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QUANTILE AGGREGATION OF DENSITY FORECASTS

by Fabio Busetti*

Abstract

Quantile aggregation (or '"Vincentization') is a simple and intuitive way of combining
probability distributions, originally proposed by S. B. Vincent in 1912. In certain cases, such
as under Gaussianity, the Vincentized distribution belongs to the same family as that of the
individual distributions and can be obtained by averaging the individual parameters. This
paper compares the properties of quantile aggregation with those of the forecast combination
schemes normally adopted in the econometric forecasting literature, based on linear or
logarithmic averages of the individual densities. In general we find that: (i) larger differences
among the combination schemes occur when there are biases in the individual forecasts, in
which case quantile aggregation seems preferable overall; (ii) the choice of the combination
weights is important in determining the performance of the various methods. Monte Carlo
simulation experiments indicate that the properties of quantile aggregation fall between those
of the linear and the logarithmic pool, and that quantile averaging is particularly useful for
combining forecast distributions with large differences in location. An empirical illustration
is provided with density forecasts from time series and econometric models for Italian GDP.

JEL Classification: C53, E17.
Keywords: fan charts, macroeconomic forecasts, model combinations.
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1 Introduction

Economic forecasts are increasingly reported as point estimates supplemented
by confidence bands or selected quantiles of the predictive distributions, in
order to provide measures of uncertainty and risks around the central out-
come. Indeed a common practice for central banks is to present forecasts of
inflation and output in the form of ’fan charts’ that describe in probabilistic
terms the evolution of these variables along the forecast horizon. The (sub-
jective) assessment of the likelihood of alternative macroeconomic scenarios
is accounted using skewed density forecasts, that reflect higher probability
for events in either tail of the distribution. For example, the Bank of England
publishes fan charts for inflation since 1996; see Britton et al. (1998).

The econometric literature on forecast evaluation has been progressively
extended to density forecasts in order to gauge the relative performance of
different prediction models in terms of their distributions; see, inter alia,
Diebold et al. (1998), Corradi and Swanson (2003, 2006), Mitchell and Hall
(2005), Amisano and Giacomini (2007). In parallel, the idea of forecast com-
bination, initiated by the classical paper of Bates and Granger (1969), has
been applied to predictive distributions. The basic tools have been bor-
rowed from the statistics literature on aggregation of subjective distribution
functions, where the the task is to form an ’opinion pool’; cf. Genest and
Zidek (1996) for a review. Econometric studies have focussed on linear or
logarithmic weighting of the individual densities, where the weights may be
data-driven reflecting the past performance of different models. Some exam-
ples are Wallis (2005), Hall and Mitchell (2007), Mitchell and Wallis (2010),
Geweke and Amisano (2011), Fawcett et al. (2013). Kacha and Ravazzolo
(2010) provide an empirical comparison of the linear versus the logarith-
mic opinion pool of several forecasting models of inflation. A comprehensive
review of recent developments in density forecasting is Hall and Mitchell
(2009).

This paper considers combining forecast distributions by quantile aggre-
gation (or "Vincentization’). This simple and intuitive approach, that consists
in averaging the quantiles of the individual distributions, was originally pro-
posed in Vincent (1912). Ratcliff (1979) and Thomas and Ross (1980) show
that in certain cases, such as under Gaussianity, the Vincentized distribution
belongs to the same family as that of the individual distributions and it can
be obtained by averaging the individual parameters. A somewhat related
approach is Granger et al. (1989), where individual quantiles are modelled
separately and, for each of them, a linear combination of the forecasts is
taken.

The properties of quantile aggregation are here compared with those of



the linear and the logarithmic opnion pool. We find that larger differences
among the combination schemes occur when there are biases in the individ-
ual forecasts, in which case quantile aggregation seems overall preferable.
The choice of the combination weights is important in determining the rel-
ative performance of the methods. Monte Carlo simulation experiments of
forecasting with partially misspecified time series models indicate that the
properties of quantile aggregation are in between those of the linear and the
logarithmic pool and that quantile averaging appears useful for combining
forecast distributions with large differences in location.

The paper proceeds as follows. Section 2 defines quantile aggregation
vis a vis the linear and the logarithmic opinion pools and it recalls the main
issues on density forecast evaluation. Results for the special case of Gaussian
distributions are contained in section 3. Section 4 sets several Monte Carlo
experiments to evaluate the properties of forecast density combinations in
the context of simple time series models. An empirical illustration with time
series and econometric models for Italian GDP is given in section 5. Section
6 provides concluding remarks.

2 Quantile aggregation and other density fore-
cast combinations

Let fi(y:) be forecast densities for a scalar variable y, and denote by Fj;(y;)
the corresponding cumulative distribution functions, for : = 1,2, ...,n. For a

n
set of non-negative weights w; such that Z w; = 1, the combined distribution
i=1
defined by quantile aggregation (or ’Vincentization’) is given by

Fapi(a)=> wiF'(a), 0<a<l, (1)
=1

where F, *(a) = inf {y: F;(y) > a} are the quantile functions of the indi-
vidual forecast distributions. Quantile averaging was originally proposed in
Vincent (1912), hence it is sometimes called "Vincentization’.

Ratcliff (1979) and Thomas and Ross (1980) proved the following theorem
on the properties of Vincentization for ’location scale’ families of distribu-
tions; see also Genest (1992).

Theorem. Let the individual distributions Fy(y) be of the form Fyu(y) =
H ((y — N\i)/7;), where \; is a centering parameter, v, is the scale and H is

some distribution function, 1 = 1,...,n. Then the Vincentized distribution is

given by Fun(y) = H ((?J - X)/7) with X = Z;l wiki, 7 = Zi:l Wi
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Under the conditions of this theorem (which include the Gaussian, Cauchy,
exponential and logistic random variables) the Vincentized distribution is
given simply by averaging the parameters of the individual distributions.

When not available in closed form, the Vincentized density can be ob-
tained by numerical approximation as the derivative of the inverse of the
quantile function (1). Note that quantile aggregation cannot be straightfor-
wardly generalized to the multivariate case.

As regards other density forecast combination methods, the ’linear opin-
ion pool’, proposed by Stone (1961), is defined as

flin,t(yt) = Zwifit(yt)-
i=1
Here the combined distribution is a linear mixture distribution, which in gen-

eral can be multi-modal, even under Gaussianity of the individual forecasts.
The ’logarithmic opinion pool’ is instead given by

H fir(ye)“

fiogt(¥) = — :
J H fie(ys)“idy

Compared with the linear opinion pool, the combined distribution is typically
unimodal and less dispersed. As in the case of Vincentization, it is closed
under Gaussianity of the individual distributions.!

The advantages of forecast combinations are well understood for the case
of point forecasts, where combinations are showed to work well in several
empirical studies; c¢f. Timmermann (2006). Briefly, a 'portfolio diversifica-
tion” argument as well as providing insurance against misspecified models
and structural breaks are among the main reasons behind the success of
combining point forecasts.

Less studies have investigated the advantages of combining predictive dis-
tributions. Importantly, Kascha and Ravazzolo (2010) show that a density
forecast combination is at least as good as the worst model in terms of distri-
butional accuracy, where the metrics is the average probability of observing
the realized values (the 'log-score’, defined in section 2.2 below).

However, a density forecast combination is not necessarily superior to in-
dividual models when evaluated under the MSE loss function (that is typical

!One drawback of the logarithmic opinion pool is that it gives probability of zero to
events that have zero probability under any of the individual distributions.



for point forecasts). As argued by Hall and Mitchell (2009), *density forecast
combinations will in general increase the combined variance. However, this
increase in uncertainty need not be deleterious ... .

For density forecasts the benefits deriving from the diversification argu-
ment are less clear, since (negative) correlations are not taken into account.
The following example clarifies this issue. Let e; and e; be two forecast er-
rors from competing models, with mean zero, variance equal to o2 and o3
respectively, and covariance equal to poios; p € [—1,1] is their correlation.
Without loss of generality assume that o3 = k?0? with 0 < k < 1. The mean
square error of an equal weight point forecast combination is M SEgpwpr =
1 (1+ 2pk + k?) 07 while, under the linear opinion pool, that of the density
combination is MSEEWDF = % (1 + ]f2) 0'%. Thus MSEEWDF Z MSEEWPF
where the equality holds only when both p and &k are 1. In addition, while
the MSE of the density forecast combination does not depend on p, the lower
p the lower is MSEgwpp.

2.1 The aggregation weights

The properties of forecast combinations to some extent depend on the weight-
ing scheme adopted. Ideally, the weights should reflect the past performance
of the different models and be time-varying, i.e. computed recursively at
each point in time using all observations available. In practice equal weights
forecasts are often adopted; empirically these are found difficult to beat.
Timmermann (2006) extensively discusses the issue of setting the combina-
tion weights, mainly in the context of point forecasts. He argues that there
is some weak empirical evidence that time-varying weights work better. In
the context of density forecasts, Kascha and Ravazzolo (2010) do not find
significant improvements of using time-varying over equal weights.

A simple metrics for setting weights is to use the prediction mean square
error of different models (PMSE;),

1/PMSE;
W; = oy .
Yoo 1/PMSE;
These inverse MSE weights are widely used for point forecasts; they would
be optimal if the forecasts were independent?; see Bates and Granger (1969).

In the context of density forecasts, models are usually compared in terms
of their average (log) predictive density, the so-called log-score, S; = % log > v fit ()

2In empirical works cross correlation among forecasts is rarely taken into account for
setting combination weights. One reason may be that estimates of the correlation structure
tend to be very imprecise.



where the average is over some sample Y. In particular, the forecast density
fi is seen as a better approximation of the true distribution than f; if the
(out-of sample) log score is higher, S; > S;, i.e. if it gives higher probability
to the events that really occurred; see e.g. Mitchell and Hall (2005). Amisano
and Giacomini (2007) gives a formal test of equal forecast performance based
on the difference in the log score of the two models.

The log-score weights are defined as

e exp(S;)
b exp(Si)

In a Bayesian framework these weights are related to the models’ posterior
probabilities®.

3 Properties under Gaussianity of the indi-
vidual distributions

Simple formulas apply under Gaussianity. Let the mean and variance of
the individual distributions be y; and o, respectively. Then: (i) the Vin-
centized distribution is Gaussian with mean p.;, = > .w;u; and variance
o2, = > ,w;o3; (i) the linear pool is in general non-Gaussian with mean
fi = 32, wift; and variance of,, = 33, wio} + 32, w; (1 — )" (i) the log-
arithmic pool is Gaussian with mean p,, = (3, w;/ o2) 'S puws/o? and
variance o, = (3, wifo?) "

Note that the linear opinion pool has the same mean but higher variance
than quantile aggregation. The logarithmic opinion pool on the other hand
rescales the weights such that it is relatively ’closer’ to the individual distrib-
ution with smaller variance. Finally if the individual Gaussian distributions
have the same mean, then pi;, = iy, = i, and 02, = o, < oi..; here the
linear opinion pool is Gaussian and it coincides with quantile aggregation.

As an example, figure 1 shows the result of the three combination meth-
ods where the individual density functions are a N(0,1) and N(2,0.5). The
linear pool gives rise to a bimodal distribution. Compared with quantile ag-
gregation (that has the same mean as the linear pool), the logarithmic pool

tends more towards the individual distribution with lower variance.

3Hall-Mitchell (2007) suggest using ’optimal log-score weights’, defined as those that
maximize the log-score of the combined distribution under the linear opinion pool; see also
Conflitti, de Mol and Giannone (2013).



08 Equal weight aggregation of N(0,1) and N(2,0.5)

|~ N@OJ) — N(2,05)
[ | = Linear pool Logarithmic pool
o7k T Vincent average

Figure 1: Aggregation of Gaussian densities

3.1 The bias-variance tradeoff

The main message of Figure 1 is that large differences may arise among the
three combination methods if the individual distributions are not centered
around the same mean. However for the MSE loss function, typical of point
forecasts, a prediction bias may be compensated by lower variance, leaving
the mean square error unchanged.

Here we investigate the combination of Gaussian density forecasts that
are equally good in terms of the PMSE metrics, but have different biases.
We find that under such a bias-variance tradeoff the aggregation method may
matter.

Let gy, follow a standard normal distribution f;. We have two competing
forecast densities: a mean unbiased y; drawn from f; ~ N(0,0%) and a mean
biased with smaller variance y, drawn from fo ~ N(jiy, 0% — p2), independent
from f;. As the PMSE of the two forecasts is the same, the equal weight
combination is the same as the combination with inverse MSE weights.

Figure 2 compares the three different density forecast combinations against
the true N (0, 1) as the bias of the second forecast increases (the x-axis con-
tains values of p2/MSFE between 0.1 and 0.9). The metrics for comparison
is the Kullback-Leibler information criterion, or KLIC; thus the lower the

10



20 A)KLIC divergence - Same MSE and equal weights
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10 B) KLIC divergence - Same MSE and log-score weights
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= Logarithmic pool

= Vincent average

0.5

Figure 2: Combined density forecasts under a bias-variance tradeoff

better. Both inverse MSE weights and log-score weights are used.

For small biases (u3/0% < 0.4) all combined distributions behave very
similarly. The Vincent average seems overall the better option as it maintains
similar properties irrespectively of the bias. The logarithmic opinion pool
provides a bad approximation to the correct distribution unless log-score
weights are used.

4 Monte Carlo comparison of the combina-
tion methods for simple time series models

This section compares the density forecasts obtained with the different com-
bination methods for simple time serie models and data generating processes.
The first experiment is the same one considered in Mitchell and Wallis (2010),
where the data are generated by an AR(2) process and the forecasting models
to be combined contain only one lag of the dependent variable. In a second
experiment the data process is an AR(1) process with GARCH disturbances,
while the forecasts are generated ignoring either the autoregressing compo-
nent or the time-varying conditional volatility.
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The main metric over which forecast densities are compared is the KLIC
distance from the true distribution, defined as K LIC; = El[logfy(y) - logf(y)], wherefy
is the true density and f its forecast. Results are also reported for a Wald-
type test of the null hypothesis of equal forecast distributions (as in Amisano
and Giacomini, 2007), based on the statistic

b= %Zt (log fit(y:) — log fjt(yt))
? 6./VT ’

where fi;(.), f;:(.) are the competing forecasts densities, Zf\?j is an appropriate
estimate of the asymptotic variance of log fit(y:) — log f:(y:), and T is the
forecast sample size. Under the null hypothesis, t;; converge in distribution
to a N(0,1).

We report results based on 2000 Monte Carlo simulations and a sample
size T' = 150, as in Mitchell and Wallis (2010).

(2)

4.1 An AR(2) data generating process
We assume that the data are generated by the AR(2) process

Y = QY1 + @Yo + &, & ~ NIID(0, o2).

The ’ideal forecast’of y;, distributed as Foy = N (a1y;_1 + agy;_o, 02), is first
compared with two individual forecasts obtained from misspecified models
where 1, is regressed on either y, 1 or 1o only. These are distributed
as Fiy = N (pyye-1, ox(1 —p3)) and Fo = N (poys—a, o(1 — p?)), where
o7 = 02/(1 = aip;, — azpy), py = a1/(1 — az), py = a1p; + az.The individual
forecasts are then aggregated with equal weights according to three schemes
considered in this paper, yielding the combined distributions Fji, ¢, Floe+ and
Fiin+ respectively.

The resulting density forecasts are compared against the ideal forecast in
the table 1, where AR 1 and AR_ 2 denote the individual forecasts fi; and
fat, respectively. For each distribution we report the KLIC distance against
the true density fo; (the lower the better) and the percentage rejections of
the test (2) of equality with fo; at the 5% significance level.

We consider three configurations of the autoregressive parameters of the
data generating process: (1) a; = 1.5, as = —0.6, (2) a1 = 0.15, ay =
0.2, (3) a3 = —0.5, ag = 0.3. The corresponding first and second order
autocorrelation coefficients are: (1) p; = 0.94, p, = 0.80, (2) p; = 0.19,
py = 0.23, (3) p, = —0.71, p, = 0.66.
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The first three rows of the table contain nearly the same numbers as those
reported by Mitchell and Wallis (2010), to which we add the results for the
logarithm opinion pool and the vincentization aggregation methods. In case
(1) where data are very persistent (p;, = 0.94), the AR_ 1 model achieves
the lowest KLIC distance from the true distribution. Among the combined
forecasts, the logarithmic opinion pool is the preferable aggregation scheme
although it remains significantly worse than the AR 1. In case (2) and (3)
the three aggregation methods delivers similar results (with a slightly inferior
performance of the linear opinion pool), yielding a better outcome than the
individual forecasts.

Table 1. Comparison of density forecasts for an AR(2) data generating
process with unbiased forecasts.

Forecast Case (1) Case (2) Case (3)
KLIC  Test KLIC  Test KLIC Test
AR 1 22.5 99 2.1 24 4.8 47
AR 2 75.6 100 1.2 16 12.1 95
Lin. Pool 42.9 100 0.7 10 3.5 53
Log. Pool 36.3 100 0.7 8 1.9 26
Vincentization 49.5 100 0.6 8 2.2 28

In table 1 all forecasts are unbiased, while we have seen in section 3 that
greater differences may occur when we allow for a bias. To this extent we
also consider a forecast obtained from the true data generating process but
evaluated under an asymmetric loss function of the ’linex’ type, which delivers
a (constant) forecast bias; see e.g. Christoffersen and Diebold (1997). The
performance of the three aggregation schemes is evaluated when this biased
forecast is combined with the AR 1 model. Table 2 reports the results for
the parametrization labelled ’case (1)’ of the AR(2) data generating process
with 02 = 1, for a forecast bias equal to 0.5, 1 and 2. We report the KLIC
distances from the true distribution for both equal weight and inverse MSE
weights combinations, denoted K LICy e K LIC| respectively.

When the bias is relatively small, less or equal to 1, the performance of
the unbiased AR _ 1 forecasting model is worse than that of any of the three
combination schemes. Overall Vincentization appears to be the preferable
aggregation scheme: it is significantly better when the bias is larger, while
being not much different from the log opinion pool otherwise. In particular,
for the case of equal weight aggregation, the test of equal forecast distrib-
utions between Vincentization and the logarithmic pool (not shown in the
table) has rejection rates of the null hypothesis of 25, 79 and 97% when the
bias is equal to 0.5, 1.0 and 2.0 respectively. Using inverse MSE weights
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(columns K LIC}) may improve significantly the accuracy of the combined
distributions, but in this case it does not change the relative rankings of the
three methods.

Table 2. Comparison of density forecasts for an AR(2) data generating
process, for case (1) with biased forecasts.

Forecast bias = 0.5 bias = 1.0 bias = 2.0
KLIC, KLIC, KLIC, KLIC, KLIC, KLIC,
AR 1 22.5 22.5 22.5 22.5 22.5 22.5
Asymmetric loss 13.0 13.0 51.1 51.1 202.0 202.0
Lin. Pool 10.9 10.5 22.1 21.1 51.9 31.9
Log. Pool 8.6 8.4 20.3 18.4 66.6 28.1
Vincentization 9.6 9.1 17.1 16.3 46.8 22.9

4.2 Time-varying volatility
Here we assume that the data are generated by the AR(1)-GARCH(1,1)

process

Y = pyt—1+0t5t; Et NN[]D(O,l),
of = v+ayl, + Bl

We compare the properties of combining, with equal weights, the forecast
densities of two misspecified models: an AR(1) with constant conditional
variance and a GARCH(1,1) with constant conditional mean, denoted as fi;
and fo; respectively. For each individual distribution and forecast combi-
nation Table 3 reports the KLIC distance from the true density fo; and the
percentage rejections of the test (2) of equality with fo;, at the 5% significance
level. We report results only for a typical parametrization of the GARCH
( =10.04, B = 0.95) and for two cases of high and low persistence, p = 0.75
and p = 0.25 respectively.

For the case of highly persistent data (p = 0.75) the AR(1) model with
constant variance provides the most accurate approximation of the density
forecast to the true distribution, rejecting the null hypothesis of equality
only 20% of the times. Among the combined distributions, the logarithmic
pool has comparably better properties than the linear pool and the Vincent
average, the latter two behaving similarly. On the other hand, when the
data persistence is lower all combined distributions behave comparably better
than each individual forecasts, with the Vincent average being only slightly
superior.
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Table 3. Comparison of density forecasts for an AR(1)-GARCH(1,1) data
generating process

Forecast p=0.75 p=0.25
KLIC Test KLIC Test
AR 2.6 20 2.6 20
GARCH 31.4 98 2.9 30
Lin. Pool 11.2 86 1.1 15
Log. Pool 5.8 o1 1.2 13
Vincentization 12.9 85 0.9 13

5 An empirical illustration

As an example we consider combining forecasts of Italian GDP from two
simple models: (1) an autoregression of order 4; (2) a three variables VARX
model for GDP, inflation and long-term interest rate, with two lags of the
endogenous variables and additional exogenous regressors for foreign demand,
oil prices and the short term interest rate.

The VARX model can be viewed as a rough approximation of the macro-
econometric models typically used for producing conditional forecasts, with
specific assumptions on the future paths of foreign variables and of the mon-
etary policy rate. If the assumptions turn out to be more or less correct, then
the conditional forecasts can be much more accurate than the unconditional
ones. For example, in our case the (in-sample) variance of the 4-step ahead
prediction errors of percentage GDP growth is 1.9 for the AR model and 0.8
for the VARX.

The models are estimated on quarterly data for the period 1986-2006,
i.e. before the ’Great Recession’ of 2008-09 and the sovereign debt crisis.
Figure 3 provides in-sample and out-of-sample point predictions of the two
models for the four-step ahead percentage growth rate of GDP, yy 4y =
100(log GDP, 14 — log GDP,), together with the top and lower percentiles of
the equal-weights combinations of the forecast densities.

The two (out-of-sample) crises are clear outliers with respect to the re-
ported confidence bands, calculated on the basis of the in-sample fit.

Further insights regarding the properties of the forecast distributions are
contained in figure 4. The larger difference between the various combination
methods occur in the tail of the distributions. The outer percentiles of the
linear (logarithmic) opinion pool are closer to those of the less (more) precise
model, with the Vincent average being somewhat in between. The figure
also reports for each point in time the forecast of the probability that GDP

15



5- GDP growth and point forecasts from individual models. Out-of-sample period: 2007-2012

—— GDP growth
-%—%- AR prediction
—e—e- VARX prediction

I I I I I
1985 1990 1995 2000 2005 2010

GDP growth and top and lower percentiles of the combined forecast densities (linear pool, logarithmic pool, vincent average)

1985 1990 1995 2000 2005 2010

Figure 3: Individual point forecasts and confidence bands of the combined
distributions

99-th percentile of the forecast distributions
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0.0
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50-th percentile of the forecast distributions
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Figure 4: Selected percentiles and probabilities for the various density fore-
casts
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— AR — VARX == Lin. pool === Log. pool

Vincent

Figure 5: Density forecasts of 4-th step ahead predictions for GDP growth
in 2009q1

growth is between 0 and 1 percent in the corrisponding quarter of next year.
The individual models can imply quite different probability statements of
future GDP growth, whereas the three combined distributions provide very
similar answers in most cases.

Figure 5 contains the various densities for the 4-th step ahead GDP pre-
diction for the first quarter of 2009, in the middle of the great recession. Here
the individual models provide quite diverging predictions (partly because of
the assumption that the VARX uses the realized values of the exogenous
regressors), resulting in marked differences in the combined densities. The
result is qualitatively similar to the example provided figure 1, where the
logarithmic opinion pool is relatively closer to the less dispersed individual
distribution.

The test of equal forecast distributions, run over the estimation sample,
rejects the null hypothesis in all cases except for the comparison of the linear
combination pool with the Vincent average. Outside the estimation sample
the combined distribution obtained by Vincentization is overall preferable
in the sense that it achieves the highest log-score; the test of equal forecast
distributions however does not reject the null hypothesis. The apparent low
power of the test may be related to the small number of observations out-of-
sample.
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6 Concluding remarks

This paper has compared quantile aggregation against the linear and the
logarithimic opinion pool as methods for combining density forecasts. The
three methods imply larger differences in the combined distribution if there
are non-negligible biases in the individual forecasts. Overall the properties of
quantile aggregation are in between those of the linear and the logarithmic
pool. Quantile averaging appears particularly useful for combining forecast
distributions with large differences in location. Finally, the choice of weights
is important in determining the properties of the combined distributions and
calls for further research.

18



References

1]

[10]

[11]

[12]

Amisano, G. and R. Giacomini (2007), Comparing density forecasts via
weighted likelihood ratio tests, Journal of Business and Economic Sta-
tistics, 25, 177-190.

Bates, J.M. and C.W.J. Granger (1969), Combination of forecasts, Op-
erational Research Quarterly, 20, 451-468.

Britton, E., Fisher, P. and J. Whitley (1998), “The Inflation Report
Projections: Understanding the Fan Chart”, Bank of England Quarterly
Bulletin, 38, 30-37.

Clements, M.P. (2004), Evaluating the Bank of England density fore-
casts of inflation, Fconomic Journal, 114, 844-866.

Conflitti, C., de Mol, C. and D. Giannone (2012), Optimal Combination
of Survey Forecasts, CEPR Discussion Papers.

Corradi V. and N.R. Swanson (2003), Bootstrap conditional distribution
tests in the presence of dynamic misspecification, Journal of Economet-
rics, 133, 779-806.

Corradi V. and N.R. Swanson (2006), Predictive density evaluation, In
Handbook of Economic Forecasting, Elliot G, Granger CWJ, Timmer-
mann A (eds). Elsevier: Amsterdam; 197-284.

Diebold, F.X, Gunther T. and A.S. Tay (1998), Evaluating density fore-
casts with applications to finance and management, International Eco-
nomic Review, 39, 863—883.

Fawcett, N., Kapetanios, G., Mitchell, J. and S. Price (2013), Gener-
alised density forecast combinations, Bank of England Working Paper.

Genest, C. (1992), Vincentization revisited, The Annals of Statistics, 20,
1137-1142.

Genest, C. and J.V. Zidek (1986), Combining probability distributions:
a critique and an annotated bibliography, Statistical Science, 1, 114-148.

Geweke, J. and G. Amisano (2011), Optimal prediction pools, Journal
of Econometrics, 164, 130-141.

19



[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

23]

[24]

Granger, C.W.J., H. White and M. Kamstra (1989), Interval forecasting:
an analysis based upon ARCH-quantile estimators, Journal of Econo-
metrics, 40, 87-96.

Hall, S.G. and J. Mitchell (2007), Combining density forecasts, Interna-
tional Journal of Forecasting, 23, 1-13.

Hall, S.G. and J. Mitchell (2009), Recent developments in density fore-
casting, In Palgrave Handbook of Econometrics, Volume 2: Applied
Econometrics, Mills TC, Patterson K (eds), MacMillan.

Hendry, D.F. and M.P. Clements (2004), Pooling of forecasts, Fcono-
metrics Journal, 7, 1-31.

Jore, A.S., Mitchell, J. and S.P. Vahey (2010), Combining forecast den-
sities from VARs with uncertain instabilities, Journal of Applied Econo-
metrics, 25, 621-634.

Kascha, C. and F. Ravazzolo (2010), Combining inflation density fore-
casts, Journal of Forecasting, 29, 231-250.

Mitchell, J. and S.G. Hall (2005), Evaluating, comparing and combin-
ing density forecasts using the KLIC with an application to the Bank
of England and NIESER ‘fan’ charts of infl ation, Ozford Bulletin of
Economics and Statistics, 67, 995-1033.

Mitchell, J. and K.F. Wallis (2010), Evaluating density forecasts: fore-
cast combinations, model mixtures, calibration and sharpness, Journal
of Applied Econometrics.

Ratcliff, R. (1979), Group reaction time distributions and an analysis of
distribution statistics, Psychological Bulletin, 86, 446-461.

Stone, M. (1961), The opinion pool, Annals of Mathematical Statistics,
32, 1339-1342.

Thomas, E.A.C. and B.H. Ross (1980), On appropriate procedures for
combining probability distributions within the same family, Journal of
Mathematical Psychology, 21, 136-152.

Timmermann A. (2006), Forecast combinations, In Handbook of Eco-
nomic Forecasting, Elliot G, Granger CWJ, Timmermann A (eds). El-
sevier: Amsterdam; 135-196.

20



[25] Vincent, S.B. (1912), The function of the viborissae in the behavior of
the white rat. Behavioral Monographs, 1.

[26] Wallis, K.F. (2005), Combining density and interval forecasts: a modest
proposal, Ozford Bulletin of Economics and Statistics, 67, 983-994.

21



)

. 954

. 955

. 956

957

. 958

. 959

. 960

. 961

. 962

. 963

. 964

. 965

. 966

. 967

. 968

. 969

. 970

. 971

. 972

. 973

. 974

. 975

. 976

RECENTLY PUBLISHED “TEMI” (*)

Two EGARCH models and one fat tail, by Michele Caivano and Andrew Harvey
(March 2014).

My parents taught me. Evidence on the family transmission of values, by Giuseppe
Albanese, Guido de Blasio and Paolo Sestito (March 2014).

Political selection in the skilled city, by Antonio Accetturo (March 2014).

Calibrating the Italian smile with time-varying volatility and heavy-tailed models,
by Michele Leonardo Bianchi (April 2014).

The intergenerational transmission of reading: is a good example the best sermon?,
by Anna Laura Mancini, Chiara Monfardini and Silvia Pasqua (April 2014).

A tale of an unwanted outcome: transfers and local endowments of trust and
cooperation, by Antonio Accetturo, Guido de Blasio and Lorenzo Ricci (April 2014).

The impact of R&D subsidies on firm innovation, by Raffaello Bronzini and Paolo
Piselli (April 2014).

Public expenditure distribution, voting, and growth, by Lorenzo Burlon (April
2014).

Cooperative R&D networks among firms and public research institutions,
by Marco Marinucci (June 2014).

Technical progress, retraining cost and early retirement, by Lorenzo Burlon and
Montserrat Vilalta-Bufi (June 2014).

Foreign exchange reserve diversification and the “exorbitant privilege”, by Pietro
Cova, Patrizio Pagano and Massimiliano Pisani (July 2014).

Behind and beyond the (headcount) employment rate, by Andrea Brandolini and
Eliana Viviano (July 2014).

Bank bonds: size, systemic relevance and the sovereign, by Andrea Zaghini (July
2014).

Measuring spatial effects in presence of institutional constraints: the case of
Italian Local Health Authority expenditure, by Vincenzo Atella, Federico Belotti,
Domenico Depalo and Andrea Piano Mortari (July 2014).

Price pressures in the UK index-linked market: an empirical investigation, by
Gabriele Zinna (July 2014).

Stock market efficiency in China: evidence from the split-share reform, by Andrea
Beltratti, Bernardo Bortolotti and Marianna Caccavaio (September 2014).

Academic performance and the Great Recession, by Effrosyni Adamopoulou and
Giulia Martina Tanzi (September 2014).

Random switching exponential smoothing and inventory forecasting, by Giacomo
Sbrana and Andrea Silvestrini (September 2014).

Are Sovereign Wealth Funds contrarian investors?, by Alessio Ciarlone and Valeria
Miceli (September 2014).

Inequality and trust: new evidence from panel data, by Guglielmo Barone and
Sauro Mocetti (September 2014).

Identification and estimation of outcome response with heterogeneous treatment
externalities, by Tiziano Arduini, Eleonora Patacchini and Edoardo Rainone
(September 2014).

Hedonic value of Italian tourism supply: comparing environmental and cultural
attractiveness, by Valter Di Giacinto and Giacinto Micucci (September 2014).

Multidimensional poverty and inequality, by Rolf Aaberge and Andrea Brandolini
(September 2014).

Requests for copies should be sent to:
Banca d’Italia — Servizio Struttura economica e finanziaria — Divisione Biblioteca e Archivio storico —
Via Nazionale, 91 — 00184 Rome — (fax 0039 06 47922059). They are available on the Internet www.bancaditalia.it.



"TEMI" LATER PUBLISHED ELSEWHERE

2011

S. D1 ADDARIO, Job search in thick markets, Journal of Urban Economics, v. 69, 3, pp. 303-318, TD No.
605 (December 2006).

F. SCHIVARDI and E. VIVIANO, Entry barriers in retail trade, Economic Journal, v. 121, 551, pp. 145-170, TD
No. 616 (February 2007).

G. FERRERO, A. NOBILI and P. PASSIGLIA, Assessing excess liquidity in the Euro Area: the role of sectoral
distribution of money, Applied Economics, v. 43, 23, pp. 3213-3230, TD No. 627 (April 2007).

P. E. MISTRULLI, Assessing financial contagion in the interbank market: maximun entropy versus observed
interbank lending patterns, Journal of Banking & Finance, v. 35, 5, pp. 1114-1127, TD No. 641
(September 2007).

E. CIAPANNA, Directed matching with endogenous markov probability: clients or competitors?, The
RAND Journal of Economics, v. 42, 1, pp. 92-120, TD No. 665 (April 2008).

M. BUGAMELLI and F. PATERNO, Output growth volatility and remittances, Economica, v. 78, 311, pp.
480-500, TD No. 673 (June 2008).

V. DI GIACINTO e M. PAGNINI, Local and global agglomeration patterns: two econometrics-based
indicators, Regional Science and Urban Economics, v. 41, 3, pp. 266-280, TD No. 674 (June 2008).

G. BARONE and F. CINGANO, Service regulation and growth: evidence from OECD countries, Economic
Journal, v. 121, 555, pp. 931-957, TD No. 675 (June 2008).

P. SESTITO and E. VIVIANO, Reservation wages: explaining some puzzling regional patterns, Labour, v. 25,
1, pp. 63-88, TD No. 696 (December 2008).

R. GIORDANO and P. TOMMASINO, What determines debt intolerance? The role of political and monetary
institutions, European Journal of Political Economy, v. 27, 3, pp. 471-484, TD No. 700 (January 2009).

P. ANGELINI, A. NOBILI and C. PICILLO, The interbank market after August 2007: What has changed, and
why?, Journal of Money, Credit and Banking, v. 43, 5, pp. 923-958, TD Ne. 731 (October 2009).

G. BARONE and S. MOCETTI, Tax morale and public spending inefficiency, International Tax and Public
Finance, v. 18, 6, pp. 724-49, TD No. 732 (November 2009).

L. FOrRNI, A. GERALI and M. PISANL, The Macroeconomics of Fiscal Consolidation in a Monetary Union:
the Case of Italy, in Luigi Paganetto (ed.), Recovery after the crisis. Perspectives and policies,
VDM Verlag Dr. Muller, TD No. 747 (March 2010).

A. D1 CESARE and G. GUAZZAROTTI, An analysis of the determinants of credit default swap changes before
and during the subprime financial turmoil, in Barbara L. Campos and Janet P. Wilkins (eds.), The
Financial Crisis: Issues in Business, Finance and Global Economics, New York, Nova Science
Publishers, Inc., TD No. 749 (March 2010).

A. LEVY and A. ZAGHINI, The pricing of government guaranteed bank bonds, Banks and Bank Systems, v.
6, 3, pp. 16-24, TD No. 753 (March 2010).

G. BARONE, R. FELICI and M. PAGNINI, Switching costs in local credit markets, International Journal of
Industrial Organization, v. 29, 6, pp. 694-704, TD Ne. 760 (June 2010).

G. BARBIERI, C. ROSSETTI e P. SESTITO, The determinants of teacher mobility: evidence using Italian
teachers' transfer applications, Economics of Education Review, v. 30, 6, pp. 1430-1444,
TD No. 761 (marzo 2010).

G. GRANDE and 1. VISCO, 4 public guarantee of a minimum return to defined contribution pension scheme
members, The Journal of Risk, v. 13, 3, pp. 3-43, TD No. 762 (June 2010).

P. DEL GIOVANE, G. ERAMO and A. NOBILI, Disentangling demand and supply in credit developments: a
survey-based analysis for Italy, Journal of Banking and Finance, v. 35, 10, pp. 2719-2732, TD No.
764 (June 2010).

G. BARONE and S. MOCETTI, With a little help from abroad: the effect of low-skilled immigration on the
female labour supply, Labour Economics, v. 18, 5, pp. 664-675, TD No. 766 (July 2010).

S. FEDERICO and A. FELETTIGH, Measuring the price elasticity of import demand in the destination markets of
italian exports, Economia e Politica Industriale, v. 38, 1, pp. 127-162, TD Ne. 776 (October 2010).

S. MAGRI and R. Pico, The rise of risk-based pricing of mortgage interest rates in lItaly, Journal of
Banking and Finance, v. 35, 5, pp. 1277-1290, TD No. 778 (October 2010).



M. TABOGA, Under/over-valuation of the stock market and cyclically adjusted earnings, International
Finance, v. 14, 1, pp. 135-164, TD No. 780 (December 2010).

S. NERI, Housing, consumption and monetary policy: how different are the U.S. and the Euro area?, Journal
of Banking and Finance, v.35, 11, pp. 3019-3041, TD No. 807 (April 2011).

V. CUCINIELLO, The welfare effect of foreign monetary conservatism with non-atomistic wage setters, Journal
of Money, Credit and Banking, v. 43, 8, pp. 1719-1734, TD No. 810 (June 2011).

A. CALZA and A. ZAGHINL, welfare costs of inflation and the circulation of US currency abroad, The B.E.
Journal of Macroeconomics, v. 11, 1, Art. 12, TD No. 812 (June 2011).

L. FAIELLA, La spesa energetica delle famiglie italiane, Energia, v. 32, 4, pp. 40-46, TD No. 822 (September
2011).

D. DEPALO and R. GIORDANO, The public-private pay gap: a robust quantile approach, Giornale degli
Economisti e Annali di Economia, v. 70, 1, pp. 25-64, TD No. 824 (September 2011).

R. DE BONIS and A. SILVESTRINL, The effects of financial and real wealth on consumption: new evidence from
OECD countries, Applied Financial Economics, v. 21, 5, pp. 409-425, TD No. 837 (November 2011).

F. CAPRIOLL P. RizzA and P. TOMMASINO, Optimal fiscal policy when agents fear government default, Revue
Economique, v. 62, 6, pp. 1031-1043, TD No. 859 (March 2012).

2012

F. CINGANO and A. ROSOLIA, People I know: job search and social networks, Journal of Labor Economics, v.
30, 2, pp. 291-332, TD No. 600 (September 2006).

G. GoBBI and R. Z1zzZA, Does the underground economy hold back financial deepening? Evidence from the
italian credit market, Economia Marche, Review of Regional Studies, v. 31, 1, pp. 1-29, TD No. 646
(November 2006).

S. MOCETTL, Educational choices and the selection process before and after compulsory school, Education
Economics, v. 20, 2, pp. 189-209, TD No. 691 (September 2008).

P. PINOTTI, M. BIANCHI and P. BUONANNO, Do immigrants cause crime?, Journal of the European
Economic Association , v. 10, 6, pp. 1318-1347, TD No. 698 (December 2008).

M. PERICOLI and M. TABOGA, Bond risk premia, macroeconomic fundamentals and the exchange rate,
International Review of Economics and Finance, v. 22, 1, pp. 42-65, TD No. 699 (January 2009).

F. Lippi and A. NOBILI, Oil and the macroeconomy: a quantitative structural analysis, Journal of European
Economic Association, v. 10, 5, pp. 1059-1083, TD No. 704 (March 2009).

G. AscARI and T. ROPELE, Disinflation in a DSGE perspective: sacrifice ratio or welfare gain ratio?,
Journal of Economic Dynamics and Control, v. 36, 2, pp. 169-182, TD No. 736 (January 2010).

S. FEDERICO, Headquarter intensity and the choice between outsourcing versus integration at home or
abroad, Industrial and Corporate Chang, v. 21, 6, pp. 1337-1358, TD No. 742 (February 2010).

I. BUONO and G. LALANNE, The effect of the Uruguay Round on the intensive and extensive margins of
trade, Journal of International Economics, v. 86, 2, pp. 269-283, TD No. 743 (February 2010).

A. BRANDOLINI, S. MAGRI and T. M SMEEDING, Asset-based measurement of poverty, In D. J. Besharov
and K. A. Couch (eds), Counting the Poor: New Thinking About European Poverty Measures and
Lessons for the United States, Oxford and New York: Oxford University Press, TD No. 755
(March 2010).

S. GOMES, P. JACQUINOT and M. PISANI, The EAGLE. A model for policy analysis of macroeconomic
interdependence in the euro area, Economic Modelling, v. 29, 5, pp. 1686-1714, TD No. 770
(July 2010).

A. ACCETTURO and G. DE BLASIO, Policies for local development: an evaluation of Italy’s “Patti
Territoriali”, Regional Science and Urban Economics, v. 42, 1-2, pp. 15-26, TD No. 789
(January 2006).

F. BUSETTI and S. D1 SANZO, Bootstrap LR tests of stationarity, common trends and cointegration, Journal
of Statistical Computation and Simulation, v. 82, 9, pp. 1343-1355, TD No. 799 (March 2006).

S. NERI and T. ROPELE, Imperfect information, real-time data and monetary policy in the Euro area, The
Economic Journal, v. 122, 561, pp. 651-674, TD No. 802 (March 2011).

A. ANZUINI and F. FORNARI, Macroeconomic determinants of carry trade activity, Review of International
Economics, v. 20, 3, pp. 468-488, TD No. 817 (September 2011).

M. AFFINITO, Do interbank customer relationships exist? And how did they function in the crisis? Learning
from Italy, Journal of Banking and Finance, v. 36, 12, pp. 3163-3184, TD No. 826 (October 2011).



P. GUERRIERI and F. VERGARA CAFFARELLI, Trade Openness and International Fragmentation of
Production in the European Union: The New Divide?, Review of International Economics, v. 20, 3,
pp. 535-551, TD No. 855 (February 2012).

V. DI GIACINTO, G. Micuccl and P. MONTANARO, Network effects of public transposrt infrastructure:
evidence on Italian regions, Papers in Regional Science, v. 91, 3, pp. 515-541, TD No. 869 (July
2012).

A. FILIPPIN and M. PACCAGNELLA, Family background, self-confidence and economic outcomes,
Economics of Education Review, v. 31, 5, pp. 824-834, TD No. 875 (July 2012).

2013

A. MERCATANTI, A likelihood-based analysis for relaxing the exclusion restriction in randomized
experiments with imperfect compliance, Australian and New Zealand Journal of Statistics, v. 55, 2,
pp. 129-153, TD No. 683 (August 2008).

F. CINGANO and P. PINOTTI, Politicians at work. The private returns and social costs of political connections,
Journal of the European Economic Association, v. 11, 2, pp. 433-465, TD No. 709 (May 2009).

F. BUSETTI and J. MARcuccl, Comparing forecast accuracy: a Monte Carlo investigation, International
Journal of Forecasting, v. 29, 1, pp. 13-27, TD No. 723 (September 2009).

D. DOTTORI, S. I-LING and F. ESTEVAN, Reshaping the schooling system: The role of immigration, Journal
of Economic Theory, v. 148, 5, pp. 2124-2149, TD No. 726 (October 2009).

A. FINICELLL P. PAGANO and M. SBRACIA, Ricardian Selection, Journal of International Economics, v. 89,
1, pp. 96-109, TD No. 728 (October 2009).

L. MONTEFORTE and G. MORETTI, Real-time forecasts of inflation: the role of financial variables, Journal
of Forecasting, v. 32, 1, pp. 51-61, TD No. 767 (July 2010).

R. GIORDANO and P. TOMMASINO, Public-sector efficiency and political culture, FinanzArchiv, v. 69, 3, pp.
289-316, TD No. 786 (January 2011).

E. GAIOTTI, Credit availablility and investment: lessons from the "Great Recession”, European Economic
Review, v. 59, pp. 212-227, TD No. 793 (February 2011).

F. Nucct and M. RIGGI, Performance pay and changes in U.S. labor market dynamics, Journal of
Economic Dynamics and Control, v. 37, 12, pp. 2796-2813, TD No. 800 (March 2011).

G. CAPPELLETTI, G. GUAZZAROTTI and P. TOMMASINO, What determines annuity demand at retirement?,
The Geneva Papers on Risk and Insurance — Issues and Practice, pp. 1-26, TD No. 805 (April 2011).

A. ACCETTURO ¢ L. INFANTE, Skills or Culture? An analysis of the decision to work by immigrant women
in Italy, IZA Journal of Migration, v. 2, 2, pp. 1-21, TD No. 815 (July 2011).

A. DE SoCI0, Squeezing liquidity in a “lemons market” or asking liquidity “on tap”, Journal of Banking and
Finance, v. 27, 5, pp. 1340-1358, TD No. 819 (September 2011).

S. GOMES, P. JACQUINOT, M. MOHR and M. PISANI, Structural reforms and macroeconomic performance
in the euro area countries: a model-based assessment, International Finance, v. 16, 1, pp. 23-44,
TD No. 830 (October 2011).

G. BARONE and G. DE BLASIO, Electoral rules and voter turnout, International Review of Law and
Economics, v. 36, 1, pp. 25-35, TD No. 833 (November 2011).

O. BLANCHARD and M. RIGGI, Why are the 2000s so different from the 1970s? A structural interpretation
of changes in the macroeconomic effects of oil prices, Journal of the European Economic
Association, v. 11, 5, pp. 1032-1052, TD No. 835 (November 2011).

R. CRISTADORO and D. MARCONI, Household savings in China, in G. Gomel, D. Marconi, I. Musu, B.
Quintieri (eds), The Chinese Economy: Recent Trends and Policy Issues, Springer-Verlag, Berlin,
TD No. 838 (November 2011).

E. GENNARI and G. MESSINA, How sticky are local expenditures in Italy? Assessing the relevance of the
flypaper effect through municipal data, International Tax and Public Finance (DOI:
10.1007/s10797-013-9269-9), TD No. 844 (January 2012).

A. ANZUINI, M. J. LOMBARDI and P. PAGANO, The impact of monetary policy shocks on commodity prices,
International Journal of Central Banking, v. 9, 3, pp. 119-144, TD No. 851 (February 2012).

R. GAMBACORTA and M. IANNARIO, Measuring job satisfaction with CUB models, Labour, v. 27, 2, pp.
198-224, TD No. 852 (February 2012).



G. AscARI and T. ROPELE, Disinflation effects in a medium-scale new keynesian model: money supply rule
versus interest rate rule, European Economic Review, v. 61, pp. 77-100, TD No. 867 (April
2012).

E. BERETTA and S. DEL PRETE, Banking consolidation and bank-firm credit relationships: the role of
geographical features and relationship characteristics, Review of Economics and Institutions,
v. 4,3, pp. 1-46, TD No. 901 (February 2013).

M. ANDINI, G. DE BLASIO, G. DURANTON and W. STRANGE, Marshallian labor market pooling: evidence
from Italy, Regional Science and Urban Economics, v. 43, 6, pp.1008-1022, TD No. 922 (July
2013).

G. SBRANA and A. SILVESTRINI, Forecasting aggregate demand: analytical comparison of top-down and
bottom-up approaches in a multivariate exponential smoothing framework, International Journal of
Production Economics, v. 146, 1, pp. 185-98, TD No. 929 (September 2013).

A. FILIPPIN, C. V, FIORIO and E. VIVIANO, The effect of tax enforcement on tax morale, European Journal
of Political Economy, v. 32, pp. 320-331, TD No. 937 (October 2013).

2014

M. TABOGA, The riskiness of corporate bonds, Journal of Money, Credit and Banking, v.46, 4, pp. 693-713,
TD No. 730 (October 2009).

G. Micucct and P. RosSL, 11 ruolo delle tecnologie di prestito nella ristrutturazione dei debiti delle imprese in
crisi, in A. Zazzaro (a cura di), Le banche ¢ il credito alle imprese durante la crisi, Bologna, Il Mulino,
TD No. 763 (June 2010).

P. ANGELINI, S. NERI and F. PANETTA, The interaction between capital requirements and monetary policy,
Journal of Money, Credit and Banking, v. 46, 6, pp. 1073-1112, TD No. 801 (March 2011).

M. FRANCESE and R. MARZIA, Is there Room for containing healthcare costs? An analysis of regional
spending differentials in Italy, The European Journal of Health Economics, v. 15, 2, pp. 117-132,
TD No. 828 (October 2011).

L. GAMBACORTA and P. E. MISTRULLI, Bank heterogeneity and interest rate setting: what lessons have we
learned since Lehman Brothers?, Journal of Money, Credit and Banking, v. 46, 4, pp. 753-778,
TD No. 829 (October 2011).

M. PERICOLI, Real term structure and inflation compensation in the euro area, International Journal of
Central Banking, v. 10, 1, pp. 1-42, TD No. 841 (January 2012).

V. DI GACINTO, M. GOMELLINI, G. Micuccl and M. PAGNINI, Mapping local productivity advantages in Italy:
industrial districts, cities or both?, Journal of Economic Geography, v. 14, pp. 365-394, TD No. 850
(January 2012).

A. ACCETTURO, F. MANARESL, S. MOCETTI and E. OLIVIERI, Don't Stand so close to me: the urban impact
of immigration, Regional Science and Urban Economics, v. 45, pp. 45-56, TD No. 866 (April
2012).

S. FEDERICO, Industry dynamics and competition from low-wage countries: evidence on Italy, Oxford
Bulletin of Economics and Statistics, v. 76, 3, pp. 389-410, TD No. 879 (September 2012).

F. D’AMURI and G. PERI, Immigration, jobs and employment protection: evidence from Europe before and
during the Great Recession, Journal of the European Economic Association, v. 12, 2, pp. 432-464,
TD No. 886 (October 2012).

M. TABOGA, What is a prime bank? A euribor-OIS spread perspective, International Finance, v. 17, 1, pp.
51-75, TD No. 895 (January 2013).

L. GAMBACORTA and F. M. SIGNORETTI, Should monetary policy lean against the wind? An analysis based
on a DSGE model with banking, Journal of Economic Dynamics and Control, v. 43, pp. 146-74,
TD No. 921 (July 2013).

U. ALBERTAZZI and M. BOTTERO, Foreign bank lending: evidence from the global financial crisis, Journal
of International Economics, v. 92, 1, pp. 22-35, TD No. 926 (July 2013).

R. DE BONIS and A. SILVESTRINI, The Italian financial cycle: 1861-2011, Cliometrica, v.8, 3, pp. 301-334,
TD No. 936 (October 2013).

D. PIANESELLI and A. ZAGHINL, The cost of firms’ debt financing and the global financial crisis, Finance
Research Letters, v. 11, 2, pp. 74-83, TD No. 950 (February 2014).

A. ZAGHINI, Bank bonds: size, systemic relevance and the sovereign, International Finance, v. 17, 2, pp. 161-
183, TD No. 966 (July 2014).



FORTHCOMING

M. BUGAMELLL, S. FABIANI and E. SETTE, The age of the dragon: the effect of imports from China on firm-
level prices, Journal of Money, Credit and Banking, TD No. 737 (January 2010).

F. D’AMURI, Gli effetti della legge 133/2008 sulle assenze per malattia nel settore pubblico, Rivista di
Politica Economica, TD No. 787 (January 2011).

E. CocozzA and P. PISELLI, Testing for east-west contagion in the European banking sector during the
financial crisis, in R. Matousek; D. Stavarek (eds.), Financial Integration in the European Union,
Taylor & Francis, TD No. 790 (February 2011).

R. BRONZINI and E. IACHINI, Are incentives for R&D effective? Evidence from a regression discontinuity
approach, American Economic Journal : Economic Policy, TD No. 791 (February 2011).

G. DE BLASIO, D. FANTINO and G. PELLEGRINI, Evaluating the impact of innovation incentives: evidence
from an unexpected shortage of funds, Industrial and Corporate Change, TD No. 792 (February
2011).

A. D1 CESARE, A. P. STORK and C. DE VRIES, Risk measures for autocorrelated hedge fund returns, Journal
of Financial Econometrics, TD No. 831 (October 2011).

D. FANTINO, A. MORI and D. SCALISE, Collaboration between firms and universities in Italy: the role of a
firm's proximity to top-rated departments, Rivista Italiana degli economisti, TD No. 884 (October
2012).

G. BARONE and S. MOCETTI, Natural disasters, growth and institutions: a tale of two earthquakes, Journal
of Urban Economics, TD No. 949 (January 2014).



	Pagina vuota



