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This conceptual paper presents a design research study that explores fairness in machine learning (ML)
as an interdisciplinary learning opportunity for secondary education. Drawing on the societal relevance
of algorithmic decision-making systems, the study emphasizes the importance of integrating technical
and ethical perspectives within a cohesive teaching-learning arrangement — an approach that is still
rarely implemented in practice. The paper provides an overview of fairness definitions and algorithmic
intervention strategies, alongside a review of relevant educational research on ML and fairness in both
school and higher education contexts. It outlines the methodological foundations of the design research
study and introduces preliminary ideas for a prototypical teaching-learning arrangement, accompanied
by guiding research questions that frame the study.

INTRODUCTION

Machine learning (ML) systems are increasingly embedded in everyday decision-making
processes with far-reaching societal implications. While these systems offer considerable benefits, they
also risk reproducing or amplifying social biases (Mehrabi et al., 2022). Notable examples include
automated hiring systems and loan approval algorithms that systematically disadvantage individuals
from certain demographic groups (Ajunwa & Greene, 2019; Hardt et al., 2016).

In response to such challenges, fairness in ML has emerged as a central concern within an
interdisciplinary research landscape spanning mathematics, statistics, computer science, ethics, and law.
One of the core challenges in this field lies in making fairness measurable and actionable within the ML
pipeline — a task that depends on the development and use of mathematical models. This includes the
development of fairness definitions and algorithmic intervention strategies, alongside critical
discussions about trade-offs — both between competing fairness notions and between fairness and model
performance (Caton & Haas, 2024). ML constitutes the foundation of many Al applications and plays a
pivotal role in algorithmic decision-making, making fairness in ML an essential dimension of broader
debates on Al ethics.

Given the increasing societal impact of Al technologies, there is a growing recognition of the
importance of empowering students to critically engage with and evaluate these systems. This is
reflected in the development of various Al literacy frameworks and educational resources targeting K-
12 education (Long & Magerko, 2020; Touretzky et al., 2019, 2023; UNESCO, 2024). Yet, most
existing educational approaches focus either on the technical foundations or, to a lesser extent, on ethical
and societal implications. However, especially in the context of fairness in ML, the integration of both
perspectives is crucial.

This research project addresses this integration by presenting a design research framework that
combines ethical reflection with computational and mathematical modeling. It aims to develop and
empirically investigate a teaching-learning arrangement on fairness in ML tailored to secondary
education.

FAIRNESS IN MACHINE LEARNING AS LEARNING CONTENT
Technical Background

This work focuses on supervised ML systems, which rely on training models using labeled data.
The design process involves selecting a model class — such as decision trees or support vector machines
— and defining a loss function that quantifies the discrepancy between the model’s predictions and the
actual outcomes. The training process then aims to minimize the loss function, thereby optimizing the
model’s predictive performance on the training data. However, even a well-fitted model can exhibit poor
prediction accuracy on unseen data. Prediction errors — such as false positives or false negatives — may
result from limitations in the dataset, the choice of the model class, or the choice of the loss function.
Fairness becomes a concern when such errors, or more broadly the distribution of model outcomes, lead
to systematic disadvantages for certain groups or individuals.
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Recent research on fairness in ML has focused on the formalization of fairness through
quantitative definitions and the development of intervention strategies to mitigate algorithmic bias.
Numerous statistical definitions have been proposed to quantify fairness in algorithmic decision-
making. A common approach involves comparing model outcomes across different subgroups defined
by protected or sensitive attributes such as age, gender, or ethnicity (Caton & Haas, 2024). Among the
most frequently discussed definitions are statistical parity, which requires equal rates of positive
predictions across groups (Dwork et al., 2012), equal opportunity, which ensures equal true positive
rates across groups (Hardt et al., 2016), and equalized odds, which requires not only equal true positive
rates but also equal false positive rates across groups (Hardt et al., 2016). Another important fairness
criterion is test fairness, which requires that individuals with the same predicted score have the same
likelihood of belonging to the positive class, regardless of group membership (Chouldechova, 2017).
There is no consensus on which of the numerous definitions is the best; many cannot be satisfied
simultaneously (Kleinberg et al., 2017). Each definition reflects a different normative perspective on
what it means for a model to be fair and must be selected with regard to the specific context (Verma &
Rubin, 2018).

To operationalize fairness, various intervention strategies have been developed, targeting
different stages of the ML pipeline (Caton & Haas, 2024): Pre-processing methods aim to reduce or
remove embedded biases by modifying the input data prior to training, for instance by assigning weights
to data points. In-processing methods integrate fairness objectives directly into the model training
process by modifying the learning algorithm itself. Post-processing methods are applied after training
and include approaches that transform model outputs to satisfy fairness constraints, for example by
adjusting decision thresholds. Each strategy entails specific assumptions and limitations and requires
balancing competing objectives — most notably, the trade-off between fairness and predictive accuracy
(Liu & Vicente, 2022). Consequently, selecting appropriate fairness definitions and intervention
strategies involves not only technical considerations but also value-laden decisions about how fairness
is defined, interpreted, and prioritized within the specific context of application.

Learning Potential

Framing fairness in ML as a topic for secondary education, particularly within statistics and data
science education, offers rich opportunities for interdisciplinary and socially meaningful learning. The
concept provides a tangible and relevant context in which students can engage with key statistical ideas
— including sampling, conditional probability, distributions, and statistical inference — while also
fostering critical reflection on the ethical implications of data-driven technologies. A key analytical tool
in this context is the confusion matrix, a specific type of contingency matrix that organizes model
predictions into the following categories: true positives, false positives, true negatives, and false
negatives. Working with these categories allows students to recognize that ML models are inherently
subject to error. More importantly, it invites reflection on how different types of errors can carry unequal
consequences across contexts — such as denying a qualified applicant a loan versus approving an
unqualified applicant — thus linking statistical reasoning with broader questions of fairness and social
impact.

In recent years, a growing number of K-12 initiatives have introduced students to the technical
foundations of ML, focusing on what ML systems are and how they are created. Research indicates that
learners across different age groups are capable of understanding foundational ML concepts and
practices (Marques et al., 2020; Martins & Gresse von Wangenheim, 2023). Alongside these technical
efforts, an emerging field of research has begun to explore teaching about the ethical and societal
dimensions of ML systems (Marques et al., 2020). These initiatives aim to foster students’ awareness of
issues such as bias, discrimination, transparency, and accountability (Akgun & Greenhow, 2022; Ali et
al., 2019). Touretzky et al. (2019) emphasize the importance of teaching students to recognize the
potential of Al to both benefit and harm society as a central educational objective. More recently,
Dabbagh et al. (2025) have called for Al ethics to become a mandatory part of school education, as
being key to equipping students to responsibly navigate an Al-driven future.

Despite these advances, few educational approaches integrate both technical and ethical
perspectives in a coherent way (Bilstrup et al., 2020; Kaspersen et al., 2021; Skinner et al., 2020;
Williams et al., 2023). In particular, the topic of fairness in ML remains underrepresented, especially in
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ways that explicitly engage with its technical foundations, such as fairness definitions and intervention
strategies. Yet, this integration of both perspectives is essential: meaningful learning about fairness in
ML requires students to understand not only how fairness can be formalized, measured, and
operationalized but also to critically reflect on the closely intertwined ethical implications of the
technical decisions. As an early example of such integration at the secondary level, Schonbrodt et al. (in
press) describe a classroom activity on fairness in data-driven, algorithmic decision-making in the
context of credit granting, in which students analyze decision boundaries for two groups and engage
with stacked dot plots and related statistical measures.

At university level, various approaches in ML and data science education combine technical
instruction with ethical reflection (Baumer et al., 2020; Borenstein & Howard, 2021; Grosz et al., 2019;
Saltz et al., 2019; Skirpan et al., 2018). These approaches offer important insights for adaptation to
secondary education. For example, studies on teaching university students about fairness in ML have
shown that visualizations and interactive tools can improve students’ understanding of fairness concepts
(Mashhadi et al., 2022; Yan et al., 2024).

The educational potential of fairness extends beyond ML-specific education. The concept of
fairness itself has been identified as a core educational topic, fundamental to fostering an inclusive and
equitable society (Li et al., 2016; Skovsmose, 2023). Prior research in K-12 mathematics education has
explored fairness through mathematical modeling contexts such as distributing shared resources or
ranking performances. For example, Arlebick and Frejd (2025) demonstrate how secondary students
tasked with ranking heptathlon results developed and reflected on different mathematical models of
fairness, grounded in varying assumptions and priorities.

In the context of ML, fairness definitions can be understood as instances of prescriptive
modeling — modeling that does not primarily aim to describe a phenomenon of the world, but rather to
design, prescribe, organize or structure certain aspects of it (Niss, 2015). This perspective creates
opportunities for engaging students in meta-validation (Niss, 2015). It encourages students to critically
examine the consequences of modeling outcomes for affected individuals and groups, to compare the
chosen model with alternative approaches, and to consider how the model might be adapted under
changing initial conditions.

DESIGN RESEARCH ON FAIRNESS IN MACHINE LEARNING
Ideas and goals

Building on its interdisciplinary and educational potential, fairness in ML emerges as a rich and
topical subject for secondary education, offering both mathematical depth and social relevance. Due to
its complexity and novelty, it requires targeted research into how it can be effectively taught and learned.
This project addresses this need through a design research approach guided by the overarching question:
How can the subject of fairness in ML be effectively taught and learned in secondary education,
considering both ethical and technical aspects? To explore this question, the project is structured along
two closely interwoven strands: design and empirical research.

The first strand focuses on the development of a concrete teaching-learning arrangement on
fairness in ML, specifically designed for secondary education. The primary objective is to develop a
classroom-tested module that can serve as a starting point for broader classroom implementation.
Beyond this practical aim, the design process also contributes to the theoretical discourse in subject-
specific educational research. By specifying and structuring the learning content related to fairness in
ML and by developing or adapting design principles, the project aims to generate theoretical insights
that can inform future instructional designs.

Central research questions in specifying and structuring the learning content on fairness in ML include:
e  What are the relevant learning objectives?
e  What are the relevant mathematical content elements, and how are they inherently connected?
e How can these elements be structured into a coherent intended learning trajectory?

The various fairness definitions and intervention strategies outlined above — particularly in
relation to mathematical modeling — offer rich opportunities for the development of learning materials.
Their connection to ethical considerations and the potential for reflecting on decision-making processes
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further expands this potential. A corresponding learning trajectory could, for instance, encompass the
following key elements:

e Developing a conceptual understanding of fairness: Learners begin by reflecting on their
everyday conceptions of fairness, shaped by personal experiences and sociocultural contexts.
These informal understandings serve as an entry point for the introduction of formal,
mathematically grounded fairness definitions commonly used in ML, such as statistical parity,
equal opportunity, and equalized odds. Students are encouraged to critically compare their
intuitive concepts with formal models by reflecting on the normative assumptions embedded in
each definition.

e Analyzing fairness in real-world data: Building on this conceptual foundation, students apply
selected fairness criteria to real-world datasets. They analyze the distribution of predictions
across sensitive groups, assess fairness-related discrepancies, and interpret the societal
implications of their findings. This hands-on exploration is designed to bridge the gap between
abstract fairness concepts and their real-world implications.

e Exploring fairness intervention strategies: Students are introduced to selected fairness
intervention techniques. Through practical experimentation, learners explore how interventions
affect fairness outcomes and model behavior.

e Discussing trade-offs and competing priorities: Structured reflection phases are embedded
throughout the learning sequence to support the critical engagement with societal implications
of technical design decisions. Students discuss inherent trade-offs between competing fairness
definitions and the potential impact of fairness interventions on model performance and
transparency. These dialogues aim to foster integrated reasoning that bridges technical analysis
with ethical considerations involved in operationalizing fairness in ML systems.

The design work forms the foundation for the second strand of the project, the empirical
research. This phase aims to evaluate the effectiveness of the teaching-learning arrangement in initiating
and supporting the intended learning processes and to derive evidence-based insights into how students
engage with both the technical and ethical aspects of fairness in ML. It seeks to develop empirically
grounded local theories of the teaching and learning processes associated with the developed teaching-
learning arrangement.

Central research questions concerning the specific teaching-learning arrangement include:

e To what extent does the developed teaching-learning arrangement effectively initiate the
intended learning processes, and how well do these processes align with the intended learning
trajectories?

e What are content-specific learning processes, including typical learning pathways, difficulties,
and obstacles?

e What are content-specific teaching processes, including typical conditions and effects?

Methods

To address the two strands of design and empirical research, the project adopts a design research
methodology that integrates the development of teaching-learning arrangements with subject-specific
educational research. The study is guided by the Dortmund model of topic-specific design research
proposed by Prediger et al. (2012), which combines a content-focused and process-focused approach.
This dual orientation connects, on the one hand, to Wittmann’s (1995) conceptualization of mathematics
education as a ‘design science’ that structures subject matter from the learner’s perspective. On the other
hand, it draws on Gravemeijer and Cobb’s (2006) notion of design research as a method for investigating
learning processes.

Based on Prediger et al. (2012), the design research is structured into iterative cycles across four
intertwined working areas:

1. Specification and structuring of the learning content — Core mathematical concepts (e.g.,
confusion matrix, conditional probability, statistical parity) are identified and paired with
authentic, real-world contexts. Example datasets include the German Credit dataset (Dua &
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Graff, 2017) to explore gender disparities in credit decisions, and the COMPAS dataset (Larson
et al., 2016) to explore fairness issues in recidivism prediction.

2. Development of the teaching-learning arrangement — The teaching-learning arrangement is
developed within the framework of CAMMP (Computational and Mathematical Modeling
Program; Frank & Roeckerath, 2022). CAMMP aims to teach secondary students the relevance
of mathematics for understanding socially relevant topics — such as fairmess in ML. The
developed arrangement is intended for CAMMP Days — half- or full-day workshops conducted
with entire school classes. It follows CAMMP’s design principles, namely working on real,
relevant problems through mathematical modeling and the use of digital tools (Hofmann et al.,
in press). The learning activities center on interactive, digital worksheets in Jupyter Notebooks,
which combine explanatory texts, visuals, and code. Automated feedback and differentiated
scaffolding ensure accessibility for learners without prior programming experience.

Preliminary example of learning material: Reflection on the trade-off between fairness and
model performance

Visual representations such as Figure 1 can serve as an entry point for investigating how changes
in fairness may affect model performance. Students may be tasked with interpreting the figure,
identifying patterns, and discussing potential explanations. The activity is designed to prompt
reflection on the role of context: for example, in predicting criminal recidivism, a trade-off may
arise between accuracy — which in this setting is linked to public safety — and fairness toward
all individuals involved (Corbett-Davies et al., 2017). In such contexts, prioritizing high
accuracy could be considered appropriate. Conversely, in allocation scenarios such as the
distribution of scholarships or training opportunities, a higher degree of fairness may be
preferable, even if this entails some reduction in predictive performance.

0.4 0.5 0.6 0.7 0.8 0.9 1.0
Fairness (statistical parity)

Figure 1. Relationship between fairness (statistical parity-based metric with 1 indicating
maximal fairness) and predictive performance (accuracy) for a toy dataset.

3. Conducting and analyzing design experiments — The developed teaching-learning arrangement
is tested through iterative design experiments in laboratory and classroom settings. Data sources
include student work artifacts (e.g., completed notebooks), classroom observations, and semi-
structured interviews with students and teachers, enabling analysis of how learning processes
unfold in practice.

4. Development of local theories — Findings from these experiments are synthesized into local
theories about teaching and learning processes related to fairness in ML. These theories describe
typical learning pathways, challenges, and effective instructional strategies for fostering
technical-ethical reasoning about fairness in ML.

DISCUSSION AND OUTLOOK
This paper has outlined different reasons for fairness in ML holding substantial potential as an
interdisciplinary and socially relevant topic for secondary education. In line with existing approaches,
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it is argued that the joint development of the mathematical foundations and the ethical perspective is not
only mutually enriching (Williams et al., 2023), but also both feasible and pedagogically valuable within
school contexts. Building on this premise, the paper presents a design-based research approach aimed
at systematically developing and investigating a corresponding teaching-learning arrangement. In
implementing the project, particular care must be taken in selecting from the wide range of possible
content and instructional strategies to ensure the material is neither overwhelming for learners nor
lacking in depth with respect to technical and ethical dimensions.

The next steps of the project follow the outlined methodological approach (Prediger et al., 2012)
and include the specification and structuring of learning content, as well as the development of a
prototypical teaching-learning arrangement. This entails the careful selection of a relevant real-world
problem and an accompanying dataset. By the time of the conference in fall 2025, initial task designs
and sample instructional sequences will have been developed. The presentation will therefore be
enriched with preliminary examples of learning material.
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