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Systemic Risk in Commercial Bank Lending

Abstract

This paper develops a bank model for financial systemic risk in bank lending. The
model analyzes the impact of a financial institution failure on the distribution of
losses in the financial system. The fundamental idea is that bank loss rates may be
decomposed into a level, momentum, systematic and systemic component. Financial
institutions fail when unexpected losses exceed the capital buffer and the release of
capital allocated to credits. Failed financial institutions pass these loss exceedances
on to creditors, deposit insurance schemes or the general public. The benefits of
the presented model framework are (i) the identification of systemically relevant
financial institutions, 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 not rely on financial market data. The empirical evidence
presented is based on information collected by US prudential regulators from 1997 to
2012. 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.

JEL classification: G20; G28; C51
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1 Introduction

1.1  Motivation

Failures of financial institutions are capable of destabilizing financial systems. Financial
system stability and the associated risk has been an area of increased research effort after
the Global Financial Crisis (GFC). This process has in part been driven by the attention
of regulators and the general public. Systemically important financial institutions are often

classified as ‘too big to fail’ or ‘too interconnected to fail’.?

Cerutti et al. (2012) stress the need for information about how banks are connected
in order to analyze systemic risk. Many forms of interconnectedness exist, such as coun-
terparties in over-the-counter (OTC) transactions, borrower/lender relationships, or client/
supplier relationships. Going forward, financial institutions may be asked to disclose mate-
rial direct and indirect evidence of such relationships. In addition, counterparty credit risk
in OTC transactions will be mitigated through centralized clearing systems. The systematic
and systemic nature of bank lending is difficult to mitigate directly through regulation as it
relates to the basic functions financial institutions provide in economies. Banks are exposed
to systematic risk through similar asset portfolio characteristics such as geographic concen-
trations. This paper focuses on the systematic risk in relation to commercial bank lending

and its contribution to systemic risk.

Public statements by regulators underline the need for systemic risk measures. For
example, The Office of the Special Inspector General for the Troubled Asset Relief Program
(2011) commented on the bail-out of Citibank through the Troubled Asset Relief Program

(TARP)/Capital Purchase Program (CPP) and other guarantees on 13 January 2011:

2 Compare Property Casualty Insurers Association of America: www.pciaa.net.



“[...] The conclusion of the various Government actors that Citigroup had to be saved
was strikingly ad hoc. While there was consensus that Citigroup was too systemically sig-
nificant to be allowed to fail, that consensus appeared to be based as much on gut instinct
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and fear of the unknown as on objective criteria. |...]

This paper analyzes the impact of financial institution failure on the distribution of
losses in the financial system. The fundamental idea is that bank loss rates may be decom-
posed into a level, momentum, systematic and systemic component. Financial institutions
fail when unexpected losses exceed the capital buffer and release of capital allocated to cred-
its. Failed financial institutions pass these loss exceedances on to creditors, deposit insurance
schemes or the general public. The benefits of the presented models are (i) the identification
of systemically relevant financial institutions, and (ii) the measurement of the size of safety
nets in terms of attachment likelihood and expected losses given attachment. The research
is able to define minimum adequacy levels for existing protection schemes for creditors. Fig-
ure 1 shows the Federal Deposit Insurance Corporation (FDIC) fund balance over time and
an optimal fund balance in 2007 and 2012 for a scheme that protects depositors and other
liability holders based on the unconditional systemic risk measure expected shortfall. ® Note
that the fund size may be pro-rated by the deposits (red bar) and other liabilities (blue bar)
of the financial system (2007: 0.4983 to 0.5017; 2012: 0.3935 to 0.6065). In summary, the
advent of the GFC has decreased the size of the FDIC fund, increased the systemic risk and

increased the dominance of deposit funding of financial institutions.

[Figure 1 about here.]

The model is generally applicable as it does not rely on financial market data. The
empirical evidence presented is based on information collected by US prudential regulators

from 1997 to 2012. The model is innovative as it is based on a maximum likelihood technique

3 An alternative term is conditional Value-at-Risk (i.e., CVaR) or Mean Excess Loss (i.e., MEL);
the reference likelihood is 90% in the following.



to derive the parameters in a non-linear mixed model with multiple random effects, which
measures the level, momentum, systematic and systemic risk in credit portfolios exposures

of commercial lending.

Previous literature has focused predominantly on market prices for equity, debt or
credit derivatives. Figure 2 shows a resulting measure DeltaCoVaR from Figure 5 in Adrian

& Brunnermeier (2011).

[Figure 2 about here.]

In this contribution, tail events of market equity returns given tail events of bank eq-
uity returns are analyzed. It is striking that the systemic risk of every financial institution
increases during the GFC and in particular around the date of the bankruptcy of Lehman
Brothers. The levels appear to be closely related to the volatility of financial markets. Follow-
ing this metric, one may argue that the financial institutions had a lower systemic importance
on the day before the bankruptcy of Lehman Brothers than on the day after. It is challenging
to explain such a dramatic increase in share prices within a day and consequently, systemic
risk. Financial markets may underprice risk prior to the event and overprice risk after the
event. For example, Borio & 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 losses may suggest. An application of market-based
systemic risk measures may require the efficiency of financial markets, which is controver-
sial given the literature in important areas including ambiguity, uncertainty or behavioral

finance. Market efficiency is also most controversial in economic downturns.

It is the aim of this paper to develop systemic risk measures based on information
that is available to regulators, build a structural model, and collect and start a discussion
on financial system risk and protection including the coverage, level of confidence, past and

future reference periods, layering and funding. We include some thoughts at the end of this



paper.

1.2 Literature Review

Bisias et al. (2012) categorize systemic risk measures into macroeconomic measures*

network measures® , forward-looking risk measure®, illiquidity and insolvency measures’

4 Macroeconomic measures of systemic risk analyze macroeconomic variables such as equity price,
real estate indices, GDP growth rates or public debt as proxies for financial (in)stability. Rein-
hart & Rogoff (2008) examine macroeconomic aggregates. Borio (2011) defines a macro prudential
framework to limit system-wide financial distress events. Procyclicality is identified as the main
driver behind the occurrence of system-wide financial distress. Alessi & Detken (2011) propose a
signaling methodology to predict costly aggregate asset price boom/bust cycles. Caruana (2010)
argues that the building of countercyclical buffers for banks should be adopted explicitly into the
Basel III framework.

® Granulated foundations and network measures analyze how systemic events unfold. Billio et al.
(2011) propose a systemic risk measure based on principal-components analysis and Granger-
causality networks and analyze equity return data for financial institutions. For both measures
they find that banks, brokers, insurance companies and hedge funds have become highly correlated
within the last 10 years. Giesecke & Kim (2011) propose the default intensity model which focuses
on both direct and indirect linkages in the financial system. Chan-Lau et al. (2009) present net-
work models of banking instability using financial institutions data. Upper (2007) presents further
contributions in literature.

6 Forward-looking risk measures provide insight into the evolution of a portfolio, an individual
institution or an entire financial system. Gray & Jobst (2010) develop a model that generates
estimates of implicit probability of failure/default using observed equity prices as inputs. Capuano
(2008) presents the option implied probability of default as a forward looking risk measure. Basurto
& Goodhart (2009) propose four forward-looking indicators of systemic risk: the joint probability of
default, the banking stability index, the distress dependence matrix, and the probability of cascade
effects as a measure of systemic risk. Kritzman et al. (2010) use principal components analysis
to define an Absorption Ratio measure that effectively captures the extent to which markets are
unified or tightly coupled. Drehman & Tarashev (2011b) analyze the systemic risk given default
probabilities, asset correlations and interbank exposures. Schwaab et al. (2011) analyze a dynamic
latent factor model for financial institutions and other firms based on historic defaults. Stress-
testing models are often expansions from forward-looking measures used to determine the stability
of a given system. Alfaro & Drehmann (2009) propose a macroeconomic stress test, in which they
utilize a simple autoregressive model of GDP growth. Duffie (2011) analyzes the exposures of a
given number of systemically important institutions to a set of defined stress scenarios.

7 Measures of illiquidity and insolvency are used to predict systemic crises. Brunnermeier et al.
(2011) propose a ‘risk topography’ of the entire financial system. Hu et al. (2010) develop a daily
liquidity ‘noise’ measure from bond prices and yields on U.S. Treasury securities. Geanakoplos
(2010) proposes the existence of a ‘leverage cycle’, referring to the fact that at times the leverage
in the financial system is sufficiently high that individuals and institutions can buy assets with
limited down payment. Getmansky et al. (2004) investigate serial correlation and illiquidity in hedge



and cross-sectional measures. This paper aims to advance the literature on cross-sectional
measures, and looks at how financial institutions affect each other in a situation of distress.

Two streams exist which are comparatively analyzed by Benoit et al. (2011):

The first stream looks at the the impact of individual institutions’ failure on
the financial system failure. Adrian & Brunnermeier (2011) suggest the measurement of
systemic risk by the conditional value at risk (CoVaR), which 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. The empirical application of this concept
is based on equity prices of financial institutions. The idea was applied by other authors
using various categories of market price information and/or analyzing different geographic
regions. For instance, Wong & Fong (2010) estimate CoVaR using CDS quotes for Asian
banks. Adams et al. (2010) study risk spillovers among financial institutions using quantile
regressions. Gauthier et al. (2009) estimate systemic risk exposures for the Canadian banking
system. In another novel contribution, Puzanova & Diillmann (2013) apply the asymptotic
single risk factor framework based on MoodysKMV EDF measures to calculate the portfolio
value-at-risk as well as expected shortfall and marginal bank-specific contributions as a

measure for systemic risk.

The second stream analyzes the impact of the financial system failure on individ-
ual financial institutions’ failure. The argument is that financial institutions’ failure are
prevented by mergers, capital issuance or regular bankruptcy filing. Solution mechanisms fail
when the financial system is in distress. Therefore, systemic risk is defined as the loss of a
financial institution given a stress on the financial system. Huang et al. (2010) develop a sys-

temic risk indicator which is based on CDS prices. Acharya et al. (2010) analyze the systemic

fund returns. Chan et al. (2005) and Chan et al. (2006) discuss autocorrelation based measures of
illiquidity, hedge fund liquidation probabilities and so called regime-switching-based systemic risk
measures.



expected shortfall, which is based on a financial institution’s propensity to be undercapital-
ized conditional on the financial system being undercapitalized. The empirical analysis is
based on book value of equity and assets as well as market value of equity. Brownlees &
Engle (2012) build on this work and propose the marginal expected shortfall as a systemic
risk measure. Drehman & Tarashev (2011a) develop a measure for systemic risk based on
Shapley values to capture the contribution of interconnected banks to systemic risk. Giglio

(2011) applies a nonparametric approach to derive bounds of systemic risk from CDS prices.

2 Contributions

This paper analyzes the interaction between financial institution risk and systemic risk
in a contemporary fashion which effectively enables us to address both streams. The models
can be extended to contagion considerations. Analyzing such a contagion structure would
require the formulation of a causality structure and the restriction of the analysis to either
the first stream or the second stream. We would like to highlight the contributions of this
paper relative to three important papers in this literature: Adrian & Brunnermeier (2011),
Acharya et al. (2010) and Brownlees & Engle (2012). The model is able to address both

streams within this category and applies the framework to the first stream in Section 4.3.

The first contribution of the proposed framework relative to the existing literature is
that the framework is completely independent from the efficiency of financial markets and
the critique by Borio & Drehmann (2009) and Cerutti et al. (2012). Adrian & Brunnermeier
(2011), Acharya et al. (2010) and Brownlees & Engle (2012) use equity and CDS prices. The
framework does not require the observation of financial crises — Acharya et al. (2010) base
their measure for systemic risk on marginal expected shortfall and leverage which requires
post-crises market information and in parts motivates the contribution by Brownlees & Engle

(2012). Both contributions rely on market prices for capital which are only available for a



small number of financial institutions.

The second contribution of the proposed framework is the presentation of an economic
model, where bank default occurs if losses exceed capital buffers and regulatory capital
releases due to losses. Capital buffers are calculated as the difference between the book value
of capital and the Cooke ratio times risk-weighted assets and asset equivalents (i.e., generally
off-balance sheet activities). Adrian & Brunnermeier (2011) limit their considerations to VaR
of market variables and are agnostic of the asset risk of the bank. Acharya et al. (2010) and
Brownlees & Engle (2012) acknowledge the role of leverage but do not control for the asset
risk either. Note that empirical capital buffers deviate significantly from this definition. Our
empirical analysis supports a more granular framework. For example, we find that banks with
negative capital buffer are subject to intense regulatory supervision (e.g., Capitol Bancorp),
forced merger and deregistrations (e.g., Taunus Corporation). The model develops a loan
level default model and aggregates loss rates to the bank portfolio level which in turn are
aggregated to the financial system level. In summary, the model is closer to the default
process and addresses the distribution of loan level losses, bank level losses and financial
system losses based on empirical evidence. The resulting distributions of bank losses in

excess of capital mitigation are heavily right skewed.

The third contribution is the extension of literature by a decomposition of the de-
pendence structure into systematic (which may trigger bank failure and are diversifiable
in the financial system) and systemic risk factors (which may trigger bank failure and are

non-diversifiable in the financial system).

The fourth contribution is that the proposed framework controls for the banks’ concen-
tration risk with regard to borrowers, geographic regions or financial products in inefficient
financial markets. In such an environment, bank portfolios are bank specific in nature. We
assume that the decomposition of a bank portfolio is in large time-constant and estimate

four parameters per bank for (i) the average level of loss rates, (ii) the loss rates in the



prior period, (iii) the exposure to systematic risk and (iv) the exposure of systematic risk to
systemic risk. Brownlees & Engle (2012) who rely on the CAPM framework estimate three
parameters: volatility, covariance and tail risk. This approach assumes is agnostioc about the

bank level of risk which is not diversified and the degree of systematic risk which is systemic.

The fifth contribution of the model is the parameter estimation based on a maximum
likelihood technique to derive the parameters in a non-linear mixed model with multiple
random effects. This is important as most commercial banks are not publicly traded and
credit portfolio risk is the predominant risk exposure in commercial banking and difficult
to hedge in a system. Credit portfolio risk is also a heavy-tailed risk which is why we build
on the approaches common in credit portfolio risk modeling (rather than market risk) to

control for this risk.

Lastly, the paper provides a comparison of a variety of systemic risk measures for the
financial system. Value-at-Risk (VaR®) and Conditional Value-at-Risk (CVaR, also known
as expected shortfall) are examined. In addition, VaR and CVaR conditional on institutions
under distress (CoVaR, CoCVar) as well as differentials between conditional and uncondi-
tional systemic risk measures are analyzed (DeltaCoVaR and DeltaCoCVar). The analysis
includes bank control variables such as asset allocation, funding and off-balance sheet items.
Note that Adrian & Brunnermeier (2011) focus on VaR-based measures, while Acharya et al.
(2010) and Brownlees & Engle (2012) focus on Expected Shortfall-based measures.

The paper proceeds as follows: Section 3 presents the model framework and introduces
a number of measures for systemic risk. Section 4 presents the empirical results and includes
data description, the model estimation, the analysis of the impact of financial institutions
on the system and the impact of the financial system on financial institutions. Section 5

concludes.

8 Note the capitalization to distinguish from two other statistical concepts: var - variance and VAR
and vector autoregression.
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3 A model for bank failure and financial system loss

Based on the theory of Merton (1974), a bank borrower defaults on a loan when the
latent asset value falls below the nominal amount of debt at maturity (the threshold). We
follow the recent contributions by Gordy & Howells (2006), Pykhtin & Dev (2002) and Gordy
& Jones (2004) and assume that asset returns are normally distributed and driven by an
idiosyncratic risk factor, an independent systematic factor common to all borrowers in a bank
portfolio and an independent systemic factor common to all borrowers in all bank portfolios.
Further, it is assumed that the banks’ asset portfolios are infinitely granular (see Gordy 2000,
2003, Vasicek 1987, 1991) which implies that idiosyncratic risk is fully diversified in a bank

portfolio. ?

The asset return of borrower ¢ of bank j in period ¢t (i = 1,...,1;;7 = 1,...,J;t =
1,...,T) is driven by a common time-specific systematic risk factor Xj; and an idiosyncratic

(i.e., diversifiable) factor S;q:

Riji = /piXje + /1 — pjSiji (1)

Without loss of generality, X;; and S;;; are standard normally distributed and inde-

pendent from each other, with standardized weights p; and /T — p;.*°

We decompose the systematic risk factor X;; further into a systematic factor Uj;; and

a systemic factor X; (compare Gordy & Howells 2006):

9 This model and some variants are common in literature and practice. 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).

10 Please note that a non-linear transformation ensures that distributions of risk measures such as
probability of default, default rate or loss rate are highly skewed. In other words, the propensity of
large losses is higher than a normal distribution would suggest. Figure 3 shows that the portfolio
default rate has a positive skew for positive correlation parameters.

11



Xt = \/Eij + 1 —96;Uj (2)

The asset return process is then:

Riji = £/ pi0; X 1/ pi = pi0;Use + /1 = p;Sije (3)

The borrower default is modeled by the indicator

1 borrower i of bank j defaults in period ¢
Dije = (4)
0 otherwise

A default event occurs when and if the asset return R;j; on assets falls below threshold

Rij < cjy—1 = Bo,j + Bl,jzl,jtfl (5)

which is a summary of all observable information on the borrower, the bank or the

financial system. As we collect information on the bank level, we assume borrowers to be ho-

mogeneous for a given bank and heterogeneous for different banks. Note that bank regulators

may collect borrower specific information (e.g., FICO scores and LTV ratios for mortgage

borrowers or financial ratios for corporate borrowers) and extend these models.

Bo is an intercept. In our empirical analysis, 21 j;— represents time-lagged information

for the level of loss rates (i.e., the Probit transformed lagged loss rate for pools of borrowers

12



in the empirical application) and £ ; the respective sensitivity. !

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

factor is given by:

P(Dije = 1|1X}) = P(Rij < cje1| X[, Uy) (6)
= P( 1 - ijijt < Cjt—1 — ijst: —\Pi— Pj‘sjth’X:a th)

o[ pi0; Xi —\/pj = p;io;Use
V9I=p;

®(-) is the cumulative density function (CDF) of the standard normal distribution.

The unconditional probability of default for this borrower is:

P(Dijr = 1) = P(Riji < ¢je—1) = P(cje-1) (7)

A bank generally holds larger borrower portfolios and the pool 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. In other words, given a
granular credit portfolio, the default rate of bank j (as proportion of market value) in time

period t is: 12

1 Note that we chose the transformations to extend the theoretical range of explanatory variables
to a range from minus infinity to plus infinity.

12Tn the empirical analysis we model losses in relation to credit and trading portfolios (both asset
and derivatives). We have confirmed that all exposures have a skewed (i.e., heavy tailed) distribu-
tion.

13



SH Dir (Cjt—l —\/Pi0i X¢ — \/mth
p, = ==Lt g

I V1=p;

J

) as I; — oo (8)

as I; — oo (9)

see e.g., Kupiec (2009). '3 The right hand side of Equation (9) 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 deterministic and equal to unity.

The asymptotic cumulative density function conditional on the systemic factor is given

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

L(pji) = P(Pj < pjt)

_ (o (ij — PO — /P — Pj5jth) <)

V9I=pj
pj = Pj0; 1 = /PO X7
:P( \/1_—p th> \/—1_—p _(I) 1(pjt))
J J
e (Cjt—l — /PO X{ — V1 - ij)l(pjt))
pi — pid;
_ % (Mq)_l(pjt) + /[P0 X{ — Cjt—1)

pj = pid;

(10)

The marginal density function follows:

13In the empirical analysis we model losses in relation to credit and trading portfolios (both asset
and derivatives). We have confirmed that all exposures have a skewed (i.e., heavy tailed) distribu-
tion.
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dL(pjt) _ dL(pjr)  d® ' (L(p;))
dpjt d®='(L(p;))  dpj
5 (vI =027 (pie) + /P03 Xy — Cjtl) VI=7; 1
pj — pid; W¢ Y(pje))
2
V- 0.5 (VT =p;9  (pje) +1/pi0; X} — cji—
- Yo h exp [ 0.507(p;;)* — ( i@ (pir) J it 1)

pi — pjd; Pi = Pid;

lpj) =

(11)

¢(-) is the probability density function (PDF) of the standard normal distribution.

In literature, a discussion on the selection of the appropriate distribution exists. Note
that the resulting density for the default rate or the losses is skewed if the correlation is
greater than zero although the systematic factor is standard normally distributed. In other
words, the default rate is not normally distributed and the applied distribution assigns a
higher density to the right tail than a normal distribution would do. Please also note that
time-varying independent variables imply shifts of the distributions given economic changes.

This increases the ability to explain the historic observed economic downturns.

Figure 3 shows two exemplary densities with correlations p = 0.2 and p = 0.5 (and
d = 0 in both instances). The densities are more positively skewed for higher correlation.
This confirms that the chosen model framework and distributional assumptions are able to

model heavy tailed empirical distributions (with a positive skew). 14

[insert Figure 3 here]

We estimate the model parameters by maximizing the logarithm of the uncondi-

14 Schloegl & 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.

15



tional likelihood L(pji|Bo;, 51,6, pj) with regard to z; using the adaptive Gauss-Hermite-

quadrature method. This likelihood is:

T o
I(pjel Bojs Burjs 65, pj) = H/ U(pjtl Bog, Brj» 055 pjs 2t ) - by )dy (12)
t=17 ">

Four parameters are estimated per bank: the sensitivities for (i) the average level of
loss rates, (ii) the loss rates in the prior period, (iii) the exposure to systematic risk and (iv)
the exposure of systematic risk to systemic risk. In year 2007, we estimate 965 parameter
sets (i.e., 4,825 parameters in total) and in year 2012, we estimate 1,021 parameter sets (i.e.,

5,105 parameters in total). ?

The individual bank is required to hold capital in relation to the relative Credit Value-
at-Risk based (CrVaR, i.e., Value-at-Risk less expected losses in relation to the asset base)
on a regulatory confidence level «,.'% In other words, the bank capital is based on the
percentile of its loss distribution. However, all banks hold capital in excess of this level, i.e.,
based on the bank-subjective confidence level a, with ag > «,.. The difference between these

two relative Value-at-Risks is the relative capital buffer: CrVaR;: — CrVaR;"

Djy=1% Py— E(P;) >CrVaRjy — CrVaRy +CrVaRjy x (P — E(Py))  (13)
—_———

unexpected loss rate capital buffer capital release for loss exposures

with the expected loss E(Pj;) = ® (p + [12k—1) under the assumption of a loss rate

given default equal to unity. !”

15 We observe a maximum of 64 quarters (i.e., 16 years) which limits the number of parameters
which can be included to the model. We chose this model to acknowledge that banks are diversified
but face concentration risk with regard to borrowers, geographic regions or financial products that
financial markets are inefficient. In such an environment, bank portfolios are bank specific in nature.
16 For example, 99.9% in credit risk and 99% in market risk exposures.

17 The assumption lower loss rates given default does not materially impact the results as it would

16



where D;; is an indicator variable with

1 bank j gets into financial distress in ¢
Djt == (14)
0 otherwise

Note that the capital release to total capital matches the unexpected loss rate to

unity. ® The relative loss exceedance Mj, is:

Mj; = max(Pj, — E(Pj) — CrVaRj + CrVaRy — CrVaRj; * (P — E(Pj)),0)

J

(15)

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

system

J
Lo= Y my
=1

with weight wj; (e.g., total assets), realized relative loss exceedance mj;, and distribu-

tion function G(.).

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

increase the level of default probabilities when estimating the parameters based on realized loss
rates.

18 Variations in this assumption do not have larger impacts on the results as this capital release is
less influential than the loss buffers.

17



G(VaR]) = P(L; < VaR)) (16)

=7 (17)

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’ funds

or willingness to fund.

Following Adrian & Brunnermeier (2011), we use the following abbreviations for the

tail risk of the financial system in the analysis:

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 BHC j: CoVaR(j);

e Conditional expected shortfall conditional on the failure of BHC j: CoCVaR(j);

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

e Conditional expected shortfall conditional on the failure of BHC j: CoCVaR(j) and un-

conditional expected shortfall: DeltaCoCVaR(j).

Given the parameter estimates for the individual banks, the loss of the system is
simulated. All results are based on an estimation of the parameters and a simulation with
one million iterations of the risk factors X; and Uj. ' Conditional values compute the values
for the subsets of iterations which meet the respective condition. The steps of the simulation
19 Note that conditional systemic risk considerations are computationally extensive as the tail of
the financial system loss given the loss exceedance of an individual bank is analyzed. This implies
that a large number of iterations is required to assess this conditional risk. We analyze the tail of

the financial system by the 90th percentile to ensure that a sufficient number of loss exceedances
are recorded. Note that no standards with regard to reasonable confidence levels exist.

18



are as follows:

(1) Estimate parameters by, by, p and ¢ per bank;
(2) Simulate the system-systematic and bank-systematic factor: independent and standard
normally distributed;
) Calculate loss per bank and iteration;
) Calculate loss of the financial system;
5) Calculate unconditional VaR and CVaR of the financial system;
) Identify and collect iterations with losses exceeding the capital buffer and capital release
per bank (importance sampling);
(7) Calculate the loss of the financial system for these bank-specific loss exceedance scenar-
ios;
(8) Calculate conditional CoVaR and CoCVaR of the financial system per bank;

(9) Calculate DeltaCoVaR and DeltaCoCVaR, of the financial system per bank.

Figure 4 shows various measures for systemic risk. The left curve in the following chart
displays the system VaR at the left vertical line and the combination of area A and B the
expected shortfall (i.e., conditional VaR, CVaR) of the financial system and the right curve
the displays the system VaR at the right vertical line and the combination of area B and C the
expected shortfall (i.e., conditional VaR, CVaR) of the financial system conditional on the
shortfall of a financial institution (here JP Morgan Chase). These moments are called CoVaR
and CoCVaR. In addition, we define the DeltaCoVaR as the difference between CoVaR and
VaR (i.e., the distance between teh two vertical lines) and and DeltaCVaR as the difference

between CoCVaR and CVaR (i.e., the difference between area C and area A).?°

[Figure 4 about here.]

20 Adrian & 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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4 Empirical Results

4.1 Data

We analyze consolidated financial statements for Bank Holding Companies (BHCs)
collected and published by the Federal Reserve Bank from 1997 (third quarter) to 2012
(third quarter), i.e., 16 years (64 quarters) in total. We eliminated 40 BHCs which were

domiciled in Cayman, Guam, Netherland Antilles and Puerto Rico.

We analyze the data on a BHC level rather than the individual bank level due to the
cross-guarantee provision of the Financial Institutions Reform, Recovery, and Enforcement
Act of 1989. The act gives the FDIC the authority to charge off losses in relation to a failing
banking subsidiary from a non-failing banking subsidiary. Ashcraft (2004) shows that this
rule increases the probability of future financial distress and capital injections of subsidiaries.

These findings support the use of consolidated (i.e., BHC) information. %!

With regard to bank mergers we generate a dummy variable which is equal to one in
the year prior to a merger for the acquiring BHC (see Stolz & Wedow 2011) as these firms
generally have higher capital buffers prior to an acquisition. Note that we restrict our analysis
predominantly to the two years 2007 (Q3) and 2012 (Q3) and collect merger information
(survivor and non-survivor) from the Federal Reserve Bank Chicago. We assume that the
surviving BHC is the acquirer. 22 35 merger cases are recorded in 2007 and 32 merger cases

in 2012.

Table 1 describes the financial system per year and reports the number of banks as

21 Note that it is also common in commercial bank lending to analyze the financial strength of the
parent instead of a borrowing subsidiary. The analysis is also consistent with the current literature
on market-implied systemic risk measures, as equity and CDS prices are generally available for the
BHC level but not the individual bank subsidiaries.

22 We have confirmed this for a random selection manually through a search in various databases
and are able to collect this information for all mergers (i.e., Bloomberg, Reuters and the internet).
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well as the empirical distribution of total assets.
[Table 1 about here.]

Total assets are reported in million USD and relate to the Q3 filings in a given year.
Q3 was chosen as a reference point as the number of reference variables increases in Q3 in
1997, the GFC started in Q3 of 2007 and the latest quarter of data available at the time
of writing this paper was Q3 2012. Note that these numbers are consistent with Avraham
et al. (2012). In the US, domestic bank holding companies are required to file a consolidated
basis report FR Y-9C if total assets exceed $500 million. The reporting threshold was $150
million before March 31, 2006. As a result, the total assets in the sample drop by $3.8 trillion
and the total BHCs drops by 1,333 from 2005 to 2006. BHCs below these thresholds may
file their financial data. Note that the empirical analysis focuses on BHCs which are active

and included in the sample in the reference periods 2007 (Q3) and 2012 (Q3).

We divide the data into a period excluding (1997:3 to 2007:3) and a period including
the Global Financial Crisis (1997:3-2012:3).

Using the data we collect loss histories of credit portfolios, trading portfolios and off-
balance sheet activities (in particular financial letters of credit and interest rate, credit and

other derivatives). We define:

e Loss for credit portfolios as the provision for loan and lease losses (Variable 4230 in
Schedule HI-Consolidated Income Statement, item 4) ?* plus net gains (losses) on sales of
loans and leases (Variable 8560 in Schedule HI-Consolidated Income Statement, item 5i)
plus the net gains (losses) on sales of other real estate owned (Variable 8561 in Schedule
HI-Consolidated Income Statement, item 5j).

e Loss for trading portfolios (cash instruments and derivative instruments) as the nega-

23 We assume that the provisions are a reasonable proxy for the expected present value of future
losses which includes write-offs due to loan modifications and work-outs as well as associated costs.
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tive trading revenue (Variable A220 in Schedule HI-Consolidated Income Statement, item
5¢) plus the realized gains (losses) on held-to-maturity securities (Variable 3521 in Schedule
HI-Consolidated Income Statement, item 6a) plus the realized gains (losses) on available-
for-sale securities (Variable 3196 in Schedule HI-Consolidated Income Statement, item 6b)
plus net gains (losses) recognized in earnings on credit derivatives that economically hedge
credit exposures held outside the trading account (Variable C889 plus C890 in Schedule
HI-Consolidated Income Statement, memoranda items 10a and 10b) plus credit losses on
derivatives (Variable A251 in Schedule HI-Consolidated Income Statement, memoranda

item 11).

The combined loss rate is the sum of loss for credit portfolios and the loss for trading
portfolios divided by total assets. The credit loss rate is the loss for credit portfolios divided
by total assets. The trading loss rate is the trading portfolios divided by total assets. We
calculate annualized loss rates by the ratio of the sum of losses in relation to the past four
quarters and the average of total assets in relation to the past four quarters. We analyze level

effects by conditioning loss rates on one year lagged loss rates (i.e., lagged by four quarters).

Figure 5 shows in the upper chart the average loss rate per quarter (combined, credit
and trading) over time and the grey bars indicate years which include a period of economic
downturn as indicated by the National Bureau of Economic Research (NBER). The lower
chart shows the average combined loss rate per quarter and 1st and 99th percentile over

time.

[Figure 5 about here.]

The upper chart shows that loss rates increase with economic downturns. Losses in
relation to credit portfolio exposures are generally a multiple of losses in relation to trading
portfolios. Losses during the GFC have been significantly larger than losses in prior economic

downturns. The lower chart shows that the impact of economic downturns is much more
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severe for some banks than others.

Table 2 shows descriptive statistics for two sets of control variables: (i) the various
endogenous variables that generated the systemic risk measure to analyze the direction of
their impact and their relative importance, (ii) financial ratios and other bank characteristics

for the period in which the systemic risk measures are calculated.
[Table 2 about here.]

Note that in our empirical data, negative capital buffers are possible for the following
reasons: (i) we measure risk on a BHC level while capital regulation may relate to the bank
subsidiaries only, (ii) banks are currently facing regulatory attention.?*, or (iii) banks may

be capital exempt

The number of such banks is limited: in 2007 four BHC were undercapitalized (total
negative capital buffer: $3.01 billion; positive capital buffer of adequately capitalized BHCs:
$760.95 billion) and in 2012 (i.e., after the GFC) 38 BHCs were undercapitalized (total
negative capital buffer: $16.00 billion; positive capital buffer of adequately capitalized BHCs:
$334.39 billion).

Two important issues need to be noted with regard to the following analysis: capital

24 Note that BHCs with negative capital buffer are categorized as ‘undercapitalized’ or ‘significantly
undercapitalized’ by the FDIC and are subject to regulatory actions such as oversight, interven-
tion, requirements and limitations. This does not necessarily mean a failure of the institution. For
example, Capital Bankcorp has a negative capital position of $-142 million in 2012 Q3, has filed for
Chapter 11 protection but is not considered a failed institution by FDIC standards. The bank is
required to (i) comply to a number of restrictions on dividends and increase of debt and guarantees,
(ii) submit a sufficient capital maintenance plan, and (iii) individual bank subsidiaries have entered
into formal enforcement actions with their regulators.

25 Taunus Corporation (parent company: Deutsche Bank, Germany) is such an example in 2007.
This was permissable until the implementation of the Dodd-Frank act under exemption SR 01-
01, effectively allowing foreign-owned BHCs to avoid minimum capital requirements. Note that
Deutsche Bank deregistered its US BHC on February 1, 2012. Note that Deutsche Bank deregistered
its US BHC on February 1, 2012. FDIC Vice Chairman Thomas Hoenig confirmed in an interview
with Reuters on 14 June 2013 that Deutsche Bank is ‘horribly undercapitalzed’.
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buffers have been significantly reduced from 2007 to 2012 as a result of the GFC and to a
smaller degree to the reduction of regulatory capital requirements (as a result of reduction
in risk weighted assets). 2% In summary, undercapitalized BHCs are of a relatively small size
and the implication for our analysis is that the financial system loss is (i) larger than zero
in most scenarios, and (ii) mainly driven by adequately capitalized BHC as large losses are

either due to large institution losses, or due to systematic losses in a large number of BHCs.

The financial ratios cover various aspects of the BHCs and include state ratio (fraction
of state bank assets), state recourse (indicator whether BHC is headquartered in a recourse

27 net interest income ratio,

state), the natural logarithm of total assets as a proxy for size
lending ratio (loans to total assets), interbank lending ratio, trading ratio, loan commitment
ratio, letter of credit ratio, and derivatives ratio (interest, foreign exchange, equity and
commodity). All financial ratios are subject to a floor at the 1st percentile and a cap at the

99th percentile of the respective financial ratio. the financial ratios analyzed in Adrian &

Brunnermeier (2011) are extended for return, asset and off-balance sheet ratios.

4.2 Model estimation

The loss rates are then be used to describe the outcome of risk. In addition, we perform

the following model specifications:

e Model 1: Model based on data from 1997 Q3 to 2007 Q3;
e Model 2: Model based on data from 1997 Q3 to 2012 Q3;

26 Note that this relates to assets and asset equivalents for off-balance sheet items.
2T Note that total assets are adjusted for inflation by using the consumer price index for size
considerations.
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Table 3 shows moments of the distributions of parameter estimates. Note that four

parameters are estimated per bank. 2

[Table 3 about here.]

4.8 Analysis of measures for systemic risk

This section follows the definition of systemic risk presented by Adrian & Brunner-
meier (2011). We simulate a sufficient number of iterations of the risk factors X; and Uj.
Conditional on the simulated values compute the values for loss per bank and the loss of the
financial system as the sum of all losses. We then compute the various measures for systemic

risk by analyzing moments of the complete distributions or conditional distributions.

The systematic risk measures are computed for various confidence levels but only

reported for the 90th percentile and one million iterations. 2

Table 4 describes the empirical distribution for the exceedance ratio and the systemic

risk measures in 2007 and 2012 for all BHCs.
[Table 4 about here.]

The exceedance ratio is the number of loss exceedances over the number of iterations.
All risk measures relate to the system. Note that VaR is the value-at-risk, CVaR is the
expected shortfall, VaR and CVaR are unconditional measures. CoVaR and CoCVaR are
conditional measures, conditional on the loss exceedance of the respective bank. DeltaCoVaR

and DeltaCoCVaR is the difference between the conditional and unconditional risk measure.

28 Parameters can not be estimated in a few instances where banks have short time series. We assume
average parameters for such banks. We have tested various limiting assumptions (i.e., minimum
and maximum values) and these do not impact our empirical findings.

29 Note that the VaR of the financial system increases with the confidence level but relative results,
interpretations and conclusions are maintained.

25



Note that systemic risk measures after the GFC (2012) are higher than prior to the GFC
(2007). Note that systemic risk measures are calculated if the number of loss exceedences is

greater than five.

Furthermore, we are interested in analyzing the drivers for systemic risk and regress in
a first step, the natural logarithm of the systemic risk measures DeltaCoVaR and DeltaCoC-
VaR on the input factors to analyze the direction and relative importance of their impact.
The input factors are the various endogenous variables that generated the systemic risk

measure. Table 5 shows the results of this analysis:
[Table 5 about here.]

The level of loss rate has a negative impact on systematic risk as default is likely to
occur in all periods and not only the periods of systemic distress. ¢ has a negative impact
on systemic risk. p has a negative impact on systematic risk. 6 has a positive impact on
systematic risk and the capital buffer has a positive impact as it makes the bank default in

periods of systemic distress.

In a second step, we regress the natural logarithm of the systemic risk measures Delta-
CoVaR and DeltaCoCVaR on financial ratios representing BHC characteristics such as lever-
age, liquidity, profitability, as well as the distributions of assets, derivatives and derivatives

relative to assets. 3 Table 6 shows the results of this analysis:
[Table 6 about here.]

Variables with a significant impact on the input factors of the systemic risk measures
in particular are the recourse, the size (i.e., the natural logarithm of total assets), the net

interest income, the credit ratio, the trading ratio and the derivatives ratio.

30 Note that in unreported results, we have confirmed the robustness of this model specification by
alternatively regressing the CoVaR and CoCVaR and mean financial ratios as well as time lagged
financial ratios (we analyzed lags of 1 - 4 quarters). The results are qualitatively the same.
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4.4  TARP funding - CPP program

We now analyze how the TARP funding relates to systemic risk measures and other
bank characteristics in 2007 (Q3). Note that total TARP funding under the CPP program
was $204,943,831,320 and that we were able to match 204,738,036,320. The difference of 0.1%
in TARP funding for banks could not be matched with BHC data despite a manual search

for the BHC of the receiving bank subsidiary. Table 7 shows the results of this analysis:

[Table 7 about here.]

Note that size is a dominant factor explaining TARP funding allocation. Brownlees &
Engle (2012) show that the SRISK measure places a heavy weight on the size of financial
institutions, which explains that the ten institutions with the largest SRISK score were

TARP recipients.

5 Conclusion

This paper develops a bank model for systemic risk in bank lending. The model analyzes
the impact of a financial institution failure on the distribution of losses in the financial
system. The fundamental idea is that bank loss rates may be decomposed into a level,
momentum, systematic and systemic component. Financial institutions fail when unexpected
losses exceed the capital buffer and the release of capital allocated to credits. Failed financial
institutions pass these loss exceedances on to creditors, deposit insurance schemes or the
general public. The benefits of the presented model framework are (i) the identification of
systemically relevant financial institutions, 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 not rely on financial market data. The empirical evidence

presented is based on information collected by US prudential regulators from 1997 to 2012.

27



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 the systemic risk of a financial institution
(i) decreases with the level of loss rates, (ii) increases with its asset portfolio exposure
to systemic risk, (iii) declines with its exposure to portfolio specific systematic risk, and
(iv) increases with the size of the capital buffer. Additional findings are that the current
FDIC fund level may be insufficient as the fund balance is relatively low, was insufficient
in the past and deposit funding as well as systemic risk have increased in recent years. The
credit ratio, trading ratio and derivatives ratio have a positive impact on systemic risk.
In addition size was the predominant consideration by the US government when making
an allocation decision of TARP funds while our systemic risk measures did not provide a

significant explanation.

The findings of the paper have important implications. Firstly, regulators who are
interested in the resilience of the financial system may use the proposed models and model
outputs to allocate supervisory resources, i.e. systemic banks may receive a higher regulatory

attention than non-systemic banks.

Secondly, deposit insurers (e.g., the Federal Deposit Insurance Corporation in the US)
may base deposit insurance premiums on such models and model outputs. Traditionally,
deposits are insured in the US by the 