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Research goals

Develop a prediction model for financial crises in developed countries that

... predicts crises ahead of time

... is accurate

... transparent and easy to communicate

... provides a continuous risk measure

To achieve that we

... conducted a horse race of machine learning models

... made their predictions transparent using Shapley values
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Jordà-Schularick-Taylor Macrohistory Database
Observations

• 17 developed countries, annual data between 1870
and 2013

• 92 crisis, 2356 non-crisis observations

• 24 potential indicators
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Jordà-Schularick-Taylor Macrohistory Database
Observations

• 17 developed countries, annual data between 1870
and 2013

• 92 crisis, 2356 non-crisis observations

• 24 potential indicators

Variables we use

• Total credit

• Slope of the yield curve

• Debt service ratio

• Current account

• Stock Prices

• CPI

• Consumption

• Investment

• Broad money

• Public debt
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Problem dimensions

Transformation selection (e.g. Percentage changes vs. ratio changes)
#

Variable selection (e.g. Long- short term rate vs. long and short term rate)
#

Horizon of change (growth rates/ratio changes of 1,..,5 years)
#

Landing zone (Predict 1 or 1–2 years before a crisis)
#

Model selection (Horse race of machine learning models)
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Baseline dataset

• Make data stationary

⇧ 2-year ratio change: credit1980
GDP1980

� credit1978
GDP1978

⇧ 2-year growth rates: stocks1980�stocks1978
stocks1978

• Predict one and two years in advance of a crisis.

• Exclude actual crisis observation and five following years (post-crisis bias).

• Exclude world wars and 1933–1938

• Compute global credit growth: Mean credit to GDP growth across all countries
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Which model should we use?

• Fernández-Delgado et al. (2014)
tested 179 classification models on
121 data sets.

• Random forest implementations on
ranks 1,2, and 5.

• Support vector machines (SVM) on
ranks 3 and 4.
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There is no free lunch!

Best model
Random forest
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Which model should we use?

• Fernández-Delgado et al. (2014)
tested 179 classification models on
121 data sets.

• Random forest implementations on
ranks 1,2, and 5.

• Support vector machines (SVM) on
ranks 3 and 4.

! Horse race needed!

There is no free lunch!

Best model
Random forest

Source: Fernández-Delgado et al. (2014)
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Tree-based models

• Decision tree

⇧ Easy to interpret

⇧ Risk of overfitting

• Random forest

⇧ Collection of diverse decision trees

⇧ Less overfitting

• Extreme trees

⇧ Extension of random forest
Source: Verikas et al. (2016)
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Other models

Support vector machines

Source: Zararsiz and Coşgun (2014)

Neural networks

Source: towardsdatascience.com
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Cross-validation to estimate out-of-sample performance
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Cross-validation
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Nested cross-validation to learn hyperparameters.

Grid search:
C 10�5 10�5 10�5 ... 104

� 10�5 10�4 10�3 ... 104

) Computationally very costly!
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Out-of-sample performance in the ROC space
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Linear baseline

0.0 0.2 0.4 0.6 0.8 1.0

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

False alarm rate

Tr
ue

 p
os

iti
ve

 ra
te

Logistic regression

10 / 22



Introduction Methods Horse race results Shapley decomposition Appendix

+ Decision trees
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+ SVM
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+ Neural network
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+ Random forest
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The winner is Extreme trees
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Area under the curve (AUC) performance

Extreme trees 0.84
Random forest 0.83

Logistic regression 0.80
Neural net 0.80

SVM 0.79
Decision tree 0.73

100 replications of 5-fold cross-validation.

Standard errors not shown but consistently below 0.002.
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How well can we predict individual observations?
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Predicting individual observations (Extreme trees)
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Predicted values
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We only miss 5 of 48 crises completely
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Many false alarms – but many more correct non-crises predictions
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Shapley values in Game Theory

• How much does player A contribute a
collective payo↵ f obtained by a group
N? (Shapley, 1953).

• Observe payo↵ of the group with and
without player A.

• Contribution depends on the other
players in the game.

• All possible coalitions need to be
evaluated.

�j =
X

S✓N\j

|S |!(|N|� |S |� 1)!

|N|! [f (S[{j}�f (S)]

2|N|�1 coalitions are evaluated.
Computationally complex!
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Shapley values applied to our problem

Game Theory Machine Learning

N Players Predictors

f Collective payo↵ Predicted value for one observation

S Coalition Predictors used for prediction

Source Shapley (1953) Strumbelj and Kononenko (2010)

Lundberg and Lee (2017)

Shapley values of observation i sum up to predicted value: ŷi =
Pk

j=1
�ij + c .

Toy example
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Importance of predictors across all observations
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Extreme trees

Contributions to the literature:

• Our results confirm: Global and
domestic credit are important

• New results: The slope of the yield
curve is important

• Current account and money are
less important
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High agreement across the models
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High agreement across the models
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High agreement across the models
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Top five predictors su�ce for prediction
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Mean AUC:

Top All
five

Extreme trees 0.84 0.84
Random forest 0.84 0.83
Log. regression 0.80 0.80

Neural net 0.81 0.80
SVM 0.81 0.79

Decision tree 0.75 0.73
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Shapley regression (Joseph, 2018)
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• Statistical test of Shapley
values

• Regressing crisis indicator on
Shapley values
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Nonlinearity of extreme trees
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• No unexpected nonlinearities

• Directions of associations match the
linear model
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Change of Shapley values over time

90's recession (1985-1992)
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Model decomposition for individual observations

United Kingdom

18
75

18
80

18
85

18
90

18
95

19
00

19
05

19
10

19
15

19
20

19
25

19
30

19
35

19
40

19
45

19
50

19
55

19
60

19
65

19
70

19
75

19
80

19
85

19
90

19
95

20
00

20
05

20
10

-0
.1

0.
1

0.
2

0.
3

0.
4

0.
5

0.
6

Predicted value

19 / 22



Introduction Methods Horse race results Shapley decomposition Appendix

Model decomposition for individual observations

United Kingdom
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Model decomposition for individual observations

Spain
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Summary

• Tree based machine learning models outperform logistic regression

• Predictions of black box models are surprisingly simple functions of the predictors

• Credit (domestic and global) and the slope of the yield are key indicators
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Work in progress / Future work

• Understand interactions of variables

• Develop a simple decision aid predicting crises (e.g. a small tree)

• Develop economic intuition behind main predictors
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