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Introduction: Objective

• Explore whether loan characteristics are relevant sources of loans default clustering 
using survival analysis with shared frailty.

• To model the correlation between loans ‘time to default’  using industry, firm and 
bank’s systemic importance. 

• Time to default correlations across industry, firm and bank’s type should help serve as 
a source of default clustering.
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Introduction: Objective

• What is the mechanism that originates loan default clusters?

 Industry: Variations in loan default rates across industries stemming from internal or external 
shocks could be correlated and drive default clustering.

 Firm: Loan default rates might be concentrated at the firm level. A firm failure would lead to 
multiple loan defaults and could explain loan default clusters.

 Bank type: Systemically important banks (SIBs) may have incentives to grant riskier loans 
applying lax lending standards, and the aggregate loan default rate will be prone to correlation 
risk.
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Introduction: Motivation

From the industry point of view
• Stackhouse (2019): Multiple challenges for financial authorities under IFRS9 / CECL:

1. A wide range of internal bank approaches is expected to emerge.

2. Authorities will have difficulties to supervise (validate) different approaches.

3. Banks will face a large regulatory cost in terms of:
• personnel,
• knowledge,
• data gathering,
• methodology design.

4. Regulatory cost intensifies across small banks as their budget is much more limited.
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Introduction: Motivation

From the academic point of view
• Das et al., 2007:

 Macro-variables are not enough to control for systematic risk in aggregate firm default rates.
 Frailty models incorporate the effect of unobservable covariates that are correlated across firms.

• Other studies further investigate role of frailties
 Duffie et al., 2007, Campbell et al., 2008, Duffie et al., 2009, Chava et al., 2011, Koopman et al., 2008, Koopman et 

al., 2011, Monfort and Renne, 2013, and Azizpour et al., 2018.

• All these studies investigate the sources of corporate default clustering at the aggregate level.

• We examine the sources of loan default clusters at the individual loan level.

7Based on publiclyavailable information



Publicada-Uso General

Introduction: Motivation

From a statistical point of view
• Survival analysis is superior compared to other methods [probit / logit / OLS / Discriminant Analysis].

1. Estimate probability to default (PD) for ‘each individual loan’for any desired risk horizon.
• PD is available for any future time horizon whereas probit has a fixed time horizon.
• Survival is the right tool to implement (CECL) with a simple, closed form regulatory formula.

2. Handles right-censored data
• Survival can match the life course of the loan.
• Probit neglects this and treats this case as missing data.

3. Correlation in ‘times to default’can be incorporated with shared frailties.
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Introduction: What do we do?

• We take into account the correlation of firm loans that belong to one of the following three groups:
 Industry (i.e., six industries)
 Firm (i.e., any firm may have more than one loan)
 Bank type that originated the loan (i.e., D-SIBs & non-DSIBs)

• We estimate five parametric survival models (M1-M5) using accelerated failure time
 Excluding frailty

M1: Microeconomic variables
M2: M1 + macroeconomic variables

 Including frailty
M3: M2 + shared frailty by industry
M4: M2 + shared frailty by firm
M5: M2 + shared frailty by bank type that originated the loan

• Perform a one-year out-of-sample prediction horse race for the five models under analysis.
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Introduction: How do we contribute?

• Propose a simple regulatory PD formula that can be used by:
 Small banks to reduce compliance cost.
 Regulators for top-down stress test.
 Supervisors as benchmark to facilitate supervision.
 Banks to include correlation risk in PD to model fat tail of portfolio credit loss distribution.

• Following Gupta et al. (2018), we fill a gap in the academic literature.
 In the context of credit risk, there is a lack of discussion on the importance of frailty.
 Shared frailty model at the loan level using micro data provides prediction benefits.
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Introduction: Main finding

• Including frailty by bank type is statistically superior for forecasting purposes only for bank loans to
micro and small firms.
 This is because the aggregate loan default rate is characterized by large values with clusters.
 Including frailty leads to a loan loss provision model that captures default clustering attributed to the variability of the

frailty across the two bank types.

• Including frailty is not useful for bank loans to medium-sized firms.
 This is because the aggregate loan default rate is characterized by small values without clusters.
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Literature

• Credit risk modeling can be broadly classified in:

• Rules of thumbs and experience (Kerry 1993).

• Structural models (Merton, 1974).:

• Reduced-form models (Altman, 1968; Ohlson, 1980):

• Survival analysis is a reduced-form model.
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Literature

• We can classify studies according to ‘unit of analysis’ into:
• Firm bankruptcy

• Gupta et al. (2018): single country (US).
• Tsoukas (2011): multiple countries (emerging asian economies).

• Firm loan default
• Glennon and Nigro (2005): single country (US).
• Dirick et al. (2017): a few banks of multiple countries (Europe).

• This paper analyses firm loan default for the banking sector of a single country
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Literature

• According to survival methodology we identify:

1. ‘Classical survival models’
• Only two outcomes: Default & right Censored
• Assume that every individual will eventually die.

– Very conservative approach: risk overestimation
– Simple and efficient to implement

2. ‘Competing risk models’
• Three or more outcomes: Default, Prepayment, Censored.
• Assume that every individual will eventually die.

3. ‘Mixture cure rate models’
• Two or more outcomes: Default, Prepayment, Censored.
• Assume that there is a cured fraction.

– Less conservative and more accurate than Classical models
– More complex and more difficult to implement.

• This paper contributes to ‘classical survival models’.
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Literature

• ‘Classical survival models’ have three methodologies:
1. Parametric models

• Two equivalent metrics:
– Accelerated failure time (AFT)
– Proportional hazards (PH)

2. Semiparametric models
• Proportional hazard (Cox (1972))

3. Non-Parametric models
• Survival curve (Kaplan and Meier, 1958)

• This paper focus is on parametric models and uses AFT
 Simple and easy to implement closed form formula.
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Data

Step 1: Definition of micro/SME loan
• There is no global standard of the definition of SMEs.
• We partially follow Mexico’s Secretariat of Economy classification (3 criteria)

• Two additional criteria based on loan size:
1. Any micro/SME loan has a maximum exposure size lower than 1 million USD.
2. Drop micro/SMEs’ loans that are lower than 10K USD.
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Data

Step 2: Loan default definition

• There is no prescribed definition of loan default in IFRS 9.

• Loan that is past overdue for more than 90 consecutive days or when the bank has not received any payment 
during three consecutive months (i.e., Basel III).
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Data

Step 3: Loan pool definition

• Loan sample has a panel data structure.
 Each loan history is recorded and followed-up on an individual basis.

• During any study period, loans may:
1. Originated and followed-up, such that we have loan records.

2. We consider only those loans originated in our sample period.
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Data

Step 4: Default status
• Default status

 A number of events may happen once a loan has been originated:
• Stay in performing state and remain outstanding or mature.
• Default
• Prepaid (i.e., repaid early)
• Transferred to other financial entity

– Securitization (i.e., pool of loans sold as a security)
– Sold to any other bank or non-bank financial entity

• Restructured
 We consider only two states: default and censored
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Data

Step 5: Data set characteristics

• We use monthly proprietary micro regulatory data collected by financial authorities

• Macroeconomic data that is publicly available.

• We have 1,893,927 micro/SMEs loans originated in the banking sector during January 2010 through April 2018.

• Data comprises 19,204,566 individual loan records.

• Comprehensive nature of our data allows to capture system-wide features.
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Data

Step 6: Variable selection

• Micro variables control for both loan characteristics and firm characteristics.
• We do not have firm balance sheet and market information which is a typical input in the corporate literature. This

is because financial authorities do not collect this information.
• Variable selection is consistent with literature and fully described in Batiz-Zuk et al.(2020).
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Data
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• Steady state loan default rates vary significantly and increase with firm size.

• Steady state loan default rate grouped by firm id are naturally higher.
• We assume that if a firm defaults in one of its loans, then the firm defaults on all its outstanding obligations with the banking sector.

This does not occur in all cases.

Enterprise 

Size

Loan Default 

rate

Firm Default 

rate

Micro 7.61% 17.77%

Small 4.23% 14.70%

Medium 1.85% 13.46%

Total 4.83% 16.36%
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Data
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• Loan default rates vary across six industry sectors.

• For “micro” and “medium” sized enterprises, construction has the highest default rates.

• For “small” sized enterprises, services has the largest loan default rate.

Enterprise 
Size         

Loan Default 
rate

Micro 8.51%
Small 2.97%

Medium 2.31%
Total 4.69%

Loan Default 
rate

6.81%
4.20%
1.42%
4.32%

Loan Default 
rate

10.05%
5.41%
3.26%
6.05%

Loan Default 
rate

7.71%
3.35%
1.31%
4.58%

Loan Default 
rate

7.48%
3.67%
1.67%
3.96%

Loan Default 
rate

9.50%
6.11%
2.15%
6.45%

Agriculture Commerce Construction Transport Manufacturing ServicesIndustry:
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Data
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• Loan default rates for D-SIBs have a greater value compared to Non-DSIBs.

D-SIBs Non-DSIBs

Enterprise Size Loan Default rate
Micro 9.50%
Small 6.11%

Medium 2.15%
Total 6.45%

Loan Default rate
3.17%
2.16%
1.34%
2.25%
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Methodology
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• We estimate the survival model using Accelerated Failure Time Model (AFT) (Cleves et al., 2010) as:

• tjk is time to loan default for loan j in time span k (observation) measured in days,
• β covariate coefficients,
• xdjk time-varying or time-constant p covariates (d=1,…,p),
• ln(τjk) random quantity that follows a distribution.

• Model is estimated using maximum likelihood techniques.

• Survival function depends on the distribution assumed for τjk.
• We compare six distributions: Exponential, Weibull, Gompertz, Log-logistic, and Log-Normal.
• We use Akaike Information Criterion (see Akaike (1974)) to choose the best-fitting model for our data.

• Log-Normal provided the best fit.

( ) ( )0 1 1ln lnjk jk p pjk jkt x xβ β β τ= ++ + +

2log 2AIC likelihood p= − +
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Methodology
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• When τjk is distributed as lognormal with parameters β0 and σ, the conditional survival function is defined as:

• is the CDF for standard Gaussian (normal) distribution
• σ is a strictly positive ancillary parameter

• Shared frailty α is introduced as an unobservable multiplicative effect on the hazard.
• Gutierrez (2002. p. 24) shows that the individual survival function conditional on the frailty is

• When α is distributed as gamma with mean one and variance the survival function becomes

• Madorno (2013): PD for any desired risk horizon b (measured in days) is:
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Results for Akaike
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• Akaike Information Criterion is used to discriminate between parametric distributions in the context of non-
nested models for ‘micro’, ‘small’, and ‘medium’-sized enterprises.

• We use a benchmarkAFT model (i.e., M2) that incorporates micro and macro variables.

Medium firms
Distribution AIC

Exponential 62,778

Gompertz 60,894

Weibull 58,125

Loglogistic 57,871

Lognormal 56,980
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Results for micro-sized firms
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Notes: a (b) [c] significant at 1% (5%) [10%] level (two-sided test)



Publicada-Uso General

Results for small-sized firms
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Notes: a (b) [c] significant at 1% (5%) [10%] level (two-sided test)
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Results for medium-sized firms
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Notes: a (b) [c] significant at 1% (5%) [10%] level (two-sided test)
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Summary of Results: Micro Variables
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• Regarding Micro Variables:

 Interest rate has a negative impact on the time to default across all firm sizes.

 Impact of number of employees varies per firm size:
• a negative influence on “micro”,
• a positive influence on small firms and
• not statistically significant influence on medium enterprises.

 Bank type (i.e., D-SIBs, non-DSIBs) indicator is significant and positive.
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Summary of Results: Macro Variables
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• Regarding Macro Variables:
 For all firm sizes, macro variables have a significant impact on the survival rates of SMEs.

 Yield curve proxy is negative for micro/small enterprises, and not statistically significant for medium firms.

 Changes in 3-month lagged consumer confidence have positive & significant impact irrespective of firm size.

 Changes in economic activity have a mixed impact:
• positive and significant for micro firms,
• negative and significant on small firms and
• not significant (i.e. M2, M3, and M5) for medium firms.

 Changes of inflation rate are mixed.
• Negative positive for micro and small.
• Positive for medium sized firms.
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Summary of Results: Ancilliary Parameters
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• Regarding Ancillary Parameters:
 Coefficient for ln(σ) is significant for all specifications across the three firm types.

• Sign of ln(σ) is positive (negative) when frailty is excluded (included).

 Coefficient of variance parameter ln(theta) is positive and significant for all specifications.
• Shared frailty coefficient captures the effect of default clustering attributed to the variability of the frailty across 

industry, firm and bank type.

• Size of variance parameter ln(theta) is extremely large for M4. The variance parameter, is: 
– exp 2.3314 =10.29 (medium), 
– exp 2.0240 = 7.57 (small), 
– exp 1.65 = 5.22 (micro). 
– This has an impact on the value of all the estimated coefficients independently of firm size.

• Lando and Nielsen (2010) have argued to aggregate to account for parent-subsidiary relationships. However, we
don’t have the information. 
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Results: Goodness of fit
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Summary of Results: Goodness of fit
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• We report the Chi-squared statistic based on Wald test to assess if the model is significant.

• We report the log-likelihood and Akaike Information Criterion (AIC) of each model to assess the fit.

• Model that provides the best fit (M4) according to log-L and AIC criteria is not the best in terms of forecasting.

• These models do not have an R-squared or an adjusted R-squared measure.

• There is a pseudo R-squared but its use is not standard in the literature as this measure is not bounded.
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Model Validation
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Validation can be explained in three steps.

1. Hold-in sample:
 Estimate survivalAFT model using period from January 2010 to December 2015.
 Idea is to use 80% of the sample size.

2. Hold-out or test sample:
• Use the period from January 2016 to May 2017.
• Idea is to use remaining 20% of the sample size.

3. Estimate the one year PD as proposed by Madorno et al. (2013) for the hold-out sample.

4. ComputeArea Under Receiver Operating Characteristic Curve (AUROC) for the hold-out-sample.
 Size of our hold-out sample is large: 174k (medium); 349k (small); 230k (micro)
 Most of previous studies (see Gupta et al., 2018, p.461) have ROC curves that are steps rather than concave estimates of AUROC.
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Model Validation
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Survival AFT Survival AFT + shared frailty
Model M1-M5

M1 M2 M3
Industry

M4
Firm

M5
Bank Type

Micro firms
AUROC-H 0.5365 0.5545 0.5543 0.5649 0.6208
Small firms
AUROC-H 0.5126 0.5188 0.5019 0.5485 0.5807
Medium firms
AUROC-H 0.7495 0.7980 0.7889 0.6089 0.7936

• Size of AUROC-H differs depending on the firm size and specification.
 Micro firms: M5 has the best significant prediction performance. Size of AUROC is regarded as a fair.
 Small firms: M5 has the best significant prediction performance. Size of AUROC is regarded as poor.
 Medium firms: M2, M3 and M5 have the best prediction performance. Size of AUROC is regarded as very good.

• Difference in AUROC between M2, M3 and M5 is not statistically significant at 5%.
• AUROC performance of medium firms improves because aggregate loan default rate has lower values and variability.

 Low values of AUROC might be due to lack of more financial information such as balance sheet data.
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Model Validation
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• A closer inspection of the evolution of the Kaplan Meier loan survival function by bank type for “micro” loans shows that, in
the long run, the number of defaults is relatively high compared to non-DSIBs.
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Conclusions
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• Bank’s systemic importance is a key source of default clustering for loans granted to micro and small enterprises.
This evidence is important for developing policy tools to mitigate systemic risk. 

• More evidence at the international level is desirable.

• Two policy recommendations
1. Financial authorities should use a PD regulatory formula as a benchmark. This issue is relevant for:

• Banks to recognize loss in a simple, timely and accurate way.
• Investors to compare loan loss provisions based on a similar benchmark to promote transparency.
• Supervisors to verify banks compliance.
• Regulators for stress testing purposes.

2. PD regulatory formula should include a shared frailty by bank type. Especially, for loans characterized by large average 
value of aggregate loan default rate (e.g., micro and small). 
• Including frailty promotes a loan loss provision model that captures default clustering 
• Clustering is attributed to the variability of the frailty across the two bank types. 
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