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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]
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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.

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
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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 (IterativeImputer), 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
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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

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

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



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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