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Predicting company default

• Business credits depend on the ability of partner 
companies to return the credit

• Economic literature usually relies on:

– Age

– Size

– Sector

– Debt

– Financial ratios

• It is specially challenging to predict SMEs default
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Are websites informative?

• Intuition:

– Company websites show company activities

– Lower economic activity and increased default risk 
when:

• Lack of website activity

• Using stale technologies
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Are websites informative?
• Information on company websites:

– Content
• Description of the activity:

– Sector
– Main products / services
– Contact information

– HTML Code
• HTML

– Organization of the content
– Links to other pages/sites
– Contact methods

• Metadata
– Technology (generator)
– User orientation (search engines)

– Server response
• Server technology
• Content freshness (age or last modified)
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Content
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HTML Code
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Server response
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Machine learning approach

• Supervised learning problem:
p(defaulti) = f(websitei)
– Any classification method could be applied:

• Logistic regression
• Classification trees
• Random forest
• SVM
• …

• Performance evaluation with cross validation
– Train set
– Test set
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Machine learning approach
• Challenge: website feature extraction

– Text content: Natural Language Processing
• Bag of words
• Lemmatization
• …

– HTML: Occurrences
• Tags
• Content of some specific tag attributes:

– href in A tags
– href in LINK tags
– name in META tags

• Parts of attribute contents
– extension in hrefs (e.g., asp, php, html, pdf)
– some specific words in hrefs (e.g. mailto, tel, twitter)

– Server response: Occurrences
• Headers
• Specific header contents
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Training the model

• Putting data together:

– Default information from company databases 
(e.g., Bureau Van Dijk)

– Website scrapping

• Home page or whole site?

– Temporal consistency:

• Do default and website information refer to the same 
time period?

• Prediction horizon
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Training the model

• Accessing websites from the past:

– Wayback Machine of the Internet Archive

• Limitations

– Incomplete coverage, both in terms of websites 
and pages

– Server response headers are not stored
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2021
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2019
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Training the model

• Classification methods perform better with 
balanced samples

• Balancing the sample

– Oversampling default firms

– SMOTE

• Adds synthetically generated observations
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Training the model

• Too much variability?

– Transformation of website features into binary 
variables

• Too many variables?

– LASSO regression

• Variable selection

• Regularization

– Reducing dimensionality 

• Multiple Correspondence Analysis

• Kernel Discriminant Analysis
17



4POINT0 Predicting company default with webscraping data

Evaluation

• Evaluation on the test set
– Multiple repetitions

• Metrics:
– Accuracy

• Which proportion of companies were correctly classified as 
defaulters/non-defaulters?

– Sensitivity
• True positive rate
• Which proportion of defaults was detected?

– Specificity
• True negative rate
• Which proportion of non-defaulters was detected?
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Results

After 100 repetitions:
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Conclusions

• Websites are a rich source of information yet 
to be exploited

• Specific techniques must be used to transform 
them into usable data sources
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Main discriminant indicators
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