Extending Artificial Intelligence and Machine Learning (AIML) Model Governance - From Regular to Daily Continuous Monitoring 

Traditionally, financial institutions have in place standard Model Governance frameworks that includes regular monitoring reporting and reviews for regulatory and non-regulatory risk models. All risk models are typically subject to internal and external validation which requires regular tracking of models by performance and operational computed metrics. 
As the number of risk models adjust to regulatory requirements that change over time, the sophistication of modeling methods deployed by financial institutions are also changing. This is particularly evident with the adoption of Artificial Intelligence and Machine Learning (AIML) based methods. The benefits of higher accuracy, more innovation and ease of use of larger and more diverse data sets (for example, transactional data or unstructured data from free-form text), are typically associated with the newer AIML-based models. However, these benefits do not crystallize without risks: the potential for increased model risk is higher-AI-based models are typically more data dependent, harder to explain to a variety of stakeholders and often more interconnected. The AIML models may also perpetuate societal biases that may be present in the training data. 
Adding fuel to the fire, as the AIML-models are often dynamically updated (i.e. calibrated with new data that can be performed with more ease when required), it means that a slew of metrics will need to be tracked to ensure that the model is performing within the boundaries as expected. 
We will be presenting a novel and more holistic approach to extend the performance monitoring framework to enhance the transparency of AIML-based models in a user-friendly way and without need to overly depend on manual code. By dynamically tracking a wider range of interconnected categories including, but not limited to, the input data, model decay and model robustness, it is anticipated that Risk departments will be better equipped to more fully understand potential AIML-model limitations and proactively identify issues that may lead to model failure, without need to wait for a quarterly review process to identify these. The approach can also be extended to current more traditional statistical and econometric risk models. 
