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Financial crisis of 2008:
Highlighted serious negative consequences of the interconnected-
ness of large financial institutions.
Demonstrated the lack of adequate credit and systemic risk moni-
toring within the financial services industry.
Yet, even if the financial crisis is behind us, we still need to comprehend
its aftereffects.

Across all industries, 101 corporate issuers defaulted ($281 billion)
in 2008 (Moody’s, 2009). For the sake of comparison, only 18 defaulted
in 2007 ($6.7 billion).
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Billio et al. (2012): there are four major determinants of financial
crises:

1. Leverage.
2. Losses.
3. Linkages.
4. Liquidity.
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This paper focuses mainly on credit and systemic risks affecting both
insurance and banking subsectors during the 2005–2012 period.
We construct a multivariate credit risk model that accounts for the
firm-specific financial health. It captures three major determinants:
leverage, losses and linkages.

Firm-specific statistical regimes.
Pairwise regime-dependent correlations of leverage co-movements.
Endogenous stochastic recovery rates that are negatively related to the
default probabilities.

To estimate the model, we develop a two-stage filtering procedure.
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Leverage
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A(i) is the market value of the i-th firm’s assets.
L(i) is the present value of the i-th firm’s liabilities.
The unobserved leverage ratio is given by X(i) = L(i)/A(i) and log-
leverage ratio process is
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The unobserved regime s
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t prevailing on ((t − 1)∆, t∆] is modelled as a
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The model captures the firms’ interconnections through the
correlation between noise terms of log-leverage, i.e.
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The intensity process is given by
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where α(i), θ(i), β(i) > 0.
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In our discrete-time setting, the default probability is
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Altman et al. (2005) argue the importance of having a recovery rate
structure that is inversely related to the default probability.
A proxy for the recovery rate is
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where κ(i) represents the liquidation and legal fees (fraction of the
market value of assets at default).
The leverage ratio process impacts on both the moment of default and
the recovery rate, inducing a negative correlation.
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Since leverage ratios and Markov regimes are unobservable variables, a
filtering procedure is needed.
We infer the latent variables from observable CDS premiums.
Estimating all firms simultaneously is not numerically feasible. The
estimation is thus broken down into two stages.

1. First, the firm-specific parameters are estimated.
2. The second stage then focuses on the interrelation between firms while

keeping the firm-specific parameters fixed.



First Stage
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An extension of Tugnait’s (1982) detection-estimation algorithm (DEA)
is designed to filter both of our unobserved variables.
The DEA is generalized to account for nonlinearities by running the
unscented Kalman filter (UKF) of Julier and Uhlmann (1997) instead of
the classic Kalman (1960) filter.
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The filtered value of log (Xt) based on the first t observations is

log
�

X
(i)∗
t|t

�

=
∑

s
(i)
0:t

log
�

X∗
t|t, s(i)0:t

�

P
�

s
(i)
0:t

�

�

�CDS(i)
obs,1:t

�

,

which is a sum over 2t elements.
A good approximation could be to take the 2k most likely paths based
on the latest regimes:

log
�

X
(i)∗
t|t

�

≈
∑

s
(i)
1−k+1:t

log
�

X∗
t|t, s(i)1−k+1:t

�

P
�

s
(i)
1−k+1:t

�

�

�CDS(i)
obs,1:t

�

,

which is a sum over 2k elements.



Second Stage

4 - 8 June 2018, www.ica2018.org 19
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Dependence among firms must be captured endogenously, or prior to
the filtering process.
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Results based on 35 firms of the financial sector: 16 insurance
companies and 19 banking firms.
Weekly term structure of CDS premiums over 2005–2012.
Premiums of maturities of 1, 2, 3, 5, 7 and 10 years.
Three time periods considered:

Pre-crisis: from 2005 to June 2007.
Crisis: from July 2007 to March 2009.
Post-crisis: from April 2009 to 2012.
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Histograms of ρ1,1 and ρ2,2
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Systemic risk is the risk of collapse of an entire financial system
as opposed to risk associated with any one individual entity.
It refers to the risks imposed by interlinkages and interdependen-
cies in a system or market, where the failure of a single entity or cluster
of entities can cause a cascading failure.
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The systemic risk measure is defined as the expected value of a loss
over a period of three months given that it is higher than the
99th percentile of the loss distribution for each subsector:

�

∑

i∈SS

L
(i)
t,t+3 months

�

1 (Lt,t+3 months > VaR0.99(Lt,t+3 months)) ,

where SS ∈ {Ins,Bnk}.
The relative contributions RSR are scaled versions of the nominal price
measures. We simply divide the contributions by the sum of the
total liabilities for each respective subsector.
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Granger Causality Tests
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Panel A: Linear Granger causality.

X = Insurance, Y = Banking X = Banking, Y = Insurance

LX LY F-stat. p-value LX LY F-stat. p-value

1 1 4.991 0.026 1 1 1.464 0.227

Panel B: Nonlinear Granger causality using Diks and Panchenko (2006).

X = Insurance, Y = Banking X = Banking, Y = Insurance

LX LY DP-stat. p-value LX LY DP-stat. p-value

1 1 1.745 0.040 1 1 0.789 0.215
2 2 1.418 0.078 2 2 1.382 0.084
3 3 0.892 0.186 3 3 0.239 0.406
4 4 0.826 0.204 4 4 0.649 0.258
5 5 0.866 0.193 5 5 0.106 0.458
6 6 0.783 0.217 6 6 0.408 0.342
7 7 0.828 0.204 7 7 0.638 0.262
8 8 0.636 0.262 8 8 0.545 0.293



Granger Causality Tests, cont’d
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The systemic risk of banking firms causes the systemic risk of
insurance companies.
For the opposite relationship, we cannot reject the null hypothesis: we
cannot conclude that the systemic risk of insurers Granger-causes the
systemic risk of banks.
These results are in line with the literature.

Chen et al. (2014): even if our methodology differs and our data extends
over the aftermath of the crisis, our results suggest that the direction of
the causal relationship is robust.
Billio et al. (2012): they find that banks tend to have a much more
important role in the transmission of shocks.
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Concluding Remarks
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A Markov-switching hybrid credit risk model is proposed.
Our results indicate an increase in correlation during the high-
volatility regime.
There is supportive evidence of increased systemic risk within
the financial services sector during the last global crisis.
There is also a unidirectional causal effect from banks to insurers in
terms of systemic risk.
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The contributions of this paper are threefold.

1. First, firm-specific credit risk is analyzed in the financial services
sector. This requires an elaborate model that captures the main
determinants of credit risk (and more specifically, financial crises).

2. Then, sector-wide credit risk is assessed through linkages between
comovements of firm leverages.

3. Finally, the systemic risk measures of two subsectors, namely
insurance and banking, are computed and compared: we detect a
unidirectional causal effect from banks to insurers when accounting for
heteroskedasticity.



Change of Measure
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Depending on the modelling objective, the log-leverage dynamics
evolve either under risk-neutral pricing measure Q, or under physical
measure P for risk management purposes.
The market model is incomplete, implying that there are an infinite
number of pricing measures.
We restrict the choices to those preserving the model structure by
having different drift and transition probabilities under both
measures P and Q, meaning that the regime risk is priced.



Trinomial Lattice Approach
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No closed-form solution for corporate bond prices and CDS premiums.
A numerical scheme is used: it is based on extensions of Schönbucher
(2002) and Yuen and Yang’s (2010) trinomial lattice.

Schönbucher (2002): adds an “artificial” branch for default.
Yuen and Yang (2010): same trinomial lattice for every regime, but
change the weights; the trinomial tree is recombining.
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Parameter Estimates
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μQ(%) μP(%) σ1 σ2 q11 (%) p11(%) q22(%) p22(%) κ

Average -0.074 0.008 0.070 0.347 99.570 97.675 93.987 96.617 0.565
SD 0.169 0.261 0.015 0.015 0.194 1.699 1.663 3.222 0.065

Insurance
Average -0.027 -0.065 0.075 0.352 99.537 97.864 93.759 96.157 0.579
SD 0.058 0.082 0.014 0.010 0.150 0.992 1.823 2.483 0.065
Banking
Average -0.114 0.069 0.065 0.343 99.598 97.516 94.179 97.004 0.553
SD 0.219 0.338 0.014 0.017 0.224 2.138 1.539 3.758 0.065

α θ β(%) δ1 δ2 δ3 δ5 δ7 δ10

Average 10.724 1.349 0.088 0.244 0.142 0.086 0.052 0.035 0.063
SD 2.543 0.103 0.212 0.059 0.037 0.025 0.018 0.023 0.021
Minimum 7.260 1.166 0.000 0.143 0.062 0.036 0.009 0.006 0.034

Insurance
Average 10.148 1.365 0.057 0.251 0.136 0.084 0.043 0.032 0.059
SD 1.482 0.109 0.073 0.061 0.038 0.027 0.012 0.016 0.015
Banking
Average 11.209 1.336 0.114 0.239 0.147 0.088 0.059 0.038 0.066
SD 3.138 0.099 0.281 0.058 0.036 0.023 0.019 0.028 0.026
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μQ(%) μP(%) σ1 σ2 q11 (%) p11(%) q22(%) p22(%) κ

Average -0.074 0.008 0.070 0.347 99.570 97.675 93.987 96.617 0.565
SD 0.169 0.261 0.015 0.015 0.194 1.699 1.663 3.222 0.065

Insurance
Average -0.027 -0.065 0.075 0.352 99.537 97.864 93.759 96.157 0.579
SD 0.058 0.082 0.014 0.010 0.150 0.992 1.823 2.483 0.065
Banking
Average -0.114 0.069 0.065 0.343 99.598 97.516 94.179 97.004 0.553
SD 0.219 0.338 0.014 0.017 0.224 2.138 1.539 3.758 0.065

α θ β(%) δ1 δ2 δ3 δ5 δ7 δ10

Average 10.724 1.349 0.088 0.244 0.142 0.086 0.052 0.035 0.063
SD 2.543 0.103 0.212 0.059 0.037 0.025 0.018 0.023 0.021
Minimum 7.260 1.166 0.000 0.143 0.062 0.036 0.009 0.006 0.034

Insurance
Average 10.148 1.365 0.057 0.251 0.136 0.084 0.043 0.032 0.059
SD 1.482 0.109 0.073 0.061 0.038 0.027 0.012 0.016 0.015
Banking
Average 11.209 1.336 0.114 0.239 0.147 0.088 0.059 0.038 0.066
SD 3.138 0.099 0.281 0.058 0.036 0.023 0.019 0.028 0.026
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For both subsectors, there is some persistence in the proportion during
the post-crisis era. This observation is consistent with the literature.

Maalaoui Chun et al. (2014).
Garzarelli (2009).
Mueller (2008).

Interestingly, the banking subsector’s proportion of firms in the high-
volatility regime increases during the European debt crisis (from
2009 to 2012).
For the same years, the insurance subsector’s proportion remains at
zero.
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C LEH files for Chapter 11 bankruptcy protection. MER is taken over by the BACORP. AIG almost defaulted the next day (September 15,
2008).
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Pre-crisis Crisis Post-crisis

Firm Filtered Default count Filtered Default count Filtered Default count

ACE 0.57 0.00 1.53 0.14 1.71 0.35
.
.
.

AIG 0.14 0.00 7.46 0.14 6.50 0.55
.
.
.

LEH 0.26 0.00 4.92 0.17 - -
.
.
.

XL 0.46 0.00 7.70 0.27 4.92 1.04

Insurance 0.35 0.00 4.16 0.18 3.29 0.59
Banking 0.51 0.00 4.56 0.15 3.63 0.40
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PDs computed using a default count approach tends to lag behind the
market, which explains why the probabilities are smaller during the crisis
than in its aftermath. They are also based on sector-wide aggregated
data.
On the other side, CDS-implied default probabilities are forward
looking and strongly react at the onset of the financial crisis and during
the European crisis of 2012.
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To talk about dependence, we need to break the sample down into three
categories.

1. Correlations between the leverages of two insurance firms.
2. Correlations between the leverages of two banking firms.
3. Correlations between the leverages of one insurance firm and one

banking company.
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The systemic risk measure is defined as the expected value of a loss
over a period of three months given that it is higher than the 99th

percentile of the loss distribution.
1. Generate a sample of losses for each firm L

(i)
t,t+3 months and compute the

total losses across the firms: Lt,t+3 months.
2. Compute the systemic risk measure (SR) for the financial service sector

as the sample average of

Lt,t+3 months 1 (Lt,t+3 months > VaR0.99(Lt,t+3 months)) ,

where VaR0.99 represents the 99th percentile of the total losses distribu-
tion.
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3. Calculate the systemic risk contribution (so-called nominal price, in
millions) for each subsector:

�

∑

i∈SS

L
(i)
t,t+3 months

�

1 (Lt,t+3 months > VaR0.99(Lt,t+3 months)) ,

where SS ∈ {Ins,Bnk}.
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The relative contributions RSR are scaled versions of the nominal price
measures. We simply divide the contributions by the sum of the
total liabilities for each respective subsector.
This allows us to compare the relative systemic risk contributions of each
subsector readily as they share the same scale.
Our measure is related to the systemic risk measure of Acharya et al.
(2012).
Similarly to Huang et al. (2009) and Chen et al. (2014), our measure is
forward-looking as it is based on CDS data and does not require a large
sample of firms.
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Panel A: Insurance subsector

Pre-crisis Crisis Post-crisis

Nominal Unit (%) Nominal Unit (%) Nominal Unit (%)

Regime correlation, endogenous recovery 23,846.2 0.902 113,959.0 3.976 64,550.8 2.301
Regime correlation, exogenous recovery 22,256.4 0.842 107,442.7 3.737 63,126.4 2.250
Independence, endogenous recovery 23,849.9 0.902 91,074.6 3.150 59,771.0 2.126
Independence, exogenous recovery 22,273.8 0.843 90,886.8 3.137 59,308.5 2.111

Panel B: Banking subsector

Pre-crisis Crisis Post-crisis

Nominal Unit (%) Nominal Unit (%) Nominal Unit (%)

Regime correlation, endogenous recovery 101,571.4 0.906 782,154.6 6.166 961,985.4 9.789
Regime correlation, exogenous recovery 96,387.0 0.862 659,127.7 5.188 880,730.0 8.955
Independence, endogenous recovery 101,468.7 0.905 735,895.8 5.790 952,787.0 9.694
Independence, exogenous recovery 96,373.3 0.862 631,118.2 4.964 875,675.5 8.903
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Let {Xt} and {Yt} be two scalar-valued stationary time series.
Let F (Xt | It−1) be the conditional probability distribution of Xt given the
bivariate information set It−1 consisting of an Lx-length lagged vector of
Xt (i.e. XLx

t−Lx) and Ly-length lagged vector of Yt (i.e. Y
Ly
t−Ly).

Given lags Lx and Ly, the time series {Yt} does not strictly Granger
cause {Xt} if

F (Xt | It−1) = F
�

Xt
�

�

�XLx
t

�

.

A well-known test for bivariate causality involves estimating a linear
reduced-form vector autoregression.
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Baek and Brock (1992) propose a nonparametric statistical method for
uncovering nonlinear causal relations that, by construction, cannot be
detected by traditional linear causality tests. It is used by Hiemstra and
Jones (1994).
Diks and Panchenko (2006) suggest an alternative nonparametric test
that circumvents the problems associated with Hiemstra and Jones.
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We test whether a subsector’s contribution could be used to
forecast the other’s systemic risk.
To do so, we use both linear and nonlinear Granger (1969) causality
tests.
Heteroskedasticity could lead to a substantial bias: we follow Chen
et al. (2014) and deal with Gaussian noise processes extracted from
a generalized autoregressive conditional heteroskedasticity model.
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