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Abstract 
 
 

The paper analyzes economic determinants of country default risk in emerging markets, 

reflected by sovereign yield spreads. In a short literature review, we show that the results 

reported so far are heterogeneous with respect to significant explanatory variables. This 

could indicate a high degree of uncertainty about the “true” regression model. We use 

Bayesian Model Averaging as the model selection method, in order to find the variables 

which are most likely to determine credit risk. We document that total debt, history of recent 

default, trade balance and the level of currency reserves are among the most important 

variables determining credit risk. 
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1. Motivation 
 
Analysis of country default risk is one of the most important issues in international finance. 

The topic is of particular importance in emerging markets, as the default risk is the primary 

factor in determining the cost of international capital. The analysis is further hampered by the 

fact that country default risk is unobservable, and, therefore, has to be approximated through 

the use of other, observable, variables. Popular choices include credit ratings, yield spreads 

and an indicator variable showing whether a country has defaulted in the recent past. 

 Credit ratings and yield spreads are highly correlated. Spreads, however, tend to lead 

changes in sovereign bond ratings (see Cantor and Packer, 1996, Larrin et al., 1997), 

indicating that bond markets are highly efficient in collecting and processing information 

relevant to country default risk. Some studies use dummy variables that indicate whether a 

country is, or has recently been, in default. We argue that yield spreads are advantageous in 

capturing default risk to using default dummies. Using dummy variables for defaults provide 

very raw approximations of the “true” credit risk. Furthermore, there is no unique agreed-

upon definition of default. 

 We thus use yield spreads of emerging market bonds to assess country default risk. 

This measure is popular among researchers, with a comprehensive body of literature having 

been developed following a seminal study by Edwards (1984). Sovereign yield spreads are 

regressed on a number of observable variables. We provide a literature overview in Section 

2. A large number of explanatory variables were found to have a significant effect on yields. 

The results are, however, sensitive to model specifications. 

The choice of specific explanatory variables to be included in an empirical 

investigation should, as far as possible, be guided by theoretical considerations.  When it 
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comes to model specification, however, the use of certain specific variables does not have a 

solid theoretical justification. The problem is especially acute in the context of country 

default risk analysis, as many variables measure essentially the same economic concept, that 

of credit capacity. Some approaches to model selection include choosing regressors with 

largest t-statistics, or a model with the highest adjusted R-squared. The difficulty in 

interpreting the results of a model selected in such a way is that the selected model is treated 

as the only one ever considered, and model uncertainty is ignored. 

The results documented in the existing literature suggest that there is high uncertainty 

about the determinants of emerging markets’ yield spreads, and, thus, country default risk. To 

be specific, it is often not immediately apparent which explanatory variables should be 

included in the regression analysis. A similar problem is addressed by Sala-i-Martin, 

Doppelhofer and Miller (2004, SDM henceforth), who point out that “artistic” economic 

theory can suggest a very large number of potential explanatory variables. Bayesian Model 

Averaging (BMA) becomes an attractive modelling choice in the environment of model 

uncertainty. BMA explicitly acknowledges that the “true” model is not known, and, 

therefore, analyzes the entire model space (i.e., every possible model that could be 

constructed from a set of potential independent variables)1. Data mining concerns are, 

therefore, mitigated.  

Although Bayesian model selection methods seem appropriate for many empirical 

applications, they remain less popular than the classical model selection techniques for two 

main reasons. First, due to a potentially large number of candidate independent variables, the 

practical implementation of the BMA algorithm becomes computationally difficult. Second, 

                                                 
1 In the case of a linear regression with k potential regressors, the model space consists of 2k possible models. 
As k grows, the estimation of the entire model space becomes computationally difficult and numerical methods 
are employed. 
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Bayesian methods require specification of priors. Therefore, there is a possibility that the 

outcome of the analysis may be dependent on the priors chosen by the researcher. In this 

study, we are relying on the priors developed by Fernandez, Ley and Steel (2001a, FLS 

henceforth), who, on the basis of theoretical results and empirical simulations propose a prior 

distribution which has little influence on posterior outcomes. It is, therefore, suitable for 

situations in which incorporating prior information into the analysis is not desirable2.  

Bayesian model selection techniques have been used in some prominent studies. 

Avramov (2002) and Cremers (2002) apply Bayesian techniques to the return predictability 

issue. Avramov demonstrates the superiority of the Bayesian approach using out-of-sample 

tests of return predictability. He also shows that investors who ignore model uncertainty face 

utility losses. Cremers provides an overview of studies on return predictability, and applies 

Bayesian model selection techniques to identify appropriate explanatory variables. SDM 

(2004), Fernandez, Ley and Steel (2001b), and Masanjala and Papageorgiou (2005) apply the 

Bayesian approach to selecting the determinants of economic growth. Allen and Connolly 

(1989) investigate the role of financial market effects. They employ Bayesian methods to 

address specification uncertainty on inferences from money demand models. 

Our paper contributes to the literature in the following ways. First, we provide an 

overview of the existing literature on the determinants of country default risk. We then apply 

the Bayesian Model Averaging methodology in order to identify which explanatory variables 

are the most relevant in determining the default risk and compare our results with the existing 

studies. 

 We analyze yield spreads for thirty-four emerging countries included in EMBI+ 

index. We use pooled data for the years 1995 – 2006. Using data from several years allows 
                                                 
2 Cremers (2002), on the other hand, uses a setting in which priors reflect economically meaningful information. 
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us to include time dummies for different observation periods. This enables us to control for 

world-wide events, such as the Asian financial crisis of 1997. Further exploration of the 

finding that different “market sentiments” in different periods may affect bond prices is also 

possible.  

In addition to a number of economic variables typically used in yield spread analysis, 

we include data on sovereign credit ratings provided by Standard & Poors. Many economic 

variables are only available in annual frequency. We, therefore, perform our analysis using 

annual data, as using higher frequencies would result in persistence of independent variables. 

We analyse thirty-four potential regressors using 236 observations. 

We document that the ratio of total foreign debt to GDP, the history of recent 

defaults, the trade balance, real GDP growth and sovereign credit ratings are among the most 

important determinants of the sovereign yield spreads. The rest of the paper is organised as 

follows. Section 2 presents an overview of some of the existing literature on yield spread 

determinants. Section 3 presents a brief background of BMA methodology. Section 4 

presents the variables and the estimation results, Section 5 concludes. 

 
2. Sovereign Yield Spreads: Prior Results 
 
 

This section provides an overview of the literature regarding default risk in emerging 

markets and, in particular, regarding sovereign yield spreads. As the nature of this study is 

empirical, we primarily focus on the empirical literature, although the most prominent 

theoretical papers are discussed as well.  

We can distinguish two important strands in the theoretical literature. A considerable 

body of work is focused on a country’s ability to pay: i.e. the funds the country is able to 
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utilize for debt servicing. Based on early work by Domar (1944, 1950), the literature 

analyzes economic variables which determine development and sustainability of 

indebtedness. Some other papers from this strand are Avramovic et al. (1964), Solomon 

(1977), Nowzad et al. (1981), Diaz-Alejandro (1984) and Simonsen (1985). A second strand 

of the literature, which emphasizes the importance of willingness to pay, was developed in 

the 1980s (see Eaton et al., 1986, or Eaton and Fernandez, 1995, for an overview). Since the 

creditors have no means to enforce their claims against a sovereign country, a default may be 

the result of a government’s decision. Therefore, governments weigh pros, such as saved 

resources, against cons, such as disturbance of international trade, increasing cost, the 

impossibility of external financing, or a loss of international reputation. 

One could argue that the occurrence of sovereign defaults on both theoretical and 

abstract levels is already well understood. The existing theoretical literature, however, gives 

no full guidance with respect to observable variables which can be used in the determination 

of default risk. With the ability, and the willingness to pay, theories there is a possibility of 

alternative model specifications. Even within these frameworks there may be several 

different variables influencing the default risk, since the ability and willingness to pay can 

potentially depend on a large number of factors. 

Most studies concerned with determinants of sovereign yield spreads refer to Edwards 

(1984) as the first and path breaking paper in this context. Edwards considers 727 bank 

credits disbursed in 19 countries, between 1976 and 1980. The logarithmized spreads were 

regressed on several economic variables, which were hypothesized to describe country 

default risk3. In a later study, Edwards (1986) analyzes bond contracts issued by 13 countries 

                                                 
3 At this point, we do not describe the results with respect to significant variables in detail. The significant 
variables of the studies cited in this paper are presented in Table 6. 



8 

in the same time frame. He focuses on primary, rather than secondary market spreads. Min 

(1998) performs a similar analysis, using more recent data. He considers 482 bond issues 

occurring in ten emerging markets (five Asian countries and five Latin American countries), 

during the years 1991 to 1995. 

Eichengreen and Mody (1998) analyze primary spreads from 1358 bond issues in 55 

countries between 1991 and 1997. They emphasize that, besides observable fundamental 

data, market sentiments play an important role in determining sovereign yield spreads. 

Similar results are reported by Kamin and von Kleist (1999). The authors are particularly 

interested in the influence of US risk-free rates on yields. In order to address the issue, they 

consider secondary market spreads for Brady bonds between 1991 and 19974. 

A later study based on secondary spreads is Arora and Cerisola (2001), who analyze 

the data from eleven countries between 1994 and 1999. The authors perform individual 

regressions for each of the observed countries5. Rowland and Torres (2004) use a panel data 

framework to analyze sixteen emerging market economies in the period from 1998 to 20026. 

 As mentioned in the introduction, sovereign yield spreads are not the only proxies for 

the default risk. Sovereign credit ratings and default history dummies have also been used to 

assess the default probability. Therefore, even though we are primarily focusing on yield 

spreads, a discussion of studies that use alternative measures is appropriate. 

                                                 
4 The use of secondary market spreads circumvents a potential issuing bias, a problem which Eichengreen and 
Mody (1998) point out. The conditions for emission of emerging market bonds change over time. In times of 
high yield spreads, as the cost of raising capital is high, risky issuers will withdraw from the market, thus 
creating a bias. 
5 According to our research approach, we focus on studies which consider cross section data from several 
countries. Examples for single country studies are Nogues and Grandes (2001), who concentrate on Argentina 
in the time from 1994 to 1998, and Rojas and Jaque (2003), who consider Chilean data from 1999 to 2002. 
6 Another strand of the literature investigates the period prior to World War I (see, for example, Bordo and 
Rockoff, 1996, Obstfeld and Taylor, 2003, Meissner, 2005, and Camaron, Gai and Tan, 2006). We do not 
discuss this literature in detail because of limited availability of data on potential default risk determinants, and 
a considerable change in political and economic environment since then. 
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One of most frequently cited studies on the determinants of country default risk is 

Cantor and Packer (1996). The authors discuss the relationship between spreads and ratings. 

They perform several cross-section regressions using data from forty-five developed and 

developing countries observed in 1995. The authors use spreads as a dependent variable and 

consider the impact of economic variables and/or S&P and Moody’s credit ratings. All 

economic variables lose statistical significance once the ratings are included in the 

regression. It is, therefore, logical to conclude that spreads and ratings are dependent on the 

same determinants. Cantor and Packer also study the behaviour of spreads around ratings 

changes in eighteen countries. On average, spread changes precede ratings changes, but 

ratings changes do affect spreads on the announcement day. 

Similar and even more distinct results are reported by Larrin, Reisen and von 

Maltzahn (1997), wherein data from the Mexican peso crisis is also considered. The authors 

test for Granger causality, which cannot be rejected in both directions. The close relation 

between spreads and ratings is also confirmed by other studies, using alternative 

methodologies. For example, Scholtens (1999) finds high rank correlation between spreads 

and ratings in twenty-three countries between 1993 and 1996. 

Studies that use default dummies as the indicator variable typically report results 

similar to studies that use yield spreads. Such studies go back as far as the 1960s, while 

papers that use credit ratings and yield spreads do not generally go back as far, since the data 

for a large number of countries has only been available since the 1990s. Saini and Bates 

(1984) provide a comprehensive overview of the literature that covers the period ending with 

the Latin American crisis of the early 1980s. While some of the early papers (Frank and 

Cline, 1971, Sargen, 1977, Saini and Bates, 1978, to name a few) are based on discriminant 
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analysis, later works use logit and probit models. Some further examples of studies using the 

data from the 1960s and 1970s include Feder and Just (1977), who consider data from thirty 

countries in the period from 1965 to 1972, and Mayo and Barrett (1977), who consider forty-

five countries from 1960 to 1975. 

Most of the later studies use data for longer time periods. Some examples include 

Detragiache and Spilimbergo (2001), who analyze sixty-nine countries in the years from 

1971 to 1998, and Manasse, Roubini and Schimmelpfennig (2003), who consider forty-seven 

countries from 1970 to 2002. These papers differ from earlier studies not only by the longer 

time periods considered, but also by the explanatory variables used in the analysis. For 

example, newer studies use variables that describe the composition of debt, rather than just 

the total debt levels. This idea was first explored by Lloyd-Ellis, McKenzie and Thomas 

(1989), who compare the performance of economic variables and debt composition variables 

in their analysis of twenty-seven countries during a period of 1977 to 1981. Manasse, 

Roubini and Schimmelpfennig (2003) also include variables describing the political 

situation, which are found to be statistically significant. 

The explanatory variables used in the literature can be divided into several groups. 

The largest group includes variables describing the country’s economic situation. These 

variables can be further grouped into external relations indicators and general economic 

indicators. Examples of the latter are GDP and GDP growth, investment rate, inflation, fiscal 

balance, etc. External relations indicators often include balance of payments, reserves, 

exports and imports of goods and services, or capital exports and imports. Furthermore, 

variables that describe the exchange rate dynamics and prices of exports and imports are 

sometimes used. As already mentioned, it is also possible to distinguish a group of variables 
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that describe a country’s debt situation. In addition to the total level of debt, studies have 

shown that short-term debt and debt service payments could play a decisive role in 

determining the default risk. There is, however, a degree of overlap between variables of 

different groups. Debt variables, for example, are often related to economic variables, such 

as GDP, exports, or reserves. External indicators are often correlated with variables 

describing the overall economic situation.  

 Another way to group the explanatory variables is to differentiate solvency and 

liquidity variables. The former describe a country’s long-term payment ability, whereas the 

latter consider a country’s short-term ability to pay. Therefore, liquidity variables typically 

include short-term debt obligations, such as short term debt and debt service, as well as 

sources that provide short-term funds, such as reserves and exports. Solvency variables 

typically include variables that presumably describe payment capacity in the long run, such 

as GDP, GDP growth, fiscal balance and long term debt. 

 Several other indicators are used in the literature in addition to economic and debt 

variables. As mentioned above, some recent studies (e.g. Manasse et al., 2003), which use 

default dummies as the proxy for the country risk, found certain political variables to be 

statistically significant. A number of studies that use yield spreads as the country risk 

indicator analyze contract-specific variables, such as the maturity of a contract, currency, or 

issue volume. Another important determinant of yield spreads is the indicator variable for the 

history of default. This variable shows significance in numerous studies. As already 

mentioned, many researchers have explored the relationship between spreads and ratings. 

Ratings have been included in the list of explanatory variables in some studies, and have 
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been found statistically significant. Inclusion of ratings often changes the coefficients for 

other variables considerably, making them insignificant in some cases. 

 Some researchers also include time dummies in the analysis. Their significant 

influence on spreads is interpreted as changing market sentiment to risk and investment in 

emerging markets (see Kamin and von Kleist, 1999). Furthermore, variables describing 

external shocks common to all countries are considered in the literature. Here, the riskless 

US interest rate is included, as some studies find it to be statistically significant, while others 

do not.  

 This statement holds true for most of the potential determinants of yield spreads 

discussed up to now. We see a high level of heterogeneity with respect to significant 

variables in the studies surveyed here. Variables which are significant in some studies are to 

be insignificant in others. This indicates a high degree of uncertainty regarding the ‘true’ 

regression model. Bayesian Model Averaging is an elegant way to deal with the issue and to 

identify the variables which are most likely to determine yield spreads. This is explained in 

greater detail in the next section.  

 

3. Bayesian Model Averaging: An Overview 

 

As the previous section suggests, there is little agreement among researchers concerning the 

choice of explanatory variables in the analysis of country default risk, and the results are not 

robust to alternative model specifications.  One potential explanation for this is that many of 

the variables which measure the ability and/or willingness to pay are collinear, with the 

choice of specific variables being often arbitrary. 
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The problem is especially acute for relatively small samples: As SDM point out, if 

the dataset is sufficiently large, a researcher can over-parameterise the model, as regression 

coefficients of irrelevant independent variables will converge to zero anyway. This technique 

cannot be applied successfully if the ratio of observations to potential regressors is low, as it 

is in the case of emerging markets’ bond spreads. 

Raftery (1995) addresses another important issue in the model selection process. It is 

feasible that alternative model specifications fit the data almost equally well, with traditional 

model selection methods offering little guidance as to which results to report. The author 

outlines three alternative courses of action for the researcher. The researcher could arbitrarily 

report the results of any single model. This is not the best course of action, as the robustness 

of the results could be questioned. Alternatively, the researcher could choose to report the 

results of all estimated models. The disadvantage of such an approach is that it could be 

reporting contradictory results, and, therefore, be of little use when it comes to policy 

recommendations. Finally, the researcher could explicitly acknowledge that the ‘true’ model 

is not known, and account for uncertainty in model specification. BMA becomes an attractive 

modelling choice when such a strategy is selected. 

Under the BMA methodology, the entire model space (that is, all possible models that 

can be constructed from the list of candidate variables) is estimated7. The algorithm then 

computes a posterior probability for each model. This is the probability that a model with 

given specifications fits the data the best. Statistical inference is then averaged over all 

models with non-zero posterior probabilities, with those probabilities used as weights. 

Another important statistic (marginal posterior probability) is computed for each candidate 

                                                 
7 As mentioned earlier, numerical methods are employed in practice, as model space becomes too large. 
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independent variable. This is simply a summation of posterior probabilities of all models that 

included the particular regressor. 

BMA methodology in a context of linear regression is described in FLS (2001b), and 

further applied by Masanjala and Papageorgiou (2005). We consider an OLS setting with 

EMBI+ sovereign yield spreads as  n x 1 vector of dependent variables y. It is regressed on a 

n x 1 vector of ones and a n x k matrix of independent variables X. Any subset of regressors 

can be used in a model. A model which utilizes a subset of regressors Xj can be denoted as 

follows: 

                                                     σεβαι ++= jjn Xy                                                     (1) 

where )0( kk j
k

j
j ≤≤ℜ∈β denotes the regression coefficients and +ℜ∈σ  is a scale 

parameter. We assume that ε has a multivariate normal distribution, with zero mean and 

identity covariance matrix. Note that the when k candidate independent variables are 

employed, 2k models can be estimated. In case of 34 variables, we can estimate 

17,179,869,184 possible models. As mentioned above, Bayesian techniques require the 

specification of priors, and the impact of prior distributions on the outcomes of the analyses 

has been acknowledged in the literature (Kass and Raftery, 1995, George, 1999). We could, 

therefore, end up in a situation where posterior parameter distributions may be dependent on 

arbitrarily chosen priors. Such results will be difficult to interpret. Also, setting up the 

analysis framework that allows priors to affect the outcomes is clearly undesirable.  

In this paper, we adopt a prior structure developed by FLS (2001a). They develop a 

benchmark prior structure that does not have much influence on the posterior distribution. 

The current study adopts their priors, with a g-prior structure for jβ , which can be 

represented by the product of 
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                                                            1),( −∝ σσαp                                                         (2) 

and 

                                         ))(,0|(),,|( 1'2 −= jjj
k

Njj XgXfMp j σβσαβ                          (3) 

where ),|( Vmwf q
N  represents the density function of a q-dimensional Gaussian distribution 

of w, with mean m and covariance matrix V. FLS (2001a) perform extensive empirical 

simulations regarding the choice of g in Equation (3) and conclude that setting 

},max{/1 2kng = produces robust results. 

We perform numerous robustness checks with respect to the choice of g-structure of 

the priors. We document that even though the choice of the g-structure does have an effect on 

marginal posterior probabilities, the ranking of candidate independent variables according to 

posterior probabilities remains essentially unchanged. This could indicate that the BMA 

algorithm is able to identify the most important variables. 

It is also necessary to specify a prior distribution over the model space of 2k possible 

models, as uncertainty regarding which regressors to include in the model is the main issue 

behind BMA: 

withjpMP k
jj ,2,...,1,)( ==              pj > 0              and ∑

=

=
k

j
jp

2

1
1              (4) 

It seems natural to assume uniform distribution over the model space. Intuitively speaking, 

the prior probability of including each potential regressor is 0.5, a situation which 

corresponds to a researcher being equally uncertain about the inclusion of any potential 

regressors. Other choices are certainly possible. Cremers (2002), for example, explores a 

situation when one investor is sceptical about return predictability and has a low prior 
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probability of regressor inclusions, whereas another investor has substantially higher 

posterior probabilities. 

As mentioned above, according to BMA methodology, inference is averaged over all 

models with non-zero posterior probabilities, with those probabilities used as weights. The 

distribution will be given by: 

       ∑
=

∆∆ =
k

j
j

jMyy yMPPP
2

1
,|| )|(                                                      (5) 

and the marginal posterior probabilities of an individual regressor are the sums of the 

posterior probabilities of all models that include that regressor. 

The posterior probability of a model is given by: 

         

∑
=
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jjy
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2

1
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)(
)|(

l

l
                                                    (6) 

where )( jy Ml  is the marginal likelihood of model Mj, and can be presented by: 

          σβασαβσασβα dddMppMypM jjjjjjy ),,|(),(),,,|()( ∫=l                         (7) 

where ),,,|( jj Myp σβα represents the sampling model described in (1), and ),( σαp  and 

),,|( jj Mp σαβ  are the priors described in (2) and (3) respectively. We now turn to 

practical implementation of the BMA algorithm 

 
4. Estimation and Results 
 
 
The main part of the analysis employs twenty-six economic indicators and time dummies, a 

total of thirty-four candidate independent variables. The list of potential explanatory 

variables is virtually infinite, and we limit the scope of our investigation to economic 
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variables, most of which have been used in previous studies. In the later part of the analysis, 

we also employ Standard & Poors sovereign credit ratings. Data on EMBI+ Emerging 

Markets Bond Spread data from thirty-four developing countries during the years 1995 – 

2006 is used as a dependent variable. See Table 1 for detailed data description. After deleting 

observations with missing values, we end up with 236 observations. As outlined earlier, a 

2/1 kg =  is used for the prior structure. Estimation of the entire model space is not feasible, 

as the model space grows exponentially with the inclusion of additional regressors. Similar 

to FLS, we use a Markov Chain Monte Carlo Model Composition (MC3) sampler, as 

originally proposed by Madigan and York (1995). We run 500,000 MC3 draws after running 

100,000 burn-in draws. 

 Table 2 presents the marginal posterior probabilities of thirty-four candidate 

regressors, as well as the comparison of our analysis with prior literature. Three variables 

display very high marginal posterior probabilities. These are: Total debt to GDP ratio 

(100%), indicator for recent default (99.99%), and trade balance (99.94%). The high 

inclusion probabilities of the first two variables are hardly surprising, as they represent 

perhaps the most widely used indicators of credit risk. These variables have been found 

significant by Edwards (1986), Min (1998), Eichengreen and Mody (1998), Kamin and von 

Kleist (1999), Cantor and Packer (1996), Arora and Cerisola (2001), Manasse, Roubini and 

Schimmelpfennig (2003) and Detragiache and Spilimbergo (2001). The positive sign of the 

trade balance, however, is somewhat surprising. We hypothesize that the influence of the 

trade balance as important part of the current account balance may reflect the opposite 

reaction of the capital account balance, which is driven by strong capital outflows during 



18 

periods of high country risk8. The ratio of foreign exchange reserves to GDP also has a 

relatively high posterior probability (80.16%) and, hence, also confirms the results of 

previous studies.  

A number of variables found to be significant in the literature (i.e. real GDP growth, 

ratio of debt payments to ForEx reserves, ratio of debt payments to exports, openness, and 

growth rate of exports), show medium inclusion probabilities above 25%. Others, like the 

ratio of ForEx reserves to imports and the growth rate of reserves, show at least an inclusion 

probability of 10%. Also, a certain level of influence of maturities on the spreads is not ruled 

out by our results. Inclusion probabilities of up to 10% of the time dummies could be 

interpreted as being consistent with the thesis that market sentiments influence yield spreads 

(see, for example, Eichengreen and Mody, 1998). The evidence though is not strong, with 

10.20% being the highest inclusion probability for a time dummy.  

Somewhat surprisingly, certain important debt indicators, such as the debt service 

ratio and debt structure (the ratio of short term debt to total debt) showed low marginal 

posterior probabilities of 5.86% and 2.00%, respectively. It is interesting to see further that 

some economic variables, such as unemployment rate, the real investment rate, or budget 

balance to GDP ratio, have very low probabilities of inclusion. The same holds true for 

variables describing the monetary situation, such as the inflation rate and the change in 

money supply. The low influence of the GDP per capita may result from the fact that the 

countries in the sample are not too heterogeneous in this respect, as highly industrialized 

countries are not included. With respect to the old debate regarding whether or not the risk-

                                                 
8 Current account balance has been found statistically significant in previous studies, e.g. Saini and Bates 
(1978), Min, 1998, and Manasse, Roubini and Schimmelpfennig (2003). 
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less (US-) interest rates influences spreads, our results are consistent with the strand of the 

literature which denies such an influence.  

 While the identification of individual regressors with high marginal posterior is 

important, a more interesting issue from the model selection perspective is the performance 

of regressors in the presence of other regressors. The algorithm estimated 10,003 models. 

The posterior mass is spread quite substantially, with 1,868 models accounting for 90% of 

the posterior mass. The average model size is 6.69, whereas the expected model size is 17.0. 

Table 3 presents the specifications of three best models chosen by BMA. It is important to 

note that the BMA algorithm avoids models with highly collinear regressors, as well as over-

fitting. These are some important advantages when BMA is applied to our research question, 

since many of the candidate independent variables in our study, which are essentially 

different measures of countries’ credit capacity, are collinear. The best model accounts for 

3.00% of the posterior mass, and the cumulative posterior probability of 56 models with 

posterior probabilities greater than 0.25% is 38.02%. Even though many of the models are 

not dramatically different from each other, the resulting model estimates will differ from 

each other both in terms of adjusted R-squared and the t-statistics of the individual 

coefficients. Different conclusions could even be drawn from model specifications that are 

not dramatically different. BMA, therefore, becomes an attractive choice of statistical 

inference. Table 4 presents the OLS regression coefficients of the three best models, selected 

on the basis of their posterior probabilities. We observe that all variables (with the exception 
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of GDP growth rate in the first specification) are statistically significant, with signs as 

predicted by BMA9.   

 The analysis presented above relied exclusively on economic indicators of country 

credit risk. Nonetheless, there is another important determinant of sovereign yield spreads – 

sovereign credit ratings. Table 5 presents the posterior probabilities with ratings as an 

additional candidate independent variable. Not surprisingly, sovereign credit ratings had the 

highest posterior probability of 100%. The rankings of other variables were somewhat 

affected by the inclusion of these rankings. This is expected, since ratings are derived from 

observable economic variables (see, for example, Bhatia, 2002, for a discussion) and, hence, 

the spreads and the ratings are largely determined by the same variables. Therefore, inclusion 

of ratings in a model alters the amount of additional information other regressors convey. 

Contrary to Cantor and Packer (1996), where a cross sectional OLS setting is used, the 

pooled analysis combined with the BMA approach shows that the other variables do not lose 

their importance and provide certain additional information. More specifically, the growth 

rate of foreign exchange reserves and maturity gained in importance (posterior probabilities 

of 96.82% and 95.38%, respectively), whereas a recent default indicator became less 

important (posterior probability of 72.48).  

 

5. Conclusion 

Model uncertainty is an important issue in empirical research. In the context of a linear 

regression, it is often unclear to a researcher which independent variables to include in a 

                                                 
9 In an attempt to account for unobserved country-specific effects, we have estimated BMA algorithm with 
country dummies as additional potential regressors. The resulting marginal posterior probabilities were similar 
to the results reported in Table 2. 
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model. While a choice of independent variables should be guided by theory, little guidance is 

available in many empirical applications. Alternative model specifications can produce 

conflicting results, making it difficult to interpret the results properly. Often times, several 

models are estimated and the results for a model with the highest R-square are reported. The 

disadvantage of this approach is that the reported model is treated as the only one ever 

considered, with uncertainty in model specification being ignored. The Bayesian Model 

Averaging (BMA) algorithm is an estimation technique that explicitly accounts for model 

uncertainty. BMA algorithm estimates models with every possible combination of regressors 

and produces: (1) The posterior probabilities of each of the models – a probability that a 

given model is the best one given the data; and (2) the marginal probabilities for individual 

independent variables – a sum of the probabilities of all models which include that particular 

regressor. 

 BMA is suitable for the analysis of country default risk for a number of reasons. First, 

little theoretical guidance is available regarding the determinant of default probability. 

Second, alternative model specifications have produced conflicting results. Finally, the ratio 

of the number of observations to the number of candidate independent variables is fairly low. 

There is, therefore, a chance that regression coefficients of irrelevant independent variables 

will not converge to zero. 

 Analysis of default risk is an important issue in international finance, as the default 

risk is a key factor in determining the cost of external borrowing. We measure the default 

risk of a country by EMBI+ sovereign yield spreads. We include thirty-four candidate 

independent variables, with sovereign credit ratings added at a later stage. We document that 

the ratio of external debt to GDP, default history, trade balance, and sovereign credit ratings 
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are among the most important variables in determining yield spreads. On the other hand, 

some of the variables which have traditionally been included in the analysis (debt service 

ratio, debt structure) are shown to have low probabilities of being included in the regression 

model. 

 Our results could be used as guidance for researchers who wish to model country 

default risk and use sovereign yield spreads as a proxy for such a risk. Some directions for 

future research may include the analysis of credit rating determinants and the impact of 

political environment on the credit risk. 
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Table 1. Descriptive statistics of the variables included in the analysis. 
This table presents data sources and some descriptive statistics of the variables included in the 
analysis. Dummy variables for the period of 1996 to 2005 were also included in the analysis.  

No Variable 
 

Description / Source Avg. St. Dev. 

0 EMBI+ sovereign 
yield spread 
 

The EMBI+ spread is the average spread of several bond 
issues of the respective country. For a more detailed 
description see JP Morgan (1999). It is calculated by JP 
Morgan and provided by DataStream®. 
 

4.83 7.84 

1 Human 
Development 
Index (HDI)  
 

1 = high, 0 = low 
Source: United Nations Development Programme 
 

.77 0.07 

2 Maturity (months) Maturity describes the average time to maturity of the bonds 
issued by the considered country, which are used to calculate 
the EMBI+ spread. It is calculated by JP Morgan and 
provided by DataStream®. 
 

10.22 5.31 

3 GDP per capita 
(US$, thousands) 

The Data on GDP per capita is provided by DataStream®. 
The original source is the Economist Intelligence Unit. Data 
on per capita GDP has been logged. 
 

8.00 0.73 

4 Real GDP growth The Data on GDP is provided by DataStream®. The original 
source is the Economist Intelligence Unit. 
 

0.04 0.04 

5 Inflation To calculate inflation we use data on consumer price indices, 
which is provided by DataStream®. The original source is the 
Economist Intelligence Unit. 
 

0.10 0.16 

6 Total debt/GDP Total debt describes the total external debt stock, comprising 
public and publicly guaranteed debt, private non-guaranteed 
debt, use of IMF credit and short term debt. The data on total 
debt (as well as GDP) is provided by DataStream®. The 
original source is the Economist Intelligence Unit. 
 

0.47 0.22 

7 Budget 
balance/GDP 

The Data on Budget balance as a percentage of GDP is 
provided by DataStream®. The original source is the 
Economist Intelligence Unit. 
 

-0.02 0.03 

8 Debt payments 
/GDP 

Current debt payments comprise short-term debt with an 
original maturity up to one year, as well as long term debt due 
in the considered year. The Data on debt repayments (as well 
as GDP) is provided by DataStream®. The original source is 
the Economist Intelligence Unit. 
 

0.15 0.07 

9 Debt 
payments/ForEx 
reserves 

For debt payments see No. 8. ForEx reserves comprise 
foreign exchange reserves plus gold. The Data is provided by 
DataStream®. The original source is the Economist 
Intelligence Unit. 
 

1.45 1.45 

10 Debt 
payments/exports 

To debt payments see No. 8. The Data on exports is provided 
by DataStream®. The original source is International 
Financial Statistics. 

0.73 0.50 
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Table 1 continued 
11 Unemployment Data on the unemployment rate is provided by DataStream®. 

The original source is International Financial Statistics. 
 

0.10 0.06 

12 Default  Default is an indicator variable equal to 1 in the year of the 
default and three years afterwards. Defaults are identified 
from S&P credit ratings 
 

0.15 0.36 

13 ForEx 
Reserves/GDP 
 

See No. 4 and No. 9. 
 

0.15 0.09 

14 Money supply 
change 

This variable describes the yearly change in the money 
supply (M1). The Data is provided by DataStream®. The 
original source is Economist Intelligence Unit. 
 

0.19 0.19 

15 (Imports + 
Exports)/GDP 

See No. 4 and No. 10 for GDP and exports, respectively. The 
data on imports is provided by DataStream®. The original 
source is International Financial Statistics. 
 

0.59 0.36 

16 Trade 
balance/GDP 

Calculated as (Exports – Imports)/GDP. See No. 15 for 
appropriate definitions. 
 

-0.03 0.10 

17 Short term 
debt/Total debt 

See No. 6 for total debt. Short term debt describes the debt 
with an original maturity up to one year. The data is provided 
by DataStream®. The original source is the Economist 
Intelligence Unit 
 

0.18 0.10 

18 US one-year 
interest rate 

Describes the short term US interest rate, as specified by the 
OECD and provided by DataStream®.  
 

0.04 0.02 

19 Terms of trade 
index  

Describes annual changes in the terms of trade. It is 
calculated by the Economist Intelligence Unit. Data is 
provided by DataStream®.  
 

0.95 0.28 

20 Growth rate of 
imports 

See No. 15 for a description of imports. 
 
 

0.11 0.18 

21 Growth rate of 
exports 
 

See No. 10 for a description of exports. 
 

0.12 0.13 

22 Growth rate of 
reserves 

See No. 9 for a description of reserves. 
 
 

0.20 0.44 

23 ForEx 
reserves/Imports 

See No. 9 and No. 15 for a description of reserves and 
imports, respectively.  
 

0.55 0.29 

24 Gross investment 
ratio 

Describes the gross fixed investment as a percentage of GDP. 
Data is provided by DataStream®. 
 

0.21 0.06 

25 ForEx 
reserves/IMF 
quota 

See No. 9 for a description of reserves. Data on the IMF 
quota is drawn from the IMF homepage.  
 

0.16 0.12 

26 Credit rating  We use the credit ratings of Standard & Poor’s, as provided 
on their homepage (“sovereign rating history”). We transpose 
the ratings in numerical values starting with AAA+ = 0.01, 
and ending with D = 0.64. 

0.33 0.10 
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Table 2. Marginal posterior probabilities of individual regressors. 
This table presents marginal posterior probabilities – the summation of posterior probabilities of all models that include a certain 
regressor. The table also displays which variables have been found to be statistically significant in previous studies. The studies include 
Edwards (1986, Ed), Min (1998, Mi), Eichengreen and Mody (1998, EM), Kamin and von Kleist (1999, KK), Cantor and Packer (1996, 
CP), Arora and Cerisola (2001, AC), Rowland and Torres (2004, RT), Frank and Cline (1971, FC), Sargen (1977, Sa), Saini and Bates 
(1978, SB), Feder and Just (1977, FJ), Lloyd-Ellis, McKenzie and Thomas (1989, LMT), Manasse, Roubini and Schimmelpfennig (2003, 
MRS), and Detragiache and Spilimbergo (2001, DS). Please note that some of the variables used in prior studies are not directly 
equivalent to the ones used in this study. 

No Variable 

Post. 

Prob. 

Effect on 

spreads Ed Mi EM KK CP AC RT FC Sa SB FJ LMT MRS DS 

1 Total debt/GDP 100.00% Positive * * * * * *               * 

2 Recent default 99.99% Positive         *               *   

3 Trade balance 99.94% Positive   *               *     *   

4 ForEx Reserves/GDP 80.16% Negative   *       * *             * 

5 Real GDP growth 38.20% Negative             *   *       *   

6 Debt payments/ForEx reserves 35.73% Positive                         *   

7 Maturity 35.16% Negative *     *                     

8 Debt payments/Exports 29.74% Positive     *       *               

9 (Imports + Exports)/GDP 27.91% Negative                           * 

10 Growth rate of exports 25.59% Negative   *             *   * *     

11 ForEx Reserves/Imports 11.30% Positive       *   *   *     *       

12 Growth rate of reserves 11.00% Negative                   *         

13 1998 dummy 10.20% Positive                             

14 Growth rate of imports 9.62% Negative   *                         

15 ForEx reserves/IMF quota 7.26% Positive                       *     

16 Debt payments/GDP 5.86% Negative * *   *   * * * *   *       

17 1999 dummy 5.50% Negative                             
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Table 2 continued. 
No Variable Post. Prob. Effect on spreads Ed Mi EM KK CP AC RT FC Sa SB FJ LMT MRS DS 

18 Unemployment rate 3.36% Positive                             

19 2002 dummy 3.07% Positive                             

20 2001 dummy 2.89% Positive                             

21 Real investment rate 2.33% Positive *                           

22 US interest rate 2.25% Negative     *     *             *   

23 1997 dummy 2.20% Negative                             

24 Terms of trade index 2.14% Negative   *                         

25 HDI 2.10% Positive         *                   

26 2005 dummy 2.05% Negative                             

27 Debt structure 2.00% Positive               *     * *   * 

28 2004 dummy 1.84% Positive                             

29 Budget balance/GDP 1.74% Positive                             

30 Change in money supply 1.69% Negative                 * *         

31 GDP per capita 1.65% Negative                     *       

32 2000 dummy 1.62% Positive                             

33 Inflation rate 1.61% Negative                 * *         

34 2003 dummy 1.61% Negative                             
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Table 3. Model specifications. 
This table presents the independent variables of the best three models chosen on the basis of their 
posterior probabilities. 
 
No Regressors Post. Prob. 
1 Real GDP growth, Total debt/GDP, Recent default, ForEx 

reserves/GDP, Trade balance/GDP 
 

3.00% 

2 Total debt/GDP, Debt payments/Reserves, Recent default, 
(Imports + Exports)/GDP, Trade balance/GDP, Growth rate of 
exports 
 

2.88% 

3 Maturity, Real GDP growth, Total debt/GDP, Recent default, 
ForEx reserves/GDP, Trade balance/GDP 

2.37% 
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Table 4. OLS regression estimates of the three best models with highest posterior 
probabilities. 
This table presents the regression coefficients of the three OLS specifications chosen on 
the basis of their posterior probabilities. T-statistics are given in parentheses. 
 
Variable Model 1 Model 2 Model 3 
Real GDP growth -28.87 

(-1.54) 
 -30.63* 

(-1.67) 
Total debt/GDP 15.02*** 

(3.56) 
15.46*** 

(3.69) 
15.98*** 

(3.70) 
Recent default 5.95*** 

(3.95) 
5.27*** 
(3.00) 

6.53*** 
(3.31) 

ForEx 
reserves/GDP 

-26.37*** 
(-6.17) 

 -30.61*** 
(5.42) 

Trade balance/GDP 17.32*** 
(3.64) 

21.07*** 
(4.18) 

18.94*** 
(3.73) 

Debt payments 
/ForEx Reserves 

 1.07* 
(1.90) 

 

(Imports + 
Exports)/GDP 

 -5.54*** 
(-4.56) 

 

Growth rate of 
exports 

 -7.95*** 
(-2.89) 

 

Maturity 
 

  -0.21** 
(-2.07) 

Constant 2.51 
(1.47) 

0.02 
(0.01) 

4.84*** 
(2.90) 

R2 0.49 0.50 0.50 
F-Statistic 9.90*** 6.55*** 10.77*** 
*,**, and *** indicate statistical significance at a 10%, 5% and 1% level, respectively 
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Table 5. Posterior inclusion probabilities for individual regressors with alternative 
specification of candidate independent variables. 
This table presents posterior inclusion probabilities for individual regressors, that is the 
percentage of models in which the regressor was present. Sovereign credit ratings have 
been added to the list of independent variables. 

No Variable Post. 
Prob. 

Effect on spreads 

1 Ratings 100.00% Positive 

2 Trade balance 99.89% Positive 

3 Total debt/GDP 99.88% Positive 

4 Growth rate of reserves 96.82% Negative 

5 ForEx Reserves/GDP 96.34% Negative 

6 Maturity 95.38% Negative 

7 HDI 79.06% Positive 

8 Recent default 72.48% Positive 

9 Real GDP growth 55.98% Negative 

10 Growth rate of exports 41.29% Negative 

11 GDP per capita 15.22% Positive 

12 Inflation rate 13.73% Negative 

13 Growth rate of imports 12.70% Negative 

14 Real investment rate 11.32% Positive 

15 Change in money supply 10.89% Negative 

16 1998 dummy 10.76% Positive 

17 Debt payments/GDP 10.05% Negative 

18 Debt structure 9.83% Positive 

19 1999 dummy 8.03% Negative 

20 ForEx reserves/IMF quota 6.28% Positive 

21 Terms of trade index 3.97% Positive 

22 Debt payments/ForEx reserves 3.80% Positive 

23 Budget balance/GDP 3.59% Positive 

24 2005 dummy 3.36% Negative 
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Table 5 continued. 
No Variable Post. 

Prob. 
Effect on spreads 

25 Unemployment rate 2.71% Positive 
 

26 (Imports + Exports)/GDP 
 

2.52% Negative 

27 1997 dummy 
 

2.26% Positive 

28 ForEx Reserves/Imports 
 

1.99% Positive 

29 2001 dummy 
 

1.80% Positive 

30 2002 dummy 
 

1.77% Positive 

31 US interest rate 
 

1.65% Negative 

32 2004 dummy 
 

1.51% Positive 

33 2003 dummy 
 

1.45% Positive 

34 Debt payments/Exports 
 

1.42% Positive 

35 2000 dummy 1.30% Negative 
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Table 6. Summary of existing literature  
This table presents a summary of some of the prominent papers discussed in 
this study. The table describes the sample used in respective studies, as well as 
the explanatory variables found to have a statistically significant effect on the 
appropriate measures of the country default risk. 

Panel A: Studies with primary bond spreads as a dependent variable 
 

Study Sample Explanatory Variables with Significant Influence 
Edwards (1986)  1976 – 1980 

13 countries 
167 bonds 
 

Debt to output ratio, Gross investment ratio, Debt service ratio, 
Maturity  
 

Min (1998) 1991 – 1995 
10 countries 
482 bonds 

Debt Service Ratio, Terms of Trade, Growth rates of exports 
and imports, Current account balance, Ratio of debt to GDP, 
Ratio of reserves to GDP,   
 

Eichengreen and 
Mody  
(1998) 

1991 – 1996 
55 countries 
1033 bonds 
 

Ratio of debt to GDP, Debt Service Ratio, Dummy for 
rescheduling, (10 year) risk-less US interest rate, Private 
placement, Israel-Dummy, Supranational, Public or private 
issuer, Currency (DM/Yen), Latin America, Ratings of 
Institutional Investor,  
 

Kamin and von 
Kleist (1999) 

1991 – 1997  
304 Bonds 
 

Debt Service Ratio, Ratio of total debt to GDP, Ratio of reserves 
to imports; Ratings of S&P and Moody’s, Maturity, Currency 
(Yen, Non USD), Time Dummies 
 

Panel B: Studies with secondary bond spreads as a dependent variable 
 

Study Sample Explanatory Variables with Significant Influence 
Cantor and 
Packer (1996). 

September, 
29, 1995  
45 countries 

Ratings (S&P and Moody’s), External debt, Stage of economic 
development (according to IMF classification), Default history  
 
 

Arora and 
Cerisola (2001). 

1994 – 1999  
11 countries 
 

Risk-less interest rates, Debt service ratio, Ratio of total debt to 
GDP, Ratio of reserves to GDP, Ratio of reserves to imports  

Rowland and 
Torres (2004) 

1998 – 2002 
16 countries 

Economic growth, Ratio of debt to exports, Ratio of debt service 
to GDP, Ratio of reserves to GDP 
 

Panel C: Studies with the crisis dummy as a dependent variable 
 

Study Sample Explanatory Variables with Significant Influence 
Frank and Cline 
(1971) 

1960 – 1968 
26 countries 

Debt Service Ratio, Ratio of imports to reserves, Ratio of debt 
repayments to total debt, 

Sargen (1977) 1960 – 
1976, 44 
countries 

Debt service ratio, Inflation, Export growth, growth rate of 
money supply, Real GDP growth rate, Deviations in purchasing 
power parity 
 

Saini and Bates 
(1978) 

1960 – 1977 
25 countries 

Growth rate of consumer prices, Growth rate of money supply, 
Current account balance to exports, Growth rate of reserves 
 

Mayo and 
Barrett (1977) 

1960 – 1975 
45 countries 

Ratio of credits to exports, Growth rate of consumer prices, 
Ratio of reserves to imports, Ratio of imports to GDP, Ratio of 
gross capital formation to GDP, Ratio of IMF quota to imports,  
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Table 6 continued 
Study Sample Explanatory Variables with Significant Influence 
Feder and Just 
(1977) 
 

1965 – 1972 
30 countries 

Debt Service Ratio, Ratio of imports to reserves, Ratio of debt 
repayments to total debt, Per capita income, Ratio of capital 
inflows to debt repayments,  Growth rate of real exports, 

Lloyd-Ellis, 
McKenzie and 
Thomas  
(1989) 
 

1977 – 1981 
27 countries 
 

Growth rate of exports, Ratio of long-term debt to total debt, 
Ratio of short-term debt to total debt of banks, Ratio of bank 
deposits to disbursed credits, Ratio of reserves to IMF-Quota, 

Detragiache and 
Spilimbergo 
(2001) 

1971 – 1998  
69 countries 

Ratio of short term debt to total debt, Ratio of total debt to GDP, 
Ratio of reserves to GDP, Overvaluation of the currency, Share 
of credits from multilateral creditors on total debt, Openness of 
the economy 
 

Manasse, 
Roubini and 
Schimmel-
pfennig  
(2003) 5) 

1970 – 2002 
47 countries 

Ratio of short-term debt to reserves, Ratio of debt services to 
reserves, Ratio of current account balance to GDP, Interest rate 
on US treausury bills, Growth rate of GDP, Dummy for 
inflation rate above 50%, Dummy for past crises, Index of 
political freedom, Dummy for years with presidential election 

 
 
 

 


