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Executive Summary

This paper presents an econometric and statistic methodologies to manage the
enhancement of credit risk modelling introduced with the IFRS9 regulation and it

sketches a framework to asses the new IFRS9 measures on a credit portfolio
considering different macro-economic scenarios. More specifically, we calibrate the
models with the purpose of creation of the multi-year IFRS9 PD curves that can be

used to evaluate the Expected Credit Loss 1y and Lifetime for Italian credit
portfolios. The framework developed take advantage of the well known theory

behind the satellite models to define the sensitivity of credit risk to the
macroeconomic environment where the creditors operate. The data, that are a
benchmark of Italian system, are retrieved from the public database of "Banca

d’Italia" where they are collected according to geographical area and economic
activities. To model the macroeconomic environment we calibrate a structural

vector autoregression model, in order to describe the behavior of the most relevant
economic indicators. The statistical technique examined to estimate the satellite
models and VAR parameters is the Bayesian Averaging of Classical Estimation

which is widely used also by the ECB in building benchmark models. This
framework allows for i) evaluating different macro-economic scenarios; ii)

identifying an Italian benchmark of credit risk measure under the new IFRS9
approach; iii) defining a solid framework in order to calculate the Expected Credit

Loss for accounting purposes, which can be used on any Italian credit portfolios;
iv) estimating the credit risk portfolio sensitivity to the macro-economic shocks,

according to its composition in term of economic activities and geographic area of
the creditors that belonging to it.

2
www.iasonltd.com



Research Paper Series

Table of Content

Introduction p.5

Overview of the Approach p.6
Decay Rate Definition p.7
BACE Estimation Process p.8
Scenario Generator p.9
Satellite Models p.10

Calibration of the Framework p.11
The Data Set p.11
Results: Scenario Generator p.12
Results: Satellite Models p.12
Simulation p.13
Portfolio Application p.14

A Practical Application p.15

Portfolio Definition p.15
Results p.16
Scenarios Sensitivity Analysis p.16

Conclusion p.19

References p.20

Appendix

Regressors Weights in the BACE Methodology p.22
Model Correlation Index Approach p.22
Impulse Response Function p.23
Removing Seasonality from Time Series p.23
Expected Credit Loss formula p.24
Multi-year PD Curves Formula p.24
Statistical Model Testing p.25
Regressors p.26
Scenario Generator p.26

Decay Rate p.26

www.iasonltd.com
3



Research Paper Series

Models p.27
Scenario Generator p.27

Decay Rate p.28

Historical Evolution and Projection p.38
Scenario Generator p.38

Decay Rate p.39

IFRS9 Multi-year PD Curves p.40

4
www.iasonltd.com



Research Paper Series

A Benchmark Framework for
IFRS9 Multiyear-PD Curves

Estimation and Stress Testing
Exercise:

an Application
aaaa

Antonio Scaravaggi ⇤ Elia Stucchi *

This work is aimed at being included into the broader context of the new IFRS9 expected
loss model, which is going to substitute the previous “incurred loss” models given by the
standard IAS 39.

There has been a wide debate about this substitution and the regulator has much insisted in
favor of this change. The main limit of the IAS 39 was clearly revealed after the 2007-2008 crisis,
i.e. its failure to promptly capture the deterioration of credit quality in the banking industry. This
delay was intrinsic in the IAS 39, as the criterion of the incurred loss model was based on making an
actual devaluation only when a critical event occurred, i.e. when it was evident the negotiated cash
flows had become unlikely to be receivable. Hence, the constitution of reserves to be used in the
future was limited, as there was no reference made to the “natural” lifetime of a financial product,
nor to any perspective or forward-looking element.

Therefore, we are going to present the new model proposed by the IASB in order to fill these
afore-mentioned limits and to increase the level of awareness about the quality of a credit portfolio,
even in the absence of a trigger event and in a more forward-looking perspective.

The IFRS9 expected loss has strong similarities with the IRB models used for the determination
of capital requirements. It seems therefore reasonable to start from the IRB set of models, in those
cases when they are already defined, in order to adapt to the new accounting framework, to exploit
potential synergies and to increase the internal coherence of the information set the bank uses.

We will start from the PD and LGD parameters used for the estimation of expected loss. It is
known that it must be measured for a one-year time horizon for the credits classified in stage 1
(“expected credit loss 1y” or “ECL 1Y”) while the time horizon will be the lifetime for the financial
activity that has undergone a substantial increase of its riskiness since the initial recognition or is
already considered as defaulted (“lifetime expected credit loss” or “ECL LT”). Every bank should
have tools apt to evaluate the evolution over time of these estimations, in order to recognize credit
deterioration and therefore coherently adjust the expected loss levels and the provisioning ones.

One of the most relevant variation with respect to the IAS 39 consists in the use of a set of
information that includes not only the historical ones, re-calibrated with the effects of the current
conditions, but also future forecasts. The new standard moreover requires a coherence between
the expected loss estimated variations and the changes that can be inferred from the data collected
in a period; these estimations should be back-tested and re-calibrated; therefore, it should be
necessary to periodically revise inputs, assumptions, methodologies and calculation techniques, by
analyzing and forecasting potential adjustments to fill the gap between the already recorded loss and
current expectations. Lastly, the standard dictates that the expected credit loss has to be estimated
by weighting a series of possible results according to different scenarios and the probability of

⇤At the time of the writing of this article, the authors were working for Iason Consulting.
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FIGURE 1: Approach framework

their occurrence: this implies that several forward-looking scenarios have to be included in the
measurement of expected losses.

For these purposes, it is necessary to adopt tools that can evaluate the expected losses over
the lifetime of a credit, assuming different scenarios to provide the most robust estimate; the
information used should be available without excessive effort and should contain historical, current
and prospective data. The tool we are going to describe has been developed in accordance with
these requests in terms of data, methodology, precision and continuous re-calibration.

This document’s aim is to explain in detail the methodology we developed and the data used for
satellite models estimation. After an overview of the approach, this work is organized as it follows:
firstly, data collection for the macroeconomic variables, as well as the ones related to the credit
risk measures of the creditors, is described, along with the definition, the classification and the
criteria used for the variables selection. Secondly, the theory underlying the bayesian averaging of
classical estimation, the methodological estimation approach used for the definition of the satellite
models and the structural vector autoregression model ("SVAR"), and the theory for the structural
econometric models of the equilibrium, such as the ones used in this work, are explained. Finally, the
expected credit loss is evaluated for a plausible Italian credit portfolio, using the defined framework:
from the calculation of macroeconomic scenarios, to the estimation of the expected values of default
probability using the satellite models, up to the evaluation of the portfolio credit loss occurring in
different scenarios.

1. Overview of the Approach

The main idea of the framework we present is that the credit quality of a portfolio could be described
with the macroeconomic environment where it operates, with additional information about the
creditor such as the belonging credit segment, the geographic area where it is located and the related
activity.

The approach is made of four building blocks: the first block is the set of credit driven risk factors
and macro-economic variables, the second block is the scenario generator and satellite models and
the last one is the creation of PD multi-year curves and Expected Credit Loss 1y and Lifetime
calculation. The entire framework can be sketched as in Figure 1.

More specifically, in the implementation of the framework, we have:

• The macro-economic variables;

• The credit risk factors.

The macro-economic variables are collected from public institutional providers such as Eurostat,
IMF, World Bank, Istat. The credit risk factors are collected and quarterly updated by Banca d’Italia
(hereinafter "BdI"). We calculate a decay rate as a ratio between flows of non performing exposures
and quarterly stocks of total exposures. This could be a good proxy of the probability of default.
The data are collected by : segment (retail, family businesses, non-financial societies and public
entities), geographical area, the ATECO classification. This has been sketched in Figure 2.

6
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FIGURE 2: Approach framework

The second block, consist of the calibration engine, is fed with the historical data of macroeco-
nomic variables and credit risk factors. The risk factors and the macro-economic variables historical
data fed the second block, consist of the calibration engine. On this ground we decided to adopt an
econometric model which can explain the evolution of the risk factor by choosing a sub-sample of
selected macro-economic variables. The model adopted is known in literature as Structural Vector
Autoregressions (SVARs). SVARs model are commonly used in economics also to estimate the
evolution of a large number of variables by imposing the trend followed by a smaller number of
them. This model allows to obtain different macro-economic scenarios that will be the inputs for
the statistical models which include the historical relationships between macro-economic variables
and credit risk factor. In this way it will be possible to forecast the impacts of the aforementioned
factors on the portfolio riskiness, thus making the tool complete and robust for the estimation of the
measures used for the implementation of the IFRS9 exercise.

In order to identify the relationship between the risk factors and the macro-economic variables,
we estimate a set of satellite models. The introduction of the IFRS9 principles is bound to confirm
the importance of these models in the impairment calculation, since they allow to include forward-
looking elements and take macroeconomic alternative scenarios into consideration. The estimation
of such models must necessarily rely on the individuation of those components which are related
the most to the historical evolution of credit risk; the leading criterion is to develop a clear and
balanced structure that should minimize the risk of creating risk biased by an excessive volatility.

In order to continuously update historical data, according to IFRS9 guidelines, and estimate a
large number of satellite models, we exploit a Bayesian approach. In particular, the chosen estimation
algorithm is known in literature as “Bayesian Averaging of Classical Estimation”. BACE procedure
has the advantage of taking into consideration all the given explanatory variables used to describe
the target variable, the qualitative evaluations are minimal and the re-calibrations results are stable.

Once the parameters are estimated, the simulation process might be started. The scenario
generator provides the macroeconomic evolution of Italian system and the satellite models provides
the forecast of the credit risk parameters for each cluster of creditors. Using these results, the
multi-year PD curves might be derived and it could be associated to each creditor in order to
calculate its expected credit loss.

1.1 Decay Rate Definition

We define the decay rate as:

DR(t) =
Ft
St

(1)

Where :

• Ft is the quarterly flow for non-performing creditors, as computed at the end of each period
under analysis;

• St is the quarterly stock for performing creditors, as computed at the beginning of each period
under analysis.

Decay rate (from now on, DR) is a common proxy to define the probability of default (from now on,
PD) that might be used as indicator of creditworthiness.

www.iasonltd.com
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FIGURE 3: Decay Rate clusterization and Satellite models definition

The observation are sampled quarterly and the database are public and provided by an authori-
tative source as recommended by the IFRS9 principles.

For the analysis has been exploited the cluster characterization. Time series are collected using
the following credit segment specification:

• Retail (RET);

• Small Business (SB);

• Corporate (CORP);

• Financial Institution different from financial and monetary institutions (FI);

• Public Entities (PE).

Further aggregations are performed taking into account geographical area and economic attributes
of the creditors operating on the Italian market (see Figure 3). Data will be analyzed in Subsection
2.1.

1.2 BACE Estimation Process

The evaluation procedure for each single equations of the SVARs and for the satellite models is
based on a Bayesian estimate, according to what was proposed by Sala I Martin et al. (2004). The
BACE approach allows to skip the model selection process, by assuming that we cannot know with
certainty which is the correct model specification: we can simply estimate every model generated
by the combinations of a given (fixed) set of explanatory variables, assigning to each regression
equation a weight reflecting its relative predictive performance. Every model will contribute to a
final model equation including all the regressors, each one with a coefficients resulting from the
weighted sum of all the coefficients appearing in the single model equations (see Section A of the
Appendix for more details on the procedure, how the weights are computed and their interpretation).
In summary, we have to follow four steps:

1. K explanatory variables is identified;

2. The number of lags q that have to be considered for explanatory variables is setted determining
the total number K ⇥ q of possible regressors;

8
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3. All the possible combinations of a maximum (predefined) number L  K ⇥ q of variables that
can enter in a single regression equation is calculated;2

4. A classical linear regression for each combination is performed, evaluating its soundness, and
assigning to it a proper weight of contribution to the final model.

Each model in step 4 will be evaluated according to its robustness and the conformity of the sign of
regressors’ coefficients with the expected ones (see Table 11 in Section G.2 and Table 10 in Section
G.1 of the Appendix). When all combinations of variables in the model with L regressors are
considered, the total number of possible models J can be computed as:

J =
L

Â
l=1

(K ⇥ q)!
l!(K ⇥ q � l)!

(2)

1.3 Scenario Generator

In this approach Macro-economic variables play a relevant role in the default rate trends. For the
purposes of the analysis, we have clustered the macro-economic variables in three different group:

1. Variables related to Macroeconomic policy (e.g. inflation rate, interest rate);

2. Variables related to labour markets (i.e. GDP, unemployment rate);

3. Variables related to financial markets (e.g. stock index, oil price);

We take into consideration a set of relevant variables from each of these three groups to be included
in the satellite model. For each credit segment, it has been identified those variables that better
describe the credit riskiness (see Table 11 in Section G.2 of the Appendix).

SVARs has been used to evaluate the possible forecasted values of the main macroeconomic
variables that are included in satellite models in order to describe the behavior of creditors riskiness.

In more detail, we have estimate a SVARs with ten macro-economic variables, each of which
depends on itself lagged, on the current and p lagged values of the other m variables and on a iid
error term. In formulas, the generic macro-economic variables yi is defined as:

yi,t = vi +
N

Â
j=1

a0,i,jyj,t +
N

Â
j=1

a1,i,jyt�1 + ... +
N

Â
j=1

ap,i,jyt�p + #i,t (3)

or in matrix notation:
yt = v + A0yt + A1yt�1 + ... ++Apyt�p + et (4)

where yt, v and et are mx1 column vectors and A0,A1,...,Ap are mxn matrices of coefficients.
The vector et is a m-element vector of white noise residuals that satisfies E[ete0t] = D , where
D is a diagonal matrix. An appropriate scaling of the elements of y would make D an identity
matrix. Equations 3 and 4, which are called a structural VAR or a primitivesystem can be solved
simultaneously to yield the reduced f orm or standard f orm of the VAR:

yi,t = bi +
N

Â
j=1

b1,i,jyt�1 + ... +
N

Â
j=1

bp,i,jyt�p + ui,t (5)

in matrix notation we have:

(I � A0)yt = v + A1yt�1 + ... + Apyt�p + et (6)

which reduces to:

yt = (I�A0)
�1v+(I�A0)

�1A1yt�1 + ...+(I�A0)
�1Apyt�p +(I�A0)

�1et where ut ⇠ VWN(0, S)
(7)

2We preliminary calculate the correlation between two regressors: if it is above 80% we prevent them to enter simultane-
ously in the same regression equation.

www.iasonltd.com
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Letting b = (I � A0)�1v, B1 = (I � A0)�1A1 etc., and ut = (I � A0)�1et we can write the VAR in
standard form in the general case as:

yt = b + B1yt�1 + ... + Bpyt�p + ut

where ut ⇠ VWN(0, W)
(8)

All this assumes, of course, that the matrix (I � A0) has an inverse. In our framework, the equations
in 5 is estimated using the BACE approach. Once the coefficient matrices are estimated, the SVARs
might be used to simulate the scenarios ignoring the process ut and the scenario obtained under this
assumption its called unconditional. In fact, the representation 8 does not give a proper indication
of how the system responds to shocks to the individual structural equations. The problem is that
the shocks to the equations contained in the vector ut are correlated with each other. We therefore
cannot determine what the effects on the m variables of a shock to an individual structural equation
alone would be. The Impulse Response Function is a method to analyze the consequences of the
introduction of said shocks. This method has been adopted in our framework and the scenarios
simulated is called conditional. By imposing the behaviour of one or more macro-economic variables,
the bank could asses the credit risk modification under different economic assumptions. For further
details and mathematical formulation of the Impulse Response Function see Section B.1 in Appendix.

1.4 Satellite Models

Satellite models have been used to link the DR (proxy used to describe the probability of default) to
a set of macro-economic variables. The logistic transformation of the DRs is the target variables.
Considering that the DRs are probabilities, using this transformation it is possible to ensure the
variable domain ([0,1]). The iterative calculation procedure of all the models involves combinatorics
and relies on three factors: the number of macroeconomic variables relative to the specific creditor,
the pre-defined number of lags and the number of regressors that will enter in the final model. The
regressors, and their expected signs, are shown in Table 11 in Section G.2 of the Appendix. The
satellite models definition reflect the level structure of the framework as reported in Figure 3. In
more detail, three different approaches have been used to define the satellite models.

The model equation for the Approach 1 is given by:

logit(DR(t)) = a +
N

Â
i=0

bixi(t) + e(t) (9)

Where:

• a : intercept (constant) of the model;

• bi : regressor i coefficient;

• xi(t) : macro-economic variables i at time t;

• e(t) : error term at time t.

The model equation for the Approach 2 is given by:

logit(DR(t)) = a + bUPlogit(DRUP(t)) +
N

Â
i=0

bixi(t) + e(t) (10)

The Approach 2 differs from the Approach 1 for the introducing of one variables that provides
an indication of the credit risk of the area where the creditors operates. In particular, this variable is
the logistic transformation of the decay rate related to the level immediately above the cluster of
which the satellite models refers to. This variables is reported in Equation 10 with DRUP. In fact,
contiguous levels are strongly and directly correlated. It is indeed reasonable to assume that this
variable has an effect on the target variable of the models.

10
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Finally for the Approach 3 the model equation is given by:

logit(DR(t)) = a + bATECOlogit(DRATECO(t)) + bGEOlogit(DRGEO(t)) (11)

Specifically, this equation is used to define the behavior of decay rates considering the Region where
the creditors operates and its economic activities. In fact, for this particular aggregation BdI does
not collect historical data. In order to estimate a decay rate also for these clusters, we leverage on
the correlation between decay rates of the region and decay rates of the economic activities group
by the macro-geographic area. These series will be used to provide an estimation of the decay rate
for creditors that are located in specific Region and that operates in defined segment. For further
details see Section B of the Appendix.

2. Calibration of the Framework

Here we first analyze the historical data used for each of the building blocks of the framework, then
we provide the details on models’ calibration.

2.1 The Data Set

The SVARs and Satellite Models are calibrated to the time series of macroeconomic variables,
furthermore the Satellite Models are also calibrated to the time series of the decay rate. All the
variables are sampled quarterly from the end of 2000 to the end of 2017.

Regarding the macroeconomic variables, specific transformation for each one of them has been
selected in order to improve their explanatory power. In particular:

• Value of the level of the indicator;

• Percentage annual variation of the indicator;

• Absolute annual variation of the indicator.

In the Table 1 the macroeconomic variables included in the analysis are reported.
The time series of the decay rate have been breakdown by geographical areas, sectors, economic

activities of clients and exposure at default for each loan leveraging on the series collected by BdI.
Specifically, these series are identified in the BdI’s database with the following codes and definitions:

• TDB30524: decay rate of loan facilities, recorded by geographical areas, sectors and economic
activities of clients;

• TDB30507: decay rate of loan facilities, recorded by province and sectors of clients;

• TDB30496: decay rate of loan facilities, recorded by region and sectors of clients;

• TDB30486: decay rate of loan facilities, recorded by sector and amount of Exposure at Default
for each loan.

The economic activities of clients are defined on the basis of the ATECO 2007 classification, the
Italian version of the European statistical classification NACE Rev. 2 adopted under Regulation (EC)
No 1893/20063. According to the geographical area segmentation, BdI uses the one proposed by
ISTAT4 (Italian National Statistical Institute).

It is possible to identify four level of aggregation : the first level is of course the national
aggregation of creditors, the second one is relative to macro-regions, the third one is relative to
region and lastly there is the provincial aggregation. Finally, for the financial institutions also a
segmentation considering the amount of Exposure at Default has been performed by BdI.

3More information about the ATECO classification can be found at: https://www.istat.it/it/strumenti/definizioni-e-
classificazioni/ATECO-2007

4http://www.istat.it/it/

www.iasonltd.com
11



Research Paper Series

Variables Transformation Code
Long term rate (Italy 10 YR Yield) Level 10yr
Inflation Rate % Annual variation Infl
Disposable Income % Annual variation DispInc
Unemployment Rate Level Unem
Gross Domestic Product % Annual variation GDP
Short term rate (Euribor 3M) Level Eur3m
House Price Index % Annual variation HPI
Stock market index (FTSE MIB) % Annual variation Ftse Mib
Brent Oil price % Annual variation Oil
Euro/Dollar Exchange rate Absolute annual variation FX rate

TABLE 1: Variables used for SVARs and Satellite Models and the transformation applied.

The presence of missing values in the underlying time series, that arise when we consider small
pool of creditors where no information on decay rates can be collected, has been handle setting a
threshold by percentage of missing values on the total number of observation. The threshold as
defined is set at 20%. Time series that presents a percentage greater than 20% will be discarded.

After this, we implemented two other data treatment procedures. The first one is to treat missing
values in the remaining series. In fact, we fill the missing data with a linear interpolation of the
available values in order to have a complete series for the satellite models estimation. The second
procedure has been performed in order to remove seasonality effect from the decay rates series (see
Section C for further details).

2.2 Results: Scenario Generator

For macroeconomic variables, first we derive the target variables to be inserted in the SVARs
applying the transformation reported in the Table 1. Second, the expected sign of the correlation
between these variables have been defined and they are reported in Table 10. In Section H.1 the
tables 12, 13, 14 show for each target variable the R2 of the final regression model, and a number
of tests to assess residuals’ normality and autocorrelation (see Section F for further details about
the test). The models are, overall, quite good in their fitting capability, and they are statistically
robust. For the sake of brevity the parameters obtained have not be reported5. Intuitive results
could be extracted from the impulse response matrix (see Tab 15 in Subsection H.1). This matrix
reports on the diagonal the standard deviation of single model equation residual. In the i-th row
and j-th column is reported the percentage of the j-th shock that it is transmitted to the i-th variable.
More this percentage is high, more the volatility of a variable influences the behavior of the others.
As can be expected, macroeconomic variables like the brent oil price and the FX rate Eur-Usd are
quite independent from the Italian economic situation. The Euro short rate is slightly sensitive to
more important index like Italy GDP and unemployment rate. Other variables included are strongly
correlated.

2.3 Results: Satellite Models

As already mentioned, the target variable used to model the default probability is the logit transfor-
mation of the decay rate.

According to the approaches described in Section 1.4, we estimates about 650 satellite models
referring to the different aggregation of decay rates performed. Each of them it is relative to the
riskiness of a peculiar creditors.

In Section H.2 of the Appendix we report only the results of the models calibrated to the country
decay rates time series segmented by type of creditors.

For each type of creditors, the first table shows the R2 of the final regression model, and a
number of tests to assess residuals’ normality and autocorrelation.

The second table shows the list of variables entering in the final model, their (weighted) co-
efficients, the inclusion posterior probability (i.e.: the probability it belongs to the final model,
see Section A of the Appendix), and the p-value (i.e.: the probability that the coeffcient is not
statistically different from zero). Note that, in the table, the number of variables entering the final

5contact the authors for further details
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regression models has been limited to those whose inclusion posterior probability is greater than
0.5%. This explains why the tables have different numbers of regressors for each cluster and they
never contain the whole list of all the possible regressors. A set of graphs completes the information
on models’ estimations. This set of graphs contains: the inclusion posterior probability of each
regressor, in order to assess at a glance the numerosity of relevant explanatory variables; the partial
autocorrelation function, in order to assess whether the residuals of the final model are actually
autocorrelated or not; the histogram of the residuals compared with a normal distribution; and a
plot of historical and fitted values of the observed target variable, in order to assess at a glance the
predictive power of the model. Overall, the models generated according to the criteria above are
quite good in their fitting ability and they are statistically robust.

Looking at the posterior probability obtained from the BACE procedure on each cluster, it is
clear that the explanatory variables depend on the creditor type. Here the variables with the higher
posterior probability are reported:

• RETAIL : Disposable Income, Unemployment rate, Inflation Rate and 10 year yield;

• SB : Unemployment rate, Inflation Rate, Disposable Income and GDP;

• CORP : FTSE MIB Index, Unemployment Rate, Short Term Interest Rate and Brent Oil Price;

• FI : House Price Index, Short/Long Term Interest Rate and FTSE MIB Index.

The results are intuitive: for the retail creditors the ability to repay the debt is tightly correlated
to the power of purchase of the salary and from the fluctuations of value of possible other incomes.
As it regards the small business creditors, the unemployment rate and GDP summarize the quality
of the economy where these creditors operate. The corporate creditors are usually great firms whose
performances are tied up not only to the national environment (FTSE MIB Index, Unemployment
installments) but also to the international ones (Short Rate) and from the cost of the production
(Brent Oil Price). Finally for the financial institution, besides the courses of the stock market
and those of the market rates, a relevant dependence with the course of the real estate market is
calibrated due to the important slice of market represented by products as mortgages.

2.4 Simulation

Once the satellite models and VAR parameters are estimated, we can run simulations for their
evolution. It may be preferable to use several economic scenarios (severe and baseline) with
their probabilities of occurrence, in order to derive a multi-year PD curve. The average scenarios,
according to the theory explained in Section 1.3, is the unconditional one. The stationary of VAR
models implemented ensure the reverting of each macroeconomic variables to the average historical
values. Once the average scenario has been calculated, it might be useful to define the "stressed"
ones. An artificial evolution of one or more variables included in VAR model can be defined. The
estimated relationship and the impulse response function will transmit this artificial evolution to
the other variables. The evolution of these will be so affected to the one chosen.

After all the scenarios have been defined, for each identified cluster in the credit portfolio, the
solution activates the necessary models providing the risk parameter term structures, along each
given scenarios. The procedure activates the satellite models, obtained with the BACE and the Macro
variables created by the scenario generator, and provides the evolution of the decay rates for each
cluster. More in detail, the models provides the values of the logistic transformation for quarterly
decay rates. So an inverse transformation has to be applied in order to obtain the decay rates.
Furthermore, the decay rates have to be evaluated on an annual basis. The annual transformation is
made according to the following formula:

D̂RY
(T) = 1 � (1 � D̂RQ

(T))(1 � D̂RQ
(T � 1))(1 � D̂RQ

(T � 2))(1 � D̂RQ
(T � 3))

Where D̂RQ
(T) are the quarterly decay rate and D̂RY

(t) is the annual decay rate, both estimated
with satellite models. Now we can calculate the variation of the annual decay rates along each given

www.iasonltd.com
13



Research Paper Series

FIGURE 4: Forecasting procedure

scenarios. We define a ratio that is going to be a measure of increase or decrease of the riskiness of
the creditors belonging to the cluster analyzed. The ratio will be given by:

MultY(T) =
D̂RY

(T)

D̂RY
(T0)

(12)

Where D̂RY
(T0) is the value of annual decay rate corresponding to quarter of the latest historical

observation and D̂RY
(T) are the forecasted annual decay rates. Finally, these multipliers are applied

to the latest annualized decay rates provided by Banca d’Italia and the forecasted values are obtained,
using the following formula:

DRY(T) = MultY(T) ⇤ DRY(T0) (13)

After the multipliers estimation, starting from the annualized series DRY(T), the quarterly series
is calculated using the inverse function from Equation 2.4. Then, the logistic transformation is
re-applied and it is usable to evaluate the forecast for all the lower levels of the decay rate time
series.

This procedure is repeated for all the levels of analysis, as reported in Figure 4. We will therefore
obtain several sets of multipliers which show the forecasted behavior of decay rates for all the
analyzed creditors. In this way, we are going to make evaluations and comparisons between the
decay rates for each cluster.

Then, with the forecasted values of quarterly decay rates, the PD multi-year curves are derived
as reported in Section E.

2.5 Portfolio Application

In order to measure the 12-month and lifetime ECL, PD multi-years curves must be calculated for
each creditor of the selected portfolio (see Section D). The first step of this process is to evaluate
the starting 1y PD. For each creditor that belongs to the perimeter analyzed, the annual decay rate
evaluated starting from the quarter decay rate collected by BdI can be used in order to obtain the
realized 1y PD. Indeed these values could be considered as benchmark.

Secondly, the forecasted PDs, from 1 to 50 year, are calculated applying to the starting 1y PDs
a delta, obtained with the Satellite Models of which the creditors belong to, using the following

14
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formula:
D = logit(DRY

c (t))� logit(DRY
c (T0)) where c = 1 : TotClust (14)

where TotClust is equal to the number of cluster that are included in the analysis. Then the annual
PDs are calculated using the formula:

PDY
i (T) =

elogit(PDY
i (T0))+D

1 + elogit(PDY
i (T0))+D

(15)

where :

• T0 is the reference date of exercise;

• t = 1 : 50 year;

• i = 1 : N where N is the total number of creditors.

Finally the multi-year PD curves are calculated using formula E reported in Section E for each
creditors.

3. A Practical Application

We apply the framework above to a plausible credit portfolio, with different categories of depositors,
aggregated by geographic area, economic activities, maturity and rating class. Trying to use the
complete set of models calibrated. We would like to stress that we are setting up a lab experiment
by purposely creating this portfolio. Although they have realistic features, they are not referring to
real values or entities.

We adopt the unconditional scenarios to evaluate the IFRS9 multi-year PD curves and the ECL
1y/LT. In addition, we will create 4 scenarios where we will go to modify the evolution of the italian
Gross Domestic Product. We will analyze this shock propagation on:

• Macroeconomic variables;

• Annualized decay rates;

• IFRS9 multi-year PD curves;

• ECL 1y and LT.

in order to asses the credit portfolio sensitivity to the economic variation.

3.1 Portfolio Definition

As already discussed, in order to calculate 1y ECL and LT on a credit portfolio, it is necessary to
collect the following information for each creditor:

• Creditor Type : Retail, Small Business, Corporate, Financial Institution or Public Entities;

• Geographical Area : all national area, macro area, region, province;

• Economic Activities : Ateco or similarly classification;

• EAD : Amount of the exposure at default;

• LGD : Loss given default;

• ERL : Expected Residual Lifetime;

• EIR : Effective Interest Rate.

www.iasonltd.com
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Annual Decay Rate (2017 End of Year) Cumul. PD 1Y Cumul. PD 20Y Cumul. PD 50Y
CORP 2.79% 2.89% 41.89% 59.23%
FI 2.25% 1.89% 30.19% 47.55%
PA 0.60% 0.31% 4.05% 4.62%
RETAIL 1.16% 0.86% 16.99% 27.91%
SB 2.34% 2.11% 35.09% 52.08%

TABLE 2: Actual Annual Decay Rate and Cumulative PDs considering the unconditional scenario at national level

EAD ERL LGD Realized PD 1y
(bln Euro) (year) (IFRS 9)

CORP 1.531 3.00 39.91% 2.79%
FI 0.462 2.50 29.84% 2.25%
PA 0.140 1.50 19.99% 0.60%
RETAIL 0.763 15.00 24.96% 1.16%
SB 0.689 3.00 29.97% 2.34%

TABLE 3: Starting Point of portfolio metrics

The domain of the first four variables has to be coherent with ones used to define the satellite
models in our framework. For each creditor an appropriate level of aggregation has been identified:
macro area or national area for large corporate and financial istitution, region or province for small
business and retail. Furthermore, small business and corporate creditors could be identified also by
the economic activity. If this information it is not available, it is possible to exploit the models that
take in consideration the geographical aggregation. The ERL (expected residual lifetime) indicates
the difference between the credit maturity date and the reference date. The LGD refers to the loss
given default and in this example will be kept flat for all of the credit life. Finally the EAD is the
total amount of the exposure and it should be provided all the values for each year till maturity. For
the sake of simplicity, in our example, this value will be linearly amortize.

3.2 Results

The results reported into this subsection refer to values that might be used for accounting purposes
and they are coherent with the new IFRS9 principles. The macroeconomic scenario that has to be
considered is the unconditional ones.

Regarding the multi-year PD curves, in the Table 2, the values of the cumulative PDs at 1 year, 20
year and 50th year and the actual values (2017 end of year) of annual decay rate have been reported.
As underline in the Table 2, corporate and small business segments show the highest credit risk.
Table 3 reports the actual values of the most relevant metrics of the portfolio analyzed: the total
amount of exposure, the estimate residual lifetime, the loss given default, the realized 1y PD IFRS9.
Table 4 shows 1y PD and the expected credit loss 1y and LT obtained considering the unconditional
scenario.

From our analysis the most relevant segments, in term of credit riskiness, are the corporate and
small business not only on the short term as highlighted looking the 1y PD but also looking the
lifetime horizon despite the low values of estimate residual lifetime. The difference between 1y
ECL and LT is relevant only for the retail portfolio where the estimated residual lifetime are higher.
Due to the specificity of the public entities and the financial institution, that have shorter residual
lifetime than the other segments, both have similar 1y and LT metrics. These values will be useful
in the next section where the scenarios sensitivities will be analyzed.

3.3 Scenarios Sensitivity Analysis

In order to assess the sensitivity to the macroeconomic scenarios of ECL values of the application
portfolio, 4 possibles scenarios for the evolution of Italian gross domestic product have been defined.
In particular:

• Extremely Negative : worst 3 year historical period of negative % variation of GDP;

• Negative : 3 year negative % variation of GDP;

• Positive : 3 year positive % variation of GDP;

16
www.iasonltd.com



Research Paper Series

PD 1y (IFRS 9) ECL 1y ECL LT
CORP 2.80% 1.12% 3.02%
FI 1.83% 0.55% 1.28%
PA 0.30% 0.06% 0.08%
RETAIL 0.83% 0.21% 2.49%
SB 2.04% 0.61% 1.73%

TABLE 4: Unconditional Scenario Results

Year-Quarter Positive Extremely Positive Negative Extremely Negative
2017q4 2.98% 2.98% 2.98% 2.98%
2018q4 2.38% 3.38% -2.82% -3.82%
2019q4 4.77% 5.77% -1.70% -2.70%
2020q4 2.48% 3.48% -0.36% -1.36%

TABLE 5: Scenarios Values for the % variation of GDP

• Extremely Positive : best 3 year historical period of positive % variation of GDP;

The values of the annual percentage change have been reported in Table 5 and their series have
been plotted in Figure 5: GDP evolutions affect the trend of all the other macroeconomic variables
included in the analysis. We report in the Section I.1 the output charts with the evolution of all the
macroeconomic variables in the various scenarios. The deviation from unconditional scenario are
clearer for the macroeconomic variables that are closely related to the Italian economic system, as
highlighted in Subsection 2.2.

We estimate the decay rates evolution using the macroeconomic scenarios and a proper set
of satellite models. In Section I.2 the forecasted values of annual decay rate are plotted for each
scenarios. Then, the multi-year PD curves have been calculated (see Section E) and the results are
reported in Subsection J of the appendix. Finally, the curves are calculated for each creditor, starting
from the annual PD defined according with the Formula (15) and the 1y ECL and LT have been
retrieved.

The 1y PD and the ECL 1y and LT (% EAD) have been aggregated using the creditor type in the
different scenarios (see Tables 6, 8 and 9).

It is worth noting that the most sensitive segment on the short term are the corporate and the
small business with high variation of 1y ECL among the scenarios. On the long term, the scenario
sensitivities is valuable also in the other segments, like the retail segment, due to a longer residual
lifetime. The corporate customers revert to the unconditional scenarios more quickly than the retail
and small business due to their specificity. Finally, it is not appreciable the LT values volatility for
the financial institution and the public entities because the residual lifetime are usually shorter than
1 year in our example.

www.iasonltd.com
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FIGURE 5: Historical and Forecasted series of YoY % variation of Italian GDP

Metrics PD 1y
Scenario Unconditional Extremely Positive Positive Negative Extremely Negative
Year Forecast 1y 1y 2y 3y 1y 2y 3y 1y 2y 3y 1y 2y 3y
Segment
CORP 2.89% 2.83% 2.19% 1.70% 2.95% 2.38% 1.90% 3.85% 4.30% 3.73% 4.05% 4.82% 4.38%
FI 1.90% 1.89% 1.59% 1.22% 1.92% 1.70% 1.35% 2.23% 2.93% 2.97% 2.30% 3.29% 3.59%
PA 0.31% 0.31% 0.20% 0.15% 0.31% 0.21% 0.17% 0.31% 0.42% 0.93% 0.31% 0.50% 1.42%
RETAIL 0.86% 0.84% 0.68% 0.58% 0.87% 0.74% 0.66% 1.11% 1.38% 1.42% 1.17% 1.54% 1.69%
SB 2.11% 2.10% 1.85% 1.60% 2.14% 1.94% 1.72% 2.52% 2.87% 2.79% 2.60% 3.12% 3.16%

TABLE 6: PD 1y IFRS9

Metrics PD LT
Scenario Unconditional Extremely Positive Positive Negative Extremely Negative
Year Forecast 1y 1y 2y 3y 1y 2y 3y 1y 2y 3y 1y 2y 3y
Segment
CORP 2.56% 2.01% 1.82% 1.76% 2.18% 1.98% 1.90% 3.58% 3.29% 2.89% 4.03% 3.73% 3.24%
FI 1.68% 1.41% 1.15% 1.09% 1.52% 1.29% 1.23% 2.95% 2.83% 2.57% 3.44% 3.49% 3.18%
PA 0.25% 0.25% 0.17% 0.13% 0.26% 0.19% 0.15% 0.37% 0.69% 1.01% 0.41% 0.98% 1.77%
RETAIL 0.80% 0.75% 0.75% 0.74% 0.77% 0.76% 0.75% 0.87% 0.84% 0.82% 0.90% 0.87% 0.83%
SB 1.99% 1.71% 1.61% 1.55% 1.81% 1.71% 1.65% 2.62% 2.56% 2.41% 2.90% 2.86% 2.69%

TABLE 7: Expected Credit Loss 1y

Metrics ECL 1y
Scenario Unconditional Extremely Positive Positive Negative Extremely Negative
Year Forecast 1y 1y 2y 3y 1y 2y 3y 1y 2y 3y 1y 2y 3y
Segment
CORP 1.12% 1.09% 0.84% 0.65% 1.14% 0.92% 0.73% 1.48% 1.66% 1.44% 1.56% 1.86% 1.69%
FI 0.55% 0.54% 0.46% 0.35% 0.56% 0.49% 0.39% 0.64% 0.85% 0.86% 0.66% 0.95% 1.04%
PA 0.06% 0.06% 0.04% 0.03% 0.06% 0.04% 0.03% 0.06% 0.08% 0.18% 0.06% 0.10% 0.27%
RETAIL 0.21% 0.20% 0.16% 0.14% 0.21% 0.18% 0.16% 0.27% 0.33% 0.34% 0.28% 0.37% 0.41%
SB 0.61% 0.61% 0.54% 0.46% 0.62% 0.56% 0.50% 0.73% 0.83% 0.81% 0.75% 0.90% 0.91%

TABLE 8: Expected Credit Loss 1y

Metrics ECL LT
Scenario Unconditional Extremely Positive Positive Negative Extremely Negative
Year Forecast 1y 1y 2y 3y 1y 2y 3y 1y 2y 3y 1y 2y 3y
Segment
CORP 2.96% 2.46% 2.07% 1.90% 2.64% 2.27% 2.08% 4.21% 4.02% 3.49% 4.67% 4.57% 3.99%
FI 1.25% 1.16% 0.95% 0.81% 1.22% 1.04% 0.90% 1.87% 2.05% 1.95% 2.07% 2.42% 2.39%
PA 0.08% 0.08% 0.05% 0.04% 0.08% 0.06% 0.05% 0.10% 0.17% 0.29% 0.11% 0.23% 0.48%
RETAIL 2.42% 2.02% 2.00% 2.01% 2.15% 2.12% 2.12% 3.22% 3.18% 3.07% 3.61% 3.58% 3.44%
SB 1.70% 1.53% 1.39% 1.30% 1.60% 1.47% 1.39% 2.23% 2.25% 2.12% 2.42% 2.51% 2.39%

TABLE 9: Expected Credit Loss Lifetime
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4. Conclusion

We have presented a toolkit to benchmark the credit risk of a portfolio according to the new IFRS9
requirements. The framework enhances the satellite models and scenario creation modelling : i)
it allows for a IFRS9 credit metrics benchmark for Italian credit exposure ii) it is based on BACE
methodologies, thus being one of the preferred methods to approach the estimation of benchmark
models; iii) credit risk can be measured and monitored in a unified and consistent fashion; iv)
it explicitly allows for evaluating accurate credit risk metrics on multiple portfolio composition,
exploiting the geographic or economic models segmentation v) it can be used for stress testing
purposes and scenario analysis. By calibrating the building block of the framework on a benchmark
data downloaded from the public database of Banca d’Italia, we also show that satellite models
must depend on a different set of variables according to the cluster debtors belong to; by its own
nature, the BACE approach we employ is well-suited to include with a greater weight the explana-
tory variables with a better relative predictive performance and therefore best apt to describe the
behaviour of credit risk measure of different clusters. In our practical application, we demonstrate
how it is possible to apply this framework on a credit portfolio, identifying and highlighting their
credit risk characteristic. Notwithstanding the greater complexity of the framework, the calibration
of its building blocks is relatively straightforward when operated by the BACE methodology: the
integrated and holistic feature of the approach allows users to effectively challenge the risk manage-
ment of the models and metrics enhancement required by IFRS9 methodologies.

www.iasonltd.com
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Appendix

A. Regressors Weights in the BACE Methodology

The model posterior probability, used to weight the coefficient of regressors in the BACE procedure,
is calculated for each possible regression equation as:

P(Mj|y) =
P(Mj)T�kj/2RSS

�Tj/2
j

ÂI
i=1 P(Mi)T�ki/2RSSi�Ti/2

where RSSj is the sum of square residuals, T are the number of observation, kj is the number of
regressors of the model j (identified as Mj, from a total of I possible models), and y is the vector of
available data. P(Mj) is the prior probability that we imposed to have an uniform distribution:6

P(Mj) = k/K.

Using the posterior probability, the conditional expected coefficient values for each regressor can
be calculated as:

[b j|y] =
I

Â
i=1

P(Mi|y)bbi,j

where bbi,j is the coefficient estimates using the OLS procedure in the model i for the regressor j. The
inclusion posterior probability is defined as:

P(b j|y) =
M

Â
i=1

P(Mi|y)H1, H1 =

(
1, if b j 2 Mi

0, if b j /2 Mi

It provides the probability that a regressor enters in the final model regression.

B. Model Correlation Index Approach

We leverage on the correlation between the decay rates of the same creditor type but at different
levels. For example, the decay rate for region Lombardy can be linked to the one of its macro-region
(North-Western Italy); we state that the decay rates tend to move jointly.

Following the report steps a model is obtained:

• Calculation of correlation between the different time series provided by BdI. We will therefore
obtain:

– Corri,j : correlations between the macro-region i and the region j;
– Corrk,i : correlations between the ATECO macro-region k and the macro-region i.

• After defining the correlation indicators, Coe f fDRk,i and Coe f fDRi,j are computed as follows:

– Coe f fDRk,i =
Corrk,i

Corrk,i+Corri,j
;

– Coe f fDRi,j =
Corri,j

Corrk,i+Corri,j

Those two coefficients are the weights attached to respectively the ATECO and the geographical
component in the definition of the ATECO-region series;

• Once the coefficients are computed, the linear combination we introduced will yield the decay
rate, according to the following formula 11.

6This is a simple assumption that can be relaxed by assigning any other distribution form, if it is considered more
appropriate by the estimator.
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B.1 Impulse Response Function

Given the structure of the model as expressed in (5), it is possible to include a shock in a single
variable and to determine the evolution of the others, conditional on the shock itself. The Impulse
Response Function is a method to analyze the consequences of the introduction of said shocks. An
important feature of VAR models is that they can be rewritten as Vector Moving Average (VMA(•)) if
the eigenvalues of matrix A1 are in absolute value less than one.

For example, let us consider the VAR(1) model of (6) as our baseline. We can rewrite it in a
recursive way as:

xt = A0 + A1xt�1 + et

= A0 + A1(A0 + A1xt�2 + et�1) + et

· · ·
· · ·
· · ·
= Ak+1

1 xt�k+1 + et + A1et�1 + · · ·+ Ak
1et�k + (I + A1 + · · ·+ Ak

1)A0.

(16)

If the eigenvalues of A1 are in absolute value less than one, then as k goes to infinity the component
Ak+1

1 xt�k+1 becomes smaller and therefore the expression (I + A1 + · · ·+ Ak
1)A0 tends to the mean

of process xt:

E (xt) = µ =

 
•

Â
j=0

Aj
1

!
A0 = (I � A1)

�1 A0; (17)

Going from (16) to (17) we have implicitly assumed that E (et) = 0 8t 2 T. Finally, the VMA(•) is
given by:

xt = A0 + et + A1et � 1 + · · ·+ Ak
1et�k + · · · (18)

From Equation (18) we can analyze the reaction (Impulse Response Function) of the variables to the
shock that hits one of them. For example, let #yt = +1% in Equation (5). Then, given the structure

of B�1 =


1 0

b̄21 1

�
,], which is lower triangular, the shock affecting y has an immediate effect on z

through the coefficient b21.

et =


e1,t
e1,t

�
=


1 0

b̄21 1

� 
#yt
#zt

�
=


1 0

b̄21 1

� 
0.01

0

�
(19)

xt =


yt
zt

�
=


1 0

b̄21 1

� 
b10
b20

�
+


1 0

b̄21 1

� 
0.01

0

�
. (20)

The h-steps ahead value of xt, i.e. what we are interested about when making forecasts, is
obtained with the following Equation, assuming that there are no more shocks between t + 1 and
t + h:

xt+h|t =


yt+h
zt+h

�
=


1 0

b̄21 1

� 
b10
b20

�
+ Ah

1


1 0

b̄21 1

� 
0.01

0

�
. (21)

C. Removing Seasonality from Time Series

Removing the seasonality effects is done according to the following steps:

• Calculation of a centered moving average for each period t:

MMy(t) =
(y(t) + y(t � 1) + y(t + 1)) + 1

2 (y(t + 2) + y(t � 2))
4

(22)

where MMy(t) is the moving average of the decay rate in quarter t and y(t + �i) are the
values of the decay rate for respectively i ahead (+) or previosly (-) time t; We use the same
variable in different quarters since there is a tight connection between contiguous observations.
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• Calculation of the so-called “deviation” coefficients. They are obtained with the ratio of each
decay rate and the moving average at time t:

devy(t) =
y(t)

MMy(t)
(23)

A coefficient is calculated for each quarter t. It shows how the observation at time t is different
from the moving average of the same quarter t.

• Calculation of coefficients a. For each semester we are now going to calculate the effect of
seasonality in the sample, by using the deviation coefficients computed above, once they are
divided according to the quarter they refer to:

a(t) = meandevy(t) (24)

where t=1:4. These four coefficients represent the seasonality effect associated to the four
quarters of an year.

• Removing of the seasonality effect from the time series through the Alpha coefficients com-
puted above.

ŷt =
yt
at

(25)

This final step creates the new series, corrected for the seasonality effect.

D. Credit Loss Formula

The 1-year and lifetime ECLs are calculated according to the following formulas:

ECL1y =
4

Â
t=1

EAD(t)MPD(t � 1, t)LGD(t)
(1 + EIR)t

ECLLT =
T

Â
t=1

EAD(t)MPD(t � 1, t)LGD(t)
(1 + EIR)t

(26)

where:

• T : transaction maturity;

• t : quarterly time step characterizing the amortization schedule of the exposure (EAD(t));

• MPD(t � 1, t : corresponds to the quarterly term structure of Marginal Default Probabilities;

• LGD(t) : corresponds to the quarterly Loss Given Default;

• EAD(t) : corresponds to the quarterly Exposure at Default;

• EIR(t) : interest rate adopted for discounting the ECL(t).

E. Multi-year PD Curves Formula

The term multi-year PD is used as a synonym of PD profiles – i.e., it denotes a collection of PD
values, which refer to different time periods. The cumulative PD in period t could be expressed as:

cPD(t) = cPD(t � 1) + PD(t)1 � cPD(t � 1)

where PD(t) is the quarterly probability of default and it could be approximated with the forecast
of quarterly decay rates estimated using the satellite models. In the case study presented after the
twentieth year, the decay rate is imposed to linearly revert to zero. In order to calculate the ECL
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by means of Equation 26 one has to determine the marginal PDs, as in Equation 27, for all periods
t  T, where T denotes the maturity date of a financial instrument. The residual maturity of a
financial instrument is divided into equally spaced (and non-overlapping) periods t, which in our
framework have a length of 3-months.

mPD(t) = cPD(t)� cPD(t) (27)

F. Statistical Model Testing

The satellite models estimation we described in the previous paragraph is followed by the analysis
of the goodness of said models. This analysis is possible thanks to the comparison between the
decay rates provided by Banca d’Italia, DR, and the ones estimated by the regression models, D̂R.

The first goodness indicator is the coefficient of determination R-squared of the satellite model
under analysis. It measures the goodness of fit of the model by comparing the statistical deviation
of the data and the fitted values. In formula:

R2 =
ESS
TSS

= 1 � RSS
TSS

(28)

Where:

• ESS = Ân
i=1 D̂Rt,i � EDR2

i is the Explained Sum of Squares. It measures the deviance of the
decay rate calculated by the model and the mean value of the time series;

• TSS = Ân
i=1 DRt,i � EDR2

i is the Total Sum of Squares. It measures the deviance of the
observed decay rate from its mean value;

• RSS = Ân
i=1 DRt,i � ˆDRt,i

2 is the Residual Sum of Squares. It measures the deviance of the
observed decay rates from the data estimated thanks to the satellite model.

The determination coefficient R-squared helps to make some evaluations about the behaviour of the
residuals generated from the satellite models. They are computed as:

et,i = DRt,i � D̂Rt,i (29)

By using this formula for each instant of the time series we obtain a residual vector for the estimation
of several robustness procedures, that will be introduced as follows. The first analysis concerns the
mean value of the residuals: indeed, one of the main assumptions we use in satellite models is that
residuals have a Normal distribution with mean equal to zero. The statistical test we use to check
whether this assumption holds is the t-test; it is used to test whether the sample mean is equal to a
pre-defined value, which is zero in this case.

Further tests we employed concern the statistical distribution of residuals; in order to avoid
imprecisions and distortions it is important that the distribution approximates a Normal one. We
therefore run the following test: Shapiro-Francia, Shapiro-Wilk and the test for Skewness and
Kurtosis.

• Shaprio-Francia and Shapiro-Wilk test the hypothesis of Normal distribution of residuals.
They can be run also for small samples.

• The analysis of skewness and kurtosis allows to have information on the distribution tails and
to understand whether the distribution takes values similar to those of a Normal distribution.

Another set of tests we run concerns the autocorrelation of the residuals, i.e. we want to check
whether the residual component at time t is dependent on the one of time t-1. We run the following
tests in order to verify this hypothesis: Durbin Watson, Durbin alternative test and Breusch-Godfrey
test.

• Durbin-Watson test: it tests the presence of a first-order correlation, while maintaining that all
regressors are strictly exogenous;
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• Durbin alternative test: similar to the one discussed above, the difference is that it does not
require regressors’ exogeneity;

• Breusch-Godfrey: similar to the Durbin-Watson test but more general, it indeed tests autocor-
relation of order higher than 1.

After the tests for the robustness of the satellite models, it is possible to compute the forecasted
decay rates, as will be clear in the next Paragraph.

G. Regressors

G.1 Scenario Generator

HPI Oil GDP Ftse Mib DispInc Infl Unem 10yr Eur3m FX rate
HPI 1 0 + 0 + + - + + 0
Oil + 1 + + + + - + + +
GDP + - 1 0 0 0 - + - 0
Ftse Mib + 0 + 1 + 0 0 - - 0
DispInc + - + + 1 + - + - +
Infl + + + + + 1 - + + +
Unem - - - - - - 1 - - -
10yr + + + + + + - 1 + +
Eur3m + + + + + + - + 1 +
FX rate + + + + + + - + + 1

TABLE 10: Regressors used for scenario generator model and the expected sign they should have in each model equation.

G.2 Decay Rate

Creditor Type Regressor Expected Sign
10YR Bond Yield +
Inflation rate -
Disposable income -
3M Euribor Yield +
Italy GDP -
House Price Index -

Retail

Unemployment Rate +
10YR Bond Yield +
Inflation rate -
Disposable income -
3M Euribor Yield +
Italy GDP -
House Price Index -

Small Business

Unemployment Rate +
10YR Bond Yield +
Inflation rate +/-*
Disposable income -
3M Euribor Yield +/-*
Italy GDP -
House Price Index +/-*
Unemployment Rate +
FTSE mib -
Oil Price +/-*

Corporate

Euro/Dollar Exchange Rate +/-*
10YR Bond Yield -
Inflation rate -
Disposable income +/-*
3M Euribor Yield +/-*
Italy GDP -
House Price Index -
Unemployment Rate +
FTSE mib -
Oil Price +

Financial Institution

Euro/Dollar Exchange Rate +/-*

TABLE 11: Regressors used for decay rate model and the expected sign they should have in each model equation (*the
expected sign is different related to the economic activities).
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H. Models

H.1 Scenario Generator

Model Code R-squared
HPI 94.6%
FX rate 40.5%
Eur3m 96.9%
10yr 86.4%
Unem 96.6%
Oil 65.3%
Infl 86.7%
DispInc 69.8%
Ftse Mib 66.8%
GDP 88.3%

TABLE 12: R-squared for each equations of VAR Model

Pvalue
Model Code % of test passed Breush-Godfrey Durbin-Alt Durbin Watson Statistic

HPI 66% 0.0% 5.4% 1.52
FX rate 66% 0.0% 5.1% 1.85
Eur3m 100% 5.6% 5.4% 1.85
10yr 100% 20.8% 21.5% 2.35
Unem 100% 11.3% 11.4% 2.02
Oil 66% 2.9% 7.6% 2.10
Infl 66% 0.2% 5.0% 2.34
DispInc 66% 4.7% 4.4% 1.83
Ftse Mib 100% 14.3% 14.6% 1.67
GDP 66% 1.9% 6.6% 1.80

TABLE 13: Autocorrelation test results for each equations of VAR Model

Pvalue
Model Code % of test passed Shap/Wilk Shap/Franc Sk Kurt Sk/Kurt Test T-test Residuals
HPI 20% 0.0% 0.0% 0.1% 0.0% 0.0% 82.1%
FX rate 100% 19.0% 15.9% 40.0% 63.4% 61.8% 74.7%
Eur3m 20% 0.0% 0.0% 0.0% 0.0% 0.0% 76.4%
10yr 100% 7.9% 3.5% 32.0% 9.3% 13.7% 93.4%
Unem 20% 2.5% 0.9% 6.5% 0.4% 0.7% 76.6%
Oil 100% 58.0% 28.9% 78.6% 22.5% 44.8% 88.0%
Infl 40% 0.2% 0.1% 13.7% 0.3% 0.8% 35.0%
DispInc 100% 21.5% 32.0% 21.0% 70.3% 41.1% 35.8%
Ftse Mib 100% 52.7% 42.3% 15.6% 38.5% 23.7% 72.2%
GDP 20% 0.2% 0.1% 1.3% 0.1% 0.1% 87.3%

TABLE 14: Residual Normality Distribution Test results for each equations of VAR Model
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GDP Eur3m HPI FX rate Ftse Mib Oil Unem 10yr Infl DispInc
GDP 0.72%
Eur3m 0.08% 0.27%
HPI 0.07% 0.35% 1.07%
FX rate 3.33% 0.54% 0.32% 8.95%
Ftse Mib 4.42% 0.71% 0.87% 1.17% 12.14%
Oil 2.92% 5.24% 0.55% 4.17% 4.12% 16.79%
Unem -0.09% 0.02% -0.03% 0.08% -0.13% 0.06% 0.32%
10yr -0.02% 0.17% 0.02% -0.04% -0.03% 0.11% 0.05% 0.40%
Infl 0.02% 0.13% 0.05% -0.05% 0.06% 0.25% -0.05% 0.04% 0.27%
DispInc 0.19% 0.28% 0.16% 0.24% 0.07% 0.11% 0.01% 0.09% 0.09% 1.14%

TABLE 15: Impulse Response function of VAR Model

H.2 Decay Rate

H.2.1 Retail

Description Stats Results
R-squared 61.6%
% of test on residual autocorrelation passed 100%
Residual Std Deviation 12.7%
Pvalue test Breush-Godfrey 6.4% Succeed
Durbin Watson Statistic 1.50 Succeed
Pvalue test Durbin-Alt 6.2% Succeed
% of test on residual normality distribution passed 100%
Pvalue test Shapiro Wilk 28.2% Succeed
Pvalue test Shapiro Francia 45.5% Succeed
Pvalue test Skewness 40.6% Succeed
Pvalue test Kurtness 23.3% Succeed
Pvalue test Skewness/Kurtosis 33.2% Succeed
Pvalue T-test sui Residui 74.7% Succeed

TABLE 16: Statistical tests for Retail decay rates

Description Lag Coefficient Posterior Probability P-Value
Long term rate (Italy 10 YR Yield) 0 11.07 100% 0.00
% Annual variation of the Inflation Rate 3 - 12.12 100% 0.00
% Annual variation of the Disposable income 0 - 3.04 92% 0.02
Unemployment Rate 3 5.54 90% 0.00
% Annual variation of the Gross domestic Product 0 - 0.81 29% 0.02
Short term rate (Euribor 3M) 3 0.51 25% 0.05
Short term rate (Euribor 3M) 2 0.13 12% 0.06
% Annual variation of the Gross domestic Product 1 - 0.14 10% 0.03
Unemployment Rate 2 0.66 10% 0.00
% Annual variation of the Disposable income 1 - 0.12 8% 0.02
% Annual variation of the Gross domestic Product 2 - 0.04 7% 0.04
% Annual variation of the Gross domestic Product 3 - 0.02 7% 0.04
% Annual variation of the House Price Index 3 - 0.00 3% 0.02
Short term rate (Euribor 3M) 1 0.00 2% 0.01
% Annual variation of the House Price Index 2 - 0.00 1% 0.01
% Annual variation of the House Price Index 0 - 0.00 0% 0.00
% Annual variation of the House Price Index 1 - 0.00 0% 0.00

TABLE 17: Final regressors, regression coefficients, posterior probabilities and statistical significance (only final regressors
with a posterior probability greater than 1% are shown)
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FIGURE 6: Retail National Model, clockwise: Plot of actual and fitted values, Histogram of residuals, Autocorrelation
function of residuals, Posterior probabilities of regressors
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H.2.2 Small Business

Description Stats Results
R-squared 59.2%
% of test on residual autocorrelation passed 100%
Residual Std Deviation 8.0%
Pvalue test Breush-Godfrey 62.0% Succeed
Durbin Watson Statistic 1.64 Succeed
Pvalue test Durbin-Alt 66.4% Succeed
% of test on residual normality distribution passed 100%
Pvalue test Shapiro Wilk 73.5% Succeed
Pvalue test Shapiro Francia 59.8% Succeed
Pvalue test Skewness 22.9% Succeed
Pvalue test Kurtness 48.0% Succeed
Pvalue test Skewness/Kurtosis 34.7% Succeed
Pvalue T-test sui Residui 57.2% Succeed

TABLE 18: Statistical tests for Small Business decay rates

Description Lag Coefficient Posterior Probability P-Value
Unemployment Rate 0 5.14 93% 0.00
% Annual variation of the House Price Index 4 - 0.72 75% 0.00
% Annual variation of the Inflation Rate 3 - 1.79 47% 0.00
% Annual variation of the Disposable income 1 - 0.48 40% 0.00
% Annual variation of the Disposable income 0 - 0.35 31% 0.01
% Annual variation of the Inflation Rate 4 - 0.71 20% 0.00
% Annual variation of the Disposable income 2 - 0.20 17% 0.00
% Annual variation of the Inflation Rate 2 - 0.54 16% 0.00
% Annual variation of the Inflation Rate 1 - 0.53 15% 0.00
% Annual variation of the Gross domestic Product 1 - 0.11 12% 0.03
Long term rate (Italy 10 YR Yield) 0 0.09 11% 0.06
% Annual variation of the Gross domestic Product 0 - 0.07 10% 0.03
% Annual variation of the House Price Index 3 - 0.06 9% 0.01
% Annual variation of the Gross domestic Product 2 - 0.07 9% 0.02
Unemployment Rate 1 0.29 6% 0.00
% Annual variation of the Gross domestic Product 3 - 0.02 5% 0.03
% Annual variation of the Gross domestic Product 4 - 0.01 5% 0.04
% Annual variation of the House Price Index 2 - 0.02 4% 0.01
Long term rate (Italy 10 YR Yield) 1 0.01 2% 0.01
% Annual variation of the House Price Index 1 - 0.01 2% 0.01
% Annual variation of the House Price Index 0 - 0.01 2% 0.00
% Annual variation of the Disposable income 4 - 0.01 1% 0.01
% Annual variation of the Disposable income 3 - 0.00 1% 0.01
Long term rate (Italy 10 YR Yield) 3 0.00 1% 0.01
Unemployment Rate 2 0.03 1% 0.00
% Annual variation of the Inflation Rate 0 - 0.01 1% 0.00

TABLE 19: Final regressors, regression coefficients, posterior probabilities and statistical significance (only final regressors
with a posterior probability greater than 1% are shown)
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FIGURE 7: Small Business National Model, clockwise : Plot of actual and fitted values, Histogram of residuals, Autocor-
relation function of residuals, Posterior probabilities of regressors
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H.2.3 Corporate

Description Stats Results
R-squared 97.2%
% of test on residual autocorrelation passed 100%
Residual Std Deviation 5.9%
Pvalue test Breush-Godfrey 16.6% Succeed
Durbin Watson Statistic 1.83 Succeed
Pvalue test Durbin-Alt 17.1% Succeed
% of test on residual normality distribution passed 100%
Pvalue test Shapiro Wilk 39.8% Succeed
Pvalue test Shapiro Francia 50.7% Succeed
Pvalue test Skewness 44.5% Succeed
Pvalue test Kurtness 31.2% Succeed
Pvalue test Skewness/Kurtosis 43.5% Succeed
Pvalue T-test sui Residui 89.7% Succeed

TABLE 20: Statistical tests for Corporate decay rates

Description Lag Coefficient Posterior Probability P-Value
% Annual variation of the Stock market index (FTSE MIB) 0 - 0.26 100% 0.00
Unemployment Rate 0 4.71 97% 0.00
Short term rate (Euribor 3M) 2 - 7.25 87% 0.00
% Annual variation of the House Price Index 2 - 2.08 81% 0.00
% Annual variation of the Inflation Rate 2 - 1.42 46% 0.01
% Annual variation of the Gross domestic Product 0 - 0.74 42% 0.00
% Annual variation of the Oil price (Brent) 0 - 0.03 35% 0.01
% Annual variation of the Gross domestic Product 2 - 0.30 23% 0.00
% Annual variation of the Disposable income 2 - 0.13 22% 0.07
% Annual variation of the Inflation Rate 1 - 0.51 19% 0.01
Absolute annual variation of the Euro/Dollar Exchange rate 2 - 0.01 17% 0.07
% Annual variation of the House Price Index 1 - 0.41 16% 0.00
% Annual variation of the Oil price (Brent) 1 - 0.01 14% 0.00
Absolute annual variation of the Euro/Dollar Exchange rate 1 - 0.01 12% 0.05
% Annual variation of the Oil price (Brent) 2 - 0.01 12% 0.00
% Annual variation of the Inflation Rate 0 - 0.24 10% 0.01
Absolute annual variation of the Euro/Dollar Exchange rate 0 - 0.01 9% 0.03
% Annual variation of the Gross domestic Product 1 - 0.11 9% 0.00
Short term rate (Euribor 3M) 1 - 0.56 7% 0.00
Short term rate (Euribor 3M) 0 - 0.43 6% 0.00
% Annual variation of the Disposable income 0 - 0.04 5% 0.01
% Annual variation of the Disposable income 1 - 0.02 4% 0.02
% Annual variation of the House Price Index 0 - 0.07 3% 0.00
Unemployment Rate 1 0.08 2% 0.00

TABLE 21: Final regressors, regression coefficients, posterior probabilities and statistical significance (only final regressors
with a posterior probability greater than 1% are shown)
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FIGURE 8: Corporate National Model, clockwise : Plot of actual and fitted values, Histogram of residuals, Autocorrelation
function of residuals, Posterior probabilities of regressors
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H.2.4 Financial Institutions

Description Stats Results
R-squared 76.2%
% of test on residual autocorrelation passed 100%
Residual Std Deviation 21.4%
Pvalue test Breush-Godfrey 55.0% Succeed
Durbin Watson Statistic 1.88 Succeed
Pvalue test Durbin-Alt 57.0% Succeed
% of test on residual normality distribution passed 100%
Pvalue test Shapiro Wilk 58.9% Succeed
Pvalue test Shapiro Francia 37.8% Succeed
Pvalue test Skewness 91.6% Succeed
Pvalue test Kurtness 33.7% Succeed
Pvalue test Skewness/Kurtosis 61.9% Succeed
Pvalue T-test sui Residui 57.2% Succeed

TABLE 22: Statistical tests for Financial Institutions decay rates

Description Lag Coefficient Posterior Probability P-Value
% Annual variation of the House Price Index 1 - 3.07 81% 0.00
% Annual variation of the Disposable income 0 2.40 52% 0.02
Unemployment Rate 1 3.97 43% 0.00
Unemployment Rate 2 2.69 29% 0.00
% Annual variation of the Oil price (Brent) 2 - 0.05 29% 0.03
Unemployment Rate 0 2.58 28% 0.00
Short term rate (Euribor 3M) 0 - 1.20 23% 0.02
% Annual variation of the Inflation Rate 2 - 1.38 23% 0.03
% Annual variation of the Gross domestic Product 0 - 0.90 21% 0.03
% Annual variation of the House Price Index 0 - 0.60 18% 0.00
% Annual variation of the Inflation Rate 0 - 0.83 15% 0.03
Long term rate (Italy 10 YR Yield) 2 - 0.37 15% 0.05
Short term rate (Euribor 3M) 2 - 0.48 14% 0.04
% Annual variation of the Gross domestic Product 1 - 0.44 13% 0.02
% Annual variation of the Inflation Rate 1 - 0.60 12% 0.03
% Annual variation of the Stock market index (FTSE MIB) 2 - 0.02 12% 0.05
Absolute annual variation of the Euro/Dollar Exchange rate 0 - 0.03 12% 0.05
Short term rate (Euribor 3M) 1 - 0.33 11% 0.03
% Annual variation of the Gross domestic Product 2 - 0.21 10% 0.03
Absolute annual variation of the Euro/Dollar Exchange rate 2 - 0.01 10% 0.06
% Annual variation of the Stock market index (FTSE MIB) 1 - 0.01 9% 0.04
Long term rate (Italy 10 YR Yield) 0 - 0.02 9% 0.05
Long term rate (Italy 10 YR Yield) 1 0.03 9% 0.05
% Annual variation of the Stock market index (FTSE MIB) 0 - 0.01 8% 0.04
% Annual variation of the Oil price (Brent) 1 - 0.01 8% 0.03
% Annual variation of the Oil price (Brent) 0 - 0.01 8% 0.04
Absolute annual variation of the Euro/Dollar Exchange rate 1 0.00 8% 0.06

TABLE 23: Final regressors, regression coefficients, posterior probabilities and statistical significance (only final regressors
with a posterior probability greater than 1% are shown)
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FIGURE 9: Financial Institutions National Model, clockwise : Plot of actual and fitted values, Histogram of residuals,
Autocorrelation function of residuals, Posterior probabilities of regressors
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H.2.5 Public Entities

Description Stats Results
R-squared 73.5%
% of test on residual autocorrelation passed 67%
Residual Std Deviation 41.7%
Pvalue test Breush-Godfrey 30.4% Succeed
Durbin Watson Statistic 2.31 Failed
Pvalue test Durbin-Alt 33.5% Succeed
% of test on residual normality distribution passed 100%
Pvalue test Shapiro Wilk 35.8% Succeed
Pvalue test Shapiro Francia 42.3% Succeed
Pvalue test Skewness 52.3% Succeed
Pvalue test Kurtness 71.9% Succeed
Pvalue test Skewness/Kurtosis 75.7% Succeed
Pvalue T-test sui Residui 78.7% Succeed

TABLE 24: Statistical tests for Public Entities decay rates

Description Lag Coefficient Posterior Probability P-Value
Unemployment Rate 4 25.81 73% 0.01
Unemployment Rate 3 6.94 19% 0.00
% Annual variation of the Stock market index (FTSE MIB) 0 - 0.07 18% 0.08
% Annual variation of the Inflation Rate 4 - 2.95 16% 0.07
% Annual variation of the House Price Index 0 - 1.35 16% 0.04
Long term rate (Italy 10 YR Yield) 3 1.05 14% 0.07
% Annual variation of the Inflation Rate 2 - 1.77 12% 0.05
% Annual variation of the Gross domestic Product 1 - 0.78 12% 0.05
% Annual variation of the Inflation Rate 1 - 1.34 11% 0.06
% Annual variation of the Stock market index (FTSE MIB) 2 - 0.02 11% 0.08
% Annual variation of the Gross domestic Product 0 - 0.57 11% 0.05
Long term rate (Italy 10 YR Yield) 4 0.35 10% 0.07
% Annual variation of the Inflation Rate 0 - 0.88 9% 0.05
% Annual variation of the Gross domestic Product 2 - 0.53 9% 0.04
Long term rate (Italy 10 YR Yield) 2 0.50 8% 0.05
% Annual variation of the House Price Index 1 - 0.30 8% 0.04
% Annual variation of the Gross domestic Product 3 - 0.43 8% 0.03
% Annual variation of the Gross domestic Product 4 - 0.11 5% 0.03
Unemployment Rate 0 1.11 4% 0.00
% Annual variation of the Inflation Rate 3 - 0.17 3% 0.03
% Annual variation of the Stock market index (FTSE MIB) 4 - 0.01 3% 0.03
% Annual variation of the House Price Index 3 - 0.05 3% 0.02
Long term rate (Italy 10 YR Yield) 0 0.10 3% 0.02
% Annual variation of the House Price Index 2 - 0.07 2% 0.01
% Annual variation of the House Price Index 4 - 0.01 1% 0.01
Unemployment Rate 2 0.28 1% 0.00
Unemployment Rate 1 0.29 1% 0.00

TABLE 25: Final regressors, regression coefficients, posterior probabilities and statistical significance (only final regressors
with a posterior probability greater than 1% are shown)
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FIGURE 10: Public Entities National Model, clockwise : Plot of actual and fitted values, Histogram of residuals, Autocor-
relation function of residuals, Posterior probabilities of regressors
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I. Historical Evolution and
Projection

I.1 Scenario Generator

(a) % Annual Variation of Gross Domestic Product (b) % Annual Variation of Disposable Income

(c) Level of Unemployment Rate (d) % Annual Variation of Consumer Price Index

(e) % Annual Variation of House Price Index (f) % Annual Variation of FTSE Mib Index

(g) Level of Italian 10yr Yield (h) Level of Eur Euribor 3m

(i) % Annual Variation of Brent Oil Price (j) Absolute delta Annual variation of EUR/USD FX rates
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I.2 Decay Rate

(a) Retail Annualized Decay Rate (b) Small Business Annualized Decay Rate

(c) Corporate Annualized Decay Rate (d) Financial Institution Annualized Decay Rate

(e) Public Entities Annualized Decay Rate

FIGURE 12: Historical and projected evolution of annualized decay rate obtained applying Satellite Models on macroeco-
nomic variables provided by Scenario Generator
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J. IFRS9 Multi-year PD Curves

(a) Retail IFRS9 Multi-Year PD Curve (b) Small Business IFRS9 Multi-Year PD Curve

(c) Corporate IFRS9 Multi-Year PD Curve (d) Financial Institution IFRS9 Multi-Year PD Curve

(e) Public Entities IFRS9 Multi-Year PD Curves
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