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1 Introduction 

Country default risk, or sovereign risk, is an important issue in international lending – in 

particular in lending to developing and emerging market countries – since a country’s 

potential inability or unwillingness to make debt servicing payments influences the 

lender’s expected profit and, hence, its investment decision. A proper assessment of 

country default risk should help to reduce inefficiencies in international lending, on the 

one hand, by avoiding overborrowing and the evaporation of capital during financial 

crises and, on the other hand, by avoiding tightening of capital supply and overpricing (in 

terms of high interest rates). Much scientific work has thus been dedicated to the 

assessment of country default risk, especially its determinants. Knowing the determinants 

of country default risk may enable investors to assess the risk of a debt crisis and may 

help the governments in emerging countries to lower the risk of a debt crisis.  

One major problem in the assessment of country default risk is that it is a latent 

variable that is, even ex-post, unobservable. Thus, whether a country has defaulted or not 

during a specific (forecast) period is observable but the probability of default is not. 

Robert Engle’s (1993) simile that “volatility forecasting is a little like predicting whether 

it will rain; you can be correct in predicting the probability of rain, but still have no rain,” 

also applies in the context of country default risk.   

Because country default risk itself cannot be observed, scientific studies use 

several indicators for its approximation.1 One strand considers yield spreads between 

default risky government bonds of the respective country and the US treasury yield curve. 

                                                 
1 We review the literature in the next section in more detail, since our empirical work builds on the results 

of the previous literature. 
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Another strand applies ratings provided by major rating agencies or business journals.2 

These two types of indicators represent country risk assessments made by different 

agents. While bond yield spreads are determined by (a multitude of) investors in the 

sovereign bond market, country ratings are determined by (small groups of) experts. The 

latter are not directly exposed to the risk of capital losses, but paid by the rated debtor 

countries whereas the former face potential capital losses but gain from increasing prices.  

From these considerations follows that both types of indicators may provide 

different assessments of country default risk. They are closely related, however, as shown 

in several important empirical contributions (see, for example, Cantor and Packer, 1996, 

Larrain et al., 1997, and Scholtens, 1999, 2002). Nevertheless, ratings do not fully 

explain spreads in regression models, and the relation between both indicators does 

change over time, as pointed out by Scholtens (2002). Thus, besides theoretical 

considerations also empirical findings suggest that the risk assessment of both types of 

indicators differs. 

The existing literature identifies the determinants of country default risk by 

regressing one of several possible indicators, either ratings or spreads, on potential 

explanatory variables. In this way, the underlying causes of country risk are revealed, 

which improves our understanding of its nature substantially. Also, models for 

forecasting potential debt crises are developed which provide excellent results.  

While the literature applies regression approaches with only one indicator as the 

dependent variable, we contribute with an approach that allows consideration of more 

                                                 
2 In addition to these contemporaneously observable indicators, also dummies that rely on ex-post 

observations for whether a default has occurred or not during the period considered are used. 
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than one indicator.3 Using a structural equations model, more precisely a Multiple 

Indicators Multiple Causes (MIMIC) model, we treat country default risk as an 

unobservable variable that is approximated using several observable indicators.4 In the 

application of the model, we use yield spreads provided by JP Morgan’s Emerging 

Market Bond Index (EMBI+) and sovereign ratings by Standard and Poor’s (S&P). Since 

different types of agent compile these indicators, they reflect an (at least slightly) 

different approximation of country default risk. Including both types of indicators, thus, 

considers more information and provides a better approximation of country default risk 

than using just one single indicator. Hence, our model may yield more precise results 

than alternative approaches while enabling us to verify the results of the existing 

literature.  

We proceed as follows. Section 2 reviews the existing literature on country default 

and sovereign risk. Section 3 explains the MIMIC model in detail. Section 4 presents the 

application of the model and discusses the indicators, causal variables, and data sample. 

The estimation results are presented in Section 5. Section 6 concludes. 

 

2 The Literature on Country Default Risk 

Due to this paper’s emphasis on empirical evidence, we focus on the empirical literature 

and provide a short overview of the major strands of this literature with particular respect 
                                                 
3 Some researchers are interested in the determinants of the indicator variables themselves rather than in 

their role as indicators for country default risk. If so, a regression using the respective variables as the 

dependent one is the natural choice. Since we are interested in the latent country default risk and in the role 

of the variables as risk indicators a MIMIC model seems to be an interesting alternative.  

4 MIMIC models have become popular in other fields dealing with latent economic phenomena such as the 

shadow economy (see, e.g., Dell’Anno and Schneider, 2003).  
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to indicator variables. Table B.1 in Appendix B shows details of the methodology, data 

samples, and significant variables used in this literature. We review the explaining 

variables separately in Section 4, where we derive our testable hypotheses based on 

previous results found in the literature. Before considering the empirical literature, we 

briefly review the theoretical literature.  

 

2.1 Theoretical Literature 

The theoretical literature is divided into two important strands. One strand focuses on a 

country’s ability to meet its debt service payments, whereas the other emphasizes the 

importance of its willingness to do so. The ability-to-pay literature analyzes the 

development, sustainability, and limits of a country’s indebtedness (see, for example, 

Domar, 1950, Avramovic, 1964, Solomon, 1977, Johnson et al., 1981, Diaz-Alejandro, 

1984, and Simonsen, 1985). Whereas these papers implicitly assume that a country 

makes its debt service payments as long as it is able to do so, the willingness-to-pay 

literature emphasizes that a default results from a government’s own decision since 

creditors have no means to enforce their claims against a sovereign country. A detailed 

discussion of this literature can be found in Eaton et al. (1986) or Eaton and Fernandez 

(1995).  

 

2.2 Country Default Risk Indicators and Their Interrelations 

The empirical literature on determinants and probability of country defaults can be 

divided into several strands according to the different indicators used to measure latent 

country default risk. One strand of the literature considers spreads between yields of 

default risky bonds of the country analyzed and risk-less interest rates of bonds with 
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equal contractual arrangements, especially with an equal maturity. Typically, the US 

Treasury yield curve is used as the risk-less benchmark. It is assumed that these yield 

spreads largely reflect a country’s default risk since it represents the discount market 

participants demand when buying the respective default risky security. Hence, spreads 

reflect market participants’ assessment of country default risk in bond markets. These 

spreads can be further divided into primary spreads observed when bonds are issued and 

spreads observed on secondary markets.5  

In addition to yield spreads, sovereign (or country) ratings can be used as 

indicators of country default risk. Ratings are generally a subjective and qualitative 

assessment by a group of experts. Several rating agencies, such as S&P, Moody’s, and 

Fitch, provide publicly observable ratings. The Political Risk Group provides ratings 

focused on countries’ political risk. Also business magazines like Institutional Investor6 

and Euromoney publish country ratings.  

Cantor and Packer’s (1996) paper is considered the “locus classicus for 

quantitative evidence on sovereign rating determinants” (Reisen, 2003), yet they consider 

not only the determinants of ratings but also the determinants of sovereign yield spreads. 

Cantor and Packer perform OLS cross-sectional regressions with either spreads or ratings 

                                                 
5 One could also distinguish between the time periods covered. One strand of the literature considers the 

period prior to World War I (see, for example, Bordo and Rockoff, 1996, Obstfeld and Taylor, 2003, 

Meissner, 2005, and Camaron et al., 2006). Related to our data sample, we focus on the literature that 

considers data observed in the last decades, because the political and economic environment has changed 

considerably since World War I.  

6 Institutional Investor surveys experts from approximately 100 leading international banks, rather than a 

small group, to compile its ratings.  



8/42 

as the dependent variable. They use the most liquid Eurodollar bond for the respective 

country and ratings assigned by S&P and Moody’s.  

Cantor and Packer also examine the relationship between ratings and spreads. In 

a case study, they analyze the development of spreads in relation to rating changes. In 

considering average spreads before and after rating changes, they find that spread 

changes precede rating changes, but rating also affect spreads on the day the rating 

changes are announced. Larrain et al. (1997) conduct a similar study with even more 

distinct results. In addition, they test for Granger causality, which cannot be rejected in 

either direction. Scholtens (1999) chooses a different approach to consider the 

relationship between spreads and ratings. He analyzes the rank correlation between 

secondary market bond spreads and ratings provided by Institutional Investor and finds a 

highly significant correlation between the two indicators.  

Scholtens (2002) confirms this close relationship by regressing ratings on spreads. 

In several specifications he obtains R2 values between 0.81 and 0.95, whereas Cantor and 

Packer (1996) report an R2of 0.92. Although both types of indicators are closely related, 

ratings cannot fully explain spreads. Thus, differences in the risk assessments from 

ratings and spreads still exist. Moreover, Scholtens (2002) – in applying the Chow 

breakpoint estimation test for stability of regression coefficients obtained by estimations 

for different time spans – points out that the connection between the two indicators 

changes over time. Indeed, the test indicates significant differences for different sub-

samples. Since these findings indicate that differences between country default risk 

assessment of ratings and spreads exist, considering both types of indicators should 

improve the approximation of country default risk. 
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2.3. Literature on the Determinants of Ratings 

In addition to papers that examine the relationship between ratings and spreads, a number 

of papers use regression models to identify the determinants of ratings. Based on cross-

section OLS regressions, Afonso (2002) uses ratings of S&P and Moody’s. He applies 

both a linear and a logistic transformation to convert ratings into numerical values. 

Rowland (2004) also employs a cross-country OLS regression. He considers S&P, 

Moody’s and Institutional Investor ratings. In contrast to Cantor and Packer (1996) and 

Afonso (2002), the analysis is restricted to emerging market countries and excludes 

developed countries. He also considers a broader set of explanatory variables than the 

other studies.  

Contrary to the studies on ratings mentioned so far, Mulder and Perrelli (2001) 

consider both cross-sectional and time series information. They use ratings from S&P and 

Moody’s as indicators and perform regressions based on pooled data (OLS and Feasible 

Generalized Least Squares). Rowland and Torres (2004) perform a random effects GLS 

panel regression with the Institutional Investor rating as the dependent variable.  

 

2.4 Literature on the Determinants of Sovereign Yield Spreads 

Edwards (1984) is widely recognized as the first to use sovereign yield spreads to 

determine the causes of country default risk. He analyzes primary spreads of bank credits. 

In a later paper, Edwards (1986) also includes bond contracts in the analysis and 

regresses several economic variables assumed to influence country default risk on 

(logged) spreads. Min (1998) applies a similar approach using more recent bond data. 

Eichengreen and Mody (1998) find that, in addition to observable fundamental 

data, expectations and market sentiments strongly influence observed sovereign yield 
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spreads. They, too, consider primary spreads as indicators. Kamin and von Kleist (1999) 

confirm this finding using both primary and secondary market spreads as the dependent 

variable. Considering secondary market spreads avoids the problem of the issuance or 

selection bias,7 pointed out already by Eichengreen and Mody (1998). 

Secondary market spreads are also used as dependent variable in Arora and 

Cerisola (2001). They run individual regressions for eleven countries. Some papers, such 

as Nogués and Grandes (2001), who consider Argentina, and Rojas and Jaque (2003), 

who focus on Chile, conduct single-country studies based on secondary market spreads. 

Rowland and Torres (2004), by contrast, use a panel data framework to analyze sixteen 

emerging market economies. 

 

2.5 Literature Employing Default Dummies 

Ratings and spreads applied as risk indicators in the studies considered so far are 

immediately observable. By looking at ex-post observable, historical data, one can 

specify another type of indicator: default dummies that indicate whether a default has 

occurred or not during a specific period of time. Contrary to the rain (probability) 

predictions mentioned in the introduction, the identification of a default is not easy, even 

ex-post. The literature discusses and uses several approaches to (properly) identify 

defaults: different measures of arrears on debt service payments, disbursement of large 

IMF loans, or even (default) ratings. For the specification of dummies based on default 

ratings, only default and non-default ratings are distinguished whereas the studies above 

consider all rating categories. This points to one of the drawbacks of the dummy 

                                                 
7 The conditions for issuance of emerging market bonds change over time. In times of high yield spreads, 

when the cost of raising capital is high, risky issuers will withdraw from the market, thus creating a bias. 
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approach: using a dichotomous indicator wastes potentially valuable information. Still, 

these papers can be helpful in identifying (possible) determinants of country default risk. 

We therefore include their results in the specification of potential causal variables for our 

model.  

Studies that use default dummies as the indicator developed in the 1960s. Saini 

and Bates (1984) provide a comprehensive overview of the literature up to the early ’80s. 

While some of the early work (see, for example, Frank and Cline, 1971, Sargen, 1977, 

and Saini and Bates, 1978) is based on discriminant analysis, later research relies on logit 

and probit models ( first examples are Feder and Just, 1977, and Mayo and Barrett, 

1977). Early studies rely mostly on small data samples, whereas most of the later studies 

consider a broader data sample, especially with longer time series (see, for example, 

Detragiache and Spilimbergo, 2001, and Manasse, Roubini and Schimmelpfennig, 2003). 

The more recent papers also use a broader set of explanatory variables. The determinants 

of country risk are discussed in more detail in Section 4. The next section describes the 

MIMIC model in detail. 

 

3 Methodology 

The MIMIC model explains how observable causal variables determine the level of a 

latent phenomenon like country default risk, which is then approximated by several 

observable indicators. Thus, it allows us to deal with the multiple causes and the multiple 

effects of country default risk.8 Formally, the MIMIC model consists of two parts: the 

structural equation model and the measurement model. The structural equation model is 

given by: 

                                                 
8 Structural equation models were first introduced into economics by Jöreskog (1970).  
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,  ς+′=η xγ                                                                                                           (1) 

where )x,,x,x( q21 K=′x  is a )q1( ×  vector and each q,,1i , x i K=  is a potential cause 

of the latent variable η , and ),,,( q21 γγγ=′ Kγ  is a )q1( ×  vector of coefficients 

describing the relationships between the latent variable and its causes. Thus, the latent 

variable η  is determined by a set of exogenous causes. Since these causes only partially 

explain the latent variable η , the error term ς  represents the unexplained component.  

The variance of ς  is denoted by ψ . Φ  is the )qq( ×  covariance matrix of the causes  x . 

The measurement model represents the link between the latent variable and its 

indicators, i.e. the latent variable determines its indicators. The measurement model is 

specified by: 

,  ε+η= λy                                                                                                            (2) 

where )y,,y,y( p21 K=′y  is a )p1( ×  vector of several indicator variables, λ  is the 

vector of regression coefficients, and ε ′  is a )p1( ×  vector of white noise disturbances. 

Their )pp( ×  covariance matrix is given by εΘ . Figure 1 shows the structure of the 

MIMIC model using a path diagram. 

 

[Insert Figure 1 about here] 

 

Using Equation (1) in Equation (2) yields a reduced form multivariate regression model 

where the endogenous variables p,,1j , y j K=  are the latent variable η’s indicators and 

the exogenous variables q,,1i , x i K=  its causes. This model is given by: 

,  zΠxy +=                                                                                                           (3) 
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where γλΠ ′=  is a matrix with rank equal to 1 and ελz +ζ= . The error term z  in 

Equation (3) is a )1p( ×  vector of linear combinations of the white noise error terms ς  

and ε  from the structural equation and the measurement model, i.e., )(~ Ω0,z . The 

covariance matrix Ω  is given by εΘλλελελEzCov +ψ′=′+ς+ς= ]))([()(  and is 

constrained similar to Π . The estimation of the model therefore requires the 

normalization of one of the elements of the vector λ  to an a priori value (Bollen, 1989). 

From Equation (1) and (2) we can derive the MIMIC model's covariance matrix )(θΣ  

(see Appendix A). This matrix describes the relationship between the observed variables 

in terms of their covariances. Decomposing the matrix yields the structure between the 

observed variables and the latent variable. This covariance matrix is given by:  

⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
′

′+ψ+′
=

ΦλΦγ
ΦγλΘΦγγλ

θΣ ε)(
)( ,                                                                    (4) 

where )(θΣ  is a function of the parameters λ  and γ  and of the covariances contained in 

Φ , εΘ , and ψ . Since the latent variable is not observable, its size is unknown and the 

parameters of the model must be estimated using the links between the observed 

variables’ variances and covariances. Thus, the goal of the estimation procedure is to find 

values for the parameters and covariances that produce an estimate for )(θΣ , )ˆ(ˆ θΣΣ =  

that is as close as possible to the sample covariance matrix of the observed causes and 

indicators. As a result, the hypothesized relationships between the latent variable and its 

causes and indicators are identified and the corresponding coefficients are estimated.  
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4 Empirical Analysis 

4.1 Indicators of Country Default Risk 

In general, two types of indicators, which provide instant assessment,9 are used to 

identify the unobservable variable country default risk: market data, as yield spreads of 

sovereign bonds issued by the observed countries, and ratings assigned to those countries. 

As already mentioned, previous studies use either market information or expert ratings, 

but not both. We use a prominent example for each type of indicator and thus derive a 

broader assessment of country default risk. Like many other studies, we use ratings 

assigned by S&P, one of the major rating agencies. For sovereign yield spreads, we 

consider data from the Emerging Market Bond Index+ (EMBI+) provided by JP Morgan 

for the first trading day of every year. 

 Data on S&P ratings are obtained from “Sovereign Ratings History Since 1975,” 

provided at S&P’s website.10 This document provides information on rating changes for 

each sovereign borrower for which a rating is assigned. We consider the long-term rating 

for foreign currency debt valid at the beginning of each year. For the quantitative analysis 

we transform the ratings into numerical values. To be as precise as possible we assign a 

different numerical value for each rating grade as displayed in Table B.2 in Appendix B. 

In addition, we assign different numerical values for different statements in the outlook, 

i.e., negative, stable or positive. As a result, there are several numbers for each rating 

grade. In addition to this (regular) outlook, S&P occasionally states that it will consider a 

                                                 
9 Default dummies, by contrast, give no instant indication of the risk of default. They only provide an ex-

post assessment of whether a default has occurred or not. They cannot be used as risk indicators for 

investors trying to measure the country default risk on their investment.  

10 See http://www2.standardandpoors.com. 
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particular borrower for a possible rating change (i.e., put it on a “watch list”) in the near 

future. We include this information by adding or subtracting 0.5 from the integer value 

corresponding to the current rating. Since we assume a nonlinear relationship between 

country default risk and ratings, we calculate the natural log of the resulting numerical 

values, as done in other studies.  

 We employ secondary market spreads rather than issuing spreads for several 

reasons. First, it avoids disturbances resulting from the issuance bias explained in Section 

2.4. Second, prices and the corresponding spreads of secondary markets result from the 

processing of information by a number of market participants and from their interaction. 

Primary spreads, by contrast, are determined by issuers and banks who execute the 

issuing process and may deviate from the market price. Finally, including secondary 

market spreads widens the pool of opinions from a small group of experts at a rating 

agency to the multitude of participants in financial markets.  

The data from JP Morgan’s EMBI+ used in our analysis is the average of data 

from the most liquid bonds. Using these averaged numbers rather than data from single 

issues curbs the influence of potential price distortions concerning single issues. We 

consider so-called stripped spreads, which are derived from adjusted prices that result by 

subtracting collaterals from the observed prices.11  

 

                                                 
11 Both Eurobond and Brady bond data are included in the calculation of the EMBI+. Brady bonds are 

typically collateralized. Thus, stripped spreads (where the collateral is subtracted from the observed prices) 

reflect country default risk better than “raw” blended spreads.  
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4.2 Potential Determinants of Country Default Risk 

In the following, we discuss the causal variables used in the application of the MIMIC 

model, which describe potential determinants of latent country default risk. In specifying 

these variables we use the results of the literature discussed in Section 2. A great number 

of different variables were found to be significant in other papers, which are presented in 

Table B.1 Panel A and B in the Appendix B. In considering these results, we cannot 

identify variables or groups of variables that are specifically related to either spreads or 

ratings. For both types of indicators, more or less the same variables were found to have 

explanatory power. Nevertheless, the results between papers differ – even for papers that 

use the same type of indicator. The literature often approximates the same causes for 

country default risk with slightly different variables (resulting from slightly different 

definitions or different numerators). It follows that a large number of (slightly) different 

variables is used in the literature. Including all of these variables simultaneously would 

be problematic due to multi-collinearity. Thus, we choose the most popular variables for 

our analysis.  

The explanatory variables found in the literature can be divided into several 

groups. One important group comprises rather general measures of the country’s current 

economic state of development and its future prospects. While GDP per capita reflects a 

country’s current situation, its investment ratio is related to its future development since 

investment fosters economic growth. Keeping in line with the literature, we expect these 

variables to have a negative influence on country default risk, i.e., higher values of the 

explanatory variables correspond to lower country default risk.  

A second group of variables is concerned with the external sector of the economy. 

An important variable is the ratio of the sum of exports and imports to GDP, a measure 
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of a country’s openness. According to the theoretical literature focusing on a country’s 

(un)willingness to pay as a major cause of debt crises (see Section 2), more open 

countries are less willing to default on their debt than less open countries as the costs of 

trade disturbances – typically associated with a default – are higher. Consequently, more 

open countries’ default risk is lower, i.e., the expected sign of openness is negative. 

Other variables related to the external sector reveal whether a country is able to 

accumulate foreign exchange for the purpose of debt servicing. Of course the existing 

foreign exchange reserves itself are important in this respect. We use reserves to imports 

and reserve growth in our analysis since these variables were frequently found to be 

significantly (negatively) correlated with country default risk in the literature. Besides the 

existing foreign exchange reserves also foreign exchange inflows caused by international 

trade are important. Thus, we include the trade balance and the growth rate of exports in 

our analysis. Better terms of trade are important as well because they increase a country’s 

ability to accumulate resources for debt servicing.  

In addition to the ability to provide funds for debt servicing, the payment 

requirements resulting from outstanding debt are also found to be significant in the 

literature. Thus, we include total debt to GDP in our analysis. This variable rather 

measures possible solvency problems, whereas we additionally want to consider liquidity 

issues. Thus, we use the debt service ratio, i.e., short-term debt payment requirements to 

exports, as many other studies do. The more recent literature emphasizes that not only the 

amount of debt but also its composition is critical. Here, especially, the ratio of short-

term to total debt (or to long-term debt) plays a decisive role, whereby the higher the 

ratio, the higher the country default risk. Thus, we expect a positive sign for the variables 

measuring the level of debt and the fraction of short-term to total debt.  
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The last group of country-specific determinants of country default risk is related 

to the monetary situation. Several studies consider these indicators as the monetary sector 

influences the economic performance and, hence, the ability to service debt. We use 

inflation and changes in the money supply in our analysis, which are found to be 

positively correlated with country default risk in the literature.  

Besides these country-specific variables, the US interest rate as an indicator of 

changing lending conditions in the world economy is analyzed in several studies. The 

literature is divided over the influence of the US interest rate: some studies find it to be 

significant while other do not.12 

 

5. Results 

In the application of the MIMIC model, we consider annual data from 31 countries from 

1994 to 2006. The sample is determined by the availability of data on EMBI+ spreads and 

ratings. This implies also that the time series for some countries start after 1994. We 

consider annual data for two reasons: first, we are interested in the long-term rather than 

short-term determinants of default risk; and, second, many of the economic variables are 

not available at a higher frequency.  

 

5.1 Causal Variables  

We consider the standardized coefficients to examine the relative effects of the causes on 

the dependent, latent variable. The standardized coefficients indicate the response of the 

                                                 
12 As shown in table B1, Eichgreen and Mody (1998) and Arora and Cerisola (2001) find significant 

influence of the risk-less US interest rate, whereas Min (1998) and Kamin and von Kleist (1999) find the 

US rate to be insignificant.  
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latent variable, ceteris paribus, for a one standard deviation-change in an explanatory, 

causal variable (Bollen, 1989).13  

 

 

Figure 2 presents the concrete path diagram for our benchmark model, which includes at 

least one important variable from each group.  

 

[Insert Figure 2 about here] 

 

Clearly, most variables belonging to the same group are highly correlated, which 

hampers the analysis of significant influence. Thus, we run several regressions where we 

exchange a causal variable for a different variable from the same group.14 Column 1 of 

Table 1 presents the results for the benchmark model, and columns 2 thru 7 the results 

for the alternative models.15  

 

[Insert Table 1 about here] 

 

                                                 
13 The standardized coefficients are calculated as jjiiji

s
ji σσγγ ˆ/ˆˆˆ = , where the subscript s indicates the 

standardized coefficient, i denotes the causal and j the latent variable, and iiσ̂  and jjσ̂  are the predicted 

variances of the thi  and thj  variable, respectively. 

14 As in the regression models typically used in the literature, the time series in MIMIC models are assumed 

to be stationary. We test this hypothesis and find all variables used in the estimations to be stationary. 

Results are available upon request. 

15 All calculations have been carried out using LISREL® 8.80. 
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The benchmark model reveals that openness is the most important variable to 

explain country default risk, followed by GDP per capita and the inflation rate. The 

corresponding standardized coefficients are -0.37, -0.28, and 0.26, respectively. Total 

debt to GDP is also significant. Overall, the importance of these variables is robust across 

all estimated model specifications. 

Our analysis confirms most of the literature’s results with respect to significant 

explanatory variables. GDP per capita and the investment ratio are significant with the 

expected negative sign for all specifications. The same holds true for openness of the 

economy and total debt (to GDP). The debt service ratio is significant with the expected 

positive sign for all specifications with the exception of model 3.  

In model 2 we exclude the debt service ratio from the benchmark model 

specification to test the influence of the ratio of short-term to total debt, for which we do 

not find significant influence. The fact that – in contrast to composition of debt – the 

other debt figures are significant indicates that indebtedness influences country default 

risk, regardless of whether solvency or liquidity aspects are considered.  

We do not find significant influence for the terms of trade or for trade balance to 

reserves (tested in model 5), which is in line with the findings of some other papers. Still, 

the significantly (negative) influence of export growth (as shown by model 3) indicates 

that the external sector and a country’s ability to acquire foreign exchange through trade 

does influence country default risk. High existing reserves reduce country default risk 

significantly as well since reserve growth (at least for some specifications) and reserves 

to imports (model 4) show significant influence.  

The monetary variables are also significantly related to country default risk, 

regardless of whether we consider the inflation rate or changes in money supply (model 
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6). Higher measures of both variables increase country default risk. The US interest rate 

is, by contrast, not found to be significant (model 7). Thus, our results contribute to the 

debate in the literature on whether the US rate is important to country default risk or not 

by providing evidence that this is not the case.  

 

5.2 Indicators  

As explained in Section 3, estimation of a MIMIC model requires the normalization of 

one indicator for the latent variable. Moreover, latent variables have no inherent units of 

measurement. Typically, researchers assign units of measurement and set the coefficient 

of one indicator variable to non-zero. The metric scale of the latent variable then 

corresponds to that of the selected indicator. If no consensus about the measurement of 

the latent variable exists, the indicator selected to fix the scale is arbitrary and does not 

affect the estimation results (Bollen, 1989).  

In our MIMIC model, we fix the coefficient of the S&P ratings to 1. We choose to 

set the rating as the fixed indicator because if a country defaults the rating agencies 

assign a “default” rating, i.e., every country that defaults receives the same rating and, 

thus, the same index value.16 Observed spreads, on the other hand, differ widely between 

different defaulted countries (although they are very high for every defaulted country).17  

Turning to the interpretation of the indicators, we see that they are consistent for 
                                                 
16 To be precise, in the case of S&P there are two possible default ratings: ‘D’ for default and ‘SD’ for 

selected default. The two ratings are nevertheless much more alike than observed spreads within default 

countries.  

17 Even defaulted bonds are not completely worthless after a default since the bond holder can expect a 

certain non-zero recovery rate. Since these expected recovery rates differ across countries, the spreads of 

defaulted bonds differ widely. 
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all estimated specifications. As expected, we always find a strong, significant, positive 

relationship between country default risk and EMBI+ spreads, which confirms the 

findings of the existing literature. Both EMBI+ spreads and ratings appear to be reliable 

indicators of country default risk. The slight difference between the standardized 

coefficients for both variables leads us to the conclusion that (under the assumptions of 

the MIMIC approach) the S&P ratings do a slightly better job of indicating country 

default risk than the EMBI+ spreads.  

 

5.3 Examining the Models’ Fits 

A variety of overall fit measures are available to examine the validity and reliability of 

MIMIC models. They range from absolute fit indices, which directly assess how well the 

predicted covariances reproduce the sample covariances, to information criteria, which 

are comparative in nature. Table 1 reports the main goodness-of-fit statistics, such as the 

chi-square statistics and the goodness-of-fit index (GFI), together with the degrees of 

freedom. All other statistics are presented in Table B.4 in Appendix B.  

The absolute fit measures of the benchmark model, i.e., the GFI and the adjusted 

goodness-of-fit index (AGFI), produce values larger than 0.90. This reflects a good fit of 

the model. With a value significantly higher than 0.50, the parsimony goodness-of-fit 

index (PGFI) confirms the model’s good performance (Mulaik et al., 1989). The chi-

square statistic tests whether the model fits the data perfectly, i.e. ( )θ= ΣΣ .18 The root 

                                                 
18 The chi-square statistic tests the specification of the model against the alternative hypothesis that the 

covariance matrix of the observed variables is unconstrained. Here, smaller values indicate a better fit, i.e., 

a smaller chi-square does not reject the null hypothesis that the model reproduces the sample covariance 

matrix of causes and indicators.  
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mean squared error of approximation (RMSEA) shows how well the model would fit the 

population covariance matrix if the optimal but unknown parameter values were 

available.19 A value below 0.05 indicates a good fit (Browne and Cudeck, 1993). This is 

the case for all estimated model specifications. 

Another useful indicator for the evaluation of a model’s overall fit is the expected 

cross validation index (ECVI), which measures the discrepancy between the fitted 

covariance matrix and the expected covariance matrix in another sample of equivalent 

size. Thus, the ECVI assesses how likely a model is to cross-validate across samples.20 

As the ECVI is below the ECVI of both the independent and saturated models, the 

model’s fit is acceptable (Byrne, 1998). 

The comparative information criteria examine a model’s fit while taking its 

parsimony into account. A widely used comparative information criterion is the Akaike 

information criterion (AIC). A model fits the data well if its AIC is smaller than the AIC 

of the independent and saturated models. This is the case for the benchmark model as 

well as for all other estimated MIMIC model specifications.  

Based on all goodness-of-fit statistics, we conclude that the benchmark model fits 

the data reasonably well and is sufficiently parsimonious. This result is also robust across 

all estimated MIMIC model specifications except for specification 3 where the AIC 

indicates a slightly less favorable fit. 

                                                 
19 In other words, the RMSEA measures the model’s fit based on the difference between the estimated and 

the actual covariance matrix. 

20 The ECVI must be compared to the ECVIs of the independence and the saturated models. The former 

model is a model of complete independence between the variables while the number of parameters in the 

latter model is equal to the number of variances and covariances among the observable variables. 
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6 Conclusion 

In this paper, we examine the determinants of country default risk using a MIMIC model. 

This approach accounts for the fact that country default risk – even ex-post – is an 

unobservable quantity that can be only approximated with observable indicators. 

Contrary to regression models typically used in the literature, where one single indicator 

is used to identify country risk, the MIMIC approach enables us to consider more than 

one indicator to identify the latent country default risk. We employ country default risk 

assessments based on two types of indicators: bond spreads, provided by JP Morgan’s 

Emerging Market Bond Index+, and ratings, provided by Standard and Poor’s. Since the 

use of more than one indicator likely improves the approximation of the latent variable, 

we may be able to yield more precise results and, thus, verify the results of the literature 

with respect to our research question: what are the main determinants of country default 

risk.  

 Our results confirm most of the literature’s findings refute others, and provide 

new evidence for issues still being debated. We find that the most important determinants 

of country default risk are openness, GDP per capita, and inflation. The investment ratio, 

foreign exchange reserves, changes in the money supply, total debt to GDP, and the debt 

service ratio are also significant. Contrary to some previous papers, we do not find 

significant influence for the composition of debt, i.e., the ratio of short-term to total debt. 

With respect to the controversially discussed US interest rate, our results support the 

strand of the literature that objects a significant influence of this variable on country 

default risk. 
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 The overall fit is quite good for every specification and both types of indicators 

approximate the latent country default risk nearly equally well. All in all, the MIMIC 

approach yields plausible and interesting results that confirm most previous findings. 

Additionally, it enables a more accurate risk approximation by including more than one 

indicator.  
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Table 1. Results of MIMIC Model Estimations 
Causes:  Specification: 1 2 3 4 5 6 7 
GDP per capita -0.28*** 

(-7.21) 
-0.27*** 
(-8.63) 

-0.20*** 
(-5.29) 

-0.28*** 
(-7.32) 

-0.30*** 
(-7.62) 

-0.33*** 
(-8.76) 

-0.27*** 
(-6.82) 

Investment ratio -0.15*** 
(-3.96) 

-0.19*** 
(-5.50) 

-0.09*** 
(-2.63) 

-0.17*** 
(-3.93) 

-0.17*** 
(-4.23) 

-0.21*** 
(-5.01) 

-0.14*** 
(-3.72) 

Total debt / GDP 0.25*** 
(7.22) 

0.28*** 
(7.57) 

0.32*** 
(8.84) 

0.23*** 
(6.88) 

0.21*** 
(5.98) 

0.21*** 
(6.15) 

0.28*** 
(8.65) 

Short-term debt / exports 0.10*** 
(3.20) 

 0.03 
(0.89) 

0.13*** 
(4.89) 

0.12*** 
(3.54) 

0.15*** 
(4.07) 

0.10*** 
(3.13) 

Short-term debt / total debt  -0.03 
(-0.98) 

     

Reserves growth’ -0.06 
(-1.47) 

-0.07** 
(-1.98) 

-0.10*** 
(-2.47) 

 -0.06 
(-1.58) 

0.01 
(0.22) 

-0.06 
(-1.59) 

Reserves / Imports ratio    -0.07* 
(-1.80) 

   

Trade balance / Reserves     0.03 
(1.34) 

  

Change of the Term of trade -0.01 
(-0.24) 

-0.01 
(-0.16) 

 0.00 
(0.04) 

 -0.01 
(-0.25) 

-0.02 
(-0.44) 

Exports growth’   -0.12*** 
(-2.71) 

    

Inflation rate 0.26*** 
(11.36) 

0.25*** 
(11.14) 

0.25*** 
(10.76) 

0.26*** 
(11.51) 

0.27*** 
(11.49) 

 0.24*** 
(11.05) 

Change of money supply      0.18*** 
(5.06) 

 

Openness -0.37*** 
(-9.38) 

-0.41*** 
(-12.27) 

-0.47*** 
(-12.13) 

-0.36*** 
(-8.38) 

-0.37*** 
(-9.48) 

-0.34*** 
(-8.76) 

-0.40*** 
(10.432) 

US interest rate       -0.01 
(-0.30) 
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Indicators: Specification: 1 2 3 4 5 6 7 
EMBI+ spreads 0.86*** 

(27.51) 
0.88*** 
(28.73) 

0.86*** 
(31.25) 

0.84*** 
(27.23) 

0.84*** 
(27.51) 

0.80*** 
(23.54) 

0.88*** 
(29.53) 

S&P ratings 0.98 0.96 0.98 0.98 0.98 1.00 0.97 
Goodness of Fit Indices:        
No. of observations 242 242 242 242 242 242 242 
Degrees of freedom 43 43 43 43 43 43 43 
Chi-square 50.05 54.84 119.53 25.20 66.20 62.83 79.48 
GFI 0.96 0.95 0.91 0.98 0.95 0.95 0.96 
RMSEA 0.03 0.3 0.09 0.00 0.05 0.04 0.05 
Note: t-statistics in parentheses; * Significance at the 10% level, ** Significance at the 5% level, *** Significance at the 1% level.
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Figure 1. Structure of a MIMIC Model 
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Figure 2. Path diagram of benchmark model 1 
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Appendix A: Deriving the MIMIC Model’s Covariance Matrix 

 

The MIMIC model’s structural and measurement equations are ς+′=η xγ  and 

ελy +η= , respectively. It assumes that the variables are measured as standardized 

deviations from their mean and that the error term does not correlate to the causes, i.e. 

0)()()( =ς==η ExEE  and 0)()( =′ς=ς′ xExE . The indicators are also standardized 

deviations from their mean, i.e. 0)()( == εEyE , and the error terms in the measurement 

model do not correlate either to the causes x  or to the latent variable η . Hence, 

0)()( =′=′ xεEεxE  and 0)()( =η′=′η εEεE . A final assumption is that the śε  do not 

correlate to ζ , i.e. 0)()( =′ς=ς′ εEεE . Expressing the MIMIC model in terms of 

covariances gives: 

⎟
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⎜
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⎛ ′
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x
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xyCovyVar

θΣ   
)(),(
),()(

)( . 

After taking the transposes, multiplications, and making use of the assumptions that: 

1. the variables are measured as deviations from mean, i.e. 

0)()()()()( ===ς==η εEyEExEE ; 

2. the error terms do not correlate to the causes, i.e. 0)()( =′ς=ς′ xExE  and 

0)(E)( =′=′ xεεxE ; 

3. the error terms do not correlate across equations, 0)()( =′ς=ς′ εEεE ; and, 

4. the errors of the measurement model do not correlate to the latent variable, i.e. 

0)()( =η′=′η εEεE ; 
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we distribute the expectation operator and can thus derive both the variance and 

covariance between the observable variables. By doing this, it follows that: 

( ) ( )( )
( )
( )
( )( )
( )

( ) ε

ε

ε

ε

ΘλΦγγλ
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, 

( ) ΦxxE =′ . 

Thus, εΘ  is the covariance matrix of the error terms in the measurement model; ψ  is the 

variance of the error term in the structural equation; and, Φ  is the covariance matrix of 

the causes. Finally, the covariance matrix of the MIMIC model is: 

( )
⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
′

′+′ψ+′
=

ΦλΦγ
ΦγλΘλΦγγλ

θΣ ε )
)( . 



37/42 

Appendix B: Tables 

Table B.1. Literature review on country default risk 

Panel A: Studies with bond spreads and/or ratings 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.  
 

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.  

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 dummy, 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 dummy (Yen, Non 
USD), Time dummies. 

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. 

Afonso 
(2001) 

June 2001,  
81 countries. 

GDP per capita, external debt, stage of economic 
development, default history, real growth rate, 
inflation rate. 

Mulder and 
Perrelli 
(2001) 

1992 -1995, 
25 countries. 

Debt over exports, default history, fiscal balance , 
output growth, log of inflation, investment ratio to 
GDP, external current account deficit. 

Rowland 
(2004) 

July 2003, 
50 countries. 

GDP per capita, the economic growth rate, the 
inflation rate, 
external debt ratio, debt-service ratio, the level of 
international reserves, openness of the economy. 

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. 
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Table B.1. Literature review on country default risk 

Panel B: Studies with a 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. 

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) 

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 treasury bills, 
Growth rate of GDP, Dummy for inflation rate 
above 50%, Dummy for past defaults, Index of 
political freedom, Dummy for years with 
presidential election. 
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Table B.2. Ratings conversiona 

S&P Rating Numerical Values 

AAA 1-2 

AA+ 3-5 

AA 6-8 

AA- 9-11 

A+ 12-14 

A 15-17 

A- 18-20 

BBB+ 21-23 

BBB 24-26 

BBB- 27-29 

BB+ 30-32 

BB  33-35 

BB- 36-38 

B+ 39-41 

B 42-44 

B- 45-47 

CCC+ 48-50 

CCC 51-53 

CCC- 54-56 

CC 57-59 

C 60-62 

SD/D 63/64 
a) The numerical value is specified depending on the 

outlook: positive is means the lowest number, stable 

the second lowest number and negative the highest 

number.  
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Table B.3. Data sources and definitions 

No Variable Description / Source 

I 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®. 
 

II S&P’s Sovereign 
ratings  

Numerical values calculated by taking the natural 
logarithm of the values numerical values 
corresponding to the different ratings as shown in 
Table 2. 
 

1 GDP per capita (US$, 
thousands) 

The data on GDP per capita is provided by 
DataStream®. The original source is the Economist 
Intelligence Unit. 
 

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

3 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. 
 

4 Debt service ratio, i.e. 
short-term debt 
payments to exports 
 

Data on short-term debt is provided by Datastream®. 
The original source is Economist Intelligence Unit.  
 

5 Short-term debt / total 
debt 

See row 3 and 4 for the short-term and total debt, 
respectively.  
 

6 Reserves growth Foreign exchange reserves comprise foreign exchange 
reserves plus gold. The data is provided by 
DataStream®. The original source is the Economist 
Intelligence Unit.  
 

7 Reserves / imports 
ratio 

See row 6 for a description of reserves. The data on 
imports is provided by DataStream®. The original 
source is International Financial Statistics. 
 

8 Trade balance / 
reserves 

See row 6 for a description of reserves. Data on terms 
of trade is provided by DataStream®. The original 
source is the Economist Intelligence Unit. 
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9 Change of the term of 

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

10 Exports growth’ The Data on exports is provided by DataStream®. The 
original source is International Financial Statistics. 
 

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

12 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.  
 

13 Openness: (imports + 
exports) / GDP 
 

See No. 3, 7 and 10 for GDP, imports and exports, 
respectively. 

14 US interest rate Describes the short-term (one-year) US interest rate, as 
specified by the OECD and provided by DataStream®.  
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Table B.4. Further goodness-of-fit statistics of the MIMIC models 

Goodness-of-Fit Statistics Specification       

 1 2 3 4 5 6 7 

AGFI 0.95 0.94 0.88 0.98 0.94 0.93 0.95 

PGFI 0.75 0.74 0.71 0.77 0.75 0.74 0.77 

ECVI 0.31 0.33 0.60 0.28 0.37 0.36 0.44 

ECVI Independence Model 3.15 1.84 3.19 3.32 3.58 2.97 0.55 

ECVI Saturated Model 0.46 0.46 0.46 0.46 0.46 0.46 0.46 

AIC  74.05 78.84 143.53 49.20 90.20 86.83 105.48 

AIC Independence Model 757.96 442.44 813.69 798.93 862.04 760.15 843.90 

AIC Saturated Model 110.00 110.00 110.00 110.00 110.00 110.00 110.00 

 

 


