“Artificial intelligence is only as fair as the data it learns from” (Barocas and Selbst, 2016).

In our increasingly digital lives, machine learning algorithms play a critical role in shaping
decisions. For example, decisions in healthcare, finance, hiring, and even social media. When
Al systems are biased, they can reinforce inequality, limit opportunities, and erode our trust in
technology, which is why we must actively work to tackle bias head-on.

Machine learning fairness refers to the principle that algorithms should make decisions without
unfairly privileging or disadvantaging any individual or group (Mehrabi et al., 2019). Bias can
arise from historical data that reflects societal inequities, algorithmic assumptions that cause us
to encode discrimination, or the underrepresentation of certain populations. For example, facial
recognition systems have been shown to misidentify people with darker skin tones at
significantly higher rates than those with lighter skin tones, highlighting real-world ethical and
legal concerns (Zou and Schiebinger, 2018).

The benefits of fair Al are substantial. In healthcare, fairness-aware models can reduce
disparities in diagnoses, while in employment and education, unbiased systems can support
merit-based decision-making and widen access to opportunities. Organisations that prioritise
fairness show a commitment to social responsibility while aligning with technological
advancements. As Al systems learn from new data, models that were once fair can develop
biases over time. Engineers must continuously evaluate and audit these algorithms to keep
them fair in real-world use (Raji and Buolamwini, 2019). Moreover, governments and
organisations are creating policies and ethical guidelines to make fairness a legal standard,
showing that responsible Al is essential. (European Commission, 2021).

To prevent bias, developers can take several practical measures. Including individuals from
diverse backgrounds in the design and implementation process helps identify different
perspectives, experiences, and definitions of fairness, reducing the risk of misclassifying
underrepresented groups (Hardt, Price, and Srebro, 2016). Regular auditing and testing of
algorithms are essential to detect and correct unexpected disparities. Algorithmic auditing, for
example, involves systematically reviewing models to detect potential biases and adjusting or
retraining them as needed (Raji and Buolamwini, 2019).

Al Engineers and developers have proposed several additional solutions to address these
challenges. One approach is rebalancing datasets, which involves oversampling
underrepresented groups or reweighting data to reduce skewed learning outcomes (Kamiran
and Calders, 2012). Another approach is fair representation learning, where developers adjust
how data is represented so that sensitive attributes, such as race or gender, don’t unfairly
influence the algorithm’s decisions while still maintaining model accuracy (Zemel et al., 2013).
This ensures that Al can make reliable predictions without discriminating against any group.
Transparency is also essential. Explainable Al (XAl) tools allow engineers to see why a model
made a particular decision, making it easier to spot and fix any biases in the system
(Doshi-Velez and Kim, 2017).



However, achieving fairness in machine learning has some challenges. There is no universal
definition of what it means for an Al system to be “fair,” and different fairness objectives can
conflict with each other (Barocas, Hardt, and Narayanan, 2019). For instance, designing an
algorithm to perform equally well for all demographic groups may reduce its overall accuracy,
but when focusing only on maximising accuracy can unintentionally disadvantage minority
groups (Kleinberg, Mullainathan, and Raghavan, 2017).

In conclusion, ensuring fairness in machine learning is not just a technical challenge but a
societal responsibility. By understanding how bias emerges and implementing effective
measures to prevent it, Al engineers can create Al systems that are innovative, which helps in
developing technology that benefits everyone fairly.
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