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The problem

• An important issue faced for a long time. But also

an increasingly relevant problem

• The “Non performing loans” (NPL) are about 20%

of the total for Italian companies in recent years

• An improvement in loan default prediction

accuracy can lead to savings of tens of billions of

euros

Firms default prediction



Firms default prediction
History and related works

- Statistical/ML methods

- Financial data/Credit data

Bankruptcy decision 
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Bankruptcy decision data
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CREDIT DATASET

- CCR dataset: about 1000 Italian banks and financial

companies that give credit to firms

- Over 800.000 Italian firms

- High Granularity (single borrower)

- Quarterly data 

Datasets

BALANCE SHEET DATASET

- A small set of basic balance sheet indicators for a 

subset of medium/large Italian firms (about 300,000 

firms)

- Frequency: annual data



The dataset: main attributes

BASELINE

The most relevant features are Bank’s classification and

Past due for Loan dataset and ROE and ROA for Balance

sheet dataset.



Target variable
TARGET VARIABLE: Firm’s Adjusted Default Status:

- A firms classification for the whole banking system

- A supervisory definition based on quantitative criteria

relating to deteriorated loans

• good credit condition at time T  default status at time 

T+1 year

• the problem is a “binary classification problem” 

Firms data              
(until time T)

Default at 
time T

Default at 
time T+1

TARGET

Firm 1 Credit data+Balance sheet 
data NO NO 0

Firm 2 Credit data+Balance sheet 
data NO YES 1

Firm 3 Credit data+Balance sheet 
data YES X

NOT 
CONSIDERED



Decision tree

• Non-linear pattern classification

• simplicity and possibility of interpreting the result

Ensemble methods

Ensemble: use multiple learning algorithms to obtain 

better predictive performance 

 Random forest

 AdaBoost

 Gradient boosting

 Bagging

ML techniques

«Combination» of classifiers



• True Positive (TP) positive successful classification

• True Negative (TN) negative successful classification

• False Positive (FP) positive wrong classification, Type I error

• False Negative (FN) negative wrong classification, Type II error

.

Evaluation of results

Accuracy 𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁

Recall 𝑇𝑃

𝑇𝑃 + 𝐹𝑁

Precision 𝑇𝑃

𝑇𝑃 + 𝐹𝑃

F1 score
2 ∗

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

Type I err 𝐹𝑁

𝑇𝑃 + 𝐹𝑁

Type II err 𝐹𝑃

𝑇𝑁 + 𝐹𝑃

TARGET PREVISION

0 1 FP

1 1 TP

0 0 TN

1 0 FN



Experimental results
Adjusted Default prediction

DT = Decision tree
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LOAN DATA - IMBALANCED TRAINING SET

• Higher Precision – Lower Recall

• Combined method shows better performance for F1-score



Experimental results
Imbalanced training set

• Combined method shows better

performance

• Use of balance sheet data

slightly improves performance
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Experimental results

• Higher Recall – Lower Precision

We try to minimize T1 and T2

errors

• Combined method shows the best

performance for T1-err and T2-err

(0.16 for both)

• Use of balance sheet data

improves performances for all

classifiers

Balanced Training set
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Combination of classifiers

In order to improve the performance: “Combine” the previous

techniques

• Increase the classification threshold advantage in Precision

• However, we will identify less default firms, with a loss in Recall.

Preference for Precision

Adjusted Default Prediction



Estimate of PD (Probability of Default): a practical application

• ”Baseline” is  a commonly used method for estimating the probability 

of default (PD): 
𝑁𝑒𝑤 𝑑𝑒𝑓𝑎𝑢𝑙𝑡 𝑙𝑜𝑎𝑛 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑇

𝑇𝑜𝑡𝑎𝑙 𝑙𝑜𝑎𝑛𝑠 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑇−1

• “COMB” is the new “Combined” ML method

• “Coarse segmentation” has about 400 subsets while “Fine 

segmentation” over 10,000

A practical application

The experimental results show that the new ML classification

method works generally better.



Summary and Conclusion

- A first attempt to explore the Italian Central Credit Register

dataset using ML techniques in order to predict firms

Adjusted Default Status.

- We combine credit data with balance sheets data, showing

that we can improve further the accuracy of predictions.

- Moreover, combining classifiers of different type can lead to

even better results.



Next steps

Try to improve the forecast performance along two lines:

• Use also other ML techniques

• Use a greater number of balance sheet data

Try to extend at:

• Bankruptcy prediction with credit data



… The end…

Thank You



Target variable

Firms Bankruptcy

- It is a juridical definition

- Connection between Bankruprcy and Adjusted default in

our dataset

BANKRUPTCY versus ADJUSTED DEFAULT STATUS

Default No Default Total

Total 13200 290000 303200

No Bankruptcy 11040 283040 294080

Bankruptcy 2160 6960 9120

%  Bankruptcy 16.4 2.4



Analysis of results

We are working with a highly unbalanced dataset

- Balanced versus Imbalanced training set

- Recall versus Precision

- F1 score versus Balanced Accuracy

Adjusted Default Prediction



Experimental results
Adjusted Default prediction

LOAN DATA - IMBALANCED TRAINING SET

• Higher Precision – Lower Recall

• The best classifier is Gradient Boosting

• F1 score reaches higher values and the combined method shows

better performance


