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Introduction & Background

A sovereign debt crisis occurs when a national government is on the verge of defaulting on the money it has
borrowed from other countries, international investors, and major banks. These crises are far from being
rare and have in fact been a recurring feature of the global economy for centuries, impacting nations from
every part of the world.

A country facing a debt crisis loses the trust of its lenders which triggers a cascade of devastating
consequences. This typically includes severe economic recessions, crippling unemployment, and
considerable cuts to essential public services like education and healthcare. Needless to say, the effects of
sovereign debt crises are felt by millions of a country’s citizens and frequently impact the broader global
economy as well.

Problem Definition & Motivation

The problem we are trying to address is about countries at risk of a debt crisis and how they can prevent
such a crisis from happening. In order to avert it, the country needs to be able to recognize that it is in
danger early on, so we want to try to figure out what the main risk factors are that can indicate a country is
in danger of a debt crisis in the near future.

The need for a solution to this problem is motivated by the fact that the consequences to a country that
reaches a debt crisis can be devastating to both its economy and reputation. The debt will hurt the country
internally with the economic recession that this leads to, which the citizens of the country will feel. It will also
decrease the opinion the rest of the world has of the country in crisis, as other countries and investors will
not trust it enough to be able to repay borrowed money. The best way to avoid this is to avoid reaching the
crisis point in the first place, which is why a country needs to be able to tell when it is at risk.

Literature Review

After reviewing the literature, we found that Sovereign debt crises have long been linked to macroeconomic
fundamentals. While Manasse and Roubini [2] point to inflation, slow growth, and weak institutions as
important risk factors, Reinhart and Rogoff [1] demonstrate that high debt loads and external imbalances
frequently precede defaults. These indicators are also used by the IMF’'s Early Warning Systems [3], despite
the fact that complex, nonlinear relationships are difficult for traditional econometric models to handle.
Recent research shows that predictive accuracy can be increased through machine learning. Tree-based
approaches perform better than regressions, according to Ciarlone and Trebeschi [4], while Barrell et al. [5]


https://github.gatech.edu/pages/lzhou330/CS-4641-Group-71/

demonstrate that ensemble approaches improve crisis forecasting. These findings support our application
of supervised machine learning to improve prediction and systematically assess macroeconomic indicators.

Data Preprocessing Overview

Dataset Description

The dataset for this project consist of a selection of macroeconomic and financial indicators from the World
Bank Open Data portal. The indicators we track for each country are GDP growth rate, inflation rate,
domestic credit to the private sector as a percentage of GDP, current account balance as a percentage of
GDP, and total reserves. The data ranges from 1961 to 2024 and includes coverage of 68 different
countries. For labelling our data, we used Harvard Business School's “Global Crisis Data by Country”,
particularly using their external debt crisis data.

Our final dataset ended up having 3526 complete rows. In the screenshot below, you can see our data
sorted by country, with the label column on the far right signifying if that country did or did not experience a
debt crisis in the next 3 years.

Count Year pdp_growth_i gdp_growth_ gop_growth_{ inflatien_me: inflation_std! inflation_tres domestic_cn domestic_cm domestic_cn current_acct cumment_accd current_accd total_reserve total_reserve total_reserve target_crisis_next_3y
EEIIB 1964 -0.60BOEG4 787601586 3.B0976307 -0.0B5E371 -0.0831471 -0.081586 -1.060057 -0.8438892 -0.1783234 09271243 -0.B052171 -00267048 -0.2196815 -0.1983285 -0.1217302 1]
Algeria 1965 04513762 750838408 48090036 -0.0B56371 -0.0831471 0061598 -1.0601106 0543302 01781515 002708814 -0.B062084 00267307 -0.2197778 -0.1903351 -0.1214288 a
Mgeria 1966 018057435 7.31886308 014402604 -0.0BS6371 -0.0831471 -0.051596 -LOSD0S74 -0.5438352 -0.178618 09270585 -0.8052752 -0.0263844 -0.2198235 -0.1957611 -0.1197064 1]
Aperia 1967 227293736 504151938 -4.4124674 -0.0B5E371 -0.0831471 -00G1596 -L.0SE9631 -0.6443006 -0.1790605 0592719307 -0.8048374 -00260374 -0.2195187 -0.1979209 -0.1179824 o
Algeria 1968 0.6B41763Z2 142514077 0.08039058 -0.0B56371 -0.0831471 -0.081506 -1.0500636 -0.8441B80 -0.1772477 0.02732033 -0.B046661 -D.0255B83 -0.2191715 -0.1965147 -0.1150048 a
Mpgeria 1969 077043853 148734869 149600614 -0.0B56371 -0.0831471 -0.061598 105808964 08442874 -01774627 052743112 -0.B047514 -0.0258018 -0.2189168 -0.1969685 -0.1166417 o
Mgeria 1970 05611453 154394128 196560853 -0.0B56371 00831471 0061596 10588502 06445223 01782214 052751048 08045971 00263747 02187184 01981342 -0,1196864 ]
Algeria 1971 0492457381 279571886 -3.173561 -0.0B56371 -0.0831471 -0.051596 -L.0588043 -0.6451079 -0.1794979 052763413 -0.8B050758 -0.0265052 -0.2184064 -0.1985237 -0.120Z355 o
Mperia 1972 1.78204794 471348476 101369023 -0.0B56371 -0.0831471 -0.0615896 -1.059713 -0.6440492 -01781069 082772883 -0.BD4B842 -0.026165 -0.2181736 -0.1976718 -0.1186707 o
Mgeria 1973 1.28149813 476002961 0.70737148 -0.0B56371 -0.0831471 -0.061598 -1.0604074 -0.8416368 -0.1749857 0.02610604 -0.B020529 -0.024032 -0.21699%8 -0 1874655 -0.1084731 a
Mgeria 1974 1,21411551 475451283 093476804 -0.0B5E371 -0.0831471 -0.061598 -1.06580155 08381091 -0170%615 052916716 -0.B0O7775 -00213686 -0,2148627 -01760126 -0.0867541 o
Mperia 1975 053999684 4.75203837 095480448 -0.0B56371 -0.0831471 -0.061596 -1.058663 -0.6386183 -0.1718544 052888306 -0.6011032 -0.0220387 -0.2127404 -D.A777287 -0.0885521 o
Ageria 1976 2.35505756 29537102 -2.5542060 -0.0B56371 -0.0851471 -0.051506 -1.058152 -0.6306416 -0.1734108 003081981 -D.E014102 -0.0224087 -0.2104205 -0.179302 -0.1010471 1]
Mperia 1977 0.76428931 -0.4102511 030048713 -0.0B56371 -00831471 -0.081588 -1.0577506 -0.8417296 -0.1758049 093173537 -0.B030222 -0.0243881 -0.2081175 -0 1878458 -0.1101733 o
Algeria 1978 1.15217585 -0.4183177 025054717 -0.0BSGIT1 -0.0831471 0051596 -1.0673372 -0.6416853 -DA755358 050253746 -0.BO257ES 00243415 -0.2061064 -0.1875587 -0.1095464 1]
Mgeria 1979 11509486 -0.4187216 044082173 -0.0B56371 -D.0831471 -0.061596 -1.0G66234 06336246 -0.1670602 09339687 -0.7980266 -0.01866879 -0.2025141 -0.1615799 -0.0828319 a
Aparia 1960 0.B4542152 023551575 -0.96055894 -0.0B56371 -0.0831471 -0.061596 -1.0643265 -0.511844% -0.3725409 0.E3900408 -D322778 -0.4205617 -0.18964122 -0.1443475 -0.0638183 o
Algeria 1981 045860511 023442588 -0D.9282341 -0.0B5E371 -0.0831471 -0.0615068 -1.0718724 -0.4E35203 -0.3232755 070610795 -0.0813961 -D.7706E5E -0.18923832 -0.1481704 -0.0711848 o
MNgeria 1982 05405880 02E498674 -0.7200291 -0.0B56371 -0.0831471 -0.081598 -1.0700023 04826253 -0.3260642 0.BE5507260 0.01268672 -0.537007E -0.1B898707 -0.1615159 -0.1020808 1]
Algaria 1983 026863067 -0.0558374 012938448 -0.0B56371 -0.0831471  -0.061596 -1LO08BATTT -0.5080857 -0.277304 043241076 -0.1267485 -06582887 -0.1885451 -0.168243 -0.1441%61 i]
Ageria 1984 013178603 -0.2267791 0.90556758 -0.0B56371 -0.0831471 -0.061596 -1.0048929 -0.6383531 -0.1715905 032004618 -0.5660571 -0.0686203 -0.1914023 -0.1580824 -0.1655437 1]
Mperia 1965 0.34070565 -0.6121076 0.06663380 -0.0BSE371 -0.0831471 -0.061596 -1.0941637 -0.63096697 -0.1726715 035063671 -0.3998251 0.37317024 -0.1942587 -0.17210976 -0.1405532 o
Mgeiia 1988 0.15400331 -0.1504115 -0.0983068 -0.0B56371 -0.0831471 -0.061508 -1.0927743 -0.8381372 -0.1611289 0.M591746 -0.0142808 -D2867103 -0.1867052 -0.1812627 -0.1278864 a
Mgeria 1987 03568388 002436485 12688023 -0.0B56371 00821471 0061596 10918838 06243081 -01579643 020012820 .0.0080609 -02452466 -0,1574487 01864038 .0.1140785 1]
Mgeria 1988 -0.8154152 0.0338926 -1.2704563 -0.0B5SE371 -D.0831471 -0.061586 -1L0G00642 -06216645 -0.1545533 016283151 018882318 -0. 7084228 -0.1884165 -D.1823585 -0.1216404 1
Aperia 1969 -0.9015853 -0.1330184 0.02255009 -0.0B56371 -D.0831471 -0.0G1596 -1.0GE3197 -0.6244957 -0.1579309 0.0866721E 01581372 -0.5758017 -0.1885341 -0.1816403 -0.1378391 1
Mgeria 1980 -1.1098304 -0.20178655 045602613 -0.0B56371 -0.0831471 -0.0815068 -1.0869283 -0.8343393 -0.16885654 0.1055214 0230483 0.681ES000 -0.200B253 -D.1A25E70  -0.136842 1
Mgeria 1881 -12247244 02134175 008133408 -0.0B56371 00831471  -0.061598 -1.0854872 -0.6245498 -0.1582956 042113833 0.60045086 115087142 -0.2013776  -0.183688 -0,1308348 1
Ageria 1982 10452026 -0.2320473 0032555979 -0.0B56371 00831471  -0.0G1596 -L0VIV036 04315667 -0.D07S533 050767151 065530981 145352831 -0.2024885 -0.1928307 -0.1173334 1
Alperia 1863 -1.12415158 -0.114B312 -DBSE]T -0.0B56371 -D.0831471  -0.061596 -1.06042 -0.4044B05 0.04183076 069777812 0.23261378 054116636 -0.2016353 -0.1905825 -0.1120588 1
Mperia 1984 -1.50477381 -0.5393888 -D.2833576 -0.0B5E371 -0.0831471 -0.061586 -1.0481558 -0.412345 00268026 0.61230267 0.681708332 -12721145 -0.1998983 -0.1782076 -0.0095874 1
Mgeria 1995 -12893523 -0.188BA7A 055884228 -0.0B56371 -0.0831471 -0.081598 -1.0423362 -0.464173% -0.1170881 0.3418171F 104493045 -2 1197433 -0.1981745 -0.1837605 -0.1066873 1

We elaborate on the dataset features in the following section.

Feature explanation

GDP (Annual % growth) measures the annual change in the total value of goods and services produced by a
country. A low or negative growth rate shrinks government tax revenue and makes its debt burden (relative
to its income) larger and more difficult to service. Inflation (average consumer prices, index) tracks the rate
at which consumer prices are rising. High and volatile inflation is a classic sign of economic mismanagement
that erodes investor confidence and can signal that a government is printing money to pay its bills. Domestic


https://data360.worldbank.org/en/search
https://data360.worldbank.org/en/search
https://www.hbs.edu/behavioral-finance-and-financial-stability/data/Pages/global.aspx
https://data360.worldbank.org/en/indicator/WB_WDI_NY_GDP_MKTP_KD_ZG
https://data360.worldbank.org/en/indicator/IMF_WEO_PCPI?recentYear=false&year=2019
https://data360.worldbank.org/en/indicator/WB_CCDFS_PSCY?recentYear=false&year=1993

credit to private sector (% of GDP) shows the total amount of loans given by banks to individuals and private
businesses, relative to the size of the economy. A rapid, unsustainable credit "bubble” can lead to a banking
crisis, which often forces the government to take on massive debts to bail out the financial system,
triggering a sovereign debt crisis. Current Account Balance (% of GDP) measures the difference between a
country’s total income from abroad (mainly exports) and its payments to the rest of the world (mainly
imports), expressed as a share of its economy. A large and persistent deficit (a negative number) signals
that a country is living beyond its means by borrowing heavily from foreigners, which builds up external debt
and makes it highly vulnerable to a sudden stop in lending. Total reserves including gold (current USD) is the
country’s rainy day fund of foreign currency and gold held by its central bank. Since external debt must be
paid in foreign currency (like US dollars), a falling reserve level is a critical danger sign that a country is
running out of the hard cash needed to pay its bills.

We summarized each of the above indicators over a 5 year window to provide the model with a dynamic,
contextual picture of a country’s economic health rather than just a single-year snapshot. The mean
establishes the average level (e.g., "is this a high-debt country?”), the standard deviation measures volatility
(e.g., "is the economy stable or erratic?"), and the trend reveals momentum (e.g., "is the situation stable,
improving, or rapidly getting worse?"”). This allows our model to learn the crucial difference between a
country with high-but-stable debt and a country whose debt level is suddenly and dangerously exploding.

Preprocessing Methods

Our data preprocessing began with data integration. We started by merging 9 candidate indicator datasets,
and we then merged this with the sovereign crisis label dataset using an inner merge on (Country, Year). To
mitigate the curse of dimensionality and address high sparsity, we performed an initial feature selection
step, removing the four indicators with the poorest data coverage, leaving us with five core indicators, which
are explained in the feature explanation section. The remaining NaN values were then handled using
multivariate imputation (Iterativelmputer), which was applied on a per-country basis to estimate missing
data by modeling the inter-relationships between the indicators.

Following imputation, we executed feature summarization by transforming the five raw time-series indicators
into a 15-dimensional feature space. For each indicator, we calculated three new features based on a 5-year
rolling window: the mean, the standard deviation , and the linear trend/slope. Our motivations behind this are
explained more within the feature explanation section. Finally, after dropping any rows still containing NaNs,
the entire engineered feature set was normalized using StandardScaler to ensure all features had a mean of
zero and variance of 1, making them fully prepared for model training.

Model

Random Forest

The Random Forest Classifier was chosen because it effectively captures the complex, nonlinear
relationships among macroeconomic indicators that often precede sovereign debt crises. It performs well on
structured data without requiring strict statistical assumptions and is robust against overfitting due to its


https://data360.worldbank.org/en/indicator/WB_CCDFS_PSCY?recentYear=false&year=1993
https://data360.worldbank.org/en/indicator/IMF_WEO_BCA_NGDPD?recentYear=false&year=1996
https://data360.worldbank.org/en/indicator/WB_WDI_FI_RES_TOTL_CD?recentYear=false&year=1963

ensemble nature. Additionally, it handles class imbalance using balanced weighting and provides
interpretable feature importance scores that highlight key predictors of crisis risk. Prior research also
supports tree-based ensemble methods as superior to traditional econometric models for early crisis
detection.

Analysis & Discussion of Models

Random Forest Metrics & Visualization
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Analysis of Random Forest

After analyzing our Random Forest Classifier, we found that the model performed very well in predicting
whether a country would experience a debt crisis within the next three years. It achieved an ROC-AUC score
of 0.932, which shows that it could clearly distinguish between crisis and non-crisis periods. Looking at the



confusion matrix, most of the predictions were correct, with only a few cases where the model misclassified
a year as stable when a crisis actually occurred.

We did notice that the model tended to predict “no crisis” slightly more often than “crisis.” This makes sense
because, in our dataset, actual crises are much rarer than stable years. Even with that challenge, using
balanced class weights helped reduce this bias and improved how well the model detected real crisis
situations.

A big reason for the model's success was the feature engineering we did. Instead of only looking at single-
year values, we summarized each economic indicator over a five-year window, adding information about
averages, volatility, and trends. This gave the model a clearer picture of how a country’s economy was
behaving over time. It also helped the model pick up on realistic warning signs, like rising private credit or
falling reserves, which often signal financial trouble.

Overall, the Random Forest worked well because it could handle complex, nonlinear relationships between
economic factors and didn’t overfit to the data. The results are not only accurate but also make sense from
an economic perspective, showing that the model can be a valuable tool for predicting and preventing
sovereign debt crises in the future.

Kmeans/GMM Metrics & Visualization
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Analysis of Kmeans/GMM



After analyzing our clustering results, we found that both K-Means and GMM helped us uncover natural
groupings in the macroeconomic data that were not visible from supervised models alone. Using the Elbow
Method and Silhouette Analysis, we identified that K=3 was the optimal number of clusters for K-Means,
with a silhouette score of 0.806 showing very strong separation between groups. The PCA visualizations
confirmed this, as the clusters appeared cleanly separated with clear centroids. When we overlaid the crisis
labels, one cluster showed a much higher crisis rate around 17.8% indicating that K-Means successfully
captured a meaningful high-risk group.

GMM, on the other hand, revealed a more detailed structure in the data. The BIC and AIC charts suggested
roughly 8-9 components as optimal, and the PCA plots showed smoother, overlapping cluster boundaries
that better represent economic uncertainty. GMM assigned probabilities rather than fixed labels, allowing us
to see how confidently each observation belonged to a specific cluster. The crisis rate plots showed several
clusters with very high vulnerability, some exceeding 40% suggesting that GMM was able to detect
subgroups of countries with higher systemic fragility that K-Means could not isolate. The cluster size
distribution further highlighted this difference: while K-Means produced one dominant cluster, GMM
distributed countries more evenly, capturing more nuanced economic patterns.

Overall, our clustering analysis provided an unsupervised perspective on sovereign risk segmentation. K-
Means gave us clear, interpretable broad groups, while GMM uncovered deeper layers of crisis-prone
subpopulations. Together, these methods helped validate the risk patterns identified by our supervised
models and offered new insight into how countries group themselves based on shared macroeconomic
vulnerabilities.

Linear Regression/Gradient Boosting Metrics & Visualization
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Analysis of Linear Regression/Gradient Boosting

After reviewing the results of both Logic Regression and Gradient Boosting, we found clear differences in
how each model handled the challenge of predicting sovereign debt crises. Logic Regression performed
reasonably well in identifying stable years, but its confusion matrix showed that it missed many crisis cases,
which is expected from a linear model facing complex nonlinear economic patterns. Its ROC-AUC score of
0.865 confirms decent performance, but not at the level needed for reliable early-warning. The probability
distribution and calibration curve also showed that Logic Regression struggled to assign high, confident
probabilities to true crisis years, leading to overlapping predictions and weaker crisis detection.

Gradient Boosting, on the other hand, delivered much stronger predictive accuracy. Its confusion matrix

showed far better crisis detection, while still maintaining high precision for non-crisis years. With an ROC-
AUC of 0.911, Gradient Boosting demonstrated a much stronger ability to distinguish crisis from non-crisis
periods. The model also achieved higher precision and recall values, which is important given the rarity of
crisis events in the dataset. This improvement comes from the model's sequential learning process, which

allows it to capture nonlinear interactions among credit trends, reserve movements, current account
volatility, and growth patterns.



The feature importance comparisons also highlight that both models rely on similar key variables such as
domestic credit, GDP growth volatility, and reserve levels but Gradient Boosting interprets these
relationships in a more flexible and nuanced way. Cross-validation results show that Gradient Boosting
generalizes better across folds, and its calibration curve closely aligns with the ideal diagonal, meaning its
probability outputs better reflect true crisis risk. Overall, Gradient Boosting proved to be the more reliable
and accurate model, offering a clear advantage in early-warning detection compared to Logic Regression.

Conclusions and Future Work

After comparing and analyzing the models, some things we noticed were that Random Forest delivered the
strongest overall performance with an ROC-AUC of 0.932 and clear interpretability through feature
importance, and Gradient Boosting showed improved crisis detection and probability calibration, making it
the most reliable early-warning model. Meanwhile, Logistic Regression provided a useful baseline but
struggled with nonlinear patterns and under-detected crisis events, making it less useful of a model. K-
Means identified three well-separated macroeconomic clusters, including a distinct high-risk group with
elevated crisis rates, while GMM improved on this by uncovering deeper, overlapping subgroups and
revealing multiple high-vulnerability clusters exceeding 40% crisis probability.

The way we summarized features during preprocessing, using five-year averages, volatilities, and trends,
contributed to the success of our models, especially the random forest, and significantly improved model
accuracy across all supervised methods. Additionally, combining supervised and unsupervised approaches
provided consistent insights into sovereign risk patterns and strengthened the robustness of our
conclusions. Next steps can include training the models to predict risk of crisis further out into the future,
adding more features for further analysis, or exploring alternative models.
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