
3How to 
measure 
fairness?

Fairness through 
awareness

Fairness through 
unawareness

Demographic 
parity

Using fairness 
metrics is not 
enough

Sensitive attributes
treatment 
equality

Fairness means that sensitive 
attributes are not explicitly 
used in the decision-making 
process.

Often, there are ways to 
predict sensitive 
attributes, so complete 
unawareness is im- 
possible. Is unawareness 
even fair?

Fairness means that 
similar people receive 
similar classifications 
regardless of their group.

That means only similar 
individuals can be 
compared, not all 
individuals. Who even 
gets to decide what 
similarity means? 

Fairness means that both 
groups have the same 
likelihood of being accepted.

What about qualified but 
less confident groups? 
There would be less 
applications from them, 
but the ratio of 
qualified ones could be 
higher, and they would be 
dismissed…

Fairness means that errors 
by the AI system impact 
both groups similarly.

This still relies on an 
unchecked ground truth. 
Even if the errors are 
the same, the hiring 
rates could be different 
– and unfair!

Feels fair? Each of the metrics may 
sound fair at first, but achieving  
fairness is not so easy. The metrics 
are meant to provide information for 
action. Measuring fairness is not 
enough. Moreover, they are all based 
on binary divisions, contradict each 
other and are not uncontested! Read 
about the metrics’ critique on the 
poster page of the next zine.
What else can Techie do to build 
fair(er) AI? Explore fairer processes 
on the next zine pages!

Privileged

e.g. people read as male, white, 
non-queer Non-privileged

e.g. people read as non-male, 
non-white, queer

Who are the “different groups” that should be treated equally? The definition of 
those groups relies on sensitive attributes, binary divisions based on privilege:

Fairness means treating 
different groups equally. But 
how can we implement this fluid 
concept in AI contexts? On the 
following pages, you’ll learn 
about fairness metrics – 
approaches to make fairness 
measurable to act upon.

The test data can be used to see if the AI model behaves differently for different 
groups. To do so, fairness metrics are used. Many different fairness metrics exist and 
each one is a specific definition of fairness. On the following pages, there are       
some examples. 

Using metrics to 
uncover unfairness 
versus using metrics 
to sell something as 
fair

Individual fairness metricsgroup fairness metrics

Deep dive on 
the back side!
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