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It's not all about the money
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1 €112 billion outstanding |
debt to non financial firms :

* About 1 out of 80 firms
went bankrupt in 2014

o



Presenter
Presentation Notes
The current volume of outstanding debt to non financial firms is 112 billion euros, which is 123% of GDP as measured in the first quarter of 2015. The size of corporate lending makes sound lending decisions a matter of national interest. The financial crisis has restricted corporate lending and the Basel regulations have lead to a higher risk premium for SMEs. Still, 1 out of 80 Belgian firms went bankrupt in 2014. Investing in improved bankruptcy prediction models is necessary and is in the interest of both the banks and the SMEs, as better predictions will reduce risk and the forthcoming risk premia. 


GO{.}S]Q bankruptcy prediction

Scholar Ongeveer 56.300 resultaten (0,03 sec)
Artikelen Tip: alleen in het Nederlands zoeken. U kunt uw zoektaal bepalen in Instellingen voor Scholar.
Mijn biblictheek A neural network model for bankruptcy prediction
MD Odom, R Sharda - 1950 |JCMMN International Joint Conference on ..., 1990 - infona.pl
A neural network model is developed for prediction of bankruptey, and it is tested using
Ella narinda financial data from various companies. The same set of data is analyzed using a more

A Google Scholar search on “bankruptcy
prediction” lists 56,300 hits.

Most of them use financial and accounting
variables.
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Presentation Notes
A quick Google Scholar search on “bankruptcy prediction”  results in 56.300 hits, which gives an indication of the popularity of bankruptcy prediction in the credit risk research community.  Scrolling to these results shows that most research on bankruptcy prediction focuses on traditional data such as financial and accounting variables, stock data or macroeconomic data. Innovations mainly focus on the modelling and techniques side. 


80% of the bankruptcy cases are caused
by mismanagement and incompetence.*

More than 5 % of the active Belgian SMEs
have at least one manager or board member
that was involved in a previous bankruptcy.

* According to a Belgian survey


Presenter
Presentation Notes
However, it is often noted that the incompetence of the managerial team has a great influente on a company’s chance of survival. According to a Belgian survey, up to 80% of the bankruptcy cases are caused by mismanagement and incompetence. The data set we used in our research, showed that more than 5% of the active Belgian SMEs have at least one manager or board member that was involved in a previous bankruptcy.


If company A and B are linked through
the same manager and company A fails,
will company B have a higher
probability of failure?


Presenter
Presentation Notes
Given this information, we can ask ourselves the question: If company A and B are linked through the same manager and company A fails, what will happen to company B? In terms of risk assessment, will company B then have a higher probability of failure? 
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Presenter
Presentation Notes
The network on the slide is part of the actual network of Belgian SMEs, where two companies are linked if they have a board member or manager in common. Company B is linked to ten bankrupt firms and two currently active firms. Is company the next one to fail?
In our paper we use relational data and link two firms if they share or have shared a manager or board member. We start from two possibly related assumptions: 
If a company such as company B is linked to many (or only) bankrupt firms, it will have a higher probability of going bankrupt.
The management has an influence on the performance of a company and incompetent or fraudulent managers can lead a company into bankruptcy. 
Based on both assumptions, in our paper we investigate whether we can predict company B’s failure more correctly using relational data on top of the traditional accounting data. 


Data set In numbers

JOOHEOE  Belgian SMEs

A Z0EEE]  Training and validation period

2014 est period
1% Event rate In each set

+5% “Bad link” rate
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Presentation Notes
To do so, we used a data set of + 400 000 Belfian SMEs that were active at some point between 2011 and 2014. We worked with an out-of-time set-up, so we used 2011 up to 2013 as our training and validation period and 2014 as our prediction test set. In each set, we have a 1% event rate, which is rather small and challenging. As mentioned earlier, about 5% of the companies in our data set have a link with a previously failed company. 
The create the network, we added all firms that went default before 2011 and that have a link with a company in our training set. 

Because we worked out-of-time, some companies are present in both our training, validation and test set. We used a tailored leave-one-out procedure to prevent the double presence of these companies. For the relational model procedure can become quite complicated, if you are interested in knowing how exactly we performed it, I would like to refer you to our paper. 


Prediction models

® Base model
® Network model
® Ensemblemodel
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Presentation Notes
To investigate the performance of relational data in the bankruptcy setting, we created three different models: a base model using only financial data (accounting variables), a network model, using only the relational data and an ensemble model, that adds a network score to the base model. 
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Base model

Financial Variables

* Return on Assets
 Return on Equity

e Current Ratio

e Debt to Total Assets
e (Cash Flow to Equity
e Profit/Loss

Dummy Variables

Missing Values
Small or Large?
Newly Founded?

Linear SVM model
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Presentation Notes
We used financial variables to build a base model. As input variables, chose a selection of financial ratios that have been shown predictive bankruptcy in previous studies. 
In our data set there were many missing values. For the missing values we used mean replacement and added a “missing values” dummy. We assume there are two major reasons for these missing values: 
Either the firm did not publish a financial statement or the firm was founded during the observation year. It can be expectedthat missing values due to a missing financial statement is a predictive factor for bankruptcy. Unfortunately, we do not have this information. What we do know, is the year of foundation of the firm. Therefore, we add a dummy variable that has value 1 if the firm was founded in the observation year and 0 otherwise. 
We applied a Support Vector Machines with a linear kernel. Because we needed a technique that is able to detect complex patterns, while still being comprehensible. The downside of SVM, is that is does not work well with unbalanced data sets. In our data set we have a low event rate, and therefore we undersampled the healthy firms, to obtain a balanced training set. To test the model, we used the complete test set. 


Network model

To a

o.o o‘o unigraph
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Presentation Notes
The relational data is used to build a network. To handle this kind of data, we need tailored learners. We can represent the relational data in a bigraph, with the directors/managers as top nodes and the companies as bottom nodes. 
Most of the existing relational learners, use unigraphs. If we want to use our relational data, we need to transform the bipartite graph to a weighted unigraph, where companies are linked if they share at least one manager. 
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How do we quantify the links?

Bottom Node Projection

How do we get a prediction?

Weighted vote Relational Neighbour



Bottom node projection

® Hyperbolic Tangent Function
® Sum of Shared Nodes
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Sum of Shared Nodes g

Company 1 and 2 have A and B in common.
The weight of the link between 1 and 2 is
0.46 + 0.32 = 0.78.
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How do we quantify the links?

Bottom Node Projection

How do we get a prediction?

Weighted vote Relational Neighbour



Weighted vote relational neighbour

S —

ilAJVIfIE!JI’?C!’
\

<7/

BN e
B =5 LNy

N T 1 \
"A VPt

BANK RUPTCY
\

B
\

BN P
iR} 10y

Se——m—

1
P(B = bankrupt|Ny) = -

_n k u tHIN)
D wyyxP(J = "Bankrupt'|N,
Z

Vertex j EN;




-

Ensemble model

Financial Variables Dummy Variables Network score
e Return on Assets * Missing Values e wvkN
e Return on Equity e Small or Large?
e Current Ratio e Newly Founded?

e Debt to Total Assets
e (Cash Flow to Equity
* Profit/Loss

Linear SVM model



Performance assessment

® Lift Curve
® AUC Performance
® Predictors analysis
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= = = |ift of base model
Lift of network model (wvrn)|”

we Lift of ensemble model

——— Lift of random model

For the 5 % highest scores,

the ensemble model has a 58%
higher detection rate
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AUC

0.651

0.6 O wvrn

0.55

Relational data Financial data Ensemble model

The AUC-value Is not significantly higher



Base Model Ensemble model

Missing ROE Network scores
+ Missing Equity Ratio Missing ROE

Missing ROA Missing Equity Ratio

Newly Founded Newly Founded
_— Equity Ratio Equity Ratio

Profit(+)/Loss(-) Profit(+)/Loss(-)
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Presentation Notes
Ranking of the top three and bottom three input features. The top three input features have the highest positive coefficient and are predictive for bankruptcy. The bottom three features have a negative coefficient and are predictive for the non event, i.e. no bankruptcy in the next year. We find that the coefficients of the base and ensemble model are quite similar. The addition of the network score does not appear to have much influence on the coefficients of the other variables, indicating that being a healthy firm (having a network score of 0) does not lower your probability of failure. 


Three conclusions to take home



Companies linked to many (or only) bankrupt
firms have a higher probability of bankruptcy,
especially when they find themselves in a bad

financial position.



Combining the network scores of the
relational model with the financial data
results in a better detection of the
companies that are more likely to fall.



Being related to healthy firms only does
not compensate for a bad financial
situation and does not lower your
probability of failure.
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Presentation Notes
With these three conclusions, we have reached the end of my presentation. However, the research on relational data is nowhere near its finish line. The methodology can be extended to loan default prediction, credit application, fraud detection. Extensions can still be made, discount factors can be added to diminish the influence of bankruptcies over time. 
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