Decision Science Optimisation tool to reduce Policy Rules
 
Although policy rules applied on retail consumer loan applications represent a latent loss function of the individual credit risk profile, they importantly reflect risk appetite and systemic risk and need to expand and contract to tighten or loosen credit policy over time. As such they are needed to either contribute or act as reason code generators to approve or decline loans. However, because policy rules are often applied as univariate rules (‘IF AND OR WHEN’) and are driven by regulatory and other compliance factors, it often means they can double-up across categories and create unintended complexity. It then becomes increasingly difficult to determine which particular-policy or policy combination contributes towards a decision. By running a set of subjective rules against each application, this slows down the decision response time on applications and can increase unnecessary declines.

In response to the complexity, Banks have applied internal projects to rationalise policy rules. However recently these efforts have been eradicated by need to include new rules post changes to laws governing banking conduct, prudential or other regulatory-imposed investment and interest only caps, as well as new data requirements to support comprehensive credit reporting regimes. There is opportunity to leverage Machine Learning (ML) to optimize policy rules, as in many cases the data used to derive a new rule is new, and often transactional in nature. The opportunity presents itself especially where policy rules that are weak approximators, as an ML model can potentially be far more prescriptive for pockets of prospective customers and better able to identify correlations between applications and decisions by use of all the information available at the point of application. 

The paper explores the design principles of a decision science optimisation tool that uses approximation (or function approximate) Machine Learning models to simulate what the final decision will be (refer/ approve) for policies at level of individual, class and/ or combinations. In the first instance, the authors propose that the tool is to be applied to soon to be deployed retail models to improve insights and help empower teams to better drive policy reduction by focusing on rules that have low approximate results that may be better suited for a machine learning model that can be auto-tuned over time. 




