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This paper examines how far financial crises can be anticipated using only publicly available 

macroeconomic, macro-financial and macro-demographic indicators. We construct a monthly US panel 

from OECD and Federal Reserve sources and transform standard aggregates into a rich feature set 

capturing volatility, momentum, higher-order moments, drawdowns and structural breaks. Crisis risk is 

modeled in a hazard-style early-warning framework: for each month in expansion, we define binary labels 

for crisis onsets within 6-, 12- and 18-month horizons, combined with lead-time weights that reward 

earlier, more operationally useful signals. Using this common information set, we compare three families 

of models: regularised logistic regressions, gradient-boosted decision trees (LightGBM and XGBoost) 

and a bidirectional LSTM with attention fed by fixed-length feature sequences. Models are evaluated with 

expanding-window cross-validation and strictly out-of-sample holdout tests. Across horizons, penalised 

logistic regressions deliver the most accurate and stable forecasts, achieving holdout ROC-AUCs up to 

0.99 and F1 scores up to 0.86 at the 18-month horizon, while tree-based methods are competitive only at 

longer horizons and the Bi-LSTM substantially overfits, adding little incremental predictive power. These 

results suggest that, in small and highly imbalanced crisis datasets built from open macro-demographic 

indicators, well-regularised linear models can match or surpass more complex machine-learning and 

deep-learning approaches, and offer greater transparency for macroprudential policy use. 

Povzetek: Članek pokaže, da je pri napovedovanju finančnih kriz iz javno dostopnih makroekonomskih 

kazalnikov najbolj zanesljiv dobro regulariziran logistični model, ki v primerjavi z drevesnimi metodami 

in Bi-LSTM dosega višjo stabilnost in natančnost ter je hkrati bolj transparenten za uporabo v politiki. 

 

1 Introduction 
Financial crises remain a recurring part of modern 

economic history and typically leave behind deep and 

long-lasting damage. Drawing on a large post-war cross-

country sample, Greenwood et al. (2022) show that when 

both credit and asset prices expand rapidly over a three-

year window, the likelihood of a financial crisis in the 

following three years is close to 40 percent, compared with 

about 7 percent when neither grows unusually fast. This 

pattern indicates that crises arise more often in specific 

macro-financial environments and that commonly used 

aggregate series embed information about future crisis 

risk. 

Recent early-warning studies make systematic use of 

this information. Using data for 59 advanced and 

emerging economies, Chen and Svirydzenka (2021) find 

that equity prices, property prices, the credit gap and the 

output gap provide useful advance signals of banking 

crises when expressed as gaps from trend, with signals 

often emerging several years before the event. In a 

different setting, Allaj and Sanfelici (2023) design early-

warning models for large asset-price declines based on  

 

logit regressions that use realised variance and a price–

volatility feedback indicator as predictors. Liu et al. 

(2022) compare logistic regression with a range of 

machine-learning classifiers and report that random forest, 

gradient boosting and related methods deliver more 

accurate financial-crisis predictions in a multi-country 

panel. 

Macroprudential practice has moved in a similar 

direction, relying heavily on publicly available indicators. 

Koponen (2024) builds a composite cyclical systemic-risk 

index for Finland by combining standard banking-crisis 

early-warning indicators based on credit, asset prices and 

external balances, and shows that this composite performs 

well according to conventional classification measures. A 

related index for Croatia, constructed by Škrinjarić (2023), 

is used to discuss the advantages and limitations of such 

composite indicators for tracking cyclical systemic risk. 

At the cross-country level, Mugrabi et al. (2025) analyse 

bank-level measures of systemic risk in 45 emerging and 

advanced economies and find that tighter macroprudential 

policies are associated with lower systemic risk, 

particularly in inflation-targeting regimes, highlighting 
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the role of observable macro-financial indicators in the 

design and calibration of macroprudential tools. 

What is less clear from the existing literature is how 

far financial crises can be anticipated when one restricts 

attention strictly to such public economic indicators. 

Existing contributions establish that public macro-

financial variables carry predictive content and that more 

flexible models can extract this information more 

effectively, but there is little systematic evidence on the 

limits of crisis prediction under a public-data constraint, 

or on how different modelling traditions perform when 

they all use exactly the same set of public indicators. This 

paper addresses that gap by assessing the predictive power 

of publicly available macroeconomic, macro-financial and 

macro-demographic series and by comparing benchmark 

econometric models, tree-based classifiers and sequence 

models for financial-crisis prediction within a common, 

transparent information set. 

2 Literature review 
A number of recent surveys take stock of early-

warning systems for financial crises as a whole. Namaki, 

Eyvazloo, and Ramtinnia (2023) conduct a bibliometric 

review of 616 studies on financial early-warning systems 

and document a shift from traditional econometric models 

towards machine-learning approaches, applied to banking, 

currency and sovereign crises and to corporate failure. 

Their review stresses that combining macroeconomic 

aggregates with sectoral and balance-sheet information 

has become the norm in crisis prediction. Firdaus and 

Santoso (2025) focus more narrowly on models used to 

forecast financial crises and emphasise that both 

econometric and machine-learning approaches typically 

rely on sets of standard macro-financial indicators, 

sometimes augmented with uncertainty indices. 

A separate strand of work examines how crisis-

warning tools should be eValuated for policy use. 

Candelon, Dumitrescu, and Hurlin (2012) propose a 

unified statistical framework for assessing early-warning 

systems that is based on receiver-operating-characteristic 

(ROC) curves and optimal cut-offs, making the trade-off 

between missed crises and false alarms explicit. 

Drehmann and Juselius (2014) and Yildirim and Sanyal 

(2022) extend this perspective by adding criteria such as 

signal horizon, stability and interpretability and show that 

credit aggregates and debt-service ratios often satisfy 

these policy-oriented requirements. Together, these 

contributions argue that crisis-prediction models must 

deliver not only accurate forecasts, but also simple and 

robust signals that can be communicated to 

macroprudential authorities. 

More recent studies explore model design and 

information sets. Gu (2022) develops hidden Markov–

model based early-warning systems that generate short-

term probabilities of financial instability and highlights 

the operational advantages of automated alerts for 

supervisors. Hidayat, Masyita, Nidar, Ahmad, and Syarif 

(2022) use a system-dynamics simulation framework to 

build an early-warning and early-action tool for bank 

solvency risk during the COVID-19 period, largely on the 

basis of publicly available banking data. These 

contributions show that flexible tools for crisis monitoring 

can be constructed from observable economic and 

financial indicators, but they do not provide a systematic 

comparison of different modelling traditions under a strict 

public-data constraint. The present paper addresses this 

gap by assessing how far financial crises can be 

anticipated using only public macroeconomic, macro-

financial and macro-demographic series.

3 Related work 

3.1 Econometric and machine-learning 

early-warning models 

Recent work still uses logistic regression as a 

benchmark for binary crisis classification, but 

systematically shows that modern machine-learning 

methods perform better. Liu et al. (2022) compare logit 

with a range of classifiers on cross-country crisis data and 

find that tree-based ensembles such as random forests and 

gradient boosting improve both accuracy and variable 

selection in early-warning settings. Purnell et al. (2024) 

design an explainable early-warning system for financial 

networks, again finding that ensemble methods capture 

nonlinear contagion patterns better than logistic baselines 

while still allowing economically meaningful 

explanations. 

3.2 Deep-learning models for crisis 

prediction 

Deep learning has been used to move beyond static 

classifiers by modelling the time dimension of financial 

risk. Ouyang et al. (2021) use an attention-LSTM model 

to produce an early warning index for systemic financial 

risk in China and show systematic gains relative to 

ARIMA, support-vector regression and standard LSTM 

models. Yang et al. (2025) embed deep learning into a 

TVP-FAVAR system to produce a dynamic early-warning 

measure of systemic financial risk in China, while 

Elnaggar et al. (2025) develop a deep learning model 

trained directly on financial crisis datasets. 

This emphasis on nonlinear and dynamic modelling is 

consistent with advances in nonlinear control, where 

feedback, fuzzy and neural methods are used to stabilise 

complex systems with uncertainty and unmeasured states. 

Relevant examples include output-feedback projective 

lag-synchronisation for chaotic systems with input 

nonlinearities (Boulkroune et al. 2017), adaptive fuzzy 

control achieving fixed-time synchronisation of 

fractional-order chaotic systems (Boulkroune et al. 2025), 

adaptive backstepping and robust neural adaptive control 

for uncertain nonlinear multi-input and single-input 

systems (Zouari et al. 2012; Zouari et al. 2013), nonlinear 

optimal control for gas-compressor–motor dynamics 

(Rigatos et al. 2023) and high-gain observer-based 

adaptive fuzzy control for multivariable nonlinear systems 

(Merazka, Zouari, and Boulkroune 2017). These works 
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illustrate design principles for handling nonlinear 

dynamics, which motivates our use of Bi-LSTMs as 

flexible sequence models for crisis prediction. 

3.3 Web3, DeFi and crypto-related 

instability 

Recent work argues that decentralised finance, 

stablecoins and other crypto-assets can create additional 

channels for financial instability, for example through 

leveraged DeFi positions, liquidity mismatches in pools 

and run risk in stablecoins (European Central Bank, 2022; 

Financial Stability Board, 2023). Machine-learning 

studies using on-chain data show that tree-based and 

graph-based models can flag risky protocols and fraud in 

DeFi markets before large losses occur (Luo et al., 2024). 

However, these applications are mostly protocol- or asset-

level and the available Web3 data do not yet form a long, 

consistent macro panel comparable to our macroeconomic 

and demographic series. For these reasons, we do not 

include Web3, DeFi or stablecoin indicators in our 

empirical crisis-prediction models. Instead, we treat them 

as a natural extension: once reliable, long-horizon 

measures of DeFi leverage, liquidations or stablecoin 

flows become available, they could be added alongside 

traditional macro-financial variables in the type of Bi-

LSTM and random-forest framework developed here. 

3.4 Macro-demographics, financial 

inclusion and crisis risk 

Macro-demographic and financial-inclusion studies 

examine how population structure and access to finance 

affect stability, but typically without explicit crisis labels. 

Oanh et al. (2023) show that financial inclusion is 

positively related to financial stability, but that the 

relationship interacts in a nonlinear way with inflation and 

money growth in high- and low-development financial 

systems. Kebede et al. (2024) document a nonlinear “too 

little, too much” relationship between inclusion and 

stability, with threshold effects that matter for 

macroprudential policy. Schmieder and Imam (2024) 

analyse how demographic ageing changes bank balance 

sheets and the transmission of macro-financial shocks. 

These contributions underline the importance of macro-

demographic and inclusion variables for financial 

stability, but they mainly use linear panel and VAR 

frameworks. Our study therefore combines a Bi-LSTM 

with macroeconomic and demographic indicators and 

benchmarks it against random forest and logistic 

regression in a financial-crisis prediction setting. 

4 Materials and methods 

4.1 Dataset 

4.1.1 Dataset description 

The dataset is a monthly US macro financial panel 

constructed from official OECD and Federal Reserve 

sources. Labour market indicators, including employment, 

unemployment, participation and working age population, 

are taken from the OECD infra-annual labour statistics, 

while business tendency balances and composite 

confidence measures for firms and households follow the 

OECD Composite Leading Indicators framework and 

related short term indicator collections (OECD, 2025a, 

OECD, 2025b). Price, trade and monetary variables draw 

on OECD consumer price indices for G20 economies, 

international merchandise trade statistics and short term 

monetary and real activity series that underpin the Key 

Short Term Economic Indicators (OECD, 2025c, OECD, 

2025d). 

Recession timing and financial conditions are added 

from composite indicators disseminated via the Federal 

Reserve Bank of St Louis. The crisis block combines the 

Real Time Sahm Rule Recession Indicator with the NBER 

based US recession dummy, while broader activity is 

summarised by the Chicago Fed National Activity Index, 

its diffusion index, moving average and expenditure and 

production subindexes (Federal Reserve Bank of St Louis, 

2025a, Federal Reserve Bank of St Louis, 2025b, Federal 

Reserve Bank of St Louis, 2025c, Federal Reserve Bank 

of Chicago, 2025a). Financial stress is measured by the 

National Financial Conditions Index and its adjusted 

version, and overall real activity is cross checked using the 

Coincident Economic Activity Index for the United States 

from the Federal Reserve Bank of Philadelphia (Federal 

Reserve Bank of Chicago, 2025b, Federal Reserve Bank 

of Philadelphia, 2025). 

4.1.2 Data processing 

The raw dataset combines monthly macro-financial 

indicators with a binary recession flag. All series are 

coerced to a common monthly calendar keyed by a 

TIME_PERIOD index, sorted chronologically, and 

trimmed to the overlapping sample. When indicators are 

available at higher than monthly frequency, they are 

aggregated to monthly Values by taking simple averages 

within each calendar month before merging. This 

produces a single, time-ordered multivariate panel where 

each row corresponds to one month. 

The binary recession flag is first converted into three 

auxiliary series start_onset, end_offset and state. The 

start_onset indicator marks months in which the economy 

switches from expansion to recession, end_offset marks 

the end of a recession spell, and state encodes the 

contemporaneous regime (expansion or recession). These 

derived variables are then used to identify contiguous 

recession segments and the corresponding non-recession 

intervals. A short post-recession buffer is appended after 

each recession end to represent a fragile recovery phase; 

months in this buffer are temporarily excluded from the 

set of candidates for new recession onsets. 

On this basis, hazard-style labels and risk sets are 

constructed for each forecast horizon H. For every month 

t in expansion and outside the post-recession buffer, a 

horizon window (t, t+H] is scanned for the presence of a 

start_onset. If at least one start_onset occurs in that 

window, the hazard label is set to one; otherwise it is set 

to zero. Months that are in recession or in the post-

recession buffer do not enter the estimation sample for that 
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horizon. This yields, for each H, an expansion-only risk 

set with a corresponding binary hazard series. 

Lead time and lead-time weights are precomputed 

together with the labels. For each horizon H and each 

month t in the risk set with 𝑌𝑡
𝐻 = 1, the algorithm records 

the first onset month within (t, t+H] and defines the lead 

time ∆𝑡
𝐻= 𝑢∗(𝑡) − 𝑡 . On the basis of this lead time, a 

scalar weight is attached to each positive observation in 

order to favour earlier, more operationally useful warnings 

over very late signals that occur just before the onset. The 

positive weight is defined as 𝜐(∆𝑡
𝐻) = 1 + 𝛼

𝐻−∆𝑡
𝐻

𝐻
, with a 

tuning parameter. Observations that are closer to the onset 

(small ∆𝑡
𝐻) receive larger weights, while observations that 

are only marginally ahead of the onset receive weights 

close to one. Negative observations keep a weight of one. 

These weights are later combined with standard class 

weights in the loss function. 

Feature processing is applied to the time-ordered 

macro-financial panel before sequence construction. 

Rolling means, standard deviations and simple linear 

trends are computed over medium- and long-horizon 

windows using only current and past Values. Structural-

break indicators and similarity scores to selected historical 

prototype episodes are added, with changepoint models 

always fitted on training periods only in cross-Validation. 

Network-based features summarising conditional 

dependence and stability across indicators are derived 

from sparse graphical and vector autoregressive models 

estimated on the training slices of each fold; their outputs 

are aligned back to the monthly grid and carried forward 

when necessary. All feature blocks are merged into a 

common design matrix, sorted by time and variable name, 

and missing entries introduced by the joins are handled by 

forward filling along the time axis followed by zero filling 

if needed. This preserves temporal ordering and yields a 

numerically complete feature set. 

For classical models, the hazard labels and features at 

each month in the risk set are combined into cross-

sectional design matrices indexed by horizon. For the Bi-

LSTM, the same standardised features are converted into 

sequences using fixed-length sliding windows. Given a 

chosen sequence length L, the data are reshaped into 

overlapping blocks [t-L+1,...,t] paired with the hazard 

label and lead-time weight at time t. Windows that would 

cross the boundary between training, Validation and 

holdout segments, or that extend beyond the available 

sample, are discarded. All preprocessing steps, including 

aggregation, label construction, feature engineering, 

scaling and sequence generation, are performed separately 

within each training partition in cross-Validation and then 

applied forward to the corresponding Validation and 

holdout segments, ensuring that no information from the 

future enters the inputs or labels used for model 

estimation. 

4.2 Model specification and preparation 

As part of data processing, we define and prepare 

baseline learners on structured tabular features. We 

configure three families of models: regularized logistic 

regressions to control variance and mitigate 

multicollinearity, gradient-boosted decision trees 

(LightGBM and XGBoost) to capture nonlinearities and 

interaction effects in tabular predictors, and a bidirectional 

LSTM to exploit short-horizon temporal structure created 

by rolling-window feature construction. This staged setup 

converts cleaned and scaled panels into model-ready 

matrices and sequences and keeps model specification 

aligned with the crisis labeling scheme and evaluation 

design. 

In the regularized logistic specifications, we estimate 

L1, L2, and elastic-net variants, shrinking unstable 

coefficients and improving generalization in the presence 

of correlated macro-financial indicators; penalty type and 

strength are chosen by cross-validated hyperparameter 

search using the validation objective, in line with recent 

applications of penalized logit early-warning models for 

financial crises (Liu, Chen, and Wang, 2022). For the tree-

based models, we train shallow, heavily regularized 

gradient-boosting ensembles on bootstrapped samples 

with feature subsampling, which allows the models to 

approximate nonlinear decision boundaries while 

remaining robust in small-sample, imbalanced crisis 

settings where similar methods have been shown to 

perform well relative to logit benchmarks (Liu, Chen, and 

Wang, 2022). For deep sequence modeling, we transform 

aligned panels into fixed-length sequences and feed them 

to a single-layer bidirectional LSTM; the forward and 

backward hidden states are concatenated and passed 

through a hazard-conditioned attention and output layer, 

an architecture choice motivated by evidence that 

recurrent networks can capture regime shifts and nonlinear 

dynamics in financial-stability applications when 

combined with careful regularization and early-warning 

evaluation procedures (Tölö, 2020). 

5 Results 
The models were eValuated on three prediction 

horizons of six, twelve and eighteen months using 

expanding-window cross Validation with separate holdout 

periods, and the results are summarised in the per-horizon 

tables and figures. Across all horizons, the regularised 

logistic regressions delivered the most stable and accurate 

out-of-sample performance, while tree-based machine 

learning models performed competitively at longer 

horizons and the Bi-LSTM showed much weaker 

generalisation despite high in-sample fit. For the six-

month horizon, LOGISTIC (L1) reached a holdout ROC-

AUC of 0.91 with precision-recall AUC 0.64, accuracy 

0.83, F1 0.48 and Cohen’s kappa 0.41, outperforming 

LOGISTIC (L2) which achieved a holdout ROC-AUC of 

0.90 and PR-AUC 0.51 with accuracy 0.80 and kappa 

0.32. The elastic net variant obtained high holdout 

accuracy of 0.91 but did so with F1 equal to zero and 

negative kappa, indicating that it almost never predicted 

the crisis class in the holdout window. Among machine 

learning models at this horizon, LIGHTGBM and 

XGBOOST produced much lower holdout ROC-AUC 

Values of 0.61 and 0.79 respectively and F1 scores of 0.14 

and 0.21, while the stacking ensemble achieved high 
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training ROC-AUC above 0.92 but a holdout ROC-AUC 

of only 0.36. The Bi-LSTM displayed similar behaviour, 

with training ROC-AUC of 0.96 but a holdout ROC-AUC 

of 0.64, PR-AUC 0.11 and F1 0.08, even though 

Validation ROC-AUC remained above 0.91 during cross 

Validation. 

For the twelve-month horizon, performance again 

favoured the regularised logistic models, with the elastic 

net specification emerging as the strongest overall. 

LOGISTIC (Elastic Net) reached holdout ROC-AUC of 

0.94 and PR-AUC of 0.59 with accuracy 0.89, F1 0.74 and 

kappa 0.68, while LOGISTIC (L2) attained holdout ROC-

AUC of 0.84, PR-AUC 0.37, accuracy 0.80 and F1 0.52. 

LIGHTGBM matched these results closely with holdout 

ROC-AUC 0.87, PR-AUC 0.55, accuracy 0.87 and F1 

0.58, whereas XGBOOST yielded a similar accuracy of 

0.89 but lower discrimination with ROC-AUC 0.69. The 

stacking ensemble again showed a large gap between 

training and holdout performance, with training ROC-

AUC 0.92 but holdout ROC-AUC 0.51 and PR-AUC 0.15. 

The Bi-LSTM exhibited the sharpest divergence between 

in-sample and out-of-sample performance at this horizon: 

training ROC-AUC reached 0.92 and PR-AUC 0.87, 

while the holdout ROC-AUC fell to 0.32, PR-AUC to 

0.12, and F1 to zero with negative kappa. 

At the eighteen-month horizon, predictive accuracy 

increased further for the best traditional models. 

LOGISTIC (L2) delivered the strongest overall results 

with holdout ROC-AUC 0.99, PR-AUC 0.98, accuracy 

0.93, F1 0.86 and kappa 0.82. LIGHTGBM achieved very 

similar performance with holdout ROC-AUC 0.95, PR-

AUC 0.74, accuracy 0.93, F1 0.87 and kappa 0.82, while 

LOGISTIC (Elastic Net) also performed well with holdout 

ROC-AUC 0.93 and PR-AUC 0.73. LOGISTIC (L1) 

produced a holdout ROC-AUC of 0.91 and PR-AUC 0.79, 

but with lower F1 of 0.40 due to more conservative 

classification of crises. XGBOOST lagged behind with 

holdout ROC-AUC only 0.71 and F1 0.24, and the 

stacking ensemble again underperformed with holdout 

ROC-AUC 0.97 but accuracy 0.24 and kappa effectively 

zero, reflecting extreme imbalance in predicted labels. The 

Bi-LSTM improved relative to shorter horizons with 

holdout ROC-AUC 0.66, PR-AUC 0.64, accuracy 0.87, 

F1 0.62 and kappa 0.55, but still did not match the best 

logistic or tree-based models, even though its training 

ROC-AUC and PR-AUC were both around 0.84 and 

higher. 

Model CV and holdout performance across horizons 

Horizon=6  
Accurac

y 

PR-

AUC 

ROC-

AUC 
F1 

Kapp

a 

LOGISTIC 

(L1) 

Train 0.54  0.36  0.69  
0.4

8  
0.26  

Val 0.26  0.34  0.68  
0.2

2  
0.06  

Holdo

ut 
0.83  0.64  0.91  

0.4

8  
0.41  

LOGISTIC 

(L2) 

Train 0.92  0.77  0.90  
0.7

3  
0.69  

Val 0.59  0.93  0.99  
0.3

1  
0.21  

Holdo

ut 
0.80  0.51  0.90  

0.4

0  
0.32  

LOGISTIC 

(Elastic 

Net) 

Train 0.90  0.75  0.90  
0.7

1  
0.65  

Val 0.83  0.68  0.90  
0.3

5  
0.28  

Holdo

ut 
0.91  0.19  0.78  

0.0

0  
-0.01  

LIGHTGB

M 

Train 0.35  0.22  0.58  
0.3

4  
0.08  

Val 0.33  0.26  0.62  
0.3

6  
0.20  

Holdo

ut 
0.67  0.12  0.61  

0.1

4  
0.02  

XGBOOST 

Train 0.97  0.87  0.98  
0.8

9  
0.87  

Val 0.53  0.55  0.85  
0.3

4  
0.21  

Holdo

ut 
0.69  0.35  0.79  

0.2

1  
0.09  

STACKIN

G 

Train 0.92  0.80  0.93  
0.7

7  
0.72  

Val 0.60  0.55  0.92  
0.2

8  
0.18  

Holdo

ut 
0.87  0.07  0.36  

0.0

0  
-0.06  

Bi-LSTM 

Train 0.93  0.82  0.96  
0.8

6  
0.82  

Val 0.64  0.71  0.91  
0.3

4  
0.25  

Holdo

ut 
0.69  0.11  0.64  

0.0

8  
-0.05  

       

Horizon=1

2 
 

Accurac

y 

PR-

AUC 

ROC-

AUC 
F1 

Kapp

a 

LOGISTIC 

(L1) 

 

Train 0.67  0.50  0.73  
0.6

5  
0.37  

Val 0.19  0.52  0.64  
0.3

1  
0.00  

Holdo

ut 
0.83  0.36  0.84  

0.0

0  
-0.01  

LOGISTIC 

(L2) 

 

Train 0.87  0.79  0.90  
0.7

5  
0.66  

Val 0.40  0.65  0.80  
0.3

8  
0.12  

Holdo

ut 
0.80  0.37  0.84  

0.5

2  
0.40  

LOGISTIC 

(Elastic 

Net) 

 

Train 0.84  0.77  0.86  
0.7

2  
0.61  

Val 0.30  0.78  0.94  
0.3

4  
0.04  

Holdo

ut 
0.89  0.59  0.94  

0.7

4  
0.68  

LIGHTGB

M 

 

Train 0.43  0.33  0.55  
0.4

9  
0.09  

Val 0.40  0.33  0.59  
0.4

5  
0.18  

Holdo

ut 
0.87  0.55  0.87  

0.5

8  
0.50  

XGBOOST 

 

Train 0.92  0.87  0.95  
0.8

8  
0.82  

Val 0.73  0.72  0.92  
0.6

4  
0.48  

Holdo

ut 
0.89  0.53  0.69  

0.4

5  
0.41  

STACKIN

G 

 

Train 0.90  0.83  0.92  
0.8

2  
0.75  

Val 0.38  0.49  0.80  
0.3

9  
0.12  

Holdo

ut 
0.65  0.15  0.51  

0.1

6  
-0.05  

Bi-LSTM 

Train 0.90  0.87  0.92  
0.8

4  
0.77  

Val 0.37  0.73  0.88  
0.3

8  
0.13  

Holdo

ut 
0.58  0.12  0.32  

0.0

0  
-0.25  

       

Horizon=1

8 
 

Accurac

y 

PR-

AUC 

ROC-

AUC 
F1 

Kapp

a 

LOGISTIC 

(L1) 

 

Train 0.55  0.53  0.58  
0.6

6  
0.17  

Val 0.38  0.46  0.60  
0.4

5  
0.05  

Holdo

ut 
0.82  0.79  0.91  

0.4

0  
0.34  

LOGISTIC 

(L2) 

 

Train 0.84  0.80  0.88  
0.8

3  
0.68  

Val 0.33  0.45  0.68  
0.3

6  
-0.07  

Holdo

ut 
0.93  0.98  0.99  

0.8

6  
0.82  

LOGISTIC 

(Elastic 

Net) 

 

Train 0.77  0.76  0.81  
0.7

7  
0.56  

Val 0.30  0.48  0.63  
0.3

6  
-0.09  
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Holdo

ut 
0.87  0.73  0.93  

0.7

3  
0.64  

LIGHTGB

M 

 

Train 0.64  0.59  0.67  
0.7

0  
0.30  

Val 0.37  0.39  0.66  
0.4

5  
0.05  

Holdo

ut 
0.93  0.74  0.95  

0.8

7  
0.82  

XGBOOST 

 

Train 0.82  0.83  0.85  
0.8

5  
0.61  

Val 0.46  0.62  0.78  
0.3

5  
0.01  

Holdo

ut 
0.79  0.65  0.71  

0.2

4  
0.20  

STACKIN

G 

 

Train 0.87  0.90  0.92  
0.8

5  
0.75  

Val 0.44  0.30  0.57  
0.3

1  
0.09  

Holdo

ut 
0.24  0.88  0.97  

0.3

9  
0.00  

Bi-LSTM 

Train 0.83  0.83  0.84  
0.8

4  
0.61  

Val 0.42  0.70  0.87  
0.4

7  
0.09  

Holdo

ut 
0.87  0.64  0.66  

0.6

2  
0.55  

 

The Bi-LSTM attention-based feature importance 

analysis offers a complementary view of which indicators 

matter most when the deep learning model is used. At the 

six month horizon, the network placed its highest scaled 

weights on X_C_USD_EXC_N__skewness, 

EMP_A__anomaly_ratio, OLF_Y15T64__skewness and 

PRVM_IX_BTE__volatility, together with 

UNE_LF_Y_GE25__skewness, 

EMP_WAP_Y55T64__momentum, EMP_A__volatility, 

TOCAPA_IX__mean_rev and 

PRVM_GR_F_G1__volatility, and also on higher order 

moments of labour market variables and financial stress 

indices such as NFCI__drawdown and 

USPHCI__anomaly_ratio. At the twelve-month horizon, 

attention concentrated on EES_T__skewness, 

EMP_Y15T24__zscore, 

LF_WAP_PT_WAP_SUB_Y_GE15__quantile_pos, 

OLF_Y_GE15__mean_rev and 

LF_WAP_PT_WAP_SUB_Y25T54__mean_rev, as well 

as drawdowns and momentum of order book and wage 

indicators, accelerations in labour force participation and 

volatility of wage and equity indices. For the eighteen-

month horizon, the most important features were 

MABM_GR_G1__skewness, 

LF_WAP_PT_WAP_SUB_Y_GE15__drawdown, 

MABM_GR_GY__skewness, LF_Y25T54__skewness, 

EMP_Y25T54__anomaly_ratio and 

TOCAPA_GR_G1__anomaly_ratio, along with 

PRVM_GR_F_G1__drawdown, PANDI__momentum, 

TOCAPA_IX__anomaly_ratio and several additional 

skewness and drawdown measures. These rankings 

indicate that the Bi-LSTM primarily exploits higher order 

moments, anomaly ratios, quantile positions and 

drawdowns of exchange rate, money, labour market and 

order book indicators rather than the volatility and 

momentum measures emphasised by the best logistic and 

tree models. 

Temporal attention patterns from the Bi-LSTM 

further clarify how the deep learning model weights 

information across the two year input window. For the six 

month horizon, the learned attention vector is extremely 

concentrated on the two most recent months, with weights 

of approximately 0.50 at positions t-1 and t-0 for both 

crisis and non crisis sequences and differences across 

regimes of only about three ten thousandths. For the 

twelve- and eighteen-month horizons, the attention 

weights are nearly uniform across all twenty-four lags, 

ranging from about 0.041 to 0.043 for each time step. The 

crisis versus non crisis comparison shows that differences 

in attention between the two regimes are very small at 

every lag, mostly on the order of a few thousandths. 

Crisis vs Non-Crisis Temporal Attention Comparison 

 

Bi-LSTM Attention-Based Feature Importance 

 

Temporal Attention Patterns 

 

6 Discussion 
The surprisingly strong performance of regularized 

logistic regression relative to complex models in 

predicting financial crises can be attributed to several 

factors. First, the dataset for crisis prediction is relatively 

small and imbalanced: crises are rare events, and even 

with many indicators, the number of positive instances is 

very limited. In such settings, high-capacity models like 

gradient-boosting trees or Bi-LSTM networks are prone to 

overfitting, learning spurious patterns that do not 

generalize. The logistic models, especially with L1/L2 

penalties, effectively constrained the feature set and model 

complexity, focusing on a few salient indicators that 

consistently signal crises. This pattern stands in contrast to 

the early-warning results of Holopainen and Sarlin (2017), 

who show that conventional statistical models are 

generally outperformed by more advanced machine-

learning and ensemble methods in a European setting, 

suggesting that the relative advantage of complex models 

is highly context dependent and may disappear when the 

sample is small and crises are rare. Our findings are, 

however, consistent with evidence from the forecasting 
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literature that greater model complexity does not 

systematically improve accuracy and can even increase 

forecast error, so that simple, evidence-based procedures 

frequently dominate more elaborate approaches (Green 

and Armstrong, 2015). 

Feature engineering and domain knowledge further 

help explain why traditional models were so competitive. 

The inputs were derived from macro-financial indicators 

that were transformed into volatility, momentum, 

skewness, drawdowns, and related statistics in order to 

highlight stress dynamics. A regularized linear model can 

exploit these engineered features effectively. In principle, 

a deep learning model could discover additional nonlinear 

interactions or subtle temporal patterns across these same 

features, yet in practice the Bi-LSTM did not add 

predictive value beyond what the engineered features 

already provide. The failure of the Bi-LSTM to 

outperform the logit suggests that either nonlinearities and 

temporal dependencies are not very strong in these data or 

that they cannot be reliably learned given the limited 

number of crisis episodes. Traditional early-warning 

models often assume mostly linear or threshold effects, for 

example that credit growth beyond a critical threshold 

sharply raises crisis risk, and our findings indicate that the 

relationship between the transformed indicators and crisis 

probabilities is largely monotonic and additive, which a 

logistic regression can capture. By contrast, using a multi-

country dataset and a broader set of algorithms, Liu, Chen, 

and Wang (2022) find that machine-learning models—

particularly random forests, gradient boosting decision 

trees, and ensembles—deliver substantially better out-of-

sample crisis forecasts than a logistic model and argue that 

such methods should play a central role in early-warning 

system design. 

The performance gap between traditional and deep 

models also reflects differences in stability and 

generalization. Logistic regression coefficients were 

comparatively stable across cross-validation folds, while 

the Bi-LSTM and ensemble methods showed high 

variance, with small changes in the training set sometimes 

leading to markedly different predictions. For policy 

applications, an early-warning system needs not only good 

accuracy but also consistent behavior and clear 

interpretation (Tölö 2020). The black-box nature of the Bi-

LSTM, together with its instability, makes it difficult for 

policymakers to understand why a given warning is issued 

or to trust that the signal will be reliable in new 

environments. By contrast, logistic regression provides 

straightforward marginal effects, such as the effect of a 

one-unit increase in unemployment volatility on crisis 

odds, which supports communication and helps connect 

the model’s behavior to economic mechanisms. 

Interpretability has become a central concern in applying 

machine learning to financial stability analysis, and even 

when complex models improve raw predictive power 

regulators increasingly emphasize the need to understand 

why a model flags elevated risk (Bluwstein et al. 2021). In 

our setting, the top features in the best logistic 

specification correspond to intuitive economic phenomena 

such as labor-market disruptions, credit boom–bust 

dynamics, and financial-market stress, whereas the deep 

model’s inferred interactions did not translate into clearer 

or more accurate warnings. While some studies report that 

neural networks and ensembles can outperform logistic 

early-warning models under cross-validation, for example 

Tölö (2020) and Liu, Chen, and Wang (2022), those gains 

can disappear in truly out-of-sample tests and often come 

at the cost of interpretability. Our results underline that 

robustness and transparency are critical design criteria in 

crisis prediction and in many cases may be more important 

than squeezing out marginal in-sample performance gains. 

The feature rankings also provide economic insight 

into the precursors of financial crises in an open-data 

framework. High importance scores for unemployment 

and labor force indicators, particularly for youth and 

prime-age groups, indicate that labor market deterioration 

tends to precede and accompany financial instability. 

Rising unemployment and falling participation can trigger 

loan defaults and weaken household demand, which in 

turn strains bank balance sheets. Similarly, the frequent 

appearance of credit and leverage indicators, especially 

measures related to private credit growth, volatility, and 

mean-reversion, is consistent with the view that rapid 

credit expansion followed by unstable credit dynamics 

signals a boom–bust cycle that often culminates in crisis. 

Price dynamics and term-structure variables also play a 

central role: inflation momentum and interest-rate spreads 

enter prominently in the feature rankings, and a sharp 

pickup in inflation or inflation volatility can trigger tighter 

monetary policy, higher short-term rates, and a flat or 

inverted yield curve, conditions that frequently precede 

recessions and banking-sector stress. The yield curve is a 

particularly informative recession indicator, and an 

inversion where short-term rates exceed long-term rates 

often signals tightening financial conditions and an 

impending contraction of credit. That these core predictors 

all come from public sources such as central bank 

statistics, FRED, and OECD releases underscores that an 

effective crisis-warning system can be built without 

proprietary data and that transparency and reproducibility 

can be maintained alongside strong predictive 

performance. These interpretations are consistent with 

recent early-warning evidence based on large macro-

financial panels, which finds that credit conditions, asset-

price dynamics, and broader macro indicators jointly 

deliver useful advance signals of financial crises when 

modeled in flexible forecasting frameworks (Tölö 2020; 

Liu, Chen, and Wang 2022). 

The results also reveal limitations and point to 

avenues for further work. Class imbalance implies that 

even high AUC values may coexist with missed crises or 

false alarms, and at the 6-month horizon the best logistic 

model attains a holdout F1 of about 0.48, which leaves 

scope to refine the trade-off between precision and recall. 

Deep learning was introduced to capture potential 

nonlinear precursors, for example combinations of rapid 

credit growth, an increasingly flat yield curve, and rising 

unemployment that might jointly matter even if each 

component is only mildly abnormal. That strategy did not 

improve forecasting accuracy in this dataset, yet it 

suggests a direction for future research. With longer 

samples, richer cross-country panels, or more stringent 
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regularization, such as Bayesian neural networks or 

transfer learning from simulated macro-financial 

scenarios, deep architectures might still uncover 

interactions that are not well captured by linear models. 

Horizon-specific behavior is another consideration. At the 

18-month horizon even the Bi-LSTM performs more 

competitively, which may reflect that the buildup of 

vulnerabilities typically becomes clearer a year or more 

before crises, when credit and asset-price booms peak and 

macro-financial imbalances are most visible. Shorter 

horizons, such as 6 months, may be dominated by 

transitory disturbances that are harder to distinguish from 

noise. While the regularized logistic model delivers robust 

performance across horizons, different lead times may 

benefit from horizon-specific models or ensembles that 

emphasize indicators whose predictive content is strongest 

for that horizon. 

7 Conclusion 
Overall, the evidence from this study points to a 

central role for simple, interpretable models in financial-

crisis forecasting, with machine-learning and deep-

learning methods used selectively and only after careful 

assessment of their stability and incremental value. 

Regularized logistic regression provides a clear 

benchmark in this setting, delivering strong and 

transparent out-of-sample performance despite the small 

number of crisis observations, while more complex 

models struggle to convert their in-sample flexibility into 

reliable forecasts. At the same time, recent multi-country 

work shows that tree-based and ensemble methods can 

outperform logistic specifications when richer data are 

available (Liu, Chen, and Wang 2022), and applications of 

recurrent networks to financial stability emphasize the 

need for extensive robustness checks before using such 

models for policy (Tölö 2020). Future research can build 

on these results by extending the panel across countries 

and time, refining the set of open macro-financial 

indicators, and applying flexible algorithms within a 

framework that preserves regularization and 

interpretability, so that any gains from complexity are 

grounded in data and can be scrutinized by policymakers 

and practitioners. 
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