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In the last few years, according to the evolution of financial markets and the enforcement of international
supervisory requirements, an increasing interest has been devoted to risk integration. The original focus
on individual risk estimation has been replaced by the growing prominence of top-down and bottom-up
risk integration perspectives. Following this latter way, we bring together different approaches developed
in the recent literature elaborating a general model to assess banking solvency in both the long-run (eco-
nomic capital) as well as in the short period (liquidity mismatching). We consider banking capability to
face credit, interest rate and liquidity risks associated to macro-economic shocks affecting both assets
and liabilities. Following the perspective of commercial banks, we concentrate on information available
in the risk management practice to propose an easy to implement statistical framework. We put in place
this framework estimating its scenario generation parameters on Italian macro-economic time series
from 1990 to 2009. Once applied to a stylized commercial bank, we compare the results of our approach
to regulatory capital requirements. We emphasize the need for policy makers as well as risk managers, to
take into account the entire balance sheet structure to assess banking solvency.

� 2013 Elsevier B.V. All rights reserved.
1. Introduction size that an adequate liquidity structure is required to ensure
At the beginning of the last decade, the Northern Rock bank had
a business which involved borrowing heavily in the UK and inter-
national money markets, extending mortgages to customers based
on this funding. At the same time, the bank was active in re-selling
these mortgages on international capital markets. In August 2007,
when the global demand from investors for mortgages was falling
away, the lack of money raised through capital markets meant that
Northern Rock became unable to repay loans from the money mar-
ket. The bank received a liquidity support facility from the Bank of
England, but was unable to raise from the money market. This led
to panic among individual depositors who feared that their savings
might not be available. The result was a bank run. Depositors lined
up outside the bank to withdraw all of their savings as quickly as
possible, particularly since everyone else was doing the same.

In order to avoid the above described issue, banks are required
to have an adequate capital structure. According to Kretzschmar
et al. (2010), banking economic capital can be defined as the
amount of resources that a financial institution requires in order to
operate as a solvent concern at a specified confidence level over a gi-
ven time horizon. Usually, the economic capital is set equal to a per-
centile of the bank loss distribution (value at risk, VaR) or the
expected value of losses exceeding a given threshold of the same
distribution (expected shortfall, ES). At the same time we empha-
banking solvency. For this reason we distinguish between a long
run banking solvency (i.e., economic capital) and the short term
capability to face liquidity issues (i.e., liquidity mismatching).

Aiming to compute the economic capital for regulatory issues,
banks usually adopt a modular approach. In the modular approach
the loss distribution due to credit risk, market risk, operational risk
and so on, are computed individually. The economic capital is ob-
tained as a sum of independent risk measures. Thus, considering
that a portfolio is exposed to different imperfectly correlated risks,
a question arises: is the sum of capital buffers set against these
risks smaller than the sum of individual risks? Breuer et al.
(2010) discuss this problem in the context of market and credit risk
assessment for the banking and trading book. They show that in
some cases the risk measure of the total portfolio can be higher
than the sum of the independent risk measures. In order to aggre-
gate different risks, dependencies have to be considered. Thus, a
key issue is to identify financial activities which are affected by
the same risk factors and are subject to risks over the same holding
period.

The most intuitive approach to integrate risks is to follow the
top-down approach. According to this approach, a function is em-
ployed for linking the distributions of profit and losses resulting
from different risk types. It is evident that some crucial assump-
tions are required to merge different risks into an overall economic
capital measure (Rosenberg and Schuermann, 2006). The key ele-
ment is the choice of the joint distribution function to be exploited
to merge individual risks and to estimate parameters even in the
case where there are few data.
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Nomenclature

At assets value at time t
DA assets value change due to shocks
ALiqq asset liquidity inflows for period q 6 h
ALoss asset loss corresponding to �DA
CLossh loss due to defaults for the period h
Et equity value at time t
ECES economic capital, expected shortfall
ECVaR economic capital, value at risk
Hi liquidity haircut for obligor i
Ih income for the period h
Lt liabilities value at time t
DL liabilities value change due to shocks

LLiqq liability liquidity outflows for period q 6 h
LM liquidity mismatching
NIh net interest for period h
Pdi probability of default for obligor i
PNIh performing net interest for period h
PV present value
Rd,t interest rate for node d at time t
#s health index for sector s
.t liquidity shrinkage at time t
ni indicator function for obligor i
Zt macro-economic variables at time t
ZD shocked macro-economic variables
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An alternative way to integrate risks is to follow the so-called
bottom-up approach. The goal pursued through this approach is
to overwhelm the above described difficulties studying interac-
tions among risk factors and evaluating their impact on the bank-
ing financial activities. The most recent literature due to Grundke
(2009), Alessandri and Drehmann (2010), Drehmann et al. (2010),
Grundke (2010) and Kretzschmar et al. (2010) concentrate on these
mechanics showing how to integrate risks focusing on alternative
specific assumptions. Following the bottom-up approach, the aim
of our paper is to build a bridge between the above mentioned lit-
erature and the risk management practice. Remarking the impor-
tance of the assumptions underlying the above mentioned
approaches, we consider a very general asset and liability environ-
ment where credit, interest rate and liquidity risks are jointly con-
sidered. We propose a statistical framework which enhances the
most familiar risk management tools (e.g., Monte Carlo simula-
tions, regressions, copulas and so on) allowing to consider all ele-
ments which concur to build up the economic capital. We apply
this framework to a stylized commercial bank where credits are
investigated at the debtor level, while liabilities are examined at
an aggregated level. Focusing on cash flow grids, we emphasize
the impact of asset and liability mismatching on the overall bank-
ing solvency.

The paper is organized as follows. In Section 2 we introduce the
topic and in Section 3 we explain the motivation of our research. In
Section 4 we describe the integrated risk modeling on which we
build up the statistical framework described in Section 5. In Sec-
tion 6 we apply our analysis to a stylized commercial bank. Sec-
tion 7 contains concluding remarks and directions for future
research.

2. Literature review

The credit lending is strictly linked with financial markets and
the overall macro-economic environment. The need to integrate
risks in order to evaluate banking solvency has been faced in the
last few years moving from different perspectives. Attention has
been devoted mainly to economic capital estimation, but consider-
ing the recent liquidity crisis, we cannot avoid considering, in our
analysis, both the long run as well as the short term banking atti-
tude to face its obligations. We can summarize the most important
contributions in economic capital estimation distinguishing be-
tween top-down and bottom-up approaches.

In the top-down approach the idea is to start from the marginal
distribution of individual risks and aggregate them through a joint
distribution function. Some authors exploit elliptical distributions
while others rely on copulas. The difficulties to implement the
top-down approach are, on the one hand, to choose the adequate
joint distribution function and, on the other, to estimate parame-
ters with limited availability of loss data. Furthermore, as is evi-
dent from Kuritzkes et al. (2002), Dimakos and Aas (2004), and
Aas et al. (2007) it is problematic to represent all interactions
among risks through some parameters of a joint distribution func-
tion. For these reasons, in the last few years, researchers as well as
practitioners devoted their attention to bottom-up approaches.

The goal pursued through the bottom-up perspective is to
tackle the risk integration by modeling, at a micro-level, the inter-
actions between macro-economic variables, risk factors and indi-
vidual financial instruments. Changes in macro-economic
variables can influence the value of financial instruments directly
(e.g., a reduction of the gross domestic product is usually associ-
ated with an increase of default probabilities). Moreover, they
can have an impact on the value of financial instruments by affect-
ing risk factors (e.g., an increase in risk-free interest rates, due to
macro-economic changes, causes a reduction of fixed rate credit
fair value).

Grundke (2009) analyzes how the importance sampling tech-
nique can be successfully applied to integrate market and credit
portfolio models. The well-known CreditMetrics framework is ex-
tended to jointly contemplate credit and interest rate risks. The
effectiveness of this technique is tested through numerical exper-
iments for linear and nonlinear portfolios. This framework is fur-
ther exploited by the same author to evaluate how top-down
approaches are accurate to compute integrated risk measures
(Grundke, 2010). The author emphasizes that it is rather difficult
to decide which is the copula function to be used, in a top-down
approach, in order to catch the risk integration simulated through
a bottom-up model.

Kretzschmar et al. (2010) implement a fully-integrated risk
analysis based on the balance sheet of a composite European
bank. They exploit an economic-scenario generation model
which is calibrated to conditions at the end of 2007. Their results
suggest that modular approaches can lead banks to be under-
capitalized.

Moving from a different perspective, Drehmann et al. (2010)
propose an integrated framework for stress testing purposes where
banking micro-structures are investigated from an asset and liabil-
ity point of view. They take into account the repricing characteris-
tics of assets, liabilities and off balance sheet items. Thus, they
assess the integrated impact of credit and interest rate risks on
banking economic value and capital adequacy. Following the same
perspective, Alessandri and Drehmann (2010) develop a model on
book value accounting. They focus on the banking earning at risk.
They show through a simulated analysis that interactions matter
in assessing banking economic capital. Ignoring risk interaction
leads to risk overstatement. The magnitude of the error depends
on the structure of the balance sheet and on the repricing charac-
teristics of assets and liabilities.
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All the above described approaches are effective in capturing
some specific integration issues. In addition, they do not consider
the liquidity problem which has been dramatic during the recent
crisis. We emphasize the need to catch all these risks together in
order to derive an overall approach where risks due to credit, inter-
est rate, liquidity, asset and liability mismatching are jointly con-
sidered. Emphasizing the need to derive an easy to implement
framework, we dedicate the next section to motivate our
contribution.
3. Motivation

Our research aims to bring together the risk integration contri-
butions above described and build up an effective statistical frame-
work. In order to achieve these goals, we need to face the following
issues:

1. Identify a general model to represent banking interactions.
2. Check available information.
3. Effectively represent the real-world sources of risk.
4. Develop an easy to implement and easy to interpret statistical

framework.
5. Outline risk issues that policy makers and banking risk manag-

ers should take care.

In order to identify the model to be exploited for assessing
banking solvency, we rely on alternative bottom-up frameworks.
Kretzschmar et al. (2010) concentrate on asset value changes due
to shocks in risk factors. They assume that liabilities are modeled
by a matched replicating portfolio of assets. By contrast, Alessandri
and Drehmann (2010) maintain that both assets and liabilities are
crucial in order to compute the economic capital. In fact, they carry
out their research through the profit and loss analysis which nec-
essarily incorporates the two sides of the balance sheet. Following
the same perspective Grundke (2010) models the banking loss dis-
tribution through the comparison of asset and liability present va-
lue. In our opinion, the main drawback of the first approach is not
to investigate the relationship between assets and liabilities. Thus,
the impact of the whole balance sheet structure is under-esti-
mated. On the other hand, the second approach suffers from the
crucial assumption to investigate only the (yearly) profit and loss.
The impact of changes associated to asset and liability repricing is
not considered. As pointed out by Alessandri and Drehmann (2010)
the current regulatory approach to credit risk and the commonly used
earning at risk approach to interest rate risk do not take changes in
market valuations into account. However, if we avoid to contem-
plate their impact, the analysis is certainly incomplete. Grundke
(2010) considers both sides of the balance sheet. He focuses on
the present value of assets and liabilities, but he does not explicitly
consider earnings at risk as detailed by Alessandri and Drehmann
(2010). Considering that in these researches no attention is de-
voted to the liquidity risk, we move from the above considerations
to elaborate a general model to assess banking solvency. In our
model we represent repricing issues, but instead of applying them
only to assets, as detailed by Kretzschmar et al. (2010), we consider
both assets and liabilities. According to Alessandri and Drehmann
(2010) we take into account earnings at risk. Thus, distinguishing
between long run and short run solvency we incorporate the
liquidity risk.

The second key issue we face in our research is the scarcity of
information. All the approaches described in the literature review
section rely on market driven approaches. However, the risk man-
agement practice faces market imperfections. It is difficult, for
example, to directly exploit credit spreads to compute the present
value of financial activities as proposed by Kretzschmar et al.
(2010) and Grundke (2010). In other words, banks do not lend
money only to companies with publicly traded financial instru-
ments. Therefore, contrary to the assumptions of these researches,
banks cannot rely on market credit spreads, credit default swaps
and so on. The need to exploit other information arises. For this
reason we exploit a scenario generation mechanics and we explic-
itly rely on banking internally estimated risk parameters to repre-
sent the risk process. Furthermore, the above mentioned
researches do not explicitly describe the link between the inter-
nally estimated risk parameters and those necessary to run their
models. When considering default probabilities, for example, it is
crucial to figure out their link with (macro-economic) credit risk
factors. From a practitioner point of view, it is evident the benefit
to explicitly link risk parameters to risk factors. An interesting nov-
elty of our framework is the way of modeling and assessing this
relationship.

Passing to the above stated third issue regarding the represen-
tation of real-world financial environment, the above described lit-
erature assumes that the scenario generator is directly or indirectly
linked to a Normal or at least elliptical environment. Grundke
(2009) and Grundke (2010) rely on CreditMetrics Normal random
generator. Alessandri and Drehmann (2010) draw a vector of ran-
dom macroeconomic shocks and use a GVAR model. Kretzschmar
et al. (2010) exploit a JLT model for default probabilities, a BK mod-
el for interest rate and so on. This perspective can be useful in order
to assess the amount of resources required by a bank in a Normal
setting, but it may be unsatisfactory in the case where we consider
extreme events. Therefore, aiming to assess bank solvency, it is
useful in our opinion not to identify and ex-ante distribution, but
to rely on a scenario generator based on distributions directly fit-
ted on (even extreme) real data.

According to the fourth key point, we start from the information
available in any risk management department to build up a bot-
tom-up statistical framework. We consider a stylized commercial
bank where credits are studied at their minimum level, while lia-
bilities are examined at an aggregated level in order to describe
conditions under which the following statements hold:

� Alessandri and Drehmann (2010) show that, under their
assumptions, the simple sum of risk measures due to credit
and interest rate is higher than the integrated measure. Thus
the integration process seems to lead to a reduction of the eco-
nomic capital.
� Kretzschmar et al. (2010), maintain that the integrated eco-

nomic capital, considering their hypothesis, is higher than the
simple sum of individual risks.

Stressing the need to highlight potential risk sources, in line
with the fifth point, we study a stylized commercial bank. We
aim to figure out conditions under which banking solvency is
undermined. For this reason we compare balance sheet structures
with different mismatching peculiarities and we investigate both
the long run (economic capital) and the short term (liquidity) sol-
vency risks. From the perspective of policy makers and risk manag-
ers, the benefit of such a representation is to highlight risk
interactions in a commercial bank. Our goal is to show that the
so – called modular approach cannot be effective from both the
regulatory as well as from the managerial perspectives.

In the next section we introduce our risk integration model.
4. Integrated risks

Relying on the economic capital definition of Section 1, we can
suppose that at time t the value of the assets and the liabilities of a
bank are respectively At and Lt. Assuming that At > Lt, this bank is
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initially solvent with equity Et = At� Lt. A risk manager assessing cap-
ital adequacy at time t is concerned with fluctuations in these values
as well as with the capability of the bank to face liquidity issues.

As in the stress testing framework described by the EBA (2011),
in our analysis, we focus on a static balance sheet with zero growth
and constant business mix assumptions. Our attention is devoted
to understand what happens to the present value of both assets
and liabilities, in the case where scenarios different from the actual
ones will take place. We concentrate on instantaneous shocked
scenarios aiming to analyze both the economic capital and the
liquidity distributions under different perspectives.

4.1. Economic capital modeling

According to the above described environment, to ensure bank-
ing solvency with a probability (1 � a) over a fixed time horizon h
(e.g., one year), it is required that

P½Et þ DA� DLþ Ih > 0� ¼ 1� a; ð1Þ

where DA and DL are the asset and liability variations due to macro-
economic instantaneous shocks, while Ih refers to the income of the
period under investigation.

It is useful to remark that Kretzschmar et al. (2010), relying on
the simplifying assumption that liabilities are replicated by a port-
folio of assets, exploit the following inequality

EðDAÞP DL� Ih: ð2Þ

Thus, setting ALoss = �DA, we can express Eq. (1) as follows

P½ALoss� EðALossÞ < Et� ¼ 1� a; ð3Þ

where [ALoss � E(ALoss)] is the so-called unexpected loss. This argu-
ment justifies setting the economic capital at the (1 � a)-percentile
of the loss distribution. In our analysis, however, we do not exploit
the assumption of Eq. (2). We compare variations of both assets and
liabilities contemporaneously setting the economic capital at the
(1 � a)-percentile of the overall loss distribution. It is evident the
need to investigate how to evaluate both sides of the banking bal-
ance sheet. Thus, in what follows, we consider a bank with N assets
At = (A1,t, . . . , AN,t) and M liabilities Lt = (L1,t, . . . , LM,t).1 Each exposure
has a specific size, maturity, coupon rate and time to repricing.

Valuing financial instruments in the present and in the future is a
significant challenge. In some cases they are marked to market,
while in others they are required to be marked to model. In any case,
the valuation is subject to ongoing expectations about risk factors. In
order to compute the effect of risk factor fluctuations on financial
instruments, we need to generate scenarios. We consider a set of
macro-economic variables which can directly or indirectly affect
the value of financial instruments. We denote by Zt = (Z1,t, . . . , ZK,t)
the vector of macro-economic variables. For historical data, on
which we fit model parameters, t ranges from �s to 0. For the per-
spective analysis, t ranges from 0 to T. We denote by ZD = (Z1,D,
. . . , ZK,D) the vector of shocked macro-economic variables.

In order to compute the income Ih of Eq. (1), we can distinguish
the following elements: net interest income, operational profits,
operational losses and credit losses. Emphasizing that operational
activities are beyond the scope of our analysis, we define the in-
come as follows

Ih ¼ NIh � CLossh; ð4Þ

where NIh stands for net interest over the period h while CLossh is
the loss due to credit defaults along the same holding period (e.g.,
one year). Thus, the net interest is as follows
1 For simplicity, hereafter, we consider assets corresponding to credits and bonds
while liabilities correspond to debits. One asset corresponds to the credit (or bond)
toward one debtor, while one liability corresponds to a debit.
NIh ¼
XN

i¼1

Xh

t¼0

fi;tci;tðZtÞAi;ra;t �
XM

j¼1

Xh

t¼0

fj;tcj;tðZtÞLj;ra;t ; ð5Þ

where ci,t and cj,t are the coupon rates from the time t to the next
repricing time. They are function of the vector of macro-economic
variables Zt. In order to compute the net interest income, we apply
the above described coupon rates to the notional residual amount
Ai,ra,t (where the subscript ra,t stands for residual amount at time
t) and the notional residual amount Lj,ra,t at time t. We exploit the
indicator functions fi,t and fj,t to specify the coupon rate to be ap-
plied at each time t. As is evident from Eq. (5), positive interests
are computed on each Ai, while negative interests are calculated
on each Lj. According to Eq. (1), we consider the net interest income
for the period h, which represents our holding period.

In order to catch the credit risk, we consider the default indica-
tor ni associated to each debtor i, (i = 1, . . . , N). In the case where
ni = 1, debtor i defaults within the time horizon, otherwise ni = 0.
The marginal default probability Pdi = P(ni = 1), constitutes the cru-
cial element of the above mentioned default indicator and it be-
comes one of the key issues of our statistical framework. The net
loss associated with the default of debtor i is -i = (1 � LGDi) times
the exposure Ai (LGD stands for loss given default). In some models
-i is assumed to be a random variable, but here, without loss of
generality, we assume -i to be a constant. The portfolio credit loss
(CLoss) can be represented as follows

CLossh ¼
XN

i¼1

-iniAi: ð6Þ

Aiming to compute asset and liability variations DA and DL of Eq.
(1), we need to compute the present value PV of (each) asset Ai

and liability Lj cash flow. Assuming to be in t = 0, we consider the
usual zero coupon bond pricing formula (Duffie and Singleton,
2003). Thus, according to the rational expectations associated to
the macro-economic environment in t = 0, for the 1 (euro) notional
zero coupon bond, the PV is as follows

PV ¼ exp½�Rt;0 � T�; ð7Þ

where T is the maturity of the bond, while Rt,0 � Rt(Z0) identifies the
risk free interest rate which is function of the ongoing (t = 0) vector
of macro-economic variables Z0.

Once specified how to compute the present value of default free
financial instruments, in order to evaluate the overall value of the
bank, we need to incorporate:

� Macro-economic shocks ZD: they impact on both interest rates
(which compare on the above described pricing formula) and
default probabilities (on which we rely to simulate the default
indicator function ni of Eq. (6)).
� Credit losses: they are generated through the simulation of ni

(which is affected by ZD).

We compute DA and DL by comparing the present value of asset
and liability according to:

� Ongoing macro-economic factors Z0.
� Shocked macro-economic variables ZD.

In particular, we exploit the following notation to identify the
present value of each asset Ai

PV Ai ¼
XT

t¼0

PV ½Ai;cf ;t;Rt;0�; ð8Þ

where the PV is computed applying Eq. (8) on each cash flow Ai,cf,t

(the subscript cf stems for cash flow).
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For each liability Lj, we consider what follows

PV Lj ¼
XT

t¼0

PV ½Lj;cf ;t ;Rt;0�: ð9Þ

In order to compute banking losses, we rely on Monte Carlo simu-
lations. In particular, concentrating on credits, we compare the de-
fault free present value of each asset (PV Ai) to the integrated
(interest rate and credit risk) defaultable ones. We obtain this latter
value considering two sources of risk. On the one hand, we figure
out shocks on interest rates due to changes on the macro-economic
variables. On the other hand, we generate default events through ni

(which is affected by changes on macro-economic variables). For
each generation g, (g = 1, . . . , G), the shocked present value of each
asset Ai is as follows

PV Ai;D;g ¼ ni;D;g �
XT

t¼0

PV ½Ai;cf ;t;Rt;D;g �; ð10Þ

where ni,D,g is function of Pdi,D,g, the debtor default probability,
which depends on the scenario ZD,g as well as the interest rate Rt,D,g.

The present value of liabilities is not subject to the credit risk
which affects credits: we assume that Pdbank does not change. Thus
we focus only on changes in interest rates. For each generation g,
we represent the shocked present value of liabilities as follows

PV Lj;D;g ¼
XT

t¼0

PV ½Lj;cf ;t ;Rt;D;g �: ð11Þ

Focusing on the interaction between credit and interest rate risks,
for each generation g, we define the integrated loss as follows

Lossh;g ¼ �
XN

i¼1

½PV Ai;D;g � PV Ai� þ
XM

j¼1

½PV Lj;D;g � PV Lj� � PNIh;D;g ;

ð12Þ

where PNIh,D,g stands for (simulation g) performing net interest. In
order to ease the representation, we consider only performing asset
interests (without considering the nonperforming ones) and all lia-
bility interests.

According to what we stated above, we can consider the loss
definition of both Kretzschmar et al. (2010) and Alessandri and
Drehmann (2010) as special cases of Eq. (12). In addition, there
are two main differences between Eq. (12) and the general formula
of Grundke (2010). First of all, this latter author does not consider
the impact of changes on profit and losses. Secondly, the mechan-
ics on which we rely to compute integrated losses is not estab-
lished on credit spreads as assumed by Grundke (2009, 2010)
and Kretzschmar et al. (2010).

Once defined the integrated loss and relying on what we
emphasized examining Eq. (3), we define as ECVaR the economic
capital associated to the VaR of the Loss distribution over the pre-
defined holding period h at a given confidence level.2 In order to
obtain the Loss distribution, we consider all G simulated losses. We
define the VaR, at level (1 � a), as the smallest loss, l, such that the
probability that the loss exceeds l is no larger than a

ECVaR;ð1�aÞ ¼ inf
l

PðLossh > lÞ 6 a: ð13Þ

It is evident, however, that VaR suffers from two severe deficiencies
if considered as a measure of downside risk. In fact, it is not sub-
additive and it is insensitive to the size of loss beyond the pre-spec-
ified threshold level. For these reasons, in addition to ECVaR, we fo-
2 Following a conservative perspective, we could align with Alessandri and
Drehmann (2010) computing both VaR and ES considering only positive losses (i.e.,
Loss P 0). In what follows, we consider the whole loss distribution without focusing
only on Loss P 0.
cus on ECES which corresponds to the expected loss exceeding the
VaR

ECES;ð1�aÞ ¼ E½LosshjLossh > VaRð1�aÞ� ¼
1
a

Z 1

u>1�a
VaRðuÞdu: ð14Þ

The ES is sub-additive and it provides information about the
amount of loss exceeding the VaR. Then, portfolios with a low ES
should also have a low VaR. In addition, under general conditions,
ES is a convex function and it is a coherent measure of risk as well
(Acerbi and Tasche, 2002).

Emphasizing that bank solvency does not depend only on long
run evaluations, but also on short term liquidity capability, in the
next section we describe our liquidity risk modeling.

4.2. Liquidity risk modeling

It is useful to remark that Eq. (1) and, therefore, Eq. (3) hold in
the case where no liquidity problem arises. In fact, as emphasized
in the Northern Rock bank example, this issue becomes crucial in
order to ensure banking solvency. For this reason, in addition to
the long-run equilibrium described through the above mentioned
equations, to ensure solvency with a probability (1 � a) over the
time horizon q 6 h, considering a static balance sheet, it is further
required that

P½ALiqq � LLiqq þ Bq > 0� ¼ 1� a; ð15Þ

where ALiqq represents (asset) liquidity inflows over the short per-
iod q, LLiqq stands for (liability) cash outflows and Bq corresponds to
liquidity raised through the market (to ease the representation we
do not consider other liquidity sources) over the same period. More
in detail, we can summarize our model as follows

P
XN

i¼1

Xq

t¼0

wi;tHi;tðZtÞAi;cf ;t �
XM

j¼1

Xq

t¼0

wj;tLj;cf ;t þ
Xq

t¼0

.tBt > 0

" #
¼ 1� a;

ð16Þ

where emphasizing that q is close to t = 0, we avoid calculating the
present value of cash flows. Indicator functions wi,t and wj,t are set
equal to 1 in the case of cash inflows Ai,cf,t and cash outflows Lj,cf,t,
zero otherwise. The haircut due to liquidity issues is Hi,t(Zt) 2 [0,1].
The liquidity amount the bank raises when cash outflows exceed
cash inflows is Bt. The coefficient .t 2 [0,1], represents the liquidity
shrinkage due to macro-economic conditions.

Generating macro-economic scenarios g, g = (1, . . . , G), we sim-
ulate the distribution of liquidity mismatching LM as follows

LMq;g ¼
XN

i¼1

Xq

t¼0

wi;tHi;D;g;tAi;cf ;t �
XM

j¼1

Xq

t¼0

wj;tLj;cf ;t þ
Xq

t¼0

.D;g;tBt

" #
; ð17Þ

where Hi,D,g,t represents the haircut due to the g � th simulation of
macro-economic factors Zt, while .D,g,t is the shrinkage associated
to that simulation. Once obtained the liquidity mismatching distri-
bution, we can easily derive LMVaR,(1�a) and LMES,(1�a) substituting
Lossh with LMq in Eqs. (13) and (14).

In the next section we describe how to implement our model
from a statistical point of view.

5. Statistical modeling

Starting from what we described in the previous section, in
what follows, we specify the statistical framework that we use to
carry out the analysis.

� We simulate macro-economic scenarios ZD,g, where
g = (1, . . . , G).
� We compute Rt,D,g and, therefore, the present value of assets,

liabilities and calculate PNIh,D,g.
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� For each scenario we derive Pdi,D,g.
� Once Pdi,D,g is obtained, in order to simulate defaults, we gener-

ate ni,D,g.
� We compute the loss of Eq. (12) obtaining a distribution from

which to calculate ECVaR,(1�a) and ECES,(1�a).
� Considering the short-term banking liquidity structure, we sim-

ulate Hi,D,t and .D,g,t in order to derive the liquidity mismatching
distribution described in Eq. (17) and compute LMVaR,(1�a) and
LMES,(1�a).

5.1. Scenario generation

Following the purpose to evaluate assets and liabilities under
different scenarios we need to build up a scenario generator. The
most natural form to generate scenarios is conditional on past real-
ized values of the process. In Basel II regulatory methodology a mix
of conditional and unconditional approaches are contemplated. In
the case where we consider the market risk, in the parametric ap-
proach (Longerstaey and Spencer, 1996), the measurement may be
based on conditional estimates of risk factor volatilities. On the
other hand, in the historical simulation approach, estimates are de-
rived from scenarios based on historical data (McNeil et al., 2005).
When we focus on credit risk measurement, the formula used in
the internal ratings based (IRB) approach can be implemented in
either conditionally or unconditionally, depending on whether
the internal assessments of default probabilities are considered
to be point in time or through the cycle.

The definition of economic capital that we use throughout our
analysis allows us to exploit both conditional and unconditional
scenarios. In order to consider even the most extreme historical
events, we rely on the unconditional ones. Therefore, we fit the dis-
tribution of macro-economic variables considering a multivariate
mixture model approach. We prefer this solution despite other ap-
proaches (i.e., copulas) because it is very flexible, allowing us to
capture multi-modality and other specific historical data patterns.

Considering the vector of random variables Z1, . . . , ZK, the den-
sity of each random variable may be written as follows

ghðzÞ ¼
XK

k¼1

kk/kðzkÞ; ð18Þ

where h = (k,/) = (k1, . . . , kK, /1, . . . , /K) denotes the vector of
parameters and it is useful to remark that the weights kk are posi-
tive and sum to unity. In our empirical study, in the next section,
we rely on the Normal density function parametric family.

Using estimated parameters of Eq. (18), we generate ZD as ran-
dom realizations from the fitted distribution. Then, it is necessary
to simulate the risk factors. In the next sections we describe how to
accomplish this task.

5.2. Interest rate risk

There is a wide literature concerning the estimation of the term
structure of interest rates (Bellini and Riani, 2012). The objective
usually pursued is to model the entire term structure, eventually
investigating the relationship with macro-economic variables (Die-
bold et al., 2006). In our framework, however, it is crucial to high-
light the functional relationship between interest rates and macro-
economic variables. Therefore, concentrating on each node d,
(d = 1, . . . , D), of the term structure, we catch the relationship be-
tween macro-economic variables and the interest rate through
the following linear model

RdðZÞ ¼ gd;0 þ gd;1Z1 þ � � � þ gd;K ZK þ �d; ð19Þ

where �d � N 0;r2
Rd

� �
. We exploit a spline function 1t to connect

each node of the term structure and derive Rt(Z).
Aiming to simulate each node of the term structure, and conse-
quently Rt,D � 1t(Rd,D), we rely on the following equation

Rd;D ¼ ĝd;0 þ ĝd;1Z1;D þ � � � þ ĝd;K ZK;D: ð20Þ

The above described mechanics can be exploited for both the bank-
ing book as well as the whole financial market portfolio. In the next
section we concentrate on the credit risk.

5.3. Credit risk

Originating from the well-known logit model, and pointing out
that our framework can be extended to other models, we assume
that

Pdi ¼
1

1þ e�Yi
: ð21Þ

In the financial literature, Wilson (1997) exploited Eq. (21) estimat-
ing default probabilities and simulating defaults at a sector level.
We extend this idea in order to simulate defaults at the customer
level and taking into account sector dependencies. In order to do
so, we represent default probabilities as a function of both micro-
economic variables X and the index #s, which represents the health
of sector s, (s = 1, . . . , S). This index can be represented as a function
of the set of macro-economic variables. Our main contribution, in
this area, is to introduce a multilevel logit model (Gelman and Hill,
2007) allowing model parameters to vary according to their sector
specific features. In other words, relying on Eq. (21), we assume that

Yi ¼ as½i� þ #scs½i� þ Xibþ �i; ð22Þ

where �i � N 0;r2
y

� �
. The varying intercept and slope are assumed

to be as follows

as

cs

� �
� N

la

lc

 !
;

r2
a qrarc

qrcra r2
c

 ! !
: ð23Þ

As described above, instead of considering directly macro-economic
variables as regressors, in Eq. (22) we rely on the index #s, which is
linked to macro-economic factors as follows

#sðZÞ ¼ hs;0 þ hs;1Z1 þ � � � þ hs;K ZK þ �s; ð24Þ

where �s � N 0;r2
#s

� �
.

A key element of our simulation environment is #s,D � #s(ZD),
which is represented as follows

#s;D ¼ ĥs;0 þ ĥs;1Z1;D þ � � � þ ĥs;K ZK;D: ð25Þ

Once obtained #s,D, we estimate

Yi;D ¼ âs½i� þ #s;Dĉs½i� þ Xib̂; ð26Þ

and Pdi,D is computed as indicated below

Pdi;D ¼
1

1þ e�Yi;D
: ð27Þ

In the next section we put together the above described elements in
order to compute the integrated economic capital.

5.4. Economic capital

We need to define a coherent framework which jointly consid-
ers macro-economic scenarios, interest rate impact on financial
instruments and debtor specific features. For this reason we exploit
an approach where default correlations are captured through a
copula function. Stressing that each debtor i belongs to a specific
sector s, we assume that default correlation among debtors can
be drawn through the sector correlation expressed through the in-
dex #s, (s = 1, . . . , S). The research can be conducted exploiting
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alternative copula functions. In our simulated banking analysis, in
the next section, we rely on a Student T copula (Bellini, 2010).

Let q be a symmetric, positive definite matrix with
diag(q) = (1, . . . , 1)0 and let Tq,t be the standardized multivariate
Student T distribution with correlation matrix q and t degrees of
freedom. The multivariate Student T copula function is defined as
follows

Cðu1; . . . ;uSjq; tÞ ¼ Tq;t t�1
t ðu1Þ; . . . ; t�1

t ðuSÞ
� �

; ð28Þ

where t�1
t ðusÞ denotes the inverse of Student T cumulative distribu-

tion function for the sector s.
Relying on the estimated copula parameters, we generate a vec-

tor u = (u1, . . . , uS) of uniform variables from the copula C. The indi-
cator function which is used to generate defaults, ni,D, is obtained
comparing Pdi,D and ui. Default occurs when Pdi,D P ui.

Once described all elements required to compute the economic
capital, in the next section we describe our liquidity framework.

5.5. Liquidity framework

Recent researches suggest that liquidity varies with economic
conditions. Following Amihud (2002) we can compute the proxy
of the liquidity from stock market: ILLIQ. The author defines ILLIQ
the ratio between the absolute value of stock daily return and its
daily dollar volume. This ratio shows the price change per daily
trading volume for each stock, st. For a given period DDst (i.e.,
month, year, and so on), we compute the illiquidity ratio for a sin-
gle stock as follows

ILLIQst ¼
1

DDst

XDDst

dd¼1

jRest;ddj
Volst;dd

; ð29Þ

where Rest,dd is the return on stock st for day dd and Volst,dd is its
traded volume. The average market illiquidity across stocks,
ILLIQavg, is calculated as the average of individual stock ratios.

We represent the functional relationship between ILLIQavg and
macro-economic factors as follows

ILLIQavgðZÞ ¼ m0 þ m1Z1 þ � � � þ mK ZK þ �avg ; ð30Þ

where �avg � N 0;r2
ILLIQavg

� �
.

Aiming to simulate ILLIQavg, we rely on the following equation

ILLIQavg;D ¼ m̂0 þ m̂1Z1;D þ � � � þ m̂K ZK;D: ð31Þ

Once obtained ILLIQavg,D, it is useful to set up thresholds to figure
out both Hi,D,g,t and .D,g,t. In the case where the illiquidity is below
the threshold no liquidity issue arises. On the contrary, when the ra-
tio is greater than the threshold, we randomly generate, through a
uniform random variable, Hi,D,g,t 2 [Hinf,Hsup] and .D,g,t 2 [.inf,.sup].

In the next section we apply our framework to a stylized com-
mercial bank.

6. A stylized commercial bank integrated risks

We investigate a stylized commercial bank whose asset cash
flows are distributed among few maturities t, (t = 0,3M,6M,2Y,3Y,
5Y,10Y) as shown in Table 1. Aiming to show the impact of differ-
ent balance sheet schemes, we consider three alternative liability
structures as described in the same table. Without loss of general-
ity, for sake of simplicity, we do not introduce additional repricing
issues assuming credits and debits to have fixed coupon rates.

In the case where we consider credits and debits 1, cash flows
are perfectly matched for all maturities. When we compare credits
and debits 2, total credits are greater than total debits and, in addi-
tion, debits have a shorter duration (they are mainly concentrated
on the maturity t = 0). Intuitively, in this second setting, shocks on
interest rates have a greater impact on credits than debits. At the
same time, in the case of difficulties in rising money, the bank faces
deep liquidity issues. Finally, when we focus on credits and debits
3, we aim to investigate the impact of simulated scenarios on a lia-
bility sensitive balance sheet structure. As in the previous setting,
there is an unfavorable liquidity mismatching.

Relying on the unconditional approach to generate the macro-
economic scenarios (ZD), we estimate the parameters of Eq. (18)
on ISTAT quarterly datasets3 from 1990 to 2009. The set of macro-
economic variables, Zt, is constituted by the quarterly observations
of gross domestic product (GDP), total free on board exports (EXP),
total free on board imports (IMP), gross housing investments (INV),
internal consumption (CONS), added value for food, beverages and
tobacco (VAL) and unemployment rate (UR). The choice of these vari-
ables, is due to the availability of the data for the entire period and it
is functional to investigate the relationship between real macro-eco-
nomic variables and the financial ones. Fig. 1 shows frequency histo-
grams and the scatter-plot-matrix of macro-economic variables.
Considering their different magnitudes, we ease the interpretation
of this figure re-scaling values in the interval [0,1] through the ratio

Zk;t�Zk;min
Zk;max�Zk;min

. Frequency histograms emphasize that, apart from VAL, all

variables are multi-modal (Atkinson et al., 2004). The matrix of scat-
ter-plots helps to understand the relationship between each variable
and others. Concentrating, for example, on its first row, it is evident
the strong positive relationship between GDP and EXP. An increase
in EXP (horizontal axis, re-scaled value of EXP) is associated to an in-
crease in GDP (vertical axis, re-scaled value of GDP). The same posi-
tive connection is highlighted between GDP and IMP, CONS. A less
stable link is remarked between GDP and INV, VAL. The correlation
is negative between GDP and UR.

It is clear from what we showed above that it is not appropriate
to fit a Normal multivariate variable to our data. For this reason we
rely on the mixture model described in Eq. (18). We exploit the
gmdistribution Matlab R2011a expectation maximization
(EM) algorithm to fit the Normal mixture model with K = 7 compo-
nents. The estimated parameter vector h(k,/) is made up by the
vector of equal weights k and the vector / of K = 7 means and
K = 7 variance–covariance matrices among macro-economic fac-
tors. All estimated parameters are reported in Appendix A, Table 4.
In order to evaluate the goodness-of-fit, it is useful to remark that
for univariate distributions there is wide statistical literature. In
multi-dimensions, several procedures have been developed for
testing multivariate Normality or a given (copula) distribution
(Kojadinovic and Yan, 2010). However, they cannot be exploited
in our case. The two most important classes of tests of goodness-
of-fit based on the empirical distribution function of a random
sample are the Kolmogorov–Smirnov statistic and tests based on
the distance between two distributions (Aslan and Zech, 2005).
Justel et al. (1997) propose a generalization of the Kolmogorov–
Smirnov test in high dimensions. This procedure implies a series
of numerical complications when applied to high-dimensional
datasets, for this reason we prefer to consider distance based tests.
In particular we rely on a non-parametric test for equality of two
multivariate distributions based on Euclidean distance between
sample elements (Rizzo and Szekely, 2010). We exploit the energy
test (Szekely and Rizzo, 2004) implemented in the energy R pack-
age. The high p-value 0.967 highlights the good fitting of our esti-
mated model.

Once obtained parameters to fit the macro-economic distribu-
tion, we are allowed to randomly (random function Matlab
R2011a) simulate ZD which are crucial for our analysis because
they enter in the simulation of interest rates, default probabilities
and liquidity scenarios.

http://www.dati.istat.it


Table 1
Stylized banking balance sheet structures: credits, bonds and debits. Columns from 0 to 10Y highlight the cash flows time grids for credits, bonds and three alternative debit
structures. The last two columns on the right compare the total book value to the total present value of credits, bonds and debits.

Book value Present value

0 3M 6M 2Y 3Y 5Y 10Y Total Total

Credits 500 500 1000 1800 1800 1900 2000 9500 8528
Bonds 200 200 100 500 469
Debits 1 500 500 1000 2000 2000 2000 2000 10,000 8997
Debits 2 2000 1000 1000 1000 1000 1000 1000 8000 7498
Debits 3 1000 500 500 2000 2000 3000 3000 12,000 10,590

Fig. 1. Quarterly Italian macro-economic data from 1990 to 2009. Re-scaled (within the interval [0,1]) variables: gross domestic product (GDP), total free on board exports
(EXP), total free on board imports (IMP), gross housing investments (INV), internal consumption (CONS), added value for food, beverages and tobacco (VAL) and
unemployment rate (UR).
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Concentrating on the term structure of interest rates, we fit the
parameters of Eq. (19) considering the German quarterly interest
rate, Rd, time series from 1990 to 2009 at (yearly) maturities d,
(d = 2,3,5,10). The regression is carried out exploiting the R pack-
age and parameter estimates as well as the goodness-of-fit R2 are
shown in Appendix A, Table 5. Relying on these estimates as well
as on ZD and exploiting Eq. (20), we obtain the simulated interest
rates Rd,D, which are used to compute the present value of credits
and debits of the stylized bank.
In the next sections we analyze both the economic capital as
well as the liquidity of the above described stylized bank.

6.1. Economic capital analysis for the stylized commercial bank

The credit portfolio of our stylized bank is made up by 200 debt-
ors chosen among firms of a private Italian dataset. We randomly
associate to each obligor credits and bonds to meet the asset struc-
ture described in Table 1. Thus, we estimate default probabilities as



Fig. 2. Credits and bonds losses, due to default and interest rate changes, of the portfolio detailed on Table 1.
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described in Section 5.3. The estimation is carried out considering
balance sheet and centrale dei rischi4 information. The private Ital-
ian dataset is constituted by 457 firms (386 good and 71 bad) for
which we have 46 indicators. We run a stepwise logit regression
which allows to identify the following firm specific variables: liquid-
ity ratio (LR), debt over total assets (DOA), days of payment delay
(DPD), return on asset (ROA) and the ratio between the overall Ital-
ian credit available for the firm and the credit effectively used (CAU).
In addition, according to Eq. (22), we consider the index #s represent-
ing the health of the sector s to which the firm belongs. This index
corresponds to the default rate computed by the Bank of Italy.5 We
concentrate on the 15 most important Italian economic sectors s,
(s = 1, . . . , 15). We fit the default probabilities relying on the multi-
level regression arm R package obtaining S = 15 regression models.
Fixed parameters as well as varying intercept a and coefficient c
(associated to #) are detailed in Appendix A, Table 6. The
R2 = 0.572 represents the goodness-of-fit of the overall model.

Aiming to shock default probabilities according to Eq. (27), for
each of the S = 15 sectors we estimate the regression parameters of
Eq. (24) as detailed in Appendix A, Table 7. Considering ZD, it is easy
4 Italian banking system data collector about financial intermediation and credit
risk.

5 Data are available on the website http://www.bancaditalia.it.
to derive the simulated #s,D of Eq. (25). The above estimated values
are used to obtain Yi,D as described in Eq. (26), and Pdi,D of Eq. (27).

Pursuing the objective to simulate default events for the bank-
ing portfolio, we rely on a Student T copula to simulate u = (u1, -
. . . , uS). For each generation g, (g = 1, . . . , G), emphasizing that
default occurs when Pdi,D,g > ui,g, we obtain the indicator function
ni,D,g. Copula parameters are fitted on #s time series. Applying Ma-
shal et al. (2002) approach we estimate t = 10 degrees of freedom.
We exploit the copula R package to fit parameters relying on the
correlation matrix detailed in Appendix A, Table 8. The high fitting
of our model computed on the transformed pseudo-observations
(of the original Bank of Italy default rate time series) is emphasized
by the p-value 0.4091 of the Cramer-von Mises test (Kojadinovic
and Yan, 2010).

Considering all above described parameter estimates, now we
are able to simulate scenarios from which to derive the loss distri-
bution of Eq. (12). It is evident that both assets and liabilities affect
this distribution. Thus, focusing on credits and bonds, we need to
consider two elements: the loss due to default events and the loss
due to interest rate changes. Relying on 1000 simulations, for each
scenario we compute separately losses due to default and losses
due to interest rate changes. The top panels of Fig. 2 show the dis-
tribution of portfolio (credits and bonds) for these two risk sources.
Default losses are concentrated on the 0–500 interval (of a portfo-
lio of nominal value 10,000). Interest rate losses show a different

http://www.bancaditalia.it
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Fig. 3. Loss distribution: integrated approach. Asset (credits and bonds) losses distribution are compared to the debit ones. The interaction between these two sides of the
balance sheet is at the base of the integrated loss shown in the right panels.

Table 2
Economic capital for alternative balance sheet structures. ECVaR,99.9% and ECES,99.9%

show the influence of both assets and liabilities in determining the integrated banking
risk. The contribution to the EC is due to assets (distinguishing between default and
interest rate) and debits. The economic capital computed according to the Basel II,
internal models (IM) approach ECIM,99.9%, is affected only by assets as well as the
Kretzschmar et al. (2010) approach (ECKMK,99.9%).

Total Assets Debits

Default Interest

Balance sheet 1
ECVaR,99.9% 1561 1800 �239

1561 239
ECES,99.9% 1590 2046 �456

1590 456

Balance sheet 2
ECVaR,99.9% 1705 2067 �362

1342 725
ECES,99.9% 1817 2045 �228

1589 456

Balance sheet 3
ECVaR,99.9% 1442 2044 �602

1588 456
ECES,99.9% 1498 1799 �301

1560 239
ECIM,99.9% 887
ECKMK,99.9% 1470

6 This economic capital is obtained as sum of individual risks exploiting, for the
market risk, the VaR computed on bonds and, for the credit risk, the IRB model applied
to banking customers. Assuming that the repricing structure is aligned to the grids of
Table 1, the interest rate risk is substantially negligible in all settings.
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distribution. The maximum is around 500 and there is a fat tail rep-
resenting higher losses in the interval between 500 and 1800. For
each of the 1000 simulations, the scatter-plots show portfolio
losses pairs due to default and interest rate. According to this fig-
ure, we can state that there is no statistically significant relation-
ship between losses due to default and losses due to interest rate
changes. These findings are aligned with Kaplin et al. (2009) results
obtained (at the firm level) examining U.S. companies from 1982 to
2008.

Emphasizing that the above described results concern the asset
side (credits and bonds) of the balance sheet, when considering lia-
bilities as detailed in Table 1, we obtain the loss distributions de-
scribed in Fig. 3.

It is evident from the joint analysis of Figs. 2 and 3 that, accord-
ing to macro-economic scenarios, simulated interest rates lead to
an asymmetric distribution of asset and liability present values
and, therefore, of their variations. Higher interest rates than the ac-
tual ones are at the base of the present value reduction emphasized
in both these figures. Comparing debits and integrated losses, in
Fig. 3, we notice that, in the first setting (debits 1 of Table 1), credit
and bond losses overtake gains due to debits reduction (associated
to interest rate changes). As we anticipated, in the second (asset
sensitive) balance sheet structure (debits 2 of Table 1), asset losses,
due to both defaults and interest rate changes, exceed debit gains.
In the third context (debits 3 of Table 1), the impact of debit mit-
igation is higher than in the other cases. The overall integrated loss
distribution is narrower than the previous ones.

In Table 2 we compare alternative estimates of the economic
capital. We consider both ECVar,(1�a) and ECES, (1�a) distinguishing
between assets (credits and bonds) and debits contributions to
EC. In addition, we separate the portion of asset losses due to de-
faults and the ones due to interest rates. We further show the mea-
sure of the Basel II economic capital computed according to the
internal models approach (IM)6 and the ones calculated according
to Kretzschmar et al. (2010) (KMK). We avoid considering the



Table 3
Liquidity mismatching for alternative balance sheet structures. LMVaR,99.9% and
LMES,99.9% are affected by asset and liability mismatching. The first balance sheet
structure does not highlight liquidity issues. The liquidity mismatching of the second
structure undermines bank solvency, while the third structure shows some liquidity
troubles.

Balance Sheet 1 Balance Sheet 2 Balance Sheet 3

LMVaR,99.9% 442 �1558 �58
LMES,99.9% 415 �1584 �85
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Alessandri and Drehmann (2010) because of our analysis assump-
tions. It is evident that, for our analysis, we need to consider the
whole balance sheet structure, while for the other approaches the
asset structure is sufficient to compute the economic capital.

Table 2 highlights the conclusion that the overall EC associated
to the balance sheet 2 is greater than the EC associated with other
frames. According to the macro-economic scenarios, asset present
value reductions are more marked when assets exceed and have a
greater maturity than liabilities. When we examine the first bal-
ance sheet structure, we notice that the impact of asset and liabil-
ity variations due to interest rates is the same. Thus, in this setting
the overall EC matches credit losses. It is interesting to emphasize
that, in balance sheet 3, the gain due to liabilities value reduction
plays a key role in determining the overall EC estimate. When we
decompose the EC into its asset (default, interest) and liability ele-
ments, the coherence emphasized describing Eq. (14) holds for the
total EC, but not necessarily for its elements.

Finally, comparing our ES estimates to ECIM, it is evident that our
integrated approach leads to a greater EC estimate. This is due to
both the credit mechanism exploited to capture defaults as well
as the interaction between credit and interest rate risks. On the
other hand, when we consider ECKMK it is evident that our approach
brings higher or lower EC than ECKMK according to the balance
sheet structure which is examined.

From a practical point of view, it is easy to highlight that the
perfect matching of assets and liabilities constitutes the paradigm
of a safe bank. However, in the current positive maturity transfor-
mation setting (liabilities have shorter maturities than assets), as
described in balance sheet structure 2, banks need to pay attention
to their asset and liability equilibrium. From both the policy mak-
ers as well as the risk managers point of view, it is evident that a
deep liability short term mismatching affects banking solvency
and requires more (economic) capital. At the same time, when con-
sidering the balance sheet structure 3, we need to be conscious of
the great impact of debit evaluation (see column Debits of Table 2).
Thus, from a conservative perspective, we could figure out as eco-
nomic capital the maximum between the ones computed consider-
ing the perfectly matched balance sheet structure and the real
ones. In all cases, we need to consider the short term banking sol-
vency. For this reason, in the next section we focus on liquidity
analysis.
6.2. Liquidity analysis for the stylized commercial bank

Concentrating on the liquidity analysis of the stylized bank de-
scribed in Table 1, we compute the illiquidity ratio of Eq. (29) rely-
ing on the time series of ten among the most important stocks of
the Italian market. Starting from these individual ratios, we com-
pute the average market illiquidity ILLIQavg. Thus, we compute
regression parameters of Eq. (30) considering as independent vari-
ables the set of Italian macro-economic factors Zt above described.
We consider the quarterly time series from 2003 to 2009. Parame-
ter estimates are shown in Appendix A, Table 9. The R2 = 0.745
highlights the high fitting of the model. Once obtained these
parameters, we exploit ZD simulations to derive the simulated illi-
quidity ratio of Eq. (31). We re-scale ILLIQD within the range [0,1]
and we set the liquidity threshold at 0.6. When a liquidity shock
occurs (ILLIQD exceeds the threshold) both Hi,D,t as well as .D,g,t

are randomly generated respectively within the intervals [0,0.4]
and [0.4,0.5].7

From the above described simulation process, for each simu-
lated macro-economic scenario ZD,g we derive the liquidity mis-
7 The liquidity threshold as well as Hi,D,t and .D,g,t intervals are aligned with the
ongoing Italian commercial banking liquidity ratios.
matching LMq,g of Eq. (17). Thus, considering the three alternative
liability structures of Table 1 and identifying the liquidity holding
period q such that q 6 3M, we derive the LM distribution,
LMVar,(1�a) and LMES,(1�a) described in Table 3.

Table 3 emphasizes the role of liquidity mismatching under dif-
ferent balance sheet structures. From a practical point of view,
both policy makers and risk managers need to be conscious that
the liquidity mismatching LMVaR,99.9% and LMES,99.9% show the need
of a balance between cash inflows and outflows. The assets and lia-
bilities equilibrium is crucial for banking solvency both from the
long run and the short term perspectives.
7. Concluding remarks

Originating from the recent literature on risk integration, we
propose a model which incorporates the contribution of researches
ranging among Kretzschmar et al. (2010), Alessandri and Dreh-
mann (2010), Grundke (2009) and Grundke (2010). We emphasize
the distinction between long run and short term banking solvency
highlighting the need to consider them jointly.

Stressing the need to use risk models for practical purposes, we
build up an easy to implement statistical framework aiming to ex-
ploit information available within the risk management depart-
ment. We propose a mixture model to estimate the multivariate
distribution of macro-economic factors and apply these estimates
to generate scenarios. Once identified the functional relationship
between these macro-economic variables and banking risk drivers,
we derive the banking loss and the liquidity mismatching distribu-
tions on which we compute VaR and ES risk measures.

We apply our framework to a stylized commercial bank empha-
sizing the need to take into account the whole balance sheet struc-
ture to assess banking solvency. One of our major contributions is
to highlight that banking risks are associated not only to the asset
balance sheet, but also depend on both assets and liabilities.

From both the policy makers as well as the risk managers point
of view, we figure out that the perfect matching of asset and liabil-
ity has the advantage of smaller economic capital and liquidity risk
(balance sheet structure 1). On the contrary, when banks pursue a
deep positive maturity transformation strategy (the maturity of
liabilities is shorter than the maturity of assets), they are subject
to high risks in the short as well in the long run (balance sheet
structure 2). Within these extremes there are many other struc-
tures hiding potential risk issues (balance sheet structure 3).

More generally, we figure out why policy makers as well as risk
managers should take care of risk integration. The Basel II building
block modeling is ineffective in capturing interactions among dif-
ferent risk sources. Today’s financial innovation forces political
institutions and practitioners to analyze banks from a fully inte-
grated perspective. Our model can easily embrace all banking risk
sources, thus our statistical framework can simply be extended to
consider other risks apart from the interest rate, credit and liquid-
ity ones. Further studies need to be devoted to identify robust cap-
ital allocation mechanics (Bellini, 2012), which are crucial for an
effective risk management practice.
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Table 4
Mixture Normal parameter estimates of Eq. (18). The parameters l and R are fitted to qu
expressed in Euro (millions). The goodness-of-fit computed according to the energy appro

GDP EXP IMP

l1 304,890 78,470 80,340
R1 GDP 7,022,000 7,156,000 6,013,000

EXP 13,392,000 6,790,000
IMP 6,994,000
INV
CONS
VAL
UR

l2 260,400 55,640 50,320
R2 GDP 11,273,000 11,346,000 7,381,000

EXP 13,454,000 5,855,000
IMP 7,293,000
INV
CONS
VAL
UR

l3 274,290 67,720 58,060
R3 GDP 12,884,000 5,715,000 8,213,000

EXP 4,157,000 4,801,000
IMP 7,205,000
INV
CONS
VAL
UR

l4 257,540 47,130 51,560
R4 GDP 75,730,000 6,422,000 44,747,000

EXP 15,921,000 17,330,000
IMP 50,714,000
INV
CONS
VAL
UR

l5 284,290 71,840 68,320
R5 GDP 96,754,000 17,475,000 79,560,000

EXP 24,509,000 8,330,000
IMP 74,406,000
INV
CONS
VAL
UR

l6 301,770 81,420 80,570
R6 GDP 16,378,000 4,492,000 13,398,000

EXP 5,726,000 1,834,000
IMP 18,730,000
INV
CONS
VAL
UR

l7 317,860 88,980 90,310
R7 GDP 19,272,000 16,330,000 13,787,000

EXP 14,384,000 11,851,000
IMP 10,450,000
INV
CONS
VAL
UR
Appendix A

See Tables 4–9.
arterly Italian macro-economic data from 1990 to 2009. All values apart from UR are
ach shows a p-value 0.967.

INV CONS VAL UR

13,690 184,590 5190 0.08
684,000 636,000 �86,000 �1.99
185,000 �2,724,000 �183,000 6.57
524,000 975,000 �40,000 0.83
157,000 254,000 �8000 �1.13

2,787,000 92,000 �3.79
7000 �0.04

1.73

12,870 156,310 5150 0.10
�196,000 6,449,000 �33,000 18.38
�255,000 6,273,000 �84,000 24.16
�42,000 4,897,000 �10,000 6.23
11,000 �90,000 �1000 �0.56

3,953,000 �26,000 9.20
4000 �0.17

4.96

12,530 163,000 4980 0.11
�325,000 9,239,000 102,000 1.43
�185,000 4,809,000 80,000 0.85
�107,000 6,661,000 136,000 1.06
170,000 �346,000 13,000 �0.15

7,368,000 92,000 1.33
6000 0.07

0.06

12,620 155,080 4760 0.09
9,598,000 80,522,000 3,590,000 31.12
2,011,000 12,216,000 1,361,000 5.44
7,203,000 58,423,000 3,103,000 18.05
1,411,000 10,804,000 549,000 4.15

93,912,000 4,443,000 33.11
270,000 1.75

2.05

12,090 174,210 5170 0.11
2,606,000 84,455,000 1,322,000 �51.46
508,000 �4,555,000 1,180,000 �9.73
2,256,000 74,151,000 849,000 �38.30
105,000 1,939,000 25,000 �1.90

95,990,000 376,000 �40.79
66,000 �0.43

4.40

13,030 183,570 5420 0.09
892,000 8,326,000 �479,000 �28.31
�54,000 901,000 �110,000 �3.34
1,446,000 11,390,000 �231,000 �26.91
151,000 968,000 �17,000 �2.03

7,426,000 �144,000 �16.44
28,000 0.85

5.53

15,290 189,730 5400 0.07
1,132,000 6,897,000 376,000 �20.88
1,046,000 5,895,000 323,000 �16.59
891,000 5,072,000 271,000 �15.31
110,000 421,000 28,000 �1.05

2,656,000 134,000 �7.81
9000 �0.36

2.89



Table 5
Term structure of interest rate parameter estimates of Eq. (19). German interest rates Rd,d = (2,3,5,10), are fitted on Italian macro-economic data from 1990 to 2009. The
goodness-of-fit and the significativeness of each regressor are shown for each node d of the term structure.

Intercept GDP EXP IMP INV CONS VAL UR R2

Rd=2 Estimate 0.819100 �0.000001 0.000000 0.000004 �0.000008 �0.000004 0.000023 �0.800800 0.830
p-value 0.000 0.180 0.780 0.000 0.003 0.001 0.010 0.002

Rd=3 Estimate 0.731500 �0.000001 0.000000 0.000003 �0.000008 �0.000004 0.000021 �0.663000 0.831
p-value 0.000 0.355 0.670 0.000 0.002 0.000 0.013 0.005

Rd=5 Estimate 0.614300 0.000000 0.000000 0.000003 �0.000007 �0.000004 0.000017 �0.470300 0.839
p-value 0.000 0.819 0.574 0.000 0.001 0.000 0.025 0.026

Rd=10 Estimate 0.478500 0.000000 0.000000 0.000002 �0.000007 �0.000003 0.000013 �0.277700 0.865
p-value 0.000 0.612 0.590 0.000 0.000 0.000 0.043 0.105

Table 6
Default probability parameter estimates of Eq. (22). For the varying intercept a and the coefficient c the variance and correlation are shown. The R2 for the whole model is 0.572.

Estimate p-value r2
a r2

c qa,c

Intercept �9.511 0.000 0.227 �1.000
LR �2.824 0.002
DOA 0.021 0.000
DPD 0.013 0.001
ROA �0.129 0.001
CAU 10.013 0.000
# 63.217 0.024 328.231 �1.000

Table 7
Parameter estimates of Eq. (24). Bank of Italy default rate time series are fitted on Italian macro-economic data from 1990 to 2009. The goodness-of-fit and the significativeness of
each regressor are shown for each sector s, s = (1, . . . , 15).

Intercept GDP EXP IMP INV CONS VAL UR R2

#s=1 Estimate �9.218000 0.000046 �0.000013 �0.000059 0.000204 �0.000035 0.000773 13.660000 0.705
p-value 0.014 0.098 0.567 0.005 0.013 0.262 0.006 0.073

#s=2 Estimate 6.858000 0.000051 0.000041 0.000038 0.000149 0.000057 0.000507 14.010000 0.427
p-value 0.054 0.719 0.410 0.054 0.081 0.427 0.075 0.849

#s=3 Estimate �3.144000 0.000037 �0.000010 �0.000032 �0.000022 �0.000034 0.000406 2.612000 0.401
p-value 0.445 0.227 0.682 0.171 0.810 0.322 0.183 0.755

#s=4 Estimate �0.490200 �0.000094 0.000091 �0.000167 0.000177 0.000205 �0.000133 �39.510000 0.580
p-value 0.902 0.002 0.000 0.000 0.043 0.000 0.651 0.000

#s=5 Estimate 8.326000 �0.000105 0.000073 �0.000049 �0.000038 0.000125 0.000446 �27.680000 0.485
p-value 0.243 0.048 0.093 0.215 0.806 0.039 0.397 0.059

#s=6 Estimate �8.163000 0.000049 0.000001 �0.000048 0.000177 �0.000039 �0.000134 39.260000 0.751
p-value 0.101 0.185 0.973 0.085 0.103 0.348 0.713 0.000

#s=7 Estimate �7.095000 0.000019 �0.000021 �0.000033 0.000197 0.000002 0.000401 12.940000 0.606
p-value 0.021 0.403 0.248 0.054 0.004 0.942 0.075 0.038

#s=8 Estimate �9.197000 0.000031 �0.000003 �0.000060 0.000338 �0.000013 0.000263 20.110000 0.607
p-value 0.041 0.350 0.898 0.018 0.001 0.725 0.424 0.029

#s=9 Estimate �2.566000 �0.000024 0.000023 �0.000042 0.000210 0.000036 0.000220 11.340000 0.720
p-value 0.376 0.272 0.191 0.011 0.001 0.137 0.304 0.058

#s=10 Estimate �2.253000 0.000015 �0.000011 0.000001 �0.000014 �0.000019 0.000333 4.110000 0.387
p-value 0.205 0.242 0.307 0.901 0.713 0.207 0.013 0.257

#s=11 Estimate �4.036000 �0.000018 0.000031 �0.000092 0.000125 0.000060 0.000518 �10.440000 0.428
p-value 0.425 0.637 0.316 0.002 0.258 0.156 0.169 0.313

#s=12 Estimate �11.430000 0.000018 �0.000025 �0.000059 0.000242 0.000035 0.000576 5.837000 0.451
p-value 0.009 0.578 0.334 0.017 0.011 0.336 0.073 0.507

#s=13 Estimate �10.350000 0.000002 0.000008 �0.000089 0.000271 0.000073 �0.000114 1.671000 0.391
p-value 0.013 0.936 0.758 0.000 0.003 0.034 0.703 0.840

#s=14 Estimate �10.450000 0.000015 �0.000006 �0.000072 0.000126 0.000034 0.000935 �0.786900 0.488
p-value 0.002 0.548 0.772 0.000 0.079 0.222 0.000 0.906

#s=15 Estimate �3.261000 0.000005 �0.000002 �0.000027 0.000034 0.000024 �0.000056 �1.206000 0.312
p-value 0.201 0.808 0.883 0.063 0.536 0.260 0.766 0.816
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Table 8
Correlation parameters among default rates computed by the Bank of Italy for S = 15 economic sectors from 1990 to 2009.

s = 1 s = 2 s = 3 s = 4 s = 5 s = 6 s = 7 s = 8 s = 9 s = 10 s = 11 s = 12 s = 13 s = 14 s = 15

s = 1 1.000 0.359 0.463 0.130 0.063 0.537 0.562 0.552 0.569 0.270 0.544 0.189 0.168 0.288 0.046
s = 2 1.000 0.240 0.287 0.083 0.235 0.437 0.375 0.286 0.158 0.352 0.425 0.426 0.413 0.290
s = 3 1.000 0.122 0.085 0.421 0.450 0.423 0.444 0.215 0.413 0.125 0.109 0.225 0.142
s = 4 1.000 0.184 0.022 0.220 0.200 0.122 0.011 0.234 0.225 0.225 0.309 0.216
s = 5 1.000 0.132 0.170 0.187 0.172 0.053 0.181 0.068 0.065 0.134 0.180
s = 6 1.000 0.506 0.580 0.668 0.298 0.429 0.110 0.086 0.206 0.055
s = 7 1.000 0.617 0.556 0.291 0.558 0.330 0.257 0.403 0.108
s = 8 1.000 0.615 0.299 0.517 0.225 0.198 0.375 0.130
s = 9 1.000 0.361 0.482 0.193 0.144 0.307 0.062
s = 10 1.000 0.184 0.033 0.129 0.237 0.080
s = 11 1.000 0.315 0.175 0.296 0.107
s = 12 1.000 0.278 0.299 0.253
s = 13 1.000 0.334 0.298
s = 14 1.000 0.262
s = 15 1.000

Table 9
Illiquidity parameter estimates of Eq. (30). The regression is carried out on quarterly time series from 2003 to 2009.

Intercept GDP EXP IMP INV CONS VAL UR R2

ILLIQavg Estimate 0.000001 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 �0.000001 0.745
p-value 0.040 0.569 0.708 0.322 0.452 0.017 0.676 0.156
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