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FINANCIAL CONDITIONS AND ‘GROWTH AT RISK” IN ITALY

by Piergiorgio Alessandri’, Leonardo Del Vecchio™ and Arianna Miglietta”

Abstract

This paper studies the relationship between financial conditions and economic activity in Italy
using quantile regression techniques in the spirit of Adrian, Boryachenko and Giannone
(2019). We exploit the volatility of the 2008-2012 period to assess the plausibility of ‘tail’
predictions obtained from a broad range of financial indicators. We find that, although spikes
in financial distress are typically followed by economic contractions, using this relationship
for out-of-sample forecasting is not trivial. To some extent, the models predict the slowdowns
experienced by Italy after 2008, but the forecasts are volatile, their quality varies across
indicators and horizons, and the predictions tend to overestimate the likelihood of an
upcoming recession. As such, these tools represent a complement to, rather than a substitute
for, an articulated and diversified systemic risk assessment framework.

JEL Classification: C21, E37.
Keywords: quantile regressions, financial conditions, growth risk.
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1. Introduction®

The Global Financial Crisis gave new impetus to the research on the linkages between
financial markets and real economy. The mechanisms through which financial markets can trigger or
amplify business cycle fluctuations have been investigated by economists for a long time!. The
experience of the last decade, however, has drawn attention to the possibility that the financial
accelerator operates in a highly non-linear way, and that financial markets might be prone to ‘crises’
that generate sharp, long-lasting recessions rather than ordinary business cycles?. After the
introduction of Basel I, this possibility has become extremely relevant for macroprudential
authorities tasked with preserving the resilience of the financial sector and the stability of credit
markets.

This paper studies the nexus between financial and real economy from a predictive angle,
asking whether distress in financial markets systematically anticipates downside risks for economic
growth over the short or medium term. Following Adrian, Boryachenko and Giannone (2019), we
estimate a set of predictive quantile regressions where future economic activity is linked to current
financial conditions, measured through a set of alternative market- or bank-related indicators. The
quantile regression setup allows us to model the relation between financial markets and real economy
in a flexible way, allowing for the possibility of a stronger correlation arising in bad times. One of its
key advantages is that no restrictions are imposed a priori on the nature of these non-linearities. The
regressions are estimated using Italian data up to December 2018. The sample includes the aftermath
of the Global Financial Crisis of 2008-2009 (GFC) and the European sovereign debt crisis (SDC) of
2011-2012, which provide a natural testing ground for models that focus on ‘tail’ predictions.

Our results confirm that the correlation between financial conditions and economic activity is
stronger in bad times and that spikes in financial distress provide useful information on tail risks for
the real economy. This finding holds for a broad range of indicators. Interesting differences emerge
between market-based variables, that perform best over short forecasting horizon, and credit-based
variables, such as the credit-to-GDP gaps computed following the Basel 111 prescriptions, that perform
well at horizons of one year or more. Using the regressions based on the Bank of Italy’s Financial
Condition Index (FCI), we construct two summary statistics of macroeconomic risk: a forward-
looking “recession probability” that quantifies the likelihood of observing a contraction in output over
the next 12 months and an “uncertainty” indicator that captures the dispersion of the one-year-ahead
forecasts. Both measures peak during the GFC and the SDC, suggesting that policy makers could
have exploited the models to anticipate the macroeconomic volatility triggered by the crises. These
*This work has benefited from feedback by Fabio Busetti, Michele Caivano, Davide Delle Monache, Antonio Di Cesare,

Giorgio Gobbi, Claudia Pacella and seminar participants at the Bank of Italy. All remaining errors are our own. The views
expressed in the articles are those of the authors and do not involve the responsibility of the Bank.

! See e.g. Jermann and Quadrini (2012), Gilchrist and Zakrajsek (2012) and the references therein.
2 He and Krishnamurthy (2012), Brunnermeier and Sannikov (2014).
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results, however, come with three important caveats. First, the performance of the models is not stable
across indicators, horizons and estimation periods. Second, the forecasts are volatile. Third, the
models appear to over-predict the likelihood and severity of bad outcomes, generating ‘false
positives’ on the occurrence of future contractions in economic activity.

The relatively lacklustre performance of the indicators is likely to reflect a combination of
different factors. Some are structural: the markets for private securities are traditionally smaller and
less liquid in Italy compared to the US, implying that price dynamics might be generally less
informative and less relevant for the real economy. Others are historical. The introduction of the Euro
and the switch to a new monetary policy framework in the early 2000s presumably caused a
significant shift in the relation between financial and real outcomes. The exceptional monetary and
fiscal initiatives of the post-2008 era might also partly explain the overestimation of tail risk observed
in most of our specifications: these policy interventions, which played a significant role in mitigating
the impact of the crises, could hardly be anticipated on the basis of the historical evidence. All in all,
the evidence suggests that the forecasts are not sufficiently reliable to be used as a direct input for
macroprudential policy decisions. Our tentative conclusion is that the estimates can in principle
provide useful information to macroprudential authorities, but they should be used critically within a

risk assessment framework that relies on a rich and well-diversified information set.

1.1 Related Literature.

The forecasting problem examined in this paper is not new. However, the relation between
financial variables and macroeconomic aggregates has been traditionally investigated using point
forecasts and linear models (Stock and Watson, 2003; Stock and Watson, 2012; Ng and Wright,
2013). Relatively few papers analyze the issue from a distributional perspective. De Nicolo and
Lucchetta (2017) show that quantile regressions generate reliable estimates of real and financial risk
for the US economy up to a one-year horizon. Alessandri and Mumtaz (2017) construct density
forecasts using non-linear models that explicitly capture the amplification effects arising from
financial frictions and borrowing constraints, such as Threshold or Markov-switching VARs. Giglio
et al. (2016) find that financial condition indices can explain unexpected fluctuations in output and
inflation, obtained as the residuals from a first-stage linear forecasting model. Adrian, Boryachenko
and Giannone (2019, henceforth ABG) propose a two-step procedure where predictive densities for
GDP growth are obtained by first fitting quantile regressions and then interpolating the quantiles
using a flexible functional form. Their conclusion is that tighter financial conditions are associated
with both a decline in the conditional mean of GDP growth and an increase in its volatility, with no

effects for the upper quantiles of the distribution. The results open the way to the calculation of



“growth at risk” statistics that link the likelihood of an economic downturn to the current state of
financial markets. Indicators inspired by ABG are currently published by a number of public
institutions (see e.g. IMF (2017) and ECB (2018)).

The remainder of the paper is organized as follows. Section 2 illustrates the design of the
quantile regressions. Section 3 describes our dataset and provides preliminary evidence on the
nonlinearity of the relation between economic activity and financial indicators. Section 4 carries out
an extensive out-of-sample forecasting exercise, assessing the performance of alternative financial
indicators based on (various combinations of) asset prices, spreads, volatilities and credit stocks.
Section 5 studies in more detail the forecasts obtained with the Bank of Italy’s Financial Condition

Index. Section 6 concludes.

2. Empirical set-up.
The basic tool employed in this paper is a quantile regression that links future economic

activity (EA) to its current value and some measure of financial conditions (FC):3

Q(EAnl 70 ) = ag + BaEA: + v4FC, (1)

Economic activity is represented alternatively by GDP, industrial production or Itacoin, a
model-based coincident indicator of the business cycle. The latter is used in levels, while for GDP
and IP we use cumulative growth rates over the forecasting horizon h. For each EA measure we test
a broad set of candidate financial condition indicators based on market data and/or credit aggregates
(see Section 4). We consider forecasting horizons of h = 1, 2, 3, 4, 8 quarters and estimate the
regressions for all deciles of the distribution as well as two more extreme ‘tail’ quantiles, i.e. 5% and
95%. The specification of the regression closely resembles that used by ABG; robustness tests suggest
that introducing more lags of the dependent variable does not improve the performance of this simple
model (the details are available upon request). The focus of our analysis is on the out-of-sample
performance of the regressions. Unless otherwise stated, we use data up to December 2005 as a
training sample and start forecasting from January 2006; the forecasts are computed recursively
adding one observation at a time.* The starting point of the training sample varies between 1970 and
1993 depending on data availability (see Section 4).

To study the unconditional calibration of the forecasts we use Probability Integral Transforms

(PITs, see e.g. Andersen et al., 2003). These check whether on average the predictions match the

3 Koenker & Hallock (2001) survey quantile regressions; Komunjer (2013) discusses their use for forecasting.
4 The starting point of the training sample varies between 1970 and 1993 depending on data availability (see Section 4).



unconditional distribution of the data; in particular, the forecasting model is “well-calibrated” if the
number of predictions falling below any given quantile x represents approximately x% of the sample.
The accuracy of the forecasts and the predictive power of the financial indicators is examined by
calculating quantile R? statistics similar to those used by Giglio et al. (2016). This metric compares
the prediction errors of a regression to those obtained from an alternative benchmark model,
measuring the percentage gain (quantile R%>0) or loss (quantile R?<0) delivered by the model relative
to the benchmark across different quantiles and forecasting horizons.> We consider two alternative
benchmarks. The first one only includes an intercept term and is defined by assuming g, =y, =0
in equation (1). This benchmark allows us to test the existence of relevant and predictable forms of
time variation in tail risk. A failure to beat this model would imply that bad outturns occur with an
approximately fixed probability, and cannot be predicted using the cyclical information embedded in
EA: and FC:. The second one is an AR(1) model of economic activity obtained by setting y, = 0 in
equation (1). A comparison between the full model and this benchmark quantifies more directly the
marginal informational content of FC; over and above that included in the latest observation EA:.

To conclude, it is important to remark that quantile curves are estimated individually.
Therefore they can cross, leading to an invalid distribution for the response variable. Constrained
versions of the quantile regression have been proposed, e.g. in Bondell et al (2010). The results of
this work, however, are not affected by crossing quantiles issues: the quantile grid that we use is

coarse and we are not estimating the full probability distribution forecast of our response variables.

3. Data and stylized facts

An overview of the economic activity and financial condition indicators used in the empirical
analysis is provided in Table 1. We measure economic activity in Italy using alternatively real gross
domestic product (GDP), industrial production (IP) or Itacoin. GDP is the most intuitive measure to
appraise broadly the state of the economy. It represents an important input in many policy debates
(concerning e.qg. fiscal policy or the calculation of aggregate credit-to-GDP ratios), and it is commonly
used in growth-at-risk analyses. Data on real GDP growth are quarterly and cover the period 1970q1-
2018g3. To complement the information, we also use monthly data on IP growth and Itacoin, a
cyclical coincident indicator for the Italian economy derived from a factor model.® Due to their
monthly frequency, these variables (i) capture in a more timely fashion the release of relevant

information on economic developments, (ii) provide larger samples for the estimation, and (iii) allow

5> Formally, the statistic is the ratio of the averages of the pseudo-forecast errors (transformed through the quantile loss
function p) obtained from full and restricted quantile regressions: see Giglio et al. (2016) for details.

& The construction of Itacoin is discussed in Aprigliano and Bencivelli (2013).



the forecast to be updated more frequently, which might be desirable when deploying the models in
the policy arena. IP and Itacoin are in many ways complementary. IP is narrower in scope, though it
represents an important component of GDP in terms of value added. Itacoin is broader, it tracks GDP
closely and it is very stable, providing estimates that are seldom subject to revisions even during
volatile periods (Aprigliano and Bencivelli, 2013). However, to the extent that it is model-based and
subject to estimation errors, this indicator might be less reliable than IP growth. The two measures
also differ in terms of samples, as Itacoin is only available from 1996. Following ABG, we do not
use real-time data and use for all series the vintage available as of May 2019.

To assess conditions in Italian financial markets we use several metrics. We consider both
composite indicators of systemic stress that aggregate information from a number of financial markets
and simpler indicators that feature regularly in the policy debate and/or have been found to have good
leading properties in other studies. The composite indicators include: the Financial Condition Index
(FCI) developed at the Bank of Italy to monitor the build-up of risks within the Italian system
(Miglietta and Venditti, 2019); the sub-components of the FCI related to money and bond markets
(FCI money and FCI bond, respectively)’; the Composite Indicator of Sovereign Stress developed by
the ECB (CISS sovr), which provides a measure of sovereign bond market stress both in the euro area
and at the country level (Garcia-de-Andoain and Kremer, 2018); the ECB’s Country Level Index of
Financial Stress for Italy (CLIFS, Duprey et al., 2017); and the Composite Indicator of Systemic
Stress in the Euro Area developed by Hollo et al. (2012) (CISS). The set of simpler, model-free
indicators includes: (i) the spread between 10-year and 1-year Italian sovereign bond yields (Term
Spread); (ii) the spread between the Italian and the German 10-year bond yields (Sovereign Spread);
(iii) the option-implied volatilities of the S&P500 and EuroStoxx50’s stock price indices (VIX and
VSTOXX); (iv) the interest rates applied on new lending to households or non-financial corporations
(R house, R nfc); (v) two “credit gap” measures obtained by detrending the ratio of bank credit or
total credit to GDP as prescribed by the Basel 111 regulation (CGap Bank, CGap Total)®.

Before moving to forecasting we briefly explore the relation between economic activity and
financial conditions in our data using simple full-sample statistics. Figure 1 shows the output of a
univariate regression where year-on-year GDP growth is regressed over a constant and the lagged

FCI. In particular, and consistent with the regression analysis in sections 4 and 5, we relate growth

7 We focus on the bond and money market components of the FCI (excluding the remaining three components, which
relate respectively to equity, foreign exchange and financial stocks) because they are less volatile and they have a stronger
unconditional correlation with GDP. The bond market component is also the largest one, accounting for 46% of the
aggregate index.

8 The gaps are calculated by applying a Hodrick-Prescott filter with a large smoothing parameters (A=400,000) to the
underlying quarterly credit-to-GDP ratios. We use a variation of the ESRB methodology where the filter is corrected in
real-time accounting for its past errors: see Alessandri at al. (2015) for details.
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between t and t+4 to the FCI level observed at time t. The graph contains a scatterplot of the data,
with FCI and GDP respectively on the horizontal and vertical axis, together with the regression lines
associated to the 1%, 5 and 9™ decile of the distribution. The slopes of the regressions are always
negative, indicating that a higher FCI — i.e. tighter financial conditions — anticipates an economic
slowdown. However, the slope of the regression changes considerably across the distribution: the
regression is nearly flat when growth is positive (red line), mildly negative around the median (green
line) and strongly negative for observations located around the 10% tail of the GDP distribution
(orange line). In this simple set-up, and based on full-sample information, the leading power of the
FCI is indeed much more pronounced in ‘bad times’, namely in periods of weak or negative growth.
This result is fully consistent with ABG, and it is broadly representative of the unconditional relation
between economic and financial indicators in our data: similar results hold for IP and Itacoin and for
the majority of our financial condition indicators. In fact, the statistical significance of the estimated
coefficients is often higher for IP and Itacoin, possibly because of the higher number of observations
associated to the monthly frequency of the data. Furthermore, a similar pattern emerges from
regressions where lagged economic activity is included among the controls. In short, based on full-
sample information one would confidently conclude that ‘the tails are different’ in terms of dynamics.
The key question examined in this paper is to what extent this regularity can be exploited from a

forecasting perspective.

4. An overview of alternative forecasting models

This section documents the forecasting performance of a range of alternative quantile
regression models. In Section 4.1 we cast the net wide, examining 15 financial indicators, 3 economic
activity measures and forecasting horizons that go from 3 to 24 months. Section 4.2 offers a more
detailed comparison between FCI and CISS, two aggregate systemic risk indicators that emerge

among the most promising options in the horse race.

4.1 Horse races among financial indicators

We estimate quantile regressions for all possible pairs of financial condition and economic
activity indicators listed in Table 1. The training sample ends in all cases in December 2005, and the
regressions are estimated recursively from that date onwards, with forecasting horizons ranging from
3 to 24 months (1 to 8 quarters in the case of GDP). The regressions are estimated around the deciles
of the distribution plus the 5% and 95% quantile. This grid is sufficiently rich to characterize the
nonlinearity of interest; for some of the specifications we also estimate the model separately around

all percentiles.
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It is worth noting that the calibration of the models — i.e. their ability to reproduce the
unconditional distribution of the economic activity indicators — is far from perfect.® The most common
failure is an overestimation of the left tail of the distribution: on average, the models tend to place too
many forecasts below the 10th and 20th percentiles of the data. In some instances this also affects the
center of the distribution, with more than half of the forecasts falling below the median. A second
potential failure is over-dispersion: for some models the distribution of the forecasts has a wider
support than that of the underlying data. Taken together, these symptoms suggest that the predictions
derived from the financial indicators can be overly volatile and somewhat “pessimistic”. We return
to these points below and in section 5.

Since we are mainly interested in predicting bad outcomes, we summarize the models’
performances using their average R? gains for the three lowest quantiles included in our grid, i.e. 5%,
10%, 20%. These probability levels provide a reasonable characterization of ‘adverse’ scenarios; by
averaging three estimates we obtain a statistic that does not hinge too heavily on a specific percentile.
In any case, detailed R? estimates for all quantiles and horizons are provided in Annex A. Table 2
reports the gains achieved by the models vis-a-vis quantile regressions that only include the intercept.
We highlight gains and losses respectively in green and red, using stronger tones for figures that are
quantitatively more significant. There is strong evidence of time-variation in “tail risk””: most models
beat the constant by large margins when it comes to forecasting below-median outcomes, implying
that the distribution changes over time in a predictable way. The dark green areas in Table 2 show
that, based on our average metric, the R? gains range between 20% and 70% and they occur
systematically across FC indicators and forecasting horizons. This is not the case for above-median
outcomes, for which the models can easily underperform a constant (see Annex A); this reveals that
time-variation affects the left tail but not the right tail of the distribution, consistent with ABG. The
gains tend to decrease over the forecasting horizon, and the regressions based on monthly data suggest
that IP growth is overall less predictable than the (smoother and less volatile) Itacoin.

In Table 3 the analysis is replicated using as benchmark a quantile AR(1) model. The results
change dramatically. Controlling for the autoregressive term of the target wipes out most of the gains
shown in the previous table. If measured relative to an autoregressive benchmark model, the gains
delivered by our baseline regressions are (i) generally much smaller, (ii) less robust across horizons,
and (iii) confined to only few of the FC indicators in our set (most notably FCI, CISS and the two
credit gap measures). This suggests that many fluctuations in ‘tail risk’ in the data are actually
explained by the dynamics of the economic activity indicators: the persistence of GDP, IP and Itacoin

® The brief calibration discussion below is based on Probability Integral Transforms (PITs) calculated for all models and
forecasting horizons; the details are available upon request.
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changes across the distribution, and these changes are by themselves capable of explaining the tail
behavior of these variables. Once the change in persistence is controlled for (by introducing an
autoregressive term), the explanatory power of the financial variables for tail outcomes is strongly
diminished. We investigate this point further in Figure 2. The figure shows the full-sample estimates
of the quantile regression coefficients for the model where Itacoin is regressed on the FCI with a
forecasting horizon of 6 months®. Panel (a) shows the familiar ABG result: the coefficient of FCI is
always negative, but much larger in absolute value at low quantiles (in this case the nonlinearity is
most evident below the 20" percentile). However, panel (b) shows that the persistence of Itacoin
changes even more dramatically across the distribution: the process is weakly autocorrelated above
the 80" percentile, has a persistence of about 0.4 at the median, and becomes borderline explosive
below the 10" percentile. Intuitively, this means that recent observations on Itacoin are by themselves
informative on the likelihood of an upcoming slowdown in economic activity: Itacoin accelerates
when moving downwards, and the model’s ability to forecast tail outcomes originates in part from
this (systematic, and hence predictable) increase in persistence in ‘bad times’ as well as a stronger
correlation with the FCI. In short, two distinct non-linearities are at play (one involving the relation
between Itacoin and FCI, the other the persistence of Itacoin itself) and both contribute to fitting the
left tail of the data distribution. The comparison between the R-squared statistics in tables 2 and 3
show that in many of our specifications the second one is quantitatively prominent, while the marginal
predictive power of the financial indicators is modest once the autoregressive component is accounted
for.

Aside from the generalized reduction in the R-squared gains, table 3 delivers a number of
interesting insights. When compared to the autoregressive benchmark, the regressions based on
Itacoin and IP give similar results. This means that the higher predictability of Itacoin in table 2 is
explained by its higher (and possibly more nonlinear) persistence, not by a stronger association with
financial conditions. Among the market indicators, FCI and CISS clearly outperform the alternatives
for all three of our target variables. The bond and money component of FCI work reasonably well,
but not as well as the composite index. VIX dominates VSTOXX: its performance is comparable to
that of FCIl and CISS at the 3M horizon, but deteriorates over longer horizons. These implied volatility
indicators are valuable in the short term but may not be suited to (macroprudential) policy decisions
that have long implementation lags. Among the banking indicators at the bottom of the table, interest

rates perform poorly, except at the 3-month horizon, whereas the two credit gaps are good predictors

10 This specification is an interesting case study because its R-squared gain drops from 37% to zero when controlling for
the autoregressive term (see tables 2 and 3). Similar results emerge for many other combinations of financial and economic
activity indicators.
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of GDP and work mostly if not only at horizons of one or two years. In fact, the predictive power of
the credit gaps generally rises rather than declining over h. Although attaching a structural
interpretation to these regressions is problematic, this result is qualitatively consistent with the BCBS
suggestion that credit booms can be good for the real economy in the short-term but spell trouble in
the medium and long term.

Taken together, the results in table 3 also suggest that it might be sensible to use a combination
of market- and bank-based indicators to estimate risks for growth over different horizons rather than
relying on a single predictive model. In our data, however, simple multivariate specifications that
include FCI, CISS and the Bank credit gap (i.e. the best performers in table 3) do not deliver
systematic improvements relative to the univariate specifications!. One reason behind this result is
presumably the strong comovement across predictors. The forecasting errors generated by different
indicators are strongly correlated, particularly for the quantiles below the median: for the 12-month
ahead IP forecasts, the correlation between the residuals generated by FCI and CISS range between
65% and 85%; for GDP, they range between 44% and 82%. In short, the models tend to err in the
same direction at the same time, particularly when forecasting bad outcomes. This clearly limits the
benefits of using many indicators at once. Two better options could be to combine the indicators
into a single factor, as in Giglio et al. (2016), or to combine the predictions obtained from different
models. Both impose a price in terms of transparency and interpretability of the results. We
leave these developments to future research.

4.2 FCI versus CISS

CISS and FCl are constructed using financial data and similar aggregation methods. The main
differences between them (i) the raw indicators used, (ii) the geographical scope, with FCI focusing
on Italy and CISS on the Euro Zone, and (iii) the weights used to aggregate the subsector indexes to
obtain the composite metric. In particular, FCI attaches a larger weight to the sovereign bond market.
These differences are clearly visible in the data and give interesting insights on their performance of
the indicators in the regressions. In Figure 3 the annual growth rate of IP is plotted against the 12
month lags of FCI and CISS.'2 More specifically, the black dashed line represents cumulative 1P
growth over the period t-12 to t, where t is the month indicated on the horizontal axis, while red and

blue lines represent respectively the levels of CISS and FCI observed in t-12. Given this timing

11 Results on the multivariate specifications are available upon request.

12 We base the comparison on Industrial Production for two reasons. First, that monthly data are useful to estimate
regressions over relatively small time windows (see below), and this makes GDP less attractive than IP or Itacoin. Second,

both FCI and CISS perform better for IP than Itacoin (see Table 3). The focus on the 12-month horizon is motivated by
its relevance for risk assessment and policy decisions; we discuss this point further in Section 5.
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convention, the comovements displayed in the chart exactly match those that exploited in the
forecasting regressions with horizon h=12. The FCI remains generally flat during the market tensions
that follow September 11th 2001. Furthermore, unlike CISS, this indicator places the Global Financial
Crisis (GFC, 2007-2008) and the sovereign debt crisis (SDC, 2011-2012) roughly on the same
footing. FCI and CISS also diverge at the end of the sample, when Italian markets are affected by
political uncertainties that are not shared by the rest of the euro area, but this discrepancy affects their
levels rather than the (common) downward trend. The figure suggests that the GFC might play a role
in explaining the discrepancy in the average performance of the two indicators: CISS rises sharply
from the beginning of 2008, and this allows it to get the timing of the trough in IP in early 2009 almost
perfectly right. FCI by contrast rises slowly, and its peak occurs ‘too late’ for the one-year ahead
prediction.

The role of the two crises is investigated in more detail in Figure 4. The figure shows
distributions and correlations of the three variables for 9 non-overlapping two-year windows, from
2001-2002 (top left corner) to 2017-2018 (bottom right corner). Each panel reports the scatterplots of
FCI and CISS (vertical axis) vis-a-vis output growth (horizontal axis) with the corresponding OLS
regression lines. These are similar to the quantile regressions estimated around the 50™ percentile of
the distribution, and give an idea of how the relation between financial conditions and output changes
on average (i.e. in the middle of the distribution) across different time periods. The timing convention
is the same as in the previous figure, with FCI and CISS lagged one year relative to the target. To
mimic more closely the quantile regression set-up, however, we replace IP growth with a residual
obtained from an AR(1) model: this residual captures ‘unexpected’ growth (net of the AR(1) term),
and it is precisely what the financial indicators should help explain. The first row of the figure shows
the results for the early 2000s, which are included in the training sample of the quantile regressions
examined in the previous section. The correlation with output is null, and potentially wrongly signed
for CISS in 2005-2006. This is consistent with the finding that the quantile regressions are
approximately flat in the upper half of the distribution (see e.g. figure 1). The middle row of the figure
confirms the important role of the GFC. The slope of the regression in 2007/8 is much steeper for
CISS and this is clearly due to the upward jump of the indicator, which moves abruptly from average
values that are similar to those of the FCI (0.05-0.10) to maxima that are twice as big (0.3 versus
0.15). This pattern disappears during the following two years and is effectively reversed in 2011-
2012, when the slope of the regression is steeper for the FCI. The two indicators yield similar results
in the 2013-2014 window but diverge again at the end of the sample (bottom row). The relation with

output weakens for both indicators and a potential structural break appears for CISS, whose regression
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slope turns positive around 2015. Indeed, neither of the indicators anticipates the decline in output
that takes place towards the end of 2018.

These results offer two useful insights. The first one is that the average track record of an
indicator over a fairly long evaluation period (2006-2018) can be affected by a handful of influential
data points (GFC and SDC). The second one is that structural stability can be a concern when
forecasting growth at risk. The differences between GFC and SDC show that ‘not all crises are the
same’ and that indicators that perform well in some cases may work poorly in other, apparently
similar episodes. In our case, CISS captures better the international dimension of the GFC, which
originated in the US and subsequently spread to Europe and Italy, while FCI is more successful in

picking up the home-grown sovereign debt tensions of 2011 and 2012.

5. Estimating growth risk with the Bank of Italy’s Financial Condition Index

In this section we move from model comparisons to an in-depth analysis of the predictions
obtained using the Bank of Italy’s Financial Condition Index (FCI), a distress indicator used in the
Bank’s risk assessment activity that also features in its periodical Financial Stability Report (see Bank
of Italy, 2019). The appendix provides a complementary set of results for the CISS indicator, which
has a comparable performance in the horse race of Section 4. We analyze the performance of FCI
using both GDP and Industrial Production growth as targets. GDP is the broadest and most commonly
used economic activity indicator, and it allows a direct comparison with the results of ABG. IP is less
representative, but it has the non-negligible advantage that the data are more timely and the forecasts
can be updated on a monthly basis.® We restrict the focus to the 12-month forecasting horizon. This
offers a good compromise between the performance of the regressions and the practical relevance of
the forecasts for policy purposes: short-term forecasts are typically better, but harder to use for the
calibration of macroprudential interventions.

Figure 5 shows the out-of-sample forecast for GDP (top row) and IP (bottom row). The one-
year-ahead forecasts are in the right column. We report the one-quarter-ahead forecast in the left
column to give a visual gauge of the trade-off between accuracy and relevance mentioned above. In
each panel of the figure the target variable (in blue) is plotted against the 10%, 50% and 90% forecasts
(in grey, red and green). The sharp contractions experienced by Italy around 2009 and 2011 are clearly
visible in all plots despite the difference among the target series. The chart also shows that the
timeliness of IP comes at the cost of a much higher volatility, even when the series is filtered
computing year-on-year growth rates. At the 3-month horizon the median predictions track the data

13 We choose IP rather than Itacoin, which is also available on a monthly basis, simply because the predictions are on
average more accurate (see table 3) and a raw data series is a safer target than a model-based indicator.
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accurately, particularly in the case of GDP. The fit naturally worsens at the 12-month horizon.
Recessions and recoveries are still reasonably aligned, but the ‘signals’ issued by the models in 2008-
2009 appear at the same time delayed and overly drastic: the predicted trough in median GDP for
instance is about -12% against an actual outcome of -8.5%. The gap is similar but less pronounced
for IP. The behavior of the tail predictions is consistent with the evidence discussed in the previous
sections. The right tail of the distribution is fairly stable over time, even during recessions. The left
tail, for which the dependence on the FCI is stronger, is more volatile and sends a strong warning on
the impending economic slowdown both in 2008/9 and 2011/2. The fact that the 10% predictions fall
well below the realized GDP and IP outcomes can be interpreted in more than one way. The most
obvious one is that the models are not well-calibrated and tend to be overly pessimistic (as indicated
by the PITs discussed in Section 4). Another one is that the ex-ante probability of the observed
contractions in economic activity was well above 10% and hence, at least in principle, the recessions
could have been even more pronounced. Although this argument is clearly speculative, one possibility
is that the FCI did not fully reflect the exceptional monetary and fiscal policy initiatives undertaken
during the crises, which (i) had no historical precedent and (ii) played an important role in mitigating
the contraction.

The forecasts can be easily summarized by calculating forward-looking ‘“recession
probabilities” (RPs) that quantify the chances of observing a net contraction in economic activity over
a predefined time interval. More formally, given a generic economic activity indicator EA and a

forecasting horizon h, the recession probability is defined by the following equation:
P(EAp, <0 | 7,) = g—gzgzln(ﬁgh < 0), where EAY,, is the forecast for time t+h at the

quantile g.2* The probabilities associated to the 12-month ahead forecasts are plotted in Figure 6. The
GDP-based probability, in gray, is overlaid with the IP-based probability, plotted in black. The GDP
estimate is quarterly, like the underlying forecasts, and we simply assume it to remain constant within
each quarter to obtain the monthly series displayed in the figure. A first fact that stands out from the
figure is that the average recession probabilities over the entire 2006-2018 period are high: 40% for
GDP and 63% for IP. This result reflects the weakness of the Italian economy over this period but
also the wide dispersion of the forecasts across quantiles, which implies that (particularly in the case
of IP) a large portion of the distribution is systematically below the zero line. The dynamics are
interesting: the RPs swing between 10% and 80-100% over time, and their maxima pick up the actual

14 For this calculation we re-estimate the models using a finer grid that includes all percentiles of the distribution (0.01 to
0.99). An alternative strategy would consist of (i) interpolating the quantile forecasts to reconstruct the entire predictive
density for GDP growth, and then (ii) calculating RPs and other summary statistics using the interpolated pdf (ABG;
IMF, 2017). Our solution avoids the interpolation step. Notice that in both cases the RPs are calculated ignoring the
estimation uncertainty around the coefficients of the quantile regressions.
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recessions in the sample. The summation over quantiles implicit in the calculation delivers a smoother
picture of ‘growth at risk” compared to the raw forecasts, but volatility remains an issue. There are
many instances where the GDP-based probability increases by 10 percentage points or more over one
quarter but drops immediately afterwards, suggesting that policy makers should only trust a persistent
variation in the indicator. IP provides a good approximation to the low-frequency movements of GDP
but its short-run volatility is much higher, raising questions on its use for risk assessment purposes.
As Figure 5 shows, the forecast distributions typically become wider around recessions. A
drop in the left tail is often the key driver behind this increase in dispersion (Figure 5, panel iv), but
upward movements of the right tail can contribute to it too (Figure 5, panel ii). In essence, abrupt
changes in the FCI mark the beginning of periods during which growth becomes less predictable as
well as being generally weaker. This motivates the construction of summary statistics that focus on
the uncertainty surrounding the forecasts. We compute two such measures. The first one, “Total
Uncertainty” (TU), is defined as the difference between 90% and 10% predictions. This is by
construction a symmetric measure that does not discriminate between good and bad outcomes. As
such, it is relevant for risk-averse decision makers but potentially less interesting for risk-neutral
agents who only care about mean outcomes. The second measure, defined as the distance between
the median and the 10% forecast, is a more specific gauge of uncertainty stemming from “Downside
Risks” (DR) to the real economy. DR focuses on the tail that matters the most for macroprudential
purposes. Notice that both indicators ignore by construction the median path of the economy, and are
unaffected by a parallel downward shift of the forecast distribution. The estimated TU and DR series
are plotted in Figure 7. Aside from the usual difference in volatility, the profile of TU is qualitatively
similar for GDP and IP. The uncertainty around the GDP forecasts is on average 3 percentage points
in 2007 (panel a). If interrogated one year earlier, the model would have predicted uncertainty to rise
to 15 percentage points by the end of 2008 and to 30 percentage points by the end of 2009. These
estimates indicate that the confidence intervals around the projections are generally large, and become
much larger in bad times. The associated DR indicators quantify the likely contribution of bad
outcomes to the overall uncertainty. In the GFC DR accounts for only about %2 of TU: the reason is
that the bad scenarios captured by DR are relatively close to the median path, which already includes
a strong recession (-12%). In this case the gap between TU and DR captures a wide range of scenarios
where growth is negative, but not as bad as in the median projection. The overall dynamics of the
uncertainty indicators are similar for industrial production (Figure 7, panel b). In this case, however,
the forecasts for the upper quantiles of the distribution are more stable, so DR represents the main

driver of uncertainty both in normal and in crisis times.
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6. Conclusions

This paper studies the relationship between financial conditions and economic activity in Italy
using quantile regression techniques in the spirit of Adrian, Boryachenko and Giannone (2019). We
estimate a range of predictive models where economic activity is regressed on various measures of
financial conditions, including term and sovereign credit spreads, implied stock market volatility,
Basel-type ‘credit gaps’ and synthetic indices obtained from larger financial datasets. We then
calculate recursive out-of-sample forecasts for the period between January 2006 and December 2018,
using the Great Financial Crisis (2008-2009) and the Sovereign Debt Crisis (2011-2012) as a testing
ground for the models’ fitness to predict ‘tail’ outcomes.

Our results confirm that the correlation between financial conditions and economic activity is
stronger in bad times and that spikes in financial distress often anticipate a slowdown in economic
activity. Various complications arise, however, when using this result for out-of-sample forecasting:
the relation is not stable over time, the forecasts are volatile, and the models appear to overestimate
the likelihood of low or negative growth scenarios. We explore these issues by studying in more detail
the forecasts generated by the Bank of Italy’s Financial Condition Index (FCI). Using the output of
the quantile regressions, we calculate forward-looking recession probabilities and uncertainty
measures that characterize the outlook for GDP and industrial production growth over a one-year
horizon. The qualitative behavior of these indicators is appealing, with peaks that roughly coincide
with the recessions experienced by the Italian economy after 2008, but high volatility and false
positives remain a concern, cautioning against a literal interpretation of the signals issued by the
model. Our tentative conclusion is that ‘growth at risk’ estimates can in principle offer useful
information to macroprudential authorities, but they should be used within a risk assessment

framework that relies on a rich and well-diversified information set.
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Table 1: Economic activity and financial condition indicators.

Variable Starts Ends Frequency
(A) ECONOMIC ACTIVITY
GDP Real GDP growth 197091 201893  Quarterly
IP Industrial production growth 1990m1  2018mi12 Monthly
Itacoin Coincident economic activity indicator 1996m9  2018ml12 Monthly
(B) FINANCIAL CONDITIONS
FCI Financial Condition Index 1998m12 2018mi12 Monthly
FCI bond Bond market component of the FCI 1998m12 2018ml12 Monthly
FCI money Money market component of the FCI 1998m12 2018ml12 Monthly
CISS sovr Composite Indicator of Sovereign Stress 2000m1  2018mi12 Monthly
CLIFS Country Level Index of Financial Stress 1970m1  2018mi12 Monthly
CISS Composite Indicator of Systemic Stress 1999m1  2018ml12 Weekly
Term Spread Spread between 10Y and 1Y IT sovereign bonds 1991m3  2018m12 Monthly
Sovereign Spread ~ Spread between 10Y IT and DE sovereign bonds
VIX Implied volatility of S&P500 stock price index  1991m04 2018m12 Monthly
VSTOXX Implied volatility of EuroStoxx50 stock price 1999m01 2018ml12 Monthly
index
R house Interest rates on new lending to households 1995m1  2018mi12 Monthly
R nfc Interest rates on new lending to non-financial 1995m1  2018ml12 Monthly
firms
C Gap Bank Bank credit-to-GDP gap 198091  2018g3  Quarterly
C Gap Total Total credit-to-GDP gap 19801 201893  Quarterly
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Table 2: Performance of the quantile regressions against a constant model.

GDP Itacoin 1P

3M 6M 9M 12M 24M|3M 6M O9M 12M 24M| 3M 6M O9M 12M 24M
FCI 0.40 0.22 0.25 0.26 -0.37] 0.63 0.37 0.23 0.12 -0.02| 0.23 0.17 0.14 0.16 0.11
FCI bond 0.35 0.27 0.19 0.17 -0.25| 0.63 0.37 0.21 0.09 0.06/ 0.11 0.11 0.07 0.06 0.13
FCI money 0.34 0.24 0.13 0.12 -0.15| 0.62 0.37 0.20 0.13 0.03] 0.13 0.12 0.10 0.09 0.14
FClI p.c. 0.20 0.08 0.03 -0.02 -0.02] 0.61 032 0.14 0.02 0.00] 0.04 0.04 0.00 -0.04 0.11
CLIFS 0.27 0.21 0.02 -0.09 0.03] 0.64 039 0.19 0.03 0.00] 0.09 0.10 0.04 -0.01 0.07
CISS 0.42 033 0.28 0.32 -0.20] 0.64 041 035 0.19 -0.02| 0.30 0.26 0.30 0.33 0.22
CISS sovr 0.20 0.07 0.06 0.08 -0.10f 0.56 0.24 0.11 0.04 0.01| 0.06 0.06 -0.02 -0.01 0.15
Credit Spread | 029 0.21 0.04 0.01 0.04f 0.61 0.36 0.19 0.05 0.03] 0.07 0.07 0.03 0.00 0.16
Term Spread 0.11 0.15 -0.02 -0.12 -0.05| 0.62 0.36 0.17 0.05 0.03] 0.03 0.06 0.00 -0.03 0.11
VIX 0.35 0.26 0.16 0.13 -0.06/ 0.64 0.37 0.18 0.04 0.07] 0.20 0.14 0.10 0.07 0.05
VSTOXX 0.35 0.16 -0.03 -0.09 -0.12] 0.61 034 0.13 -0.01 0.07| 0.14 0.10 0.02 -0.01 0.14
R house 0.34 0.13 0.01 -0.05 0.03] 0.63 0.38 0.18 0.02 0.09] 0.06 0.06 0.01 -0.02 0.11
R nfc 0.30 0.14 0.03 -0.08 0.02] 0.63 0.38 0.19 0.04 0.09] 0.06 0.06 0.02 -0.01 0.12
C Gap Bank 0.24 026 0.25 0.23 0.26] 0.62 035 0.17 0.05 0.10f 0.05 0.08 0.04 0.02 0.32
C Gap Tot 0.27 0.27 022 0.18 0.12| 0.62 0.36 0.17 0.04 0.05| 0.05 0.09 0.04 0.04 0.27

Note: for each Financial Indicator (row) and Economic Activity measure (column), the table reports the predictive
R-squared gain obtained by the baseline quantile regression (EAwn = a + bEA+ cFC; + ewn) against a benchmark
model that only includes the intercept (EAwn = & + ew+n). The colors go from dark green (R-squared change >+20%)
to dark red (R-squared change <-20%), with yellow cells indicating equivalent performances by the two models (R-
squared change =0). The horizons (h) range from 3 to 24 months. The R-squared statistics are computed using out-
of-sample prediction errors for the period January 2006 — December 2018.

Table 3: Performance of the quantile regressions against an AR(1) model.

GDP Itacoin IP

3M 6M 9M 12M 24M|3M 6M OM 12M 24M| 3M 6M 9M 12M 24M
FCI 0.11 0.02] 0.19 0.23 -0.32| 0.05 0.01 0.0/ 0.11 -0.07f 0.18 0.13 0.12 0.18 -0.05
FCI bond 0.03 0.09 0.13 0.13 -0.21| 0.03 0.01 0.05 0.08 0.01] 0.05 0.06 0.05 0.09 -0.02
FCI money 0.02 0.05 0.07 0.09 -0.12( 0.02 0.01 0.04 0.12 0.00{ 0.08 0.07 0.08 0.12 -0.01
FCl p.c. -0.03 -0.04 0.01 -0.03 -0.03|-0.04 -0.08 -0.04 0.00 -0.03|-0.02 -0.01 -0.02 0.00 -0.01
CLIFS 0.01 0.06 0.03 0.00 0.03 0.05 0.03 0.02 0.00 -0.03] 0.03 0.05 0.03 0.01 -0.03
CISS 0.14 0.22 0.27 0.35 -0.19| 0.07 0.112. 0.25 0.20 -0.05| 0.27 0.21 0.30 0.35 0.06
CISS sovr -0.13 -0.07 0.07 0.11 -0.22| -0.08 -0.11 0.02 0.06 -0.05| 0.01 0.01 -0.02 0.03 -0.05
Credit Spread | 0.04 0.04 -0.04 -0.04 0.04|-0.02 -0.01 0.02 0.02 -0.01| 0.01 0.00 0.02 0.03 0.08
TermSpread |[-0.12 -0.02 -0.11 -0.17 -0.07(-0.01 -0.02 0.00 0.03 0.00({-0.03 0.00 -0.01 0.00 0.03
VIX 0.13 0.10 0.08 0.09 -0.05( 0.05 0.00 0.00 0.01 0.03] 0.16 0.07 0.09 0.09 -0.05
VSTOXX 0.04 0.01 -0.03 -0.03 -0.12(-0.01 0.00 -0.01 0.00 0.04] 0.10 0.03 0.02 0.02 -0.04
R house 0.17 0.03 -0.01 -0.06 0.02( 0.02 0.01 0.02 0.00 0.06/ 0.01 0.00 0.00 0.00 0.00
R nfc 0.14 0.04 0.01 -0.08 0.01f 0.02 0.01 0.02 0.02 0.06f 0.01 0.01 0.01 0.01 0.01
C Gap Bank 0.03 0.07 0.12 0.17 0.24| 0.00 -0.03 0.00 0.03 0.07(-0.01 0.03 0.04 0.05' 0.26
C Gap Tot 0.07 0.09 0.08 0.11 0.10({ 0.00 -0.02 0.00 0.02 0.02|-0.01 0.03 0.04 0.07 0.20

Note: for each Financial Indicator (row) and Economic Activity measure (column), the table reports the predictive
R-squared gain obtained by the baseline quantile regression (EAwn = a + bEA+ cFC; + ewn) against a benchmark
model that includes intercept and autoregressive term (EAwn = a + bEA¢ + ewn). The colors go from dark green (R-
squared change >+20%) to dark red (R-squared change <-20%), with yellow cells indicating equivalent performances
by the two models (R-squared change ~0). The horizons (h) range from 3 to 24 months. The R-squared statistics are
computed using out-of-sample prediction errors for the period January 2006 — December 2018.
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Figure 1 — Tail correlation between annual GDP growth and lagged FCI.
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Note: annual GDP growth (vertical axis) versus lagged Financial Condition Index (FCI, horizontal axis). Growth is
measured between quarter t and quarter t+4, while the FCI is measured at time t. Orange, green and red lines represent
three univariate quantile regressions fitted respectively around the 10", 50% and 90" percentiles of the distribution. The

estimation period is 1998-2018.

Figure 2 — Quantile regression coefficients: correlation with FCI versus persistence.

(a) FCI coefficient (b) AR(1) coefficient
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Note: the chart shows the estimated quantile regression coefficients from the model Itacoinw.s = a + bltacoin; + cFCl; +
ew+n. Panel (a) and panel (b) show respectively the estimates of the FCI coefficient (c) and the autoregressive coefficient
(b), with a 95% confidence band. The quantiles are reported on the horizontal axis. The estimation sample is 1998-2018.
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Figure 3 — Industrial Production growth versus lagged CISS and FCI
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Note: the chart shows the annual growth rate of industrial production (black dashed line) vis-a-vis the lagged
CISS and FCI indicators (red and blue lines). IP growth is computed over the 12-month window ending in the
month displayed on the horizontal axis, while FCI and CISS are measured 12 month prior to the month displayed
on the horizontal axis. This timing convention associates to each IP growth observation the levels of FCI and
CISS that would have been used to forecast it one year earlier.
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Figure 4 — CISS and FCI regressions estimated over non-overlapping subsamples.
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Figure 5 — Out-of-sample quantile forecasts based on the FCI

(i) GDP, 3-month horizon (it) GDP, 12-month horizon
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Notes: out-of-sample growth forecasts obtained using the Financial Condition Index (FCI). The forecasts are calculated
for GDP growth (top row) and Industrial Production growth (bottom row), considering alternatively horizon of 3 months
(left column) and 12 months (right column). In each panel the blue line represents the data, the red dashed line the median
forecast, and grey and green dots the forecasts for the 90™ and 10" percentile of the distribution. Data and forecasts are
quarterly in the case of GDP and monthly in the case of IP. All estimates are based on the quantile regression model
described in equation (1). The forecasts are generated recursively, using a training sample that runs from December 1998
to December 2005 and adding one observation at a time.
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Figure 6 — One-year-ahead recession probabilities based on the FCI
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Notes: the chart shows the model-implied probability of observing a contraction in GDP (grey area) or IP (black line)
over the 12-month period ending at the date shown on the horizontal axis. The probabilities are obtained by (i) estimating
the quantile regression in equation (1) separately for all percentiles of the data distribution; (ii) generating recursive out-
of-sample forecasts for each percentile; and (iii) cumulating the percentiles for which the forecast is negative. See note to
figure 5.

Figure 7 — Uncertainty surrounding the one-year ahead economic activity forecasts.
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Notes: the chart shows two measures of uncertainty associated to one-year-ahead forecasts for GDP (panel a) and
Industrial Production (panel b). Total Uncertainty (Downside Risk) is defined as the difference between the 90" percentile
forecast (50™ percentile forecast) and the 10" percentile forecast. All forecasts are obtained from the quantile regression
model in equation (1). See notes to Figure 5.
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Annex A: Additional Tables

Table A.1: GDP regressions, predictive R? gains versus constant (selected indicators)

T 0.05 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 0.95

FCI

3M 0.087

6M 0.082

oM 0.052

12M -0.061

24M -0.090 0.013 -0.018 -0.072

FCI bond

3M 0.076 0.036 0.053 0.092
6M 0.040 -0.046

oM 0.028 -0.011 -0.031
12M 0042 0100 -0.092 -0.021
24M -0.097 0.074 -0.024 -0.057 -0.075 | -0.344
CISS

3M 0.086  0.045

6M 0.093 0.024 -0.026

oM 0.093  0.024

12M 0.023 -0.042

24M 0041 0051 0105 0076 0.020

Credit Spread
3M 0114 0123
6M 0.109 0.089 0.076 0.041 -0.014 0.066

9M 0.035 0.093 0.002 -0.027 0.048 0.074 0.056 -0.009 0.012 0.029 0.036
12M  0.072 -0.015 -0.022 -0.011 0.015 0.003 0.005 -0.026 -0.047 -0.063 0.046

24M 0028 -0.043 -0.034 -0022 -0014 -0.043 -0.043 -0.054 -0.039 -0.062
VIX

3M 0109 0010 0.001
6M 0.057 -0.030  0.050
oM -0.013  0.048 0.064
12M -0.054 -0.023 0.058
24M  0.047 0072 -0.094 -0.161
Bank Credit Ga

3M 0.105 0.057
6M 0.097 0.086 0.034
oM 0110 0095 0102 0084 -0.005 0.075
12M 0.029 0015 0062 0019 0044 0.053
24M 0.083 0.030
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Table A.2: GDP regressions, predictive R? gains versus AR(1) model (selected indicators)

T 0.05 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 0.95
FCI
3M 0.195 0.057 0.063 -0.033 0.003 -0.055 -0.069 | -0.284 -0.306 -0.025 0.005
6M -0.058 0.082 0.033 0.032 0.041 0.073 0.059 -0.159 -0.156 -0.194 -0.258
oM 0.240 0.199 0.134 0.245 0.177 0.029 0.023 -0.034 -0.174 -0.107 -0.127
12M 0.350 0.120 0.214 0.156 0.155 0.090 -0.051 -0.061 -0.136 -0.065 -0.067
24M | -0.694 -0.181 -0.096 0.043 0.020 -0.021 -0.058 | -0.233 -0.142 -0.366 0.078
FCI bond
3M -0.010 -0.002 @ 0.114 0.035 -0.008 -0.039 -0.023 -0.098 -0.057 0.072 -0.023
6M 0.124 0.072 0.064 -0.007 -0.018 0.007 0.014 0.014 -0.018 | -0.142 -0.198
oM 0.155 0.160 0.077 0.153 0.068 -0.004 -0.013 -0.005 0.038 | -0.197 -0.038
12M 0.143 0.098 0.161 0.141 0.084 0.045 0.006 -0.031 -0.014 -0.117 -0.101
24M [ -0.307 -0.220 -0.102 0.101 0.122 0.105 0.019 -0.020 0.007 @ -0.133 0.009
CISS
3M 0.262 0.136 0.026 0.055 -0.026 -0.063 -0.039 -0.128 -0.266 -0.643 -0.439
6M 0.266 0.322 0.064 0.042 0.005 -0.038 -0.065 -0.082 -0.080 | -0.370 -0.142
oM 0.318 0.352 0.140 0.184 0.118 0.014 -0.095 -0.116 -0.274 -0.440 -0.788
12M 0.410 0.366 0.267 0.165 0.060 -0.046 -0.137 -0.097 -0.373 -0.186 -0.711
24M | -0.445 -0.151 0.036 @ 0.142 0.108 0.058 -0.035 -0.052 -0.161 -0.369 -0.341
Credit Spread
3M 0.130 -0.028 0.018 -0.018 0.004 -0.008 0.000 0.004 0.002 0.030 0.031
6M 0.107 0.008 -0.006 -0.003 0.014 0.059 0.028 -0.002 0.007 -0.030 0.140
oM -0.028 -0.067 -0.023 0.003 0.030 0.023 0.021 -0.013 0.003 -0.043 -0.051
12M  -0.010 -0.108 0.007 0.012 0.013 0.002 0.002 -0.007 -0.022 -0.066 -0.004
24M 0.125 0.017 -0.011 -0.006 -0.004 -0.012 -0.003 -0.002 -0.012 -0.020 -0.087
VIX
3M 0.255 0.060 0.061 0.041 0.024 -0.015 -0.047 -0.046 -0.017 -0.084 -0.103
6M 0.131 0.084 0.072 0.005 -0.038 -0.006 -0.025 -0.038 0.023 -0.046 0.125
oM 0.134 0.030 0.089 0.076 -0.023 -0.022 -0.085 -0.032 -0.022 -0.022 -0.020
12M | 0.118 0.066 0.088 0.026 0.001 -0.015 -0.027 -0.032 -0.029 -0.026 0.010
24M  0.044 | -0.180 -0.022 -0.029 -0.010 -0.001 0.001 -0.004 -0.029 -0.074 | -0.188
Bank credit gap
3M 0.015 0.095 -0.007 0.018 0.008 -0.021 -0.017 -0.011 0.005 -0.036 -0.110
6M 0.057 0.077 0.091 0.064 0.030 -0.011 -0.003 0.013 -0.003 -0.015 0.024
oM 0.086 0.108 0.154 0.053 0.005 -0.015 0.008 0.001 -0.045 -0.139 0.043
12M | 0.201 0.157 0.163 0.084 0.034 -0.011 -0.008 -0.036 -0.070 0.014 0.051
24M | 0.356 0.268 0.104 0.154 0.111 0.045 -0.053 -0.008 -0.012 -0.005 -0.046
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Table A.3: IP regressions, predictive R? gains versus constant (selected indicators)

T 0.05 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 0.95
FCI
3M 0370 0.186 0.121 0.089 0.044 -0.005 -0.022 -0.024 -0.002 -0.034 @ -0.155
6M 0.274 0.160 0.088 0.065 0.067 0.039 0.044 0.032 0.008 -0.089 | -0.218
9M 0.266 0.113 0.044 0.033 0.050 0.049 0.042 0.038 0.027 0.009 -0.112
12M | 0256 0.120 0.095 0.082 0.061 0.055 0.059 0.063 0.075 0.089 0.032
24M  0.155 0.114 0.063 0.090 0.094 0.083 0.048 0.040 -0.003 0.017 -0.001
FCI bond
3M 0.193 0.078 0.071 0.045 0.010 -0.019 -0.035 -0.030 -0.002 0.004 -0.055
6M 0.217 0.073 0.050 0.050 0.066 0.049 0.029 0.015 -0.007 -0.023 -0.009
9M 0.134 0.030 0.034 0.017 0.034 0.03 0.040 0.028 0.003 -0.003 0.017
12M  0.096 0.030 0.064 0.057 0.045 0.019 0.030 0.047 0.077 0.095 0.074
24M | 0.203 0.148 0.049 0.088 0.093 0.091 0.067 0.037 0.013 0.030 0.042
CISS
3M 0.466 0.284 0.162 0.079 0.024 -0.006 -0.053 -0.090 -0.099 -0.052 -0.092
6M 0.398 0.262 0.133 0.091 0.053 0.015 -0.011 -0.036 -0.034 -0.028 -0.103
9M 0431 0.289 0.176 0.108 0.065 0.014 -0.038 -0.079 -0.091 -0.091 -0.114
12M | 0481 0329 0.192 0.135 0.074 0.033 -0.007 -0.049 -0.037 -0.035 -0.104
24M | 0.184 0.258 0.220 0.172 0.145 0.124 0.093 0.051 0.006 0.044 -0.064
Credit Spread
3M 0.127 0.045 0.026 0.020 0.008 -0.006 -0.004 0.002 0.012 0.010 -0.035
6M 0.124 0.028 0.055 0.055 0.040 0.020 0.009 -0.006 -0.027 -0.059 -0.072
9M 0.079 0.005 -0.001 0.005 0.006 0.012 0.005 -0.022 -0.012 -0.007 0.004
12M  0.059 -0.025 -0.023 0.007 0.004 0.001 0.025 0.020 0.039 0.046 0.080
24M | 0323 0.171 -0.010 -0.026 -0.040 -0.035 -0.039 -0.044 -0.021 0.015 0.063
VIX
3M 0.337 0.199 0.067 0.032 0.032 0.028 0.018 -0.004 -0.014 -0.031 -0.069
6M 0.195 0.142 0.075 0.073 0.058 0.030 0.006 -0.012 -0.054 -0.126 -0.132
9M 0.139 0.109 0.056 0.056 0.034 0.014 -0.005 -0.035 -0.048 -0.094 -0.097
12M  0.100 0.065 0.054 0.041 0.016 0.020 0.025 0.031 0.030 0.049 0.071
24M | 0.146 0.004 -0.013 -0.016 -0.034 -0.025 -0.016 -0.025 -0.031 -0.015 0.064
Bank credit gap
3M 0.112 0.041 0.011 0.008 0.002 -0.019 -0.006 -0.017 -0.048 -0.034 -0.090
6M 0.122 0.062 0.064 0.045 0.038 0.010 0.001 -0.029 -0.051 -0.067 -0.081
9M 0.052 0.039 0.033 0.008 0.006 -0.003 -0.016 -0.046 -0.038 0.013 0.075
12M  0.017 0.040 0.010 0.023 -0.001 -0.009 -0.007 0.017 0.051 0.062 0.108
24M | 0421 0.322 0.226 0.182 0.141 0.097 0.043 0.000 -0.003 -0.037 0.013
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Table A.4: IP regressions, predictive R? gains versus AR(1) model (selected indicators)

T 0.05 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 0.95
FCI
3M 0.272 0.139 0.115 0.086 0.043 0.006 0.011 0.008 0.019 -0.007 -0.124
6M 0.188 0.137 0.061 0.020 0.036 0.037 0.034 0.043 0.034 -0.059 -0.235
oM 0.200 0.105 0.069 0.052 0.078 0.065 0.057 0.056 0.039 -0.002 -0.120
12M 0.247 0.171 0.123 0.106 0.074 0.071 0.069 0.045 0.010 -0.005 -0.056
24M  -0.092 -0.066 0.011 0.030 0.037 0.043 0.031 0.043 -0.046 -0.073 | -0.200
FCI bond
3M 0.067 0.025 0.064 0.041 0.008 -0.008 -0.002 0.002 0.019 0.029 -0.027
6M 0.124 0.048 0.022 0.005 0.035 0.047 0.020 0.026 0.020 0.005 -0.023
oM 0.055 0.022 0.059 0.036 0.063 0.053 0.055 0.046 0.015 -0.014 0.010
12M 0.086 0.086 0.093 0.081 0.059 0.036 0.040 0.029 0.012 0.001 -0.010
24M  -0.031 -0.026 -0.003 0.028 0.036 0.050 0.051 0.039 -0.029 -0.059 -0.148
CISS
3M 0414 0.231 0.160 0.076 0.027 0.001 -0.014 -0.070 -0.074 -0.028 -0.070
6M 0.272 0.246 0.104 0.048 0.024 0.012 -0.019 -0.023 -0.012 0.006 -0.140
9M 0415 0301 0.188 0.133 0.081 0.024 -0.024 -0.060 -0.079 -0.085 -0.130
12M 0489 0.353 0.220 0.155 0.081 0.046 -0.001 -0.077 -0.109 -0.132 -0.197
24M  -0.068 0.073 0.161 0.116 0.085 0.080 0.062 0.036 -0.032 -0.063 | -0.316
Credit Spread
3M 0.014 -0.001 0.012 0.007 -0.002 -0.002 -0.004 0.009 0.025 0.016 -0.012
6M 0.005 -0.003 0.000 0.008 0.008 0.002 0.000 0.001 0.006 -0.022 -0.029
oM 0.058 -0.011 0.002 0.005 0.012 0.009 0.014 -0.004 -0.003 -0.035 -0.048
12M  0.067 0.005 0.007 0.020 0.012 0.014 0.016 -0.013 -0.030 -0.030 -0.058
24M | 0.163 0.132 -0.046 -0.042 -0.040 -0.032 -0.024 -0.040 -0.034 0.015 0.048
VIX
3M 0251 0.161 0.054 0.020 0.022 0.031 0.018 0.003 -0.001 -0.024 -0.045
6M 0.085 0.116 0.022 0.027 0.026 0.013 -0.004 -0.005 -0.021 -0.087 -0.087
oM 0.120 0.094 0.059 0.056 0.039 0.011 0.005 -0.016 -0.039 -0.124 -0.154
12M  0.108 0.091 0.082 0.054 0.023 0.033 0.015 -0.001 -0.040 -0.026 -0.069
24M  -0.054 -0.043 -0.049 -0.032 -0.034 -0.022 -0.002 -0.022 -0.044 -0.014 0.050
Aa
3M -0.010 -0.004 -0.003 -0.009 -0.005 -0.012 -0.005 -0.009 -0.034 -0.028 -0.075
6M 0.043 0.039 0.011 -0.002 0.006 -0.007 -0.007 -0.019 -0.015 -0.031 -0.031
9M 0.035 0.036 0.038 0.013 0.008 -0.005 -0.007 -0.020 -0.027 -0.011 0.028
12M  0.027 0.068 0.044 0.038 0.007 0.008 -0.015 -0.019 -0.020 -0.015 -0.033
24M | 0285 0.290 0.199 0.169 0.142 0.099 0.057 0.003 -0.016 -0.036 -0.003
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Annex B: 12-month ahead forecasts based on CISS
Figure B1: Out-of-sample forecasts

(i) GDP, 3-month horizon (if) GDP, 12-month horizon
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(iii) 1P, 3-month horizon (iv) IP, 12-month horizon
.08 2

-4
-.16 -5
o6 07 08 09 10 11 12 13 14 15 16 17 18 06 07 08 09 10 11 12 13 14 15 16 17 18
= |P growth + 10% quantile ——— |P growth + 10% quantile
+ 90%quantile --- Median + 90% quantile - -- Median

32



N

v

[\Waa Vel

TN

Al

l"'

babilities

A

ion pro

\\
Y

Recess

\

Figure B2

0.4

0.9
0.8
0.7
0.6
0.5
0.3
0.2
0.1

8T-Inf
8T-uer
LT-InC
LT-uer
9T-InC
9T-uer
ST-Inf
GT-uer
vT-Int
yT-uer
eT-nt
eT-uer
ctr-Int
cT-uer
TT-InC
TT-uer
0T-Inf
0T-uer
60-InC
60-uer
80-InC
80-uer
L0-InC
L0O-uer
90-Inf
90-uer

(b) IP

W

I

IP

0.35
0.30
0.25
0.20
\ 0.15
0.10
0.05
0.00

GDP

Figure B3: Uncertainty measures

\

(a) GDP

AVAWA

0.09
0.08
0.07
0.06
0.05
0.04
0.03
0.02
0.01 -

80BTOC
E0NBTOC
0TNLTOC
SOWLTOC
CTIN9TOC
LOW9TOC
COW9TOC
60INSTOC
YOWSTO0Z
TTNYTOC
90WPTO0C
TOWPTOC
B0WETOC
E0WETOC
0TINZTOC
SO0WZTO0C
CTINTTOC
LOWTTOC
COWTTOC
60W0TO0C
¥0NOTOZ
TTING00C
906002
TOW6002
80NB00C
€0NB00C
0TINL00Z
SOWL002
CTIN900C

208102
vOLT0C
20L102
y09T0Z
209102
yOST0Z
20s102
yOVT0C
20v10C
yOET0Z
z0ET02
yOZT0Z
[Aerati4
yOTT0Z
z0T1102
yO0T0C
200102
y06002
206002
708002
208002
y0L002
20L002
09002

0.00

Uncertainty Total

Downside risk (50%-10%)

Uncertainty Total
33

Downside risk (50%-10%)



)

L1213

.1214

L1215

1216

L1217

L1218

.1219

.1220

L1221

L1222

.1223

L1224

1225

. 1226

L1227

. 1228

. 1229

.1230

L1231

L1232

RECENTLY PUBLISHED “TEMI” (*)

A regression discontinuity design for categorical ordered running variables with
an application to central bank purchases of corporate bonds, by Fan Li, Andrea
Mercatanti, Taneli Mékinen and Andrea Silvestrini (March 2019).

Anything new in town? The local effects of urban regeneration policies in Italy, by
Giuseppe Albanese, Emanuele Ciani and Guido de Blasio (April 2019).

Risk premium in the era of shale oil, by Fabrizio Ferriani, Filippo Natoli, Giovanni
Veronese and Federica Zeni (April 2019).

Safety traps, liquidity and information-sensitive assets, by Michele Loberto
(April 2019).

Does trust among banks matter for bilateral trade? Evidence from shocks in the
interbank market, by Silvia Del Prete and Stefano Federico (April 2019).

Monetary policy, firms’ inflation expectations and prices: causal evidence from
firm-level data, by Marco Bottone and Alfonso Rosolia (April 2019).

Inflation expectations and firms’ decisions: new causal evidence, by Olivier
Coibion, Yuriy Gorodnichenko and Tiziano Ropele (April 2019).

Credit risk-taking and maturity mismatch: the role of the yield curve, by Giuseppe
Ferrero, Andrea Nobili and Gabriele Sene (April 2019).

Big-city life (dis)satisfaction? The effect of living in urban areas on subjective well-
being, by David Loschiavo (June 2019).

Urban agglomerations and firm access to credit,by Amanda Carmignani, Guido de
Blasio, Cristina Demma and Alessio D’Ignazio (June 2019).

The international transmission of US tax shocks: a proxy-SVAR approach, by Luca
Metelli and Filippo Natoli (June 2019).

Forecasting inflation in the euro area: countries matter!, by Angela Capolongo and
Claudia Pacella (June 2019).

Domestic and global determinants of inflation: evidence from expectile regression,
by Fabio Busetti, Michele Caivano and Davide Delle Monache (June 2019).

Relative price dynamics in the Euro area: where do we stand?, by Pietro Cova and
Lisa Rodano (June 2019).

Optimally solving banks’ legacy problems, by Anatoli Segura and Javier Suarez
(June 2019).

1l mercato degli affitti nelle citta italiane: un’analisi basata sugli annunci online,
di Michele Loberto (Luglio 2019).

Using credit variables to date business cycle and to estimate the probabilities of
recession in real time, by Valentina Aprigliano and Danilo Liberati (July 2019).

Disinflationary shocks and inflation target uncertainty, by Stefano Neri and Tiziano
Ropele (July 2019).

Exchange rate dynamics and unconventional monetary policies: it’s all in the
shadows, by Andrea De Polis and Mario Pietrunti (July 2019).

Risky bank guarantees, by Taneli Mikinen, Lucio Sarno and Gabriele Zinna (July
2019).

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

2017

AABERGE, R., F. BOURGUIGNON, A. BRANDOLINI, F. FERREIRA, J. GORNICK, J. HILLS, M. JANTTI, S.
JENKINS, J. MICKLEWRIGHT, E. MARLIER, B. NOLAN, T. PIKETTY, W. RADERMACHER, T. SMEEDING,
N. STERN, J. STIGLITZ, H. SUTHERLAND, Tony Atkinson and his legacy, Review of Income and
Wealth, v. 63, 3, pp. 411-444, WP 1138 (September 2017).

ACCETTURO A., M. BUGAMELLI and A. LAMORGESE, Law enforcement and political participation: Italy
1861-65, Journal of Economic Behavior & Organization, v. 140, pp. 224-245, WP 1124 (July 2017).

ADAMOPOULOU A. and G.M. TANZI, Academic dropout and the great recession, Journal of Human Capital,
V. 11, 1, pp. 35-71, WP 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, WP 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, WP 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, WP 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, WP 1085
(October 2016).

BRONZINI R. and A. D’IGNAZIO, Bank internationalisation and firm exports: evidence from matched firm-
bank data, Review of International Economics, v. 25, 3, pp. 476-499 WP 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, WP 1049 (January 2016).

BURLON L., Public expenditure distribution, voting, and growth, Journal of Public Economic Theory,, v.
19, 4, pp. 789-810, WP 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.155-
173, WP 1074 (July 2016).

BUSETTI F., Quantile aggregation of density forecasts, Oxford Bulletin of Economics and Statistics, v. 79,
4, pp. 495-512, WP 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, WP 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, WP 1018
(July 2015).

D’AMuURI F., Monitoring and disincentives in containing paid sick leave, Labour Economics, v. 49, pp. 74-
83, WP 787 (January 2011).

D’AMuURI F. and J. MARCUCCL, The predictive power of google searches in forecasting unemployment,
International Journal of Forecasting, v. 33, 4, pp. 801-816, WP 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, WP 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, WP 942 (November 2013).

DEL PRETE S., M. PAGNINL, P. RoSSI and V. VACCA, Lending organization and credit supply during the
2008—2009 crisis, Economic Notes, v. 46, 2, pp. 207-236, WP 1108 (April 2017).

DELLE MONACHE D. and 1. PETRELLA, Adaptive models and heavy tails with an application to inflation
forecasting, International Journal of Forecasting, v. 33, 2, pp. 482-501, WP 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, WP 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, WP 898 (January 2013).

LOBERTO M. and C. PERRICONE, Does trend inflation make a difference?, Economic Modelling, v. 61, pp.
351-375, WP 1033 (October 2015).



"TEMI" LATER PUBLISHED ELSEWHERE

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, WP 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, WP 939 (November 2013).

Micucct 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, WP 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, WP 752 (March 2010).

MOoCETTI S. and E. VIVIANO, Looking behind mortgage delinquencies, Journal of Banking & Finance, v. 75,
pp. 53-63, WP 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, WP 887 (October 2012).

PALAZZO F., Search costs and the severity of adverse selection, Research in Economics, v. 71, 1, pp. 171-
197, WP 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, WP 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, WP 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, WP 1016 (June 2015).

SEGURA A. and J. SUAREZ, How excessive is banks' maturity transformation?, Review of Financial
Studies, v. 30, 10, pp. 35383580, WP 1065 (April 2016).

VACCA V., An unexpected crisis? Looking at pricing effectiveness of heterogeneous banks, Economic
Notes, v. 46, 2, pp. 171-206, WP 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, WP 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, WP 1104 (February 2017).

2018

ACCETTURO A., V. DI GIACINTO, G. MIcuccI and M. PAGNINI, Geography, productivity and trade: does
selection explain why some locations are more productive than others?, Journal of Regional
Science, v. 58, 5, pp. 949-979, WP 910 (April 2013).

ADAMOPOULOU A. and E. KAYA, Young adults living with their parents and the influence of peers, Oxford
Bulletin of Economics and Statistics,v. 80, pp. 689-713, WP 1038 (November 2015).

ANDINI M., E. CIANI, G. DE BLASIO, A. D’IGNAZIO and V. SILVESTRINI, Targeting with machine learning:
an application to a tax rebate program in Italy, Journal of Economic Behavior & Organization, v.
156, pp. 86-102, WP 1158 (December 2017).

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, v. 70, pp. 352-59, WP 1057 (March
2016).

BELOTTI F. and G. ILARDI Consistent inference in fixed-effects stochastic frontier models, Journal of
Econometrics, v. 202, 2, pp. 161-177, WP 1147 (October 2017).

BERTON F., S. MOCETTI, A. PRESBITERO and M. RICHIARDI, Banks, firms, and jobs, Review of Financial
Studies, v.31, 6, pp. 2113-2156, WP 1097 (February 2017).

BoroNDI M., L. CARPINELLI and E. SETTE, Credit supply during a sovereign debt crisis, Journal of the
European Economic Association, v.16, 3, pp. 696-729, WP 909 (April 2013).

BOKAN N., A. GERALI, S. GOMES, P. JACQUINOT and M. PISANL, EAGLE-FLI: a macroeconomic model of

banking and financial interdependence in the euro area, Economic Modelling, v. 69, C, pp. 249-
280, WP 1064 (April 2016).



"TEMI" LATER PUBLISHED ELSEWHERE

BRILLI Y. and M. TONELLO, Does increasing compulsory education reduce or displace adolescent crime?
New evidence from administrative and victimization data, CESifo Economic Studies, v. 64, 1, pp.
15-4, WP 1008 (April 2015).

BUONO 1. and S. FORMAI The heterogeneous response of domestic sales and exports to bank credit shocks,
Journal of International Economics, v. 113, pp. 55-73, WP 1066 (March 2018).

BURLON L., A. GERALI, A. NOTARPIETRO and M. PISANI, Non-standard monetary policy, asset prices and
macroprudential policy in a monetary union, Journal of International Money and Finance, v. 88,
pp. 25-53, WP 1089 (October 2016).

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, WP 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, WP 1030 (October 2015).

CASIRAGHI M., E. GAIOTTI, L. RODANO and A. SECCHI, 4 “Reverse Robin Hood”? The distributional
implications of non-standard monetary policy for Italian households, Journal of International
Money and Finance, v. 85, pp. 215-235, WP 1077 (July 2016).

CECCHETTI S., F. NATOLI and L. SIGALOTTL, Tail co-movement in inflation expectations as an indicator of
anchoring, International Journal of Central Banking, v. 14, 1, pp. 35-71, WP 1025 (July 2015).

CIaNI E. and C. DEIANA, No Free lunch, buddy: housing transfers and informal care later in life, Review
of Economics of the Household, v.16, 4, pp. 971-1001, WP 1117 (June 2017).

CIPRIANI M., A. GUARINO, G. GUAZZAROTTI, F. TAGLIATI and S. FISHER, Informational contagion in the
laboratory, Review of Finance, v. 22, 3, pp. 877-904, WP 1063 (April 2016).

DE BLASIO G, S. DE MItRI, S. D’IGNAZIO, P. FINALDI RUSSO and L. STOPPANI, Public guarantees to SME
borrowing. A RDD evaluation, Journal of Banking & Finance, v. 96, pp. 73-86, WP 1111 (April
2017).

GERALI A., A. LOCARNO, A. NOTARPIETRO and M. PISANI, The sovereign crisis and Italy's potential output,
Journal of Policy Modeling, v. 40, 2, pp. 418-433, WP 1010 (June 2015).

LIBERATI D., An estimated DSGE model with search and matching frictions in the credit market,

International Journal of Monetary Economics and Finance (IJMEF), v. 11, 6, pp. 567-617, WP
986 (November 2014).

LINARELLO A., Direct and indirect effects of trade liberalization: evidence from Chile, Journal of
Development Economics, v. 134, pp. 160-175, WP 994 (December 2014).

Nucct F. and M. RIGGL, Labor force participation, wage rigidities, and inflation, Journal of
Macroeconomics, v. 55, 3 pp. 274-292, WP 1054 (March 2016).

RIGON M. and F. ZANETTI, Optimal monetary policy and fiscal policy interaction in a non_ricardian
economy, International Journal of Central Banking, v. 14 3, pp. 389-436, WP 1155 (December
2017).

SEGURA A., Why did sponsor banks rescue their SIVs?, Review of Finance, v. 22, 2, pp. 661-697, WP
1100 (February 2017).

2019

ALBANESE G., M. CIOFFI and P. TOMMASINO, Legislators’ behaviour and electoral rules: evidence from an
Italian reform, European Journal of Political Economy, v. 59, pp. 423-444, WP 1135 (September
2017).

ARNAUDO D., G. Micuccl, M. RIGON and P. RosSI, Should I stay or should I go? Firms’ mobility across
banks in the aftermath of the financial crisis, Italian Economic Journal / Rivista italiana degli
economisti, v. 5, 1, pp. 17-37, WP 1086 (October 2016).

BAssO G., F. D’AMURI and G. PERI, Immigrants, labor market dynamics and adjustment to shocks in the
euro area, IMF Economic Review, v. 67, 3, pp. 528-572, WP 1195 (November 2018).

BUSETTI F. and M. CAIVANO, Low frequency drivers of the real interest rate: empirical evidence for
advanced economies, International Finance, v. 22, 2, pp. 171-185, WP 1132 (September 2017).

CAPPELLETTI G., G. GUAZZAROTTI and P. TOMMASINO, Tax deferral and mutual fund inflows: evidence
from a quasi-natural experiment, Fiscal Studies, v. 40, 2, pp. 211-237, WP 938 (November 2013).



"TEMI" LATER PUBLISHED ELSEWHERE

CARDANI R., A. PACCAGNINI and S. VILLA, Forecasting with instabilities: an application to DSGE models
with financial frictions, Journal of Macroeconomics, v. 61, WP 1234 (September 2019).

CiaNI E., F. DAVID and G. DE BLASIO, Local responses to labor demand shocks: a re-assessment of the
case of Italy, Regional Science and Urban Economics, v. 75, pp. 1-21, WP 1112 (April 2017).

CIaNI E. and P. FISHER, Dif-in-dif estimators of multiplicative treatment effects, Journal of Econometric
Methods, v. 8. 1, pp. 1-10, WP 985 (November 2014).

CHIADES P., L. GRECO, V. MENGOTTO, L. MORETTI and P. VALBONESI, Fiscal consolidation by
intergovernmental transfers cuts? The unpleasant effect on expenditure arrears, Economic
Modelling, v. 77, pp. 266-275, WP 985 (July 2016).

COLETTA M., R. DE BONIS and S. PIERMATTEIL, Household debt in OECD countries: the role of supply-side
and demand-side factors, Social Indicators Research, v. 143, 3, pp. 1185-1217, WP 989
(November 2014).

CovA P., P. PAGANO and M. PISANI, Domestic and international effects of the Eurosystem Expanded Asset
Purchase Programme, IMF Economic Review, v. 67, 2, pp. 315-348, WP 1036 (October 2015).

GIORDANO C., M. MARINUCCI and A. SILVESTRINI, The macro determinants of firms' and households'
investment: evidence from Italy, Economic Modelling, v. 78, pp. 118-133, WP 1167 (March 2018).

GOMELLINI M., D. PELLEGRINO and F. GIFFONI, Human capital and urban growth in Italy,1981-2001,
Review of Urban & Regional Development Studies, v. 31, 2, pp. 77-101, WP 1127 (July 2017).

MAGRI S, Are lenders using risk-based pricing in the Italian consumer loan market? The effect of the 2008
crisis, Journal of Credit Risk, v. 15, 1, pp. 27-65, WP 1164 (January 2018).

MIGLIETTA A, C. PICILLO and M. PIETRUNTI, The impact of margin policies on the Italian repo market,
The North American Journal of Economics and Finance, v. 50, WP 1028 (October 2015).
MONTEFORTE L. and V. RAPONI, Short-term forecasts of economic activity: are fortnightly factors useful?,

Journal of Forecasting, v. 38, 3, pp. 207-221, WP 1177 (June 2018).

MERCATANTI A., T. MAKINEN and A. SILVESTRINI, The role of financial factors for european corporate
investment, Journal of International Money and Finance, v. 96, pp. 246-258, WP 1148 (October 2017).

NERI S. and A. NOTARPIETRO, Collateral constraints, the zero lower bound, and the debt—deflation
mechanism, Economics Letters, v. 174, pp. 144-148, WP 1040 (November 2015).

RIGGI M., Capital destruction, jobless recoveries, and the discipline device role of unemployment,
Macroeconomic Dynamics, v. 23, 2, pp. 590-624, WP 871 (July 2012).

FORTHCOMING

ALBANESE G., G. DE BLASIO and P. SESTITO, Trust, risk and time preferences. evidence from survey data,
International Review of Economics, WP 911 (April 2013).

APRIGLIANO V., G. ARDIZZI and L. MONTEFORTE, Using the payment system data to forecast the economic
activity, International Journal of Central Banking, WP 1098 (February 2017).

ARDUINI T., E. PATACCHINI and E. RAINONE, Treatment effects with heterogeneous externalities, Journal of
Business & Economic Statistics, WP 974 (October 2014).
BRONZINI R., G. CARAMELLINO and S. MAGRI, Venture capitalists at work: a Diff-in-Diff approach at late-
stages of the screening process, Journal of Business Venturing, WP 1131 (September 2017).
BELOTTI F. and G. ILARDI, Consistent inference in fixed-effects stochastic frontier models, Journal of
Econometrics, WP 1147 (October 2017).

CiaNI E. and G. DE BLASIO, European structural funds during the crisis: evidence from Southern Italy,
IZA Journal of Labor Policy, WP 1029 (October 2015).

CoOIBION O., Y. GORODNICHENKO and T. ROPELE, Inflation expectations and firms' decisions: new causal
evidence, Quarterly Journal of Economics, WP 1219 (April 2019).

CORSELLO F. and V. NisPI LANDL, Labor market and financial shocks: a time-varying analysis, Journal of
Money, Credit and Banking, WP 1179 (June 2018).

Cova P., P. PAGANO, A. NOTARPIETRO and M. PISANI, Secular stagnation, R&D, public investment and
monetary policy: a global-model perspective, Macroeconomic Dynamics, WP 1156 (December 2017).



"TEMI" LATER PUBLISHED ELSEWHERE

D’AMURI F., Monitoring and disincentives in containing paid sick leave, Labour Economics, WP 787
(January 2011).

D’IGNAzIO A. and C. MENON, The causal effect of credit Guarantees for SMEs: evidence from Italy,
Scandinavian Journal of Economics, WP 900 (February 2013).

ERCOLANI V. and J. VALLE E AZEVEDO, How can the government spending multiplier be small at the zero
lower bound?, Macroeconomic Dynamics, WP 1174 (April 2018).

FEDERICO S. and E. TOSTI, Exporters and importers of services: firm-level evidence on Italy, The World
Economy, WP 877 (September 2012).

FERRERO G., M. GROSS and S. NERI, On secular stagnation and low interest rates: demography matters,
International Finance, WP 1137 (September 2017).

GERALI A. and S. NERIL, Natural rates across the Atlantic, Journal of Macroeconomics, WP 1140
(September 2017).

GIACOMELLI S. and C. MENON, Does weak contract enforcement affect firm size? Evidence from the
neighbour's court, Journal of Economic Geography, WP 898 (January 2013).

LIBERATI D. and M. LOBERTO, Taxation and housing markets with search frictions, Journal of Housing
Economics, WP 1105 (March 2017).

LoSCHIAVO D., Household debt and income inequality: evidence from italian survey data, Review of
Income and Wealth, WP 1095 (January 2017).

NATOLI F. and L. SIGALOTTL, Tail co-movement in inflation expectations as an indicator of anchoring,
International Journal of Central Banking, WP 1025 (July 2015).

PANCRAZI R. and M. PIETRUNTI, Natural expectations and home equity extraction, Journal of Housing
Economics, WP 984 (November 2014).

PEREDA FERNANDEZ S., Teachers and cheaters. Just an anagram?, Journal of Human Capital, WP 1047
(January 2016).

RAINONE E., The network nature of otc interest rates, Journal of Financial Markets, WP 1022 (July 2015).

RizzicA L., Raising aspirations and higher education. evidence from the UK's widening participation
policy, Journal of Labor Economics, WP 1188 (September 2018).

SEGURA A., Why did sponsor banks rescue their SIVs?, Review of Finance, WP 1100 (February 2017).





