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1.  Introduction 

Default Forecasting is a topic of key importance for investors and financial institutions 

worldwide. Default forecasting Methods have become particularly popular after the Basel II 

Regulations and consist of a variety of statistical models which use firms’ characteristics 

(mainly accounting metrics) and macroeconomic factors to predict the credit 

trustworthiness of a firm. In the last decades, thanks to the growing availability of large and 

public datasets, the use of Machine Learning Models has gained momentum and many 

researchers have started testing models on Machine Learning algorithms. “Machine 

Learning refers to a class of models that can perform complex forecasting tasks when the 

relationship between predictors and the outcome is complex or unknown”1. It has been 

proved by a number of established works (Baesens et al., 2003; Brown and Mues, 2012; 

Barboza et al., 2017) that Machine Learning Models can perform highly accurate out sample 

forecasts. Machine Learning Algorithms are mainly used for predicting Consumer Credit 

Default Risk and Corporate Credit Default Risk. 

The main goal of this research is to assess the Corporate Credit Default Probability as 

accurately as possible. A one-year timeframe was used for the prediction. We first made the 

hypothesis that two of the main drivers to predict, in a one-year time-frame, which 

companies would present a default event were mainly dependent on the key operating, 

Solvency, and Liquidity ratios. Since we assumed a one-year timeframe, we expect that the 

liquidity status of a given company as being one of the key features in determining its 

probability of default. In the course of our analysis, we also tried to determine the real 

impact of Macroeconomic variables, and to what extent financial distress is caused by an 

endogenous or exogenous factor with respect to single companies.  

Company Data were collected from Orbis and were distributed over 7 years. The Dataset 

was firstly studied through the Exploratory Data Analysis to analyze the descriptive 

statistics of its feature. Then data were classified into 2 different categories, companies with 

a default event in the one-year horizon and healthy companies. Default events were 1.1% of 

 
1 Banca D'Italia - Mirko Moscatelli, S. N. F. P., 2019. Corporate default forecasting with Machine Learning. 



the overall observations. Data were then balanced using SMOTE and Tomek Link techniques 

for imbalanced Datasets, balancing only the train test while leaving the test set “as-is”. 

To yield the best accuracy, precision, and recall various algorithms were tested: Artificial 

Neural Network (ANN), Random Forest (RDF), and Light Gradient Boosting Machine 

(LightGBM). After selecting the best model in terms of out-sample predictions performance, 

we calibrated the results to fit a nine value scoring. We obtained a 99.99% AUROC score for 

the LightGBM classifier with a 98.6% (we correctly classified 69 out of the 70 test set 

activation, with the test set consisting of 5400 selected observations in the 7 years span) 

out-sample detection rate for defaulted companies, observation flagged 1. The calibrated 

model had a similar AUROC score (99.98%) and it presented a 97% out-sample recall score 

for observation flagged with a 1. The Brier score for the calibration was 0.045. The main 

determinants for default events in our model were the Acid Ratio and the Equity share 

capital in million. 

1.1 Consumer Default Risk 

Consumer default risk, also known as retail risk, is the risk of a consumer not fully repaying 

its debt obligation towards a financial institution (i.e. mortgages, personal finance, 

overdrafts, etc.). 

The most popular application of Machine Learning algorithms in modeling Consumer Credit 

Default risk is Khandani et al. (2010), which applies Machine Learning and statistical models 

to predict Consumer Defaults by using data on customers’ transactions and credit bureau 

data. “Their work shows that Random Forest (RDF) forecasts are an improvement over 

standard statistical techniques for measuring credit quality. Moreover, their use yields a 

substantial reduction in losses for lenders (from 6 to 23 percent of banks’ total assets).”2  

Other important research on the field is Albanesi and Vamossy (2019) that develops a model 

to “predict consumer default based on deep learning (i.e. a combination of forecasts from 

deep neural network and gradient boosting) in environments with high-dimensional data 

(over 200 variables). Deep learning models are shown to perform substantially better than 

logistic regression and adapt to the behavior of the aggregate default rate quite closely. The 

model can capture the sharp rise in credit risk in the run-up to the 2007-09 crisis.”3 There 

 
2 Banca D'Italia - Mirko Moscatelli, S. N. F. P., 2019. Corporate default forecasting with Machine Learning. 
3 Banca D'Italia - Mirko Moscatelli, S. N. F. P., 2019. Corporate default forecasting with Machine Learning. 



are many other examples of the application of Machine Learning Algorithms to consumer 

credit risk, as Kruppa et al. (2013) and Yuan (2015) that also confirm the “superior 

performance of Machine Learning predictions.”4 

1.2 Corporate Default Risk 

In the literature, there are also numerous applications of Machine Learning for Corporate 

Default Forecasting that show significant improvements over traditional models. The 

improvements are evaluated with the AUROC score, which reflects the ability of a model to 

correctly minimize both Type-I and Type-II Errors. 

“Using a large dataset covering the North American corporate sector for the period 1987-

2013, Barboza et al. (2017) show that Machine Learning provides a substantial 

improvement of around 10 percentage points of AUROC over traditional models. In 

Bachman and Zhao (2017), the performance of Machine Learning models are compared to 

the Moody’s proprietary algorithm based on a regression model using corporate data for the 

United States; this exercise shows that Machine Learning models deliver an AUROC of about 

2-3 percentage points higher than those produced under the regression approach. However, 

their less transparent structure may lead to PDs that are difficult to relate to firms’ 

underlying characteristics. Furthermore, the inclusion of credit behavioral variables within 

the set of predictors notably increases the discriminatory power of each model by over 10 

percentage points (in terms of AUROC). “5 

  

 
4 Banca D'Italia - Mirko Moscatelli, S. N. F. P., 2019. Corporate default forecasting with Machine Learning. 
5 Banca D'Italia - Mirko Moscatelli, S. N. F. P., 2019. Corporate default forecasting with Machine Learning. 

 



2. Literature Review 

The Literature Review encompasses all the relevant literature, both for Consumer Credit 

Scoring and for Corporate Credit Scoring, with the aim of reconstructing the evolution from 

the Historical 5C’s Approach and the FICO Score, towards Statistical Models (Linear and 

Logistic), finishing with the recent Machine Learning Techniques used for Credit Scoring. 

2.1 History of Credit Scoring 

In the past decades, the credit quality of loan portfolios across most countries remained 

relatively stable until the 2007-2008 financial crisis hit the global economy. In the following 

years, the average bank asset quality deteriorated sharply due to the global economic 

recession. Since then, the Non-Performing Loans (NPLs) problem has received greater 

attention both in developed and developing countries and the probability of default has 

become a topical theme in the fields of financial research. Since the Basel II Accord the credit 

scoring methods have become very popular in the banking industry, given their usage in risk 

management, pricing of financial instruments, estimation of borrowers’ creditworthiness, 

and in the calculation of economic or regulatory capital for banking institutions. 

Credit Risk refers to the risk that a borrower will default on any type of debt by failing to 

make required payments. Credit Scoring is a technique used to predict the likelihood of a 

borrower not being able to repay his debt (default forecasting). Credit Scoring is of key 

importance for financial institutions and investors as banks use it to screen potential 

borrowers, evaluate the terms of new loans and manage the risks stemming from the lending 

activities. 

The history of Credit Scoring dates back to 1950 when decisions were made based on a 

judgemental approach called the “5C’s Approach”6. The method was based on 5 parameters: 

1. Character: do you know the person or their family? 

2. Capital: how much is being asked for? 

3. Collateral: what is the borrower willing to put up from their resources? 

4. Capacity: what is their repayment ability? 

 
[6] Xolani Dastile, T. C. M. P., 2020. Statistical and Machine Learning models in credit scoring: A systematic 
literature survey. Applied Soft Computing Journal. 



5. Condition: what are the conditions in the market? 

This resulted in scorecards that generated a score to quantify the risk of lending money to 

borrowers.  

From the last decades of the XX Century since the early years of the XXI Century, financial 

institutions have started using more accurate predicting models that commonly use Linear 

or Logistic Regression to estimate credit ratings using the main financial indicators as model 

inputs. 7 

“The literature varies in the choice of variables to predict bankruptcy and the methodology 

used to estimate the likelihood of bankruptcy. Beaver (1966), Altman (1968), Ohlson 

(1980), and Zmijewski (1984) use accounting variables to estimate the probability of 

bankruptcy in a static model. Altman’s Z-score (1968) and Ohlson’s O-score (1980) have 

become popular and widely accepted measures of financial distress. They are used, for 

example, by Dichev (1998), Griffin and Lemmon (2002), and Ferguson and Shockley (2003) 

to explore the risks and average returns for distressed firms. Parallel literature uses 

accounting variables to predict credit ratings, which can be interpreted as subjective default 

probabilities provided by credit rating agencies (Kaplan and Urwitz (1979), Blume, Lim, and 

MacKinlay (1998), and Molina (2005)).” 8 

However, these models that predict the probability of bankruptcy solely based on 

accounting variables introduce biases and overestimates the impact of the predictors. This 

is because these models do not take into account the Macroeconomic impact of favorable or 

unfavorable indicators of the global or local market that can heavily impact the risk of a firm 

going into bankruptcy. 

Shumway (2001) is the first that points out these limitations of the previous models and in 

his model adds equity market variables to the usual accounting measures used in earlier 

literature. Other papers follow Shumway’s approach such as “Chava and Jarrow (2004), who 

work with monthly data and explore industry effects, and Beaver, McNichols, and Rhie 

 
7 A. R. Provenzano, D. T., 2020. Machine Learning approach for Credit Scoring, s.l.: s.n. 
8 J. Campbell, J. Hilscher and J. Szilagyi, 2008. In Search of Distress Risk. THE JOURNAL OF FINANCE, Volume 
LXIII. 



(2005), who explore the stability of the coefficients over time. Duffie, Saita, and Wang (2007) 

emphasize that the probability of failure depends on the horizon one is considering.” 9 

These Linear and Logistic Models, commonly used for their simplicity and transparency, 

suffer from the inability of capturing Non-Linear patterns, which are generally common in 

financial analysis and human decision making (borrower’s behavior), especially when 

influenced by local external economic conditions (variables such as unemployment, 

minimum wage, interest rates, housing prices, financial policies, GPD pro capita, etc.).  

2.2 The FICO Score and the Limits of Linear Models 

The paper “Deep Learning for Mortgage Risk” by J. A. Sirignano, A. Sadhwani K. Giesecke 

(2018) analyses the existence of a Non-Linear relationship between Macroeconomic 

variables and the borrower’s behavior in mortgage credit.  

The paper addresses one of the most widely known credit scoring models: the FICO score. 

This score was created in 1989 by the Fair Isaac Corporation (FICO) and is used to assess 

the credit risk of a borrower. The score takes into account 5 areas to determine credit 

worthiness: payment history, the current level of indebtedness, types of credit used, length 

of credit history, and new credit accounts (Figure 1). The FICO ranges from 300 to 850, with 

scores in the 670 to 739 range considered to be a “good” value (Figure 2). The FICO score is 

estimated to be used by more than 90% of top U.S. lenders, being, therefore, the most widely 

used credit scores method that has been an industry standard for 30 years.10 

 
9 J. Campbell, J. Hilscher and J. Szilagyi, 2008. In Search of Distress Risk. THE JOURNAL OF FINANCE, Volume 
LXIII. 
10 Fair Isaac Corporation. "FICO scores are used in over 90% of U.S. lending decisions."  

https://www.investopedia.com/markets/quote?tvwidgetsymbol=fico
https://ficoscore.com/about/


 

Figure 1 - The FICO Score’s 5 Areas of Creditworthiness 

 

Figure 2 - Values of the FICO score 

The paper maps the monthly prepayment rate versus the FICO score and finds that the 

propensity to prepay is less for borrowers with lower FICO scores, but it plateaus once the 

score crosses a threshold of about 500 points. Indeed, Figure 3 “shows that the prepayment 

rate has a significant Non-Linear relationship with the FICO score of the borrower. The 

propensity to prepay is less for borrowers with lower FICO scores but it plateaus once the 

score crosses a threshold of about 500 points. This reinforces the need for a model family 

that is capable of learning Non-Linear functions of the data.”11 

 
11 Justin A. Sirignano, A. S. K. G., 2018. Deep Learning for Mortgage Risk, s.l.: s.n. 

 



 

Figure 3 - Empirical monthly prepayment rate versus FICO score 

To better assess the impact of the problem, in this Thesis are reported the following Figures 

4 and 5, taken from the above paper, that describes in detail the relationship between the 

monthly prepayment rate of a mortgage and the prepayment incentive (Figure 4) and the 

State of Unemployment (Figure 5).  

Figure 4 “highlights the complex relationship that exists between the empirical prepayment 

rate and the prepayment incentive, given by the initial mortgage rate minus the market rate. 

The sensitivity of prepayment rates varies significantly, both in magnitude as well as sign, 

depending on the incentive. The widely used linear empirical models can be misspecified 

because they pretend the sensitivity is a constant. The sensitivity estimates generated by 

these models can therefore misrepresent the influence of risk factors. This can make it 

difficult to draw valid economic conclusions from these models regarding the influence on 

borrower behavior of key variables such as interest rates, unemployment, and housing 

prices, which play a major role in housing finance markets and the wider economy.”12 

 
12 Justin A. Sirignano, A. S. K. G., 2018. Deep Learning for Mortgage Risk, s.l.: s.n. 

 



 
Figure 4 - Empirical monthly prepayment rate vs. prepayment incentive 

Figure 5 “shows fitted conditional prepayment probabilities versus state unemployment 

rates, for a borrower with a FICO credit score of 630 (the median for subprime borrowers 

in our data set) as well as a borrower with a FICO score of 730 (the median for prime 

borrowers). The relationship between prepayment and unemployment is highly nonlinear 

and strongly depends on the borrower’s credit score, indicating an interaction between 

unemployment and credit score. All else equal, high-FICO borrowers are estimated to 

prepay at significantly higher rates than low-FICO borrowers in all unemployment 

scenarios. The “prepayment gap” between high- and low-FICO borrowers tends to widen as 

unemployment grows. With low unemployment between 5 and 7 percent, low- and high-

FICO borrowers are equally sensitive to changes in unemployment. However, with moderate 

unemployment between 7 and 11 percent, low-FICO borrowers are significantly more 

sensitive to changes in unemployment than high-FICO borrowers. While high-FICO 

borrower prepayment is essentially flat in this unemployment range, low-FICO borrower 

prepayment decreases significantly with unemployment rising from 7 to 11 percent. The 

prepayment sensitivities of high- and low-FICO borrowers converge as unemployment rises 

above 11 percent. Unemployment is found to interact in nontrivial ways with a range of 

other variables including loan-to-value ratios, mortgage rates, and house price appreciation. 

The effects are not limited to prepayment risk but also pertain to the credit risk of a 

mortgage borrower.”13 

 
13 Justin A. Sirignano, A. S. K. G., 2018. Deep Learning for Mortgage Risk, s.l.: s.n. 



 

Figure 5 - Fitted monthly prepayment probability vs. state unemployment 

 

The empirical analysis of the paper reveals that “many variables have a highly nonlinear 

influence on borrower behavior which prior work does not address…Variable interactions, 

including those between more than two factors, are found to represent a significant 

component of the nonlinear effects”.14 

2.3 US Corporate Debt Market 

In January 2019, the total corporate Debt Market in the US was $9.3 trillion. 15 US corporate 

debt accounts for 48% of global corporate debt.  

“Since 2013, the U.S. investment-grade corporate debt market has been expanding at a 

compound annual rate of 6.7%, as low-interest rates have supported robust investor 

 
14 Justin A. Sirignano, A. S. K. G., 2018. Deep Learning for Mortgage Risk, s.l.: s.n. 

15 S&P Global, 2019. U.S. Corporate Debt Market: The State Of Play In 2019, s.l.: s.n. 



demand for corporate bonds. In 2018, the total amount of U.S. investment-grade debt 

increased by about 3% to $6.7 trillion as of Jan. 1, 2019”.16 

While Investment-grade companies (from BBB- to AAA) are only 43% of US firms, the 

Investment grade bonds account for 72% of the total corporate debt market. 

 

Figure 6 - Details for US Corporate debt17 

US corporate debt is thus of extreme importance to the global economy, especially for its 

size. The non-financial sector holds the greatest amount of investment-grade bonds, and in 

2019 there were no financial companies with a AAA rating. However, the Financial sector 

Investment grade concentration was 84% of the total, while being 59% for the Non-Finacial 

sector. Non-Financial Sector debt accounts for 76% of the total US corporate debt, this 

percentage is higher than the rest of the world, which has approximately 64%. The average 

effective yield of a company rated BBB, with the effective yield being the return on a bond 

that has its coupon reinvested at the same rate by the fixed income investor, was 3.19% on 

December 31st of 2019 and it was 2.55% for an AAA-rated one on the same period. 

2.4 Machine Learning and Artificial Intelligence  

With the computer programming advances of the last decade, new statistical Non-Linear 

techniques have developed that can replace Linear and Logistic Regression. Especially in the 

field of Machine Learning and Artificial Intelligence, there are models able to capture 

accurate information from a big dataset by recognizing Non-Linear dynamics and temporal 

dependencies among data. These models are able to recognize any type of behavior and 

multiple interactions between the data (even the variable interactions between more than 

 
16 (S&P Global, 2019) 
17 (S&P Global, 2019) 

 --Debt amount (Bil. $)--  --Debt amount (%)--
Financial Nonfinancial Total Financial Nonfinancial Total

AAA 0 80 80 0 0,9 0,9
AA 153,9 422,4 576,3 1,7 4,5 6,2
A 947,7 1283,3 2230,9 10,2 13,8 24
BBB 860,4 2932 3792,4 9,3 31,5 40,8
BB 96,4 1055,3 1151,6 1 11,3 12,4
B 81,1 1109,4 1190,4 0,9 11,9 12,8
CCC and lower 16,4 262 278,4 0,2 2,8 3
Investment grade 1962 4717,6 6679,6 21,1 50,7 71,8
Speculative grade 193,8 2426,7 2620,5 2,1 26,1 28,2
Total 2155,8 7144,3 9300,1 23,2 76,8 100



two factors addressed by Sirignano, Sadhwani, and Giesecke (2018) as one of the main 

determinants of Non-Linear effects), greatly minimizing the bias in model estimates. 

The Paper published by the Italian National Bank (Banca D’Italia) on “Corporate default 

forecasting with Machine Learning” (December 2019 ) investigates how default forecasting 

can benefit from the use of Machine Learning algorithms. In this study, they contrast 

statistical models with ensemble decision trees ( a class of Machine Learning Models that 

can handle both complex relationships across different variables and large datasets).  

 

”Random forest (RDF) and Gradient Boosted Tree (GBT) models, which combine a large 

number of predictions stemming from individual decision trees into a single (ensemble) 

highly accurate forecast. This method mitigates the tendency of decision trees to overfit 

the training dataset. The two models differ in the way in which individual trees are grown. 

In the RDF model, a random sample of the data and a random selection of variables are 

used for each tree in order to obtain less correlated individual predictions. The GBT model 

instead combines predictions obtained from trees that are tailored to deal sequentially 

with the forecasting errors of their predecessors.”18 

 

They used a large dataset for their study covering financial and credit behavioral indicators 

for Italian non-financial firms. They tested the out-of-sample performance for these models 

comparing their estimates and observed default data for the 2011-2017 period. 

“The analysis highlights the following main results: 

(i) when a limited information set is used to train the models, for example, financial 

information usually available to external credit analysts, Machine Learning models 

outperform statistical models both in terms of discriminatory power (the capacity to rank 

borrowers according to their riskiness) and precision (the ability to estimate probabilities 

of default that deviate only marginally from actual default rates). When high-quality 

information, such as confidential information available to lenders or information is drawn 

from the Credit Register, is added to the training dataset, the gains from using Machine 

Learning are retained, albeit to a lesser extent. 

 
18 Banca D'Italia - Mirko Moscatelli, S. N. F. P., 2019. Corporate default forecasting with Machine Learning. 



Finally, when only a small number of observations are available for training the models, as 

in the case of datasets available to lenders, the gains in forecasting performance from using 

Machine Learning are negligible; 

(ii) in a comparative statics exercise, where credit is allocated to the banks’ (current) 

clients on the basis of their probabilities of default, we show that transition to a Machine 

Learning rating system would have a positive impact on the amount of credit (intensive 

margin) and moreover would not increase credit losses for lenders. In terms of the number 

of borrowers gaining access to credit (extensive margin), Machine Learning rating systems 

allocate credit to a more restricted pool of borrowers. These safer borrowers - which gain 

prioritized access to credit - are usually larger borrowers; and  

(iii) we argue that improvements in forecasting performance from the use of ML are due to 

its capacity to exploit complex relationships between predictors and default outcomes: 

indicators presenting a nonlinear relationship with the default outcome are more 

important for Machine Learning than for statistical models.”19 

A recent systematic review of the most commonly used statistical and Machine Learning 

models employed for Credit Scoring is presented in the paper “Statistical and Machine 

Learning models in credit scoring: A systematic literature survey.” published on March 25th, 

2020 by Xolani Dastile, Turgay Celik, Moshe Potsane.  

The statistical techniques considered include Linear Discriminant Analysis (LDA), Logistic 

Regression (LR), and Naïve Bayes (NB), and the Machine Learning include k-Nearest 

Neighbor (k-NN), Decision Trees (DTs), Support Vector Machines (SVM), Artificial Neural 

Networks (ANN), Random Forests (RDF), Boosting, Extreme Gradient Boost (XGBoost), 

Bagging, Restricted Boltzmann Machines (RBM), Deep Multi-Layer Perceptron (DMLP), 

Convolutional Neural Networks (CNN) and Deep Belief Neural Networks (DBN).  

The paper found some limitations in the Credit Scoring Literature under analysis (a 

collection of methods and models used in 2010-2018) 20: 

 No inclusion of Macroeconomic variables: The increase in macro-economic 

variables such as interest rate, inflation rate, and the unemployment rate may 

 
19 Banca D'Italia - Mirko Moscatelli, S. N. F. P., 2019. Corporate default forecasting with Machine Learning. 
20 Xolani Dastile, T. C. M. P., 2020. Statistical and Machine Learning models in credit scoring: A systematic 
literature survey. Applied Soft Computing Journal. 



increase the risk of a borrower defaulting. Hence, it is key to incorporate 

macroeconomic variables in credit scoring;  

 The time it takes for borrowers to default is not determined 

 Exploratory Data Analysis: Detection of outliers and distribution of variables 

(checking zero-variance for variables) is not performed; 

 Time/Model Complexity is not factored; 

 Creation of new features instead of performing feature space reduction 

techniques/feature selection is not taken into account: Although feature 

reduction/selection improves model accuracy, the literature needs to look at other 

feature engineering techniques such as taking the sum/product of two features to 

create a new feature; 

 Correlation between a dependent variable (or target variable) and independent 

variables is not assessed; 

 Most studies in literature focus on homogeneous base classifiers and ignore 

heterogeneous base classifiers for ensemble methods: Credit risk data is generally 

imbalanced. The nondefault borrowers are usually more than the defaulted 

borrowers. In cases where there is a high imbalance in data, the models turn to be 

biased towards the majority class. To mitigate this bias, techniques such as over-

sampling or under-sampling are usually performed. However, this study shows that 

only 18% of the primary studies in this literature survey have balanced their 

datasets; Using different cut-offs (instead of 0.5) to classify borrowers as either 

non-defaults or defaults is not covered in the literature: The defaults cut-off for 

classifying borrowers is 0.5, so the impact of using different cut-offs needs to be 

assessed; 

 Few studies incorporate Type II error: The type II error is more costly in credit 

scoring since Type II (False Negative ratio) predicts a borrower as a good borrower 

but he or she is a bad borrower. Hence, the literature needs to report more on this 

error when developing credit scoring models. 

 

This thesis aims at proposing a new Credit Scoring Model trying to as many limitations as 

possible of the ones outlined above. 

 

 



3.  Model Building  

3.1 Data Collection and Data Pre-processing  

Data for model training were collected from Orbis (Bureau Van Dijk). We collected data of 

26.437 different United States companies over 7 years, from 2013 to 2019. Specifically, we 

gathered Balance Sheets, Income Statements, activity status, and Bureau Van Dijk company 

classification by sector of activity (Appendix 1 and 2) for each company over the years 

quoted above.  

Only observations with a status of Active, Active with insolvency proceedings, Dissolved due 

to bankruptcy,  bankruptcy, or Active with the default of payment in one of the years 

analyzed were collected. 

Subsequently, the dataset was pre-processed using Pandas, one of the most useful Python 

libraries to elaborate data. In this process, the feature “Year” was formed. For each 

observation the year was set to be one of the corresponding financial data. After the pre-

processing procedure, the dataset was organized in the form of panel data. For each 

observation a set of 42 features (detailed in Appendix 2) is present, measuring main 

accounting values and activity status at the end of the year.  

A total of 186.487 observations were available after this first step.  

To this initial Pandas Dataframe, a set of Macroeconomic variables were added to verify the 

impact of these factors on the risk of financial distress of single companies. The 

Macroeconomic variables added are Unemployment rate, Real Gross Domestic Product 

variation, Consumer Price index variation,  S&P 500 results, and real interest rate for the 

year. All these variables were linked to the year of each observation. Data on the above 

Macroeconomic variables were collected from the World Bank Open Database for the United 

States of America. 

3.2 Exploratory Data Analysis: EDA and Feature Engineering 

Once the creation of the Dataset was completed, we performed a descriptive statistic 

analysis of the Data and the so-called Exploratory Data Analysis. This step is useful to verify 

the key statistics of the collected dataset and to decide which statistic approach is better 

suited for our research question. 



At first, we looked at the mean and variance of our dataset (Details in Appendix 4). As 

expected, the companies collected presented a consistent variance in the sample. This trend 

of having a relatively low median, high mean, and very high variance holds for all the main 

variables that would logically affect company Solvency, Efficiency, and Liquidity measures. 

Moreover, this last fact also signals that our features sample mean, concerning our features 

of interest, is heavily driven by a relatively small amount of observations that significantly 

drive our sample mean up. These last characteristics are particularly true for balance sheets 

and income statement values. This finding is supported by the general structure and 

dimensions of US Companies.21 

This characteristic led us to treat Missing Data to be replaced by our sample median and not 

the sample mean of each feature; not to alter our dataset characteristics excessively. 

Observations with less than 12 missing values were kept, the others, due to the excessive 

lack of information, were dropped. A total of 54.382 observations remained after this second 

phase. 

Activity status was set in the form of a Binary variable, the variable took a value of 0 if the 

activity status observed in the given year was active, otherwise, if the observation presented 

one of the other selected value - being those: Active with insolvency proceedings, Dissolved 

due to bankruptcy,  Bankruptcy or Active with a default of payment - was flagged by a 1. 

𝑌𝑌 = �
0  ,𝑓𝑓𝑓𝑓𝑓𝑓 𝑦𝑦𝑦𝑦𝑦𝑦𝑓𝑓 𝑖𝑖𝑖𝑖 [2013,2019]  𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖𝐴𝐴𝑖𝑖𝐴𝐴𝑦𝑦 𝑆𝑆𝐴𝐴𝑦𝑦𝐴𝐴𝑆𝑆𝑆𝑆 = "𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖𝐴𝐴𝑦𝑦"

 1 ,𝑓𝑓𝑓𝑓𝑓𝑓 𝑦𝑦𝑦𝑦𝑦𝑦𝑓𝑓 𝑖𝑖𝑖𝑖 [2013,2019]   𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖𝐴𝐴𝑖𝑖𝐴𝐴𝑦𝑦 𝑆𝑆𝐴𝐴𝑦𝑦𝐴𝐴𝑆𝑆𝑆𝑆 ≠ "𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖𝐴𝐴𝑦𝑦" 

The prediction of the Binary variable will be the focus of this research. 

We also observed that our sample is well distributed over the 7 selected years, and, on 

average, 1.1% of our sample presents an activation: a distressed financial situation flagged 

by insolvency proceedings or a default on payment. This last fact is in line with the report 

produced by S&P Global in 2019.22 

Moreover, looking at the correlation plots shown in Figure 7, no clear pattern among 

variables is present, thus making any assumption on data distribution highly volatile and 

implementing non-linear models could provide useful insights to predict default events. 

 
21 (S&P Global, 2019) 
22 (S&P Global, 2019) 



Figure 7 - Features Pair Plots 



 

Figure 8 - Data Count plot with Defaulted Observation Percentage by Year of  the  Full Dataset
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Furthermore, we observed the correlation between features. It was found that observations 

with a relatively higher amount of Fixed assets and a higher capitalization were less likely 

to be in the distressed situation flagged by the “Y”. Generally, all the measures of efficiency, 

such as the EBIT Margin or Net Income Margin were negatively correlated with the chance 

of incurring Financial Distress.  

The main financial ratios were then created for each observation using balance sheet and 

income statement data for a given year. We created the following ratios: 

Table 1 - Ratios Details 

debt_coverage_ratio Operating Profit (EBIT)/Net Financial Expenses 

debt_to_assets Debt/ Total Assets 

ebit_margin EBIT/ Total Sales 

longtermdebt_equity_ratio Long term Debt / Equity 

net_income_margin Net Income / Total Sales 

ROA Net Income / Total Assets 

ROE Net Income / Equity 

acid_ratio Cash and Cash Equivalent / Current Liabilities 

activity_ratio Current Liabilities/ Total Sales 

asset_turnover Total Sales / Total Assets 

current_ratio Current Assets/ Current Liabilities 

  

Ratios are essential to correctly compare Solvency, Liquidity, Profitability, and Efficiency 

over companies with different sizes and characteristics, such as the one collected for this 

research. Solvency refers to the ability of the company to sustain its debt in the long term 

and this analysis is measured by the Debt to Equity ratio and Long-term debt over Equity 

ratio. Liquidity instead refers to the capability of a given company to sustain its short-term 



liabilities – liabilities with a maturity of one year or less – we used the Debt Coverage Ratio, 

the Current Ratio, and the Acid Ratio to evaluate this aspect.  Efficiency and Profitability 

were explored in many aspects with the remaining Ratios. 

We then created a set of dummy variables using Bureau Van Dijk (BvD) Company 

classifications. This classification categorized companies by defining their economic activity 

(Details in Appendix 3). We dropped the “Agriculture, Horticulture & Livestock” dummy.. A 

total of 28 different categorical variables were added to the Dataset that will be used for 

Data modeling. Thus “Agriculture, Horticulture & Livestock” will be our reference variable 

for other companies sector. Using these new features, we try to assess whether operating in 

a given industry has any effect on the probability of a distressed financial situation for a US 

company. 

3.3 S.M.O.TE. and Tomek Link  

We split our dataset using the function “train_test_split” by sci-kit learn, a function that splits 

randomly between a test and a train set. We selected the 10% of observation to be part of 

the test set (around 5.400 observations). 

Keeping the activation percentage in consideration, that only 1.1% of the observations 

presented an activation instance, we can conclude that our dataset presents an imbalanced 

classification problem. Excessive imbalanced dataset analysis could potentially lead to an 

incomplete and unreliable predictive model, with all the possible predictive algorithms that 

could be used. Undersampling or Oversampling techniques are used to overcome this critical 

point. Undersampling is used to reduce the most abundant class to a given percentage, 

diminishing up to match the least abundant one, at the cost of losing fundamental 

information derived from data. Oversampling, instead, relies on the opposite reasoning. 

Oversampling increases the least abundant class up to a more reasonable percentage of the 

most numerous one (around 40% - 50%), at the cost of adding values with little to no 

significance to the predictive model. Mixing both Oversampling and Undersampling 

techniques to decrease the disadvantages of both and still solving the problem of excessive 

class unbalancing is also possible. 

In our Analysis, we tackled the problem of imbalanced classification using the Synthetic 

Minority Oversampling Technique (S.M.O.TE). Synthetic oversampling is a state-of-the-art 

oversampling method. SMOTE selects a random sample from the minority class, a synthetic 

instance is then created by choosing a certain convex combination of a given K nearest 



neighbors (that are usually 5) of the data in the random sample previously selected, forming 

a line segment of the feature space23. In this way is possible to create as many synthetic 

instances as required24(We applied this methodology only to the train set). S.M.O.TE 

would allow us to create relatively meaningful instances that would increase the prediction 

power of our models. In addition to SMOTE, we also made use of the Tomek Link 

undersampling technique (still only applied to the train set). This method stems from the 

Condensed Nearest Neighbors. While Condensed Nearest neighbor randomly selects the 

observation to be eliminated, the Tomek Link may be rigorously defined as below: 

“Let d(x_i, x_j) denotes the Euclidean distance between x_i and x_j, where x_i denotes a 

sample that belongs to the minority class and x_j denotes sample that belongs to the majority 

class. If there is no sample x_k satisfies the following condition: 

1. d(x_i, x_k) < d(x_i, x_j), or 

2. d(x_j, x_k) < d(x_i, x_j) 

then the pair of (x_i, x_j) is a Tomek Link” 25 

One weak point is that the synthetic observations in S.M.O.TE are created without any 

consideration of the majority class and therefore this technique has been only applied to the 

model training set and not the test set. Both Tomek Link and SMOTE were only applied 

to the train test, thus leaving the test set “as-is”. In this way, we could adjust our train set 

without affecting the test set. At the same time also Tomek Link was used through the 

imblearn.combine package for Python. 

Finally, we fitted train data into a Standard Scaler and then transformed with the fitted 

scaler both the train and the test set (the test set was not used to fit the scaler but just 

transformed with it).  

 
23 (Chawla, 2002) 
24 (Machine Learning Mastery, 2021) 
25 (Batista, 2003) 



3.4 Artificial Neural Network 

Artificial Neural Network (ANN) is a computational model that takes inspiration from the 

biological model of neurons. The Artificial Neural Network is currently one of the most 

advanced computation techniques used in many research fields, however, the idea of an 

interwoven web of neurons interacting with each other to produce an output stems from 

Alexander Bain, in 1873,  and William James, in 1890. The main drawback of Neural 

Networks is actually the number of computations needed to correctly address all the 

interactions among a multitude of neurons, this is the very reason why no one during the 

first half of the 20th century thought possible an algorithm based on such heavy 

computational needs. 

During the second half of the 20th century, the computational capabilities available to 

researchers drastically increased thanks to the technological advancement of that age. In 

fact, in 1958 Rosenblatt created a perceptron algorithm, while being a step forward in terms 

of Neural Network theory, it still presented the problems of computation in mathematical 

terms. This last issue was successively solved with the backpropagation algorithm by 

Werbos in 1975, an algorithm that systematically reduced the gradient of the loss function 

derived from the interaction of the neurons concerning the target output.26 

However, the research applications made nowadays with Neural Networks were only 

available after the huge increase in computation power that modern computers can now 

reach. Even with the discovery of the Backpropagation Algorithm, it was still impossible to 

implement the model on a late ’70s computer.  

Artificial Neural Network has the advantage of being a Non-Linear model. This means that 

unlikely Linear and Logistic regression, data are not assumed to have certain distribution 

and the model can take into account the most diverse interactions among variables. 

The main components of the Artificial Neural Network are: 

a) Input data: the dataset used for the analysis; 
b) Loss function: it is the binary cross-entropy/log loss function, that is a mathematical 

formula defined as below: 

 

 
26 (Friedman, 2017) 



c) Activation function: it is the Swish Function, that is a mathematical formula defined 
as below: 

 
d) Inner model Layers: model computations 

In model training, we used the open-source library of Keras (through TensorFlow2). To train 

our model we used our train set, a sequential model, and the binary cross-entropy loss 

function was used to compile the Artificial Neural Network. The activation function of the 

layers was the Swish activation function, which shows better performance than the 

widespread Rectified Linear Unit (relu) activation function. 27Swish activation function was 

used for inner layers while the Sigmoid function, being our research based on binary 

classification, was used for the output layer. A total of 5 layers were used for the model. 

Using the Artificial Neural Network, set as described above, we obtained a 75% out-sample 

precision score and 77% recall for the companies that presented the value of 1 (a company 

that faced financial difficulties in repaying debt obligations).  Type I Error (also known as a 

 
27 (Ramachandran, 2017) 

Figure 9 - ANN Validation losses and Model Losses 



"false positive", that is the rejection of a true null hypothesis) was relatively low, but Type II 

Error (also known as a "false negative", that is the non-rejection of a false null hypothesis) 

presented more instances. This outcome on Type I and Type II Errors was expected for our 

analysis, being the analysis on an imbalanced dataset. 

Overall the classification worked with discrete accuracy, however, Deep Learning 

Algorithms are exposed to data overfit. To visualize an instance of overfitting we used in our 

analysis also the validation set (our test set), which had no impact on model training but 

provides useful insights on confronting the model loss on the training set and the validation 

set loss. To avoid overfitting we must have the error (loss) of the validation set to be similar 

to the one of the training test, our model loss. Below is represented for each epoch (every 

iteration of the whole training test) the model value loss and the validation value loss. 

Looking at the plot below (Figure 3) the overfitting was relatively negligible since the error 

of the model followed approximately the one of the validation set. 

3.5 Random Forest Classifier 

Artificial Neural Network model recall (the ratio of True Positives over the sum of True 

Positives over False Positives) was still to be improved for observations tagged 1, that’s why 

we also used one of the most powerful ensemble models, models that use Multiple Learning 

Algorithms: the Random Forest (RDF). Random Forest classifier is based on the idea of the 

decision tree and the bagging. Using just a single decision tree selected randomly to evaluate 

an outcome (in our case the financial difficulties of a company each year) is subject to the 

high-variance problem, also called overfitting, the model could produce unreliable 

predictions due to excessive sensitivity to small variations in the training set, the opposite 

of underfitting. 28 

To solve this problem a series of subsets of the training test are created and various decision 

trees are created on the given train test. Once the trees are created an average or mode of 

those is the output of the Random Forest classifier, thus reducing the variance of the single 

decision tree. This procedure of taking the average or the mode of the various subsample of 

the train test is called bagging. Random Forest also implements a decorrelation of each tree, 

every time a split in the tree is considered a set of z  predictors is created and only one 

element in z is selected as a predictor. A new sample of predictors is taken when another 

 
28 (Friedman, 2017) 

https://en.wikipedia.org/wiki/Null_hypothesis


split is being considered. Usually, a small size of z is required when a high inter-feature 

correlation is present.29 

We chose the maximization of the Area Under the Receiver Operating Characteristic Curve 

(AUROC) of the output function as an optimization parameter. In Random Forest 

classification, we obtained an AUROC score of 97%. 

AUROC score is the best measure to correctly verify the classification accuracy of a model 

since it takes into account the classification capabilities of a model. In fact, the AUROC score 

reflects the ability of a model to correctly minimize both Type-I and Type-II Errors, the 

closer the Receiver Operating Characteristic Curve (ROC) is to a line with a 90-degree curve 

on the upper-left corner, the less misclassification it will present. An AUROC of 100% means 

that the model will present no Type-I and no Type-II errors. The AUROC score is to be 

preferred over the precision score (the % of correct classification) to evaluate an 

imbalanced test set. If we flagged all our out sample observation as 0s (so a hypothetical 

model that predicts no default company) we would have a precision score of 99% (all the 

zeros would be correctly classified) but it will present an AUROC score of 50% since we will 

have a high Type-II error percentage.  

 
29 (Tibshirani, 2014) 



 

Figure 10 - Normalized Confusion Matrix for Random Forest Classifier 

Random Forest Classifier got an overall precision of 87%. Feature importance selection was 

introduced to eliminate variables with limited effects on output. A relatively shallow 

Random Forest Tree was built to pre-determine the features with the most impact. The Type 

I error for this classification remained at 0.27% while the Type II Error was almost 9.9%. 

While this model presents an evident improvement with respect to the Artificial Neural 

Network, it still has a relevant portion of Type II errors, which, as we illustrated before, are 

the most costly in terms of Predictive Errors for a Credit Scoring Model. 

3.6 Light Gradient Boosting Machine Classifier  

Light Gradient Boosting Machine (LightGBM) is another approach for improving the 

Classification task with an ensemble method based on gradient boosting decision trees 

developed by Microsoft. Like bagging, boosting is a widespread method that can be applied 

to many fields of study. Bagging involves growing multiple copies of the train set using the 

bootstrap, fitting a separate chosen tree to each reproduction, and then combining all of the 

trees in an effort to create a single strong predictor. Considerably, every tree is built on a 

bootstrap train set, unbiased with respect to each tree.  

Boosting works in a comparable way, except that the trees are grown sequentially: each tree 

is developed using results from a formerly trained tree. LightGBM does no longer contain 



bootstrap sampling; rather every tree is matched on a modified version of the original train 

set. With respect to other Gradient boosting decision tree algorithms, LightGBM does not 

construct trees focusing on level-wise growth but focuses on leaf-wise level growth. 30 

 

Pictures are taken from https://github.com/Microsoft/LightGBM/blob/master/docs/Features.rst#references 

 

Leaf-wise tree growth strategy tends to achieve lower loss as compared to the level-wise 

growth strategy, however, the leaf-wise approach leads to data overfitting. 

LightGBM  Models are fit with a differentiable loss function and gradient descent 

optimization algorithm. Similar to a Neural Network, the gradient of the loss function is then 

minimized (thus the name Gradient Boosting). This algorithm is particularly used since is 

one that mixes both the benefits of Random Forests and of Neural Networks. LightGBM 

approach generally “learns” more slowly than regular decision trees and generally leads to 

less data overfitting. LightGBM specifically adds an automatic feature selection to build sub-

models and it boosts sub-models with larger gradients. The peculiar characteristics of this 

 
30 (Guolin Ke et al., 2017) 



algorithm make the model train data with far less computational power requirement than 

other Machine Learning Boosting Algorithms, together with improved overall accuracy.31 

 a

 
31 (Friedman, 2017) 



 

Figure 11- Light Gradient Boosting Machine Feature importance
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By implementing the LightGBM algorithm we obtained an out-sample precision score 

averaging 92% among both classes (0,1) with 98.6% precision in determining firms that 

presented default events (Recall of class 1, we correctly individuated 69 out of 70 out-

sample default events). We got a macro-precision of 92% (weighted accuracy 99.9%), 

because, even if Type I Error was only 0.36%, the activations were only 1.1% of the total, so 

even a few misclassifications of “Healthy Companies” as companies flagged for a Default 

Event, had an important impact on the macro-precision. However, with this model, we 

correctly identified 98.6% of the activations (companies with a Default Event) with a Type 

II Error of 1.4% (1 out of 70 companies in the test set was misclassified), misclassification 

of companies that should default in the year. The average F-Score was 0.94 among the two 

classes.  Also, Cross-Validation was performed with a mean AUROC score of 99.99%. We 

used the cut-off percentage of 0.5 to classify a default company, the output of the light 

Gradient Boosting Machine, in fact, is a probability.  

We operated a feature importance selection for each feature in the model (we selected 

variables for each aspect to investigate), so that our precision, recall, and F-1 scores 

benefitted from the reduced dimensionality.  The feature importance score for Light 

Gradient Boosting Machine Classifier is given by the number of times each feature had an 

impact on model building. We selected the following variables according to model 

importance: 

1. Fixed Assets: also known as “Non-Current Assets “, “Capital Assets” or “Long_Term 

Assets”, they are the long-term tangible and intangible assets that a firm owns and 

uses to generate income. They can be further classified in Intangible, Tangible, and 

Other Fixed Assets; 

2. Intangible Fixed Assets: they are fixed assets to be used over the long term, but they 

lack physical existence. Examples are  goodwill, trademarks, intellectual property, 

and copyright; 

3. Tangible Fixed Assets: they are tangible pieces of property or equipment. On Balance 

Sheets they generally appear as property, plant, and equipment (PP&E); 

4. Other Fixed Assets: they include long-term investments. Examples are bond 

investments;  

5. Current Assets: also known as “Liquid Assets” or “Short Term Assets”, they are liquid 

assets expected to be converted to cash or used in the short term (within a year). One 

example are inventory or cash and marketable securities;  

https://www.investopedia.com/terms/g/goodwill.asp
https://www.investopedia.com/terms/i/intellectualproperty.asp
https://www.investopedia.com/terms/p/ppe.asp


6. Receivables from Customers: also known as “Accounts Receivable”, they are the 

balance of money due to a firm for goods or services delivered or used but not yet 

paid for by customers. They represent money due to a company in the short-term 

and are therefore a current asset; 

7. Total Assets: they are the sum of Fixed Assets and Current Assets, that equals the sum 

of Liabilities and Owner’s or Stockholder's Equity. The two sides of the equation are 

balanced because all the Assets a firm holds must have been purchased from debt 

(liabilities) and capital (Owner's or Stockholder's Equity); 

8. Share Capital: also known as “Equity Financing”, they are the amount of money a 

company raises by issuing common or preferred stock. The amount of share capital 

can change over time with additional public offerings. In this case, the Share Capital 

includes also the money raised by selling shares of the firm; 

9. Noncurrent Liabilities: also known as “Long Term Liabilities” or “Long Term Debts”, 

are Long Term financial obligations (due beyond twelve months in the future) listed 

on a company’s balance sheet.  Examples are debentures, long-term loans, bonds 

payable, and deferred revenues; 

10. Current liabilities: they are short-term financial obligations that are due within one 

year or within a normal operating cycle. Examples are money owed to suppliers in 

the form of accounts payable; 

11. Payables vs Suppliers: they are the balance of money a firm owns to suppliers for 

goods or services received that have not yet been paid for. The debt needs to be paid 

in short-term; 

12. Total Liabilities: they are the sum of the money (debt and obligations) a firm owns to 

external parties (being companies or individuals);  

13. Gross Margin: it is a firm's net sales revenue minus its cost of goods sold (COGS). A 

higher Gross Margin means the firm retains more capital on each dollar of sale, which 

is then used to pay other company’s costs or to satisfy debt obligations; 

14. Operating Profit (EBIT): also known as “operating income” or  “earnings before 

interest and tax”, it is the total earnings from a firm’s core business functions for a 

given period, excluding the deduction of interest and taxes; 

15. Income/Financial Charges: it measures both the income and the expenses deriving 

from debt servicing; 

16. Consumer Price Index (CPI) Percentage Change: it is an indicator of the price changes 

of the cost of living over time. It is measured as a weighted average of prices of a 

https://www.investopedia.com/terms/p/publicoffering.asp
https://www.investopedia.com/terms/l/longtermliabilities.asp
https://www.investopedia.com/terms/l/longtermdebt.asp
https://www.investopedia.com/terms/a/accountspayable.asp
https://www.investopedia.com/terms/w/weightedaverage.asp


basket of commonly used consumer goods and services (examples are 

transportation, food, and medical care). This measure is commonly used to assess 

inflation and the effectiveness of the government’s economic policy. 

17. Real interest Rate percentage change: it is an indicator of the interest rate adjusted 

to remove the effects of inflation. This rate reflects the real cost of funds for the 

borrower and the real yield for the investor. It is calculated as the Nominal Interest 

Rate minus the inflation;  

18. S&P 500 Index YoY change: also known as “Standard & Poor's 500 Index”, it is the 

weighted index of the 500 largest publicly traded companies in the U.S. It is among 

the most common U.S. stock market benchmarks together with the Dow Jones 

Industrial Average, also known as “Dow 30”, and the Russell 2000 Index. 

19. Unemployment Rate: it is an indicator of the job market, measuring which portion of 

the labor force is jobless. Higher rates indicate a suffering economy. 

20. Debt Coverage Ratio: it is an indicator of a firm's available cash flow to pay current 

debt obligations. The measure shows investors whether a company has enough 

income to pay its debts; 

21. EBIT Margin: it is an indicator of how much profit a company makes on a dollar of 

sales after paying for variable costs of production (such as wages and raw materials) 

but before paying interest and tax. Higher results are better because it means a firm 

is efficient in its operations and is good at turning sales into profits;  

22. Acid Ratio: also known as “ quick ratio”, it is an indicator of whether a firm has 

sufficient short-term assets to cover its short-term liabilities. The ratio compares a 

firm’s short-term assets and short-term liabilities to understand if it has enough 

liquidity to pay its immediate liabilities. The calculation of the ratio disregards 

current assets that are difficult to liquidate quickly (such as inventory). 

For every category of feature, the most important were chosen. Precisely we have chosen 

the Acid Ratio and Debt Coverage ratio to assess the repaying ability of a company in a year. 

The EBIT Margin was used to assess the operating efficiency capability of a given company 

while the other three features – Real Interest Rate, Unemployment Rate, and CPI – were used 

to assess the Macroeconomic impact on predictions. Single sectors did not have much 

importance and were not used to build the final model. 

https://www.investopedia.com/terms/c/costoffunds.asp
https://www.investopedia.com/terms/r/russell2000.asp
https://www.investopedia.com/terms/c/cashflow.asp
https://www.investopedia.com/terms/v/variablecost.asp
https://www.investopedia.com/terms/q/quickratio.asp


 

Figure 

Figure 13 - Normalized Confusion Matrix for LGBM 

Figure 12 - AUC Curve for Ligh Gradient Boosting Machine Classifier 
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4.  Results interpretation 

4.1 SHAP Values 

Machine Learning Models are subject to the problem of low explainability, in fact, they are 

often referred to as “Black Boxes”. This was meant to be the case of a model that while 

healding incredible performances it is also impossible to precisely understand the main 

logic behind it and its impact on single features. This particular need was tackled by many 

different methodologies to explain model feature impact. One of the most used and most 

effective is SHAP (Shapley Additive exPlanation) which is based on the usage of Shapley 

regression value in scoring feature direction and importance. The Shapley regression takes 

into account not only the importance of the feature (intended as how many times a feature 

has been used to determine the model output) but also its contribution to the outcome of 

the model (positive or negative). Indeed, the  SHAP method evaluates the contribution of 

each feature towards the final outcome. This approach isolates each model prediction and 

each feature of the isolated prediction and computes by exclusion the feature contribution 

to the final output.  

SHAP summary plot (Figure 14) identifies the “direction” and the contribution of each 

feature for each observation, in the following figure the SHAP summary plot for the SHAP 

values - computed using the Light Gradient Boosting Machine - is represented. Overlapping 

dots are represented with a vertical concentration of points. Our Representation is made 

towards the prediction of companies being healthy, thus, the dots on the right have a 

negative impact on the probability of default.32 

4.2 Model Selection and interpretation 

In order to select the model, we gave utmost importance to the correct classification of 

companies flagged with a default event. Specifically, we chose the Light Gradient Boosting 

Machine model since it proved to be the most reliable in terms of Type-II Errors and AUROC 

Score.  

 
32 (A.R. Provenzano, 2020) 



The model is built on Efficiency, Solvency, and Liquidity Ratios and it has also taken into 

account the main Macroeconomic variables. The features are ordered fr decreasing impact, 

being the one on the top the most relevant for the Classification in terms of contribution to 

output and the one on the bottom the least important. 

 The most relevant feature is the one of the Acid Ratio ( Cash and Marketable securities over 

Current liabilities) and generally we may see that high values of Acid Ratio (i.e. Red dots) 

are associated with a negative contribution towards default probability (Negative Impact on 

model Output), so it gives us a sense of direction of the built algorithm logic for this feature.  

The same holds true both for Debt Coverage Ratio and Ebit Margin, blue dots (low feature 

value) had, on average, a positive impact on default probability. Interestingly CPI percentage 

was negatively correlated with the Default Probability, a higher CPI also means more 

dynamism in the economy, and possibly the model built takes into account this effect since 

it also incorporates GDP performances being linked to the feature (higher CPI usually is 

linked to better GDP performances in the real economy year over year). The unemployment 

percentage presented a positive impact on the model output (i.e. Default Probability). The 

only feature that at first sight represents a less clear direction is “Income/Financial 

Charges”, indeed, this feature accounts both for the income and for the costs of financing. 

However, it has to be considered that our model also contains financial institutions, and for 

those companies, part of interest gains are represented in this variable. This could be one 

interpretation of why this feature impact on model output is unclear. 

The feature “Share capital mil USD” incorporates both the financial structure of a company 

(the higher the Equity the lower Debt over Equity Ratio) and, since it is in dollar value, it also 

indicates the size of the company is negatively correlated with the default event. Another 

proof of the negative impact of the size of a company on company probability of default is 

given by the “Total Asset” feature; the red dots, or bigger companies, were on the left, and 

thus the feature presented a negative impact on default probability.  

In Figure 16 we see another summary plot that shows feature impact importance for SHAP. 

The higher the SHAP importance, the higher impact the feature had on predictions. While in 

Figure 17 the Decision Plot is represented. This plot is specially built for tree models and to 

help to visualize how the model decided to assign to a category a given observation and 

confirm which feature impacted the most. Endogenous factors were the most important in 

determining model output (Acid Ratio, Share Capital in million USD, Receivables, Ebit 

Margin, and other Fixed Assets. 



Figure 15 - SHAP Values Impact on 
Model Output – Output “1, Default, ” is 
toward left, “0” toward right 



 

 

 

Figure 16 - SHAP Value Feature Contribution for LightGBM Classifier 

Figure 17 - Representation of Decision Trees used for LightGBM 



 

 

4.3 Probability Calibration and Rating Classification 

Our model out-sample classification presented less than 1% of total misclassification, 

while the results are very good to assess whether a company is going to face a default 

event in a year time horizon, the raw probability output of the LightGBM model, due to 

the high amount of precision, is for the 98.1% composed of observation being or more 

than 99% probability of default, or with companies with almost 0% default rate. 

However, this is not how real default probability affects those companies. Different 

categories of companies, with different features analyzed in the model, will have a 

different default rate (i.e. a company with a high acid ratio and a high debt coverage ratio 

is less likely to default than a company with a low debt coverage ratio but the same acid 

ratio). In order to correctly assess the real-world default probability, a calibration of 

output probability is needed.  

We made use of the isotonic distribution to evaluate our model, thus adjusting to real-

world probability our prediction output. In Table 2, we used the more common SP rating 

scale, but we made use of our own model to obtain real default probability.  

Rating Classification 

Rating Fraction of Positives Probability of 
Default (%) 

AAA 0.0003 0.0001 
AA 0.1492 0.1504 
A 0.1663 0.1611 

BBB 0.4245 0.4171 
BB 0.6342 0.5000 
B 0.7588 0.5882 

CCC 0.7941 0.7818 
CC 0.8498 0.8726 
C 0.9986 0.9999 

 

Table 2 represents the percentages of Observations belonging to the given class and the 

Probability of default. Specifically, AAA rating was assigned to the 0.003 of the sample, on 

average the probability of default for this rating is 0.0001.  

To validate our classification we used the Brier Score. This score is a cost function, that 

ranges from 1 to 0, where a score near 0 is a very accurate prediction and vice-versa. 

Brier Score has as an input [i] predicted probabilities, the number of observations, and 

the actual value of the observed sample (Equation 1).  



 

 

 Brier Score Cost Function 

 

In our case, the observed probability (𝑝𝑝) is the rating class predicted, while the actual 

value of the observed sample is the variable “Activity Status” – (Default state or Not) and 

the number of observations is the size of the calibration set. 

In calibrating our model we obtained a Brier score of 0.00452. The calibrated 

classificator was tested for its classification capabilities. We obtained an AUROC of 

99.6% and a 2.9% of Type II errors and a recall for observation tagged 1 of 97%. These 

tests were performed on the test set.

 

Figure 18 - Perfectly Calibrated probability vs Calibrated model based on LightGBM 



 

 

 

Figure 19 - AUC of the Calibrated LightGBM 

 

Figure 20 - Confusion Matrix of the Calibrated LightGBM 

  



 

 

5.  Conclusions  

Subsequently to the Data Collection (Income statements and Balance sheets data) from 

Orbis we performed both the exploratory data analysis and feature normalization 

process. This was necessary to have data organized into a panel. We defined two classes 

starting from the Activity Status collected from the database:  

1. Companies with a default event: Active with insolvency proceedings, Dissolved 

due to bankruptcy,  bankruptcy, or Active with the default of payment in the 

observed years (2013-2019) for each year. 

2. Active companies:   Companies with the status “Active” for the observed year. 

Only 1.1% of the observations presented an activation instance and were flagged by a 

default event. We balanced our dataset by combining both SMOTE and Tomek Link 

(Oversampling and Undersampling Techniques) to obtain more solid predictions. We 

then added dummies for each sector and key macroeconomic variables.  

We performed supervised learning of the target variable “Activity Status” using the 

Artificial Neural Network algorithm and then two tree-based ensemble algorithms: 

Random Forest and Light Gradient Boosting Machine. For every algorithm, we performed 

a feature selection based on the feature importance of each model (i.e. number of times a 

feature was used in the algorithm). We chose the result with the highest out-sample 

performance based on the AUROC score. Light Gradient Boosting Machine, the most 

accurate one,  had an AUROC score of 99.9%  with a 98.6% recall score on the default 

class. 

To interpret the Light Gradient Boosting Machine algorithm we used the SHAP values, 

those values evaluate the marginal contribution of each feature belonging to each 

observation toward the final output. Endogenous factors (Liquidity ratios, Capital 

structure, Company size, and efficiency ratio) had more impact on model output, also 

macroeconomic variables had an impact on model classification output.  The sector in 

which the company operates seemed to have a limited impact on default probability. 

 



 

 

We then calibrated the results obtaining the classification of 9 different classes with a 

Brier Score of 0.0045. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Appendix 

Appendix 1. 

In Orbis the activity status, with a given update date, take these possible value

1. Active 
2. Active (rescue plan) 
3. Active (default of payment) 
4. Active (insolvency proceedings) 
5. Active (reorganization) 
6. Active (dormant 
7. In liquidation 

8. Bankruptcy 
9. Dissolved (merger or take-over) 
10. Dissolved (demerger) 
11. Dissolved (liquidation) 
12. Dissolved (bankruptcy) 
13. Dissolved 
14. Inactive (no precision)

 

 

Appendix 2. Feature collected 

1. Fixed assets 
2. Intangible fixed assets 
3. Tangible fixed assets 
4. Other fixed assets 
5. Current assets 
6. Stock 
7. Debtors 
8. Other current assets 
9. Cash & cash equivalent 
10. Total assets 
11. Shareholders funds 
12. Capital 
13. Other shareholders funds 
14. Non-current liabilities 
15. Long term debt 
16. Other non-current liabilities 
17. Provisions 
18. Current liabilities 
19. Loans 
20. Creditors 
21. Other current liabilities 

22. Total shareholders funds & liab. 
23. Operating revenue (Turnover) 
24. Sales 
25. Costs of goods sold 
26. Gross profit 
27. Other operating expenses 
28. Operating Profit (EBIT) 
29. Financial Profit and Losses 
30. Financial revenue 
31. Financial expenses 
32. Profit and Losses before tax 
33. Taxation 
34. Profit and Losses after tax 
35. Other Profit and Losses 
36. Other revenue 
37. Other expenses 
38. Net income 
39. Bureau Van Dikj Classifications 
40. Company Name  
41. Year 
42. Activity Status

 

 



 

 

Appendix 3.  Dummy Variables  for  BvD Activity sector

1. Agriculture, Horticulture & 
Livestock 

2. Mining & Extraction 
3. Utilities 
4. Construction 
5. Food & Tobacco Manufacturing 
6. Textiles & Clothing Manufacturing 
7. Wood, Furniture & Paper 

Manufacturing 
8. Printing & Publishing 
9. Chemicals, Petroleum, Rubber & 

Plastic 
10. Leather, Stone, Clay & Glass 

products 
11. Metals & Metal Products 
12. Industrial, Electric & Electronic 

Machinery 
13. Computer Hardware 
14. Communications 
15. Transport Manufacturing 
16. Miscellaneous Manufacturing 
17. Wholesale 
18. Retail 
19. Transport, Freight & Storage 
20. Travel, Personal & Leisure 
21. Computer Software 
22. Media & Broadcasting 
23. Banking, Insurance & Financial 

Services 
24. Property Services 
25. Business Services 
26. Biotechnology and Life Sciences 
27. Information Services 
28. Public Administration, Education, 

Health Social Services 
29. Waste Management & Treatment 



 

 

Appendix 4. Descriptive statistics 

 EDA STANDARD DEVIATION MEDIAN MEAN 

FIXED ASSETS\NMIL USD 11483.8 91 1557.1794 

INTANGIBLE FIXED ASSETS\NMIL USD 3785.69 0.000000 356 

TANGIBLE FIXED ASSETS\NMIL USD 4549.79 2.437 575 

OTHER FIXED ASSETS\NMIL USD 8145.74 21 596 

CURRENT ASSETS\NMIL USD 17025.8 25 701 

INVENTORIES\NMIL USD 843.073 0.000000 82 

RECEIVABLES FROM CUSTOMERS\NMIL USD 14720.6 3.495 381 

CASH AND CASH EQUIVALENTS\NMIL USD 2178.86 11 163 

TOTAL ASSETS\NMIL USD 67952.6 229 5788.3951 

EQUITY\NMIL USD 9881.7 44 1260.3238 

SHARE CAPITAL\NMIL USD 1343.17 0.067030 99 

RESERVES AND OTHER FUNDS\NMIL USD 8216.39 51.14604 786 

NON-CURRENT LIABILITIES\NMIL USD 5751.99 3 763 

LONG-TERM DEBT\NMIL USD 3421.67 2 481 

OTHER NON-CURRENT LIABILITIES\NMIL USD 2711.08 4 284 

CURRENT LIABILITIES\NMIL USD 15499.4 15 589 

PAYABLES\NMIL USD 583.106 0.000000 55 

PAYABLES VS SUPPLIERS\NMIL USD 14220.8 2.224853 314 

OTHER CURRENT LIABILITIES\NMIL USD 5284.23 7 244.21707 

TOTAL LIABILITIES\NMIL USD 28913.6 247 3605.6995 

TOTAL PRODUCTION VALUE\NMIL USD 9357.37 14 1417.9955 

SALES REVENUE\NMIL USD 8402.08 88 1016.9716 

COST OF SALES\NMIL USD 5973.59 33 597 



 

 

CONSUMPTION MARGIN\NMIL USD 3099.76 55 431 

OPERATING PROFIT [EBIT]\NMIL USD 1072.09 -0.096000 103 

FINANCIAL INCOME/CHARGES\NMIL USD 321.15 -0.078460 -11 

FINANCIAL CHARGES\NMIL USD 318.716 0.242000 13 

  

PROFIT/LOSS BEFORE TAX\NMIL USD 1573.56 1.905975 156 

TOTAL TAXES\NMIL USD 284.551 0.094000 22 

OPERATING PROFIT/LOSS [NET PROFIT]\NMIL USD 1450.7 1.571 119 

REAL_GDP 0.00458935 2.237 0.023342 

CPI_PCT 0.684187 1.6 2 

REAL_INTEREST_RATE_PCT 0.589063 2.2 2 

SP_PCT 126.206 11.4 13 

UNEMPLOYMENT_PCT 122.852 4.9 5 



 

 

 Appendix 5. Python code: pre-processing, LightGMB building and validation 

#Selecting final "X" and "y" 

 

X = df_ml.drop(['Activity Status','Latin alphabet company name'],1) 

y = df_ml['Activity Status'] 

 

X = df_ml[['Fixed assets\nmil USD', 'Intangible fixed assets\nmil USD', 

       'Tangible fixed assets\nmil USD', 'Other fixed assets\nmil USD', 

       'Current assets\nmil USD ', 

       'Receivables from Customers\nmil USD', 

       'Total Assets\nmil USD ', 

       'Share capital\nmil USD', 

       'Non-current liabilities\nmil USD ', 

       'Current liabilities\nmil USD', 

       'Payables vs Suppliers\nmil USD',  

       'Total Liabilities\nmil USD ',  

       'Gross margin\nmil USD', 'Operating profit [EBIT]\nmil USD ', 

       'Income/Financial charges\nmil USD', 

       'cpi_pct', 

       'real_interest_rate_pct', 'sp_pct', 'unemployment_pct', 

       'debt_coverage_ratio', 'ebit_margin', 

        'acid ratio' ]] 

 

#Train test splitting 

 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.10, random_state=42) 

 

#Applying SMOTE and Tomek link 

 

smt = SMOTETomek(random_state=42) 

X_train ,y_train = smt.fit_sample(X_train, y_train) 



 

 

 
#Fitting and Transforming Standard Scaler 

scaler = StandardScaler() 

scaler.fit(X_train) 

X_train = scaler.transform(X_train) 

X_test = scaler.transform(X_test) 

 

#Light Gradient Machine Boosting Classifier implementation 

 

lgb = LGBMClassifier(boosting_type='gbdt', class_weight=None, colsample_bytree=1.0, 

               importance_type='split', learning_rate=0.1, max_depth=-1, 

               min_child_samples=31, min_child_weight=0.001, min_split_gain=1.0, 

               n_estimators=2000, n_jobs=-1, num_leaves=51, objective='binary', 

               random_state=None, reg_alpha=0, reg_lambda=0, silent=False, 

               subsample=1.0, subsample_for_bin=20000, subsample_freq=0) 

 

cv = RepeatedStratifiedKFold(n_splits=5, n_repeats=3, random_state=1) #Kfolding 

scores = cross_val_score(lgb, X_train, y_train, scoring='auc', cv=cv, n_jobs=-1) #Cross validating 

the model 

score = mean(scores) 

 

lgb.fit(X_train,y_train,verbose=1,eval_set=[(X_test, y_test), (X_train, 

y_train)],eval_metric=['auc'],early_stopping_rounds=10) 

#Output 

[1] training's binary_logloss: 0.600232 valid_0's binary_logloss: 0.600273 

Training until validation scores don't improve for 10 rounds. 

[2] training's binary_logloss: 0.52401 valid_0's binary_logloss: 0.52415 

[3] training's binary_logloss: 0.460462 valid_0's binary_logloss: 0.460685 

[4] training's binary_logloss: 0.406738 valid_0's binary_logloss: 0.407094 

[5] training's binary_logloss: 0.360835 valid_0's binary_logloss: 0.361226 

[6] training's binary_logloss: 0.321279 valid_0's binary_logloss: 0.321845 

[7] training's binary_logloss: 0.286963 valid_0's binary_logloss: 0.287797 

[8] training's binary_logloss: 0.256955 valid_0's binary_logloss: 0.258011 

 



 

 

 
 

[9] training's binary_logloss: 0.230611 valid_0's binary_logloss: 0.231932 

[10] training's binary_logloss: 0.2075 valid_0's binary_logloss: 0.209062 

[11] training's binary_logloss: 0.187151 valid_0's binary_logloss: 0.188937 

[12] training's binary_logloss: 0.169091 valid_0's binary_logloss: 0.171133 

[13] training's binary_logloss: 0.153022 valid_0's binary_logloss: 0.155289 

[14] training's binary_logloss: 0.138693 valid_0's binary_logloss: 0.141152 

[15] training's binary_logloss: 0.125935 valid_0's binary_logloss: 0.128593 

[16] training's binary_logloss: 0.114554 valid_0's binary_logloss: 0.117407 

[17] training's binary_logloss: 0.104408 valid_0's binary_logloss: 0.107461 

[18] training's binary_logloss: 0.0953214 valid_0's binary_logloss: 0.0985381 

[19] training's binary_logloss: 0.0871519 valid_0's binary_logloss: 0.0905718 

[20] training's binary_logloss: 0.0797512 valid_0's binary_logloss: 0.083444 

[21] training's binary_logloss: 0.0731207 valid_0's binary_logloss: 0.0770652 

[22] training's binary_logloss: 0.0671968 valid_0's binary_logloss: 0.0713815 

[23] training's binary_logloss: 0.0618664 valid_0's binary_logloss: 0.0663059 

[24] training's binary_logloss: 0.0570847 valid_0's binary_logloss: 0.0617913 

[25] training's binary_logloss: 0.0527123 valid_0's binary_logloss: 0.0573353 

[26] training's binary_logloss: 0.0487246 valid_0's binary_logloss: 0.0534696 

[27] training's binary_logloss: 0.0450794 valid_0's binary_logloss: 0.0500456 

[28] training's binary_logloss: 0.0417474 valid_0's binary_logloss: 0.0467667 

[29] training's binary_logloss: 0.0387637 valid_0's binary_logloss: 0.0439714 

[30] training's binary_logloss: 0.0359726 valid_0's binary_logloss: 0.0411781 

[31] training's binary_logloss: 0.0335059 valid_0's binary_logloss: 0.0388956 

[32] training's binary_logloss: 0.0311982 valid_0's binary_logloss: 0.036698 

[33] training's binary_logloss: 0.0291318 valid_0's binary_logloss: 0.0345016 

[34] training's binary_logloss: 0.0272238 valid_0's binary_logloss: 0.0325869 

[35] training's binary_logloss: 0.0255169 valid_0's binary_logloss: 0.0307942 

[36] training's binary_logloss: 0.0239469 valid_0's binary_logloss: 0.0291596 

[37] training's binary_logloss: 0.0225175 valid_0's binary_logloss: 0.027732 

[38] training's binary_logloss: 0.021107 valid_0's binary_logloss: 0.0264362 

[39] training's binary_logloss: 0.0198388 valid_0's binary_logloss: 0.025283 

[40] training's binary_logloss: 0.0186831 valid_0's binary_logloss: 0.0241419 

[41] training's binary_logloss: 0.0176342 valid_0's binary_logloss: 0.0230418 

[42] training's binary_logloss: 0.0166435 valid_0's binary_logloss: 0.0222167 

[43] training's binary_logloss: 0.0157604 valid_0's binary_logloss: 0.0214086 

[44] training's binary_logloss: 0.0149251 valid_0's binary_logloss: 0.0206717 

[45] training's binary_logloss: 0.0141626 valid_0's binary_logloss: 0.0200635 

 



 

 

[45] training's binary_logloss: 0.0141626 valid_0's binary_logloss: 0.0200635 

[46] training's binary_logloss: 0.0134601 valid_0's binary_logloss: 0.0194943 

[47] training's binary_logloss: 0.012756 valid_0's binary_logloss: 0.0187941 

[48] training's binary_logloss: 0.0121658 valid_0's binary_logloss: 0.0183185 

[49] training's binary_logloss: 0.0115363 valid_0's binary_logloss: 0.0176152 

[50] training's binary_logloss: 0.0109943 valid_0's binary_logloss: 0.0172309 

[51] training's binary_logloss: 0.0105283 valid_0's binary_logloss: 0.016915 

[52] training's binary_logloss: 0.010035 valid_0's binary_logloss: 0.0164802 

[53] training's binary_logloss: 0.0096296 valid_0's binary_logloss: 0.0161672 

[54] training's binary_logloss: 0.009182 valid_0's binary_logloss: 0.0160469 

[55] training's binary_logloss: 0.00880675 valid_0's binary_logloss: 0.0158827 

[56] training's binary_logloss: 0.00842663 valid_0's binary_logloss: 0.0155706 

[57] training's binary_logloss: 0.00805133 valid_0's binary_logloss: 0.0151848 

[58] training's binary_logloss: 0.00770617 valid_0's binary_logloss: 0.014953 

[59] training's binary_logloss: 0.00736054 valid_0's binary_logloss: 0.0149307 

[60] training's binary_logloss: 0.00704495 valid_0's binary_logloss: 0.0147477 

[61] training's binary_logloss: 0.00673796 valid_0's binary_logloss: 0.0146248 

[62] training's binary_logloss: 0.00649935 valid_0's binary_logloss: 0.0144981 

[63] training's binary_logloss: 0.00624668 valid_0's binary_logloss: 0.0144054 

[64] training's binary_logloss: 0.00602888 valid_0's binary_logloss: 0.0141183 

[65] training's binary_logloss: 0.00582253 valid_0's binary_logloss: 0.0139545 

[66] training's binary_logloss: 0.00564712 valid_0's binary_logloss: 0.0138657 

[67] training's binary_logloss: 0.0054367 valid_0's binary_logloss: 0.013631 

[68] training's binary_logloss: 0.00524956 valid_0's binary_logloss: 0.0135878 

[69] training's binary_logloss: 0.00501239 valid_0's binary_logloss: 0.0135036 

[70] training's binary_logloss: 0.00485898 valid_0's binary_logloss: 0.0134031 

[71] training's binary_logloss: 0.00466139 valid_0's binary_logloss: 0.0133923 

[72] training's binary_logloss: 0.0045258 valid_0's binary_logloss: 0.0132372 

[73] training's binary_logloss: 0.00435731 valid_0's binary_logloss: 0.0132702 

[74] training's binary_logloss: 0.00420249 valid_0's binary_logloss: 0.0132304 

[75] training's binary_logloss: 0.00406205 valid_0's binary_logloss: 0.0131587 

[76] training's binary_logloss: 0.00398268 valid_0's binary_logloss: 0.0130729 

[77] training's binary_logloss: 0.00390162 valid_0's binary_logloss: 0.0130251 

[78] training's binary_logloss: 0.00382246 valid_0's binary_logloss: 0.0129211 

[79] training's binary_logloss: 0.00377666 valid_0's binary_logloss: 0.0128536 

[80] training's binary_logloss: 0.00373941 valid_0's binary_logloss: 0.0128113 

[81] training's binary_logloss: 0.00372509 valid_0's binary_logloss: 0.0128063 

[82] training's binary_logloss: 0.00371124 valid_0's binary_logloss: 0.0128035 

 

 



 

 

 

 

 

 

 

 

 

[94] training's binary_logloss: 0.00363283 valid_0's binary_logloss: 0.0127463 

[95] training's binary_logloss: 0.00362876 valid_0's binary_logloss: 0.0127446 

[96] training's binary_logloss: 0.00362761 valid_0's binary_logloss: 0.0127451 

[97] training's binary_logloss: 0.00362761 valid_0's binary_logloss: 0.0127451 

[98] training's binary_logloss: 0.00362761 valid_0's binary_logloss: 0.0127451 

[99] training's binary_logloss: 0.00362761 valid_0's binary_logloss: 0.0127451 

[100] training's binary_logloss: 0.00362761 valid_0's binary_logloss: 0.0127451 

[101] training's binary_logloss: 0.00362761 valid_0's binary_logloss: 0.0127451 

[102] training's binary_logloss: 0.00362761 valid_0's binary_logloss: 0.0127451 

[103] training's binary_logloss: 0.00362761 valid_0's binary_logloss: 0.0127451 

[104] training's binary_logloss: 0.00362761 valid_0's binary_logloss: 0.0127451 

[105] training's binary_logloss: 0.00362761 valid_0's binary_logloss: 0.0127451 

Early stopping, best iteration is: 

[95] training's binary_logloss: 0.00362876 valid_0's binary_logloss: 0.0127446 
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Summary 

The main goal of this research is to assess the Corporate Credit Default Probability as 

accurately as possible. A one-year timeframe was used for the prediction. We first made 

the hypothesis that two of the main drivers to predict, in a one-year time-frame, which 

companies would present a default event were mainly dependent on the key operating, 

Solvency, and Liquidity ratios. Since we assumed a one-year timeframe, we expect that 

the liquidity status of a given company as being one of the key features in determining its 

probability of default. In the course of our analysis, we also tried to determine the real 

impact of Macroeconomic variables, and to what extent financial distress is caused by an 

endogenous or exogenous factor with respect to single companies.  

Company Data were collected from Orbis and were distributed over 7 years. The Dataset 

was firstly studied through the Exploratory Data Analysis to analyze the descriptive 

statistics of its feature. Then data were classified into 2 different categories, companies 

with a default event in the one-year horizon and healthy companies. Default events were 

1.1% of the overall observations. Data were then balanced using SMOTE and Tomek Link 

techniques for imbalanced Datasets. 

To yield the best accuracy, precision, and recall various algorithms were tested: Artificial 

Neural Network (ANN), Random Forest (RDF), and Light Gradient Boosting Machine 

(LightGBM). After selecting the best model in out-sample predictions performance, we 

calibrated the results to fit a nine value scoring 

Review 

The paper  Xolani Dastile: “Statistical and Machine Learning models in credit scoring: A 

systematic literature survey” found some limitations in the Credit Scoring Literature 

under analysis (a collection of methods and models used in 2010-2018): 

 No inclusion of Macroeconomic variables: The increase in macro-economic 

variables such as interest rate, inflation rate, and the unemployment rate may 

increase the risk of a borrower defaulting. Hence, it is key to incorporate 

macroeconomic variables in credit scoring;  

 The time it takes for borrowers to default is not determined 



 

 

 Exploratory Data Analysis: Detection of outliers and distribution of variables 

(checking zero-variance for variables) is not performed; 

 Time/Model Complexity is not factored; 

 Creation of new features instead of performing feature space reduction 

techniques/feature selection is not taken into account: Although feature 

reduction/selection improves model accuracy, the literature needs to look at 

other feature engineering techniques such as taking the sum/product of two 

features to create a new feature; 

 Correlation between a dependent variable (or target variable) and 

independent variables is not assessed; 

 Most studies in literature focus on homogeneous base classifiers and ignore 

heterogeneous base classifiers for ensemble methods: Credit risk data is 

generally imbalanced. The nondefault borrowers are usually more than the 

defaulted borrowers. In cases where there is a high imbalance in data, the models 

turn to be biased towards the majority class. To mitigate this bias, techniques such 

as over-sampling or under-sampling are usually performed. However, this study 

shows that only 18% of the primary studies in this literature survey have balanced 

their datasets; Using different cut-offs (instead of 0.5) to classify borrowers as 

either non-defaults or defaults is not covered in the literature: The defaults cut-

off for classifying borrowers is 0.5, so the impact of using different cut-offs needs 

to be assessed; 

 Few studies incorporate Type II error: The type II error is more costly in credit 

scoring since Type II (False Negative ratio) predicts a borrower as a good 

borrower but he or she is a bad borrower. Hence, the literature needs to report 

more on this error when developing credit scoring models. 

 

This thesis aims at proposing a new Credit Scoring Model trying to overcome some of the 

limitations outlined above 

Data collected 

Data for model training were collected from Orbis (Bureau Van Dijk). We collected data 

of 26.437 different United States companies over 7 years, from 2013 to 2019. Specifically, 

we gathered Balance Sheets, Income Statements, activity status, and Bureau Van Dijk 



 

 

company classification by sector of activity (Appendix 1 and 2) for each company over 

the years quoted above.  

Only observations with a status of Active, Active with insolvency proceedings, Dissolved 

due to bankruptcy,  bankruptcy, or Active with the default of payment in one of the years 

analyzed were collected 

This data composition led us to treat Missing Data to be replaced by our sample median 

and not the sample mean of each feature; not to alter our dataset characteristics 

excessively. Observations with less than 12 missing values were kept, the others, due to 

the excessive lack of information, were dropped. A total of 54.382 observations remained 

after this second phase. 

Activity status was set in the form of a Binary variable, the variable took a value of 0 if the 

activity status observed in the given year was active, otherwise, if the observation 

presented one of the other selected value - being those: Active with insolvency 

proceedings, Dissolved due to bankruptcy,  Bankruptcy or Active with a default of 

payment - was flagged by a 1. 

𝑌𝑌 = �
0  ,𝑓𝑓𝑓𝑓𝑓𝑓 𝑦𝑦𝑦𝑦𝑦𝑦𝑓𝑓 𝑖𝑖𝑖𝑖 [2013,2019]  𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖𝐴𝐴𝑖𝑖𝐴𝐴𝑦𝑦 𝑆𝑆𝐴𝐴𝑦𝑦𝐴𝐴𝑆𝑆𝑆𝑆 = "𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖𝐴𝐴𝑦𝑦"

 1 ,𝑓𝑓𝑓𝑓𝑓𝑓 𝑦𝑦𝑦𝑦𝑦𝑦𝑓𝑓 𝑖𝑖𝑖𝑖 [2013,2019]   𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖𝐴𝐴𝑖𝑖𝐴𝐴𝑦𝑦 𝑆𝑆𝐴𝐴𝑦𝑦𝐴𝐴𝑆𝑆𝑆𝑆 ≠ "𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖𝐴𝐴𝑦𝑦" 

The prediction of the Binary variable will be the focus of this research. 

We also observed that our sample is well distributed over the 7 selected years, and, on 

average, 1.1% of our sample presents an activation: a distressed financial situation 

flagged by insolvency proceedings or a default on payment. This last fact is in line with 

the report produced by S&P Global in 2019.33 

The main financial ratios were then created for each observation using balance sheet and 

income statement data for a given year. We created the following ratios: 

Table 2 - Ratios Details 

debt_coverage_ratio Operating Profit (EBIT)/Net Financial Expenses 

debt_to_assets Debt/ Total Assets 

 
33 (S&P Global, 2019) 



 

 

ebit_margin EBIT/ Total Sales 

longtermdebt_equity_ratio Long term Debt / Equity 

net_income_margin Net Income / Total Sales 

ROA Net Income / Total Assets 

ROE Net Income / Equity 

acid_ratio Cash and Cash Equivalent / Current Liabilities 

activity_ratio Current Liabilities/ Total Sales 

asset_turnover Total Sales / Total Assets 

current_ratio Current Assets/ Current Liabilities 

  

Ratios are essential to correctly compare Solvency, Liquidity, Profitability, and Efficiency 

over companies with different sizes and characteristics, such as the one collected for this 

research. Solvency refers to the ability of the company to sustain its debt in the long term 

and this analysis is measured by the Debt to Equity ratio and Long-term debt over Equity 

ratio. Liquidity instead refers to the capability of a given company to sustain its short-

term liabilities – liabilities with a maturity of one year or less – we used the Debt Coverage 

Ratio, the Current Ratio, and the Acid Ratio to evaluate this aspect.  Efficiency and 

Profitability were explored in many aspects with the remaining Ratios. 

We then created a set of dummy variables using Bureau Van Dijk (BvD) Company 

classifications. This classification categorized companies by defining their economic 

activity (Details in Appendix 3). We dropped the “Agriculture, Horticulture & Livestock” 

dummy. A total of 28 different categorical variables were added to the Dataset that will 

be used for Data modeling. Thus “Agriculture, Horticulture & Livestock” will be our 

reference variable for other companies sector. Using these new features, we try to assess 

whether operating in a given industry has any effect on the probability of a distressed 

financial situation for a US company. 



 

 

We split our dataset using the function “train_test_split” by sci-kit learn, a function that 

splits randomly between a test and a train set. We selected the 10% of observation to be 

part of the test set (around 5.400 observations). 

Keeping the activation percentage in consideration, that only 1.1% of the observations 

presented an activation instance, we can conclude that our dataset presents an 

imbalanced classification problem. Excessive imbalanced dataset analysis could 

potentially lead to an incomplete and unreliable predictive model, with all the possible 

predictive algorithms that could be used. Undersampling or Oversampling techniques are 

used to overcome this critical point. Undersampling is used to reduce the most abundant 

class to a given percentage, diminishing up to match the least abundant one, at the cost 

of losing fundamental information derived from data. Oversampling, instead, relies on the 

opposite reasoning. Oversampling increases the least abundant class up to a more 

reasonable percentage of the most numerous one (around 40% - 50%), at the cost of 

adding values with little to no significance to the predictive model. Mixing both 

Oversampling and Undersampling techniques to decrease the disadvantages of both and 

still solving the problem of excessive class unbalancing is also possible. 

In our Analysis, we tackled the problem of imbalanced classification using the Synthetic 

Minority Oversampling Technique (S.M.O.TE). Synthetic oversampling is a state-of-the-

art oversampling method. SMOTE selects a random sample from the minority class, a 

synthetic instance is then created by choosing a certain convex combination of a given K 

nearest neighbors (that are usually 5) of the data in the random sample previously 

selected, forming a line segment of the feature space34. In this way is possible to create as 

many synthetic instances as required35(We applied this methodology only to the train 

set). S.M.O.TE would allow us to create relatively meaningful instances that would 

increase the prediction power of our models. In addition to SMOTE, we also made use of 

the Tomek Link undersampling technique (still only applied to the train set). This 

method stems from the Condensed Nearest Neighbors.  

One weak point is that the synthetic observations in S.M.O.TE are created without any 

consideration of the majority class and therefore this technique has been only applied to 

 
34 (Chawla, 2002) 
35 (Machine Learning Mastery, 2021) 



 

 

the model training set and not the test set. Both Tomek Link and SMOTE were only 

applied to the train test, thus leaving the test set “as-is”. In this way, we could adjust our 

train set, leading to better model performances, without affecting the test set. At the same 

time also Tomek Link was used through the imblearn.combine package for Python. 

Finally, we fitted train data into a Standard Scaler and then transformed with the fitted 

scaler both the train and the test set (the test set was not used to fit the scaler but just 

transformed with it).  

Artificial Neural Network Model 

Using the Artificial Neural Network, set as described above, we obtained a 75% out-

sample precision score and 77% recall for the companies that presented the value of 1 (a 

company that faced financial difficulties in repaying debt obligations).  Type I Error (also 

known as a "false positive", that is the rejection of a true null hypothesis) was relatively 

low, but Type II Error (also known as a "false negative", that is the non-rejection of a false 

null hypothesis) presented more instances. This outcome on Type I and Type II Errors 

was expected for our analysis, being the analysis on an imbalanced dataset. 

Overall the classification worked with discrete accuracy, however, Deep Learning 

Algorithms are exposed to data overfit. To visualize an instance of overfitting we used in 

our analysis also the validation set (our test set), which had no impact on model training 

but provides useful insights on confronting the model loss on the training set and the 

validation set loss. To avoid overfitting we must have the error (loss) of the validation set 

to be similar to the one of the training test, our model loss. Below is represented for each 

epoch (every iteration of the whole training test) the model value loss and the validation 

value loss. Looking at the plot below (Figure 3) the overfitting was relatively negligible 

since the error of the model followed approximately the one of the validation set. 

Random Forest Classifier 

We chose the maximization of the Area Under the Receiver Operating Characteristic 

Curve (AUROC) of the output function as an optimization parameter. In Random Forest 

classification, we obtained an AUROC score of 97%. 

AUROC score is the best measure to correctly verify the classification accuracy of a model 

since it takes into account the classification capabilities of a model. In fact, the AUROC 

score reflects the ability of a model to correctly minimize both Type-I and Type-II Errors, 

https://en.wikipedia.org/wiki/Null_hypothesis


 

 

the closer the Receiver Operating Characteristic Curve (ROC) is to a line with a 90-degree 

curve on the upper-left corner, the less misclassification it will present. An AUROC of 

100% means that the model will present no Type-I and no Type-II errors. The AUROC 

score is to be preferred over the precision score (the % of correct classification) to 

evaluate an imbalanced test set. If we flagged all our out sample observation as 0s (so a 

hypothetical model that predicts no default company) we would have a precision score 

of 99% (all the zeros would be correctly classified) but it will present an AUROC score of 

50% since we will have a high Type-II error percentage.  

Random Forest Classifier scored an overall precision of 87%. Feature importance 

selection was introduced to eliminate variables with limited effects on output. A relatively 

shallow Random Forest Tree was built to pre-determine the features with the most 

impact. The Type I error for this classification remained at 0.27% while the Type II Error 

was almost 9.9%. While this model presents an evident improvement with respect to the 

Artificial Neural Network, it still has a relevant portion of Type II errors, which, as we 

illustrated before, are the most costly in terms of Predictive Errors for a Credit Scoring 

Model 

Light Gradient Boosting Machine  

By implementing the LightGBM algorithm we obtained an out-sample precision score 

averaging 92% among both classes (0,1) with 98.6% precision in determining firms that 

presented default events (Recall of class 1). We got a macro-precision of 92% (weighted 

accuracy 99.9%), because, even if Type I Error was only 0.36%, the activations were only 

1.1% of the total, so even a few misclassifications of “Healthy Companies” as companies 

flagged for a Default Event, had an important impact on the macro-precision. However, 

with this model, we correctly identified 98.6% of the activations (companies with a 

Default Event) with a Type II Error of 1.4%, misclassification of companies that should 

default in the year. The average F-Score was 0.94 among the two classes.  Also, Cross-

Validation was performed with a mean AUROC score of 99.99%. We used the cut-off 

percentage of 0.5 to classify a default company, the output of the light Gradient Boosting 

Machine, in fact, is a probability. 

The final model was built selecting those feature after feature importance screening: 

1) Fixed Assets 2) Intangible Fixed Assets 



 

 

3) Tangible Fixed Assets 

4) Other Fixed Assets 

5) Current Assets  

6) Receivables from Customers 

7) Share Capital 

8) Noncurrent Liabilities 

9) Current liabilities 

10) Payables vs Suppliers 

11) Total Liabilities  

12) Gross Margin 

13) Operating Profit (EBIT) 

14) Income/Financial Charges 

15) Consumer Price Index (CPI) 

Percentage Change YoY 

16) Real interest Rate percentage change  

17) S&P 500 Index YoY change 

18) Unemployment Rate 

19) Debt Coverage Ratio 

20) EBIT Margin 

21) Acid Ratio 

SHAP Values 

Machine Learning Models are subject to the problem of low explainability, in fact, 

they are often referred to as “Black Boxes”. This was meant to be the case of a 

model that while healding incredible performances it is also impossible to 

precisely understand the main logic behind it and its impact on single features. 

This particular need was tackled by many different methodologies to explain 

model feature impact. One of the most used and most effective is SHAP (Shapley 

Additive exPlanation) which is based on the usage of Shapley regression value in 

scoring feature direction and importance. The Shapley regression takes into 

account not only the importance of the feature (intended as how many times a 

feature has been used to determine the model output) but also its contribution to 

the outcome of the model (positive or negative). Indeed, the  SHAP method 

evaluates the contribution of each feature towards the final outcome. This 

approach isolates each model prediction and each feature of the isolated 

prediction and computes by exclusion the feature contribution to the final output.  

SHAP summary plot (Figure 14) identifies the “direction” and the contribution of 

each feature for each observation, in the following figure the SHAP summary plot 

for the SHAP values - computed using the Light Gradient Boosting Machine - is 

represented. Overlapping dots are represented with a vertical concentration of 

points. Our Representation is made towards the prediction of companies being 



 

 

healthy, thus, the dots on the right have a negative impact on the probability of 

default.36 

Model Selection and interpretation 

In order to select the model, we gave utmost importance to the correct 

classification of companies flagged with a default event. Specifically, we chose the 

Light Gradient Boosting Machine model since it proved to be the most reliable in 

terms of Type-II Errors and AUROC Score.  

The model is built on Efficiency, Solvency, and Liquidity Ratios and it has also 

taken into account the main Macroeconomic variables. The features are ordered 

fr decreasing impact, being the one on the top the most relevant for the 

Classification in terms of contribution to output and the one on the bottom the 

least important. 

 The most relevant feature is the one of the Acid Ratio ( Cash and Marketable 

securities over Current liabilities) and generally we may see that high values of 

Acid Ratio (i.e. Red dots) are associated with a negative contribution towards 

default probability (Negative Impact on model Output), so it gives us a sense of 

direction of the built algorithm logic for this feature.  The same holds true both for 

Debt Coverage Ratio and Ebit Margin, blue dots (low feature value) had, on 

average, a positive impact on default probability. Interestingly CPI percentage was 

negatively correlated with the Default Probability, a higher CPI also means more 

dynamism in the economy, and possibly the model built takes into account this 

effect since it also incorporates GDP performances being linked to the feature 

(higher CPI usually is linked to better GDP performances in the real economy year 

over year). The unemployment percentage presented a positive impact on the 

model output (i.e. Default Probability). The only feature that at first sight 

represents a less clear direction is “Income/Financial Charges”, indeed, this 

feature accounts both for the income and for the costs of financing. However, it has 

to be considered that our model also contains financial institutions, and for those 

 
36 (A.R. Provenzano, 2020) 



 

 

companies, part of interest gains are represented in this variable. This could be 

one interpretation of why this feature impact on model output is unclear. 

The feature “Share capital mil USD” incorporates both the financial structure of a 

company (the higher the Equity the lower Debt over Equity Ratio) and, since it is 

in dollar value, it also indicates the size of the company is negatively correlated 

with the default event. Another proof of the negative impact of the size of a 

company on company probability of default is given by the “Total Asset” feature; 

the red dots, or bigger companies, were on the left, and thus the feature presented 

a negative impact on default probability.  

In Figure 16 we see another summary plot that shows feature impact importance 

for SHAP. The higher the SHAP importance, the higher impact the feature had on 

predictions. While in Figure 17 the Decision Plot is represented. This plot is 

specially built for tree models and to help to visualize how the model decided to 

assign to a category a given observation and confirm which feature impacted the 

most. Endogenous factors were the most important in determining model output 

(Acid Ratio, Share Capital in million USD, Receivables, Ebit Margin, and other Fixed 

Assets. 

Model Calibration 

Our model out-sample classification presented less than 1% of total 

misclassification, while the results are very good to assess whether a company is 

going to face a default event in a year time horizon, the raw probability output of 

the LightGBM model, due to the high amount of precision, is for the 98.1% 

composed of observation being or more than 99% probability of default, or with 

companies with almost 0% default rate. However, this is not how real default 

probability affects those companies. Different categories of companies, with 

different features analyzed in the model, will have a different default rate (i.e. a 

company with a high acid ratio and a high debt coverage ratio is less likely to 

default than a company with a low debt coverage ratio but the same acid ratio). In 

order to correctly assess the real-world default probability, a calibration of output 

probability is needed.  



 

 

We made use of the isotonic distribution to evaluate our model, thus adjusting to 

real-world probability our prediction output. In Table 2, we used the more 

common SP rating scale, but we made use of our own model to obtain real default 

probability.  To validate the classification we used both brier score, the confusion 

matrix and the AUC curve for the calibrated classifier (Figure 19 – 20). 

Rating Classification 

Rating Fraction of Positives Probability of 
Default (%) 

AAA 0,0003 0,0001 
AA 0,1492 0,1504 
A 0,1663 0,1611 

BBB 0,4245 0,4171 
BB 0,6342 0,5000 
B 0,7588 0,5882 

CCC 0,7941 0,7818 
CC 0,8498 0,8726 
C 0,9986 0,9999 
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