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EDITORIAL

Dear Readers,

With this Winter 2016 issue, the Argo newsletter enters in its
third year of publications. Of course it’s a good result for us, but
it’s also (and especially) a constant reminder: the importance of
doing research in the financial fields and spread it as much as pos-
sible will remain always one of the primary goal of this magazine.

As a matter of fact, this issue leaves enough space for the research
that directly comes from two eminent universities. The Energy and
Commodity Finance part hosts an important contribution from the
Wrocław University of Technology in Poland: in their article, Jakub
Nowotarski and Rafał Weron argue that combining forecasts may be
a good way to improve predictions in the electricity price market.

Instead in the Banking & Finance section the focus is on a recent
deal reached by the Italian Government and the European Union
that gives the possibility to the former to provide guarantees for the
senior tranches of the collateralized debt backed by non-performing
loans issued by the italian banks. Giovanni Bruno from the Norwe-
gian School of Economics smartly depicts the deal and shows how
subtle may be the difference between this "securitization-guarantee
process" and a typical "state-aid" to the financial institutions.

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

Enjoy your reading!

Antonio Castagna
Andrea Roncoroni

Luca Olivo

Winter 2016
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To Combine or
not to Combine?
Recent Trends in Electricity Price Forecasting

Essentially everyone agrees nowadays
that electricity spot price forecasting is
of prime importance to the energy busi-
ness. A variety of methods and ideas
have been tried over the years, with vary-
ing degrees of success. Yet, despite this
diversity of models, it is impossible to
select one single, most reliable approach.
In this article1 the authors argue that
combining forecasts – also known as aver-
aging forecasts, aggregating experts, com-
mittee machines or ensemble averaging –
is an idea worth considering. Using pub-
licly available data from the Global En-
ergy Forecasting Competition 2014 and
four commonly used time series mod-
els, they show that for both point and
probabilistic forecasts the quality of pre-
dictions can be improved if combined.

Jakub NOWOTARSKI
Rafał WERON

O
ver the last two decades electricity spot
price forecasting has become the core
process of an energy company’s plan-
ning activities at the operational level

[36]. For an electric utility, which under standard
(i.e., non-dynamic [10, 19]) tariffs cannot pass costs

on to its consumers, the financial consequences
of over- or under-contracting and then selling or
buying back power in the real-time (i.e., balancing)
market are typically so high that they can lead to
huge financial losses. At the same time, a gener-
ator that is able to forecast the volatile wholesale
prices with a reasonable level of accuracy can adjust
its bidding strategy and its own production sched-
ule in order to maximize the profits in day-ahead
trading.

Essentially everyone agrees nowadays that elec-
tricity spot price forecasting is fundamental to the
energy business. But it is hard to find informa-
tion on how much an energy company can actually
save, in dollar terms. Since electric load and price
forecasts are being used by many departments of
an energy company, it is very hard to quantify the
benefits of improving them. They will also depend
on how large the business is and how accurate are
its forecasts now. However, despite these limita-
tions, Hong [17] provides interesting back-of-the-
envelope calculations. Based on U.S. data from the
last decade, he concludes that savings from a 1%
reduction in the mean absolute percentage error
(MAPE) for a utility with 1 GW peak load is:

• $300 thousand per year from short-term load
forecasting,

• $600 thousand per year from short-term load
and price forecasting.

Hence, for a typical medium-size utility with a 5
GW peak load the savings are in millions. Reduc-
ing MAPE by 1% may be a too ambitious target

1This work was partially supported by the National Science Center (NCN, Poland) through grants 2013/11/N/HS4/03649 and
2015/17/B/HS4/00334.
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ELECTRICITY PRICE MARKET

for some companies, but even improving the cur-
rent forecasts by a fraction of a percent will lead to
substantial savings.

A variety of methods and ideas have been tried
for electricity spot price forecasting, with vary-
ing degrees of success. Statistical/econometric ap-
proaches (like multiple regressions, autoregressions,
(S)AR(I)MA, AR-GARCH, jump-diffusions, factor
models and regime-switching models) and com-
putational intelligence techniques (like neural net-
works, fuzzy techniques and support vector ma-
chines) constitute the two main streams of models,
both in the academic literature and the business
practice itself [35, 38, 1, 4, 16, 36]. Yet, despite this
diversity of models, it is impossible to select one
single, most reliable approach. For instance, Aggar-
wal et al. [1] compared results from as many as 47
publications and concluded: there is no systematic
evidence of out-performance of one model over the other
models on a consistent basis. If so, then perhaps we
should resort to combining forecasts? Could this
give us an edge over competitors?

The main advantage of combining forecasts is
not that the best combinations perform better ex-
post than the best individual forecasts – as this may
not always be the case – but that it is less risky to
combine forecasts than to select ex-ante one indi-
vidual forecasting method [15]. Many combination
methods have been proposed over the years, in-
cluding simple average, Ordinary Least Squares
(OLS) averaging, Bayesian methods, and so forth,
for reviews see [33, 12]. Simultaneously, approaches
known as expert aggregation, committee machines or
ensemble averaging that typically involve boosting,
bagging or random forests have been developed in
the machine learning community [31, 8]. Surpris-
ingly, the researchers from the two groups seem to
be unaware of the parallel developments [36]. To
a large extent the different terminology used, the
different underlying techniques (neural networks
vs. regression models) and the different academic
background of the researchers (engineering vs. eco-
nomics/statistics schools) is the reason for this situ-
ation.

Despite its popularity in econometrics in gen-
eral [32], combining forecasts has not been widely
applied in the context of electricity prices. Only
very recently, Bordignon et al. [2], Nowotarski et
al. [26] and Raviv et al. [30] have provided empir-
ical support for the benefits of combining (point)
forecasts to obtain better (point) predictions of elec-
tricity spot prices.

Applications of forecast averaging in probabilis-
tic forecasting are even more recent. Nowotarski
and Weron [27] have recently introduced a novel

method for computing prediction intervals (PI) and
dubbed it Quantile Regression Averaging (QRA; see
previous subsection on probabilistic forecasts for
a brief account). The method involves applying
quantile regression to a pool of point forecasts of
individual (i.e. not combined) forecasting models.
Using PJM market data they have shown the QRA-
implied PI to be more accurate than those obtained
for any of the 12 considered individual time se-
ries models, both in terms of unconditional and
conditional coverage. Using Nord Pool day-ahead
prices Nowotarski and Weron [28] have provided
even more convincing evidence in favor of the new
approach. Also in the Price Track of the Global
Energy Forecasting Competition (GEFCom2014) –
the largest energy forecasting competition known
to date, both by the diversity of competition top-
ics and wide geographic coverage of the partici-
pants – the top two winning teams used variants
of QRA [11, 23]. This clearly shows the method’s
outstanding performance in diverse situations and
its practical value.

Using publicly available data from GEF-
Com2014 and four commonly used time series mod-
els, in this article we show that for both point and
probabilistic forecasts the quality of predictions can
be improved if combined. The remainder of the
paper is structured as follows. In the next section
we describe the dataset and the forecasting setup.
Then we briefly present the basic building blocks –
the four individual time series models used in this
study (AR, ARX, TAR, TARX). In the third section
we introduce three schemes for averaging point fore-
casts (SIMPLE, CLS, LAD) and the QRA approach
for computing probabilistic forecasts. Then we an-
alyze the obtained forecasts and in the last part of
the article we wrap up the results and conclude.

The GEFCom2014 dataset

The GEFCom2014 Price Track dataset includes three
time series at hourly resolution: locational marginal
prices, day-ahead predictions of zonal loads and
day-ahead predictions of system loads. During the
competition the information set was being extended
on a weekly basis to prevent “peeking” into the fu-
ture. However, now it is available in whole from
the www.crowdanalytix.com competition platform.
In this paper we only use two subseries – locational
marginal prices and day-ahead predictions of zonal
loads – and only from the period December 19th,
2011 to December 18th, 2013, see Figure 1. The
origin of the data has never been revealed by the or-
ganizers, yet given its features it quite likely comes
from a region in the Southeastern United States.

We split the dataset into 3 subsets. The first 182

8
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FIGURE 1: Zonal prices (top) and day-ahead load forecasts (bottom) from the Price Track of the GEFCom2014 energy forecasting
competition. Dotted vertical lines split the series into three periods: initial window for estimation of the individual models (182
days), initial window for estimation of the combined models (183 days) and the out-of-sample test period (365 days). Each day,
after the day-ahead price forecast for the next 24 hours is made, the former two windows are moved forward by one day.

days, December 19th, 2011 – June 17th, 2012 (half
a year), are used for calibration of the individual
models. When the day-ahead forecasts are made
for the 24 hours of June 18th, the window is rolled
forward by one day. This procedure is repeated
until the predictions for the last day in the sam-
ple – December 16th, 2013 – are made. The second
period, initially from June 18th to December 17th,
2012 (i.e. 183 days), is used for estimating weights
of the forecast averaging models. These, in turn,
are used to obtain the day-ahead point (SIMPLE,
CLS, LAD) and probabilistic (QRA) forecasts for
December 18th, 2012. Then the window is rolled
forward by one day, the weights are recalibrated
and combined forecasts are computed for Decem-
ber 19th, 2012. This procedure is repeated until
predictions for all 52 weeks in the out-of-sample
test period (December 18th, 2012 – December 16th,
2013) are obtained.

Individual models

Our choice of individual models includes two au-
toregressive models (AR and ARX) and two thresh-
old autoregressive models (TAR and TARX). The
zonal load is used as the eXogenous variable. We
are not very original here as both model classes

have been reported to perform well for electricity
price forecasting [34, 5, 20, 18], also in the forecast
averaging context [2, 26].

Following Weron and Misiorek [34], the ARX
autoregressive model structure for the natural loga-
rithm of the electricity price is given by the follow-
ing formula:

yt = φ1yt−24 + φ2yt−48 + φ3yt−168 + φ4myt+

+ ψ1zt + d1DMon + d2DSat + d3DSun + εt,
(1)

where the lagged log-prices yt−24, yt−48 and yt−168
account for the autoregressive effects of the previ-
ous days (the same hour yesterday, two days ago
and one week ago), while myt creates the link be-
tween bidding and price signals from the entire
previous day (it is the minimum of the previous
day’s 24 hourly log-prices). The variable zt refers
to the logarithm of hourly zonal load (actually to a
forecast made a day before, see previous section).
The three dummy variables – DMon, DSat and DSun
(for Monday, Saturday and Sunday, respectively)
– account for the weekly seasonality. Finally, the
εt’s are assumed to be independent and identically
distributed (i.i.d.) normal variables. Setting ψ1 = 0
yields the AR model.

In the threshold models the regime switching

Winter 2016
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ELECTRICITY PRICE MARKET

FIGURE 2: Visualization of the Quantile Regression Averaging (QRA; for details see [27]) method for computing probabilistic
forecasts.

between two (or more, in general) autoregressive
processes is governed by the value of an observable
threshold variable vt relative to a chosen threshold
level T0. The two threshold models used here: TAR
and TARX are extensions of AR and ARX, respec-
tively, to two states with T0 = 0 and vt equal to the
difference in mean prices for yesterday and eight
days ago, as in [34, 26, 35].

Model parameters are estimated in Matlab by
minimizing the in-sample mean squared error and
the prediction intervals (PI) are computed by taking
a desired quantile of the normal distribution fitted
to the in-sample residuals.

Combined forecasts

Point forecasts

In this paper we focus on computing combined
spot price forecasts with three averaging schemes –
SIMPLE averaging, least absolute deviation (LAD)
regression and constrained least squares regression
(CLS). All three schemes have been found to pro-
vide accurate and robust results [26]. The first one,
SIMPLE, is the most natural approach to forecast
averaging. The idea is to use the arithmetic mean
of the (point) forecasts of all individual models. It
is highly robust and is widely used in business and
economic forecasting [14].

Classical linear regression is another popular,
yet not so robust averaging method. In this ap-
proach, the individual forecasts are regressors and
the corresponding observed spot price is the depen-
dent variable [13]. Nowotarski et al. [26] proposed
to replace the ordinary least squares approach with
the absolute loss function to yield least absolute
deviation (LAD) regression. An advantage of using
the absolute loss function is its robustness to elec-

tricity price spikes. Indeed, a model that performs
well in general, yet significantly underperforms on
specific dates, is punished more by the quadratic
loss function. As a consequence it leads to a rela-
tively large decrease of this model’s weight, while
using the absolute loss function yields a relatively
smaller decrease of the weight.

Another variant of OLS regression assumes that
the weights in the combined model are constrained
to a pre-defined region, hence the name constrained
least squares (CLS). Following [30], we restrict them
to be nonnegative and add up to one. Note that
there is no closed form solution for the LAD and
CLS averaging schemes. However, they can be
solved using linear and quadratic programming,
respectively.

Probabilistic forecasts

The task gets more challenging when probabilistic
forecasts are considered. In particular, applying
equal weights to interval forecasts will not ensure
the nominal coverage rate, because the mixing of
distributions is governed by different rules. The
weights have to change with the quantile, and the
estimation gets much more complex than for point
forecasting [33].

A plausible solution is to apply quantile regres-
sion to point forecasts of a set of individual fore-
casting models, as proposed by Nowotarski and
Weron [27]. In their Quantile Regression Averaging
(QRA) method the individual point forecasts and
the corresponding observations (here: the electricity
log-prices, yt) are put in a standard quantile regres-
sion setting [21]. The quantile regression problem
can be written as follows:

Qy(q|Xt) = Xtβq, (2)

10
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FIGURE 3: Visualization of the Factor Quantile Regression Averaging (FQRA; for details see [24]) method for computing proba-
bilistic forecasts when the number of individual models is large.

where Qy(q|·) is the conditional q-th quantile of
the electricity log-price distribution (yt), Xt are the
regressors (explanatory variables) and βq is a vec-
tor of parameters for quantile q. The parameters
are estimated by minimizing the loss function for a
particular q-th quantile:

min
βq

[
∑

{t:yt≥Xt βq}
q|yt−Xt βq |+ ∑

{t:yt<Xt βq}
(1−q)|yt−Xt βq |

]
=

= min
βq

[
∑
t
(q−1yt<Xt βq )(yt−Xt βq)

]
,

(3)

where yt is the actual log-price and Xt =
[1, ŷ1,t, ..., ŷm,t] is a vector of point forecasts of m
individual models, see Fig. 2. The choice of the
number of individual models can be made arbitrar-
ily (e.g. the best three models, all models, etc.).

If the number of individual models is large, say
more than a dozen or two, it may be preferable to
first apply a dimension reduction method (like Prin-
cipal Component Analysis) and then apply QRA to
the obtained factors, not the forecasts of the indi-
vidual models themselves, see Fig. 3. The resulting
approach is known as Factor Quantile Regression Av-
eraging (FQRA) and has been originally proposed
in [24]. Since here we are working with only four
individual models, there is no need to use FQRA.

Finally, note that QRA is a natural extension
of point forecast averaging discussed previously in
the third section of the article. In particular, for
q = 0.5 the right hand side of formula (3) under the
minimum reduces to ∑t

1
2 |yt − Xtβq|, which is the

function that is minimized in LAD regression [26].

Empirical results

We now present the out-of-sample forecasting re-
sults for the considered GEFCom2014 dataset. Re-
call, that we examine day-ahead forecasts of hourly
prices for the period December 18, 2012 – December
16, 2013, which is 52 weeks in total.

Forecasts for the considered models are de-
termined the following way: models (as well as
model parameters and combination weights) are
re-estimated on a daily basis and a forecast for all
24 hours of the next day is determined at the same
point in time. Forecasts are first calculated for each
of the 4 individual models and then combined ac-
cording to estimated weights for each of the three
point forecasting schemes (SIMPLE, LAD and CLS)
and the QRA probabilistic forecasting technique.

Results for point forecasts

Following [34] and [7], we compare the methods in
terms of the Weekly-weighted Mean Absolute Error
(WMAE) loss function and evaluate the forecast
performance using weekly time intervals, each with
24× 7 = 168 hourly observations. For each week
we calculate the WMAE for method i as:

WMAEi =
1

Ȳ168
MAEi

=
1

168 · Ȳ168
∑168

h=1

∣∣Yh − Ŷih
∣∣, (4)

where Yh is the actual price for hour h (not the log-
price yh), Ŷih is the predicted price for that hour by
model i, and Ȳ168 = 1

168 ∑168
h=1 Yh is the mean price

for a given week.
The results are summarized in Table 1 in terms

of the mean WMAE over all 52 weeks of the out-

Winter 2016
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SIMPLE CLS LAD AR TAR ARX TARX
WMAE 11.26 11.33 11.48 11.71 12.00 11.68 11.64
m.d.f.b. 0.63 0.69 0.84 1.08 1.37 1.04 1.00

TABLE 1: The mean WMAE (i.e. WMAE) over all 52 weeks of the out-of-sample test period and the mean deviation from the best
model in each week (m.d.f.b.). The best results in each row are emphasized in bold.
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FIGURE 4: The conditional coverage LR statistics for the 50% (red circles) and 90% (blue triangles) PI obtained from the three
probabilistic forecasting approaches considered. The solid (dashed) horizontal lines represent the 5% (1%) significance level of the
appropriate χ2 distribution. All test values exceeding 20 are set to 20.

of-sample test period (WMAE) and the mean devi-
ation from the best model in each week (m.d.f.b.).
The latter measure indicates how similar is a
model’s performance to the ‘optimal model’ com-
posed of the overall best performing (individual or
combined) model in each week.

Out of the three analyzed combination schemes
the most accurate is SIMPLE, with WMAE = 11.26
and m.d.f.b. = 0.63. Yet, clearly all three forecast
combination schemes outperform each of the indi-
vidual models, both in terms of WMAE and m.d.f.b.
These results are qualitatively similar to the ones
obtained for different datasets and different indi-
vidual models in [2, 26]. Also in a recent load fore-
casting study the SIMPLE averaging scheme stands
out as one of the best and most robust performers
[29].

Results for probabilistic forecasts

In probabilistic forecasting our preference is to
choose the model that yields the narrowest pre-
diction intervals (PI) out of those that provide (un-
conditional) coverage close to nominal. The score
function proposed by Winkler [37], usually referred
to as the Winkler score or interval score, allows to
jointly assess the unconditional coverage and inter-
val width. For a central (1− α) · 100% prediction
interval, it is defined as:

Wt =


δt for Yt ∈ [Lt, Ut],
δt +

2
α (Lt −Yt) for Yt < Lt,

δt +
2
α (Yt −Ut) for Yt > Ut,

(5)

where Lt and Ut are respectively the lower and up-
per bounds of the PI, δt = Ut − Lt is the interval
width and Yt is the actual price. The Winkler score
gives a penalty if an observation (the actual price)
lies outside the constructed interval and rewards
a forecaster for a narrow PI; naturally the lower
the score the better the PI. The results presented in
Table 2 confirm that QRA leads to better 50% and
90% PI than the two benchmarks – ARX and TARX.

ARX TARX QRA
50% PI 24.63 24.53 24.13
90% PI 56.60 54.16 53.07

TABLE 2: The Winkler score for the 50% and 90% two-sided
day-ahead prediction intervals (PI), as defined by Eq. (5). The
best results in each row are emphasized in bold.

The Winkler score can be used to compare the
different methods, but cannot be used to answer
the question of whether the PI obtained are sta-
tistically sound. We now apply the approach of
Christoffersen [6] to test the conditional coverage
of the constructed PI. The idea behind the test is
to operate on variables that indicate whether the
actual price lies in the pre-constructed prediction
interval or not. The conditional coverage (CC) test
is a sum of the unconditional coverage (UC) and
independence tests. The UC test compares the nom-
inal coverage of the model to the true coverage, and
is also known in the risk management (Value-at-
Risk backtesting) literature as the Kupiec [22] test.
The independence test checks that the PI violations
do not cluster. All three tests are carried out in the

12
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likelihood ratio (LR) framework and the CC test is
distributed asymptotically as χ2(2).

The conditional coverage LR statistics are plot-
ted in Fig. 4. We follow the approach of [27, 34, 24]
and conduct the tests separately for each hour, since
the forecasts for consecutive hours are correlated by
construction – the 24 hourly day-ahead predictions
are calculated at the same time and using the same
information set. As can be seen in Fig. 4, QRA out-
performs both benchmarks (ARX and TARX), for
a vast majority of hours and both levels (50% and
90%). In particular, for the 50% intervals at the 5%
(1%) significance level, QRA passed the conditional
coverage test 16 (20) times, while ARX and TARX
were successful respectively for only 3 (7) and 2 (3)
hours. For the 90% intervals the results are not as
good. But still, at the 1% level QRA passed the test
7 times, while TARX only once and ARX not even
a single time.

Conclusions

In this paper we have examined possible accuracy
gains from combining forecasts of four individual
time series models (AR, ARX, TAR, TARX) for com-
puting point and probabilistic forecasts of electricity
spot prices. Overall, our findings support the ad-
ditional benefits of combining forecasts. All three
combination schemes (SIMPLE, LAD, CLS) outper-
form each of the individual models in point fore-

casts, both in terms of WMAE and m.d.f.b. Also
when probabilistic forecasts are considered, the
QRA beats the two benchmarks (ARX and TARX).

We would like to emphasize two things. Firstly,
such a good forecasting performance of the com-
bination approaches does not always have to be
the case. In general, it depends on the quality of
the building blocks. In particular, if one individual
model outperforms the other on a continuous ba-
sis, there may be no advantage in combining at all.
Secondly, we should remember that the main ad-
vantage of combining forecasts is not that the best
combinations perform better ex-post than the best
individual forecasts – as this may not always be the
case – but that it is less risky to combine forecasts
than to select ex-ante one individual forecasting
method.
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A Tale of Financial
Complexity and the
Mistakable Law of One Price

The article provides an interesting point
of view on the recent deal called GACS2

that the Italian government reached with
the European Union. Such a deal gives
the possibility to the government of is-
suing guarantees for the senior tranches
of the Collateralized Debts backed by
non-performing loans previously issued
by the banks. The author highlights
the fact that this operation may be per-
ceived like a sort of "state-aid" to the fi-
nancial institutions. In addition to this,
he also warns on the risks of mispric-
ing and adverse selection in the process.

Giovanni BRUNO

After months of negotiations, in January the
Italian government reached an important
deal with the European Union (EU), which

will allow the former to issue guarantees on the
non-performing loans, facilitating the process of
elimination of these ’bad assets’ from the balance
sheets of many struggling Italian banks. The aim is
to improve the overall health of the Italian financial
system, whereas banks represents the most impor-
tant institutions, and to free liquidity for the ’real
economy’. So far everything looks good. . . but then,

what is the matter with this agreement? Why the
Italian government had to work so hard in order to
achieve something which looks so beneficial? The
main concern of the EU authorities was to verify
that such intervention would not represent ‘state-
aid’, because otherwise it would be against the EU
rules. Therefore, since the deal has been finally
signed, we may think that it does not represent
state aid . . . Are we sure about it?

GACS

Let us give a closer look to it. The deal (shortened
in GACS in Italian) consists in the possibility for the
Italian government to provide a guarantee for the
senior tranches of the collateralized debts backed
by these ‘non-performing loans’, previously issued
by the banks. Certainly, a guarantee from the Ital-
ian government increases the value of this assets,
since in case of default of the underlying loans the
losses will be absorbed by the warrantor. Therefore,
it would look like an aid for the banks who may
use the warrant to increase the value of their assets
and sell them on the market at a higher price (if
there was a price for these assets...). However, the
EU officials say that it does not represents state-aid
since in order to obtain this warrant the banks will
have to pay a fee, an insurance premium, to the
government, and (most importantly) such a fee will
be determined on the base of ‘market prices’. This
is the controversial point, the market prices and in
particular how they should be computed.

2’Garanzia Cartolarizzazione Sofferenze’
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SECURITISATION GUARANTEE

The Law of One Price

The web site of the Italian minister of economics
and finance (MEF) 3 says that in order to determine
the fee, it will be taken as reference the CDS spread
paid to protect against the default of underlyings
having the same risk of the guaranteed loans. The
CDS (Credit Default Swap) is a contract which pays
the amount promised from the underlying debtor
in the event of default of the latter; it is basically an
insurance against the default of the debtor. The law
of one price states that two assets that promises the
same payoff should have the same price, otherwise
there would be an arbitrage opportunity (you may
buy the asset with the lower price and sell the one
with the higher price in order to get a profit with
a positive probability [1]). Since they promise the
same payoff, in a no-arbitrage environment a CDS
written on an asset and a guarantee on another as-
set with default risk equal to the first one should
have the same price. Therefore, the determination
of the warrant-fee on this base may look quite fair.
However, can we really find on the market a CDS
which has the same default risk of the loans under-
lying the assets issued by the banks which should
be guaranteed by the government?

Dependences among default probabili-
ties

Here we have to introduce some complexity and
the concept of ‘dependence’ which is fundamental
for the pricing of this products. The web page of
the MEF says that only senior tranches will be guar-
anteed, so those with the higher credit standing. In
order to understand the problem properly let me in-
troduce an example. Imagine that the rating (a mea-
sure of credit standing) of a senior tranche issued by
the bank is ‘AA’ and that in order to determine the
price of the warrant-fee on this tranche the MEF will
take as reference the CDS spread quoted for loans
having the same rating ‘AA’. These tranches will
pay to the buyer a coupon which is funded with
the interest payments of the underlying debtors.
These interest payments are used to pay firstly the
most senior tranches and then the most junior ones.
In the event of default of some of the debtors the
losses will be firstly absorbed by the buyer of the
junior tranches up to their notional amount, then
the losses will be absorbed by the senior tranches,
but if the senior tranches are guaranteed the losses
will be eventually absorbed by the warrantor, which
is the Italian government in this case. Therefore,
the higher is the expected number of default events
the higher will be the losses and the higher should

be the fee paid to obtain the guarantee. What is
crucial to understand is that the expected losses of
these products do not depend only on the individ-
ual default risk of the single debts but also on the
dependence between default events, the higher is
the dependence the higher is the combined default
risk of the portfolio and the higher should be the
CDS spread. For instance, consider a portfolio of
2 loans, the loan X and the loan Y, in which the
loan X has a rating ‘AA’ and the loan Y a rating
‘BB’ (lower credit standing and higher individual
risk). The dependence represents the conditional
probability, in this case given that the default event
of Y has happened what is the probability that X
will default too? Ceteris Paribus the higher is the
dependence the higher will be the probability that
both defaults will happen and the higher will be
the expected losses over the combined portfolio of
X and Y. An efficient market will be able to price
this dependence risk and the CDS spread paid to
guarantee the tranche X will be an increasing func-
tion of the dependence between the defaults of X
and Y. Will the Italian government do the same?
Or will the law of one price be mistaken giving the
same price to assets with different level of risk?

The Risks of Adverse Selection and Mis-
pricing

To answer to these questions let put ourselves in
the clothes of the CEO of a struggling hypotheti-
cal Italian banks which needs to get rid of these
loans trying to achieve the higher possible price,
what would you do? It is fair to think that the CEO
would go to his Chief of Quants and would ask him
to create some ‘packages’ of loans with the highest
possible default dependence for which he would
ask the guarantee from the MEF. Since the refer-
ence used by the MEF would be the average market
price for tranches with similar ratings but lower
default dependence, the fee asked by the MEF will
be lower than what it should be. The effect will be
that the bank will pay a discounted price for the
worst loans (in terms of dependence) and will be
left in its balance sheet only with the less depen-
dent loans, for which the expected losses are lower.
This is basically a problem of asymmetric informa-
tion. As remarkably described in the seminal work
G.A.Akerlof [2], in the health insurance market, if
it is not possible to separate good applicants (low
probability of contracting diseases) from the bad
ones, the so called ’lemons’ (high probability for
the same event), the insurer will have to require an
average premium. This premium will be perceived

3http://www.mef.gov.it/ufficio-stampa/comunicati/2016/comunicato_0020.html
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as too high from the good applicants (who should
pay a lower premium since the risk related to them
is lower) and they will not buy the insurance. On
the other hand, the bad applicants will consider
this premium as a discount and they will buy the
insurance. Because of this adverse selection, the
average medical condition of insurance applicants
deteriorates as the price level rises (as for the Gre-
sham’s Law, bad money drives out good money)
and in this situation no insurance will be sold. This
adverse selection process may take place also in the
market of the CDS on the non-preforming loans. If
the market cannot separate the good packages from
the bad ones (principally because it is very difficult
to estimate the defaults’ dependence) it will have
to apply a premium too high at which the banks
will buy the insurance only for the bad packages
(with high dependence). Therefore, knowing that
the banks will ask an insurance only for the ’lemons’
(’bad packages’), there might be no one available
to sell these CDS contracts and even in this case
there will be no market at all. Indeed, as previ-
ously mentioned, only an efficient market with full
information will be able to price this products cor-
rectly, but in this context it is more likely that such
a market for those product will not exist. This may
be the reason why the Italian banks need the MEF
as insurer, otherwise they will not be able to find
any insurer at all on the market. Indeed, the Ital-
ian government may be the only possible insurer
for these products, because its purpose is not to
make a profit selling this contracts, but helping the
banks to restore their balance sheets, in the attempt
to improve financial stability and to free liquidity
for other sectors, with the hope to create further
stimulus to the growth of the Italian economy. The
problem is that operating in this way, the Italian
government risks to be blind to the danger at which
is exposing itself and therefore the tax-payers. A
correct pricing is crucial for minimizing the risk. In-
deed, imposing a fee to high for this insurance may
generates the adverse selection problem described
above that will bring only the bad packages to be

insured, while a fee too low may be not enough to
cover the future losses generated by all the contracts
insured.

Conclusions

Perhaps, this way of thinking is too Machiavellian
(and this is probably due to the fact that I am Italian
too . . . ), but it is a fair doubt since this operation not
only it may very likely become a state-aid which is
against the EU rules, but the burden of the exposi-
tion to these losses is eventually borne by the Italian
tax-payers. However, this operation may eventually
be really beneficial for the financial system overall
not only for the Italian but also for the European
one, if the Italian banks were able to restore their
balance-sheets. What I think is unfair though, is
the language used by the MEF for presenting this
operation which I found really misleading. Indeed,
at the end of the message published on the web
page of the MEF, it says that the operation will
not generate losses for the Italian government and
there will probably be a net-positive entrance, but
this statement is contingent on the conditions that
the Italian economy will experience in future and
it is based on the assumption that Italy will con-
tinue to grow at a rate faster of the current one,
because in this case the number of defaults will be
low. But this assumption may be proved wrong
and in a recession environment default events will
increase and more losses will be suffered due to
these guarantees.
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