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Economic crises are costly. Following the sharp contraction in economic activity, lower investmentimpairs
countries’ long-term growth and productivity outlook, and leads to permanent outputlosses. For instance,
Barnichon etal. (2018) estimated thatten years after the 2017 global recession potential outputin the United
States converged to a level about 12 percentage points below thatimplied by its crisis trend. Romerand Romer
(2017) found that, five years following a financial crisis, the gross domestic productwas about9 percentage
pointslowerin OECD countries. Empirical estimates presented by Cerra etal. (2021) for several countries
suggestthat following a financial crisis outputremains permanently depressed one decade later.

To reduce and avoid the costs associated with economic crises as much as possible, central banks and policy-
making institutions have devoted major resources to developing early warning systems and crisis prediction
models. Firstly, these systems aim to identify economic and financial imbalances thatmake economies
vulnerable to economic and financial distress, and, ultimately, to an economic crisis. Secondly, by identifying
the economic and financial drivers ahead of a crisis occurrence, the systems could help policymakers prevent
the crisisrealization by using well-targeted policies.

Crisis prediction models have benefitted from the rapid adoption of methods firstdeveloped in the field of
machine learning. Several of these models have beenimplemented in central banks and multilateral financial
institutions and have helped sharpen policy advice. Mostmodels include many features (explanatory variables)
and use methods and techniques suitablefor capturing non-linear effects prevalentin the run-up to a crisis
episode. Gainsin predictive power, however, have come atthe expense of reduced model interpretability,
which lessens the model usefulness for guiding policy decisions. Withoutan understanding of whatthe main
crisisdrivers are and theirinteractions, itis difficultto trust the model predictions, evaluate the effectiveness of
policy measures for reducing the likelihood of an economic crisis, and obtain insights conducive to model
improvement.

This paper proposes using surrogate data models (SDMs) to reduce the dimensionality of machine learning
(ML) crisis prediction models and enhance their interpretability. By restricting the set of featuresto those
economic analysts typically monitor and forecast, surrogate data models can translate model results into the
economic domain familiar to senior policy makers. In addition, these models facilitate -- to a large extent —
“what-if” scenario analysis. This claim mustbe judged based on real-world applications. Hence, we provide a
concrete illustration of the surrogate data model approach as applied to a suite of ML models recently
developed atthe IMF to predictsectoral economic crises (IMF, 2021).

The remainder of this paper provides a short, selective survey of recent ML crisis prediction models followed by
a discussion of the use of surrogate models to enhance the interpretability of ML models. The discussion
describes the conceptual foundation of the surrogate data model. As a concrete example, we proceed to apply
the methodology to some ML crisis prediction models developed by the IMF and show their usefulness for
performing scenario analysis of the economic projections the IMF released publicly in April 2022. Finally, we list
the lessons inferred from the surrogate data model case study.
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Early crisis prediction studies made heavy use of probitand/or logitmodels (Eichengreen etal., 1995; Frankel
and Rose, 1996), and non-parametric signal extraction models (Kaminsky etal. 1998). Recent applied work on
crisis prediction and early warning systems has moved beyond these traditional approaches by incorporating
machine learning methods. These methods, which tend to emphasize predictive ability rather than casual
inference, can handle alarge number of features (explanatory variables) and can capture nonlinear effects
better than generalized linear models such as logistic regression and multinomial regression. A non-exhaustive
list of recentwork is reviewed below.

Holopainen and Sarlin (2017) undertook a comparison of conventional statistical methods and machine
learning methods in early-warning systems of bankingcrises in 15 European countries. They found machine
learning methods, such as k-nearestneighbors, neural networks, and ensemble learning models outperform
logistic regression in out-of-sample forecasting exercise.

Bluwstein etal. (2021) compared the performance of differentearly warning models for financial crisis
prediction fora sample of 17 advanced economies over the period 1870-2016. The models included 16
features (explanatory variables) aimed at capturing the domestic and global economic and creditcycles. In
addition to logistic regression, they implemented a variety of machine learning models, including decision trees,
random forests, extremely randomized trees, supportvector machines, and artificial neural networks. Except
fordecision trees, all machine learning models outperformedthe logistic regression. The limited number of
features allows the application of Shapley regressions (Joseph, 2020), which identify creditgrowth and the
slope of the yield curve as the main predictors of financial crises.

Fouliard etal. (2021) showed itwas possible to predictsystemic financial stress episodes in European Union
countries and the United States three years ahead by using a set of differentmachine learning models. Their
approach incorporates information from economic data sequentially as soon asthe databecome available, a
sequential process known in the ML literature as online learning. The models used 244 features observedon a
quarterly frequency, of which abouthalf are available for online estimation.

Hellwig (2021) showedthattraditional econometric models were unable to outperform simple heuristic “rules of
thumb”in the prediction of fiscal crises in advanced economies, emerging markets countries, and low
income/developing countries. On the other hand, machine learning techniques such as elastic net, random
forests, and gradient-boosted trees, delivered superior performance when the number of predictors is large.
The models are based on extensive setof predictors comprising economic, financial, demographic, and
institutional variables, as well as various feature engineering of the raw variables, including lags, temporal
changes, and averages.

IMF (2021) described a setof different ML prediction models, each tailored to predicta crisis affecting different
sectors of the economy. Examplesincluded: financial crisis, fiscal crisis, external sector crisis (balance of
paymentcrisis), and real sector crisis. Compared to other studies reviewed here, the datasetcovered more
countries (all 190 IMF member countries), and each sectoral crisis model includes a substantial number of
features, including several data transformations. The crisis events definitions used reflected the needs policy
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the IMF faces.! Due to the wide country coverage, data imputation techniques were used to address missing
data problems. Synthetic oversampling methods were used to deal with potential issues arising from the
imbalancebetween fewcrisis observations. Horse-race comparisons showed that ML models outperform
conventional approaches exceptfor external sector crises, for which the signal extraction approach remains the
mostappropriate modeling technique. Feature contributions (importance) to crisis prediction were assessed
using the SHAP method (see nextsection on feature importance).

Hacibedel and Qu (2022) study systemic non-financial corporate sector distress as identified by the prevalent
elevated probability of defaultacross firmsin an economy. An ensemble of ML models is constructed by
optimally pooling gradient-boosted trees, linear discriminant, and logit Lasso to predictthe onsetof distressin
one year'stime. The model leverages a total of 40 predictors covering domestic and international
macroeconomic variables, firm balance sheetvariables, and model-based PD from the Credit Research
Initiative of NUS (2019). The paper shows the ensemble model has a better and more robust performance
againstits individual model constituents across differenttime blocks and country groups.

Notwithstanding the results above showing that ML models outperform traditional crisis prediction models,
some caution is warranted as results may depend on the crisis definition and data sample used. Beutel etal.
(2019) found thatmachine learning models might not necessarily outperform standard econometric techniques
in allinstances. The researchers, using a sample of advanced economies covering a 45-year data sample from
1971-2016 and a setof crisis events collected across differentbanking crisis event studies, found that machine
learning models, while often delivering a good in-sample fit, failed to meetthe performance of alogitmodel in
recursive out-of-sample predictions of systemic banking crises, includingthe 2007 -8 global financial crisis.
These results suggestthat the performance of ML crisis prediction modelsis highly dependenton the crisis
definition used, the degree of imbalance between crisis and non-crisis observations, and the availability of the
datasetfeatures. The results also indicate thata trial-and-error approach based on the task at hand is
appropriate.

Surrogate models and feature importance

The large number of features mostcrisis prediction models use hampers their interpretability. Withouta clear
understanding of the feature importance to evaluate the crisis likelihood or the input-outputrelationship, itis
difficultto reconcile the lessons derived from theoretical crisis models, empirical work, and past policy decisions
with the output of high-dimensional complex models. Surrogate models address the lack of intuition problems
presentinthe latter models. Surrogate models, widely used in engineering design optimization and emulation,
are simple approximation models thatmimic the behavior of complex systems and models ata lower
computational costand provide a clearer understanding of the systems’ dynamics (Forrester etal. 2008).

! See annexes.
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In machine learning, the use of surrogate models aims to enhance model interpretability, including measuring
the contribution of different features to the model output (Burkartand Huber,2021). Assuming the original
modelisakinto a black box due to its complexity and highly non-linear nature, itwould be easier to understand
the black box output if a simplerinterpretable model, such as a linearregression or a tree-based model,
approximates the black box outputwell enough. In this case, the simpler model is used to explain the black box
results. Surrogate models are either agnostic -- if they can be applied regardless of whatthe black box modelis
-- ormodel specific, asisthe case for several surrogate approaches developed specifically for decision trees.

Surrogate models can be either global orlocal, depending on the scope of their prediction. Aglobal surrogate
model attempts to describe the average behavior of a ML model. In contrast, a local surrogate model only
attemptsto explain the outputof an individual observation corresponding to the values of a single setof
features. Given a dataset X, the construction of a global surrogate model follows these steps (Kamath and Liu,
2021;and Molnar, 2022): (a) obtain the output ¥ = F(X) generated by the ML model F; (b) select a different
simpler and interpretable model, G: (c) train G on (X,?); and (d) use G to explain the model output. The closer
G approximates the outputof F, the better the explanation derived from Gis. Examples of global surrogate
modelsinclude agnostic models (Ribeiro etal., 2016a; Hall etal., 2017; Frosst and Hinton, 2017; Yang et al.,
2018), or decision-tree-specific surrogate approaches (Andrzejak etal., 2013; Bastani et al. 2017; Haraand
Hayashi, 2018).

In the case of alocal surrogate model, the steps are (Ribeiro et al. 2016b): (a) selectthe instance (observation)
of interest; (b) generate synthetic sampleinstances in the neighborhood of the selected instance using random
perturbation; (c) weightthe new samples by their proximity to the selected instance; (d) train an interpretable
local model on the dataset comprising the synthetic instances; and (e) explain the output of the model using the
local model. Notable examples of these approaches are model explanation systems (Turner, 2016), local
interpretable model-agnostic explanations (LIME, Ribeiro et al., 2016b), the Shapley additive explanation
(SHAP, Lundberg and Lee, 2017), and their variations.

The SHAP explanation, alinear local surrogate model, iscommonly used to calculate the feature importance in
crisis prediction models (IMF, 2021, among others). The calculation of the SHAP values builds on the
calculation of optimal Shapley values, which assumes thatthe model features are coalition playersin a
cooperative game (Shapley, 1953).2Conceptually, the Shapley value of a feature is its average marginal
contribution to the prediction, where the average istaken over all possible coalitions (combinations) of features.
Specifically, given the prediction function f, n features, and a specific feature j, we can form several coalitions S
excluding feature jusing the remaining n-1 features, each coalition having a total of |S| featuresranging from 1
to n-1. The Shapley value of feature jis:

1 SUfx})—f(S)
d’f(f):EZf( ) ~ &)

(i)

Once Shapley values are computed, the SHAP explanation model, g, or approximation to the prediction
function, f,is specified as:

% Moulin (1995) and Myerson (1992) offer comprehensive treatments of Shapley values in cooperative games accessible to
economists.
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9(z") = &, +Z $;z),

j=1

where z' = (z;, ..., z,,) € {0,1}" is the coalition vector, or simplified features of the model, where 0 or 1 denotes
whetherthe feature value is absentor present respectively. The SHAP explanation could be further refined to

give greaterweightto small and large coalitions (KernelSHAP, Lundberg and Lee, 2017) and to decision trees
(TreeSHAP, Lundberg and Lee, 2018).

Surrogate Data Models

The interpretability in surrogate models rests on the premise thatthe simpler model mightbe enough to
understand the evolution of the economy ahead of a crisis eventand to evaluate the contribution of each
variable to the eventprediction. Gains in interpretability could be small, however, if there are too many features
and especially if there are features derived from data transformations lacking a straightforward economic
interpretation. One simple approach to deal with thisissue is to group the featuresinto differentaggregate
categories, i.e., economic activity, real growth, external imbalances, etc. Nonetheless, this approach might not
be sufficientfor providing policy guidance. Forinstance, the feature contributingthe mostin an aggregate
category could be a complex data transformation for which itmightbe difficultto assess how it changes under
a proposed policy measure.

Rather than following standard practice in surrogate model implementation, we propose here using surrogate
data models. SDMs approximate the black box model using alow-dimensional set of features, some of which
may not be in the black box model feature set. Since the dimensions of the SDM feature setare low, it is easier
to interpretthe results even if the SDMs do not use an easy-to-interpretmodel. In this case, interpretability in
the SDMis provided by a surrogate model, i.e., SHAP. Figure 1 shows the differences between the standard
surrogate and the SDM approaches.

Figure 1. Surrogate model and surrogate data model approaches

Learning Black Box Surrogate .
. Explanation
algorithm model model
Features Surrogate .
Explanation
dataset data model

Surrogate
features

Source: the authors.
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Although ML crisis prediction models tend to use a wide range of features, the economic and finance literature
justifies using fewer features. Conceptually, there should be a strong dependence on the jointdistribution of
economic and financial variables. The dependence reflects the reaction of economic agents and market
participants to shocks and/or new information under the restrictions budget constraints and equilibrium
conditionsdemand (see Piazzesi, 2007, and references therein).

The emphasis econometric methods place on dimension reductionand their success in economic and financial
applications validate this view. Dynamic factor models are widely used to capture the common dynamics of a
large amount of time series variables due to the movementof a relatively smallnumber of latentfactors (Stock
and Watson, 2016). High-dimensional vector autoregression (VAR) models can be simplified by reducing them
to a low-dimensional VAR and an idiosyncratic componentthatcan embed a dynamic pattern (Cubadda and
Hecq, 2022). Principal componentanalysis (PCA) can be used to extract latent factors from the features and
then estimate low dimensional models using the factors as regressors (Fan et al. 2018) or in supervised
principal components regression (Bair etal., 2006).

Manifold learning techniques also show thathigh-dimensional economic models are reducibleto a low-
dimensional space and exploited to develop early warning models in financial markets (Huang, Kou, and Peng,
2017). For the features the IMF ML models described above use, manifold decompositions suggestthe
informational contentuseful for crisis prediction liesin a simplerinformation space suitable for clustering
analysis (Chan-Lau and Wang, 2020).

As the literature review section explains, empirical approaches are highly dependent of the datasetand crisis
definitions used. We test whether the SDM approach could facilitate the crisis prediction task in the context of
the economic and financial surveillance work of the IMF. Our analysis assumes thatthe IMF ML sectoral crisis
prediction models, estimated using annual data, are the true models underlying the crisis dynamicsin the real,
fiscal, and external sectors (IMF, 2021).3

The outputofthe IMF ML modelsisa crisisrisk indexthat can be interpreted to a large extent -- butnot strictly
-- as the crisis probability. Because IMF models include many features, itis difficult users to assess what
variables are the main drivers of the crisisindex. Even thoughi it is possible to apply SHAP, itis challenging to
assign contributionsto each feature belonging to the same aggregate category (Kumaretal.,2017). Model
users also find it difficultto perform scenario analysis since this requires modeling the jointdistribution of the
model features, many of which are transformations of raw variables.

This section addresses these issues by constructing sectoral SDMs for predicting the crisisrisk indicesin the

external, fiscal,and real sectors. It first describes the feature selection process and lists the selected features
to include inthe SDMs. Next, the section explains how the models were estimated and presents the result.

® The annexes describe the crisis definitions and list the explanatory variables in detail
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Feature selection

The firststep towards building the SDMs involves feature selection. Ideally, the setshould include variables for
which economictheory and intuitionsuggestthere a non-negligible association between their dynamics and a
crisisrealization. In addition, it would be useful for the end user of the models to be able to projectthe values of
the variables under different macro-financial scenarios. Finally, the number of selected variables should be
quite small compared to those the IMF ML models use to enhance model interpretability.

Finding a potential set of featuresis straightforward as the IMF regularly publishes and updates both historical
data and 5-year projections for several macroeconomic and financial variables in its semiannual World
Economic Outlook. These variables are natural candidates for the features SDMs should use as they are
regularly updated and monitored by country economists. Moreover, several of the variables are typically among
the drivers of economic and financial crises in academic literature. Table 1 lists variables selected as
features/predictors in the sectoral SDMs, with their numberranging from 12 to 20, which is significantly fewer
than those in VE risk indices.

Table 1. Variables used in surrogate models

Category Variable Real Fiscal External
GDP growth * * *
Inflation * * *
Unemploymentrate * * *

. Depositrate * * *

Businesscycle .
Long-term bond yield * * *
US depositrate * * *
US long-term bondyield * * *
Investmentgrowth *
Revenue to GDP ratio *
Revenue to GDP ratio change *

Debt Def?c?tto GDP rat?o * *
Deficitto GDP ratio change *
Governmentdebtto GDP ratio * *
External debtto GDP ratio * *
External debtto GDP change *

External Portfolio investmentto GDP ratio *
Reserve assetsto GDP ratio *
Reserve assetsto GDP ratio change *
Currentaccountto GDP ratio *
Depreciation againstUS dollar * *

Global assumption Qil price growth * * *
Agriculture price growth * * *

Other GDP per capita * * *

Source: the authors.
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Surrogate data models: estimation

We experimented with several model options before settlingon a combination of global (all IMF member
countries, a total of 196 countries) and income-based country-group random forestmodels (RFM) as proxies
foreachrisk index. Each of the RFMs was estimated using the selected featuresin Table 1. The data sample
covered the period of 1980 to 2021 for the real and fiscal riskindex models and 1989 to 2021 for the external
risk index model. The rationale for combining the country-group models and a global model isto accountfor
parameter heterogeneity across advanced economies (AE), emerging markets (EMs), and low-income
countries (LICs).*

The global modelis estimated with data from all economies. Each income-based model is estimated with data
from each income-based country group. Figure 2 illustrates the model combination approach. The SDM risk
indices are optimal linear combinations of the global model and country-group models, where combination
weights are estimated to minimize the mean squared error (MSE) of out-of-sample forecasts. This approach,
firstadvanced by Geweke and Amisano (2017),is proven to outperform the forecasts of the individual
components. This approach strikes the optimal balance between the bias from ignorance of parameter
heterogeneity in the global model and the high variance from smaller sample sizes of regional models.

Figure 2. Linear combination of country-groups and global models.

U] AE model [CERMEY Global model

W X LG U-NEY  Global model S Surrogate Index

Wiie X
[CERTIRY Global model

Source: the authors.

The hyperparameters of each of the individual RFMs used by the combination model are chosen to minimize
MSE loss on validation sets constructed using the gap-block cross-validation approach of Hacibedel and Qu
(2022). The gap-block cross-validation approach, adapted from Burman etal. (1994), breaks the dependencies
between the training and validation sets by first constraining the validation setto include only data sample
blocks observed atconsecutive time periods and leaving time gaps (or blocks) between training and validation
sets. The training set does notrequire an unbroken sequence of observations, as shown in Figure 3.

* AE: 40 countries; EM: 97 countries; and LICs: 59 countries.
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Figure 3. Gap-block cross validation

First year Last year |Desk projection starts here
sample of sample

In-sample fit: feature importance
Forecast with in-sample fit

Training Gap - Gap Training
Gap-K cross validation
to obtain

Traiing Gap - Gap Training hyperparameters

Fit model using full sample and CV hyperparameters In-sample fitted model used to forecast risk
risk index; error bounds based on CV RMSE

Source: the authors

The red and light-green areas in the figure correspond to the validation sets and the training sets respectively.
Note that the training data set does not need to include only contiguous data blocks. We choose a gap size of 1
yearand 15-fold cross-validation, corresponding to a validation setlength of around 2 years. As a robustness
check, we vary the gap size and validation setbetween 1 and 3 yearsto find the cross-validation R-square
stable.The cross-validation exercise yields tree depths below 15 with the number of predictorsin each tree
varying from 10 percentto 70 percent of the total number of predictors (from 2 to 14 at most). The number of
trees inthe forestis set equalto 100 and adding more trees does notimprove the model performance.

After determining the hyperparameters, we estimate the optimal combination weights of the global modeland
income-based country-groupmodels, based on model predictions on the validation sets. We impose positive
constraints on model weights to reduce estimation error. Table 2 shows the estimated weights of income-based
country-group models. Exceptfor AE and EM modelsin the real sector, all estimated weights are positive and
below 1, indicating diversification effects from model combinations.

Table 2. Optimal weights of income-based country-group models

Real Fiscal Externa

AE 1 0.6 0.4
EM 1 0.4 0.7
LIC 0.7 0.8 0.6

Source: authors’ calculations.

Surrogate data models: results

The performance of the combination model differs across sectors when evaluated using the R-squared and
rank correlation between the SDM indices and VE indices. Table 3 shows the out-of-sample performancein the
year2022.The SDM performs especially well in the fiscal sector, with an out-of-sample rank correlation of
around 0.9. The performance worsens in the real and external sectors, with respective rank correlations of 0.41
and 0.56. The inferior performance is likely driven by absence of financialmarketvariablesin SDM. Hence,
surrogate indices in the two sectors should be looked at more critically.
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Table 3. Out-of-sample performance

Real Fiscal Externa
Rank Correlation 0.41 0.88 0.56
R-squared 0.18 0.77 0.34

Source: authors’ calculations.

To further examine the goodness of fit, Figure 4 plots the SDM-generated average riskindex for different
income-based country groups againstthe average VE riskindices for the in-sample period. The figure also
shows the projected SDM crisis risk dynamics corresponding to two differentscenarios: (1) the October 2022
IMF 5-year projections forthe model features asreported in IMF (2022) (blue line); and (2) an adverse scenario
of higherinflation, oil and gas supply shock, further slowdown of the Chinese economy, and further tightening
of financial condition super-imposed on the IMF 5-year projections foryears 2022 — 2026 (red line). Table 4
presents the scenario characteristics averaged across country income groups.

Figure 4. VE indices, SDM indices, projections,and adverse scenario
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Source: authors’ calculations.

Table 4. Five-year scenarios: IMF (2022) baseline and adverse scenario

Panel A: Advanced economies, projected changes relative to 2021 values

Observed Baseline scenario Adverse scenario

2021 2022 2023 2024 2025 2026 2022 2023 2024 2025 2026
Balance of Payments to GDP ratio 3.44 -1.07 -0.87 -0.69 -0.51 -0.46 -1.36 -1.09 -0.53 -0.40 -0.37
Portfolio investment to GDP ratio -0.01 -0.02 -0.01 -0.01 -0.01 -0.01 -0.02 -0.01 -0.01 -0.01 -0.01
External debt to GDP ratio 247.07 -13.80 -29.03 -40.51 -47.70 -53.22 -13.31 -29.02 -41.15 -48.75 -54.32
External debt to GDP ratio, changes 2.75 -15.65 -17.09 -13.34 -9.04 -7.38 -15.65 -17.09 -13.34 -9.04 -7.38
Depreciation against US dollar -0.04 0.13 0.06 0.03 0.03 0.03 0.13 0.06 0.03 0.03 0.03
Short-term deposit rate 0.10 0.94 1.84 1.87 1.81 1.80 1.30 2.69 191 1.57 1.58
US Short-term deposit rate 0.04 1.83 3.99 3.70 2.89 2.30 2.24 5.02 3.73 2.61 2.03
Long-term bond yield 0.69 1.19 1.72 1.78 1.75 1.76 1.60 2.56 2.19 2.00 1.96
US Long-term bond yield 1.44 1.70 2.92 2.68 2.14 1.83 2.22 3.97 3.16 2.40 2.03
GDP percapita relative to US 0.72 -0.04 -0.03 -0.02 -0.01 -0.01 -0.04 -0.03 -0.02 -0.01 -0.01
Revenue to GDP ratio 38.77 -0.35 -0.26 -0.45 -0.60 -0.71 -0.35 -0.26 -0.45 -0.60 -0.71
Revenue to GDP ratio, changes 0.59 -0.94 -0.49 -0.77 -0.74 -0.69 -0.94 -0.49 -0.77 -0.74 -0.69
Deficit to GDP ratio -4.29 1.29 3.06 3.54 3.68 3.79 1.04 2.20 2.86 3.18 3.46
Deficit to GDP ratio, changes 3.39 -2.11 -1.63 -2.91 -3.26 -3.28 -2.36 -2.23 -2.73 -3.08 -3.11
Government debt to GDP ratio 76.54 -4.15 -5.55 -6.72 -7.65 -8.41 -3.90 -4.70 -4.90 -5.41 -5.86
Foreign reserve to GDP ratio 23.34 -0.36 -1.00 -1.42 -1.74 -1.99 -0.36 -1.00 -1.42 -1.74 -1.99
Reserve assets to GDP ratio, changes 0.91 -1.26 -1.55 -1.33 -1.22 -1.15 -1.26 -1.55 -1.33 -1.22 -1.15
Unemployment rate 5.91 -0.68 -0.65 -0.71 -0.81 -0.88 -0.68 -0.65 -0.71 -0.81 -0.88
Investment growth 5.43 -2.24 -1.88 -1.92 -2.28 -2.64 -2.24 -1.88 -1.92 -2.28 -2.64
GDP growth 6.00 -3.03 -3.49 -3.12 -3.60 -3.82 -3.71 -4.70 -2.56 -3.31 -3.59
Agriculture price growth 0.25 -0.12 -0.31 -0.27 -0.26 -0.25 -0.09 -0.32 -0.31 -0.26 -0.25
Inflation 2.45 4.90 1.69 -0.16 -0.39 -0.47 6.33 3.74 -3.77 -0.97 -0.75
Oil price growth 0.66 -0.22 -0.82 -0.73 -0.71 -0.69 -0.10 -0.91 -0.87 -0.69 -0.67

Note: growth rates in percent; changes in ratios in percent of variable in denominatorl all other variables, in percent.

Panel B: Emerging market economies, projected changes relative to 2021 values

Observed Baseline scenario Adverse scenario

2021 2022 2023 2024 2025 2026 2022 2023 2024 2025 2026
Balance of Payments to GDP ratio -3.32 0.49 1.19 1.37 1.26 1.33 0.93 1.39 1.30 1.17 1.30
Portfolio investment to GDP ratio 0.01 0.00 -0.01 -0.01 -0.01 -0.01 0.00 -0.01 -0.01 -0.01 -0.01
External debt to GDP ratio 68.36 -4.26 -6.24 -6.85 -8.28 -9.98 -4.72 -7.05 -7.43 -8.79  -10.42
External debt to GDP ratio, changes -6.37 1.96 4.23 4.38 4.26 3.99 1.96 4.23 4.38 4.26 3.99
Depreciation against US dollar 0.12 -0.07 -0.07 -0.10 -0.11 -0.11 -0.07 -0.07 -0.10 -0.11 -0.11
Short-term deposit rate 4.25 1.70 2.12 1.67 1.25 1.03 2.30 3.29 1.41 0.73 0.63
US Short-term deposit rate 0.04 1.83 3.99 3.70 2.89 2.30 2.24 5.02 3.73 2.61 2.03
Long-term bond yield 5.64 1.63 1.77 1.61 0.99 0.72 2.07 2.38 1.79 1.04 0.76
US Long-term bond yield 1.44 1.70 2.92 2.68 2.14 1.83 2.22 3.97 3.16 2.40 2.03
GDP percapita relative to US 0.15 0.01 0.00 0.00 0.00 0.01 0.01 0.00 0.00 0.00 0.01
Revenue to GDP ratio 31.02 0.38 -0.36 -0.90 -1.24 -1.55 0.38 -0.36 -0.90 -1.24 -1.55
Revenue to GDP ratio, changes 0.83 -0.47 -1.58 -1.39 -1.19 -1.17 -0.47 -1.58 -1.39 -1.19 -1.17
Deficit to GDP ratio -3.64 0.93 1.77 1.74 1.80 1.79 0.81 1.31 1.40 1.50 1.63
Deficit to GDP ratio, changes 3.21 -2.30 -2.39 -3.26 -3.18 -3.24 -2.42 -2.73 -3.13 -3.13 -3.10
Government debt to GDP ratio 64.71 -2.61 -4.05 -4.61 -5.42 -6.22 -2.52 -3.58 -3.79 -4.42 -5.10
Foreign reserve to GDP ratio 25.64 -2.07 -2.55 -3.27 -3.94 -4.69 -2.07 -2.55 -3.27 -3.94 -4.69
Reserve assets to GDP ratio, changes 0.01 -2.13 -0.54 -0.76 -0.76 -0.84 -2.13 -0.54 -0.76 -0.76 -0.84
Unemployment rate 10.05 -0.91 -1.11 -1.28 -1.44 -1.58 -0.91 -1.11 -1.28 -1.44 -1.58
Investment growth 10.73 -3.04 -5.58 -6.54 -6.42 -6.82 -3.04 -5.58 -6.54 -6.42 -6.82
GDP growth 5.60 -1.99 -1.75 -2.19 -2.21 -2.44 -2.49 -2.97 -1.91 -1.93 -2.19
Agriculture price growth 0.25 -0.12 -0.31 -0.27 -0.26 -0.25 -0.09 -0.32 -0.31 -0.26 -0.25
Inflation 22.16 -10.30 -13.17 -0.47 -1.10 -1.37 -9.12  -13.11 -1.73 -1.79 -1.91
QOil price growth 0.66 -0.22 -0.82 -0.73 -0.71 -0.69 -0.10 -0.91 -0.87 -0.69 -0.67

Note: growth rates in percent; changes in ratios in percent of variable in denominatorl all other variables, in percent.
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Table 4. Five-year scenarios: IMF (2022) baseline and adverse scenario (continued)

Panel C: Low income economies, projected changes relative to 2021 values

Observed Baseline scenario Adverse scenario

2021 2022 2023 2024 2025 2026 2022 2023 2024 2025 2026
Balance of Payments to GDP ratio -1.96 -1.96 -1.55 -1.09 -0.55 -0.08 -2.12 -1.81 -1.01 -0.54 -0.02
Portfolio investment to GDP ratio 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
External debt to GDP ratio 1.05 1.05 -0.97 -2.45 -3.96 -5.75 0.72 -1.43 -2.35 -3.83 -5.62
External debt to GDP ratio, changes 4.37 4.37 1.29 1.84 1.81 1.52 4.37 1.29 1.84 1.81 1.52
Depreciation against US dollar 0.07 0.07 0.03 -0.03 -0.04 -0.05 0.07 0.04 -0.03 -0.05 -0.05
Short-term deposit rate -0.22 -0.22 -0.20 -0.31 -0.45 -0.51 0.05 0.33 -0.43 -0.72 -0.73
US Short-term deposit rate 1.83 1.83 3.99 3.70 2.89 2.30 2.24 5.02 3.73 2.61 2.03
Long-term bond yield 3.29 3.29 3.24 -0.29 -3.14 -5.29 3.53 3.70 -0.08 -2.98 -5.12
US Long-term bond yield 1.70 1.70 2.92 2.68 2.14 1.83 2.22 3.97 3.16 2.40 2.03
GDP percapita relative to US 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Revenue to GDP ratio 0.55 0.55 0.02 0.03 0.07 0.11 0.55 0.02 0.03 0.07 0.11
Revenue to GDP ratio, changes 0.31 0.31 -0.77 -0.23 -0.19 -0.20 0.31 -0.77 -0.23 -0.19 -0.20
Deficit to GDP ratio -0.30 -0.30 0.12 0.76 1.16 1.43 -0.43 -0.57 0.16 0.68 1.12
Deficit to GDP ratio, changes -0.03 -0.03 0.69 0.91 0.66 0.54 -0.16 0.13 0.99 0.79 0.71
Government debt to GDP ratio 0.62 0.62 -1.89 -3.41 -4.95 -6.28 0.66 -1.49 -2.71 -4.08 -5.29
Foreign reserve to GDP ratio -1.48 -1.48 -2.75 -3.29 -3.64 -4.04 -1.48 -2.75 -3.29 -3.64 -4.04
Reserve assets to GDP ratio, changes -2.76 -2.76 -2.56 -1.82 -1.63 -1.69 -2.76 -2.56 -1.82 -1.63 -1.69
Unemployment rate -0.72 -0.72 -0.86 -1.27 -1.81 -2.35 -0.72 -0.86 -1.27 -1.81 -2.35
Investment growth -1.48 -1.48 0.41 0.21 0.57 -0.15 -1.48 0.41 0.21 0.57 -0.15
GDP growth -0.13 -0.13 0.68 1.37 1.25 1.16 -1.00 -1.09 2.07 1.74 1.55
Agriculture price growth -0.12 -0.12 -0.31 -0.27 -0.26 -0.25 -0.09 -0.32 -0.31 -0.26 -0.25
Inflation 3.21 3.21 -2.30 -8.20 -9.50 -10.11 4.61 -2.69 -10.01 -10.60 -10.99
Oil price growth -0.22 -0.22 -0.82 -0.73 -0.71 -0.69 -0.10 -0.91 -0.87 -0.69 -0.67

Note: growth rates in percent; changes in ratios in percent of variable in denominatorl all other variables, in percent.

Source: IMF (2022) and the authors (adverse scenario).

In contrast to econometric or statistical models, itis not feasible to estimate standard confidence intervals in the
scenario analysis. However, one-standard deviation upper and lower bounds can be constructed to measure
the uncertainty of the SDM projections. The upper bounds for a country-specific SDM projection estimate are
obtained by multiplying the projection values by the exponential of the one -standard deviation of the log
residualsinthe validation set. Similarly, the lower bounds are obtained by dividing the projection values by the
same factor. Once country-specific bounds are obtained, the country-group averages are calculated. Figure 4
depictsthe area between both boundsinlightblue.

Overall,the SDM tracks general trends of crisis risk indices well for all country groups and sectors. However, a
few specific periods existduring which the SDMs predictions fall short of risk indices values. One example
coversthe years preceding the 2008 Global Recession (2006 —2008), where the SDM underpredicts the risk
indices across all sectors in the advanced economies group as well as the fiscal sectorin the emerging
markets country group. The other period is 2020 when the Covid-19 global pandemic started. While SDMs
perform relatively well in advanced and emerging economies, they cannot capture the large surge in the risk
indicesinthe real and external sectorsin the low-income countries group.

The results discussed above suggestthata datasetincluding only a few features might suffice to capture the
crisisdynamics. However, there mightbe crisis episodes more severe than whatthe SDM predicts. The latter
shortcoming indicates thatthe selected features cannotcapture all information conveyed by the full set of
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variablesin the IMF ML models. Notwithstanding, the ability of the SDMs to track well the crisis dynamics with

few variables enhances model interpretability.

Surrogate Data Models

With fewer predictors, itis easier to disentangle their contribution to changesin the crisis risk indices when
using any of the standard explainability methods in the machine learning literature. Enhanced explainability

provides economists and policy markets with more information to guide decisions and reduce crisisrisk. The

SHAP method below, described in Section 3, assess the feature contributions to the risk indices in different
sectors.

Figure 5. SDMindices: distribution of Shapley values
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Figure 5 plotsthe distribution of Shapley values of the SDMs.5 The vertical Y-axis of each dot represents a
Shapley value from one observation. The color represents the level of the corresponding predictors. The dots
are jittered to reflectthe distribution of Shapley values. Hence, a distribution of Shapley values with red dots on
the rightand blue dots on the leftsuggests higher predictor values have a positive impacton the outcome.
Predictors are ranked by the sum of absolute SHAP valuesin descending order. Consistentwith our priors,
Figure 5 shows lower GDP growth and tightening financial condition -- as proxied by the increase inthe USD
short-term depositrates -- are the mostimportantdrivers of real sector crises (Figure 5a),° higher debtlevels,
and weaker governmentrevenue predictfiscal crises. Currency depreciation and a worsening of the current
accountbalance also signal future external sector crises. Overall, the relationships between feature values and
their SHAP values makes sense for all features and sectors. For some features, a mixture of blue and red dots
acrossthe axis suggests a presence of significantnon-linearities, again aligned with economic rationale. For
example,increases in commodity prices benefitcommodity-exporters buthurt commodity importers, and vice
versaforthe decreases.

Further evaluation of whether SDMs are consistentwith economic theories is conducted by calculating the
cross-country average contribution of each variable for each countryincome group. Figure 6 showsthe
variables that contribute mostto explaining the crisis riskindices in each sector in each year, including the 5-
year scenario. The time series of each variable’s average SHAP are furtherdemeaned, and the stacked bars
are equal to the SDM indices plus a constant. Figure 6 highlights the drivers, on average, of each of the crisis
risk peaks. For example, the 2022 peaks of LICs’ external sector risk are mainly driven by recentincreases of
inflation and high governmentdeficits starting from 2020. From 2022 onwards, elevated projected high risksin
the fiscal sector of low-income countries are mainly driven by a persistenttightening of global financial
conditions arising from higher US long-term yields.

As another example, we compare the reginal averages of fiscal sector SDM indices of 2022 fall and spring
world economic outlook. Atthe time, the global economy is faced with several headwinds including tightening
financial condition, accelerating inflation, and a food and energy crisis due to the Russian-Ukraine war. To
examine the sources of vulnerabilities across regions, we pick outthe top three contributorsto increasesin
regional fiscal SDM indicesin terms of changesin Shapley values. Figure 7 shows each region’s top three
contributors from leftto right, and the color of cellsindicates the magnitude of increasesin Shapley values.
Vulnerability of fiscal risk comes from different sources across regions. Western hemisphere (WHD) countries’
increasesin fiscal sector riskis mainly driven by inflation, while risk of African (AFR) countries’ fiscal sectoris
mainly driven by tightening global monetary conditions as proxied by US interestrates.

Machine learning tools are especially useful for supporting economic and financial surveillance, especially crisis
prediction. Enhancing the ability of the ML modelsto guide crisis prevention and mitigation policies requires
improving model interpretability and establishing causal relationships. The latter is challenging as mostmodels

® Calculations were performed using the Python API SHAP, available at https:/github.com/slundberg/shap. See the documentation
section there fora detailed explanation of howto interpret figures 5 and 6.

® Income per capita relative to the U.S. also shows up as one of the key contributors. This s likely due to the fact that rich countries
are likely to grow slower, and hence even a moderate growth shock is likely to drive theminto a recession (e.g. defined asa
period with negative GDP growth).
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used in a policy-making setting rely on datasets comprising many explanatory variables. Simpler models (a.k.a.
surrogate models) thatrely on the original high-dimensional datasetdo not provide substantial interpretability
gains.

Motivated by the empirical factthata few latentvariables are sufficientto explain the jointdynamics of a high
dimensional datasetof economic and financial variables, we proposed using surrog ate data models (SDMs) as
dimensionality reduction and interpretability enhancing tools suitable for crisis prediction, prevention, and
mitigation. To test this approach, we used it to explain the output of a suite of models developed atthe IMF for
forecasting crisesin the external, fiscal, and real sectors, including as predictors only a subset of the variables
country economists typically monitor on arecurrentbasis.

The SDMs captured well the crisis dynamics generated by the ML models. In a few specific episodes,
especially during 2007-8, they failed to match the crisis severity (as measured by the ML crisis index), likely the
resultof alack of information not captured by the surrogate dataset. Nevertheless, an analysis of the Shapley -
based contributions of different predictors to the crisis severity singled out main drivers consistentwith
economicintuition and an anecdotal crisis narrative.

The results suggestthat SDMs could be suitable interpretability tools butasin many otherinstancesin applied
machine learning models, their use and implementation should be explored on a case-by-case basis.
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Figure 6. SDMindices: SHAP decomposition
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Figure 7. Major driver of SDM external sector indices across regions
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External sector model

Sudden stops in capital flows

A sudden stop occurs when net private capital inflows as a percentage of GDP are at least2 percentage
points lower than in the previous year and two years before, as well as when the country gets approved to
tap large IMF financial support.

Exchange market pressure events

An EMP indexis constructed by combining degrees of exchange rate depreciation and internationalreserves
loss. The indexis defined as aweighted average of the annual percentage depreciation in the nominal
exchange rate and the annual decline inreserves as a percentage of the previous year's GDP. EMP events are
defined as occurringwhenthe index liesin the lower 15th-percentile of the whole panel, as well as when the
country gets approved for large IMF support.

Fiscal sector model

Credit event

The definition includes default, restructuring, or rescheduling of a substantial size of public debtrelative to GDP
(50 percentor more) orif the defaulted nominalamountgrows by a substantial amount (10 percentper
annum).

Exceptionally large official financing

Defined as high-access IMFfinancial arrangements with a fiscal adjustment objective in place exceeding 100
percentof a country’s IMF quota, or country inclusionin a European Union supportprogram.

Implicit domestic public default

Defined as a high inflation rate exceeding certain thresholds (35 percentin advanced economies, 100 percent
in othereconomies) or a steep increase in domestic arrears measured as the firstdifference of the ratio of
otheraccountpayablesto GDP exceeding 1 percentage point.

Loss of market confidence

Defined as a high price of marketaccess, either when sovereign or creditdefault swap spreads exceed 1000
bps, the annual changes in these spreads exceed certain thresholds (300 bpsin advanced economies and 650
bpsin emerging marketcountries), orthe country loses marketaccess.

Real sector model

Crises are defined based on four different GDP series and four differentthresholds. The four seriesare i) a
country’s annual growth rate, ii) its cumulative growth rate over the past three years, iii) its growth performance
relative to the mostrecentfive-year average, and iv) its average GDP level relative to the previous three-year
average. For each of these, the focusis on GDP per working-age person.
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Values of these series are flagged as being in a crisisif they fall below the 10th percentile of observationsin
one of the following groups:i) all countriesin the sample, ii) all countries in the same income group —advanced
economies (AEs), emerging markets (EMs), and low income and developing economies (LICs) accordingto the
WEO classification in 2020, iii) by income group according to the WEO classification in 1980 with an additional
category of countries with a population below one million, and iv) countries in the same tercile of the total
sample foryear-on-year growth volatility.

These four series and four thresholds lead to sixteen crisis criteria, and the ultimate crisis definitionappears
consistentwith historical real-sector crisis episodes. Each indicator assesses whether the point-in-time value of
one of the seriesis below one of the thresholds. A country in one particular yearisrecorded as experiencing a
real sector crisiswhenever nine or more indicators signal a crisis.
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Annex Il. IMF ML models,

External sector model

DEBT SHOCKS

* Fiscal balance
(% of GDP)

e 5-year change
in M2/GDP

* Reserves/M2
¢ Reserves/GDP

* Dummies for hard peg

and float

* Dummy for
parallel market

SECOND GENERATION

THIRD GENERATION:

FLOWS AND MISMATCH

* Share of non-

investment grade debt

* Current account
balance/GDP

* Amortization

* FX share of public debt

* Debt service/exports

* FX share of household

and non- financial
corporate credit

POLITICAL SHOCKS

Source: IMF (2021).

External debt/GDP
and exports

Private external
debt/GDP

Bank external
debt/GDP

Private credit/GDP

Non-bank private
external debt/GDP

Total and external
Public debt/GDP

Cross-border bank-to-
bank liabilities/GDP

Household
liabilities/GDP

Foreign liabilities/
Domestic credit

EMBI spread (level
and growth)

Corporate
sector returns

Default probability
Interest coverage ratio
Price-Earnings ratio
Bank returns

Share of non-
performing loans

Banks' capital-
asset ratio

Loan-to-deposit ratio
Primary gap/GDP

Inflation

model features

* REER acceleration

* Real house price
acceleration

* Real stock price
acceleration

¢ Changes in all debt/
GDP in debt shocks

THIRD GENERATION:
GLOBAL SHOCKS

LAW OF ONE PRICE

* Private sector
credit growth

* Housing price growth
* Stock price growth
*» REER growth

* External debt/
GDP growth

* Cross-border bank-
to-bank liabilities to
GDP growth

* Contribution of
finance to GDP

* Contribution of
construction to GDP

CURRENT ACCOUNT
SHOCKS

* Real growth in exports

* % change in ToT

* % change in non-fuel
commodity TOT

* Absolute oil
balance/GDP

* % change in oil price

CONTAGION

INTERNATIONAL MONETARY FUND
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Fiscal sector model

EXTERNAL

CRISIS HISTORY ¢

* Number of crisis

¢ Number of Crisis, Advanced and
Emerging Economies

* Number of Crisis, Emerging and
Low-Income Economies

* Number of Crisis, Advanced
Economies

¢ Number of Crisis, Emerging
Economies

* Number of Crisis, Low Income
Economies

* Dummy: Monetary Union

e Dummy: Advanced economies

¢ Dummy: Emerging market
economies

* Dummy: Low income economies

* Dummy: Small developing state

¢ Dummy: Fuel exporter

* Dummy: Fragile state

* Dummy: Fuel exporter or VELIC
commodity exporter

INTERNATIONAL MONETARY FUND

Export of goods and services in
percent of GDP

Import of goods and services in
percent of GDP

Personal remittances in percent of
GDP

¢ Current account without import

Net foreign direct investment in
percent of GDP

* Other investment, net (loans, deposits,

insurance, pensions, trade credits,
SDR, percent of GDP)

* Portfolio investment, net

Percent change in Material impact - all
natural disaster hazards

Percent change of real GDP per capita
Percent change in real GDP

Growth deviation from past
5-year average

GDP growth rate
GDP growth rate relative to the past

5-year average growth rate

Geometric average of the last 3-year
GDP growth

Percent change of Consumer Price
Index, period average

Percent change of CPI, end of
period Units

R minus G

Log GDP per capita (PPP),
relative to US

Log GDP per capita (PPP)
Log GDP in USD

Log of population

VOLATILITY

INSTITUTIONS, ELECTIONS

Surrogate Data Models

Standard deviation of real
GDP growth

Standard deviation of the change
in terms of trade

Standard deviation of the percent
change in exchange rate (end
of period)

Standard deviation of the inflation

Standard deviation of the percent
change in exchange rate (end
of period)

Revised Combined Polity Score
(single regime score, runs from
1 (full democracy) to -1 (full
autocracy))

Checks and balances index

Bureaucracy Quality

Corruption
Years remaining in current chief
executive's term

Legislative election held dummy
variable

Executive election held dummy
variable
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Surrogate Data Models

FISCAL EXTERNAL DEBT-PRIVATE

* General government
expenditures in percent of GDP

* General government primary
expenditures in percent of GDP

* Overall balance in
percent of GDP

* General government primary
balance, percent of GDP

* General government revenues in
percent of GDP

GLOBAL

* Percent change of crude oil price
* Percent change of Non-fuel price

* Percent change of food price
* US T-Bill rate Percent
¢ VIX Index Period Average

¢ VIX Index Period End

¢ Percent change of VIX Index
Period Average

e Percent change of VIX Index
Period End

* US T-Note 5-year rate Percent,
Period Average

¢ US T-Note 10-year rate Percent,
Period Average

* US T-Note 5-year rate Percent,
End of Period

* US T-Note 10-year rate Percent,
End of Period

* World real GDP growth,
in percent

* Geometric average of the last
3-year world GDP growth

INTERNATIONAL MONETARY FUND

Net official development assistance in
percent of GDP

Current account balance in
percent of GDP

Export of goods and services in
percent of GDP

Import of goods and services in
percent of GDP

* Personal remittances in percent of GDP

Current account without import

Net foreign direct investment in
percent of GDP
Other investment, net (loans, deposits,

insurance, pensions, trade credits,
SDR, percent of GDP

Portfolio investment, net
Percent change of exchange rate

(NC units per U.S. dollar, period
average Units)

Exchange Rate, end of period

Average of the last 10 year of the sum
of export and import of goods and
services

Percent change in real exchange rate,
period average

Log of PPP exchange rate

PPP overvalue

Percent change in total reserves
excluding gold in national currency

Percent change in total reserves
(number of months of imports)

Percent change in terms of trade (of
goods and services) Index

Trading Partner Growth (Real GDP,
2005=100, local currency, Weighted by
trade exports to all economies)

Percent change of trading Partner
Import Demand (Imports volume

of goods and services, 2005=100,
Weighted by trade exports to all)

Net official development assistance in
percent of GDP

Current account balance in
percent of GDP

* One sided credit gap based on
the GDD loans and securities

* Total Debt, loans and securities,
in percent of GDP

DEBT-PUBLIC

e General government short-term
external debt in percent of GDP

e Public external debt in
percent of GDP

* Public debt in percent of GDP

e Public debt in percent of general
government revenue

* Public external debt to export

* General government interest
expenses in percent of GDP

* Amortization of external public
debt in percent of GDP

* Public debt service to revenue
in percent

* Public debt service to export
in percent

TOTAL DEBT

* Total debt in percent of GDP
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Real sector model
GLOBAL FINANCIAL

HP Output Gap
Inflation

Natural Disasters, Material Impact
PPP Income Relative to US

Real GDP Growth, Export
Weighted

Real GDP Growth

EXTERNAL

* Reserves as Percent of ARA Metric
* Current account balance, % of GDP

* Exports of goods and services « Equity Price Growth FISCAL
* Net non-FDI capital inflows,  5yr House Price Growth
% of GDP
. ¢ Corp Debt Sub-Inv. Grade
* Exchange Rate (National Currency )
* BIS Credit Gap

per US Dollar)
* Real Effective Exchange Rate
* External Debt to Exports
* Qil Price, Growth Rate
e Terms of Trade

Total Debt Growth

Source: IMF (2021).
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