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Since the 1950s, credit risk modelling of risk ranking scorecards has utilised methods such as logistic regression and discriminant analysis, identifying generalised linear trends in the data and extrapolating from these simple trends to form predictions. This results in models which are relatively easy to interpret and understand. However, a recognised limitation of these traditional techniques has always been their inability to capture the more complex relationships in the data, resulting in sub-optimal model predictions for less-trivial cases.
With Machine Learning (ML) techniques becoming more accessible and the increasing wealth of data available in credit risk management, ML algorithms have become a real contender to traditional techniques for model development. These more sophisticated techniques allow businesses to mitigate some of the limitations of traditional methods. ML techniques are gaining traction in the credit risk industry, and there is a considerable body of research demonstrating that ML models outperform traditional methods in terms of accuracy of model predictions. ML methodologies such as Gradient-Boosting Machines have become increasingly popular as they have shown superior performance in a wide range of data science ‘competitions’, as well as for practical risk ranking in commercial settings. 
A particular challenge to successfully implementing powerful models lies in the process of selecting an optimal set of model parameters. These are more commonly known as hyper-parameters as they control the model development algorithm and are distinct from the final model parameters which are used for prediction. An additional challenge of such ML techniques is that the credit risk scorecards build tend to me more complex and perceived to be working as a black box.
This presentation will outline the research conducted by 4most into approaches used in our ML Scorecard Development Framework for identifying optimal hyper-parameters to build more accurate credit risk scorecards models together with some of the interpretability techniques that can be used to understand the resulting ML model globally and at case level. 
