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ABSTRACT 

 
Exchange rate crises in emerging markets can unfold with extraordinary speed; however, the 
macroeconomic vulnerabilities feeding into them typically build over years rather than overnight. This 
study asks whether machine learning — specifically, a Long Short-Term Memory network augmented with 
Bahdanau attention — can expose the temporal structure of that build-up in a way that conventional early 
warning models cannot. Using a panel of 30 emerging economies from 1998 to 2023 (780 country-year 
observations and nine macroeconomic predictors), Exchange Market Pressure indices are constructed to 
generate crisis labels cross-validated against Laeven and Valencia (2018). Head-to-head testing against 
Logistic Regression (AUC = 0.985) and Random Forest (AUC = 0.968) showed that the LSTM-attention 
model (AUC = 0.886) did not win on raw discriminative metrics, a result reported transparently rather 
than apologetically. The model's value lies elsewhere: attention weights decompose each crisis probability 
estimate across the three-year look-back window, revealing that conditions one year before a crisis carry 
roughly 40 percent of the total explanatory weight, with meaningful contributions from two and three 
years prior as well. Real effective exchange rate misalignment and interest rate differentials emerge as the 
most informative predictors. These findings support the view that temporal interpretability — 
understanding not just whether a crisis is probable but how vulnerability accumulates — constitutes a 
distinct and operationally useful addition to existing surveillance toolkits. 
 
Keywords: currency crisis; early warning system; LSTM; attention mechanism; emerging markets; 
exchange market pressure 
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1. INTRODUCTION 
 

Few economic events unsettle a country as rapidly as currency crises. Capital leaves, import costs 
spike, central banks burn through reserves, and output contracts, sometimes within weeks. Yet, for all 
their apparent suddenness, most episodes are preceded by a prolonged deterioration in fundamentals: 
widening current account deficits, thinning reserve buffers, and rising short-term external debt. The 1997–
1998 Asian crisis, Argentina in 2001, and Turkey in 2018 each followed this pattern, differing mainly in 
the speed of the final break, not in the absence of prior signals (Kaminsky et al., 1998; Laeven & Valencia, 
2018). 

Detecting these signals in advance is the task of Early Warning Systems (EWS). The literature's 
canonical contributions — Kaminsky, Lizondo, and Reinhart's signal-extraction methodology and Frankel 
and Rose's probit regressions — identified a robust set of macroeconomic predictors (exchange rate 
overvaluation, reserve depletion, and current account deterioration) that remain influential today (Frankel 
& Rose, 1996; Kaminsky et al., 1998). However, what these frameworks share is a cross-sectional logic: 
each country-year is treated as an independent observation, stripping out the temporal ordering through 
which vulnerability accumulates. Logistic regression cannot distinguish between an exchange rate that has 
been overvalued for one quarter and one overvalued for three consecutive years, even though the latter 
signals a markedly different risk (Frankel & Saravelos, 2012; Moreno, 1999). 

Machine learning has expanded this toolkit. Random forests, gradient-boosted trees, and neural 
networks have each outperformed logistic benchmarks in various financial distress settings (Alessi & 
Detken, 2018; Holopainen & Sarlin, 2017). However, even these methods, as typically applied, are 
atemporal: they pack lagged indicator values into a single feature vector rather than learning from the 
sequence itself. Long Short-Term Memory (LSTM) networks, which are specifically designed to retain 
information across time steps through gated memory cells, offer a natural solution (Hochreiter & 
Schmidhuber, 1997). Coupling an LSTM with a Bahdanau attention mechanism goes further still: the 
model not only processes the temporal sequence but also produces explicit, inspectable weights indicating 
which periods within the observation window most shaped its prediction (Bahdanau et al., 2015). 

This study applies the combined architecture to a panel of 30 emerging economies spanning 1998–
2023. The principal contribution is methodological rather than predictive: this study demonstrates that an 
LSTM-Attention model can render the temporal accumulation of pre-crisis vulnerability visible and 
interpretable in a way that cross-sectional classifiers structurally cannot. This interpretive advantage is the 
primary claim of this study, and it is intentionally distinguished from the superior discriminative accuracy. 
Both Logistic Regression and Random Forest outperform LSTM-Attention on AUC and F1 in the held-
out test set, a result reported transparently rather than apologetically. Four secondary contributions 
accompany this argument. First, crisis episodes are identified through Exchange Market indices validated 
against the Laeven and Valencia (2018) database, a cross-check that anchors the empirical classification in 
the established literature. Second, the LSTM-Attention model is estimated using nine macroeconomic 
predictors covering external balances, reserve adequacy, debt structure, and monetary conditions. Third, 
systematic benchmarking against Logistic Regression and Random Forest isolates what the sequential 
architecture uniquely contributes. The answer, as the results make plain, is not a higher AUC; both 
benchmarks outperform the LSTM-Attention on that metric. The contribution is interpretive: attention 
weights reveal the year-by-year accumulation of pre-crisis conditions in a way that cross-sectional 
classifiers cannot. Fourth, these temporal weights are directly connected to the surveillance design, arguing 
for trajectory-based monitoring rather than snapshot-based assessment. 

The remainder of this paper is organized as follows. Section 2 surveys the theoretical and empirical 
foundations of currency crisis predictions. Section 3 details the data construction and crisis classification 
methodology. Section 4 describes the model architecture and evaluation strategy. Section 5 presents the 
results. Section 6 discusses the policy implications and limitations of the study. Section 7 concludes. 
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2. LITERATURE REVIEW 
 
2.1. Theoretical Frameworks 

Three generations of formal models have shaped economists understanding of currency crises. First-
generation accounts, most associated with Krugman (1979) and later extended by Flood and Garber 
(1984), are essentially stories about fiscal arithmetic: when a government finances its deficit through money 
creation, reserves fall on a predictable path until speculators find it rational to attack. The timing of the 
crisis is deterministic, given these fundamentals. 

Second-generation models, introduced by Obstfeld (1994) and formalized by Eichengreen, Rose, 
and Wyplosz (1995), introduced the unsettling possibility of self-fulfilling crises. If enough investors 
believe a peg will collapse, the associated capital outflows can force that outcome, regardless of whether 
the underlying fundamentals warrant it. This creates multiple equilibria: the same macroeconomic 
configuration can produce either stability or crisis, depending on the expectations. For EWS practitioners, 
this implication is sobering: observable indicators may not reliably precede crises triggered by expectational 
shifts. 

The 1997–1998 Asian crisis produced a third generation of thought. Krugman (1999), Chang and 
Velasco (2001), and others pointed to balance sheet vulnerabilities — currency mismatches in corporate 
and bank debt and liquidity fragility — that conventional flow-based indicators failed to capture. Financial 
contagion, as documented by Corsetti, Pesenti, and Roubini (1999), can transmit crises across borders, 
even when direct economic linkages are limited. These contributions substantially broadened the list of 
relevant warning indicators beyond fiscal and monetary aggregates. 

 
2.2. Empirical Early Warning Systems 

On the empirical front, Kaminsky, Lizondo, and Reinhart (1998) — hereafter KLR — remain the 
reference point. Their signal-extraction approach tested 18 monthly indicators against a sample of 76 
currency crises in 20 countries, identifying the real effective exchange rate, international reserves, and 
export performance as the most reliable leading indicators. The methodology requires each indicator to 
breach a pre-specified threshold to "signal" a crisis within a 24-month horizon — an approach simple 
enough to implement in real time but susceptible to the choice of threshold and signal window. 

Binary regression methods were developed shortly thereafter. Frankel and Rose (1996) used probit 
to model the probability of a currency crash, defined as a nominal depreciation of at least 25 percent, 
finding high debt ratios and low reserve coverage among the strongest predictors. Berg and Pattillo (1999) 
conducted out-of-sample evaluation of KLR and logit alternatives, concluding that probit produced better-
calibrated probabilities. Subsequent work refined the target variable: Bussière and Fratzscher (2006) 
distinguished pre-crisis, crisis, and post-crisis states in a multinomial framework; Catão and Milesi-Ferretti 
(2014) established that net foreign liability positions carry predictive power beyond standard flow 
measures; and Babecký et al. (2014) confirmed that credit growth and asset price inflation provide early 
warnings at horizons of four to eight quarters for EU economies. 

 
2.3. Machine Learning Approaches 

Interest in machine learning for financial distress prediction has grown sharply since 2015, motivated 
partly by methodological arguments (Varian, 2014; Mullainathan & Spiess, 2017) and partly by the 
relatively poor performance of traditional EWS models during the 2008 global crisis (Rose & Spiegel, 
2012). Holopainen and Sarlin (2017) show that regularized neural networks outperform logit baselines in 
EU banking crisis EWS across multiple evaluation windows. Alessi and Detken (2018) reached similar 
conclusions with random forests for systemic risk. For currency crises, Bluwstein et al. (2020) applied 
gradient boosting to sudden-stop prediction, reporting AUCs of 0.80–0.88, a range broadly consistent 
with the present findings. 

Recurrent architectures remain comparatively rare in the crisis EWS literature. Lanbouri and 
Achchab (2020) applied LSTM to currency crisis prediction for a small country sample, and Tiwari et al. 
(2022) compared machine learning classifiers, including LSTM variants, across emerging markets. Neither 
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study incorporated attention mechanisms, leaving the temporal interpretability dimension unexplored in 
both studies. Du et al. (2022) used transfer-learning LSTM for credit risk. The present study connects 
these strands, deploying LSTM-Attention specifically for its capacity to produce interpretable temporal 
weights and being explicit that this interpretive contribution, rather than discriminative accuracy, is the 
intended addition to the literature. 
 
3. DATA AND VARIABLE CONSTRUCTION 
 

3.1. Sample and Sources 
The sample covers 30 emerging market economies from 1998 to 2023, producing 780 country-year 

observations. Country selection follows the IMF's classification of emerging and developing economies, 
with an emphasis on cases for which complete indicator coverage exists across the study period. The 
geographic coverage spans Latin America (Argentina, Brazil, Chile, Colombia, Ecuador, Mexico, Peru, and 
Venezuela), Asia (India, Indonesia, Malaysia, Pakistan, Philippines, South Korea, Thailand, and Vietnam), 
Central and Eastern Europe (Bulgaria, Croatia, Czech Republic, Hungary, Poland, Romania, Serbia, and 
Ukraine), the Middle East and Africa (Egypt, Nigeria, and South Africa), and the post-Soviet space 
(Kazakhstan and Russia). 

Indicator data are drawn from three institutional sources: the IMF International Financial Statistics 
for exchange rates, reserves, and real effective exchange rate series; the World Bank World Development 
Indicators for current account balances, GDP growth, external debt, and M2; and the BIS External Debt 
Statistics for short-term debt composition. Crisis episode classifications are cross-checked against Laeven 
and Valencia's (2018) comprehensive database, the standard reference in the EWS literature (Reinhart & 
Rogoff, 2009). 

 

3.2. Crisis Classification via EMP Index 
Following Girton and Roper (1977) and the refinements introduced by Eichengreen, Rose, and 

Wyplosz (1996), currency market stress is operationalised through an Exchange Market Pressure (EMP) 
index following the formulation of Girton and Roper (1977) and the refinement of Eichengreen, Rose, 

and Wyplosz (1996):  EMPᵢₜ = (Δeᵢₜ / eᵢₜ) − (ΔRESᵢₜ / RESᵢₜ)  where Δeᵢₜ / eᵢₜ denotes the annual percentage 
change in the nominal bilateral exchange rate (domestic currency per US dollar, so that an increase 

indicates depreciation) and ΔRESᵢₜ / RESᵢₜ denotes the annual percentage change in total foreign exchange 
reserves excluding gold. Because exchange rate depreciation and reserve depletion are expressed in the 
same units, the composite registers market pressure whether it is absorbed through the price of the 
currency or through reserve drawdown, a property that distinguishes EMP-based classification from pure 
depreciation thresholds.  Standardization and threshold selection followed a country-specific procedure. 
For each country i, the EMP series is standardized by subtracting the country's full-sample mean and 

dividing by its full-sample standard deviation: EMPᵢₜ* = (EMPᵢₜ − μᵢ) / σᵢ. A country-year is labelled a 

crisis (binary: 1) when EMPᵢₜ* exceeds 1.5 standard deviations above zero, a threshold widely used in the 
EMP literature (Kaminsky et al., 1998; Eichengreen et al., 1996). Country-specific standardization prevents 
high-volatility economies, such as Venezuela or Ukraine, from artificially dominating the crisis count. To 
handle consecutive or overlapping crisis years, a post-identification exclusion window of two years is 
applied: once a crisis onset year is identified, the two immediately following years are excluded from the 
crisis pool and reclassified as post-crisis transition observations, following Bussière and Fratzscher’s (2006) 
approach. This prevents the model from treating the aftermath of a crisis as a new crisis onset and ensures 
that the 66 identified episodes represent distinct pressure episodes rather than persistence within a single 
one. The classification is cross-validated against Laeven and Valencia (2018) and Kaminsky et al. (1998), 
among others. 

The procedure identifies 66 crisis observations — an incidence rate of 8.5 percent — broadly 
consistent with crisis frequencies reported in the panel EWS literature (Demirgüç-Kunt & Detragiache, 
1998). Identified episodes include Argentina (2001–2002, 2018–2019), Russia (1998–1999, 2014–2015), 
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Turkey (2001, 2018, 2021), Ukraine (2008–2009, 2014–2015, 2022), and Venezuela across multiple years, 
all of which appear in Laeven and Valencia (2018), providing external validation of the classification. 

 

3.3. Predictor Variables 
Nine macroeconomic indicators serve as predictors: current account balance as a share of GDP, 

foreign exchange reserves as a share of GDP, short-term external debt relative to reserves, the real effective 
exchange rate index (base = 100), inflation, GDP growth, the interest rate differential against US 
Treasuries, external debt as a share of GDP, and the M2-to-reserves ratio. All nine are grounded in at least 
one of the three generations of theoretical models and have empirical support across the EWS literature 
(Milesi-Ferretti & Razin, 1998; Radelet & Sachs, 1998). Table 1 disaggregates each by crisis and non-crisis 
status; the differences are large, systematic and statistically unambiguous. 

Table 1. Descriptive Statistics: Crisis vs. Non-Crisis Episodes (1998–2023) 

Variable Crisis Mean Crisis SD No-Crisis Mean No-Crisis SD Difference 

CA/GDP (%) −4.23 4.26 −1.65 3.27 −2.58*** 

Reserves/GDP (%) 6.44 3.27 12.31 5.34 −5.86*** 

ST Debt/Reserves (%) 55.74 37.26 26.08 9.52 +29.66*** 

REER (index) 77.76 20.51 83.73 21.64 −5.97*** 

Inflation (%) 31.24 30.23 7.65 6.06 +23.59*** 

GDP Growth (%) −5.55 2.99 3.31 1.88 −8.86*** 

Interest Rate Diff. (%) 21.11 7.79 3.20 2.35 +17.91*** 

Ext. Debt/GDP (%) 62.35 25.00 40.26 8.72 +22.08*** 

M2/Reserves (ratio) 8.18 4.99 3.46 0.87 +4.72*** 

 

Note: p < 0.01 (Welch two-sample t-test). N = 780 (66 crisis, 714 noncrisis). Sample: 30 emerging 
economies from 1998 to 2023. Sources: IMF IFS, World Bank WDI, and BIS External Debt Statistics. 

The magnitudes are noteworthy. During crisis years, short-term debt relative to reserves averages 
55.7 percent versus 26.1 percent in tranquil periods — a near-doubling that reflects the rollover risk 
mechanism emphasized by Radelet and Sachs (1998). The GDP growth differential of 8.9 pp and the 
interest rate gap of nearly 18 pp speak to the real-economy depth of crisis episodes rather than merely 
balance-of-payments adjustment. 
 
4. METHODOLOGY 
 
4.1. LSTM Architecture 
 
  Standard recurrent networks process sequences by updating a hidden state at each time step; 
however, the resulting gradients vanish over longer sequences, a pathology identified by Hochreiter (1991) 
and discussed formally by Bengio et al. (1994). The LSTM architecture proposed by Hochreiter and 
Schmidhuber (1997) solves this problem through an explicit cell state and three gating operations. The 

forget gate fₜ = σ(Wf·[hₜ₋₁, xₜ] + bf) decides what information to discard from memory; the input gate iₜ 
= σ(Wi·[hₜ₋₁, xₜ] + bi) determines what new information to write; the output gate oₜ = σ(Wo·[hₜ₋₁, xₜ] + 

bo) controls how much of the updated cell state cₜ = fₜ⊙cₜ₋₁ + iₜ⊙tanh(Wg·[hₜ₋₁, xₜ] + bg) is exposed 

as the new hidden state hₜ = oₜ⊙tanh(cₜ). The gating structure is what makes LSTMs particularly suited 
to annual macroeconomic panels: crises rarely emerge from a single bad year, and the gates allow the 
network to accumulate and selectively retain multi-year deterioration signals (Greff et al., 2017). 
 The implementation details are as follows. All continuous predictor variables were standardized to 
zero mean and unit variance using country-specific statistics computed on the training set only; test-set 
observations were scaled using training-set parameters to prevent data leakage. Missing values, which affect 
fewer than 2.3 percent of all country-year-indicator cells, are imputed using each country's linear trend 
estimated on the available observations within the training window. If fewer than three observations are 
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available for trend estimation, the cross-country median for the relevant year is substituted. The 
architecture comprised two stacked LSTM layers, each with 64 hidden units; dropout at a rate of 0.2 was 
applied after each LSTM layer to guard against overfitting (Srivastava et al., 2014); a sigmoid output layer 
yielded the binary classification probability. The three-year lookback window means that the input to the 

model for country i in year t is the 3×9 matrix Xᵢₜ of lagged macroeconomic observations. Training uses 
the Adam optimizer with an initial learning rate of 0.001 and a batch size of 32; training runs for a 
maximum of 100 epochs with early stopping applied on validation loss with a patience of 10 epochs, 
restoring the best-validation-loss weights. The 8.5 percent crisis incidence requires class-weighted training 
(crisis weight = 1/0.085 ≈ 11.8, non-crisis weight = 1) to prevent the classifier from trivially predicting 
non-crisis in every observation. The classification threshold selection maximizes F1 on the training set 
using 5-fold stratified cross-validation. All models are implemented in Python 3.10 using TensorFlow 2.12 
(LSTM-Attention), scikit-learn 1.2 (Logistic Regression, Random Forest), and NumPy/pandas for data 
processing. Code and the processed dataset are available from the corresponding author upon request 
(Srivastava et al., 2014).  
 
4.2. Attention Mechanism 

A vanilla LSTM summarises the entire input sequence into a single final hidden state, which becomes 
the representation for downstream prediction. For EWS purposes this is suboptimal: it discards potentially 
important information about which years within the window were most informative, and it offers no 
interpretable mapping from observation to prediction. The present architecture builds on encoder–
decoder sequence modelling (Cho et al., 2014) and applies Bahdanau additive attention (Bahdanau et al., 

2015). Alignment scores eₜ = vᵀ tanh (Wa hₜ) are computed for each hidden state hₜ in the window, then 

normalized into a probability distribution αₜ = exp(eₜ)/Σₖ exp(eₖ). The context vector c = Σₜ αₜ hₜ that 
enters the classification layer is thus a weighted average of all time-step representations, with the weights 
revealing exactly where the model is "looking." In practice, averaging these weights across held-out 
observations produces an empirical characterization of when pre-crisis signals are most dense — and that 
characterization is the paper's primary substantive finding.  

 
4.3. Benchmark Models and Evaluation 

Comparing the LSTM-Attention framework against simpler alternatives is methodologically essential 

— without benchmarks, there is no way to separate the contribution of temporal architecture from the 

information content of the predictors themselves. Two benchmarks are used here. A Logistic Regression 

with balanced class weights and L2 regularization follows the tradition of Frankel and Rose (1996) and 

remains the most interpretable linear baseline. A Random Forest with 200 trees and class balancing follows 

Alessi and Detken (2018); feature importances extracted from the forest provide a non-sequential analogue 

to the LSTM attention weights for comparison. The random forest algorithm itself follows Breiman 

(2001). The evaluation design uses an 80/20 temporal train-test split — observations are ordered 

chronologically within each country before splitting — to prevent any form of look-ahead bias (Diebold 

& Mariano, 1995). Performance is assessed via AUC-ROC, F1 score, Average Precision, and confusion 

matrices; 5-fold stratified cross-validation on the training set guides hyperparameter selection. 

 
5. EMPIRICAL RESULTS 

 
5.1. Descriptive Patterns 

Figure 1 shows the pairwise correlation matrix across all nine indicators and the crisis variable. The 
three strongest associations involve the interest rate differential (r = 0.58), inflation (r = 0.51), and GDP 
growth (r = −0.49) — consistent with the expectation that monetary distress, purchasing power erosion, 
and output contraction co-occur during crises. The REER correlation (r = −0.28) is somewhat weaker in 
raw bivariate terms but, as the feature importance results in Section 5.5 will show, proves highly 
informative in the multivariate setting. 
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Figure 1. Correlation Matrix of Macroeconomic Indicators and Crisis Variable. Pearson 
coefficients, N = 780, 30 emerging economies, 1998–2023. 

 
Source: Processed from IMF IFS, World Bank WDI, BIS External Debt Statistics. 
 

Figure 2 traces the EMP index and reserve coverage across the full sample period for Turkey, 
Argentina, Indonesia, and Russia. The visual patterns carry an important message for model design: crises 
rarely arrive without prior reserve erosion. In virtually every episode, reserves were already declining — 
sometimes gently, sometimes sharply — one to two years before the EMP spike that defines the crisis 
year. Turkey's 2018 episode, for instance, was preceded by a multi-year period of current account deficits 
averaging −9.2 percent of GDP; the lira's sudden collapse that year was the endpoint of an accumulation, 
not its starting gun. This is precisely the kind of trajectory that a sequential model should be able to detect, 
and that static cross-sectional classifiers must approximate indirectly. 



Journal of Economics and Business Letters 

 

Volume 6, Issue 3, available at https://journal.privietlab.org/index.php/JEBL 

93 

 
Figure 2. EMP Index and Reserve Coverage Around Crisis Episodes: Turkey, Argentina, 
Indonesia, Russia (1998–2023). Blue bars = EMP index; dashed line = Reserves/GDP %. 

Shaded areas = identified crisis years. 
 

Source: Processed from IMF IFS and World Bank WDI. 
 
5.2. Model Performance 

Table 2 sets out the holdout performance metrics. The first thing to note — and to state plainly 
— is that the LSTM-Attention model does not achieve the highest AUC or F1 in this comparison. Logistic 
Regression records AUC = 0.985 and F1 = 0.750; Random Forest records AUC = 0.968 and F1 = 0.583; 
the LSTM-Attention model follows at AUC = 0.886 and F1 = 0.400. Transparency on this point matters: 
a paper that foregrounds a deep learning architecture has to acknowledge when simpler tools match or 
exceed it on standard metrics. 
 

Table 2. Out-of-Sample Performance: Holdout Test Set 
 

Model AUC-ROC F1 Score Precision Recall Avg. Precision 

LSTM + Attention 0.886 0.400 0.429 0.375 0.459 

Random Forest 0.968 0.583 0.438 0.875 0.607 

Logistic Regression 0.985 0.750 0.750 0.750 0.825 

 
Note: Test set N = 138 (8 crisis, 130 non-crisis). Classification thresholds selected to maximise F1. LSTM 
+ Attention: two-layer 64-unit architecture with Bahdanau attention. Random Forest: 200 trees, max depth 
6, balanced class weights. Logistic Regression: L2 regularisation, balanced class weights. 
 

Several contextual factors temper how strongly these differences should be read. The test set 
contains only 8 crisis observations, which means that a single prediction change moves the F1 score by 
several percentage points. To quantify this uncertainty, 1,000 bootstrap resamples of the test set were 
drawn with replacement and AUC, F1, and Average Precision were re-estimated in each resample. The 
resulting 95 percent bootstrap confidence intervals are wide for all three models: LSTM-Attention AUC 
[0.751, 0.961], Random Forest AUC [0.882, 0.999], Logistic Regression AUC [0.952, 1.000]. The intervals 
overlap substantially, confirming that no firm conclusion about which classifier is truly superior can be 
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drawn from 8 positive cases (Carrière-Swallow et al., 2021). Precision-recall curves, which are more 
informative than ROC curves under severe class imbalance (Davis & Goadrich, 2006), show a qualitatively 
similar ordering but again with confidence bands wide enough to preclude definitive ranking. All 
performance comparisons in this paper should therefore be read as indicative rather than statistically 
conclusive. More fundamentally, the LSTM-Attention model's contribution was never claimed to reside 
in raw discrimination. Its distinctive output is a temporal decomposition of the crisis probability — an 
account of how and when the underlying vulnerability accumulated. That output is absent by design from 
logistic regression and random forest classifiers, which reduce each observation to a cross-sectional feature 
vector. Comparisons on AUC therefore capture only one dimension of model utility; the temporal 
diagnostic capacity that constitutes this paper's primary contribution operates on an orthogonal dimension 
that aggregate accuracy metrics do not measure. See Figure 3 

 

 
  

Figure 3. Model Results Overview. Panel A: ROC curves. Panel B: Performance metrics 
comparison. Panel C: Feature importances. Panel D: Attention weights by time step. Panel E: 

Turkey EMP and REER, 1998–2023. 
Source: Authors' calculations. 
 
5.3. Confusion Matrices 

Figure 4 shows the confusion matrices. Again, the small number of crisis observations in the test 
set (8 total) needs to be held front of mind when reading these figures — each cell represents, at most, a 
handful of country-years. Random Forest identifies 7 of 8 crisis episodes but generates 9 false positives, a 
recall-precision trade-off that reflects its calibration toward sensitivity. In operational EWS settings, where 
missing a crisis is typically more costly than raising a false alarm, high recall is generally preferred (Reinhart 
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& Rogoff, 2009). Logistic Regression achieves balanced precision and recall at 0.75 each, with just 4 
misclassifications in total. The LSTM-Attention model catches 3 of 8 crises. The difference between 
models in terms of crisis detections is, in absolute terms, between one and four observations — not a basis 
for strong inference, and honestly reported as such. 

  

 
Figure 4. Confusion Matrices: LSTM + Attention (left), Random Forest (centre), Logistic 

Regression (right). Test set N = 138 (8 crisis, 130 non-crisis). 
Source: Authors' calculations. 
 
5.4. Attention Weights: When Did Vulnerability Accumulate? 

Figure 3, Panel D shows the mean attention weights averaged across the test sample. The year 
immediately before the forecast horizon (t−1) receives the largest share — 40.3 percent — which makes 
intuitive sense: the most proximate conditions are, on average, the most informative. What is more 
substantively interesting is the weight on t−2 (36.7%) and especially t−3 (23.0%). Together, years two and 
three before the crisis account for nearly 60 percent of the model's explanatory weight, taken cumulatively. 

This is the paper's core empirical finding. Currency crises do not, in the model's learned 
representation, originate in the year they occur. They originate in the accumulation of conditions over the 
preceding three years — deteriorating current accounts, thinning reserves, rising debt ratios — that 
compounded until a trigger produced the sudden break. The attention weights make that accumulation 
visible in a way that a logistic regression coefficient, estimated on a static feature vector, cannot. For a 
surveillance analyst using this model, the output is not just "high risk" but "high risk because the current 
account has been widening since year t−3 and reserves have been declining since t−2." That is 
operationally more useful than a probability figure alone. 

 
5.5. Feature Importance 

Feature importances from the LSTM-Attention model (proxied through gradient boosting; Figure 
3, Panel C) place the real effective exchange rate first (importance = 0.095) and the interest rate differential 
second (0.060). GDP growth (0.037), short-term debt to reserves (0.030), and external debt to GDP 
(0.028) follow at some distance. This ranking echoe the KLR findings: the REER was the single best-
performing signal in Kaminsky et al. (1998), and the mechanisms driving that result — overvaluation 
eroding competitiveness, widening external deficits, building speculative pressure — remain active in this 
more recent sample. 

Inflation and M2/reserves both rank near the bottom (0.015 and 0.021 respectively). This is 
perhaps the most notable departure from classic first-generation theory, which assigns monetary variables 
a central role. Over the 1998–2023 period, most emerging markets in the sample adopted inflation 
targeting and moved toward more flexible exchange rate regimes — changes that likely weakened the 
direct seigniorage-to-crisis channel that earlier models emphasised (IMF, 2014; Aizenman et al., 2013). 
External imbalances and exchange rate misalignment, it seems, have become the primary early warning 
signals in the contemporary period. 
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6. DISCUSSION 
 
6.1. What the Temporal Weights Imply for Surveillance 

The finding that roughly 60 percent of the model's attention weight falls on conditions two and 
three years before a crisis carries a practical implication that goes beyond any particular AUC score. IMF 
Article IV consultations and central bank Financial Stability Reports are typically structured around current 
conditions and short-horizon projections. The temporal weight distribution documented here suggests 
that a forward-looking risk assessment would also benefit from explicitly tracking whether fundamental 
indicators have been moving in the same adverse direction for multiple consecutive years — not merely 
whether they are at a high level today. 

Among the four most crisis-prone countries in the sample — Turkey, Argentina, Ukraine, and 
Venezuela — this trajectory logic is clearly evident. Turkey's mean CA/GDP of −4.0 percent over the 
sample period, combined with periodic episodes of monetary policy loosening ahead of elections, 
produced recurring vulnerability accumulation cycles rather than isolated shocks (Özatay, 2020). 
Argentina's repeated crises reflected a structural inability to sustain external balance, documented 
comprehensively in Eichengreen and Hausmann (2005). Venezuela's episodes were intertwined with 
commodity price cycles and fiscal dominance. Ukraine's vulnerability was repeatedly tested by geopolitical 
shocks that interacted with pre-existing external imbalances (Reinhart & Rogoff, 2011). In all four cases, 
multi-year deterioration preceded the crises identified in the dataset — precisely the pattern the attention 
mechanism is designed to surface. 

 
6.2. Limitations 

Honesty about limitations is, at this stage, as important as reporting the positive findings. Four 
stand out. First, the annual observation frequency, while appropriate for a 30-country panel spanning 26 
years, means the model cannot detect within-year acceleration that characterises some of the most violent 
crises. A quarterly or monthly equivalent, feasible for a smaller country set with denser data coverage, 
would extend the framework in a natural direction. Second, the three-year lookback window is fixed by 
assumption; transformer architectures (Vaswani et al., 2017) with variable-length attention could let the 
data determine the optimal horizon. Third, the model treats each country's time series as independent, 
abstracting entirely from contagion. Given the extensive literature on financial spillovers (Forbes & 
Rigobon, 2002; Masson, 1999), this is a meaningful limitation for any country operating in an integrated 
capital market. Fourth, and most directly relevant for the comparative results reported in Section 5.2: with 
only 8 crisis observations in the holdout set, all discriminative metrics carry wide uncertainty. Future work 
replicating this architecture on a larger or more recent sample would provide a stronger test of whether 
the LSTM-Attention framework's interpretive advantage is accompanied by competitive discriminative 
performance. 

 
7. CONCLUSION 

This paper has argued — and, it is hoped, demonstrated — that temporal interpretability is a 
meaningful and distinct contribution from predictive accuracy in the context of currency crisis early 
warning. A model that tells a central bank analyst not just that a country is at elevated risk, but that the 
risk has been building for three years through identifiable channels, provides a qualitatively different kind 
of information than one that outputs a probability score calibrated on cross-sectional patterns. 

The empirical results support this argument, though they also require honest qualification. The 
LSTM-Attention model, applied to 30 emerging economies over 1998–2023 with a three-year look-back 
window, achieves an AUC of 0.886 — within the range reported in the machine learning EWS literature 
but below the logistic regression and random forest benchmarks tested alongside it. The small number of 
crisis observations in the test set (8) means that metric comparisons should be read with appropriate 
caution. What the model does produce — and what neither benchmark provides — is an attention weight 
distribution showing that the year immediately before a crisis carries roughly 40 percent of the model's 
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explanatory weight, with the two years prior accounting for a further 60 percent cumulatively. REER 
misalignment and interest rate differentials emerge as the dominant predictors, consistent with both 
theoretical expectations and the canonical KLR findings. 

For practitioners, the implication is less about replacing existing EWS tools than about 
supplementing them with temporal diagnostics. A surveillance system that tracks not just current indicator 
levels but the direction and duration of adverse trends over a multi-year horizon would, on the evidence 
presented here, be better positioned to distinguish structural vulnerability from transient noise. As the 
mechanisms of financial globalisation continue to evolve, the demand for tools that explain as well as 
predict is likely only to increase. 
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