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Abstract: We present a stochastic simulation forecasting model for stress testing that is aimed at
assessing banks’ capital adequacy, financial fragility, and probability of default. The paper provides a
theoretical presentation of the methodology and the essential features of the forecasting model on
which it is based. Also, for illustrative purposes and to show in practical terms how to apply the
methodology and the types of outcomes and analysis that can be obtained, we report the results of
an empirical application of the methodology proposed to the Global Systemically Important Banks
(G-SIB) banks. The results of the stress test exercise are compared with the results of the supervisory
stress tests performed in 2014 by the Federal Reserve and EBA/ECB.
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1. Introduction

The aim of this paper is to propose a new approach to banks stress testing and assessment
of a bank’s financial fragility that overcomes some of the limitations of current methodologies.
In consideration of the surging relevance that stress tests are assuming in determining the banks
capital endowment, it is extremely important that this kind of exercises will be performed through
a methodological approach that is capable of effectively catching the overall degree of a bank’s
financial fragility.

We reject the idea that it is possible to adequately measure banks’ financial fragility degree
by looking at one adverse scenario (or a very limited number of them), being solely driven by
macroeconomic assumptions, and by assessing capital impact through a building block approach
made up of a set of different silos based single risk models (i.e., simply aggregating risk measures
obtained from distinct models run separately). Current stress testing methodologies are designed to
indicate the potential capital impact of one specific predetermined scenario, but they fail in adequately
measuring banks’ degree of forward looking financial fragility, providing poor indications in this
regard, especially when the cost in terms of time and effort required is considered1.

We present a stochastic model to develop multi-period forecasting scenarios in order to stress test
banks’ capital adequacy with respect to all of the relevant risk factors that may affect capital, liquidity,

1 As highlighted by Taleb (2012, pp. 4–5): “It is far easier to figure out if something is fragile than to predict the occurrence of
an event that may harm it. [...] Sensitivity to harm from volatility is tractable, more so than forecasting the event that would
cause the harm.”
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and regulatory requirements. All of the simulation impacts are simultaneously determined within a
single model, overcoming dependence on a single macroeconomic scenario and providing coherent
results on the key indicators in all periods and in a very large number of different possible scenarios,
being characterized by different level of severity and covering extreme tail events as well. We show
how the proposed approach enables a new kind of solution to assess banks’ financial fragility, given by
the estimated forward-looking probability of breach of regulatory capital ratios, probability of default
and probability of funding shortfall.

The stochastic simulation approach that is proposed in this paper is based on our previous
research, initially developed to assess corporate probability of default2 and then extended to the
particular case of financial institutions.3 In the present work, we have further developed and tested
the modeling within a broader banking stress testing framework.

We begin in Section 2 with a brief overview of the main limitations and shortcomings of current
stress testing methodologies; then, in Section 3, we describe the new methodology, the key modeling
relations necessary to implement the approach and the stochastic simulation outputs. Afterwards,
in Sections 4 and 5, we present an empirical application of the stress testing methodology proposed for
G-SIB banks; the exercise is essentially intended to show how the method can be practically applied,
although in a very simplified way, and does not represent to any extent a valuation on the capital
adequacy of the banks considered; rather, it is to be considered solely as an example for illustrative
purposes, and the specific assumptions adopted must be considered as only one possible sensible set
of assumptions, and not as the only or best implementation paradigm. In this section, we also compare
the results of our stress test with those from the supervisory stress test performed on United Stated
(US) banks by the Federal Reserve (published in March 2014) and those from the EBA/ECB stress
test on European Union (EU) banks (published in October 2014). Furthermore, we also provide some
preliminary back-testing evidence on the reliability of new proposed approach, by applying it to a few
famous banks default cases and by comparing the results obtained with market dynamics. Section 6
ends the paper with some conclusive considerations and remarks. Appendixs A and B contains all of
the assumptions related to the empirical exercise performed, while further results and outputs of the
exercise are reported in Appendix C.

2. The Limitations of Current Stress Testing Methodologies: Moving towards a New Approach

Before beginning to discuss stress testing, it is worth clarifying what we mean by bank stress
testing, and what purposes in our opinion this kind of exercise should serve. In this work, we focus
solely on bank-wide stress testing aimed at assessing the overall capital adequacy of a bank, and in
this regard, we define stress testing as an analytical technique designed to assess a bank’s capital and
liquidity degree of fragility against “all” potential future adverse scenarios, with the aim of supporting
supervisory authorities and/or management to evaluate the bank’s forward looking capital adequacy
in relation to a preset level of risk.

Current bank capital adequacy stress testing methodologies are essentially characterized by the
following key features:4

2 See Montesi and Papiro (2014).
3 Guegan and Hassani (2014) propose a stress testing approach, in a multivariate context, that presents some similarities

with the methodology outlined in this work. Also, Rebonato (2010) highlights the importance of applying a probabilistic
framework to stress testing and presents an approach with similarities to ours.

4 The topic is covered extensively in the literature. For a survey of stress testing technicalities and approaches see
(Berkowitz 1999; Čihák 2004, 2007; Drehmann 2008; Basel Committee on Banking Supervision 2009; Quagliariello 2009a,
2009b; Schmieder et al. 2011; Geršl et al. 2012; Greenlaw et al. 2012; IMF 2012; Siddique and Hasan 2013; Jobst et al. 2013;
Henry and Kok 2013; Zhang 2013; Hirtle et al. 2016). For technical documentation, methodology and comments on
supervisory stress testing see (Haldane 2009; EBA 2011a, 2011b, 2014b; Federal Reserve/FDIC/OCC 2012; Federal Reserve
2012, 2013a, 2013b, 2014; Bernanke 2013; Bank of England 2013; Tarullo 2014b).
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• The consideration of only one deterministic adverse scenario (or at best a very limited number, 2,
3, . . . scenarios), limiting the exercise’s results to one specific set of stressed assumptions.

• The use of macroeconomic variables as stress drivers (GDP, interest rate, exchange rate, inflation
rate, unemployment, etc.), which must then be converted into bank-specific micro risk factor
impacts (typically credit risk and market risk impairments, net interest income, regulatory
requirement) by recurring to satellite models (generally based on econometric modeling).

• The total stress test capital impact is determined by adding up through a building block
framework the impacts of the different risk factors, each of which is estimated through specific
and independent silo-based satellite models.

• The satellite models are often applied with a bottom-up approach (especially for credit and market
risk), i.e., using a highly granular data level (single client, single exposure, single asset, etc.) to
estimate the stress impacts and then adding up all of the individual impacts.

• In supervisory stress tests, the exercise is performed by the banks and not directly by supervisors,
the latter setting the rules and assumptions and limiting their role in checking oversight and
challenging how banks apply the exercise rules.

This kind of stress testing approach presents the following shortcomings:

• The exclusive focus of the stress testing exercise on one single or very few worst-case scenarios
is probably the main limit of the current approach and precludes its use to adequately assess
banks’ financial fragility in broader terms; the best that can be achieved is to verify whether a
bank can absorb losses related to that specific set of assumptions and level of stress severity. But,
a bank can be hit by a potentially infinite number of different combinations of adverse dynamics
in all of the main micro and macro variables that affect its capital. Moreover, a specific worst-case
scenario can be extremely adverse for some banks particularly exposed to those risk factors
stressed in the scenario, but not for other banks that are less exposed to those factors, but this does
not mean that the former banks are, in general, more fragile than the latter; the reverse may be
true in other worst-case scenarios. This leads to the thorny issue of how to establish the adverse
scenario. What should the relevant adverse set of assumptions be? Which variables should be
stressed, and what severity of stress should be applied? This issue is particularly relevant for
supervisory authorities when they need to run systemic stress testing exercises, with the risk
of setting a scenario the may be either too mild or excessively adverse. Since we do not know
what will happen in the future, why should we check for just one single combination of adverse
impacts? The “right worst-case scenario” simply does not exist, the ex-ante quest to identify the
financial system’s “black swan event” can be a difficult and ultimately useless undertaking. In fact,
since banks are institutions in a speculative position by their very nature and structure,5 there are
many potential shocks that may severely hit them in different ways. In this sense, the black swan
is not that rare, so to focus on only one scenario is too simplistic and intrinsically biased.

• Another critical issue that is related to the “one scenario at a time” approach is that it does not
provide the probability of the considered stress impact’s occurrence, lacking the most relevant
and appropriate measure for assessing the bank’s capital adequacy and default risk: Current
stress test scenarios do not provide any information about the assigned probabilities; this strongly
reduces the practical use and interpretation of the stress test results. Why are probabilities so
important? Imagine that some stress scenarios are put into the valuation model. It is impossible
to act on the result without probabilities: in current practice, such probabilities may never be
formally declared. This leaves stress testing in a statistical purgatory. We have some loss numbers,
but who is to say whether we should be concerned about them?6 In order to make a proper and

5 Here the term “speculative position” is to be interpreted according to Minsky’s technical meaning, i.e., a position in which
an economic agent needs new borrowing in order to repay outstanding debt.

6 Berkowitz (1999). At this regard see also Rebonato (2010, pp. 1–13).
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effective use of stress test results, we need an output that is expressed in terms of probability of
infringing the preset capital adequacy threshold.

• The general assumption that the main threat to banking system stability is typically due to
exogenous shock stemming from the real economy can be misleading. In fact, historical evidence
and academic debate make this assumption quite controversial.7 Most of the recent financial crises
(including the latest) were not preceded (and therefore not caused) by a relevant macroeconomic
downturn; generally, quite the opposite was true, i.e., endogenous financial instability caused a
downturn in the real economy.8 Hence, the practice of using macroeconomic drivers for stress
testing can be misleading because of the relevant bias in the cause-effect linkage, but on closer
examination, it also turns out to be an unnecessary additional step with regard to the test’s
purpose. In fact, since the stress test ultimately aims to assess the capital impact of adverse
scenarios, it would be much better to directly focus on the bank-specific micro variables that
affect its capital (revenues, credit losses, non-interest expenses, regulatory requirements, etc.).
Working directly on these variables would eliminate the risk of potential bias in the macro-micro
translation step. The presumed robustness of the model and the safety net of having an underlying
macroeconomic scenario within the stress test fall short, while considering that: (a) we do not
know which specific adverse macroeconomic scenario may occur in the future; (b) we have no
certainty about how a specific GDP drop (whatever the cause) affects net income; (c) we do
not know/cannot consider all other potential and relevant impacts that may affect net income
beyond those that are considered in the macroeconomic scenario. Therefore, it is better to avoid
expending time and effort in setting a specific macroeconomic scenario from which all impacts
should arise, and to instead try to directly assess the extreme potential values of the bank-specific
micro variables. Within a single-adverse-scenario approach, the macro scenario definition has
the scope of ensuring comparability in the application of the exercise to different banks and to
facilitate the stress test storytelling rationale for supervisor communication purposes.9 However,
within the multiple scenarios approach that is proposed, which no longer needs to exist, there are
other ways to ensure comparability in the stress test. Of course, the recourse to macroeconomic
assumptions can also be considered in the stochastic simulation approach proposed, but as we
have explained, it can also be avoided; in the illustrative exercise presented below, we avoided
modeling stochastic variables in terms of underlying macro assumptions, to show how we can
dispense with the false myth of the need for a macro scenario as the unavoidable starting point of
the stress test exercise.

• Recourse to a silo-based modeling framework to assess the risk factor capital impacts with
aggregation through a building block approach does not ensure a proper handling of risk
integration10 and is unfit to adequately manage the non-linearity, path dependence, feedback
and cross-correlation phenomena that strongly affects capital in “tail” extreme events. This kind
of relationships assumes a growing relevance with the extension of the stress test time horizon
and severity. Therefore, a necessary step to properly capture the effects of these phenomena
in a multi-period stress test is to abandon the silo-based approach and to adopt an enterprise

7 See in particular Minsky (1982, 2008) and Kindleberger (1989) contributions on financial instability.
8 At this regard see Alfaro and Drehmann (2009), Borio et al. (2012a, 2012b).
9 “If communication is the main objective for a Financial Stability stress test, unobservable factors may not be the first

modelling choice as they are unsuited for storytelling. In contrast, using general equilibrium structural macroeconomic
models to forecast the impact of shocks on credit risk may be very good in highlighting the key macroeconomic transmission
channels. However, macro models are often computationally very cumbersome. As they are designed as tools to support
monetary policy decisions they are also often too complex for stress testing purposes”. Drehmann (2008, p. 72).

10 In this regard the estimate of intra-risk diversification effect is a relevant issue, especially in tail events, for which it is
incorrect to simply add up the impacts of the different risk factors estimated separately. For example, consider that for
some risk measures, such as VaR, the subadditivity principle is valid only for elliptical distributions (see for example
Embrechts et al. 1999). As highlighted by Quagliariello (2009b, p. 34): “ . . . the methodologies for the integration of different
risks are still at an embryonic stage and they represent one of the main challenges ahead.”
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risk management (ERM) model, which, within a comprehensive unitary model, allows for us to
manage the interactions among the fundamental variables, integrating all risk factors and their
impacts in terms of P&L-liquidity-capital-requirements11.

• The bottom-up approach to stress test calculations generally entails the use of satellite econometric
models in order to translate macroeconomic adverse scenarios into granular risk parameters,
and internal analytical risk models to calculate impairments and regulatory requirements.
The highly granular data level employed and the consequent use of the linked modeling
systems makes stress testing exercises extremely laborious and time-consuming. The high
operational cost that is associated with this kind of exercise contributes to limiting analysis
to one or few deterministic scenarios. In addition, the high level of fragmentation of input
data and the long calculation chain increases the risk of operational errors and makes the link
between adverse assumptions and final results less clear. The bottom-up approach is well suited
for current-point-in-time analysis characterized by a short-term forward-looking risk analysis
(e.g., one year for credit risk); the extension of the bottom-up approach into forecasting analysis
necessarily requires a static balance sheet assumption, otherwise the cumbersome modeling
systems would lack the necessary data inputs. But, the longer the forecasting time horizon
considered (2, 3, 4, . . . years), the less sense that it makes to adopt a static balance sheet assumption,
compromising the meaningfulness of the entire stress test analysis. The bottom-up approach loses
its strength when these shortcomings are considered, generating a false sense of accuracy with
considerable unnecessary costs.

• In consideration of the use of macroeconomic adverse scenario assumptions and the bottom-up
approach that is outlined above, supervisors are forced to rely on banks’ internal models to
perform stress tests. Under these circumstances, the validity of the exercise depends greatly
on how the stress test assumptions are implemented by the banks in their models, and on
the level of adjustments and derogations they applied (often in an implied way). Clearly, this
practice leaves open the risk of moral hazard in stress test development and conduct, and it also
affects the comparability of the results, since the application of the same set of assumptions with
different models does not ensure a coherent stress test exercise across all of the banks involved.12

Supervisory stress testing should be performed directly by the competent authority. In order to do
so, they should adopt an approach that does not force them to depend on banks for calculations.13

The stress testing approach proposed in this paper aims to overcome the limits of current
methodologies and practices highlighted above.

3. Analytical Framework

3.1. Stochastic Simulation Approach Overview

In a nutshell, the proposed approach is based on a stochastic simulation process (generated
using the Monte Carlo method), applied to an enterprise-based forecasting model, which generates
thousands of different multi-period random scenarios, in each of which coherent projections of the
bank’s income statement, balance sheet and regulatory capital are determined. The random forecast
scenarios are generated by modeling all of the main value and risk drivers (loans, deposits, interest
rates, trading income and losses, net commissions, operating costs, impairments and provisions,
default rate, risk weights, etc.) as stochastic variables. The simulation results consist of distribution

11 Such a model may also in principle be able to capture the capital impact of strategic and/or reputational risk, events that
have an impact essentially through adverse dynamics of interest income/expenses, deposits, non-interest income/expenses.

12 See Haldane (2009, pp. 6–7).
13 In this regard, Bernanke (2013, pp. 8–9) also underscores the importance of an independent Federal Reserve management

and the running of stress tests: “These ongoing efforts are bringing us close to the point at which we will be able to estimate,
in a fully independent way, how each firm’s loss, revenue, and capital ratio would likely respond in any specified scenario.”
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functions of all the output variables of interest: capital ratios, shareholders equity, CET1 (Common
Equity Tier 1), net income and losses, cumulative losses related to a specific risk factor (credit, market,
...), etc. This allows for us to obtain estimates of the probability of occurrence of relevant events, such as
breach of capital ratios, default probability, CET1 ratio below a preset threshold, liquidity indicators
above or below preset thresholds, etc.

The framework is based on the following features:

• Multi-period stochastic forecasting model: a forecasting model to develop multiple scenario
projections for income statement, balance sheet and regulatory capital ratios, capable of managing
all of the relevant bank’s value and risk drivers in order to consistently ensure:

1. a dividend/capital retention policy that reflects regulatory capital constraints and stress
test aims;

2. the balancing of total assets and total liabilities in a multi-period context, so that the financial
surplus/deficit generated in each period is always properly matched to a corresponding
(liquidity/debt) balance sheet item; and,

3. the setting of rules and constraints to ensure a good level of intrinsic consistency and
correctly manage potential conditions of non-linearity. The most important requirement of a
stochastic model lies in preventing the generation of inconsistent scenarios. In traditional
deterministic forecasting models, consistency of results can be controlled by observing
the entire simulation development and set of output. However, in stochastic simulation,
which is characterized by the automatic generation of a very large number of random
scenarios, this kind of consistency check cannot be performed, and we must necessarily
prevent inconsistencies ex-ante within the model itself, rather than correcting them ex-post.
In practical terms, this entails introducing into the model rules, mechanisms and constraints
that ensure consistency, even in stressed scenarios.14

• Forecasting variables expressed in probabilistic terms: the variables that represent the main risk factors
for capital adequacy are modeled as stochastic variables and defined through specific probability
distribution functions in order to establish their future potential values, while interdependence
relations among them (correlations) are also set. The severity of the stress test can be scaled by
properly setting the distribution functions of stochastic variables.

• Monte Carlo simulation: this technique allows us to solve the stochastic forecast model in the
simplest and most flexible way. The stochastic model can be constructed using a copula-based
or other similar approaches, with which it is possible to express the joint distribution of random
variables as a function of the marginal distributions.15 Analytical solutions—assuming that it is
possible to find them—would be too complicated and strictly bound to the functional relation of
the model and of the probability distribution functions adopted, so that any changes in the model
and/or probability distribution would require a new analytical solution. The flexibility provided
by the Monte Carlo simulation, however, allows for us to very easily modify stress severity and
the stochastic variable probability functions.

• Top-down comprehensive view: the simulation process set-up utilizes a high level of data aggregation,
in order to simplify calculation and guarantee an immediate view of the causal relations between
input assumptions and results. The model setting adheres to an accounting-based structure,
aimed at simulating the evolution of the bank’s financial statement items (income statement
and balance sheet) and regulatory figures and related constraints (regulatory capital, RWA–Risk
Weighted Assets, and minimum requirements). An accounting-based model has the advantage of

14 A typical example is the setting of the dividend/capital retention policy rules.
15 For a description of the modelling systems of random vectors with arbitrary marginal distribution allowing for any feasible

correlation matrix, see: (Rubinstein 1981; Cario and Nelson 1997; Robert and Casella 2004; Nelsen 2006).
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providing an immediately-intelligible comprehensive overview of the bank that facilitates the
standardization of the analysis and the comparison of the results.16

• Risk integration: the impact of all the risk factors is determined simultaneously, consistently with
the evolution of all of the economics within a single simulation framework.

In the next section, we will describe in formal terms the guidelines to follow in developing
the forecasting model and the risk factor modeling in the stress test. The empirical exercise that is
presented in the following section will clarify how to practically handle these issues.

3.2. The Forecasting Model

Here, we formally present the essential characteristics of a multi-period forecasting model that
is suited to determine the consistent dynamics of a bank’s capital and liquidity excess/shortfall.
This requires prior definition of the basic economic relations that rule the capital projections and the
balancing of the bank’s financial position over a multi-period time horizon. We develop a reduced-form
model that is aimed at straightforwardly presenting the rationale according to which these key features
must be modeled.

The Equity Book Value represents the key figure for determining a bank’s solvency and in each
period, it is a function of its value in the previous period, Net Income/losses and dividend payout.
We consider Net Income to be conditioned by some elements of uncertainty, the dynamics of which
can be described through a series of stochastic processes with discrete parameters, of which we assume
that the information necessary to define them is known. In the following Section 3.3, we provide a brief
description of the stochastic variables considered in the model. Of course, the Net Income dynamic
will also affect, through the Equity Book Value, liabilities, and assets in the bank’s balance sheet;
here below, we provide a description of the main accounting relationships that rule the forecasting
model. We consider that a bank’s abridged balance sheet can be described by the following identity:

Net Risk Assets + Net No Risk Assets =

Deposits + Financial Liabilities + Other Liabilities + Equity Book Value
(1)

The equity book value represents the amount of equity and reserve available to the bank to
cover its capital needs. Therefore, in order to model the evolution of equity book value we must
first determine the bank’s regulatory capital needs, and in this regard, we must consider both capital
requirements (i.e., all regulatory risk factors: credit risk, market risk, operational risk, and any other
additional risk requirements) and all of those regulatory adjustments that must be applied to equity
book value in order to determine regulatory capital in terms of common equity tier 1, or common
equity tier 1 adjustments (i.e., intangible assets, IRB shortfall of credit risk adjustments to expected
losses), regulatory filters, deductions, etc.).

We can define the target level of common equity tier 1 capital (CET1) as a function of regulatory
requirements and the target capital ratio through the following formula:

CET1 Capital Target = Net Risk Assets·RW·CET1 (2)

16 As explained above, we avoided recourse to macroeconomic drivers because we considered it a redundant complication.
Nevertheless, the simulation modeling framework proposed does allow for the use of macroeconomic drivers. This could be
done in two ways: by adding a set of macro stochastic variables (GDP, unemployment rate, inflation, stock market volatility,
etc.) and creating a further modeling layer defining the economic relations between these variables and drivers of bank risk
(PDs, LGDs, haircut, loans/deposit interest rates, etc.); or more simply (and preferably) by setting the extreme values in
the distribution functions of drivers of bank risk according to the values that we assume would correspond to the extreme
macroeconomic conditions considered (e.g., the maximum value in the PD distribution function would be determined
according to the value associated to the highest GPD drop considered).
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where RW represents the risk weight factor and CET1 is the common equity tier 1 ratio target, the latter
depending on the minimum regulatory constraint (the minimum capital threshold that by law the bank
must hold), plus a capital buffer set according to market/shareholders/management risk appetite.

Now, we can determine the equity book value that the bank must hold in order to reach the
regulatory capital ratio target set in Equation (2) as:

Equity Book Value = CET1 Capital Target + CET1 Adjustments (3)

Equation (3) sets a capital constraint expressed in terms of equity book value necessary to achieve
the target capital ratio; as we shall see later on, this constraint determines the bank’s dividend/capital
retention policy.

In each forecasting period, the model has to ensure a financial balance, which means a matching
between cash inflow and outflow. We assume for the sake of simplicity that the asset structure is
exogenously determined in the model, and thus that financial liabilities change accordingly in order
to balance as plug-in variables.17 Assuming that there are no capital transactions (equity issues or
buy-backs), the bank’s funding needs—additional funds needed (AFN)—represents the financial
surplus/deficit generated by the bank in each period and is determined by the following expression:

AFNt = ∆Net Risk Assetst + ∆Net No Risk Assetst − ∆Depositst
−Net Incomet − ∆Other Liabilitiest + Dividendt

(4)

A positive value represents the new additional funding necessary in order to finance all assets at
the end of the period, while a negative value represents the financial surplus that is generated in the
period. The forward-looking cash inflow and outflow balance constraint can be defined as:

AFNt = ∆Financial Liabilitiest (5)

Equation (5) expresses a purely financial equilibrium constraint, which is capable of providing a
perfect match between total assets and total liabilities.18

The basic relations necessary to develop balance sheet projections within the constraints set in
(3) and (5) can be expressed in a reduced form as:

Dividendt = max(Equity Book Valuet−1 + Net Incomet

−Net Risk Assetst·RWt·CET1t −CET1 Adjustmentst, 0)
(6)

Equity Book Valuet = Equity Book Valuet−1 + Net Incomet −Dividendt (7)

Financial Liabilitiest = Net Risk Assetst + Net No Risk Assetst −Depositst
−Other Liabilitiest − Equity Book Valuet

(8)

Equation (6) represents the bank’s excess capital, or the equity exceeding target capital needs and
thus available for paying dividends to shareholders. The bank has a capital shortfall in relation to its
target capital ratio whenever Equation (3) is not satisfied, or:

Equity Book Value < Net Risk Assets·RW·CET1 + CET1 Adjustments

17 It is a sensible assumption considering that under normal conditions, in order to meet its short-term funding needs,
a bank tends to issue new debt rather than selling assets. Under stressed conditions the assumption of an asset disposal
“mechanism” to cover funding needs is avoided, because it would automatically match any shortfall generated through the
simulation, concealing needs that should instead be highlighted. Nevertheless, asset disposal mechanisms can be easily
modeled within the simulation framework proposed.

18 Naturally, in cases where the asset structure is not exogenous, the model must be enhanced to consider the hypothesis that,
in the case of a financial surplus, this can be partly used to increase assets.
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The outlined capital retention modeling allows for us to project consistent forecasting financial
statements in a multi-period context; this is a necessary condition for unbiased long term stress
test analysis, especially within a stochastic simulation framework. In fact, consider that, while for
short-term analysis, the simple assumption of setting a zero-dividend distribution can be considered as
reasonable and unbiased, in a multi-period analysis we cannot assume that the bank will never pay any
dividend during the positive years if there is available excess capital; and, of course, any distribution
reduces the capital available afterward to face adverse scenarios. An incorrect modeling of dividend
policy rules may bias the results; for example, assuming within a stochastic simulation a fixed payout
not linked to net income and capital requirements may generate inconsistent scenarios, in which the
bank pays dividends under conditions that would not allow for any distribution.

3.3. Stochastic Variables and Risk Factors Modeling

Not all of the simulation’s input variables need to be explicitly modeled as stochastic variables;
some variables can also be functionally determined within of the forecasting model, by being linked
to the value of other variables (for example, in terms of relationship to or percentage of a stochastic
variable), or expressed in terms of functions of a few key figures or simulation outputs.19

Generally speaking, the stochastically-modeled variables will be those with the greatest impact on
the results and those of which the future value is most uncertain. For the purposes of the most common
types of analysis, stochastic variables will certainly include those that characterize the typical risks of a
bank and be considered within prudential regulation (credit risk on loans, market and counterparty
risk on securities held in trading and banking book, operational risk).

The enterprise-based approach adopted allows for us to manage the effects of the overall business
dynamics of the bank, including those impacts not considered as Pillar I risk factors, and depending
on variables, such as swing in interest rates and spreads, volume change in deposits and loans, swing
in net commissions, operating costs, and non-recurring costs. The dynamics of all these Pillar II risk
factors are managed and simulated jointly with the traditional Pillar I risk factors (market and credit)
and other additional risk factors (e.g., reputational risk,20 strategic risk, compliance risk, etc.).

Table 1 shows the main risk factors of a bank (both Pillar I and II), highlighting the corresponding
variables that impact income statement, balance sheet, and RWA. For each variable, the variables that
best sum up their representation and modeling are highlighted, and alongside them, possible modeling
breakdown and/or evolution. For example, the dynamics of credit risk impacts on loans can be viewed
at the aggregate (total portfolio) level, acting on a single stochastic variable representing total credit
adjustments, or can be managed by one variable for each sufficiently-large portfolio characterized
by specific risk, based on the segmentation most suited to the situation under analysis; for example,
the portfolio can be breakdown by type of: client (retail, corporate, SME, etc.); product (mortgages,
short-term uses, consumer, leasing, etc.); geographic area; subsidiaries; and, etc. The modeling of
loan-loss provisions and regulatory requirements can be handled in a highly simplified way—for
example, using an accounting-based loss approach (i.e., loss rate, charge-off and recovery) and a
simple risk weight—or a more sophisticated one—for example, through an expected loss approach as
a function of three components: PD, LGD, and EAD; for further explanations, see Appendix A.

19 For example, the cost funding, which is a variable that can have significant effects under conditions of stress, may be directly
expressed as a function of a spread linked to the bank’s degree of capitalization.

20 This risk factor may be introduced in the form of a reputational event risk stochastic variable (simulated, for example,
by means of a binomial type of distribution) through which, for each period, the probability of occurrence of a reputational
event is established. In scenarios in which reputational events occur, a series of stochastic variables linked to their possible
economic impact—such as reduction of commission factor; reduction of deposits factor; increased spread on deposits factor;
increase in administrative expenses factor, etc.—is in turn activated. Thus, values are generated that determine the entity of
the economic impacts of reputational events in ever scenario in which they occur.
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The probability distribution function must be defined for each stochastic variable in each
simulation forecast period—in essence, a path of evolution of the range of possible values the variable
can take on over time must be defined.

By assigning appropriate ranges of variability to the distribution function, we can calibrate the
severity of the stress test according to the aims of our analysis. Developing several simulations that are
characterized by increasingly levels of severity can provide a more complete picture of a bank’s capital
adequacy, as it helps us to better understand the effects in the tail of the simulation and to verify how
conditions of non-linearity impact the bank’s degree of financial fragility.

A highly effective and rapid way to further concentrate the generation of random scenarios within
a pre-set interval of stress is to limit the distribution functions of stochastic variables to an appropriate
range of values. In fact, the technique of truncation function allows for us to restrict the domain of
probability distributions to within the limits of values comprised between a specific pair of percentiles.
We can thus develop simulations that are characterized by a greater number of scenarios generated in
the distribution tails, and therefore with more robust results under conditions of stress.
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Table 1. Stress test framework: risk factor modeling.

Risk Factor
Types and Models
to Project Losses

P&L Risk Factor Variables Balance Sheet Risk Factor Variables RWAs Risk Factor Variables

Basic Modeling Breakdown Modeling Basic Modeling Breakdown Modeling Basic Modeling Analytical Modeling

PILLAR 1

CREDIT RISK

• Accounting-based
loss approach

• Net adjustments for
impairment on loans

• Net adjustments
portfolio (A, B, . . . )

• Net charge off (NCO)
• Reserve for loan losses

• Breakdown for
NCOs and reserve
for portfolio • Credit risk coefficient

(% net loans)
• Change of Credit risk

RWA in relative terms

• Basel I type
• Standard approach
• Advance/foundation IRB

• Expected loss approach (PD,
LGD, EAD/CCF)

• Impairment flows on
new defaulted assets

• Impairment Flow on
old defaulted assets

• Breakdown
impairment flow
for portfolio

• Non-performing loans
• NPLs Write-off,

Pay-downs, Returned
to accruing

• Reserve for loan losses

• Breakdown for
NPLs, Write-off,
Pay-downs,
Returned to accruing
and Reserve
for Portfolio

MARKET &
COUNTERPARTY

RISK

• Simulation of
mark-to-market losses

• Simulation of losses in AFS,
HTM portfolio

• Simulation of FX and
interest rate risk effects on
trading book

• Counterparty credit losses
associated with
deterioration of
counterparties creditworthiness

• Gain/losses from
market value of
trading position

• Net adjustment for
impairment on
financial assets

• Gain/losses
portfolio (A, B, . . . )

• Impairment
portfolio (A, B, . . . )

• Financial Assets
• AOCI (Accumulated other

comprehensive income)

• Breakdown for
financial assets (HFT,
HTM, AFS . . . , etc.)

• Market risk coefficient
(% financial assets)

• Change of market risk
RWA in relative terms

• Change in value at risk
(VaR)

OPERATIONAL
RISK

• Losses generated by
operational risk events • Non-recurring losses

• Non-Recurring
Losses Event A

• Non-Recurring
Losses Event B

• [ . . . ]

• Percentage of
net revenues

• Change of operational
risk RWA in
relative terms

• Standard approach
• Change in value at risk

(VaR)
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Table 1. Cont.

Risk Factor
Types and Models
to Project Losses

P&L Risk Factor Variables Balance Sheet Risk Factor Variables RWAs Risk Factor Variables

Basic Modeling Breakdown Modeling Basic Modeling Breakdown Modeling Basic Modeling Analytical Modeling

PILLAR 2

INTEREST RATE
RISK ON BANKING

BOOK

• Simulation of economic
impact on interest rate risk
on banking book

• Interest rate loans
• Interest rate deposits
• Wholesale

funding costs
• [ . . . ]

• Risk free rate
• Spread loan portfolio (A,

B, . . . )
• Interest rate deposits (A,

B, . . . )
• Wholesale funding costs

(A, B, . . . )
• [ . . . ]

REPUTATIONAL
RISK

• Simulation of
reputational event-risk

• Commissions
• Funding costs
• Non-interest expenses

• Interest rate deposits (A,
B, . . . )

• Wholesale funding costs
(A, B, . . . )

• [ . . . ]
• Marketing expenses
• Administrative expenses
• [ . . . ]

• Deposits
• Wholesale debt
• [ . . . ]

• Deposits (A, B, . . . )
• Wholesale debt (A,

B, . . . )

STRATEGIC AND
BUSINESS RISK

• Simulation of economic
impact of strategic and
business risk variables

• Commissions
• Non-interest expenses

• Commission
• Administrative expenses
• Personal expenses
• [ . . . ]

• Loans
• Deposits
• Wholesale debt
• IT investment
• [ . . . ]

• Loans (A, B, . . . )
• Deposits (A, B, . . . )
• Wholesale debt (A,

B, . . . )
• IT investment
• [ . . . ]



Risks 2018, 6, 82 13 of 54

Once the distribution functions of the stochastic variables have been defined, we must then
specify the correlation coefficients between variables (cross correlation) and over time (autocorrelation).
In order to set these assumptions, we can turn to historical estimates of relationships of variables over
time, and to direct forecasts based on available information and on the possible types of relationships
that can be foreseen in stressed conditions. However, it is important to remember that correlation
is a scalar measure of the dependency between two variables, and thus cannot tell us everything
about their dependence structure.21 Therefore, it is preferable that the most relevant and strongest
relationships of interdependence be directly expressed—to the highest degree possible—within the
forecast model, through the definition of appropriate functional relationships among variables. This in
itself reduces the need to define relationships of dependency between variables by means of correlation
coefficients, or at least change the terms of the problem.

For a few concrete examples of how the necessary parameters can be set to define the distribution
functions of various stochastic variables and the correlation matrix, see Appendix A.

3.4. Results of Stochastic Simulations

The possibility of representing results in the form of a probability distribution notably augments
the quantity and quality of information that is available for analysis, allowing for us to develop
new solutions to specific problems that could not be obtained with traditional deterministic models.
For example, we can obtain an ex-ante estimate of the probability that a given event, such as the
triggering of a relevant capital ratio threshold, or a default, will occur. In stress testing for capital
adequacy purposes, the distribution functions of all capital ratios and regulatory capital figures will be
of particular importance. Here below we provide a brief description of some solutions that could be
particularly relevant with regard to stress testing for capital and liquidity adequacy purposes.

3.4.1. Probability of Regulatory Capital Ratio Breach

On the basis of the capital ratio probability distribution simulated, we can determine the estimated
probability of triggering a preset threshold (probability of breach), such as the minimum regulatory
requirement or the target capital ratio. The multi-period context allows for us to estimate cumulated
probabilities according to the relevant time period (one year, two years, . . . . n years), thus the CET1
ratio probability of breach in each period can be defined as:

P1 = P(CET11 < mCET11)

P2 = P(CET11 < mCET11) + P(CET12 < mCET12|CET11 > mCET11)

. . . . . .
Pn = P(CET11 < mCET11) + P(CET12 < mCET12|CET11 > mCET11) + . . .
+P(CET1n < mCET1n|CET11 > mCET11, CET12 > mCET12, . . . , CET1n−1 > mCET1n−1)

(9)

where mCET1 is the preset threshold.
Each probability addendum—the sum of which defines the probability of breach for each

period—can be defined as the conditioned probability of breach, i.e., the probability that the breach
event will occur in that period, given that it has not occurred in one of the previous periods. To further
develop the analysis we can evaluate three kinds of probability:

• Yearly Probability: indicates the frequency of scenarios with which the breach event occurs in a
given period. It thus provides a forecast of the bank’s degree of financial fragility in that specific
period. [P(CET1t < MinCET1t)]

• Marginal Probability: represents a conditional probability, and it indicates the frequency with
which the breach event will occur in a certain period, but only in cases in which said event has

21 See Clemen and Reilly (1999); Ferson et al. (2004).
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not already occurred in previous periods. It thus provides a forecast of the overall risk increase
for that given year. [P(CET1t < MinCET1t|CET11 > MinCET11, . . . , CET1t−1 > MinCET1t−1)]

• Cumulated Probability: provides a measure of overall breach risk within a given time horizon,
and is given by the sum of marginal breach probabilities, as in (9). [P(CET11 < MinCET11) + . . .
+P(CET1t < MinCET1t|CET11 > MinCET11, . . . , CET1t−1 > MinCET1t−1)]

3.4.2. Probability of Default Estimation

Estimation of probability of default with the proposed simulative forecast model depends on
the frequency of scenarios in which the event of default occurs, and is thus very much contingent on
which definition of bank default one chooses to adopt. In our opinion, two different solutions can be
adopted, the first based on a logic we could define as accounting-based, in which the event of default
is in relation to the bank’s capital adequacy, and the second based on a logic we can call value-based,
in which default derives directly from the shareholders’ payoff profile.

• Accounting-Based: In the traditional view, a bank’s risk of default is set in close relation to the
total capital held to absorb potential losses and to guarantee debt issued to finance assets held.
According to this logic, a bank can be considered in default when the value of capital (regulatory
capital, or, alternatively, equity book value) falls beneath a pre-set threshold. This rationale also
underlies the Basel regulatory framework, on the basis of which a bank’s financial stability must
be guaranteed by minimum capital ratio levels. In consideration of the fact that this threshold
constitutes a regulatory constraint on the bank’s viability and also constitutes a highly relevant
market signal, we can define the event of default as a common equity tier 1 ratio level below the
minimum regulatory threshold, which is currently set at 4.5% (7% with the capital conservation
buffer) under Basel III regulation. An interesting alternative to utilizing the CET1 ratio is to use
the leverage ratio as an indicator to define the event of default, since, not being related to RWA,
it has the advantage of not being conditioned by risk weights, which could alter comparisons of
risk estimates between banks in general and/or banks pertaining to different countries’ banking
systems.22 The tendency to make the leverage ratio the pivotal indicator is confirmed by the
role that is envisaged for this ratio in the new Basel III regulation, and by recent contributions to
the literature proposing the leverage ratio as the leading bank capital adequacy indicator within
a more simplified regulatory capital framework.23 Therefore, the probability of default (PD)
estimation method entails determining the frequency with which, in the simulation-generated
distribution function, CET1 Ratio (or leverage ratio) values below the set threshold appear.
The means for determining cumulated PD at various points in time are those we have already
described for probability of breach.

• Value-Based: This method essentially follows in the footsteps of the theoretical presuppositions of
the Merton approach to PD estimation,24 according to which a company’s default occurs when
its enterprise value is inferior to the value of its outstanding debt; this equates to a condition in
which equity value is less than zero:25

PDt = P(Equity Valuet < 0) (10)

22 In this regard see Le Leslé and Avramova (2012). The EBA has been studying this issue for some time (https://www.eba.
europa.eu/risk-analysis-and-data/review-of-consistency-of-risk-weighted-assets) and has published a series of reports,
see in particular EBA (2013a, 2013b, 2013c, 2014a).

23 See for example Haldane and Madouros (2012), Admati and Hellwig (2013).
24 See Merton (1974).
25 While operating business can be distinguished from the financial structure when dealing with corporations, this is not the

case for banks, due to the particular nature of their business. Thus in order to evaluate banks’ equity it is more suitable to
adopt a levered approach, and consequently it is better to express the default condition directly in terms of equity value <0
rather than as enterprise value < debt.

https://www.eba.europa.eu/risk-analysis-and-data/review-of-consistency-of-risk-weighted-assets
https://www.eba.europa.eu/risk-analysis-and-data/review-of-consistency-of-risk-weighted-assets
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In classic Merton-type models that are based on the options theory, the solution of the model,
that is, the estimation of the probability distribution of possible future equity values, is obtained on the
basis of current market prices and their historical volatility. In the approach that we describe, on the
other hand, when considering that from a financial point of view, the value of a bank’s equity can
be obtained by discounting to the cost of equity shareholders’ cash flows (free cash flow to equity
model—FCFE26), the probability distribution of possible future values of equity can be obtained
by applying a DCF (discounted cash flow) model in each simulated scenario generated; PD is the
frequency of scenarios in which the value of equity is null.

The underlying logic of the approach is very similar to that of option/contingent models; both are
based on the same economic relationship identifying the event of default, but are differentiated in
terms of how equity value and its possible future values are determined, and consequently, different
ways of configuring the development of default scenarios.27

In the accounting-based scenario, the focus is on developing a probability distribution of capital
value that captures the capital generation/destruction that has occurred up to that period. In the
value-based approach, however, thanks to the equity valuation the event of default also captures the
future capital generation/destruction that would be generated after that point in time; the capital value
at the time of forecasting is only the starting point. Both of the approaches thus obtain PD estimates by
verifying the frequency of the occurrence of a default event in future scenarios, but they do so from
two different perspectives.

Of course, because of the different underlying default definitions, the two methods may lead
to different PD estimates. Specifically, the lower the minimum regulatory threshold set in the
accounting-based method relative to the target capital ratio (which affects dividend payout and
equity value in the value-based method), the lower the accounting-based PD estimates would be
relative to the value-based estimates.

It is important to highlight how the value-based method effectively captures the link between
equity value and regulatory capital constraint: in order to keep the level of capital adequacy high
(low default risk), a bank must also maintain a good level of profitability (capital generation), otherwise
capital adequacy deterioration (default risk increase) would entail an increase in the cost of equity and
thus a reduction in the equity value. There is a minimum profitability level that is necessary to sustain
the minimum regulatory capital threshold over time. In this regard, the value-based method could
be used to assess in advance the effects of changes in regulation and capital thresholds on default
risk from the shareholders’ perspective, in particular, regarding regulations that are aimed at shifting
downside risk from taxpayers to shareholders.28

3.4.3. Economic Capital Distribution (Value at Risk, Expected Shortfall)

Total economic capital is the total sum of capital to be held in order to cover losses originating
from all the risk factors at a certain confidence level. The stochastic forecast model described, through
the net losses probability distribution generated by the simulation, allows for us to obtain an estimate
of economic capital for various time horizons and at any desired confidence level.

26 FCFE directly represents the cash flow generated by the company and available to shareholders, and is made up of cash
flow net of all costs, taxes, investments and variations of debt. There are several ways to define FCFE. Given the banks’
regulatory capital constraints, the simplest and most direct way to define it is by starting from net income and then
deducting the required change in equity book value, i.e., the capital relation that allows the bank to respect regulatory
capital ratio constraints.

27 On the description and application of this PD estimation method in relation to the corporate world and the differences
relative to the option/contingent approach see Montesi and Papiro (2014).

28 See in particular (Admati et al. 2010, 2016; Admati and Hellwig 2013; Cecchetti 2010; Minsky 1977).
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Setting, xt = Net Incomet, we can define the cumulated losses as:

Cumulative Total Losst = −min

(
t

∑
i=1

xi, 0

)
(11)

To obtain the economic capital estimate at a given confidence interval, we need only select the
value that was obtained from Equation (11), corresponding to the distribution function percentile
related to the desired confidence interval. Based on the distribution function of cumulative total
losses, we can thus obtain measures of VaR and expected shortfall at the desired time horizon and
confidence interval.

It is also possible to obtain estimates of various components that contribute to overall economic
capital, so as to obtain estimates of economic capital relative to various risk factors (credit, market,
etc.). In practice, to determine the distribution function of the economic capital of specific risk factors,
we must select all of the losses associated with the various risk factors in relation to each total economic
capital value generated in the simulation at the desired confidence interval, and then aggregate said
values in specific distribution functions relative to each risk factor. To carry out this type of analysis,
it is best to think in terms of expected shortfall.29

3.4.4. Potential Funding Shortfalls: A Forward-Looking Liquidity Risk Proxy

The forecasting model that we describe and the simulation technique that we propose also lend
themselves to stress test analyses and estimations of banks’ degree of exposure to funding liquidity
risk. As we have seen, the system of Equations (6)–(8) implicitly sets the conditions of financial balance
defined in Equation (5). This structure facilitates definition of the bank’s potential new funding needs
in various scenarios. In fact, considering a generic time t, by cumulating all AFN values, as defined
in Equation (4), from the current point in time to t, we can define the funding needs generated in the
period under consideration as:

Funding Shortfallt =
t

∑
i=1

AFNi (12)

Equation (12) thus represents the new funding required to maintain the overall balance of the
bank’s expected cash inflow and outflow in a given time period. From a forecasting point of view,
Equation (12) represents a synthesis measure of the bank’s funding risk, as positive values provide the
measure of new funding needs that the bank is expected to generate during the considered time period,
to be funded through the issuing of new debt and/or asset disposal. Analogously, negative values
signal the expected financial surplus available as liquidity reserve and/or for additional investments.

However, Equation (12) implicitly hypothesizes that outstanding debt, to the extent that sufficient
resources to repay it are not created, is constantly renewed (or replaced by new debt), and thus it does
not consider contractual obligations that are linked to the repayment of debt matured in the given
period. If we consider this type of need as well, we can integrate Equation (12) in such a way as to
make it comprise the total effective funding shortfall:

Funding Shortfallt =
t

∑
i=1

AFNi +
t

∑
i=1

Debt Payments Duei (13)

29 In fact, since in each scenario of the simulation we simultaneously generate all of the different risk impacts, thinking in terms
of VaR would be misleading, because breaking down the total losses related to a certain percentile (and thus to a specific
scenario) into risk factor components, we would not necessarily find in that specific scenario a risk factor contribution to the
total losses that corresponds to the same percentile level of losses due to that risk factor within the entire series of scenarios
simulated. However, if we think in terms of expected shortfall, we can extend the number of tail scenarios considered in
the measurement.
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To obtain an overall liquidity risk estimate, we would also need to consider the assets that could
be readily liquidated if necessary (counterbalancing capacity), as well as their assumed market value.
However, we must consider that a forecast estimate of this figure is quite laborious and problematic,
as it requires the analytical modeling of the various financial assets held, according to maturity and
liquidity, as well as a forecast of market conditions in the scenario assumed and their impact on the
asset disposal. In mid-term and long-term analysis and under conditions of stress (especially if linked
to systemic factors), this type of estimate is highly affected by unreliable assumptions; in fact, in such
conditions, for example, even assets that are normally considered as liquid can quickly become illiquid,
with highly unpredictable non-linear effects on asset disposal values. Therefore, in our opinion,
for purposes of mid-term and long-term stress testing analysis, it is preferable to evaluate liquidity
risk utilizing only simple indicators, like funding shortfall, which, albeit partial, nonetheless offer an
unbiased picture of the amount of potential liquidity needs a bank may have in the future in relation
to the scenarios simulated, and thus disregarding the effects of counterbalancing.

To estimate the overall forecast level of bank’s liquidity, in our opinion, it seems sufficient to
consider only the bank’s available liquidity at the beginning of the considered time period (Initial
Cash Capital Position), that is, cash and other readily marketable assets, net of short term liabilities.
Equation (13) can thus be modified, as follows:

Liquidity Positiont = ∑t
i=1 AFNi − Initial Cash Position

+∑t
i=1 Debt Payments Duei

(14)

A positive value of this indicator highlights the funding that needs to be covered: the higher it is
the higher the liquidity risk, while a negative value indicates financial surplus available. The condition
(15) below shows a particular condition in which the bank has no liquidity for the repayment of debt
matured; under these circumstances, debt renewal is a necessary condition in order to keep a bank in a
covered position (i.e., liquidity balance):

Initial Cash Position−
t

∑
i=1

AFNi <
t

∑
i=1

Debt Payments Duei (15)

The condition (16) below shows a more critical condition in which the bank has no liquidity,
even to pay interest on outstanding debt:

Initial Cash Position−
t

∑
i=1

AFNi < 0 (16)

Liquidity shortfall conditions defined in the conditions (15) and (16) greatly increase the bank’s
risk of default, because financial leverage will tend to increase, making it even harder for the bank
to gain liquidity by either asset disposal or new funding debt. This kind of negative feedback links
the bank’s liquidity and solvency conditions, thus increasing liquidity shortfall is connected to the
lowering of the bank’s funding capacity.30

Within the simulative approach proposed, the determination of liquidity indicator distribution
functions permits us to estimate the bank’s liquidity risk in probabilistic terms, thus providing in a
single modeling framework the possibility of assessing the likelihood that critical liquidity conditions

30 Interactions between banks’ solvency and liquidity positions is a very important endogenous risk factor, at both the micro
and macro levels, and is too often disregarded in stress testing analysis. Minsky first highlighted the importance of taking
this issue into account (see Minsky 1972); other authors have also recently reaffirmed the relevance of modeling the liquidity
and solvency risk link in stress test analysis; in particular see Puhr and Schmitz (2014).
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may occur jointly with the corresponding capital adequacy conditions, and this can be estimated both
at a single financial institution level or at the banking system level.31

Funding liquidity risk indicators can be also analyzed in relative terms, or in terms of ratios,
by dividing them to total assets or to equity book value; this extends their signaling relevance, allowing
for comparison between banks and benchmarking.

3.4.5. Heuristic Measure of Tail Risk

The “Heuristic Measure of Tail Risk” (H) is an indicator that was developed by Nassim Taleb that
has recently been applied for bank stress testing analysis and is well suited for ranking banks according
to their degree of financial fragility.32 It is a simple but quite effective measure that is designed to
capture fragility arising from non-linear conditions in the tails of risk distributions. In consideration of
the degree of error and uncertainty characterizing stress tests, we can consider H as a second-order
stress test indicator geared towards enriching and strengthening the results by determining the
convexity of the distribution tail, which allows for us to assess the degree of fragility related to the
most extreme scenarios. The simulative stress testing approach that we present fits well with this
indicator, since its outputs are probability distributions.

In the stress testing exercise reported in Section 5 we calculated the heuristic measure of tail risk
in relation to CET1 ratio, according to the following formula:

H =

(
CET1Min −CET1perc(5%)

)
+
(

CET1perc(10%) −CET1perc(5%)

)
2

(17)

Strongly negative H values intensify the occurrence of non-linear conditions increasing the
fragility in the tail of the distribution, because small changes in risk factors can determine additional,
progressively greater losses. With H values tending towards zero, the tail relationship becomes more
linear and thus the fragility of the tail decreases.

4. Stress Testing Exercise: Framework and Model Methodology

Although this paper has a theoretical focus that is aimed at presenting a new methodological
approach to bank stress testing, we also present an application of the method to help readers
understand the methodology, the practical issues that are related to modeling the stochastic simulation
and how the results obtained can be used in changing the way banks’ capital adequacy is analyzed.

We performed a stress test exercise on the sample of 29 international banks belonging to the
G-SIBs group identified by the Financial Stability Board.33

This stress test exercise has been developed exclusively for illustrative purposes and it does not
represent, to any extent, a valuation on the capital adequacy of the banks considered. The specific
modeling and set of assumptions applied in the exercise have been kept as simple as possible to
facilitate description of the basic characteristic of the approach; furthermore, the lack of publicly
available data for some key variables (such as PDs and LGDs) necessitated the use of some rough
proxy estimates and benchmark data; both issues may have affected the results. Therefore, the specific
set of assumptions that was adopted for this exercise must be considered strictly as an example of
application of the stochastic simulation methodology proposed, and absolutely not as the only or best
way to implement the approach. Depending on the information available and the purposes of the
analysis, more accurate assumptions and more evolved forecast models can easily be adopted.

31 The liquidity risk measures and approach outlined may be considered an integration and extension of the liquidity risk
framework proposed by Schmieder et al. (2012).

32 See Taleb (2011), Taleb et al. (2012), Taleb and Douady (2013).
33 See FSB (2013, p. 3).
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The exercise time horizon is 2014–2016, when considering 2013 financial statement data as the
starting point. Simulations have been performed in July 2014 and thus are based on the information
available at that time. Given the length of the period considered, we performed a very severe stress test,
in that the simulations consider the worst scenarios generated in three consecutive years of adverse
market conditions.

To eliminate bias due to derivative netting and guarantee a fair comparison within the sample,
we reported gross derivative exposures for all banks (according to IFRS accounting standards adopted
by most of the banks in the sample, except US and Japanese banks), thus market risk stress impacts
have been simulated on gross exposures. This resulted in an adjustment of derivative exposures
for banks reporting, according to US GAAP, which allows for a master netting agreement to offset
contracts with positive and negative values in the event of a default by a counterpart. For the largest
US banks, derivative netting reduces gross exposures of more than 90%.

In Figure 1, we report the set of variables used in modeling for this exercise. For the sake of
simplicity, we considered a highly aggregated view of accounting variables deployed in the model;
of course, a more disaggregated set of variables can be adopted. Also, while we do not consider
off-balance sheet items in the exercise, these types of exposures can certainly be easily modeled in.

The simulations were performed considering fourteen stochastic variables, covering all the main
risk factors of a bank. Stochastic variable modeling was done according to a standard setting of rules,
which was applied uniformly to all of the banks in the sample. Detailed disclosure on the modeling
and all of the assumptions adopted in the exercise is provided in Appendix A. Here below, we briefly
describe the general approach adopted to model Pillar I risk factors:

• Credit risk: modeling in through the item loan losses; we adopted the expected loss approach,
through which yearly loan loss provisions are estimated as a function of three components:
probability of default (PD), loss given default (LGD), and exposure at default (EAD).

• Market risk: modeling in through the item trading and counterparty gains/losses, which includes
mark-to market gains/losses, realized and unrealized gains/losses on securities (AFS/HTM)
and counterparty default component (the latter is included in market risk because it depends on
the same driver as financial assets). The risk factor is expressed in terms of losses/gains rate on
financial assets.

• Operational risk: modeling in through the item other non-operating income/losses; this risk
factor has been directly modeled, making use of the corresponding regulatory requirement record
reported by the banks (considered as maximum losses due to operational risk events); for those
banks that did not report any operational risk requirement, we used as proxy the G-SIB sample’s
average weight of operational risk over total regulatory requirements.
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Figure 1. Projecting Income Statement, Balance Sheet and Regulatory Capital. 
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Figure 1. Projecting Income Statement, Balance Sheet and Regulatory Capital.

The exercise includes two sets of simulations of increasing severity: the “Stress[−]” simulation is
characterized by a lower severity, while the “Stress[+]” simulation presents a higher severity. Both stress
scenarios have been developed in relation to a baseline scenario, used to set the mean values of the
distribution functions of the stochastic variables, which for most of the variables, are based on the
bank’s historical values. The severity has been scaled by properly setting the variability of the key risk
factors, through parameterization of the extreme values of the distribution functions obtained on the
basis of the following data set:

• Bank’s track record (latest five years).
• Industry track record, based on a peer group sample made up of 73 banks from different

geographic areas comparable with the G-SIB banks.34

• Benchmark risk parameters (PD and LGD) based on Hardy and Schmieder (2013).

For the most relevant stochastic variables, we adopted truncated distribution functions, in order
to concentrate the generation of random scenarios within the defined stress test range, restricting
samples drawn from the distribution to values between a specified pair of percentiles.

To better illustrate the methodology that is applied for stochastic variable modeling, and in
particular, the truncation function process, we report the distributions for some of the main stochastic
variables that are related to Credit Agricole in Appendix B.

5. Stress Testing Exercise: Results and Analysis

In this section, we report some of the main results of the stress test exercise that was performed in
relation to both Stress[−] and Stress[+] simulations; in addition, we also report in Sections 5.1 and 5.2,
a comparison with the results—disclosed in 2014—of the Federal Reserve/Dodd-Frank act stress test

34 The peer group banks were selected using Bloomberg function: “BI <GO>” (Bloomberg Industries). Specifically, the sample
includes banks belonging to the following four peer groups: (1) BIALBNKP: Asian Banks Large Cap—Principle Business Index;
(2) BISPRBAC: North American Large Regional Banking Competitive Peers; (3) BIBANKEC: European Banks Competitive Peers;
(4) BIERBSEC: EU Regional Banking Europe Southern & Eastern Europe See. Data have been filtered for outliers above the 99th
percentile and below the first percentile.
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for US G-SIB banks and the EBA/ECB comprehensive assessment stress test for EU G-SIB banks.
In Appendix C, a more comprehensive set of records is reported.

The exercise does not represent, to any extent, a valuation of the capital adequacy of the banks
considered; stress test results should not be considered as the banks’ expected or most likely figures,
but rather should be considered as potential outcomes that are related to the severely adverse scenarios
assumed. In the tables, in order to facilitate comparison among the banks that are considered in
the analysis, the sample has been clustered into four groups, according to their business model35:
IB = Investment Banks; IBU = Investment Banking-Oriented Universal Banks; CB = Commercial Banks;
and, CBU = Commercial Banking-Oriented Universal Banks.

The stochastic simulation stress test shows considerable differences in degree of financial fragility
among the banks in the sample. These differences are well captured by the CET1 probability of breach
records for the three different threshold tested: 8%, 7%, and 4.5%, as reported in Figure 6. For some
banks, breach probabilities are very high, while others show very low or even null probabilities.
For example, Wells Fargo, ICBC China, Standard Chartered, Bank of China, and State Street show
a great resilience to the stress test for all of the years considered and in both Stress[−] and Stress[+]
simulations, thanks to their capacity to generate a solid volume of net revenues that are capable of
absorbing credit and market losses. Those cases presenting a sharp increase in breach probabilities
between Stress[−] and Stress[+] denote relevant non-linear risk conditions in the distribution tail.
IB and IBU banks show on average higher probabilities of breach than CB and CBU banks.

Some of the main elements that explain these differences are:

• Current capital base level: banks with higher capital buffers in 2013 came through the stress test
better, although this element is not decisive in determining the bank’s fragility ranking.

• Interest income margin: banks with the highest net interest income are the most resilient to the
stress test.

• Leverage: banks with the highest leverage are among the most vulnerable to stressed scenarios.36

• Market risk exposures: banks that are characterized by significant financial asset portfolios tend
to be more vulnerable to stressed conditions.

In looking at the records, consider that the results were obviously affected by the specific
set of assumptions that are adopted in the exercise for the stochastic modeling of many variables.
In particular, some of the main risk factor modeling (interest income and expenses, net commissions,
credit and market risk) was based on banks’ historical data (the last five years), therefore these
records influenced the setting of the distribution functions of the related stochastic variables,
with better performance in reducing the function’s variability and extreme negative impacts, and worse
performance, increasing the likelihood and magnitude of extreme negative impacts.

The graphs below (Figures 2 and 3) report CET1 ratios and (Figures 4 and 5) report leverage ratio
(calculated as: Tangible Common Equity/Net Risk Assets) resulting from the stress test stochastic
simulation performed: histograms show first, fifth, and tenth percentiles recorded; last historical (2013).
Both of the ratios (CET1 ratios and leverage ratios) are indicated by a green dash, providing a reference
point to understand the impact of the stress test; records are shown for 2015 and for both Stress[−] and
Stress[+] simulations.

35 See Martel et al. (2012), and Gambacorta and Rixtel (2013).
36 Empirical research on financial crises confirms that high ratios of equity relative to total assets (risk unweighted),

outperform more complex measures as predictors of bank failure. See Estrella et al. (2000), Jagtiani et al. (2000),
Demirguc-Kunt et al. (2013), Haldane and Madouros (2012).
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In Figure 6, we report the probability of breach of CET1 ratio for three different thresholds (8%;
7%; 4.5%) in both Stress[−] and Stress[+] simulations.
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8% 7% 4.5% 8% 7% 4.5% 8% 7% 4.5%

Stress  [-] 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000%

Stress  [+] 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000%

Stress  [-] 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000%

Stress  [+] 0.000% 0.000% 0.000% 0.003% 0.000% 0.000% 0.005% 0.000% 0.000%

Stress  [-] 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000%

Stress  [+] 0.090% 0.000% 0.000% 0.387% 0.017% 0.000% 0.693% 0.057% 0.000%

Stress  [-] 0.000% 0.000% 0.000% 0.380% 0.003% 0.000% 3.007% 0.230% 0.000%

Stress  [+] 9.857% 1.627% 0.000% 34.170% 14.253% 0.531% 62.480% 38.693% 4.911%

Stress  [-] 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000%

Stress  [+] 0.000% 0.000% 0.000% 0.030% 0.003% 0.000% 0.070% 0.007% 0.000%

Stress  [-] 0.000% 0.000% 0.000% 0.133% 0.000% 0.000% 2.157% 0.143% 0.000%

Stress  [+] 2.997% 0.133% 0.000% 23.307% 8.220% 0.108% 54.937% 31.373% 2.924%

Stress  [-] 52.000% 12.397% 0.000% 78.507% 40.097% 0.364% 94.163% 71.603% 6.111%

Stress  [+] 84.040% 54.503% 3.167% 98.143% 88.687% 31.540% 99.907% 98.570% 37.810%

Stress [-] 7.429% 1.771% 0.000% 11.289% 5.729% 0.052% 14.190% 10.282% 0.873%

Stress [+] 13.855% 8.038% 0.452% 22.291% 15.883% 4.597% 31.156% 24.100% 6.521%

Stress  [-] 0.001% 0.000% 0.000% 0.001% 0.000% 0.000% 0.030% 0.003% 0.000%

Stress  [+] 1.220% 0.203% 0.000% 5.930% 2.143% 0.111% 13.953% 6.220% 0.621%

Stress  [-] 0.000% 0.000% 0.000% 0.007% 0.000% 0.000% 0.070% 0.030% 0.000%

Stress  [+] 0.527% 0.023% 0.000% 4.147% 1.200% 0.014% 11.430% 4.463% 0.228%

Stress  [-] 7.817% 0.923% 0.000% 18.200% 4.803% 0.014% 29.103% 10.717% 0.231%

Stress  [+] 29.037% 12.127% 0.413% 56.100% 33.820% 4.817% 74.923% 55.440% 15.593%

Stress  [-] 1.563% 0.243% 0.000% 9.593% 4.817% 0.418% 21.293% 12.927% 2.831%

Stress  [+] 18.840% 10.323% 1.190% 44.947% 35.157% 15.353% 65.713% 56.387% 34.243%

Stress  [-] 0.060% 0.000% 0.000% 1.293% 0.193% 0.000% 4.747% 1.197% 0.011%

Stress  [+] 9.657% 3.077% 0.010% 30.427% 16.660% 2.127% 55.407% 38.250% 10.047%

Stress  [-] 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000%

Stress  [+] 0.000% 0.000% 0.000% 0.390% 0.073% 0.001% 1.583% 0.540% 0.021%

Stress  [-] 0.000% 0.000% 0.000% 0.137% 0.020% 0.000% 1.670% 0.513% 0.004%

Stress  [+] 2.787% 0.877% 0.003% 20.130% 12.237% 2.740% 47.890% 35.917% 13.897%

Stress  [-] 0.000% 0.000% 0.000% 0.013% 0.000% 0.000% 0.147% 0.027% 0.000%

Stress  [+] 0.380% 0.013% 0.001% 5.207% 1.307% 0.014% 12.800% 5.130% 0.214%

Stress  [-] 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000%

Stress  [+] 0.000% 0.000% 0.000% 0.957% 0.223% 0.000% 4.460% 1.263% 0.058%

Stress  [-] 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.013% 0.000% 0.000%

Stress  [+] 1.233% 0.007% 0.000% 6.600% 1.367% 0.004% 15.233% 4.990% 0.108%

Stress [-] 0.944% 0.117% 0.000% 2.924% 0.983% 0.043% 5.707% 2.541% 0.308%

Stress [+] 6.368% 2.665% 0.162% 17.484% 10.419% 2.518% 30.339% 20.860% 7.503%

Stress  [-] 1.690% 0.043% 0.000% 9.190% 2.097% 0.000% 25.333% 9.207% 0.221%

Stress  [+] 18.610% 6.627% 0.097% 50.640% 29.887% 3.930% 78.973% 60.780% 17.940%

Stress  [-] 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.027% 0.002% 0.000%

Stress  [+] 0.080% 0.000% 0.000% 1.680% 0.763% 0.044% 5.187% 2.943% 0.414%

Stress  [-] 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000%

Stress  [+] 0.000% 0.000% 0.000% 0.087% 0.020% 0.000% 0.360% 0.103% 0.010%

Stress  [-] 4.803% 0.593% 0.000% 17.413% 6.417% 0.171% 40.103% 22.023% 2.091%

Stress  [+] 27.867% 14.837% 0.883% 57.547% 42.110% 12.747% 81.560% 69.767% 35.550%

Stress  [-] 0.000% 0.000% 0.000% 0.530% 0.010% 0.000% 4.993% 0.747% 0.000%

Stress  [+] 11.717% 3.847% 0.043% 36.953% 20.817% 2.433% 66.530% 47.310% 12.403%

Stress  [-] 47.787% 27.863% 0.630% 75.850% 58.803% 15.513% 94.643% 86.070% 44.803%

Stress  [+] 60.610% 42.083% 12.660% 84.243% 71.253% 40.117% 95.997% 90.037% 67.293%

Stress  [-] 0.160% 0.000% 0.000% 7.090% 2.180% 0.021% 19.620% 9.603% 0.781%

Stress  [+] 8.250% 3.013% 0.040% 41.333% 27.860% 6.450% 68.997% 56.577% 19.760%

Stress  [-] 35.417% 15.973% 0.010% 72.957% 53.617% 12.283% 94.737% 86.570% 45.453%

Stress  [+] 60.537% 43.453% 9.370% 91.453% 83.383% 51.967% 99.133% 97.647% 85.027%

Stress  [-] 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.047% 0.000% 0.000%

Stress  [+] 0.000% 0.000% 0.000% 1.750% 0.443% 0.008% 17.423% 8.713% 0.748%

Stress  [-] 0.000% 0.000% 0.000% 0.334% 0.967% 0.021% 37.660% 23.790% 4.004%

Stress  [+] 0.667% 0.103% 0.000% 32.247% 21.960% 5.661% 79.517% 70.033% 40.961%

Stress [-] 8.986% 4.447% 0.064% 18.336% 12.409% 2.801% 31.716% 23.801% 9.735%

Stress [+] 18.834% 11.396% 2.309% 39.793% 29.850% 12.336% 59.368% 50.391% 28.011%

Stress  [-] 0.907% 0.000% 0.000% 25.993% 1.460% 0.141% 66.660% 22.410% 8.784%

Stress  [+] 20.560% 7.417% 0.000% 59.273% 43.047% 13.188% 88.077% 78.363% 45.514%

Stress  [-] 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000%

Stress  [+] 0.000% 0.000% 0.000% 0.700% 0.097% 0.000% 4.943% 1.897% 0.054%

Stress [-] 0.454% 0.000% 0.000% 12.997% 0.730% 0.071% 33.330% 11.205% 4.392%

Stress [+] 10.280% 3.709% 0.000% 29.987% 21.572% 6.594% 46.510% 40.130% 22.784%

Stress [-] 4.453% 1.584% 0.016% 11.386% 4.963% 0.742% 21.236% 11.957% 3.827%

Stress [+] 12.334% 6.452% 0.731% 27.389% 19.431% 6.511% 41.843% 33.870% 16.205%
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Figure 6. CET1 ratio probability of breach.

Figure 7 shows the banks’ financial fragility rankings, as provided by the heuristic measure of tail
risk (H), determined on the basis of 2015 CET1 ratios. The histograms highlight the range of values
determined while considering Stress[−] and Stress[+] simulations. Banks are reported from the most



Risks 2018, 6, 82 25 of 54

resilient to the most fragile, according to the Stress[+] simulation. The breadth of the range shows the
rise in non-linearity conditions in the tail of the distribution due to the increase in the severity of the
stress test. The H ranking supports the evidence commented in relation to the previous results.
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5.1. Supervisory Approach to SREP Capital Requirement

The simulation output enables the supervisors to adopt a new forward-looking approach in setting
bank-specific minimum capital requirements within the SREP (Supervisory Review and Evaluation
Process) process, which can take full advantage of the full depth of the stochastic analysis while
insuring an effective level playing field among all of the banks under supervision. The approach
would be based on a common minimum capital ratio (trigger of the simulation) and a common level of
confidence (probability of breach of the capital ratio in simulation), both set by the supervisors; and,
a simulation run by the supervisors. More specifically, supervisors can:

1. Set a common predetermined minimum capital ratio “trigger” (α%); of course, this can be done
by considering regulatory prescriptions, for example, 4.5% of CET1 ratio, or 7% of CET1 ratio
while considering the capital conservation buffer as well.

2. Set a common level of confidence “probability threshold” (x%); this probability should be fixed
according to the supervisor’s “risk appetite” and also considering the trigger level: the higher the
trigger, the lower the probability threshold can be set, since there are higher chances of hitting a
high trigger.

3. Run a stochastic simulation for each single financial institution with a common standard
methodological paradigm.

4. Look, for each bank, at the CET1 ratio probability distribution that is generated through
the simulation in order to determine the CET1 ratio at the percentile of the distribution that
corresponds to the probability threshold (CET1 Ratiox%).

5. Compare the value of CET1 Ratiox% to the trigger (α%) in order to see if there is a capital shortfall
(−) or excess (+) at that confidence interval (CET1 Ratiox% − α% = ±∆%); this difference can
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be transformed into a capital buffer equivalent by multiplying it by the RWA generated in the
scenario that corresponds to the percentile threshold (±∆%·RWAx%).

6. Calculate the SREP capital requirement by adding the buffer to the capital position held by the
bank at time t0 in the case of capital shortfall at the percentile threshold, or by subtracting the
buffer in the case of excess capital; the capital requirement can also be expressed in terms of a
ratio by dividing the above capital requirement by the outstanding RWA at t0 or by the leverage
exposure if the relevant capital ratio that is considered is the leverage ratio37.

The outlined approach would enable the supervisor to assess in advance the bank-specific
capital endowment to be held in order to ensure its adequacy to meet the preset minimum capital
ratio at a percentile corresponding to the confidence interval established, throughout the entire time
horizon that is considered in the simulation. With a regulatory capital that matches the SREP capital
requirement, the bank’s estimated probability of breach of the minimum capital ratio would be equal
to the probability threshold and in line with the supervisor risk appetite.

An alternative (to points d, f), simpler way to quantify through the simulative approach the SREP
capital requirement entails looking at the probability distribution of economic capital. The economic
capital distribution function provides the total cumulated losses that are generated through the
simulation at the percentile threshold x%; by adding to that amount the product of the capital ratio
trigger and the RWA generated in the percentile threshold scenario (Economic Capitalx% + α%·RWAx%),
we obtain a bank’s regulatory capital endowment38 at t0 adequate to cover all of the losses that are
estimated through the simulation at the preset confidence interval, while still leaving a capital position
that allows for the bank to respect the minimum regulatory capital ratio (trigger)39.

The advantage here is that under a common structured approach for all banks (same probability
threshold, regulatory capital trigger, methodological paradigm, etc.), capital requirements could be
determined on a bank-specific basis, when considering the impact of all the risk factors that are
included in the simulation under an extremely high number of different scenarios, characterized
by different levels of severity. This kind of approach is also flexible, allowing for the supervisor,
for instance, to address the too big to fail issue in a different way. In fact, rather than setting arbitrary
additional capital buffer for G-SII banks, supervisors may assume a lower risk appetite by simply
setting a stricter probability threshold for these kinds of institutions (i.e., a higher confidence interval)
that are aimed at minimizing their risk of default, and then assessing through a structured simulation
process the effective capital endowment that they need to respect the minimum capital ratio at higher
confidence intervals.

37 In our opinion, it would be better to consider an un-weighted risk base as for the leverage ratio, rather than a RWA-based
ratio. In this regard it is worth mentioning Tarullo’s remarks: “The combined complexity and opacity of risk weights
generated by each banking organization for purposes of its regulatory capital requirement create manifold risks of gaming,
mistake, and monitoring difficulty. The IRB approach contributes little to market understanding of large banks’ balance
sheets, and thus fails to strengthen market discipline. The relatively short, backward-looking basis for generating risk
weights makes the resulting capital standards likely to be excessively pro-cyclical and insufficiently sensitive to tail risk.
That is, the IRB approach—for all its complexity and expense—does not do a very good job of advancing the financial
stability and macroprudential aims of prudential regulation. [ . . . ] The supervisory stress tests developed by the Federal
Reserve over the past five years provide a much better risk-sensitive basis for setting minimum capital requirements.
They do not rely on firms’ own loss estimate. [ . . . ] For all of these reasons, I believe we should consider discarding the IRB
approach to risk-weighted capital requirements. With the Collins Amendment providing a standardized, statutory floor for
risk-based capital; the enhanced supplementary leverage ratio providing a stronger back-up capital measure; and the stress
tests providing a better risk-sensitive measure that incorporates a macroprudential dimension, the IRB approach has little
useful role to play.” Tarullo (2014a, pp. 14–15).

38 In consideration of the complications related to regulatory capital calculations in Basel 3 (deduction thresholds, filters,
phasing-in, etc.), the amount of losses does not perfectly match an equal amount of regulatory capital to be held in advance;
therefore, the regulatory capital endowment calculated in this way would be an approximation of the corresponding
regulatory capital.

39 Recalling Bank Recovery and Resolution Directive terminology, the two addendum may correspond respectively to the loss
absorption amount and the recapitalization amount.
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5.2. Stochastic Simulations Stress Test vs. Fed Supervisory Stress Test

In Figure 8, we report a comparison between the results that were obtained in our stress test
exercise and those reported by the Federal Reserve stress test (performed in March 2014) on the US
banks of our sample. For the purposes of comparison, we report only results relative to 2015 for both
of the stress test exercises. For each bank we report the cumulative losses generated in the stressed
conditions simulated distinguished by risk factor and differentiating between gross losses and net
losses; gross losses being the stress test impacts associated with the credit and market/counterparty
risk factors (i.e., the increase in loans losses provisions and the net financial and trading losses),
while net losses are the final net income overall impact of the stress test that affected the capital ratio.
The amount of cumulated net losses (Economic Capital) indicates the effective severity of the stress
test; conventionally, we indicate with negative Economic Capital figures net losses and with positive
Economic Capital figures a net income. We report the stress test total impact also in relative terms with
respect to 2013 Net Risk Assets, i.e., the cumulated gross losses on 2013 Net Risk Assets ratio and the
net losses on 2013 Net Risk Assets ratio. We also report for each bank RWA and CET1 ratio records.
All the records are reported for the two different adverse scenarios that are considered in the Fed stress
test (adverse and severely adverse) and for two different confidence intervals (95% and 99%) of the
Stress[−] and Stress[+] stochastic simulations performed.

Overall, the stochastic simulation stress test exercise provided results that were generally in
line with those that were obtained from the Federal Reserve stress test, albeit with some differences.
With regard to economic capital, we see that the 99% Stress[−] simulation figures are generally in
the range of Fed Adv.–Sev. Adv. scenarios results, while the 99% Stress[+] simulation results show
a higher impact than the Fed Sev. Adv. scenario (with the exception of Wells Fargo, which shows
very low losses even in extreme scenarios). In the Fed stress test, the range [Adv. 63 bln–Sev. Adv.
207 bln] of the sample’s total amount of economic capital is about the same as the 99th percentile
corresponding records range Stress[−] 90 bln–Stress[+] 239 bnl, (see bottom total line Figure 8). It is
worth mentioning that while Bank of New York Mellon and State Street reported no losses in the
Fed stress test, they show some losses (albeit very low) at the 99th percentile in both Stress[−] and
Stress[+] simulations.

Loan losses tend to be quite similar in our exercise to those in the Fed stress test. For some
banks (Goldman Sachs, Bank of New York Melon and Morgan Stanley), Stress[+] simulation reported
considerably higher impacts than the Fed stress test; this is because we assumed a minimum loss rate
in the distribution function that was equal for all banks.

Trading and counterparty losses in our exercise present more differences than in the Fed stress
test, due, in part, to the very simplified modeling that is adopted and in part to the role that average
historical results on trading income played in our assumptions, which makes the stress less severe
for those banks that experienced better trading performances in the recent past (such as Goldman
Sachs and Wells Fargo), relative to those that had bad performances (see in particular JPMorgan
and Citigroup).

Overall, the median and mean stressed CET1 ratio results of the Fed stress test are in line with
those from our stress test exercise, although the Stress[−] simulation shows a slightly lower impact.
Also, the total economic capital that is reported in the two stress test exercises are similar, with the
total net losses of Fed Adv. Scenario within the range 95–99% of the Stress[−] simulation and the total
net losses of Fed Sev. Adv. Scenario within the range 95–99% of the Stress[+] stochastic simulation.
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Figure 8. 2015 Stochastic simulation stress test vs. 2015 Federal Reserve stress test. (Data in USD 

millions/%). (Source of Dodd-Frank Act Stress Test: Federal Reserve 2013a). 

95% Conf. 99% Conf. 95% Conf. 99% Conf.

A. Cumulative Loan Losses -36,200 -57,000 -27,538 -32,474 -43,581 -51,233

B. Trading & Counterparty Losses  (Including OCI) -34,800 -25,200 -5,474 -10,098 -19,868 -27,068
(A+B) Cumulative Gross Losses from Credit, Market & Other -71,000 -82,200 -33,012 -42,572 -63,449 -78,301

Gross Loss Rate on Net Risk Assets 2013 -2.45% -2.83% -1.14% -1.47% -2.19% -2.70%

Economic Capital (Cumulative Net Total Losses) -14,800 -50,900 -6,965 -23,251 -40,137 -55,808

Net Loss Rate on Net Risk Assets 2013 -0.51% -1.76% -0.24% -0.80% -1.38% -1.92%

Risk Weighted Assets 1,371,700 1,319,500 1,351,834 1,363,188 1,352,483 1,363,616

Common Equity Tier 1 Ratio 8.70% 5.90% 10.04% 9.25% 8.03% 6.60%

A. Cumulative Loan Losses -400 -800 -1,282 -1,486 -2,400 -2,819

B. Trading & Counterparty Losses  (Including OCI) -5,300 -1,700 -1,836 -2,468 -3,994 -5,007
(A+B) Cumulative Gross Losses from Credit, Market & Other -5,700 -2,500 -3,118 -3,954 -6,394 -7,826

Gross Loss Rate on Net Risk Assets 2013 -1.60% -0.70% -0.88% -1.11% -1.80% -2.20%

Economic Capital (Cumulative Net Total Losses) 5,600 5,900 -992 -2,637 -5,040 -7,587

Net Loss Rate on Net Risk Assets 2013 1.58% 1.66% -0.28% -0.74% -1.42% -2.13%

Risk Weighted Assets 122,800 118,000 123,923 125,382 123,629 124,994

Common Equity Tier 1 Ratio 13.60% 13.10% 12.70% 11.44% 9.45% 7.38%

A. Cumulative Loan Losses -39,400 -55,700 -21,117 -25,379 -34,399 -41,488

B. Trading & Counterparty Losses  (Including OCI) -29,300 -23,200 -8,736 -23,060 -33,062 -39,969
(A+B) Cumulative Gross Losses from Credit, Market & Other -68,700 -78,900 -29,853 -48,439 -67,461 -81,457

Gross Loss Rate on Net Risk Assets 2013 -2.60% -2.98% -1.13% -1.83% -2.55% -3.08%

Economic Capital (Cumulative Net Total Losses) -22,700 -46,300 -7,340 -16,227 -34,635 -48,506

Net Loss Rate on Net Risk Assets 2013 -0.86% -1.75% -0.28% -0.61% -1.31% -1.83%

Risk Weighted Assets 1,134,100 1,100,200 1,143,720 1,154,272 1,139,551 1,149,750

Common Equity Tier 1 Ratio 9.70% 7.20% 11.52% 10.83% 9.24% 8.04%

A. Cumulative Loan Losses -1,400 -2,100 -2,731 -3,132 -5,183 -6,024

B. Trading & Counterparty Losses  (Including OCI) -18,700 -25,800 0 0 -2,451 -7,561
(A+B) Cumulative Gross Losses from Credit, Market & Other -20,100 -27,900 -2,731 -3,132 -7,634 -13,585

Gross Loss Rate on Net Risk Assets 2013 -1.44% -2.00% -0.20% -0.22% -0.55% -0.98%

Economic Capital (Cumulative Net Total Losses) -15,400 -23,000 -5,458 -9,490 -18,792 -24,816

Net Loss Rate on Net Risk Assets 2013 -1.11% -1.65% -0.39% -0.68% -1.35% -1.78%

Risk Weighted Assets 456,400 456,100 476,262 481,856 475,325 481,338

Common Equity Tier 1 Ratio 9.60% 6.90% 12.44% 11.58% 9.62% 8.30%

A. Cumulative Loan Losses -36,500 -59,100 -20,856 -24,420 -36,119 -42,856

B. Trading & Counterparty Losses  (Including OCI) -36,000 -33,900 -25,081 -31,448 -46,566 -55,888
(A+B) Cumulative Gross Losses from Credit, Market & Other -72,500 -93,000 -45,937 -55,868 -82,685 -98,744

Gross Loss Rate on Net Risk Assets 2013 -2.03% -2.60% -1.28% -1.56% -2.31% -2.76%

Economic Capital (Cumulative Net Total Losses) -4,300 -44,200 -1,785 -10,988 -35,243 -49,772

Net Loss Rate on Net Risk Assets 2013 -0.12% -1.24% -0.05% -0.31% -0.99% -1.39%

Risk Weighted Assets 1,499,400 1,457,800 1,490,633 1,505,541 1,485,583 1,501,013

Common Equity Tier 1 Ratio 8.70% 6.30% 10.06% 9.45% 7.84% 6.83%

A. Cumulative Loan Losses -1,500 -2,200 -1,385 -1,580 -2,619 -3,045

B. Trading & Counterparty Losses  (Including OCI) -12,800 -15,600 -5,350 -8,485 -16,410 -21,634
(A+B) Cumulative Gross Losses from Credit, Market & Other -14,300 -17,800 -6,735 -10,065 -19,029 -24,679

Gross Loss Rate on Net Risk Assets 2013 -0.96% -1.19% -0.45% -0.67% -1.27% -1.65%

Economic Capital (Cumulative Net Total Losses) -12,700 -17,500 -22,872 -27,031 -34,974 -40,950

Net Loss Rate on Net Risk Assets 2013 -0.85% -1.17% -1.53% -1.81% -2.34% -2.74%

Risk Weighted Assets 410,300 409,800 448,753 455,279 449,188 455,303

Common Equity Tier 1 Ratio 8.90% 6.10% 6.23% 5.24% 3.14% 1.64%

A. Cumulative Loan Losses -400 -600 -328 -375 -618 -723

B. Trading & Counterparty Losses  (Including OCI) -6,100 -4,100 -2,946 -3,336 -4,250 -4,876
(A+B) Cumulative Gross Losses from Credit, Market & Other -6,500 -4,700 -3,274 -3,711 -4,868 -5,599

Gross Loss Rate on Net Risk Assets 2013 -2.86% -2.06% -1.44% -1.63% -2.14% -2.46%

Economic Capital (Cumulative Net Total Losses) 1,000 100 0 -821 -1,932 -3,595

Net Loss Rate on Net Risk Assets 2013 0.44% 0.04% 0.00% -0.36% -0.85% -1.58%

Risk Weighted Assets 86,000 83,000 87,032 87,963 86,898 87,849

Common Equity Tier 1 Ratio 13.90% 13.30% 14.63% 13.57% 12.29% 10.45%

A. Cumulative Loan Losses -36,900 -61,600 -25,315 -30,051 -41,827 -50,281

B. Trading & Counterparty Losses  (Including OCI) -30,600 -20,200 -4,134 -4,643 -7,961 -10,209
(A+B) Cumulative Gross Losses from Credit, Market & Other -67,500 -81,800 -29,449 -34,694 -49,788 -60,490

Gross Loss Rate on Net Risk Assets 2013 -4.35% -5.27% -1.90% -2.23% -3.21% -3.90%

Economic Capital (Cumulative Net Total Losses) 420 -31,100 0 0 0 -7,718

Net Loss Rate on Net Risk Assets 2013 0.03% -2.00% 0.00% 0.00% 0.00% -0.50%

Risk Weighted Assets 1,199,300 1,161,600 1,156,657 1,164,479 1,148,301 1,156,019

Common Equity Tier 1 Ratio 10.00% 8.20% 11.61% 11.61% 11.02% 10.28%

A. Cumulative Loan Losses -152,700 -239,100 -100,552 -118,897 -166,746 -198,469
B. Trading & Counterparty Losses  (Including OCI) -173,600 -149,700 -53,557 -83,538 -134,562 -172,212
(A+B) Cumulative Gross Losses from Credit, Market & Other -326,300 -388,800 -154,109 -202,435 -301,308 -370,681
Gross Loss Rate on Net Risk Assets 2013 -2.31% -2.75% -1.09% -1.43% -2.13% -2.62%

Median(Gross Loss Rate on Net Risk Assets 2013) -2.24% -2.33% -1.13% -1.52% -2.16% -2.58%

Mean(Gross Loss Rate on Net Risk Assets 2013) -2.29% -2.46% -1.05% -1.34% -2.00% -2.47%

StDev(Gross Loss Rate on Net Risk Assets 2013) 0.98% 1.29% 0.51% 0.61% 0.76% 0.83%

Economic Capital (Cumulative Net Total Losses) -62,880 -207,000 -45,412 -90,445 -170,753 -238,752

Net Loss Rate on Net Risk Assets 2013 -0.44% -1.46% -0.32% -0.64% -1.21% -1.69%

Median(Net Loss Rate on Net Risk Assets 2013) -0.32% -1.44% -0.26% -0.65% -1.33% -1.81%

Mean(Net Loss Rate on Net Risk Assets 2013) -0.18% -0.98% -0.35% -0.66% -1.20% -1.74%

StDev(Net Loss Rate on Net Risk Assets 2013) 0.82% 1.16% 0.47% 0.50% 0.62% 0.60%

Median(CET1 Ratio) 9.65% 7.05% 11.61% 11.21% 9.35% 7.71%

Mean(CET1 Ratio) 10.39% 8.38% 11.86% 11.05% 8.83% 7.44%
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Figure 8. 2015 Stochastic simulation stress test vs. 2015 Federal Reserve stress test. (Data in USD
millions/%). (Source of Dodd-Frank Act Stress Test: Federal Reserve 2013a).
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5.3. Stochastic Simulations Stress Test vs. EBA/ECB Supervisory Stress Test

In Figure 9, we report a comparison between the results that were obtained in our stress test
exercise and those from the EBA/ECB stress test on the EU banks in our sample—banks that represent
more than one-third of the total assets of all the 123 banks that were considered within the supervisory
stress test exercise. For the purposes of comparison, we report in Figure 9 only cumulated results for
2016, the last year considered in both exercises.

The EBA/ECB stress test results regard the adverse scenario and include the impacts of AQR and
join-up and the progressive phasing-in of the more conservative Basel 3 rules for the calculation of
CET1 during the 2014–2016 time period of the exercise. These elements contribute to further enhance
the adverse impact on CET1 of the EBA/ECB stress test when compared to our simulation, which could
not embed the AQR/join-up effects and (being based on 31 December 2013 Basel 2.5 capital ratios)
the Basel 3 phasing-in effects. Therefore, the most appropriate way to compare the impact of the two
stress tests is to look at the income statement net losses rather than the CET1 drop.

If we look at gross losses, in terms of both average and total values, we can see that the EBA/ECB
stress test has a similar impact to Stress[−] simulation, while the Stress[+] simulation shows a notably
higher gross impact. It is interesting to note that, when we shift from gross losses to net losses,
the EBA/ECB stress test highlights a sharp decrease in its impact, of more than 80%, which effectively
reduces the loss rates to very low levels. Looking at individual banks’ results, we can note that, with the
exception of Unicredit, all banks have net loss rates well below 1%; in some cases (Banco Bilbao and
Deutsche Bank) the overall impact of the stress test and AQR does not determine any net loss at all,
but only reduced capital generation. On average, the 95% Stress[−] simulation net loss impact is four
times higher than EBA/ECB stress test and the 95% Stress[+] simulation net loss impact is eight times
higher. If we compare EBA/ECB to the Fed stress test, notwithstanding the fact that the Fed stress test
covers only two years of adverse scenario while EBA/ECB covers three years, we note that, although
the Fed stress test reported higher gross losses, impacts are still around the same order of magnitude,
389 billion USD (about 305 billion EUR) of total cumulated gross losses in the Fed stress test with a
gross loss rate on net risk assets of 2.75%, against 221 billion EUR total cumulated gross losses in the
EBA/ECB stress test with a gross loss rate on net risk assets of 2.04%.40 But, if we look at net losses,
we see that in the Fed Sev. Adv. scenario stress test, mitigation in switching to net losses is much lower
(−45%, slightly more than the tax effect), 207 billion USD (about 163 billion EUR) of total cumulated
net losses with a 1.46% net loss rate, against 36 billion EUR total cumulated net losses in the EBA/ECB
stress test with a 0.33% net loss rate, about one-fourth of the Fed net loss rate.

The comparison analysis highlights that the Fed stress test and the stochastic simulation are
characterized by a much higher severity than the EBA/ECB stress test, which presents a low effective
impact (on average, the 2016 impact is due more to the Basel 3 phasing-in than to the adverse
scenario).41 If the EU banks in the sample had all been hit by a net loss rate of 1.5% of net risk assets,
equal to the average net loss rate that is recorded in the Fed Sev. Adv. scenario stress test, six of them
would not have reached the 5.5% CET1 threshold.42

40 Since for both samples of banks the total assets of all banks considered amounts to about 11,000 billion EUR, losses can be
compared in absolute terms as well.

41 Considering the entire group of European banks involved in the EBA/ECB stress test, we could reach the same conclusions,
in fact, of the 123 banks involved only 44 (representing less than 10% of the aggregated total assets) reported net loss rates
above 1.5% (the average rate in the Fed stress test).

42 Applying a 1.5% net loss rate (on 2013 net risk assets) to the 2013 CET1, the following banks would have not reached the
5.5% CET1 threshold: Credit Agricole, BNP Paribas, Deutsche Bank, Groupe BPCE, ING Bank, Societe General.
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95% Conf. 99% Conf. 95% Conf. 99% Conf.

Cumulative Losses from Credit, Market & Other -19,660 -13,643 -16,240 -22,737 -28,099

Gross Loss Rate on Net Risk Assets 2013 -3.42% -2.37% -2.82% -3.95% -4.89%

Economic Capital (Cumulative Net Total Losses) 1,719 -5,066 -8,177 -14,885 -19,795

Net Loss Rate on Net Risk Assets 2013 0.30% -0.88% -1.42% -2.59% -3.44%

Risk Weighted Assets 381,341       329,150 332,470 325,608 328,855

Common Equity Tier 1 ratio 9.00% 10.09% 9.20% 7.20% 5.67%

Cumulative Losses from Credit, Market & Other -41,131 -28,945 -35,385 -49,998 -60,728

Gross Loss Rate on Net Risk Assets 2013 -3.78% -2.66% -3.25% -4.59% -5.57%

Economic Capital (Cumulative Net Total Losses) -414 -922 -6,672 -21,332 -31,124

Net Loss Rate on Net Risk Assets 2013 -0.04% -0.08% -0.61% -1.96% -2.86%

Risk Weighted Assets 540,248 558,446 568,305 551,426 561,542

Common Equity Tier 1 ratio 8.90% 10.30% 9.47% 6.88% 5.06%

Cumulative Losses from Credit, Market & Other -33,890 -28,253 -37,776 -63,232 -76,687

Gross Loss Rate on Net Risk Assets 2013 -1.90% -1.58% -2.11% -3.54% -4.29%

Economic Capital (Cumulative Net Total Losses) -10,427 -12,973 -18,875 -43,132 -54,012

Net Loss Rate on Net Risk Assets 2013 -0.58% -0.73% -1.06% -2.41% -3.02%

Risk Weighted Assets 684,617 644,980 652,439 643,524 651,180

Common Equity Tier 1 ratio 8.10% 8.01% 7.13% 3.30% 1.57%

Cumulative Losses from Credit, Market & Other -28,810 -27,927 -34,075 -48,168 -58,080

Gross Loss Rate on Net Risk Assets 2013 -1.92% -1.86% -2.27% -3.20% -3.86%

Economic Capital (Cumulative Net Total Losses) -7,354 -25,269 -30,975 -38,416 -46,844

Net Loss Rate on Net Risk Assets 2013 -0.49% -1.68% -2.06% -2.55% -3.11%

Risk Weighted Assets 621,404 426,723 434,291 424,345 431,813

Common Equity Tier 1 ratio 8.80% 1.22% -0.19% -2.02% -4.12%

Cumulative Losses from Credit, Market & Other -15,520 -27,078 -33,754 -49,144 -59,613

Gross Loss Rate on Net Risk Assets 2013 -0.97% -1.70% -2.11% -3.08% -3.73%

Economic Capital (Cumulative Net Total Losses) 3,193 -33,170 -39,341 -54,589 -63,576

Net Loss Rate on Net Risk Assets 2013 0.20% -2.08% -2.46% -3.42% -3.98%

Risk Weighted Assets 478,072 460,779 467,678 460,074 467,706

Common Equity Tier 1 ratio 8.90% 1.22% -0.18% -3.64% -5.71%

Cumulative Losses from Credit, Market & Other -18,817 -28,488 -33,901 -48,333 -56,608

Gross Loss Rate on Net Risk Assets 2013 -1.68% -2.54% -3.02% -4.31% -5.04%

Economic Capital (Cumulative Net Total Losses) -8,028 -9,285 -14,054 -27,928 -35,414

Net Loss Rate on Net Risk Assets 2013 -0.72% -0.83% -1.25% -2.49% -3.16%

Risk Weighted Assets 458,147 419,778 425,063 414,274 419,865

Common Equity Tier 1 ratio 7.00% 8.07% 6.89% 3.54% 1.67%

Cumulative Losses from Credit, Market & Other -13,561 -21,583 -25,561 -38,347 -45,042

Gross Loss Rate on Net Risk Assets 2013 -1.26% -2.00% -2.37% -3.55% -4.17%

Economic Capital (Cumulative Net Total Losses) -361 -16,561 -23,613 -27,739 -47,562

Net Loss Rate on Net Risk Assets 2013 -0.03% -1.53% -2.19% -2.57% -4.40%

Risk Weighted Assets 344,106 319,374 323,436 314,509 318,763

Common Equity Tier 1 ratio 8.70% 5.36% 3.08% -1.53% -4.81%

Cumulative Losses from Credit, Market & Other -20,316 -19,659 -25,302 -37,639 -46,137

Gross Loss Rate on Net Risk Assets 2013 -1.65% -1.60% -2.06% -3.06% -3.76%

Economic Capital (Cumulative Net Total Losses) -5,333 -15,220 -20,571 -32,866 -40,550

Net Loss Rate on Net Risk Assets 2013 -0.43% -1.24% -1.67% -2.67% -3.30%

Risk Weighted Assets 377,059 398,276 403,831 397,298 402,800

Common Equity Tier 1 ratio 8.10% 5.29% 3.91% 0.71% -1.31%

Cumulative Losses from Credit, Market & Other -29,151 -20,095 -25,294 -34,582 -42,910

Gross Loss Rate on Net Risk Assets 2013 -3.47% -2.39% -3.01% -4.11% -5.11%

Economic Capital (Cumulative Net Total Losses) -8,634 -14,188 -18,975 -28,358 -35,610

Net Loss Rate on Net Risk Assets 2013 -1.03% -1.69% -2.26% -3.37% -4.24%

Risk Weighted Assets 433,431 425,190 429,623 420,727 425,457

Common Equity Tier 1 ratio 6.80% 6.45% 5.33% 3.05% 1.27%

Cumulative Losses from Credit, Market & Other -220,856 -215,671 -267,288 -392,180 -473,904

Gross Loss Rate on Net Risk Assets 2013 -2.04% -1.99% -2.47% -3.62% -4.38%
Median(Gross Loss Rate on Net Risk Assets 2013) -1.90% -2.00% -2.37% -3.55% -4.29%

Mean(Gross Loss Rate on Net Risk Assets 2013) -2.23% -2.08% -2.56% -3.71% -4.49%

StDev(Gross Loss Rate on Net Risk Assets 2013) 0.98% 0.40% 0.44% 0.53% 0.64%

Economic Capital (Cumulative Net Total Losses) -35,639 -132,654 -181,253 -289,245 -374,487

Net Loss Rate on Net Risk Assets 2013 -0.33% -1.23% -1.67% -2.67% -3.46%

Median(Net Loss Rate on Net Risk Assets 2013) -0.43% -1.24% -1.67% -2.57% -3.30%

Mean(Net Loss Rate on Net Risk Assets 2013) -0.31% -1.19% -1.66% -2.67% -3.50%

Median(Net Loss Rate on Net Risk Assets_2013) -0.43% -1.24% -1.67% -2.57% -3.30%
Median(CET1 Ratio) 8.40% 6.45% 5.33% 3.05% 1.27%

Mean(CET1 Ratio) 8.11% 6.25% 5.00% 2.05% 0.06%
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Figure 9. 2016 Stochastic simulation stress test vs. 2016 EBA/ECB comprehensive assessment. (Data in
EUR millions/%). (Source of EU-Wide Stress Test: EBA and ECB 2014).
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5.4. Relationship between Stress Test Risk and Market Valuation

With the following analysis, we put bank stress tests results in relation with market value
dynamics; the idea is that there should be a certain level of consistency between the effective risk of
a bank assessed through a sound forward-looking stress test exercise (performed ex-ante) and the
subsequent market evolution of the bank’s stock price. In other words, if the stress testing approach
effectively captures the real level of risk, banks with an estimated high risk should be characterized by
a lower market appraisal than low risk banks.

We ranked the banks in the sample according to their financial fragility (risk), as measured by
their probability of breaching a CET1 ratio threshold of 7% in 2015. The higher the probability of
breach, the higher the risk in the ranking. Then, we considered the ratio between market capitalization
and tangible assets as a relative synthetic proxy of the market appreciation of the risk embedded
in the bank’s assets. We calculated this indicator for each bank at February 2016, about two years
after 2013 financial statements (which represent the starting point of all the stress testing exercises)
had been made publicly available, a time lapse that we consider long enough for the market to fully
incorporate the risk perception that should have been assessed ex-ante with the forward-looking stress
test. For a sound stress testing approach, we should expect a negative and significant relation between
the riskiness assessed in the 2014 stress test and the subsequent market value dynamic; i.e., the higher
the risk assessed through stress testing, the lower the market cap ratio.

Figure 10 reports the results of the correlation analysis between the stochastic simulation stress
test and the market cap ratio dynamics; it highlights a significant negative correlation between the
stress testing ranking and the market ranking. Each record has also been associated with a color,
according to its position in the ranking, ranging from green (low risk) to red (high risk), in order to
facilitate the visualization of the matching between the two rankings. Then, we made a similar ranking
of the results provided by the two supervisory stress tests. Since probabilities of breach were not
estimated in those exercises, we measured the risk in terms of impact of the adverse scenario, i.e.,
decrease in CET1 ratio during the overall exercise period.

Risks 2018, 6, 82 29 of 51 

 

5.4. Relationship between Stress Test Risk and Market Valuation 

With the following analysis, we put bank stress tests results in relation with market value 

dynamics; the idea is that there should be a certain level of consistency between the effective risk of a 

bank assessed through a sound forward-looking stress test exercise (performed ex-ante) and the 

subsequent market evolution of the bank’s stock price. In other words, if the stress testing approach 

effectively captures the real level of risk, banks with an estimated high risk should be characterized 

by a lower market appraisal than low risk banks.  

We ranked the banks in the sample according to their financial fragility (risk), as measured by 

their probability of breaching a CET1 ratio threshold of 7% in 2015. The higher the probability of 

breach, the higher the risk in the ranking. Then, we considered the ratio between market 

capitalization and tangible assets as a relative synthetic proxy of the market appreciation of the risk 

embedded in the bank’s assets. We calculated this indicator for each bank at February 2016, about 

two years after 2013 financial statements (which represent the starting point of all the stress testing 

exercises) had been made publicly available, a time lapse that we consider long enough for the 

market to fully incorporate the risk perception that should have been assessed ex-ante with the 

forward-looking stress test. For a sound stress testing approach, we should expect a negative and 

significant relation between the riskiness assessed in the 2014 stress test and the subsequent market 

value dynamic; i.e., the higher the risk assessed through stress testing, the lower the market cap 

ratio. 

Figure 10 reports the results of the correlation analysis between the stochastic simulation stress 

test and the market cap ratio dynamics; it highlights a significant negative correlation between the 

stress testing ranking and the market ranking. Each record has also been associated with a color, 

according to its position in the ranking, ranging from green (low risk) to red (high risk), in order to 

facilitate the visualization of the matching between the two rankings. Then, we made a similar 

ranking of the results provided by the two supervisory stress tests. Since probabilities of breach were 

not estimated in those exercises, we measured the risk in terms of impact of the adverse scenario, i.e., 

decrease in CET1 ratio during the overall exercise period.  

 

Figure 10. Stochastic Stress Test Analysis vs. Subsequent Market Dynamic. (Source of Market Data: 

Bloomberg). 

We split the results into two tables in order to compare them among the two groups of banks: 

Euro area and US. The analysis shows that, also, in the case of the Fed Stress test results, there is a 

STOCHASTIC SIMULATION G-SIB BANKS 

FED STRESS TESTSTOCHASTIC SIMULATION

US G-SIB BANKS

EBA/ECB STRESS TESTSTOCHASTIC SIMULATION

EURO-AREA G-SIB BANKS

L
o

w
R

is
k

H
ig

h
 R

is
k

H
ig

h
 R

is
k

2015 CET1 Ratio 

Probability of 

Breach (7%)

Market Cap/

Tangible Assets

Wells Fargo 0.00% 13.95%

ICBC China 0.00% 6.71%

Standard Chartered 0.00% 2.96%

Bank of China 0.02% 5.34%

State Street 0.02% 9.60%

HSBC Holdings 0.07% 3.43%

Goldman Sachs 0.10% 7.67%

Citigroup 0.22% 6.95%

Credit Suisse 0.44% 3.23%

Bank of NY Mellon 0.76% 10.25%

Banco Bilbao 1.20% 5.05%

Bank of America 1.31% 6.32%

JPMorgan Chase 1.37% 9.39%

Banco Santander 2.14% 4.14%

Mitsubishi Ufj 8.22% 2.42%

Nordea Bank 12.24% 5.70%

Sumitomo Mitsui 14.25% 2.44%

BNP Paribas 20.82% 2.63%

UBS 21.96% 6.26%

Barclays 27.86% 2.08%

RBS Group 29.89% 3.47%

Unicredit 33.82% 2.44%

Societe Generale 42.11% 1.92%

Morgan Stanley 43.05% 5.69%

Credit Agricole 71.25% 1.68%

Deutsche Bank 83.38% 1.29%

Mizuho 88.69% 2.21%

-0.66SPEARMAN RANK CORRELATION

L
o

w
R

is
k

H
ig

h
 R

is
k

2015 CET1 Ratio 

Probability of 

Breach (7%)

Market Cap/

Tangible Assets

Impact on CET1 

Ratio from 2013 

to 2016

Market Cap/

Tangible Assets

Banco Bilbao 1.20% 5.05% Credit Agricole 1.15% 1.68%

Banco Santander 2.14% 4.14% Deutsche Bank 2.11% 1.29%

BNP Paribas 20.82% 2.63% Banco Bilbao 2.59% 5.05%

Unicredit 33.82% 2.44% Unicredit 2.80% 2.44%

Societe Generale 42.11% 1.92% Banco Santander 2.81% 4.14%

Credit Agricole 71.25% 1.68% Societe Generale 3.17% 1.92%

Deutsche Bank 83.38% 1.29% BNP Paribas 3.26% 2.63%

SPEARMAN RANK CORRELATION -1.00 0.43SPEARMAN RANK CORRELATION

L
o

w
R

is
k

H
ig

h
 R

is
k

L
o

w
R

is
k

H
ig

h
 R

is
k

2015 CET1 Ratio 

Probability of 

Breach (7%)

Market Cap/

Tangible Assets

Impact on CET1 

Ratio from 2013 

to 2016

Market Cap/

Tangible Assets

Wells Fargo 0.00% 13.95% Bank of NY Mellon 1.00% 10.25%

State Street 0.02% 9.60% State Street 2.20% 9.60%

Goldman Sachs 0.10% 7.67% Wells Fargo 2.40% 13.95%

Citigroup 0.22% 6.95% JPMorgan Chase 4.20% 9.39%

Bank of NY Mellon 0.76% 10.25% Bank of America 5.20% 6.32%

Bank of America 1.31% 6.32% Citigroup 5.50% 6.95%

JPMorgan Chase 1.37% 9.39% Morgan Stanley 6.50% 5.69%

Morgan Stanley 43.05% 5.69% Goldman Sachs 7.30% 7.67%

-0.67 -0.76SPEARMAN RANK CORRELATION SPEARMAN RANK CORRELATION

L
o

w
R

is
k

H
ig

h
 R

is
k

L
o

w
R

is
k

H
ig

h
 R

is
k

Figure 10. Stochastic Stress Test Analysis vs. Subsequent Market Dynamic. (Source of Market
Data: Bloomberg).
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We split the results into two tables in order to compare them among the two groups of banks: Euro
area and US. The analysis shows that, also, in the case of the Fed Stress test results, there is a significant
negative correlation, while the EBA/ECB stress test shows a positive and non-significant correlation,
indicating that the market ex-post had evaluated the level of risk of those banks differently than
European supervisors. Of course, from this simple analysis, we cannot draw definitive conclusions,
when considering the limited sample size (especially the two sub-samples) and given the fact that the
market often fails to appreciate risk and fair value of companies.

6. Stochastic Simulation Approach Comparative Back-Testing Analysis

In this section, we tried to obtain some preliminary evidence on the reliability of the
stochastic simulation approach in assessing the risk of financial institutions when compared to other
methodologies. We first back-tested the proposed approach in assessing the PDs of some famous
default cases, when comparing the results with other credit risk assessments. In this case, the model’s
quality is quite easy to check, since, for defaulted banks, the interpretation of the back-testing results is
straightforward: the model that provides the highest PD estimate earlier in time can be considered
that which has the best default predictive power.

Since the ultimate goal of stress testing is to assess banks’ financial fragility, we tried to apply the
proposed methodology to three well-known cases of financial distress: Lehman Brothers, Merrill Lynch,
and Northern Rock. The aim was to see what kind of insights might have been achieved by assessing
the risk of default through the stochastic simulation approach, placing ourselves in a time period
preceding the default. Therefore, for each financial institution, we performed two simulations based on
the data available at the moment at which they were assumed to have been run. One simulation was
set two years before default/bailout (31 January 2007) and based on 2006 financial statement records
as the starting point; the other was set about one year before default (3 January 2008) and based on
2007 financial statement.43

We compared the default frequencies estimated through the simulation with other well-known
credit risk metrics publicly available at the time and based on different methodologies, namely: PD
estimated by Moody’s KMV,44 PD implied in CDS,45 PD implied in the ratings assigned by two rating
agencies where available (S&P and Moody’s).46 The analysis is aimed at determining whether the
stochastic simulation method might have reported better early warning indications than other credit
risk measures. The comparison is made in terms of PDs; all PDs were estimated (where data were
available) when considering one-year PD, two-years PD, and three-years PD.

In consideration of the fact that Lehman Brothers and Merrill Lynch at that time were investment
banks not subject to banking regulation and therefore did not report regulatory capital ratios, the event
of default (the trigger of the stochastic simulation) has been defined as: tangible common equity ≤0.
This is a very narrow definition of default, since in the real world a bank would default long before
reaching a zero capital level and this must be kept in mind when looking at the results; a simulation
run with a broader definition of default (e.g., CET1 ≤ 4.5%) would have highlighted much higher PDs.

43 Lehman Brothers defaulted on 15 September 2008 (Chapter 11); Merrill Lynch was saved through bail out by Bank of
America on 14 September 2008 (completed in January 2009); Northern Rock has been bailed out by the British government
on 22 February 2008 (the bank has been taken over by Virgin Money in 2012).

44 Moody’s KMV is a credit risk model based on the Merton distance-to-default (1974); this kind of model depends on stock
market prices and their volatility. This data was not available for all banks in all years considered.

45 CDS Spreads are transformed into PD through the following formula: Where LGD represents a loss given default with a
Recovery Rate of 40%.

46 Conversion from Rating to PD is obtained from “Cumulative Average Default Rates” tables, based on historical frequencies
of default recorded in various rating classes between 1981–2010 for S&P (see Standard and Poors 2011) and 1983–2013 for
Moody’s. To reconstruct the master scale, the historical default tables of rated companies, provided by rating agencies,
were utilized.
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We applied the same implementation paradigm that is used for the Stress[+] exercise, as described
in Appendix A, with only the following differences, which imply lesser severity overall than in the
Stress[+] simulation:

• The market & counterparty risk factor (managed through the net financial and trading income
variable) has been modeled according to Appendix A assumptions, but the minimum truncation
(max loss rate) for all of the banks has been set at −2.13%, which is half that reported by the G-SIB
peer group sample in the latest five years (−4.26%).47

• For Merrill Lynch and Lehman Brothers, the target capital ratio has not been set in terms of
risk-weighted capital ratio, since those two financial institutions, being investment banks, did not
report such regulatory metrics, but in terms of the leverage ratio (calculated as the ratio between
tangible common equity and net fixed assets) reported in the last financial statement available at
the moment to which the analysis refers.

• Because of the high interest rate volatility recorded in the years before 2007, in modeling the
minimum and maximum parameters of the interest rate distribution functions, we applied only
one mean deviation (rather than three, as for Stress[+]).

Figure 11 reports a summary of the results of the back-testing analysis; Appendix D contains the
full set of results.

Risks 2018, 6, 82 31 of 51 

 

• The market & counterparty risk factor (managed through the net financial and trading income 

variable) has been modeled according to Appendix A assumptions, but the minimum 

truncation (max loss rate) for all of the banks has been set at −2.13%, which is half that reported 

by the G-SIB peer group sample in the latest five years (−4.26%).47 

• For Merrill Lynch and Lehman Brothers, the target capital ratio has not been set in terms of 

risk-weighted capital ratio, since those two financial institutions, being investment banks, did 

not report such regulatory metrics, but in terms of the leverage ratio (calculated as the ratio 

between tangible common equity and net fixed assets) reported in the last financial statement 

available at the moment to which the analysis refers. 

• Because of the high interest rate volatility recorded in the years before 2007, in modeling the 

minimum and maximum parameters of the interest rate distribution functions, we applied only 

one mean deviation (rather than three, as for Stress[+]). 

Figure 11 reports a summary of the results of the back-testing analysis; Appendix D contains 

the full set of results. 

 

Figure 11. Default risk comparative back-testing analysis. (Source of CDS, KMV data, rating: 

Bloomberg, Moody’s KMV, Standard & Poor’s). 

For all three banks considered, PDs that are measured by other publicly available models 

showed very low values in either the 2007 or 2008 analysis. PDs implied in CDS in 2007 did not 

capture the high risk of default that occurred during the following year; in 2008, they increased 

significantly, but at that time, all banks experienced a generalized relevant increase in CDS. PDs 

estimated through the simulative approach (tangible common equity default frequency) show a high 

level of risk for all banks as early as the 2007 analysis, in particular, with reference to two- and 

three-year PDs, with a relevant increase in the 2008 analysis. 

                                                 
47  Instead of selecting another specific sample of comparable data referred to the period 2003–2008, we 

adopted a simpler and less prudential rule based on the same parameters used for the stress test exercise, 

but reducing their severity. This simpler approach certainly does not overestimate the market risk 

modeling for those banks; in fact, consider that in 2008 Merrill Lynch reported a loss rate on financial assets 

of about 5.4%, while Lehman Brothers reported a loss rate of 1.4% related only to the first two quarters. 

31-Jan-07
STHOCHASTIC 

SIMULATION

MERTON

MODEL

CREDIT

DEFAULT SWAP

PD Implied PD Implied PD

1-Yr 1.08% 0.03% 0.12% 0.06% 0.08%

2-Yr 9.93% N/A 0.33% 0.11% 0.25%

3-Yr 22.08% N/A 0.67% 0.24% 0.55%

1-Yr 2.24% 0.01% 0.09% 0.03% 0.05%

2-Yr 7.68% N/A 0.27% 0.10% 0.15%

3-Yr 14.29% N/A 0.52% 0.20% 0.22%

1-Yr 3.50% N/A 0.77% 0.03% N/A

2-Yr 16.84% N/A 1.74% 0.10% N/A

3-Yr 31.09% N/A 3.01% 0.20% N/A

31-Jan-08
STHOCHASTIC 

SIMULATION

MERTON

MODEL

CREDIT

DEFAULT SWAP

PD Implied PD Implied PD

1-Yr 2.09% 0.07% 3.08% 0.06% 0.08%

2-Yr 10.35% N/A 5.85% 0.11% 0.25%

3-Yr 20.26% N/A 8.33% 0.24% 0.55%

1-Yr 6.62% 0.07% 3.23% 0.03% 0.05%

2-Yr 22.70% N/A 5.89% 0.10% 0.15%

3-Yr 39.31% N/A 7.99% 0.20% 0.22%

1-Yr 34.86% N/A 6.89% 0.03% N/A

2-Yr 74.10% N/A 12.63% 0.10% N/A

3-Yr 92.25% N/A 17.10% 0.20% N/A

(*)  Tangible Common Equity   0

LEHMAN

BROTHERS

MERRILL

LYNCH

NORTHERN

ROCK

LEHMAN

BROTHERS

MERRILL

LYNCH

NORTHERN

ROCK

S&P  Moody's

RATING

Tangible Common

Equity Default 

Frequency (*)

Moody's KMV
Implied PD

S&P  Moody's

RATING

Tangible Common

Equity Default 

Frequency (*)

Moody's KMV
Implied PD

Figure 11. Default risk comparative back-testing analysis. (Source of CDS, KMV data, rating:
Bloomberg, Moody’s KMV, Standard & Poor’s).

For all three banks considered, PDs that are measured by other publicly available models showed
very low values in either the 2007 or 2008 analysis. PDs implied in CDS in 2007 did not capture the

47 Instead of selecting another specific sample of comparable data referred to the period 2003–2008, we adopted a simpler and
less prudential rule based on the same parameters used for the stress test exercise, but reducing their severity. This simpler
approach certainly does not overestimate the market risk modeling for those banks; in fact, consider that in 2008 Merrill
Lynch reported a loss rate on financial assets of about 5.4%, while Lehman Brothers reported a loss rate of 1.4% related only
to the first two quarters.
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high risk of default that occurred during the following year; in 2008, they increased significantly, but at
that time, all banks experienced a generalized relevant increase in CDS. PDs estimated through the
simulative approach (tangible common equity default frequency) show a high level of risk for all banks
as early as the 2007 analysis, in particular, with reference to two- and three-year PDs, with a relevant
increase in the 2008 analysis.

In looking at the results of the stochastic simulation, we must consider that the baseline initial
conditions based on 2006 financial statement records a year in which the banks’ (short term) profitability
reached the peak of the speculative bubble (for example, for all three banks, ROE was above 20%).
Furthermore, as already mentioned, default frequencies have been determined according to a very
narrow definition of the event of default; a common equity trigger higher than zero would have
determined much higher default frequencies.

Moreover, it is interesting to note that, for all banks considered, the Funding Shortfall indicator
(AFN/equity book value) shows values that are much higher than one48 in extreme percentiles and
appreciably higher than the corresponding values that were recorded in the stress test exercise for
G-SIB banks (See Appendix D). The high level of AFN/equity book value ratio generated in the worst
scenarios and the remarkable increase between 2007 and 2008 simulations, shows that, within the
simulation approach, very adverse conditions tends to simultaneously hit capital and liquidity, just as
in the real circumstances, in which the default was determined by an abrupt deterioration of both
solvency and liquidity conditions. The capacity to capture the solvency-liquidity interlinkage is an
important point of strength of the proposed modeling framework.49

Of course, due to the very limited number of cases analyzed, this comparative back-testing
analysis cannot be considered as statistically significant; nevertheless, it shows that the stochastic
approach proposed, even when being applied in the highly simplified way that we utilized, might have
been able to highlight, on the basis of the data available at that time, a high risk that is associated with
the three banks, providing a timely early warning that other risk metrics were unable to detect.

7. Conclusions

In our opinion, in assessing a bank’s financial fragility we need not try to forecast specific
exceptional adverse events and calculate the corresponding losses, nor is it necessary to adopt an
overly complex and analytically detailed modeling apparatus, which, in the attempt to ensure a
presumed “high fidelity” in terms of calculation accuracy, ends up disregarding some of the most
relevant phenomena for assessing a bank’s resilience. In this regard, it is worth recalling what
Andrew G. Haldane stressed: “( . . . ) all models are wrong. The only model that is not wrong is
reality and reality is not, by definition, a model. But, risk management models have during this crisis
proven themselves wrong in a more fundamental sense. They failed Keynes’ test—that it is better
to be roughly right than precisely wrong. With hindsight, these models were both very precise and
very wrong.”50 In that sense, our aim in this paper is to present a “roughly right” methodological
approach for stress-testing analysis aimed at evaluating a bank’s financial fragility and its general
resiliency capacity.

We have tried to show how the proposed methodology overcomes some of the limitations of
current mainstream stress testing approaches, presenting a new approach that is less laborious and
time-consuming, yet at the same time, allows for a deeper analysis, by largely expand the number of
adverse scenarios considered and by integrating all the solvency and liquidity risk factors within a
single consistent framework. The empirical exercise we describe shows how even with an extremely

48 We recall that an AFN/equity book ratio greater than 1 means that the bank’s funding need is higher than its capital,
highlighting a high liquidity risk.

49 Also, the EBA guidelines on stress testing strongly highlight the importance of taking in due consideration the
solvency-liquidity interlinkage in financial institutions’ stress testing.

50 Haldane (2009, p. 1).
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simplified modeling and application of the approach, a comprehensive and meaningful stress test can
be realized.

The flexibility of the approach allows for different levels of complexity/analyticity, depending
on data set availability and the purpose of the analysis. This makes it well suited both for internal
bank use in risk appetite and capital adequacy processes, and by analysts and supervisory authorities,
for external risk assessment purposes.

Supervisors should perform stress test exercises themselves, avoiding reliance on banks’ internal
models (bottom up approach) for the calculation of losses, so as to speed up and simplify the process,
ensure an effective comparability of results across institutions on a level playing field and avoid any
moral hazard issues. The handiness of the top down approach described allows for them to do so,
keeping the analysis time and effort that is required at a reasonable level.

Furthermore, the stochastic approach proposed leads the way to a new bank specific approach for
setting SREP capital requirements, based on a common interval of confidence, a common minimum
capital ratio threshold, and a common standard quantitative modeling; thus, ensuring an effective
level playing field in the SREP risk to capital assessment.

In conclusion, the most relevant advantage of the simulative methodology that we propose is
that by considering the impacts that are related to an extremely high number of potential different
adverse future scenarios, it generates results expressed in probabilistic terms. This allows for us to
evaluate more efficaciously and in advance the overall riskiness of a bank within a more comprehensive
framework, thus making stress testing a truly effective tool in assessing banks’ financial fragility and
supporting timely capital adequacy decisions.
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Appendix A. Main Assumptions Adopted in the Stress Test Exercise

The stress test exercise performed has been developed exclusively as an exemplification for
illustrative purposes and does not represent to any extent a valuation on the capital adequacy of
the banks considered. Therefore, the assumptions described here below are intended solely for this
explanatory aim, must be considered as only one possible sensible set of assumptions and do not
by any means represent the only or the best implementation paradigm of the stochastic simulation
model proposed. For stress tests that more efficaciously measure financial fragility and default risk,
more evolved implementation paradigms can easily be adopted, using a broader and more accurate
set of data if available.

Number of Scenarios Simulated: For each simulation 30,000 trials were generated.
Stochastic Variable Distribution Functions: The figure below reports the assumptions adopted for
modeling the stochastic variable distribution functions. For many variables we adopted a standard
symmetric distribution modeled through Beta functions, with shape parameters (4, 4), in order to have
a definite domain of the functions. The modeling of variables made are through other asymmetric
functions is based on statistical analysis performed on the peer group sample or standard literature
modeling (i.e., PD). Some distribution functions were truncated (through a standard truncation
approach) in order to focus the simulation within a stressed range of values.

For each stochastic variable we report the kind of function, the Native Distribution Parameter
Setting, the method used for the parameter estimate, and the Truncated Distribution Parameter Setting
method (for those variables for which truncation function has been applied).
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Credit Risk Modeling:51 The defaulted credit flow in each period is determined as the product of the
expected default rate (PD) at the end of the period times the value of performing loans at the beginning
of the period, thus assuming that the new loans do not default during the period in which they have
been granted:

Defaulted Credit Flow t = PDt·Gross Performing Loant−1 (A1)

The NPL stock is determined as:

NPLt = NPLt−1 + Defaulted Credit Flowt + NPLt−1·(1−wt − rt − bt) (A2)

where w is the write-off rate, r the payment rate and b the NPL cure rate (recovery of exposures from
NPL to performing loans). Thus the “net adjustments for impairment on loans” is determined as:

Net Adjustments for Impairment on Loanst = Defaulted Credit Flow t·LGDt

+NPL t−1·(1−wt − rt − bt)·(LGDt − LGDt−1) + NPL t−1·bt·LGDt−1
(A3)

where LGD is the loss given default, which for the sake of simplicity is assumed equal for performing
and non-performing loans.52 The first addendum represents the impairments on new defaulted loans;
the second addendum represents the impairments on old defaulted loans due to a change in the
coverage of NPLs that occurs any time that occurs LGDt 6= LGDt−1; the third addendum represents
the release of provisions accumulated in the Reserve for Loan Losses, caused by a migration of some
NPLs back to a performing status and are determined according to the LGD of the previous period.

51 See (Foglia 2009; Schmieder et al. 2011; EBA 2011b, 2014b; Federal Reserve 2013a, 2013b, 2014; Carhill and Jones 2013;
Hirtle et al. 2016).

52 Of course, more sophisticated modeling may allow for differentiated LGDs.
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The loan losses reserve at the end of the period is then given by the reserve at the beginning of
the period, plus the net adjustments for impairment on loans, less the part of the reserve related to
loans written off during the period:53

Reserve for Loan Lossest = Reserve for Loan Lossest−1

+Net Adjustments for Impairment on Loanst −NPLt−1·wt
(A4)

Assuming that performing loans grow with a rate equal to g, we have:

Credit Growtht = Gross Performing Loant−1·gt (A5)

and so, the stock of performing loans at the end of each period is given by:

Gross Performing Loant = Gross Performing Loant−1 + Credit Growtht

−Defaulted Credit Flowt + NPLt·bt
(A6)

Interest income is determined on the basis of the average stock of gross performing loans,
assuming that all NPLs do not earn any interest income. Net loans are then determined as:

Net Total Loanst = Gross Performing Loant + NPLt − Reserve for Loan Lossest (A7)

The five variables: PD, LGD, w, r, g, are considered as stochastic variables and their distribution
functions are modeled according to the rules indicate in the figure above. For the sake of simplicity,
the cure rate b is set equal to zero.

Default Rate: To model default rate as a stochastic variable we used bank-specific data and benchmark
stressed parameters reported by Hardy and Schmieder (2013):

Table A1. Stress levels of default rates and LGDs for advance countries.

Scenario Normal Moderate Medium Severe Extreme

Default Rates/1 0.7% 1.7% 2.9% 5% 8.4%
Projected LGD 26% 30% 34% 41% 54%

Source: Hardy and Schmieder (2013, p. 21).

Since PD values were not available, to model default rates we adopted a rough proxy based on
the only publicly available data common to all banks. Default rates are given by the ratio between
defaulted credit flow at the end of the period and gross performing loans at the beginning of the
period. Since we do not have data for defaulted credit flow but only for NPL stock, we tried to obtain
a proxy of defaulted credit flow by dividing NPLs by the estimated average time taken to generate the
current stock of NPLs (NPL Generation Time), which we assumed to be equal to the number of years

53 Write-off on Loans is determined according to the stock of NPLs at the end of the previous period. We assume that only
accumulated impairments on NPLs are written off when they become definitive. This implies that impairments on loans
are correctly determined in each forecasting period according to a sound loss given default forecast; and that only loans
previously classified as non-performing can be written off. In other words, we assume to write-off from the gross value of
loans and from the reserve for loan losses only the share of NPLs already covered by provisions; while the remaining part
is assumed to be fully recovered through collections, according to the payment rate forecast. The amount recovered will
reduce only the gross value of loans and not the reserve for loan losses, since there are no provisions set aside for that share
of loans assumed to be recovered.
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necessary to accumulate the reserve for loan losses, that we calculated as the ratio between Reserve for
Loan Losses and the average impairment flow in the last five years, through the following formula:

NPL Generation Timet =
Reserve for Loan Lossest

∑5
i=t−4 Net Adjustment for Impairment Loansi

5

with t > 4 (A8)

Thus, the default rate [PD] is given by:

PDt =

(
NPLt

NPL Generation Timet

)
Gross Performing Loant−1

(A9)

Of course, we are well aware that the default rate estimated using the procedure outlined above
is a rough estimate of the real historical data, but it is the best simple proxy measure we were able
to work out given the limited data set available; the use of more accurate records would certainly
improve the meaningfulness of the results.

To define the distribution function of default rate we proceeded as follows:

• We adopted a Weibull function (1, 5) characterized by right tail; this is a typical widespread
modeling of the default rate distribution.

• We defined the native distribution function by setting the mean and maximum parameters; for the
entire stress test time horizon the mean is given for each bank by the average of default rate
estimates from the last 5 years, and the maximum is set for all banks at 8.4%, which corresponds
to the default rate associated in advanced countries with an extremely severe adverse scenario in
Hardy and Schmieder benchmarks.

• We truncated the native function. The minimum truncation has been set for all banks at 0.7%
in the Stress[−] simulation, which corresponds to a “normal” scenario in Hardy and Schmieder
benchmarks; and to 1.7% in the Stress[+] simulation, which corresponds to a “moderately” adverse
scenario in Hardy and Schmieder benchmarks. The maximum truncation has been determined for
each bank by adding to the bank’s mean value of the native function a stress impact determined on
the basis of the benchmark default rate increase realized by switching to a more adverse scenario.
This method of modeling default rate extreme values allows us to calibrate the distribution
function according to the specific bank’s risk level (i.e., banks with a higher average default rate
have a higher maximum truncated default rate). Therefore, to determine the maximum truncation
in the Stress[−] simulation we added to the bank’s mean the difference between the “severe”
scenario (5%) and the “normal” scenario (0.7%) from Hardy and Schmieder benchmarks, or:

maximum Stress[−] = Bank’s Average5yrs + 4.3%

In the Stress[+] simulation we added to the bank’s mean the difference between the “extreme”
scenario (8.4%) and the “moderate” scenario (1.7%) of Hardy and Schmieder benchmarks, or:

maximum Stress[+] = Bank’s Average5yrs + 6.7%

For an example of the truncation process of PD distribution function see Appendix B.

LGD (Loss Given Default): LGD distribution functions have been modeled using Hardy and
Schmieder benchmarks (see Table A1) in the following way:

• We adopted a symmetrical Beta function (4, 4).
• We defined the distribution function by setting the minimum and maximum parameters; for the

entire stress test time horizon and for all banks, in the Stress[−] simulation we set the minimum at
26%, which corresponds to the LGD benchmark associated in advanced countries (see Table A1)
with a normal scenario; the maximum is set to 41%, which corresponds to the LGD benchmarks
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associated in advanced countries with a severe adverse scenario. In the Stress[+] simulation we
set the minimum to 30%, which corresponds to the LGD benchmarks associated in advanced
countries with a moderate scenario; the maximum is set to 54%, which corresponds to the LGD
benchmarks associated in advanced countries with a extreme adverse scenario.

NPLs Write-off and Payment Rate: The distribution functions of the NPLs write-off rate and NPLs
payments rate are both defined by setting the minimum and maximum parameters; these parameters
are set for all banks equal to the corresponding minimum and maximum recorded within a sample of
G-SIB peer banks.

Market and Counterparty Risk: We model market risk and counterparty risk jointly since they
are both connected to the stock of financial assets. These risk factors are managed through the
“Net Financial and Trading Income” variable, determined as rate of return on the stock of financial
assets. The stochastic variable has been modeled through a logistic function; which was estimated
through an empirical statistical analysis based on the banks’ peer group sample indicated in Section 4.
The distribution function is defined by its minimum and mean parameters held constant through the
entire forecast time period; the mean has been set for each bank according to its average value from
the latest five years’ records, and the minimum54 has been set for all banks at −4.26%, representing
the first percentile of records within a bank peer group sample from the last 5 years. The distribution
function has been truncated; the minimum truncation has been determined as the difference between
the mean of the native function and mean deviations determined within the bank peer group sample,
we considered 2 mean deviations in Stress[−] and 3 mean deviations in Stress[+]. The maximum
truncation has been set for each bank according to its best record over the last 5 years. For an example
of the truncation process of Net Financial and Trading Income distribution function see Appendix B.

Risk Weighted Assets: Risk Weighted Assets have been determined as risk weighted factors or
[RW = Risk Weighted Assets/Net Risk Asset] and modeled through a Beta function (4, 4) defined
by setting its minimum and maximum parameters. It is assumed that the min/max range will grow
according to an exponential stochastic pattern, starting in 2014 with the following min/max values:

RW(min)2014 = RW2013

RW(max)2014 = RW2013 + ∆RW

And ending in 2016 with the following min/max values:

RW(min)2016 = RW(max)2014

RW(max)2016 = RW(max)2014 + ∆RW

where RW2013 is given by the latest risk weighted factor available and ∆RW represents the increase in
the risk weighted factor and is obtained through the following function:

∆RW =



5% if RW2013 < 20%
4% if 20% > RW2013 < 30%
3% if 30% > RW2013 < 40%
2% if 40% > RW2013 < 50%
1% if RW2013 > 50%

(A10)

54 Since the logistic distribution function does not have, a defined domain, we considered as minimum the first percentile of
the distribution function.



Risks 2018, 6, 82 40 of 54

Dividend/Capital Retention Policy: Dividend payments and capital retention are determined
endogenously by the forecasting model through the rules indicated in Section 3, and thus depend on
the target capital ratio (the higher the target capital ratio, the higher the capital retention rate during
the simulation time horizon). To set the target capital ratio, we consider an indicative threshold of 12%,
given by a comprehensive G-SIB Basel III threshold for common equity tier 1 including: minimum
requirement 4.5%; capital conservation buffer 2.5%; maximum countercyclical capital buffer 2.5%;
maximum G-SIB capital buffer 2.5%. For all those banks that reported in their latest financial statement
(2013) a capital ratio higher than 12%, we set the target ratio equal to the latest record reported and
held it constant through the entire forecast period; for those banks that reported in their latest financial
statement (2013) a capital ratio lower than 12%, we set the target ratio equal to the latest record reported
and increased it linearly up to 12% during the three forecast periods.

Deterministic Variables: All other non-stochastic variables have been assumed as equal to the
corresponding value reported in the latest financial statement record (2013), with the exception
of financial liabilities, which are determined endogenously by the forecasting model on the basis of the
rules indicated in Section 3. The Figure A2 below reports the assumptions adopted.Risks 2018, 6, 82 38 of 51 
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Figure A2. Deterministic variables: modeling & assumptions.

Correlation Matrix: The Figure A3 below shows the Correlation Matrix assumptions adopted. Most of
the correlation coefficients are based on historical cross-section empirical analysis, derived from
2007–2012 data, a period characterized by severe stress for the banking industry (Spearman Rank
Correlation has been used as correlation measure). The remaining correlation coefficients have been
set according to theoretical assumptions aimed at replicating interdependence relationships under
stress conditions. The qualitative classification reported in the boxes adopts the following conventional
values: very large = 0.7, large = 0.5, medium = 0.3, small = 0.2.55

55 See Cohen (1988).
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Figure A3. Correlations assumptions.

Data Source and Processing: Bloomberg: historical financial statement data, consensus forecast on GDP.
Banks’ financial statement report (Pillar 3 section): regulatory requirement data set. Data elaboration and
stochastic simulations have been processed by value.Bank, software application available on Bloomberg
terminal (APPS VBANK <GO>).
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ING BANK (EUR) 11.72% 7.75% 8.84% 9.44% 3.97% 2.68% 3.07% 3.30% 7,302 9,247 10,488 119,967

GROUPE BPCE (EUR) 11.37% 8.74% 9.43% 9.86% 4.10% 3.40% 3.64% 3.78% 5,844 7,427 8,474 9,516

HSBC HOLDINGS PLC (USD) 13.60% 11.94% 12.58% 12.94% 5.65% 5.11% 5.38% 5.53% 8,595 12,950 15,734 18,815

NORDEA BANK AB (EUR) 14.88% 10.80% 11.65% 12.18% 4.14% 3.40% 3.62% 3.76% 3,507 4,360 4,944 5,522

BANK OF AMERICA CORP (USD) 11.19% 9.73% 10.24% 10.54% 4.96% 4.41% 4.65% 4.78% 10,138 14,411 17,118 20,176

CITIGROUP INC (USD) 12.60% 11.18% 11.68% 11.99% 6.46% 6.00% 6.22% 6.35% 7,433 10,883 13,003 15,597

JPMORGAN CHASE & CO (USD) 10.70% 9.52% 9.92% 10.16% 4.21% 3.94% 4.09% 4.18% 5,015 8,325 10,598 12,741

CBU MEDIAN 11.65% 9.89% 10.42% 10.73% 4.57% 3.81% 4.07% 4.22%

ROYAL BANK OF SCOTLAND GROUP (GBP) 10.90% 7.80% 8.52% 8.91% 4.46% 3.44% 3.72% 3.87% 8,078 9,800 10,950 12,058

BANK OF NEW YORK MELLON CORP (USD) 14.51% 12.06% 12.98% 13.49% 3.78% 3.22% 3.51% 3.68% 1,003 1,639 2,037 2,496

STATE STREET CORP (USD) 15.50% 13.72% 14.60% 15.03% 5.19% 4.78% 5.11% 5.25% 208 643 940 1,247

SOCIETE GENERALE (EUR) 11.27% 7.24% 8.01% 8.50% 3.44% 2.22% 2.43% 2.56% 8,185 9,781 10,781 11,949

BNP PARIBAS (EUR) 11.36% 9.27% 9.84% 10.19% 3.71% 3.35% 3.53% 3.64% 5,777 7,694 9,008 10,344

CREDIT AGRICOLE SA (EUR) 9.95% 4.67% 5.45% 5.93% 1.64% 0.74% 0.91% 1.01% 11,697 13,264 14,229 15,312

BARCLAYS PLC (GBP) 13.19% 8.57% 9.41% 9.92% 3.50% 2.40% 2.62% 2.74% 11,832 13,553 14,726 15,789

DEUTSCHE BANK AG-REGISTERED (EUR) 11.01% 5.46% 6.19% 6.63% 2.55% 1.48% 1.65% 1.75% 14,585 16,261 17,328 18,418

CREDIT SUISSE GROUP AG-REG (CHF) 15.97% 12.73% 13.28% 13.60% 3.93% 3.15% 3.32% 3.41% 5,439 6,306 6,888 7,426

UBS AG-REG (CHF) 18.45% 11.14% 12.02% 12.55% 4.16% 2.77% 2.98% 3.10% 11,969 13,235 14,053 14,929

IBU MEDIAN 12.28% 8.92% 9.63% 10.06% 3.75% 2.96% 3.15% 3.26%

MORGAN STANLEY (USD) 12.80% 8.01% 8.55% 8.89% 3.54% 2.49% 2.64% 2.73% 13,566 14,838 15,600 16,472

GOLDMAN SACHS GROUP INC (USD) 14.60% 12.31% 12.79% 13.10% 4.80% 4.32% 4.47% 4.57% 4,765 6,036 6,890 7,668

IB MEDIAN 13.70% 10.16% 10.67% 11.00% 4.17% 3.41% 3.56% 3.65%

11.37% 9.73% 10.22% 10.37% 4.16% 3.51% 3.72% 3.87%

1% Perc. 5% Perc. 10% Perc. 1% Perc. 5% Perc. 10% Perc. Var (95%) Shortfall (95%) Var (99%) Shortfall (99%)

WELLS FARGO & CO (USD) 10.82% 10.10% 10.79% 11.06% 8.00% 7.53% 8.04% 8.23% 1,682 6,704 9,932 13,424

ICBC CHINA (CNY) 10.57% 9.89% 10.52% 10.82% 6.69% 6.33% 6.72% 6.91% 15,908 61,160 90,560 121,737

BANK OF CHINA LTD-H (CNY) 9.69% 8.68% 9.28% 9.59% 6.62% 5.99% 6.39% 6.61% 50,452 85,003 107,057 131,776

SUMITOMO MITSUI FINANCIAL GR (JPY) 10.63% 6.80% 7.56% 8.01% 4.02% 2.68% 2.98% 3.16% 1,752,924 2,037,955 2,229,965 2,393,888

STANDARD CHARTERED PLC (USD) 11.77% 10.00% 10.77% 11.24% 5.79% 5.06% 5.44% 5.66% 2,885 4,423 5,455 6,552

MITSUBISHI UFJ FINANCIAL GRO (JNY) 11.25% 7.80% 8.26% 8.66% 4.36% 3.08% 3.30% 3.51% 2,695,886 3,112,551 3,385,858 3,667,573

MIZUHO FINANCIAL GROUP INC (JNY) 8.79% 4.00% 4.75% 5.20% 3.20% 1.64% 1.90% 2.06% 2,320,381 2,607,813 2,795,297 2,983,956

CB MEDIAN 10.63% 8.68% 9.28% 9.59% 5.79% 5.06% 5.44% 5.66%

BANCO SANTANDER SA (EUR) 11.71% 7.85% 9.02% 9.69% 4.07% 2.42% 2.95% 3.27% 12,459 16,108 18,483 21,097

BANCO BILBAO VIZCAYA ARGENTA (EUR) 11.59% 8.32% 9.25% 9.76% 6.20% 4.41% 4.94% 5.23% 8,010 9,905 11,146 12,501

UNICREDIT SPA (EUR) 9.60% 5.00% 6.17% 6.81% 4.93% 2.65% 3.24% 3.57% 15,076 18,081 20,024 22,093

ING BANK (EUR) 11.72% 4.31% 6.11% 6.99% 3.97% 1.38% 2.05% 2.38% 15,382 18,474 20,637 22,704

GROUPE BPCE (EUR) 11.37% 6.29% 7.37% 8.02% 4.10% 2.55% 2.92% 3.14% 13,927 16,452 18,072 19,784

HSBC HOLDINGS PLC (USD) 13.60% 10.20% 11.19% 11.73% 5.65% 4.37% 4.78% 5.00% 24,688 31,503 35,800 41,000

NORDEA BANK AB (EUR) 14.88% 7.12% 8.63% 9.47% 4.14% 2.40% 2.79% 3.02% 8,757 10,272 11,217 12,315

BANK OF AMERICA CORP (USD) 11.19% 8.34% 9.11% 9.52% 4.96% 3.77% 4.12% 4.31% 25,867 32,026 35,859 40,800

CITIGROUP INC (USD) 12.60% 9.49% 10.30% 10.75% 6.46% 5.27% 5.62% 5.81% 23,114 28,685 32,286 36,317

JPMORGAN CHASE & CO (USD) 10.70% 7.93% 8.57% 8.95% 4.21% 3.28% 3.54% 3.68% 25,068 30,618 34,372 38,127

CBU MEDIAN 11.65% 7.89% 8.83% 9.50% 4.57% 2.97% 3.39% 3.63%

ROYAL BANK OF SCOTLAND GROUP (GBP) 10.90% 5.66% 6.66% 7.38% 4.46% 2.58% 3.02% 3.26% 15,163 17,897 19,675 21,737

BANK OF NEW YORK MELLON CORP (USD) 14.51% 9.57% 10.93% 11.71% 3.78% 2.37% 2.82% 3.08% 3,484 4,449 5,064 5,770

STATE STREET CORP (USD) 15.50% 11.70% 12.99% 13.73% 5.19% 4.01% 4.49% 4.77% 1,580 2,228 2,654 3,085

SOCIETE GENERALE (EUR) 11.27% 4.58% 5.83% 6.53% 3.44% 1.47% 1.82% 2.01% 15,717 18,183 19,932 21,741

BNP PARIBAS (EUR) 11.36% 6.01% 7.21% 7.82% 3.71% 2.27% 2.66% 2.82% 21,639 25,723 28,550 31,774

CREDIT AGRICOLE SA (EUR) 9.95% 2.25% 3.46% 4.20% 1.64% 0.18% 0.45% 0.62% 18,563 21,044 22,601 24,344

BARCLAYS PLC (GBP) 13.19% 6.15% 7.46% 8.15% 3.50% 1.69% 2.04% 2.24% 19,304 22,129 23,973 26,040

DEUTSCHE BANK AG-REGISTERED (EUR) 11.01% 2.76% 3.90% 4.57% 2.55% 0.82% 1.09% 1.25% 23,550 26,220 27,887 29,687

CREDIT SUISSE GROUP AG-REG (CHF) 15.97% 10.65% 11.46% 11.93% 3.93% 2.43% 2.70% 2.85% 10,855 12,299 13,185 14,245

UBS AG-REG (CHF) 18.45% 8.27% 9.64% 10.40% 4.16% 2.04% 2.38% 2.56% 18,065 20,092 21,465 22,871

IBU MEDIAN 12.28% 6.08% 7.34% 7.99% 3.75% 2.16% 2.52% 2.69%

MORGAN STANLEY (USD) 12.80% 5.93% 6.69% 7.20% 3.54% 1.89% 2.10% 2.14% 20,732 22,344 23,367 24,380

GOLDMAN SACHS GROUP INC (USD) 14.60% 10.39% 11.08% 11.54% 4.80% 3.69% 3.90% 4.05% 12,682 14,528 15,622 16,899

IB MEDIAN 13.70% 8.16% 8.89% 9.37% 4.17% 2.79% 3.00% 3.10%

11.37% 7.85% 8.63% 9.47% 4.16% 2.58% 2.98% 3.26%
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Figure A5. 2014 Stress test exercise: capital adequacy and economic capital.
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Figure A6. 2014 Stress test exercise: credit/market cumulative losses and funding shortfall. 

99% Perc. 95% Perc. 90% Perc. 99% Perc. 95% Perc. 90% Perc. 99% Perc. 95% Perc. 90% Perc. 99% Perc. 95% Perc. 90% Perc.

WELLS FARGO & CO (USD) 17,796 15,254 13,449 2,842 2,480 2,037 15,138 7,265 2,771 9.84% 4.72% 1.80%

ICBC CHINA (CNY) 164,161 145,579 131,961 91,505 86,836 81,073 235,679 132,809 77,963 18.50% 10.42% 6.12%

BANK OF CHINA LTD-H (CNY) 123,505 110,062 100,246 51,599 46,932 41,733 61,143 -9,587 -50,376 6.62% -1.04% -5.45%

SUMITOMO MITSUI FINANCIAL GR (JPY) 1,203,711 1,070,651 971,023 383,047 338,819 283,587 2,450,874 1,578,374 1,104,935 33.66% 21.68% 15.18%

STANDARD CHARTERED PLC (USD) 5,490 4,767 4,245 137 0 0 7,760 4,378 2,552 17.34% 9.78% 5.70%

MITSUBISHI UFJ FINANCIAL GRO (JNY) 1,663,028 1,480,793 1,346,726 836,003 759,432 664,099 3,993,110 2,581,781 1,896,248 31.50% 20.37% 14.96%

MIZUHO FINANCIAL GROUP INC (JNY) 1,120,984 1,004,428 917,285 599,506 550,415 487,750 3,097,449 2,151,692 1,682,091 50.38% 35.00% 27.36%

CB MEDIAN 18.50% 10.42% 6.12%

BANCO SANTANDER SA (EUR) 15,700 12,902 11,194 1,315 1,076 785 22,136 12,636 7,851 31.36% 17.90% 11.12%

BANCO BILBAO VIZCAYA ARGENTA (EUR) 7,919 6,508 5,667 293 155 0 3,416 766 -676 8.04% 1.80% -1.59%

UNICREDIT SPA (EUR) 12,378 9,920 8,505 1,423 1,169 865 686 -3,430 -4,812 1.46% -7.32% -10.27%

ING BANK (EUR) 9,415 8,222 7,358 1,884 1,709 1,504 9,856 5,204 2,923 30.04% 15.86% 8.91%

GROUPE BPCE (EUR) 12,208 10,419 9,169 3,194 2,940 2,622 6,773 1,965 -527 13.19% 3.83% -1.03%

HSBC HOLDINGS PLC (USD) 23,493 19,550 16,927 7,700 6,718 5,475 30,762 17,433 10,476 17.17% 9.73% 5.85%

NORDEA BANK AB (EUR) 6,094 5,345 4,801 1,100 932 721 5,026 2,652 1,334 17.21% 9.08% 4.57%

BANK OF AMERICA CORP (USD) 20,004 17,102 15,012 6,220 4,995 3,545 36,321 20,836 12,954 16.56% 9.50% 5.91%

CITIGROUP INC (USD) 14,911 12,852 11,256 13,119 12,075 10,800 34,998 20,711 14,128 17.71% 10.48% 7.15%

JPMORGAN CHASE & CO (USD) 14,202 12,458 11,098 17,904 16,495 14,562 114,149 94,087 83,912 57.07% 47.04% 41.95%

CBU MEDIAN 17.19% 9.61% 5.88%

ROYAL BANK OF SCOTLAND GROUP (GBP) 10,768 8,641 7,445 3,707 3,369 2,954 9,079 4,240 1,735 15.73% 7.35% 3.01%

BANK OF NEW YORK MELLON CORP (USD) 833 743 675 1,474 1,312 1,119 7,400 5,114 3,902 20.58% 14.22% 10.85%

STATE STREET CORP (USD) 211 189 172 1,825 1,726 1,603 -8,070 -9,761 -10,612 -40.58% -49.08% -53.36%

SOCIETE GENERALE (EUR) 7,683 6,405 5,584 4,605 4,101 3,457 13,445 7,724 4,939 30.31% 17.41% 11.13%

BNP PARIBAS (EUR) 9,498 7,387 6,043 6,279 5,662 4,975 18,992 10,615 6,724 23.45% 13.11% 8.30%

CREDIT AGRICOLE SA (EUR) 6,375 5,427 4,775 8,665 7,994 7,167 23,860 16,594 12,755 59.27% 41.22% 31.68%

BARCLAYS PLC (GBP) 10,745 8,956 7,722 3,653 3,159 2,563 20,412 13,794 10,557 38.28% 25.87% 19.80%

DEUTSCHE BANK AG-REGISTERED (EUR) 7,232 6,251 5,568 7,766 7,066 6,224 26,668 19,060 15,270 48.74% 34.83% 27.91%

CREDIT SUISSE GROUP AG-REG (CHF) 3,947 3,504 3,170 2,181 1,856 1,453 14,074 9,418 7,110 33.38% 22.34% 16.86%

UBS AG-REG (CHF) 5,873 5,092 4,500 4,158 3,712 3,174 12,360 7,150 4,340 25.75% 14.90% 9.04%

IBU MEDIAN 28.03% 16.15% 10.99%

MORGAN STANLEY (USD) 883 792 725 5,434 4,682 3,723 34,148 24,460 20,043 54.46% 39.01% 31.97%

GOLDMAN SACHS GROUP INC (USD) 1,750 1,574 1,434 0 0 0 24,235 15,675 11,589 34.01% 21.99% 16.26%

IB MEDIAN 44.23% 30.50% 24.11%

23.45% 14.22% 8.91%

99% Perc. 95% Perc. 90% Perc. 99% Perc. 95% Perc. 90% Perc. 99% Perc. 95% Perc. 90% Perc. 99% Perc. 95% Perc. 90% Perc.

WELLS FARGO & CO (USD) 30,912 25,369 21,882 6,069 5,466 4,717 11,559 3,026 -1,543 7.51% 1.97% -1.00%

ICBC CHINA (CNY) 323,966 279,800 249,840 137,323 126,308 113,157 179,855 76,330 17,473 14.12% 5.99% 1.37%

BANK OF CHINA LTD-H (CNY) 241,008 207,713 184,581 76,145 65,871 57,084 38,766 -35,519 -77,019 4.20% -3.84% -8.34%

SUMITOMO MITSUI FINANCIAL GR (JPY) 2,279,931 1,969,660 1,743,952 790,398 714,057 627,572 2,724,642 1,823,507 1,333,581 37.42% 25.04% 18.32%

STANDARD CHARTERED PLC (USD) 10,089 8,455 7,407 2,021 1,585 1,098 6,233 2,958 1,151 13.93% 6.61% 2.57%

MITSUBISHI UFJ FINANCIAL GRO (JNY) 3,269,261 2,834,778 2,537,324 1,554,708 1,417,518 1,259,505 4,362,871 2,940,633 2,190,727 34.42% 23.20% 17.28%

MIZUHO FINANCIAL GROUP INC (JNY) 2,203,964 1,923,082 1,713,044 1,097,948 1,007,148 902,140 3,604,416 2,629,596 2,108,986 58.63% 42.77% 34.30%

CB MEDIAN 14.12% 6.61% 2.57%

BANCO SANTANDER SA (EUR) 26,141 20,855 17,791 3,300 2,908 2,457 21,601 12,056 7,189 30.60% 17.08% 10.18%

BANCO BILBAO VIZCAYA ARGENTA (EUR) 13,031 10,222 8,714 1,471 1,250 972 3,245 704 -758 7.64% 1.66% -1.78%

UNICREDIT SPA (EUR) 20,255 15,637 13,317 3,092 2,689 2,226 1,799 -2,416 -4,904 3.84% -5.16% -10.47%

ING BANK (EUR) 17,402 14,621 12,895 3,226 2,926 2,568 12,212 7,085 4,434 37.23% 21.60% 13.52%

GROUPE BPCE (EUR) 19,617 16,667 14,705 6,063 5,583 5,017 8,680 3,313 573 16.91% 6.45% 1.12%

HSBC HOLDINGS PLC (USD) 38,612 30,898 26,171 16,057 14,359 12,418 32,027 17,594 10,206 17.87% 9.82% 5.70%

NORDEA BANK AB (EUR) 11,443 9,754 8,641 2,497 2,218 1,885 6,094 3,622 2,180 20.86% 12.40% 7.46%

BANK OF AMERICA CORP (USD) 32,922 26,712 23,026 15,484 13,421 11,125 39,160 23,215 14,688 17.85% 10.58% 6.70%

CITIGROUP INC (USD) 25,503 20,754 17,932 22,666 20,781 18,564 38,644 23,633 16,489 19.56% 11.96% 8.34%

JPMORGAN CHASE & CO (USD) 25,779 21,624 18,882 31,797 29,232 26,068 118,926 97,825 88,164 59.46% 48.91% 44.08%

CBU MEDIAN 18.72% 11.27% 7.08%

ROYAL BANK OF SCOTLAND GROUP (GBP) 16 13 11 6,935 6,340 5,634 9,154 4,190 1,560 15.86% 7.26% 2.70%

BANK OF NEW YORK MELLON CORP (USD) 1,626 1,415 1,267 2,908 2,635 2,327 8,502 5,828 4,510 23.64% 16.21% 12.54%

STATE STREET CORP (USD) 415 363 326 2,711 2,531 2,316 -7,714 -9,480 -10,338 -38.79% -47.67% -51.98%

SOCIETE GENERALE (EUR) 13,368 10,828 9,372 8,849 7,958 6,954 16,872 11,281 8,302 38.04% 25.43% 18.72%

BNP PARIBAS (EUR) 25,071 19,697 16,742 11,905 10,835 9,615 20,141 12,475 8,241 24.87% 15.41% 10.18%

CREDIT AGRICOLE SA (EUR) 11,424 9,339 8,038 14,517 13,323 11,980 26,953 18,910 14,923 66.95% 46.97% 37.07%

BARCLAYS PLC (GBP) 17,070 13,278 11,290 8,253 7,434 6,461 23,788 17,175 13,672 44.61% 32.21% 25.64%

DEUTSCHE BANK AG-REGISTERED (EUR) 13,150 11,016 9,687 13,624 12,418 11,099 30,909 22,808 18,700 56.49% 41.68% 34.17%

CREDIT SUISSE GROUP AG-REG (CHF) 7,863 6,811 6,070 4,953 4,371 3,740 16,061 11,344 8,842 38.09% 26.90% 20.97%

UBS AG-REG (CHF) 10,369 8,542 7,409 7,794 7,018 6,104 15,807 10,400 7,281 32.93% 21.67% 15.17%

IBU MEDIAN 35.48% 23.55% 16.94%

MORGAN STANLEY (USD) 1,755 1,534 1,372 12,650 11,353 9,867 39,479 29,342 24,574 62.96% 46.80% 39.19%

GOLDMAN SACHS GROUP INC (USD) 3,470 3,053 2,733 5,687 4,424 2,870 27,425 18,497 14,251 38.48% 25.95% 20.00%

IB MEDIAN 50.72% 36.38% 29.59%

24.87% 16.21% 10.18%
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Figure A6. 2014 Stress test exercise: credit/market cumulative losses and funding shortfall.
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Figure A7. 2015 Stress test exercise: capital adequacy and economic capital. 

  

1% Perc. 5% Perc. 10% Perc. 1% Perc. 5% Perc. 10% Perc. Var (95%) Shortfall (95%) Var (99%) Shortfall (99%)

WELLS FARGO & CO (USD) 10.82% 11.61% 11.61% 11.61% 8.00% 8.62% 8.63% 8.63% 0 0 0 0

ICBC CHINA (CNY) 10.57% 11.52% 11.52% 11.52% 6.69% 7.33% 7.34% 7.35% 0 0 0 0

BANK OF CHINA LTD-H (CNY) 9.69% 10.58% 10.88% 11.05% 6.62% 7.21% 7.51% 7.63% 0 51 0 254

SUMITOMO MITSUI FINANCIAL GR (JPY) 10.63% 8.27% 8.88% 9.22% 4.02% 3.32% 3.56% 3.69% 825,584 1,091,891 1,223,781 1,404,094

STANDARD CHARTERED PLC (USD) 11.77% 11.85% 11.92% 11.92% 5.79% 5.94% 5.96% 5.98% 0 3 0 16

MITSUBISHI UFJ FINANCIAL GRO (JNY) 11.25% 8.59% 9.22% 9.57% 4.36% 3.54% 3.79% 3.93% 1,589,455 1,985,507 2,242,122 2,556,643

MIZUHO FINANCIAL GROUP INC (JNY) 8.79% 4.84% 5.53% 5.94% 3.20% 1.96% 2.22% 2.36% 1,780,288 2,057,379 2,229,262 2,426,801

CB MEDIAN 10.63% 10.58% 10.88% 11.05% 5.79% 5.94% 5.96% 5.98%

BANCO SANTANDER SA (EUR) 11.71% 9.94% 10.68% 11.06% 4.07% 3.44% 3.78% 3.95% 2,195 4,877 6,631 8,721

BANCO BILBAO VIZCAYA ARGENTA (EUR) 11.59% 9.64% 10.35% 10.73% 6.20% 5.17% 5.58% 5.79% 4,402 5,984 6,995 8,199

UNICREDIT SPA (EUR) 9.60% 6.06% 7.08% 7.61% 4.93% 3.20% 3.72% 3.99% 11,528 14,113 15,826 17,259

ING BANK (EUR) 11.72% 5.20% 7.06% 8.05% 3.97% 1.74% 2.44% 2.82% 12,472 15,672 17,808 20,164

GROUPE BPCE (EUR) 11.37% 7.88% 8.91% 9.44% 4.10% 3.15% 3.51% 3.69% 7,707 10,161 11,712 13,750

HSBC HOLDINGS PLC (USD) 13.60% 11.63% 12.43% 12.83% 5.65% 5.02% 5.36% 5.53% 8,442 14,739 18,771 24,468

NORDEA BANK AB (EUR) 14.88% 9.30% 10.61% 11.32% 4.14% 3.06% 3.42% 3.61% 4,949 6,321 7,265 8,320

BANK OF AMERICA CORP (USD) 11.19% 9.25% 10.04% 10.43% 4.96% 4.23% 4.59% 4.77% 12,333 19,058 23,251 28,463

CITIGROUP INC (USD) 12.60% 10.83% 11.52% 11.88% 6.46% 5.89% 6.19% 6.35% 7,340 12,731 16,227 20,617

JPMORGAN CHASE & CO (USD) 10.70% 9.45% 10.06% 10.36% 4.21% 3.94% 4.19% 4.30% 1,785 7,379 10,988 15,365

CBU MEDIAN 11.65% 9.38% 10.21% 10.58% 4.57% 3.69% 3.99% 4.15%

ROYAL BANK OF SCOTLAND GROUP (GBP) 10.90% 6.60% 7.58% 8.12% 4.46% 2.99% 3.39% 3.60% 11,732 14,183 15,837 17,596

BANK OF NEW YORK MELLON CORP (USD) 14.51% 11.44% 12.70% 13.32% 3.78% 3.06% 3.48% 3.69% 992 1,975 2,637 3,376

STATE STREET CORP (USD) 15.50% 13.57% 14.63% 15.16% 5.19% 4.80% 5.19% 5.35% 0 442 821 1,337

SOCIETE GENERALE (EUR) 11.27% 5.54% 6.80% 7.45% 3.44% 1.78% 2.14% 2.32% 11,845 14,476 16,240 18,249

BNP PARIBAS (EUR) 11.36% 8.29% 9.08% 9.48% 3.71% 3.08% 3.33% 3.46% 9,658 12,652 14,457 16,852

CREDIT AGRICOLE SA (EUR) 9.95% 1.96% 3.21% 3.95% 1.64% 0.13% 0.43% 0.60% 18,965 21,635 23,415 25,326

BARCLAYS PLC (GBP) 13.19% 6.46% 7.69% 8.37% 3.50% 1.75% 2.08% 2.26% 18,967 21,629 23,301 25,390

DEUTSCHE BANK AG-REGISTERED (EUR) 11.01% 2.40% 3.55% 4.25% 2.55% 0.75% 1.03% 1.20% 24,527 27,316 29,077 31,101

CREDIT SUISSE GROUP AG-REG (CHF) 15.97% 11.19% 12.03% 12.51% 3.93% 3.15% 3.32% 3.41% 8,701 10,208 11,149 12,310

UBS AG-REG (CHF) 18.45% 7.02% 8.39% 9.18% 4.16% 1.77% 2.12% 2.32% 20,643 22,800 24,187 25,783

IBU MEDIAN 12.28% 6.81% 8.04% 8.78% 3.75% 2.39% 2.73% 2.87%

MORGAN STANLEY (USD) 12.80% 5.24% 6.23% 6.85% 3.54% 1.74% 2.01% 2.19% 22,872 25,438 27,031 28,768

GOLDMAN SACHS GROUP INC (USD) 14.60% 11.58% 12.44% 12.88% 4.80% 4.14% 4.42% 4.56% 5,458 7,914 9,490 11,201

IB MEDIAN 13.70% 8.41% 9.34% 9.87% 4.17% 2.94% 3.22% 3.38%

11.37% 9.25% 10.04% 10.36% 4.16% 3.20% 3.56% 3.69%

1% Perc. 5% Perc. 10% Perc. 1% Perc. 5% Perc. 10% Perc. Var (95%) Shortfall (95%) Var (99%) Shortfall (99%)

WELLS FARGO & CO (USD) 10.82% 10.28% 11.02% 11.38% 8.00% 7.68% 8.23% 8.49% 0 4,281 7,718 12,672

ICBC CHINA (CNY) 10.57% 10.14% 10.87% 11.23% 6.69% 6.50% 6.97% 7.20% 0 29,233 55,002 109,125

BANK OF CHINA LTD-H (CNY) 9.69% 8.52% 9.36% 9.78% 6.62% 5.89% 6.47% 6.75% 49,862 99,720 131,259 173,156

SUMITOMO MITSUI FINANCIAL GR (JPY) 10.63% 4.84% 6.02% 6.65% 4.02% 1.92% 2.39% 2.65% 2,714,669 3,168,049 3,478,569 3,792,349

STANDARD CHARTERED PLC (USD) 11.77% 9.72% 10.67% 11.17% 5.79% 4.96% 5.43% 5.68% 2,432 4,691 6,150 7,866

MITSUBISHI UFJ FINANCIAL GRO (JNY) 11.25% 5.57% 6.62% 7.17% 4.36% 2.30% 2.73% 2.95% 4,353,744 5,007,491 5,460,550 5,954,724

MIZUHO FINANCIAL GROUP INC (JNY) 8.79% 1.07% 2.28% 2.92% 3.20% 0.58% 1.02% 1.25% 3,862,941 4,323,813 4,628,843 4,967,534

CB MEDIAN 10.63% 8.52% 9.36% 9.78% 5.79% 4.96% 5.43% 5.68%

BANCO SANTANDER SA (EUR) 11.71% 6.33% 7.91% 8.75% 4.07% 1.72% 2.48% 2.87% 17,396 22,518 25,818 30,162

BANCO BILBAO VIZCAYA ARGENTA (EUR) 11.59% 6.88% 8.16% 8.85% 6.20% 3.60% 4.32% 4.72% 11,835 14,451 16,036 18,115

UNICREDIT SPA (EUR) 9.60% 2.99% 4.57% 5.38% 4.93% 1.63% 2.43% 2.85% 22,150 26,083 28,547 31,713

ING BANK (EUR) 11.72% -0.62% 2.00% 3.47% 3.97% -0.49% 0.51% 1.06% 27,339 31,996 34,932 38,620

GROUPE BPCE (EUR) 11.37% 3.72% 5.46% 6.31% 4.10% 1.69% 2.29% 2.59% 21,312 25,261 27,900 30,818

HSBC HOLDINGS PLC (USD) 13.60% 8.80% 10.26% 10.95% 5.65% 3.80% 4.42% 4.72% 34,775 45,127 51,700 59,479

NORDEA BANK AB (EUR) 14.88% 3.15% 5.43% 6.64% 4.14% 1.34% 1.98% 2.31% 13,973 16,322 17,852 19,610

BANK OF AMERICA CORP (USD) 11.19% 6.60% 8.03% 8.67% 4.96% 3.13% 3.65% 3.95% 40,137 49,717 55,808 63,301

CITIGROUP INC (USD) 12.60% 8.04% 9.24% 9.92% 6.46% 4.67% 5.20% 5.49% 34,635 43,381 48,506 55,883

JPMORGAN CHASE & CO (USD) 10.70% 6.83% 7.84% 8.40% 4.21% 2.86% 3.27% 3.49% 35,243 44,341 49,772 57,256

CBU MEDIAN 11.65% 6.47% 7.88% 8.54% 4.57% 2.29% 2.88% 3.18%

ROYAL BANK OF SCOTLAND GROUP (GBP) 10.90% 3.31% 4.74% 5.52% 4.46% 1.67% 2.25% 2.55% 23,157 26,794 28,908 32,174

BANK OF NEW YORK MELLON CORP (USD) 14.51% 7.38% 9.45% 10.54% 3.78% 1.66% 2.38% 2.74% 5,040 6,611 7,587 8,883

STATE STREET CORP (USD) 15.50% 10.45% 12.29% 13.26% 5.19% 3.59% 4.29% 4.67% 1,932 2,949 3,595 4,391

SOCIETE GENERALE (EUR) 11.27% 1.29% 3.08% 4.11% 3.44% 0.55% 1.07% 1.36% 24,916 28,779 31,115 34,334

BNP PARIBAS (EUR) 11.36% 3.75% 5.23% 6.03% 3.71% 1.55% 2.04% 2.30% 33,002 38,426 41,668 46,050

CREDIT AGRICOLE SA (EUR) 9.95% -1.69% 0.29% 1.41% 1.64% -0.73% -0.20% 0.05% 29,213 33,338 36,160 38,953

BARCLAYS PLC (GBP) 13.19% 2.33% 4.17% 5.16% 3.50% 0.57% 1.08% 1.36% 31,833 35,912 38,400 41,810

DEUTSCHE BANK AG-REGISTERED (EUR) 11.01% -2.08% -0.33% 0.69% 2.55% -0.38% 0.06% 0.32% 39,854 44,034 46,791 49,903

CREDIT SUISSE GROUP AG-REG (CHF) 15.97% 7.58% 8.86% 9.61% 3.93% 1.43% 1.86% 2.11% 18,121 20,448 21,848 23,705

UBS AG-REG (CHF) 18.45% 2.21% 4.33% 5.43% 4.16% 0.52% 1.07% 1.36% 31,146 34,430 36,564 39,212

IBU MEDIAN 12.28% 2.82% 4.54% 5.48% 3.75% 1.00% 1.47% 1.74%

MORGAN STANLEY (USD) 12.80% 1.64% 3.14% 4.07% 3.54% 0.67% 1.11% 1.38% 34,974 38,633 40,950 43,388

GOLDMAN SACHS GROUP INC (USD) 14.60% 8.30% 9.62% 10.44% 4.80% 3.04% 3.48% 3.74% 18,792 22,472 24,816 27,475

IB MEDIAN 13.70% 4.97% 6.38% 7.26% 4.17% 1.86% 2.30% 2.56%

11.37% 5.57% 6.62% 7.17% 4.16% 1.69% 2.39% 2.74%
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Figure A7. 2015 Stress test exercise: capital adequacy and economic capital.
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Figure A8. 2015 Stress test exercise: credit/market cumulative losses and funding shortfall. 

99% Perc. 95% Perc. 90% Perc. 99% Perc. 95% Perc. 90% Perc. 99% Perc. 95% Perc. 90% Perc. 99% Perc. 95% Perc. 90% Perc.

WELLS FARGO & CO (USD) 30,051 25,315 22,565 4,643 4,134 2,060 20,911 6,728 -1,123 13.59% 4.37% -0.73%

ICBC CHINA (CNY) 287,211 249,185 225,225 169,153 148,895 135,721 334,219 164,425 63,336 26.23% 12.90% 4.97%

BANK OF CHINA LTD-H (CNY) 217,540 189,452 171,846 89,024 74,012 64,552 97,740 -32,517 -101,995 10.58% -3.52% -11.04%

SUMITOMO MITSUI FINANCIAL GR (JPY) 2,127,089 1,837,742 1,661,001 634,236 450,294 321,334 3,662,502 2,161,190 1,400,199 50.30% 29.68% 19.23%

STANDARD CHARTERED PLC (USD) 9,259 7,948 7,155 0 0 0 10,953 5,584 2,660 24.47% 12.48% 5.94%

MITSUBISHI UFJ FINANCIAL GRO (JNY) 2,977,426 2,566,389 2,329,385 1,447,285 1,120,035 903,543 5,943,404 3,684,311 2,528,863 46.89% 29.07% 19.95%

MIZUHO FINANCIAL GROUP INC (JNY) 1,995,868 1,751,662 1,589,752 1,047,288 840,575 696,247 4,818,247 3,293,069 2,464,625 78.37% 53.56% 40.09%

CB MEDIAN 26.23% 12.90% 5.94%

BANCO SANTANDER SA (EUR) 25,022 21,109 18,762 1,884 915 237 37,150 20,862 11,663 52.63% 29.55% 16.52%

BANCO BILBAO VIZCAYA ARGENTA (EUR) 12,496 10,293 9,115 162 0 0 3,809 -606 -3,004 8.97% -1.43% -7.07%

UNICREDIT SPA (EUR) 18,205 15,048 13,674 2,090 1,060 339 -2,851 -9,677 -13,529 -6.09% -20.66% -28.88%

ING BANK (EUR) 15,911 13,710 12,394 3,250 3,545 2,052 15,188 7,660 3,357 46.30% 23.35% 10.23%

GROUPE BPCE (EUR) 20,068 16,964 15,171 5,576 4,536 3,767 7,794 -359 -4,856 15.18% -0.70% -9.46%

HSBC HOLDINGS PLC (USD) 38,403 31,976 28,264 12,404 8,306 5,457 43,430 21,150 10,141 24.24% 11.80% 5.66%

NORDEA BANK AB (EUR) 10,506 9,003 8,149 1,673 995 522 7,273 3,113 949 24.90% 10.66% 3.25%

BANK OF AMERICA CORP (USD) 32,474 27,538 24,730 10,098 5,474 1,704 44,757 21,746 10,397 20.41% 9.91% 4.74%

CITIGROUP INC (USD) 25,379 21,117 18,767 23,060 8,736 15,628 47,312 27,508 16,972 23.94% 13.92% 8.59%

JPMORGAN CHASE & CO (USD) 24,420 20,856 18,723 31,448 25,081 20,946 128,748 99,306 84,962 64.37% 49.65% 42.48%

CBU MEDIAN 24.09% 11.23% 5.20%

ROYAL BANK OF SCOTLAND GROUP (GBP) 16,417 13,666 12,041 6,383 5,026 4,016 11,200 3,795 -209 19.41% 6.58% -0.36%

BANK OF NEW YORK MELLON CORP (USD) 1,486 1,282 1,161 2,468 1,836 1,364 10,722 7,978 7,444 29.82% 22.19% 20.70%

STATE STREET CORP (USD) 375 328 299 3,336 2,946 2,663 -5,515 -7,912 -9,297 -27.73% -39.78% -46.75%

SOCIETE GENERALE (EUR) 12,155 10,244 9,103 7,552 5,426 3,914 17,314 9,621 5,703 39.03% 21.69% 12.86%

BNP PARIBAS (EUR) 17,381 14,209 12,430 10,754 8,353 6,632 21,235 9,306 3,024 26.22% 11.49% 3.73%

CREDIT AGRICOLE SA (EUR) 10,446 8,918 7,977 15,318 12,624 10,624 34,869 24,370 18,796 86.62% 60.54% 46.69%

BARCLAYS PLC (GBP) 17,637 14,617 12,957 5,799 3,816 2,389 29,692 20,186 15,210 55.68% 37.86% 28.52%

DEUTSCHE BANK AG-REGISTERED (EUR) 12,247 10,464 9,369 13,348 10,612 8,621 40,514 29,288 23,470 74.04% 53.52% 42.89%

CREDIT SUISSE GROUP AG-REG (CHF) 7,050 6,077 5,489 3,382 1,985 1,002 24,011 13,703 10,220 56.95% 32.50% 24.24%

UBS AG-REG (CHF) 9,991 8,531 7,657 6,973 5,147 3,850 16,619 7,945 3,072 34.62% 16.55% 6.40%

IBU MEDIAN 36.83% 21.94% 16.78%

MORGAN STANLEY (USD) 1,580 1,385 1,257 8,529 5,361 3,066 50,959 38,093 31,458 81.27% 60.75% 50.17%

GOLDMAN SACHS GROUP INC (USD) 3,132 2,731 2,475 0 0 0 32,834 21,253 15,407 46.07% 29.82% 21.62%

IB MEDIAN 63.67% 45.29% 35.90%

29.82% 16.55% 8.59%

99% Perc. 95% Perc. 90% Perc. 99% Perc. 95% Perc. 90% Perc. 99% Perc. 95% Perc. 90% Perc. 99% Perc. 95% Perc. 90% Perc.

WELLS FARGO & CO (USD) 50,281 41,827 37,182 10,209 7,961 6,400 10,675 -3,149 -11,074 6.94% -2.05% -7.20%

ICBC CHINA (CNY) 545,381 466,668 423,433 240,687 201,972 176,162 219,998 38,480 -66,682 17.27% 3.02% -5.23%

BANK OF CHINA LTD-H (CNY) 412,577 351,936 318,128 126,283 101,100 87,399 34,579 -92,903 -161,462 3.74% -10.06% -17.48%

SUMITOMO MITSUI FINANCIAL GR (JPY) 3,878,388 3,324,045 3,009,888 1,361,348 1,076,854 876,746 3,892,098 2,447,540 1,678,397 53.46% 33.62% 23.05%

STANDARD CHARTERED PLC (USD) 16,582 13,930 12,564 2,760 1,185 98 7,723 2,317 -782 17.26% 5.18% -1.75%

MITSUBISHI UFJ FINANCIAL GRO (JNY) 5,577,809 4,827,620 4,375,624 2,702,905 2,209,354 1,868,723 6,381,055 4,154,460 2,931,398 50.34% 32.78% 23.13%

MIZUHO FINANCIAL GROUP INC (JNY) 3,815,360 3,284,735 2,980,223 1,935,802 1,597,891 1,365,565 5,447,409 3,936,605 3,120,746 88.61% 64.03% 50.76%

CB MEDIAN 17.27% 5.18% -1.75%

BANCO SANTANDER SA (EUR) 25,818 17,396 12,951 5,448 3,974 2,895 35,149 18,110 8,894 49.79% 25.66% 12.60%

BANCO BILBAO VIZCAYA ARGENTA (EUR) 19,852 16,269 14,454 2,261 1,385 801 3,333 -1,210 -3,518 7.85% -2.85% -8.28%

UNICREDIT SPA (EUR) 28,851 23,818 20,908 5,002 3,512 2,480 -1,090 -8,161 -12,135 -2.33% -17.42% -25.91%

ING BANK (EUR) 28,457 24,187 21,800 5,592 4,484 3,778 19,895 10,509 5,666 60.65% 32.03% 17.27%

GROUPE BPCE (EUR) 32,276 27,346 24,648 10,657 8,883 7,593 8,700 495 -3,895 16.95% 0.96% -7.59%

HSBC HOLDINGS PLC (USD) 60,855 50,304 44,379 27,386 20,881 16,560 40,755 19,146 7,576 22.74% 10.69% 4.23%

NORDEA BANK AB (EUR) 19,136 16,271 14,642 4,144 3,110 2,408 8,713 4,246 1,984 29.83% 14.54% 6.79%

BANK OF AMERICA CORP (USD) 51,233 43,581 39,308 27,068 19,868 14,648 49,757 24,822 12,526 22.69% 11.32% 5.71%

CITIGROUP INC (USD) 41,488 34,399 30,752 39,969 33,062 28,433 50,395 30,158 19,273 25.50% 15.26% 9.75%

JPMORGAN CHASE & CO (USD) 42,856 36,119 32,372 55,888 46,566 39,682 134,021 105,062 90,763 67.00% 52.53% 45.38%

CBU MEDIAN 24.12% 12.93% 6.25%

ROYAL BANK OF SCOTLAND GROUP (GBP) 24,578 20,095 17,798 12,005 9,781 8,243 13,797 5,577 1,511 23.91% 9.67% 2.62%

BANK OF NEW YORK MELLON CORP (USD) 2,819 2,400 2,179 5,007 3,994 3,282 12,410 8,467 6,394 34.51% 23.55% 17.78%

STATE STREET CORP (USD) 723 618 562 4,876 4,250 3,808 -5,032 -7,684 -9,041 -25.30% -38.64% -45.46%

SOCIETE GENERALE (EUR) 20,697 17,281 15,479 15,188 11,852 9,591 16,872 11,281 8,302 38.04% 25.43% 18.72%

BNP PARIBAS (EUR) 38,724 31,540 27,871 20,666 16,686 14,151 24,114 12,160 5,647 29.78% 15.02% 6.97%

CREDIT AGRICOLE SA (EUR) 19,074 15,949 14,433 25,631 21,309 18,413 39,449 28,018 22,009 97.99% 69.60% 54.67%

BARCLAYS PLC (GBP) 26,810 21,844 19,380 14,119 10,982 8,800 35,859 25,543 20,249 67.25% 47.90% 37.97%

DEUTSCHE BANK AG-REGISTERED (EUR) 21,784 18,291 16,489 23,678 19,144 16,220 47,856 35,172 29,206 87.46% 64.28% 53.37%

CREDIT SUISSE GROUP AG-REG (CHF) 13,501 11,556 10,465 8,318 6,298 4,821 23,860 16,804 13,081 56.59% 39.85% 31.02%

UBS AG-REG (CHF) 17,008 14,260 12,826 13,294 10,494 8,588 22,156 13,232 8,176 46.16% 27.57% 17.03%

IBU MEDIAN 42.10% 26.50% 18.25%

MORGAN STANLEY (USD) 3,045 2,619 2,377 21,634 16,410 12,928 60,175 46,641 39,710 95.97% 74.39% 63.33%

GOLDMAN SACHS GROUP INC (USD) 6,024 5,183 4,696 7,561 2,451 0 38,341 26,612 20,479 53.80% 37.34% 28.74%

IB MEDIAN 74.89% 55.86% 46.03%

34.51% 23.55% 12.60%
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Figure A8. 2015 Stress test exercise: credit/market cumulative losses and funding shortfall.
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Figure A9. 2016 Stress test exercise: capital adequacy and economic capital. 

  

1% Perc. 5% Perc. 10% Perc. 1% Perc. 5% Perc. 10% Perc. Var (95%) Shortfall (95%) Var (99%) Shortfall (99%)

WELLS FARGO & CO (USD) 10.82% 12.00% 12.00% 12.00% 8.00% 9.00% 9.01% 9.02% 0 0 0 0

ICBC CHINA (CNY) 10.57% 12.00% 12.00% 12.00% 6.69% 7.73% 7.75% 7.75% 0 0 0 0

BANK OF CHINA LTD-H (CNY) 9.69% 11.14% 11.50% 11.68% 6.62% 7.78% 8.03% 8.16% 0 0 0 0

SUMITOMO MITSUI FINANCIAL GR (JPY) 10.63% 7.57% 8.24% 8.61% 4.02% 3.20% 3.49% 3.65% 969,563 1,264,367 1,444,494 1,683,030

STANDARD CHARTERED PLC (USD) 11.77% 11.65% 11.99% 12.00% 5.79% 6.11% 6.19% 6.20% 0 1 0 4

MITSUBISHI UFJ FINANCIAL GRO (JNY) 11.25% 7.73% 8.42% 8.81% 4.36% 3.37% 3.66% 3.83% 1,977,397 2,454,187 2,728,580 3,120,548

MIZUHO FINANCIAL GROUP INC (JNY) 8.79% 3.58% 4.39% 4.83% 3.20% 1.58% 1.90% 2.07% 2,350,618 2,691,373 2,914,423 3,191,906

CB MEDIAN 10.63% 11.14% 11.50% 11.68% 5.79% 6.11% 6.19% 6.20%

BANCO SANTANDER SA (EUR) 11.71% 9.47% 10.30% 10.71% 4.07% 3.38% 3.78% 3.97% 922 4,361 6,672 9,454

BANCO BILBAO VIZCAYA ARGENTA (EUR) 11.59% 9.20% 10.09% 10.50% 6.20% 5.00% 5.51% 5.74% 5,066 6,986 8,177 9,773

UNICREDIT SPA (EUR) 9.60% 5.33% 6.45% 7.06% 4.93% 2.87% 3.45% 3.77% 14,188 17,069 18,975 21,260

ING BANK (EUR) 11.72% 3.08% 5.36% 6.58% 3.97% 1.01% 1.92% 2.41% 16,561 20,841 23,613 27,153

GROUPE BPCE (EUR) 11.37% 6.89% 8.07% 8.68% 4.10% 2.97% 3.40% 3.63% 9,285 12,210 14,054 16,333

HSBC HOLDINGS PLC (USD) 13.60% 11.16% 12.00% 12.42% 5.65% 4.99% 5.36% 5.55% 6,409 14,216 19,105 25,133

NORDEA BANK AB (EUR) 14.88% 7.53% 9.06% 9.83% 4.14% 2.82% 3.27% 3.51% 6,001 7,785 10,028 11,430

BANK OF AMERICA CORP (USD) 11.19% 8.80% 9.71% 10.15% 4.96% 4.16% 4.60% 4.80% 12,580 20,718 25,852 32,636

CITIGROUP INC (USD) 12.60% 10.36% 11.15% 11.50% 6.46% 5.86% 6.21% 6.37% 5,948 12,602 16,738 22,578

JPMORGAN CHASE & CO (USD) 10.70% 9.26% 9.92% 10.25% 4.21% 4.03% 4.31% 4.46% 0 4,351 7,840 13,342

CBU MEDIAN 11.65% 9.00% 9.82% 10.20% 4.57% 3.71% 4.05% 4.22%

ROYAL BANK OF SCOTLAND GROUP (GBP) 10.90% 5.35% 6.52% 7.10% 4.46% 2.62% 3.12% 3.36% 14,750 17,664 19,584 21,800

BANK OF NEW YORK MELLON CORP (USD) 14.51% 10.64% 11.99% 12.60% 3.78% 3.04% 3.53% 3.75% 598 1,789 2,553 3,524

STATE STREET CORP (USD) 15.50% 12.95% 13.98% 14.50% 5.19% 4.88% 5.29% 5.49% 0 219 361 996

SOCIETE GENERALE (EUR) 11.27% 3.91% 5.29% 6.03% 3.44% 1.43% 1.87% 2.11% 15,220 18,421 20,571 22,948

BNP PARIBAS (EUR) 11.36% 7.13% 8.01% 8.49% 3.71% 2.84% 3.16% 3.33% 12,973 16,618 18,875 21,718

CREDIT AGRICOLE SA (EUR) 9.95% -0.19% 1.22% 2.02% 1.64% -0.38% 0.10% 0.22% 25,269 28,721 30,975 33,594

BARCLAYS PLC (GBP) 13.19% 4.72% 6.31% 7.13% 3.50% 1.18% 1.61% 1.83% 25,063 28,313 30,600 33,056

DEUTSCHE BANK AG-REGISTERED (EUR) 11.01% -0.18% 1.22% 1.98% 2.55% 0.09% 0.49% 0.70% 33,170 36,875 39,341 42,150

CREDIT SUISSE GROUP AG-REG (CHF) 15.97% 9.39% 10.43% 10.95% 3.93% 2.28% 2.65% 2.83% 11,398 13,360 14,515 16,156

UBS AG-REG (CHF) 18.45% 3.15% 4.73% 5.63% 4.16% 0.87% 1.32% 1.58% 28,648 31,378 33,121 35,286

IBU MEDIAN 12.28% 5.04% 6.42% 7.12% 3.75% 1.86% 2.26% 2.47%

MORGAN STANLEY (USD) 12.80% 2.74% 3.98% 4.65% 3.54% 1.09% 1.48% 1.70% 30,822 34,400 36,650 39,078

GOLDMAN SACHS GROUP INC (USD) 14.60% 10.60% 11.56% 12.05% 4.80% 4.06% 4.40% 4.58% 5,565 8,609 10,633 12,657

IB MEDIAN 13.70% 6.67% 7.77% 8.35% 4.17% 2.58% 2.94% 3.14%

11.37% 7.73% 9.06% 9.83% 4.16% 3.04% 3.49% 3.75%

1% Perc. 5% Perc. 10% Perc. 1% Perc. 5% Perc. 10% Perc. Var (95%) Shortfall (95%) Var (99%) Shortfall (99%)

WELLS FARGO & CO (USD) 10.82% 10.46% 11.24% 11.62% 8.00% 7.89% 8.48% 8.76% 0 2,191 3,877 9,548

ICBC CHINA (CNY) 10.57% 10.36% 11.14% 11.53% 6.69% 6.73% 7.23% 7.48% 0 12,267 0 61,337

BANK OF CHINA LTD-H (CNY) 9.69% 8.50% 9.52% 10.03% 6.62% 5.94% 6.66% 7.00% 34,021 96,459 133,345 186,473

SUMITOMO MITSUI FINANCIAL GR (JPY) 10.63% 3.21% 4.54% 5.22% 4.02% 1.33% 1.89% 2.19% 3,534,687 4,090,733 4,420,802 4,877,667

STANDARD CHARTERED PLC (USD) 11.77% 9.39% 10.37% 10.89% 5.79% 4.94% 5.45% 5.71% 1,579 4,241 5,801 8,163

MITSUBISHI UFJ FINANCIAL GRO (JNY) 11.25% 3.78% 4.96% 5.63% 4.36% 1.65% 2.17% 2.43% 5,821,772 6,634,414 7,106,432 7,800,141

MIZUHO FINANCIAL GROUP INC (JNY) 8.79% -1.26% 0.11% 0.87% 3.20% -0.30% 0.23% 0.52% 5,227,883 5,777,428 6,126,164 6,569,285

CB MEDIAN 10.63% 8.50% 9.52% 10.03% 5.79% 4.94% 5.45% 5.71%

BANCO SANTANDER SA (EUR) 11.71% 5.06% 6.88% 7.75% 4.07% 1.23% 2.11% 2.53% 21,332 27,475 31,124 36,665

BANCO BILBAO VIZCAYA ARGENTA (EUR) 11.59% 5.67% 7.20% 7.95% 6.20% 2.95% 3.83% 4.26% 14,885 17,929 19,795 22,331

UNICREDIT SPA (EUR) 9.60% 1.27% 3.05% 3.96% 4.93% 0.76% 1.69% 2.16% 28,358 32,865 35,610 39,364

ING BANK (EUR) 11.72% -4.81% -1.53% 0.27% 3.97% -2.21% -0.88% -0.15% 27,739 43,657 47,562 52,250

GROUPE BPCE (EUR) 11.37% 1.67% 3.54% 4.53% 4.10% 1.01% 1.70% 2.08% 27,928 32,461 35,414 38,947

HSBC HOLDINGS PLC (USD) 13.60% 7.59% 9.26% 10.05% 5.65% 3.40% 4.15% 4.50% 42,547 54,573 62,398 71,658

NORDEA BANK AB (EUR) 14.88% 0.02% 2.47% 3.82% 4.14% 0.48% 1.24% 1.66% 18,533 21,347 23,073 25,442

BANK OF AMERICA CORP (USD) 11.19% 5.60% 7.02% 7.80% 4.96% 2.63% 3.30% 3.67% 50,502 62,461 70,064 79,851

CITIGROUP INC (USD) 12.60% 6.69% 8.16% 8.96% 6.46% 4.20% 4.87% 5.22% 43,567 54,319 61,467 70,061

JPMORGAN CHASE & CO (USD) 10.70% 5.85% 7.08% 7.70% 4.21% 2.53% 3.09% 3.35% 41,836 53,406 60,625 70,293

CBU MEDIAN 11.65% 5.33% 6.95% 7.73% 4.57% 1.88% 2.60% 2.94%

ROYAL BANK OF SCOTLAND GROUP (GBP) 10.90% 1.14% 2.79% 3.67% 4.46% 0.82% 1.53% 1.91% 30,492 34,649 37,373 41,019

BANK OF NEW YORK MELLON CORP (USD) 14.51% 5.65% 8.05% 9.25% 3.78% 1.20% 2.08% 2.52% 6,005 6,949 9,170 10,797

STATE STREET CORP (USD) 15.50% 9.31% 11.34% 12.37% 5.19% 3.37% 4.20% 4.61% 1,919 3,144 3,923 4,914

SOCIETE GENERALE (EUR) 11.27% -1.31% 0.71% 1.83% 3.44% -0.24% 0.41% 0.76% 32,866 37,482 40,550 43,928

BNP PARIBAS (EUR) 11.36% 1.57% 3.30% 4.21% 3.71% 0.85% 1.47% 1.79% 43,132 49,807 54,012 59,355

CREDIT AGRICOLE SA (EUR) 9.95% -4.12% -2.02% -0.83% 1.64% -1.46% -0.89% -0.56% 38,416 43,498 46,844 50,673

BARCLAYS PLC (GBP) 13.19% -1.20% 1.12% 2.39% 3.50% -0.42% 0.21% 0.55% 42,956 47,699 50,860 54,336

DEUTSCHE BANK AG-REGISTERED (EUR) 11.01% -5.71% -3.64% -2.51% 2.55% -1.46% -0.88% -0.56% 54,589 60,056 63,576 67,930

CREDIT SUISSE GROUP AG-REG (CHF) 15.97% 4.71% 6.33% 7.17% 3.93% 0.55% 1.14% 1.45% 24,351 27,282 29,301 31,412

UBS AG-REG (CHF) 18.45% -2.73% -0.37% 0.86% 4.16% -0.84% -0.15% 0.20% 43,227 47,304 49,977 53,398

IBU MEDIAN 12.28% -0.03% 1.96% 3.03% 3.75% 0.16% 0.78% 1.11%

MORGAN STANLEY (USD) 12.80% -1.66% 0.17% 1.19% 3.54% -0.34% -0.25% 0.58% 47,433 52,481 55,702 59,249

GOLDMAN SACHS GROUP INC (USD) 14.60% 6.46% 8.03% 8.95% 4.80% 2.57% 3.14% 3.46% 23,395 28,389 31,528 35,161

IB MEDIAN 13.70% 2.40% 4.10% 5.07% 4.17% 1.12% 1.45% 2.02%

11.37% 3.78% 4.96% 5.63% 4.16% 1.20% 1.89% 2.19%
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Figure A9. 2016 Stress test exercise: capital adequacy and economic capital.
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99% Perc. 95% Perc. 90% Perc. 99% Perc. 95% Perc. 90% Perc. 99% Perc. 95% Perc. 90% Perc. 99% Perc. 95% Perc. 90% Perc.

WELLS FARGO & CO (USD) 39,659 34,180 30,942 5,398 3,102 1,728 17,634 -807 -11,043 11.46% -0.52% -7.18%

ICBC CHINA (CNY) 391,319 340,193 310,923 232,810 204,661 186,731 334,226 103,864 -23,269 26.23% 8.15% -1.83%

BANK OF CHINA LTD-H (CNY) 296,245 256,916 235,622 117,956 98,169 86,749 59,369 -105,648 -199,417 6.43% -11.43% -21.58%

SUMITOMO MITSUI FINANCIAL GR (JPY) 2,877,117 2,512,251 2,298,184 764,191 484,580 330,312 4,071,898 2,239,472 1,218,627 55.93% 30.76% 16.74%

STANDARD CHARTERED PLC (USD) 12,469 10,804 9,805 0 0 0 11,163 3,977 376 24.94% 8.89% 0.84%

MITSUBISHI UFJ FINANCIAL GRO (JNY) 4,026,044 3,508,347 3,217,666 1,855,659 1,376,495 1,092,253 6,790,801 4,046,356 2,517,579 53.58% 31.92% 19.86%

MIZUHO FINANCIAL GROUP INC (JNY) 2,726,922 2,382,009 2,184,644 1,352,039 1,052,416 861,827 5,708,151 3,859,913 2,804,473 92.85% 62.78% 45.62%

CB MEDIAN 26.23% 8.89% 0.84%

BANCO SANTANDER SA (EUR) 33,517 28,519 25,800 1,868 426 0 44,831 23,219 10,146 63.51% 32.89% 14.37%

BANCO BILBAO VIZCAYA ARGENTA (EUR) 16,240 13,643 12,263 0 0 0 2,220 -3,438 -6,520 5.23% -8.09% -15.35%

UNICREDIT SPA (EUR) 23,244 19,553 17,576 2,050 542 0 -7,817 -16,592 -21,223 -16.69% -35.42% -45.31%

ING BANK (EUR) 21,420 18,508 16,921 4,141 3,075 2,430 17,366 6,789 1,374 52.94% 20.70% 4.19%

GROUPE BPCE (EUR) 26,523 22,778 20,735 7,378 5,710 4,710 4,846 -5,608 -11,422 9.44% -10.92% -22.25%

HSBC HOLDINGS PLC (USD) 49,975 42,576 38,587 14,467 8,295 4,610 43,592 16,462 2,055 24.33% 9.19% 1.15%

NORDEA BANK AB (EUR) 14,233 12,256 11,200 1,861 802 200 7,298 1,929 -851 24.99% 6.60% -2.91%

BANK OF AMERICA CORP (USD) 42,914 37,101 33,870 10,883 3,189 0 44,612 15,543 1,240 20.34% 7.09% 0.57%

CITIGROUP INC (USD) 33,388 28,468 25,774 29,861 23,547 19,538 49,776 26,081 13,321 25.19% 13.20% 6.74%

JPMORGAN CHASE & CO (USD) 32,442 28,109 2,597 41,117 31,479 25,975 130,230 96,218 78,299 65.11% 48.10% 39.15%

CBU MEDIAN 24.66% 8.14% 0.86%

ROYAL BANK OF SCOTLAND GROUP (GBP) 21,457 18,079 16,232 8,193 6,010 4,724 10,992 1,716 -3,350 19.05% 2.97% -5.81%

BANK OF NEW YORK MELLON CORP (USD) 2,006 1,749 1,602 3,085 2,047 1,467 12,863 8,230 5,831 35.77% 22.89% 16.22%

STATE STREET CORP (USD) 510 448 411 4,625 4,014 3,650 -4,089 -7,321 -8,996 -20.56% -36.81% -45.24%

SOCIETE GENERALE (EUR) 16,041 13,624 12,353 9,261 6,035 4,074 19,695 10,294 4,910 44.40% 23.21% 11.07%

BNP PARIBAS (EUR) 24,181 20,437 18,280 13,595 7,816 4,990 18,981 4,340 -2,984 23.44% 5.36% -3.68%

CREDIT AGRICOLE SA (EUR) 13,878 11,978 10,874 20,197 15,949 13,406 42,865 29,990 23,181 106.48% 74.50% 57.58%

BARCLAYS PLC (GBP) 23,015 19,407 17,563 6,751 3,716 1,827 35,902 23,876 17,626 67.33% 44.78% 33.06%

DEUTSCHE BANK AG-REGISTERED (EUR) 16,522 14,155 12,839 17,232 12,923 10,320 50,568 36,360 28,974 92.41% 66.45% 52.95%

CREDIT SUISSE GROUP AG-REG (CHF) 9,612 8,359 7,634 3,732 1,593 347 24,157 16,138 11,566 57.29% 38.27% 27.43%

UBS AG-REG (CHF) 13,595 11,570 10,486 8,629 5,839 4,110 17,127 5,353 -948 35.68% 11.15% -1.97%

IBU MEDIAN 40.09% 23.05% 13.64%

MORGAN STANLEY (USD) 2,167 1,895 1,744 9,665 4,689 1,689 63,859 48,498 40,526 101.85% 77.35% 64.63%

GOLDMAN SACHS GROUP INC (USD) 4,292 3,744 3,435 0 0 0 37,261 23,747 16,488 52.28% 33.32% 23.14%

IB MEDIAN 77.07% 55.33% 43.88%

35.68% 13.20% 4.19%

99% Perc. 95% Perc. 90% Perc. 99% Perc. 95% Perc. 90% Perc. 99% Perc. 95% Perc. 90% Perc. 99% Perc. 95% Perc. 90% Perc.

WELLS FARGO & CO (USD) 66,368 56,339 51,116 13,127 9,719 7,751 2,798 -16,616 -26,731 1.82% -10.80% -17.37%

ICBC CHINA (CNY) 729,057 634,430 582,426 320,546 266,995 235,278 146,312 -87,511 -227,378 11.48% -6.87% -17.85%

BANK OF CHINA LTD-H (CNY) 550,758 478,907 441,325 163,677 134,467 117,836 -40,016 -211,119 -301,853 -4.33% -22.85% -32.67%

SUMITOMO MITSUI FINANCIAL GR (JPY) 5,241,963 4,533,936 4,157,997 1,767,968 1,336,619 1,095,409 4,346,226 2,462,450 1,442,392 59.69% 33.82% 19.81%

STANDARD CHARTERED PLC (USD) 22,041 18,886 17,234 2,377 181 0 5,902 -1,155 -5,212 13.19% -2.58% -11.65%

MITSUBISHI UFJ FINANCIAL GRO (JNY) 7,569,919 6,611,612 6,084,960 3,574,514 2,829,494 2,423,842 7,231,676 4,478,217 2,853,737 57.06% 35.33% 22.52%

MIZUHO FINANCIAL GROUP INC (JNY) 5,129,506 4,476,738 4,107,352 2,562,130 2,077,808 1,795,642 6,534,057 4,640,973 3,599,775 106.28% 75.49% 58.55%

CB MEDIAN 13.19% -2.58% -11.65%

BANCO SANTANDER SA (EUR) 54,124 45,522 41,246 6,604 4,476 3,231 40,709 18,708 6,171 57.67% 26.50% 8.74%

BANCO BILBAO VIZCAYA ARGENTA (EUR) 25,544 21,511 19,380 2,555 1,226 489 1,383 -4,398 -7,576 3.26% -10.35% -17.83%

UNICREDIT SPA (EUR) 36,961 30,781 27,878 5,949 3,801 2,568 -5,602 -14,890 -19,894 -11.96% -31.79% -42.47%

ING BANK (EUR) 37,782 32,631 29,913 7,260 5,716 4,824 23,238 10,574 4,190 70.84% 32.23% 12.77%

GROUPE BPCE (EUR) 42,345 36,773 33,701 14,263 11,560 10,070 5,078 -5,256 -11,180 9.89% -10.24% -21.78%

HSBC HOLDINGS PLC (USD) 79,532 67,168 60,770 33,884 25,346 20,151 39,059 11,683 -3,152 21.80% 6.52% -1.76%

NORDEA BANK AB (EUR) 25,693 22,038 20,201 5,189 3,700 2,825 8,741 3,141 153 29.93% 10.75% 0.52%

BANK OF AMERICA CORP (USD) 68,393 58,975 54,312 34,386 22,988 16,014 50,061 19,340 2,827 22.82% 8.82% 1.29%

CITIGROUP INC (USD) 54,846 46,632 42,340 53,055 43,023 37,270 56,290 29,387 16,173 28.49% 14.87% 8.18%

JPMORGAN CHASE & CO (USD) 56,577 48,646 44,455 73,980 59,862 51,869 140,351 105,923 86,748 70.17% 52.96% 43.37%

CBU MEDIAN 25.66% 9.79% 0.91%

ROYAL BANK OF SCOTLAND GROUP (GBP) 31,876 26,615 23,999 15,736 12,569 10,637 15,047 5,295 153 26.08% 9.18% 0.27%

BANK OF NEW YORK MELLON CORP (USD) 3,775 3,256 3,000 6,441 4,931 4,115 14,656 9,571 6,891 40.76% 26.62% 19.16%

STATE STREET CORP (USD) 973 849 781 6,651 5,760 5,263 -3,562 -6,808 -8,541 -17.91% -34.23% -42.95%

SOCIETE GENERALE (EUR) 27,054 23,077 20,922 19,083 14,562 11,938 28,639 17,887 12,082 64.57% 40.33% 27.24%

BNP PARIBAS (EUR) 49,825 41,898 37,869 26,862 21,334 18,101 24,333 8,731 692 30.05% 10.78% 0.85%

CREDIT AGRICOLE SA (EUR) 23,827 20,194 18,306 34,253 27,974 24,379 48,611 34,010 26,840 120.75% 84.48% 66.67%

BARCLAYS PLC (GBP) 34,985 29,420 26,669 17,888 10,572 7,241 43,347 30,661 24,156 81.29% 57.50% 45.30%

DEUTSCHE BANK AG-REGISTERED (EUR) 28,806 24,546 22,497 30,807 24,598 21,121 59,339 44,838 36,979 108.44% 81.94% 67.58%

CREDIT SUISSE GROUP AG-REG (CHF) 18,034 15,720 14,421 10,452 7,295 5,538 29,173 19,920 15,198 69.19% 47.24% 36.04%

UBS AG-REG (CHF) 22,712 19,185 17,456 17,098 13,051 10,692 24,427 12,572 6,045 50.89% 26.19% 12.59%

IBU MEDIAN 57.73% 33.47% 23.20%

MORGAN STANLEY (USD) 4,127 3,586 3,309 26,932 19,481 15,252 77,566 61,581 53,129 123.71% 98.21% 84.73%

GOLDMAN SACHS GROUP INC (USD) 8,131 7,069 6,508 6,261 0 0 45,826 31,165 24,172 64.30% 43.73% 33.92%

IB MEDIAN 94.00% 70.97% 59.33%

40.76% 26.19% 8.74%
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Figure A10. 2016 Stress test exercise: credit/market cumulative losses and funding shortfall.
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Appendix D. Back-Testing Analysis Results

This Appendix reports the complete set of results obtained within the comparative back-testing
analysis. For each bank the first section of records reports the comparison among the different PD
estimates; PDs refer to different time horizons: 1-year PD, 2-years PD and 3-years PD. The lower section
reports the potential losses (economic capital) and some additional indicators estimated through the
stochastic simulation within the three years of projections considered.

The records reported correspond to the most extreme percentiles of their distribution functions,
1% and 5% for leverage and CET1 ratio (the latter is available only for Northern Rock); and 95% and
99% for economic capital (cumulated losses) and Funding Shortfall (calculated as AFN/equity book
value of the latest financial statement available).
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Figure A11. Backtesting comparative analysis: Lehman Brothers. (Source of CDS, KMV data, rating: 

Bloomberg, Moody’s KMV, Standard & Poor’s). 

  

CET1 Ratio_2006 (CET1 Capital/Risk Weight Assets):  N/A

Leverage_2006 (Tangible Common Equity/Net Risk Assets): 2,82%

STRESS[+] MERTON MODEL

S&P  Moody's

A+ A1

PD Implied PD Implied PD

1-Yr 1,08% 0,03% 7 0,12% 0,06% 0,08%

2-Yr 9,93% N/A 10 0,33% 0,11% 0,25%

3-Yr 22,08% N/A 14 0,67% 0,24% 0,55%

1% Percentile 5% Percentile 1% Percentile 5% Percentile 99% Percentile 95% Percentile 99% Percentile 95% Percentile

1-Yr N/A N/A -0,02% 0,55% 88,25% 65,04% USD 14.818 USD 11.877
2-Yr N/A N/A -1,78% -0,59% 134,14% 98,41% USD 23.928 USD 17.788
3-Yr N/A N/A -3,15% -1,72% 171,47% 126,96% USD 31.066 USD 23.388

CET1 Ratio_2007 (CET1 Capital/Risk Weight Assets): N/A

Leverage_2007  (Tangible Common Equity/ Net Risk Assets):  2,38%
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