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Executive Summary

As part of the series “Temi di Discussione”, Banca 
d'Italia has published the paper "Corporate default 
forecasting with machine learning". The paper 
analyzes the performance of some machine learning 
models in estimating the probability of default, 
comparing the results with those obtained through 
traditional models, such as logistic regression. The 
results show that Machine Learning models provide a 
significant increase in discriminating power over 
traditional models when a limited set of information 
(balance sheet indicators) is available. This 
advantage decreases when credit behavioral 
indicators are also considered and becomes 
negligible in the case of small datasets. Lastly, the use 
of machine learning models allows a limited number 
of loans to be made to larger customers compared to 
traditional models, resulting in lower losses for the 
bank, but with a higher concentration risk.
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The research paper by Bank of Italy sets out to evaluate how default forecasting can benefit from the use of ML algorithms.
Statistical models has been compared to ensemble decision trees, a type of machine learning models that can handle
complex interactions between variables as well as huge datasets with correlated predictors.

The discriminatory power of the models has been assessed under three different scenarios relative to 
the availability of either high quality firm information or a large number of observations. A backtesting
analysis has been performed to compare the historical accuracy of the estimation of the two class of 
models.

An evaluation of the allocated credit to borrowing firms under the two different class of models has 
been presented in terms of the number of borrowers served and the realized default rates.

In order to assess robustness and flexibility, a final analysis concerning the importance of individual 
predictors in each model has been performed. Particularly, the extent to which a single variable affects 
the overall discriminatory power of a model was of interest. 
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The statistical models used in the study as benchmarks are the logistic regression (LOG), the penalised logistic regression (PLR) and the

linear discriminant analysis (LDA). These models are especially fit for the purpose of inference and have very simple mathematical

structures, but on the other hand, they rely on many assumptions regarding the data generating process and the structural relationship

between the variables.

The upsides of these standard statistical models are that they provide easily interpretable results and that they assign an

individually tailored PD to each firm.

The downsides are that no consideration is given to non-linear or complex interactions between the independent variables and

the default measure, its high sensitivity to outliers and missing data and finally, the difficulty of full exploitation of large datasets.

Logistic Regression

The logistic regression is the most

common method used to estimate a

probability of default of firms starting

from their observable characteristics.

The model coefficients (β) are

estimated by putting the defaulted

status of each firm into relation with the

individual characteristics, through

maximum likelihood estimation

Penalised Logistic Regression

A slight variation of the logistic

regression in the penalized logistic

regresstion (PLR), which has the same

functional form but is more suited for

out-of-sample prediction. This is

achieved by adding a penalty to the

estimated likelihood, dependent on the

number and collinearity of explanatory

variables used

Linear Discrimination Analysis

The LDA provides an assessment of

corporates’ credit quality using a linear

discriminant function that classifies

corporate borrowers into groups

(default and non-default) based on

their characteristics. Because it imposes

more assumptions on the structure of

the data it is considered to be less

flexible than the LOG model
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Machine learning is an application of AI that enables systems to learn and improve from experience without being explicitly

programmed. Machine learning focuses on developing computer programs that can access data and use it to learn for themselves.

The machine learning algorithms evaluated in the study are the random forest classifier (RDF) and the gradient boosting model (GBM)

Random Forest

Random forests is an ensemble learning method for

classification and regression that operates by constructing a

multitude of decision trees at training time. The strength of this

model lies in creating different trees with different sub-samples

of the overall feature set. Since the trees are focused only on

the set of randomly selected features, the depth of each tree is

limited. Nonetheless, when they are put together, an ensemble

of Decision Trees that provides a well-learned prediction is

created.

Gradient boosting model

Boosting is an ensemble meta-algorithm for primarily reducing

bias and variance in supervised learning that convert weak

learners to strong ones. Unlike many ML models which focus on

high quality prediction done by a single model, boosting

algorithms seek to improve the prediction power by training a

sequence of weak models, each compensating the

weaknesses of its predecessors. This is achieved by a recursive

manipulation of the regression residuals of each weak learner.

The upsides of these ML algorithms are that they are mostly focused on prediction accuracy and make very weak

assumptions on the structure of the data generating process. This feature allows the detection of data-driven interactions and

non-linear or non-monotonous relationships between predictors and the outcome variable

The downsides is less interpretability compared with statistical models: ML models do not provide estimates of the parameters

that relate predictors to the outcome variable (i.e. the models are non-parametric) and this ‘black box’ feature can make

their rationale and forecasts difficult to explain.
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Default Data

The data about default status are obtained from the Italian Credit Register and are

disaggregated by firm size as well as industry type. A firm is considered in default in

a given year if the ratio of non-performing credit to total credit drawn from the

banking system is greater than 5 per cent for at least one month.

The table on the right presents the total number of firms and the yearly default

rates. It can be observed that a swift increase in the default rate occurred in 2012

and 2014.

Year # firms
default 

rate

2011 222,879 1.2%

2012 233,157 2.5%

2013 259,166 2.2%

2014 249,566 4.8%

2015 252,059 4.1%

2016 260,156 3.3%

2017 269,657 2.5%

The analyses are conducted on an extensive dataset of non financial italian corporates observed in the 2011-2017 period. The

indicators include a set of financial and credit behavioural information.

Financial and credit behavioural indicators

The Italian Credit Register data has been integrated with data from the Company Accounts Data

system (by Cerved) which includes:

• Financial ratios with a 1-year lag

• Credit behaviour indicators with a 2-month lag

• Descriptive indicators such as sector and geographical area
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Variable Selection

To include in the model only variables characterized by high discriminatory power, variables were selected using the following criteria:

• using univariate logit regressions for the probability of default, variables with an AuROC lower than 55% were dropped;

• using the Kolmogorov-Smirnov test, variables with insignificant differences in the distributions between the default and non-default

groups were dropped;

• from the list satisfying the first two conditions, only less correlated variables were retained (correlation < 0.7)

Final Dataset

After the variable selection process described above, the final dataset included 26 variables and about 250k yearly observations of defaulted and 

not defaulted firms.

Starting Dataset

The initial set of predictors contains 38 variables

Sampling Technique

Considering that a default is characterized as a rare event, simply applying the different models on the whole training sample would diminish the 

discriminatory power (i.e. the models would tend to attribute low PDs to all firms). To overcome this problem a downsampling procedure has been

used (i.e. train the model with a smaller sample with equal number of defaulted and non defaulted firms) with subsequent bayesian recalibration

of the results. 
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The discriminatory power of the one-year default probabilities estimated by the different models has been assessed using the AuROC index. In

particular, the performance of the models has been evaluated on three differently constructed datasets:

Few Explanatory Variables – All observation (restricted dataset): 

Firstly, the out-of-sample AuROC is reported using a restricted set of information for the training of the models. This dataset is

limited to financial ratios and firm characteristics.1
All explanatory Variables – All observation (complete dataset):

The information set used to train the different models is expanded in order to include high quality data (i.e. credit behavioral

indicators).2
All explanatory Variables – Few observation (small dataset):

Finally, the sensitivity of forecasting performance to the size of the training dataset is assessed. To this end, a smaller dataset is

defined, including only 10 per cent of the original observations.3

Model
Restricted 

Dataset

Complete 

Dataset
Small ataset

LDA 73.2% 82.8% 82.2%

LOG 73.2% 83.0% 82.4%

PLR 73.3% 83.0% 82.5%

RDF 75.9% 84.0% 82.8%

GBM 75.7% 84.1% 82.6%

The table on the right provides all results aggregated on the whole estimation period. (e.g.

the average AuROC, over all years, of the standard logistic model on the complete dataset is

83%.)

Overall, tree-based models (RDF and GBM) outperform statistical models over the entire time

span. The greatest advantage of ML models is observed for the analysis with the restricted

dataset, while when high quality variables are included (complete dataset) this advantage

shrinks, and it almost disappear when few observations are considered (small dataset).
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To assess the degree to which probabilities of default match
realized defaults, the Authors performed a binomial-style test
for different credit quality buckets (CQS defined by the
Eurosystem) using a traffic light approach.

In practice, the estimated PDs have been compared with the
actual number of realized defaults in each CQS using a
binomial test, where the null hypothesis is that true
probabilities of defaults are less than or equal to the
thresholds.

The table on the right presents the result of the test. The color
of each cell is defined as follows:

▪ Green if the p-value is greater than 20%;

▪ Yellow if the p-value is between 20% and 1%;

▪ Red if the p-value is lower than 1%.

It can be observed that all models perform well in times of
aggregate low default rates, while for 2012 and 2014 the test
fails multiple times. In particular, it appears that ML models, in
particular RDF, are relatively better predictors.
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In the paper a static exercise has been carried out: for fixed
amounts of credit granted (expressed in the table as a
proportion of the total amount of credit drawn in the
sample), the different models have been compared in
terms of the number of borrowers served and the realized
default rate.

The results are therefore driven by the different PDs
estimated by the five models.
Clearly, increasing the credit granted (from 1% to 20%)
results in a larger pool of served borrowers for all models,
but ML models allocate more credit to a smaller set of safer
firms, as can be assessed by the significantly lower default
rate (almost half of that of the statistical models). The
possible drawback is represented by an increase of
concentration risk.

% Amount
granted

Model
# of 

borrowing
firms

Defaulted
amount

Default 
rate

1%

LDA 8247 29 0.68%

LOG 7724 23 0.56%

PLR 7777 24 0.56%

RDF 5172 10 0.24%

GBM 5029 12 0.26%

20%

LDA 49826 1761 2.03%

LOG 48745 1788 2.06%

PLR 49300 1802 2.08%

RDF 34894 835 0.97%

GBM 36458 990 1.14%

A second set of results concern the impact of using a ML model on credit allocation. 
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A final set of results is concerning the analysis on the importance of individual predictors in each model in terms of the extent to which a single

variable affects the overall discriminatory power of a model. In the table below the overall 10 most important variables are shown.

For each variable, the following steps has been implemented:

• Each firm receives a value for the selected variable that is

randomly sampled from the distribution of that variable in the

dataset (i.e. permutation of the variable across all firms);

• The AuROC of the model is computed on the permuted

dataset;

• The measure of variable importance consists of the

difference between the AuROC for the model applied to the
original test dataset and the AuROC obtained for the

permuted dataset.

Variable LDA LOG PLR RDF GBM

IE_CASHFLOW 4.5% 3.7% 3.7% 4.5% 5.4%

LOG_ASSETS 3.2% 3.1% 2.9% 1.7% 2.6%

DSCR 1.9% 2.9% 2.9% 2.2% 2.5%

EQ_TA 2.9% 3.0% 3.0% 1.2% 1.6%

TURNOVER 2.9% 2.9% 2.8% 1.4% 1.6%

CASH_ST_DEBT_S 2.4% 2.9% 2.8% 1.0% 2.3%

AREA_CVD 0.9% 0.9% 0.9% 0.3% 0.5%

ATECO_CVD 0.6% 0.6% 0.6% 0.4% 0.3%

PAYABLES_TURNOVER 0.4% 0.3% 0.3% 0.7% 0.6%

EBITDA_MARGIN 0.4% 0.3% 0.3% 0.3% 0.7%

Statistical models are more sensitive to the values assumed by single variables: the LOG model, for example, has six variables that when permuted

cause a decrease in the AuROC of about 3% or more, whereas the RDF and GBM models each have only one variable. As a result, the overall

increase in discriminatory power of ML models is most likely due to their noise resistance and capacity to utilize all the available data.

Sales Growth, Payables Turnover, and Receivables Turnover are more relevant for tree-based models than statistical models because they

provide non-linear and/or non-monotone correlations with default risk. This finding suggests a link between ML methods’ higher discriminatory

power and their ability to exploit complicated interactions between predictors and the outcome variable.
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ML models are overall superior to statistical models in terms of accuracy and precision because of their ability to 
better capture the complex relationship between the available firms’ indicators and the default outcome.

This is demonstrated by the higher importance given by ML models to variables presenting non-linear relationships 
with the defaulted status. 

The advantage over statistical models is highest when only limited public information is available, while statistical
models are able to close the gap if high quality information is available or in the case of a drop in the performance 
of ML models due to an insufficient number of observations necessary to produce robust estimates.

Statistical models tend to allocate credit to a larger pool of relatively riskier borrowers, while ML models are 
particularly suited for the identification of very safe firms. Although this limits credit losses for lender, it also results in a 
higher degree of concentration of the credit (usually going to larger borrowers).
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