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Abstract
A short term mixed-frequency model is proposed to estimate and forecast the Italian
economic activity fortnightly. Building on Frale et al. (2011), we introduce a dynamic factor
model with three frequencies (quarterly, monthly and fortnightly), by selecting indicators that
show significant coincident and leading properties and are representative of both demand and
supply. We find that high-frequency indicators improve the real time forecasts of Italian GDP.
Moreover, the model provides a new fortnightly indicator of GDP, consistent with the official
quarterly series. Our results emphasize the potential benefit of the high frequency series,
providing forecasting gains beyond those based on monthly variables alone.
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1. Introduction1
Estimating the current state of the economy and forecasting future values of macroeconomic variables are extremely important tasks. Institutions need to improve the timeliness of
policies and market makers need to anticipate asset price changes. Gross Domestic Product
(GDP), the most important indicator of economic activity, has ocial gures that are typically reported quarterly, with a delay of at least one month. Therefore accurate and timely
predictions of GDP are necessary to get an insightful idea of the current and future state of
the economy.
The increasing search and availability of non-structured data sets, based on big data and
experimental data, suggest that high frequency series should contain additional information
about the business cycle and therefore should be considered as relevant for both macroeconomic nowcasting and forecasting.
The problem in using these data is that they are typically available at dierent frequencies
and with a ragged edge structure. This requires the use of models able to incorporate this
heterogeneity in terms of frequency, number of variables and time durations. In particular,
taking advantage of indicators available in real time requires an ecient tool in order to face
two main challenges.

First, how to handle the mixing-frequency features of the available

data, matching for example daily nancial data with monthly variables and other quarterly
indicators. The second issue concerns how to extract useful information, i.e. how to identify
the main common components from the cross-section of the available indicators.
A convenient approach to address both issues is to use mixed-frequency factor models,
that are suited to estimating the economic activity using indicators available at dierent time
frequencies, possibly higher than the observable data. This idea has two advantages. On the
one hand, it allows us to exploit more information, in order to extract an unobserved state
of the economy and create a new coincident index. On the other hand, these models provide
timely updates of the key macroeconomic variables and produce accurate forecasts.
Mixed-frequency factor models are not new in the literature.

Extending the Stock and

Watson (1991) US coincident index, Mariano and Murasawa (2003) propose a dynamic factor model that combines quarterly GDP and monthly business cycle indicators. Interesting
early applications on macroeconomic series can be found in Mariano and Murasawa (2010),
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Giannone et al. (2008), Banbura and Runstler (2011), Frale et al. (2010, 2011), Proietti and
Moauro (2006), Aruoba et al. (2009), Marcellino et al. (2016), Andreou et al. (2017), Bragioli
and Modugno (2017),Schorfheide and Song (2015), and McCracken et al. (2015).
The macroeconomic literature on forecasting with mixed-frequency factor models has
mainly focused on monthly and quarterly frequencies. The EUROMIND indicator of Frale et
al. (2011) or the dynamic factor model with stochastic volatility of Marcellino et al. (2016)
are, among others,

empirical illustrations on how to track and forecast GDP every month,

possibly in real time. Recently, Andreou et al. (2017) propose a novel grouped factor analysis
valid for large panels and identify industrial production as the dominant factor for the US
economy.
In this paper we estimate and forecast the Italian GDP once every two weeks, i.e. fortnightly. In particular, we propose a one-factor model with three frequencies (namely quarterly,
monthly and fortnightly), by selecting indicators that have signicant coincident and leading
properties in predicting Italian economic activity and, at the same time, are representative
of both demand and supply. We adopt the small-scale approach of Mariano and Murasawa
(2003), in view of the results of Boivin and Ng (2006). We cast the model using a state-space
representation. In particular, we generalize the state-space form (SSF) proposed by Frale et
al.

(2011) to take into consideration the constraints imposed by the temporal aggregation

of three (or more) dierent frequencies.

The modied SSF is dened in terms of partially

cumulated high-frequency series subject to missing observations, and a Kalman lter and a
smoother are then applied to estimate missing values and generate forecasts via maximum

2

likelihood .
From a methodological point of view, our work is close to Aruoba et al.

(2009), who

propose a framework to track economic activity in real time, using data available at a variety
of dierent frequencies.
forecast of

latent

However, while their paper mainly focuses on the extraction and

business activity, in our paper high-frequency indicators are exploited to

disaggregate the quarterly values of GDP at higher frequency. This allows us to obtain timely
updates of the GDP values which are, at the same time, consistent with the quarterly ocial
releases provided by statistical agencies.
We nd that the use of high-frequency indicators signicantly contributes to improving
the estimates and the forecasts of Italian GDP. These results are in line with the ndings of
Casals et al. (2009), who show theoretically how temporal aggregation aects the predictive
accuracy of the models estimated with low frequency data (see also Marcellino, 1999).

2

To

In the context of a large dataset (Forni et al., 2000), a computationally feasible maximum likelihood
approach has been proposed by Banbura and Modugno (2014) and Jungbacker et al. (2011).
6

assess the performance and forecasting ability of our model in real time, we conduct an out-ofsample exercise and compare our results with other alternative models which do not include
the fortnightly frequency. We show that our fortnightly model outperforms other benchmark
models and provides smaller RMSEs, with the gain being statistically signicant especially
for nowcasting.
In principle, our model is able to deal with data available at higher frequencies, including
daily, as proposed in Aruoba et al. (2009). However, we think that daily data could induce
noise in the model estimates, as they are strongly aected by seasonal components, that would
require specic treatments, out of the scope of this work.
The rest of the paper is organized as follows.

3

In Section 2 we briey revise the mixed-

frequency factor model of Frale et al. (2011) and show how its representation can be generalized to handle data available at more than two frequencies. Section 3 presents an empirical
application that delivers a fortnightly indicator of the Italian economic activity.

Section 4

concludes.

2. The model framework
This section describes our mixed-frequency factor model. The econometric framework was
originally developed in Frale et al. (2011) to obtain a monthly coincident index for the euro
area, considering a model with two frequencies (i.e., quarterly and monthly). We extend this
framework to the case of multiple frequencies.

We start by introducing the main notation

and assumptions and then provide an overview of the statistical treatment of the model. The
SSF and its generalization to the case of more than two frequencies, including other ltering
and estimation details, are reported in the Appendix.
Let

yt

N × 1 vector of time
I(1). In our context, for

denote an

of order one, or

series at time
example,

yt

t,

which we assume to be integrated

can collect the GDP series and other

economic indicators, eventually available at dierent frequencies. The dynamic factor model
assumes that the series in

yt

can be modeled as the sum of two components.

component is represented by the common factor,

4

ft .

The second one,

γ t,

The rst

captures instead

the idiosyncratic behaviour of each series . We assume that both components are dierence

3

It is worth noting that estimation at a daily (or weekly) basis would introduce the further problem of
time-varying temporal aggregation due to the dierent lengths of months. A fortnightly frequency, instead,
allows us to set two pre-specied (and time-constant) intervals in each month. The rst interval is represented
by the rst 15 days of the month, while the second fortnight coincides with the last day of each month (whether
it has 28, 29, 30 or 31 days).
4
A multiple factor representation is also possible using this framework. A very interesting application
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stationary and subject to autoregressive dynamics.

Finally, let

θ

be an

N ×1

vector of

loadings. Then, the factor model (Stock and Watson, 1991) has the following representation:

yt
= ϑft + γ t + BX t , t = 1, 2, .., n
φ(L)∆ft = ηt ,
ηt ∼ N ID(0, ση2 )
D(L)∆γ t = δ + η ∗t
η ∗t ∼ N ID(0, Ση∗ )
where

φ(L)

is an autoregressive polynomial of order

p

(1)

with stationary roots,

φ(L) = 1 − φ1 L − φ2 L2 − ... − φp Lp ,
D(L) = diag [d1 (L), d2 (L), ..., dN (L)] is diagonal with di (L) =
1 − di1 L − di2 − ... − dipi Lpi . The disturbances ηt and η ∗t are mutually uncorrelated at
2
2
2
all leads and lags and Ση ∗ = diag(σ1 , σ2 , ..., σN ). The k × 1 vector X t eventually contains
the value of k deterministic regressors at time t, that are common to all series (e.g. trading
days and moving festivals regressors), while B is the associated N × k matrix of regression
and the polynomial matrix

L2

coecients.

The estimation of both model parameters and the common factor, together

with the disaggregated GDP values, is carried out by using a state space approach which is
described in the Appendix.
When dealing with mixed-frequencies, the SSF of the model needs to be modied in order
to account for the dierent timeliness of the data.

Once the base-frequency is established,

the model can be dened in terms of partially observed cumulated series and the temporal
aggregation issue is converted into a missing values problem as follows.
Formally, suppose that

yt

y

h

=

0 ,
1,t

y

0 , ...,
2,t

y

0
S,t

i0

yt

(expressed in levels) can be partitioned into

, where the rst group (of dimension

available at the highest frequency (i.e.
blocks (with dimension

N2 + ... + NS )

the

base

N1 )

S

groups, i.e.

contains the variables

frequency), while the remaining

(S − 1)

gather the set of ow-variables which are subject to

temporal disaggregation. For example, assume that we have observations available at
dierent frequencies, namely fortnightly

yt = y

i0

(yF t ),

y

y

S=3

monthly ( M t ) and quarterly ( Qt ), so that

y y . If the base frequency of the model is the fortnightly one, then all the
variables in yF t do not need to be disaggregated. However, since the monthly and quarterly
h

0 ,
Ft

0 ,
Mt

0
Qt

of a grouped factor model can be found in Andreou et al. (2017). Assuming that there could be sectorspecic shocks aecting the US economy, they allow for the presence of three types of factors. The rst
group of factors explains the variation common to all the sectors in the economy (economy-wide factors); the
second type includes factors exclusively pertaining to the IP sector, while the third one identies factors that
exclusively aect the non-IP sector.
8

yM t

and

λm = 2

con-

data are not available at the fortnightly frequency (due to time aggregation), both

yQt

are not directly observable. Instead, the monthly data arises at the sum of

secutive fortnightly (twice per month) values, while the quarterly aggregates can be viewed
as the sum of

λq = 6

consecutive fortnightly measures.

y∗τ

Using a more general notation, we can dene the vector

represents the set of the observed aggregated variables available
with

λs

being the aggregation level corresponding to the

s-th

∗0
∗0 0
= [y∗0
1τ , y2τ , ..., ysτ ] which
at time τ = 1, 2, ..., [T /λs ],

group of variables. Than, the

temporal aggregation constrains impose that:

y

∗
sτ

=

λX
s −1

ys,τ λs −j ,

s = 1, 2, ..., S

τ = 1, 2, ..., [T /λs ]

j=0
Note that

λ1

will be always equal to 1 in our framework, since it represents the aggregation

level of the model base frequency.
One of the key features for the treatment of this set-up is the introduction of a cumulator
variable into the state space model (see Harvey, 1989). To facilitate the intuition behind this
mechanism, consider rst the simplest case with only one temporal aggregation constraint
and just two sets of variables, as in Frale et al. (2011). Let
level and assume

yt

= [y

0 ,
1t

y

0 ]0 , with
2t

y2t

aggregation. Then, the cumulator variable,

λ

be any specied aggregation

being the set of indicators subject to temporal

yc2t , is dened as:

yc2t = ψt yc2,t−1 + y2t
where

ψt

is an indicator variable such that:

(
ψt =
In other words, at times

0 t = λ(τ − 1) + 1,
1 otherwise

t = λτ

τ = 1, 2, ..., [n/λ]

the cumulator variable coincides with the observed aggre-

gate series (e.g. the observed quarterly value of the GDP), otherwise it contains the partial
cumulative value of the aggregate in a smaller time interval (e.g.
with

S > 2

When dealing

dierent frequencies, a more general version of this framework is required.

particular, for each
variable,

months).

s-th

ycs,t , as follows:

time-frequency (s

ycs,t
with

(
ψs,t =

= 2, ..., S ),

= ψs,t ycs,t−1 + ys,t

0 t = λs (τ − 1) + 1,
1 otherwise.

s = 2, 3, ..., S

τ = 1, 2, ..., [n/λs ]

9

In

we dene a corresponding cumulator

s = 2, 3, ..., S

(2)

(3)

where now the indicator variable

ψs,t

is also frequency-specic. As an example, consider again

a model at a bimonthly base-frequency that uses also monthly and quarterly aggregated
data.
(λM

In this case, we can easily specify two dierent aggregation levels.

= 2)

The rst level

allows us to disaggregate monthly values into two fortnightly measures, while the

second level (λQ

= 6)

decomposes each quarter into six fortnightly values.

We can then

ψM,t and ψQ,t , dened as in (3), so that we can
= {0, 1, 0, 1, 0, ...} and ψQ = {0, 1, 1, 1, 1, 1, 0, 1, 1, 1, 1, 1, ...}, with

introduce two dierent indicator variables,
set the two sequences

ψM

the corresponding cumulator variables as follows

ycM,t


c

yM,1



c

yM,2




c


 yM,3
c
yM,4
=

c

 yM,5



c

yM,6




.

.
.

=
=
=
=
=
=

yM,1 ,
yM,1 + yM,2 ,
yM,3 ,
yM,3 + yM,4 ,
yM,5 ,
yM,5 + yM,6 ,

















c
yQ,1
t=1
c
yQ,2
t=2
c
yQ,3
t=3
c
yQ,4
t = 4 , ycQ,t =
c
yQ,5


t=5

c


yQ,6


t=6

c

yQ,7


.

.

.
.

.

=
=
=
=
=
=
=

yQ,1 ,
yQ,1 + yQ,2 ,
yQ,1 + yQ,2 + yQ,3 ,
yQ,1 + yQ,2 + yQ,3 + yQ,4 ,
yQ,1 + yQ,2 + yQ,3 + yQ,4 + yQ,5 ,
yQ,1 + yQ,2 + yQ,3 + yQ,4 + yQ,5 + yQ,6 ,
yQ,7

.
.
.

.

It is worth noting that, using this setup,

λs (s = 1, .., S )

could be in principle a time-varying

variable since, for example, some months have 28 days, some have 29, and others 30 or 31. For
ease of notation we ignore this possible issue at the moment and prefer to keep the variable
time-constant. The extension to the time-varying case is however straightforward.
The result of the above framework is an alternative state space representation, the derivation of which is given in the Appendix.

Under the normality assumption of the disturbances

distribution, the model parameters can be estimated via maximum likelihood, using the prediction error decomposition performed by the Kalman lter. Maximum likelihood estimation
is carried out by a quasi-Newton algorithm, such as the Broyden-Fletcher-Goldfarb-Shanno
(BFGS) algorithm. Given the parameter estimates,the Kalman lter and the smoother pro-

α∗t (see Harvey, 1989) and, therefore,
c ]0 can be optimally estimated. Finally, estimates of
S,t

vide the minimum mean-square estimates of the state

= [y
= [y2t , ..., yS,t ]0 can

the missing values in
the vector
variable:

yt

y

c
t

c , ...,
2t

y

be trivially obtained, by using the following decumulator

ys,t = ycs,t − ψs,t ycs,t−1
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t=1
t=2
t=3
t=4
t=5
t=6
t=7

(4)

3. Empirical application: a bimonthly indicator for the Italian GDP
In order to show the practical relevance of the model described above, we present an
empirical application that uses data available at three frequencies, namely quarterly, monthly
and fortnightly (the latter being our chosen base-frequency, as dened in Section 2). As a
nal result, the model delivers a fortnightly coincident indicator of Italian economic activity
and allows us to obtain more timely estimates (i.e.

twice per month) of Italian GDP. A

crucial aspect of the application concerns the identication of the appropriate set of indicators,
which should in principle satisfy the properties of relevance, availability and timeliness. We
investigate the predictive ability of the model, with an out-of-sample rolling exercise. To show
the potential benets of using high-frequency data, we compare the forecasts of our model
with those provided by other models that do not include the fortnightly frequency.

We nd

that our fortnightly model delivers signicantly smaller errors in short term forecasting.
This Section is organized as follows. The list of the selected indicators is provided in Section
3.1.

The fortnightly estimates of the Italian GDP, together with all the model parameter

estimates, are shown in Section 3.2. Finally, Section 3.3 presents a real-time rolling exercise
and assesses the forecasting ability of the model.

3.1. Data description
Our data set includes quarterly, monthly and fortnightly series, from

1991Q1

to

2017Q1.

We consider all the variables expressed in levels.
As an empirical application is concerned, the selection of the most relevant and representative indicators plays a crucial role in the analysis. In order to identify variables that can
be dened as representative of Italian economic activity and, importantly, not subject to our
discretionary choice, we rst follow Camacho and Martinez-Martin (2015) criteria, which include high statistical correlation with GDP growth and a short publication lag. Even though,
of course, this does not provide a complete procedure for selecting indicators, it represents an
important prerequisite in the context of multivariate factor models. We also consider variables
which have already been used (and found to be signicant) in the applied literature on forecasting the Italian business cycle (see, e.g, Altissimo et al., 2000; Bulligan et al., 2012).

In

selecting indicators we also try to represent dierent markets, such as manufacturing, nancial
market, external trade and consumption. The combination of all these requirements leads to

5

a nal set of 9 indicators : (1) Electricity consumption, which is available bimonthly and has
been found to have a strong coincident correlation in the empirical literature, especially for

5

It is worth noting that, in order to provide a realistic picture of economic activity we preliminarily analyse
a vast list of timely and potentially relevant indicators like, e.g., other survey indicators, consumers and
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countries that have a high exposure to the industrial sector, like Italy (see, e.g, Bulligan et al.,
2012); (2) the Italian Stock Market Index (FTSE MIB), available daily or even at a higher
frequency; (3) the monthly Italian Industrial Production Index for paper and other paper
products (as in Altissimo et al., 2000) ; (4) the monthly Italian Volume Index of Foreign Orders; (5) the monthly Italian Index of Total Exports for goods; (6) the monthly CPB's World
Trade Volume Index; (7) the monthly Condence Index for the manufacturing sector; (8) the
monthly Industrial Production Index and (9) the monthly Total Industrial Orders. All the
series use 2010 as the base year and are seasonally adjusted. The list of selected indicators,
their frequency and availability, together with the correlation coecient of each variable with
quarterly GDP, in terms of growth rates, is reported in Table 1. The last column of the table
also displays the chosen lag of each variable considered in the model. The coincident/leading
properties of the variables are also depicted in Figure 1, which shows the co-movement between quarterly GDP dynamics and each indicator at the chosen lag. As expected, all the
indicators considered in our sample show quite a strong and positive correlation with GDP,
at least up to the lag of order 1 (one quarter), conrming the potential coincident and leading
properties of all the variables.

3.2. Estimation results
Using the set of indicators listed in Section 3.1, we use our mixed-frequency factor model
to track and forecast Italian GDP. The model also derives fortnightly values for GDP, which
are consistent with the ocial quarterly series.
Before presenting estimation results, we briey discuss the main identication assumptions
required for model identiability. First, to avoid identication issues, which in turn could aect
the estimation of auto-regressive eects (see Proietti and Moauro, 2006), the idiosyncratic
component of GDP is specied as a random walk with drift. As for the parametric assumptions
of the model, it is standard in the literature to assume that the coincident index will follow
an autoregressive (AR) process. According to selection criteria (like, e.g, the standard BIC
and AIC) we found empirical evidence for the common factor to follow an AR(1) process.
As a further identication assumption, we set

ση2 = 1.

Moreover, following the dynamic

factor model representation formulated in Section 2, we assume that each of the series is
stationary in rst dierences. Finally, to conclude our model specication, the vector

Xt

in

business condence indexes, Markit Italy Services PMI and other nancial and monetary ows. However, we
did not nd evidence of any signicant contribution in terms of loadings on the common factor and the nine
variables described above produced the model with the smallest BIC and AIC. Results are available upon
request.
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model (1) contains regressors at time

t which are common to all series and essentially accounts

for calendar eects (trading days, Easter holidays and length of each fortnight).
The estimates of model parameters for the sample

1991Q1 - 2017Q1

are reported in Table

2. The loadings of the common factor are signicant for all variables (except for the stock price
index), conrming that all the indicators contribute signicantly to explaining the dynamics
of Italian economic activity.
The estimates of the fortnightly GDP are displayed in Figure 2. The red lines in Panels

(A)

and

(B)

of Figure 2 show the GDP estimates disaggregated at the fortnightly frequency

provided by our model, both in levels (panel

(A))

and in growth rates (panel

(B)).

The

blue lines represent the disaggregated estimates obtained by using polynomial interpolations
of the quarterly values.

Panels

(C)

and

(D)

show, instead, the (observed) ocial GDP at

the quarterly frequency, respectively in levels and growth rates. The dierence between the
two methods shows up clearly in Panel (B), where the disaggregation obtained by polynomial
tting appears very smooth compared with the one produced by the factor model which,
instead, seems to capture actual GDP volatility much better. Moreover, as an interpolation
technique, the polynomial tting produces a disaggregated series which does not satisfy the
temporal aggregation constraints.

This is, instead, automatically guaranteed by the factor

model, through the constraints imposed by the cumulator variable in (2).
Finally, in order to show how the common factor is able to represent the co-movement
among the series, in Figure 3 we report all the series in levels (disaggregated at the fortnightly
frequency) and the extracted fortnightly common factor (represented by the solid black line in
Figure 3). As we can easily see from the gure, the common factor properly summarizes the
dynamics of most of the variables and thus looks consistent with the Italian business cycle.

3.3. Model performance and forecasting ability in real time
We analyse the short-term forecasting ability of the model by conducting an out-of-sample
rolling exercise. Our objective is twofold. On the one hand we would like to assess whether the
inclusion of high-frequency indicators improves the performance of the model; on the other,
we would like to evaluate the model performance in (pseudo) real time, that is adjusting
our information set as new information becomes available, tracking the exact timeliness (and
delay) of the various indicators.

As regards the question of improved performance of the

model, we consider three alternative models.

The rst two models

are mixed-frequency

one-factor models specied at the monthly level, which consider the same quarterly and
monthly variables of our fortnightly model. In particular, the rst factor model ("Monthly
FM1", hereafter) excludes the two fortnightly indicators from the analysis, i.e. it considers
7 monthly indicators, plus quarterly GDP. The second

13

factor model ("Monthly FM2"),

instead, does consider the two fortnightly variables, but they are aggregated at the monthly
level. Finally, the third competing model ("MIDAS") provides quarterly forecasts of GDP by
using the MIDAS regression (Ghysels et al., 2005) and considers the same monthly indicators
of "Monthly FM2" as explanatory variables.
in the sample and let

QT +1

Let

QT

denote the last observable quarter

be the one-quarter ahead, which is of course not yet available.

In order to properly mimic the availability of our data, for each model described above we
provide forecasts of the GDP level up to one-quarter ahead, using three dierent scenarios:

Month 1 : at this point in time we only have information for the rst month in the latest

(a)

quarter. Therefore, due to publication lags we still do not know the value of GDP
the previous quarter. Hence, at time

T,

we need also to forecast GDP at quarter

6 in

QT −1 .

Despite publication delays, however, all the other monthly (and fortnightly) indicators are
already available for each month, since we mainly consider one-quarter lagged variables
in the analysis.

Month 2 :

(b)

the set of indicators is updated up to the second month within the quarter.

The value of the GDP at

QT −1

is now available, and the information set is updated in

order to obtain a better forecast of the GDP at either time

Month 3 :

(c)

QT

and

QT +1 .

all the values available within the quarter are now available and the forecasts

are based on the richest information set.
Each of the three dierent scenarios is then considered to perform an out-of-sample rolling
exercise.

We consider a rolling window of 312 fortnights (i.e a testing period of 13 years),

starting from the period in the interval 15 January 1990 - 31 December 2002. Hence, starting
from 15 of January 2003, the four models are estimated at the highest frequency-level (i.e.
fortnightly for the fortnightly model, monthly for the other two competing factor models)
and the quarterly forecasts of the GDP are then computed by summing up the fortnightly (or
monthly) gures. Then, the forecast origin is shifted one fortnight ahead and the estimation
process is repeated until the end of the sample is reached.

The root mean square forecast

errors (RMSFEs) performed by each model are presented in Table 3. In order to disentangle
the eect of the most recent crisis on model performance, we conducted our analysis on two
dierent sample periods.

The rst sample (results reported in Panel A) covers the whole

period, from 2003Q1 up to 2017Q1, while the second one (in Panel B) excludes the double

6

Ocial estimates of Italian GDP are typically released with a delay of about 45 days. Starting from May
2018, GDP measures will be available more timely, with a publication lag of 30 days.
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dip recession of the Italian economy. In all cases, the RMSFE is in favour of our fortnightly
model since, at each forecast horizon, its value is always smaller than in the other three
models.
As expected, for all the models, the RMSFE increases as the forecast horizon increases,
reecting the higher degree of uncertainty when computing forecasts at longer time horizons.
In particular, it seems that high-frequency indicators are particularly useful for nowcasting
(i.e the forecast of the current value of GDP, not yet released by statistical agencies), since in

QT −1

and

QT

we observe the highest dierence between the RMSFEs of the fortnightly model

compared to the other three competitive models. Also, if we evaluate the performance of each
of the four models across the three months, the RMSFEs tend to decrease signicantly from
Month 1 to Month 3, when we refer to forecasts in

QT .

The dominance of the fortnightly

model is even more evident if we exclude the period of the recent crisis (see Panel B); the
smaller RMSFEs in Panel B (compared to Panel A) are expected and reasonably reect the
high volatility of the endogenous variable during the crisis.
It is worth noting that the forecasts of the two alternative monthly factor models are very
similar: the inclusion of high-frequency indicators aggregated at a lower frequency may not
improve forecasting ability, as asserted by the theoretical nding of Casals et al. (2009). To
predict the values of a low-frequency indicator (eg. GDP, as in our case), then a model which
eciently combines low- and high-frequency data may provide better forecasts than a model
which uses only low-frequency data.

The MIDAS model, instead, does not seem to provide

any forecasting improvement compared with factor models.

This is mainly due to the fact

that, by construction, MIDAS models do not exploit the information provided by the Kalman
lter (as is the case in mixed-frequency factor models). Hence, in Month 1 and Month 2, factor
models are provided by a more precise information set compared with MIDAS. In Month 3,
the three models reach the same information set and MIDAS's performance is of the same
order as the two monthly factor models.
The forecasting performance of the four models in the scenario of
graphically in Figure 4.
forecasts at

QT

Month 3

is also shown

The actual series of GDP growth is displayed, together with the

(top panel) and

QT +1 (bottom panel) provided by the three competing models.

The two benchmark models show a very similar behavior, which is often lagging with respect
to the series of the observed GDP. The fortnightly model, instead, seems to be closer to the
realized values of the target variable and to track better the turning points of the cycle. The
superior performance of the fortnightly model is more evident in the top panel of the gure,
where the forecasts are computed to predict the values in

QT .

Finally, to give some insights of estimation uncertainty, in Figure 5 we show the time series
of the rolling forecasts provided by our fortnightly model together with the corresponding 95%
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condence bands. As expected, forecasts seem to be more volatile during periods associated
with economic crises. Uncertainty also increases with the time horizon of the forecasts.
In order to statistically assess the predictive accuracy of all the models considered, in Table
4 we report the

p-values associated with the Diebold-Mariano test (Diebold and Mariano,

1995). The test is computed using the forecast errors obtained by forecasting the GDP in
and

QT +1 ,

QT

under the three dierent scenarios described above. The null hypothesis is that

our fortnightly model has the same forecast accuracy as the three competing models. The
table shows that the better performance of the fortnightly model is statistically signicant,
especially for nowcasting. As argued before, instead, the improvement of the fortnightly model
at a longer horizon is less clear and the test does not provide any statistical evidence in favour
of any of the four models, except in the case of Month 1.

4. Conclusions
Building on Frale et al.

(2011), this paper has argued for the use of mixed frequency

dynamic factor models to estimate and forecast Italian GDP, exploiting indicators that are
released at monthly and fortnightly frequencies. The model implicitly assumes that the economic activity evolves fortnightly and that the level of GDP, which is quarterly, can be
expressed as the cumulative sum of the previous six fortnights. The use of variables in levels and the cumulator variable contributes to simplifying the well-known problems related to
temporal aggregation.

Using this factor model setup, we addressed two main points. First,

we obtained a timely coincident index of GDP. At the same time, we investigated whether the
use of higher frequency indicators could improve the forecasts of the model. The empirical
application on Italian data clearly shows evidence for the potential benets of high-frequency
indicators, especially in the very short-run. In particular, we found that the use of bimonthly
indicators results in a signicant reduction of RMSFEs for nowcasting.
Even though our empirical analysis was limited to three frequencies, with the highest being
the fortnightly one, we think that multi-frequency factor models are powerful tools to track
and forecast macroeconomic variables, thanks to their ability to incorporate heterogeneous
information coming from dierent data sets. Many other extensions are of course possible.
Other applications using experimental and big data, possibly using data on payments, are left
for future research.

Technical Appendix
In this section we show how the mixed frequency factor model in (1) can be written in the
SSF. To facilitate readability, we rst start by introducing the SSF for the easiest case where
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all the indicators in

yt

are observable at the same frequency. The generalization to the case

of mixed frequency will be then straightforward.
Let
Dene

e1p = [1, 0, .., 0p ]0 be a p × 1 vector having 1 in the
by I p a p × p identity matrix and let 0p be a p × 1

rst position and zeros elsewhere.
vector of zeros.

Remember that the model assumes an autoregressive process for both the factor (ft ) and

= [γ1t , ..., γN t ]0 ) in rst dierences. If p denotes the
factor and pi denotes the autoregressive order of the i-th

each of the idiosyncratic components (γ t
autoregressive order of the common
component of

γ t , i = 1, .., N ,

then

ft = ft−1 + φ1 ∆ft−1 + φ2 ∆ft−2 + ... + φp ∆ft−p + ηt
∗
γit = δi + γi,t−1 + di1 ∆γi,t−1 + di2 ∆γi,t−2 + ... + dipi ∆γi,t−pi + ηit
,

i = 1, .., N.

All the observable variables enter the model in level. Thus

y t = ϑft + γ t + BX t

This means that the state-space representation has to consider a state vector where all the
unobserved components need to appear not only in rst dierences, but also in levels (ft and

γ t ).

Let us start by deriving the SSF for the common factor. Dene the following




∆ft


 ∆ft−1 


= 
.

.
.


∆ft−p+1

gt

such that

∆ft = e01p g t
g t = T ∆f g t−1 + e1p ηt
where

T ∆f

is dened as

"
T ∆f

=

φ1

#
φ2 · · · φp
.
I p−1
0p−1
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p × 1 vector

Now we can dene the following state vector and transition matrix associated to the common
factor dynamics:

" #
ft
=
,
gt

αf,t

"
Tf =

1

···
T ∆f

φ1

0p−1

φp

#

such that the following holds:

ft = e1(p+1) αf,t
αf,t = T f αf,t−1 + hf ηt
where

hf = [1, e01p ]0 .

We can now use a similar representation to derive the SSF for the idiosyncratic component

γ t.

For the

i-th

component



αγi ,t

γit ,

we dene



γit
 ∆γ



it


∆γi,t−1  ,
=


.


.


.
∆γi,t−pi +1

"
T γi =

1

···
T ∆γ i

di1

0pi −1

dipi

#

"
,

with

T ∆γ i =

di1

di2

···

I pi −1

Then, we can write

γit = e01,pi +1 αγi ,t ,
where

hγi = [1, e01pi ]0

∗
αγi ,t = T γi αγi ,t−1 + +hγi δi + hγi ηit
,

and

δi

is the drift of the

i-th

i = 1, 2, ..., N

idiosyncratic component.

combine all the blocks and dene the total state vector of dimension

1) +

PN

i=1 (pi

+ 1),

κ × 1,

with

κ = (p +

as

αt = [α0f,t , αγ1 ,t , αγ2 ,t , · · · , αγN ,t ]0
and the following

We can now

κ×κ

transition matrix

T =

diag[T f , T γ1 , T γ2 , · · ·

(5)

, T γN ],

so that the SSF

for the model in (1) can be written as

y t = Zαt + X̃ t β

(6)

αt = T αt−1 + W β + Hη t

(7)

Z = [ϑ0 , 0N ×p , E], with E = diag[e01p1 , e01p2 , · · · , e01pN ] being a block-diagonal matrix of
PN
0
dimension N ×
i=1 (pi + 1), where each i-th diagonal block equals e1pi and has a dimension
where
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#
dipi
.
0pi −1

1 × pi . β is a (2N + N k) × 1 vector, where the rst 2N elements correspond to the
(f0i , δi ), for i = 1, 2, ..., N , while the last N k elements contain the values of vec(B).
0
∗
∗ 0
Accordingly, X̃ t = [0N ×2N , I N ⊗ X t ], H = diag[hf , hγ1 , ..., hγN ] and η t = [ηf , η1t , ..., ηN t ] .
W is a time-invariant matrix which selects the drift δi of the corresponding state element (see
of

pair

also Frale et al., 2011).
The relationship in (6) represents the measurement equation, which relates the vector of

y

observable variables ( t ) to a set of latent states (αt ) and some exogenous variables (

Xt ),

typically used to incorporate calendar eects. The relationship in (7) denes the transition
equation, which mainly describes the evolution over time of the latent states, and where
and

H are two time-constant matrices.

W

The SSF described above can be easily extended to properly accommodate for the presence
of mixed-frequencies. The result is an alternative state space representation, where the state
vector in (5) needs now to be augmented by the
that, using (6), (7) and (2),

ycs,t

y

(N2 + ... + NS )-vector

yc2,t0 , ..., ycS,t0

h

i0

. Notice

c has the following representation
s,t

= ψs,t ycs,t−1 + ys,t

= ψs,t ycs,t−1 + Zs Tαt−1 + [X̃s,t + Zs W]β + Zs Hη t

s = 2, 3, ..., S

(8)

Z1 αt + X1 β. Zs has a dimension of Ns × κ and represents the s-th block
0 0
0
of the measurement matrix Z = [Z1 , ..., ZS ] , and where we have partitioned the matrix
0
0
X̃t = [X̃1 , , ..., X̃S ]0 . Therefore, the new augmented state and observation vectors can be
where

y1,t

=

dened as:





∗
αt = 




where

αt

αt

yc2,t
yc3,t
.
.
.

ycS,t







,




y†t




=




y1,t
yc2,t
yc3,t
.
.
.

ycS,t










(9)

is dened in (5) and represents the state vector of the SW factor model with

α∗t and the observation vector y†t have a
∗
dimension of κ = (κ + N2 + N3 + ... + NS ) and N = (N1 + N2 + ... + NS ), respectively.
0
Using this approach, therefore, the unavailable (S − 1) blocks [y2,t , ..., yS,t ] are replaced by
c
c 0
the corresponding augmented vectors [y2,t , ..., yS,t ] , which are observed at time t = λs τ , while
no mixed- frequency data.

The new state vector

they are treated as missing values (to be estimated) at all the intermediate times.
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The nal SSF for the disaggregated model can be written as

y†t = Z∗ α∗t + X̃t β,

α∗t = T∗ α∗t−1 + W∗ β + H∗ η t

(10)

where



Z∗




=




Z1 0 0
0 IN2 0
0 0 IN3
.
.
.

0

.
.
.

0
0
0

.
.
.

0

..

0

.
.
.

0 INS


W∗

.

0
0
0




=











,




W
Z2 W + X2
Z3 W + X3
.
.
.

Zs W + Xs

T∗




=




T
Z2 T
Z3 T
.
.
.

Zs T

0
ψ1,t IN2
0
.
.
.

0
0
ψ2,t IN3
.
.
.

0



H∗

..

0





,




0
0
0




=




I
Z2
Z3
.
.
.

Zs

.

0

0
0
0
.
.
.

ψs,t INS





,








H




(11)

Hence, the cumulator variable proposed by Harvey (1989) signicantly simplies the problem
of the temporal aggregation of the lower frequency variables by using a recursive representation
that requires only one state per variable, while the missing observations for each variable are
linked to only one cumulator variable.
In order to convince the reader about the relevance of the proposed approach, consider the
case of a fortnightly model with one quarterly, seven monthly and two fortnightly indicators
in levels, as in our empirical application.

Using our approach, the measurement equation

is specied in such a way that monthly variables are observed every two basic fortnightly
periods and quarterly variables every six periods. The missing observations for each one of
the indicators will be linked to only one cumulator variable (hence, in total 7 for the various
monthly indicators and 1 for the quarterly variable). In total, the size of the state vector is
equal to 20.
In the absence of the cumulator variable, instead, one would need to specify a measurement
equation where the quarterly variable were linked to the last six factors and the last six
measurement errors. Thus, in this case, the resulting state vector would greatly increase its
dimension (having a size of 67).
Specifying the model in levels, rather than in growth rates or rst dierences (see Bambura
and Modugno, 2014 and Mariano and Murasawa, 2003) also simplies the high-dimensionality
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of the problem. In fact, by applying Mariano and Murasawa (2003)'s approximation, we would

∆ft , 10 of its lag, one innovation for each
∗
of the measurement errors ηi,t and 10 of its lags. In total, a size of 110. A more reduced

end up with a state vector containing one factor,

representation (with possibly only 11 states) has recently been proposed by Basselier et al.
(2017) for the euro area. However, one of the drawbacks of this approach is that one cannot
derive a fortnightly measure of GDP, which is one of the objectives of our paper.
approach, therefore, combines both the concept of simplicity and parsimony.

Our

At the same

time it shows how to deal with high frequency data using two simply ideas: the cumulator
variable to deal with temporal aggregation, and the simplicity of mixing frequencies by using
data in levels.
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Paper

Industrial Production Index, Paper

Industrial Orders

Industrial Production

Orders

IP

ConfIndex

CPB

CPB World Trade

Condence Index, manufacturing

Exports

Exports of goods

ForeignOrd

MIB

Foreign Orders

Frequency

Monthly

Monthly

Monthly

Monthly

Monthly

Monthly

Monthly

Fortnightly

ElectrCons Fortnightly

FTSE MIB

Electricity consumption

Label

Lag1

Lag2

Lag3

Lag4

0.556 0.559 0.337 0.217

0.338 0.513 0.332 0.284

0.110

0.247

0.350 0.090 0.160 0.152 -0.053

Lag0

Correlation with quarterly GDP

c.a 50 days

c.a 45 days

c.a 25 days

c.a 55 days

c.a 45 days

0.022

-0.06

0.627 0.677 0.197 0.089 -0.156

0.834 0.563 0.288 0.097 -0.146

0.561 0.616 0.273 0.229

0.715 0.564 0.260 0.118

0.644 0.468 0.221 0.060 -0.115

c.a. 50 days 0.411 0.429 0.275 0.138 -0.079

c.a 45 days

c.a 1 day

c.a 1 day

Delay

months
months
months
months
months
months
months

−3
−3
−3
−3
−3
−3

fortnights

−3

−6

0

Variable lag

The table shows the set of indicators included in the model. For each of the variables, we report the corresponding label used in
the model, its frequency and its delay of release. We also report the correlation coecient between quarterly GDP growth and each
variable, previously aggregated at the quarterly level, from the coincident level (lag0) up to a lag of one year (lag4). The last column
nally displays the selected lag of the variable used in the model.

Table 1
List of indicators and their coincident/leading properties.
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0.097

ση ∗

(0.249)

(0.004)

6.295

0.454

0.115

0.012
0.304

(0.612)

0.386

0.035
(0.012)

(-6)

cons

di1

δi

θi

MIB

Electr

1.209

0.799

(0.051)

0.029

(0.134)

0.307

(-3)

Paper

4.536

-0.348

(0.208)

0.462

(0.530)

1.593

(-3)

Exports

0.645

0.579

1.063

0.052

(0.043)

0.013

(0.104)

0.219

(-3)

ConfIndex

η1,t ∼ N (0, 1)

(0.027)

0.127

(0.149)

0.373

(-3)

CPB

(1 + 0.591L)∆f1,t = η1,t ,

3.043

-0.901

(0.192)

0.136

(0.472)

2.747

Ord (-3)

Foreign

(-3)

Orders

GDP

0.870

0.892

(0.038)

-0.010

(0.101)

0.811

-0.963

(0.110)

0.068

(0.302)

0.195

(0.008)

0.019

(0.079)

0.311 1.931 0.192

(-3)

IP

The table shows the parameter estimates of the model described in Section 2. Standard errors are reported in
brackets. Coecients appear in boldface if signicant at 10%

Table 2
Parameter estimates and standard errors.
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0.76
0.77
0.92

Monthly FM1

Monthly FM2

MIDAS

0.79
0.91

Monthly FM2

MIDAS

0.58
0.71
0.76
0.84

Monthly FM1

Monthly FM2

MIDAS

QT

Fortnightly model

QT −1

0.76

Month 3

0.58

Monthly FM1

QT

Month 2

1.06

0.87

0.87

0.71

QT

Month 1

0.89

0.88

0.88

0.81

QT +1

0.98

0.89

0.89

0.79

QT +1

1.12

0.90

0.90

0.88

QT +1

2003Q1 − 2017Q1

Fortnightly model

QT −1

0.56

Fortnightly model

QT −1

Panel A:

QT −1

QT −1

0.52

0.39

0.39

0.30

QT −1

Panel B:

QT

0.43

0.38

0.38

0.21

QT

0.57

0.39

0.39

0.27

QT

0.64

0.40

0.41

0.31

Month 3

Month 2

Month 1

0.45

0.42

0.42

0.36

QT +1

0.63

0.42

0.42

0.31

QT +1

0.70

0.41

0.41

0.33

QT +1

2003Q1 − 2007Q3/2009Q3 − 2011Q2/2013Q2 − 2017Q1

The table reports the Root Mean Square Forecast Errors (RMSFEs) of the out-of-sample rolling exercise performed by the four
competing models (denoted by "Fortnightly Model", "Monthly FM1", "Monthly FM2", and "MIDAS" in the table), for each of the
three scenarios described in Section 3.3 ("Month 1", "Month 2" and "Month 3", respectively). The errors are computed using the
variables in levels. The experiment considers a rolling window of 312 fortnights (i.e. a testing period of 13 years). Starting from
the 15th of January 2003, the three models are estimated at the highest frequency-level (i.e. bimonthly for the Bimonthly Model,
monthly for the two benchmark models) and the quarterly forecasts of GDP are then computed by summing the fortnightly gures.
The analysis is conducted over two dierent sample periods. The rst period (Panel A in the table) covers the whole period, from
2003Q1 to 2017Q1. The second sample (Panel B in the table) excludes the intervals 2007Q4-2009Q2 and 2011Q3-2013Q1, in order
to mitigate the forecast error due to the most recent nancial crises. The lowest RMSFE of the three models in the same scenario
and for the same forecast horizon is highlighted in gray.

Table 3
Forecasting ability of the Fortnightly Model.

Table 4
Results of the Diebold-Mariano test.

The table reports the p-values associated with the Diebold-Mariano test (Diebold and Mariano, 1995). The test uses the forecast errors obtained by forecasting GDP in QT and QT +1 ,
for each of the three scenarios described in Section 3.3 ("Month 1", "Month 2" and "Month
3", respectively). The null hypothesis is that the Fortnightly Model has the same forecast
accuracy of the other three competing models. The p-values appear in boldface if signicant
at the 10% level.

Fortnightly model versus Monthly FM1

Month 1
Month 2
Month 3

QT

QT +1

0.033

0.044

0.054
0.101

0.005
0.036

Fortnightly model versus Monthly FM2

1 month
2 month
3 month

QT

QT +1

0.031

0.042

0.056
0.097

0.009
0.036

Fortnightly model versus MIDAS

1 month
2 month
3 month

QT

QT +1

0.023

0.008

0.061
0.095

0.003
0.004
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The gure shows the co-movement of the quarterly GDP growth with each indicator considered in the model, expressed in growth
rates. The series of the indicators are displayed at the chosen lag, as described in Table 1.

Figure 1
GDP and the selected indicators.
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The gure shows the fortnightly estimates of Italian GDP as provided by the model. The upper panels represent the disaggregated
GDP at the bimonthly frequency, both in terms of levels of the variable (Panel A) and in growth rates (Panel B). The red lines in
(A) and (B) show the GDP estimates disaggregated at the fortnightly frequency provided by the fortnightly model. The blue lines
represent the disaggregated estimates obtained by polynomial interpolation. Panels (C) and (D) report instead the corresponding
GDP at the quarterly (observed) frequency.

Figure 2
The fortnightly estimates of Italian GDP.

31

60

65

70

75

80

85

1990

1995

2000

Electricity
GDP
Paper
ExportGoods
ConfidenceIndex
Common Factor

MIB
ForeignOrders
IP
TotalOrders
CPB

2005

2010

2015

The gure shows the series (in levels) of all the indicators in the model, disaggregated at the fortnightly frequency. The extracted
common factor is displayed by the solid black line in the gure.

Figure 3
The common factor and Italian economic activity
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The gure shows the series of actual GDP growth, together with the series of the forecasts at QT (upper panel) and QT +1 (lower
panel) of the four competing models, computed at the third scenario (Month-3 scenario, as described in Section 3.3)

Figure 4
The forecasting ability of the fortnightly model
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Figure 5
The forecasting performance of the fortnightly model and its condence bands

RECENTLY PUBLISHED “TEMI” (*)
N. 1152 – International financial flows and the risk-taking channel, by Pietro Cova and
Filippo Natoli (December 2017).
N. 1153 – Systemic risk and systemic importance measures during the crisis, by Sergio
Masciantonio and Andrea Zaghini (December 2017).
N. 1154 – Capital controls, macroprudential measures and monetary policy interactions in
an emerging economy, by Valerio Nispi Landi (December 2017).
N. 1155 – Optimal monetary policy and fiscal policy interaction in a non-Ricardian economy,
by Massimiliano Rigon and Francesco Zanetti (December 2017).
N. 1156 – Secular stagnation, R&D, public investment and monetary policy: a globalmodel perspective, by Pietro Cova, Patrizio Pagano, Alessandro Notarpietro and
Massimiliano Pisani (December 2017).
N. 1157 – The CSPP at work: yield heterogeneity and the portfolio rebalancing channel, by
Andrea Zaghini (December 2017).
N. 1158 – Targeting policy-compliers with machine learning: an application to a tax rebate
programme in Italy, by Monica Andini, Emanuele Ciani, Guido de Blasio, Alessio
D’Ignazio and Viola Salvestrini (December 2017).
N. 1159 – Banks’ maturity transformation: risk, reward, and policy, by Pierluigi Bologna
(December 2017).
N. 1160 – Pairwise trading in the money market during the European sovereign debt crisis,
by Edoardo Rainone (December 2017).
N. 1161 – Please in my back yard: the private and public benefitsof a new tram line in
Florence, by Valeriia Budiakivska and Luca Casolaro (January 2018).
N. 1162 – Real exchange rate misalignments in the euro area, by by Michael Fidora, Claire
Giordano and Martin Schmitz (January 2018).
N. 1163 – What will Brexit mean for the British and euro-area economies? A model-based
assessment of trade regimes, by Massimiliano Pisani and Filippo Vergara Caffarelli
(January 2018).
N. 1164 – Are lenders using risk-based pricing in the consumer loan market? The effects of
the 2008 crisis, by Silvia Magri (January 2018).
N. 1165 – Listening to the buzz: social media sentiment and retail depositors’ trust
by Matteo Accornero and Mirko Moscatelli (February 2018)
N. 1166 – Banks’ holdings of and trading in government bonds, by Michele Manna and
Stefano Nobili (March 2018).
N. 1167 – Firms’ and households’ investment in Italy: the role of credit constraints and
other macro factors, by Claire Giordano, Marco Marinucci and Andrea Silvestrini
(March 2018).
N. 1168 – Credit supply and productivity growth, by Francesco Manaresi and Nicola Pierri
(March 2018).
N. 1169 – Consumption volatility risk and the inversion of the yield curve, by Adriana Grasso
and Filippo Natoli (March 2018).
N. 1170 – The global component of inflation volatility, by Andrea Carriero, Francesco
Corsello and Massimiliano Marcellino (April 2018).
N. 1171 – The potential of big housing data: an application to the Italian real-estate market,
by Michele Loberto, Andrea Luciani and Marco Pangallo (April 2018).
N. 1172 – ECB monetary policy and the euro exchange rate, by Martina Cecioni (April 2018).
N. 1173 – Firms’ investments during two crises, by Antonio De Socio and Enrico Sette (April
2018).
N. 1174 – How can the government spending multiplier be small at the zero lower bound?, by
Valerio Ercolani and João Valle e Azevedo (April 2018).
(*) Requests for copies should be sent to:
Banca d’Italia – Servizio Studi di 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

2016
ALBANESE G., G. DE BLASIO and P. SESTITO, My parents taught me. evidence on the family transmission of
values, Journal of Population Economics, v. 29, 2, pp. 571-592, TD No. 955 (March 2014).
ANDINI M. and G. DE BLASIO, Local development that money cannot buy: Italy’s Contratti di Programma,
Journal of Economic Geography, v. 16, 2, pp. 365-393, TD No. 915 (June 2013).
BARONE G. and S. MOCETTI, Inequality and trust: new evidence from panel data, Economic Inquiry, v. 54,
pp. 794-809, TD No. 973 (October 2014).
BELTRATTI A., B. BORTOLOTTI and M. CACCAVAIO, Stock market efficiency in China: evidence from the
split-share reform, Quarterly Review of Economics and Finance, v. 60, pp. 125-137, TD No. 969
(October 2014).
BOLATTO S. and M. SBRACIA, Deconstructing the gains from trade: selection of industries vs reallocation of
workers, Review of International Economics, v. 24, 2, pp. 344-363, TD No. 1037 (November 2015).
BOLTON P., X. FREIXAS, L. GAMBACORTA and P. E. MISTRULLI, Relationship and transaction lending in a
crisis, Review of Financial Studies, v. 29, 10, pp. 2643-2676, TD No. 917 (July 2013).
BONACCORSI DI PATTI E. and E. SETTE, Did the securitization market freeze affect bank lending during the
financial crisis? Evidence from a credit register, Journal of Financial Intermediation , v. 25, 1, pp.
54-76, TD No. 848 (February 2012).
BORIN A. and M. MANCINI, Foreign direct investment and firm performance: an empirical analysis of
Italian firms, Review of World Economics, v. 152, 4, pp. 705-732, TD No. 1011 (June 2015).
BRAGOLI D., M. RIGON and F. ZANETTI, Optimal inflation weights in the euro area, International Journal of
Central Banking, v. 12, 2, pp. 357-383, TD No. 1045 (January 2016).
BRANDOLINI A. and E. VIVIANO, Behind and beyond the (headcount) employment rate, Journal of the Royal
Statistical Society: Series A, v. 179, 3, pp. 657-681, TD No. 965 (July 2015).
BRIPI F., The role of regulation on entry: evidence from the Italian provinces, World Bank Economic
Review, v. 30, 2, pp. 383-411, TD No. 932 (September 2013).
BRONZINI R. and P. PISELLI, The impact of R&D subsidies on firm innovation, Research Policy, v. 45, 2, pp.
442-457, TD No. 960 (April 2014).
BURLON L. and M. VILALTA-BUFI, A new look at technical progress and early retirement, IZA Journal of
Labor Policy, v. 5, TD No. 963 (June 2014).
BUSETTI F. and M. CAIVANO, The trend–cycle decomposition of output and the Phillips Curve: bayesian
estimates for Italy and the Euro Area, Empirical Economics, V. 50, 4, pp. 1565-1587, TD No. 941
(November 2013).
CAIVANO M. and A. HARVEY, Time-series models with an EGB2 conditional distribution, Journal of Time
Series Analysis, v. 35, 6, pp. 558-571, TD No. 947 (January 2014).
CALZA A. and A. ZAGHINI, Shoe-leather costs in the euro area and the foreign demand for euro banknotes,
International Journal of Central Banking, v. 12, 1, pp. 231-246, TD No. 1039 (December 2015).
CESARONI T. and R. DE SANTIS, Current account “core-periphery dualism” in the EMU, The World
Economy, v. 39, 10, pp. 1514-1538, TD No. 996 (December 2014).
CIANI E., Retirement, Pension eligibility and home production, Labour Economics, v. 38, pp. 106-120, TD
No. 1056 (March 2016).
CIARLONE A. and V. MICELI, Escaping financial crises? Macro evidence from sovereign wealth funds’
investment behaviour, Emerging Markets Review, v. 27, 2, pp. 169-196, TD No. 972 (October
2014).
CORNELI F. and E. TARANTINO, Sovereign debt and reserves with liquidity and productivity crises, Journal
of International Money and Finance, v. 65, pp. 166-194, TD No. 1012 (June 2015).
D’AURIZIO L. and D. DEPALO, An evaluation of the policies on repayment of government’s trade debt in
Italy, Italian Economic Journal, v. 2, 2, pp. 167-196, TD No. 1061 (April 2016).
DE BLASIO G., G. MAGIO and C. MENON, Down and out in Italian towns: measuring the impact of
economic downturns on crime, Economics Letters, 146, pp. 99-102, TD No. 925 (July 2013).
DOTTORI D. and M. MANNA, Strategy and tactics in public debt management, Journal of Policy Modeling,
v. 38, 1, pp. 1-25, TD No. 1005 (March 2015).

LIBERATI D., M. MARINUCCI and G. M. TANZI, Science and technology parks in Italy: main features and
analysis of their effects on hosted firms, Journal of Technology Transfer, v. 41, 4, pp. 694-729, TD
No. 983 (November 2014).
MARCELLINO M., M. PORQUEDDU and F. VENDITTI, Short-Term GDP forecasting with a mixed frequency
dynamic factor model with stochastic volatility, Journal of Business & Economic Statistics , v. 34,
1, pp. 118-127, TD No. 896 (January 2013).
RODANO G., N. SERRANO-VELARDE and E. TARANTINO, Bankruptcy law and bank financing, Journal of
Financial Economics, v. 120, 2, pp. 363-382, TD No. 1013 (June 2015).
ZINNA G., Price pressures on UK real rates: an empirical investigation, Review of Finance,v. 20, 4, pp.
1587-1630, TD No. 968 (July 2014).

2017
ADAMOPOULOU A. and G.M. TANZI, Academic dropout and the great recession, Journal of Human Capital,
V. 11, 1, pp. 35–71, TD No. 970 (October 2014).
ALBERTAZZI U., M. BOTTERO and G. SENE, Information externalities in the credit market and the spell of
credit rationing, Journal of Financial Intermediation, v. 30, pp. 61–70, TD No. 980 (November
2014).
ALESSANDRI P. and H. MUMTAZ, Financial indicators and density forecasts for US output and inflation,
Review of Economic Dynamics, v. 24, pp. 66-78, TD No. 977 (November 2014).
BARBIERI G., C. ROSSETTI and P. SESTITO, Teacher motivation and student learning, Politica
economica/Journal of Economic Policy, v. 33, 1, pp.59-72, TD No. 761 (June 2010).
BENTIVOGLI C. and M. LITTERIO, Foreign ownership and performance: evidence from a panel of Italian
firms, International Journal of the Economics of Business, v. 24, 3, pp. 251-273, TD No. 1085
(October 2016).
BRONZINI R. and A. D’IGNAZIO, Bank internationalisation and firm exports: evidence from matched firmbank data, Review of International Economics, v. 25, 3, pp. 476-499 TD No. 1055 (March 2016).
BRUCHE M. and A. SEGURA, Debt maturity and the liquidity of secondary debt markets, Journal of
Financial Economics, v. 124, 3, pp. 599-613, TD No. 1049 (January 2016).
BURLON L., Public expenditure distribution, voting, and growth, Journal of Public Economic Theory,, v.
19, 4, pp. 789–810, TD No. 961 (April 2014).
BURLON L., A. GERALI, A. NOTARPIETRO and M. PISANI, Macroeconomic effectiveness of non-standard
monetary policy and early exit. a model-based evaluation, International Finance, v. 20, 2, pp.155173, TD No. 1074 (July 2016).
BUSETTI F., Quantile aggregation of density forecasts, Oxford Bulletin of Economics and Statistics, v. 79,
4, pp. 495-512, TD No. 979 (November 2014).
CESARONI T. and S. IEZZI, The predictive content of business survey indicators: evidence from SIGE,
Journal of Business Cycle Research, v.13, 1, pp 75–104, TD No. 1031 (October 2015).
CONTI P., D. MARELLA and A. NERI, Statistical matching and uncertainty analysis in combining household
income and expenditure data, Statistical Methods & Applications, v. 26, 3, pp 485–505, TD No.
1018 (July 2015).
D’AMURI F., Monitoring and disincentives in containing paid sick leave, Labour Economics, v. 49, pp. 7483, TD No. 787 (January 2011).
D’AMURI F. and J. MARCUCCI, The predictive power of google searches in forecasting unemployment,
International Journal of Forecasting, v. 33, 4, pp. 801-816, TD No. 891 (November 2012).
DE BLASIO G. and S. POY, The impact of local minimum wages on employment: evidence from Italy in the
1950s, Journal of Regional Science, v. 57, 1, pp. 48-74, TD No. 953 (March 2014).
DEL GIOVANE P., A. NOBILI and F. M. SIGNORETTI, Assessing the sources of credit supply tightening: was
the sovereign debt crisis different from Lehman?, International Journal of Central Banking, v. 13,
2, pp. 197-234, TD No. 942 (November 2013).
DEL PRETE S., M. PAGNINI, P. ROSSI and V. VACCA, Lending organization and credit supply during the
2008–2009 crisis, Economic Notes, v. 46, 2, pp. 207–236, TD No. 1108 (April 2017).
DELLE MONACHE D. and I. PETRELLA, Adaptive models and heavy tails with an application to inflation
forecasting, International Journal of Forecasting, v. 33, 2, pp. 482-501, TD No. 1052 (March
2016).

FEDERICO S. and E. TOSTI, Exporters and importers of services: firm-level evidence on Italy, The World
Economy, v. 40, 10, pp. 2078-2096, TD No. 877 (September 2012).
GIACOMELLI S. and C. MENON, Does weak contract enforcement affect firm size? Evidence from the
neighbour's court, Journal of Economic Geography, v. 17, 6, pp. 1251-1282, TD No. 898 (January
2013).
LOBERTO M. and C. PERRICONE, Does trend inflation make a difference?, Economic Modelling, v. 61, pp.
351–375, TD No. 1033 (October 2015).
MANCINI A.L., C. MONFARDINI and S. PASQUA, Is a good example the best sermon? Children’s imitation
of parental reading, Review of Economics of the Household, v. 15, 3, pp 965–993, D No. 958
(April 2014).
MEEKS R., B. NELSON and P. ALESSANDRI, Shadow banks and macroeconomic instability, Journal of
Money, Credit and Banking, v. 49, 7, pp. 1483–1516, TD No. 939 (November 2013).
MICUCCI G. and P. ROSSI, Debt restructuring and the role of banks’ organizational structure and lending
technologies, Journal of Financial Services Research, v. 51, 3, pp 339–361, TD No. 763 (June
2010).
MOCETTI S., M. PAGNINI and E. SETTE, Information technology and banking organization, Journal of
Journal of Financial Services Research, v. 51, pp. 313-338, TD No. 752 (March 2010).
MOCETTI S. and E. VIVIANO, Looking behind mortgage delinquencies, Journal of Banking & Finance, v.
75, pp. 53-63, TD No. 999 (January 2015).
NOBILI A. and F. ZOLLINO, A structural model for the housing and credit market in Italy, Journal of
Housing Economics, v. 36, pp. 73-87, TD No. 887 (October 2012).
PALAZZO F., Search costs and the severity of adverse selection, Research in Economics, v. 71, 1, pp. 171197, TD No. 1073 (July 2016).
PATACCHINI E. and E. RAINONE, Social ties and the demand for financial services, Journal of Financial
Services Research, v. 52, 1–2, pp 35–88, TD No. 1115 (June 2017).
PATACCHINI E., E. RAINONE and Y. ZENOU, Heterogeneous peer effects in education, Journal of Economic
Behavior & Organization, v. 134, pp. 190–227, TD No. 1048 (January 2016).
SBRANA G., A. SILVESTRINI and F. VENDITTI, Short-term inflation forecasting: the M.E.T.A. approach,
International Journal of Forecasting, v. 33, 4, pp. 1065-1081, TD No. 1016 (June 2015).
SEGURA A. and J. SUAREZ, How excessive is banks' maturity transformation?, Review of Financial
Studies, v. 30, 10, pp. 3538–3580, TD No. 1065 (April 2016).
VACCA V., An unexpected crisis? Looking at pricing effectiveness of heterogeneous banks, Economic
Notes, v. 46, 2, pp. 171–206, TD No. 814 (July 2011).
VERGARA CAFFARELI F., One-way flow networks with decreasing returns to linking, Dynamic Games and
Applications, v. 7, 2, pp. 323-345, TD No. 734 (November 2009).
ZAGHINI A., A Tale of fragmentation: corporate funding in the euro-area bond market, International
Review of Financial Analysis, v. 49, pp. 59-68, TD No. 1104 (February 2017).

2018
BELOTTI F. and G. ILARDI Consistent inference in fixed-effects stochastic frontier models, Journal of
Econometrics, v. 202, 2, pp. 161-177, TD No. 1147 (October 2017).
CARTA F. and M. DE PHLIPPIS, You've Come a long way, baby. husbands' commuting time and family
labour supply, Regional Science and Urban Economics, v. 69, pp. 25-37, TD No. 1003 (March
2015).
CARTA F. and L. RIZZICA, Early kindergarten, maternal labor supply and children's outcomes: evidence
from Italy, Journal of Public Economics, v. 158, pp. 79-102, TD No. 1030 (October 2015).
CECCHETTI S., F. NATOLI and L. SIGALOTTI, Tail co-movement in inflation expectations as an indicator of
anchoring, International Journal of Central Banking, v. 14, 1, pp. 35-71, TD No. 1025 (July 2015).
NUCCI F. and M. RIGGI, Labor force participation, wage rigidities, and inflation, Journal of
Macroeconomics, v. 55, 3 pp. 274-292, TD No. 1054 (March 2016).
SEGURA A., Why did sponsor banks rescue their SIVs?, Review of Finance, v. 22, 2, pp. 661-697, TD No.
1100 (February 2017).

FORTHCOMING
ADAMOPOULOU A. and E. KAYA, Young Adults living with their parents and the influence of peers, Oxford
Bulletin of Economics and Statistics, TD No. 1038 (November 2015).
ALBANESE G., G. DE BLASIO and P. SESTITO, Trust, risk and time preferences: evidence from survey data,
International Review of Economics, TD No. 911 (April 2013).
BARONE G., G. DE BLASIO and S. MOCETTI, The real effects of credit crunch in the great recession: evidence
from Italian provinces, Regional Science and Urban Economics, TD No. 1057 (March 2016).
BELOTTI F. and G. ILARDI, Consistent inference in fixed-effects stochastic frontier models, Journal of
Econometrics, TD No. 1147 (October 2017).
BERTON F., S. MOCETTI, A. PRESBITERO and M. RICHIARDI, Banks, firms, and jobs, Review of Financial
Studies, TD No. 1097 (February 2017).
BOFONDI M., L. CARPINELLI and E. SETTE, Credit supply during a sovereign debt crisis, Journal of the
European Economic Association, TD No. 909 (April 2013).
BRILLI Y. and M. TONELLO, Does increasing compulsory education reduce or displace adolescent crime?
New evidence from administrative and victimization data, CESifo Economic Studies, TD No. 1008
(April 2015).
CASIRAGHI M., E. GAIOTTI, L. RODANO and A. SECCHI, A “Reverse Robin Hood”? The distributional
implications of non-standard monetary policy for Italian households, Journal of International
Money and Finance, TD No. 1077 (July 2016).
CIPRIANI M., A. GUARINO, G. GUAZZAROTTI, F. TAGLIATI and S. FISHER, Informational contagion in the
laboratory, Review of Finance, TD No. 1063 (April 2016).
D’AMURI F., Monitoring and disincentives in containing paid sick leave, Labour Economics, TD No. 787
(January 2011).
FEDERICO S. and E. TOSTI, Exporters and importers of services: firm-level evidence on Italy, The World
Economy, TD No. 877 (September 2012).
GIACOMELLI S. and C. MENON, Does weak contract enforcement affect firm size? Evidence from the
neighbour's court, Journal of Economic Geography, TD No. 898 (January 2013).
NATOLI F. and L. SIGALOTTI, Tail co-movement in inflation expectations as an indicator of anchoring,
International Journal of Central Banking, TD No. 1025 (July 2015).
RIGGI M., Capital destruction, jobless recoveries, and the discipline device role of unemployment,
Macroeconomic Dynamics, TD No. 871 (July 2012).
SEGURA A., Why did sponsor banks rescue their SIVs?, Review of Finance, TD No. 1100 (February
2017).

