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Abstract

This paper analyses the systemic risk in relation to bank lending for Asian economies. The methodology
complements existing market-based systemic risk measures by providing measures based on accounting
information that regulators typically collect. Loan loss provisions of banks are decomposed into (i) a
prediction component that is based on observable bank characteristics, and (ii) two frailty components: a
bank-specific systematic factor based on the assumption that a bank's asset portfolio is diversified and a
systemic factor. Systemic risk is measured as the Value-at-Risk and Expected Shortfall of the financial
system based on a simulation model that takes into account the current condition of banks in the financial
system, the absolute size and the capitalisation of financial institutions, as well as the sensitivity to

systematic and systemic frailty risk.
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1 Motivation

Bank lending is a major source for consumer and corporate finance and is the focus
of prudential regulations as well as accounting standards to ensure system resilience. Asian
banking systems have received very limited attention in literature during the recent years.
These systems have continued to thrive while their US and South-European counterparts
were exposed to severe economic stresses. This paper analyses this exciting intersection of

bank lending and system resilience for Asian economies.

The extant literature analyses share returns and CDS spreads for the largest banks
within developed Asian economies. For example, Fong et al. (2011) estimate systemic risk
using equity returns for twelve Hong Kong banks and Wong et al. (2011) analyse systemic
risk measures based on the distances to default for the largest banks (with equity returns)
of ten Asian counties. Huang et al. (2012) compute stress insurance premiums from CDS
spreads for 24 large Asian banks and relate systemic risk during the Global Financial Crisis
(GFC) to risk aversion and liquidity crunches. Zhang et al. (2013) analyse market measures
for systemic risk for 333 international banks (approximately a third of which is from Asia).
Dungey et al. (2015) measure the systemic risk based on share prices for Australian firms

including banks. 2

Borio and Drehmann (2009) and Cerutti et al. (2012) argue that financial markets
may be exposed to systematic under and/or over pricing which implies a higher degree of
systemic risk than actuarial indicators may support. As an example, share prices jointly
drop in times of financial crises as investors sell shares in a financial system. As a result,
the systemic change in share prices is in part driven by investor behaviour, which may

not reflect the real economy. Consistent with this view, Zhang et al. (2013) find that size-

2 Prominent examples for US-based market-based systemic risk measures are Adrian and Brun-
nermeier (2011), Acharya et al. (2010) and Brownlees and Engle (2012).



based rankings dominate market-based measures as early-warning tools for systemic risk, and
Snethlage (2015) applies a simulation-based approach for the New Zealand banking system

and measures the risk associated with bank failure.

The literature on Asian banks has focused on market based measures for systemic risk.
We extend this research to address regulatory concerns by providing an accounting-based
model for financial system risk in bank lending and apply this methodology to Asian bank
accounting data to complement market-based measures for systemic risk. We decompose
banks’ historic loss rates into multiple terms: the prediction term of bank losses based on
risk factors observable by prudential regulators, a systematic frailty term and a systemic
frailty term. Financial institutions fail when unexpected losses (i.e., frailty effects) exceed
the capital. The paper analyses absolute loss exceedances for failed institutions, aggregates
these for financial systems and reports moments of their distributions to determine the

absolute size of systemic risk.

We focus on systematic risk of commercial loan portfolios of banks as (i) bank lend-
ing relates to the basic functions that financial institutions provide in economies, and (ii)
hedging techniques are in short supply. This paper complements the existing literature on
market-based systemic risk and on forms of connectedness other than bank lending, such
as counterparty relationships in over-the-counter (OTC) transactions, borrower-lender rela-

tionships, or client-service provider relationships.

The contributions are as follows: Firstly, we provide cross-sectional systemic risk mea-
sures for bank lending in Asia. The Asian economic region is an important and fast growing
economic region. We account for the historic cyclicality of loan losses, bank capitalisation and
banking structure of Asian economies. The analysis is important as some Asian economies
are currently discussing implementing deposit or bank liability insurance schemes and this

paper may provide an input into the size requirements of such schemes.



Secondly, bank accounting data, readily available to regulators, is used to measure
systemic risk, addressing the critique by Borio and Drehmann (2009) and Cerutti et al.
(2012). The approach is independent from the efficiency of financial markets. The model is
based on a structural economic model for bank default, where a bank default occurs if losses

exceed capital.?

Thirdly, the size of financial system protection schemes is measured by computing the
absolute losses in financial systems under distress and conditional on individual bank failures.
The resulting risk measures enable the definition of minimum adequacy and hence the size
of protection schemes for creditors in absolute terms and accounting data. The paper builds
on Adrian and Brunnermeier (2011) who suggest the measurement of systemic risk by the

conditional Value-at-Risk (CoVaR) and DeltaCoVaR for (relative) equity returns. *

Fourthly, the likelihood is derived for a model where loss rates are decomposed into an
observable component, a systematic factor with regard to the bank portfolio and a systemic
risk factor. We define systematic risk as the risk that relates to a bank portfolio and
cannot be diversified. We further define systemic risk as risk that relates to a system of
banks and can not be diversified. The measurement of systematic and systemic risk allows
us to simulate distributions of bank losses and financial system losses for future time periods

and to derive the size of financial system protection mechanisms.

The paper proceeds as follows: Section 2 presents the model framework and introduces
a number of measures for systemic risk. Section 3 presents the empirical results and includes
data description, the model estimation, the analysis of the impact of financial institutions

on the system loss. Section 4 concludes.

3 Acharya et al. (2010) and Brownlees and Engle (2012) acknowledge the role of leverage but do
not control for the asset/credit risk.

4 DeltaCoVaR is defined as an institution’s contribution to systemic risk as the difference between
(i) CoVaR of the financial system conditional on the institution being under distress, and (ii) the
CoVaR of the financial system conditional on the median state of the institution.



2 A model for bank failure and financial system loss

In our contribution we isolate systematic shocks which are deviations of realised loss
rates from loss rate predictions. Note that loss rate realisations aggregate over large banking
portfolios and the idiosyncratic risks have been diversified. The remaining systematic risk
will be decomposed into a systemic and a non-systemic component. To illustrate the diver-
sification of idiosyncratic risks, we start on the borrower level, then aggregate risks to the

bank level and finally to the system level.

The asset return of borrower i of bank jin periodt (i = 1,...,1;;j =1,...,J;t =1,...,T)

is driven by a time-specific common risk factor X;; and an idiosyncratic factor S

Riji = /pXjt + /1 — pSije (1)

where X, and S;;; are standard normally distributed and independent from each other,

with standardised weights p and /1 — p.

We decompose the risk factor X, further into a systematic component U;; and a sys-

temic component X, where both are i.i.d. standard normally distributed with standardised

weights 0 and /1 — 9:

The asset return process is then:

Rijt - \/pi(SX: + \/ p - p(Sth ‘|’ 1 - pSijt (3)



A default event occurs when and if the asset return R;;; falls below threshold c;;_;.

The borrower default is modelled by the indicator

1 borrower 7 of bank j defaults in period ¢, for R;;; < cji—1
Dije = (4)

0 otherwise, for Ry >= c¢ji—1

cjt—1 is a summary of all observable information on the borrower, the bank and the
financial system. As we collect information on the bank level, we assume borrowers to be
homogeneous for a given bank and heterogeneous for different banks. Bank regulators may
extend the models by borrower-specific information (e.g., FICO scores and LTV ratios for

mortgage borrowers or financial ratios for corporate borrowers) if available.

The conditional default probability, conditional on the systematic factor and systemic

factor is given by:

P(Dije = 1 X}, Uj) = P(Rije < cjua| X7, Ujt) (5)

= P(y/1 = pSijt < ¢jr1 — \/p»(;X: — /P — pdUu| X}, Ujt)
—$ (Cjtl —VpdX{ =V — P5th>
Vi

where ®(-) is the cumulative density function (CDF) of the standard normal distribu-

tion.

A bank generally holds larger borrower portfolios and the portfolio default rate Pj,
which measures the ratio of defaulting borrowers divided by the total number of borrowers
in a bank, converges in probability to the conditional default probability as idiosyncratic risk

is diversified. In other words, given a granular credit portfolio, the default rate of bank j in



time period ¢t is:®

_M EN (I)<Cjt—1—\//)_5Xf—\/P—/)5th

Py = 7 N ) as I; — oo (6)

see e.g., Kupiec (2009). The right hand side of Equation (6) is the asymptotic default
rate of bank j in period ¢. Pj; can be interpreted as the loss rate rather than the default
rate of the portfolio if loss rates given default are equal to unity. Alternatively, one may
assume higher default rates and lower loss rates given default resulting in comparable total

loss rates.

We assume that the (implied default threshold and hence the) loss rate is a function of
the probit transformed lagged loss rate pj—1 ®, as well as bank characteristics zx j—1 (with
k =2, ..., K) such as bank capital, profitability, liquidity, and credit growth. The bank-level

controls define the bank lending standard and hence the loss rate:

K
Cit—1 = Boj + B (Djm1) + O Brjznji-1 (7)
k=2

Bo,; is a bank-level intercept, (3 ; is the sensitivity of the probit transformed lagged
loss rate and Sy ;, with £ = 2, ..., K, are the sensitivities of the respective risk factors. Banks
provision for expected credit losses. To the degree that credit losses can be explained by time
lagged variables (pj;—1 and 2 ;¢—1), banks would anticipate economic shocks and allow for
their impact on the loss rates through provisions. In this paper, we analyse the propensity
of unexpected (random) shocks to draw on the bank capital. These random shocks are per

definition independent from the deterministic time-lagged information.

5 In the empirical analysis, we model losses in relation to credit and trading portfolios including
securities and derivatives.

6 We choose the probit transformation in order to bring the endogenous variable to the same level
of interpretation as the dependent variable.



The asymptotic cumulative density function of the loss rate conditional on the systemic

factor is given by (see e.g., Bluhm et al., 2003):

L(pjt) P Jt < p]t

(I)<Cjt 1— \/_X* p\/ﬁU]t> < i)
P2 f;fU >“ﬂ P VIOXT g1 ()
:1_q)(0]t—1 \/E)Ck V1—p®~ (]%’t))
v —pd
—$ ( 1 —p®~ ' (pji) + Vpd X — Cjt—l)
Vo —pd

(8)

The marginal density function given the threshold from Equation (7) and conditional

on the systemic factor X* is as follows:

dL(pj¢) _ dL(pj;)  d® ' (L(ps))
dpjt do~'(L(pyr))  dpj
y (\/m@l<pjt) + VpdX} — Cjt—l) V1—p 1
p— po Vo —pd ¢ (27 (p)e))
5 (VI— 98 (py) + VASX] — i)
p—po

l(pjt) =

/1 —
p—p

(9)

where ¢(+) is the probability density function of the standard normal distribution.

One may worry whether our standard normal assumption is able to reflect tail risk in
relation to the variable of interest — here the loss rate. Our methodology falls into the model
class of non-linear mixture models which are able to model heavy tails. This model and some

variants are common in the credit risk literature. The Gaussian factor model can also be



interpreted in terms of a Gaussian copula for the borrowers’ asset returns or their default
times (see Li, 2000). These models have also found recognition in the supervisory rules for
determining regulatory capital of banks (i.e., Basel II and Basel III). The assumptions of
normal distributions relate to the risk factors and the implied asset returns. Conditional
on these factors we receive symmetric probability distributions. Mixing (i.e., probability-
weighting) these distributions over the factors results in a heavily fat tailed mixed distribution
for the loss rate, which is consistent with our priors. In other words, the resulting loss
rate distribution given a positive parameter for § and p implies a right skew and a fatter
tail compared with the normal distribution. Note that ¢ and p are bounded between zero
and one and empirical estimates are significantly positive (compare Table 3 and Table 4).
Furthermore, the model allows time varying parameters for the loss rate distribution. The
standard deviation of loss rates is mean dependent. Hence, the resulting residuals have time-
varying standard deviations with a greater standard deviation during an economic downturn

than during an economic boom.

Figure 1 highlights this aspect by illustrating two densities with correlations p = 0.2
and p = 0.5 as an example.” The densities are more heavily skewed for higher parameters.
This illustrates that the chosen model framework and distributional assumptions are capable
of modelling heavy tailed empirical distributions. A concern may remain that mixtures of
Gaussian distributions are restrictive. However, Schloegl and O’Kane (2005) show that the
percentiles, such as a Value-at-Risk, obtained from a Gaussian copula credit model and a
student-T copula credit model are comparable, provided that the parameters are estimated

for the same empirical data.

[insert Figure 1 here]

We estimate the model parameters by maximising the logarithm of the unconditional

7§ is reflects the fraction of systematic risk which is systemic and hence does not have an impact
on the density for systematic risk. 4 = 0 for simplicity in both instances.



likelihood L(-|Bo;, B1;,0;, pj) with regard to realisations z} of X using the adaptive Gauss-

Hermite-Quadrature and the Newton-Raphson method. This likelihood is:

T o0
I(-|Bos Brjs 65, p) = H/ U(pjtlBog» Brj» 055 pj» 27 ) - by )dy (10)
t=17">

The individual bank is required to hold capital in relation to the relative Credit Value-

at-Risk based on a regulatory confidence level o, (CrVaRj;, regulatory capital). In other
words, the bank capital is based on the percentile of its loss distribution. Note that all banks
hold capital not equal to but in excess of this level, i.e., based on a confidence level a, with

ae > a, (CrVaRS;, economic capital) .

A bank default is indicated by Dj;:

1 bank j gets into financial distress in ¢
Dy = (11)

0 otherwise

We assume that a bank default occurs if the unexpected loss rate exceeds the economic

capital:

unexpected loss rate economic capital

The unexpected loss rate is the realised loss rate minus the loss rate that is expected
based on the above factor models via integration over Equation (6) and Equation (7)® CrVaR
represents the Credit Value-at-Risk, which is also the internal basis of a bank’s economic

capital. Generally speaking, economic capital is higher than regulatory capital as banks

8 Equation (13) approximates a bank’s provisioning level. Current provision rules are generally
based on TAS 39, which applies an expected loss definition. Going forward, IAS 39 will be replaced
by IFRS 9, which is also based on an expected loss definition (compare Gaston and Song, 2014).



apply greater confidence levels and provide for a safety buffer. Prudential regulators require
banks to retain earnings or raise additional capital if banks are likely to be undercapitalised
(i.e., have economic capital levels below regulatory capital levels) and generally do not allow

undercapitalised banks to operate.

K
E(Py) =@ (50,]' + B, (pje—1) + D 5k,j2k,jt1> (13)
=2

The relative loss exceedance Mj; is:

M = max(Py, — E(Pj) — CrVaRSs,0) (14)

it
where Pj; — E(Pj) is the unexpected loss.

Note that in extensions, one may consider taking the capital buffer, i.e., the difference
between the economic and regulatory capital, as threshold. In a going concern 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 active, which may include
contributions from investors (e.g., via a merger where the acquiring bank makes a contribu-
tion), bondholders, or eventually the taxpayers (e.g., via a deposit insurance scheme). We
did not follow this approach as it requires the regulatory capital requirement for every bank

which we are unable to access.

The financial system is characterised by the sum of loss exceedance amounts in the

system

J
j=1

10



with weight w;, (e.g., total assets), relative loss exceedance Mj;, and distribution func-

tion G(.).

The financial system moves into distress if its VaR] given by

G(VaR])=P(L, <VaR]) =~ (16)

is exceeded. The threshold « or the expectation of exceedances of v may be linked
to the size of a protection mechanism such as a deposit insurance scheme or taxpayers’

willingness to fund.

We compute the following systemic risk measures:

e Unconditional Value-at-Risk: VaR;

e Unconditional Expected Shortfall, i.e., conditional Value-at-Risk: CVaR;

e Value-at-Risk conditional on the failure of bank j: CoVaR(j);

e Conditional Expected Shortfall conditional on the failure of bank j: CoCVaRJ(j);

e Difference between Value-at-Risk conditional on the failure of bank j and unconditional
Value-at-Risk: DeltaCoVaR(j);

e Conditional Expected Shortfall conditional on the failure of bank j: CoCVaR(j) and un-

conditional Expected Shortfall: DeltaCoCVaR(j).

Given the parameter estimates for the individual banks, the loss distribution of the
system is simulated. All results are based on an estimation of the parameters and a simulation

with two million iterations of the risk factors X; and Uj;.

To forecast the unconditional and conditional loss distributions for credit portfolios, it

is common to apply Monte Carlo simulations (see e.g., Gupton et al., 1997). We have chosen

11



this technique to match the structure of a risk mechanism that (i) decomposes systematic
risk into systemic and non-systemic risk, (ii) nets it with the risk mitigation provided by
bank capital, and (iii) conditions on bank default. A simulation is necessary as no analytical
solutions or approximations are available for such a structural framework. Furthermore,
simulations are able to provide scenarios based on model parameters estimated with historic
data, but result in different, possibly more adverse realisations than those actually observed.
Future research may develop new methodologies that enable the processing of data in a more
efficient fashion, which may include analytical, semi-analytical, or selective approaches such

as importance sampling.

The simulation follows a number of steps for a single iteration after the parameters

have been estimated. These steps are then repeated for two million iterations:
Step 1: Simulation of bank loss exceedances

In a first step, the systemic factor (one for all banks) and bank-systematic factors are
simulated. The factors are assumed to be independent and standard normally distributed.
The simulated future loss rates are then calculated based on the (i) the estimated parameters,
(ii) observable time-lagged control variables for the last period of the data set, and (iii)
simulated realisations of these random factors following Equation (6) and Equation (7).
The unexpected losses are computed based on Equation (14) and the loss exceedences of

unexpected losses relative to the capital levels of banks are computed following Equation

(15).
Step 2: Aggregation to financial system losses

In a second step, the loss rates are weighted by gross loans to compute absolute losses
per banks and the absolute losses are aggregated to the financial system by summing the
realised losses for all banks in a financial system following Equation (14), which results in

the distribution of financial system losses.

12



Step 3: computation of systemic risk measures

In a third step, the unconditional VaR and CVaR of the financial system are calculated
by sorting the final system loss vector from low to high and recording the a-th percentile
for VaR and the mean of losses in excess of this threshold for the Expected Shortfall CVaR.
Then, iterations with losses exceeding the capital per bank are identified, collected and
combined to a conditional loss vector. Furthermore, the conditional CoVaR and CoCVaR
of the financial system per bank are computed by sorting the conditional loss vector from
low to high and recording the a-th percentile for CoVaR and the mean of losses in excess
of CoVaR for the Expected Shortfall CoCVaR. Lastly, DeltaCoVaR and DeltaCoCVaR are
calculated for the financial system per bank as the difference between CoVaR and VaR, as

well as, CoCVaR and CVaR.

3 Empirical Results

3.1 Data

We analyse the financial statements of Asian banks at the highest level of consolidation,
generally bank holding companies for 17 economies: Australia, Bangladesh, China, Hong
Kong, India, Indonesia, Japan, Korea (Republic of Korea), Malaysia, Pakistan, Philippines,
Russia (Russian Federation), Singapore, Sri Lanka, Taiwan, Thailand and Vietnam. The

reporting period covers the financial years from 1992 to 2010.

The bank financial data is from Bankscope. We filter the database for bank holding
companies, commercial banks, cooperative banks, mortgage banks, and savings banks, con-
firming data consistency by manual reconciliation of annual reports and financial information
collected from both Bloomberg and the Thomson Financial database. We take the bank fi-

nancial statements of the greatest level of consolidation in the instance of multiple bank

13



reports.

Note that exchange rates have a minor impact on the results as the model is based
on financial ratios which are independent of exchange rates. Hence, the weighting of loss
exceedances in Equation (15) is the only computation that is sensitive to the exchange rate.
We convert the weight variable gross loans to USD using the exchange rate provided by
Bankscope at the end of the 2009/2010 financial year, which is the last year in our study and

basis for our simulation study. In total, our data covers almost $22 trillion in gross loans.

Some banks (generally smaller banks) may not have long time series to estimate bank-
level parameters. We apply the parameters from an econometric model for all banks (see
Table 3) but apply these parameters to all banks that we observe in the data for which we

cannot estimate bank-level models in the last period.

We apply two filter rules:

e Filter Rule 1: We drop observations with missing values, and use this data set for our
simulation study.

e Filter Rule 2: We drop banks which have fewer than ten observation periods.

Table 1 describes the number of banks before the application of filter rules and the

total gross loans in 2010 by country before and after the application of the two filter rules.

[Table 1 about here.]

We report the fraction of gross loans for which we estimate a bank level model (see
Filter 2 in Table 1, average over all countries: 72.9%) and the fraction of gross loans for
which we are able to simulate and report systemic risk measures (see Filter 1 in Table 1,
average over all countries: 94.9%). In summary, our economic findings should be interpreted
with care. They apply to the majority of public banks that report financial accounts but not

private banks and other financial service providers in a financial system. Private banks and

14



lenders that do not have bank status as they are non-deposit-taking are not considered in

this study.

We then calculate the loan loss provisions to gross loans (loss rate hereafter). We test
bank charge-off rates with comparable results for the individual banks. We have a preference
for loan loss provisions as this information is available for a greater number of (almost all)
banks in our sample. Bank provisioning and capital allocation are subject to international
standards (IAS 39/ IFRS9 for provisioning and the Basel regulations for capital). We confirm

the validity of our models through statistical significance, economic plausibility and fit tests.

Figure 2 shows the mean loss rate per year (over all banks and countries) as well as
the number of banks per year prior to the application of filter rules (compare Table 1 for
the impact of filter rules). It is apparent that the South-East Asian Crisis in 1997 has lead
to an increase in the average loss rate. Increases in the loss rates that exceed the expected
loss rate based on a risk factor model explain the systemic risk in this paper. The number
of banks has continuously increased over time. We include the size of banks in the financial
system only for the last observation period. Therefore, changes in the number of banks and
size of the financial system over time do not have, consistent with exchange rates, an impact

on our estimation results. The GFC had no major impact on bank loss rates in Asia.

[Figure 2 about here.]

Table 2 shows in Panel A the descriptive statistics for the loss ratio, and bank fun-
damentals for all years. Panel B presents the Bravais Pearson correlation coefficients. Bank
fundamentals include the capital ratio (total equity to total assets), liquidity (liquid assets
to total assets), profitability (net income to shareholder equity), and loan growth (change of
total loans relative over the past year) and real GDP growth pa.. The means and moments
for loss rate and capital (e.g., mean for loss rate is 1.35% and the mean for capital is 13.84%)

as well as the means and moments for other financial ratios are within our prior expectations.

15



The mean loan growth of developed economies and the credit growth of 14.05% is high and
is a reflection of the economic growth in Asia relative to developed (Western) economies. ?
We have in total 5,462 annual bank observations in the sample. We note that all variables

have low correlations.

[Table 2 about here.]

We include the probit transformed time-lagged loss rate so that the parameter esti-
mates are on the same interpretation level and beta estimates between zero and one. All
other financial ratios with the exception of the macro variable GDP are winsorised at the

5th and 95th percentile

3.2  Model estimation

The empirical model estimates parameters for the drivers of loss rates: the lagged loss
rate, bank capital, liquidity, profitability, loan growth and real GDP. All covariates are lagged
by one period to ensure that the models can provide forecasts. Furthermore, the parameters
of frailty effects are estimated. Frailty is decomposed into a bank-systematic and a country-
systemic component. This is economically sensible as banks provision for future losses and
capital is allocated to cover unexpected losses, i.e., loss realisations in excess of provisioning.
In essence, the systemic frailty is the co-variance of (i) the residual between the realised and
the predicted loss rate, and (ii) the systemic factor, which is the average frailty effect for the

financial system.

Table 3 shows the parameter estimates for the country-specific model. Table 4 shows
the parameter estimates for the bank-specific model. In Table 4, Panel A shows the moments

of the parameter distribution and Panel B the mean of the parameters by country. Bank-

9 Note that the total assets and gross loans are reported on a bank level and differ from Table 1,
which reports gross loans on the country level.

16



specific parameters can be estimated for 430 banks in the sample.

[Table 3 about here.]

[Table 4 about here.]

The parameter estimates fluctuate between the individual banks. We find that on
average, banks’ lagged loss rates have a positive impact and GDP a negative impact on the
loss rates. The lagged loss rates are probit transformed as they enter a non-linear probit
model and the resulting parameter estimates are bounded between zero and one, which
reflects the degree to which past loss rate realisations are able to explain contemporary loss

rate realisations.

The other risk drivers capital, liquidity profitability and loan growth are weaker. The
number of available variables increases over time and more detailed financial ratios are often
limited in availability over time. Fundamental factors need to be interpreted in relation to
the lagged loss rate and real GDP growth which are the dominant factors and capture a
large degree of loan portfolio specific risk characteristics and hence the realisation of historic

business cycles. The signs of other variables is driven by inclusion/exclusion of these factors.

Figure 3, Figure 4 and Figure 5 show the average real fit diagrams, i.e., the average
predicted, and average realised loss rate by country. In particular South-East Asian countries
(i.e., Hong Kong, Indonesia, Korea, Malaysia, Philippines, Singapore and Thailand) expe-
rienced an increase in the loss rates during the South-East Asian crisis, which our models
(mainly through the lagged loss rate) reflect with a lag. This is reasonable as banks increase
provisions in the aftermath of financial crises. Other countries have experienced increases in

loss rates in other years.

Note that the start year in terms of data availability is different across countries as a

reflection of financial market development.
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[Figure 3 about here.]
[Figure 4 about here.]
[Figure 5 about here.]

The systemic exceedance of the realised loss rate relative to the model-implied loss
rate is measured by the p parameter for systematic risk and the § parameter for the degree
of systemic risk within systematic risk (see Equations (1) to (3)). Chart 6 shows the Bayes
estimates of the systemic risk factor X* by country. The Southeast Asian Crisis resulted
in a negative factor for Southeast Asian countries and hence higher loss rates than implied
by our models. Note that X* enters in a negative fashion so that a smaller factor implies a

higher loss rate (see e.g., Equation (6)).

[Figure 6 about here.]

3.8 Analysis of measures for systemic risk

We simulate two million iterations of the risk factors X; and Uj;. These numbers are
sufficient to ensure convergence. !’ Conditional on the simulated values, we compute the
values for loss per bank and the loss of the financial system as the sum of all bank losses. We
then compute the various measures for systemic risk by analysing moments of the simulated

complete distributions or conditional distributions.

Figure 7 shows the cumulative loss distribution for a financial system and the system
Value-at-Risk (VaR). We measure VaR unconditionally and conditionally on individual bank

failures (CoVaR). In addition, we compute Expected Shortfall (CVaR) as the expected loss

10 Our convergence criteria was a variation of less than 0.1% in both the Value-at-Risk and Expected
Shortfall when doubling the number of iterations (i.e., from 250,000 to 500,000 to 1 million to 2
million).
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in excess of VaR.
[Figure 7 about here.]

From these other absolute systemic risk measures will be derived. Firstly, we compute
conditional measures: CoVaR and CoCVaR are system measures conditional on the loss ex-
ceedance of the respective bank. CoVaR is the VaR conditional on the default of a praticular
bank and CoCVaR is the Expected Shortfall conditional on the default of a particular bank.
The conditional risk measures are higher than the unconditional risk measures as they con-
dition on an adverse economic state. Furthermore, conditional measures are bank-specific

and we report the moments of the empirical distribution and the mean measure by country.

Secondly, we compute the differences between conditional measures and unconditional
measures. DeltaCoVaR and DeltaCoCVaR is the difference between the conditional and
unconditional risk measure. ! These measures are, like the underlying conditional measures,
bank-specific and we report the moments of the empirical distribution and the mean measure

by country.

Table 5 describes the empirical distribution for the exceedance ratio and the systemic
risk measures by country (Panel A) and the mean values by country (Panel B) for one-
year loss rates. The exceedance ratio is the numbers of loss exceedances over the number
of iterations. The ratio is on average 1.05% (with the 1st percentile of zero and the 99th

percentile of 18.51%).

The systemic risk measures are based on the 99th percentile. In the tables, Panel A

describes the moments for all banks and Panel B the mean systemic risk measures by country.

[Table 5 about here.]

1 Adrian and Brunnermeier (2011) propose the CoVaR given the median state of a financial in-
stitution. We follow this approach but assume that CoVaR given the median state of a financial
institution is equal to the unconditional VaR of the financial system.
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The number of observations represents the number of banks that experience a positive
loss exceedance (relative to economic capital) and is smaller than the total number of banks.
Systemic risk may be measured by the system Value-at-Risk (VaR) or Expected Shortfall
(Conditional VaR) which is the mean of all losses exceeding the VaR. For example the
VaR of China is $86 billion and the Expected Shortfall (CVaR) is $142 billion based on a
confidence level of 99%. These numbers may be interpreted as the size of a financial protection
scheme that ensures that all loss exceedances are covered up to the 99th percentile. The VaR
and CVaR for countries may be interpreted analogously. Potential applications may be the
definition of minimum fund sizes for deposit insurance schemes and fees to protected banks by
prudential regulators. Also, the size and economic value of explicit and implicit government

guarantees (i.e., for too-big-to fail institutions) may be assessed as a basis for potential levies.

Furthermore, the CoVaR measures the VaR of the financial system if a particular
bank has experienced a loss exceedance. It is a measure of co-movement of the particular
bank and the financial system and bank-specific. DeltaCoVaR is the difference between the
CoVaR and the VaR of the financial system and describes the degree by which a bank’s
loss exceedance increases the system VaR. We report average CoVaR and DeltaCoVaR for
countries throughout the paper. For example the CoVaR for China is $150 billion and the
DeltaCoVar follows with $64 billion (i.e., $150 billion less $86 billion). These measures are
analogous for Expected Shortfall (CVaR) and indicate the systemic risk of individual financial
institutions or the appropriate size of a financial protection scheme that ensures that all loss

exceedances are covered up to the 99th percentile conditional on a bank’s failure.

In our view, financial system protection schemes may be based on the VaR or CVaR
measure as these are unconditional (ex-ante) measures for future absolute loss levels. The
bank-specifc systemic measures CoVaR and CoCVaR, DeltaCoVaR and DeltaCoCVaR may
serve regulators as bank-specific measures of systemic risk and the formulation of bank-

specific policies. Such bank-specific measures are generally confidential due to their impact
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on competition in financial markets.

Note that whilst the Expected Shortfall (CVaR) is equal or greater than VaR and the
conditional measures (CoVaR and CoCVar) are asymptotically always equal or greater than
the unconditional measures (VaR and CVaR), while the difference between conditional and
unconditional measures may be lower or greater than the constituents. VaR and CVaR are
identical for all banks of a system (here a country) and the conditional measures (CoVaR,
CoCVar, DeltaCoVaR and DeltaCoCVar) are bank-specific as they condition on the loss

exceedance of the individual bank.

Table 6 shows the systematic risk if losses accumulate over a three year period. Panel
A shows the moments of systemic risk measures Panel B the mean systemic risk measure by
country. The analysis of a three year period is interesting from a financial system resilience
perspective as banks may be unable to recapitalise for such an extended period during
economic downturns and capital should be able to cover such multi-period losses. We compute
the three year loss rate by assuming that the one-year loss rate is persistent over three
consecutive years. The three year scenario may be interpreted as a stress test to test the
degree to which current capital levels provide coverage under a severe adverse loss scenario.
As a result, the systemic risk measures increase. For example the VaR of China is $371
billion (an increase of 431% relative to the one-year loss scenario) and the Expected Shortfall

(CVaR) is $142 billion (an increase of 380% relative to the one-year loss scenario).

[Table 6 about here.]

In summary, the exceedance ratios and systemic risk measures are substantially higher

if loss rates accumulate over three consecutive periods and banks are not able to recapitalise.

In aggregate, the sum of the value at risk measures is $127 billion (i.e., the sum over
all values in the VaR column, in Table 5, Panel B, assumptions one-year loss rate and 99%

confidence level). These numbers may be interpreted as being consistent with the Global
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Financial Crisis in the US where the Federal Deposit Insurance Corporation (FDIC) covered
losses of approximately $70 billion. The relation of system losses of $127 billion to the
US realised number of $70 billion may be explained by the greater size of the aggregate
Asian banking system (approximately $21 trillion in gross loans, see Table 1) than the US
(approximately $10 trillion in gross loans). Whilst there are many differences between the
US and Asia, we consider this to be anecdotal evidence for the model’s reliability and an

appropriate benchmark for further research on Asian banking systems.

This ad hoc comparison should be read with some care. First, every crisis is a non-
reoccurring event and it is difficult to attach a likelihood for the GFC. Laeven and Valencia
(2008) and Bordo et al. (2001) identify a number of major crises in the past one hundred
years and the frequency of a major crisis may be higher than one percent, which is the value
that we have based our simulation study on. Second, the risk horizon of the crisis (two years)
may be offset by a greater financial system in Asia (about twice the size of the US). Our
assumption of loss rate persistency over longer periods of time is empirically untested. In
severe economic downturns, capital markets may remain severely constrained for multiple
periods and it is likely that capital may have to cover the losses of multiple periods before
a bank recapitalisation may occur (we analyse the role of multi-year losses above). Third,
we assume that economic capital is available to cover losses, which assumes bank liquidation
to cover losses. It is likely in severe economic downturns that losses that do not exceed the
economic capital but exceed the capital buffer are passed on to a safety net to ensure that
banks continue to provide financial services to an economy. In other words, actual losses may
be higher as only a fraction of bank capital may be available for risk cover. We are unable
to analyse capital buffers (i.e., the difference between economic and regulatory capital) as

we do not have robust data for regulatory capital.

Furthermore, we are interested in analysing the drivers for systemic risk and regress

the ratio of our systemic risk measures to total gross loans of a country on the input factors

22



to analyse the direction and relative importance of their economic impact. The input factors
are the various exogenous variables that generate the systemic risk measure. Table 6 shows

the results of this analysis:

[Table 7 about here.]

The systemic measures VaR, CVaR, CoVaR, CoCVaR, DeltaCoVaR, DeltaCoCVaR
are included relative to the total gross loans to control for size. The unconditional systemic
risk measures VaR and CVaR increase with the loss rate as the overall loss risk is higher.
However, the conditional systemic measures DeltaCoVaR and DeltaCoCVaR decrease with
the loss rate as a lower loss rates implies that if a bank fails it is more likely that the
economy is experiencing a major downturn and that (many) other banks will fail at the same
time. Capital has as expected a negative effect on the VaR and CVar and a positive effect
for the conditional bank-specific systemic risk measures CoVaR, CoCVaR, DeltaCoVaR,
DeltaCoCVaR. The explanation for the latter is similar in nature to the one of the loss rate
as it provides coverage for losses: if capital levels are exceeded it is likely that the economy
is experiencing a major downturn and that many other banks will fail at the same time. The

parameters p and ¢ have a positive impact on all systemic risk measures.

4 Conclusion

This paper develops a bank model for systemic risk in bank lending. The model analyses
the impact of financial institutions’ failure on the distribution of losses in the financial
system. Financial institutions fail when unexpected losses exceed the capital. Failed financial
institutions pass these loss exceedances on to creditors, deposit insurance schemes and the
general public. The benefits of the presented model framework are (i) the measurement of
systemic frailty, and (ii) the measurement of the size of safety nets in terms of attachment

likelihood and expected losses given attachment. The model is generally applicable as it does
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not rely on financial market data. The parameter estimation is based on a novel maximum
likelihood technique to derive the parameters in a non-linear mixed model with multiple

random effects.

The key findings of this paper are that bank loss rates can be decomposed in observable
fundamental and macroeconomic factors, as well as systematic and systemic frailty. Banks’
loss rates tend to co-move with the time lagged loss rate and in opposite with real GDP
growth. The other variables of capital, liquidity, profitability and loan growth, are of a lower

importance.

Cerutti et al. (2012) and others point out that systemic risk may be driven by many
institutional characteristics, which implies that the systemic risk measures derived in this
paper should be interpreted in conjunction with other systemic relevant information such
as counterparty relationships in over-the-counter (OTC) transactions, borrower-lender rela-

tionships, or client-service provider relationships.

These results need to be read with care. Whilst simulation studies such as ours are able
to simulate economic downturn events that are more severe than the ones observed in the
training sample, the parameters that we base our conclusions on are estimated from historic
data. Some countries in our study have experienced a severe economic downturn (i.e., the
South-East Asian crisis) while others have not. The results are based on the assumption that
historic observations are representative for future economic outcomes and further research

may verify this assumption.

For the implementation of the proposed models, regulators may formulate confidence
levels and potentially refine the models outlined in this paper by a more sophisticated dif-
ferentiation of bank capital (Tier 1, Tier 2 and capital buffer) that we are unable to provide

due to data limitations on regulatory capital.

Going forward, financial institutions may be asked to disclose and hedge such expo-
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sures. For example, counterparty credit risk in OTC transactions will be mitigated through
centralised clearing systems. However, the systematic and systemic nature of bank lending
is difficult to mitigate directly through regulation as it relates to the basic functions finan-
cial institutions provide in economies and hence the reason for their existence. Banks are
exposed and likely to remain being exposed to systemic risk through similar asset portfolio

characteristics and related exogenous shocks.
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Figures

Fig. 1. Portfolio default rate distribution resulting from the Gaussian Copula model

This figure shows the densities of the portfolio default rates for a default probability of 5% and asset correlations p = 0.2
and p = 0.5. The densities are more skewed for higher correlation. This illustrates that the chosen model framework and

distributional assumptions are able to model heavy tailed empirical distributions (here with positive skew).
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Fig. 2. Average loss rate and number of banks over time
This chart shows the loss rate and number of banks over time. The Southeast Asian crisis led to an increase of bank losses in
1998 while the Global Financial Crisis in 2008/2009 had no impact on Asian banks. The number of banks is based on the raw
data prior to the application of data filters (Filter Rule 1 and Filter Rule 2).
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Fig. 3. Real fit diagrams: average predicted and average realised loss rate, by country
These charts show the real fit diagrams, i.e., the average predicted, and average realised loss rate by country using the country
level models (see Table 3). Predicted loss rates fall short of realised loss rates during major economic downturns, in particular

during the Southeast Asian Crisis in 1997/98 for Southeast Asian countries.
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Fig. 4. Real fit diagrams: average predicted and average realised loss rate, by country (cont.)
These charts show the real fit diagrams, i.e., the average predicted, and average realised loss rate by country. Predicted loss
rates fall short of realised loss rates during major economic downturns, in particular during the Southeast Asian Crisis in
1997/98 for Southeast Asian countries.
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Fig. 5. Real fit diagrams: average predicted and average realised loss rate, by country (cont.)
These charts show the real fit diagrams, i.e., the average predicted, and average realised loss rate by country. Predicted loss
rates fall short of realised loss rates during major economic downturns, in particular during the Southeast Asian Crisis in
1997/98 for Southeast Asian countries.
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Fig. 6. Systemic factors by country
This chart shows the systemic factors by country. The Southeast Asian Crisis resulted in a positive factor for Southeast Asian
countries. Systemic risk is measured by the exposure to systemic frailty, i.e., the systemic deviation of bank loss rates from
predicted loss rates. This in essence is the co-variance of the residual between the realised and predicted loss rate and the
systemic factor which is the average frailty effect for the financial system.

3

(/ 4
<2\
__4_’6‘.'_‘,\\';

Systematic factor

-2
-3
-4 T T T T T T T T T T T T T T T T T 1
1992 1993 1994 19495 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009
w—— Australia  =—=Bangladesh === China ——Hong Kong ==India = Indonesia  =——lapan — . Orea —a laysia
Pakistan  ===Philippines ==—Russia m—Cingapore =—=Srilanka =—Taiwan w=Thailand Vietnam

33



Fig. 7. System loss, Value-at-Risk and Expected Shortfall
This chart shows the cumulative frequency for the system loss, VaR and Expected Shortfall (CVaR) and conditional on a
bank’s default. System losses are based on a Monte Carlo simulation.
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Tables

Table 1
Asian financial systems

This table shows the number of banks and gross loans as well as the relative gross loans included in this study after filtering
rules. Filter Rule 1 is applied to the simulation analysis and Filter Rule 2 is applied to the model estimation.

Country Banks Gross loans  Gross loans (filter 1) Gross loans (filter 2)
Australia 30 1,824,528,900,000 99.7% 94.1%
Bangladesh 32 30,727,446,821 81.6% 46.8%
China, People’s Republic 96 5,164,222,700,000 99.0% 72.1%
Hong Kong 29 554,334,904,032 95.4% 71.6%
India 65 654,358,056,081 83.6% 65.3%
Indonesia 52 138,302,920,246 97.0% 70.9%
Japan 585 9,236,636,700,000 98.2% 50.4%
Korea, Republic of 19 1,226,339,500,000 99.9% 65.0%
Malaysia 36 375,871,073,855 99.9% 84.5%
Pakistan 24 37,092,467,122 100.0% 89.7%
Philippines 27 51,325,393,609 99.6% 93.5%
Russian Federation 923 687,880,425,606 62.3% 42.4%
Singapore 13 331,899,558,261 99.8% 96.7%
Sri Lanka 13 11,756,169,249 100.0% 89.5%
Taiwan 51 951,326,311,123 93.3% 58.2%
Thailand 20 235,740,703,935 100.0% 96.1%
Vietnam 32 65,590,984,975 98.8% 48.5%
Sum/average 2,047  21,577,934,214,915 94.6% 72.7%
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Table 2

Variable description

This table shows descriptive statistics (Panel A) and Bravais Pearson correlations (Panel B) for key variables.

Panel A: Descriptive statistics

Moment Loss rate Capital Liquidity Profitability Loan growth GDP Gross loans
Mean 0.0135 0.1384 0.1639 0.0788 0.1405 0.0369 20,139,029,484
P1 0.0001 0.0399 0.0382 -0.2485 -0.0877  -0.0736 16,063,009
P25 0.0030 0.0676 0.0781 0.0255 0.0020 0.0169 1,064,190,404
P50 0.0065 0.1010 0.1287 0.0761 0.0683 0.0389 4,848,509,087
P75 0.0137 0.1669 0.2246 0.1597 0.2312 0.0614 14,600,128,221
P99 0.1247 0.4402 0.4344 0.2870 0.6738 0.1073  308,295,865,341
N 5,462 5,462 5,462 5,462 5,462 5,462 5,462
Panel B: Correlations
Variable Loss rate Capital Liquidity Profitability Loan growth GDP Gross loans
Loss rate 1.0000 0.0931 0.1176 -0.1094 -0.0226  -0.0352 -0.2496
Capital 0.0931 1.0000 0.5658 0.2148 0.2645 -0.1347 0.1739
Liquidity 0.1176 0.5658 1.0000 0.2655 0.2964  -0.1065 0.2230
Profitability -0.1094 0.2148 0.2655 1.0000 0.3584 -0.0436 0.3473
Loan growth -0.0226 0.2645 0.2964 0.3584 1.0000  -0.0923 0.3561
GDP -0.0352 -0.1347 -0.1065 -0.0436 -0.0923 1.0000 0.0161
Gross loans -0.2496 0.1739 0.2230 0.3473 0.3561 0.0161 1.0000
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Table 4

Parameter estimates for the bank-level model

This table shows the parameter estimates for the bank-specific model. Panel A shows the moments of the parameter distribution
and Panel B the mean of the parameters by country. Bank-specific parameters can be estimated for 430 banks in the sample.

Panel A: Moments of parameter estimates

Parameter Intercept Loss rate Capital Liquidity Profitability Loan growth GDP delta rho
Mean -1.7691 0.2586 0.0349 0.6475 0.1564 0.2865 -2.7060  0.4648 0.1197
P1 -7.2477 0.0000 -35.1578 -13.6773 -17.0130 -7.9507  -27.5475  0.0000 0.0050
P25 -2.4907 0.0000 -3.0853 -1.6370 -1.1896 -0.6521 -5.6922  0.0061 0.0321
P50 -1.8472 0.1358 0.4819 0.6214 0.4902 0.1658 -1.5987  0.5567 0.0739
P75 -0.8779 0.4372 2.4106 2.1618 1.5534 0.9841 1.0022  0.7767 0.1638
P99 2.7415 1.0000 46.6036 20.1026 11.0440 10.3081 20.7816  0.9939 0.6660
N 430 430 430 430 430 430 430 430 430
Panel B: Mean parameter estimates by country
Parameter Intercept Loss rate Capital Liquidity Profitability Loan growth GDP delta rho
Australia -2.0436 0.3099 1.9182 1.405 0.265 0.1438 -5.6169 0.489  0.06389
Bangladesh -0.6514 0.349 -7.0639 0.1339 -1.4873 0.07007 1.2076 0.5011  0.09917
China -2.4841 0.1685 -0.26 0.7589 -0.5284 0.2716 5.1853 0.5302  0.09348
Hong Kong -2.4837 0.4194 1.6177 1.8708 -0.5785 0.2022 -1.0537 0.626 0.0786
India -1.2414 0.3796 -0.4533 -0.3142 -0.07395 0.04625 -2.2163  0.5486  0.07959
Indonesia -1.484 0.1654 -1.3701 0.5819 -1.2452 0.4809 -0.5295  0.6045 0.3178
Japan -2.0023 0.2347 0.859 0.6007 0.6668 0.5504 -5.0948  0.3344 0.08115
Korea -1.149 0.3892 -2.3634 0.5501 -0.213 0.256 -1.0945  0.7492  0.07088
Malaysia -2.6927 0.205 2.7388 1.5356 -0.2512 0.1711 -0.3992  0.5004 0.1012
Pakistan -1.7474 0.24 -0.7359 0.9035 -0.5115 0.1861 0.4702 0.6182 0.1536
Philippines -1.3879 0.1623 -1.5377 -0.3639 1.4244 0.03822 -3.5938 0.414 0.1502
Russia -1.9833 0.1024 0.05778 0.4993 0.2664 0.04924 0.321 0.4931 0.2148
Singapore -2.8656 0.2073 1.3081 0.1523 5.0583 0.4719 -4.0878  0.7961 0.1382
Sri Lanka -1.3078 0.4186 0.3681 0.1915 -1.2893 0.2467 -0.4967  0.5522 0.1165
Taiwan -1.6554 0.3881 1.1915 1.7743 0.537 0.3741 -0.386 0.4161  0.07796
Thailand -1.4046 0.1333 -0.9717 -0.8274 1.4826 -0.6708 -6.0034  0.3507 0.1516
Vietnam 0.8988 0.4649 -4.0655 2.2174 -3.1562 0.09397 -16.8344  0.6139 0.2201
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