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Abstract 

The paper develops a Value-at-Risk methodology to assess Italian banks’ interest rate 
risk exposure. By using five years of daily data, the exposure is evaluated through a 
principal component VaR based on Monte Carlo simulation according to two different 
approaches (parametric and non-parametric). The main contribution of the paper is a 
methodology for modelling interest rate changes when underlying risk factors are skewed 
and heavy-tailed. The methodology is then implemented on a one-year holding period in 
order to compare the results from those resulting from the Basel II standardized approach. 
We find that the risk measure proposed by Basel II gives an adequate description of risk, 
provided that duration parameters are changed to reflect market conditions. Finally, the 
methodology is used to perform a stress testing analysis. 
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1. Introduction
∗∗∗∗ 

The aim of this paper is to develop a new Value-at-Risk (VaR) methodology for 

measuring and monitoring banks’ interest rate risk exposure. The main contribution of our 

work is a new approach to modelling interest rate changes that takes into account the fact 

that financial data exhibit skewness and fat tails. It is widely known that returns on market 

variables (such as exchange rates, equity prices and interest rates) systematically depart from 

normality: financial returns show higher peaks and fatter tails than the normal distribution, 

especially over short horizons. This implies that extreme events (very large or very small 

changes in market variables) occur more frequently than predicted under normality 

assumptions. Failure to account for non-normality may lead to an underestimation of risk.  

Additionally, unlike the most common interest rate models in which any relationship 

between interest rate levels and their correlations and volatilities is dominated by one factor 

(usually identified with the short rate reflecting the monetary policy stance), we model 

interest rate changes as a function of three underlying risk factors: shift, tilt and twist, as 

derived from the Principal Component decomposition of the EU yield curve.  

The restatement of observed interest rates in terms of a combination of these 

underlying risk factors is applied in a Monte Carlo simulation to generate a large number of 

possible shocks of the yield curve. The profit and loss distribution is then derived from the 

simulated risk factor distributions by using a delta-gamma approximation function. Finally, 

the interest rate risk exposure is obtained by selecting the first percentile of the profit and 

loss distribution according to the VaR definition. 

We face the non-normality issue by an appropriate choice of the principal component 

distribution function. We compare two approaches: the parametric approach, based on the 

normal distribution hypothesis of the underlying risk factors, and the non-parametric 

approach, based on kernel densities of the principal component distributions.  

The two different approaches are then applied to the balance sheet maturity structure 

of the major, large and medium-sized Italian banks
1
 in a way that strictly reflects the 

                                                 

∗ We wish to thank G. Alfinito, F. Calabresi and M. Benvenuti for their helpful comments and two 

anonymous referees for useful suggestions. All remaining errors are our own. The opinions expressed  here do 

not necessarily reflect those of the Bank of Italy. Email: roberta.fiori@bancaditalia.it; 

simonetta.iannotti@bancaditalia.it   

1 The balance sheets are on an individual basis, as consolidated data of assets and liabilities are not 

available with the desired detail of residual term to maturity. Unfortunately, since in our sample most of the 

banks belong to banking groups, the distribution of balance sheet items is influenced by the managerial choices 



  8 

prevailing market conditions both in terms of interest levels and volatility; interest rate risk is 

computed first on a daily basis and then on a one-year holding period (240 working days). 

  

A bank is exposed to interest rate risk if there is a maturity mismatch between fixed 

rate assets and liabilities, or between the re-pricing schedules of variable rate positions. 

Interest rate risk is usually measured by two main methods: the maturity gap model and the 

duration gap model. The first approach calculates the effect of interest rate movements on 

the interest rate margin within a limited time span, generally the one-year period of the 

income statement. The second approach computes the effect of interest rate movements on 

the present value of all positions, according to the discounted value of their cash flows. The 

difference between the duration
2
 of the assets and that of the liabilities gives a measure of the 

economic capital exposure to interest rate changes: wiht a positive duration gap (long-term 

assets are financed with short-term liabilities) the intermediary is exposed to an increase in 

interest rates, and the value of its economic capital will diminish when rates increase.  

Consistently with the duration gap model, the standardized method for interest rate 

risk measurement proposed by the Basel Committee (2003) requires that all assets, liabilities 

and off-balance sheet items be allocated in 13 maturity buckets according to their remaining 

time to maturity or, in the case of variable rate items, according to their re-pricing schedule. 

The net positions for each maturity bucket are then weighted to take into account their 

sensitivity to interest rate changes: the weighting coefficient results from the product of a) 

the modified duration of a par bond maturing in the mid-point of the respective bucket and b) 

a measure of interest rate volatility.
3
 For each bank, the interest rate risk index is computed 

as the ratio between the sum of the net weighted positions and supervisory capital. 

Most Italian banks use their internal asset liability management (ALM) model to 

assess the exposure to interest rate risk. Deriving information from the front office system, 

banks map all cash flows into a specific number of time buckets and calculate the impact of 

                                                                                                                                                       
of each group. For some of the banks, for example, we observe negative duration gaps (short-term assets are 

financed with relatively long-term liabilities), which is counter-intuitive in light of the traditional 

intermediation activity performed by banks; this can also be due to the particular allocation of assets and 

liabilities across business units within each banking group. 

2 Duration is defined as the weighted average maturity of a bond’s payment, or the average time of the 

cash flows, where the weights are the present values of the cash flows.  

3  In the first Basel proposal of 1993 (Basel I), on which the current Italian regulation is based, the 

modified duration is computed for an 8 per cent par bond, and interest rate volatility ranges from 100 basis 

point for short-term maturities to 60 b.p. for long-term maturities, reflecting the fact that long-term yields are 

usually less volatile. In the more recent proposal (Basel II, 2001), the duration is computed on a 5 per cent par 

bond and the volatility is assumed fixed at 200 b.p. for all maturities.   
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hypothetical interest rate (IR) scenarios on the present value of these cash flows in a baseline 

scenario. Since the shocks are predetermined, no assumption is made on the type of process 

driving the IR risk factor.  

Our methodology represents an evolution of the standardized approach proposed by 

the Basel Committee, from which it departs in three respects: 1) first and most importantly, 

instead of a single scenario we generate a large number of random scenarios in order to 

derive the banks’ profit and loss distributions; 2) we use new duration parameters derived 

from the interest rate levels prevailing at the time of risk evaluation; 3) we introduce a 

second order term (convexity) in the approximation function to take into account non-

linearity in the relation between interest rate changes and position value changes.   

We find that the results from our methodology are consistent with those from Basel II 

when the duration parameters proposed by the regulation are changed to reflect market 

conditions. The average risk index for the 18 large Italian banks in the sample, on a one-year 

risk horizon, is 8.9 per cent of supervisory capital against 8.3 per cent of Basel II with 

adjusted duration parameters.  

Back-testing analysis shows that the parametric approach is well-suited to capture 

volatility when interest rates are decreasing, but it has some limitations when large positive 

interest rate changes come into play. The non-parametric approach performs better for banks 

that are exposed to an increase in interest rates. 

To our knowledge this is the first paper that evaluates the Basel regulatory approach 

for the estimation of the interest rate risk on banks’ banking book positions and that applies 

in a risk management framework a non-parametric estimation procedure to account for the 

non-normality of the interest rate risk factors. While in the context of credit risk models there 

is an extensive literature on VaR measures based on the hypothesis of non-normality, we 

have not been able to find an application of non-normal VaR measures to interest rate risk 

exposure.  

The paper is organized as follows. Section 2 describes the scenario simulation 

procedure applying PCA. Section 3 provides some evidence on interest rate term structure in 

the euro area and gives some descriptive statistics of the financial time series used in the 

analysis. In Section 4 the methodology is applied to a sample of Italian banks, and in Section 

5 the performance of different VaR measures is compared through a back-testing analyses. 

In Section 6, the methodology is extended to a one-year holding period and the risk measure 

is compared with the regulatory measure proposed by Basel II. In Section 7 we show that 

scenario simulation based on Principal Component Analysis can be applied to stress testing 

analysis. The last section summarizes the main results. 
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2. Scenario simulation of interest rate changes applying PCA 

The main obstacle to estimating the VaR of a portfolio by using Monte Carlo 

simulation is the computational burden of portfolio revaluation due to the high number of 

risk factors and the large number of positions, which need to be fully revalued under many 

different scenarios. 

Principal Component Analysis is a widely used technique in portfolio risk 

management that allows to reduce the number of risk factors driving portfolio value changes 

and therefore the computational burden of portfolio re-evaluation. This technique is 

especially useful in Monte Carlo simulation, which requires fully re-valuing the portfolio 

under many different scenarios (Press et al., 1996).  

The first to apply Principal Component Analysis to fixed income portfolios were 

Jamshidian and Zhu (1997) in order to derive a discrete approximation of the portfolio value 

distribution, while Loretan (1997) and Frye (1997) apply Principal Component Analysis in 

the context of a Var methodology. In particular, they compute the VaR of a fixed income 

portfolio by defining principal component based scenarios, where they specify separate 

“shocks” in each of the directions represented by the PCs and “combined” shocks as linear 

combinations of the PCs. They use a small set of large prefixed shocks, such as 2.33 times 

the PCA standard deviation for a ninety-ninth percentile VaR. 

When PCA is applied to the term structure of interest rates, a fairly standard result is 

that three principal components explain a large part of the total variation of the entire yield 

curve. Moreover, the three-factor structure is consistent across different time periods. 

Generally, the first PC is interpreted as a “shift” of the yield curve, the second as a “tilt” or 

“rotation” of the yield curve (change in the steepness) and the third as a “twist” or change in 

the curvature.  

The principal component decomposition can be used to formulate various types of 

scenarios, along each PC’s direction or through a combination of them (such as an upward 

parallel shift combined with a flattening of the curve).  

Once PCA has been performed, the new risk factors can be “simulated” in order to 

produce different possible scenarios. Since each PC is a linear combination of the original 

variables, it is possible to pick tail-event quantiles of their simulated distribution and 
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generate corresponding tail events of the original risk factors. Several methods can be used 

in the simulation process: the most commonly used are historical and Monte Carlo 

simulation. 

In historical simulation, the empirical distribution of the risk factors in the past is 

assumed to be constant and therefore representative of outcomes in the future. It is a non-

parametric method that does not depend on any assumption about the probability distribution 

of the underlying risk factor. However, there is no consensus on the length of the simulation 

period: in the case of a short period of time the results will be very sensitive to outcomes 

(possibly accidental) of the recent past; a long period may include information that is no 

longer relevant to the current situation. Moreover, since historical scenarios include only 

events that have actually occurred, they may not be representative of all events that could 

happen in the future.  

The Monte Carlo simulation is more flexible than other approaches as the distribution 

of risk factors shows the full range of all possible realizations and their probabilities. 

Historical data, while not used to produce scenarios directly, are still needed for calibration. 

The simulation consists of two steps: a large number of random samples is taken from the 

assumed risk factor distribution and then portfolio value change is computed for each 

sample. The Monte Carlo simulation based on Principal Component Analysis is performed 

by drawing independent random shocks from the distribution of the three PCs underlying the 

movements of the yield curve, and then inverting the PCA representation to reproduce the 

correlation structure of the interest rate changes along the various points of the yield curve 

(see Appendix 1).   

Usually, scenarios based on PCs are simulated by assuming that the statistical 

distributions of risk factors are standard normal. Kreinen et al. (1998) perform a Monte Carlo 

simulation of the movements along the yield curve by using the PCA results to obtain 

correlated changes and assuming that the principal components follow a normal distribution. 

This hypothesis, which allows computational tractability, is far from realistic: empirical 

returns across different markets show higher peaks and heavier tails than would be predicted 

by a normal distribution, especially over short horizons. Various studies on market risk 

factors consistently find higher skewness and heavier tails than implied by the normal 

distribution. 
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As in Kreinen et al, we apply Principal Component Analysis to Monte Carlo 

simulation but we modify their approach to take into account the non-normality of historical 

observations. 

Generally, there are two different approaches in the literature to modelling the non-

normality of financial time series. One approach is to use a stochastic volatility model, where 

conditional return distributions are normal but their variance changes over time. The other 

approach, used in this paper, is to model directly the unconditional distribution by using a 

non-normal density function. Various possible distributions have been proposed in the 

literature, which, since they have fatter tails, allow for larger movements in the extremes of 

the distribution (for example Student’s t distribution, the generalized lambda distribution or 

the normal mixture approach).  

The main contribution of our work is a new method of modelling interest rate 

changes when the underlying risk factors are skewed and heavy-tailed. Since the PCs retain 

the statistical properties of the original risk factors, it is possible to account for the non-

normality observed in interest rates by an appropriate choice of the principal component 

distribution functions. In particular, we perform a non-parametric estimation of the PC 

distribution functions.  

We derive the probability densities of the PCs by using a “local smoothing” 

technique that assumes that the value of the density at each point is mostly influenced by the 

observations close to that point.
4
 In particular, given the empirical distribution of the 

principal components, we apply a Gaussian kernel estimator with optimal bandwith
5
 

λ= 2.0−Nσ . The PC distribution functions are then derived by simply integrating each kernel 

density.  

In Monte Carlo simulation the cumulative distributions need to be inverted in order to 

calculate the percentiles corresponding to random sets of probabilities. To this end, an 

analytical expression for the cumulative distributions is derived by fitting each time series of 

probabilities with an appropriate quasi-likelihood method for fractional logit models, 

                                                 
4 Technical references to non- parametric density estimation can be found in Silverman (1986).   

5 In all kernel estimators, the bandwidth is a crucial parameter determining the size of the region (around the 

point of interest) that is used to perform the smoothing operation. For that reason we also check the robustness 

of results by using different estimators and different time bandwidths. 
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typically used when the dependent variable takes any real value between zero and one 

(Appendix 2).  

The method of scenario simulation using PCA can be summarized as follow: 

1) Find the principal component decomposition of the yield curve and analyze the 

statistical properties of the new risk factors (PCs). 

2) Given the skewness and kurtosis of PC empirical distributions, derive the kernel 

densities and obtain the corresponding non-parametric probability functions by 

integration. 

3) Find an analytical expression for each  PCs’ distribution function by fitting each 

time series of  PCs’ cumulative densities with a fractional logit model. Given the 

estimated coefficients of the model in terms of log-odds ratios, invert the logit 

transformation of each PCs’ cumulative function (which is linear) to derive the 

percentile values
 
corresponding to random levels of probability, as drawn  from 

the uniform distribution
6
.  

4) Once random shocks are generated from each PC non-parametric distribution, 

apply the PC decomposition of the interest rate term structure in order to 

reproduce the correlation structure of the original risk factors.  

3. The term structure of interest rates: some evidence for the euro area 

In our exercise on Italian banks’ balance sheets the simulation procedure of the 

interest rate term structure movements is calibrated over the period from January 4, 1999 to 

September 30, 2003. The data consists of 1,173 daily observations of government bond par 

yields in the euro area at tenors of 3 and 6 months and 1, 2, 3, 4, 5, 7, 10, 15, 20, 25 and 30 

years.  

Table 1 gives a summary description of the yield curve in the EMU from the 

establishment of the euro. Some of the statistical properties observed for the interest rate 

term structure in the euro area are in line with the stylized facts known for other markets, in 
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particular the US market.
7
 The dynamic observed for interest rates indicates that interest 

rates are persistent in that they spend long, consecutive periods above and below the estimate 

of the unconditional (or long run) mean and that this behaviour is similar across different 

maturities (Figures 1a, 1b and 1c show the daily interest rates and their volatility
8
 for the 

short (3 months), the intermediate (5 years) and the long-term (15 years) maturity). The 

Dickey-Fuller unit root test confirms the presence of a stochastic trend in the data. Because 

of this non-stationarity, in analyzing yield curve movements it is necessary to refer to 

interest rate changes
9
. 

Table 2a reports a number of summary statistics for daily interest rate changes, 

including the Dickey-Fuller unit root test, the ARCH LM test for autoregressive conditional 

heteroschedasticity and the Shapiro-Wilk test for normality. According to the DF test the 

daily interest rate changes are stationary. The average volatility of term structure is 

approximately constant up to one year and then decreasing as maturity becomes longer. The 

evolution of volatility over time does not show volatility clustering and GARCH effects.
10
 

The Shapiro-Wilks test fails to accept the null hypothesis of a normal distribution for each 

rate on the maturity spectrum. The non-normality of data can be related to the asymmetric 

volatility pattern of interest rate changes, as emerges from a comparison of the volatility of 

positive and negative changes for several maturities (Figures 2a, 2b and 2c). The charts show 

that since December 2001 the volatility of positive changes has been larger than the volatility 

                                                                                                                                                       
6 Given the estimated coefficients of the model in term of log-odds ratio: ln(P/1-P)= a+bX , it is possible to 
calculate the percentile X corresponding to a fixed value of P by simply inverting the function : X= [ln(P/1-P) 
–a] /b. 

7 The fact that the yield curve follows specific patterns is also used to find specific functional forms matching 

the  curve: for a recent work on the euro yield curve see Brousseau (2002). 

8
 Volatility is measured as the standard deviation of daily rate changes within the month (monthly moving 

average).  

9 (Weak) stationarity implies that the first two moments of the distribution are finite and constant, and that the 

auto-covariance (at various lags) depends only on the lag and is independent of time. If time series are non-

stationary, standard test diagnostics are usually biased and one can obtain spurious results. Most financial time 

series generate prices or yield data that are non-stationary because of a stochastic rather than a deterministic 

trend; stationarity may be  achieved by first differencing the series. In the Dickey Fuller test, the null 

hypothesis is non-stationarity and the alternative hypothesis is stationarity. For a result on stationarity of 

interest rate changes, see also Niffiker et al. (2000) and Lardic et al. (2001). 

10 In a GARCH model, interest rate changes are assumed to be generated by a stochastic process with time-

varying volatility: the conditional distributions change over time in an autocorrelated way. The ARCH LM test 

for autoregressive conditional heteroschedasticity shows insignificant autocorrelation (see Table  2). This could 
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of negative changes, probably reflecting an asymmetric behaviour of interest rate changes 

when interest rate levels are low and close to their minimum boundary.  

Another aspect worth noting is that there is a strong correlation between daily interest 

rate changes at different maturities, which confirms that movements of term structure are 

determined by a limited number of common factors. Since correlation is not equal to one, 

however, yield curve movements should be determined by more than one factor.  

During the period from January 1999 to September 2003, Principal Component 

Analysis revealed that three components were sufficient to explain 95 per cent of total 

variation (Table 3). Table 4 shows the factor loadings
11
 of the first three principal 

components. The first principal component is highly and positively correlated with all rate 

changes and can be interpreted as a shift of the yield curve, which means that all interest 

rates move in the same direction and by the same amount. In our analysis, 69 per cent of the 

total variation in the yield curve over the sample period can be attributed to parallel shifts. 

The second component represents the tilt of the yield curve: the factor loadings are 

monotonically decreasing from 0.82 on the three-month rate to -0.38 on the long rate. Thus, 

an upward movement in the second principal component induces a change in the slope of the 

yield curve: short maturities move up and long maturities move down. In our analysis, 21 per 

cent of the total variation can be attributed to a tilt of the yield curve. The factor loadings on 

the third component are positive for very short rates, but decreasing and becoming negative 

for the medium-term rates, and then increasing and becoming positive again for the longer 

maturities. Therefore, the third component induces the convexity of the yield curve and it 

represents a “twist” component that causes 5 per cent of the total variation (see Figure 3). As 

regards the impact on various points of the yield curve, the maturities ranging from 2 to 15 

years are more correlated with the first shift factor, whereas short maturities are significantly 

affected by the second tilt factor. The third factor has a significant impact on the short-term 

and on the long-term segment.  

We replicate the Principal Component Analysis on different sets of daily 

observations and we obtain that the three-factor specification is consistent across different 

                                                                                                                                                       
also be due to an asymmetric behaviour of positive and negative interest rate changes (see infra). The presence 

of asymmetric Garch effects is beyond the scope of this research and has not been explored here. 

11Factor loadings measure the correlation of all 13 points on the yield curve with respect to each PC.   
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time periods. These findings are fairly standard and consistent with several empirical studies 

for the US and the EU interest rate markets. Since the work of Litterman and Sheinkman 

(1991) for the US, various empirical studies have shown that around 99 per cent of the 

variation in yield changes is explained by three common factors, and that the first factor 

alone explains around 90 per cent of the variation. This result has been confirmed for other 

markets as well (Alexander, 2000 and 2001; for Italian interest rates before the euro, see 

D’Ecclesia and Zenios, 1994).12 

In Table 5 we present some statistics of the distribution of the principal components, 

which show that they are skewed and heavy-tailed.13 If we compare each principal 

component relative frequency distribution with a normal density of the same mean and 

standard deviation, we see that the first distribution is slightly leptokurtic with an extra 

weight in the right-hand tail of the distribution (positive skewness), the second and the third 

PC have higher peaks (that is, more weight around the mean) as well as more weight in the 

tails with a negative skewness (Figure 4a). For these two distributions, the mid-range values 

on either side of the mean have less weight than the normal distribution; this means that the 

rotation and the twist of the yield curve are likely to be very small or very large, but are less 

likely to take values between these two extremes. Figure 4b shows the PC cumulative 

distribution functions.  

4. The principal component Value-At-Risk: some evidence for Italian banks 

Our research assesses the interest rate risk exposure of a sample of Italian banks. We 

choose the 18 largest Italian banks in terms of total assets, as they represent a large fraction 

of the Italian banking system in terms of total assets and at the same time their balance sheet 

composition is varied enough to reflect various possible situations in terms of their exposure 

to interest rate risk.  

                                                 
12 Prevailing interest rate models interpret these findings in the sense that any relationship between the level of 

interest rates and their expected changes and volatilities is dominated by one factor (one-factor models). The 

same finding justifies in some way the use of hedging methods that rely on the assumption of parallel risk 

movements. This single underlying random factor is usually identified with the instantaneous or short rate of 

interest, which is interpreted as the change in the stance of monetary policy. For a recent review of interest rate 

models, see Rebonato (2003). 

13 Positive excess kurtosis indicates that the probability of extreme movements is higher than implied by the 

normal distribution.  
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The interest rate risk assessment refers to individual banks’ balance sheet positions 

and covers both the banking and the trading book. Only euro positions are considered, 

representing around 90 per cent of total assets.  

The first 13 banks in the sample have positive duration gaps (asset sensitive banks), 

while the remaining 5 banks show negative duration gaps (liabilitie sensitive banks). Asset 

sensitive banks tend to finance medium and long-term assets with short-term liabilities, 

being exposed to interest rate risk when interest rates go up.
14
 Conversely, the liability 

sensitive banks tend to go “short” up to 5 years, with relatively small “long” positions in the 

highest maturities, being exposed to decreasing interest rates. With respect to portfolio 

composition, no systematic differences emerge between the two categories of banks. 

As in the Basel Committee’s standardized approach, banks’ on and off-balance sheet 

positions are distributed along 13 different buckets according to their remaining time to 

maturity, or residual time to re-appreciation. The net positions in each bucket are then 

weighted to reflect their sensitivity to interest rate changes.  

In order to obtain an interest rate risk measure that is more responsive to the 

evolution of market conditions, we derive the sensitivity parameter, i.e the modified 

duration, from the interest rate levels prevailing on the market at the time of risk evaluation. 

Moreover, a second order sensitivity factor, convexity, is introduced to take into account the 

non-linearity of the relation between interest rate changes and position value changes.  

Formally, net position value changes are approximated by the (non-linear) delta-

gamma approximation function, which takes into account the first and second order 

sensitivity factors to interest rate movements:  

2

2

1
* rCrD

P
dP ∆+∆−=    

where D* is the modified duration, C is the convexity of the net positions in each maturity 

bucket and ∆r represents the simulated change in interest rates. Duration and convexity are 

                                                 
14Generally speaking, banks performing the traditional activity of maturity transformation between 

(short term) deposit liabilities and (long term) loans tend to be asset sensitive and exposed to an increase in 

interest rates.  
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calculated on the basis of euro par yields prevailing on the market at the end of September 

2003 (Table 6).
 15
  

 The interest rate shock for each maturity bucket is derived from the scenarios 

simulation procedure based on the PC representation of the yield curve. Scenarios are 

generated by calibrating the simulation procedure on the historical observations of the 

interest rate changes
 
from January 1999 to September 2003 at the 13 different maturities: 3 

and 6 months and 1, 2, 3, 4, 5, 7, 10, 15, 20, 25 and 30 years, respectively. 

 The total net position value changes for each bank are computed over a large number 

of scenarios (around 30,000) through the delta-gamma approximation function. The daily 

VaR is then obtained by choosing the 1
st
 percentile of the profit and loss distribution.

16
 

The one-day VaR is evaluated according to two different approaches: the parametric 

approach, based on the normal distribution of the underlying risk factors, and the non-

parametric approach, which takes into account the skewness and fat tails observed for both 

interest rate changes and principal components. The estimates are then compared with the 

forecast obtained by historical simulation, which is based on the empirical distribution of the 

interest rate changes,  assumed to be constant and representative for the coming day.  

Table 7 lists the results for the historical VaR and the principal component VaR 

(parametric and non- parametric). Panel 7.1 shows the results for the 13 banks with positive 

duration gaps (asset sensitive banks); panel 7.2 shows the results for the remaining 5 banks 

with negative duration gaps (liabilitie sensitive banks).   

The historical VaR is computed using the last 250 and 500 historical one-day 

investment results, respectively. The historical VaR estimate is lower when calculated over a 

shorter time period. This result is probably due to the gradual decrease of European interest 

rate volatility in the last two years.
17
  

 As regards principal component VaR, two important findings are worth noting.  For 

banks exposed to an interest rate increase, losses from historical simulation tend to exceed 

                                                 
15 They are the duration and the convexity of a representative par bond maturing in the mid point of 

each bucket. 

16 Profit and losses for a given day are computed under the assumption that the balance sheet positions 

are unchanged and that any gain or loss is due to the (simulated / observed) movement of the term structure. 
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both PC VaR measures, especially the one computed under the normal distribution 

hypothesis (Table 7, panel 7.1). On the contrary, the PCA VaR measures, under hypotheses 

of both normality and non-normality, are systematically higher than the historical simulation 

VaR for those banks that are exposed to negative interest rate changes (see Table 7, panel 

7.2). These results show that - given the higher volatility of positive interest rate changes - 

the principal component VaR measures may underestimate risk when rates are increasing. 

This is especially true for the normal PC VaR, probably because of the limits of the 

parametric approach in modelling interest rate changes when their distribution is skewed and 

heavy-tailed. On the other hand, the historical simulation VaR probably reflects the higher 

interest rate changes prevailing in the past and it could be argued that the risk measure 

computed by this method represents an over-conservative risk estimate, requiring an amount 

of capital for interest rate risk that is too high given current volatility conditions.  

5. Validation and back-testing of principal component VaR 

 A shortcoming of the VaR methodology as a risk management tool is that it conveys 

nothing about the size of violations when they occur (e.g. Basak and Shapiro, 2001 and 

Berkowitz  and O’Brian, 2002). In other words, the VaR measure reflects only the 

probability that a certain threshold is overcome, but is not informative on the amount of the 

losses exceeding the threshold. It is therefore of interest to examine the empirical evidence 

on the magnitude of excesses.  

 A usual procedure to evaluate the accuracy of  VaR models (based on scenario 

simulation) is “back-testing analysis”. The essence of back-testing is to compare model-

generated results with actual results: the principle is that the model is deemed to be 

acceptable if it approximates quite well subsequent historical performance.
18
 

 In this section we provide an evaluation of the accuracy of the different methods 

outlined in the previous paragraph by comparing the potential losses calculated over a 

calibration period with the actual losses observed over an out-of-sample period. The scenario 

                                                                                                                                                       
17 A similar result has been found by Vlaar (2000) on Dutch government bond portfolios. 

18 The 1996 Amendment to the Basel accord describes the form of backtests that must be undertaken by banks  

wishing to use a VaR model for the calculation of market risks. Regulators recommend using the last 250 days 

of P&L data to back-test the 1per cent 1-day VaR predicted by their  internal model. 
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simulation procedure is calibrated on historical observations for euro par yields, from 

January 1, 1999 to December 31, 2001. The calibrated simulation procedure is used to 

generate scenarios over the out-of-sample testing period from January 1, 2002 to February 5, 

2004
.
  

As a first step, to verify whether our procedure produces realistic scenarios, we 

construct an “inclusion envelope” measure by linking the forecasts for the 1
st
 and 99

th
 

percentiles of the simulated distribution of interest rate changes at each maturity, for both 

normal and non-parametric distributions  (Figures 5a and  5b ). For each key rate, the 

percentiles of the historical distribution of interest rates in the out-of-sample period are then 

compared with the inclusion envelope. The distance between the simulated worst scenarios 

and the observed percentiles gives a measure of the realism of the simulation.  

From a comparison of the actual outcomes with the simulated distributions it appears 

that the normal distribution is not able to capture the right-hand tail of the realized 

distributions, corresponding to positive interest rate changes. In this respect, the non-

parametric distribution gives a better fit of reality. Therefore, whereas simulations from 

normal distributions produce realistic scenarios when interest rates are decreasing, they lead 

to an underestimation of risk when interest rates are increasing (Figure 5a). On the contrary, 

simulations from non-parametric probability distributions produce realistic scenarios for 

positive interest rate variations (Figure 5b). 

In a second step, to evaluate the accuracy of  VaR models, the scenarios generated by 

the calibrated procedure are used to compute worst-case potential exposures for the banks’ 

balance sheets at the 99 per cent confidence level. At each point in time (daily), the 

simulated worst-case exposures result in an envelope of potential exposures, which is 

compared with the exposures realized during the historical testing period on the basis of the 

observed interest rate changes.  

The vast majority of back-testing techniques are based on hypothesis testing: when 

the null hypothesis is rejected, the VaR model does not conform with the characteristics 

required by the back-testing model and it is therefore deemed to be inaccurate. One type of 

test is based on the frequency of exceptions and compares the number of days in which the 

loss exceed the VAR measure and the relative coherence with the VAR confidence level. 
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A 1 per cent daily VaR gives the level of loss that in normal market conditions is 

expected to be exceeded one day in every 100 in normal market conditions, under the 

assumption that the positions in the portfolio are unchanged. So, if the VaR model is 

accurate, when it is tested over a period of 1000 days one would expect 10 losses exceeding 

the VaR  level.  However, if the model underestimates the interest rate risk, more than 10 

exceptional losses will be observed. The total number of exceptional losses may be regarded 

as a random variable from a binomial distribution. For a 1 per cent VaR the probability of an 

exceptional loss is p=0.01 and the number of trials is the number of days in back-testing 

analysis (in our case n=526). Then the expected number of exceptional losses is np=5.26 and 

the standard deviation of the expected value is  

√np(1-p)=2.28. Therefore, using the fact that a binomial distribution is approximately 

normal when n is large and p is small, a 90 per cent confidence interval for the number of 

exceptional losses, assuming that the VaR model is accurate, is approximately: 

(5.26-1.645*2.28, 5.26+1.645*2.28) = (1.5, 9) 

that is, one can deem the Var model to be accurate (that it does not underestimate risk) if no 

more than 9 exceptions are observed.  

To verify whether the number of exceptions observed empirically is significantly 

different from the theoretical one implied by the confidence level chosen for the VAR model 

we run the likelihood ratio test of unconditional coverage, a proportion of failure test 

(Kupiec, 1995).
19
 

In Table 8 we report for four banks in our sample:
20
 the average VaR for the different 

methods (historical simulation VaR, delta-gamma normal principal component VaR, delta-

gamma non-parametric principal component VaR); the percentage of coverage of actual 

                                                 

19 The likelihood ratio is given by: 
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hypothesis. The asymptotic value of the test is distributed as a χ2 with one degree of freedom.  An important 

aspect in back-testing is the level of statistical significance of the test: for higher levels, the test is more 

“selective” in the sense that the probability of  type II errors, of accepting as good a bad model,  is reduced. For 

risk management purposes, a level of statistical significance of 10 per cent is usually chosen.    

20 To test the accuracy of our VaR methodology we have chosen the two banks with the largest negative 

duration gaps and the two banks with the largest positive duration gaps. Very similar results are obtained for 

the other banks in the sample. 
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losses, the number of days in which the losses realized are higher than the potential losses; 

the percentage of exceptional losses. In the same table we report the value of the 

unconditional LR test, which has to be compared with the 10 per cent critical value. 

  The back-testing shows that the number of exceptional losses as well as the 

magnitude of violations are not relevant for banks with a negative duration gap: the 

percentage of coverage of the actual VaR is higher than 100 per cent (bank 14 and bank 16). 

On the contrary, for asset sensitive banks (bank 5 and bank 7) the number of exceptional 

losses is higher and their size in our sample are quite far beyond the VaR. Moreover, the 

normal approach is not adequate to forecast potential losses: the percentage of exceptional 

losses is higher than 1 per cent. This result is due to the non-normality of the PC risk factors, 

which are skewed and heavy-tailed. These features are well-captured by the non-parametric 

VaR, which shows a percentage of exceptional losses close to the expected 1 per cent: the 

LR unconditional test shows that in this case the null hypothesis of accuracy of the VAR 

model can be accepted.  

In Figures 6a-6d we display the time series of the four banks’ daily profit and loss 

from January 2001 to February 2004 (dotted line) and the corresponding one-day ahead 1
st 

percentile VaR forecast. It can be seen that the 30,000 scenarios
21
 generated from the PC 

non-parametric distributions produce potential exposures that are systematically above  the 

corresponding estimates from the normal distribution.  

The plots confirm the acceptable performance of normal VaR for banks vulnerable to 

negative interest rate changes (Figures 6c and 6d, bank 12 and bank 16). As a result, delta-

gamma VaR models based on normal distribution give an accurate description of risk for 

liability-sensitive banks (negative duration gap); vice versa, non-parametric delta-gamma 

VaR models are more effective for asset sensitive banks exposed to an increase in interest 

rates. This is the case for most banks, as well as for the majority of the banks in our sample, 

and it can be linked to the traditional intermediation activity and the maturity transformation 

of short-term liabilities in long-term assets.   

                                                 
21
 In standard Monte Carlo methods, estimates are based on around 10,000 random samplings from the 

assumed distribution. In our simulation procedure, since there are three independent risk factors for each 

portfolio, and given the one-day prediction horizon, 30,000 random samplings per day are drawn.  
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Summarizing, the non-parametric VaR measure is more able to capture the fat-

tailedness of the empirical distribution of interest rates and is therefore more apt to capture 

large interest rate movements in periods of high volatility, which - given the low level of 

rates in recent years – are observed especially with increasing interest rates. This feature has 

a cost in terms of excessive conservatism of the VAR in periods of decreasing interest rates 

and low volatility: for banks exposed to negative shocks the percentage of violations tends to 

be lower than implied by the confidence interval of the VAR measure.   

The asymmetric feature of the non-parametric VAR measure can be regarded as a 

direct consequence of the skewness of the empirical, unconditional, distribution of the 

interest rate risk factors. In the context of capital allocation, this means that there is a trade-

off between the ability to capture large movements in interest rates and the excessive amount 

of capital required in periods of low volatility.  

6. An application of principal component Value-at-Risk to a one-year holding 

period: a comparison with the Basel II proposal 

In the previous paragraph we presented empirical evidence of the performance of 

principal component VaR to predict portfolio VaR for the next day. The next exercise 

compares the PC VaR on a one-year holding period with the risk measures proposed by the 

Basel Committee on Banking Supervision. We compute the interest rate risk measure on an 

annual basis in two ways, first by extending the daily measure through the square root of 

time rule, and then by recalibrating the PC VaR simulation procedure on a one-year holding 

period.    

According to the Basel regulation, within each maturity bucket portfolio value 

changes can be computed through a linear approximation, which considers only the first 

order sensitivity to interest rate changes:
22
        

rD
P
dP ∆−= *       

                                                 
22 Duration is useful only for small changes and it does not take into account changes in the shape of 

the yield curve.  
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where D* is the modified duration of a government bond issued at par and yielding 8 per 

cent in each maturity bucket, and ∆r are the interest rate shocks computed over a 240-day 

holding period and  ranging from 100 to 60 basis points as maturity increases (Basel I). In 

the new proposal of the Basel Committee, the modified duration D* is that of a government 

bond yielding 5 per cent and the shocks are supposed to be equal to 200 basis points for all 

maturities (Basel II).
 23
    

The aim of our exercise is to evaluate to what extent the Basel Committee’s 

recommendations reflect the actual interest rate risk, given current market conditions.  

The simulation methodology discussed in this paper produces independent and 

identically distributed scenarios. Using the square root of time rule it is possible to compute 

the effective time horizon underlying the Basel Committee’s proposal with respect to the 

daily forecasts based on real markets conditions (Table 9A). If we consider the non-

parametric PC VaR, the Basel I risk measure covers on average one-month of potential 

losses while the Basel II risk estimate covers a six-month time horizon. Why does the Basel 

II risk measure correspond to a six-month time horizon if the standardized shock of 200 

basis points is calibrated on a one-year (240 working days) holding period?  This cannot be 

ascribed to the fact that the hypothesized interest rate change is not large enough. In fact, if 

we compare the Basel II scenarios with the 1
st 
and the 99

th
 percentile of observed interest rate 

changes using a one-year (240 working days) holding period, we observe that the hypothesis 

of a parallel shift of 200 basis points is quite prudential. The positive interest rate changes 

exceed the Basel Committee’s scenarios one day every 100 only for maturities ranging from 

one month up to three years (Table 10).   

 The explanation is therefore in the duration parameters. The next exercise on the 

Italian banks compares the Basel II results with those that would be achieved if the duration 

parameter was changed to reflect the conditions prevailing on the market as of September 

2003.
24
 Looking at Table 9, if one replaces the duration parameters as they result from the 

                                                 
23 For exposures in G10 currencies, Basel II proposes a standardized interest rate shock that would be based on 

an upward and downward 200 basis points parallel rate shock or on the 1st and the 99th percentile of observed 

interest rate changes using a one-year (240 working days) holding period and a minimum five years of 

observations. 

24 In the exercise the prudential scenario of 200 basis points are retained.  
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current market conditions, the interest rate risk exposure according to adjusted Basel II 

increases on average by almost 25 per cent and the time horizon associated with the one-day 

PC Var gets close to one year (210 working days). This is due to the fact that the duration is 

longer, as in September 2003 interest rates were lower (the lower the interest rate levels, the 

higher the sensitivity of balance sheet positions to interest rate changes).
25
  Moreover, if we 

order the 18 banks according to their different levels of risk exposure according to the 

different methodologies (Table 9B, where the reference ranking is the one in the first column 

of the table, corresponding to the one-year non-parametric VAR), we observe a very similar 

ranking between the PC Var models (both parametric and non-parametric) and the adjusted 

Basel II (only 3 inversions between consecutive banks). The ranking becomes significantly 

different when we compare Basel II with Basel I (see, for example, bank i).  

A further comparison with Basel II can be made by computing the PC VaR on a one-

year holding period. The PC VaR methodology can be replicated for different holding 

periods by simply calibrating the PCA representation on the appropriate time series. In 

particular, in order to evaluate the VaR on a one-year horizon, interest rate changes have to 

be computed on a one-year holding period (on a rolling basis). Then, the PCA representation 

can be applied to produce scenarios that reflect the correlation structure of the yield curve.

 In order to make an adequate comparison with the Basel regulatory risk measure, we 

compute the VaR of the 18 Italian banks on a 240-working day holding period according to 

the parametric approach (PC VaR based on normal distribution).
26
 In fact, the empirical 

probability distribution of principal components appears too irregular when evaluated on a 

one-year holding period and it cannot be well approximated by a Logit function. This can be 

due to the fact that interest rate changes are computed on one-year rolling windows, which 

are partially overlapping.   

                                                 
25 There is in fact an inverse relationship between the duration and level of interest rates: lower yield bonds 

have longer duration. At lower yields, the more distant payments made by the bond have relatively greater 

present value and account for a greater share of the total bond value. Thus, in the weighted average calculation 

of duration, the distant payment receives greater weights, which leads to a longer duration measure.  

26 During the observed period from December 1999 to September 2003, the Principal Component Analysis 

reveals that the first two components (PC) are sufficient to explain 98 per cent of the total variation. As in daily 

data, the first principal component is highly and positively correlated with all rate changes. As a result, it 

moves all interest rates in the same direction (parallel shift). The second component is positively correlated 

with short-term maturities and negatively correlated with long maturities and it can be seen as a tilt of the yield 

curve.  



  26 

Table 11 compares the results, in percentage of supervisory capital, obtained from: a) 

Basel regulation in the modified version; b) the VaR on a one-year holding period, simulated 

under the normality hypothesis; c) the Var on a one-year holding period, obtained by simply 

multiplying the daily VAR based on the non-parametric approach times the square root of 

240; d) the historical simulation
27
.  

With respect to the historical simulation measure, the PC VaR tends to be higher: the 

risk index frequently exceeds the corresponding index based on historical simulation.  This 

result is not surprising, since the historical simulation on a one year holding period is 

influenced by the gradual decrease in the volatility of European interest rates in recent years 

while the PC VaR measure is based on random shocks. 

The results from the principal component VaR models are consistent with the Basel 

II risk measure when the duration parameters are modified to reflect market conditions. The 

average risk index for the 18 banks is 8.9 per cent of supervisory capital against 8.3 per cent 

for modified Basel II. Looking at the risk index distribution, the risk index from the 

distribution simulated under the normality hypothesis is generally lower than that implied by 

Basel II for the most asset sensitive banks. This evidence confirms the limitations of the 

parametric approach based on the normal distribution to capture volatility when interest rates 

are increasing; in this case the non-parametric measure is more effective.  

7. An application of principal component based scenarios to stress testing analysis 

Scenario simulation based on Principal Component Analysis has a natural application 

to stress testing analysis. Stress testing is really a part of scenario analysis, but instead of 

considering expected changes in normal market circumstances, one looks at the portfolio 

value when risk factors assume extreme positions.  

Stress testing results depend crucially on the choice of scenarios, which should reflect 

exceptional but plausible events: if the available historical data do not adequately reflect the 

potential risks for the future, it would be useful to artificially generate extreme scenarios of 

                                                 
27 For the historical simulation, the distribution of the observed interest rate changes on 240-day rolling 

windows from December 1999 through September 2003 is assumed to be representative for the next 240 

working days. It has to be noted that the historical simulation could be biased due to the fact that the daily time 

series of overlapping  one-year changes exhibits violations of independency.  
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the main risk factors. However, standard methodologies give no idea of the probability with 

which stressed scenarios may occur; often they have no statistical foundation or justification, 

making the interpretation of results difficult.  

The simulation procedure based on PCA limits discretion in the choice of scenarios 

and gives an idea of the plausibility of the results in terms of confidence levels. In the 

inverse PC representation X=PW’, interest rate changes X are expressed as a function of the 

new risk factors P, where the weighting coefficients W (the so called “factor loading”) 

capture the correlation in the system and account for the contribution of each risk factor to 

the overall variance (see Appendix 1).  

Stress testing analysis in the context of PCA can be performed by changing the 

volatility of each principal component, and hence of each interest rate along the yield curve 

and/or the correlation structure of the data. One can choose to stress correlation by 

modifying the matrix of factor weights, while assuming constant volatility. Conversely, one 

can shock the volatility of interest rate changes while maintaining the matrix of factor 

loading fixed at historical values.  

We perform a stress testing exercise on a one-year risk horizon. The aim of the stress 

testing exercise is to evaluate what happens under different hypotheses on correlation and 

volatility. These hypotheses can be compared with those under the Basel II proposal, where 

the assumed scenario corresponds to a parallel shift of the yield curve of 200 basis points 

when there is also perfect correlation (all rates shift up or down together). 

The choice of relevant scenarios typically depends on the type of balance sheet. For 

example, if the yield curve twists anti-clockwise, with a higher rise in the long rate and a 

smaller rise in the short rate, the risk exposure of an asset sensitive bank would be greater 

than one estimated under a parallel shift
28
.  

Given the low level of interest rates in recent years, in our stress testing exercise we 

explore the magnitude of positive shocks under the stress hypotheses. In particular, we 

evaluate the impact of a 30 per cent increase in volatility. Additionally, we specify separate 

shocks in each PC direction and combined shocks of PCs (Table 12) by changing the matrix 
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of factor loading while maintaining historical volatility fixed (Figure 7). In particular, we 

compare the hypothesis in which all interest rates move together (perfect correlation) with 

the situation in which interest rate changes are different for each rate along the yield curve 

(the second factor is flattening or steepning). In all cases, the stress events are obtained by 

selecting the 99
th
 percentile of the risk factors’ simulated distributions under the different 

hypotheses
29
.  

Looking at Table 12, we see that all stress scenarios reflect some stylized facts which 

make them plausible. Specifically, the short and medium rates are characterized by higher 

volatility than long-term rates: when short rates move up, the long rates tend to increase 

more gradually.  

For banks with a positive duration gap the worst situation occurs when the correlation 

between rates becomes higher and the yield curve flattens (Table 12, last column). In that 

situation, the medium-term rates are much more volatile than the short and long rates. 

Conversely, the extreme hypothesis of an inversion of the yield curve does not seem 

plausible on the basis of observed volatility and correlation. Finally, in any scenario interest 

rate changes for the longer maturities are never greater than the 200 basis point of the Basel 

Committee proposal; in this regard, the hypothesis of a 200 basis points  parallel rate shock 

seems to be quite prudential. 

8. Conclusions 

This paper develops a Value-at-Risk methodology for measuring interest rate risk on 

both banking and trading book items of banks’ balance sheets that is responsive to market 

conditions in terms of interest rate levels and volatility. By using 5 years of daily data, the 

risk is evaluated through a VaR measure based on a principal component Monte Carlo 

simulation of interest rate changes. The bank profit and loss distributions are then derived 

from the simulated risk factor distributions through the delta-gamma approximation 

                                                                                                                                                       
28 In this sense, the Basel Committee shock of a parallel shift of 200 basis points may be too simplifying. 

Scenarios with a higher rise in the long rates and a smaller rise (or even a drop) in the short rates can be 

plausible in short holding periods (one-day or ten-day).  

29 It has to be noted that the probability of worst case scenario at each maturity is 1 per cent but the probability 

of having the exact combination of them is lower. 
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function, in which we compute the duration parameter according to the interest rate level 

observed in the market at the time of the risk evaluation and introduce convexity to take into 

account the non-linearity of the relation. The interest rate risk measure is obtained by 

selecting the first percentile of the profit and loss distribution.  

The VaR is computed according to two different approaches: the parametric 

approach, based on the normal distribution of the principal component underlying risk 

factors, and the non-parametric approach, which represents the main novelty of this paper. 

The PC VaR model is applied to the balance sheet maturity structure of  the 18 

largest Italian banks in terms of total assets, first on a daily basis and then on a one-year 

holding period (240 working days). The results are consistent with Basel II when the 

duration parameters proposed by the regulation are changed to reflect market conditions. The 

average risk index for the 18 largest Italian banks on a one-year risk horizon is 8.9 per cent 

of supervisory capital against 8.3 per cent for the “modified” Basel II proposal.  

Back-testing analysis shows that the parametric approach entails some limitations in 

capturing volatility when interest rates are increasing. Especially from December 2001, 

positive interest rates changes in the euro area have shown a higher volatility than negative 

changes, probably owing to the low levels of interest rates, which are close to their minimum 

boundary. In the presence of such an asymmetric pattern of volatility, the non-parametric 

approach performs better for banks that are exposed to an increase in interest rates.  

The simulation procedure based on the principal components can be used for stress 

testing analysis.  It limits the discretion in the choice of stress scenarios and gives an idea of 

plausibility of results in terms of confidence levels. We evaluate the impact of a 30 per cent 

increase in volatility of all rates in the yield curve; alternatively, we specify separate and 

combined shocks of PC direction by changing the matrix of factor loading while maintaining 

historical volatility fixed. The stress events are obtained by selecting the appropriate 

percentiles of the risk factors’ simulated distributions under the different hypotheses. We 

find out that for banks with positive duration gaps the worst situation occurs when the 

correlation between rates becomes higher and the yield curve flattens; conversely, the 

extreme hypothesis of an inversion of the yield curve does not seem plausible on the basis of 

observed volatility and correlation.  
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Appendix  

1.1. Monte Carlo  Simulation of Interest rate changes applying PCA. 

Principal Component Analysis is a statistical technique that is used to determine 

whether the observed correlation between a given set of variables can be explained by a 

smaller number of unobserved and unrelated common factors (Press at all. 1996). It is 

employed to reduce data dimension to a tractable  threshold, without committing to any 

particular strong hypothesis on the data generating process. In the simulation process, the 

reduction in the number of factors increases computational efficiency.  

The original number of variables is compressed into a small set of underlying factors 

through appropriate transformations of the original data.30 Formally, given the  X  matrix of 

the standardized interest rate changes,31 the PCs are orthogonal linear combinations of the 

original risk factors:                

P=XA 

where A is the orthogonal matrix of eigenvectors of the variance and covariance matrix of  X 

and P is the matrix of factor scores (the results of the linear combinations). The principal 

components are orthogonal, and therefore addictive and statistically independent.
32
  

A Monte Carlo simulation
33
 based on Principal Component Analysis is performed by 

drawing independent random shocks from each PC distribution, and then inverting the PCA 

                                                 
30 

The number of relevant PCs (risk factors) is determined by the correlation structure of the data: if the data 

are all highly correlated, a few principal components are sufficient to explain most of the variation in the data . 

31 Prior to applying PCA to the financial series, it is important to determine whether PCA is in fact a 

meaningful procedure given the distributional properties of the data. In particular, one needs to check non-

stationarity of the data, which would imply the existence of a stochastic trend. Various studies have found that 

levels of interest rates are non stationary whereas first differencing achieves stationarity (Niffiker at al, 2000; 

Lardic et al., 2001). Lardic et al. (2001) have also shown that the original variables should be centered and 

variance-reduced, which amounts to using the correlation matrix of the changes. Moreover,  the use of daily 

data leads to more accurate results. 

32 For risk management purposes, additivity is important because it allows evaluation of the impact of say one 

unit of added parallel shift risk to an existing position. Statistical independence is important because it allows 

the factors to be managed separately, say to hedge a parallel shift without having to think about its effect on the 

other factors (Niffiker, 2000). 
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representation of the observed term structure in order to reproduce the correlation structure 

of the original risk factors: 

   X=PW’  

The original risk factors X are then expressed as a linear combination of the principal 

component P  where  the coefficients W’, known as  factor loading, give the sensitivity of 

interest rate changes along the yield curve with respect to each PC. The restatement of 

market movements provided by the factor loading is similar in spirit to a linear regression 

where the principal components play the role of explanatory variables and the factor loading 

plays the role of regression coefficient. Thus, factor loading restates each day’s yield curve 

movement as a combination of the movements of principal components. 

Since the vectors of factor loading can be expressed as the eigenvectors times the 

square root of  corresponding eigenvalues, the shock vector U can be written as follows:  

U = A’ √Λ η = η1√λ1A1 + η2√λ2A2 +…. ηk√λkAk 

where A is the matrix of the orthogonal eigenvectors of the original variance–covariance 

matrix of X, Λ is the diagonal matrix of the corresponding eigenvalues, and η=( η1, η2, …. 

ηn) are the vectors of independent shocks. Thus, the vector U represents the simulated 

scenarios where the vector Aj gives the direction of the j-th principal component (risk factor) 

and √λj gives its contribution to the whole variance.
34  

Usually, scenarios based on PCs are simulated through vectors of standard normal 

shocks ηj  ~ N ( 0, Ik). The co-dependent structure is then derived from the PC decomposition 

of the original variance–covariance matrix, so the normal random vector u has the same 

covariance matrix as the original data. 

                                                                                                                                                       
33 The Standard Monte Carlo techniques can be performed as follows: a) determine the covariance matrix 

among the different instruments in the portfolio based on historical data. The original covariance matrix among 

securities can be substituted by the covariance matrix among risk factors, contemporaneously evaluating the 

sensitivities of the various instruments to the specific risk factors; b) generate a series of independent random 

numbers for each of the risk factors. The distribution of the independent shocks should reflect the distribution 

of original risk factors. Monte Carlo Var standards are based on around 10,000 random sampling from the 

assumed distribution; c) transform the independent random numbers into random numbers with the covariance 

structure of the original data by using the Cholesky decomposition; d) revalue the portfolio for each of the 

simulated scenarios and evaluate the distribution of portfolio returns. The  results are subsequently ranked and 

the Var figure is read off at the required percentile.  

34Statistically, √λj  is  the standard deviation of j-th principal component. So, all risk factors (PCs) influence the 

simulated scenarios according to their contribution to the total variance. 
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1.2. A non-parametric distribution function when risk factors are skewed 

and heavy-tailed. 

To obtain estimates of PC probability density we use the “local smoothing” technique 

according to which the value of density at each point is influenced mostly by the number of 

observations close to that point, whereas it is little affected by the data far away from that 

point. Among the local smoothing estimators, known as “kernel estimators”, we have chosen 

the Gaussian kernel with a scalar bandwith  given by 2.0−Nσ 35
, where σ  is the standard 

deviation of observations. The PC cumulative distribution functions are derived from the 

non-parametric densities by a simple operation of integration. The probability functions are 

then fitted by an appropriate quasi-likelihood method for fractional logit models, 

characterized by continuous dependent variables taking a real value between zero and one. 

Formally, given an independent sequence of observations ( ){ }Niyx ii ,....2,1:, = , where 

10 ≤≤ iy  and N is the sample size, the assumption is that, for all i,  

( ) )(| βiii xGxyE =  (A.1) 

where ( )⋅G  is the Logit distribution function. Under (A.1), β  can be consistently estimated 

by maximizing the Bernoulli log-likelihood function (see L. Papke and J. Wooldrige, 

1996):
36
 

    ( ) ( )[ ] ( ) ( )[ ]bxGybxGybl iiiii −−+= 1log1log     (A.2) 

Because (A.2) is a member of the linear exponential family, the quasi-maximum likelihood 

estimator  (QMLE) of β obtained from maximization problem  

     )(max bl
N

i i
b
∑  

is consistent and N -asymptotically normal regardless of the distribution of iy  conditional 

on ix .  

                                                 
35 In all kernel estimators, the bandwith is a crucial parameter determining the size of the region (around the 

point of interest) which is used to perform the smoothing operation.  

36 Generally, for fractional response variables the method of estimation consists in maximizing the quasi log-

likelihood function of a binomial model with a logit link function. 
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Generally, in statistics and econometrics packages, the coefficients b and the 

corresponding standard errors and confidence intervals can be expressed in exponential 

form. For binomial models with logit link function, exponentiation results in odds ratios:
37
 

( )[ ]( ) βxxyyE =− |1/log      (A.3) 

where ( )[ ]yy −1/log  can take on any real value as y varies between 0 and 1.  

                                                 
37A logit function  y = exp(a+bX)/ 1+exp(a+bX) can be made linear by transforming  the dependent variable  y 
into the log-odds ratio ln(y / 1-y).   
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Table 1. Euro area par yield curve - Descriptive statistics (4.1.99-30.9.2003)
Levels (Percentage points)

3 months 6  months 1 year 2  years 3 years 4 years 5 years 7 years 10 years 15 years 20 years 25 years 30 years

Mean 3.510 3.530 3.520 3.760 3.960 4.140 4.300 4.550 4.810 5.070 5.220 5.330 5.400

St. Dev. 0.847 0.872 0.888 0.859 0.797 0.736 0.682 0.599 0.519 0.443 0.402 0.379 0.365

Min 2.120 2.013 1.811 1.907 2.150 2.422 2.679 3.098 3.540 3.984 4.244 4.415 4.532

Max 5.130 5.207 5.204 5.350 5.358 5.358 5.410 5.495 5.725 5.976 6.127 6.224 6.288

Dickey-Fuller Unit 

root test* 0.764 0.712 -0.006 -0.407 -0.717 -0.942 -1.127 -1.440 -1.761 -2.011 -2.106 -2.151 -2.177

*5% critical value is equal to -2.86

Table 2A. Euro area par yield curve - Descriptive statistics (4.1.99-30.9.2003)
Daily interest rate changes (Percentage points)

3 months 6  months 1 year 2  years 3 years 4 years 5 years 7 years 10 years 15 years 20 years 25 years 30 years

Mean -0.001 -0.001 -0.001 -0.001 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Std. Dev. 0.025 0.027 0.042 0.049 0.051 0.051 0.050 0.048 0.046 0.044 0.043 0.042 0.042

Min -0.335 -0.251 -0.215 -0.203 -0.165 -0.166 -0.174 -0.182 -0.181 -0.169 -0.159 -0.176 -0.189

Max 0.203 0.206 0.227 0.219 0.209 0.094 0.206 0.187 0.175 0.170 0.175 0.178 0.180

Skewness -2.210 -0.620 0.301 0.450 0.475 0.408 0.391 0.355 0.309 0.292 0.281 0.263 0.244

Kurtosis 47.279 16.143 2.795 1.648 1.246 1.018 1.010 1.026 1.010 0.922 0.870 0.888 0.929

Shapiro-Wilk 

Normality test 
13.658 11.560 7.612 6.815 6.548 5.991 5.916 5.870 5.599 5.259 5.055 4.924 4.903

(Pvalue) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

ARCH 0.006 0.014 0.068 0.052 0.000 0.094 0.161 0.186 0.158 0.105 0.012 0.064 0.467

(P value) 0.940 0.906 0.795 0.819 0.984 0.759 0.689 0.667 0.691 0.746 0.914 0.801 0.495
Dickey-Fuller Unit 

root test* -28.110 -29.150 -35.520 -33.170 -33.680 -33.510 -33.640 -34.130 -34.210 -34.270 -34.190 -34.060 -33.930
 

 

 

 

 

 

 

 

 

 

 

 

 

 



  36 

Factors Eigenvalue Difference Proportion Cumulative

1 15.18 10.60 0.69 69.0%

2 4.58 3.51 0.21 89.8%

3 1.07 0.66 0.05 94.7%

Table 4. Principal Component Analysis on daily basis (*): factor loadings.

Maturity PC1 PC2 PC3

3 months 0.45 0.82 0.18

6 months 0.72 0.64 -0.15

1 year 0.84 0.28 -0.29

2 years 0.93 0.11 -0.29

3 years 0.95 0.01 -0.23

4 years 0.96 -0.06 -0.17

5 years 0.97 -0.12 -0.11

7 years 0.97 -0.20 -0.02

10 years 0.95 -0.28 0.09

15 years 0.92 -0.34 0.19

20 years 0.89 -0.37 0.25

25 years 0.86 -0.38 0.29

30 years 0.83 -0.38 0.30

Table. 5. Principal component descriptive statistics.

PCA1 PCA2 PCA3

Mean 0.000 0.000 0.000

Std. 3.896 2.140 1.035

Min -13.132 -27.274 -6.933

Max 15.172 15.722 6.889

Skewness 0.382 -2.384 -0.407

Kurtosis 4.140 36.930 10.346

Shapiro-Wilk 

Normality test 
6.11 12.62 9.71

(Pvalue) 0.000 0.000 0.000

ARCHLM 0.594 0.004 0.011

(Pvalue) 0.440 0.951 0.915

Dickey-Fuller 

Unit root test*
-33.72 -27.18 -32.88

*5% critical value is equal to -2.86

Table 3. Principal Component Analysis on daily basis (*): proportion of variance explained by the 

first three PCs.

(*)The PCA is applied to the interest rate term structure over the period from January 4, 1999 to 

September 30, 2003. The data consist of 1,173 daily observations of money markets rate and 

government bond par yields in the euro area at tenors of 3 and 6 months and 1, 2, 3, 4, 5, 7, 10, 15, 20, 

25 and 30 years. 

(*)The PCA is applied to the interest rate term structure over the period from 

January 4, 1999 to September 30, 2003. The data consist of 1,173 daily 

observations of money markets rate and government bond par yields in the euro 

area at tenors of 3 and 6 months and 1, 2, 3, 4, 5, 7, 10, 15, 20, 25 and 30 years. 
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Table 6. Duration and convexity (*)

Duration Covexity 

3 months 2.13 0.25 0.00

6 months 2.07 0.49 0.51

1 year 2.03 0.99 1.52

2 years 2.33 1.94 5.00

3 years 2.67 2.86 10.32

4 years 2.98 3.74 17.31

5 years 3.24 4.58 25.81

7 years 3.64 6.13 46.64

10 years 4.05 8.16 85.20

15 years 4.44 10.86 160.92

20 years 4.67 12.91 241.60

25 years 4.82 14.44 320.37

Sensitivity factors

Maturity

Par yield at the 

end of 

September 

2003

(*) Duration and the convexity parameters of a representative bond issued at par 

maturing in the mid-point of each time-bucket and yielding the interest rates 

prevailing in the EU market at the end of September 2003.
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Table 7. Banks' losses according to different methods (million of euros and as percentage of capital, end of Septmber 2003). 

7.1  Asset sensitive banks*. 

Balance sheets

500 days 250 days

Bank 1 86.9 -34.9 -34.6 -28.5 -32.5 -0.4 -0.4

Bank 2 96.2 -8.2 -8.1 -6.7 -7.8 -0.8 -0.9

Bank 3 98.3 -8.5 -8.2 -6.1 -7.1 -0.6 -0.8

Bank 4 99.2 -32.9 -31.5 -25.1 -29.0 -1.5 -1.8

Bank 5 74.4 -116.0 -117.1 -91.2 -104.0 -0.4 -0.5

Bank 6 76.8 -23.0 -22.5 -18.4 -22.3 -0.1 -0.1

Bank 7 82.5 -40.8 -41.1 -32.1 -38.3 -0.4 -0.4

Bank 8 89.2 -26.2 -25.4 -19.1 -24.6 -0.3 -0.4

Bank 9 94.6 -14.1 -14.3 -10.6 -12.0 -0.3 -0.3

Bank 10 85.0 -9.1 -9.3 -6.9 -8.1 -0.2 -0.2

Bank 11 77.5 -6.8 -7.0 -5.0 -5.7 -0.2 -0.2

Bank 12 98.0 -16.0 -15.7 -12.0 -14.4 -1.4 -1.7

Bank 13 95.1 -30.0 -29.7 -23.0 -29.2 -0.5 -0.6

Mean 88.7 -28.2 -28.0 -21.9 -25.8 -0.55 -0.65

(*) Liability sensitive banks are those having a negative duration gap. Asset sensitive banks are those having a positive duration gap.
(**) The empirical distribution is represented by the last 250 and 500 historical one-day investment results, respectively.

7.2 Liability sensitive banks*. 

Balance sheets 

500 days 250 days

Bank 14 80.2 -26.3 -25.8 -29.1 -37.4 -0.5 -0.7

Bank 15 82.3 -8.1 -7.7 -9.2 -8.8 -0.1 -0.1

Bank 16 98.9 -13.2 -12.0 -14.1 -16.3 -0.4 -0.4

Bank 17 94.1 -1.0 -0.9 -1.2 -1.3 -0.5 -0.5

Bank 18 88.7 -3.3 -3.1 -4.1 -3.2 -0.3 -0.2

Mean 88.8 -10.4 -9.9 -11.5 -13.4 -0.35 -0.38

(*) Liability sensitive banks are those having a negative duration gap. Asset sensitive banks are those having a positive duration gap.

(**) The empirical distribution is represented by the last 250 and 500 historical one-day investment results, respectively.

Assets 

denominated in 

euro as a 

percentage of total 

assets.

Banks

Banks

One-day historical simulation 

VaR                                  

(million euros )

Assets 

denominated in 

euro as a 

percentage of total 

assets.

Empirical distribution (**)

Percent of supervisory capital

Non-

parametric 

distribution

Normal 

distribution

Empirical distribution (**)

Normal 

distribution

Non-parametric 

distribution

One-day historical simulation 

VaR                                                

(million euros )

One-day principal component VaR                                                        

(million euros )

Percent of supervisory capital

Non-

parametric 

distribution

Normal 

distribution

Normal 

distribution

Non-parametric 

distribution

One-day principal component VaR                                                        

(million euros )
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Table 8.  Back-testing analysis results (million of euros, end of September 2003).

Bank 5: actual and potential losses.  

Actual VaR -135.00

Average exceptional losses -144.52

VaR models
Potential 

losses 

Percentage of 

coverage of 

actual VaR

Number of 

exceptional 

losses

Percentage of 

exceptional 

losses

LR Test of 

unconditional 

coverage (critical 

value 10%: 2.70)

Historical simulation -116.72 86.5% 12 2.3% 6.40

Delta-gamma normal VaR -113.61 84.2% 11 2.1% 4.81

Delta-gamma non-parametric VaR -128.30 95.0% 6 1.1% 0.10

Bank 7: actual and potential losses. 

Actual VaR -44.50

Average exceptional losses -51.80

VaR models
Potential 

losses 

Percentage of 

coverage of 

actual VaR

Number of 

exceptional 

losses

Percentage of 

exceptional 

losses

LR Test of 

unconditional 

coverage (critical 

value 10%: 2.70)

Historical simulation -41.57 93.4% 8 1.5% 1.24

Delta-gamma normal VaR -40.17 90.3% 10 1.9% 3.41

Delta-gamma non-parametric VaR -44.78 100.6% 4 0.8% 0.33

Bank 14: actual and potential losses.  

Actual VaR -31.77

Average exceptional losses -34.97

VaR models
Potential 

losses 

Percentage of 

coverage of 

actual VaR

Number of 

exceptional 

losses

Percentage of 

exceptional 

losses

LR Test of 

unconditional 

coverage (critical 

value 10%: 2.70)

Historical simulation -34.67 109.1% 1 0.2% 5.23

Delta-gamma normal VaR -34.99 110.2% 1 0.2% 5.23

Delta-gamma non-parametric VaR -44.17 139.0% 1 0.2% 5.23

Bank 16: actual and potential losses. 

Actual VaR -12.12

Average exceptional losses -14.10

VaR models
Potential 

losses 

Percentage of 

coverage of 

actual VaR

Number of 

exceptional 

losses

Percentage of 

exceptional 

losses

LR Test of 

unconditional 

coverage (critical 

value 10%: 2.70)

Historical simulation -18.38 151.6% 1 0.2% 5.23

Delta-gamma normal VaR -14.92 123.0% 2 0.4% 2.67

Delta-gamma non-parametric VaR -15.75 129.9% 1 0.2% 5.23
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Table 9A. Comparison of different risk measures in terms of losses and time horizon: Basel versus PC Value at Risk(*).

(Million of euros; September 2003)

Normal 

distribution

Non-parametric 

distribution
Basel I Basel II Adjusted Basel II

Percent Variation 

(Adjusted  Basel 

II versus Basel II)

Basel I Basel II
Adjusted Basel 

II

Bank 1 -28.5 -32.5 -89.5 -397.3 -463.1 16.6 8 149 203

Bank 2 -6.7 -7.8 -25.0 -72.4 -88.5 22.1 10 87 130

Bank 3 -6.1 -7.1 -19.4 -88.6 -102.0 15.1 7 156 206

Bank 4 -25.1 -29.0 -103.9 -373.6 -446.3 19.4 13 166 237

Bank 5 -91.2 -104.0 -343.4 -1418.0 -1617.7 14.1 11 186 242

Bank 6 -18.4 -22.3 -63.3 -196.7 -242.8 23.4 8 78 119

Bank 7 -32.1 -38.3 -121.3 -508.6 -567.9 11.6 10 176 220

Bank 8 -19.1 -24.6 -95.6 -296.0 -356.5 20.5 15 145 211

Bank 9 -10.6 -12.0 -27.4 -144.7 -165.0 14.1 5 145 189

Bank 10 -6.9 -8.1 -23.5 -96.9 -109.9 13.5 8 142 183

Bank 11 -5.0 -5.7 -4.3 -54.8 -55.4 1.0 1 93 94

Bank 12 -12.0 -14.4 -40.8 -164.6 -190.4 15.7 8 130 175

Bank 13 -23.0 -29.2 -87.0 -328.8 -384.8 17.0 9 127 174

Bank 14 -29.1 -37.4 -184.5 -443.4 -576.2 29.9 24 140 237

Bank 15 -9.2 -8.8 -65.6 -72.5 -106.1 46.4 56 68 146

Bank 16 -14.1 -16.3 -133.7 -237.8 -329.6 38.6 67 213 409

Bank 17 -1.2 -1.3 -10.9 -19.3 -27.8 43.8 70 221 457

Bank 18 -4.1 -3.2 -27.3 -19.9 -36.9 85.7 71 38 131

Mean -19.0 -22.3 -81.5 -274.1 -325.9 24.9 22 137 209

Banks
One-day principal component VaR

Time horizon undelying the Basel 

Committee's measures with respect to the 

daily forecast from non parametric 

distribution hypothesis (days) 
Basel Accord risk measure (240 working days)

Losses in million of euros

(*)The table compares the one-day PC VaRs (parametric and non-parametric)  with the Basel risk measures (Basel I, Basel II and the adjusted Basel II for market-based duration 

parameters). The last three columns of the table report the effective time horizon underlying the Basel risk measures. Using the square root of time rule, this is obtained by dividing 

the squared values from each Basel risk measure to those from the non-parametric principal component VaR (squared values). 
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Table.9B  Comparison of different risk measures: ranking of banks' riskiness.

Bank 5 bank a bank a bank a bank a bank a

Bank 7 bank b bank b bank c bank b bank c

Bank 14 bank c bank c bank i bank c bank b

Bank 1 bank d bank d bank b bank d bank d

Bank 13 bank e bank e bank f bank f bank e

Bank 4 bank f bank f bank g bank e bank f

Bank 8 bank g bank g bank d bank g bank g

Bank 6 bank h bank h bank e bank i bank i

Bank 16 bank i bank i bank l bank h bank h

Bank 12 bank j bank j bank h bank j bank j

Bank 9 bank k bank k bank j bank k bank k

Bank 15 bank l bank l bank k bank m bank m

Bank 10 bank m bank m bank q bank o bank l

Bank 2 bank n bank n bank n bank l bank o

Bank 3 bank o bank o bank m bank n bank n

Bank 11 bank p bank p bank o bank p bank p

Bank 18 bank q bank q bank r bank q bank q

Bank 17 bank r bank r bank p bank r bank r

Banks ranked from 

the riskiest to the 

least risky 

(according to the 

non-parametric 

approach)
Basel II

Normal 

distribution

Non-parametric 

distribution
Basel I

One-year principal component VaR Basel Accord risk measure (240 working days)

Adjusted Basel II

 

 

 

Table 10. Empirical distribution: worst cases. 

( 240-day interest rate changes in basis point)

1st percentile 99th percentile

3 months -165 213

6 months -182 211

1 year -197 209

2 years -202 212

3 years -201 203

4 years -193 195

5 years -183 188

7 years -164 183

10 years -142 179

15 years -118 166

20 years -102 154

25 years -92 145

30 years -87 138

Maturity
Worst case 
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Table.11 Value At Risk on annual basis (percent of supervisory capital). 

Parametric 

approach 

Non-parametric 

approach 

Bank 1 -5.5 -6.4 -5.0 -6.9 -5.1

Bank 2 -8.4 -10.2 -12.3 -13.9 -10.8

Bank 3 -9.4 -10.8 -9.9 -11.7 -10.4

Bank 4 -22.6 -27.0 -23.4 -27.2 -22.4

Bank 5 -7.0 -8.0 -6.2 -7.9 -6.5

Bank 6 -1.2 -1.5 -1.4 -2.1 -1.2

Bank 7 -5.8 -6.5 -4.9 -6.8 -5.4

Bank 8 -5.1 -6.2 -6.0 -6.6 -5.2

Bank 9 -4.1 -4.7 -4.1 -5.3 -4.5

Bank 10 -2.6 -3.0 -2.7 -3.4 -2.8

Bank 11 -1.8 -1.8 -2.8 -2.9 -2.4

Bank 12 -19.1 -22.1 -20.8 -25.9 -20.8

Bank 13 -6.8 -7.9 -6.8 -9.3 -6.9

Bank 14 -7.8 -10.2 -12.2 -10.2 -9.8

Bank 15 -0.6 -0.8 -2.3 -1.0 -1.7

Bank 16 -6.2 -8.6 -12.8 -6.6 -9.3

Bank 17 -8.1 -11.7 -17.4 -8.5 -12.7

Bank 18 -1.3 -2.4 -8.3 -3.3 -5.9

Mean -6.9 -8.3 -8.9 -8.9 -8.0

Banks

One-year holding 

period 

 Basel II proposal

Adjusted version (*)Actual version 
Daily VaR for  

SQRT(240) 

Historical 

simulation

 (*) In the adjusted Basel II the duration coefficients have been changed to reflect conditions prevailing on the EU market at the 

end of September 2003 (see Table 6). 
 

 

 

 

Table 12. Separate and combined shocks (basis points): 99th percentile of the simulated distribution at each maturity. 

Perfect* 

correlation on the 

first PC and fixed 

volatility   (C)

Smaller** correlation 

on the first PC and 

fixed volatility                      

(D)

80 % decrease of 

the second PC 

and fixed volatility              

(E)

80 % increase of 

the second PC and 

fixed volatility               

(F)

Smaller 

correlation on the 

first PC, 80% 

increase of the 

second PC and 

fixed volatility      

(G)

High correlation 

on the first PC, 

80% decrease of 

the second PC and 

fixed volatility              

(H)

3 months 275 386 293 212 220 388 346 277

6 months 278 382 297 197 252 359 316 313

1 year 267 363 295 171 272 321 246 341

2 years 253 342 286 138 276 279 155 346

3 years 233 321 269 119 262 246 115 328

4 years 223 314 252 118 243 231 114 306

5 years 211 291 235 116 223 226 123 281

7 years 194 255 209 116 192 214 144 244

10 years 170 223 181 108 159 196 151 204

15 years 146 189 151 95 128 180 145 163

20 years 124 164 133 85 108 162 134 137

25 years 112 147 122 78 96 146 124 121

30 years 102 135 114 73 92 135 115 110

(*) The factor loadings on the first PC are all set to 1: the overall variance is entirely explained by the first factor.

(**) The factor loadings on the first PC are diminuished by 50 per cent.

Combined shocks

Maturity

Fixed volatility 

and correlation      

(A)

30% increase in 

volatility and 

fixed correlation                

(B)

Separate shocks
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Figure 1a. 3-month euro yield and volatility 
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Figure 1b. 5-year euro yield and volatility. 
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Figure 1c. 15-year euro yield and volatility. 
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Figure 2a.  5-year euro yield: 

volatility of positive and negative changes
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Figure 2b.  7-year euro yield: 

volatility of positive and negative changes
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Figure 2c.  10-year euro yield: 

volatility of positive and negative changes
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Figure 3. Principal components: level, tilt and curvature 
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Figura 4a. PC non-parametric densities.
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Figure 4b. PC non-parametric probability functions.
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Figure 5b. Percentiles of interest rate change distribution in out- of-sample period (from Jan 2002 to Feb 2004) and 

worst case scenarios by 10,000 simulations from non-parametric distribution.
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Figure 6a. Time series of daily profits and losses from January 2002 to February 2004 and  

parametric and non-parametric principal component VaR. 

(Bank 5: million of euros)
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Figure 6b. Time series of daily profits and losses from January 2002 to February 2004 and  

parametric and non-parametric principal component VaR. 

(Bank 7: million of euros)
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Figure 6c. Time series of daily profits and losses from January 2002 to February 2004 and  

parametric and non-parametric principal component VaR. 

(Bank 14: million of euros)
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Figure 6d. Time series of daily profits and losses from January 2002 to February 2004 and  

parametric and non-parametric principal component VaR. 

(Bank16, million of euros)
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Figure 7. Separate scenarios for each PC: stressed correlation and fixed volatility.

-1.0

-0.5

0.0

0.5

1.0

1.5

1 m
ese

3 m
esi

6 m
esi

1 anno

2 anni

3 anni

4 anni

5 anni

7 anni

10 anni

15 anni

20 anni

25 anni

30 anni

PC1 Perfect correlation PC1 Actual PC2 Downward PC2 Actual PC2 Upward

 

 

 

 

 

 

 

 

 

 

 



  

 

51 

 

References 

Abken P. (2000), “An Empirical Evaluation of Value at Risk by Scenario Simulation”, Journal of 
Derivatives, Vol. 7, No. 4, pp.12-29.  

Alexander C. (1998), “Volatility and correlation: measurement, models and applications”,  Risk Management 
and Analysis,  C. Alexander (ed.), Chichester, Wiley,  England Vol. I, pp. 125-172. 

Alexander C. (2002), “Principal component models for generating large GARCH covariance matrix”,  

Economic Notes, Vol. 31, No. 2, pp.337-359. 

Basel Committee on Banking Supervision (2003),  “Principles for the management and supervision of 

interest rate risk” 

Basak S. and A. Shapiro (2002),  “Value-at-Risk-Based risk management: Optimal policies and asset prices”, 

Review of Financial Studies, Vol. 14, No. 2, pp.371-405. 

Berkowitz J. and J. O’Brien (2002),  “How accurate are Value-at-Risk Models at commercial banks”, 
Journal of Finance, Vol. LVII, No. 3, 1093-1111. 

Blanco C., Soronov D. and P. Stefiszyn (2002), “Multi-factor models for forward curve analysis: an 

introduction to Principal Component Analysis”,  Commodities Now, pp.76-83. 

Britten-Jones and Schaefer, S.M. (1999),  “Non Linear Value-at-Risk Models”,  European Finance Review, 
Vol. 2,  pp. 161-187. 

Brousseau V. (2002),  “The functional form of the yield curve”,  ECB, Working paper No. 148. 

Brummelhuis R., A. Cordoba, M. Quintanilla and L. Seco (2002), “Principal Component Value at Risk”, 
Mathematical Finance, Vol. 12, No.1, pp 23-43.  

Cakici N. and K. Foster (2003), “Value-at-Risk for interest rate-dependent securities: a non-parametric two-

dimensional Kernel approach”, Journal of Fixed Income, forthcoming. 

Cheyette O. (1997), “Interest Rate Models” in Frank Fabozzi (ed.) Advances in fixed income valuation 
modeling and risk management, New Hope (PA) Frank J. Fabozzi Associates, 1997. 

Christoffersen P.F (2001), “Testing and comparing Value-at-Risk measures”, Journal of Empirical Finance, 
Vol.8, No. 3, pp. 325-342.  

D’Ecclesia R., S. Zenios (1994), “Risk factor analysis and portfolio immunization in the Italian bond 

market”, Journal of fixed income, Vol. 4, No. 2, pp. 51-58. 

Delianedis G., Lagnado R. and Tikhonov S. (2000), “Monte Carlo simulation of non normal process”,  

London, Midas-Kapiti International, Discussion paper. 

Evan J. And Olson D. L. (2001),  “Introduction to simulation and risk analysis”, Prentice Hall, pp.392. 

Frye J. (1997),  “Principals of Risk: Finding Value at Risk through Factor based Interest Rate Scenario,  in 

Var: Understanding and applying value-at-risk,” London, Risk Publications, 1997. 

Frye J. (1998), “Monte Carlo by day: Intra-day Value-at-Risk using Monte Carlo simulation”, Risk Magazine  

Glasserman P., P Heidelberger and P. Shahabuddin (2002), “Portfolio Value-at-Risk with heavy-tailed risk 

factors “, Mathematical Finance, Vol. 12, No. 3, pp 239-269.  

Glasserman P., Heidelberger P. and Shahabuddin P. (2000),  “Variance reduction techniques for Value-at-

Risk with heavy-tailed risk factors”, Management Science,  Vol. 46, pp. 1349-1364. 

Hull J. And A. White (1998) “Value-at-Risk when daily changes in market variables are not normally 

distributed”,  Journal of Derivatives, Vol. 5, No. 3, pp. 9-19. 

Jaeckel P. (2002),  “Monte Carlo Methods in Finance”, John Wiley & Sons,  pp. 304. 

Jamshidian F. and Y. Zhu (1997), “Scenario simulation: Theory and Methodology”, Finance and stochastics, 
Vol. 1, No. 1, pp.43-67. 



  

 

52 

 

Jamshidian F. and Y. Zhu (1996), “Scenario simulation model for risk management”, Capital Market 
strategy, pp.26-30. 

Kreinin, L. Merkoulovitch, D. Rosen and M. Zerbs (1998),  “Principal Component Analysis in quasi Monte 

Carlo Simulation”,  Algo Research Quarterly, Vol.1, No.2, pp. 21-29  

Lardic S., Priaulet P. and Priaulet S. (2001),  “PCA of the yield curve dynamics: questions of 

methodologies”,  mimeo.  

Litterman R., J. Scheinkman and L. Weiss (1991),  “Volatility and the yield curve”, in S. Ross (ed.) The Debt 
Market, Cheltenham, Edgar reference collection, 2000. 

Litterman R., J. Scheinkman (1991),  “Common factors affecting bond returns”,  in S. Ross (ed.) The Debt 
Market, Cheltenham, Edgar reference collection, 2000. 

Loretan M. (1997),  “Generating market risk scenarios using principal components analysis methodological 

and practical considerations”,  Internal Report, Federal Reserve Board. 

Niffikeer I.C., R.D. Hewins and R.B Flavell (2000), “A synthetic factor approach to the estimation of Value-

at-Risk of a portfolio of interest rate swaps”, Journal of Banking and Finance, Vol. 24, No. 12, 
pp1903-1932. 

Papke E. L. and J. M. Wooldrige (1996),   “Econometric methods for fractional response variables with an 

application to 401(k) plan participation rates”, Journal of Applied Econometrics, Vol. 11, No. 6, pp. 
619-632. 

Pritsker M. (1997),  “Evaluating Value-at-Risk Methodologies: Accuracy versus Computational Time”, 
Journal of Financial Services Research, (Octorber/December), pp.201-241. 

Press et. al (1996),  “Numerical Recipes in C, London”,  Cambridge University Press, Chapter 13 

Rebonato R. (2003), “Term structure models: a review”, mimeo.  

Reimers M. and M. Zerbs (1999), “A multi-factor statistical model for interest rates”, Algo Research 
Quarterly, Vol.2, No.3, pp53-64.  

Reynolds D. (2001),  “A framework for scenario generation”, Algo Research Quarterly, Vol. 4, No. 3, pp.15-
34.  

Morgan Guaranty Trust Company Reuters,  “RiskMetrics Technical document”, Fourth Edition, New York, 
Morgan Guaranty Trust Company of New York, 1996. 

Silverman, B. (1986), “Density Estimation for Statistics and Data Analysis”, London: Chapman &Hall.  

Singh, Manoj K. (1997), “Value at Risk using Principal Components Analysis”, Journal of Portfolio 
Management, Fall 1997, pp. 101-112. 

Sornette D., J. V Andersen and P. Simonetti (2000), “Portfolio Theory for fat tails” , International Journal of 
Theoretical and Applied Finance, Vol. 3, No. 3, pp. 523-535. 

Vlaar P.J.G. (2000),  “Value-at-Risk models for Dutch bond portfolios”, Journal of Banking and Finance, 
Vol. 24, No. 7, pp.1131-1154. 

S. Venkataram (1997), “Value-at-Risk for a mixture of normal distributions: the use of quasi-Bayesian 

estimation techniques”,  Economic Perspectives, Federal Reserve Bank of Chicago, pp. 2-13. 

 



(*) Requests for copies should be sent to:
Banca d’Italia – Servizio Studi – Divisione Biblioteca e pubblicazioni – Via Nazionale, 91 – 00184 Rome
(fax 0039 06 47922059). They are available on the Internet www.bancaditalia.it.

RECENTLY PUBLISHED “TEMI” (*).

N. 578 – Produttività e concorrenza estera, by M. Bugamelli and A. Rosolia (February 
2006).

N. 579 – Is foreign exchange intervention effective? Some micro-analytical evidence from 
the Czech Republic, by Antonio Scalia (February 2006).

N. 580 – Canonical term-structure models with observable factors and the dynamics of bond 
risk premiums, by M. Pericoli and M. Taboga (February 2006).

N. 581 – Did infl ation really soar after the euro cash changeover? Indirect evidence from 
ATM withdrawals, by P. Angelini and F. Lippi (March 2006).

N.  582 – Qual è l’effetto degli incentivi agli investimenti? Una valutazione della legge 
488/92, by R. Bronzini and G. de Blasio (March 2006).

N.  583 – The value of fl exible contracts: evidence from an Italian panel of industrial fi rms, 
by P. Cipollone and A. Guelfi  (March 2006).

N.  584 – The causes and consequences of venture capital fi nancing. An analysis based on a sample 
of Italian fi rms, by D. M. Del Colle, P. Finaldi Russo and A. Generale (March 2006).

N.  585 – Risk-adjusted forecasts of oil prices, by P. Pagano and M. Pisani (March 2006).

N.  586 – The CAPM and the risk appetite index: theoretical differences and empirical 
similarities, by M. Pericoli and M. Sbracia (March 2006).

N.  587 – Effi ciency vs. agency motivations for bank takeovers: some empirical evidence, by 
A. De Vincenzo, C. Doria and C. Salleo (March 2006).

N.  588 – A multinomial approach to early warning system for debt crises, by A. Ciarlone 
and G. Trebeschi (May 2006).

N.  589 – An empirical analysis of national differences in the retail bank interest rates of the 
euro area, by M. Affi nito and F. Farabullini (May 2006).

N.  590 – Imperfect knowledge, adaptive learning and the bias against activist monetary po-
licies, by Alberto Locarno (May 2006).

N.  591 – The legacy of history for economic development: the case of Putnam’s social capi-
tal, by G. de Blasio and G. Nuzzo (May 2006).

N.  592 – L’internazionalizzazione produttiva italiana e i distretti industriali: un’analisi de-
gli investimenti diretti all’estero, by Stefano Federico (May 2006).

N. 593 – Do market-based indicators anticipate rating agencies? Evidence for international 
banks, by Antonio Di Cesare (May 2006).

N. 594 – Entry regulations and labor market outcomes: Evidence from the Italian retail 
trade sector, by Eliana Viviano (May 2006).

N. 595 – Revisiting the empirical evidence on fi rms’ money demand, by Francesca Lotti and 
Juri Marcucci (May 2006).

N. 596 – Social interactions in high school: Lesson from an earthquake, by Piero Cipollone 
and Alfonso Rosolia (September 2006).

N. 597 – Determinants of long-run regional productivity: The role of R&D, human capi-
tal and public infrastructure, by Raffaello Bronzini and Paolo Piselli (September 
2006).

N. 598 – Overoptimism and lender liability in the consumer credit market, by Elisabetta 
Iossa and Giuliana Palumbo (September 2006).

N. 599 – Bank’s riskiness over the business cycle: A panel analysis on Italian intermedia-
ries, by Mario Quagliariello (September 2006)

N. 600 – People I know: Workplace networks and job search outcomes, by Federico Cinga-
no and Alfonso Rosolia (September 2006).

N. 601 – Bank profi tability and the business cycle, by Ugo Albertazzi and Leonardo Gamba-
corta (September 2006).



"TEMI" LATER PUBLISHED ELSEWHERE 
 

1999 

L. GUISO and G. PARIGI, Investment and demand uncertainty, Quarterly Journal of Economics, Vol. 114 
(1), pp. 185-228, TD No. 289 (November 1996). 

A. F. POZZOLO, Gli effetti della liberalizzazione valutaria sulle transazioni finanziarie dell’Italia con 
l’estero, Rivista di Politica Economica, Vol. 89 (3), pp. 45-76, TD No. 296 (February 1997). 

A. CUKIERMAN and F. LIPPI, Central bank independence, centralization of wage bargaining, inflation and 
unemployment: theory and evidence, European Economic Review, Vol. 43 (7), pp. 1395-1434, TD 
No. 332 (April 1998). 

P. CASELLI and R. RINALDI, La politica fiscale nei paesi dell’Unione europea negli anni novanta, Studi e 
note di economia, (1), pp. 71-109, TD No. 334 (July 1998).  

A. BRANDOLINI, The distribution of personal income in post-war Italy: Source description, data quality, 
and the time pattern of income inequality, Giornale degli economisti e Annali di economia, Vol. 58 
(2), pp. 183-239, TD No. 350 (April 1999). 

L. GUISO, A. K. KASHYAP, F. PANETTA and D. TERLIZZESE, Will a common European monetary policy 
have asymmetric effects?, Economic Perspectives, Federal Reserve Bank of Chicago, Vol. 23 (4), 
pp. 56-75, TD No. 384 (October 2000). 

 
2000 

P. ANGELINI, Are banks risk-averse? Timing of the operations in the interbank market, Journal of  Money, 
Credit and Banking, Vol. 32 (1), pp. 54-73, TD No. 266 (April 1996). 

F. DRUDI and R. GIORDANO, Default Risk and optimal debt management, Journal of Banking and Finance, 
Vol. 24 (6), pp. 861-892, TD No. 278 (September 1996). 

F. DRUDI and R. GIORDANO, Wage indexation, employment and inflation, Scandinavian Journal of 
Economics, Vol. 102 (4), pp. 645-668, TD No. 292 (December 1996). 

F. DRUDI and A. PRATI, Signaling fiscal regime sustainability, European Economic Review, Vol. 44 (10), 
pp. 1897-1930, TD No. 335 (September 1998). 

F. FORNARI and R. VIOLI, The probability density function of interest rates implied in the price of options, 
in: R. Violi, (ed.) , Mercati dei derivati, controllo monetario e stabilità finanziaria, Il Mulino, 
Bologna, TD No. 339 (October 1998). 

D. J. MARCHETTI and G. PARIGI, Energy consumption, survey data and the prediction of industrial 
production in Italy, Journal of Forecasting, Vol. 19 (5), pp. 419-440, TD No. 342 (December 
1998).  

A. BAFFIGI, M. PAGNINI and F. QUINTILIANI, Localismo bancario e distretti industriali: assetto dei 
mercati del credito e finanziamento degli investimenti, in: L.F. Signorini (ed.), Lo sviluppo locale: 
un'indagine della Banca d'Italia sui distretti industriali, Donzelli, TD No. 347 (March 1999). 

A. SCALIA and V. VACCA, Does market transparency matter? A case study, in: Market Liquidity: Research 
Findings and Selected Policy Implications, Basel, Bank for International Settlements, TD No. 359 
(October 1999). 

F. SCHIVARDI, Rigidità nel mercato del lavoro, disoccupazione e crescita, Giornale degli economisti e 
Annali di economia, Vol. 59 (1), pp. 117-143, TD No. 364 (December 1999).  

G. BODO, R. GOLINELLI and G. PARIGI, Forecasting industrial production in the euro area, Empirical 
Economics, Vol. 25 (4), pp. 541-561, TD No. 370 (March 2000). 

F. ALTISSIMO, D. J. MARCHETTI and G. P. ONETO, The Italian business cycle: Coincident and leading 
indicators and some stylized facts, Giornale degli economisti e Annali di economia, Vol. 60 (2), 
pp. 147-220, TD No. 377 (October 2000). 

C. MICHELACCI and P. ZAFFARONI, (Fractional) Beta convergence, Journal of Monetary Economics, Vol. 
45, pp. 129-153, TD No. 383 (October 2000).  

R. DE BONIS and A. FERRANDO, The Italian banking structure in the nineties: testing the multimarket 
contact hypothesis, Economic Notes, Vol. 29 (2), pp. 215-241, TD No. 387 (October 2000). 

 
 

 



2001 

M. CARUSO, Stock prices and money velocity: A multi-country analysis, Empirical Economics, Vol. 26  
(4), pp. 651-72, TD No. 264 (February 1996). 

P. CIPOLLONE and D. J. MARCHETTI, Bottlenecks and limits to growth: A multisectoral analysis of Italian 
industry, Journal of Policy Modeling, Vol. 23 (6), pp. 601-620, TD No. 314 (August 1997). 

P. CASELLI, Fiscal consolidations under fixed exchange rates, European Economic Review, Vol. 45 (3), 
pp. 425-450, TD No. 336 (October 1998). 

F. ALTISSIMO and G. L. VIOLANTE, Nonlinear VAR: Some theory and an application to US GNP and 
unemployment, Journal of Applied Econometrics, Vol. 16 (4), pp. 461-486, TD No. 338 (October 
1998). 

F. NUCCI and A. F. POZZOLO, Investment and the exchange rate, European Economic Review, Vol. 45 (2), 
pp. 259-283, TD No. 344 (December 1998). 

L. GAMBACORTA, On the institutional design of the European monetary union: Conservatism, stability 
pact and economic shocks, Economic Notes, Vol. 30 (1), pp. 109-143, TD No. 356 (June 1999). 

P. FINALDI RUSSO and P. ROSSI, Credit costraints in italian industrial districts, Applied Economics, Vol. 
33 (11), pp. 1469-1477, TD No. 360 (December 1999). 

A. CUKIERMAN and F. LIPPI, Labor markets and monetary union: A strategic analysis, Economic Journal, 
Vol. 111 (473), pp. 541-565, TD No. 365 (February 2000).  

G. PARIGI and S. SIVIERO, An investment-function-based measure of capacity utilisation, potential output 
and utilised capacity in the Bank of Italy’s quarterly model, Economic Modelling, Vol. 18 (4), pp. 
525-550, TD No. 367 (February 2000).  

F. BALASSONE and D. MONACELLI,  Emu fiscal rules: Is there a gap?, in: M. Bordignon and D. Da Empoli 
(eds.), Politica fiscale, flessibilità dei mercati e crescita, Milano, Franco Angeli, TD No. 375 (July 
2000). 

A. B. ATKINSON and A. BRANDOLINI, Promise and pitfalls in the use of “secondary" data-sets: Income 
inequality in OECD countries, Journal of Economic Literature, Vol. 39 (3), pp. 771-799, TD No. 
379 (October 2000).  

D. FOCARELLI and A. F. POZZOLO, The determinants of cross-border bank shareholdings: An analysis 
with bank-level data from OECD countries, Journal of Banking and Finance, Vol. 25 (12), pp. 
2305-2337, TD No. 381 (October 2000). 

M. SBRACIA and A. ZAGHINI, Expectations and information in second generation currency crises models, 
Economic Modelling, Vol. 18 (2), pp. 203-222, TD No. 391 (December 2000). 

F. FORNARI and A. MELE, Recovering the probability density function of asset prices using GARCH as 
diffusion approximations, Journal of Empirical Finance, Vol. 8 (1), pp. 83-110, TD No. 396 
(February 2001).  

P. CIPOLLONE, La convergenza dei salari manifatturieri in Europa, Politica economica, Vol. 17 (1), pp. 
97-125, TD No. 398 (February 2001). 

E. BONACCORSI DI PATTI and G. GOBBI, The changing structure of local credit markets: Are small 
businesses special?, Journal of Banking and Finance, Vol. 25 (12), pp. 2209-2237, TD No. 404 
(June 2001).  

CORSETTI G., PERICOLI M., SBRACIA M., Some contagion, some interdependence: more pitfalls in tests of 
financial contagion, Journal of International Money and Finance, 24, 1177-1199, TD No. 408 
(June 2001). 

G. MESSINA, Decentramento fiscale e perequazione regionale. Efficienza e redistribuzione nel nuovo 
sistema di finanziamento delle regioni a statuto ordinario, Studi economici, Vol. 56 (73), pp. 131-
148, TD No. 416 (August 2001). 

 

2002 

R. CESARI and F. PANETTA, Style, fees and performance of Italian equity funds, Journal of Banking and 
Finance, Vol. 26 (1), TD No. 325 (January 1998). 

L. GAMBACORTA, Asymmetric bank lending channels and ECB monetary policy, Economic Modelling, 
Vol. 20 (1), pp. 25-46, TD No. 340 (October 1998). 



C. GIANNINI, “Enemy of none but a common friend of all”? An international perspective on the lender-of-
last-resort function, Essay in International Finance, Vol. 214, Princeton, N. J., Princeton 
University Press, TD No. 341 (December 1998). 

A. ZAGHINI, Fiscal adjustments and economic performing: A comparative study, Applied Economics, Vol. 
33 (5), pp. 613-624, TD No. 355 (June 1999). 

F. ALTISSIMO, S. SIVIERO and D. TERLIZZESE, How deep are the deep parameters?, Annales d’Economie 
et de Statistique,.(67/68), pp. 207-226, TD No. 354 (June 1999). 

F. FORNARI, C. MONTICELLI, M. PERICOLI and M. TIVEGNA, The impact of news on the exchange rate of 
the lira and long-term interest rates, Economic Modelling, Vol. 19 (4), pp. 611-639, TD No. 358 
(October 1999). 

D. FOCARELLI, F. PANETTA and C. SALLEO, Why do banks merge?, Journal of Money, Credit and Banking, 
Vol. 34 (4), pp. 1047-1066, TD No. 361 (December 1999). 

D. J. MARCHETTI, Markup and the business cycle: Evidence from Italian manufacturing branches, Open 
Economies Review, Vol. 13 (1), pp. 87-103, TD No. 362 (December 1999). 

F. BUSETTI, Testing for stochastic trends in series with structural breaks, Journal of Forecasting, Vol. 21 
(2), pp. 81-105, TD No. 385 (October 2000). 

F. LIPPI, Revisiting the Case for a Populist Central Banker, European Economic Review, Vol. 46 (3), pp. 
601-612, TD No. 386 (October 2000). 

F. PANETTA, The stability of the relation between the stock market and macroeconomic forces, Economic 
Notes, Vol. 31 (3), TD No. 393 (February 2001). 

G. GRANDE and L. VENTURA, Labor income and risky assets under market incompleteness: Evidence from 
Italian data, Journal of Banking and Finance, Vol. 26 (2-3), pp. 597-620, TD No. 399 (March 
2001). 

A. BRANDOLINI, P. CIPOLLONE and P. SESTITO, Earnings dispersion, low pay and household poverty in 
Italy, 1977-1998, in D. Cohen, T. Piketty and G. Saint-Paul (eds.), The Economics of Rising 
Inequalities, pp. 225-264, Oxford, Oxford University Press, TD No. 427 (November 2001). 

L. CANNARI and G. D’ALESSIO, La distribuzione del reddito e della ricchezza nelle regioni italiane, 
Rivista Economica del Mezzogiorno (Trimestrale della SVIMEZ), Vol. XVI (4), pp. 809-847, Il 
Mulino, TD No. 482 (June 2003).  

 
2003 

F. SCHIVARDI, Reallocation and learning over the business cycle, European Economic Review, , Vol. 47 
(1), pp. 95-111, TD No.  345 (December 1998). 

P. CASELLI, P. PAGANO and F. SCHIVARDI, Uncertainty and slowdown of capital accumulation in Europe, 
Applied Economics, Vol. 35 (1), pp. 79-89, TD No.  372 (March 2000). 

P. ANGELINI and N. CETORELLI, The effect of regulatory reform on competition in the banking industry, 
Federal Reserve Bank of Chicago, Journal of Money, Credit and Banking, Vol. 35, pp. 663-684, 
TD No. 380 (October 2000). 

P. PAGANO and G. FERRAGUTO, Endogenous growth with intertemporally dependent preferences, 
Contribution to Macroeconomics, Vol. 3 (1), pp. 1-38, TD No.  382 (October 2000). 

P. PAGANO and F. SCHIVARDI, Firm size distribution and growth, Scandinavian Journal of Economics, 
Vol. 105 (2), pp. 255-274, TD No.  394 (February 2001). 

M. PERICOLI and M. SBRACIA, A Primer on Financial Contagion, Journal of Economic Surveys, Vol. 17 
(4), pp. 571-608, TD No. 407 (June 2001). 

M. SBRACIA and A. ZAGHINI, The role of the banking system in the international transmission of shocks, 
World Economy, Vol. 26 (5), pp. 727-754, TD No. 409 (June 2001). 

E. GAIOTTI and A. GENERALE, Does monetary policy have asymmetric effects? A look at the investment 
decisions of Italian firms, Giornale degli Economisti e Annali di Economia, Vol. 61 (1), pp. 29-59, 
TD No. 429 (December 2001). 

L. GAMBACORTA, The Italian banking system and monetary policy transmission: evidence from bank level 
data, in: I. Angeloni, A. Kashyap and B. Mojon (eds.), Monetary Policy Transmission in the Euro 
Area, Cambridge, Cambridge University Press, TD No. 430 (December 2001). 

 
 



M. EHRMANN, L. GAMBACORTA, J. MARTÍNEZ PAGÉS, P. SEVESTRE and A. WORMS, Financial systems and 
the role of banks in monetary policy transmission in the euro area, in: I. Angeloni, A. Kashyap 
and B. Mojon (eds.), Monetary Policy Transmission in the Euro Area, Cambridge, Cambridge 
University Press, TD No. 432 (December 2001). 

F. SPADAFORA, Financial crises, moral hazard and the speciality of the international market: further 
evidence from the pricing of syndicated bank loans to emerging markets, Emerging Markets 
Review, Vol. 4 ( 2),  pp. 167-198, TD No. 438 (March 2002). 

D. FOCARELLI and F. PANETTA, Are mergers beneficial to consumers? Evidence from the market for bank 
deposits, American Economic Review, Vol. 93 (4), pp. 1152-1172, TD No. 448 (July 2002). 

E.VIVIANO, Un'analisi critica delle definizioni di disoccupazione e partecipazione in Italia, Politica 
Economica, Vol. 19 (1), pp. 161-190, TD No. 450 (July 2002). 

M. PAGNINI, Misura e Determinanti dell’Agglomerazione Spaziale nei Comparti Industriali in Italia,  
Rivista di Politica Economica, Vol. 3 (4), pp. 149-196, TD No. 452 (October  2002). 

F. BUSETTI and A. M. ROBERT TAYLOR, Testing against stochastic trend and seasonality in the presence 
of unattended breaks and unit roots, Journal of Econometrics, Vol. 117 (1), pp. 21-53, TD No. 470 
(February 2003). 

 

2004 

F. LIPPI, Strategic monetary policy with non-atomistic wage-setters, Review of Economic Studies, Vol. 70 
(4), pp. 909-919, TD No. 374 (June 2000). 

P. CHIADES and L. GAMBACORTA, The Bernanke and Blinder model in an open economy: The Italian 
case, German Economic Review, Vol. 5 (1), pp. 1-34, TD No. 388 (December 2000). 

M. BUGAMELLI and P. PAGANO, Barriers to Investment in ICT, Applied Economics, Vol. 36 (20), pp. 
2275-2286, TD No. 420 (October 2001).  

A. BAFFIGI, R. GOLINELLI and G. PARIGI, Bridge models to forecast the euro area GDP, International 
Journal of Forecasting, Vol. 20 (3), pp. 447-460,TD No. 456 (December 2002). 

D. AMEL, C. BARNES, F. PANETTA and C. SALLEO, Consolidation and Efficiency in the Financial Sector: A 
Review of the International Evidence, Journal of Banking and Finance, Vol. 28 (10), pp. 2493-
2519, TD No. 464 (December 2002). 

M. PAIELLA, Heterogeneity in financial market participation: appraising its implications for the C-CAPM, 
Review of Finance, Vol. 8, pp. 1-36, TD No. 473 (June 2003). 

E. BARUCCI, C. IMPENNA and R. RENÒ, Monetary integration, markets and regulation, Research in 
Banking and Finance, (4), pp. 319-360, TD No. 475 (June 2003). 

G. ARDIZZI, Cost efficiency in the retail payment networks: first evidence from the Italian credit card 
system, Rivista di Politica Economica, Vol. 94, (3), pp. 51-82, TD No. 480 (June 2003). 

E. BONACCORSI DI PATTI and G. DELL’ARICCIA, Bank competition and firm creation, Journal of Money 
Credit and Banking, Vol. 36 (2), pp. 225-251, TD No. 481 (June 2003). 

R. GOLINELLI and G. PARIGI, Consumer sentiment and economic activity: a cross country comparison, 
Journal of Business Cycle Measurement and Analysis, Vol. 1 (2), pp. 147-172, TD No. 484 
(September 2003). 

L. GAMBACORTA and P. E. MISTRULLI, Does bank capital affect lending behavior?, Journal of Financial 
Intermediation, Vol. 13 (4), pp. 436-457, TD No. 486 (September 2003). 

G. GOBBI and F. LOTTI, Entry decisions and adverse selection: an empirical analysis of local credit 
markets, Journal of Financial services Research, Vol. 26 (3), pp. 225-244, TD No. 535 (December 
2004). 

F. CINGANO and F. SCHIVARDI, Identifying the sources of local productivity growth, Journal of the 
European Economic Association,  Vol. 2 (4), pp. 720-742, TD No. 474 (June 2003). 

C. BENTIVOGLI and F. QUINTILIANI, Tecnologia e dinamica dei vantaggi comparati: un confronto fra 
quattro regioni italiane, in C. Conigliani (a cura di), Tra sviluppo e stagnazione: l’economia 
dell’Emilia-Romagna, Bologna, Il Mulino, TD No. 522 (October 2004). 

E. GAIOTTI and F. LIPPI, Pricing behavior and the introduction of the euro:evidence from a panel of 
restaurants, Giornale degli Economisti e Annali di Economia, 2004, Vol. 63(3/4):491-526, TD No. 
541 (February 2005). 

 



2005 

L. DEDOLA and F. LIPPI, The monetary transmission mechanism: evidence from the industries of 5 OECD 
countries, European Economic Review, 2005, Vol. 49(6): 1543-69, TD No. 389 (December 
2000). 

G. DE BLASIO and S. DI ADDARIO, Do workers benefit from industrial agglomeration?  Journal of regional 
Science, Vol. 45 n.4, pp. 797-827, TD No. 453 (October 2002). 

M. OMICCIOLI, Il credito commerciale: problemi e teorie, in L. Cannari, S. Chiri e M. Omiccioli (a cura 
di), Imprese o intermediari? Aspetti finanziari e commerciali del credito tra imprese in Italia, 
Bologna, Il Mulino, TD No. 494 (June 2004). 

L. CANNARI, S. CHIRI and M. OMICCIOLI, Condizioni del credito commerciale e differenzizione della 
clientela, in L. Cannari, S. Chiri e M. Omiccioli (a cura di), Imprese o intermediari? Aspetti 
finanziari e commerciali del credito tra imprese in Italia, Bologna, Il Mulino, TD No. 495 (June 
2004). 

P. FINALDI RUSSO and L. LEVA, Il debito commerciale in Italia: quanto contano le motivazioni 
finanziarie?, in L. Cannari, S. Chiri e M. Omiccioli (a cura di), Imprese o intermediari? Aspetti 
finanziari e commerciali del credito tra imprese in Italia, Bologna, Il Mulino, TD No. 496 (June 
2004). 

A. CARMIGNANI, Funzionamento della giustizia civile e struttura finanziaria delle imprese: il ruolo del 
credito commerciale, in L. Cannari, S. Chiri e M. Omiccioli (a cura di), Imprese o intermediari? 
Aspetti finanziari e commerciali del credito tra imprese in Italia, Bologna, Il Mulino, TD No. 497 
(June 2004). 

G. DE BLASIO, Credito commerciale e politica monetaria: una verifica basata sull’investimento in scorte, 
in L. Cannari, S. Chiri e M. Omiccioli (a cura di), Imprese o intermediari? Aspetti finanziari e 
commerciali del credito tra imprese in Italia, Bologna, Il Mulino, TD No. 498 (June 2004). 

G. DE BLASIO, Does trade credit substitute bank credit? Evidence from firm-level data. Economic notes, 
Vol. 34 n.1, pp. 85-112, TD No. 498 (June 2004). 

A. DI CESARE, Estimating Expectations of Shocks Using Option Prices, The ICFAI Journal of Derivatives 
Markets, Vol. II (1), pp. 42-53, TD No. 506 (July 2004). 

M. BENVENUTI and M. GALLO, Perché le imprese ricorrono al factoring? Il caso dell'Italia, in L. Cannari, 
S. Chiri e M. Omiccioli (a cura di), Imprese o intermediari? Aspetti finanziari e commerciali del 
credito tra imprese in Italia, Bologna, Il Mulino, TD No. 518 (October 2004). 

P. DEL GIOVANE and R. SABBATINI, L’euro e l’inflazione. Percezioni, fatti e analisi, Bologna, Il Mulino,  
TD No. 532 (December 2004). 

 

2006 

 

R. BRONZINI and G. DE BLASIO, Evaluating the impact of investment incentives: The case of Italy’s Law 
488/92. Journal of Urban Economics, vol. 60, n. 2, pag. 327-349, TD No. 582 (March 2006). 

A. DI CESARE, Do market-based indicators anticipate rating agencies? Evidence for international banks,  
Economic Notes, No. 35, pp. 121-150,  TD No. 593 (May 2006). 

 

 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /SyntheticBoldness 1.00
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo false
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects true
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /FRA <>
    /ENU (Use these settings to create PDF documents with higher image resolution for improved printing quality. The PDF documents can be opened with Acrobat and Reader 5.0 and later.)
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308000200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e30593002537052376642306e753b8cea3092670059279650306b4fdd306430533068304c3067304d307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /NOR <>
    /SVE <>
    /KOR <FEFFd5a5c0c1b41c0020c778c1c40020d488c9c8c7440020c5bbae300020c704d5740020ace0d574c0c1b3c4c7580020c774bbf8c9c0b97c0020c0acc6a9d558c5ec00200050004400460020bb38c11cb97c0020b9ccb4e4b824ba740020c7740020c124c815c7440020c0acc6a9d558c2edc2dcc624002e0020c7740020c124c815c7440020c0acc6a9d558c5ec0020b9ccb4e000200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /CHS <FEFF4f7f75288fd94e9b8bbe7f6e521b5efa76840020005000440046002065876863ff0c5c065305542b66f49ad8768456fe50cf52068fa87387ff0c4ee563d09ad8625353708d2891cf30028be5002000500044004600206587686353ef4ee54f7f752800200020004100630072006f00620061007400204e0e002000520065006100640065007200200035002e00300020548c66f49ad87248672c62535f003002>
    /CHT <FEFF4f7f752890194e9b8a2d5b9a5efa7acb76840020005000440046002065874ef65305542b8f039ad876845f7150cf89e367905ea6ff0c4fbf65bc63d066075217537054c18cea3002005000440046002065874ef653ef4ee54f7f75280020004100630072006f0062006100740020548c002000520065006100640065007200200035002e0030002053ca66f465b07248672c4f86958b555f3002>
    /ITA <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.000 842.000]
>> setpagedevice




