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EDITORIAL

Dear Readers,

Issue n.11 of Argo newsletter is featured by two
important contributions in the Banking and Finance fields.

The first article is focused on the modelling of sight deposits for
risk management purposes, an activity that has become extremely
relevant in the ALM departements of banks after the 2008 financial
crisis. In particular, Antonio Castagna and Giovanni Mistè illus-
trates a stochastic risk factor approach to estimate the expected
profitability, the liquidity and the duration risks of sight deposits
in the Italian banking industry. The approach is applied to both
retail and corporate customers and takes into consideration the dif-
ference in their behaviours on the basis of the size of their deposits.

The second contribution spotlights one of the most discussed
topic in the market risk management today: the incoming FRTB
Standardised Approach. After a brief introduction of the new reg-
ulation, Gianbattista Aresi and Luca Olivo provides a comparison
between the current Basel standardised method and the incoming
FRTB one, focusing their analysis on the challenges that banks shall
face in implementing the new regulation in their risk infrastructures.

We conclude as usual by encouraging the submission of
contributions for the next issues of Argo in order to im-
prove each time this newsletter. Detailed information about
the process is indicated at the beginning. New and challeng-
ing articles are upcoming with the next releases indeed.

Enjoy your reading!

Antonio Castagna
Andrea Roncoroni

Luca Olivo
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Risk and Profitability of
Sight Deposits in the Italian
Banking Industry

This article presents a stochastic risk
factor approach to gauge the expected
profitability and the liquidity and dura-
tion risks of sight deposits of the Ital-
ian banking industry, using public data
available from Banca d’Italia, spanning
over a long period of time that includes
the Euro Crisis. The approach is applied
to both retail and corporate customers,
and it considers their different behaviour
based on the size of their deposit.

Antonio CASTAGNA
Giovanni MISTE’

The modelling of deposits and non-maturing
liabilities is a crucial task for the liquidity
and asset and liability management of a fi-

nancial institution. It has become even much more
momentous in the current environment after the liq-
uidity crisis that struck the interbank money market
in 2008/2009.

Typically, the ALM departments of banks in-
volved in the management of interest rate and liq-
uidity risks face the task of forecasting deposit vol-
umes, so as to design and implement consequent

liquidity and reinvestment strategies. Moreover,
deposit accounts represent the main source of fund-
ing for the bank, primarily for those institutions
focused on the retail business, and they heavily con-
tribute to the funding available for lending activity.
Of the different funding sources, sight deposits usu-
ally have the lowest costs, so that in a funding mix
they help reducing the total cost of funding.

A renewed attention to the modelling of non-
maturing liabilities has arisen after the publication
of a consultative document [9] by the Basel Com-
mittee, and eventually of the new standards [10]
on the measurement and the management of the
Interest Rate Risk of the Banking Book (IRRBB).

The final standards provide for a standard-
ised approach to measure the risks related to be-
havioural optionalities, including non-maturing li-
abilities and prepayment of mortgages, yet they
allow banks to use internal models, if approved by
competent authorities.

Lately, updating modelling is felt by banks as
urgent because of the low, or even negative, interest
rate environment. Banks are not passing yet the
cost of negative rates on depositors, fearing a with-
drawal of the deposited amounts and an increase of
the cash held outside the banking system. Nonethe-
less, this policy is contributing to the shrinking of
the net interest income (NII).

For these reasons, we think it is useful to analyse

Issue n. 11 / 2016
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SIGHT DEPOSITS MANAGEMENT

by a robust, general, and forward-looking approach
the liquidity risk, interest rate exposure, and the
profitability of this class of liabilities for the banking
industry, focussing our attention on the public data
available from Banca d’Italia for the Italian banking
system.

Our approach follows the methodology intro-
duced by Jarrow and van Deventer [11]; Castagna
and Fede [8], amongst many others, applied a sim-
ilar approach to the publicly available aggregated
data for the Italian banking industry, denoting it as
stochastic factor (SF), since it identifies statistically
how the evolution of deposit volumes, and of de-
posit rates, is linked to risk factors. The dynamics
of risk factors are also modelled so that, by simulat-
ing their future evolution up to a given predefined
time (cut-off horizon), it is possible to derive the
implied dynamics of the deposits and of the interest
rate paid on them, and the risk metrics related to
liquidity and interest rates.

The analysis in Castagna and Fede [8] will be
extended in what follows in two directions. First,
we disentangle the data by identifying two types of
depositors, namely: corporate and retail. Second,
we classify the data for each type of depositors in
five categories according to the amount of the sin-
gle deposit. In this way, we will be able to detect
how the two types of depositors, in each category,
react to the changing of the risk factors. Therefore,
we will analyse 8 different clusters of depositors.

The SF approach we implement is different from
the model usually adopted by banks in managing
sight deposits, as we will see in Section , where we
will present a comparison between the two frame-
works.

We will assess the expected profitability of the
sight deposit accounts through the computation of
the Economic Value; additionally, we will calculate
the Duration of the deposits’ volume, a measure
related to interest rate risk; and finally we will
compute the Weighted Average Life and the Term
Structure of Liquidity, at several confidence levels,
as measures of the liquidity risk useful to assess the
stability of the deposits’ volume.

Overview of the Approach

In modelling the sight deposits, we adopt an ap-
proach that hinges on the main idea that their vol-
umes depend on stochastic risk factors. The de-
pendencies are estimated by standard econometric
techniques; then, these dependencies can be used

to simulate the future evolution of the deposits so
as to compute a range of metrics and measures
for risk management purposes and for profitability
monitoring.1

The approach is made of the following building-
blocks:

• the deposits’ volume;

• the deposits’ interest rates;

• the market interest rates;

• the creditworthiness of the average Italian
bank, for which we use a 5Y CDS (credit de-
fault swap) index as a proxy (see below for
the details).

The first and the second building-block are the
variables we wish to analyse; the remaining two
building-blocks that are related to market stochastic
risk factors.

In Figure 1 we sketch the entire framework of
the approach. The historical data for the risk factors,
the deposit rate and volume, are fed to the calibra-
tion engine: the models are calibrated in a nested
fashion. First, we estimate the model for the deposit
interest rate, which depends on the two stochastic
risk factors, i.e.: the market risk-free (short-term)
interest rate and the CDS index, representing the
credit riskiness of the banking industry. Secondly,
we estimate the model for deposit volume, which
depends on the market interest rate, the deposit
interest rate, and the CDS index. Finally, the dy-
namics of the two stochastic risk factors, i.e.: the
market interest rate and the CDS index, are cali-
brated to their historical time series. The two risk
factors do not depend on any other variables.

Once the calibration is performed, the models
can be used to simulate future paths of all the vari-
ables: also in this case, the paths are generated
in a sort of nested fashion. More specifically, the
two risk factors are projected by Montecarlo sim-
ulations: the values in each path are input in the
dynamics of the deposit interest rate, so to produce
a Montecarlo simulation also for it. Finally, the two
risk factors and the deposit interest rate simulated
in each path are input into the dynamics of the
deposit volume, to obtain a Montecarlo simulation.

Hence, the simulation of a (high) number of
paths yields a distribution for the relevant market
risk factors and the deposits’ interest rate and vol-
ume. This allows to compute useful quantities for
the profitability monitoring and risk management,
such as the Economic Value, the Term Structure of

1The approach is not very different, in spirit, from the one adopted in some other studies; for a very short and incomplete list, we
mention the works by Jarrow and Van Deventer [11], Kalkbrener and Willing [7], Dewachter, Lyrio and Maes [6], Nystrom [5] and
Blochlinger [4]. For a more general overview, see also Castagna and Fede, chapter 9, [8].
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FIGURE 1: The Stochastic (Risk) Factor approach framework.

Liquidity, the Duration and the Weighted Average
Life, which will all be described in the following.
The approach can be even employed to generate a
consistent scenario analysis, where one can assume
some levels for the risk factors that, in turn, will
provide the evolution of the deposit interest rate
and volume, and the corresponding values of all
the metrics we have just mentioned.

The approach we follow is rather different
from the approach typically followed within banks,
which is also implicitly alluded to by the new Basel
documents on IRBBB ([9] and [10]), and which for
this reason we refer to as the Basel standard ap-
proach. We sketch the framework of the approach
in Figure 2: the data base of historical data is ba-
sically the same, even though only the short term
market interest rate is considered as a risk factor,
and no other variable related to the creditworthi-
ness of the bank is taken into account.

The calibration is operated at two separate lev-
els: first, the the deposit interest rate dynamics,
which depends only on the market interest rate, is
estimated by a linear relationship or by an Error
Correction Model. Then, the dynamics for the de-
posit volume is in exogenous way superimposed
(e.g.: a Geometric Brownian Motion), without any
dependence on the market and the deposit inter-
est rates: for this dynamics, often after removing
the drift, the volatility parameter is historically es-
timated. Finally, given the volatility of the time
series, the deposit volume at the reference date is
separated in a volatile and a stable component. The
former is kept in a liquidity buffer, whereas the
latter is subsequently divided in a non-core compo-
nent, allocated in a rolling short-term investment,
and a core component invested in a portfolio of
medium-long term bonds, based on the amorti-

sation profile derived by a stressed profile of the
deposit volume’s dynamics, for example projecting
in the future the volume at a 2.65 times the volatil-
ity, up to a predefined cut-off time. The core and
non-core components are determined according to
the sensitivity of the deposit interest rate to the
market interest rate.

This approach is more simplified than the SF
approach, hence it does not allow for a proper eval-
uation of the profitability of the sight deposits, nor
it provides risk metrics, such as the Duration, or
sensitivities to market rates. Moreover, within its
framework, a scenario analysis can be run on a lim-
ited basis since the volume does not depend on any
market variable.

Additionally, in the current low (or even neg-
ative) market interest rate environment, the Basel
standard approach may produce as outcome some
insensible results, by construction of the way in
which the core and non-core components are de-
rived.

Finally, it is worth noting that the SF approach
models in a unified fashion both the liquidity and
the interest rate risks: all the dynamics of deposits’
volume and interest rate depend on risk factors, so
they are both consistently affected by those. On the
contrary, the standard approach in practice relies
on two separate modelling, i.e.: the volume and
the deposits’ interest rate, and there is no interrela-
tion whatsoever between the two models. This may
create some

For all these reasons, we think the SF approach
is superior and more powerful to deal with several
market environment, including the current one.

Issue n. 11 / 2016
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SIGHT DEPOSITS MANAGEMENT

FIGURE 2: The Basel Standard approach framework.

Deposits Volume

As mentioned above, the deposits volume is as-
sumed to be dependent on a set of risk factors. The
main principle in identifying the risk factors affect-
ing the deposits’ evolution is the depositors’ liquid-
ity preferences: the lower the market interest rates,
the higher the depositors’ propensity to keep cash
and high-liquidity assets, such as sight deposits. So
a negative relation is expected to be found between
the level, or variations, of the volume of deposits
and the level, or variations, of interest rates when
estimating it with historical data.

The effects of the market interest rates can be
counterbalanced by the deposits’ interest rates: the
higher they are, the more depositors are encour-
aged to keep their wealth in deposits, since their
yield competes with other types of investments.

Finally, the depositors are expected to withdraw
from their deposits as the risk of the bank’s default
increases. We proxy this risk with the Credit De-
fault Swap premium quoted in the market. Since
we are dealing with data referring to the entire
Italian banking industry, we build a CDS index as
explained below.

We model the evolution of the deposits’ vol-
ume Dt by assuming a linear relationship between
the logarithm of the normalized deposits volume
λt = log( Dt

D0
) and a combination of the risk fac-

tors (or rather some functions of them), plus an
autoregressive term. Thus, the general formula that
describes the evolution of this function Dt is given
by

λt = β0 + β1λt−1 + β2X(1)
t + β3X(2)

t + β4X(3)
t + εt

(1)
The risk factors X(1)

t , X(2)
t , X(3)

t are functions of all
the variables that define the movement of λt: the

market rate Rt, the interest rate It and the CDS
St. β0, β1, β2, β3, β4 are the coefficients and εt is the
error term.

Deposits Interest Rate

Being a tool of the pricing policy of the banks, the
deposits’ interest rate is a driving factor that affects
the evolution of deposits’ volume through time. An
increase of the deposit rate will work as an incentive
for existing depositors not to withdraw from their
accounts or even to increase the amount deposited.

On the other hand, the deposits’ rates will be
also dependent on the general level of the market
interest rates and on the perceived creditworthiness
of the bank: in both cases, higher values of the risk
factors tend to increase the level of the interests
paid on deposits.

As for the dependence between the deposits’
rates and these two risk factors, we present two al-
ternatives: first, we assume a linear dependence of
the interest rate from time moving averages of the
1M Eonia rates and the CDS index (linear model).
As a second alternative, we use an Error Correction
Model.

Linear model

The linear model for the deposits interest rate It has
the following structure:

It = β0,I + β1,I A(Rt, p) + β2,I A(S̄t, q) + εt (2)

where β0,I , β1,I and β2,I are the coefficients of the
linear dependence (to be established with a linear
regression) and εt is the error term (in the Appendix
A we define explicitly the operator A(x, y)). S̄t is
a modification of the CDS index, introduced to
consider its effects only when it is above a given

10
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threshold:

S̄t =

{
0 if S(t) < 0.03
S(t) otherwise

The idea here is that when the perceived credit risk
of the bank is small, it does not affect the deposit
interest rate model. We found the 300 bps works
quite well in capturing the historical data.

By analysing the ACF and PACF plots of the
errors process εt obtained from a preliminary or-
dinary least square estimation, we have found the
error terms to be autocorrelated. So the most suit-
able model to describe the deposits interest rate It is
and AR on residuals, estimated by Cochrane-Orcutt
procedure. Using an AR(1) model the autocorre-
lation vanished, so the correct model for the error
term is:

εt = ρεt−1 + εt (3)

where now the independent random variable is εt.

Error correction model (ECM)

The structure of the error correction model is given
by the following system of linear equations:

ILT
t = βLT

0,I + βLT
1,I Rt + βLT

2,I S̄t + εt (4)

∆ILT
t =βST

0,I + βST
1,I ∆Rt + βLT

2,I∆S̄t+

+ βST
3,I (It−1 − ILT

t−1) + ηt
(5)

where εt and ηt are error terms. It should be
stressed that, differently form what happens in
practice in many cases, our version of the ECM
considers also the CDS index.

In the following we will assume that is not possi-
ble to have negative values for the deposits interest
rate. This constraint can be clearly relaxed if one
believes that the bank is able to charge negative
rates to its clients.

Market Interest Rate

The relevant market interest rate for our models
is a short-term risk-free rate: we consider the 1M
Eonia swap rate as a good proxy for this rate. We
choose to model the dynamic of the market interest
rate with an extension of the CIR dynamics intro-
duced by Cox, Ingersoll and Ross [3], denoted as
CIR++, which is due to Brigo and Mercurio [2]. In
this dynamics the instantaneous risk-free rate rt is
given by the sum of a deterministic time function
component ψt and a stochastic variable xt, which
follows a mean reverting square-root process, the
original CIR dynamics:

rt = ψt + xt, (6)

dxt = κx(θx − xt)dt + σx
√

xtdWx
t (7)

where κx, θx and σx are the parameters of the CIR
dynamics and Wx represents the Wiener process.

Starting from this dynamics we can compute a
zero-coupon bond price with maturity time T as
follows:

P(t, T) = e−
∫ T

t ψsds A(t, T)e−B(t,T)xt (8)

where the functions A(t, T) and B(t, T) are defined
as:

A(t, T) =
[

2γ exp[(κ + γ)(T − t)/2]
2γ + (κ + γ)(exp[(T − t)γ]− 1)

] ν
2

B(t, T) =
2 exp[γ(T − t)]− 1)

2γ + (κ + γ)(exp[γ(T − t)]− 1)

γ =
√

κ2 + 2σ2

ν =
4κθ

σ2

From (6) and (8) we can derive the simply com-
pounded Eonia swap rate R(ti−1, ti) for a maturity
time ∆t, which in our case is equal to 30

365 = 1
month. In a generic form, the simply compounded
rate between time ti−1 and ti valued at time t:

R(ti−1, ti) ≡ Rti−1 =

(
1

[(ti−1, ti)]
− 1
)

1
∆t

(9)

where (s, t) = exp(−
∫ t

s rudu) represents the dis-
count factor up to time t. Conditioned at the value
r(s), in the CIR setting [(s, t)] = P(s, t); at time t0,
we have:

R(t0, t1) = Rt0 =

(
1

P(t0, t1)
− 1
)

1
∆t

(10)

Credit Default Swap

For the CDS index we choose not to use a credit
model to evaluate derivative contracts; we will
model the spread directly with a standard CIR dy-
namics:

dSt = κs(θt − St)dt + σs
√

StWs
t (11)

where κs, θs and σs are the parameters of the model
and Ws is the Wiener process.

Issue n. 11 / 2016
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Model Selection and

Estimation

We select the factors that are supposed to affect
the deposits’ dynamics for each cluster, trying to
capture the different behaviour of depositors. For
example, some depositors may be more concerned
about the default of the bank than others, while
some other depositors may just look at the interest
paid by the bank. Hence, to model the deposits’
volume and interest rates, we aim at identifying a
regression that best fits the historical data.

For all clusters, we consider the associated re-
gressions acceptable only if the coefficients, result-
ing from the estimation, have the expected theoret-
ical sign (for example, the deposits’ interest rate
should be positively correlated with both the Eo-
nia rate and the CDS index) and if the obtained
estimators are statistically significant.

The Data Set

For the deposits’ volume and the deposits’ interest
rate, the source of the data is the Statistical Database
of Banca d’Italia.2 All data are quarterly and the
period analysed ranges from January 2005 to June
2015.

In more detail, we retrieved the following time
series:

• Volumes on sight current account deposits:
classified by sector and size of deposit (code
[TDB30960_5540161]) for the products. Since
the data set contains amounts multiplied by
the number of days, we obtain the deposits’
volume by dividing the quarterly product by
the actual number of days in each quarter.

• Interest rates on sight current account de-
posits: classified by sector and size of deposit
(code [TDB30960_5640113]) for the deposits’
interest rate.

We allocate the available data into 8 clusters,
made of two types of depositors, each one subdi-
vided in four ranges of deposit amount, as follows:

• Non financial corporations and producer
households (NFC&PH),

– up to 10.000 Euros;

– from 10.000 Euros to 50.000 Euros;

– from 50.000 Euros to 250.000 Euros;

– more than 250.000 Euros.

• Consumer households, non profit institutions
(NPIS) serving households and unclassifiable
units (CH,NSH&UI),

– up to 10.000 Euros;

– from 10.000 Euros to 50.000 Euros;

– from 50.000 Euros to 250.000 Euros;

– more than 250.000 Euros.

The plots of the time series of deposits’ volume
and interest rate for each cluster are in Figure 3.

The 1M Eonia swap is collected daily data, from
1/1/2005 to 30/6/2015, from Bloomberg and a
quarterly average has been compute. The plot of
the time series is in Figure 4.

Finally, a CDS index is built as a proxy for the
CDS of the Italian Banking Industry: we compute a
quarterly weighted average of the CDS of the major
Italian banks, where the weights are proportional to
the sight deposits volumes in each bank’s balance
sheet at the reference date (June 2015). The banks
considered are Banco Popolare, BPM, BNL, Intesa
Sanpaolo, Mediobanca, Monte dei Paschi di Siena,
UBI and Unicredit.

In more detail, we collected daily data, from
1/1/2005 to 30/6/2015, from Bloomberg and we
computed a quarterly average for each bank. Then
we computed the quarterly average for the system.

The Bloomberg tickers for the banks are:

• BPIIM CDS EUR SR 5Y D14 MSG1 Corp for
Banco Popolare

• LAVORO CDS EUR SR 5Y D14 MSG1 Corp
for BNL

• PMIIM CDS EUR SR 5Y D14 MSG1 Corp for
BPM

• ISPIM SPA CDS EUR SR 5Y D14 MSG1 Corp
for Intesa Sanpaolo

• BACRED CDS EUR SR 5Y D14 MSG1 Corp
for Mediobanca

• UBIIM CDS EUR SR 5Y D14 MSG1 Corp for
UBI

• UCGIM CDS EUR SR 5Y D14 MSG1 Corp for
Unicredit

In Figure 5 we show the plot of the CDS quarterly
time series for each bank and the CDS index for the
system.

2The data are publicly available at https://www.bancaditalia.it/statistiche/basi-dati/bds/index.html.
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FIGURE 3: Plots of the time series retrieved from the public data base of Banca d’Italia.
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FIGURE 5: CDS quarterly time series for each bank and the CDS index for the system (in basis points).

Model Selection Procedure

For each cluster we choose the most suitable model
both considering the R2 value and the p-values
(0.05 being the chosen significance level). Addi-
tionally we perform a backtesting, by splitting the
sample into two sub-samples and checking whether
the model estimated within the first sub-sample re-
mains sound within the second one.

More specifically, we perform two different
tests:

• Test on residuals: We split the sample of size
n=72 into two sub-samples of size m and n-m
dates. We test whether, estimating a model
within the first sample and using it on the
second one, there is a significant difference
in the size of the residuals between the two
sub-samples.

• Forward predictive failure test: We split the sam-
ple of size n into two sub-samples of size m
and n-m. We test whether there is a significant
difference in the parameters in estimating a
model for each sub-sample (using the same
independent variables).

Details are in Appendix B.

Regression Analysis

We present for each of the 8 clusters the regressions
resulting from the model selection for:

• the deposit interest rate, both the linear (LD)
and Error Correction Model (ECM) type of
dynamics;

• the deposits’ volume.

The details on the estimated coefficients and sta-
tistical robustness analysis are in Appendix C and
D.

Non financial corporations and producer house-
holds, up to 10.000 Euros

Up to 10.000 Euros

• Interest rate I (LD):

It = β0,I + β1,I A(Rt, 6) + εt

εt = ρεt−1 + εt

In Figure 6a we plot the actual values of the time
series.

• Interest rate It (ECM):

ILT
t = βLT

0,I + βLT
1,I Rt + εt

∆ILT
t = βST

0,I + βST
1,I ∆Rt + βST

3,I (It−1 − ILT
t−1) + ηt

In Figure 6b we plot the actual values of the
time series of the interest rate and the fitted val-
ues obtained by using the model above and the
estimated coefficients.

• Deposits’ volume Dt:

λt = β0 + β1λt−1 + β2 A(It, 3) + εt

In Figure 7 we show the results of the fitted dynam-
ics along with the actual values.
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FIGURE 6: Non financial corporations and producer households up to 10.000 Euros: Time series of interest rate actual vs. fitted
values for the period from 1/2005 to 6/2015.
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FIGURE 7: Non financial corporations and producer households up to 10.000 Euros: Time series of deposits’ volume actual vs. fitted
values for the period from 1/2005 to 6/2015 (in billions of Euros).
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FIGURE 8: Non financial corporations and producer households from 10.000 to 50.000 Euros: Time series of interest rate actual vs.
fitted values for the period from 1/2005 to 6/2015.
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FIGURE 9: Non financial corporations and producer households from 10.000 to 50.000 Euros: Time series of deposits’ volume actual
vs. fitted values for the period from 1/2005 to 6/2015 (in billions of Euros)

From 10.000 to 50.000 Euros

• Interest rate I (LD):

It = β0,I + β1,I A(Rt, 6) + εt

εt = ρεt−1 + εt

In Figure 8a we plot the actual values of the time
series.

• for the interest rate It (ECM):

ILT
t = βLT

0,I + βLT
1,I Rt + εt

∆ILT
t = βST

0,I + βST
1,I ∆Rt + βST

3,I (It−1 − ILT
t−1) + ηt

In Figure 8b we plot the actual values of the time
series of the interest rate and the fitted values ob-
tained by using the model above and the estimated
coefficients.

• Deposits volume Dt:

Since we found seasonality on our data (whatever
the trend is, the deposits volume drops system-
atically each year in the first quarter and then in-
creases in the second one) we first employ a dummy
variable DV to seasonally adjust them. This vari-
able is equal to one in the first quarter, equal to
zero otherwise. Our equation is:

λt = β0 + β1λt−1 + β2 A(It, 3) + β3DVt + εt

In Figure 9a we show the raw values λt, together
with the seasonally adjusted values λ′t.

We use the seasonally adjusted data for a second
and final regression:

λ′t = β0 + β1λ′t−1 + β2 A(It, 3) + εt

In Figure 9b we show the fitted values along with
the raw ones.

From 50.000 to 250.000 Euros

• for the Interest rate I (LD):

It = β0,I + β1,I A(Rt−1, 3) + β2,I A(S̄t, 12) + εt

εt = ρεt−1 + εt

In Figure 10a we plot the actual values of the time
series.

• Interest rate It (ECM):

ILT
t = βLT

0,I + βLT
1,I Rt + βLT

2,I S̄t + εt

∆ILT
t =βST

0,I + βST
1,I ∆Rt + βLT

2,I∆S̄t+

+ βST
3,I (It−1 − ILT

t−1) + ηt

In Figure 10b we plot the actual values of the time
series of the interest rate and the fitted values ob-
tained by using the model above and the estimated
coefficients.

• Deposits volume Dt:

Since we found seasonality on our data (whatever
the trend is, the deposits volume drops system-
atically each year in the first quarter and then in-
creases in the second one) we first employ a dummy
variable DV to seasonally adjust them. This vari-
able is equal to one in the first quarter, equal to
zero otherwise. Our equation is:

λt =β0 + β1λt−1 + β2 A(Ct, 6)+

β3 A(S̄t, 6) + β4DVt + εt

where Ct = Rt − I − t. In Figure 11a we show the
seasonally adjusted values along with the raw ones.

We use the seasonally adjusted data for a second
and final regression:

λ′t = β0 + β1λ′t−1 + β2 A(Ct, 6) + β3 A(S̄t, 6) + εt

In Figure 11b we show the results of the fitted dy-
namics along with the actual values.
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FIGURE 10: Non financial corporations and producer households from 10.000 to 50.000 Euros: Time series of interest rate actual vs.
fitted values for the period from 1/2005 to 6/2015.
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FIGURE 11: Non financial corporations and producer households from 50.000 to 250.000 Euros: Time series of deposits’ volume
actual vs. fitted values for the period from 1/2005 to 6/2015 (in billions of Euros).
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FIGURE 12: Non financial corporations and producer households more than 250.000 Euros: Time series of interest rate actual vs.
fitted values for the period from 1/2005 to 6/2015.
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FIGURE 13: Non financial corporations and producer households more than 250.000 Euros: Time series of deposits’ volume actual
vs. fitted values for the period from 1/2005 to 6/2015 (in billions of Euros)

More than 250.000 Euros

• Interest rate I (LD):

It = β0,I + β1,I A(Rt−1, 3) + β2,I A(S̄t, 12) + εt

εt = ρεt−1 + εt

In Figure 12a we plot the actual values of the time
series.

• for the interest rate It (ECM):

ILT
t = βLT

0,I + βLT
1,I Rt + βLT

2,I S̄t + εt

∆ILT
t =βST

0,I + βST
1,I ∆Rt + βLT

2,I∆S̄t+

+ βST
3,I (It−1 − ILT

t−1) + ηt

In Figure 12b we plot the actual values of the
time series of the interest rate and the fitted val-
ues obtained by using the model above and the
estimated coefficients.

• Deposits volume Dt:

Since we found seasonality on our data (whatever
the trend is, the deposits volume drops system-
atically each year in the first quarter and then in-
creases in the second one) we first employ a dummy
variable DV to seasonally adjust them. This vari-
able is equal to one in the first quarter, equal to
zero otherwise. Our equation is:

λt =β0 + β1λt−1 + β2 A(Ct, 6)+

+ β3 A(S̄t, 6) + β4DVt + εt

We seasonally adjust the data by subtracting
them the value of the dummy variable multiplied
by its coefficient.

In Figure 13a we show the seasonally adjusted
values along with the raw ones.

We use the seasonally adjusted data for a second
and final regression:

λ′t = β0 + β1λ′t−1 + β2 A(Ct, 6) + β3 A(S̄t, 6) + εt

In Figure 13b we show the results of the fitted dy-
namics along with the actual values.

Consumer households, NPIS serving households
and unclassifiable units, up to 10.000 Euros.

Up to 10.000 Euros

• Interest rate I (LD):

It = β0,I + β1,I A(Rt−1, 3) + εt

εt = ρεt−1 + εt

In figure 14a we plot the actual values of the
time series.

• Interest rate It (ECM):

ILT
t = βLT

0,I + βLT
1,I Rt + εt

∆ILT
t = βST

0,I + βST
1,I ∆Rt + βST

3,I (It−1 − ILT
t−1) + ηt

In Figure 14b we plot the actual values of the
time series of the interest rate and the fitted val-
ues obtained by using the model above and the
estimated coefficients.

• Deposits volume Dt:

λt = β0 + β1λt−1 + β2 A(It, 3) + εt

In Figure 15 we show the results of the fitted dy-
namics along the actual values.
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FIGURE 14: Consumer households, NPIS serving households and unclassifiable units, up to 10.000 Euros: Time series of deposits’
volume actual vs. fitted values for the period from 1/2005 to 6/2015.
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FIGURE 15: Consumer households, NPIS serving households and unclassifiable units, up to 10.000 Euros: Time series of deposits’
volume actual vs. fitted values for the period from 1/2005 to 6/2015 (in billions of Euros).
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FIGURE 16: Consumer households, NPIS serving households and unclassifiable units, from 10.000 to 50.000 Euros: Time series of
interest rate actual vs. fitted values for the period from 1/2005 to 6/2015.
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FIGURE 17: Consumer households, NPIS serving households and unclassifiable units, from 10.000 to 50.000 Euros: Time series of
deposits’ volume actual vs. fitted values for the period from 1/2005 to 6/2015 (in billions of Euros).

From 10.000 to 50.000 Euros

• Interest rate I (LD):

It = β0,I + β1,I A(Rt−1, 3) + εt

εt = ρεt−1 + εt

In Figure 16a we plot the actual values of the
time series.

• Interest rate It (ECM):

ILT
t = βLT

0,I + βLT
1,I Rt + εt

∆ILT
t = βST

0,I + βST
1,I ∆Rt + βST

3,I (It−1 − ILT
t−1) + ηt

In Figure 16b we plot the actual values of the time
series of the interest rate and the fitted values ob-
tained by using the model above and the estimated
coefficients.

• Deposits volume Dt:

λt = β0 + β1λt−1 + β2 A(Ct, 3) + β3 A(S̄t, 3) + εt

In Figure 17 we show the results of the fitted values
along with the observed ones.

From 50.000 to 250.000 Euros

• Interest rate I (LD):

It = β0,I + β1,I A(Rt−1, 3) + β2,I A(S̄t, 12) + εt

εt = ρεt−1 + εt

In figure 18a we plot the actual values of the
time series.

• Interest rate It (ECM):

ILT
t = βLT

0,I + βLT
1,I Rt + βLT

2,I S̄t + εt

∆ILT
t =βST

0,I + βST
1,I ∆Rt + βLT

2,I∆S̄t+

+ βST
3,I (It−1 − ILT

t−1) + ηt

In Figure 18b we plot the actual values of the
time series of the interest rate and the fitted val-
ues obtained by using the model above and the
estimated coefficients.

• Deposits volume Dt:

λt =β0 + β1λt−1 + β2 A(Rt, 3)+

+ β3 A(It, 3) + β4 A(S̄t, 6) + εt

In Figure 19 we show the results of the fitted dy-
namics along with the actual values.

More than 250.000 Euros

• Interest rate I (LD):

It = β0,I + β1,I A(Rt, 6) + β2,I A(S̄t, 12) + εt

εt = ρεt−1 + εt

In figure 20a we plot the actual values of the time
series.

• Interest rate It (ECM):

ILT
t = βLT

0,I + βLT
1,I Rt + βLT

2,I S̄t + εt

∆ILT
t =βST

0,I + βST
1,I ∆Rt + βLT

2,I∆S̄t+

+ βST
3,I (It−1 − ILT

t−1) + ηt

In Figure 20b we plot the actual values of the
time series of the interest rate and the fitted val-
ues obtained by using the model above and the
estimated coefficients.

• Deposits volume Dt:
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FIGURE 18: Consumer households, NPIS serving households and unclassifiable units, from 50.000 to 250.000 Euros: Time series of
interest rate actual vs. fitted values for the period from 1/2005 to 6/2015
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FIGURE 19: Consumer households, NPIS serving households and unclassifiable units, from 50.000 to 250.000 Euros: Time series of
3-months deposits volume vs. fitted values for the period from 1/2005 to 6/2015 (in billions of Euros).
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FIGURE 20: Consumer households, NPIS serving households and unclassifiable units, more than 250.000 Euros: Time series of
interest rate actual vs. fitted values for the period from 1/2005 to 6/2015
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FIGURE 21: Consumer households, NPIS serving households and unclassifiable units, more than 250.000 Euros: Time series of
deposits volume actual vs. fitted values for the period from 1/2005 to 6/2015 (in billions of Euros).

λt =β0 + β1λt−1 + β2 A(Rt, 3)+

+ β3 A(It, 3) + β4 A(S̄t, 6) + εt

In Figure 21 we show the results of the fitted dy-
namics along with the actual values.

Calibration of the Risk Factors’ Dynam-
ics

We now describe in detail the procedures used to
calibrate to real market data the variables 1M Eonia
swap rate and the 5Y CDS index.

Eonia Swap Rate

The CIR ++ model to model the short rate is cali-
brated to the time series of Eonia swap rates sam-
pled monthly from 29/02/2008 to 30/06/2015. For
each month we have a term structure of Eonia swap
rates retrieved from Bloomberg, made of the follow-
ing maturities: all months from 1 to 11, all years
from 1 to 12, then 15 and 20 years.

The calibration of the parameters has been per-
formed in two steps:

• the parameters κx, θx and σx relative to the
stochastic part xt have been estimated by us-
ing a Kalman filter calibration on our data
and the starting point r0 is set equal to the
last value of the time series, if it is positive,
and equal to 0.1% otherwise. In our calibra-
tion the estimated parameters and the initial
value are shown in Table 1.3

κx θx σx r0

0.0164 6.12% 4.314% 0.1%

TABLE 1: Calibrated parameters in the CIR model for
Eonia.

• the function ψt is determined by imposing an
exact fit of the CIR++ model to the discount
factors derived from Eonia swap rates’ term
structure on the last date of the time series
(end June 2015).

In Table 2 we show the calibrated values of the
ψt function.

Maturity ψt Maturity ψt

1M -0.00036 2Y -0.00207
2M -0.00051 3Y -0.0016
3M -0.00073 4Y -0.00098
4M -0.00098 5Y -0.000031
5M -0.00093 6Y 0.000313
6M -0.00107 7Y 0.000543
7M -0.00125 8Y 0.000391
8M -0.00117 9Y -0.00015
9M -0.00173 10Y -0.00028

10M -0.00142 11Y -0.00071
11M -0.00154 12Y -0.00193
1Y -0.00212 15Y -0.00485

20Y -0.00804

TABLE 2: Values of the ψt function.

Credit Default Swap Index

The CIR model is calibrated to the time series of
the CDS index by a procedure suggested by Brigo
et al.Brigo et al. [1]. Details are in Appendix E

The results of tha calibration are given in Table 3.
The last value of the historical time series is used as
the starting value of the process in the simulation.
So S0 = 121.02 bps.

κs θs σs
0.64559 2.1234% 13.51205%

TABLE 3: Coefficients in the CIR model for the CDS index.

3More details on the Kalman filter calibration of the CIR ++ model can be found in Castagna and Fede [8].
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Simulations

Once the parameters are estimated, we can run
simulations for the evolution of each factor. We
generate a number of simulated paths for the fac-
tors by means of the estimated dynamics, following
these steps:

• compute 25.000 paths for the market rate 1M
Eonia swap rate and for the CDS index, ac-
cording to the CIR++ model and the CIR
model respectively;

• for each path, compute the corresponding de-
posits’ interest rate and deposits’ volume, ac-
cording to the estimated regressions;

• We compute the value for every variable at
each time step with a cut-off horizon T = 10
years; each path is made of 120 steps of 1
month length.

We show the plots obtained from the simu-
lations of deposits’ volumes for NFC&PH and
CH,NSH&UI, respectively in Figures 22 and 23. We
plot the expected evolution for each deposit cluster
for the two types of depositors, departing from the
last date of the historical time series; additionally,
we plot the 99%, 99.5% and 99.9% percentile of the
simulated paths at each future time step, to provide
a visual indication of the volatility of the deposits’
volume.

Profitability and Risk

Management

The approach we have sketched above and cali-
brated to historical data is a powerful tool to anal-
yse under a unified framework the profitability and
the risk related to sight deposits.

Until few years ago, before 2008, sight de-
posits were a very cheap liability for a bank. In
many cases, the spread over the market short term
risk-free interest rate was negative, meaning that
the reinvestment of the volumes deposited by the
bank’s customers earned a net profit.

In the current economic environment, and af-
ter the crisis of the banking sector in 2008/2009,
the possibility for the banks to extract a positive
net profit from the sight deposits dramatically de-
creased. This is due to a variety of reasons, amongst
which we mention: i) the general raise of funding
spreads for banks, which affected also the sight de-
posits since they are a relevant funding source; ii)
the stricter regulatory rules for the monitoring of
the liquidity risk, such as the limits of the LCR and

NSFR ratios set by the Basel Committee, making
more difficult the reinvestment in less liquid, but
more profitable, assets; iii) the increase, in some in-
stances, of a bank-run threat by depositors, which
forced bank to raise the interest rate paid on de-
posits for a more or less long period of time.

In any case, it is important to assess which are
the deposit clusters that allow banks to have a
higher profitability, with a forward looking view
rather than a historical one. A profitability indicator
is the Economic Value (EV) associated to a given
cluster: it provides the present value of the NII, up
the cut-off date, under the specific assumption that
all the volume is allocated in a short-term rolling
investment with a maturity equal to the repricing
period of the deposits (1 month in our analysis).

Since we are not considering all the aspects re-
lated to the liquidity management, which may hin-
der or limit the simple rolling reinvestment, nor
the compliance with the regulatory ratios, the EV
should represent an upper boundary of the ex-
pected NII originated by the sight deposits. More-
over, we do not deal with the volatility of the EV,
so we will not explicitly consider how to optimally
allocate the deposits’ volume in fixed income invest-
ments with longer maturities, so as to lock in the
received interests, satisfying the risk preferences of
the bank about the liquidity risk and the probability
of a liquidity shortage.

Nonetheless, we indirectly address the issue re-
lated to the volatility of the NII and of the deposits’
volume, and their allocation on longer maturity
investments, by calculating, for each cluster, the
Duration (Dur), the Weighted Average Life (WAL)
and the Term Structure of Liquidity (TSL).

The Duration of the sight deposits is calculated
according to the standard textbook definition: it
provides the (expected) financial maturity for each
cluster of deposits, so that it is possible to build a
counterbalancing portfolio of assets. The Weighted
Average Life is computed both for the expected
and stressed evolution of the volumes: it is a mea-
sure of the their volatility and of the time within
which the volumes will drop to zero. The Term
Structure of Liquidity is also computed both for the
expected and stressed evolution of the volumes: it
gives a more detailed picture of the amount avail-
able at each future time step and, conversely, which
is the amount of deposits that can flow out from the
bank’s balance sheet. Therefore, the Term Structure
of Liquidity is useful for liquidity management and
for reinvestment purposes.
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FIGURE 22: Non financial corporations and producer households: Time series of the deposit’s volume and simulated values up to
10 years.
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FIGURE 23: Consumer households, NPIS serving households and unclassifiable units: Time series of the deposit’s volume and
simulated values up to 10 years.
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Cluster LD ECM
NFC&PH up to 10.000 Euros 166.077 154.066

NFC&PH from 10.000 to 50.000 Euros 419.547 416.545
NFC&PH from 50.000 to 250.000 Euros 319.678 292.703
NFC&PH more than 250.000 Euros -4.254.538 -4.855.654
CH,NSH&UI up to 10.000 Euros 1.444.896 1.410.801
CH,NSH&UI from 10.000 to 50.000 3.176.881 3.027.003
CH,NSH&UI from 50.000 to 250.000 1.119.892 798.000
CH,NSH&UI more than 250.000 Euros -2.257.636 -2.327.567

TABLE 4: Economic value of the liability for each depositors’ clusters (in thousands of Euros).

Cluster LD ECM
NFC&PH up to 10.000 Euros 2.67% 2.48%

NFC&PH from 10.000 to 50.000 Euros 2.06% 2.05%
NFC&PH from 50.000 to 250.000 Euros 0.842% 0.771%
NFC&PH more than 250.000 Euros -3.70% -4.23%
CH,NSH&UI up to 10.000 Euros 3.16% 3.08%
CH,NSH&UI from 10.000 to 50.000 2.31% 2.20%
CH,NSH&UI from 50.000 to 250.000 0.801% 0.571%
CH,NSH&UI more than 250.000 Euros -3.59% -3.70%

TABLE 5: Economic value of the liability as a percentage of the initial deposit volume for each depositors’ clusters.

Economic Value

At time t = 0, considering a time horizon equals to
T (=10 years in our case), the Economic Value to the
bank of the sight deposits is defined as

EV(0, T) = EQ
[∫ T

0
(0, s)Ds(Rs − Is)ds

]
(12)

where (0, s) = exp(−
∫ s

0 rudu) represents the dis-
count factor up to time s and Ds is the value of the
deposit at time s. The EV is the expected difference
between the market interest rate, at which deposits’
volume is reinvested, and the interest rate paid on
the deposits. This quantity can be positive or neg-
ative depending on a number of factors related to
the Bank, markets and behaviour of the depositors.

Since we are working in discrete time steps the
equation (12) becomes:

EV(0, T) = EQ

[
I−1

∑
i=0

(t0, ti+1)Dti (Rti − Iti )∆t

]
(13)

where ∆t is the time-step chosen in the simula-
tion (we have fixed ∆t = 1/12) and ti is the i-
th month in the period of time [t0, tI ] = [0, T].
The discount factor is accordingly modified as
(0, ti+1) = exp(−∑i

j=0 Rtj ∆t).
Equation (12) not only indicates how much the

bank may expect to earn from the volume of de-
posits, but it shows also how to hedge the interest
rate risk for the sight deposits. In an ideal world,
at each instant s the deposits’ amount is fully in-
vested in an instantaneously maturing risk-free de-
posit, yielding rs: if a fraction or the full amount

is withdrawn by the depositors, the instantaneous
maturity grants the availability to the bank of the
necessary liquidity. The value of the deposits de-
pend on the difference between the rate paid by
the bank of the deposit and the rate earned on the
reinvestment in the risk-free deposit.

In a discrete setting, where equation (13) is used
to assess the value of the deposits, even if the time
interval is short (e.g.: 1 month, as the time step we
are working with), the bank has to measure and
manage the liquidity risk caused by the mismatch
due to the possible withdrawal by the depositors
and the reinvestment locked until the end of the
discretisation chosen period. To this end, the bank
will provide for a liquidity buffer to cope with the
requests of the depositors, given the bank’s risk
preferences.

As mentioned above, we will not dwell in the
present analysis on how the liquidity management
will affect the EV. For this reason, the results we
will show should be considered as theoretical maxi-
mum values.

In Table 4 we show the values of the economic
value for each different cluster, evaluated with both
the linear and ECM dynamics for the deposit in-
terest rate. It is worth noting that the EV of the
deposits whose size is superior to 250.000 Euros is
negative, because of the higher expected deposit
interest rates paid to clients.

For ease of comparison, in Table 5 we report the
values of the Economic Value as a percentage of the
amount deposited at the beginning of the simula-
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Cluster LD ECM
NFC&PH up to 10.000 Euros 10.18 10.19

NFC&PH from 10.000 to 50.000 Euros 10.11 10.10
NFC&PH from 50.000 to 250.000 Euros 9.67 9.67
NFC&PH more than 250.000 Euros 8.97 9.05
CH,NSH&UI up to 10.000 Euros 10.21 10.22
CH,NSH&UI from 10.000 to 50.000 9.92 9.92
CH,NSH&UI from 50.000 to 250.000 9.93 10.19
CH,NSH&UI more than 250.000 Euros 9.05 9.05

TABLE 6: Duration of the liability for each cluster of depositors.

tion (June 2015). Unsurprisingly, the percentage EV
has a negative correlation with the size of the de-
posits, both for the NFC&PH and the CH,NSH&UI.

Finally, it is interesting noting that the ECM dy-
namics for the deposit interest rates produces lower
EVs than the linear dynamics. This is due to the
lower explanatory power of the ECM dynamics in
describing the evolution of the deposits’ rates, in
their relationship with the 1M Eonia swap rate and
the CDS index.

The Duration

The Duration of the liability associated to the sight
deposits is defined as

DurL = EQ
[

∑I−1
i=0 ti+1D(0, ti+1)[∆Dti+1 − Iti Dti ∆t]

∑I−1
i=0 D(0, ti+1)[∆Dti+1 − Iti Dti ∆t]

]
(14)

where ∆Dti+1 is the variation of the value of the
deposit between time ti and ti+1.

The interpretation of Dur is the usual given in
financial analysis: it can be used to have an indi-
cation of the optimal investment of the deposits’
volume.

In Table 6 we show the value of Dur for each
cluster of depositors: it has a negative correlation
with the size of the deposits, both for the NFC&PH
and the CH,NSH&UI, and in some cases it can even
be grater to the cut-off period (10 years in our case)
for the smallest sizes.

The sight deposits can be seen as a floating rate
liability with a stochastic notional. The fact that the
Duration is not very short, as expected in the case of
a floating instrument, is due mainly to the stochas-
tic notional. A unified framework, such as the one
we are working in, can provide counter-intuitive,
yet consistent results.

The Weighted Average Life

The WAL of the deposits intuitively is the average
time until one Euro of the initial deposit Dt0 is with-
drawn by the clients, hence in this way we calculate

the average life of the money in the deposit. The
expected WAL is defined as:

WALe = −
I−1

∑
i=0

ti+1
(De

ti+1
− De

ti
)

Dt0

(15)

where De
ti

represents the simulated expected value
of the deposit volume at time ti.

If we need to measure the deposits’ WAL when
they are exposed to stressed scenarios, since we
have the distribution of the WAL, thanks to (15),
we can calculate the value of the α percentile, which
we denote by WALα, where we set α equal to 99,
99.5 and 99.9.

The results each cluster of depositors is shown
in Table 7 for the linear dynamics for the deposits’
interest rates, and in Table 8 for the ECM dynamics.

The deposit size has a positive correlation with
the amount potentially withdrawn in stressed sce-
narios. The most sensitive clusters are the NFC&PH
more than 250.000 and theCH,NSH&UI from 50.000
to 250.000 and more than 250.000, while the small-
est clusters are almost insensitive. This can be
explained by the fact that deposits whose size is
greater than 100.000 Euros are not guaranteed by
the Interbank Fund for the Protection of Deposits
(FITD); hence such depositors could be more con-
cerned than the others in smaller clusters if the
stressed scenario led to the default of the bank.

Liquidity Risk Management

Given a distribution of the future evolution of the
deposits’ volume, we can define the so called Term
Structure of Liquidity (TSLα) (see [8]): it is a time
series of the lowest volume of deposits, with a given
confidence level α, at any given time. To define the
TSLα we start with the concept of historical min-
imum of deposits: on any given scenario we can
evaluate the quantity:

M(T) = min
0≤t≤T

D(t) (16)
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Cluster WALe WAL99 WAL99.5 WAL99.9

NFC&PH up to 10.000 Euros 10.24 9.64 9.58 9.44
NFC&PH from 10.000 to 50.000 Euros 10.19 9.68 9.63 9.50
NFC&PH from 50.000 to 250.000 Euros 9.78 8.75 8.60 8.31
NFC&PH more than 250.000 Euros 9.22 7.73 7.53 7.07
CH,NSH&UI up to 10.000 Euros 10.25 9.67 9.60 9.49
CH,NSH&UI from 10.000 to 50.000 9.98 8.25 9.15 8.95
CH,NSH&UI from 50.000 to 250.000 10.02 7.74 7.45 6.84
CH,NSH&UI more than 250.000 Euros 9.28 7.06 6.80 6.36

TABLE 7: Expected, 99-th, 99.5-th and 99.9-th percentile WAL for the linear dynamics interest rate.

Cluster WALe WAL99 WAL99.5 WAL99.9

NFC&PH up to 10.000 Euros 10.26 9.67 9.61 9.48
NFC&PH from 10.000 to 50.000 Euros 10.19 9.67 9.61 9.52
NFC&PH from 50.000 to 250.000 Euros 9.79 8.74 8.60 8.28
NFC&PH more than 250.000 Euros 9.31 8.06 7.90 7.62
CH,NSH&UI up to 10.000 Euros 10.26 9.68 9.63 9.52
CH,NSH&UI from 10.000 to 50.000 9.99 9.25 9.14 8.95
CH,NSH&UI from 50.000 to 250.000 10.29 7.88 7.54 6.98
CH,NSH&UI more than 250.000 Euros 9.29 7.12 6.84 6.29

TABLE 8: Expected, 99-th, 99.5-th and 99.9-th percentile WAL for the ECM dynamics interest rate.

where D(t) is as usual the total volume of deposits.
This number is the lowest level of deposits’ volume
reached up to the time T, in a given scenario.

We can now consider various measures of this
quantity over scenarios, in order to obtain stressed
predictions on the future behaviour of deposits.
Given a percentile α of values taken from the sim-
ulations, we can calculate what is the minimum
level, at a given time, reached. This brings us to the
definition of the TSLα:

TSLα(t) = [M(t)]α (17)

where M is the minimum as defined in (16), and the
expression [·]α indicates that equation (16) as been
computed by considering all the deposits’ volumes
taken at the α-percentile of the simulations.

Basically, the TSL at a given percentile α, differs
from the α-percentile path deriving from the simu-
lations in that it can never be increasing, but it can
only slow downward or at best stay constant. In
that way, we can be sure that the TSL will never be
above the starting amount of deposits that the bank
has on its balance sheet.

For this reason, the TSL is crucial in defining
the bank’s investment policy of the deposits’ vol-
umes. In fact, even if the sight deposits have an
immediate contractual maturity, the behavioural

model we have defined above allows to design sev-
eral investment policies, by allocating a fraction of
the volume in a long-term bond portfolio, with the
requirement of meeting the liquidity needs of the
bank at any given moment. The TSL would never
indicate an amount to invest at a given maturity
greater than the amount available to the bank at the
reference date, i.e.: the date the analysis is operated.

The plots of the TSLα(t), with α = 99.9% are
shown in Figures 24 and 25 for, respectively, the
NFC&PH and the CH,NSH&UI depositors.

To have a more numerical grasp on the risk
related to the decline of the amount of sight de-
posits, in Tables 9 and 10 we show the values of
the TSLα(t) after 5 years and after 9 years and 11
months4 as a percentage of the amount deposited
at the reference date, when the simulation begins
(June 2015). We consider the expected TSL, and
the TSL at the 99-th, the 99.5-th and the 99.9-th
percentile.

The drop in the TSL values after 5 years and
after 9 years and 11 months is more evident in the
large size clusters, both for the expected value and
for the other percentiles. On the contrary, smaller
size clusters’ amounts, after 5 years or 9 years and
11 months, are much closer (or even equal for the
expected TSL) to the initial ones.

4Please keep in mind that the cut-off is 10 years, and at that date the deposits’ volume is arbitrarily set at zero, whence the
calculation at 9 years and 11 months.
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FIGURE 24: Non financial corporations and producer households: Time series of the deposits’ volume and TSL99.9.
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FIGURE 25: Consumer households, NPIS serving households and unclassifiable units: Time series of the deposits’ volume and
TSL99.9.
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Cluster TSLe TSL99 TSL99.5 TSL99.9

NFC&PH up to 10.000 Euros 100% 95.71% 95.12% 93.86%
NFC&PH from 10.000 to 50.000 Euros 100% 94.98% 94.36% 93.04%
NFC&PH from 50.000 to 250.000 Euros 97.71% 79.53% 77.04% 71.72%
NFC&PH more than 250.000 Euros 91.44% 66.07% 63.30% 57.18%
CH,NSH&UI up to 10.000 Euros 100% 95.74% 95.20% 94.05%
CH,NSH&UI from 10.000 to 50.000 99.98% 87.53% 85.61% 82.40%
CH,NSH&UI from 50.000 to 250.000 100% 65.31% 61.07% 53.74%
CH,NSH&UI more than 250.000 Euros 92.74% 55.45% 51.37% 43.74%

TABLE 9: Expected, 99-th, 99.5-th and 99.9-th percentile TSL after 5 years as a percentage of the amount deposited in end June 2015.

Cluster TSLe TSL99 TSL99.5 TSL99.9

NFC&PH up to 10.000 Euros 100% 95.71% 95.12% 93.86%
NFC&PH from 10.000 to 50.000 Euros 100% 94.98% 94.37% 93.04%
NFC&PH from 50.000 to 250.000 Euros 95.47% 76.09% 73.73% 68.30%
NFC&PH more than 250.000 Euros 87.74% 60.99% 58.03% 51.39%
CH,NSH&UI up to 10.000 Euros 100% 95.74% 95.20% 94.04%
CH,NSH&UI from 10.000 to 50.000 98.47% 84.79% 82.82% 78.94%
CH,NSH&UI from 50.000 to 250.000 94.13% 52.86% 48.64% 40.15%
CH,NSH&UI more than 250.000 Euros 85.73% 46.71% 42.61% 34.11%

TABLE 10: Expected, 99-th, 99.5-th and 99.9-th percentile TSL, after 9 years and 11 months as a percentage of the amount deposited
in end June 2015.

Conclusion

We modelled the sight deposits in the Italian bank-
ing system, clustering depositors according to their
type (Non financial corporations and producer house-
holds and Consumer households, NPIS serving house-
holds and unclassifiable units, and size of the deposit,
assuming a dependency from a set of stochastic risk
factors.

We initially estimated a model for the deposit
rates assuming a dependency on 1M Eonia swap
rate and a CDS index built on a weighted average
of 6 Italian banks’ CDS spreads. For the estimation
we used both a linear model and an ECM, though
the first one proved always to be more effective
than the second. We found that both for the Non
financial corporations and producer households and for
the Consumer households, NPIS serving households and
unclassifiable units only the large size deposits are
sensitive to the CDS index while the smaller ones
depend exclusively on the 1M Eonia swap rate.

We estimated a model for the deposits’ volume
assuming a dependency on deposit interest rates,
1M Eonia swap rate, CDS index and an autore-
gressive term. We found that both for the Non
financial corporations and producer households and for
the Consumer households, NPIS serving households and
unclassifiable units the large size deposits’ volume
are negatively correlated with the CDS index and

positively correlated with the interest rate spread
(deposit interest rate− 1M Eonia swap rate). On the
contrary, the smaller size deposits’ volume is sensi-
tive uniquely to the deposit interest rates, though
this dependency is less strong than the ones showed
by the large size deposits on their respective risk
factors.

Subsequently, by applying a Montecarlo
method, we simulated the future evolution of the
stochastic factors using a CIR and a CIR ++ dy-
namics to forecast the future evolution of, respec-
tively, the CDS index and the 1M Eonia swap rate,
and hence the evolution of the deposits’ volume
and interest rate.

We found the Economic Value to be negative
for the deposits whose size is greater than 250.000
Euros. In any case we found a negative correla-
tion between the size of deposits and the Economic
Value, expressed as a percentage of the initial de-
posited amount. So the profitability for banks is
higher for smaller size deposits. This conclusion
in strictly related o the NII referring to the each
cluster, and it does not consider any other form
of income (fees, cross-selling, etc.) that the bank
is able to generate from the relationship with the
depositors.

The Duration and the WAL are both found to
be negatively correlated with the deposit size. The
Duration is quite long, considering the short rate
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indexation of the sight deposits, in some cases even
longer than the cut-off horizon of 10 years. Addi-
tionally, the bigger size clusters are the most sensi-
tive to stressed scenarios in terms of amount poten-
tially withdrawals, as shown by the WAL.

At the end of the 10-year cut-off horizon, the
amounts deposited in small size accounts depen-
dent only on the deposit interest rates, are expected
to be roughly 3% to 4% higher than they were in
June 2015 depending on the category. On the con-
trary, for the larger size classes dependent on the
CDS index and on the interest rate spread, the final
levels are expected to be approximately 2% to 14%
lower than the initial ones, depending on the cluster
of depositors. This is also mirrored by the differ-
ent TSLs, showing a more volatile distribution for
bigger size clusters.

The analysis showed what likely is widely
known within banks, that is: small size deposits,
with any type of depositors, are more profitable

and stable than big size deposits. We tried to quan-
titatively assess the differences in profitability and
volatility of volumes for the 8 clusters we identified.
As a caveat, we would like to stress that the analysis
refers to the entire Italian banking system and it
can serve only as a guide to single banks, which
should run a similar exercise on their own internal
data to come up with more applicable results.
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ANNEXES

A. Operators

In the main text above we have used the following
operators:

• the difference operator ∆, defined as:

∆xt = xt − xt−1 (18)

• the back-shift operator B, defined as:

Bk(xt) = xt−k. (19)

• the simple moving average operator A over a
specified number of lags p, defined as:

A(xt, p) =
B0(xt) + B1(xt) + . . . + Bp−1(xt)

p
=

1
p

p−1

∑
j=0

Bj(xt)

(20)

B. Model Selection

To select the most suitable model, we perform two
different tests:

• Test on residuals: We split the sample of size
n into two sub-samples of size m and n−m.
We test whether, estimating a model within
the first sample and using it on the second
one, there is a significant difference in the size
of the residuals between the two sub-samples.
Thus, we compute

F =
∑n

i=m+1 e2
i /(n−m− 1− k)

∑m
i=1 e2

i /(m− 1− k)
(21)

and we compare it to a percentile of a Fisher-
Snedecor distribution with n−m− 1− k and
n− 1− k degrees of freedom, where ei is the
i-th residual and k is the number of parame-
ters. With α = 0.05 significance level, we have
that there is some evidence that residuals are
greater in the second sub-sample if

F > F0.05(n−m− 1− k, n− 1− k) (22)

This means that the model is not suitable for
the whole sample and it could be even worse
out of sample, so we discard it.

• Forward predictive failure test: We split the sam-
ple of size n into two sub-samples of size m

and n−m. We test whether there is a signifi-
cant difference in the parameters in estimating
a model for each sub-sample (using the same
independent variables). Thus, we have:

Yt = X1,tβ1 + . . . + Xk,tβk + εt (23)

for the first sub-sample, and

Yt = X1,tα1 + . . . + Xk,tαk + εt (24)

for the second, where βi and αi are the param-
eters for each sample.

More compactly, we can rewrite the two equa-
tions as follows:

Yt =X1,tβ1 + . . . + Xk,tβk + 1tX1,tθ1 + . . .

+ 1tXk,tθk + εt

(25)

where

1t =

{
0 if t ≤ m
1 otherwise

and θi = αi − βi.

We estimate this last model. The standard F
test for the significance of joint variables is
asymptotically valid. Thus we compute

F =
(R2 − R2

∗)/j
(1− R2)/(n− 1− k)

(26)

where R2 is the value of the model consid-
ering all the variables, R2

∗ is the value of the
model without the dummy ones, k is the num-
ber of total variables and j is the number of
dummy variables. The aim is to see whether
removing the dummy variables we have a
significant decrease in the R2 value. So we
compare F to a percentile of a Fisher-Snedecor
distribution with j and n− 1− k degrees of
freedom.

Being α = 0.05 the significance level, we have
some evidence that R2

∗ is significantly smaller
than R2 if

F > F0.05(j, n− 1− k) (27)

This means the dummy variables are jointly
statistically significant and the model is un-
stable.
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C. Results of the Regression

Estimation

Non financial corporations and producer house-
holds, up to 10.000 Euros

• interest rate I (LD):

It = β0,I + β1,I A(Rt, 6) + εt

εt = ρεt−1 + εt

Table 11 shows the coefficients of the regression,
their p-values and the R2 value. The interest rate is
basically linked to a 6-month moving average of the
1M Eonia swap rate. The model is autoregressive
term for the errors.

Coefficients p-value

β0,I 0.0009 0.2901
β1,I 0.1646 0.0000
ρ 0.9271

R2 0.9719

TABLE 11: Non financial corporations and producer house-
holds up to 10.000 Euros: estimated coefficients in the model
for the interest rate (LD).

• Interest rate It (ECM):

ILT
t = βLT

0,I + βLT
1,I Rt + εt

∆ILT
t = βST

0,I + βST
1,I ∆Rt + βST

3,I (It−1 − ILT
t−1) + ηt

Table 12 shows the coefficients of the regression,
their p-values and the R2 value. The short term
variation is positively linked to the 1M Eonia swap
rate variations, although it is not statistically sig-
nificant. For both the long term and short term
dynamics we obtain lower R2 values than the linear
dynamic model one.

Coefficients p-value

βLT
0,I 0.0012 0.0000

βLT
1,I 0.1260 0.0000

βST
0,I -0.0001 0.5143

βST
1,I 0.0304 0.5836

βST
2,I -0.3997 0.0179

R2
LT 0.7667

R2
ST 0.5405

TABLE 12: Non financial corporations and producer house-
holds up to 10.000 Euros: estimated coefficients in the model
for the interest rate (ECM).

• Deposits’ volume Dt:

λt = β0 + β1λt−1 + β2 A(It, 3) + εt

Table 13 shows the coefficients of the regression,
their p-values and the R2 value. Besides an autore-
gressive term, we have a dependency on a 3-month
moving average of the deposit rate and the signs
of the coefficients are as expected. We did not find
any statistically significant dependency both on the
interest rate spread and the CDS. We do not have
significant autocorrelation between errors, so we
use a standard OLS regression.

Coefficients p-value

β0 -0.1220 0.0064
β1 0.4848 0.0103
β2 7.5670 0.0182
R2 0.7840

TABLE 13: Non financial corporations and producer house-
holds up to 10.000 Euros: estimated coefficients in the model
for the deposits volume.

Non financial corporations and producer house-
holds, from 10.000 to 50.000 Euros

• Interest rate I (LD):

It = β0,I + β1,I A(Rt, 6) + εt

εt = ρεt−1 + εt

Table 14 shows the coefficients of the regression,
their p-values and the R2 value. The model has an
autoregressive term for the errors.

Coefficients p-value

β0,I 0.0012 0.1662
β1,I 0.2393 0.0000
ρ 0.9165

R2 0.9815

TABLE 14: Non financial corporations and producer house-
holds from 10.000 to 50.000 Euros: estimated coefficients in the
model for the interest rate (LD).

• for the interest rate It (ECM):

ILT
t = βLT

0,I + βLT
1,I Rt + εt

∆ILT
t = βST

0,I + βST
1,I ∆Rt + βST

3,I (It−1 − ILT
t−1) + ηt

In Table 15 we show the values of the coefficients of
the regressions for the long term and short term dy-
namics, along with their p-values and the R2 values.
TThe short term variation is positively correlated to
1M Eonia swap rate variations, although coefficient
is not statistically significant. For both the long
term and short term dynamics we obtain lower R2

values than the linear dynamic model one.
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Coefficients p-value

βLT
0,I 0.0014 0.0000

βLT
1,I 0.1869 0.0000

βST
0,I -0.0001 0.6018

βST
1,I 0.0337 0.6684

βST
2,I -0.4770 0.0112

R2
LT 0.8054

R2
ST 0.6255

TABLE 15: Non financial corporations and producer house-
holds from 10.000 to 50.000 Euros: estimated coefficients in the
model for the interest rate (ECM).

• Deposits volume Dt:

Since we found seasonality on our data (whatever
the trend is, the deposits volume drops system-
atically each year in the first quarter and then in-
creases in the second one) we first employ a dummy
variable DV to seasonally adjust them. This vari-
able is equal to one in the first quarter, equal to
zero otherwise. Our equation is:

λt = β0 + β1λt−1 + β2 A(It, 3) + β3DVt + εt

Table 16 shows the coefficients of the regression,
their p-values and the R2 value. Beside an autore-
gressive term and a dummy variable, we have a
dependency on a 3-month moving average of the
deposits’ rate. The deposits rate p-value is higher
than the significance level but the signs of the coef-
ficients are as expected. We did not find any statis-
tically significant dependency both on the interest
rate spread and the CDS.

Coefficients p-value

β0 0.0472 0.0000
β1 0.6024 0.0000
β2 2.4989 0.1063
β3 -0.0384 0.0000
R2 0.7701

TABLE 16: Non financial corporations and producer house-
holds, from 10.000 to 50.000 Euros: estimated coefficients in
the model for seasonally adjusting the deposits’ volume.

We seasonally adjust the data by subtracting
them the value of the dummy variable multiplied
by its coefficient:

λ′t = λt − β3DVt

where λ′t is the seasonally adjusted value.
We use the seasonally adjusted data for a second

and final regression:

λ′t = β0 + β1λ′t−1 + β2 A(It, 3) + εt

In Table 17 we show the coefficients of this final
regression with associated p-values and R2. No

statistically significant dependency both on the in-
terest rate spread and the CDS exist. We do not
have significant autocorrelation between errors, so
we use a standard OLS regression.

Coefficients p-value

β0 0.0296 0.0018
β1 0.7248 0.0000
β2 1.5901 0.2398
R2 0.7802

TABLE 17: Non financial corporations and producer house-
holds from 10.000 to 50.000 Euros: estimated coefficients in the
model for the deposits volume.

Non financial corporations and producer house-
holds, from 50.000 to 250.000 Euros

• for the Interest rate I (LD):

It = β0,I + β1,I A(Rt−1, 3) + β2,I A(S̄t, 12) + εt

εt = ρεt−1 + εt

Table shows the coefficients of the regression, their
p-values and the R2 value. The interest rate has a
relation with the 1M Eonia swap rate and the CDS,
their coefficients are statistically significant and we
obtained a high R2. Additionally, we have a high
autocorrelation between error terms, so we include
an autoregressive term for the errors.

Coefficients p-value

β0,I 0.0016 0.0315
β2,I 0.3594 0.0000
β1,I 0.0208 0.0398
ρ 0.8962

R2 0.9921

TABLE 18: Non financial corporations and producer house-
holds from 50.000 to 250.000 Euros: estimated coefficients in
the model for the interest rate (LD).

• Interest rate It (ECM):

ILT
t = βLT

0,I + βLT
1,I Rt + βLT

2,I S̄t + εt

∆ILT
t =βST

0,I + βST
1,I ∆Rt + βLT

2,I∆S̄t+

+ βST
3,I (It−1 − ILT

t−1) + ηt

Table 19 shows the values of the coefficients of the
regressions for the long term and short term dy-
namics, their p-values and the R2 values. The long
term interest rate is positively linked to the 1M
Eonia swap rate and the CDS. The short term varia-
tion is not significantly linked to the 1m Eonia swap
rate variations. Moreover, the coefficient of the CDS
variation has a different sign from the one expected,
and it is not significant too. For both the long term
and short term dynamics we obtain lower R2 values
than the linear dynamic model one.
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Coefficients p-value

βLT
0,I 0.0019 0.0000

βLT
1,I 0.3037 0.0000

βLT
2,I 0.0241 0.0128

βST
0,I -0.0001 0.5267

βST
1,I 0.0350 0.7593

βST
2,I -0.0082 0.5344

βST
3,I -0.5722 0.0041

R2
LT 0.8293

R2
ST 0.6852

TABLE 19: Non financial corporations and producer house-
holds from 50.000 to 250.000 Euros: estimated coefficients in
the model for the interest rate (ECM).

• Deposits volume Dt:

Since we found seasonality on our data, we employ
a dummy variable DV to seasonally adjust them.
This variable is equal to one in the first quarter,
equal to zero otherwise. Our equation is:

λt =β0 + β1λt−1 + β2 A(Ct, 6)+

+ β3 A(S̄t, 6) + β4DVt + εt

In Table 20 we show the coefficients of the regres-
sion with associated p-values and R2. Beside an
autoregressive term and to the dummy variable,
we have a dependency on a 6-month moving av-
erage of the spread between market and deposits’
interest rates, and a link with a 6-month moving
average of the CDS. The signs of the coefficients are
as expected.

Coefficients p-value

β0 0.1078 0.0000
β1 0.6708 0.0000
β2 1.4187 0.0070
β3 -0.6827 0.0181
β4 -0.0769 0.0000
R2 0.8471

TABLE 20: Non financial corporations and producer house-
holds, from 50.000 to 250.000 Euros: estimated coefficients in
the model for seasonally adjusting the deposits volume.

We seasonally adjust the data by subtracting
them the value of the dummy variable multiplied
by its coefficient:

λ′t = λt − β4DVt

where λ′t is the seasonally adjusted value.
We use the seasonally adjusted data for a second

and final regression:

λ′t = β0 + β1λ′t−1 + β2 A(Ct, 6) + β3 A(S̄t, 6) + εt

In Table 21 we show the coefficients of the second
regression with associated p-values and R2. The

signs of the coefficients are as expected. We do not
have significant autocorrelation between errors, so
we use a standard OLS regression.

Coefficients p-value

β0 0.0527 0.0000
β1 0.8423 0.0000
β2 0.8448 0.0017
β3 -0.6214 0.0002
R2 0.9140

TABLE 21: Non financial corporations and producer house-
holds from 50.000 to 250.000 Euros: estimated coefficients in
the model for the deposits’ volume.

Non financial corporations and producer house-
holds, more than 250.000 Euros

• Interest rate I (LD):

It = β0,I + β1,I A(Rt−1, 3) + β2,I A(S̄t, 12) + εt

εt = ρεt−1 + εt

In Table 22 we provide the values for the coefficients
of this regression, their p-values and the R2 value.
The interest rate has a positive relation with the
Eonia swap rate and the CDS, the coefficients are
statistically significant and we obtained a high R2.
We include an autoregressive term for the errors.

Coefficients p-value

β0,I 0.0048 0.0315
β1,I 0.7417 0.0000
β2,I 0.0604 0.00398
ρ 0.8983

R2 0.9820

TABLE 22: Non financial corporations and producer house-
holds more than 250.000 Euros: estimated coefficients in the
model for the interest rate (LD).

• for the interest rate It (ECM):

ILT
t = βLT

0,I + βLT
1,I Rt + βLT

2,I S̄t + εt

∆ILT
t =βST

0,I + βST
1,I ∆Rt + βLT

2,I∆S̄t+

+ βST
3,I (It−1 − ILT

t−1) + ηt

Table 23 shows the values of the coefficients of the
regressions for the long term and short term dy-
namics, their p-values and the R2 values. The short
term variation has positive relation with short term
1M Eonia swap rate variation, but not with the CDS
variations and their coefficients are not statistically
significant.
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Coefficients p-value

βLT
0,I 0.0049 0.0000

βLT
1,I 0.6177 0.0000

βLT
1,I 0.1406 0.0000

βST
0,I -0.0001 0.6742

βST
1,I 0.2656 0.2727

βST
2,I -0.0285 0.4522

βST
2,I -0.5174 0.0061

R2
LT 0.8525

R2
ST 0.6688

TABLE 23: Non financial corporations and producer house-
holds more than 250.000 Euros: estimated coefficients in the
model for the interest rate (ECM).

• for the Deposits volume Dt:

Since we found seasonality on our data, we use
a dummy variable DV to seasonally adjust them.
This variable is equal to one in the first quarter,
equal to zero otherwise. Our equation is:

λt =β0 + β1λt−1 + β2 A(Ct, 6)+

+ β3 A(S̄t, 6) + β4DVt + εt

In Table 24 we havee the coefficients of the regres-
sion, the associated p-values and R2. The signs of
the coefficients are as expected.

Coefficients p-value

β0 0.0965 0.0000
β1 0.8169 0.0000
β2 4.4236 0.0012
β3 -1.3453 0.0051
β4 -0.0801 0.0000
R2 0.9632

TABLE 24: Non financial corporations and producer house-
holds, more than 250.000 Euros: estimated coefficients in the
model for seasonally adjusting the deposits volume.

We seasonally adjust the data by subtracting
them the value of the dummy variable multiplied
by its coefficient:

λ′t = λt − β4DVt (28)

where λ′t is the seasonally adjusted value.
We use the seasonally adjusted data for a second

and final regression:

λ′t = β0 + β1λ′t−1 + β2 A(Ct, 6) + β3 A(S̄t, 6) + εt

Table shows the coefficients of the regression, the
p-values and R2. The signs of the coefficients are
as expected. We do not have significant autocorre-
lation between errors, so we use a standard OLS
regression.

Coefficients p-value

β0 0.0687 0.0006
β1 0.8462 0.0000
β2 3.8084 0.0040
β2 -1.1523 0.0051
R2 0.9673

TABLE 25: Non financial corporations and producer house-
holds more than 250.000 Euros: estimated coefficients in the
model for the deposits’ volume.

Consumer households, NPIS serving households
and unclassifiable units, up to 10.000 Euros.

• Interest rate I (LD):

It = β0,I + β1,I A(Rt−1, 3) + εt

εt = ρεt−1 + εt

In Table 26 we show the values of the coefficients
of this regression, p-values and the R2 value. We
have a high autocorrelation between error terms, so
we include an autoregressive term for the errors.

Coefficients p-value

β0,I 0.0006 0.0000
β1,I 0.1345 0.0000
ρ 0.5923

R2 0.9884

TABLE 26: Consumer households, NPIS serving households and
unclassifiable units, up to 10.000 Euros: estimated coefficients
in the model for the interest rate (LD).

• Interest rate It (ECM):

ILT
t = βLT

0,I + βLT
1,I Rt + εt

∆ILT
t = βST

0,I + βST
1,I ∆Rt + βST

3,I (It−1 − ILT
t−1) + ηt

Table 27 shows the values of the coefficients of the
regressions for the long term and short term dy-
namics, their p-values and the R2 values. The short
term variation has positive relation with short term
1M Eonia rate variation, although its p-value is
slightly higher than the significance level. For both
the long term and short term dynamics we obtain
lower R2 values than the linear dynamic model one.

Coefficients p-value

βLT
0,I 0.0007 0.0000

βLT
1,I 0.1318 0.0000

βST
0,I 0.0000 0.2923

βST
1,I 0.0490 0.0620

βST
2,I -0.6241 0.0002

R2
LT 0.9294

R2
ST 0.8140

TABLE 27: Consumer households, NPIS serving households and
unclassifiable units, up to 10.000 Euros: estimated coefficients
in the model for the interest rate (ECM).
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• Deposits volume Dt:

λt = β0 + β1λt−1 + β2 A(It, 3) + εt

Table 28 shows the results of the regression. The
signs of the coefficients are as expected. We haven’t
find any statistically significant dependency both
on the interest rate spread and the CDS. We do not
have significant autocorrelation between errors, so
we use a standard OLS regression.

Coefficients p-value

β0 -0.0776 0.0001
β1 0.5385 0.0001
β2 10.0430 0.0003
R2 0.8640

TABLE 28: Consumer households, NPIS serving households and
unclassifiable units, up to 10.000 Euros: estimated coefficients
in the model for the deposits’ volume.

Consumer households, NPIS serving households
and unclassifiable units, from 10.000 to 50.000 Eu-
ros

• Interest rate I (LD):

It = β0,I + β1,I A(Rt−1, 3) + εt

εt = ρεt−1 + εt

In Table 29 we provide the values if the coeffi-
cients of this regression, their p-values and the R2

value. We include an autoregressive term for the
errors.

Coefficients p-value

β0,I 0.0009 0.0000
β1,I 0.1989 0.0000
ρ 0.7688

R2 0.9921

TABLE 29: Consumer households, NPIS serving households and
unclassifiable units, from 10.000 to 50.000 Euros: estimated co-
efficients in the model for the interest rate (LD).

• Interest rate It (ECM):

ILT
t = βLT

0,I + βLT
1,I Rt + εt

∆ILT
t = βST

0,I + βST
1,I ∆Rt + βST

3,I (It−1 − ILT
t−1) + ηt

Table 30 shows the values of the coefficients of the
regressions for the long term and short term dy-
namics, their p-values and the R2 values. The short
term variation is positively linked short term 1M
Eonia swap rate variation, although the coefficient
is not statistically significant.

Coefficients p-value
βLT

0,I 0.0011 0.0000
βLT

1,I 0.1886 0.0000
βST

0,I -0.0001 0.2432
βST

1,I 0.0293 0.5303
βST

2,I -0.7149 0.001
R2

LT 0.9053
R2

ST 0.8008

TABLE 30: Consumer households, NPIS serving households and
unclassifiable units, from 10.000 to 50.000 Euros: estimated co-
efficients in the model for the interest rate (ECM).

• Deposits volume Dt:

λt = β0 + β1λt−1 + β2 A(Ct, 3) + β3 A(S̄t, 3) + εt

In Table 31 we show the coefficients of the regres-
sion with the associated p-values and R2. The
dependency on a 3-month moving average of the
market-deposit rate spread (although its p-value
is slightly higher than the significance level) and a
correlation with a 3-month moving average of the
CDS. The signs of the coefficients are as expected.
We do not have significant autocorrelation between
errors, so we use a standard OLS regression.

Coefficients p-value

β0 0.0405 0.0070
β1 0.8462 0.0000
β2 0.4516 0.0925
β3 -0.3811 0.0475
R2 0,9296

TABLE 31: Consumer households, NPIS serving households and
unclassifiable units, from 10.000 to 50.000 Euros: estimated co-
efficients in the model for the deposits volume.

Consumer households, NPIS serving households
and unclassifiable units, from 50.000 to 250.000
Euros

• Interest rate I (LD):

It = β0,I + β1,I A(Rt−1, 3) + β2,I A(S̄t, 12) + εt

εt = ρεt−1 + εt

Table 32 provides the results of this regression. We
include an autoregressive term for the errors.

Coefficients p-value

β0,I 0.0016 0.0000
β1,I 0.3366 0.0000
β2,I 0.0197 0.00473
ρ 0.7010

R2 0.9914

TABLE 32: Consumer households, NPIS serving households and
unclassifiable units, from 50.000 to 250.000 Euros: estimated co-
efficients in the model for the interest rate (LD).

• Interest rate It (ECM):
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ILT
t = βLT

0,I + βLT
1,I Rt + βLT

2,I S̄t + εt

∆ILT
t =βST

0,I + βST
1,I ∆Rt + βLT

2,I∆S̄t+

+ βST
3,I (It−1 − ILT

t−1) + ηt

In Table 33 we show the the rsults. The long
term interest rate has a positive correlation with
the 1M Eonia rate and the CDS. The short term
variation has a positive relation with short term 1M
Eonia rate variation although its coefficient is not
statistically significant. In addition, the coefficient
of the CDS variation has a different sign from the
one expected, and it is not significant too.

Coefficients p-value

βLT
0,I -0.0020 0.0000

βLT
1,I 0.3176 0.0000

βLT
1,I 0.0180 0.0335

βST
0,I -0.0001 0.2969

βST
1,I 0.0484 0.5553

βST
2,I -0.0186 0.2632

βST
3,I -0.7302 0.0001

R2
LT 0.9006

R2
ST 0.7987

TABLE 33: Consumer households, NPIS serving households and
unclassifiable units, from 50.000 to 250.000 Euros: estimated co-
efficients in the model for the interest rate (ECM).

• Deposits volume Dt:

λt =β0 + β1λt−1 + β2 A(Rt, 3)+

+ β3 A(It, 3) + β4 A(S̄t, 6) + εt

In Table 34 we show the coefficients of the re-
gression with associated p-values and R2. The vol-
ume depends on a 3-month moving average of the
market rate, on a 3-month moving average of the
deposit rate and on a 6-month moving average of
the CDS. The signs of the coefficients are as ex-
pected. We did not find autocorrelation between
errors, so we use a standard OLS model.

Coefficients p-value

β0 0.0564 0.0155
β1 0.9082 0.0000
β2 -5.3690 0.0000
β3 11.7838 0.0000
β4 -1.2068 0.0000
R2 0.9912

TABLE 34: Consumer households, NPIS serving households and
unclassifiable units, from 50.000 to 250.000 Euros: estimated co-
efficients in the model for the deposits volume.

Consumer households, NPIS serving households
and unclassifiable units, more than 250.000 Euros

• Interest rate I (LD):

It = β0,I + β1,I A(Rt, 6) + β2,I A(S̄t, 12) + εt

εt = ρεt−1 + εt

Table 35 shows the results of the regression. While
the 1M Eonia swap rate coefficient is statistically
significant, the CDS one is slightly higher than the
significance level. We include an autoregressive
term for the errors.

Coefficients p-value

β0,I 0.0048 0.0010
β1,I 0.6652 0.0000
β2,I 0.0663 0.00764
ρ 0.9188

R2 0.9519

TABLE 35: Consumer households, NPIS serving households and
unclassifiable units, more than 250.000 Euros: estimated coeffi-
cients in the model for the interest rate (LD).

• Interest rate It (ECM):

ILT
t = βLT

0,I + βLT
1,I Rt + βLT

2,I S̄t + εt

∆ILT
t =βST

0,I + βST
1,I ∆Rt + βLT

2,I∆S̄t+

+ βST
3,I (It−1 − ILT

t−1) + ηt

In Table 36 we show the values of the coeffi-
cients of the regressions for the long term and short
term dynamics,their p-values and the R2 values. In
The long term interest rate has a positive relation
to the 1M Eonia rate and the CDS. The short term
variation has positive relation to short term 1M
Eonia rate variation although its coefficient is not
statistically significant. In addition, the coefficient
of the CDS variation has a different sign from the
one expected and it is not significant too.

Coefficients p-value

βLT
0,I -0.0050 0.0000

βLT
1,I 0.5240 0.0000

βLT
1,I 0.00988 0.0001

βST
0,I -0.0001 0.6970

βST
1,I 0.2334 0.1800

βST
2,I -0.0019 0.9405

βST
3,I -0.4859 0.0018

R2
LT 0.8545

R2
ST 0.6800

TABLE 36: Consumer households, NPIS serving households and
unclassifiable units, more than 250.000 Euros: estimated coeffi-
cients in the model for the interest rate (ECM).

• Deposits volume Dt:

Issue n. 11 / 2016
37



SIGHT DEPOSITS MANAGEMENT

λt =β0 + β1λt−1 + β2 A(Rt, 3)+

+ β3 A(It, 3) + β4 A(S̄t, 6) + εt

Table 37 we show the coefficients of the regres-
sion with associated p-values and R2. The volume
depends on a 3-month moving average of the mar-
ket rate, on a 3-month moving average of the de-
posit rate and on a 6-month moving average of the
CDS. The signs of the coefficients are as expected.
We did not find autocorrelation between errors, so
we use a standard OLS model.

Coefficients p-value

β0 0.0963 0.0210
β1 0.8406 0.0000
β2 -7.5618 0.0000
β3 8.0813 0.0010
β4 -2.0750 0.0000
R2 0.9819

TABLE 37: Consumer households, NPIS serving households and
unclassifiable units, more than 250.000 Euros: estimated coeffi-
cients in the model for the deposits volume.

D. Autocorrelation,
Normality and Model Stability

Test Results

D.1 Autocorrelation

To test the autocorrelation of residuals we use the
Durbin-Watson test. Thus we compute the d statis-
tic:

d =
∑T

t=2(et − et−1)
2

∑T
t=1 e2

t
(29)

where et is the residual at time t. We compute the
p-value of the d statistic of the null hypothesis that
the residuals from the linear regression are uncor-
related. The alternative hypothesis is that there is
autocorrelation among the residuals. Given a 0.05
significance level, we reject the null hypothesis if
p-value < 0.05.

When we find residuals from the OLS regres-
sion to be autocorrelated we estimate the parame-
ters using a Cochrane-Orcutt model, then we repeat
the test on the Cochrane-Orcutt residuals to check
whether autocorrelation has been effectively elim-
inated. The p-values of the d statistics are shown
in Tables 38 and 39, respectively for the deposits’
interest rates and the deposits’ volume.

D.2 Normality

To test the normality of residuals we use the Jarque-
Bera test: we compute the jb statistic

JB =
n− k + 1

6

(
S2 +

1
4
(C− 3)2

)
(30)

where S is the sample skewness, C is the sample
kurtosis and k is the number of regressors. The null
hypothesis is that residuals come from a normal
distribution, the alternative one is that they don’t
come from such a distribution. Given a 0.05 signifi-
cance level, we reject the null hypothesis if JB = 1,
while we do not have sufficient evidence to reject it
if JB = 0.

The JB statistics are shown in Tables 40 and 41,
respectively for the deposits’ interest rates and the
deposits’ volume.

D.3 Model stability

To test the model stability, we used the test on resid-
uals and the test on parameters stability explained
in Appendix B. We consider the model unstable if
none of the tests is passed by the model.

Since we found autocorrelation only in the in-
terest rates regressions, the test on residuals has
been performed on the Cochrane-Orcutt model for
the deposits’ interest rates and on the OLS model
for the deposits’ volume. The forward predictive
failure test instead has been performed always on
OLS.

The tested models for each cluster are those re-
ported in Appendix C. The significance level is 0.05
and we set n = 41 and m = 32 while k (and so F0.05)
depends on the depositors’ cluster. The results for
test on residuals are given in Tables 42, 43; the re-
sults for forward prediction test are given in Tables
44 and 45.
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Cluster OLS CO

NFC&PH up to 10.000 Euros 0.0000 0.0002
NFC&PH from 10.000 to 50.000 Euros 0.0000 0.0234
NFC&PH from 50.000 to 250.000 Euros 0.0000 0.3183
NFC&PH more than 250.000 Euros 0.0000 0.6286
CH,NSH&UI up to 10.000 Euros 0.0000 0.3587
CH,NSH&UI from 10.000 to 50.000 0.0000 0.6440
CH,NSH&UI from 50.000 to 250.000 0.0000 0.7821
CH,NSH&UI more than 250.000 Euros 0.0000 0.2527

TABLE 38: P-value of the d statistic for the deposit interest rates’ regressions.

Cluster OLS

NFC&PH up to 10.000 Euros 0.0937
NFC&PH from 10.000 to 50.000 Euros 0.0791
NFC&PH from 50.000 to 250.000 Euros 0.2006
NFC&PH more than 250.000 Euros 0.0755
CH,NSH&UI up to 10.000 Euros 0.2444
CH,NSH&UI from 10.000 to 50.000 0.1150
CH,NSH&UI from 50.000 to 250.000 0.5304
CH,NSH&UI more than 250.000 Euros 0.8322

TABLE 39: p-value of the d statistic for the deposit volumes’ regressions.

Cluster OLS CO

NFC&PH up to 10.000 Euros 0 1
NFC&PH from 10.000 to 50.000 Euros 0 1
NFC&PH from 50.000 to 250.000 Euros 0 1
NFC&PH more than 250.000 Euros 0 0
CH,NSH&UI up to 10.000 Euros 0 0
CH,NSH&UI from 10.000 to 50.000 0 0
CH,NSH&UI from 50.000 to 250.000 0 0
CH,NSH&UI more than 250.000 Euros 0 0

TABLE 40: JB statistic for the interest rates’ regressions.

Cluster OLS

NFC&PH up to 10.000 Euros 0
NFC&PH from 10.000 to 50.000 Euros 0
NFC&PH from 50.000 to 250.000 Euros 0
NFC&PH more than 250.000 Euros 0
CH,NSH&UI up to 10.000 Euros 1
CH,NSH&UI from 10.000 to 50.000 0
CH,NSH&UI from 50.000 to 250.000 0
CH,NSH&UI more than 250.000 Euros 0

TABLE 41: JB statistic for the deposit volumes’ regressions.
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Cluster F F0.05

NFC&PH up to 10.000 Euros 0.25 2.33
NFC&PH from 10.000 to 50.000 Euros 1.01 2.33
NFC&PH from 50.000 to 250.000 Euros 0.89 2.42
NFC&PH more than 250.000 Euros 1.94 2.42
CH,NSH&UI up to 10.000 Euros 0.50 2.33
CH,NSH&UI from 10.000 to 50.000 0.71 2.33
CH,NSH&UI from 50.000 to 250.000 1.59 2.42
CH,NSH&UI more than 250.000 Euros 1.38 2.42

TABLE 42: Values of F and of F0.05 for the backtest on residuals of the deposit interest rates’ regressions.

Cluster F F0.05

NFC&PH up to 10.000 Euros 0.77 2.42
NFC&PH from 10.000 to 50.000 Euros 1.33 2.42
NFC&PH from 50.000 to 250.000 Euros 2.48 2.53
NFC&PH more than 250.000 Euros 1.76 2.53
CH,NSH&UI up to 10.000 Euros 11.33 2.42
CH,NSH&UI from 10.000 to 50.000 5.77 2.53
CH,NSH&UI from 50.000 to 250.000 2.52 2.76
CH,NSH&UI more than 250.000 Euros 1.86 2.76

TABLE 43: Values of F and of F0.05 for the back-test on residuals of the deposit volume’s regressions.

Cluster F F0.05
NFC&PH up to 10.000 Euros 19.57 4.08
NFC&PH from 10.000 to 50.000 Euros 24.51 4.08
NFC&PH from 50.000 to 250.000 Euros 1.07 3.23
NFC&PH more than 250.000 Euros 5.91 3.23
CH,NSH&UI up to 10.000 Euros 1.00 4.08
CH,NSH&UI from 10.000 to 50.000 1.50 4.08
CH,NSH&UI from 50.000 to 250.000 1.96 3.23
CH,NSH&UI more than 250.000 Euros 3.36 3.23

TABLE 44: Values of F and of F0.05 for the forward predictive failure test on the deposit interest rates’ regressions (see also Appendix
B).

Cluster F F0.05
NFC&PH up to 10.000 Euros 0.23 3.23
NFC&PH from 10.000 to 50.000 Euros 1.12 3.23
NFC&PH from 50.000 to 250.000 Euros 0.25 2.84
NFC&PH more than 250.000 Euros 0.23 2.84
CH,NSH&UI up to 10.000 Euros 5.21 3.23
CH,NSH&UI from 10.000 to 50.000 0.35 2.84
CH,NSH&UI from 50.000 to 250.000 1.75 2.61
CH,NSH&UI more than 250.000 Euros 1.08 2.61

TABLE 45: Values of F and of F0.05 for the forward predictive failure test on the deposit volume’s regressions (see also Appendix B).
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E. Details on the

Calibrationn of the CDS Index

Dynamics

The CIR model is calibrated to the time series of
the CDS index by a procedure suggested by Brigo
et al. [1]. The dynamic of the process can be written
as:

dSt = κS(θS − St)dt + σS
√

StdWS
t (31)

where κS, θS, σS > 0 and WS is the Wiener process.
To ensure that St is always strictly positive one

needs to impose the Feller condition:

σ2
S ≤ 2κSθS.

The simulation of the CIR process can be done
using a recursive discrete version of the stochas-
tic differential equation (31) with discretised time
steps ti:

Sti = κSθS∆t + (1− κS∆t)Sti−1 + σS

√
Sti−1 ∆t εti

with error terms εti following a Gaussian distribu-
tion.

For CIR processes we have the following exact
conditional distribution:

f (Sti |Sti−1) = ce−u−v
( v

u

) q
2 Iq(2

√
uv)

where

c =
2κS

σ2
S(1− e−κS∆t)

u = cSti e
−κS∆t

v = cSti−1

q =
2κSθS

σ2
S
− 1

with Iq the modified Bessel function of the first kind
of order q and ∆t = ti − ti−1.

To calibrate this model we apply the maxi-
mum likelihood estimation with starting param-
eters equal to:

κ0 = − log(b)
∆t

θ0 = (St)

σ0 =
2b(St)

θ0

where b is the coefficient obtained from a standard
OLS estimation on our data.
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The Fundamental Review
of the Trading Book
Standardised Approach for Market Risk:
Revision and Challenges

The article is dedicated to the incom-
ing Fundamental Review of the Trading
Book (FRTB) and the effects its introduc-
tion will have on the current risk infras-
tructure. In this content, after a brief
introduction of the overall market risk
framework, the focus is on the Standard-
ised Approach for capital charge calcu-
lations. The authors perform a compar-
ison between the current standardised
method in Basel 2.5 and the FRTB-SA,
highlighting at each step the potential
challenges that a bank can face in im-
plementing the new regulation by 2019.

Gianbattista ARESI
Luca OLIVO

The Fundamental Review of the Trading
Book (FRTB) represents the revision of the
market risk framework finalized by the Basel

Committe on Banking Supervision in January 2016
and aimed at replacing the current Basel 2.5 and

Basel 3 rules. Following the instructions given by
the BCBS, banks have to finalize the FRTB imple-
mentation within 2019.

Before starting our analysis on the comparison
between the incoming and the current framework
and the challenges that banks could face in deal-
ing with this development, we briefly introduce the
new market risk regulation by summarizing the
most relevant innovation within FRTB.

First of all, FRTB implies more defined bound-
aries between the Trading Book and the Banking
Book to avoid regulatory arbitrage. Then, it intro-
duces revised market risk measure approach and
calibration in order to better capture the tail risk
(VaR and stressed-VaR calculation will be replaced
by Expected Shortfall), the liquidity risk (with the
introduction of five liquidity horizons) and the im-
pacts of financial stress (by introducing curvature
in options sensitivity calculation and replacing the
Incremental Risk Charge calculation with the De-
fault Risk Charge). Finally, FRTB entails a closer
relationship between the Standardised Approach
(SA) and the Internal Model Approach (IMA): in
particular, the SA has to be a reliable fallback option
in case of non-IMA eligibility.
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MARKET RISK REGULATION

The Standardised Approach must be applied by
all the banks and reported at least monthly (and
on demand) to regulators. It consists in the sum of
three contributions:

1. Sensitivity Based Method (SBM): it implies
the computation of Delta, Vega and Curvature
for different risk classes and considering differ-
ent buckets for each risk class; risk weights and
correlation levels are then applied on the basis
of these buckets/risk classes.

2. Default Risk Charge (DRC): it is introduced
to capture pure default risk and to align the
treatment of such a risk to the Banking Book;
it’s going to replace the current Basel 2.5 Stan-
dardised Capital Charge.

3. Residual Risk Add-on (RRAO): it is an addi-
tional risk charge to capture exotic underlying
risk and other residual risks not contemplated
by SBM and DRC.

Instead the Internal Model Approach entails the
eligibility of the trading desks and thus the continu-
ous back-testing in order to check their eligibility. In
case of no-eligibility of a trading desk, the model
has to fall back to the Standardised Approach (SA)
that can be applied also as a floor or surcharge of
the IMA. Another innovation is the exclusion of
securitisations (no longer eligible) and the daily
computation of the Expected Shortfall in replacing
VaR (daily) and stressed Var (weekly). Within a
desk proved to be IMA-eligible, the computation
of the risk charges depends on the data availability
and the "modellability" of each risk factor:

• modellable risk charge implies modified Ex-
pected Shortfall;

• non-modellable risk charge is capitalised with
stressed scenarios.

Finally, another important point introduced by the
regulators is the Default Risk Charge to replace the
IRC: it has to be computed as 99.9% VaR of 1Y
default simulation considering two kinds of sys-
temic risk factors and has to be reported weekly to
regulators.

The next section is dedicated to a comparison
between the current Basel 2.5 framework and the
incoming FRTB-SA. The comparison is enriched
with some considerations regarding the challenges
that banks could face in adapting their current risk
systems and revaluation engines to the new stan-
dardised approach.

FRTB: Standardised Approach

Basel 2.5 vs FRTB

The current Basel 2.5 framework identifies market
risks through four main categories:

1. Interest Rates

2. Equity

3. Forex

4. Commodities

the first two categories are related to the positions
in the Trading Book while the remaining two are
referring to positions in all the bank books. On each
of these components the Basel Committee imposes
a capital requirement to be collected by banks and
the overall risk requirement is the sum of the single
four ones.
The current Standardized Methodology entails a
“building block” approach in which the following
two risk components are computed separately:

• General Market Risk: it captures the risk of
losses due to an adverse change in market
risk factors.

• Specific Market Risk: it captures the risk that
individual debt/equity security moves more
or less than the general market in daily trad-
ing activity; it captures the exposure to spe-
cific issuers indeed.

The distinction between general and specific market
risk has to be considered in the first two categories
of risk (Interest Rates and Equity), not for the Forex
and the Commodities.

The FRTB completely changes the logic of cap-
ital charge computation for its standardised ap-
proach. The aim of the regulator is to introduce a
more sophisticated methodology in order to reduce
the distance with the internal model and to ensure
a reliable fallback option in case of non-IMA eligi-
bility. The changes are significant since banks need
to move from a "cash flow-based" calculations to a
"sensitivity-based" approach.

The FRTB Standardised Approach will be
mandatory for all the banks and thus in our view
represents the most challenging part of the new
regulatory framework.

As anticipated also in the introduction of this
article, the FRTB standardised risk charge is given
by the sum of three components:

SACapitalCharge = SBM + DRC + RRAO

where:

1. SBM is the Sensitivity Based Method
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FIGURE 1: Three main phases, with related actions, can be identified within the FRTB Sensitivity Based Method (SBM).

2. DRC is the Default Risk Charge

3. RRAO is the Residual Risk Add-On

In what follows we will see in details each one
of this component, highlighting the main actions a
bank should take in order to implement the SA in
a compliant way.

Sensitivity Based Method

The SBM is for sure the most complex part of in-
coming Standardised Approach. The sensitivity-
based approach entails the introduction of the fol-
lowing definitions:

• Risk Class: General Interest Rate Risk (GIRR),
Credit Spread Risk for non-securitisation
(CSR non-sec), Credit Spread Risk for securi-
tisation (CSR sec), Credit Spread Risk for se-
curitisation CTP (CSR sec CTP), Equity Risk,
Commodity Risk and Forex Risk.

• Risk Factor: input of the pricing function to
be mapped to a risk class (e.g. yield curve for
GIRR, equity spot price for Equity,...).

• Risk Position: main input to enter in the risk
charge computation. Delta and Vega sensitivi-
ties are computed to capture linear risk, while
the introduction of curvature based on stressed
scenario is aimed at capturing the incremental
risk (not considered by Delta approximation).

• Risk Charge: amount of capital to be held by
the bank to face the risks.

• Bucket: a set of risk positions grouped together
by a common feature (e.g. CCY for GIRR,
Credit Quality and Sector for CSR non-sec,...)

Given these basic concepts introduced by the
regulators, we identify three main phases for the
SBM computation (summarized in Figure 1):

1. Risk Factors Identification: this phase entails
the identification of the set of risk factors to
which the bank is exposed and the association
of specific metadata to those risk factors.

2. Sensitivity Calculation: this phase involves
the calculation of the sensitivities (delta, vega
and curvature) applying the formulae pro-
vided by the regulators.

3. Sensitivity Aggregation and Risk Charges
Calculation: the aggregation of sensitivities
has to be performed within each bucket and
across buckets; the risk charges are calculating
for each risk class using different correlation
levels.

Phase 1: Identification

Regarding the first phase, the new regulation
identifies seven Risk Classes: General Interest
Rates Risk (GIRR), Credit Spread Risk (CSR: Non-
Securitisations, Securitisations Non-CTP5, Securi-

5CTP stands for Correlation Trading Portfolio.
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FIGURE 2: Practical example of metadata association to related risk classes. This association is essential for the risk factors
identification in the FRTB-SBM: risk factors have to be proper classificated and risk weights associated accordingly.

tisations CTP), Equity Risk, Forex Risk and Com-
modity Risk. It is crucial for the bank to properly
associate metadata to risk factors for their "classi-
fication"; let consider Figure 2 as an example of
risk class-metadata association on the basis of the
new regulation. In the current Basel 2.5 Standard-
ised Measurement Method there is no need of de-
tailed metadata attached to each risk factor since it
is enough to distinguish between three categories
(Government, Qualifying and other) and two se-
niority levels (for securitisations). In the FRTB-SBM
a bank needs to attach attributes to the risk fac-
tors underlying its trading book portfolios in order
to correctly assign them to risk buckets and apply
the right risk weights accordingly. Here the key
question for banks is:

• How can metadata be retrieved and managed?

The answer can vary from bank to bank of course.
For example, banks can rely on market data
provider like Bloomberg or Reuters. Alternatively,
they can build up a sort of Instruments Static Data
containing all the static information on specific is-
sues (sector, rating, seniority, category,...) to be
linked to the aggregation engine in order to apply
proper risk weights. This is surely a first challenge
banks could face in implementing FRTB-SBM.

Phase 2 and 3: Calculation and Aggregation

Regarding the second phase, in Basel 2.5 price sen-
sitivity calculation is requested only in case a bank
has been allowed by regulator to use the Duration
Method for GIRR and the Delta-plus approach for
options.
In the SBM three sensitivities need to be computed
within each risk asset class:

• Delta: a risk measure based on sensitivities
of the bank’s trading book to regulatory delta
risk factors.

• Vega: a risk measure for instruments with op-
tionality based on sensitivities of the bank’s
trading book to regulatory vega risk factors.

• Curvature: a risk measure for instruments
with optionality to capture the incremental
risk not captured by the delta risk; it is based
on two stress scenarios involving an upward
and a downward shocks to a given risk factor,
with the delta effect to be removed; the worst
loss of the two scenarios is the risk position
to be used for capital charge computation.

For Delta and Vega, banks have to calculate a net
sensitivity sk across instruments to each risk factor
k. The weighted sensitivity is the product of the
net sensitivity and the corresponding risk weight:

WSk = RWksk (1)
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Then the risk position for Delta (respectively Vega)
bucket needs to be determined by aggregating the
weighted sensitivities to risk factors within the same
bucket and using the prescribed correlation level ρkl :

Kb =

√
∑
k

WSk
2 + ∑

k
∑
k 6=l

ρklWSkWSl (2)

The Delta (Vega) risk charge is given by aggregat-
ing risk positions across buckets within the same risk
class and applying the prescribed correlation level
λbc:

Delta(Vega) =
√

∑
b

Kb
2 + ∑

b
∑
c 6=b

λbcSbSc(3)

where:

• Sb = ∑k WSk for all the risk factors in bucket
b.

• Sc = ∑k WSk for all the risk factors in bucket
c.

The curvature calculation and aggregation for
incremental risk follows a different step-by-step ap-
proach. Two stressed scenarios (one upward and
the other downward) are shocked by risk weights
and the worst loss (expressed as a positive quan-
tity) is chosen in order to find the net curvature
risk charge CVRk across instruments to each risk
factor k:

CVRk = −min
[

∑i Up− Delta
∑i Down + Delta

]
(4)

Up is the difference in the price of the instrument i
after the current level of the curvature risk factor is
shifted upward:

Up = [Vi(xk
(RW(curvature)+) −Vi(xk)] (5)

and Down is the difference in the price of the instru-
ment i after the current level of curvature risk factor
is shifted downward:

Down = [Vi(xk
(RW(curvature)−) −Vi(xk)] (6)

Delta stands for the removal of Delta Effect
(rescaled with curvature RW) from the incremental
risk charge and it is defined as follows:

Delta = [RW(curvature)
k ∗ sik] (7)

where:

• i is the instrument subject to curvature risk
charge related to risk factor k;

• xk is the current level of risk factor k;

• Vi(xk) is the price of the instrument depend-
ing on xk;

• Vi(xk
(RW(curvature)+) and Vi(xk

(RW(curvature)−) are
the price of instrument i after xk is shifted
upward and downward respectively;

• RW(curvature)
k is the risk weight for curvature

risk factor k for instrument i determined in
accordance with regulation;

• sik is the delta sensitivity of instrument i with
respect to the risk factor k.

The curvature risk exposure must be aggregated
within each bucket using the prescribed correlation
level ρkl :

Kb =
√

A + B (8)

where:

• A = max (0, ∑k max CVRk, 0)2;

• B = ∑k ∑k 6=l ρklCVRkCVRlψ(CVRk, CVRl);

• ψ(CVRk, CVRl) = 0 if (CVRk, CVRl) < 0,
1 otherwise.

Finally the curvature risk position must be aggre-
gated across buckets within each risk class using
the prescribed correlation levels γbc:

Curvature =
√

∑
b

Kb
2 + ∑

b
∑
c 6=b

γbcSbScψ(Sb, Sc)

(9)
where:

• Sb = ∑k CVRk for all the risk factors in bucket
b;

• Sc = ∑k CVRk for all the risk factors in bucket
c;

• ψ(Sb, Sc) = 0 if Sb and Sc have both negative
sign, 1 otherwise6.

The SBM charge is given by the simple sum of
total Delta, total Vega and total Curvature for each
single asset class. Simply summing the risk charges
does not consider the correlation effects. Then the
new regulation introduces three risk charge figures
that need to be calculated for each risk class in
order to:

• consider the case of correlations in-
crease/decrease in stressed period;

• consider the benefits from diversification.
6If the values of Sb and Sc generate a negative number for the overall sum under root square in (9), the bank has to calculate the

curvature risk charge using an alternative method specified by the regulators.
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FIGURE 3: The table identifies for each risk class the related buckets, risk weights and correlation parameters. This information is
directly provided by BCBS and is crucial for banks in order to perform aggregation of single sensitivity and calculation of capital
charge for each risk class.
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It results in three different scenarios on specified
values for ρkl (correlation between risk factors in a
bucket) and λbc (correlation across buckets within
a risk class):

1. Scenario 1 - High Correlation: (Medium Cor-
relation)*1.25

2. Scenario 2 - Medium Correlation: given by
regulators

3. Scenario 3 - Low Correlation: (Medium Cor-
relation)*0.75

A scenario-related risk charge needs to be deter-
mined for each scenario at portfolio level (simply
summing up the risk charges at risk class level).
The largest of the portfolio level risk charges is the
ultimate risk capital charge.

At this point it becomes clear the fact that within
this new framework a bank can face two different
situations for sensitivity calculation:

• The bank is able to calculate sensitivities for its
Trading Book positions.
This is the most likely situation: in such a
case the bank needs to adapt the calculation
methodologies to the ones prescribed by the
regulators; in most cases, for a bank that is
already able to compute the sensitivities, the
effort is reduced. The only challenging point
may be curvature calculation, since it’s not
always in place for market risk hedging pur-
poses.

• The bank is not able to calculate sensitivities for
its Trading Book positions.
Even if this is the less likely scenario, in the
current Basel framework a bank couldn’t have
any need of daily sensitivities calculation and
in this case the challenge introduced by FRTB
becomes really relevant: the bank has to im-
plement from scratch (or at least strongly en-
hance) a revaluation engine in order to com-
pute sensitivities daily.

The aggregation of sensitivities within a bucket
and among different buckets is another crucial
point banks have to handle. Specific rules need
to be followed in relation to the buckets defined at
risk class level and the capital charges are calculated
using different correlation coefficients for each risk
class. In Figure 3 we provide a summary of buckets,
risk weigths and correlation parameters associated
to each risk class: there are several parameters and
rules to take into consideration in order to perform
aggregation and risk charge computation properly.

This phase may reveal challenges for banks in their
ability of data handling. In particular, we see three
crucial points here:

• Sensitivities coming from different legal entities
need to be collected in a single repository.

• Data management needs to be improved in or-
der to handle data flow containing sensitivities at
bucket/vertex level.

• Correct aggregation formulae considering different
correlation levels need to be implemented.

Impacts of SBM in Current Risk Infrastructure

The best way to understand the impacts that SBM
can have on current banks’ risk infrastructure is to
consider specific cases among the most common
derivative instruments.

Starting from a plain Interest Rate Swap (IRS),
denominated in EUR (i.e. the domestic currency
in our examples, so no Fx risk is considered), we
analyse the potential degrees of impact of the SBM
implementation phase by phase; a summary is pro-
vided in Figure 4 :

• the only relevant risk class is GIRR;

• regarding Phase 1 (Identification), the only
relevant risk factors are the discount and the
projection curves (generally speaking the yield
curves); the mandatory information to per-
form a proper risk factor association is the cur-
rency (that becomes the bucket for GIRR) and
the tenor of the curve to get the vertices. In
current Basel framework the minimum set of
information needed is notional, maturity (or
first date of payment) and coupon rate: SBM
improves the level of detail by introducing
the information on the ccy and, especially, by
exploiting the term structure of yield curves
in order to guarantee a certain level of granu-
larity in sensitivity computation; despite this
additional info, we don’t see particular crit-
icalities in improving the set of information
for interest rates curves;

• regarding Phase 2 (Calculation), SBM implies
to compute the PV01 (sensitivity) of the IRS
with a certain level of granularity or alterna-
tively to retrieve such an information from a
FO system; if the bank is applying the Ma-
turity method in the current Basel approach,
the Delta GIRR sensitivity computation may
represent a challenge; on the contrary, if the
bank is currently using the Duration-based
approach for IR charges, the sensitivity com-
putation is facilitated. PV01 is obtained by
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calculating the change in the market value of
the IRS (Vi) by applying 1 basis point shift in
the zero rate r at vertex t of the yield curve,
all rescaled by 0.01%:

sk,rt =
Vi(rt + 0.0001)−Vi(rt)

0.0001
(10)

• the highest degree of impact in this case is
for sure during Phase 3 (Aggregation) mainly
because the current Basel 2.5 does not con-
sider such a sophisticated procedure; indeed
the sensitivity computed in (10) needs to be
weighted, depending on the vertex t, by the
specific GIRR RWs represented in Figure 5;
then the weighted sensitivity must be aggre-
gated considering correlation levels for the
same currency and:

- same vertex, different curves: ρkl =
99.90%

- different vertex, same curve: ρkl =

max [exp(−θ |Tk−Tl |
min Tk ;Tl

); 40%], with θ =
3%

- different vertex, different curves: ρkl =

99.9% ∗ max [exp(−θ |Tk−Tl |
min Tk ;Tl

); 40%],
with θ = 3%

while the correlation parameter for GIRR ag-
gregation between different currencies is γbc =
50%.

Instead considering a floating rate Bond (al-
ways EUR) means adding complexity in the risk
charge computation. As summarised in Figure
6, in this case the risk classes to be considered
are two: GIRR (already analysed) and CSR (non-
securitisation). The highest degree of impact with
respect to the IRS above derives from this additional
asset class actually:

• in addition to the information needed for
GIRR (same as IRS), for a proper CSR iden-
tification the credit quality and the industrial
sector information needs to be added; the for-
mer can be retrieved from the ratings (already
used in Basel framework) while the latter has
to be retrieved from scratch; this implies an
higher degree of criticality with respect to
plain IRS of course;

• regarding sensitivity computation, in addi-
tion to the PV01 (provided in eq (10) now the
bank has to calculate also the CS01 (Delta for
CSR non-securitisation) with a certain level of
granularity or, alternatively, retrieve it from

a FO system; the CS01 of the bond is deter-
mined by calculating the change in the market
value Vi by applying 1 basis point shift in the
credit spread cs at vertex t, divided by 0.01%:

sk,rt =
Vi(cst + 0.0001)−Vi(cst)

0.0001
(11)

The PV01 for a bond is computed by con-
sidering the credit spread constant and, on
the other side, the CS01 is calculated by con-
sidering the zero rates at different vertices
unchanged. In this case the fact that the bank
is applying the Duration-based approach in
Basel 2.5 does not imply an effective reduc-
tion in criticality since it does not consider the
credit spread risk at all;

• as we have seen for PV01 sensitivity, also the
CS01 in (11) has to be weighted; Credit Spread
RWs depend primarly on the credit quality
of the issuer (investment grade or high yield)
and then are subdivided by the industrial sec-
tor; a summary is reported in Figure 7;

• even in this case the most relevant impact
is expected at aggregation level because in
addition to the rules for GIRR the bank has
to implement CSR aggregation considering:
a correlation parameter ρkl between 2 CS01
within the same Credit Quality/Sector and a cor-
relation parameter γbc among different buckets;

• the aggregation within the same bucket for
CSR entails the use of correlation parameter
ρkl that is depending by three level of infor-
mation:

ρkl = ρname
kl ∗ ρtenor

kl ∗ ρbasis
kl

where:

- ρname
kl = 35% if credit issuers are differ-

ent, 100% otherwise

- ρtenor
kl = 65% if vertices of the credit

curve are different, 100% otherwise

- ρbasis
kl = 99.9% if credit curves are differ-

ent, 100% otherwise

• instead the aggregation between two differ-
ent buckets for CSR entails the correlation
parameter γbc:

γbc = γ
rating
bc ∗ γsector

bc

where:

- γ
rating
bc = 1 if b and c have the same rat-

ing, 0.50 otherwise
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- γsector
bc = 1 if b and c belong to the same

industrial sector, otherwise a correlation
matrix provided by the BCBS has to be
applied 7.

Complexity rises not only by trading products
that entail different risk classes, but also consider-
ing products that imply different sensitivities calcu-
lation and aggregation within the same risk class.
Let consider a European Swaption (in EUR) as ex-
ample; Figure 8 illustrates the degrees of impact for
the three SBM phases:

• regarding Phase 1, impact is equal to the one
described for the IRS; the only relevant risk
class is GIRR and in addition to the ccy and
the tenor, the information regarding maturity
of the option and the residual maturity of the
underlying has to be added: no particular crit-
icalities should be highlighted here;

• the complexity rises for sure in Phase 2, where
the bank has to calculate all the relevant sen-
sitivities (delta, curvature and vega):

- PV01 has to be computed as in eq (10)
with a certain level of granularity;

- Curvature calculation has to be set up
properly: even in case a bank is already
able to compute IrDelta sensitivity, the
curvature logic is completely new and
may rise some challenges in risk infras-
tructure;

- Vega has to be computed using option
pricing model that may represent an ad-
ditional effort for bank;

• the maximum degree of impact is expected
during Phase 3 for products like swaptions:
in addition to the rules to be followed for
Delta GIRR, aggregation must be performed
also on Curvature GIRR and Vega GIRR. Al-
though the Curvature correlation parameters
leverage on Delta ones, for Vega rules and pa-
rameters are completely different and entails
an intra-bucket correlation matrix (underlying
maturity vertices vs option maturity vertices)
completely ignored in current Basel 2.5 frame-
work;

• focusing on Curvature, the relevant risk fac-
tor is the entire yield curve per currency; the
bump performed to assess the difference in
the market values of the swaption after up-
ward/downward shocks is parallel and thus

no term structure decomposition of the in-
terest rate curves is needed; the RW to be
applied is the highest from Delta GIRR (2.4%)
and the main purpose of curvature calculation
is to capture the incremental risk not consid-
ered by the Delta approximation, as visible in
general equation (4); as already encountered
in equation (8), the curvature aggregation has
a sort of Boolean logic depending on the sign
of curvature sensitivity:

– ψ(CVRk, CVRl) = 0 if (CVRk, CVRl) <
0, 1 otherwise;

– if (CVRk, CVRl) < 0 it means that Delta
approximation is already covering the
loss completely (i.e. no need of curva-
ture risk charge);

– if (CVRk, CVRl) > 0 it means that Delta
approximation is not able to cover the
loss completely (i.e. need of curvature
risk charge);

• regarding the Vega GIRR risk factors, they
can be defined in two dimensions: the implied
volatility for option maturity and the implied
volatility for underlying maturity; the option level
Vega is determined by the product of the Vega
and the implied volatility of the option; as for
Delta GIRR, the net sensitivity needs to be
weighted by specific RWs given by the regula-
tor:

RWk = min [RWσ ∗
√

LHriskclass√
10

; 100%]

with RWσ = 55% and LHriskclass = 60; finally,
weighted sensitivity must be aggregated intra-
bucket considering correlation levels ρkl for
the same currency:

– ρkl = min [ρ
Toption
kl ∗ ρ

Tunderlying
kl , 1];

– ρ
Toption
kl = exp−α |Tk−Tl |

min Tk ;Tl
with Tk and Tl

the option maturities, α = 1% ;

– ρ
ρ
kl

Tunderlying
kl = exp−α

|TU
k −TU

l |
min TU

k ;TU
l

with TU
k

and TU
l the option maturities, α = 1% .

7The correlation matrix for γsector
bc in case of different industrial sectors is given in [5], page 32.
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FIGURE 4: Example of the impact an Interest Rate Swap in EUR can have on the current risk infrastructure in terms of capital
charge computation with the introduction of the FRTB Sensitivity-based Method.

FIGURE 5: The RWs for the GIRR are derived from the historical series considering specific liquidity horizons; they change depend-
ing on the vertices of the interest rates curve and the associated historical volatility.
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FIGURE 6: Example of the impact a floating rate Bond in EUR can have on the current risk infrastructure in terms of capital charge
computation with the introduction of the FRTB Sensitivity-based Method.

FIGURE 7: The RWs for the CSR depends on the credit quality of the issuer and on the industrial sector in which it operates. The
highest risk weight is associated by default to those names that cannot be classified by quality/sector ("others").
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FIGURE 8: Example of the impact a European Swaption in EUR can have on the current risk infrastructure in terms of capital
charge computation with the introduction of the FRTB Sensitivity-based Method.

Default Risk Charge

The Standardised DRC is going to replace the
current Standardised Capital Charge calculation
(StdCC) and it has to be applied to the following
risk classes:

1. non-securitisation

2. securitisation

3. securitisation (Correlation Trading Portfolio)

It is going to mirror the Banking Book based treat-
ment of default risk, adjusted to take into cosidera-
tion more hedging effects. It comprises a multi-step
approach briefly summarised below:

• the determinaton of gross JTD amounts for
each instrument subject to default risk; this
amount is a function of instrument Notional,
Market Value and Loss Given Default :

JTDlong = max (LGD ∗ Notional + P&L, 0)

JTDshort = min (LGD ∗ Notional + P&L, 0)

where P&L = MarketValue− Notional;

• the offsetting of gross JTD amounts on the
long/short exposures with respect to the
same obligor (where allowed) in order to work
out the net long/short JtD position;

• The discount of net short exposure by a hedge
benefit ratio;

• The application of default risk weights in order
to get the capital charge; the RWs are asso-
ciated to net JTD positions on the basis of a
bucket structure:

- Ratings + industry sector for non-
securitisation;

- Tranches + industry sector for securitisa-
tion (non-CTP);

- Index for securitisation (CTP);

while the default risk charge computation
changes depending on the risk class:

- Non-securitisation and Securitisation
(CTP): the DRC is given by the sum of
default risk positions at bucket level;

- Securitisation (CTP): the DRC is given
by the sum of default risk positions at
bucket level if positive, half default risk
positions at bucket level if negative.

The DRC for non-securitisations and securiti-
sations is indipendent from the standardised CSR
capital charge of Market Risk, while for the CTP
the capital charge includes the default risk for se-
curitisation exposures and for non-securitisation
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FIGURE 9: Example for a long credit position with a MtM loss. The Bond-equivalent MV is an intermediate step in determining
the P&L for derivative instruments. Loss = (Bond equivalent MV - Notional). JtD (long) = max (LGD x Notional + P&L, 0) . MtM
of CDS and options to be taken in absolute values, strike amount of bond option in terms of bond price (not yield). Source: bcbs352.

FIGURE 10: The Default RWs depends on the credit quality (i.e. rating bands) of the issuer. The weighted net JTD exposures are
allocated to three different buckets defined by regulators: corporates, sovereigns and governments/municipalities
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hedges 8. In addition, the approach for capitalising
DRC is different from the one used for CSR: for
DRC the representation of positions uses notional
amounts and market values. Since its main aim
is to capture stress events in the tail of the default
distribution, which could not be captured by credit
spread shocks in standardised market risk, since
the latters are a measure of expected loss from de-
fault, by definition less severe that default loss in
the tails.

Thus, for a bank that until now has applied the
current StdCC, we identify two main challenges to
face up:

• To implement Jump-to-Default calculations follow-
ing regulatory formulae.

• To implement correct aggregation process.
As for the SBM, the JTD results need to be ag-
gregated within the same bucket and among
different buckets in a proper way.

Impacts of DRC in Current Risk Infrastructure

As done for the SBM, let consider a more concrete
case in order to assess the impacts of DRC imple-
mentation in current risk infrastructure. Figure 9
reports an example of components for a long credit
position (non-securitisation) in the JTD equation
directly taken from the BCBS publication [5]. In the
non-securitisation case, offsetting rules depends on
seniority and maturity: the gross JTD amounts of
long and short exposures to the same obligor can
be offset only if the short exposure has the same or
lower seniority than the long exposure 9. Given the
criterion of seniority is met, exposures of different
maturities may be offset following specific rules:

• exposures with maturities longer than the 1
year capital horizon may be fully offset;

• exposures with maturities shorter than the 1
year capital horizon must be scaled by the
ratio of the exposure’s maturity relative to the
capital horizon.

The default RWs are assigned to net JTD amounts
on the basis of credit quality categories (i.e. rat-
ing bands for non-securitisations) irrespective of
the type of counterparty, as illustrated in Figure
10. The weighted net JTD are then allocated to
three buckets: corporates, sovereigns and local govern-
ments/municipalities. A Hedge Benefit Ratio (WtS) is

computed in order to recognize hedging relation-
ship between long and short JTD positions within
a bucket:

WtS =
∑ netJTDlong

∑ netJTDlong + ∑ |netJTDshort|
(12)

where:

• the sum of (non-weighted) net JTD long po-
sition is performed within the same rating
band;

• the sum of (non-weighted) net JTD short po-
sition is performed within the same rating
band.

The overall DRC for each bucket b is given by the
combination of:

DRCb = max [(Long)−WtS ∗ (Short); 0] (13)

• Long = ∑i∈Long(RWi ∗ netJTDi) as the sum
of risk weighted long net JTD (across rating
bands);

• the WtS in eq (12);

• Short = ∑i∈Short(RWi ∗ |netJTDi|) as the sum
of risk weighted short net JTD (across rating
bands).

No hedging benefits are recognized by regulators
across buckets.

Residual Risk Add-On

Regarding the RRAO, it includes any risk that are
not capitalised under the SBM and DRC (e.g. be-
havioural risk or exotic underlying risk). The risk
weights are applied to notional amounts of instru-
ments with non-linear payoffs (1% for instruments
with an exotic underlying and 0.1% for instruments
bearing other residual risks) and the charge is com-
puted as a simple sum of these weighted gross
notionals.

We don’t envisage any particular challenge for
banks here, the only effect with respect to the cur-
rent situation will be higher capital charges for the
exotic instruments and for those bearing residual
risk ones.

8These hedges have to be removed from the non-securitisation DRC, since for [5] there must be no diversification benefit between
the DRC for non-securitisation, DRC for securitisation (non-CTP) and DRC for securitisation CTP.

9Just as example, a short exposure in an corporate equity may offset a long exposure in a government bond, but a short exposure
in the bond cannot offest the long exposure in the equity.
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FIGURE 11: A comparison between current Basel regulatory framework and the incoming FRTB for the Standardised Approach.
Within each area (Market Risk, Default Risk and Other risks) banks could face a series of challenges in order to be compliant with
the new rules.
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Conclusions

In Figure 11 we summarise the main differences
between the current standardised method and the
incoming FRTB-SA: for each area we also indicate
the main challenges discussed in the article.

As illustrated, this new standardised method
for market risk is requiring banks to use price and
rate sensitivities that were not mandatory in the
previous framework. Likely these sensitivities are
already available in the banks systems as inputs
into the different asset class treatments: in such
a case the use of sensitivities would reduce the
implementation costs of the revised standardised
approach.

On the other hand, a sensitivity-based approach
entails reliance on the pricing models of the banks:
this may represent a cost to simplicity and consis-
tency for those banks which don’t have a sophis-
ticated risk engine. However, the direction given
by the Basel Committee with this review is clear:
the current cash flow-based method has become im-
practical, especially for complex instruments, and
cannot be considered as a functional fallback to the
internal model approaches.

Apart from the calculation of the sensitivity
itself, the complexity of FRTB-SA relies in the
proper association of specific metadata to pre-
scribed risk classes and in the several aggregation
rules previously not contemplated. The capital
charge computation for a simple floating rate bond
may become more challenging under the FRTB-SA
since it entails the identification, calculation and

aggregation of Delta risk under two different risk
classes (GIRR and CSR) that relies on different
metadata and follow different calculation and ag-
gregation rules. Complexity may also rise for those
instrument with optionality: in addition to Delta,
Vega risk for volatilities and Curvature incremental
risk (not captured by Delta) need to be considered.
This is for sure one of the most innovative and
challenging aspects of the incoming regulation and
banks have to be ready to face it properly if they
want to succeed in implementation by 2019.
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