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Tracking the performance of Al systems post-deployment is an indispensable endeavor for
ensuring that artificial intelligence applications operate effectively, ethically, and safely over
time. When an Al system is deployed, it transitions from a controlled development environment
to a dynamic real-world context, exposed to various unforeseen variables and circumstances.
This necessitates a rigorous and continuous performance monitoring regimen to detect and
rectify issues such as model drift, bias, and system degradation. Effective tracking
encompasses a blend of technical, ethical, and regulatory considerations, forming the

foundation of robust Al governance.

Model drift is a predominant challenge in the post-deployment phase. This phenomenon occurs
when the statistical properties of the target variable evolve, leading to a deterioration in model
accuracy. Changes in user behavior, market dynamics, or environmental conditions may drive
this shift. For example, an Al model used for detecting fraud in financial transactions could lose
its efficacy if fraudsters innovate new tactics (Lu, 2019). Therefore, continuous monitoring and
the periodic re-training of the model with updated datasets are vital to maintain its reliability.
Automated monitoring systems are instrumental in this context, as they can flag significant
deviations in performance metrics, facilitating timely interventions by data scientists. But how
can organizations ensure that these systems are robust enough to catch subtle forms of model

drift before they impact critical outcomes significantly?
Bias detection and mitigation also hold critical importance in post-deployment performance

tracking. Al systems can inadvertently magnify existing biases present in the training data,

leading to unfair or discriminatory results. These effects are particularly harmful in high-stakes
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domains such as hiring, lending, and law enforcement. Studies have shown that facial
recognition systems often display higher error rates for certain demographic groups, posing
questions about fairness and equity (Buolamwini & Gebru, 2018). As such, do organizations
possess the tools and frameworks necessary to analyze and neutralize biases effectively? Post-
deployment monitoring must integrate bias detection tools and techniques, such as fairness
metrics, to evaluate disparate impacts across various groups. Organizations should also enforce
governance frameworks that necessitate regular audits and corrective measures to manage
identified biases. What steps can organizations take to develop an internal culture that values

and prioritizes ethical Al usage?

Monitoring for system degradation over time is equally crucial. Several factors, including
software updates, hardware changes, or evolving user interactions, can degrade Al models.
This degradation can manifest in increased error rates, slower response times, or dwindling
user satisfaction. For instance, a recommendation system for an e-commerce platform might
lose its relevance if not frequently updated with emerging purchasing trends and user
preferences (Zhang et al., 2020). Hence, establishing key performance indicators (KPIs) aligned
with the system's objectives can be a proactive measure. Regular performance reviews and
user feedback can shed light on areas requiring maintenance and improvements. Are there
universally accepted KPIs across different Al applications, or do these need customization for

each specific use case?

Beyond technical performance, ethical considerations play a pivotal role in post-deployment
tracking. Al systems' ethical implications extend to privacy, transparency, and accountability.
Compliance with data privacy regulations, such as the General Data Protection Regulation
(GDPR), is non-negotiable (Voigt & Von dem Bussche, 2017). Al systems must be built and
monitored steadfastly to these regulations, safeguarding personal data from unauthorized
access and misuse. Transparency fosters trust and enables stakeholders to comprehend the
decision-making processes of Al systems. Implementing explainable Al techniques can
enhance transparency, providing interpretable insights into the system's decisions. But are

current explainable Al techniques sophisticated enough to provide true clarity in complex

© YouAccel Page 2



models?

Regulatory compliance is another cornerstone of post-deployment Al tracking. Governments
and regulatory bodies are progressively acknowledging the need for robust Al governance
frameworks. The European Commission's proposed Artificial Intelligence Act is a prime
example, detailing requirements for high-risk Al systems, including continuous monitoring and
performance metric reporting (European Commission, 2021). Compliance demands a thorough
approach to tracking, which includes meticulous data management, audit trails, and
comprehensive documentation. Do organizations have the resources and expertise to navigate
the complexities of these regulatory landscapes, and how can they prepare for potential audits

and assessments by external authorities?

Real-world examples underscore the necessity of effective post-deployment tracking. The
COMPAS risk assessment tool used within the U.S. criminal justice system serves as a
cautionary tale. Studies indicated that COMPAS exhibited significant racial bias, showing higher
false positive rates for African American defendants compared to white defendants (Angwin et
al., 2016). This revelation triggered widespread criticism and highlighted the importance of
rigorous post-deployment evaluations to identify and address such issues. Similarly, Al's role in
predictive policing has raised concerns regarding biased data leading to disproportionate
targeting of certain communities. Continuous performance tracking and regular bias audits are
vital in mitigating these risks and ensuring Al applications positively contribute to society. How

can these real-world lessons shape future best practices for Al governance?

In conclusion, tracking Al system performance post-deployment is a multifaceted responsibility,
combining technical, ethical, and regulatory dimensions. Addressing model drift, bias, and
system degradation is crucial for sustaining the effectiveness and fairness of Al applications.
Ethical considerations, including privacy, transparency, and accountability, must be seamlessly
integrated into monitoring protocols to uphold public trust and regulatory compliance. Real-world
instances emphasize the urgent need for ongoing oversight to preclude adverse outcomes and

align Al practices with societal values. As Al technologies continue their rapid evolution, robust
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post-deployment tracking mechanisms will be indispensable in fostering responsible and
sustainable Al deployment. What future developments in Al oversight can we anticipate, and

how might they further shape the field of artificial intelligence?
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