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Machine learning systems increasingly inform high-stakes decisions, making fairness, transparency, and reliability essential.
While algorithmic fairness has been widely studied in the traditional batch setting, its extension to stream learning, where data
arrives continuously and distributions may evolve, remains underexplored. This paper surveys and systematizes the emerging
field of fair stream learning, highlighting challenges such as fairness—performance trade-offs, temporal dynamics, and class
imbalance. We first give an overview over the foundations of both fairness and stream learning as separate fields. Building
on this foundation, we provide a comprehensive overview of existing fair stream learning methods and propose a drift-aware
evaluation framework. Our empirical analyses, for the first time comprehensively utilizing both drift-aware as well as cumulative
score aggregation, compare representative approaches, offering insights into their behavior under evolving data conditions and

identifying directions for future research.
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1 Introduction

Machine learning algorithms are becoming part of many decision-making processes in everyday life, increasingly
affecting everything from which products or content people consume, whether their loan or job application is
successful, to the medical treatments they receive. It is therefore ethically and legally imperative that the decisions
these algorithms make are correct, transparent and fair [3]. While algorithmic fairness has become a fairly well-
established topic in the typical batch classification set-up for machine learning, research into fair stream learning is
still a growing but somewhat under-explored research field [22]. Fair stream classification models are challenging to
develop and also to evaluate, as issues of fairness-performance trade-offs, temporal dynamics and classic machine
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learning problems such as class imbalance not only all have to be addressed individually, but also have to be set in
relation in a joint and cohesive manner.

Algorithmic fairness, itself an interdisciplinary and diverse field, has recently gained additional importance
with the publication of the EU AI Act [5]. However, while it is generally agreed upon that fairness is important,
there are several different and incompatible notions of fairness prominently found in the literature, and balancing
requirements of non-discrimination with sufficient predictive performance is not trivial either [16]. Furthermore, it
has been shown that a lack of fairness at one point in time can induce vicious cycles, increasing discrimination in
the future [21].

In the domain of stream learning, temporal dynamics are even more important, as data is processed continuously,
and changes in the distribution in the form of concept drift may occur at every step even when no vicious feedback
loops are present. As stream learning is important for many technical and industrial applications [9], fairness
research in this application domain becomes increasingly necessary [26].

In addition to providing a comprehensive overview of the area of fair stream learning for researchers (and
practitioners) familiar either only with stream learning or fairness research, or perhaps even unfamiliar with both,
this paper also presents a thorough evaluation of the currently available algorithmic approaches to fair stream
learning, particularly with regards to a drift-aware evaluation [17], thereby capturing and comparing temporal
dynamics affecting the fairness and performance of these classifiers.

We will therefore begin by laying out the foundations of both algorithmic fairness (2.1) and stream learning
(2.2), before giving a thorough overview over the current landscape of fair stream learners in section 3, followed by
a review on how to evaluate fairness in stream learning (4). Then we will apply these evaluation approaches to a
selection of the fair stream learning classifiers (5), thoroughly analyzing the obtained results in section 6. Finally,
we will conclude by summarizing our findings, as well as identifying promising furture work in section 7.

2 Foundations of Fairness and Stream Learning

Here, we will give a brief introduction to fairness and its associated metrics as well as stream learning and its main
challenge, concept drift.

2.1 Fairness

As algorithmic decision making has become more prevalent, there has been an increased attention on algorithmic
fairness. Machine Learning algorithms are not inherently neutral, but can exhibit algorithmic bias both due to being
trained on biased data as well as due to modelling decisions, such as regularization [22].

Data biases range from issues with data collection and modelling, such as measurement bias or omitted variable
bias [25, 28], where the real world is distorted in a biased manner, to problems with equity and justice in the real
world, where the human decisions collected for training algorithms are themselves discriminatory [20].

Apart from biases already exhibited by the data, almost every decision made in choosing and training a machine
learning model, from model type, to regularization terms and loss function, priors and optimizers, induces model
bias in one way or another. Trade-offs between generalization ability, model complexity and performance on
minority samples are inevitable. Building a machine learning model is, in a way, nothing but choosing a specific
bias [6], which is then applied to make predictions about the real world to base decision upon.
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However, biases can also be — and often are — of the harmful variety that lead to discrimination against minority
groups. The goal of research of algorithmic fairness is therefore to evaluate not just model performance but also
whether algorithms make fair decisions, identify and mitigate harmful biases and prevent discrimination through
algorithmic decision making.

Fairness is a complex construct, and many different definitions of what constitutes a "fair" model have been
conceived, and it has been proven that many of these definitions can not be satisfied at the same time in most cases.
Defintions of fairness, typically made quantifiable in the form of fainess scores, can be generally categorized as
either group-based, individual or causal in nature. As the last category, causal fairness, is very domain-specific
and requires expert knowledge of causal structures as well as ethical discussions on permissable causal graphs, we
will not further consider it in this paper, as our goal is a general evaluation of the fairness and performance of fair
stream learners and therefore removed from specific application contexts [27].

2.1.1 Group Fairness Definitions

Group fairness measures generally differentiate between equality of outcome, with scores such as Demographic
Parity (also called Statistical Parity) and Disparate Impact comparing the difference of rates of positive outcomes
between a priviliged and a non-priviliged group, and equality of opportunity, with scores such as Equal Opportunity
or Equal FPR comparing the acceptance rates for individuals from both groups under consideration of the ground
truth outcome as a proxy for their actual qualification. It has been shown that these definitions are somewhat
incompatible for most datasets, as ground truth acceptance rates are often unequal.

For a sensitive attribute S, with S = 1 used to denote privileged individuals and y = 1 signifying a positive model

prediction, Demographic Parity [4] can be expressed as |P(§ = 1|S=1) — P(§ = 1|S = 0)|. In contrast, Disparate Im-

P(3=1|s=1) P(9=1\S=0))
P(3=1|S=0)> P(3=1|5=1)/*
As it does not rely on ground truth labels, this approach to fairness is especially suitable when the training data is

pact [8] compares relative rather than absolute acceptance rates between the groups: 1 —min(

suspected to contain discriminatory biases already.

Meanwhile, Equal Opportunity calculates the difference between the true positive rates between the groups, with
y = 1 signifying a positive label: |[P(J=1|y=1,S=1)—P(H = 1|y = 1,5 =0)|. Equal FPR, meanwhile, measures
the same for false positive rates with the formula |[P($ = 1]y =0,S=1) — P( = 1|y = 0,5 = 0)|. Because these
fairness definitions rely on gorund truth labels, they should only be employed in contexts where this data is deemed
trustworthy and possible base rate differences are justified [10].

2.1.2 Individual Fairness

Unlike group-based fairness measures, which work on the aggregate level, individual fairness measures seek to
ensure that similar individuals are treated similarly. A simple, but often insufficient, way of ensuring this is to test
whether a direct "flip" of the sensitive attribute would affect the prediction of a classifier. We can formalize this
as |P(¥, = y;|S,A) — P($ = y,|S~!,A)|. This fairness notion is also known as Fairness through Unawareness, as it
ensures that a classifier makes a decision without taking the sensitive attribute into account. In contrast, fairness
through awareness represents a more realistic but also more complex approach to individual fairness by defining an
explicit similarity metric and comparing the treatment of samples it considers similar [27]. However, this method is
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highly dependent on the definition of similarity, and the metric itself often requires expert knowledge to design. For
this reason, our experiments will only consider Fairness through Unawareness as a proxy for individual fairness.

2.2 Stream Learning

Machine learning is usually practised in the batch set-up, where an entire dataset D = {(x;,y;)}Y., € (X x )V
which is drawn iid from the data generating distribution &, is available. In contrast, in the stream learning
set-up, data is arriving over time in form of a data stream of (potentially infinite) length T is a sequence S =
(xhy,)lT: 1% €X, v €Y, where each (x;,y;) is drawn from Z;. Here, (Z;);c # constitutes a family of time-indexed
data distributions on X and Y. The data stream might contain concept drift, i.e. a change in distribution over time.
More formally, it contains drift iff there are time points #o,7; € 7 such that ;) # %,

The goal of stream learning is to accurately model the current concept, which, unlike in Continual Learning,
requires strategic forgetting. To deal with drift, training follows the test-then-train scheme, where a model is first
tested on x, and afterwards trained with (x;,y;).

Concept drift can be either real or virtual, depending on how the distribution changes. In the case of real drift,
the relationship between the label y; and the feature vector x; changes over time, which means that the true decision
boundary shifts as well. Virfual drift, on the other hand, affects on the distribution of the features (and thereby
potentially the frequency of the labels), while the decision boundary stays the same. However, even virtual drift
may have a strong negative impact on classifier performance [12].

We can also distinguish different types of drift based on their temporal characteristics, separating drift that
occurs in an abrupt manner, in contrast to drift that occurs due to a gradual increase of samples from the new
distribution, as well as incremental drift, where one distribtion slowly morphs into another. Concept drift may also
be re-occuring, for example when the same drift occurs every year due to seasonal changes [9].

3 Fair Stream Learning Classifiers

Recently, a few initial algorithms have been proposed to jointly address the challenges of both fairness and stream
learning. As is typical in fairness, we can broadly group these algorithms into three categories based on when in the
training process they address the issue of fairness: During pre-processing, in-processing or the post-processing
phase. A brief overview can be found in the appendix in Table 5.

3.1 Pre-Processing

The earliest approaches to fair stream learning were Massaging and Reweighing [14]. These were both applied
in a chunk-based manner, meaning that a fixed amount of samples was collected before the method was applied,
somewhat diverging from a pure stream learning set-up. In the case of massaging, labels were swapped before
training in order to create more training samples with positive outcomes for the disadvantaged and negative
outcomes for the diasadvantaged group. In the case of reweighing, the weight of positive and negative predictions
for each group were adjusted in order to create a more balanced training set.

CFSMOTE [18], a newer approach that can be applied in streaming fashion for continuously arriving samples,
achieves a similar balance by synthetically upsampling underrepresented class-group combinations. Using Adaptive
Windowing, it ensures the distribution it samples from is consistent with the current concept. It also aims to enhance
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individual fairness by testing new samples and their counterfactuals (with flipped sensitive attribute) on a proxy
classifier and only using samples that pass for training the actual classifier. As a variant of CSMOTE, CFSMOTE
also deals with issues of class imbalance.

As pre-processing methods, Massaging, Reweighing and CFSMOTE are all model-agnostic, but as they are not
designed to explicitly optimize specific fairness metrics, their effects are often somewhat limited.

3.2 In-Processing

In-processing methods, conversely, are often highly model-dependent, as they modify model-specific parameters
during training. We therefore sub-categorize these methods further, dividing them by the underlying algorithmic
approaches that they use.

3.2.1 Tree-based methods

Tree-based methods are fairness-modified versions of the Hoeffding (Adaptive) Tree algorithm, where the split-
criterion was adjusted in order to account for fairness, with demographic parity used as an explicit metric to
optimize. These tree-based methods are not suitable for highly imbalanced datasets, as the split-criterion does not
take class balance into account. For the tree-based methods, we have a clear geneology, with increasing smoothness
of the split criterion and varying drift-adaptability.

FAHT [31], based on the non-adaptive Hoeffding Tree, models fairness gain by the difference between the
model’s demographic parity before and after a split, calculating a weighed sum over the leaves in the new partition
in order to achieve this. FEAT [29], in contrast, uses an unweighed sum for the fairness gain and employs the
drift-aware Hoeffding Adaptive Tree as a base model.

While both FAHT and FEAT merely multiply fairness and information gain to achieve a final split criterion
and use pure information gain if fairness does not change, 2FAHT [32] uses a smooth exponential function with
the fairness gain as an exponent in order to combine the two measures, also allowing for modification of the
fairness-accuracy-trade-off through a hyperparameter multiplied with the fairness gain. 2FAHT uses CVFDT, a
window-based Hoeffding Tree variant, as its base model.

FARF [33], an adaptive random forest variant, uses the same fairness gain as FEAT, and additionally undersamples
the protected, positive group in it’s ensembling approach if the current model shows discriminatory tendencies,
thereby combining two approaches to improve fairness.

3.2.2  Multi-Objective methods

As fairness can also be understood as a multi-objective optimization problem, there are also several approaches
to stream fairness that explicitly use MOO approaches, rather than making an implicit fairness and performance
trade-off. However, evolotionary and swarm-based approaches can be computationally costly and the MOO step
has so far not been realized in a fully streaming manner, relying on small batches instead.

FAS Stream [23] utilizes Particle Swarm Optimization (PSO) to optimize the feature weights of a SAMDSOS
classifier. The PSO algorithm selecting fairness-enhancing feature weights is employed whenever discrimination
increases, while the classifier itself is concept-adapting through self-adjusting memory. Meanwhile, FOMOS [24]
uses SMPSO in order to optimize the feature-wise trade-off between information and fairness gain in a Hoeffding
Tree with feature weights. This method also aims to improve explainability by optimizing for a small and therefore
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Fig. 1. An illustration of the generation process for the semi-synthetic benchmark data streams.

easily comprehensible tree. EMO-SAM [1], in a similar fashion, uses swarm-based evolutionary multi-objective
optimization to optimize both fairness and accuracy by adjusting feature weights of a SMA-KNN classifier whenever
an HP filter determines that the current discrimination level is unacceptably high. A genetic MOO algorithm is
employed by FairCMNB [2] to determine how many samples to re-assign to different class-group clusters of a
class-imbalance-aware Continuous Mixed Naive Bayes classifier, thereby introducing fairness somewhere between
in- and post-processing steps. As FairCMNB makes an explicit effort to balance classes, it is also suitable for
imbalanced datasets. It is suitable to optimize multiple different fairness metrics (though not simultaneously),
including Demographic Parity, Equal Opportunity and the causal metric FACE.

3.3 Post-Processing

The only fully post-processing approach to stream learning fairness, called FABBOO [13], is also able to optimize
for several different group fairness metrics, as well as explicitly imbalance-aware. Based on OzaBoost, an emsemble
boosting stream learner, FABBOO optimizes a given fairness metric by dynamically adjusting the decision boundary
for the underprivileged group so that a pre-defined fairness threshold is satisfied, allowing for strong fairness
guarantees but little regard for potential trade-offs.

4 Evaluating Fair Stream Learners

In this section we will discuss how to evaluate fairness in a stream learning context, focussing on benchmark data
streams as well as adapting static fairness definitions for drifting streams.

4.1 Benchmark Datasets

The evaluation of fairness-aware stream learners commonly employs stationary fairness benchmark datasets, such
as Adult, KDD Census, German Credit or COMPAS. These datasets are randomly permuted and then simply treated
as sequential data in order to gain fairness and performance insights [13, 29, 31]. Additionally, some evaluations
also make use of stream-learning benchmarks, although these may often be poor benchmarks for fairness as
the dataset itself is "unbiased" enough that even fairness-unaware classifiers do not show significant levels of
discrimination. Additionally, it is unclear where drift occurs and if and how this impacts the fairness properties
of the dataset. A purely synthetic dataset generation method has also been proposed [15]. While this method,
based on Gaussian distributions for each attribute, can simulate changing demographic parity and concept drift, its
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Fig. 2. An illustration highlighting the difference between cumulative and drift aware score aggregation. The cumulative
approach takes the final, cumulative score at the end of the stream, while the drift-aware approach averages the scores at the end
of each drift segment. In this example, there is one drift where the direction of discrimination changes, but the same pattern
repeats with the other group for Model A.

properties are devoid of semantic meaning. But as there is a lack of real-world drifting datasets where nature and
characteristic of the drift is known, particularly streams with fairness-relevant features, we are nevertheless reliant
on (semi-)synthetic streams. We therefore chose to apply a method for generating semi-synthetic datasets based
on Baysian networks [19], which enables us to introduce controlled drifts by explicitly modifying the probability
distributions of individual features as well as isoltating features through marginalization. As we control the process,
we maintain interpretability, while also being relatively close to original benchmarks (see fig. 1). We use synthetic
datasets based on the Adult and Student Performance datasets.

4.2 Drift-Aware Scoring

For the evaluation, we compare the standard approach of cumulative score aggregation over the entire with a
drift-aware score aggregation approach. This method uses either detected or ground-truth drift points to split the
stream. It then aggregates unfairness over each drift-free segment and then accumulates the scores, weighed by
the length of each segment. Due to the formalization of many fairness metrics, a fully cumulative approach is
insensitive to both changes in the direction of the discrimination a classifier exhibits. Cumulative evaluation would,
for example, not give different statistical parity scores to a classifier which is fully fair over the entire stream than
to a classifier which first heavily favors men and then later heavily favors women, as long as the total number of
accepted individuals from each group is equal. Drift-aware evaluation, meanwhile, detects drift points, particularly
those relevant for fairness (i.e. drift affecting the sensitive attribute and/or label), and splits the stream to evaluate
each individual segment with its different distribution (see illustration in fig. 2). This allows us to ensure fairness at
every time step, rather than overlooking discriminatory patterns in some parts of the stream [17].

5 Experimental Set-Up

For our experiments, we ran selected fair stream learning classifiers (see section 3), chosen as representatives of
their respective category, on ten slightly permuted versions (with the same drift points) of each of the examined data
streams. We analyzed the performance with both cumulative and drift-aware score aggregation on select streams,
comparing several different fairness and performance metrics. For our drift-aware scoring, we did not employ a
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drift-point detector but rather utilized our ground truth knowledge about the drift points in order to get the most
accurate results possible. Additionally, we used autorank [11] to compare the classifier’s mean performance over
all different streams derived from Adult and Student in order to analyze overall classifier fairness and performance
on five different fairness metrics (statistical parity, disparate impact, equal opportunity, equal FPR and individual
fairness) as well as balanced accuracy. Autorank enables to compare classifiers over multiple streams, assigning
them a ranking based on their overall performance.

We used the single-drift datasets derived on the basis of Adult (four streams) and Student Performance (five
streams) from Lammers et. al. [19], with abrupt drifts at clearly defined drift points allowing for a clean drift-aware
score aggregation. Some of these datastreams contain fairness-relevant (real and virtual) drift, while for others the
drift did not affect the sensitive groups differently. Additionally, we also studied several data stream with multiple
driftpoints derived from these datasets by introducing more "cuts", so that these drifts can be characterized as
abrupt and recurrent, as we abruptly change which of two distributions we sample from. One of these distributions
is always the unmodified distribution of the base dataset, while the other is the one indicated by the dataset name.
Streams based on Adult all contain approximately 48.800 samples, while streams based on Student Performance
contain 5.000 samples each. An overview over the resulting streams and their characteristics can be found in Table
1.

For the Adult scenario, generally more extreme drifts were simulated, such as the "sensitive attribute switch"
scenario, where the coding of the sensitive attribute switches with the drift. This is intended in order to examine
the effects of very severe drift, although such a drift would not occur in the real world (except through changes in
data entry). The "Fair World" scenario, likewise, introduces drift by switching to data derived from a Bayes Net
which differs from the original one through complete marginalization and therefore mitigation of all effects of the
sensitive attribute on other attributes. In contrast, the other scenarios represent more realistic scenarios, such as all
monetary values increasing due to inflation, an increased likelihood of women to take jobs in STEM, or a decreased
likelihood for all genders to get married.

The streams modelled on the Student dataset are all largely realistic, and also represent actionable interventions,
such as gender-specific school support programs, grade inflation, or widespread internet access. The "Grade
Category Adjustment” corresponds to a re-evaluation of what counts as a "high" grade and therefore a markedly
increased threshold on the Portuguese 20-point scale from 10 to 14 points, similar to a switch fromaCtoaB as a
"high" grade.

Our evaluated classifers are Massaging and CFSMOTE for pre-processing, FAHT, FEAT, and 2FAHT as tree-
based variants, EMOSAM for MOO-optimization algorithms and FABBOO (two variants, one each optimizing
for statistical parity and equal opportunity) for post-processing. These classifiers were chosen both on the basis
of representativeness (at least one per category), as well as for code availability. As there was no published code
available for several algorithms (FEAT, 2FAHT and EMOSAM), we used our own Python implementation of
these algorithms, validated for their performance on the streams used in the original papers [1, 29, 32]. However,
EMOSAM turned out to be significantly more computationally expensive than all other algorithms, exceeding their
runtime by several magnitudes, so we are only able to report on its results for the shorter Student Performance
streams.
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Table 1. Overview of the studied data streams.

Stream #Drifts Driftpoints ~ Significant Fairness Drift % pos. S=1 Dem.Par. Disp.Imp.
Sensitive Attribute Switches 3 10.000, 25.000, 40.000 v 2401+0.10 F 1.03£026 437 +1.11
Normal & Fair World Switches 3 5.000, 20.000, 35.000 v 2295+0.13 M 7.18£031 2831 +1.13
Normal & Fair World Switch 1 25.000 v 2314+0.13 M 8.74+0.26 33.53+091
;; Inflation Scenario 1 25.000 X 3140 £0.09 M 2056 +£0.31 53.78 £0.64
< Women in STEM Scenario 1 25.000 7 2425+0.11 M 1654 +£0.19 55.58 +0.60
Less Marriage Scenario 1 25.000 X 2416+£0.14 M  17.07+021 57.18 £0.57
Grade Category Adjustments 4 1.000, 2.000, 3.000, 4.000 v 63244041 F 7.28£0.59 11.00 £ 0.86
Girls Support Mul. 3 500, 3.500, 4.000 v 86.514+0.23 F 8.99 +0.42 9.98 £0.43
= Boys Support Mul. 2 1.500, 2.500 v 85454032 F 4734040 542 +£0.44
'ugj Boys Support Single 1 2.000 v 85814040 F 3.16 £ 0.67 3.62£0.77
“ Girls Support Single 1 2.000 v 86.03+0.32 F 7.83 £0.72 8.79 £ 0.79
Grade Category Adjustment 1 2.000 v 52234038 F 9.01 £092 1625+ 1.52
Grade Inflation 1 2.000 X 87.49+0.30 F 5.08 £0.61 5.67 £0.67
Internet Era 1 2.000 X 8532+0.31 F 5.36 £0.61 6.13 £ 0.68
6 Results

In the following section, we will discuss the results of our experiments. Comprehensive tables reporting on the
classifiers fairness and performance, as measured by the drift-aware scoring method, as well as differences between
cumulative and drift-aware evaluation for fairness the group metrics can be found in apendix A. In the following
section, however, we will focus only on the most salient results as well as general trends in terms of classifier
performance as identified by the autorank analysis.

Our hypotheses are as follows:

e H]: Drift-aware score aggregation will lead to increased reports of unfairness in comparison to cumulative
scoring, particularly on datasets with large fairness relevant drifts.

e H2: There will be significant trade-offs between fairness definitions, likely most strongly notable for the
post-processing classifiers.

e H3: Classifiers that are not designed for imbalanced data will overpredict the majority class on imbalanced
streams, influencing fairness outcomes.

We assume that hypothesis H/ holds because the classifiers optimize specifically for cumulative fairness, thereby
potentially and, in some cases, deliberately ignoring temporal differences in treatment of the groups. Hypothesis
H?2 assumes that well-known fairness trade-offs [16] will also apply in stream learning, while H3 reasons that
overprediction of a class will also affect fairness scores, as the underlying acceptance and error rates will necessarily
be affected.

6.1 Effects of Drift and Drift-Aware Evaluation

To analyze the effects of drift and drift-aware evaluation, we will mainly focus on a few datasets with strong fairness
drift, as well as one dataset with less fairness relevant drift. As can be seen in appendix A, for streams with no or
low low fairness relevant drift, there is very little difference between drift-aware and fully cumulative evaluation, as
neither data bias nor classifier performance changes particularly significantly due to the drift. We do not highlight
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Fig. 3. Paired boxplots showing the differences between cumulatively and drift-awarely aggregated scores on the sensitive
attribute switches stream with three drifts.

the difference for less drift-sensitive scores, as performance and indiviudal fairness, due to their definition, do not
change significantly based on score aggregation method, with only minor differences (explainable due to rounding
errors) observed.

Classifier ‘ Statistical Parity Disparate Impact Equal Opportunity ~Equal FPR  Individual Fairness ~ Accuracy ~ Balanced Accuarcy Recall

FAHT 485+ 1.14 61.4 +9.87 6.24 + 1.75 3.79 £0.83 9.15 £ 1.56 75.1 £0.12 53+0.73 10.4 +£2.08
FEAT 2.88 +£3.51 79.5 £10.2 4.4 +5.71 2.16 +2.42 3.12 £3.68 75.7£0.13 51.5+2.34 4.77 £+ 6.61
2FAHT 7.89 +£1.73 712 +£535 11 +3.87 43+0.94 0.29 + 0.09 77.6 £0.84 58 +£1.99 202 +4.42
CFSMOTE 12.1 +1.41 16.8 +2.25 4.69 £ 1.35 8.78 £ 1.12 228 +1.19 49.6 £ 1.7 62.6 + 0.97 87.5 + 0.87
MAS 15.2 £ 1.09 66.8 £2.61 123+£25 6.85£0.73 0.9 +0.27 83.3+£0.17 72.7 £0.65 521+£1.72
FABBOO SP 285+ 1.21 69 +2.17 209 + 1.64 19.1 £1.12 5.09£0.8 80.4 +0.25 78.8 £0.21 75.6 £ 0.66
FABBOO EQOP 29.4 +0.81 71.7 £ 1.11 223+ 1.36 19.9 £ 0.75 334+£05 80.8 £ 0.15 78.9 + 0.15 753+ 0.6

Table 2. Fairness and performance comparison across metrics on the sensitive attribute switches stream with drift-aware scoring.

On the sensitive attribute switches stream, where the drift directly affects the correlation between sensitive
attribute and distribution in a very significant manner, the differences between the two evaluation approaches is
extremely large, with some unfairness indicators rising tenfold for several classifiers in the drift-aware evaluation,
compared to the cumulative score (see fig. 3).

While this dataset presents an extreme and somewhat artificial situation, this shows that current fair stream learn-
ers seem to struggle in contexts where concept drift affects the "direction" of discrimination, i.e. the discriminated
group. In this case, the fully aggregated measures of discrimination do not adequately reflect the discrimination
occuring at any distinct time step, and as can be seen in our results, classifiers may struggle to suitably adapt in a
drift-aware manner.

For example, a disparate impact of up to 20% (or the underprivileged group receiving at least 80% of the positive
outcomes of the privileged group) is often deemed legally acceptable [8], though smaller effects may still be
ethically problematic. While several fair stream learners adhere to this restriction when evaluated cumulatively on
the sensitive attribute switch dataset, all but one exceed this relatively high limit by a significant margin in the
drift-aware evaluation.

It is also evident that the difference is particularly large for our more imbalance-aware methods, CFSMOTE,
Massaging and FABBOO. The latter, in particular, struggles greatly with the shift in privilege and with adapting to
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Fig. 4. Paired boxplots showing the differences between cumulatively and drift-awarely aggregated scores on the normal and
fair world switches stream with multiple drifts.

fairness-relevant drift, unable to satisfy any post-processing guarantees and generally exceeding dataset-inherent
unfairness in terms of statistical parity and disparate impact under the drift-aware aggregation.

While for the tree-based learners the effects were more moderate on the metrics focussing on absolute differences,
the increase in the relative disparate impact score reveals that these unbalanced models are also unable to adequately
adapt to this extreme drift, with effects simply masked in absolute scores due to extreme base rates.

We can see somewhat less pronounced differences between the drift-aware and the cumulative scores on the
normal and fair world switches stream with three separate drifts, where the data bias is extremely reduced for some
segments by sampling from a marginalized distribution (see fig. 4). However, the relative effect that the drift-aware
evaluation has on FABBOO is also notable in this case, particularly on the specific metric that was minimized
through dpost-processing. This might indicate that this classifier continues to compensate for discrimination even
when the data bias has already lifted, biasing it against the previously privileged group.

If we compare these results with those for the normal and fair world switch stream with only one drift, we
can see that this effect seems to be highly dependant on the number of drifts for FABBOO, but not for the other
classfiers (see fig. 5). The number of drifts also appears to affect the fairness metrics measuring equality of outcome
much more than those measuring equality of opportunity, suggesting a higher impact on overall acceptance rates
than on error rates. As both the fair and the normal distribution contribute roughly the same number of samples to
each stream with both one and three drifts, this finding suggests that temporal dynamics are highly relevant for bias
mitigation, and more frequent drifts harder to adapt to.

The more women in stem dataset was chosen as a representative of streams with little fairness relevant drift,
because its statistical parity in the data only lowers only 0.9% after the changepoint. Its results show that small
drifts in the underlying data bias only lead to marginal differences between drift-aware evaluation and a fully
cumulative evaluation for most classifiers (see fig. 6).

Similar tendencies as on the Adult-derived streams can also be observed for the Student Performance stream
derivates, such as the grade category adjusted stream with four separate drifts. However, while the differences are
notable, the smaller "magnitude"” of the drift w.r.t. to data fairness, lower level of disparity between genders in the
data itself, as well as the higher class imbalance on this dataset all seem to contribute to smaller overall differences
between cumulative and drift-aware scoring (see fig. 7).

In terms of performance, we can see the same tendencies as before (see tab. 3), with CFSMOTE, MAS and
FABBOO showing relatively high balanced accuracy, while the tree-based classifiers struggle with low recall. We

Proceedings of ECAF’26. September 02 — September 04, 2026. Ghent, BE.



12« Lammers et al.

Statistical Parity Disparate Impact Equal Opportunity Equal FPR

0.08 °

° = Cumulative

B i
o 7° % i T
=l ogle

K ¥ NG
& O

= Cumulative
m Drift-Aware

** o5 %=
bl b

S of N s )
TS A o W 207 o2
« T @ of?

° = Cumulative

%é ?T- um,,xw;
10 e

= Cumulative
W Drift-Aware 007
0.8

0.06

°

& o005

L

°
s

S 0.04
g

Statistical Parity
o
8
Disparate Impact
Equal Opportunity

0.03

°

=
§= =0 ; 0.02
5

2=

SN (& W8 o0 00
@ SAgRN 5 52
LT, @ o%®

as= 001

°
8

< o K W R o° Q0 o° o0
o = © X SO R 8 0 S
“ « * ot @ o%er @ ofr

Fig. 5. Paired boxplots showing the differences between cumulatively and drift-awarely aggregated scores on the normal and
fair world switches stream with only one drift.

Classifier ‘ Statistical Parity Disparate Impact Equal Opportunity Equal FPR  Individual Fairness ~ Accuracy  Balanced Accuarcy Recall
FAHT 3.7+091 30.1 +4.83 4.59 +1.63 1.69 £ 0.59 3.99+1.23 80.5 +0.16 62.2 + 0.56 283+ 1.44
FEAT 478 +1.24 74 £ 14.1 104 +2.48 2.58 +£0.73 4.63 + 142 78.2 4+ 0.81 55.1+2.7 12.7 +£6.24
2FAHT 423 +£0.78 31.1+£2.25 6.2+ 1.56 1.96 + 0.4 0.57 + 0.14 80.8 +0.32 63.7+0.83 3224198
CFSMOTE 10+04 257+ 1.1 6.98 + 1.53 6.64 + 0.37 7.81 +0.63 78.8 + 0.59 77.3 +£0.33 74.5 + 0.69
MAS 8.12+0.46 30.8 + 1.84 109+ 1.12 42+0.37 1.79 +£0.28 82.6 + 0.31 72.2 +£0.37 534+ 0.96
FABBOO SP 3.6 £ 0.53 9.91 + 1.35 5414+0.7 3.79 £ 0.27 13.8 £ 0.29 78.4 +£0.17 77.5+0.21 76 +0.49
FABBOO EQOP 10.5 +0.58 27.1+1.42 7.46 £ 0.96 6.87 + 0.49 6.85+ 0.6 80+ 0.2 78.2 + 0.25 74.9 £ 0.52

Table 3. Fairness and performance comparison across metrics on the fair and normal world switches stream with three drifts,
evaluated with drift-aware scoring.
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Fig. 6. Paired boxplots showing the differences between cumulatively and drift-awarely aggregated scores on the women in
stem scenario stream with only one drift.

also observe the usual fairness-performance trade-offs, particularly with regards to the absolute scores, where
classifiers that maintain balance between classes typically receive worse fairness outcomes in the drift-aware
evaluation, with the exception of the relative disparate impact score, with high balanced accuracy coinciding
especially with more individual discrimination.

6.2 Autorank Analysis

In addition to analysing fairness and performance and the effects of drift and drift-aware evaluation in detail for
selected datasets, we also analyzed the overall performance of the stream learning classifiers on all data stream
derived from both the Adult and the Student Performance datasets, based on the drift-aware evaluation.
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Fig. 7. Paired boxplots showing the differences between cumulatively and drift-awarely aggregated scores on the grade category
adjustments stream based on the Student dataset with four drifts.

Classifier ‘ Statistical Parity ~Disparate Impact Equal Opportunity ~Equal FPR  Individual Fairness ~ Accuracy ~ Balanced Accuarcy Recall

FAHT 6.12 + 1.29 8.02 £ 1.58 472 £0.95 59 +238 3.85+0.93 65 +0.92 56.6 + 1.4 83.7 + 1.63
FEAT 536+ 1.15 10.6 + 2.05 487+1.21 4.62 £0.97 312+ 0.6 64.4 +1.31 56.7+0.71 67.4+2.1
2FAHT 536+ 1.85 129 +£4.78 534+ 191 4.89 +1.95 3.08 £1.39 67.8 +2.47 54.8 +1.68 594+ 8.4
CFSMOTE 2.88 + 0.63 492 +1.16 3.61 & 1.06 5.01 + 1.39 6.86 + 1.61 589+1.2 55.1+£0.93 61.8 +2.51
MAS 2.54 +1.31 25.6 + 8.67 216+ 1.13 22+ 144 1.48+£09 42.5 £4.38 5324191 65.3 +7.54
EMOSAM 0.92 + 0.37 5.74 £2.75 1.54 +£ 047 1.81 £ 0.45 00 75.8 +1.03 49.8 + 0.46 60.8 + 1.37
FABBOO SP 2.4+0.76 3.17 £0.97 361+1 6.19 + 1.15 5.29+£0.75 67.6 +£0.7 63.9+ 0.6 83.6 £1.26
FABBOO EQOP 424 £1.26 5.66 + 1.76 3.724+0.97 7.04 + 1.46 4.47 £1.04 67.8 +£0.78 64.2 + 0.68 829+ 141

Table 4. Fairness and performance comparison across metrics on the grade category adjusted stream with drift-aware scoring.

On the Adult data streams (see Fig. 8), we can see that both FABBOO and CFSMOTE deliver both good
performance (as measured by balanced accuracy), as well as good fairness according to both disparate impact and
equal opportunity fairness definitions, with FABBOO optimized specifically for this metric also scoring well on
statistical Parity. As the tree-based classifiers over-predict the negative class on all Adult-based datasets, the low
FPR scores for them can be explained by overall very low false-positive-rates, as equal FPR relies on absolute
differences. Therefore, in the case of streams with characteristics similar to Adult, particularly those that are not
subject to significant changes of underlying data bias, FABBOO and, to a lesser degree also CFSMOTE depending
on desired fairness and performance characteristics, can be recommended.

However, the results on the Student Performance data streams (see Fig. 9) show a significant trade-off between
fairness and performance, as FABBOO and CFSMOTE, which have a higher degree of balanced accuracy, receive
consistently poor fairness scores compared to the tree-based classifiers and EMOSAM, which in turn show low
balanced accuracy. But upon closer examination, the low unfairness of EMOSAM and the tree-based classifiers
is most likely only achieved through grossly under-predicting the negative minority class, leading to very high
acceptance rate, FPR and TPR for both privileged and unprivileged group and therefore also very small absolute
and relative differences between them. Massaging, meanwhile, achieves middling results for both fairness and
performance, while also over-predicting the majority group. Whether the scores FABBOO and CFSMOTE achieve
on the fairness scores show sufficient non-discrimination is therefore hard to answer only in comparison to these
effectively dummy classifiers, though under drift-aware evaluation, absolute rates of statistical parity and equal
opportunity exceed the promised threshold of the post-processing approach FABBOO considerably.
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In general, these results show that drift-aware fairness in stream learning, i.e. classifiers acting fairly for every

distribution in a given stream, might still be under-explored and more adaptive algorithms are required to ensure
fairness at all times.
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6.3 Results Summary

Our results showed that there is a significant difference between cumulative and drift-aware scoring, particularly
on data streams with strong fairness-relevant drift, confirming hypothesis HI. This effect is especially strong
for FABBOO, the only true post-processing classifier currently available. However, while FABBOO generally
achieves good fairness outcomes on the especially optimized metric, particularly when considering its high
degree of preformance, it underperforms considerably on streams where drift changes the direction or presence of
discrimination considerably. Smaller differences between drift-aware and cumulative evaluation were also found for
other classifiers on these streams. However, if drift does not significantly affect data biases, both score aggregation
approaches lead to markedly similar results. We also found that on our largely imbalanced data streams, the not
specifically imbalance-aware classifiers tended to perform badly, in according with H3, but generally seemed to
achieve good model fairness. However, this is likely partially or even mostly explained by them over-predicting
the majority class to such a degree that absolute fairness scores become meaningless, as they tended to still show
discrimination when assessed with the disparate impact score. This shows that for imbalanced streams, classifiers
should be evaluated with relative metrics and, perhaps equally curcially, explicitly optimize for relative metrics. We
could also refer to this finding as a fairness-performance trade-off, however, as the high-performing FABBOO and
CFSMOTE still scored well on some fairness metrics, we can not conclusively state that we truly observed such a
trade-off, particularly as we only performed fair stream learners and did not compare to non-fairness-optimizing
base models. We did, however, observe trade-offs between some fairness metrics, particularly equality of outcome
with equality of opportunity and equality of outcome with individual fairness, partially confirming H2.

7 Conclusion

In this paper, we first gave an overview over the field of fair stream learning research, before we proceeded
to systematically evaluate a select number of fair stream learning algorithms in a drift-aware manner. This
comprehensive use of a novel evaluation protocol revealed that current fair stream classifiers work relatively well
under small, non-fairness-relevant drift, but are not robust to more extreme changes in fairness. We also showed
that class imbalance is an extreme challenge for several classifiers, and that for imbalanced streams, relative
fairness metrics may be of greater use than absolute ones. We further examined inter-fairness trade-offs, finding
them particularly significant for post-processing approaches. However, more research into suitable real-world
benchmarks may be beneficial for a more realistic evaluation approach. Additionally, more suitable base datasets
for the semi-synthetic data stream generation might improve the evaluation, e.g. streams based on Folktables [7]
instead of Adult. Research into drift-aware post-processing for fair stream learning classification might also be
promising for a more robust adaptation to more extreme fairness-relevant drifts.
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Table 5. Overview of fair stream learning algorithms

ML Algorithm . Faimess . Drift | Imbalance | Code published
target metric pre-/post/in

Massaging [14] model agnostic DP pre X X v

% Reweighing [14]  model agnostic DP pre X X v

CFSMOTE [18]  model agnostic individual pre v v v

FAHT [31] Hoeffding Tree DP in X X v

9 FEAT [29] HAT DP in 4 X X

= 2FAHT [32] CVFDT DP in 4 X X

FARF [30] ARF DP in v X X

g‘ FOMOS [24] Hoeffding Tree DP pre/in X X X

&  FASSteam[23] SAM, DSOS DP pre/in v X X

%‘ EMO-SAM [1] SAM-KNN DP pre/in v X X

H Fair-CMNB [2] Mixed Naive Bayes in/post v v X

post FABBOO [13] OzaBoost (model agnostic) | DP/EqOp/ EqFPR post | v | v v/
Classifier ‘ Statistical Parity Disparate Impact Equal Opportunity  Equal FPR Individual Fairness Accuracy Balanced Accuarcy Recall
FAHT 3.94 +0.52 35.5+3.58 427+ 1.14 1.61+0.34 3.64+09 80.4+0.19 623 +04 285+095
FEAT 6.26 + 1.65 74.7+18.8 13.7+401 34+0.87 6.45+147 78+0.31 555+1.04 137+24
2FAHT 434 £0.75 36.1+2.2 5.69+207 1.84+0.35 0.57 £0.05 80.7 & 0.31 63.4+123 3124298
CFSMOTE 10.5 + 0.88 28.2 +2.56 6.79 £1.55 6.25+0.73 6.81 £0.74 78.5+£0.28 769 £0.15 73.9+0.78
MAS 9.37 £ 0.54 365+ 1.7 1.7+ 152 4.74+045 3414+04 82.8+0.38 72.5+024 533 +0.59
FABBOO SP 0.44 + 0.24 1.39 + 0.8 551+05 4.64+02 16.6 £ 0.4 77.74+0.24 77.2+£0.15 76.4 £ 0.62
FABBOO EQOP 8.11+1.14 20.8 +3.13 227+08 3.88+1.18 10.6 £0.79 79.5 4+ 0.26 78.1 £0.23 75.6 +£0.68

Table 6. Fairness and performance comparison across metrics on the normal and fair world switch stream (1 drift) with
drift-aware scoring.

Classifier ‘ Statistical Parity Disparate Impact Equal Opportunity ~ Equal FPR Individual Fairness Accuracy Balanced Accuarcy Recall
FAHT 164+ 1.15 64.1 +2.83 157+ 1.76 8.02 £1.01 8.98 +£1.96 76.7 £0.13 65.7+£022 39.7+0.51
FEAT 26.6 + 1.27 92.1+1.21 36.6 £ 1.99 156+1 17.1 £2.21 76.4 +0.56 6494107 404255
2FAHT 23.1+1.28 71.5 +2.41 234+£2.16 13.1+0.92 1.354+0.34 782 +0.17 68.8+ 092 48.6+243
CFSMOTE 20.5 +0.94 473 £1.77 104 +£18 9.46+0.82 6.56 £0.82 78.74+0.35 77.2+£023 74.1+0.78
MAS 235+ 1.67 68.6 + 1.35 231+ 154 114+1.77 496+ 0.66 80.4+0.3 745+ 033 60.1 =223
FABBOO SP 0.35 + 0.1 0.74 + 0.18 947+04 11.84+0.25 30£0.56 74.3+0.32 762+ 0.16 82.1+0.41
FABBOO EQOP 16.8 £ 0.6 36+ 1.58 2.67 £0.76 5.76 & 0.67 168 £1.15 783 +0.34 78.6 £ 0.16 79.9 £ 0.49

Table 7. Fairness and performance comparison across metrics on the inflation scenario stream (1 drift) with drift-aware scoring.

A Additional Tables and Results
B Online Resources

The code can be found on GitHub.
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Classifier Statistical Parity Disparate Impact Equal Opportunity  Equal FPR Individual Fairness Accuracy Balanced Accuarcy Recall
FAHT 844 + 1 61.7 +2.94 8.88 & 1.91 3.41 +0.66 457+1.1 79.7+0.12 62.8+0.55 30.1 +1.43
FEAT 10.2 +£2.23 96.9 + 1.81 21.1+£491 551+1.12 8.06 £ 1.69 77.3 £0.53 57+ 1.72 17.8 £4.09
2FAHT 8.56 + 1.15 67.7 +4.09 10.6 +£3.37 3.67 £ 0.65 0.53+0.16 79.4+0.28 61.8+0.63 27.5+1.59
CFSMO HAT 16.6 +2.19 36.7+3.48 6.17 £2.67 9.42 4239 2.11+£042 7354121 74.3 £ 0.65 759+ 1
CFSMO ARF 17.2 £ 0.69 455 £1.69 9.37+£093 8.46+0.76 789+£145 789+0.34 76.7+£024 725+£0.6
MAS 17.8 £0.74 69.2 + 1.92 19.7+221 8.77 £0.61 474+1 824+03 73+£0.22 54.6 £0.63
FABBOO SP 0.18 + 0.06 0.46 + 0.14 10.1 £0.55 8.54+0.16 29.5+0.64 74.840.29 762+ 011 79 £+ 0.42
FABBOO EQOP 13+£0.71 329+£1.73 142+0.6 457+08 183+ 1.06 78.1+03 777+ 014  77+048

Table 8. Fairness and performance comparison across metrics on the women in stem scenario stream with drift-aware scoring.

Classifier Statistical Parity Disparate Impact Equal Opportunity  Equal FPR Individual Fairness Accuracy Balanced Accuarcy Recall
FAHT 8.87 +0.86 64 4+ 2.33 9.78 £ 1.45 3.58 & 0.64 467+1.15 7994021 63 +0.54 304+ 143
FEAT 11.9 £ 1.96 93.5+7.43 2344566 6.18+0.92 8.71£221 782+0.86 59.54+231 2334516
2FAHT 942+ 1.16 68.2 + 3.56 11.2+249 4.02+0.67 0.72 £ 0.24 79.8 +0.36 62.9+1.02 30.1 £2.43
CFSMOTE 17.3 £ 0.34 44.9 £ 1.06 6.57+£1.29 8.93+0.36 7.07£096 78.840.38 77.3+£026 743 +0.31
MAS 17.9 £+ 0.65 69.7 + 1.54 1994+ 1.45 8.68 +0.63 4734+0.99 82.5+0.33 73£0.22 54.6+0.52
FABBOO SP 0.21 + 0.08 0.53 + 0.19 10.8+0.73 8.69 +0.28 3024+ 1.02 748 £0.26 763+ 0.11 79.1 £ 0.52
FABBOO EQOP 13.7 £ 0.86 349+2 1.38 £ 0.56 5.2+ 081 182+08 78340.24 779 £024  77+£0.55

Table 9. Fairness and performance comparison across metrics on the less marriage scenario
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stream with drift-aware scoring.
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Fig. 11. Paired boxplots showing the differences between cumulatively and drift-awarely aggregated scores on the less marriage
scenario stream with one drift.

Classifier ‘ Statistical Parity Disparate Impact Equal Opportunity =~ Equal FPR  Individual Fairness Accuracy Balanced Accuarcy Recall
FAHT 0.26 + 0.11 0.26 + 0.11 027 £0.1 03+0.31 040.01 86.3+0.22 50.1 £0.23 99.7 £0.13
FEAT 1.26 £0.59 1.28 £0.6 0.81 £043 2.57+1.24 0.1 +£0.08 86.4+0.28 525+£1.05 99+0.36
2FAHT 0.51 £0.25 0.51 £0.25 0.44 £0.14 1.21 £0.65 0.02+0.01 86.2+0.35 50.5+0.43 99.3+0.28
CFSMOTE 6.45+ 1.78 7.57 £2.03 556 +1.22 6.63+3.15 639 +£295 77.1+2.14 572 +2.68 84.5+248
MAS 255+ 1.4 2.6+ 143 1.58 £1.02 4.84 £245 0.34+£03 864 +0.35 53.7+14 98.5+0.66
EMOSAM 0.34 £0.23 0.34 £0.24 0.36 £0.28 048 £0.45 0+0 86+ 04 50 £0.27 99.3 +£0.36
FABBOO SP 2.95+0.92 3.22+0.99 2.02+0.74 9.82+1.51 774 £0.46 84.8+042 624+091 93+0.62
FABBOO EQOP 5.19 £ 1.41 5.67 £1.55 3.68+£0.99 104 +2.83 6.48 £0.58 84.6 £0.45 634 +£1.12 924+0.76

Table 10. Fairness and performance comparison across metrics on the girls support stream (three drifts) with drift-aware

scoring.
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Fig. 12. Paired boxplots showing the differences between cumulatively and drift-awarely aggregated scores on the girls support
stream with three drifts.

Classifier ‘ Statistical Parity Disparate Impact Equal Opportunity ~ Equal FPR Individual Fairness Accuracy Balanced Accuarcy Recall
FAHT 0.12 + 0.07 0.12 + 0.07 0.13+0.09 0.2+0.15 0.01 £0.02 85.9+0.32 50+£0.1 99.8+0.07
FEAT 1.83 +0.53 1.87 £ 0.55 1.11 £ 034 2.51+1.63 0.1+0.1 859+ 042 53+ 1.04 98.8 +£0.34
2FAHT 0.69 + 0.39 0.7 +04 0.54 £0.33 1.61 +£0.65 0.05+0.04 85.7+0.34 513+ 1.04 99.1 £043
CFSMOTE 6.53 + 1.37 7.65+ 1.73 554+ 1.13 6.75+2.97 7.89+4.1 76.7+2.05 583+ 1.69 83.8+2.57
MAS 2.55 + 1.09 2.63 + 1.14 1.55+0.81 3.98+2.23 0.52 +£0.37 85.9+0.56 548 +1.72 98 £+ 1.09
EMOSAM 033 +£0.22 0.34 +0.22 03+024 0.64+0.39 0+0 853+0.62 499+023 99+0.52
FABBOO SP 2.45+0.74 2.75 +0.81 1.35+0.67 5.8+2.29 496 +0.88 83.7+0.68 63.8+0.61 91.3+1.04
FABBOO EQOP 429 +1.16 4.8+ 1.29 2.66 +0.85 4.47+1.07 4.1+1.04 83.5+0.69 64.6 + 0.53 90.8 + 1.09

Table 11. Fairness and performance comparison across metrics on the girls support stream (one drift) with drift-aware scoring.

Statistical Parity Disparate Impact Equal Opportunity Equal FPR
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Fig. 13. Paired boxplots showing the differences between cumulatively and drift-awarely aggregated scores on the girls support
stream with one drift.

Classifier ‘ Statistical Parity ~Disparate Impact Equal Opportunity ~ Equal FPR  Individual Fairness Accuracy Balanced Accuarcy Recall
FAHT 0.16 + 0.15 0.16 + 0.15 0.16 £ 0.14 0.24 +0.22 0.01 £0.02 85.3+0.34 50 £0.14 99.7 £0.11
FEAT 0.74 £0.31 0.77 £0.33 0.52+£022 1.41+095 0.14 £0.08 85.4+0.36 53.1£0.85 98.6+0.37
2FAHT 0.42+£0.15 0.43 £ 0.16 0.34 £0.13  2.03 £0.98 0.07 £0.06 85.1 £0.38 51+£049 99.1 £0.39
CFSMOTE 2.6+0.73 3.15+09 228 £0.6 526=+229 594285 76.7+1.58 59.3+£2.48 838+1.79
MAS 1.09 £0.71 1.14 £0.77 0.76 £0.66 2.87 +1.18 0.44 £0.39 853 +0.33 553 +£251 97.6+1.23
FABBOO SP 2.07 £ 0.6 243 +£0.7 1.64 £0.52 8.51 £+ 1.96 2.65+053 824+0.6 66.5+£0.8 88.9+0.75
FABBOO EQOP 2.74 £0.6 3.22+0.71 2.06 £0.56 8.5+283 2.6+0.58 82.3+0.55 66.7 £0.64 88.7+0.7

Table 12. Fairness and performance comparison across metrics on the boys support stream (two drifts) with drift-aware scoring.
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Classifier Statistical Parity Disparate Impact Equal Opportunity  Equal FPR Individual Fairness Accuracy Balanced Accuarcy Recall
FAHT 0.11 + 0.06 0.11 + 0.06 0.07 +0.04 0.34 + 0.38 0.03 +£0.07 85.7 & 0.44 50.1 £0.47 99.7 £+ 0.17
FEAT 027 +£0.3 0.28 +0.32 022+02 1.67+19 0.12+£0.15 85.7 4+ 045 534+2.14 98.7 £0.96
2FAHT 0.32+0.17 0.32+0.18 0254+0.12 1274075 0.06 £0.04 85.6+04 51+£0.58 99.3+0.31
CFSMOTE 273+ 1.15 3.27 +1.36 232+1.1 7244187 648 +£3.16 772+1.1 59.3+239 843 +1.05
MAS 0.64 + 0.56 0.67 £ 0.6 048 £0.41 2.69 £ 1.57 0.52+£035 8564045 545+244 979+ 1.18
EMOSAM 032 +0.24 0.33 £0.25 0294023 0.73+0.52 00 85+£1.13 4994034 9894135
FABBOO SP 1.12+0.53 1.32 + 0.62 0.88 + 0.36 59+£27 226+0.54 82540.73 66.5+0.67 88.9+0.93
FABBOO EQOP 1.8 +0.88 2.13 +1.04 1374+ 0.74 6.05+242 237+£0.64 82540.73 66.6 + 0.58 88.8 +0.95

Table 13. Fairness and performance comparison across metrics on the boys support stream (one drift) with drift-aware scoring.

Statistical Parity Disparate Impact Equal Opportunity Equal FPR
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Fig. 14. Paired boxplots showing the differences between cumulatively and drift-awarely aggregated scores on the boys support
stream with one drift.

Classifier ‘ Statistical Parity ~Disparate Impact Equal Opportunity ~ Equal FPR  Individual Fairness Accuracy Balanced Accuarcy Recall
FAHT 3.14 £ 1.05 5.46 + 1.64 213+ 1.78 3.03 +£1.02 2.24+£0.82 645+ 1 51.9+026 75.7+2.88
FEAT 1.06 + 0.52 417 £2.14 1.5+0.74 1.1940.65 0.54+024 71.14+095 50.8+0.63 543 +2.72
2FAHT 1.06 £ 0.68 7.65 +4.09 098 +0.69 1.5+ 1.04 046 4+0.52 735+ 134 51+£0.78 47.1 £4.59
CFSMOTE 2.0540.93 3.62+ 1.9 3.08+1.65 2.71 £1.18 7.83+£224 6274121 548 +1.47 63.7+1.85
MAS 1.38 + 0.82 3.78 £2.24 1.5+£0.77 1444097 036+£038 69+0.74 51.8+1.61 594+14
EMOSAM 0.58 +0.29 8.49 + 3.68 1.05+0.43 1.02 +0.59 0+0 741+0.97 50+£031 42+1.17
FABBOO SP 1.27 £ 0.51 1.8 + 0.81 3934+ 1.82 3.53+1.53 593+0.65 647+05 60.8+04 76+ 1.16
FABBOO EQOP 4.68 £2.07 7.54 £ 3.59 243+£089 5494236 629 +£1.26 65240.63 61+04 746+1.25

Table 14. Fairness and performance comparison across metrics on the grade category adjustment stream (one drift) with
drift-aware scoring.

Statistical Parity Disparate Impact Equal Opportunity Equal FPR
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Fig. 15. Paired boxplots showing the differences between cumulatively and drift-awarely aggregated scores on the grade
category adjustment stream with one drift.
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Classifier Statistical Parity Disparate Impact Equal Opportunity  Equal FPR Individual Fairness Accuracy Balanced Accuarcy Recall
FAHT 0.11 + 0.07 0.11 + 0.07 0.14 £ 0.06 0.22 + 0.24 0+0.01 87.3+0.28 504+ 0.07 99.8 +0.08
FEAT 0.6 £ 0.46 0.61 + 0.47 0.46 £0.37 0.97 +0.83 0.06 £0.07 87.240.32 51.7+£094 99.1£0.38
2FAHT 0.41 +£0.22 0.42+0.23 033+02 123+0.61 0.04 £0.03 87.24+0.38 51+£0.57 99.2+0.35
CFSMOTE 2.74 + 0.61 3.49+0.73 2.01 +£0.75 4.08 +2.88 548 +£256 749+32 59.7+1.78 80.2+4.14
MAS 1.24 +£0.79 1.29 +£0.84 1.1+£074 134+1.19 0.54+£033 869+£05 53.8+£223 984123
EMOSAM 0.34+0.23 0.34+0.23 0.32+0.17 0.77+0.71 0+0 87+04 50+0.2 99.3+0.39
FABBOO SP 1.42 +0.46 1.64 + 0.54 1.09 £ 0.54 7.25+2.92 3.934+0.68 83.7 +0.85 64.7+0.75 89.9 £ 1.08
FABBOO EQOP 221+097 257+ 1.11 1.59 +0.61 6.04+3 3.554+093 83.5+£0.85 651+0.6 89.6+1.08

Table 15. Fairness and performance comparison across metrics on the grade inflation stream (one drift) with drift-aware scoring.

Statistical Parity Disparate Impact Equal Opportunity Equal FPR
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Fig. 16. Paired boxplots showing the differences between cumulatively and drift-awarely aggregated scores on the grade
inflation stream with one drift.

Classifier ‘ Statistical Parity ~Disparate Impact Equal Opportunity ~ Equal FPR  Individual Fairness Accuracy Balanced Accuarcy Recall
FAHT 0.15 + 0.14 0.16 + 0.14 0.17 £ 0.12  0.29 + 0.24 0.01 £0.02 85.1+£0.29 50+0.09 99.7 +0.1
FEAT 0.7 £0.33 0.72 + 0.34 0.54+025 1.69+1.18 0.16+0.1 854+ 04 5334087 98.7+0.36
2FAHT 0.34 +0.16 0.34 +0.16 0214+0.18 12+0.63 0.054+0.04 85.1 +0.35 S51.1£0.68 99.3+0.32
CFSMOTE 3.08 +0.75 3.95+0.92 2.03+0.66 3.26+ 1.57 5.07+194 7594253 64.3 +2.48 80.8 +2.63
MAS 1.08 + 0.75 1.14 £ 0.8 0.79 £0.56 2.15 4 1.05 059+04 853+£05 55.7+2.54 97.6+1.26
EMOSAM 0.3 +0.18 0.31+0.19 0.33+0.27 0.56 +0.52 0+0 845+095 499403 9894092
FABBOO SP 1.37 £ 0.42 1.61 £ 0.5 1.23+0.73 9.76 +2.43 3.134+0.64 82.8+0.69 66.9 +0.37 89.5+0.85
FABBOO EQOP 1.93 +0.83 2.28 +0.98 1.4+£042 9.07+3.13 296 £0.85 82.840.66 67.1+0.34 89.3+0.83

Table 16. Fairness and performance comparison across metrics on the internet era stream (one drift) with drift-aware scoring.

Statistical Parity Disparate Impact Equal Opportunity Equal FPR
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Fig. 17. Paired boxplots showing the differences between cumulatively and drift-awarely aggregated scores on the internet era
stream with one drift.
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