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A B S T R A C T   

We analyze the predictive power of Environmental, Social, and Governance (ESG) indicators to 
forecast bank financial distress using a sample of 362 commercial banks headquartered in the US 
and EU-28 members states from 2012 to 2019. Our results demonstrate that ESG improves the 
predictive capability of our model to correctly identify distress. Notably, ESG strongly reduces the 
likelihood of misclassifying distressed/defaulted banks as healthy. Our model, which we estimate 
using six alternative approaches, including traditional statistical techniques, machine learning 
approaches, and ensemble methods, has implications for both practical implications by banking 
sector supervisors, as well as literature on default prediction.   

1. Introduction 

Bank failures, typically costlier to resolve than non-bank failures (El Diri et al., 2021), can impose significant externalities on key 
stakeholders, including taxpayers. Consequently, predicting bank financial distress remains a critical but difficult task for banking 
supervisors. Since distress is usually anticipated by several warning symptoms, better understanding of contributory factors can 
facilitate prompt corrective action, which can mitigate distress, prevent or reduce costs associated with failures, and improving the 
supervisory process by allowing supervisory bodies to better allocate resources - inter alia, by prioritizing onsite bank examinations 
(Flannery and Bliss, 2019). 

Since the 2008 global financial crisis there has been renewed interest in examining determinants of financial distress (e.g., Soenen 
and Vennet, 2022), with new early-warning systems developed to detect and prevent severe bank financial distress. Yet, predictive 
models have almost exclusively focused on accounting variables, which are backwards looking and may represent poor predictors of 
future performance (Agarwal and Taffler, 2008) .1 Consequently, several authors suggest including additional variables such as market 
information (Flannery and Bliss, 2019), macroeconomic indicators (Flannery, 1998; Mare, 2015) and non-financial information 
(Berger et al., 2016) to improve the predictive accuracy of models and the efficacy of bank supervision (Flannery and Bliss, 2019). 
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1 Furthermore, their usefulness may be undermined by observations that in more competitive banking markets the quality of accounting infor-
mation may be relatively lower (Corona et al., 2015), and by differences between book and market value of assets (Agarwal & Taffler, 2008). 
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While macroeconomic variables and market information have been tested (Männasoo and Mayes, 2009; Chiaramonte and Casu, 2017), 
there is only limited evidence regarding the influence of non-financial indicators on bank default probability. 

In this paper, we focus on the predictive power of Environmental, Social, Governance (ESG) (ESG) indicators to forecast bank 
financial distress. Our focus is timely given ESG has been high on the agenda of international regulators, including, the European 
Banking Authority, which considers ESG disclosure important for promoting market discipline and has recently publishing binding 
requirements for the disclosure of ESG risks (See European Banking Authority, 2022), and given recent recommendations that ESG 
should be incorporated into the toolkits of regulatory authorities’ supervisory mechanisms (European Banking Authority, 2021; 
Aevoae et al., 2022). 

For a cross-country sample of European and US banks we develop a bank default prediction model that combines traditional bank- 
level predictors and country-level macroeconomic indicators with ESG factors. To operationalise our model, we combine operational 
research techniques with statistical measures to achieve better predictive performance (Demyanyk and Hasan (2010). We estimate our 
model using three broad alternative approaches: statistical methods, machine learning methods, and ensemble methods, which fa-
cilitates testing the robustness of our model across different techniques used by banking supervisors. By way of preview, our main 
results support the inclusion of ESG indicators alongside traditional predictors in bank default models. 

Theoretically, ESG could impact bank default risk through both direct and indirect channels (Wu and Shen, 2013). From a 
stakeholder theory perspective, high ESG commitment could be indicative of improvements in bank transparency and greater support 
for stakeholders, whereas low ESG performance could signal a lack of commitment to minority stakeholders, including bondholders 
(Azmi et al., 2021). These signals, likely important from a reputational perspective, may allow high ESG banks to attract more deposits 
and loans than low ESG peers (Wu and Shen, 2013). Consistent with this, Simpson and Kohers (2002) document a positive link between 
banks’ corporate social responsibility (CSR) performance and the quality of loan portfolios. Importantly, it is arguably through this 
reputational effect that two key channels, in cost of capital and cash flows (Azmi et al., 2021), through which ESG could affect bank 
risk, are rendered most salient. As argued by Azmi et al. (2021) the first, cost of capital, directly impacts the extent to which banks are 
financially constrained, which, in turn, impacts their ability to invest in positive NPV projects, and, thus, future cash flows. In this way, 
commitment to ESG should be a factor relevant for predicting bank financial distress. 

Our study makes several contributions. First, it complements recent literature examining relations between ESG and bank risk 
(Chiaramonte et al., 2021; Aevoae et al., 2022). This literature finds that higher ESG ratings are associated with lower bank default risk 
(Chiaramonte et al., 2021) and systemic-wide distress (Aevoae et al., 2022). We add to this literature by demonstrating the usefulness 
of ESG in models used to estimate bank default. 

Second, we contribute to the recent literature on bank default prediction (Mare, 2015; Chiaramonte et al., 2016; Carmona et al., 
2019; Petropoulos et al., 2020). While there has been recent interest in ESG, given its potential to enhance bank stability (Chiaramonte 
et al., 2021), our study is the first to incorporate ESG factors in a model to predict bank financial distress. In doing so, we speak to 
recent suggestions that ESG should be incorporated into the toolkits of regulatory authorities’ supervisory mechanisms (European 
Banking Authority, 2021; Aevoae et al., 2022). 

2. Data and methodology 

2.1. Data 

As shown in Table 1, our sample includes all listed banks headquartered in the US and EU-28 member states between 2012–2019. 
We capture ESG performance using ESG scores from Thomson Reuters’ Refinitiv Eikon (e.g., Chiaramonte et al., 2021; Aevoae et al., 
2022). We also include two categories of indicators to predict distress: (1) Data from financial statements; focusing on traditional 
CAMEL indicators that capture credit, operational and liquidity risk, which are highly correlated with distress (Männasoo and Mayes, 
2009; Chiaramonte et al., 2016; Chiaramonte and Casu, 2017; Carmona et al., 2019; Petropoulos et al., 2020); (2) annual GDP growth 
and inflation as proxies for macroeconomic conditions, and the Herfindahl-Hirschman index, and total domestic assets of banks 
divided by country GDP as indicators of banking sector competition and structure, respectively (Chiaramonte et al., 2016; Chiar-
amonte and Casu, 2017; Chiaramonte et al., 2021). 

2.2. Methodology 

To build our predictive model we first specify Z-score as our dependent variable and preferred definition of bank financial distress. 
Commonly used to measure solvency risk (e.g., Laeven and Levine, 2009; Delis et al., 2011; Chiaramonte et al., 2016), Z-score can be 
interpreted as the number of standard deviations below the mean a bank’s profits have to fall before its equity becomes negative. It is 
computed as2,3: 

2 We calculate the standard deviation of ROA and each average for rolling five-year time windows of five years.  
3 For robustness we also employ alternative definitions of z-score: Z − score2 =

mean(ROA)+mean(Equity/Total Assets)
σ(ROA) and Z − score3 =

mean(ROA)+mean(Equity/Total Assets)
max

T− 5<t<T
(ROAt )− min

T− 5<t<T
(ROAt )

. Results remain qualitatively similar. 
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Z − score =
ROA + (Equity/Total Assets)

σ(ROA)
(1) 

We normalize Z-score so that it equals one if bank i experiences financial distress in period t, and zero otherwise. Since there is no 
commonly accepted threshold that distinguishes healthy from distressed banks, we systematically run each model (Eq. (2)) numerous 
times to test the predictive ability over alternative thresholds. In our baseline model we define financial distress as observations below 
the 5th percentile of the empirical probability distribution of the Z-score. We then employ alternative thresholds from the 10th 
percentile to the 95th percentile (in increments of five). 

Our predictive model is: 

Di,t = β0 + β1Xi,t− 1 + εi,t− 1 (2)  

where Di = 1 if an observation resides below the nth percentile of the empirical distribution of the Z-score, and Di = 0 otherwise. Xi 
represents a vector of one-year lagged predictor variables (defined in Table 1), and εi is the normally distributed error term with zero 
mean. 

There is no unanimous consensus regarding the best model. Although AI techniques require fewer assumptions and allow nonlinear 
functions to be approximated, determination of parameters is often complex and arbitrary. Moreover, configuration and development 
of technically sophisticated methods is time consuming and interpretations of the contribution of predictors is sometimes complex. 
Therefore, our model is estimated using alternative techniques: statistical methods (logit and linear discriminant analysis (LDA)), AI 
methods ((classification trees (DT) and support vector machines (SVM)), and ensemble methods ((random forests (RF) and Xgboost). 
Our sample is split into two subsamples: 70% is used as a training set for identification purposes and 30% is used for model validation. 

The model is then used to predict financial distress: 

D̂i = β̂0 + β̂1Xi (3)  

where D̂i represents the expected probability of being financial distressed given the X characteristics. Classification of a bank into one 
of the two categories strongly depends on the probability of failure cut-off point. Typically, the standard approach assigns zero to 
observations where the expected probability of being financial distressed is < 0.5, and one otherwise. However, this approach may be 
inefficient because the cut-off may not be the cut-off that maximizes overall model accuracy. We therefore follow existing literature on 
bank default prediction and use the mean F-score (Fs) (Serrano-Cinca and Gutiérrez-Nieto, 2013; Le and Viviani, 2018); where optimal 
cut-off corresponds to the threshold that maximizes the arithmetic mean of the harmonic mean of the sensitivity (se) and positive 
predictive value, and the harmonic mean of the specificity (Sp) and negative predictive value. Fs is computed as: 

Fs = max
(

Se × ppv
Se + ppv

+
Sp × npv
Sp + npv

)

(4) 

Table 1 
Descriptive statistics.  

Variable Obs Mean Std. Dev. Min Max 

Dependent variables: 
Z-score 1611 3.94 1.01 0.51 6.86 
Predictive variables (CSR variable): 
ESG 1611 42.87 19.73 3.97 95.02 
Predictive variables (Accounting variables) 
ETA (%) 1611 10.50 4.10 2.68 27.95 
TLTA (%) 1611 62.20 20.19 0.07 111.13 
NPL (%) 1611 4.12 7.56 0.00 95.04 
CIR (%) 1611 62.58 13.58 30.05 106.40 
ROA (%) 1611 0.92 1.33 -7.15 16.55 
CDTA (%) 1611 63.89 20.21 3.20 87.99 
NIOR (%) 1611 35.42 21.84 0.53 100.37 
Predictive variables (Macroeconomic variables) 
GDP (%) 1611 2.06 1.83 -9.13 25.16 
INF (%) 1611 1.59 1.01 -1.74 5.65 
HHI 1611 5.95 3.85 2.45 38.80 
TAGDP (%) 1611 188.20 140.12 51.02 818.30 

The table shows descriptive statistics (mean, maximum, minimum, and standard deviation) of dependent variables, and predictive variables for the 
full sample of 362 commercial banks headquartered in 19 countries (representing 88% and 85% of the US and EU banking sectors, respectively), for a 
total of 1611 firm-year observations. ESG is the environmental, social and governance score provided by Thomson Reuter. ETA is the ratio of total 
equity to total assets. TLTA is the ratio of total loans to total assets. NPL is the ratio of non-performing loans to gross loans. CIR is the ratio of operating 
expenses to operating income. ROA is the ratio of net income before taxes to average assets. CDTA is the ratio of customer deposits to total assets. 
NIOR is the ratio of non-interest income to net operating revenues. GDP is the annual growth rate of real gross domestic product. INF is the inflation 
rate. HHI is the sum of each bank’s squared markets share in a country. TAGPD is the ratio of domestic assets of banks to country’s GDP.  All control 
variables based on accounting data (ETA, TLTA, NPL, CIR, ROA, CDTA, NIOR) are winsorized at the 1% of each tail. 
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where sensitivity identifies the true positive rate; positive predictive value (ppv) ((negative predictive value (npv)) corresponds to the 
proportion of banks correctly predicted as defaulted (healthy); and specificity represents the true negative rate. This method allows us 
to identify the best cut-off, whereby the sum of Type I and Type II errors are minimized. Higher F-score values imply a better capacity 
for the model to reduce incorrect classifications. 

3. Results 

Before examining the predictive power of ESG, in Fig. 1 we begin by providing a comparison of different predictive techniques to 
identify the decile of the Z-score distribution where the highest percentage of bank failures occur. It is interesting to note that while all 
techniques perform quite well, ensemble models outperform single classifiers.4 Importantly, Fig. 1 indicates that the predictive ability 
of models decreases as the percentile increases, i.e., a higher percentage of banks are identified as distressed. This pattern implies that 
the Z-score is particularly suitable for identifying banks in severe financial distress. This result is in line with Chiaramonte et al. (2016), 
who show that the highest percentage of failure is found in the tenth decile of the Z-score probability distribution. 

Next, to facilitate tests of the predictive ability of ESG for bank default we restrict our analysis to the best scenario identified in 
Fig. 1, i.e., the 5th percentile of the empirical distribution of the Z-score. We perform two different analyses: first, we compare the 
predictive power of models with and without the ESG score, and second, we compute and compare the overall improvement in the 
predictive power of models for each predictor. 

3.1. Is ESG a useful predictor of bank financial distress? 

Table 2 compares the confusion matrix and performance measures of our models with and without the ESG score in the fifth 
percentile specification.5 The parameters refer to the out-of-sample forecasting, where 26 distress episodes were detected. 

The results show that including the ESG score increases the predictive ability of models. Specifically, AUC ranges from 0.6 (the DT 
specification) to 2.1 points (the SVM specification), while F-score increases to a maximum of 4.1 points (Logit model). Interestingly, 
while the absolute increase in model predictive ability may appear at first glance modest, it is important to note that the introduction of 
ESG strongly reduces the likelihood of Type II errors, i.e., the risk of misclassifying distressed/defaulted banks as healthy. Although a 
model should provide low percentage of both Type I and II errors, when predicting bank default false negatives are far more costly than 
false positives (Poghosyan and Čihak, 2011; Cole and White, 2012; Chiaramonte et al., 2016). These findings have implications for 
practice. From the perspective of supervisors, false positive lead to additional bank examination costs for the misclassified healthy 
banks, but missing failures typically imply higher resolution costs or delayed resolutions. This conclusion can be primarily inferred 
looking at the improvement in the Sensitivity (Se) index, which reflects the true positive rate. To further buttress these findings, we also 
compute the adjusted F-score (F − score2), which allows us to weight Sensitivity and Specificity. When considering Sensitivity twice 
important than Specificity, results show that the average improvement of F − score2 is larger than the average improvement of F-score. 

3.2. How does ESG compare to more traditional predictors of bank financial distress? 

Having demonstrated the importance of ESG as a distinct factor, in Fig. 2 we examine how the predictive power of ESG compares to 
traditional predictors in our model. 

The y-axis, which represents each variable’s average ranking across models, is reversed so that the top variables are shown in the 
upper right corner. Although this may not provide a comprehensive description of the contributions, it shows general trends and 
provides a useful basis for interpretation. Unsurprisingly, the NPL ratio and the level of earnings are the most important predictors, 
while macroeconomic factors also perform well. With respect to ESG, the analysis shows that, on average, it occupies sixth position 
(among twelve predictors)., and is important than traditional variables such as ETA, extent of diversification (NIOR), management 
efficiency (CIR), and TLTA. These results help underline the usefulness of ESG for bank default prediction. 

4. Conclusion 

We introduce a novel bank financial distress model which incorporates ESG factors. Estimating our model using three broad 
alternative approaches, our main findings support the inclusion of ESG in predictive models of financial distress. Notably, inclusion of 
ESG strongly reduces the likelihood of misclassifying distressed banks as healthy. 

Our findings have implications for bank supervisors in designing effective models to predict bank financial distress and for 
improving the efficacy of supervisory efforts. Specifically, they suggest that ESG factors be included as potential indicators even in 
advanced prediction models and empirically confirm an importance of incorporating ESG factors into regulatory authorities’ 

4 For robustness, we test the predictive ability of models using alternative methods: Area under the ROC curve, Overall predictive accuracy and 
Youden Index (defined as sensitivity + specificity -1 (see Youden, 1950), and obtain similar results.  

5 In unreported results we take steps to address how endogenous variables could impact our results; for instance, ESG could be captured by 
existing variables. First, we demonstrate that correlations between ESG and other factors are low. Second, we present a two-step GMM model, 
whereby second and higher order lags and differences of the dependent variable are instruments, and remaining explanatory variables are treated as 
strictly exogenous. The result demonstrates our findings are robust from endogeneity arising from reverse causality and autocorrelation. 
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supervisory mechanisms (European Banking Authority, 2021; Aevoae et al., 2022). 
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Fig. 1. Comparison of models using the F-score. The figure presents the out-of-sample predictive performance of six alternative methods based upon 
the estimation procedure presented in Section 2.2, which recursively tests each model using an increasing percentile of the Z-score. The approaches 
are compared using the F-score measure, according to which higher values indicate better predictive capacity. 

Table 2 
Out-of-sample performance of prediction methods with and without the ESG variable (5th percentile).  

Method Confusion Matrix Performance measures (%)with ESG Performance measures (%)without ESG  
With ESG Without ESG F-score Se AUC F − score2 F-score Se AUC F − score2 

Logit 20 6 15 11 81.7 76.9 91.8 71.9 77.6 57.7 89.8 66.0  
15 443 10 447         

LDA 17 9 13 13 77.3 65.4 92.4 64.5 75.2 50.0 90.7 63.3  
17 441 10 448         

SVM 18 8 13 13 76.9 69.2 90.7 63.8 75.2 50.0 88.6 60.8  
19 439 10 448         

DT 14 12 10 16 75.9 53.8 92.0 61.4 73.9 38.5 91.4 60.6  
9 449 4 454         

RF 18 8 15 11 82.5 69.2 93.9 68.1 80.2 57.7 92.0 65.9  
10 448 7 451         

Xgboost 21 5 16 10 83.4 80.0 93.2 76.1 81.3 61.5 91.4 72.2  
13 445 8 450         

The table shows the confusion matrix and accuracy measures for the prediction models when using the fifth percentile of the empirical probability 
distribution of the Z-score. For each model, we use the cut-off identified by the F-score. The confusion matrix reports the true positive, the false 
negative, the false positive and the true negative respectively. Sensitivity (Se) is the fraction of banks predicted to be distressed that are actually 
distressed. AUC is the area under the receiver operation characteristic curve. F − score2 is the adjusted F-score that allow to weight Type I and Type II 
error: in this case, false negative is considered twice as important as false positive. 
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Data availability 

Data will be made available on request. 
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