
1
C.O.R.P. 

(the corporation)

How to 
create an 
AI model?

Meet Techie – Techie 
is an aspiring ethical 
data scientist 
committed to using 
AI for social good. 
But that is not so 
easy – follow their 
journey towards 
fairer AI!

“Build a fair AI 
hiring model for us!”

Input: CV  
Output: hire/reject

Techie is approached 
by the C.O.R.P. 
corporation to 
automate hiring 
processes…

Data 
collection

TrainingtestingIs it 
accurate?

Deployment & 
evaluation

They use 900 CVs to train the hiring 
model:

challenge 
definition

You’ll get 1000 CV’s from 
previous applicants, 
including labels indicating 
who got hired and who 
didn’t. We want you to 
build an AI model that 
looks at a person’s CV and 
predicts whether to hire 
them or not. A good model 
would predict “hire” if the 
person was in fact 
hired.

To train and test the model with different data, Techie splits 
the 1000 CV’s in two parts: 

The remaining 100 CVs are used to 
test the model. This is done to 
ensure that the model works on 
new data, so it is tested on data 
that was not used for training.

Based on 
this data, 
the model
 “learns” who was 
hired before.

The results of this 
testing show 
where the model 
predicted correctly 
and incorrectly.

To evaluate how accurate the 
model is, its predictions are 
scrutinised with the help of several 
formulas, for example, this one: 

It asks: How many predictions 
were true? The result is the rate 
of correct predictions, meaning 
predictions that matched the 
label given beforehand (see data 
collection).

As soon as these rates are high 
enough, the model is deployed.

This rate reflects 
how comparable the 
model's predictions 
are with past 
decisions. What if 
I disagree with 
past decisions? 
What can I do to 
prevent my model 
from being unfair 
and learning 
societal 
prejudices?

C.O.R.P. deploys the algorithm and 
evaluates how valuable and efficient 
it is for them.

But civic society has a 
say in this! And the 
public backlash says: 
This model is unfair.

How did that happen? 
And what can Techie 
do? Find answers in the 
next zines!

Accuracy = 
True Predictions
All Predictions

…and receives a 
lot of data.

Techie 
(they/them)
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2Where does 
unfairness 
come from?

The term bias describes a 
systematic deviation. Different 
research areas each have their 
own understanding of what 
exactly “bias” entails. These 
different concepts of bias can lead 
to misunderstandings and 
misconceptions about how to deal 
with them.

In the context of AI, bias was 
initially used as a term that 
focussed on technologically 
induced deviations. The discussion 
of societal biases in the context of 
AI is more recent.

After implementing the 
hiring AI, Techie notices 
discriminatory decisions 
by the algorithm. So, 
Techie decides to 
investigate. Where does 
the unfairness come 
from and how did it get 
into Techie’s hiring 
algorithm?

bias
examples of biases

The features and labels used in the 
model are inaccurate representations 
of what we're really interested in, and 
distort the model's view of reality. 

Measurement Bias

How well can a one-page 
PDF summarise a person's 
life? Certain important 
qualities such as 
kindness, ethics or 
network and industry 
connections may not end 
up on someone's CV.

Models introduce bias into the 
system, causing the model to 
systematically favour certain 
predictors over others.

Algorithmic Bias

During training, the AI 
model learns that the most 
interesting information is 
in the “career” section. It 
learns to focus on that 
section of the CV. If a 
candidate has hobbies that 
would be great for the job, 
this would not be 
recognised by the AI.

Biases seep into AI 
systems in various 
places – and there is 
no single approach 
to tackle all of them. 

Biases can influence AI models in 
different ways at different stages of 
development. Often, a bias is either 
due to biased data or biased 
training of the model. AI models 
then adopt biases, which can have 
discriminatory effects.

Two examples of biases are 
explained on the following pages, 
more can be found on the poster 
page of this zine!

So, biases seep into data, models, 
and how we deal with them from 
many entry points. One way of 
dealing with biased datasets is 
called “debiasing”. It is a term that is 
often used in policy documents and 
understood as a means to solve 
problems with discrimination. 
Debiasing describes the idea of 
treating a biased dataset using 
fairness metrics and technical 
mitigation methods to gain an 
“unbiased” dataset.

How to deal with biases?
bias in ai 
contexts
Even though this promise of a 
technical solution might sound 
tempting, it is not the right way to 
solve societal problems. Also, the 
terminology used, such as 
“debiasing”, can be misleading 
because it implies that biases, 
including discrimination, will be 
mitigated technically. Despite best 
efforts, bias will persist, and even 
more so if we do not question 
societal roots and assumptions 
behind biases.

See Balayn & Gürses (2021): Beyond Debiasing. 
Regulating AI and its inequalities for more 
information

Still, Techie wants to know how 
discriminatory their AI model 
actually is. How can Techie measure 
the bias of their model? 

Find out more in the next zines!
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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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4How to 
create a 
fair ML AI 
System?

Data 
collection

TrainingtestingIs it fair?
Deployment & 
evaluation

challenge 
definition

Remember the AI 
development process from 
the first zine? Fairness has 
to be considered in every 
step. Find out how 
on the next pages!

Who is in charge? Who defines 
the challenges? Striving for 
AI justice means thinking 
about the lived experiences of 
groups whose lives are 
affected by AI. Choosing not 
to use AI should always be an 
option to prevent harm.

Datasets have limitations 
and lack diversity. 
Collecting more and the 
right data – together with 
the people affected – is 
the best way. Also, there 
are technical ways of 
enlarging datasets: For 
example, reweighting 
(enlarging underrepresented 
groups in a dataset) or 
synthetic data (calculated 
guesses on missing data).

Models are usually build to be 
most accurate. What if we told 
the model that fairness is also 
important?

That could be done by 
incorporating fairness metrics into 
the training objective, such that 
the model optimises for both 
accuracy and equal treatment 
while learning.

Testing the AI system across a 
wide range of scenarios and 
demographics and implementing 
intersectional testing protocols to 
be aware of multipliers of 
disadvantage is an important step 
in developing fairer AI models.

It is not enough to test a model’s 
accuracy; fairness also has to be 
considered. 

Have we 
considered all 
stakeholders?

Solutions to societal problems won’t 
arise from turning flawed metrics 
into technical tools of control. 
Testing the fairness of an AI model by 
using fairness metrics should not be 
a way to “fairness wash” an AI but a 
self-critical process. 

When the AI model is not explainable, 
the public does not get a say. But 
fairness is about power sharing! 

Explainable AI ensures that 
applicants receive an explanation of 
the decision. Open sourcing the 
algorithm for crowdsourced testing 
might help to bring in a variety of 
perspectives. Both are approaches for 
improving the algorithms’ fairness.

Keeping the many people affected 
by the AI model in mind and 
taking their experiences into 
account is more important than 
using a specific fairness metric to 
declare an AI model as fair.
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Let the green side of the paper 
face up

Fold it in half

Open it again

Fold it in half in the other direction

Open it again

Flip the paper around, 
green side facedown. Now 
fold right and left sides of 
the paper to the crease in 
the middle.

Open it again and 
flip, green side faces 
up

Fold it in half

and cut from you fold 
inwards to the 
middle, where the 
two folds meet

Open it again

Fold it in half

and push both ends inwards 
so that your cut opens

now fold all sides together 
and flip until the front page 
turns forward

Tadaa! Enjoy reading :)
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