Assessing Country Risk: Selected Approaches1
B.

Real Risks

I. Growth Crises in Low-income Countries (LICs)
This methodology is documented in an IMF Board paper (IMF 2011a) and Working Paper (Dabla
Norris and Bal Gunduz, 2012).

Growth Decline Vulnerability Index (GDVI)2 3
Motivation
The GDVI provides early warning signals of a growth crisis in the event of large external
shocks in LICs. This tool relates the likelihood of a sharp growth decline occurring in the event of a
large exogenous shock to various economic and structural variables. The resources, instruments and
policy buffers needed to absorb or mitigate shocks are often unavailable in LICs or difficult to
implement in weak institutional and policy environments. In this regard, the GDVI helps to ascertain
the potential sources of vulnerabilities (institutional, fiscal and external) and constitutes a useful tool
for pre-emptive policy action.
Methodology
Dependent variable: real output drops following shocks
Large negative shocks events in LICs are identified if the annual percentage change of the
relevant variables falls below the 10th percentile in the left tail of the country-specific
distribution.4 In particular, shock episodes include one or more of the following five shocks
occurring over the post-1990 period: (i) external demand; (ii) terms of trade; (iii) FDI; (iv) aid; and (v)
remittances.5 Within the sample of identified shock episodes, a growth crisis is defined as a large
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Defining large negative shocks over country-specific distributions better captures cross-country heterogeneity
among LICs, particularly with respect to other economic structure and vulnerability to external shocks. It means that
each country experiences the same frequency of shocks, so that the focus is on the reaction to the shock.
4

5

FDI, aid, and remittances are measured as ratios to GDP.

2
real output drop when the following two conditions hold; (i) the post-shock two-year average (t and
t+1) level of real output per capita falls below the pre-shock three-year average; and (ii) output per
capita growth is negative at time t.
Selection of vulnerability indicators
Several indicators were considered, based on empirical studies of growth declines and
protracted growth slowdowns in the event of exogenous shocks. Those that were retained can
be constructed for a majority of LICs and capture the flow and stock vulnerabilities in the external
and public sectors as well as institutional weaknesses:
Overall economy and institutions: real GDP growth; the World Bank’s Country Policy and
Institutional Assessment Index; the Gini coefficient, natural disasters (proxied by number of people
affected by natural disasters in percent of population) and the country-specific average of real GDP
per capita growth over the sample period. The latter captures cross-country differences in
underlying structural and institutional conditions. The long-run historical performance of income per
capita can capture shock amplifiers that are not already in the index, such as relative diversification
of trade and production, a broader measure of inequality, and the broader impact of weaker
institutions.
External sector: exchange market pressure index (a composite index, comprising depreciation of
the exchange rate and change in the stock of international reserves (in months of imports of goods
and services)); reserve coverage (gross international reserves in months of imports); real growth of
exports of goods and services; growth in trading partners weighted by lagged exports to GDP; and
change in export prices weighted by the ratio of lagged exports to GDP. The last two variables
capture exposure to trade-related shocks, as countries experiencing larger shocks are more likely to
suffer severe growth declines when shocks materialize.
Fiscal sector: overall fiscal balance in percent of GDP; public debt in percent of GDP; and real
government revenue growth.
Most explanatory variables are lagged by one year, except for the variables capturing exogenous
shock size, and are thus predetermined with respect to the crisis event.
Estimation of thresholds
The estimation of thresholds for growth crises for each indicator is based on a “signaling
approach (see Box 1 in the reference note).6 This entails examining a range of individual indicators
to identify variables and thresholds that separate crisis from non-crisis cases. For each of the
individual indicators, the approach involves searching for a split that minimizes the combined
percentages of missed crises and false alarms. Thresholds that yield the best split are used to map
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indicator values into zero–one scores. These indicators are then aggregated into sectoral indices
using weights that depend on the individual indicator’s ability to discriminate between crisis and
non-crisis cases. The overall index, which ranges from zero (low risk) to one (high risk), is a summary
measure of underlying vulnerabilities to a growth decline.
Data sources
WEO, IFS, IMF staff reports, World Bank, and EM-DAT.
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II. Growth Tracker7
Motivation
This tool assesses growth risks. It reflects quarterly changes in underlying growth, where
underlying growth is estimated using a dynamic factor model (DFM) and a wide variety of monthly
indicators for each country. The methodology is the same as that used for the growth tracker, which
appears in Chapter 1 of the October 2010 WEO and Matheson (2014).8
Methodology
The DFM assumes that real GDP growth 𝒚𝒕 can be decomposed into a common component
𝝌𝒕 and an idiosyncratic component 𝜺𝒕 . The common component captures the bulk of the
covariation between growth and a wide range of economic indicators, while the idiosyncratic
component is assumed to mainly only affect growth:
𝑦𝑡 = 𝜇 + 𝜒𝑡 + 𝜀𝑡 , where 𝜀𝑡 ~𝑁(0, 𝜓)
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where 𝜇 is a constant and 𝜒𝑡 = Λ𝐹𝑡 , with 𝐹𝑡 = (𝐹1𝑡 , … , 𝐹𝑟𝑡 )′ and Λ = (𝜆1 … , 𝜆𝑟 ). The common
component is thus related to growth through a linear combination of a small handful of 𝑟 common
factors 𝐹𝑡 . The common factors themselves are, in turn, estimated using information from a
potentially large set of economic indicators. For each country, it is the common component of
growth that is used as the growth indicator.
The dynamics of the common factors are captured by the following vector autoregressive process:
𝜌

𝐹𝑡 = ∑𝑖=1 𝛽𝑖 𝐹𝑡−𝑖 + 𝐵𝜈𝑡 , where 𝜈𝑡 ~𝑁(0, 𝐼𝑞 )
where the 𝛽𝑖 𝑠 are 𝑟×𝑟 matrices, 𝜌 is the lag length of the process, 𝐵 is an 𝑟×𝑞 matrix, and 𝑞 is the
number of underlying common shocks driving the economy. The number of static factors 𝑟 is
generally assumed to be large relative to the number of common shocks in order to capture the
dynamic relationships in the economy.9
The growth tracker is a centered 7-month-moving average of the estimated common
component of growth for each country. Quarterly changes in the growth tracker are used to
determine whether underlying growth is rising and falling. Risk assessments are based on whether
underlying growth is increasing, decreasing by less than the sample median, or decreasing by more
than the sample median.
Data sources
For each country, close attention has been paid to choosing data from a broad cross section
of the economy. Given inadequate data quality, for some countries, a multi-step procedure for
cleaning the data of outliers and missing observations has been employed. The vast majority of the
series are measured at the monthly frequency, with the remaining series measured at the daily and
quarterly frequency. All series are converted to the monthly frequency and, where required, they
have been transformed to be devoid of long-run trends (non-stationarity) prior to estimation of the
DFM.10 The number of series used also varies across countries depending on available data, ranging
from 97 series for Kazakhstan to 290 for Sweden All data are sourced from Haver. See Matheson
(2014) for more details.
Broadly speaking, the data were chosen to cover the following categories:
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Activity (surveys) – includes PMIs, consumer and business confidence etc.



Activity (hard data) – includes retail sales, industrial production etc.



Trade – includes exports, imports, exchange rates etc.



Financial Conditions – includes interest rates, equity prices, credit conditions etc.



Employment and Income – includes employment, wages etc.



Prices and Costs – includes PPIs, CPIs, inflation expectations etc.
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III. Short Term Inflation Model11
Motivation
This tool generates inflation and deflation risk indicators, based on the one-year-ahead inflation
forecast density from a Bayesian vector autoregression (BVAR) model.
Methodology
The short-term inflation forecasts (STIF) module is based on a five variable BVAR model
estimated separately for each country. The set of variables are common across all countries: the
quarterly WTI oil price growth, real GDP growth, CPI inflation, the short-term policy rate, and the 10year interest rate spread. The priors are chosen to maximize the model’s out-of-sample forecast
accuracy. The model is estimated using the dummy observations approach described in Banbura
and others (2010), and the forecast density is computed based on the stationary posterior
distribution of the model’s parameters.
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The STIF generally outperforms other standard forecast models. STIF module forecasts were
compared with 3 other standard forecasts on a sample of ten countries with a reasonably long time
series over the period 2000Q1–2010Q1.12 For all ten countries, the STIF outperforms the random
walk and standard VAR model. The STIF also generally outperforms an AR(p) model.
Inflation and deflation risk assessments are based on the model’s predictive posterior
distribution. To do this, the model calculates the posterior probabilities that one-year-ahead
inflation will exceed or fall below the authorities stated inflation target band, and the probability of
outright deflation.13
Data Sources
All the data are collected from the Haver and International Financial Statistics databases. The sample
size varies across countries depending on availability, and the earliest sample period begins in
1975Q1.
References
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IV. Monetary Conditions Gap14
Motivation
This tool generates output growth and inflation risk indicators, on the basis of the deviation of
monetary policy from the policy norm implied by a simple Taylor rule. Countries may be considered
vulnerable to growth declines or overheating if monetary policy is excessively tight (e.g. if
constrained by the zero lower bound) or loose (e.g. in the case of fiscal dominance).
Methodology
The monetary conditions gap is estimated as the deviation of the actual monetary policy rate from
the Taylor-Rule implied rate, which is a function of the neutral interest rate, output gap, and inflation
The forecast evaluation is done using the latest vintage of data and therefore does not capture the real-time
nature of data releases.
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gap defined as deviation of actual inflation rate from inflation target. Positive gaps represent tighter
monetary conditions than the policy-implied optimal monetary condition. Tight (loose) monetary
conditions predict the accumulation of excess supply (demand) pressure. Additionally, the estimated
output gap based on staff’s latest WEO forecasts is used as a supplementary indication of inflation
risks, where large positive gaps signal future risks of inflation while negative gaps indicate a risk of
deflation.
Data sources
Data are collected from the Haver, WEO database and International Financial Statistics databases.

