capital buffers enable banks to withstand credit 

shocks, and contribute to a more resilient banking system. 

 

4.4. Robustness checks 

4.4.1. Alternative variables  

For robustness, we run several variations of the panel mixed model as specified in 

Equation (1). First, we include the variables 𝐶𝐴𝑃𝑖,𝑡  and 𝑃𝑅𝑂𝐹𝐼𝑇𝑖,𝑡 in the specification to 

ensure that our results are not affected by omitted variable bias. Both variables are commonly 

used in previous literature as important determinants of banks’ loan losses. Second, we use 

𝑈𝑁𝐸𝑀𝑃_𝐺𝑅𝑡 as an alternative measure of business cycle. We replace the GDP growth rate 

with the change in unemployment rate, as well as include two measures in the estimation. All 

of the variations in the model do not affect the main results of our study. For brevity, we 

report the results for the one-year and three-year loss rates in Table 12, as those for other time 

horizons are very similar. 

 

(insert Table 12 about here) 

 

From column IV of Panel A, the coefficient 𝑈𝑁𝐸𝑀𝑃_𝐺𝑅𝑡 is significantly positive and 

is in line with our reasoning. When unemployment increases, borrowers are more likely to 

default on the loans and hence, banks would experience higher numbers of bad loans in 

subsequent periods. The significance of 𝑈𝑁𝐸𝑀𝑃_𝐺𝑅𝑡  is reduced in column V, when GDP 

growth rate is also taken into account. In summary, our main results are robust to the use of 

different model specifications and variables. 

 

4.4.2. Convergence of simulated results   

To ensure that our simulation results satisfy the convergence criteria we repeat the 

simulation study using five million iterations. Our results remain quantitatively the same, 

confirming that the choice of one million iterations is sufficient to simulate robust systemic 

risk measures We report the results for two sensitivity analyses in Tables 13 and 14. The 

results for other sensitivity analyses are available upon request. 

 

(insert Table 13 about here) 

(insert Table 14 about here) 
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5. Conclusion 

 

Our key findings are as follows. First, banks’ loan loss rates are positively related to 

past loss rates, capital levels and lagged loan growth and are inversely related to the deposit 

ratio, bank size and the GDP growth rate.  

Second, our study provides insights regarding the rate at which the systemic risk 

measures dissipate in response to strengthening bank’s capital buffers. It is evident from the 

research design that higher capital buffers are associated with lower systemic losses. Banks 

that hold capital buffers in excess of the regulatory requirement are able to absorb losses 

more sufficiently when they are incurred, and hence, are less likely to pass the losses onto the 

whole system. We find that the speed of decline is diminishing as the capital buffer increases. 

Further, we find a positive relationship between systematic loan loss risk and the level of 

confidence.  

Third, we confirm that the inclusion of economic downturns results in higher levels of 

systemic model risk. At the 99% confidence level, CVaR for the three-year horizon increases 

from $29.7 million to $5.2 billion. This indicates that the inclusion of an economic crisis 

period in the estimation of bank loan losses is crucial. The evidence further suggests a 

possibility that banks that have adopted the IRB approach using recent data do not fully 

address the likelihood of crises in their internal models, and hence, could under-charge for 

losses during economic downturns. The subsample tests for IRB and non-IRB banks also 

confirm this finding. 

Fourth, the sensitivity analysis is conducted for a range of reasonable capital buffer 

levels (in addition to the current regulatory capital requirements). The analysis allows policy 

makers and regulators to assess the interaction between the levels of capital buffers and 

systemic risk. Given a confidence level of 99% and a capital buffer of 1.75% (2.75%), the 

systemic risk is mitigated using the APRA data (annual data). As a result the suggested 

capital maintenance buffer and countercyclical capital buffer (of 2.5% each) are sufficient to 

mitigate systemic risk. 

These results have to be interpreted with care as they are based on historic data and 

model assumptions such as the normal distribution for systematic and systemic shocks. 

Further analysis is warranted to assess the impact of violations of these assumptions and 
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potentially, structural changes which may take place. Despite these limitations we believe 

that we have set an adequate technical environment to explore the implications of higher 

capital requirements in collaboration with academia, industry and prudential regulators.  

The findings in this study have a number of policy implications. First, we find that the 

inclusion of economic downturn is paramount in modelling systemic risks. It allows us to 

show that higher capital requirements are even more necessary to avoid financial system 

failures. Second, the absolute loss levels based on the likelihood and magnitude of future 

bank losses after loss mitigation by capital levels proposed by the FSI is quantified. Bank 

regulators may apply the developed methodology to assess the adequacy of capital buffers 

and the likelihood and magnitude of losses exceeding such buffers and hence implied costs to 

the society. 

Further work on financial system resilience should focus on (i) the reduction of 

systemic model risk via an improvement of forward-looking loan loss provisioning models, 

and (ii) optimising the trade-offs between the costs of financial service provision and higher 

capital standards that are necessary for reducing systemic risks.  
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FIGURES 

 

Figure 1: Total assets of the Australian banking system for the period 2002:Q1-2014:Q4 

Total assets are adjusted for inflation as of December 2014. Average quarterly loss rates are 

annualised and are expressed in percentage per annum. The shaded area represents the period when 

the markets experience an economic downturn, which is when the yearly GDP growth rate is below 

2%. Data is provided by The Australian Prudential Regulation Authority (APRA). 
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Figure 2: Total assets of the four major Australian banks for the period 1981-2014 

Total assets are adjusted for inflation as of December 2014. Average loss rates are reported yearly and 

are expressed in percentage per annum. The shaded area represents the period when the markets 

experience an economic downturn, which is when the yearly GDP growth rate is below 2%. Data is 

from banks’ public annual reports. 
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Figure 3: Empirical approach for modelling and simulating bank’s loss rates 

Note: τ represents the time horizon for the estimation of loss rates, which includes one quarter, one 

year, two years and three years. 
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Model 1a:  

Average loss rates over τ years 

Model 1b:  

Average loss rates over τ years  

Model 1b prediction:  

Predicted average loss rates 

over τ years  

APRA data 

2002:Q1-2014:Q4 

Quarterly 

25 banks 

(+) detailed information 

(-) does not cover crisis period 

Annual reports 

1981-2014 

Yearly 

Top 4 banks 

(-) not detailed information 

(+) does cover crisis period 

Model 1a prediction:  

Predicted average loss rates 

over τ years  

APRA data in 2014:Q4 (19 banks) 

- Obtain standard deviations of εt and εit from the Model 1a and 1b for τ=3 years 

- Compute banks’ capital buffers (CAP_BUFFERit) using information on regulatory 

capital (required) and capital held by banks (actual) from APRA data 

- Extrapolate the capital buffers and total assets of 19 banks from APRA sample to 

the annual sample.  

 

Simulation of εt, εit and loan losses 

over 3 years, based on one million 

iterations 

Simulation of εt, εit and loan losses 

over 3 years, based on one million 

iterations 
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Figure 4: Model predicted and actual loss rate Australian financial system using APRA data 

(2002:Q1-2014:Q4) 

Predicted loss rates are the fitted values that are obtained from model parameters. Actual loss rates are 

banks’ realised loss rates. The shaded area represents the period when the markets experience an 

economic downturn, which is when the GDP growth rate is below 2% per annum. The first chart is for 

the one-quarter forward loss rate, followed by the one-year, two-year and three-year forward loss 

rates.  
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Figure 5: Model predicted and actual loss rate Australian financial system using annual data 

(1981-2014) 

Predicted loss rates are the fitted values that are obtained from model parameters. Actual loss rates are 

banks’ realised loss rates. The shaded area represents the period when the markets experience an 

economic downturn, which is when the GDP growth rate is below 2% per annum. The first chart is for 

the one-year forward loss rate, followed by the two-year and three-year forward loss rates. 
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Figure 6: Sensitivity analysis of systemic risk measures to varying confidence levels for the 

Australian financial system – APRA (2002:Q1-2014:Q4) and annual sample (1981-2014). 

The figure illustrates the sensitivity of the systemic risk measures to varying confidence intervals 

using APRA and annual data. The systemic risk measures are computed for a range of confidence 

intervals (from 80% to 99%) are based on one million iterations. This simulation uses actual capital 

buffers of Australian ADIs as of 2014:Q4. The exceedance ratio is the number of loss exceedances 

over the number of iterations. VaR is the Value-at-Risk and CVaR is the conditional VaR (known as 

Expected Shortfall). Risk measures are reported in $ billions. 
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Figure 7: Sensitivity analysis of systemic risk measures to varying levels of capital buffers for 

the Australian financial system – APRA (2002:Q1-2014:Q4) and annual sample (1981-2014)  

The figure illustrates the sensitivity of the systemic risk measures to varying bank’s capital buffers. 

We replace the actual capital buffers of Australian ADIs as of 2014:Q4 by a set of hypothetical capital 

buffers (from 0.25%-4%). The systemic risk measures are based on the 99
th
 percentile and one million 

iterations. The exceedance ratio is the number of loss exceedances over the number of iterations. VaR 

is the Value-at-Risk and CVaR is the conditional VaR (known as Expected Shortfall). VaR is the 

Value-at-Risk and CVaR is the conditional VaR (known as Expected Shortfall). Systemic risk 

measures are reported in $ billions. The top chart presents the sensitivity for the APRA sample and 

the second chart is for the annual sample.  
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Figure 8: Sensitivity analysis of systemic risk measures to incremental capital buffers for the 

Australian financial system – APRA (2002:Q1-2014:Q4) and annual sample (1981-2014)  

The figure illustrates the sensitivity of the systemic risk measures to bank’s incremental capital 

buffers in addition to their actual levels. We raise the actual capital buffers of Australian ADIs as of 

2014:Q4 by a set of hypothetical incremental capital cushion (from 0.25%-2%). The systemic risk 

measures are based on the 99
th
 percentile and one million iterations. The exceedance ratio is the 

number of loss exceedances over the number of iterations. VaR is the Value-at-Risk and CVaR is the 

conditional VaR (known as Expected Shortfall). VaR is the Value-at-Risk and CVaR is the 

conditional VaR (known as Expected Shortfall). Systemic risk measures are reported in $ billions. 

The top chart presents the sensitivity for the APRA sample and the second chart is for the annual 

sample.  
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TABLES 

 

Table 1: Description of variables and data source 

 

Variables Definitions Data source 

𝐿𝑅𝑖,𝑡 Average loss rate of bank i over the past one 

quarter, one year, two years and three years, as 

at time t. 

APRA, ARF_330_0_L 

𝐿𝐼𝑄𝑖,𝑡 Bank’s liquidity ratio (defined as total liquid 

assets to total assets) 

APRA, ARF_320_0 

𝐿1_𝐿𝑂𝐴𝑁_𝐺𝑅𝑖,𝑡 First lag of loan growth (where LOAN_GRi,t is 

calculated as the yearly moving difference 

between current loans and last year’s loans, 

scaled by last year’s total assets) 

APRA, ARF_320_0 

𝐷𝐸𝑃𝑖,𝑡 Bank’s deposit funding (total deposits to total 

assets) 

APRA, ARF_320_0 

𝑆𝐼𝑍𝐸𝑖,𝑡 Bank size (natural logarithm of total assets, 

adjusted for inflation) 

APRA, ARF_320_0 

𝐶𝐴𝑃𝑖,𝑡 Bank’s capital ratio (total equity to total assets) APRA, ARF_320_0 

𝑃𝑅𝑂𝐹𝐼𝑇𝑖,𝑡 Bank’s profitability (profit before tax and 

credit impairment charge to total assets) 

APRA, ARF_330_0_L 

𝑇𝐼𝐸𝑅_𝐶𝐴𝑃𝑖,𝑡 Bank’s economic capital ratio (sum of Tier 1 

and Tier 2 capital to total assets) 

APRA, ARF_110_0_1 

𝑅𝐸𝐺_𝐶𝐴𝑃𝑖,𝑡 Bank’s total regulatory capital ratio (total 

regulatory capital to total assets, where total 

regulatory capital is defined as 8 percent of 

total risk-weighted assets) 

APRA, ARF_110_0_1 

𝐶𝐴𝑃_𝐵𝑈𝐹𝐹𝐸𝑅𝑖,𝑡 Banks’ capital buffer in excess of the required 

capital (the difference between bank’s 

economic and regulatory capital ratios) 

APRA, ARF_110_0_1 

𝐺𝐷𝑃_𝐺𝑅𝑡 Current Gross Domestic Product (GDP) 

growth rate, seasonally adjusted and 

annualized 

ABS 

𝑈𝑁𝐸𝑀𝑃_𝐺𝑅𝑡 Change in unemployment rate, seasonally 

adjusted and annualized 

ABS 
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Table 2: Description of variables  

This table presents the summary statistics of the variables used in the study in Panel A. Column I reports the statistics for the APRA data and Column II 

reports the statistics for the annual data. Panel B presents the Pearson correlation matrix for the variables that are included in the mixed model (1). Panel C 

and D displays the summary statistics of the same variables for two subsamples, internal-ratings based (IRB) and non-IRB banks, using the APRA data. Panel 

C reports the statistics for the full period (2002:Q1-2014:Q4), while Panel D reports those as of 2014:Q4. The subsample of IRB banks includes The 

Commonwealth Bank of Australia (CBA), Westpac Banking Corporation (WBC), Australia and New Zealand Group Limited (ANZ), National 

Australia Bank Limited (NAB) and Macquarie Bank, and the remaining banks are classified as non-IRB banks. All variables are winsorised at the 1
st
 and 

99
th
 percentiles, except the loss rate measures. */**/*** indicate significance at the 10%, 5% and 1% level, respectively. 

Panel A: Summary statistics    

  

I. APRA data for the period 2002:Q1-2014:Q4 

 

II. Annual data for the period 1981-2014 

  

(N=25 banks) 

 

(N=4 banks) 

Variable 

 

No. of obs  Mean Std Dev Min Max 

 

No. of obs  Mean Std Dev Min Max 

Current loss rate (%) LR_t 1,153 0.24 0.77 -9.28 4.58 

 

136 0.33 0.31 0.07 1.92 

One-year forward loss rate (%) LR_τ=1 1,068 0.24 0.51 -4.97 2.39 

 

132 0.34 0.34 0.07 2.53 

Two-year forward loss rate (%) LR_τ=2 968 0.24 0.45 -3.60 1.83 

 

128 0.34 0.32 0.08 1.90 

Three-year forward loss rate (%) LR_τ=3 868 0.25 0.42 -2.62 1.63 

 

124 0.35 0.30 0.10 1.62 

Liquidity ratio (%) LIQ 1,168 19.77 13.08 0.00 66.30 

 

136 18.93 5.81 9.83 32.63 

Lagged loan growth (%) L1_LOAN_GR 1,043 10.11 13.50 -16.55 74.56 

 

128 8.71 8.45 -3.58 52.97 

Deposit funding (%) DEP 1,168 61.49 18.93 0.00 88.36 

 

136 57.59 5.84 45.02 70.14 

Size (in $billion) SIZE 1,168 23.43 2.22 18.53 27.32 

 

136 26.24 0.76 24.32 27.51 

Capital ratio (%) CAP 1,168 12.36 15.92 3.58 97.61 

 

136 6.01 1.06 3.63 8.61 

Profitability (%) PROFIT 1,078 1.00 1.77 -3.41 11.66 

 

136 0.95 0.55 -1.06 1.84 

GDP growth rate (%) GDP_GR 1,168 3.02 0.98 1.00 5.10 

 

136 3.16 1.68 -2.20 6.50 

Unemployment growth rate (%) UNEMP_GR 1,168 -0.07 0.57 -0.70 1.70 

 

136 0.00 1.03 -1.80 3.40 
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Panel B: Pearson correlation matrix 

 

LR_t LR_τ=1 LR_τ=2 LR_τ=3 LIQ L1_LOAN_GR DEP SIZE CAP PROFIT GDP_GR UNEMP_GR 

LR_t 1.00 

           LR_τ=1 0.37 1.00 

          LR_τ=2 0.42 0.89 1.00 

         LR_τ=3 0.44 0.84 0.95 1.00 

        LIQ 0.12 0.20 0.22 0.21 1.00 

       L1_LOAN_GR -0.02 0.01 -0.02 -0.05 0.01 1.00 

      DEP 0.04 0.09 0.09 0.10 0.12 0.17 1.00 

     SIZE 0.10 0.18 0.20 0.21 -0.26 -0.09 0.00 1.00 

    CAP -0.19 -0.33 -0.35 -0.35 -0.02 -0.14 -0.59 -0.52 1.00 

   PROFIT -0.35 -0.30 -0.33 -0.27 -0.21 -0.12 -0.40 -0.09 0.56 1.00 

  GDP_GR -0.11 -0.16 -0.09 -0.14 -0.03 -0.01 0.04 -0.07 0.04 0.12 1.00 

 UNEMP_GR 0.14 0.15 0.12 0.12 0.05 -0.04 -0.03 0.08 -0.03 -0.17 -0.54 1.00 
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Panel C: APRA data for the period 2002:Q1-2014:Q4 

  

I. IRB banks (N=5 banks)   II. Non-IRB banks (N=20 banks)   III. Diff (II) - (I) 

Variable 

 

No. of obs  Mean Std Dev 

 

No. of obs  Mean Std Dev 

 

Mean 

 Three-year loss rate (%) LR_τ=3 200 0.25 0.12 

 

668 0.25 0.48 

 

0.00 

 Liquidity ratio (%) LIQ 260 17.65 9.94 

 

908 20.38 13.79 

 

2.72 *** 

Lagged loan growth (%) L1_LOAN_GR 235 7.21 6.25 

 

808 10.96 14.85 

 

3.75 *** 

Deposit funding (%) DEP 260 51.40 9.03 

 

908 64.38 20.00 

 

12.98 *** 

Size (in $billion) SIZE 260 26.26 0.89 

 

908 22.62 1.77 

 

-3.63 *** 

Capital ratio (%) CAP 260 8.27 2.29 

 

908 13.53 17.85 

 

5.26 *** 

Profitability (%) PROFIT 241 1.36 1.50 

 

837 0.90 1.82 

 

1.36 *** 

GDP growth rate (%) GDP_GR 260 3.00 0.98 

 

908 3.03 0.99 

 

0.04 

 Unemployment growth rate (%) UNEMP_GR 260 -0.05 0.57 

 

908 -0.07 0.57 

 

-0.02 
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Panel D: APRA data as of 2014:Q4 

  

I. IRB banks (N=5 banks)   II. Non-IRB banks (N=14 banks)   III. Diff (II) - (I) 

Variable 

 

No. of obs  Mean Std Dev 

 
No. of obs  Mean Std Dev 

 
Mean 

 Three-year loss rate (%) LR_τ=3 5 0.18 0.05 

 
14 0.38 0.43 

 
0.20 

 Liquidity ratio (%) LIQ 5 19.73 5.97 

 
14 19.61 8.94 

 
-0.13 

 Lagged loan growth (%) L1_LOAN_GR 5 6.00 2.60 

 
14 5.18 4.14 

 
-0.82 

 Deposit funding (%) DEP 5 57.17 5.51 

 
14 68.76 15.95 

 
11.59 ** 

Size (in $billion) SIZE 5 26.71 1.02 

 
14 23.05 1.50 

 
-3.66 *** 

Capital ratio (%) CAP 5 8.51 3.13 

 
14 9.83 4.26 

 
1.32 

 Profitability (%) PROFIT 5 1.39 0.19 

 
14 0.37 1.21 

 
-1.02 *** 

GDP growth rate (%) GDP_GR 5 2.40 0.00 

 
14 2.40 0.00 

 
0.00 

 Unemployment growth rate (%) UNEMP_GR 5 0.20 0.00 

 
14 0.20 0.00 

 
0.00 

 Economic capital TIER_CAP 5 8.20 3.51 

 
14 10.43 4.34 

 
2.23 

 Regulatory capital REG_CAP 5 5.25 2.39 

 
14 5.23 1.48 

 
-0.02 

 Capital buffer (%) CAP_BUFFER 5 2.95 1.18   14 5.20 3.62   2.25 ** 
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Table 3: Summary statistics of variables as of 2014 

This table presents the summary statistics of the variables used in the study as of 2014:Q4 for the major banks in Australia. The four mjor banks include The 

Commonwealth Bank of Australia (CBA), Westpac Banking Corporation (WBC), Australia and New Zealand Group Limited (ANZ) and 

National Australia Bank Limited (NAB). Column I reports the statistics for the APRA data and Column II reports the statistics for the annual data. All 

variables are winsorised at the 1
st
 and 99

th
 percentiles, except the loss rate measures. 

Summary statistics    

  

I. APRA data as of 2014Q4 

 

II. Annual data for 2014 

  

(N=4 banks) 

 

(N=4 banks) 

Variable 

 

No. of obs  Mean Std Dev Min Max 

 

No. of obs  Mean Std Dev Min Max 

Three-year forward loss rate (%) LR_τ=3 4 0.18 0.06 0.11 0.24 

 

4 0.16 0.04 0.13 0.22 

Liquidity ratio (%) LIQ 4 18.43 6.02 12.81 26.29 

 

4 19.56 7.04 13.52 28.88 

Lagged loan growth (%) L1_LOAN_GR 4 4.85 0.46 4.21 5.28 

 

4 4.11 1.89 2.26 6.65 

Deposit funding (%) DEP 4 56.49 6.12 50.68 64.34 

 

4 59.65 5.45 51.92 63.92 

Size (in $billion) SIZE 4 27.16 0.17 26.94 27.32 

 

4 27.41 0.06 27.37 27.51 

Capital ratio (%) CAP 4 7.17 1.03 5.73 7.94 

 

4 6.11 0.46 5.42 6.40 

Profitability (%) PROFIT 4 1.41 0.22 1.18 1.63 

 

4 1.20 0.28 0.79 1.42 

GDP growth rate (%) GDP_GR 4 2.40 0.00 2.40 2.40 

 

4 2.40 0.00 2.40 2.40 

Unemployment growth rate (%) UNEMP_GR 4 0.20 0.00 0.20 0.20 

 
4 0.20 0.00 0.20 0.20 

Economic capital TIER_CAP 4 6.73 1.39 5.03 8.01 

 
- - - - - 

Regulatory capital REG_CAP 4 4.22 0.81 3.34 5.26 

 
- - - - - 

Capital buffer (%) CAP_BUFFER 4 2.50 0.71 1.69 3.34   - - - - - 
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Table 4: Mixed model results for the bank-level loan portfolio loss rates using APRA data (2002:Q1-2014:Q4) 

All variables are winsorised at the 1
st
 and 99

th
 percentiles, except the loss rate measures. The table shows the parameters estimated from the mixed model (1) 

for the Australian financial system. */**/*** indicate significance at the 10%, 5% and 1% level, respectively. 

𝐿𝑅𝑖,𝜏 = 𝛼𝑖 + 𝛽𝑋𝑖,𝑡 + 𝛾휀𝑡 + 𝛿휀𝑖𝑡                                                      

 

Dependent variable 
One-quarter loss rate 

LR_t+1   

One-year loss rate 

LR_τ=1   

Two-year loss rate 

LR_τ=2   

Three-year loss rate 

LR_τ=3 

  Estimate t-stat   Estimate t-stat   Estimate t-stat   Estimate t-stat 

LR 0.062 * 1.93 

 

0.192 *** 5.86 

 

0.148 *** 4.17 

 

0.132 *** 3.25 

LIQ 0.004 

 

1.12 

 

0.000 

 

0.09 

 

0.000 

 

0.18 

 

0.001 

 

0.99 

L1_LOAN_GR 0.001 

 

0.59 

 

0.003 *** 2.92 

 

0.002 *** 2.76 

 

0.000 

 

0.38 

GDP_GR -0.082 *** -3.17 

 

-0.071 *** -2.87 

 

-0.040 * -1.82 

 

-0.003 

 

-0.22 

DEP -0.006 *** -2.69 

 

-0.004 *** -3.39 

 

-0.004 *** -3.42 

 

-0.003 *** -3.58 

SIZE -0.065 

 

-1.14 

 

-0.178 *** -4.41 

 

-0.178 *** -4.86 

 

-0.026 

 

-0.84 

_gamma 0.075 

   
0.140 

   

0.124 

   

0.053 

  _delta 0.684 

   
0.349 

   

0.240 

   

0.157 

  Bank-level intercept (N=25) Y    Y    Y    Y   

No. of obs 1,018       943       778       584     
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Table 5: Mixed model results for the bank-level loan portfolio loss rates using annual data (1981-2014) 

All variables are winsorised at the 1
st
 and 99

th
 percentiles, except the loss rate measures. The table shows the parameters estimated from the mixed model (1) 

for the Australian financial system. */**/*** indicate significance at the 10%, 5% and 1% level, respectively. 

𝐿𝑅𝑖,𝜏 = 𝛼𝑖 + 𝛽𝑋𝑖,𝑡 + 𝛾휀𝑡 + 𝛿휀𝑖𝑡   

                                           

Dependent variable 
One-year loss rate 

LR_τ=1   

Two-year loss rate 

LR_τ=2   

Three-year loss rate 

LR_τ=3 

  Estimate t-stat   Estimate t-stat   Estimate t-stat 

LR 0.505 *** 5.95 

 

0.338 *** 3.97 

 

0.108 

 

1.14 

LIQ 0.004 

 

1.06 

 

0.005 

 

1.35 

 

0.005 

 

1.28 

L1_LOAN_GR 0.000 

 

0.17 

 

0.001 

 

0.34 

 

0.000 

 

0.13 

GDP_GR -0.093 *** -4.03 

 

-0.082 *** -2.77 

 

-0.058 * -1.72 

DEP -0.009 ** -2.45 

 

-0.010 *** -3.12 

 

-0.012 *** -3.72 

SIZE -0.102 ** -2.18 

 

-0.053 

 

-1.01 

 

-0.018 

 

-0.32 

_gamma 0.149 

   

0.218 

   

0.253 

  _delta 0.168 

   

0.135 

   

0.130 

  Bank-level intercept (N=25) Y    Y    Y   

No. of obs 124       120       116     
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Table 6: Simulated systemic risk measures and confidence intervals  

The table shows a sensitivity analysis of the risk measures to varying confidence intervals. The 

systemic risk measures are computed for a range of confidence intervals (from 80% to 99%) are based 

on one million iterations. This simulation uses actual capital buffers of Australian ADIs as of 

2014:Q4. The exceedance ratio is the number of loss exceedances over the number of iterations. VaR 

is the Value-at-Risk and CVaR is the conditional VaR (known as Expected Shortfall). Panel A and 

Panel B report the systemic risk measures for the APRA and annual samples, respectively.  

 

Panel A: Systemic risk measures using APRA data 

Confidence interval (%) Exceedance ratio Systemic VaR ($) Systemic CVaR ($) 

80 0.0001                                 -                       1,487,042  

90 0.0001                                 -                       2,974,083  

95 0.0001                                 -                       5,948,167  

99 0.0001                                 -                     29,740,833  

Panel B: Systemic risk measures using Annual data 

Confidence interval (%) Exceedance ratio  Systemic VaR ($) Systemic CVaR ($) 

80 0.0040                                 -                   344,556,344  

90 0.0040                                 -                   689,112,689  

95 0.0040                                 -                1,378,225,378  

99 0.0040               2,469,888,515              5,179,581,364  
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Table 7: Simulated systemic risk measures and reference loss rates  

The table shows a sensitivity analysis of the risk measures to the choice of reference loss rates. The systemic risk measures are computed for the loss rates of 

one-year, two-year and three-year horizons. All risk measures are based on one million iterations. This simulation uses actual capital buffers of Australian 

ADIs as of 2014:Q4. The exceedance ratio is the number of loss exceedances over the number of iterations. VaR is the Value-at-Risk and CVaR is the 

conditional VaR (known as Expected Shortfall). Panel A and Panel B report the systemic risk measures for the APRA and annual samples, respectively.  

 

Panel A: Systemic risk measures at different time horizons using APRA data 

Reference loss rate Confidence interval (%) Exceedance ratio Systemic VaR ($) Systemic CVaR ($) 

One year 99 0.0000                               -                               201,807  

Two year 99 0.0002                               -                          97,429,276  

Three year 99 0.0001                               -                          29,740,833  

Panel B: Systemic risk measures at different time horizons using Annual data 

Reference loss rate Confidence interval (%) Exceedance ratio  Systemic VaR ($) Systemic CVaR ($) 

One year 99 -                               -                                        -    

Two year 99 0.0002                               -                          53,022,648  

Three year 99 0.0040             2,469,888,515                    5,179,581,364  

 

 

 

 

 

 

 

 

 



 
 

-49- 

Table 8: Simulated systemic risk measures and capital buffers  

The table shows a sensitivity analysis of the risk measures to varying bank’s capital buffers. We 

replace the actual capital buffers of Australian ADIs as of 2014:Q4 by a set of hypothetical capital 

buffers (from 0.25%-4%). The systemic risk measures are based on the 99
th
 percentile and one million 

iterations. The exceedance ratio is the number of loss exceedances over the number of iterations. VaR 

is the Value-at-Risk and CVaR is the conditional VaR (known as Expected Shortfall). Panel A and 

Panel B report the systemic risk measures for the APRA and annual samples, respectively.  

 

Panel A: Systemic risk measures using APRA data 
Capital buffer 

(%) 
Exceedance ratio  Systemic VaR ($) Systemic CVaR ($) 

0.25 0.3077           12,475,779,187           14,594,950,374  

0.50 0.1572             7,902,822,544             9,633,133,349  

0.75 0.0657             4,731,519,375             6,072,547,877  

1.00 0.0221             2,592,545,071             3,671,009,757  

1.25 0.0060                890,746,962             1,863,086,709  

1.50 0.0013                  36,082,280                492,583,237  

1.75 0.0002                               -                    73,865,137  

2.00 0.0000                               -                     8,287,979  

2.25 0.0000                               -                        903,705  

2.50 0.0000                               -                          49,708  

2.75 0.0000                               -                            4,861  

3.00 -                               -                                 -    

4.00 -                               -                                 -    

Panel B: Systemic risk measures using Annual data 
Capital buffer 

(%) 
Exceedance ratio  Systemic VaR ($) Systemic CVaR ($) 

0.25 0.3858           45,223,922,031           52,959,105,454  

0.50 0.2803           38,026,965,424           45,762,316,452  

0.75 0.1909           30,837,280,078           38,566,913,800  

1.00 0.1218           23,679,670,319           31,383,140,545  

1.25 0.0724           16,732,150,210           24,270,774,508  

1.50 0.0401           10,437,221,242           17,449,923,035  

1.75 0.0206             5,517,475,393           11,376,179,610  

2.00 0.0098             2,344,942,342             6,595,304,312  

2.25 0.0044                419,130,233             3,251,411,908  

2.50 0.0018                    8,882,178             1,288,352,796  

2.75 0.0007                               -                  450,790,758  

3.00 0.0002                               -                  146,286,796  

4.00 -                               -                        480,969  
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Table 9: Simulated systemic risk measures and incremental capital buffers  

The table shows sensitivity analysis of the risk measures to bank’s incremental capital buffers in 

addition to their actual levels. We raise the actual capital buffers of Australian ADIs as of 2014:Q4 by 

a set of hypothetical incremental capital cushion (from 0.25%-2%). The systemic risk measures are 

based on the 99
th
 percentile and one million iterations. The exceedance ratio is the number of loss 

exceedances over the number of iterations. VaR is the Value-at-Risk and CVaR is the conditional 

VaR (known as Expected Shortfall). VaR is the Value-at-Risk and CVaR is the conditional VaR 

(known as Expected Shortfall).  

 

Panel A: Systemic risk measures using APRA data 

Additional capital buffer (%) Exceedance ratio  Systemic VaR ($) Systemic CVaR ($) 

0 0.0001                             -                   29,740,833  

0.25 0.0000                             -                     3,158,333  

0.50 0.0000                             -                        315,990  

0.75 0.0000                             -                          56,780  

1.00 -                             -                                -    

1.25 -                             -                                -    

1.50 -                             -                                -    

1.75 -                             -                                -    

2.00 -                             -                                -    

Panel B: Systemic risk measures using Annual data 

Additional capital buffer (%) Exceedance ratio  Systemic VaR ($) Systemic CVaR ($) 

0 0.0040            2,469,888,515             5,179,581,364  

0.25 0.0020              551,450,247             2,920,734,734  

0.50 0.0009                             -               1,223,975,046  

0.75 0.0003                             -                 467,772,078  

1.00 0.0002                             -                 163,785,094  

1.25 0.0001                             -                   51,804,922  

1.50 0.0000                             -                   16,254,442  

1.75 0.0000                             -                     3,836,518  

2.00 0.0000                             -                        640,781  
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Table 10: Simulated systemic risk measures and confidence intervals – APRA Subsample tests 

The table shows a sensitivity analysis of the risk measures to varying confidence intervals using two 

subsamples, internal-ratings based (IRB) and non-IRB banks. The subsample of IRB banks includes 

The Commonwealth Bank of Australia (CBA), Westpac Banking Corporation (WBC), 

Australia and New Zealand Group Limited (ANZ), National Australia Bank Limited (NAB) 

and Macquarie Bank, and the remaining banks are classified as non-IRB banks. The systemic risk 

measures are computed for a range of confidence intervals (from 80% to 99%) are based on one 

million iterations. This simulation uses actual capital buffers of Australian ADIs as of 2014:Q4. The 

exceedance ratio is the number of loss exceedances over the number of iterations. VaR is the Value-

at-Risk and CVaR is the conditional VaR (known as Expected Shortfall). Panel A and Panel B report 

the systemic risk measures for the IRB and non-IRB banks, respectively.  

 

Panel A: Systemic risk measures using IRB banks 

Confidence interval (%) Exceedance ratio Systemic VaR ($) Systemic CVaR ($) 

80 0.0002                       -                   1,776,762  

90 0.0002                       -                   3,553,525  

95 0.0002                       -                   7,107,049  

99 0.0002                       -                 35,535,245  

Panel B: Systemic risk measures using non-IRB banks 

Confidence interval (%) Exceedance ratio  Systemic VaR ($) Systemic CVaR ($) 

80 0.0001                       -                         5,470  

90 0.0001                       -                       10,941  

95 0.0001                       -                       21,882  

99 0.0001                       -                      109,409  
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Table 11: Simulated systemic risk measures and capital buffers – APRA subsample tests 

The table shows sensitivity analysis of the risk measures to varying bank’s capital buffers using two 

subsamples, internal-ratings based (IRB) and non-IRB banks. The subsample of IRB banks includes 

The Commonwealth Bank of Australia (CBA), Westpac Banking Corporation (WBC), 

Australia and New Zealand Group Limited (ANZ), National Australia Bank Limited (NAB) 

and Macquarie Bank, and the remaining banks are classified as non-IRB banks. We replace the actual 

capital buffers of Australian ADIs as of 2014:Q4 by a set of hypothetical capital buffers (from 0.25%-

4%). The systemic risk measures are based on the 99
th
 percentile and one million iterations. The 

exceedance ratio is the number of loss exceedances over the number of iterations. VaR is the Value-

at-Risk and CVaR is the conditional VaR (known as Expected Shortfall). Panel A and Panel B report 

the systemic risk measures for the IRB and non-IRB banks, respectively.  

 

Panel A: Systemic risk measures using IRB banks 

Capital buffer (%) Exceedance ratio  Systemic VaR ($) Systemic CVaR ($) 

0.25 0.3072   11,927,695,722         14,008,208,234  

0.50 0.1568     7,631,904,006          9,349,861,907  

0.75 0.0654     4,642,990,127          5,957,817,853  

1.00 0.0220     2,571,562,963          3,633,322,639  

1.25 0.0059        882,034,172          1,846,781,773  

1.50 0.0013                       -               443,727,735  

1.75 0.0002                       -                 65,694,476  

2.00 0.0000                       -                   8,086,656  

2.25 0.0000                       -                   1,219,165  

2.50 0.0000                       -                      104,794  

2.75 -                       -                              -    

3.00 -                       -                              -    

4.00 -                       -                              -    

Panel B: Systemic risk measures using non-IRB banks 

Capital buffer (%) Exceedance ratio  Systemic VaR ($) Systemic CVaR ($) 

0.25 0.3074     1,158,552,597          1,347,808,810  

0.50 0.1572        710,001,932             862,904,178  

0.75 0.0655        412,283,473             526,403,769  

1.00 0.0221        221,130,592             311,392,643  

1.25 0.0059         85,679,834             159,131,563  

1.50 0.0013           6,837,236               51,572,817  

1.75 0.0002                       -                   8,064,368  

2.00 0.0000                       -                      965,194  

2.25 0.0000                       -                      139,957  

2.50 0.0000                       -                       15,464  

2.75 -                       -                              -    

3.00 -                       -                              -    

4.00 -                       -                              -    
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Table 12: Robustness - Mixed model results for the bank-level loan portfolio loss rates using APRA data (2002:Q1-2014:Q4) 

All variables are winsorised at the 1
st
 and 99

th
 percentiles, except the loss rate measures. The table shows the parameters estimated from the mixed model (1) 

for the Australian financial system. */**/*** indicate significance at the 10%, 5% and 1% level, respectively. Panel A reports the results for the one-year loss 

rates and Panel B reports the estimation results for the three-year loss rates. 

𝐿𝑅𝑖,𝜏 = 𝛼𝑖 + 𝛽𝑋𝑖,𝑡 + 𝛾휀𝑡 + 𝛿휀𝑖,𝑡                                                  

 

 

Panel A: Dependent variable = One-year loss rate                             

  I   II   III   IV   V 

  Estimate t-stat   Estimate t-stat   Estimate t-stat   Estimate t-stat   Estimate t-stat 

LR 0.189 *** 5.77 

 

0.180 *** 4.72 

 

0.178 *** 4.66 

 

0.186 *** 5.61 

 

0.185 *** 5.58 

LIQ 0.000 

 

0.2 

 

0.000 

 

0.18 

 

0.001 

 

0.27 

 

0.000 

 

-0.06 

 

0.000 

 

-0.08 

L1_LOAN_GR 0.003 *** 2.96 

 

0.003 *** 2.91 

 

0.003 *** 2.94 

 

0.003 *** 3.00 

 

0.003 *** 2.95 

GDP_GR -0.074 *** -2.87 

 

-0.070 *** -2.83 

 

-0.073 *** -2.84 

     

-0.051 * -1.78 

UNEMP_GR 

            

0.120 *** 2.69 

 

0.076 

 

1.54 

DEP -0.004 *** -3.45 

 

-0.004 *** -3.44 

 

-0.004 *** -3.49 

 

-0.004 *** -3.41 

 

-0.004 *** -3.37 

SIZE -0.206 *** -4.24 

 

-0.176 *** -4.36 

 

-0.202 *** -4.17 

 

-0.190 *** -4.60 

 

-0.194 *** -4.68 

CAP -0.003 

 

-0.77 

     

-0.003 

 

-0.74 

        PROFIT 

    

-0.007 

 

-0.63 

 

-0.006 

 

-0.60 

        _gamma 0.146 

   
0.139 

   

0.145 

   

0.146 

   

0.142 

  _delta 0.349 

   
0.349 

   

0.349 

   

0.349 

   

0.349 

  Bank-level intercept (N=25) Y    Y    Y    Y    Y   

No. of obs 943       943       943       943       943     
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Panel B: Dependent variable = Three-year loss rate                             

  I   II   III   IV   V 

  Estimate t-stat   Estimate t-stat   Estimate t-stat   Estimate t-stat   Estimate t-stat 

LR 0.132 *** 3.25 

 

0.101 ** 2.31 

 

0.101 ** 2.32 

 

0.130 *** 3.27 

 

0.130 *** 3.21 

LIQ 0.001 

 

0.95 

 

0.002 

 

1.24 

 

0.002 

 

1.20 

 

0.001 

 

0.90 

 

0.001 

 

0.87 

L1_LOAN_GR 0.000 

 

0.43 

 

0.000 

 

0.38 

 

0.000 

 

0.43 

 

0.000 

 

0.34 

 

0.000 

 

0.36 

GDP_GR -0.002 

 

-0.16 

 

-0.001 

 

-0.06 

 

0.000 

 

-0.01 

     

0.002 

 

0.16 

UNEMP_GR 

            

0.013 

 

0.72 

 

0.016 

 

0.70 

DEP -0.003 *** -3.51 

 

-0.003 *** -3.67 

 

-0.003 *** -3.60 

 

-0.003 *** -3.56 

 

-0.003 *** -3.54 

SIZE -0.015 

 

-0.45 

 

-0.029 

 

-0.93 

 

-0.019 

 

-0.57 

 

-0.029 

 

-0.95 

 

-0.031 

 

-0.98 

CAP 0.002 

 

0.67 

     

0.002 

 

0.60 

        PROFIT 

    

-0.009 * -1.78 

 

-0.009 * -1.75 

        _gamma 0.051 

   
0.053 

   

0.053 

   

0.053 

   

0.055 

  _delta 0.157 

   
0.157 

   

0.157 

   

0.157 

   

0.157 

  Bank-level intercept (N=25) Y    Y    Y    Y    Y   

No. of obs 584       584       584       584       584     
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Table 13: Robustness - Simulated systemic risk measures and confidence intervals  
The table shows a sensitivity analysis of the risk measures to varying confidence intervals. The 

systemic risk measures are computed for a range of confidence intervals (from 80% to 99%) are based 

on five million iterations. This simulation uses actual capital buffers of Australian ADIs as of 

2014:Q4. The exceedance ratio is the number of loss exceedances over the number of iterations. VaR 

is the Value-at-Risk and CVaR is the conditional VaR (known as Expected Shortfall). Panel A and 

Panel B report the systemic risk measures for the APRA and annual samples, respectively.  

 

Panel A: Systemic risk measures using APRA data 

Confidence interval (%) Exceedance ratio Systemic VaR ($) Systemic CVaR ($) 

80 0.0001                                   -                     1,678,439  

90 0.0001                                   -                     3,356,877  

95 0.0001                                   -                     6,713,755  

99 0.0001                                   -                   33,568,773  

Panel B: Systemic risk measures using Annual data 

Confidence interval (%) Exceedance ratio  Systemic VaR ($) Systemic CVaR ($) 

80 0.0040                                   -                 339,543,581  

90 0.0040                                   -                 679,087,162  

95 0.0040                                   -              1,358,174,324  

99 0.0040                 2,449,618,081            5,111,869,514  
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Table 14: Robustness - Simulated systemic risk measures and capital buffers  

The table shows a sensitivity analysis of the risk measures to varying bank’s capital buffers. We 

replace the actual capital buffers of Australian ADIs as of 2014:Q4 by a set of hypothetical capital 

buffers (from 0.25%-4%). The systemic risk measures are based on the 99
th
 percentile and five million 

iterations. The exceedance ratio is the number of loss exceedances over the number of iterations. VaR 

is the Value-at-Risk and CVaR is the conditional VaR (known as Expected Shortfall). Panel A and 

Panel B report the systemic risk measures for the APRA and annual samples, respectively.  

 

Panel A: Systemic risk measures using APRA data 

Capital buffer (%) Exceedance ratio  Systemic VaR ($) Systemic CVaR ($) 

0.25 0.3075         12,460,097,081         14,589,795,463  

0.50 0.1571          7,889,841,582           9,628,153,315  

0.75 0.0656          4,734,126,784           6,070,670,274  

1.00 0.0221          2,597,303,101           3,682,742,832  

1.25 0.0059             899,327,635           1,874,958,932  

1.50 0.0013               37,079,734              500,255,759  

1.75 0.0002                            -                 78,348,254  

2.00 0.0000                            -                   9,174,343  

2.25 0.0000                            -                      863,763  

2.50 0.0000                            -                        48,971  

2.75 0.0000                            -                            972  

3.00 -                            -                               -    

4.00 -                            -                               -    

Panel B: Systemic risk measures using Annual data 

Capital buffer (%) Exceedance ratio  Systemic VaR ($) Systemic CVaR ($) 

0.25 0.3853         45,060,648,658         52,701,797,678  

0.50 0.2797         37,864,368,830         45,505,056,915  

0.75 0.1905         30,673,089,484         38,310,023,059  

1.00 0.1214         23,515,900,253         31,127,523,804  

1.25 0.0721         16,569,519,655         24,020,258,955  

1.50 0.0398         10,302,359,743         17,212,289,734  

1.75 0.0204          5,434,522,053         11,171,479,427  

2.00 0.0097          2,290,994,816           6,441,942,004  

2.25 0.0043             392,798,114           3,148,760,292  

2.50 0.0017                 7,651,960           1,233,652,972  

2.75 0.0007                            -                429,299,497  

3.00 0.0002                            -                139,597,652  

4.00 -                            -                      480,714  

 

 

 

 

 


