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Abstract. In recent years, addressing bias, discrimination, and
fairness in Al has garnered significant attention. However, integrat-
ing these discussions with established legal frameworks, particularly
within European Union legislation, remains a critical and underex-
plored area. This article addresses this gap by proposing legally valid
fairness assessment metrics that capture the socio-legal context spe-
cific to each case. Our approach seeks to integrate legal, social, and
technical perspectives in evaluating Al fairness. While many Al fair-
ness toolkits provide statistical measures of fairness, they often fall
short of aligning with the context-sensitive discrimination metrics
and evidential requirements outlined by the European Court of Jus-
tice. To bridge this gap, we leverage the concept of contextual equal-
ity. The concept of contextual equality must be reified within the
technology through two main steps: (1) providing a formal definition
of contextual equality for Al decision-making problems, whether
classification or regression, and (2) operationalizing this definition
within state-of-the-art metrics for ‘measuring’ fairness compliance.
The paper provides these two critical contributions. An experimental
evaluation is carried out on two benchmark datasets in the field of AL
and education, validating the approach with Al stakeholders involved
in the field and in the decision-making process. This also serves to
highlight the negative impacts that an assessment not legally sound
could have.

1 Introduction

Concerns over bias in Artificial Intelligence (Al) and Machine Learn-
ing (ML) have intensified as these systems are increasingly used in
high-stakes domains such as healthcare, finance, recruitment, and ed-
ucation. Ensuring compliance with trust and fairness requirements is
now critical, especially with the EU Al Act [7] introducing a bind-
ing regulatory framework for high-risk Al applications. Among the
seven required elements of trust compliance, fairness is recognized as
one of the four ’Ethical Principles in the Context of Al Systems,” as
outlined in the Ethics Guidelines for Trustworthy Al [9]. This prin-
ciple is intrinsically connected to three other principles—respect for
human autonomy, prevention of harm, and explicability. It addresses
various ways in which bias can manifest undesirable impacts, in-
cluding discrimination, inequality, exclusion, segregation, marginal-
ization, exploitation, and manipulation. The urgent need for fairness
assessment and testing of Al systems arises to ensure these systems
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meet the necessary compliance requirements, as deployment in high-
stakes applications is untenable if the systems exhibit discriminatory
behaviours based on sensitive attributes like gender, race, or age.

Numerous fairness metrics have been proposed by researchers to
test Al algorithms for bias [13]. The volume of these metrics is on
the rise, and they represent a concrete method for testing compliance
with the fairness requirements of Al systems. However, the extent
to which these metrics meet the standards set by EU law remains
an unresolved issue [11, 14]. This uncertainty significantly hampers
the value of assessments conducted using these metrics[20]. There
is a recognized gap between the statistical fairness metrics included
in existing fairness toolkits and governance mechanisms (context-
sensitive and intuitive metrics) used by the law and the EU Court of
Justice [11, 20, 8]. This discrepancy primarily arises from the fact
that the assessment of potential discrimination should in principle
be conducted on a case-by-case basis, analyzing all contextual infor-
mation of the specific case. This critical concept is known as con-
textual equality. Therefore, while numerous statistical metrics exist
in the technical literature, none can reliably capture the EU concep-
tualization of discrimination in law, which is inherently contextual
[5, 20]. Existing scalable automated methods to detect and combat
discriminatory decision-making seemingly necessitate clear-cut rules
or quantifiable thresholds, which EU non-discrimination law and ju-
risprudence deliberately do not provide.

To address the limitations of existing statistical metrics, it is es-
sential to augment them with the notion of context. This enhance-
ment enables the assessment of discrimination by accounting for the
socio-legal context as mandated by law, ensuring a responsible eval-
uation of behaviours as fair or unfair. Contextual equality has been
previously discussed in the literature [20]. However, their definition
remains a unique instance in the literature and has not been con-
cretely implemented in existing technological metrics that the mar-
ket offers for fairness assessments [2, 3, 15] '. Moreover, their appli-
cation is confined to classification tasks, limiting its broader appli-
cability. Recognizing the critical need to measure levels of fairness
and unfairness in Al systems within social and legal contexts, this
study defines contextual equality in Al systems. This concept safe-
guards against unfairness by ensuring that legally and socially rele-
vant case-specific factors — validated through legal norms and stake-

1 To the best of our knowledge, while some toolkits mention it for classifi-
cation, a closer inspection reveals that they reduce it to mere context-less
metrics.
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holder input — are included in fairness assessments. For instance, in
the context of educational admissions, EU non-discrimination law —
as interpreted by the EU Court of Justice — acknowledges the im-
portance of indirect discrimination, where a seemingly neutral cri-
terion disproportionately disadvantages a protected group unless ob-
jectively justified and proportionate (e.g., [4]). A predictive model
that flags students as at-risk based solely on academic scores may ap-
pear neutral but could disproportionately affect students from socio-
economically disadvantaged backgrounds. Variables such as school
funding level, regional access to preparatory courses, or parental ed-
ucation level may thus be legally relevant contextual factors. Their
inclusion allows fairness assessments to detect disparities rooted in
structural inequalities rather than in individual merit, aligning the
model’s logic with principles of substantive equality under EU law.
This contextualization is not arbitrary: it is governed by a structured
socio-legal framework rooted in EU directives (e.g., [17]) and inter-
preted through CJEU jurisprudence, ensuring that only legally justi-
fiable differences are considered in fairness assessments.

Our definition of contextual equality enables a legally grounded
assessment of an Al system’s compliance with fairness obligations.
Building on the definition of [20], we expand its applicability to both
classification and regression Al tasks. We also provide a method-
ology for integrating the notion of contextual equality into existing
state-of-the-art metrics to render them legally sound. The methodol-
ogy is illustrated using one of the most well-known fairness assess-
ment metrics, Demographic Disparity (DD) [14], chosen both for its
relevance to the case study and its widespread use. However, our ap-
proach is general enough to be applied to any other existing fairness
metric in the literature.

The validation and formalization of these concepts have been val-
idated through a real-world case study. The selected case study in-
volves ranking students based on predicted academic performance
to identify potential dropouts or to make recommendations. Real-
world data’ along with guidance for determining objectives and as-
sessing quality and fairness metrics, were provided by the Canarian
Agency for Quality Assessment and Accreditation (ACCUEE). AC-
CUEE was involved as a stakeholder, along with socio-economic ex-
perts, to formalize the problem and validate the assessment. The case
study highlights the significant dangers of using non-legally com-
pliant Al assessments in education, where biases in the algorithms
can lead to students being mistakenly identified as underperforming
or at-risk. Such misclassifications can result in educational disad-
vantages, stigmatization, and resource misallocation, negatively im-
pacting students’ academic and psychological well-being. Moreover,
these flawed assessments can have long-term effects on students’ ed-
ucational trajectories and future opportunities, while also exposing
educational institutions to legal and ethical challenges.

2 Related work

This work moves within the context of Al fairness assessment
and measurement, which involves determining whether an Al sys-
tem is perpetuating or amplifying existing societal discriminations
in automated decision-making systems. Usually, the level of fair-
ness/unfairness of Al systems is assessed via Al fairness metrics.
These metrics are designed to evaluate whether Al systems exhibit
bias or discrimination against certain individuals or groups based
on protected (aka sensitive) attributes such as race, gender, or age.
Al fairness metrics provide a standardized way to quantify dispar-
ities. Many current works suggest quantitative statistical metrics to

2 Dataset: https://zenodo.org/records/11171863

measure the level of unfairness or bias in an Al algorithm based on
different notions of fairness or different types of sensitive attributes
[13, 14], but few focus on their compliance in terms of law [20].
A recent study highlighting the limitations of existing metrics and
how they don’t work well in many real-world ML applications is
[11]. The study further highlights the limited attention given to le-
gal compliance in current fairness evaluation frameworks. A key
work addressing the gap between technical and legal perspectives
is [20]. The authors emphasize how the socio-legal context condi-
tions the evaluation of potential discrimination. Accordingly, exist-
ing metrics need to be revisited by introducing the notion of context,
allowing for conditioning in the fairness assessment. Watcher’s the-
oretical work defines DD in terms of contextual equality, adding the
possibility of conditioning the measurement of DD based on the con-
text. More recent works have continued this normative turn. Roy et
al. [16] propose Socio-Economic Parity, a fairness constraint directly
derived from the EU AI Act’s obligations, particularly emphasizing
socio-economic status as a legally protected dimension in automated
decision-making. Their work underscores the need for compliance-
ready fairness metrics. Meding [12] complements this with a detailed
legal-theoretical analysis of how algorithmic fairness must be framed
under the EU AI Act and related anti-discrimination directives. Both
works strengthen the argument that legally informed metrics must go
beyond statistical parity and must be adaptable to context-specific
factors. In addition to these largely conceptual contributions, our
work provides a practically implementable framework—empirically
validated on real-world datasets—and a generalizable methodology
for extending existing statistical fairness metrics to incorporate legal
and contextual dimensions. In our study, we adopt the same theoret-
ical definition of [20] but we generalize it. Similar to their approach,
we provide fairness metrics for measuring contextual equality, which
is essential for Al compliance. However, we expand it for use in
both classification and regression tasks, and to measure inter-group
and intra-group comparisons. We then transform this definition into
quantitative metrics, implementing contextual equality as a statisti-
cal fairness metric within an open-source fairness toolkit. Indeed, in
some scenarios, having a quantitative metric can assist in making cer-
tain automated, albeit supervised, reasoning processes, thereby alle-
viating the burden of analyzing a large volume of data on the human
expert.

3 Move Al fairness metrics to Contextual Equality
Notion

In this section, we introduce a methodology to legally validate ex-
isting fairness metrics found in the literature by incorporating socio-
legal context into their definitions. This approach ensures that the
assessments consider this context. To provide specific details of the
methodology, it will be applied to a particular metric, Demographic
Disparity (DD) [14], without loss of generality.

3.1 DD and CDD for Classification

Let (X, A,Y) represent the input features, the protected attributes,
and the output of interest respectively, with A € X and f(X) =Y.
The DD metric assesses whether a group has a higher proportion of
rejected outcomes compared to accepted outcomes [10]. Formally:

DDa:Na_Pa (1)

where a € A is the value of the protected attribute (for instance,
female or male when the protected attribute is gender) and P and N
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are defined respectively as:
i€ llA=a,y =1}

P, = :
¢ [{i € Ily=1}
N - Hi€llA=ay=0}]
¢ [{i € Ily = 0}

where i € I refers to a specific example (i.e. a row or an individual)
within the dataset.

CDD extends the DD notion by accounting for conditioning, i.e.,
adding the possibility to specify the contextual variable to be consid-
ered when examining demographic disparity [20]. Formally, a clas-
sifier satisfies CDD with respect to feature R if:

Ngr, > Pgr, (2)

where R is a feature in the input space and Pr, and Ng, are:

i€l|A=a,R=ry=1
Py _ i€ } 5
e lR=ry=1}|

{ieI|A=a,R=r,y =0}
i€ IR =ry=0}|
The extension from DD to CDD involves the addition of a contex-
tual variable (condition) R in measuring potential unfairness. Thus,
it no longer analyzes unfairness in general but grounds the analysis
in a specific context that needs to be considered. CDD must, at least
theoretically, be evaluated for all possible combinations of protected
features (for instance male/female) and contextual variables (R in the
formula), considering a system fair if it ensures CDD is met for all the
measurements. However, this “plain” strategy, as pointed out by [20],
is prone to finding false positives. In other words, searching over all
combinations of attributes for a violation in practice would almost
certainly end up labelling a classifier as unfair simply by chance. To
account for this, an aggregation statistic should be defined. Various
approaches have been considered in the literature [20]. For simplic-
ity, and because this choice does not impact the goal of this work,
we adopt a weighted average (based on the number of individuals)
of the CDD for each value of R, as proposed by [18]. The smaller
the difference Nr, = PRra, the fairer the treatment of the Al sys-
tem; conversely, the larger the difference, the more the Al system is

behaving unfairly.

NRa =

“

3.2 DD and CDD as quantitative metrics

The definitions above can benefit from being transformed into a
quantitative metric. This can be useful for: i) providing a numeri-
cal quantification of the magnitude of disparity, offering a concise
metric for judicial assessment; ii) transitioning to a technical per-
spective, where the metric needs to be implemented and integrated
into a tool; iii) enabling AutoML techniques (designed to automat-
ically compare hundreds of predictors to select the optimal one) to
function effectively [21]. Accordingly, we define CDD as

CDDR,a = NR,a - FR,a (5)

with Ng,o = pw(Nr,e) Vr € Rand Pro = pw(Pra) Vr€R
where 1., represents the weighted average. This difference concisely
represents the existing gap between N g . and Pr,,, highlighting a
disparity in the case of a difference greater than zero, and is com-
pletely aligned with the DD metric (Equation 1). While this disparity
already provides an initial framework that allows the human eval-
uvator to identify potential discrimination, we believe that the com-
putational metric could benefit from another analysis: the dynamics

between different groups (inter-group or between-group dynamics).
For this purpose, our analysis proposes to explicitly introduce an ad-
ditional difference that needs to be considered, namely, the difference
between the CDD of different groups. This difference should be cal-
culated for every possible pair of protected groups. Formally,

CDDr.a;a; = CDDp,a;, — CDDp,a, (©)

with a;,a; € A and a; # a;. The same for DD, with no condition-
ing:

DDa;.a; = DDa, — DD, ©)

with a;,a; € A and a; # a;. The smaller the difference, the more
similarly the groups are treated, while larger differences indicate dis-
similar treatments.

3.3 DD and CDD for Regression

As for regression, the task can be reduced to a classification task
through thresholding, as inspired by [1]. In their work, the authors ad-
dress the problem of fair regression, which involves predicting a real-
valued target while ensuring compliance with fairness constraints re-
lated to a protected attribute. Specifically, they adapt regression tasks
to be measurable using existing fairness metrics that are typically de-
signed for classification tasks. To achieve this goal, the authors first
discretize the loss function by discretizing its parameters, including
the predicted real-valued score and the ground truth. Then, by using
the approximated version of the loss, they can define fairness metrics
typically used for classification, making them suitable for addressing
regression.

Following their core idea, to extend the CDD metric to regression
tasks, we discretize the regressor’s predicted values using the con-
cept of a discretization grid. The discretisation grid is essentially a
set of multiples of & = 1/N, where N represents the size of the grid.
Therefore, the grid can be defined as the set Z = {jo : 1,..., N},
which contains N integer multiples of . The basic idea is that the re-
gressor can be approximated by N classifiers, each corresponding to
a different threshold value from the discretization grid. Specifically,
let h.(X) be a classifier assigning label 1 to a sample with features
X if f(X) > z, 0 otherwise. The extension of the CDD assessment

tests to regression tasks involves evaluating C DD and CDD for all
values of z € Z, being Z the discretisation grid. This translates to
evaluating 5 and 6 for all the classifiers sampled through thresholding
with the values in Z. Formally, this would produce the set:

{CDDRggn,(x)|RE{X\A}} witha€ A,z € Z

This is the extension for Equation 5. The formulation of this ex-
tension for 6 is straightforward.

To sum up, in regression tasks, the CDD evaluation must ex-
tend to each classifier used to discretize the regressor. Although in-
creasing N enhances approximation, selecting the highest possible
N is impractical. Instead, aim for a sufficiently large N that pro-
vides an adequate approximation. Examining the plots containing
CDD,CDD Vz €Z and analyzing the effects of each individual
value on the regressor is a highly effective tool for detailed assess-
ment of the resulting classifer’s behaviour. In fact, one could get an
idea of what the proportion of individuals receiving an advantageous
outcome is for both the protected and non protected groups. If com-
bined with a utility function whose output depends on the model’s
classification, this approach has the potential to be highly informa-
tive as an assessment tool.
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However, also having a concise metric to represent the overall
magnitude of fairness or unfairness can be very useful. To address
this, we propose a metric that aggregates all the DD and C'D D val-
ues obtained across Z by calculating the fraction of fair classifiers.
For a fixed z, a classifier is considered “fair” with respect to CDD
if, for a given tolerance €, the C'D D values for all groups defined by
the sensitive attributes are below this threshold. By iterating over the
discretization grid, we can assess whether each classifier, obtained by
thresholding the regressor’s predictions, is fair. Finally, the number
of fair classifiers is divided by the total number of classifiers (which
equals the size of the discretization grid), yielding the value for the
aggregation metric. This process is repeated for all contextual vari-
ables under consideration. Formally, for each z € Z, the classifier
h-(X) is considered fair if:

|CDDR,a,hz(X)| < € VCLE A
Let U=pp(2) be an indicator function such that:

1 if‘CDDRah(X)|<E
qj z) = Yy ltz
oo (?) {0 otherwise.
The aggregation metric F'air Ratec pp computes the fraction of fair
classifiers across all z € Z:

N
) 1
FairRatecpp = N Z Yepn(2i),

j=1

where z; = jaforj = 1,2,...,N. As per Fair Ratepp, defini-
tions are analogous but are omitted here for the sake of space. The
value of € is not important within the context of this work because,
as already stated, the main focus of CDD is to be used as an assess-
ment tool providing evidence of possible discrimination. The fair-
ness evaluation is therefore left to the judicial experts that can have
a deeper understanding of the use case. Using F'air Ratecpp and
FairRatepp is therefore a more compact way of proving that the
fairness of a model largely depends on the conditioning with respect
to certain contextual variables.

3.4 Generalization for Other Al Fairness Metrics

The methodology outlined above is generalizable and can be sys-
tematically applied to a wide range of fairness metrics. The trans-
formation follows the structured approach previously defined and is
summarized below:

e Start from an existing Al fairness metric: Select a standard
fairness metric — such as demographic parity, equalized odds, or
predictive parity — used to measure disparities across protected
groups.

o Identify legally and socially relevant contextual variables:
Choose case-specific features (e.g., department, region, socio-
economic status) that are not protected attributes but are recog-
nized by law or domain expertise as relevant to assessing fairness.

e Condition the metric on context: Redefine the fairness metric
within each subgroup defined by the contextual variable, measur-
ing disparities not in aggregate, but within each relevant social or
institutional context.

e Aggregate across contexts: Use a weighted average (or alterna-
tive statistic) to summarize fairness results across all contextual
subgroups, ensuring that population size or significance is taken
into account.

o Compare across protected groups: Assess fairness consistency
between protected groups by comparing their contextualized fair-
ness scores, identifying unjustified disparities in treatment.

e Extend to regression (if applicable): In cases where the model
outputs continuous predictions, discretize the predicted values us-
ing a predefined threshold grid—classifying outcomes below each
threshold as negative and those above as positive. For each thresh-
old, a binary classifier is derived and evaluated using the same
contextual fairness methodology applied in classification tasks.

¢ Summarize with an aggregate fairness score (optional): Com-
pute a compact summary metric—such as the proportion of fair
threshold-based classifiers—to communicate overall compliance
in a legally interpretable format.

4 Use Cases and Experimental Setup

Our experimental evaluation uses two benchmarks in Al and edu-
cation to contextualize and motivate our approach, illustrating the
differences between DD and CDD. The case study involves predict-
ing students’ academic performance based on data collected from
their academic history and socio-economic background. Predicting
students’ performance can facilitate the early identification of po-
tential issues through Al-based educational solutions, allowing for
timely and appropriate interventions. While accurate predictions are
crucial in this context, it is also recognized in the literature that avoid-
ing disparities, regardless of students’ social backgrounds and other
sensitive attributes such as gender, is equally important [19]. Socio-
economic status and gender often correlate with access to resources,
opportunities, and support systems. Therefore, ensuring that these
algorithms are fair is of fundamental importance. However, how fair-
ness is assessed is also crucial to avoid misjudgment and to enable
the implementation of appropriate countermeasures. The goal of our
experiments is to compare the behaviour of CDD and DD by eval-
uating the presence (or absence) of bias in a linear regressor fit-
ted to predict each student’s score in Mathematics. Our experiments
demonstrate how results can vary, sometimes significantly, when the
social context is not considered. Therefore, to produce a fairness as-
sessment that meets legal requirements, it is essential to use CDD.
We have analyzed two different datasets, both collecting data in real
domains, namely the Student Performance Dataset and the Canary
Islands Dataset®.

4.1 Student Performance Dataset (SPD)

Dataset description. This dataset’ [6] examines student achieve-
ment in secondary education across two Portuguese schools. For each
student, it includes school grades, demographic information, as well
as social and school-related data. It was collected through school
reports and questionnaires. The dataset is split into two parts, each
corresponding to performance in a different subject: Mathematics
(mat) and Portuguese language (por). In our experiments, we con-
sider only the partition related to performances in Portuguese. It con-
tains 649 instances with 30 features. The target columns are G/, G2,
and G3, which correspond to the Portuguese grade achieved at the
end of the first, second, and third periods of the academic year, re-
spectively. When testing CDD, all features except for the sensitive
attribute (sex) and the target score (G3) were used as control vari-
ables. Relevant features include: studytime, medu and fedu. The first

3 All the code is available at https://github.com/aequitas-aod/experiment-cdd-
metric
4 https://archive.ics.uci.edu/dataset/320/student+performance
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indicates the number of hours a student spends studying per week
with values from 1 (less than two hours) to 4 (more than ten hours).
The last two indicate a parent’s education level, ranging from O (no
education) to 4 (highest possible).

Dataset Preprocessing. We decided to keep G3 as the target and
simply drop G/ and G2. We encoded the categorical features with in-
creasing integers after sorting their values. As a final pre-processing
step, the values of G3, the only continuous feature, were mapped to
the [0, 1] range.

4.2 Canary Islands Dataset (CID)

Dataset description. This dataset >, provided by the Canarian
Agency for Quality Assessment and Accreditation (ACCUEE), spans
four academic years (2015-2019) and includes data on students in
the Canary Islands from the third and sixth grades of primary school
and the fourth year of secondary school. The original dataset con-
tains over 80,000 rows and more than 500 features. For this study,
the dataset was reduced to 17. The first six are academic performance
features: continuous scores achieved in subjects such as Maths, Span-
ish, and English, and a student’s corresponding proficiency levels.
We selected the Math score (score_MAT) as target variable due to its
minimal missing values and used the Economic, Social, and Cultural
Status index (f_ESCS) as protected variable. This feature indicates
a student’s socio-economic status. The final 10 features were cho-
sen based on the input from domain experts in order to pick those
that, at least in theory, impact a student’s marks the most. These
features are used as context in the CDD computation when predict-
ing a students’ Maths score. The most relevant for this work are
f_mother_education_level and f_father_education_level. They are
categorical features with values from 1 to 4, indicating a parent’s
education level from no/low education to the highest degree possi-
ble.

Dataset Preprocessing. When preprocessing the data, we discov-
ered that many students had duplicate records, presumably to track
their performance over time. To ensure each student had only one
record, duplicate rows were removed based on the student identifier
column (i.e id_student_original). After that, the first seven columns,
each containing a particular kind of identifier, were dropped. Addi-
tionally, rows with missing student identifiers were excluded from
the dataset used in the experiments as well as all rows containing
at least one missing value in the remaining columns. The remain-
ing continuous and categorical features in the resulting dataset were
treated exactly as described in the section relative to the preprocess-
ing of the Student Performance Dataset. The continuous features
were mapped to the [0, 1] range while each value of the categor-
ical features was given a progressive integer number according to
the alphabetical order. For example, considering the s_gender at-
tribute, representing a student’s gender, its possible values, FEMALE
and MALE, are mapped to 0 and 1 respectively when performing the
binarization.

4.3 Experimental Setup

After the cleaning steps, the data was shuffled, split into train and
test set (0.7:0.3 ratio) and fed to a linear regressor with four fully
connected layers interleaved with the ReLU activation function. The
number of hidden units starts at 256 and grows to 512 in the first in-
termediate layers before going back to 256 and then to 1 in the final

5 https://zenodo.org/records/11171863

two layers. This model was trained for 30 epochs using MSE as the
loss function and early stopping with patience set to 5 epochs. The
optimizer of choice was Adam with a constant learning rate equal
to le—3. The model’s predictions collected at inference time on the
test set are the starting point for the comparisons between CDD and
DD. In the experiments, the size of the discretisation grid N was set
to 400. This means that the thresholding on the labels and the com-
putation of CDD, 5135, DD and DD was repeated 400 times for
each control variable. Our code binarizes any continuous protected
attribute before computing the DD and CDD metrics. Binarization,
or discretization, is required as these metrics count individuals in dif-
ferent groups based on outcomes received. Continuous feature values
above average are mapped to 1, others to 0.

5 Results

Due to space constraints, only key results and plots are included here;
additional experiments are in the supplementary.

5.1 On the difference between DD and CDD

The computation of CDD is performed in three steps. First, for
each value of the condition, counts are gathered for both positive
and negative outcomes for all groups of the protected attribute. In
our experiments on CID, the protected attribute is f_ESCS which,
after the binarisation, identifies two groups: the advantaged group
(f_ESCS = 1) and the disadvantaged group (f_ESCS = 0). So,
for example, if the additional feature R is binary, four separate values
are produced for each value of R: the number of positive outcomes
in the group with f_ESC'S = 1, the number of positive outcomes in
the group with f_ESCS = 0, and the analogous quantities for neg-
ative outcomes. Using the preprocessed CID dataset with z = 0.45,
where f_ESCS serves as A and f_mother_education_level (mel) as R,
this first step generates a table like Table 1.

Table 1: Step 1 C'D D,,,¢;: counting of positive and negative outcomes
per protected group conditioned on f_mother_education_level (mel).

/ A=1 A=0 Total A=1 A=0 Total
mel g=119=1|g=1| g=0| g=0 | §=0
1 3 434 437 0 491 491
2 1 843 844 1 732 733
3 1 1106 1107 2 565 567
4 1546 2210 | 3756 1134 514 1648

Secondly, based on the values computed in step 1, the correspond-
ing statistics are extracted. Each count associated with a given value
of R and relative to a certain class is divided by the total number of
individuals showcasing the same value of R independent of A. For
instance, the number of negative outcomes with a specific value of
mel and f_ESCS = 0 is divided by the total number of negative
outcomes considering individuals with the same value of mel. This
process is repeated for each value of attribute R. Essentially, starting
with four separate counts from the previous step, this stage yields
four corresponding statistics expressed as percentages (Table 2).

Lastly, these statistics, each pertaining to a particular value of mel,
are weighted by the total number of instances with that value of the
conditioning feature, and a weighted average across all its possible
values is computed (see Table 3). At this point Equations 5 and 6 can
be easily evaluated resulting in:

CDD et a=1 =15,6% CDDpei,a=0 = —15,6%
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Table 2: Step 2 C'D D,,; computation: calculation of Nyy,e; and Pryer
for each value of the attribute mel (R).

met| S=1[S=0)S=1]5=0
g=1]y=1|9=0|9=0

I 0.7 | 993 [ 0.0 | 100.0

2] 01 | 999 | 01 | 999

30 0. 999 | 04 | 99.6

4 | 412 | 588 | 68.8 | 312

Table 3: Step 3 CDDpr computation: weighted average calculation
on the values of R.

n

1 1
1 g=0
233 [ 767 ] 389 [ 6L1

< U

0 0
1 0

< U

< U

where A is used in place of f ESCS. This means that in the case of
f_ESCS = 1 the negative outcomes overcome the positive ones
by that percentage. In the case of f_ESCS = 0, the situation is
instead dual. There are more positive outcomes. By computing the
between-group discrepancy we can quickly see that a disparity in
treatment between the two socio-economic groups is evident. In fact:
/CT)iDmel,A:LA:O = 31,2. DD is computed following the same
steps without the last one comprising the weighted average to ag-
gregate across all values of the additional feature and without any
previous conditioning. In this example DD amounts to:

DDmel,A:l =4,2 DDmel,A:O =—4,2

With no conditioning the disparity in treatment between the two
groups is much lower, DD e, a=1,4=0 = 8, 4.

5.2 Main Results: Summary of Findings

In this section, we summarize our experimental findings, emphasiz-
ing the need for context-dependent metrics like CDD. Results ignor-
ing context can differ significantly, potentially leading to incorrect
fairness conclusions. For each result presented, two types of plots are
generated: one® compares CDD and DD across Z, potentially high-
lighting discrepancies. This kind of plot is useful to analyse within
group discrepancies in how individuals are treated according to the
considered metric (either C'D D or DD), as the value of z changes.

The other type of plot compares the two metrics in terms of CDD
and DD. In this case the plots are useful to compare between group
differences in treatment. These plots are an attempt at proving that,
through CDD, the presence of prima facie discrimination can be de-
termined quite intuitively, which is one of the important requirements
for fairness metrics [20].

Table 4: CDD-fair and DD-fair classifiers for SPD

FairRatepp  FairRatecpp
studytime 0.150160 0.511182
medu 0.150160 0
fedu 0.150160 0

Table 5: CDD-fair and DD-fair classifiers for CID

FairRatepp  FairRatecpp
f_me_level 0.843621 0.905350
f_fe_level 0.843621 0.925926

6 Proof of symmetry wrt y-axis is in the supplementary material.

SPD results: studytime conditioning. Figure 1 shows that con-
ditioning on studytime significantly reduces disparities. The top plot
illustrates within-group disparities, where individuals with the same
value for the protected attribute (sex) but different outcomes are com-
pared. For males, this is evident as the red line is generally closer to
0 compared to the green line, and the same trend is observed for
females, as shown by the blue and yellow lines. The bottom plot
demonstrates between-group disparities, comparing individuals with
different values of the protected attribute. Here, the red line, which
accounts for the additional context, is almost always closer to 0 com-
pared to the blue line. This suggests that when the amount of weekly
study is considered, gender does not significantly impact academic
performance; without this conditioning, bias would appear. Table 4
(first row) supports these points. The number of classifiers deemed
“fair" significantly increases when using CDD as the evaluation met-
ric instead of DD. We used ¢ = 20 in our experiments; even with
smaller € values, using CDD instead of DD remains essential for
more accurate evaluations of a model’s behaviour.

SPD, CID results: parents’ education conditioning. The remain-
ing experiments compare the effects of a student’s parents’ education
level on their Math performance across the SPD and CID datasets.
In CID, the contextual variables are f mother_education_level and
f_father_education_level, while in SPD, they are medu and fedu.
Since the mother’s and father’s education levels have a similar impact
across both datasets, we focus the discussion solely on the mother’s
education. For SPD, Figure 3 shows that using CDD reveals a worse
situation than DD. Both plots indicate that additional conditioning
increases both within-group (top plot) and between-group (bottom
plot) disparities. This is also reflected in Table 4, where the second
row shows fewer CDD-fair classifiers (none) compared to DD-fair
classifiers. Relying solely on DD would underestimate the discrim-
ination displayed by the model across Z. For CID, conditioning on
f_mother_education_level shows a different picture. This context re-
duces both between-group and within-group disparities compared to
DD. Figure 4 visually demonstrates this, and Table 5 provides addi-
tional evidence. The increase in CDD-fair classifiers indicates that,
with this context, the classifiers display less discriminatory behaviour
across Z. Experiments show that relying solely on demographic dis-
parity can lead to misleading interpretations of fairness, as condition-
ing on control variables can yield significantly different results.

Control Variable: studytime (Student Performance)
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Difference

—100
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Figure 1: Effect of studytime (SPD) as contextual variable
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Control Variable: Fedu (Student Performance)
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Figure 2: Effect of father education SPD

Control Variable: Medu (Student Performance)
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Figure 3: Effect of mother education SPD

Control Variable: f_mother_education_level (CID)
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Figure 4: Effect of mother education CID

Control Variable: f_father_education_level (CID)
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Figure 5: Effect of father education CID
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6 Conclusion

In this work, we utilize contextual equality to enhance Al compliance
in fairness metrics, providing quantitative measures for inter-group
and intra-group discrimination. We then integrate these metrics into
an open-source fairness toolkit as statistical measures. Our exper-
imental evaluation on real Al and education benchmark datasets,
along with a co-creation process with domain stakeholders, demon-
strates our approach’s effectiveness and broad applicability. It high-
lights the social impact of including context in fairness assessments,
showing how neglect can yield misleading, non-EU-compliant re-
sults detrimental to social equity. The methodology for adding socio-
legal context to fairness metrics is applicable to others in the litera-
ture. Future work will extend to include multiple conditioning fea-
tures and protected attributes, embracing intersectionality.
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