2 afny

e ERASMUS UNIVERSITEIT ROTTERDAM

Erasmus School of Economics
MASTER THESIS QUANTITATIVE FINANCE

Contingent claims approach to measuring
sovereign default risk in the Eurozone

Student: Student number:
Shahir ANWAR 532050
Supervisors: Second assessor:
prof. dr. Chen ZHOU (Erasmus) dr. Maria GRITH

Hao ZrOU (Deloitte)
Koen Ni1coLAI (Deloitte)

January 30, 2021

Abstract

We examine whether the contingent claims approach (CCA) to measure sovereign
default risk for member states of the EMU can be improved by incorporating in-
formation from equity and bond markets. Market information is included by using
equity and bond volatilities as a proxy for the asset volatility. Combining infor-
mation from both markets significantly improves the CCA for core countries. For
peripheral countries, enhancement of the CCA is only realised in non-crisis periods,
as a result of market overreaction.

Keywords— Sovereign default, Structural model, Contingent claims approach, Credit risk,
Economic and Monetary Union, Sovereign debt, Default probability

Deloitte

The content of this thesis is the sole responsibility of the author and does not reflect the view of the
supervisor, second assessor, Erasmus School of Economics or Erasmus University.



Contents

1 Introduction 1
2 Methodology 4
2.1 Sovereign contingent claims approach (CCA) . . . .. ... ... ... ... ... 4
2.1.1  The values of liabilities are derived from assets . . . . ... ... ... .. 5

2.1.2 Liabilities have different priority . . . . . . . . .. ... ... ... 6

2.1.3  Assets follow a stochastic process . . . . . . .. ... ... L. 8

2.2 Standard CCA . . . . . . . 8
2.3 Incorporating market information . . . . . . ... oL 9
2.3.1 Individual forecasts . . . . . . . . . ... 10

2.3.2 Combined forecasts . . . . . . . . . . ... 12

2.3.3 Forecasting for longer horizons . . . . . . ... ... ... ... ... .. 13

2.4 Evaluation . . . . . . . . . . . e 14
2.4.1 Harvey, Leybourne and Newbold (HLN) Test . . . . ... ... ... ... 15

3 Data 16
4 Results 19
4.1 Individual forecasts . . . . . . . . .. Lo 19
4.2 Combined forecasts . . . . . . . . . .. 26
4.3 Forecasting for longer horizons . . . . . .. .. ... o L. 33
4.4 Market overreaction . . . . ... ..o 41

5 Discussion and Conclusion 42
Appendices 48
A S&P ratings 48
A1 Ratings . . . . . . . 48
A.2 Historical one-year default probabilities . . . . . . ... ... ... ... ... 49

B Harvey, Leybourne and Newbold (HLN) test results 50
B.1 Individual forecasts . . . . . . . . . . . .. 50
B.2 Combined forecasts . . . . . . . . .. L 51
B.3 Time period after QE - Peripheral countries . . . . . . . ... .. .. ... .... 52



C Harvey, Leybourne and Newbold (HLN) test results for longer horizon fore-

casting 53
C.1 Belgium . . . . ... e 53
C.2 France . . . . . . . e e 54
C.3 Germany . . . . . v v v vt e e e e e e 55
C4 Ttaly . . . . o e 56
C.5 Spain . . . L 57

i



1 Introduction

Throughout history, sovereign default risk has primarily been perceived as an issue for develop-
ing countries. However, the global financial crisis of 2008 and specifically its transition into the
Furopean sovereign debt crisis have changed this view. Several member states of the Economic
and Monetary Union of the European Union (EMU) were unable to meet their financial obli-
gations and required assistance of third parties. Eventually, this led to defaults of Cyprus and
Greece. While some member states are still recovering from this crisis and already have inflated
debt levels, the novel COVID-19 virus has forced governments to further increase debt levels by
providing stimulus packages. The upcoming crisis may have similar or even worse effects than

the global financial crisis of 2008.

Although the previous events have changed the view on sovereign default risk, current policies
and regulations do not incorporate this revised view. Under the current Basel regulations, ex-
posures to highly rated sovereigns and to sovereigns denominated and funded in the domestic
currency are perceived as risk-free. One of the issues with the current Basel regulations is
that these depend on sovereign ratings, which are mainly provided by the “Big Three” global
credit rating agencies - Standard & Poor’s (S&P), Moody’s and Fitch. These agencies have
been accused of providing overly favourable credit ratings and being too slow in adjusting rat-
ings. Highly rated sovereigns, above BBB-, are assigned a default probability of 0%. However,
Credit Default Swap (CDS) spreads suggest that the default probability is higher than this.
Therefore, there is a mismatch between the market’s perception of sovereign default risk and
ratings based methods. Besides the Basel regulations, most credit loss models also depend on
credit ratings. As a consequence, no capital is held for exposures to highly rated sovereigns,
which could have detrimental effects. Therefore, it is of utmost importance to model sovereign

default risk correctly and close the gap between market and model implied sovereign default risk.

This research aims to determine whether the contingent claims approach (CCA) to measure
sovereign default risk for member states of the Economic and Monetary Union of the European

Union (EMU) can be improved by incorporating information from equity and bond markets.

The combination of two different strands of literature has led to our research and our motiva-
tion is best explained by discussing these. The first strand is about credit risk modeling and
the second strand deals with the determinants of sovereign credit risk. Firstly, the available

sovereign credit risk models which can be applied to member states of the EMU are very lim-



ited. Existing examples are CreditPortfolioView (Wilson, 1998) and CreditMetrics (Morgan,
1997), which depend on transition matrices supplied by credit rating agencies. Many member
states of the EMU have high credit ratings, which correspond to a default probability of 0%
according to these agencies. These models then do not provide any meaningful results. More

recent machine learning techniques cannot be applied either due to insufficient data on defaults.

Our model is based on the sovereign contingent claims approach (CCA) as developed by Gray
et al. (2007). They argue that the sovereign balance sheet shows implicit similarities with a
corporate balance sheet, by treating local-currency liabilities as equity and foreign-currency li-
abilities as debt. Unobserved values for the sovereign assets and its volatility are then implied
from balance sheet relations. Model implied Risk-Neutral Default Probabilities (RNDPs) are
shown to closely follow CDS spreads for Brazil, Turkey, Korea, Mexico, South Africa and the
Phillippines. All these countries have large amounts of debt issued in a “hard” currency, Dol-
lars or Euros (foreign-currency liabilities), as well as in their local currencies (local-currency
liabilities). Different from Gray et al. (2007), our study is concerned with member states of the

EMU, which do not have large amounts of foreign-currency liabilities.

Although not explicitly stated in their research, it has been argued that the CCA only works
for emerging countries with a large amount of foreign debt in a “hard” currency, the Dollar or
Euro (Duyvesteyn and Martens, 2015). There are two reasons for this, which also give rise to
our adaptations of the CCA. First of all, member states of the EMU mainly issue debt in Euros
and have little (if any) debt in Dollars. This implies that the seniority of liabilities needs to
be rearranged, such that we define a different priority structure. Second, member states of the
“EMU have very limited control over the money supply of the European Central Bank (ECB)”
(Duyvesteyn and Martens, 2015). The most important consequence of this is perhaps the loss of
“information” from the forward exchange rate. The forward exchange rate plays a vital role in
the CCA and is crucial to determine the RNDP. The RNDP mainly depends on the amount of
debt, the asset value and the asset volatility. Especially the asset volatility is a key component,
which is heavily influenced by the forward exchange rate. The forward exchange rate reflects
the collective view of market participants on the future of a sovereign. However, the forward

exchange rate of the Euro does not contain much “information” for member states of the EMU.

This leads to the other strand of literature which is about the determinants of sovereign credit

risk. We argue that “information” can be collected from other sources, namely the equity and



bond markets, as the sovereign asset value depends on these markets. In particular, we use the
volatilities from these markets as a proxy for the asset volatility. Ang and Longstaff (2013) study
the nature of systematic sovereign credit risk for the states in the U.S. and Eurozone countries.
Their results show that “systemic sovereign risk is strongly related to financial market vari-
ables rather than to macroeconomic fundamentals” (Ang and Longstaff, 2013). Furthermore,
Longstaff et al. (2011) study the nature of sovereign credit risk for 26 developed and emerging
market countries, none of which is a member state of the EMU. They find “that the majority of
sovereign credit risk can be linked to global factors” (Longstaff et al., 2011). In their research,
CDS spreads are primarily driven by US equity, high-yield bonds and the VIX index. Country-
specific stock returns and bond yields tend to show common patterns, but are not as significant
as global factors. However, they conclude that country-specific factors may be more important

in less correlated time periods.

We consider the volatility of (future) equity index returns, the VSTOXX index and the volatility
of bond yields with a maturity of 1, 5 and 10 years, as proxy for the asset volatility. None of
these volatilities will be a perfect proxy for the asset volatility. The bond market will result in a
volatility that is too low, whereas the equity market will give a volatility that is too high. A low
volatility results in a low RNDP, and vice versa. Therefore, we examine whether a combination
of the information in these two markets explains sovereign default risk. Individual predictions
of the RNDP, which differ in the asset volatility, are combined using forecast combinations.
We have used longer forecast horizons to determine how often weights should be re-calibrated
and the impact of these weights on the RNDP. Our estimates for the RNDP based on bond
markets, equity markets and a combination of these are compared with the Market-Implied
Default Probability that follows from Credit Default Swap (CDS) spreads. We use the Harvey,
Leybourne and Newbold (HLN) test to determine whether our method results in a significantly
higher accuracy than the benchmarks. As benchmarks, we use the RNDP obtained by applying
the standard CCA method and also S&P rating-based default probabilities. The research is
conducted for five member states of the EMU, Belgium (BE), France (FR), Germany (DE),
Italy (IT) and Spain (ES) between the period of 2008 Q1 - 2020 Q1.

Our results show that the combined approach reduces the MSE for all countries when compared
with the benchmarks, the standard CCA and a rating-based method. However, based on the
Harvey, Leybourne and Newbold (HLN) test, the combined RNDP forecasts are only signifi-

cantly more accurate, than both benchmarks and over the entire period, for core countries. For



core countries, we obtain the best results for combinations including one equity RNDP and one
bond RNDP, with new weights being determined more than once a year. The best combina-
tions are: (C7) RNDP; (equity index) & RNDPy (1y bond yield); (C2) RNDP; (equity index) &
RNDPg (10y bond yield); (C3) RNDP; (future index) & RNDP5 (5y bond yield). Furthermore,
the HLN test shows that the combined RNDP forecasts are also significantly more accurate
than both benchmarks for peripheral countries for the period of Q2 2015 - Q1 2020. For pe-
ripheral countries during this period, the best combinations are (C7) RNDP; (equity index) &
RNDP, (1y bond yield); (C2) RNDP; (equity index) & RNDPg (10y bond yield). Our analysis
shows that our approach is not optimal for peripheral countries in times of crisis due to market

overreaction.

The structure of this paper is as follows: Section 2 contains the methodology of this research. In
this section we describe the CCA and our adaptations, the incorporation of market information
and the evaluation procedure. In Section 3 we describe the data that has been used. In Section
4 we show and analyse our results. Finally, a discussion and concluding remarks can be found

in Section 5.

2 Methodology

In this section we describe the methodology of this research. We first describe the sovereign
contingent claims approach (CCA) in Section 2.1. In Section 2.2 we show how the asset value
and its volatility are computed for the standard CCA model, which we use as the benchmark
model. We then describe how market information is incorporated into the CCA in Section 2.3.

Finally, the evaluation procedure is described in Section 2.4.

2.1 Sovereign contingent claims approach (CCA)

A contingent claim is any financial asset for which the future payoff depends on the value of
another asset. Gray et al. (2007) state that the CCA is based on three principles: (i) the values
of liabilities are derived from assets; (ii) liabilities have different priority (i.e. senior and junior
claims); and, (iii) assets follow a stochastic process. We describe the implementation of the

CCA by discussing each principle separately.



2.1.1 The values of liabilities are derived from assets

Structural models are based on fundamental balance sheet information. Assets and liabilities of
a sovereign depend on two entities, the government and the monetary authorities. Therefore,
it is necessary to combine the balance sheets of these two entities and construct a consolidated
balance sheet for the sovereign. We follow the methodology as described by Gray et al. (2007)
and Gapen et al. (2008) to obtain such a balance sheet. The segregated balance sheets of the

monetary authorities and the government are depicted in Tables 1a and 1b, respectively.

Certain items need to be rearranged, such that we obtain an economic sovereign balance sheet
which only includes liabilities with observable quantities and market prices. The value of these
liabilities should be derived from the assets. For this reason, open positions between the gov-
ernment and the monetary authorities are netted and guarantees provided to institutions of
systemic importance are subtracted from the asset side. Finally, the balance sheet needs to be
denominated in a common currency, which is the Euro in our case. The resulting economic

balance sheet is given in Table 1c.



Table 1: Simplified representation of the balance sheets of the public sector.

(a) Balance sheet of the Monetary Authority.

Assets Liabilities

Obligation to supply FX to Government

Foreign Reserves to pay FX Debt

Credit to Government Base Money

Credit to other Sectors

(b) Balance sheet of the Government.

Assets Liabilities

Net Fiscal Asset Gugr.antees (to too-important-to-fail
entities)

Other Public Sector Assets Foreign-currency Debt

Obligation from Monetary Authority to Local-currency Debt held outside of the

supply FX to Government to pay FX Government and the Monetary

Debt Authorities

Credit from Monetary Authorities

(¢) Combined balance sheet for the entire public sector, the Sovereign.

Assets Liabilities

Foreign Reserves

Net Fiscal Assets Foreign-currency Debt
Other Public Sector Assets Local-currency Debt
- Guarantees Base Money

Note. The assets and liabilities of the monetary authority and the government include items which cancel each other
out when combining the two balance sheets. These items are stated in italic; The liabilities side includes equity-like and
debt-like items. These items can be used to derive the market value of assets.

2.1.2 Liabilities have different priority

Another crucial part of the CCA is the definition of seniority within the sovereigns’ capital
structure. “Seniority of sovereign liabilities is not defined through legal status as in the corpo-
rate sector, but may be inferred from examining government behaviour” (Gray et al., 2007).

Earlier literature on the debt restructuring of defaulted emerging countries suggests that foreign-



currency liabilities are senior to local-currency liabilities (Ariyoshi et al. (2000), Kincaid and
Collyns (2003)). Furthermore, Sims (1999) argues that domestic currency debt has similar char-
acteristics when compared to equity issued by a company. Therefore, Gray et al. (2007) and
Gapen et al. (2008) model the implicit capital structure as follows. Local-currency liabilities
(LCL), the sum of the local-currency debt and the monetary base, represent the “equity” of
a sovereign. Duyvesteyn and Martens (2015) explain the intuition behind this as follows: the
public sector may create more domestic currency to repay their local-currency debt. However,
printing more money may cause inflation such that the real value of payments to local-currency
debt holders becomes lower. This effect is somewhat similar to the dilutive effect of issuing
additional stocks. The equivalence between foreign-currency debt and a firm’s risky debt fol-
lows from two reasons. Firstly, a sovereign cannot easily issue more foreign-currency as this
will depreciate the foreign exchange rates. Second, most countries prefer to raise local-currency
debt over defaulting on foreign-currency debt. As a result, foreign-currency debt is considered

to be senior to local-currency debt.

There are two reasons why this priority structure does not work for member states of the EMU.
First of all, developed countries can issue debt in their domestic currency due to liquid markets
and therefore have a small amount of foreign-currency debt (Duyvesteyn and Martens, 2015).
Second, individual member states of the EMU do not have much influence on the ECB’s money
supply. They do not have the possibility to increase their local-currency debt in order to pay
off foreign-currency debt (De Grauwe (2012), Cochrane (2005) and Kopf (2011)).

Kabhlert et al. (2017) define the priority structure by holder of the liabilities, instead of the cur-
rency of denomination, for member states of the EMU. Multilateral lenders such as the IMF,
are then assumed to be the most senior credit holders. The logic behind this is that in future
crisis, this lender of last resort may be needed again to borrow further (Steinkamp and Wester-
mann, 2014). However, this assumption is contradicted by the fact that Greece defaulted on its
IMF debt in 2015, while respecting other payments. Therefore, we propose a different priority
structure. Senior claims include all debt, both local-currency and foreign-currency, held outside

of the monetary authorities. Only the monetary base has a junior status.



2.1.3 Assets follow a stochastic process

The stochastic process for the asset value is given by,

dA
= — pdt + o adWy,
Ay

where A; is the asset value of a sovereign at time t, u is the expected growth rate of the assets,

o4 is the asset volatility and W is a Brownian motion Wy ~ N0, 1]. The solution is given by,

At _ Aoe(,u,—%o'Q)t-‘rO'\/th’ (1)
which can be used to simulate the asset value of a sovereign.

The CCA is based on the Merton model (Merton, 1974). A sovereign defaults when the value of
its assets is below a certain threshold, the distress barrier. The distress barrier, By, is based on
the book value of senior liabilities and is equal to the short-term debt plus half of the long-term
debt. On average, the sovereign will not default as the value of the assets will be above the

distress barrier. The Risk-Neutral Default Probability (RNDP) is calculated by,

/T (2)

log(By) — log(Ag) — (r — 1a2)T
P(Ar < By) = <1>< o8(By) — loglAo) — (7 — 30a) ) = &(—dy),
where 7 is the risk-free rate and ®(-) is the cumulative distribution of a standard Gaussian. We
consider a time period of 1 year, such that T'= 1. Hence, to calculate the RNDP we need the

asset value, Ag, and its volatility, o 4.

2.2 Standard CCA

Equations (1) and (2) of the Merton model require estimating the market value of the assets and
its volatility, which are unobserved. Asset values are derived from the observable junior liabili-
ties, the monetary base, and senior liabilities, all debt held outside of the monetary authorities.
As the claim of senior liability holders has preference over the claim of junior liability holders,
the monetary base is equal to the residual value of the assets after the debt payments have
been made. The monetary base, M B, is modeled as an implicit call option on the market value
of the sovereign assets, A, with the strike price equal to the distress barrier, By. The distress
barrier is equal to short-term senior liabilities plus half of the long-term senior liabilities. We

then obtain two equations and need to solve for two unknowns, the initial market value of the



assets at the start of a year, Ag, and its volatility, o 4.

MBy = AO(I)(dl) - BfefrT(I)(dg) (3)
A
oMB = MBOUACP(dl) (4)

where,

. — 108(Ao) —log(By) + (r + 30T
1 — )
oaNT

d2 = d1 — O'A\/T
and ojsp is the volatility of the returns of M B. We further denote,

F(Ag,04) == Ag®(d1) — Bye " ®(dy) — M By

g
G(Ag,04) = ﬁ@(dl)Ao — MB,.

Theoretically, F(Ag,04) = G(Ag,04) = 0. Practically, we estimate Ay and o4 by minimizing
[F(Ag, 04))” + [G(Ag, )], (5)

which is solved using an iterative process. This is the standard CCA model and is used as a
benchmark. The only difference between the standard CCA and the method defined by Gray
et al. (2007) is that we only consider the monetary base as the “equity” value. For emerging
countries, all local-currency liabilities are considered to be “equity”. The reason for not using
the exact same model as a benchmark is that member states of the EMU have a negligible
amount of foreign-currency liabilities (in Dollars). Moreover, rating agencies treat the Euro as

both a local-currency as well as a foreign-currency liability for member states of the EMU.

2.3 Incorporating market information

The difference in the definition of the “equity” value has a large impact on the asset volatility
and eventually the RNDP, as the RNDP measure depends heavily on the asset volatility. For
emerging countries, the asset volatility is determined by the volatility of the local-currency lia-
bilities. “If the exchange rate is floating the volatility comes largely from the exchange rate.”

(Gray et al., 2007).



Gray et al. (2007) use the forward exchange rate to determine the volatility of the local-currency
liabilities (and hence the asset volatility). The exchange rate depends on the supply and demand
of a currency, which in turn depends on various factors, including investment opportunities, po-
litical situation et cetera. Therefore, the forward exchange rate contains much “information”
about the collective view of market participants and their expectations of the future develop-
ment of a sovereign. Although the market is not always right, it is assumed to be the best

available source of information for the future prospects of a sovereign (Gapen et al., 2008).

For developed countries with a “hard” currency, the Euro or Dollar, we cannot obtain such
information from the exchange rate. Moreover, changes in the monetary base returns will only
be reflected in the volatility when these are reported, which may be too late. We suggest to
incorporate relevant market information from other sources. Longstaff et al. (2011) study the
nature of sovereign credit risk for 26 countries. They find “that the majority of sovereign credit
risk can be linked to global factors” (Longstaff et al., 2011). Likewise, Ang and Longstaff (2013)
study the nature of systematic sovereign credit risk for states in the U.S. and Eurozone coun-
tries. Their results show that “systemic sovereign risk is strongly related to financial market
variables rather than to macroeconomic fundamentals” (Ang and Longstaff, 2013). Therefore,
we include information from equity and bond markets in our models. Individual RNDP forecasts

are based on either equity or bond volatilities, whereas forecast combinations are based on both.

2.3.1 Individual forecasts

The minimization procedure given in Equation (5) depends on both the asset value, Ap, and
its volatility, o 4. Hence, there are many combinations of Ag and o4 which satisfy Equations
(3) and (4). We incorporate market information by setting o4 equal to the volatility obtained

from equity or bond markets. Let:

oa=o0; forj={1,...,6},

where we define (1) the volatility of the equity index returns, o1; (2) the volatility of the future
equity index returns, og; (3) the level of VSTOXX (the implied volatility of the Euro STOXX
50), o3; (4) the volatility of the 1-year bond yields, o4; (5) the volatility of the 5-year bond
yields, os; (6) the volatility of the 10-year bond yields og. All these volatilities are annualized

over the daily returns or yields using a rolling window of 60 business days.
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We then determine the initial asset values, Ay ; for j = {1,...,6}. In theory, we obtain the asset
values by setting F'(Apj,04) = 0. Practically, we estimate Ao ; by minimizing [F(4 j,04)]>.
Hence, we obtain 6 sets of asset values and volatilities. These are used to calculate the individ-
ual forecasts RNDP;, j = {1,...,6}. RNDP;, RNDP; and RNDP3 are based on the volatility
from equity markets, which we call equity RNDPs. Likewise, RNDP4, RNDP5 and RNDPg are
named bond RNDPs as these are based on the volatility from bond markets.

We do not expect that individual forecasts will have a higher accuracy than the standard CCA.
However, we do think that a combination of these forecasts may improve the standard approach
significantly. The reason for this is that the RNDP measure depends heavily on the asset volatil-
ity and the two are positively related. A higher asset volatility implies a higher RNDP whereas
a lower asset volatility results in a lower RNDP, ceteris paribus. The volatility of bond yields
will probably be too low, whereas the volatility of the equity index returns may be too high.
The actual asset volatility is probably between the two. Eventually, we want to determine
whether there is a linear combination of forecasts that performs significantly better than the
standard approach. Ideally, we would only want to include two forecasts in the linear combi-

nation, one based on bond yield volatility and the other based on the volatility of equity returns.

Forecast selection

To determine which of the individual RNDPs are included in the linear combination, we regress
the Market-Implied Default Probability on the individual RNDPs. Under the assumption that
CDS spreads represent pure default risk (Longstaff et al., 2005), the Market-Implied Default

Probability is given by,
1 — e ScDst

POV =""Rr )
where Scps; is the CDS spread at time ¢ and RR is the recovery rate which is set equal to
50%. The linear regression is then given by, PDy; = o + RNDP'3 + ¢. The selection of
individual RNDPs to include in the linear combinations is based on the R? and the Akaike
Information Criterion (Akaike, 1998). The Akaike Information Criterion is given by, AIC

— 2k — 2In(L), where k is the number of estimated parameters and L is the maximum value

of the likelihood function for the model. The likelihood is given by: L(3,02; PDy;, RNDP) =

T
( 1 _ )Te*ﬁ >i—1(PDym—RNDP/B)?
V2rmo

The models with the highest R? and/or the lowest AIC are optimal.

, where T' is the number of time periods (observations).
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2.3.2 Combined forecasts

For each country at time ¢, the individual forecasts are combined by,

RNDPg,y = Y wj,* RNDPjy,
JEC;

where i = {1,...,8} and wj; is the weight for the RNDP; at time ¢. Hence, we define 8 different
combinations of the individual forecasts. The ultimate goal is to obtain a simple combination
of forecasts, without compromising too much on the accuracy. The simple combination should
include as less individual forecasts as possible. Ideally, we would only want to include two
individual RNDPs in the linear combination, one based on bond yield volatility and the other
based on the volatility of equity returns. Therefore, C1, Co, C5 and Cy only include 2 individual
forecasts; C5 and Cg combine 3 individual forecasts. For comparison, we also define Cv which
includes 5 RNDPs and Cg which includes all 6 RNDPs. The 8 combinations that we consider
include following individual RNDPs: (C}) 1, 4; (C2) 1, 6; (C3) 2, 5; (C4) 3, 4; (Cs) 1, 4, 6; (Cs)
2,4,5;,(C7) 1,2,3,5,6; (Cg) 1, 2, 3,4, 5, 6.

The weight for each forecast j at time ¢, is given by,

—1 _

O S
= — —,
Zkej(ztrztw‘gkﬁ’) !

Wt (7)
where j € C; represents the different combinations of asset values and volatilities. Which
RNDP; is included, depends on the combination, ;. For example, for Cg we would have
j ={1,...,6}. For each country, the forecast error at time ¢ is given by €;; = PDy;—RNDUP;;.
Hence, a larger weight will be assigned to predictions with a smaller forecast error and vice versa.
We set v = 3, such that the weights are based on a rolling window which includes the three
most recent forecast errors. Predictions and forecast errors are determined on a quarterly basis.

This gives different weights for each country and each time period.

In an ideal world, the weights that the individual forecasts receive would be constant across
the entire time period and hold for all countries. We do not expect this to be the case for
two reasons. Firstly, we expect the weights to differ in times of crisis. In times of crisis, CDS
spreads are higher and financial markets tend to show increasing correlations (Ang and Bekaert,
2002). Hence, we would expect that the models based on equity volatility would receive a higher

weight in such periods. Whereas, in periods of economic stability, the forecasts based on bond

12



yield volatility would receive a higher weight. Second, we expect a difference between core
and peripheral countries. Core countries within the Eurozone are Austria, Belgium, Finland,
France, Germany and the Netherlands. Peripheral countries are Cyprus, Greece, Ireland, Por-
tugal and Spain. Peripheral countries are perceived to be riskier and hence we would expect
that the models based on equity volatility would receive a higher weight for these countries than

for the core countries. We determine the impact of the weights by forecasting for longer horizons.

2.3.3 Forecasting for longer horizons

We examine the performance of the combinations when forecasting for longer horizons. There
are two reasons for this. Firstly, we want to know whether the standard CCA can be improved
when forecasting for longer horizons. Second and most importantly, if the combined forecasts
result in a significantly higher accuracy than the standard CCA, we want to determine what the
main driver of that gain is. Whether the gain is truly achieved by incorporating market informa-
tion or whether it is merely a result of the way in which the individual forecasts are combined.
The combinations depend on the weights of the individual forecasts, which are based on past
CDS spreads. The standard CCA model does not include this, hence the combined forecasts
have an “unfair advantage” over the standard CCA model. A gain in predictive performance

that is mainly a result of the weighting structure is not what we aim to achieve.

For the forecast combinations in Section 2.3.2, we calculate new weights at each time period t.
To examine the performance for longer horizons, we fix the weights for a longer time period.

More specifically, after calculating w;; with Equation (7). Let:

Wit = Wit4+1 = = Wjt+m,

such that we fix the weight for RNDP; for m periods after t. We use m € {2,4, 8,16, 23,100},
which we call the holding period. As we determine forecasts for each quarter, this entails that
we set the weights equal for a period of 0.5, 1, 2, 4, 5.75, 25 years. We use 5.75 years as this
is exactly half our total time frame. This means that the weights are determined twice. For

m = 100, the weights are only determined once.

13



2.4 FEvaluation

The eventual goal of this research is to determine whether we can improve the CCA for member
states of the EMU by incorporating market information. More specifically, we test whether a
model with bond and equity information is more accurate than the standard CCA method in
describing sovereign default risk. The model can either be based on volatilities from the bond
market, the equity market or a combination of the two. Our standard CCA model is almost
identical to the model used by Gray et al. (2007). The only difference is the definition of the
“equity” value. Using the exact same model would not provide any meaningful results such
that slight adaptations were needed. As our benchmark model is different, we also include a

second benchmark based on credit ratings.

The second benchmark is a rating-based method. Credit risk models and Basel regulations
depend on these ratings. Therefore, these rating-based methods form the basis for many ap-
plications in credit risk. The rating-based method depends on credit ratings and historical
transition matrices. Credit ratings are mainly provided by the “Big Three” global credit rating
agencies - Standard & Poor’s (S&P), Moody’s and Fitch. These agencies use various metrics,
ranging from financial to political, to assess the credit quality of a sovereign. A sovereign is
then assigned a credit rating. We use S&P ratings, where AAA is the highest rating and CC
the lowest. Based on historical observations, these credit ratings translate to historical default
probabilities, PDp. S&P provide an annual report in which the sovereign default probabilities
are determined for each credit rating. These reports are based on data starting in 1975 until
the most recent year. Unfortunately, we could not find this report for every year. Appendix A.2
shows the historical default probabilities corresponding to S&P ratings. We use the 2010 report

for the period up to and including 2010. For the remaining years, we use the most recent report.

We use Credit Default Swap (CDS) spreads to evaluate our RNDP forecasts. CDS spreads are
considered to be the most direct measure of credit risk. The final evaluation is based on the
out-of-sample mean squared error. To determine the MSE, we use the difference between the
RNDP forecasts and the Market-Implied Default Probability given in Equation (6). As we use
a 3-quarter rolling window to determine the weights in our combinations, only the first three
quarters will not be included in the test set. To test whether the various RNDP forecasts have a
significantly higher accuracy than the benchmarks, we use the Harvey, Leybourne and Newbold

(HLN) test.
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2.4.1 Harvey, Leybourne and Newbold (HLN) Test

We test whether our RNDP forecasts have a significantly higher accuracy in forecasting the
Market-Implied Default Probability than the two benchmarks, the standard CCA method and
the rating-based method. Therefore, we define the actual series {PDysy; t = 1,...,T}, the
prediction from the standard CCA {RNDPg,; t =1,...,T}, the historical default probability
{PDpyy; t =1,...,T}, and our forecasts {RNDPy; h =1,...,6,Cy,...,Cq; t =1,...,T}.
The forecast error for the standard CCA is given by es; = RNDPgs; — PD)yy; for the rating-
based method this is given by ey ; = PDyy — PDjy; and for our RNDP forecasts these are
given by e+ = RNDPy,; — PD)r;. We then use the squared error loss function g(e; ;) = (ei,t)z,
to define the loss differential between one of our forecasts and the benchmark forecasts as
di = g(ent) — glepy), where B € {S,H}. Under the assumption that the loss differential is
covariance stationary, we say that the two forecasts have equal accuracy if and only if the loss
differential has zero expectation for all t. The alternative hypothesis is that our forecast is more
accurate than the benchmark, such that the loss differential has an expectation larger than zero

for all . Therefore, we test the following:
Hy:E(d;))=0 wvs Hp:E(d) >0 Vit

The HLN test (Harvey et al., 1997) is a modified version of the Diebold-Mariano (DM) test
(Diebold and Mariano, 2002). The DM test tends to reject the null hypothesis too often for
small samples. The HLN test obtains improved small-sample properties by including a bias
correction to the DM test statistic and comparing the statistic with a Student-t distribution

with T'— 1 degrees of freedom. Therefore, the HLN test statistic is given by,

HLN:\/T+1_2hT+h(h_l)DM~t(T—1),

where,

DM = d ,
¢ 44(0)+2 301 54(k)
T
1 T
Fa(k) = 7 > (dr —d) () — d),
t=|k|+1

hence, the autocovariance at lag k is denoted by 94(k) and we define the mean of the loss
differential as d = % Zthl dy. Lastly, for h-steps ahead forecasts, it is assumed that all autocor-

relations of d; of order h or higher are zero. We determine h with the Tiao-Box procedure (Tiao
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and Box, 1981) for each country and loss differential series. With this procedure, we search for
the lag length beyond which the autocorrelations are between —27 % and 2779%%. We assume

that correlations within this range imply that the autocorrelation is essentially zero.

3 Data

In this section we describe the data that is used for this research. In total, 5 countries are
considered: Belgium, France, Germany, Italy and Spain. Other member states of the EMU,
Austria, Cyprus, Finland, Greece, Ireland, the Netherlands and Portugal, could not be included
due to insufficient data. This study is conducted over the period between 2008 Q1 - 2020 Q1,
where results are given for the beginning of each quarter. Credit Default Swap (CDS) spreads
were only available after 2008, and this time frame includes periods of crisis as well as periods

of economic stability.

The balance sheet items that are relevant for the CCA are given in Table 2. Base money is
retrieved on a monthly basis from Datastream. Quarterly debt data is found on Eurostat’s
Quarterly Public Sector Debt database. The total debt includes the following debt items for
the General Government: Currency and deposits; Debt securities; Loans; Insurance, pensions,
and standardized guarantee schemes; Special Drawing Rights; Other accounts payable. Short-
term debt includes all items of the total debt with payments due in one year or less. Long-term
debt includes all items of the total debt with payments due in more than one year. Finally,
the share of holdings by the public sector have been collected from the Bruegel database of
sovereign bond holdings developed in Merler and Pisani-Ferry (2012). Credit ratings have been
derived from Bloomberg, where we use the long-term foreign currency debt ratings, supplied by

Standard & Poor’s. The ratings for each country are given in Appendix A.
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Table 2: Descriptive statistics for the balance sheet items included in the Contingent

Claim Approach.

Country | Base Money Debt Share
Short-term  Long-term | public

Belgium | 6.7+ 100 | 6.24+ 10 3.63 107 | 0.04
(3.61x10%) | (7.44%10°) (5.47%10'°) | (0.04)

France 3.94 % 10" | 4.36 %10 1.69 %10 | 0.08
(1.99%10) | (3.85%10') (3.25%10') | (0.07)

Germany | 5.62 * 10! 3.13 %1011 1.73 %10 | 0.05
(2.74%10M) | (1.38%10') (1.28%10'1) | (0.06)

Italy 2.03 % 101 3.45* 10" 1.54 %102 | 0.09
(6.35%10'0) | (2.11x10%) (2.19%10'") | (0.06)

Spain 1.63 % 10t | 1.47 %10 7.95% 10 | 0.15
(4.83%101%) | (1.76%10') (2.62%10') | (0.04)

Note. Data is collected for the period between 28-12-2007 and 30-12-2019. Base money is found on a monthly basis
N = 144, while other items are stated on a quarterly basis N = 48. For each country, the first row represents the mean
and the second row (in parentheses) the standard deviation of a certain item. Base money, short-term debt and long-term
debt are reported in Euros. Share public shows what share of the total outstanding debt securities are held by the public
sector.

To incorporate market information, equity indexes, a global volatility index and bond yields
have been included. The equity indexes that are used in this research are the largest and most
liquid indexes per country. The following equity indexes are included, BEL20 for Belgium,
CAC for France, DAX for Germany, FTSEMIB for Italy and IBEX for Spain. The future
indexes are, BE1 for Belgium, CF1 for France, GX1 for Germany, ST1 for Italy and IB1 for
Spain. VSTOXX is used as a proxy for the global implied volatility index. VSTOXX is the
implied volatility based on options on the Euro STOXX 50 index. This index tracks the 50
largest companies in Europe. Furthermore, sovereign bond yields with maturities of 1, 5 and
10 years are considered and the 12 month LIBOR is used as a proxy for the risk-free rate, r.
Daily data on all indexes and bond yields has been collected from Bloomberg. Tables 3 and 4
show descriptive statistics for the index data and bond data, respectively. Lastly, we have used
CDSs with a maturity of 1 year. These CDSs are denominated in Euros, rather than Dollars.
Although Dollar-denominated CDSs are more liquid, these also include exchange rate risk and

therefore do not truly reflect sovereign default risk. Descriptive statistics on the CDS spreads

are given in Table 5.
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Table 3: Descriptive statistics for the equity indexes.

Country Index Future

Mean SD N Mean SD N
Belgium 3056.06  651.22 3071 | 2521.50  757.97 3076
France 4317.83  780.38 3071 | 3527.24  998.33 3076
Germany | 8873.07 2649.66 3042 | 8938.47 2549.67 3058
Italy 20418.29 3988.09 3044 | 16061.91 3217.47 3044
Spain 9752.57 1387.48 3064 | 7364.09 1323.19 3064
VSTOXX 23.27 9.33 3052

Note. Data is collected from Bloomberg for the period between 28-12-2007 and 30-12-2019 on a daily basis. All data is
shown in Euros, except for VSTOXX which is in percentages. SD represents the standard deviation and N the number of
observations.

Table 4: Descriptive statistics for the bond yields.

Country 1-year o-year 10-year

Mean SD N | Mean SD N | Mean SD N
Belgium -0.15 0.57 2198 | 1.35 1.58 3130 | 2.18 1.54 3130
France 0.34 1.18 3117 | 1.13 1.33 3130 | 1.98 1.36 3130
Germany 0.26 1.20 3123 | 0.82 1.31 3128 | 1.54 1.34 3127
Italy 1.02 1.35 3126 | 2.39 1.58 3130 | 3.39 1.46 3130
Spain 0.51 1.22 2184 | 218 1.79 3129 | 3.17 1.75 3128
LIBOR 12M | 0.94 1.41 3053

Note. We consider bonds with maturities of 1, 5 and 10 years. Daily yields are collected from Bloomberg for the period
between 28-12-2007 and 30-12-2019. The 12 month LIBOR is used as a proxy for the risk-free rate. All data is shown in
percentages. SD represents the standard deviation and N the number of observations.

Table 5: Descriptive statistics for the Credit Default Swap (CDS) spreads with a maturity
of 1 year and denominated in Euros.

Country ‘Mean SD  Minimum Median Maximum N

Belgium | 26.70 44.27 0.88 7.00 308.97 3131
France 15.16 20.14 0.72 6.29 128.78 3131
Germany | 7.07  9.37 0.28 2.70 50.49 3131
Italy 75.51 89.25 2.50 43.10 550.85 3131
Spain 71.08 87.11 2.25 27.28 426.63 3131

Note. Daily spreads are collected from Datastream for the period between 28-12-2007 and 30-12-2019. All spreads are
shown in basis point. SD represents the standard deviation and N the number of observations.
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4 Results

In this chapter we describe the results of this research. We first show the results of the individual
forecasts and the selection of these in Section 4.1. In Section 4.2 we describe the results of the
combined forecasts and examine the forecast combination weights. We discuss the impacts
of considering longer forecast horizons in Section 4.3. Lastly, we show the effects of market

overreaction for peripheral countries in Section 4.4.

4.1 Individual forecasts

The Market-Implied Default Probability (PDjyy), the two benchmarks (RNDPs, PDy) and
the individual RNDP forecasts are shown in Figures 1, 2 and 3. These Figures show the actual
PDy; relative to the benchmarks, the equity RNDPs and the bond RNDPs, respectively. When
examining the benchmark forecasts in Figure 1, the problem immediately becomes clear. Firstly,
the rating-based method only results in a default probability of 0%. For our entire time horizon,
all countries had a rating of at least BBB-, which translates to PDy = 0. The lowest rating,
BBB-, was assigned to Spain and Italy during the sovereign debt crisis. Second, the standard
CCA method does not perform well either. RNDPg is often equal to 0 as well, when this is not
the case, it is either higher or lower than PDj;. Although, there is some co-movement between
RNDPg and PDyy, the relation does not generalize well and no clear patterns appear. It can
be observed that RNDPg occasionally moves up or down during the same period as PDj;. For
example, RNDPyg is relatively higher during the financial and sovereign debt crisis than in other
periods. However, this does not hold for all countries. For Germany this is only the case during
the financial crisis and for Belgium this does not hold at all. Moreover, PD; is higher during
the sovereign debt crisis than during the financial crisis for all countries. RNDPg shows the
opposite for all countries except Spain, for which the difference is almost negligible. Lastly, an
up or down movement of RNDPg is mostly a quarter after a similar movement by PDjy;. As
balance sheet items are only reported at the end of a quarter, the change in RNDPg is only

reflected afterwards, while the change may be reflected earlier in PD)y.
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Figure 1: Benchmarks (left scale) vs Market-Implied Default Probability (right scale)

Figures 2 and 3 show that equity RNDPs are too high, whereas bond RNDPs are often too low
to serve as a proxy for PDjs. For equity RNDPs, we make two observations. First of all, equity
RNDPs drop significantly after the end of 2015. We attribute this to two different causes, lower
equity volatilities and lower debt-to-asset ratios. Equity markets were less volatile from the end
of 2015 onward. The height of the sovereign debt crisis lowered around the end of 2012, but full
recovery was not achieved before 2015. The level of debt relative to the asset value also lowered
after the sovereign debt crisis. Improved debt-to-asset ratios determine the speed of the decrease
of equity RNDPs. RNDPj3, which has the same volatility for all countries, decreases slower for
Italy and Spain. Peripheral countries, Italy and Spain, were affected more by the sovereign debt
crisis than core countries such as France and Germany. Although Belgium is also a core country,
it was hit harder by the sovereign debt crisis than France and Germany, but not as hard as
Italy and Spain. As a result, these peripheral countries had higher debt-to-asset ratios and took
longer to recover. Our second observation is that equity RNDPs are more volatile than PD;
during the financial and sovereign debt crisis. Comparing the movements of equity RNDPs with
PDj;, we observe that these do not show the same pattern. As a result of these two observa-
tions, scaling the equity RNDPs by a constant would not provide adequate results to serve as a

proxy for PDj;. Hence, equity RNDPs alone are not sufficient to describe sovereign default risk.
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Figure 2: Equity RNDPs (left scale) vs Market-Implied Default Probability (right scale)

Scaling the bond RNDPs by a constant would not be a solid proxy for the PD); either. Bond
RNDPs are (almost) always equal to zero. For France and Germany, bond RNDPs are so low
that it appears as if these are always equal to zero. Comparing the movements of the bond
RNDPs with PDj;, we observe that bond RNDPs do not show enough volatility. However, for
Italy, Spain and Belgium the bond RNDPs display peaks at the same time as PDj;. For these
countries, the co-movements between bond RNDPs and PD); already appear to be better than
the co-movements between the benchmarks and PDj;, but are still far from optimal. It should
be noted that, due to data limitations, we do not have RNDPy prior to Q4 2011 for Belgium

and Spain.
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Figure 3: Bond RNDPs (left scale) vs Market-Implied Default Probability (right scale)

Table 6 shows the MSE for RNDPg, PDpg and the individual RNDPs. It also displays which
individual RNDPs are significantly more accurate than the benchmarks based on the Harvey,
Leybourne and Newbold test using a significance level of o = 5%. The MSE is notably higher
for equity RNDPs than for RNDPg, PDp and the bond RNDPs. Which was expected as equity
RNDPs are much higher than PDj;. Furthermore, bond RNDPs mostly result in a lower MSE
than RNDPg. For Belgium, RNDP,4, RNDP5 and RNDPg are significantly more accurate than
RNDPg. However, this is not because the bond RNDPs are very accurate, but rather due to
the fact that RNDPg is a weak proxy for PDy;. As PDjy is low, the MSE will be small for
forecasts that are close to zero, which is the case for bond RNDPs. This is illustrated by the
fact that these RNDPs are not significantly more accurate than PDy;, which is always equal
to zero. Only RNDPj5 for Spain shows a significantly higher accuracy than both benchmarks.
However, it only gives a slight reduction of the MSE and the result does not hold for other
countries. Considering a different time horizon may have yielded different results and we at-
tribute the significance to chance. Hence, individual RNDP forecasts based on either equity or

bond volatilities are not sufficient to outperform both benchmarks.
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Table 6: MSE and Harvey, Leybourne and Newbold (HLN) test results for the individual
forecasts.

Country Benchmark Risk-Neutral Default Probability

S H 1 2 3 4 5 6
Belgium  3.74 (4.88) 0.98 (0.96) 462.71 503.51 823.12 0.59* 0.89* 0.97*
France 0.21 0.24 443.50  439.61 596.92 0.24 024 0.24
Germany 0.09 0.05 162.01  160.84  239.45 0.05 0.05 0.05
Italy 19.69 5.10 1116.57 1057.87 1072.25 4.87 4.78 4.55

Spain 4.30 (4.05) 4.55 (4.85) 261.56  263.04 265.19 3.62 4.22 4.52

Note. MSE is in percentages; (italic) is the MSE for the period of Q4 2011 - Q1 2020; * significantly more accurate
than RNPDg, ** significantly more accurate than PDy, bold significantly more accurate than both RNPDg and PDgy
(o =0.05).

Upon closer inspection of Figures 2 and 3, we notice that a combination of the two different
groups of RNDPs may show good results. For Italy, Spain and Belgium, equity RNDPs show
peaks of roughly the same magnitude during the financial and sovereign debt crisis. The peaks
of PDj; are notably higher during the sovereign debt crisis than during the financial crisis for
these countries. Bond RNDPs show much higher peaks during the sovereign debt crisis than
during the financial crisis. Hence, a combination of equity and bond RNDPs may result in

forecasts that closely follow PDjy;.

Forecast selection

The selection of individual forecasts is based on the R? and AIC. Before moving to regression
models with multiple individual RNDPs, we first discuss models that only include one individual
RNDP. Table 7 shows the results of regressing PDj; on each of the individual RNDPs sepa-
rately. For all countries, at least one of the regressions based on individual RNDPs has a higher
R? than the regression based on RNDPg. There are two important remarks to be noticed.
First, the coefficients for equity and bond RNDPs show different results. For equity RNDPs,
the coefficients are similar for RNDP;, RNDPs and RNDP3 for each country. Moreover, the
coefficients are not too different across countries as these are between 0.01 and 0.07. This is not
the case for bond RNDPs. For all countries except Italy, the coefficients for RNDP,, RNDP5
and RNDPg are different. Also across countries, the coefficients vary widely. For example, the
coefficient for RNDPj5 is negative for Germany, which is not in line with the other coefficients
or countries. Furthermore, when performing the regressions for different time periods, the co-

efficients also differ.

Second, there is no single RNDP which results in a higher R? than the other RNDPs. Neither
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do the results show that there is a clear “winner” between equity and bond RNDPs. For Bel-
gium, Italy and Spain, RNDP, gives the highest R?. While RNDP; and RNDP; achieve this
for France and Germany. This is an interesting result as we did not expect this. However, we do
understand what causes this. For France and Germany, the bond yield volatility is extremely
low for most periods, which resulted in the RNDP being (almost) equal to zero. This is reflected
in the coefficients of RNDP4 and RNDPg, which are large for Germany and France. These two
remarks again point out that individual RNDPs are not sufficient and a combination of both

equity and bond RNDPs is needed for better results.

Table 7: Results for OLS regressions of each individual RNDP on the Market-Implied
Default Probability.

Risk-Neutral Default Probability
Country  Value 1 9 3 4 5 6 g
Intercept | -0.00 -0.00 -0.00 0.00 0.00 0.00 0.01
Belgium  Coefficient | 0.05 0.05 0.03 0.59 9.25 57.31 -0.07
R? 0.39 045 0.25 0.59 0.59 0.38 0.02
Intercept 0.00 0.00 0.00 0.00 0.00 0.00  0.00
France Coefficient | 0.01 0.01 0.01 70.59 6.55 458.03 0.24
R? 0.34 034 0.29 0.04 0.00 0.32 0.01
Intercept 0.00 0.00 0.00 0.00 0.00 0.00  0.00
Germany Coefficient | 0.01 0.01 0.01 1.83%10% -452.00 8.01x10> 0.11
R? 0.52 052 0.39 0.37 0.00 0.39 0.03
Intercept 0.00 0.00 0.00 0.01 0.01 0.01 0.01
Italy Coefficient | 0.05 0.05 0.04 0.42 0.38 0.46 0.03
R? 024 024 0.17 0.53 0.23 0.10 0.01
Intercept 0.00 0.00 0.00 0.01 0.01 0.01 0.01
Spain Coefficient | 0.07 0.07 0.07 2.93 0.84 45.25  6.37
R? 0.25 0.26 0.20 0.32 0.03 0.07 0.26
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Figure 4: Stepwise AIC selection

Figure 4 shows the individual RNDPs that lower the AIC for each country. The results are
not similar across all countries. Only for France and Germany the same RNDPs appear to be
selected, namely RNDP; and RNDPg. However, there is a clear pattern that both equity and
bond RNDPs need to be combined. For France, Germany and Italy, we observe that the AIC
reaches a minimum when including one equity RNDP, RNDP;, and one bond RNDP, either
RNDP4 or RNDPg. For Belgium and Spain, adding more forecasts lowers the AIC, but the
improvement is also made on an alternating basis. That is to say, that the AIC is lowered by
including a RNDP based on the other market than the last RNDP. So for Belgium, the first
predictor is RNDPj5 (bond), the second is RNDP3 (equity), the third is RNDP, (bond), et cetera.

The R? that results from regressions shows similar results. When including two individual
RNDPs, the highest R? is achieved when one of these is an equity RNDP and the other a bond
RNDP. The combinations resulting in the highest R? (given in parentheses) are the following:
RNDPy and RNDPj5 for Belgium (0.77); RNDP; and RNDPg for France (0.50); RNDP; and
RNDPg for Germany (0.68); RNDP; and RNDP, for Italy (0.63); RNDP3 and RNDPy for Spain
(0.45). Adding a third individual RNDP only improves the R? for Belgium and Spain. The
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combinations including three RNDPs resulting in the highest R? are the following: RNDPy,
RNDP,4 and RNDPs5 for Belgium (0.78); RNDP3, RNDP, and RNDP;5 for Spain (0.52). Note
that for both Belgium and Spain the analysis is made after Q4 2011, as RNDPy is not available

prior to this. This may be the cause of the difference that we see in the results.

4.2 Combined forecasts

We include 4 combinations with 2 RNDPS, one equity and one bond, and define 2 combinations
with 3 RNDPs, one equity and two bond. For comparison we also define a combination that
includes all RNDPs except for RNDPy, as we do not have data on RNDP,4 prior to Q4 2011
for Belgium and Spain. Lastly, we consider a combination that includes all RNDPs. The 8
combinations that we consider are the following: (C1) 1, 4; (C2) 1, 6; (C3) 2, 5; (Cy) 3, 4; (Cs)
1,4, 6; (Cs) 2,4,5;, (C7) 1,2,3,5,6; (Cs) 1, 2, 3,4, 5, 6.

The combined RNDP forecasts are shown in Figures 5, 6 and 7. It immediately becomes clear
that the combined forecasts improve upon the individual forecast shown in Figures 1, 2 and
3. The combined RNDPs appear to describe sovereign default risk quite well. Although the
combined RNDPs do not perfectly follow PDj;, these follow similar patterns. For both, the
combined RNDPs and PD,;, highs and lows appear at the same time. This is a major improve-
ment when compared to the benchmarks and individual RNDPs. However, the magnitude of
the highs and lows of the combined RNDPs is not always exactly the same as for PDj;. This

is mainly due to the construction of the weights.
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Figure 7: Forecasts based on combinations of 5 or 6 individual RNDPs vs PDj,

The weights are based on historical errors, which may include “noise”. This becomes most
apparent when comparing Figures 5 and 7. Figure 5 shows the RNDPs for Cy, Cs, C'5 and
C4, which only include 2 individual RNDPs. Figure 7 shows the RNDPs for C7 and Cg, which
include 5 and 6 individual RNDPs, respectively. For all countries, the pattern of both Fig-
ures is (almost) the same. However, for most countries and quarters, the highs and lows are
more volatile for the combinations based on two individual RNDPs. The highs and lows in
Figure 7 are closer to PDj;. For example, consider the peaks of Italy and France during 2012.
Figure 5 shows that the combined forecasts are too high for Italy, and too low for France. Al-
though Figure 7 shows this as well, the difference between the forecasts and PDj; is smaller.
The reason for this is model averaging. As the combinations in Figure 7 are based on more
RNDPs, the “noise” in the historical errors is averaged out. While the difference between the
highs and lows for Cy7, Cg and PDj; is indeed smaller than for the other combinations, the
relative gain is little. Table 8 shows the MSE and HLN results for the combined RNDPs. For

each country, there is at least one other combination that leads to a lower MSE than C7 and Cyg.

Furthermore, almost all combined RNDPs lead to a lower MSE than both benchmarks. When
comparing the MSE for each of the 8 combined forecasts, we find contradicting results. For
core countries, the results are similar to what we derived from the AIC and R?. The lowest
MSE is achieved by C5 and Cg for Belgium. For France and Germany, C7 and Cy (among

others), result in the lowest MSE. Our results for the individual RNDPs gave us that for France
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and Germany we only needed to include two RNDPs. Adding more RNDPs did not lead to
better results. For Belgium, including a third RNDP led to both, a higher R? as well as a lower
AIC. Contrarily, this does not hold for peripheral countries. Based on the individual RNDP
results, we expected that the optimal combinations for Italy and Spain would be Cj and Cg,
respectively. In contrast, C7 actually results in the highest MSE, while Cy gives the lowest for
Italy. For Spain, Cy leads to the lowest MSE, but Cg does not differ too much.

Although a lower MSE is desirable, the ultimate goal is to find forecast combinations that are
significantly more accurate than both benchmarks. When comparing the significance of the
combined forecasts, we make two observations. Firstly, we observe that a lower MSE does not
necessarily lead to a higher power of significance. In fact, Table 8 shows that some RNDPs that
result in a higher MSE are actually significant, while RNDPs with a lower MSE are not. For
example, C7 leads to a higher MSE than Cs for Spain. However, RNDP, is significantly more
accurate than PDp, while RNDP¢, is not. The reason for this is that the HLN test depends
on the autocorrelation of the loss differentials. The Tiao-Box procedure resulted in A = 0, for
forecasts that show such results. This means that the autocorrelation is essentially zero for all

lags, which makes it nearly impossible to use for forecasting.

Secondly, the HLN test results show a clear distinction between core and peripheral countries.
For core countries, almost all combined forecasts are significantly more accurate than both
benchmarks. When compared with RNDPg, only C3 and C7 for Germany do not result in a
significantly higher accuracy. When compared with P D, the combinations that do not result in
a significantly higher accuracy are: C, Cy C5, Cg and Cy for Belgium; Cs and C7 for Germany.
Note that for Belgium, all these combinations have in common that they include RNDP4 and
therefore forecasts are only made after Q3 2012. From this quarter onward, PDj; is low, such
that PDp results in a low MSE. Also for Belgium, all combined RNDPs that are based on
the entire time horizon, result in a significantly higher accuracy than both benchmarks. For
peripheral countries on the other hand, there is no single combination that leads to a significant
outperformance of both benchmarks. For Italy, none of the 8 combinations is significantly more
accurate than either RNDPg or PDpg. For Spain, only C5, Cg and C7 show a significantly
higher accuracy than the PDp.

29



Table 8: MSE and Harvey, Leybourne and Newbold (HLN) test results for the combined
forecasts.

Country Benchmark Risk-Neutral Default Probability
S H Ch Cy Cs Cy Cs Cs Cr Cs
Belgium 3.81 1.05 0.40 0.34 0.46
4.37 0.07 0.08 0.11* 0.03* 0.03* 0.10*

France 0.22 025 0.06 0.06 0.06 0.09 0.12 0.14 0.07 0.07
Germany 0.10 0.05 0.02 0.02 0.03 0.02 0.02 0.03 0.03 0.02

Italy 20.86 543 742 284 506 6.56 4.03 3.8 524 3.82
Spain 458 4.84 2,19 217 3.03*
P 1.95 228 1.99 0.67 092 0.69* 1.30

Note. MSE in percentages; italic is the MSE for the period of Q3 2012 - Q1 2020; * significantly more accurate than RNPDg,
** significantly more accurate than PDpy, bold significantly more accurate than both RNPDg and PDp (o = 0.05).

Our results up until now suggest that our method may be better suited for core countries.
For peripheral countries, the combined forecasts are not significantly more accurate than both
benchmarks. Eventually, we want to determine the economic reason for this difference and eval-
uate whether our method works for peripheral countries when taking this reason into account.
However, the combined RNDP forecasts are made up of various layers, such that there could
be several explanations for this difference. Therefore, we first give mechanical explanations for
the difference and afterwards move to an economic explanation in Section 4.4. We found that
for core countries the optimal combinations were the same as the results from the AIC and R?
in Section 4.1. We would expect that this would hold for all countries, but this was not the
case for peripheral countries. Hence, we examine the forecast combination weights to find an

explanation for this.

Forecast combination weights

Figure 8 shows the weights for all 8 combinations. Overall, bond RNDPs are assigned the largest
weights. Before 2017, bond RNDPs account for a total weight of more than 90%. This can
clearly be seen for C'1, Cy, C3 and Cy, which only include one bond RNDP. For combinations
including more bond RNDPs, the total weight of all bond RNDPs is similar to the weight of
the individual bond RNDP in C;, C5, C5 and C4. For all countries this starts to change at
the end of 2016. Lower equity RNDPs cause equity weights to increase and bond weights to
decrease. The equity RNDPs drop sharpest for core countries. Both equity and bond weights
converge quickly and are equal to around 50% for Q2 2017. Thereafter, the composition of
the combined forecasts is more balanced in terms of equity and bond RNDPs for France and

Germany. The equity and bond weights for Belgium diverge again in 2019. The convergence
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is slower for peripheral countries. For Spain, equity and bond weights are close to 50% in Q3
2018, more than a year later. For Italy, the weights never move close to 50%. Furthermore, we
notice that C'1, Co and Cj, result in similar equity and bond weights. For each country, the

weight pattern is about the same, while it is not the case for Cy.

Lower equity RNDPs, and thus higher equity weights, are caused by both lower equity volatili-
ties and lower debt-to-asset ratios. Our observations can be explained by examining the weights
of Cy after 2017. Cjy is a combination of RNDP3, based on VSTOXX, and RNDP,, based on the
1 year bond yield volatility. For Belgium, France, Germany and Spain, VSTOXX is higher than
their local equity volatilities. Germany is the only country for which the debt-to-asset ratio
becomes sufficiently low, such that even for Cy, the weights converge. For Belgium, France and
Spain, the debt-to-asset ratio also lowers, but not as much. The relatively higher VSTOXX
causes RNDPj3 to remain large compared to bond RNDPs and hence the weights do not con-
verge for C4. However, the debt-to-asset ratios are low enough such that in combination with
even lower local equity volatilities, RNDP; and RNDP2 become sufficiently low and the weights
do converge for C1, Cy and C3. Lastly, for Italy, the weights do not converge for any of the
combinations. Although, both the equity volatility and the debt-to-asset ratio decrease, these
remain relatively high. Also, the local equity volatilities are not lower than VSTOXX. There-
fore, all equity RNDPs remain relatively high for Italy and the weights do not converge.

The difference in performance between core and peripheral countries is a result of the variability
in the weights. For core countries, we observe that weights are relatively stable over time. Espe-
cially before convergence, equity and bond weights almost follow a straight line. For peripheral
countries, the variance in the weights is higher. Furthermore, when including more RNDPs, the
equity and bond weights are almost equally divided between the number of equity and bond
RNDPs for core countries. For example, C5 and Cg for Germany and France almost only show
2 lines, while 3 RNDPs are included. The two bond RNDPs receive the exact same weight. For
Belgium and Spain, this is also almost the case. While for Italy, which shows the worst results,

we do see clear differences in the bond weights.

The risk of a higher variance is that more “noise” is captured in the weights. As these are based
on historical errors, the “noise” of the previous periods is reflected in the weights of the next
periods. The weights then become unreliable and are not optimal. This is also the reason why

we found different optimal combinations in Section 4.1 and Section 4.2 for peripheral countries.
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Figure 8: Individual RNDP weights in each combined forecast
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4.3 Forecasting for longer horizons

To examine the performance of the forecast combinations for longer horizons, we set weights
equal for a specific time period, the holding period. This means that we do not determine new
weights every quarter, but “hold” the weights for m quarters. We consider 2 quarters, 1 year, 2
years, half time and all time as the time frame for which weights are equal. Hence, this means
that weights are only determined twice a year, once a year, once every two years, twice in total
and once in total, respectively. Note that the weights are determined in the same way as for
the combined forecasts and are still based on a 3-quarter rolling window. Therefore, the new
weights are also present in Figure 8. The only difference is that the weights are set equal for a

longer period.

The results of the combined RNDP forecasts for longer horizons are shown in Figures 9, 10,
11, 12, 13, 14, 15 and 16. For comparison, we also include the combined RNDP forecasts with
a holding period of 1 quarter. Within each combination, all forecasts are the same at the be-
ginning, as the weights are determined in exactly the same way. The forecasts will only differ
once new weights have been determined. The shorter the holding period, the quicker the fore-
casts will differ from the others. So for example, forecasts based on a 2 quarter holding period
show different results than the others after 2 quarters. Whereas, combined RNDPs based on a
half time or all time holding period will give the exact same forecasts for the first 23 quarters.
For Belgium and Spain, combinations that include RNDPy (C4,C4,C5,Cs and Cy), only include
forecasts from Q3 2012 onward. From here on, we will call this group 2. All other countries and
combinations belong to group 1. Hence, group 1 includes all combinations for France, Germany

and Italy and all combinations that exclude RNDP, (C5,C3 and C7) for Belgium and Spain.

Figures 9, 10, 11, 12, 13, 14, 15 and 16 show us that the time when weights are determined is
crucial for the performance of the forecasts. This becomes clear when looking at the forecasts
for combinations with longer holding periods, 4 years, half time and all time. We first discuss
group 1 and then move to group 2. For group 1, we observe that a holding period of 4 years
does not perform well. After the initial setting, the weights are adapted for the first time in Q4
2012, which was during the sovereign debt crisis. As a consequence, almost all RNDP forecasts
are below PD)s before Q4 2012. This can also be seen for holding periods of half time and all
time, which result in the same forecasts as a holding period of 4 years before Q4 2012. More-
over, the all time holding period actually always results in low RNDP forecasts with respect

to PDj;. The only exception is the peak during the sovereign debt crisis for Italy. Figure

33



8 shows that for most countries, bond RNDP weights are highest and equity RNDP weights
are lowest in the initial period. The weights come close to those of the initial period during
the peak of the sovereign debt crisis for Italy. For the other countries, this only happens once
economic stability is returned. For a 4-year holding period, the weights are adapted in Q4 2012
for the first time. This quarter is at the end of the peak of the sovereign debt crisis, such
that the weights are based on this crisis period and we obtain “crisis weights”. Equity RNDPs
have a relatively larger weight and the bond RNDP weight is smaller than in other periods.
The effect of this can be seen in the 4 years following Q4 2012, RNDP forecasts based on a
4-year holding period are at their highest levels for group 1. Small increases in PDjs correspond

to large increases in RNDP forecasts, as too much weight is placed on the (high) equity RNDPs.

For group 2, we observe that forecasts based on holding periods of 4 years, half time and all
time, are all high when compared with PDj;. The reason for this is that the initial period for
group 2 is Q3 2012, which also was during the sovereign debt crisis. The elevated forecasts are
then caused by the same reasons as explained for the forecasts after Q4 2012 based on a 4-year
holding period for group 1. For group 2, it also becomes clear that the all-time holding period is

worst. The shorter the holding period, the quicker the forecasts drop and become closer to PD ;.
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Figure 9: Longer horizon RNDP forecasts for C';
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Figure 10: Longer horizon RNDP forecasts for Cs
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Figure 11: Longer horizon RNDP forecasts for Cj
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Figure 12: Longer horizon RNDP forecasts for C,
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Figure 13: Longer horizon RNDP forecasts for Cj
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Figure 14: Longer horizon RNDP forecasts for Cy
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Figure 15: Longer horizon RNDP forecasts for C%
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Figure 16: Longer horizon RNDP forecasts for Cg

Table 9 shows the HLN test results of the combined forecasts for longer horizons. We draw
three conclusions from the results. First of all, the results from Section 4.2 appear to hold
here as well. We find significant improvements of both benchmarks for core countries, while
for peripheral countries the results remain poor. For core countries, the combinations that re-
sulted in a significant improvement of both benchmarks, also show significant improvements for

longer holding periods. For Italy, none of the forecasts results in a significant improvement of
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both benchmarks. For Spain, there are some specific forecast combinations and holding periods
which now give a significant improvement of both benchmarks. These are the following Cy with
a holding period of 2 quarters; Cs with a holding period of 2 years; Cs, C7 with a holding period
of half time; Cy, C3, C7 with a holding period of all time.

Second, weights play an important role in the combined RNDP forecasts, but only to a certain
extent. The combined RNDP forecasts show significant improvements even if the weights are
not “perfect”. It is more important to use different weights for different times in the economic
cycle than it is to frequently re-balance. The results in Table 9 confirm that a 4-year holding
period performs worst for group 1 and long-term holding periods, half time and all time, result
in the worst forecasts for group 2. For group 1, long-term holding periods do not perform that
bad. Equity and bond weights do not dramatically change from quarter to quarter. However,
equity and bond weights are significantly different in times of crisis and in times of economic

stability.

Lastly, we notice that there are different optimal holding periods for core countries and pe-
ripheral countries. For core countries, shorter holding periods, 1 quarter to 1 year, give better
results than longer holding periods. For France, most forecasts do not significantly outperform
the two benchmarks for longer holding periods. For Belgium and Germany, forecasts with longer
holding periods still significantly outperform the benchmarks, however the MSE deteriorates.
For peripheral countries on the other hand, the opposite appears to hold. Although none of the
forecast combinations is significant for Italy, holding periods of 2 years, half time and all time
result in the lowest MSE for most RNDP forecasts. For Spain, 5 out of 7 significant combined
RNDP forecasts are based on holding periods of half time and all time. The combinations for
which this is not the case are C4 and Cg. However, as mentioned before, half time and all time
holding periods perform worst for group 2 due to the timing of the weights. C1, Cy4, C5, Cg and
Cg all belong to group 2. Hence, we confirm our beliefs that there is too much “noise” included

in the weights for peripheral countries.
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Table 9: MSE and Harvey, Leybourne and Newbold (HLN) test results of the combined
forecasts for longer horizons.

Holding Risk-Neutral Default Probability

Country —iod c, G G G G Gy G Ch

1 quarter  0.08* 0.40 0.34 0.11* 0.03* 0.03* 0.46 0.10"
2 quarters 0.08* 0.33 0.29 0.12* 0.03* 0.03* 0.44* 0.10*
1 year 0.07*  041* 0.34 0.16* 0.03* 0.05* 0.58 0.11*
Belgium 2 years 0.16* 0.78 0.64*~ 0.38 0.05* 0.11* 097 0.27
4 years 0.61 211 1.70 1.21  0.15* 034 332 095
Half time 0.81 0.90 0.84 131 0.18 036 0.81 1.12
All time 072 090 0.84 131 017 036 0.80 1.07

1 quarter 0.06 0.06 0.06 0.09 0.12 0.14 0.07 0.07
2 quarters 0.08 0.08 0.08 0.11 0.13 0.15 0.09" 0.08
1 year 0.09 0.09 0.09 0.13* 0.14 0.16 011 0.10
France 2 years 0.10= 0.10*~* 0.10** 0.14 0.14 0.15* 0.14 0.11*
4 years 0.34 0.34 0.35 0.45 0.24 0.26 0.60 0.37
Half time 0.19* 0.19* 0.19 0.18* 0.22** 0.21* 0.17 0.19*
All time 0.18=* 0.18~ 0.18* 0.18* 0.21* 0.22** 0.15 0.18%

1 quarter 0.02 0.02 003 0.02 0.02 0.03 0.03 0.02
2 quarters 0.01 0.01 0.02 0.02 0.02 0.03 0.02 0.01
1 year 0.02 0.02 0.02 0.02 0.02 0.03 0.03 0.01
Germany 2 years 0.02 0.02 0.02 0.02¢ 0.02 0.03 0.03 0.02
4 years 0.05 0.05 0.05 0.06 0.04 0.04 0.08 0.05
Half time 0.03 0.03 0.03 0.03 0.04* 0.04* 0.02 0.03
All time 0.03 0.03 0.03 0.03 0.04 0.04~ 0.02 0.03

1 quarter 7.42 2.84 5.06 6.56 4.03 3.88 5.24  3.82
2 quarters  6.77  3.19 499 6.10 3.76  3.69 521  3.55
1 year 532 295 479 488 332 318 477 296
Italy 2 years 5.80  3.21 498 547 347 332 541  3.29
4 years 769 741 749 792 416" 419 11.80 6.03
Half time 4.94 416 445 486 3.6 3.67 412 290
All time 4.74 394 415 478 375  3.80 329 271

1 quarter 1.99 219~ 217 067 092 0.69* 3.03* 1.30
2 quarters 1.50 2.10™ 2.09 0.56 0.76 0.61* 3.12  0.89
1 year 1.63 259 252 0.62 0.72 0.70™  3.95 1.02
Spain 2 years 227 318 314 098 0.72 0.71 4.74 1.62
4 years 6.07 11.51 10.80 4.54 1.81 1.70  18.46  5.60
Half time 7.85 3.51 3.37* 5.15 2.27 1.83  3.29 6.98
All time 7.8 3.03 2.87 5.16 2.27 1.83  2.37 6.98

Note. MSE is in percentages; * significantly more accurate than RN PDg, ** significantly more accurate than PDy, bold
significantly more accurate than both RNPDg and PDg (o = 0.05).

40



4.4 Market overreaction

In the previous sections we have mainly provided mechanical reasons why our method may
be better suited for core countries than for peripheral countries. We argued that there is too
much “noise” included in the weights for peripheral countries. However, there actually is an
explanation for this “noise” phenomenon which has its roots in behavioral economics, known

as market overreaction.

Financial markets tend to overreact in times of crisis. Rather than acting rationally, investors
are driven by emotions and hence the information obtained from financial markets may be
biased. Moreover, riskier assets are affected more than assets that are considered to be less
risky. Peripheral countries are regarded as riskier than core countries. As a result, both equity
and bond markets of peripheral countries are affected more by market overreaction than the
financial markets of core countries. The forecast combination weights in Figure 8 clearly show
this as the weights for core countries are “smooth” even in crisis periods, while for peripheral

countries these are only “smooth” after the crisis.

Based on the entire testing period, we concluded for peripheral countries that none of the 8
combinations led to a significant higher accuracy than both benchmarks, Table 8. This gener-
ally holds for all other testing periods that include observations prior to Q2 2015. Note that
RNDP forecasts prior to Q2 2015 were affected by the crisis. The only period for which the

method shows improvements for peripheral countries is from Q2 2015 onward.

Table 10 shows the HLN test results for peripheral countries over the period of Q2 2015 - Q1
2020. For Spain, only C%7 does not show a significant higher accuracy than both benchmarks.
All the 7 other combinations lead to a significantly higher accuracy. For Italy, C7, Cy and Cy
result in a significant higher accuracy than both benchmarks. While all combinations lead to a

significant outperformance of PDyy.

41



Table 10: MSE and Harvey, Leybourne and Newbold (HLN) test results for the combined
forecasts of peripheral countries based on Q2 2015 - Q1 2020.

Countr Benchmark Risk-Neutral Default Probability
Y 8S H ¢ 0 0 G G G O Gy
Italy 0.33 0.63 0.18 0.17 0.24* 0.26" 0.25* 0.25" 0.35** 0.18

Spain 0.16 0.16 0.06 0.06 0.06 0.05 0.05 0.05 0.12 0.04

* kK

Note. MSE in percentages; * significantly more accurate than RNPDg,
significantly more accurate than both RNPDg and PDy (o = 0.05).

significantly more accurate than PDp, bold

Note that it is not a coincidence that our method only works from Q2 2015 onward for pe-
ripheral countries. In March 2015, the ECB started buying assets from commercial banks to
support economic growth across the euro area and control inflation. This asset purchase pro-
gram is known as quantitative easing (QE). Over almost four years, the ECB has spent 2.6
trillion euros buying up mostly government bonds. Consequently, bond prices increased and
yields dropped to record lows. At the same time, QE has caused bond markets to become
less volatile and more predictable. There is less overreaction in bond markets. Moreover, the
economy was relatively stable in this period and equity markets displayed less volatility as
there was no cause to overreact. Therefore, we conclude that our method does not perform
well for peripheral countries due to market overreaction. For non-crisis periods, we improve the

CCA by incorporating information from both equity and bond markets for peripheral countries.

5 Discussion and Conclusion

This study examines whether the contingent claims approach (CCA) to measure sovereign de-
fault risk for member states of the Economic and Monetary Union of the European Union
(EMU) can be improved by incorporating information from equity and bond markets. More
specifically, we have used the volatility of equity indices, future equity indices, STOXX 50 and
the volatility of bond yields with a maturity of 1, 5 and 10 years to determine the Risk-Neutral
Default Probability (RNDP). The individual RNDPs that result from these volatilities have
been combined using forecast combinations. Both individual RNDP forecasts as well as com-
bined forecasts are evaluated using the Market-Implied Default Probability that follows from
CDS spreads. We have used longer forecast horizons to determine how often weights should be
re-calibrated and the impact of these weights on the RNDP. Our analysis is conducted over the
period of 2008 Q1 - 2020 Q1 and includes three core countries, Belgium (BE), France (FR) and
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Germany (DE), and two peripheral countries, Italy (IT) and Spain (ES).

Our results show that the combined approach reduces the MSE for all countries when compared
with the benchmarks, the standard CCA and a rating-based method. However, based on the
Harvey, Leybourne and Newbold (HLN) test, the combined RNDP forecasts are only signifi-
cantly more accurate, than both benchmarks and over the entire period, for core countries. For
core countries, we obtain the best results for combinations including one equity RNDP and one
bond RNDP, with new weights being determined more than once a year. The best combina-
tions are: (C1) RNDP; (equity index) & RNDP, (1y bond yield); (C2) RNDP; (equity index) &
RNDPg (10y bond yield); (C3) RNDP; (future index) & RNDP;5 (5y bond yield). Furthermore,
the HLN test shows that the combined RNDP forecasts are also significantly more accurate
than both benchmarks for peripheral countries for the period of Q2 2015 - Q1 2020. For pe-
ripheral countries during this period, the best combinations are (C7;) RNDP; (equity index) &
RNDP, (1y bond yield); (C2) RNDP; (equity index) & RNDPg (10y bond yield). Our analysis
shows that our approach is not optimal for peripheral countries in times of crisis due to market

overreaction.

The first combined forecast C7 does not show a significantly higher accuracy than both bench-
marks for Belgium. This brings us to the first caveat, we did not have data on 1-year bond
yields prior to 12-07-2011 for Belgium and prior to 05-08-2011 for Spain. Hence, for both
countries we could only include RNDP4 from Q4 2011 onward. As a consequence, we could
only determine the combined RNDP forecasts including RNDP, from Q3 2012 onward. Note
that CDS spreads started to recover since this period. The heightened Market-Implied Default
Probabilities, observed during the financial and sovereign debt crisis, started to drop. Hence,
we could not analyse the performance of C1, Cy, Cs, Cg and Cg during crisis periods. Especially

for Belgium, we would expect that these combinations would have shown promising results.

A second caveat is the number of observations and number of countries that we have included
in the research. Our test results include 49 and 46 observations for the individual and com-
bined RNDPs, respectively. For Belgium and Spain, this is equal to 34 for RNDP,4 and 31 for
combinations that include RNDP,4. The reason for only including this many observations is
that sovereign balance sheet items were only available on a quarterly basis. Hence, we took the
maximum number of quarters for which data was available. In total we only include 5 countries,

3 core and 2 peripheral. Also this was a consequence of data limitations. For other member
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states of the EMU, either balance sheet items, bond yields, equity returns or CDS spreads were
not available. Even in our current set of countries, we still lack data on 1 year bond yields
for Belgium and Spain. However, there was enough data such that these countries could be

included. For other countries, this was not possible.

A third caveat, which severely limits our results, are the benchmarks. Although our bench-
marks are based on literature and are commonly used, they are weak at best. The standard
CCA method is actually intended for emerging countries with a weak currency. Our standard
CCA benchmark is also an adapted version of the method by Gray et al. (2007). Using the
exact same method would have given the same results as our other benchmark, the rating-based
method. The rating-based method is based on “real-world” (historical) default probabilities,
rather than risk-neutral default probabilities. During the entire time horizon, the historical
default probability is equal to 0 for all countries included. Therefore, these benchmarks are not
necessarily hard to “beat”. However, as we were aware of this, we take this into consideration in
our analysis. We do not merely conclude that a forecast is “good” because it significantly outper-
forms both benchmarks. Forecasts are only labelled as “good”, if they significantly outperform
both benchmarks, result in a sufficiently low MSE and describe the pattern of the Market-
Implied Default Probability well for several countries. Unfortunately, these weak benchmarks
are a direct result of the limited literature on sovereign default risk for developed countries.

Which leaves room for further research on this topic.

Future recommendations on our work are as follows. First and foremost, our research can be
improved by addressing the first two caveats. This can be achieved by including more member
states of the EMU, both core and peripheral, and including more observations. More observa-
tions can either follow from considering a longer time horizon, or by using a weekly or monthly
frequency rather than quarterly. It would be interesting to see whether our results would also
hold for other countries and periods. Another approach to solve these caveats is by pooling data
across countries. As for some countries, there were “gaps” in the data, these “gaps” could be
filled with estimates. By regressing on the available data and then estimating the missing data.

This may give adequate results, but also gives an added layer of uncertainty due to estimation.
Second, the current research can also be extended by considering different forecast combinations

or by varying the way in which the volatility or weights are determined. Different forecasts could

be included in the combination, outside of the 8 that we consider. Apart from VSTOXX, the
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other volatilities are determined using a 60-day rolling window. The weights are determined
using historical errors of the past 3 quarters. Using a longer or shorter window could be bene-
ficial. Thirdly, future research could be performed on the construction of the sovereign balance
sheet. The potential effect of what is included in the equity or liabilities could be researched.
Similarly, determining what impact different percentages of long-term liabilities included in the

distress barrier may have.

Furthermore, our work could also be extended by using a linear combination of the volatilities
rather than combining the different RNDPs. In fact, this was our initial approach, where our
aim was to find a linear combination of the volatilities which could be used as a proxy for
the asset volatility. To determine the combination, we calculated the implied volatility from
the Market-Implied Default Probability and regressed this on the six different equity and bond
volatilities. However, the problem with this was that the eventual RNDP is very sensitive to
the volatility. Small changes in the volatility had relatively large effects on the RNDP. For
example, if the implied volatility was 0.21043, then a volatility below 0.21040 would only give
0’s while a volatility above 0.21045 would result in a RNDP that was significantly higher than
the Market-Implied Default Probability. The reason for this, among others, is that the RNDPs
are very low (in basis points, and close to 0) and hence small shifts in the volatilities would
cause the RNDPs to either be too low or too high. Moreover, for all countries the RNDP was
equal to 0 after the sovereign debt crisis, when volatilities were relatively lower. Hence, it is
crucial to find am extremely accurate estimate of the asset volatility to use this approach. Our
regressions did not provide such accurate estimates. Therefore, we dropped this idea and moved

to forecasts combinations.

That being said, we must note that the regressions we used at the time were performed on
each country separately. These regressions included at least 20 observations (quarters), which
is about half the entire time period. Due to this, we did not use a regression which only included
observations after the sovereign debt crisis for example. As there were not enough observations
in this period. It may be possible that if the coefficients from the regression would only be
based on the period after the sovereign debt crisis, that the resulting RNDP would not only
give 0’s. With the knowledge we have now, we realise that the time frame is more important
than considering countries separately. Hence, using regressions on shorter time periods, it may
have been possible to find better results with the initial approach. We realise now that this

could be done by pooling countries together, such that the regressions can be performed on a

45



shorter time period, as more observations would be included in the regression. However, this
still is not that simple as the RNDP is sensitive to the volatility. Quite some research would
need to be performed to find regression results which would give such accurate volatilities. Al-
though we do think that this approach would give better results than what we initially used,

we doubt that it would beat the forecast combination approach.

Lastly, although not a direct extension of our work, we urge that more research is performed
on this topic. We think that the main limitation for this is the amount of available balance
sheet data. Once more data becomes available, other techniques, such as machine learning,
could also be deployed for research. In the meanwhile, researchers should aim to develop other
models, such that more promising benchmarks become available. As a final note, we would like
to conclude that, irrespective of the model decided to use, sovereign default risk can only be
described adequately by incorporating information from both the sovereign balance sheet and

financial markets.
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Appendices

A S&P ratings

A.1 Ratings
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This figure shows the historical credit ratings for all countries that are considered in this research. The ratings in this
graph are the ratings for the long-term foreign currency debt and are determined by Standard & Poor’s. Note that NR
means Not Rated and SD means Selective Default.
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A.2 Historical one-year default probabilities

1975 until

Initial rating | 2010 2011 2014 2016 2017 2018
AAA 0.00 0.00 0.00 0.00 0.00 0.00
AA+ 0.00 0.00 0.00 0.00 0.00 0.00
AA 0.00 0.00 0.00 0.00 0.00 0.00
AA- 0.00 0.00 0.00 0.00 0.00 0.00
A+ 0.00 0.00 0.00 0.00 0.00 0.00
A 0.00 0.00 0.00 0.00 0.00 0.00
A- 0.00 0.00 0.00 0.00 0.00 0.00
BBB+ 0.00 0.00 0.00 0.00 0.00 0.00
BBB 0.00 0.00 0.00 0.00 0.00 0.00
BBB- 0.00 0.00 0.00 0.00 0.00 0.00
BB+ 0.00 0.00 0.20 0.20 0.20 0.19
BB 0.00 0.00 0.10 0.10 0.11 0.10
BB- 2.10 2.00 1.40 1.20 1.12 1.05
B+ 0.00 0.00 0.50 0.50 0.69 0.64
B 2.00 1.80 2.20 2.30 2.32 2.10
B- 5.60 5.10 8.20 7.00 7.91 7.34
CCC+ 1540 1540 23.10 2340 2341 19.21
CcCC 40.00  40.00 4290 35.10 36.84 37.50
CCC- 100.00 100.00 77.80  78.80 7879  78.95
CC 100.00  100.00 100.00 100.00 100.00 100.00

This table shows the historical one-year default probabilities corresponding to credit ratings at the start of the year. The
default probabilities are based on annual sovereign default reports supplied by Standard & Poor’s. We use the sovereign
foreign currency average one-year transition rates with rating modifiers to derive the PD. For each report, the historical
PD is based data starting in 1975 until the year in which the report is published.
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B Harvey, Leybourne and Newbold (HLN) test re-

sults

B.1 Individual forecasts

Country  Value Benchmark Risk Neutral Default Probability

S H 1 2 3 4 5 6
Belgium  MSE 3.74 098 462.71 503.51 823.12 0.59 0.89 0.97
Belgium  Statistic 2.80 2.94 3.71 -1.96 -1.86 -1.80
Belgium  p-value 1.00 1.00 1.00 0.03 0.03 0.04
Belgium  Statistic_H 2.83 2.96 3.73 -1.05 -1.23 -1.67
Belgium  p-value_H 1.00 1.00 1.00 0.15 0.11 0.05
France MSE 0.21 0.24 443,50 439.61 596.92 0.24 024 0.24
France Statistic 4.19 2.68 295 1.8 188 1.89
France p-value 1.00 1.00 1.00 097 097 0.97
France Statistic_H 4.19 2.68 295 -1.16 -1.38 -1.05
France p-value_H 1.00 1.00 1.00 0.12 0.09 0.15
Germany MSE 0.09 0.05 162.01 160.84 239.45 0.05 0.05 0.05
Germany Statistic 3.08 2.83 3.44 -1.25 -1.25 -1.25
Germany p-value 1.00 1.00 1.00 0.11 0.11 0.11
Germany Statistic.H 3.08 2.83 3.44 -1.03 -1.31 -1.03
Germany p-value H 1.00 1.00 1.00 0.15 0.10 0.15
Italy MSE 19.69 5.10 1116.57 1057.87 1072.25 4.87 4.78 4.55
Italy Statistic 7.29 7.08 3.78 -1.10 -1.11 -1.13
Italy p-value 1.00 1.00 1.00 0.14 0.14 0.13
Italy Statistic_H 5.06 4.87 3.70 -0.42 -0.15 -0.92
Italy p-value_H 1.00 1.00 1.00 0.34 0.44 0.18
Spain MSE 4.30 4.55 261.56 263.04 265.19 3.62 4.22 4.52
Spain Statistic 4.56 4.65 530 -1.11 -2.99 1.29
Spain p-value 1.00 1.00 1.00 0.14 0.00 0.90
Spain Statistic_H 4.55 4.65 530 -1.54 -2.13 -1.43
Spain p-value_H 1.00 1.00 1.00 0.07 0.02 0.08

Note. MSE in percentages
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B.2 Combined forecasts

Country ~ Value Benchmark Risk Neutral Default Probability
S H Cy Co Cs Cy Cs Cs Cy Cs

Belgium MSE 3.81 1.05 0.08 040 034 0.11 0.03 0.03 046 0.10
Belgium  Statistic -1.79 -2.08 -2.10 -1.78 -1.81 -1.82 -2.02 -1.78
Belgium  p-value 0.04 0.02 0.02 0.04 004 0.04 002 0.04
Belgium  Statistic_H 024 -199 -1.88 058 -0.75 -0.76 -1.45 0.47
Belgium  p-value H 0.59 0.03 0.03 072 023 023 0.08 0.68
France MSE 0.22 025 0.06 0.06 0.06 0.09 012 0.14 0.07 0.07
France Statistic -2.15 -2.15 -2.14 -227 -221 -243 -1.72 -2.21
France p-value 0.02 0.02 0.02 0.01 0.02 0.01 0.05 0.02
France Statistic_H -2.50 -2.50 -249 -265 -2.82 -1.99 -2.01 -2.57
France p-value_H 0.01 0.01 0.01 001 0.00 0.03 0.03 0.01
Germany MSE 0.10 0.05 0.02 0.02 0.03 0.02 0.02 0.03 0.03 0.02
Germany Statistic -1.74 -1.74 -165 -194 -185 -1.76 -1.57 -1.82
Germany p-value 0.04 0.04 0.05 0.03 004 0.04 006 0.04
Germany Statistic.H -2.13 -213 -1.11 -219 -1.8 -2.62 -1.58 -1.83
Germany p-value H 0.02 0.02 014 0.02 0.03 0.01 0.06 0.04
Italy MSE 20.86 543 742 284 506 6.56 4.03 3.88 524 3.82
Italy Statistic -0.89 -1.27 -1.09 -096 -1.18 -1.19 -1.07 -1.19
Italy p-value 0.19 0.11 0.14 0.17 0.12 0.12 0.14 0.12
Italy Statistic_H 091 -1.33 -0.11 064 -0.72 -0.77 -0.06 -0.67
Italy p-value_H 0.82 0.10 046 074 024 022 048 0.25
Spain MSE 458 4.84 199 219 217 0.67 092 069 3.03 1.30
Spain Statistic 0.02 -1.55 -140 -1.53 -1.13 -1.54 -0.84 -0.45
Spain p-value 0.51 0.06 0.08 0.07 0.13 0.07 020 0.33
Spain Statistic_H -0.15 -1.71 -1.55 -1.64 -1.32 -226 -1.71 -0.64
Spain p-value_H 044 005 006 006 0.10 0.02 0.05 0.26

Note. MSE in percentages
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B.3 Time period after QE - Peripheral countries

Country  Value Benchmark Risk Neutral Default Probability
S H Ch Cy Cs Cy Cs Cs Cr Cs

Italy MSE 0.33 0.63 0.18 0.17 024 026 025 025 035 0.18
Italy Statistic -2.02 -2.13 -0.81 -0.47 -1.30 -1.21 0.11 -1.82
Italy p-value 0.03 0.02 021 032 010 0.12 054 0.04
Italy Statistic_.H -5.25 -541 -5.13 -245 -553 -6.16 -2.15 -5.38
Italy p-value_H 0.00 0.00 0.00 0.01 0.00 0.00 0.02 0.00
Spain MSE 0.16 0.16 0.06 0.06 0.06 0.05 0.05 0.05 0.12 0.04
Spain Statistic -2.86 -2.87 -3.02 -2.51 -2.11 -247 -0.77 -3.46
Spain p-value 0.00 0.00 0.00 0.01 0.02 0.01 023 0.00
Spain Statistic_H -2.86 -2.87 -3.02 -2.51 -2.11 -247 -0.77 -3.46
Spain p-value_ H 0.00 0.00 0.00 0.01 0.02 0.00 0.23 0.00

Note. MSE in percentages
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C Harvey, Leybourne and Newbold (HLN) test re-
sults for longer horizon forecasting

C.1 Belgium
Qs Value Benchmark Risk Neutral Default Probability

S H ¢ C G C G G O Cy
2 MSE 381 105 008 033 029 012 0.03 003 044 0.10
2 Statistic 179 -210 -213 -1.77 -1.82 -1.82 -2.02 -1.79
2 p-value 0.04 002 002 004 004 004 002 0.04
2 Statistic_H 0.18 -1.80 -1.84 0.77 -0.78 -0.74 -1.38 0.45
2 p-value H 0.57 004 004 078 022 023 0.09 0.67
4 MSE 381 105 007 041 034 016 0.03 005 058 0.11
4 Statistic -1.80 -2.05 -210 -1.76 -1.82 -1.81 -1.92 -1.78
4 p-value 0.04 002 002 004 004 004 003 0.04
4 Statistic_H 0.08 -1.55 -1.70 1.01 -0.90 -0.40 -0.99 0.61
4 p-value H 0.53 006 005 084 019 035 016 0.73
8 MSE 381 105 0.16 078 064 038 005 011 097 027
8  Statistic 176 -1.84 -1.93 -1.65 -1.81 -1.78 -1.69 -1.71
8  p-value 0.04 004 003 005 004 004 005 0.05
8  Statistic_H 1.25 -1.02 -1.36 159 -040 072 -0.14 1.99
8  p-value H 089 016 0.09 094 035 076 044 0.97
16 MSE 381 105 061 211 1.70 1.21 015 034 3.32 0.95
16 Statistic 154 -0.99 -1.25 -1.28 -1.76 -1.67 -0.17 -1.39
16 p-value 007 016 011 011 0.04 005 043 0.09
16 Statistic H 225 166 7.6 211 645 4.61 3826 201
16 p-value H 098 095 1.00 098 1.00 1.00 1.00 0.97
23 MSE 381 105 081 090 084 131 018 036 081 1.12
23 Statistic 2146 -1.78 -1.82 -1.23 -1.75 -1.66 -1.84 -1.32
23 p-value 0.08 004 004 011 0.05 005 004 0.10
23 Statistic_H 245 -2.97 -2.00 471 1.71 4.95 -249 242
23 p-value H 0.99 000 003 1.00 095 1.00 0.01 0.99
100 MSE 381 105 072 090 084 1.31 017 036 080 1.07
100  Statistic 150 -1.78 -1.82 -1.23 -1.75 -1.66 -1.85 -1.34
100 p-value 0.07 004 004 011 0.05 005 004 0.10
100  Statistic H 1.98 -297 -1.99 468 678 495 -251 223
100 p-value H 0.97 000 003 1.00 1.00 1.00 0.01 0.98

Note. MSE in percentages
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C.2 France
Qs Value Benchmark Risk Neutral Default Probability
S H 4 Cy Cs Cy Cs Cs Cy Cs
2 MSE 0.22 025 0.08 0.08 0.08 0.11 0.13 0.15 0.09 0.08
2 Statistic -2.14 -2.14 -2.12 -2.16 -2.15 -240 -1.66 -2.18
2 p-value 0.02 0.02 0.02 0.02 0.02 0.01 0.06 0.02
2 Statistic_H -2.52 -2.52 -249 -2.61 -2.85 -2.10 -1.96 -2.58
2 p-value.H 0.01 0.01 0.01 0.01 0.00 0.02 0.03 0.01
4  MSE 0.22 025 009 009 009 013 014 0.16 0.11 0.10
4 Statistic -1.91 -191 -1.90 -1.66 -1.93 -1.95 -1.30 -1.88
4 p-value 0.03 0.03 0.03 0.05 0.03 0.03 0.10 0.03
4 Statistic_.H -2.32 -2.32 -230 -214 -2.70 -1.97 -1.61 -2.31
4 p-value_H 0.01 0.01 0.01 0.02 0.00 0.03 0.06 0.01
8 MSE 0.22 025 0.10 0.10 0.10 0.14 0.14 0.15 0.14 0.11
8  Statistic -1.63 -1.63 -1.60 -1.08 -1.76 -1.68 -0.89 -1.55
8  p-value 0.05 0.06 0.06 0.14 0.04 0.05 0.19 0.06
8  Statistic_.H -1.99 -1.99 -197 -1.44 -242 -2.34 -1.17 -191
8  p-value H 0.03 0.03 0.03 0.08 0.01 0.01 0.12 0.03
16 MSE 022 025 034 034 035 045 024 026 0.60 0.37
16  Statistic 1.03 103 110 4.10 0.64 124 137 1.14
16  p-value 0.85 0.84 086 1.00 0.74 089 091 0.87
16  Statistic_H 0.73 073 080 277 -0.32 046 124 1.92
16  p-value_H 0.76 0.76 0.79 1.00 0.37 0.68 0.89 0.97
23  MSE 0.22 025 0.19 0.19 0.19 018 0.22 0.21 0.17 0.19
23 Statistic -1.21 -1.21 -1.05 -1.55 -0.61 -0.69 -1.42 -1.32
23 p-value 0.12 0.12 0.15 0.06 0.27 0.25 0.08 0.10
23 Statistic.H -1.71 -1.71 -1.64 -2.09 -2.16 -2.24 -1.50 -1.87
23  p-value_H 0.05 0.05 0.05 0.02 0.02 0.01 007 0.03
100 MSE 0.22 025 0.18 0.18 0.18 0.18 0.21 0.22 0.15 0.18
100 Statistic -1.56 -1.56 -1.44 -1.58 -0.63 -0.65 -1.98 -1.53
100 p-value 0.06 0.06 0.08 0.06 0.27 026 0.03 0.07
100 Statistic_H -2.15 -2.14 -2.15 -2.13 -2.20 -2.19 -2.08 -2.15
100 p-value_H 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02

Note. MSE in percentages

54



C.3 Germany

Qs Value Benchmark Risk Neutral Default Probability
S H Ch Cy Cs Cy Cs Cs Cy Cs
2 MSE 0.10 0.05 0.01 0.01 0.02 0.02 0.02 0.03 0.02 0.01
2 Statistic -1.82 -1.82 -1.75 -1.91 -193 -1.76 -1.77 -1.88
2 p-value 0.04 0.04 0.04 003 003 004 0.04 0.03
2 Statistic_.H -2.32 -2.32 -220 -2.11 -2.06 -2.66 -1.91 -2.40
2 p-value H 0.01 0.01 0.02 0.02 002 001 003 0.01
4  MSE 0.10 0.05 0.02 0.02 0.02 0.02 0.02 0.03 0.03 0.01
4 Statistic -1.72 -1.72 -1.70 -1.87 -192 -1.74 -1.70 -1.83
4 p-value 0.05 0.05 0.05 0.03 0.03 0.04 0.05 0.04
4 Statistic.H -2.16 -2.16 -2.15 -2.00 -1.95 -2.62 -1.68 -1.93
4 p-value.H 0.02 0.02 0.02 0.03 0.03 0.01 005 0.03
8 MSE 0.10 0.05 0.02 0.02 0.02 002 0.02 0.03 003 0.02
8  Statistic -1.84 -1.84 -192 -1.83 -1.97 -1.75 -1.64 -1.88
8  p-value 0.04 0.04 0.03 0.04 0.03 0.04 005 0.03
8  Statistic.H -243 -243 -2.38 -1.67 -1.94 -2.08 -1.55 -2.47
8  p-value.H 0.01 0.01 0.01 0.05 0.03 0.02 0.06 0.01
16 MSE 0.10 0.05 0.05 0.05 0.05 0.06 0.04 0.04 0.08 0.05
16  Statistic -1.27 -1.27 -1.24 -0.83 -1.47 -1.34 -0.32 -1.15
16  p-value 0.11 0.11 0.11 021 0.07 0.09 038 0.13
16  Statistic.H -0.34 -0.34 -0.26 0.79 -140 -1.06 0.52 -0.04
16  p-value.H 0.37 037 040 0.78 0.08 0.15 0.70 0.49
23  MSE 0.10 0.05 0.03 0.03 0.03 0.03 0.04 0.04 002 0.03
23 Statistic -1.80 -1.80 -1.79 -1.76 -1.58 -1.52 -1.91 -1.80
23  p-value 0.04 0.04 0.04 0.04 0.06 0.07 0.03 0.04
23 Statistic_H -2.09 -2.09 -2.01 -229 -231 -239 -191 -2.15
23  p-value_H 0.02 0.02 0.03 0.01 0.01 0.01 0.03 0.02
100 MSE 0.10 0.05 0.03 0.03 0.03 0.03 0.04 0.04 002 0.03
100 Statistic -1.85 -1.85 -1.85 -1.76 -1.59 -1.52 -1.98 -1.83
100 p-value 0.04 0.04 0.04 0.04 0.06 0.07 0.03 0.04
100 Statistic_H -2.32 -2.32 -233 -2.28 -2.40 -239 -2.21 -2.32
100  p-value H 0.01 0.01 0.01 0.01 0.01 001 0.02 0.01

Note. MSE in percentages

95



C.4 [Italy

Qs Value Benchmark Risk Neutral Default Probability
S H 4 Cy Cs Cy Cs Cs Cy Cs
2 MSE 20.86 5.43 6.77 3.19 499 6.10 3.76 3.69 521 3.55
2 Statistic -095 -1.24 -1.09 -1.00 -1.20 -1.21 -1.08 -1.21
2 p-value 0.17 011 0.14 0.16 0.12 0.12 0.14 0.12
2 Statistic.H 0.75 -1.25 -0.13 045 -0.79 -0.82 -0.07 -0.74
2 p-value . H 0.77 0.11 045 0.67 0.22 0.21 047 0.23
4  MSE 20.86 543 532 295 479 488 332 3.18 477 296
4 Statistic -1.07 -1.26 -1.11 -1.11 -1.24 -1.25 -1.11 -1.26
4  p-value 0.15 0.11 0.14 0.14 0.11 0.11 0.14 0.11
4 Statistic_H -0.07 -1.67 -0.22 -1.11 -1.19 -0.24 -1.13
4  p-value H 0.47 0.06 041 0.14 0.12 041 0.13
8 MSE 20.86 543 580 3.21 498 547 347 332 541 3.29
8  Statistic -1.03 -1.24 -1.09 -1.06 -1.23 -1.24 -1.06 -1.24
8  p-value 0.15 0.11 0.14 0.15 0.11 0.11 0.15 0.11
8  Statistic_H 0.26 -1.33 -0.14 -1.11 -1.19 -0.01 -0.97
8  p-value_H 0.60 0.09 0.45 0.14 0.12 0.50 0.17
16 MSE 20.86 543 769 741 749 792 416 4.19 11.80 6.03
16  Statistic -0.90 -0.92 -0.91 -0.88 -1.17 -1.17 -0.59 -1.02
16  p-value 0.19 0.18 0.18 0.19 0.12 0.12 0.28 0.16
16  Statistic_H 1.67 4.02 067 144 -1.92 -1.75 9.68 0.28
16  p-value_H 095 1.00 0.75 0.92 0.03 0.04 1.00 0.61
23 MSE 20.86 543 494 416 445 486 3.65 3.67 4.12 2.90
23 Statistic -1.10 -1.17 -1.14 -1.11 -1.21 -1.21 -1.17 -1.27
23 p-value 0.14 0.12 0.13 0.14 0.12 0.12 0.12 0.11
23 Statistic.H -0.81 -1.53 -0.39 -1.00 -1.37 -1.35 -0.84 -1.40
23 p-value.H 0.21 0.07 035 0.16 0.09 0.09 0.20 0.08
100 MSE 20.86 543 4.74 394 4.15 478 3.75 3.80 3.29 271
100 Statistic -1.12 -1.19 -1.16 -1.12 -1.21 -1.20 -1.23 -1.28
100 p-value 0.13 0.12 0.13 0.13 0.12 0.12 0.11 0.10
100 Statistic_.H -1.23 -1.84 -0.51 -1.17 -1.30 -1.25 -1.42 -1.51
100 p-value_H 0.11 0.04 031 0.12 0.10 0.11 0.08 0.07

Note. MSE in percentages

26



C.5 Spain
Qs Value Benchmark Risk Neutral Default Probability
S H Ch Cy Cs Cy Cs Cs C Cs

2 MSE 458 484 150 210 2.09 056 076 0.61 3.12 0.89
2 Statistic -0.30 -1.56 -143 -1.74 -1.37 -1.50 -0.78 -0.91
2 p-value 0.38 0.06 0.08 0.05 0.09 0.07 022 0.18
2 Statistic_H -0.50 -1.72 -1.58 -1.79 -1.51 -2.26 -0.92 -1.12
2 p-value_H 0.31 0.05 0.06 0.04 007 0.02 018 0.13
4  MSE 458 484 1.63 259 252 062 072 070 395 1.02
4 Statistic -0.21 -1.28 -1.21 -1.60 -1.41 -1.50 -0.33 -0.79
4 p-value 042 0.10 0.12 0.06 0.08 0.07 037 0.22
4 Statistic_H -0.41 -144 -1.36 -1.68 -1.54 -2.18 -0.46 -1.01
4  p-value_H 0.34 0.08 0.09 0.05 007 0.02 032 0.16
8 MSE 458 484 227 318 314 098 0.72 071 474 1.62
8  Statistic 0.21 -0.90 -0.85 -1.14 -1.38 -2.24 0.08 -0.28
8  p-value 058 0.19 0.20 0.13 0.09 0.02 0.53 0.39
8  Statistic_H -0.00 -1.07 -1.01 -1.28 -1.52 -2.14 -0.05 -0.52
8  p-value.H 0.50 0.15 0.16 0.10 0.07 0.02 048 0.30
16 MSE 458 484 6.07 11.51 1080 454 181 1.70 18.46 5.60
16  Statistic 1.7 149 146 6.73 -0.14 -0.21 1.65 1.54
16  p-value 096 093 092 1.00 045 042 095 0.93
16  Statistic_H 1.58 143 139 407 -040 -040 1.62 1.35
16  p-value_H 094 092 091 1.00 035 035 094 091
23  MSE 458 484 7.85 351 337 515 227 183 329 6.98
23 Statistic 2.12  -2.27 -2.35 0.28 -0.10 -1.82

23  p-value 0.98 0.01 0.01 0.61 0.46 0.04

23 Statistic_.H 1.96 -2.61 -1.26 -0.01 -0.31 -2.08

23 p-value.H 097 0.01 0.11 0.50 0.38 0.02

100 MSE 458 484 7.8 3.03 287 516 227 183 237 6.98

100 Statistic 212 -2.05 -2.01 0.28 -0.10 -1.82

100 p-value 098 0.02 0.03 0.61 0.46 0.04

100 Statistic_H 1.96 -2.07 -2.06 -0.01 -0.31 -1.86

100  p-value H 097 0.02 0.02 0.50 0.38 0.03

Note. MSE in percentages

o7



	Introduction
	Methodology
	Sovereign contingent claims approach (CCA)
	The values of liabilities are derived from assets
	Liabilities have different priority
	Assets follow a stochastic process

	Standard CCA
	Incorporating market information
	Individual forecasts
	Combined forecasts
	Forecasting for longer horizons

	Evaluation
	Harvey, Leybourne and Newbold (HLN) Test


	Data
	Results
	Individual forecasts
	Combined forecasts
	Forecasting for longer horizons
	Market overreaction

	Discussion and Conclusion
	Appendices
	S&P ratings
	Ratings
	Historical one-year default probabilities

	Harvey, Leybourne and Newbold (HLN) test results
	Individual forecasts
	Combined forecasts
	Time period after QE - Peripheral countries

	Harvey, Leybourne and Newbold (HLN) test results for longer horizon forecasting
	Belgium
	France
	Germany
	Italy
	Spain


