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Machine learning (ML) software automates various decision-making processes, significantly enhancing the
efficiency of societal operations. However, the widespread adoption of ML software raises growing concerns
about fairness, as such software often exhibits biases that disadvantage specific demographic groups or
individuals. Since these biases typically stem from correlations between sensitive attributes and label within
the training data, disrupting these correlations is a promising direction for fairness repair. Therefore, we
introduce Fairabel, a novel approach that repairs fairness by mutating the training data under the guidance
of causal models and multi-objective optimization. To evaluate Fairabel, we conduct an extensive empirical
comparison against existing approaches across 40 decision-making scenarios. Our experimental results show
that Fairabel reduces ML software bias by 50% on average across three fairness metrics, outperforming the
state-of-the-art with a 9% relative improvement. Additionally, Fairabel surpasses the state-of-the-art by 1.5% on
average across five performance metrics, demonstrating a superior ability to preserve software performance.
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1 Introduction
ML software is driving significant positive transformations across various sectors of society, in-
cluding healthcare, finance, and justice [21]. Despite these contributions, ML software often raises
concerns about fairness bugs, which refer to any flawwithin a software system that creates a discrep-
ancy between the existing and intended fairness conditions [23, 24]. For example, in 2018, Amazon
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discontinued an automated hiring tool after it was found to exhibit gender bias that disadvantaged
female job applicants [29]. Since fairness is a fundamental software requirement [39, 43, 73], soft-
ware fairness repair (also known as fairness bug fixing or bias mitigation) has become an essential
ethical responsibility for software researchers and engineers [17].

Bias in training data is recognized as a key root cause of fairness bugs in ML software [59]. Since
such software follows a data-driven paradigm, the training data significantly influence the decision
logic of models [17, 44]. The causal relationships or correlations between sensitive attributes and
data label can inadvertently cause ML software to make decisions influenced by those sensitive
attributes, even when they are irrelevant to the specific tasks [89].
As a result, modifying training data through pre-processing techniques before model training

has become an effective strategy for repairing fairness bugs [46, 56]. Common methods include
modifying data features [21], adjusting data label [16], data augmentation [17], and data instance
removal [18]. However, there is still a lack of an effective framework to guide the data modification
process, increasing the risk of altering critical information in the data and potentially degrading
ML performance [16]. Therefore, a framework that can guide data modification to repair fairness
while maintaining model performance is critically needed [21, 45, 63].

To address this gap, we propose Fairabel, a novel approach that integrates a causal model with
multi-objective optimization to guide training data mutation. Specifically, Fairabel uses the learned
causal model as a structure-informed scoring mechanism to rank candidate mutations. By capturing
directed dependencies among sensitive attributes, non-sensitive features, and labels, the model
provides practical guidance for fairness-oriented data repair. Furthermore, the multi-objective
optimization framework provides active feedback to dynamically balance potentially conflicting
model properties, thereby improving model fairness while preserving overall performance.
We extensively evaluate Fairabel by comparing it with state-of-the-art approaches across 40

decision-making scenarios. The experimental results demonstrate that Fairabel significantly en-
hances fairness while preserving overall model performance. Specifically, Fairabel reduces single-
attribute bias by 50% on average across three single-attribute fairness metrics, outperforming
the state-of-the-art with a 9% relative improvement. Regarding multi-attribute scenarios, Fairabel
reduces intersectional bias by 38% on average across three intersectional fairness metrics, outper-
forming the state-of-the-art with a 22% relative improvement. Additionally, Fairabel surpasses
the state-of-the-art by 1.5% on average across five performance metrics, demonstrating superior
performance preservation effectiveness.

In general, this work makes the following contributions:

• We propose Fairabel, an innovative ML software fairness repair approach that employs a
causal model and multi-objective optimization to guide the training data mutation process.

• We conduct a comprehensive empirical study comparing Fairabel with the latest fairness
repair methods across 40 decision-making scenarios. Experimental results show that Fairabel
statistically outperforms existing methods in enhancing fairness and preserving performance.

• We publicly release the scripts, datasets, and results of this work to contribute to the commu-
nity by facilitating future research and supporting extensions of the Fairabel approach [88].

The remainder of this paper is organized as follows. Section 2 outlines the necessary background.
Section 3 details the proposed Fairabel methodology. In Sections 4 and 5, we report the experimental
evaluation and results, including comparisons with leading fairness repair methods. Section 6
analyzes the Fairabel approach, including its advantages, limitations, and implications. Section 7
reviews related work on software fairness repair, and Section 8 concludes the paper by summarizing
our contributions and key findings.
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2 Preliminaries
In this section, we introduce the necessary background on software fairness and causal models.

2.1 Notions of Software Fairness
In a classification task, the ML software aims to correctly predict the label class based on input
features. Given a decision-making scenario with label 𝑌 and sensitive attribute 𝐴, if a label class
indicates potential advantages or benefits, it is referred to as a “favorable label” (e.g., good credit),
denoted as 𝑌 = 1. Conversely, a label class that implies potential disadvantages is termed an
“unfavorable label” (e.g., bad credit), denoted as 𝑌 = 0 [17, 18].

When assessing fairness in ML decision-making tasks, practitioners typically categorize indi-
viduals into various groups based on different sensitive attributes, such as sex, race, and age. If
an ML model tends to predict members of a certain group with the favorable label, this group is
designated as a privileged group, denoted as 𝐴 = 1. Conversely, a group more often predicted
with an unfavorable label class by the ML model is labeled as an unprivileged group, denoted as
𝐴 = 0 [17, 21, 23]. We next introduce different types of fairness, including single-attribute bias and
intersectional bias.

2.1.1 Single-Attribute Bias. Single-attribute bias refers to the statistical disparity in model pre-
dictions across groups defined by a single sensitive attribute, such as sex. To quantify this type
of fairness, widely adopted metrics include Statistical Parity Difference (SPD), Average Odds Dif-
ference (AOD), and Equal Opportunity Difference (EOD) [23, 52, 59]. Their formal definitions are
detailed in Section 4.5.

2.1.2 Intersectional Bias. Intersectional bias characterizes the statistical disparity in model predic-
tions across subgroups defined by combinations of multiple sensitive attributes (e.g., the intersection
of sex and race) [22]. Specifically, it quantifies the worst-case disparity, typically measured as the
gap between the most privileged and the most disadvantaged subgroups [22].
For instance, in the Adult dataset [5], sex and race serve as sensitive attributes, distinguishing

four intersectional subgroups: “White Male”, “White Female”, “Non-White Male”, and “Non-White
Female”. In this case, the “White” and “Male” groups are the privileged groups (typically correlated
with the high-income label), while the “Non-White Female” subgroup suffers from compounded
discrimination arising from both gender and racial dimensions. To quantify such compounded
disparities, we employ intersectional versions of single-attribute fairness metrics (e.g., SPD, AOD,
EOD) [22], whose mathematical formulations are detailed in Section 4.5.

2.2 Causal Model
A causal model provides a rigorous framework to represent and reason about the causal mechanisms
governing the interactions among variables (e.g., sensitive attributes and predicted outcomes).
According to Pearl [65, 66], the formal definition of a causal model is:

Definition 2.1 (Causal Model [65, 66]). A causal model is a pair M = ⟨𝐷,Θ𝐷⟩ consisting of a
causal structure 𝐷 over a set of variables 𝑉 , and a set of parameters Θ𝐷 compatible with 𝐷 . The
parameters Θ𝐷 assign a function 𝑥𝑖 = 𝑓𝑖 (𝑝𝑎𝑖 , 𝑢𝑖 ) to each 𝑋𝑖 ∈ 𝑉 and a probability measure 𝑃 (𝑢𝑖 ) to
each 𝑢𝑖 , where 𝑝𝑎𝑖 represents the values of the parent set 𝑃𝐴𝑖 of 𝑋𝑖 in 𝐷 , and each 𝑢𝑖 is a realization
of a random disturbance𝑈𝑖 that is distributed according to 𝑃 (𝑢𝑖 ), independently of all other𝑈 𝑗 .

This framework offers an interpretable foundation for multivariate analysis [65, 66]. Specifically,
based on the definition above, a causal model comprises two main components: (1) the causal
structure, which encodes the directional dependencies among variables using a directed acyclic
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graph (DAG); and (2) the causal parameters, which describe the strength and functional form of
these causal relationships. The following subsections introduce these two components in detail.

2.2.1 Causal Structure. The formal definition of causal structure is presented below:

Definition 2.2 (Causal Structure [65, 66]). A causal structure over a set of variables 𝑉 is a directed
acyclic graph (DAG) in which each node corresponds to a distinct element of 𝑉 , and each edge
represents a direct functional relationship between the corresponding variables.

The causal structure qualitatively captures the directional dependencies among variables and
provides a graphical representation of the underlying data-generating process. Each directed edge
represents a potential cause-and-effect relationship, showing how information or influence flows
through the system. In fairness analysis, such structures help identify direct and indirect pathways
from sensitive attributes, such as gender or race, to model predictions, thereby supporting the
development of effective fairness repair strategies.

2.2.2 Causal Parameters. While the causal structure describes qualitative dependencies, the causal
parameters quantify the strength and functional form of these relationships. Together, they
constitute a complete Structural Causal Model (SCM), detailing how each variable is generated
from its parents and exogenous factors [41, 65, 66, 76].
Beyond standard predictive capabilities, a key advantage of this framework is the ability to

incorporate domain knowledge. For instance, during the model construction, sensitive attributes
(e.g., race, sex) can be explicitly constrained as root nodes (having only outgoing edges), while
the target label is typically modeled as a sink node (having only incoming edges). Imposing such
structural constraints narrows the hypothesis space and encourages the learned structure to align
better with plausible domain knowledge, thereby improving its interpretability as a mutation-
guidance model.

3 Methodology
In this section, we introduce the methodology of Fairabel and describe its implementation in detail.

3.1 Overview of Fairabel
Fairabel is a pre-processing fairness repair approach that improves model fairness by debugging
the training data before model training. In contrast to existing data debugging methods [17, 18, 48],
Fairabel employs a causal model to guide data mutation operations and applies multi-objective
optimization to balance performance and fairness metrics. Specifically, Fairabel mutates a subset
of data instances without removing or augmenting any samples. Figure 1 illustrates the key
components of the Fairabel framework, comprising causal model learning and causal model-guided
mutation of training instances. The following sections describe each step in detail.

3.2 Causal Model Learning
As introduced in Section 2.2, a causal model consists of a causal structure and a set of causal
parameters [65, 66]. We first estimate the causal structure from the original training data. Our
approach assumes causal sufficiency, meaning that all common causes of the observed variables are
included in the dataset. This assumption is standard in causality-based fairness research [49, 52].
However, when relying solely on observational data, structure learning algorithms typically identify
only a Markov equivalence class, represented by a CPDAG, rather than a uniquely oriented DAG [80,
90]. Consequently, identifying a more realistic causal structure requires additional information to
resolve this indeterminacy [70]. To address this challenge and ensure the validity of the learned
structure, we incorporate domain knowledge as constraints during the learning process. Specifically,
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Fig. 1. Overview of Fairabel.

we designate sensitive attributes, such as race, sex, and age, as exogenous root nodes with only
outgoing edges, and enforce these priors using whitelist and blacklist constraints.
Assumption (Exogenous Sensitive Attributes). Let 𝐴 denote the set of sensitive attributes

and 𝑌 denote the outcome variable. We assume:
(1) Each sensitive attribute 𝐴 𝑗 ∈ 𝐴 is a root node in the causal DAG, that is, PA(𝐴 𝑗 ) = ∅. Any

edge connecting 𝐴 𝑗 to another variable must be directed outward from 𝐴 𝑗 .
(2) The outcome variable 𝑌 is a sink node, meaning that 𝑌 has no outgoing edges.
This strategy effectively narrows the hypothesis space and prevents implausible causal directions,

such as education influencing race, thereby producing structures that better reflect real-world mech-
anisms. The incorporation of background knowledge is a standard practice in causal discovery [77].
Although these constraints do not guarantee the unique recovery of the true causal structure, they
effectively eliminate clearly spurious relationships and provide a robust structural foundation for
subsequent analysis. For edges that remain undirected in the CPDAG, our method relies exclusively
on the directed causal relationships involving sensitive attributes and the label. Undirected edges
among non-sensitive features do not affect the mutation candidate ranking. Finally, based on the
established structure, we estimate the corresponding causal parameters to complete the model
for identifying the mutation candidates. Notably, the causal model is not introduced to maximize
predictive accuracy. In Fairabel, the learned causal model is used operationally to score and rank
candidate mutations according to the dependencies encoded in the learned structure and parameters.
We do not use it to estimate a specific causal effect or to simulate a real-world intervention. Thus,
its role is to provide structural guidance for fairness-oriented data repair.

3.3 Data Instance Mutation
The primary goal of data mutation is not to recover a true post-intervention causal distribution for
a specific edge. Instead, Fairabel is intended as a performance-preserving fairness-oriented training-
data repair method: it modifies the observed training data so as to reduce the unfair dependence
between sensitive attributes and the learning target, while preserving predictive performance as
much as possible and avoiding excessive deviation from the original data. In this sense, feature
mutation and label mutation should be understood as controlled repair operations on the observed
training distribution, rather than as estimators of a particular causal intervention. Specifically, we
achieve this objective by increasing the proportion of unprivileged instances assigned the favorable
label.
To minimize alterations to the overall training dataset, we restrict mutation operations to data

instances that belong to the unprivileged group and are assigned the unfavorable label. Given the
objective of altering the relationship between sensitive attributes and data label, we propose two
strategies to achieve this: (1) label mutation and (2) sensitive attribute mutation. In addition,
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we introduce a multi-objective framework to determine the optimal number of data instances to
mutate to achieve fairness repair and balance model fairness and performance. We next describe
the detailed implementation of Fairabel.

3.3.1 Data Label Mutation. Let M1 denote the learned causal model used to score candidates for
label mutation. We define the candidate set for the single-attribute case as

𝐶 = { 𝑖 | 𝐴𝑖 = 0, 𝑌𝑖 = 0 },

where 𝑖 indexes data instances, 𝐴𝑖 is the sensitive attribute (0 = unprivileged, 1 = privileged), and
𝑌𝑖 ∈ {0, 1} is the original label (1 = favorable). Then, we let 𝑇𝑖 denote the feature vector excluding
𝐴. For each 𝑖 ∈ 𝐶 , we obtain the probability of a favorable label by the learned causal model M1:

𝑝𝑖 = M1 (𝐴𝑖 ,𝑇𝑖 ) ∈ [0, 1] .

Let 𝑃 = {(𝑖, 𝑝𝑖 ) | 𝑖 ∈ 𝐶} be the set of index-probability pairs. We sort candidates in descending order
of 𝑝𝑖 and introduce a mutation budget 𝛼 ∈ [0, 1] (percentage of 𝐶). Let 𝑘 =

⌊
𝛼 · |𝐶 |

⌋
. We then set

the label of top-𝑘 candidates to 1:

𝑌𝑖 =

{
1, if 𝑖 ∈ Top-𝑘 (𝑃),
𝑌𝑖 , otherwise.

Applying these mutation rules to the mutation candidates generates a mutated label vector. We
then replace the original data label with the new label vector, producing a correspondingly mutated
training dataset.
Additionally, the choice of 𝛼 influences the trade-off between fairness and performance. If

mutation is applied too aggressively, the repaired data may drift excessively from the original
distribution and hurt predictive performance. For this reason, Fairabel is not designed to optimize
fairness alone. It introduces a mutation budget together with a multi-objective mechanism to
balance fairness improvement and performance preservation. Therefore, the method should not be
interpreted as an unconstrained heuristic, but as a controlled repair strategy with explicit trade-offs.
We select 𝛼 on a validation set by minimizing the following multi-objective loss:

L(𝛼) =
[
1 − Accuracy(𝛼)

]
+
[
1 − F1(𝛼)

]
+
��SPD(𝛼)

�� + ��AOD(𝛼)
�� + ��EOD(𝛼)

��,
where all metrics are computed after retraining on data mutated with a budget 𝛼 . The fairness terms
are expressed as non-negative magnitudes (absolute differences), where lower values indicate better
fairness. The optimal value 𝛼∗ obtained from multi-objective optimization is then used to generate
the final mutated training dataset. Furthermore, the loss function design can be dynamically
customized to meet specific performance or fairness metric requirements. We provide the specific
implementation parameters, including tools and heuristic configurations, in Section 4.7, and explore
the impact of loss function design in Section 5.5.

Extension for Handling Intersectional Bias Across Multiple Sensitive Attributes. In practical sce-
narios, unfairness may arise only at the intersectional level, even when it is not apparent for any
single sensitive attribute considered in isolation. In this setting, the mutation budget is determined
using intersectional fairness criteria, namely ISPD, IAOD, and IEOD, which measure disparities
across intersectional subgroups rather than across a single sensitive attribute at a time.
Let 𝐴𝑖 = (𝐴 (1)

𝑖
, . . . , 𝐴

(𝑚)
𝑖

) denote the vector of𝑚 sensitive attributes, where each attribute is
encoded such that 0 represents the unprivileged group and 1 represents the privileged group. Let𝑇𝑖
denote the non-sensitive features. We then construct the intersectional candidate set.

𝐶multi = { 𝑖 | 𝐴 (1)
𝑖

= · · · = 𝐴
(𝑚)
𝑖

= 0, 𝑌𝑖 = 0 }.
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For each 𝑖 ∈ 𝐶multi, we compute the probability of a favorable label using the learned causal model,
𝑝𝑖 = M1 (𝐴𝑖 ,𝑇𝑖 ), sort candidates by 𝑝𝑖 in descending order, and set the top 𝛼 fraction of label to 1
exactly as in the single-attribute case.
This joint condition ensures that only instances whose unfavorable labels are simultaneously

associated with all sensitive attributes are mutated, thereby directly targeting intersectional bias.
The mutation budget 𝛼 is optimized using the following multi-objective loss function:

L(𝛼) = [1 − Accuracy(𝛼)] + [1 − F1(𝛼)] + |ISPD(𝛼) | + |IAOD(𝛼) | + |IEOD(𝛼) |,

where the fairness terms are intersectional metrics that capture worst-case disparities across
all subgroups. This formulation ensures that the optimization explicitly targets intersectional
unfairness rather than single-attribute disparities.

3.3.2 Sensitive Attribute Mutation. The process for sensitive attribute mutation operates analo-
gously to data label mutation, with the primary distinction lying in the optimization target and
the causal model employed. Specifically, we use the same candidate set 𝐶 defined in Section 3.3.1.
However, instead of scoring based on favorable label probability, we employ a second learned causal
model, M2, to estimate the probability of the privileged attribute given the label and non-sensitive
features:

𝑝𝑖 = M2 (𝑌𝑖 ,𝑇𝑖 ) ∈ [0, 1] .
Similarly, let 𝑃 = {(𝑖, 𝑝𝑖 ) | 𝑖 ∈ 𝐶} be the set of index-probability pairs. Using the same strategy as
mentioned in Section 3.3.1, we identify the top-𝑘 candidates with the highest scores 𝑝𝑖 and mutate
their sensitive attributes:

𝐴𝑖 =

{
1, if 𝑖 ∈ Top-𝑘 (𝑃),
𝐴𝑖 , otherwise.

This effectively reassigns the selected unprivileged instances to the privileged group. The hyper-
parameter optimization for 𝛼 and the extension to intersectional fairness follow the exact same
procedures as described in Section 3.3.1.

3.3.3 Comparison of Strategies. While both strategies aim to strengthen the correlation between
the favorable label and the unprivileged attribute, they operate through distinct mechanisms. Data
label mutation directly increases the proportion of favorable label within the unprivileged group
(𝑌 = 0 → 1). In contrast, sensitive attribute mutation decreases the proportion of favorable label
within the privileged group by injecting negative samples from the unprivileged group (𝐴 = 0 → 1).
We empirically compare their effectiveness in Section 5.3.

4 Evaluation
Weevaluate Fairabel using a controlled, multi-case experiment that follows theGoal–Question–Metric
(GQM) paradigm [8] and the experimentation guidelines by Wohlin et al. [86]. This section first
states the overall evaluation goal, then derives the research questions (RQs), describes the objects
and context of the study, defines the measures used, and finally presents the analysis procedures
and implementation details.

4.1 Evaluation Goal and ResearchQuestions
According to the GQM approach, our evaluation begins with an explicit goal formulated as follows:
Analyze Fairabel and the baselines for the purpose of evaluating and comparing their ability to
repair software fairness with respect to model fairness and performance from the point of view
of software engineers and fairness researchers who need to repair model fairness in the context
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of binary classification tasks on tabular benchmark datasets widely used in the software fairness
literature. According to the evaluation goal, we derive the following RQs:

• RQ1: Single-attribute effectiveness: How effective is Fairabel in repairing single-attribute
fairness while preserving performance, compared to state-of-the-art methods?

• RQ2: Intersectional effectiveness: How effective is Fairabel in repairing intersectional
fairness involving multiple sensitive attributes while preserving performance?

• RQ3: Impact ofmutation strategies:Towhat extent canmutation strategies (label mutation
vs. sensitive attribute mutation) influence the effectiveness of Fairabel?

• RQ4: Impact of causal model: To what extent can the guidance model (causal model vs.
non-causal model) influence the effectiveness of Fairabel?

• RQ5: Impact of loss function: To what extent can the loss function design influence the
trade-off of Fairabel between model fairness and performance?

Each RQ is answered by evaluating Fairabel and the baselines against specific metrics. The definition
and calculation of these metrics are detailed in Section 4.5. This specification of metrics constitutes
the final component of our GQM experimental design, closing the derivation loop.

4.2 Hypothesis and Its Rationale
To statistically assess the effectiveness of Fairabel, we formulate the following null and alter-
native hypotheses regarding the distribution of evaluation metrics, including both fairness and
performance metrics, across the decision-making scenarios:

- Null hypothesis (𝐻0): Fairabel and the baseline method follow the same distribution for the
considered metric ( 𝐷Fairabel ∼ 𝐷baseline).

- Alternative hypothesis (𝐻1): Fairabel and the baseline method follow different distributions
for the considered metric (𝐷Fairabel ≁ 𝐷baseline).

If 𝐻0 holds, then Fairabel does not differ statistically from the baseline on the metric under
consideration. If 𝐻0 is rejected, we conclude that Fairabel and the baseline exhibit a statistically
significant distributional difference.

Rationale for 𝐻1: The rationale for the alternative hypothesis stems from the methodological
divergence between Fairabel and the baselines. While baselines typically operate through static
paradigms (ranging from pre-processing to post-processing) that lack dynamic adjustment, Fairabel
integrates a causal model with multi-objective optimization. This combination provides an active
feedback mechanism that guides data mutation toward explicitly minimizing the global loss of both
fairness and performance. These fundamental differences in optimization dynamics are expected
to yield statistically distinguishable metric distributions. Furthermore, considering the two-tailed
nature of 𝐻1, we introduce the win/tie/loss rate as an additional metric to demonstrate the specific
advantage of Fairabel when the null hypothesis (𝐻0) is rejected. The details of the statistical analysis
and the win/tie/loss rate are presented in Section 4.6.

4.3 Baseline Methods
To ensure a robust and up-to-date comparison, we select our baselines based on recent software
engineering studies, including empirical evaluations of fairness repair methods [22, 24] and the
latest proposed repair techniques [89]. These baselines represent strong and relevant methods for
evaluating the effectiveness of Fairabel. We briefly summarize these baselines below.

• LTDD (proposed at ICSE’22) [56] uses a linear model to identify features that are linearly
related to the sensitive attributes and removes their influence from the feature set;
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• MAAT (proposed at FSE’22) [21] ensembles the predictions of a fairness-optimized model
and a performance-optimized model;

• FairMask (proposed at TSE’23) [68] trains extrapolation models to predict and subsequently
adjust sensitive attribute values in the test set;

• MirrorFair (proposed at FSE’24) [89] adaptively combines two predictions from the original
model and another model trained on the flipped training data.

4.4 Benchmark Datasets and ML Classifiers
We use the same set of datasets as a recent ICSE’24 fairness study [22], covering five widely adopted
benchmarks: the Adult Income dataset (Adult) [5], the ProPublica Recidivism dataset (COMPAS) [72],
the Default of Credit Card Clients dataset (Default) [3], the Medical Expenditure Panel Survey
2015 dataset (Mep1) [4], and the Medical Expenditure Panel Survey 2016 dataset (Mep2) [2]. These
datasets span multiple domains, including finance, social welfare, healthcare, and justice. Table 1
summarizes their key characteristics. Since all five datasets contain two sensitive attributes, we
design ten single-attribute tasks, corresponding to five datasets × two sensitive attributes, to
evaluate the effectiveness of Fairabel in repairing fairness for each attribute individually. We also
design five additional tasks to assess the ability of Fairabel to repair intersectional fairness involving
both sensitive attributes simultaneously.

Table 1. Benchmark datasets.

Dataset Sensitive attributes Size Features Favorable label
Adult Sex, Race 48,843 7 1 (income >50k)
Compas Sex, Race 7,214 7 0 (no recidivism)
Default Sex, Age 30,000 23 0 (no default)
MEP1 Sex, Race 15,830 42 1 (utilizer)
Mep2 Sex, Race 15,675 42 1 (utilizer)

For machine learning classifiers, we follow previous studies [22, 24] and adopt four widely used
models: Logistic Regression (LR) [50], Random Forest (RF) [13], Support Vector Machine (SVM) [40],
and Deep Neural Network (DNN) [54]. The selection of benchmark datasets, classifiers, and their
configurations is consistent with recent empirical investigations [22], ensuring the soundness of
comparisons and the reliability of experimental results.

4.5 Evaluation Metrics
In line with previous research [21, 22, 24], we use the three most widely adopted fairness metrics
and five commonly used ML performance metrics to assess the effectiveness of Fairabel.

4.5.1 Fairness Metrics. We introduced the concepts of single-attribute bias and intersectional bias
in Section 2.1.1 and Section 2.1.2. Considering the diversity of real-world data distributions, bias may
be mismeasured when evaluated solely in a single-attribute setting, while becoming more apparent
in intersectional scenarios that simultaneously involve multiple sensitive attributes, such as race
and sex. Therefore, we adopt multiple single-attribute fairness metrics together with intersectional
fairness metrics to mitigate potential bias mismeasurement [57].

In this subsection, we present the formulas used to calculate these metrics. Let 𝐴 denote the sen-
sitive attribute, where 𝐴 = 1 represents the privileged group and 𝐴 = 0 represents the unprivileged
group. Let 𝑌 denote the true label, where 𝑌 = 1 indicates a favorable label and 𝑌 = 0 indicates an
unfavorable label. 𝑌 denotes the predicted label, and 𝑃 (·) denotes the corresponding probability.
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SPD measures the disparity in favorable rates between the privileged and unprivileged groups,
which can be calculated by:

𝑆𝑃𝐷 = |𝑃 [𝑌 = 1|𝐴 = 1] − 𝑃 [𝑌 = 1|𝐴 = 0] | (1)

AOD measures the average disparity in false-positive rates and true-positive rates between the
privileged and unprivileged groups, which can be calculated by:

𝐴𝑂𝐷 =
1
2
( |𝑃 [𝑌 = 1|𝐴 = 0, 𝑌 = 0] − 𝑃 [𝑌 = 1|𝐴 = 1, 𝑌 = 0]

+ 𝑃 [𝑌 = 1|𝐴 = 0, 𝑌 = 1] − 𝑃 [𝑌 = 1|𝐴 = 1, 𝑌 = 1] |) (2)

EOD measures the disparity in true-positive rates between the privileged and unprivileged
groups, which can be calculated by:

𝐸𝑂𝐷 = |𝑃 [𝑌 = 1|𝐴 = 0, 𝑌 = 1] − 𝑃 [𝑌 = 1|𝐴 = 1, 𝑌 = 1] | (3)
Let 𝑠 denote an intersectional subgroup and 𝑆 denote the intersectional subgroup set. Inter-

sectional Statistical Parity Difference (ISPD) measures the maximum disparity in favorable rates
among all subgroups, which can be calculated by:

𝐼𝑆𝑃𝐷 = max
𝑠∈𝑆

𝑃 [𝑌 = 1|𝐴 = 𝑠] −min
𝑠∈𝑆

𝑃 [𝑌 = 1|𝐴 = 𝑠] (4)

Intersectional Average Odds Difference (IAOD) measures the maximum average disparity in
false-positive rates and true-positive rates among all subgroups, which can be calculated by:

𝐼𝐴𝑂𝐷 =
1
2
[max
𝑠∈𝑆

(𝑃 [𝑌 = 1|𝐴 = 𝑠, 𝑌 = 0] + 𝑃 [𝑌 = 1|𝐴 = 𝑠, 𝑌 = 1]) (5)

−min
𝑠∈𝑆

(𝑃 [𝑌 = 1|𝐴 = 𝑠, 𝑌 = 0] + 𝑃 [𝑌 = 1|𝐴 = 𝑠, 𝑌 = 1])]

Intersectional Equal Opportunity Difference (IEOD) measures the maximum disparity in true-
positive rates among all subgroups, which can be calculated by:

𝐼𝐸𝑂𝐷 =max
𝑠∈𝑆

𝑃 [𝑌 = 1|𝐴 = 𝑠, 𝑌 = 1] −min
𝑠∈𝑆

𝑃 [𝑌 = 1|𝐴 = 𝑠, 𝑌 = 1] (6)

4.5.2 Performance Metrics. Precision, recall, F1-score, accuracy, and Matthews Correlation Coef-
ficient (MCC) are standard metrics for evaluating ML classifiers and are widely used in fairness
studies [21, 22, 24]. For a given class, precision measures the proportion of predicted positives that
are correct, while recall measures the proportion of actual positives that are identified. The F1-score
is the harmonic mean of precision and recall. Accuracy measures the overall proportion of correct
predictions. MCC summarizes classification quality by considering true and false positives and
negatives, making it suitable for imbalanced datasets. It is calculated as follows:

𝑀𝐶𝐶 =
𝑇𝑃 ×𝑇𝑁 − 𝐹𝑃 × 𝐹𝑁√︁

(𝑇𝑃 + 𝐹𝑃) (𝑇𝑃 + 𝐹𝑁 ) (𝑇𝑁 + 𝐹𝑃) (𝑇𝑁 + 𝐹𝑁 )
, (7)

where True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN)
represent the counts of favorable samples predicted as favorable, unfavorable samples predicted
as unfavorable, unfavorable samples predicted as favorable, and favorable samples predicted as
unfavorable, respectively. We report precision, recall, and F1-score using the macro-average for
each class, following the approach used in prior studies [21, 22]. This involves computing the scores
for each class individually and then taking their arithmetic mean, ensuring that no single class
dominates the overall performance metrics. This approach is particularly important for evaluating
imbalanced datasets [21, 22].
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4.6 Statistical Analysis
To evaluate the significance of the comparisons between Fairabel and existing methods, we conduct
statistical tests. First, we inspect the distribution of the experimental data, i.e., the performance and
fairness metric values obtained from 20 repeated runs, using the Shapiro-Wilk test [78]. The results
indicate that some distributions are normal, whereas a substantial proportion (18.02%) deviates
from normality (𝑝 < 0.05), making parametric tests unsuitable for our setting. Considering the
limitations of the Shapiro-Wilk test in large-sample settings, we further adopt the Anderson-Darling
test [60] to examine normality, which finds a similar proportion (18.00%) of distributions deviating
from normality. Given the results of both the Shapiro-Wilk and Anderson-Darling tests, we adopt
non-parametric statistical procedures. For pairwise comparisons between Fairabel and each baseline
within a scenario, we apply the Mann-Whitney U test, also known as the Wilcoxon rank-sum test,
to assess distributional differences [58], and consider results statistically significant when 𝑝 < 0.05.
Since our evaluation involves multiple baselines and tasks, it is necessary to rigorously assess

whether the observed best method is statistically superior to each competing baseline after cor-
recting for multiple comparisons. Therefore, we additionally conduct Dunn’s post-hoc pairwise
tests with Holm–Bonferroni correction to control the family-wise error rate [33, 42]. We regard
differences as significant when 𝑝adj < 0.05. In head-to-head summaries, two win/tie/loss outcomes
are determined for each scenario based on the Mann–Whitney U test and the Dunn test, respectively.

4.7 Implementation Details
Fairabel Configuration. We employ the Stan [83] tool to learn the causal models, guiding the

following mutation. Regarding the loss function defined in Section 3, we assign equal weights
(1.0) to all performance and fairness terms in the loss function by default to ensure a balanced
trade-off. To determine the optimal mutation budget 𝛼∗, the parameter optimization involves a
grid search over the range [0, 1] with a step size of 0.01, which empirically balances searching
comprehensiveness and cost. The parameter 𝛼∗ governs the proportion of candidates selected for
mutation, effectively functioning as a probability threshold within the ranked candidate list.

Experimental Setup. We employAIF360 [9], Scikit-learn [15, 67], and TensorFlowKeras [32] for the
implementation of existing fairness repair methods, ML classifiers, and evaluation metrics. AIF360,
an IBM-developed tool for fairness research, includes the fairness metrics calculation packages we
used for measuring the single-attribute bias. Regarding the intersectional bias measurement, we use
definitions and calculations proposed by a recent empirical investigation [22]. The state-of-the-art
baseline methods are replicated based on the code released by recent papers [22–24, 56]. To ensure
the reliability and validity of our evaluation of Fairabel and the comparative methods, we align
the model training parameter settings with prior work [22]. Specifically, we adopt the default
parameter settings of the LR, RF, and SVM models provided by the Scikit-learn toolkit [15, 67]. For
the deep neural network, we employ a six-layer densely connected architecture, using the ReLU
activation function in the first five layers and the sigmoid activation function in the final layer,
with binary cross-entropy as the loss function, the Nadam optimizer with a default learning rate
of 0.001, 20 training epochs, and a batch size of 128. All experiments are conducted on a macOS
platform equipped with an M1 Pro processor (integrated CPU and GPU), 16 GB RAM, Python
3.11.14, TensorFlow 2.19.1, and macOS Sequoia.

5 Results
In this section, we present our experimental results by answering the proposed RQs.
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5.1 RQ1: Single-Attribute Effectiveness
We answer RQ1 from three complementary views. In RQ1.1, we report the specific metric values for
each decision-making scenario before and after applying Fairabel. In RQ1.2, we present the relative
changes in performance and fairness metrics after applying different fairness repair methods. In
RQ1.3, we perform statistical analysis to examine whether Fairabel statistically outperforms the
baselines using the Mann–Whitney U-test [58] and the Dunn test [33].

Table 2. RQ1.1: Performance and fairness metrics of ML software before and after applying our approach.
Regarding performance metrics, the higher the better. Regarding fairness metrics, the lower, the better.

Task Model

LR RF
Performance Metric Fairness Metric Performance Metric Fairness Metric

Accuracy Recall Precision F1-Score MCC SPD AOD EOD Accuracy Recall Precision F1-Score MCC SPD AOD EOD

Adult-Sex
Before 0.82 0.68 0.78 0.71 0.45 0.17 0.18 0.28 0.84 0.73 0.79 0.75 0.52 0.18 0.15 0.23
After 0.80 0.70 0.72 0.71 0.42 0.07 0.01 0.02 0.81 0.73 0.74 0.73 0.47 0.06 0.03 0.02

Adult-Race Before 0.82 0.68 0.78 0.71 0.45 0.09 0.09 0.13 0.84 0.73 0.79 0.75 0.52 0.09 0.07 0.10
After 0.82 0.69 0.77 0.71 0.45 0.06 0.02 0.03 0.83 0.73 0.78 0.75 0.51 0.05 0.01 0.02

Compas-Sex Before 0.68 0.67 0.68 0.67 0.35 0.22 0.19 0.15 0.65 0.64 0.64 0.64 0.28 0.12 0.09 0.08
After 0.68 0.66 0.68 0.66 0.35 0.04 0.03 0.02 0.65 0.64 0.65 0.64 0.29 0.07 0.05 0.03

Compas-Race Before 0.68 0.67 0.68 0.67 0.35 0.18 0.15 0.11 0.65 0.64 0.64 0.64 0.28 0.13 0.10 0.09
After 0.68 0.66 0.68 0.67 0.34 0.04 0.02 0.03 0.65 0.64 0.65 0.64 0.29 0.04 0.03 0.03

Default-Sex Before 0.81 0.60 0.77 0.61 0.32 0.03 0.03 0.04 0.81 0.65 0.74 0.68 0.38 0.03 0.02 0.02
After 0.81 0.67 0.73 0.69 0.40 0.01 0.02 0.03 0.81 0.68 0.73 0.70 0.41 0.01 0.01 0.03

Default-Age Before 0.81 0.60 0.77 0.61 0.32 0.04 0.04 0.05 0.81 0.65 0.74 0.68 0.38 0.05 0.04 0.06
After 0.79 0.68 0.69 0.69 0.37 0.01 0.02 0.02 0.80 0.70 0.71 0.70 0.40 0.04 0.02 0.03

Mep1-Sex Before 0.86 0.66 0.77 0.70 0.42 0.06 0.05 0.07 0.86 0.67 0.77 0.70 0.43 0.04 0.02 0.02
After 0.86 0.68 0.76 0.71 0.44 0.04 0.01 0.02 0.86 0.68 0.76 0.70 0.43 0.04 0.01 0.02

Mep1-Race Before 0.86 0.66 0.77 0.70 0.42 0.03 0.04 0.07 0.86 0.67 0.77 0.70 0.43 0.03 0.03 0.06
After 0.86 0.68 0.77 0.71 0.44 0.02 0.02 0.04 0.86 0.69 0.75 0.72 0.44 0.01 0.03 0.04

Mep2-Sex Before 0.86 0.64 0.76 0.67 0.38 0.06 0.06 0.09 0.86 0.64 0.76 0.67 0.38 0.04 0.01 0.02
After 0.85 0.67 0.75 0.70 0.41 0.04 0.01 0.02 0.86 0.66 0.76 0.69 0.40 0.03 0.01 0.03

Mep2-Race
Before 0.86 0.64 0.76 0.67 0.38 0.04 0.05 0.08 0.86 0.64 0.76 0.67 0.38 0.03 0.02 0.03
After 0.86 0.66 0.75 0.69 0.41 0.02 0.01 0.03 0.85 0.66 0.75 0.69 0.40 0.01 0.03 0.06

Task Model

SVM DNN
Performance Metric Fairness Metric Performance Metric Fairness Metric

Accuracy Recall Precision F1-Score MCC SPD AOD EOD Accuracy Recall Precision F1-Score MCC SPD AOD EOD

Adult-Sex
Before 0.82 0.67 0.79 0.70 0.44 0.14 0.12 0.19 0.83 0.71 0.79 0.73 0.49 0.19 0.18 0.28
After 0.80 0.71 0.73 0.72 0.44 0.08 0.01 0.01 0.81 0.69 0.73 0.70 0.43 0.07 0.03 0.05

Adult-Race Before 0.82 0.67 0.79 0.70 0.44 0.07 0.05 0.08 0.83 0.71 0.79 0.73 0.49 0.09 0.07 0.10
After 0.82 0.70 0.77 0.72 0.46 0.04 0.02 0.03 0.83 0.72 0.78 0.74 0.49 0.04 0.02 0.04

Compas-Sex Before 0.68 0.67 0.68 0.67 0.35 0.21 0.18 0.15 0.68 0.67 0.68 0.67 0.35 0.20 0.16 0.14
After 0.68 0.66 0.68 0.66 0.35 0.03 0.02 0.02 0.67 0.66 0.68 0.65 0.34 0.08 0.06 0.05

Compas-Race Before 0.68 0.67 0.68 0.67 0.35 0.17 0.15 0.11 0.68 0.67 0.68 0.67 0.35 0.17 0.15 0.12
After 0.68 0.66 0.68 0.66 0.34 0.04 0.02 0.03 0.69 0.67 0.69 0.67 0.36 0.11 0.09 0.06

Default-Sex Before 0.80 0.57 0.77 0.58 0.28 0.02 0.02 0.03 0.82 0.65 0.74 0.67 0.38 0.03 0.03 0.03
After 0.81 0.67 0.73 0.69 0.40 0.01 0.01 0.02 0.81 0.66 0.73 0.68 0.38 0.02 0.02 0.04

Default-Age Before 0.80 0.57 0.77 0.58 0.28 0.02 0.02 0.02 0.82 0.65 0.74 0.67 0.38 0.06 0.06 0.08
After 0.79 0.68 0.69 0.69 0.37 0.01 0.02 0.02 0.81 0.66 0.72 0.68 0.38 0.03 0.03 0.04

Mep1-Sex Before 0.86 0.66 0.78 0.69 0.41 0.05 0.03 0.04 0.85 0.64 0.72 0.66 0.36 0.05 0.04 0.06
After 0.86 0.68 0.77 0.71 0.43 0.04 0.01 0.02 0.85 0.67 0.72 0.68 0.39 0.03 0.03 0.06

Mep1-Race Before 0.86 0.66 0.78 0.69 0.41 0.02 0.03 0.05 0.85 0.64 0.72 0.66 0.36 0.04 0.05 0.08
After 0.86 0.68 0.77 0.71 0.43 0.02 0.02 0.03 0.86 0.70 0.75 0.71 0.44 0.01 0.03 0.05

Mep2-Sex Before 0.85 0.63 0.76 0.66 0.37 0.05 0.04 0.05 0.85 0.64 0.72 0.66 0.36 0.05 0.05 0.07
After 0.85 0.67 0.75 0.69 0.41 0.04 0.01 0.02 0.85 0.65 0.74 0.67 0.38 0.04 0.02 0.03

Mep2-Race
Before 0.85 0.63 0.76 0.66 0.37 0.03 0.03 0.04 0.85 0.64 0.72 0.66 0.36 0.05 0.06 0.09
After 0.86 0.65 0.76 0.68 0.39 0.03 0.02 0.03 0.85 0.68 0.74 0.70 0.41 0.02 0.05 0.08

5.1.1 RQ1.1: Impact of Fairabel on Model Fairness and Performance Metrics. Table 2 presents five
model performance metrics and three fairness metrics across 40 classification scenarios, corre-
sponding to 10 tasks × 4 classifiers, before and after applying Fairabel. A visual inspection shows a
consistent decrease in fairness metrics, namely SPD, AOD, and EOD, where lower values are better,
after applying Fairabel across most tasks and all classifier families (LR, RF, SVM, and DNN). These
reductions are evident in nearly all cases. Meanwhile, performance metrics remain largely stable,
with only small and non-systematic fluctuations. These results indicate that Fairabel achieves a
good trade-off between fairness and performance across all scenarios.

Answer to RQ1.1: Fairabel consistently reduces model bias (SPD, AOD, EOD) in 114 of 120
cases (3 metrics × 10 tasks × 4 classifiers) while largely preserving model performance metrics.

ACM Trans. Softw. Eng. Methodol., Vol. 1, No. 1, Article . Publication date: July 2026.



Software Fairness Analysis and Repair via Causal Model-Guided Data Mutation 13

5.1.2 RQ1.2: Relative Improvement of Fairabel over Existing Methods. Figure 2a and Figure 2b
demonstrate the relative changes in SPD, AOD, EOD, accuracy, recall, precision, F1-score, and MCC.
The “Overall Performance” denotes the average changes in the five performance metrics, while
“Overall Bias” denotes the average changes in the three fairness metrics. Fairabel achieves improve-
ment in recall, F1-score, and MCC, overall enhancing the performance metrics and outperforming
the state-of-the-art in performance preservation. In terms of fairness, Fairabel can consistently and
significantly reduce the SPD bias, AOD bias, and EOD bias.
Specifically, as shown in Figure 2a, Fairabel reduces all three types of bias by an average of

50%, outperforming the state-of-the-art method MirrorFair [89] with a 9% relative improvement.
Regarding performance, Figure 2b illustrates that the state-of-the-art methods and Fairabel can
generally preserve the original model performance, but exhibit varying behavior across different
metrics. Specifically, Fairabel achieves superior recall, F1-score, and MCC across all decision-making
scenarios, while the state-of-the-art method, MirrorFair, performs better on precision. Overall,
Fairabel demonstrates the strongest performance preservation, surpassing MirrorFair.
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(a) RQ1.2: Relative changes in fairness metrics after
applying the Fairabel and baseline methods. We aver-
age the relative changes of three fairness metrics as
the overall bias metrics change. Fairabel outperforms
the state-of-the-art with a 9% relative improvement.
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(b) RQ1.2: Relative changes in performance metrics af-
ter applying the Fairabel and baseline methods.We av-
erage the relative changes of five performance metrics
as the overall performance metrics change. Fairabel
excels in overall performance preservation.

Fig. 2. Comparison of the relative changes in metrics after applying Fairabel and state-of-the-art methods.

Answer to RQ1.2: Fairabel reduces the SPD, AOD, and EOD by an average of 50% across the
40 decision-making scenarios we studied, outperforming the state-of-the-art method MirrorFair
with higher fairness repair effectiveness and better overall performance preservation.

5.1.3 RQ1.3: Statistical Analysis. Table 3 presents the statistical win, tie, and loss distribution
of Fairabel compared with the baselines under fairness and performance evaluations using the
Mann–Whitney U-test [58] and the Dunn test [33]. For the comparison between Fairabel and the
state-of-the-art method MirrorFair, null hypothesis 𝐻0 is accepted (“tie”) in 48%/69% of the cases
and is rejected (“win” or “loss”) in 52%/31% of the cases across 40 decision-making scenarios and
three fairness metrics, under the Mann–Whitney U test and Dunn test, respectively.
A “win” rate higher than the “loss” rate indicates that Fairabel outperforms the corresponding

baseline. Fairabel outperforms the baselines in both fairness and performance comparisons under
two statistical tests. Specifically, under theMann–Whitney U-test, regarding fairness, 33% of Fairabel
cases win against the state-of-the-art cases, while 19% lose. Under the Dunn test, 20% of Fairabel
cases win, while only 11% lose against the state-of-the-art cases. Regarding model performance,
under the Mann–Whitney U-test, 40% of Fairabel cases win against the state-of-the-art cases, while

ACM Trans. Softw. Eng. Methodol., Vol. 1, No. 1, Article . Publication date: July 2026.



14 Ying Xiao, Zhenpeng Chen, Yepang Liu, Mohammad Reza Mousavi, and Jie M. Zhang

Table 3. RQ1.3: Win, tie, and loss distribution of fairness and performance comparisons between Fairabel
and the baselines. “win” indicates that Fairabel outperforms the baseline, while “loss” indicates that Fairabel
performs worse. We use “bold” to highlight cases where the “win” proportion exceeds the “loss” proportion.
Both the Mann–Whitney U-test and the Dunn test show that Fairabel outperforms the baselines in both
fairness and performance. Specifically, compared with the state-of-the-art method MirrorFair, Fairabel
achieves 14% and 9% higher “win” rates under the Mann–Whitney U-test and Dunn test, respectively. ESavg
denotes the average Cliff’s delta effect size across all scenarios.

Opponent

Fairness Performance
Mann-Whitney U-Test Dunn Test

ESavg
Mann-Whitney U-Test Dunn Test

ESavgWin Ties Loss Win Ties Loss Win Ties Loss Win Ties Loss
Default 82% 17% 2% 73% 25% 2% 0.705 36% 36% 29% 29% 53% 19% 0.566
FairMask 51% 42% 8% 40% 54% 6% 0.488 41% 31% 29% 29% 54% 17% 0.564
LTDD 49% 32% 19% 43% 48% 10% 0.588 40% 31% 30% 33% 50% 18% 0.577
MAAT 37% 47% 17% 23% 72% 6% 0.453 49% 21% 30% 41% 35% 24% 0.662
MirrorFair 33% 48% 19% 20% 69% 11% 0.439 42% 32% 27% 29% 54% 18% 0.586

only 30% lose. Under the Dunn test, 29% of Fairabel cases win, while only 18% lose against the
state-of-the-art cases.
Furthermore, to assess the practical magnitude of the improvements, we report the average

Cliff’s delta effect size (ESavg) for each baseline comparison. Fairabel achieves medium to large
effect sizes in fairness comparisons against all baselines, indicating that the observed improvements
are not only statistically significant but also practically meaningful.

Answer to RQ1.3: Fairabel statistically outperforms the baselines in both fairness and per-
formance comparisons. Specifically, Fairabel achieves 14 and 9 percentage points higher “win”
rates than the state-of-the-art method under the Mann–Whitney U-test and the Dunn test,
respectively.

5.2 RQ2: Intersectional Effectiveness
This research question examines the effectiveness of Fairabel in addressing scenarios that involve
multiple sensitive attributes using benchmarking datasets containing at least two sensitive attributes.
We compare Fairabel with three baseline methods capable of mitigating intersectional bias across
multiple sensitive attributes. Among them, MAAT and FairMask are the current state-of-the-art
methods identified in a recent empirical study [22]. We also include MirrorFair as a baseline, which
is a recently proposed fairness repair approach not covered in the aforementioned study.
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Fig. 3. RQ2: The relative changes in three intersectional bias metrics after applying different fairness repair
methods. Fairabel reduces the overall bias by 38%, outperforming the state-of-the-art by 7 percentage points.

Figure 3 presents the intersectional bias reduction achieved by Fairabel and the baseline methods
under multi-attribute scenarios. Fairabel reduces intersectional SPD, AOD, and EOD by 40%, 41%,
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and 32%, respectively, outperforming the state-of-the-art with a 22% relative improvement on
average across the three intersectional bias metrics.

Answer to RQ2: Fairabel outperforms the state-of-the-art in improving fairness across multiple
sensitive attributes simultaneously. It enhances intersectional fairness by 38% on average,
surpassing the current best approach with a 22% relative improvement.

5.3 RQ3: Impact of Mutation Strategy
Data label and sensitive attributes are important properties of each data instance. Mutating data label
or sensitive attributes can change the causal relationship between them. In this ablation experiment,
we investigate the impact of different mutation properties on fairness repair by comparing the
effectiveness of Fairabel when using data label mutation, sensitive attribute mutation, and a
combination of both.
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Fig. 4. RQ3: Relative changes in performance and fairness metrics after applying Fairabel with different data
mutation strategies. Label mutation strategy excels in single-attribute scenarios and reduces the average bias
by 52%. The sensitive-attribute mutation strategy excels in multiple-sensitive-attribute scenarios and reduces
the average intersectional bias by 38%.

Figure 4 shows that data label mutation, sensitive attribute mutation, and their combination
all significantly reduce both single-attribute and intersectional bias. However, different mutation
strategies exhibit varying advantages across scenarios. For single-attribute bias, data label mutation
achieves the best overall bias reduction, followed closely by sensitive attribute mutation, while
their combination shows the lowest effectiveness among the three strategies. In contrast, for
intersectional bias, sensitive attribute mutation achieves the highest effectiveness, whereas data
label mutation and their combination perform less effectively.

Answer to RQ3: Our exploration demonstrates that all three mutation strategies can signifi-
cantly reduce both single-attribute and intersectional bias. Data label mutation is particularly
effective for mitigating single-attribute bias, while sensitive attribute mutation performs best
for mitigating intersectional bias. The combination does not achieve better effectiveness than
the stronger individual strategy, whether data label mutation or sensitive attribute mutation.

5.4 RQ4: Impact of Causal Model
In this ablation experiment, we further investigate the impact of the causalmodel on the effectiveness
of Fairabel by replacing it with alternative models or selection strategies for determining which
data instances to mutate. Specifically, we compare the effects of using a causal model, a common
ML model, and random selection on the fairness repair effectiveness of Fairabel.
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Fig. 5. RQ4: Relative changes in performance and fairness metrics after applying different candidate selection
strategies in data mutation.

Figure 5 illustrates the changes in performance and fairness metrics after applying Fairabel
with different mutation candidate selection strategies. “Causal Model-Guided” refers to using the
proposed causal model to identify which data instances should be mutated from an unfavorable
to a favorable label. “Self-Guided” refers to using the target model itself to determine mutation
candidates (for example, using the LR model to guide data mutation for fairer LR model training).
“Random Selection” refers to randomly selecting candidates from the original training data.

According to Figure 5, both the causal model-guided and self-guided strategies enable Fairabel
to preserve the overall original performance, with the causal model-guided approach performing
slightly better. In contrast, random selection of mutation candidates leads to a notable decline in
overall model performance.

In terms of fairness repair effectiveness, the causal model-guided approach demonstrates a clear
advantage over the other candidate selection strategies in reducing SPD, AOD, and EOD bias. On
average, it outperforms the self-guided approach by more than 20 percentage points in reducing
overall bias. This indicates that the advantage of the causal model does not stem from superior
predictive accuracy, but from providing a more suitable ranking signal for fairness-oriented data
mutation. This finding further suggests that the strength of the causal model lies not in its prediction
accuracy, but in offering a more appropriate ranking signal for fairness-oriented data mutation.

Answer to RQ4: The causal model slightly surpasses the self-guided strategy in preserving
model performance and significantly surpasses it by more than 20 percentage points in reduc-
ing bias. The random selection strategy cannot repair fairness without compromising model
performance.

5.5 RQ5: Impact of Loss Function
In Section 5.1, we show that Fairabel outperforms the state-of-the-art by achieving higher fairness
improvement with lower performance degradation using the trade-off-first loss function introduced
in Section 3.3. However, in certain critical decision-making tasks, even a one-percentage-point
drop in performance may be unacceptable. Therefore, in this section, we investigate the impact of
loss function design on Fairabel with the “LR” model, and develop a performance-first loss function
by increasing the weight of performance metrics within the optimization objective.

Table 4 shows that Fairabel with the trade-off-first loss function significantly improves fairness
in 29 out of 30 cases (10 tasks × 3 fairness metrics), while significantly decreasing performance in 10
out of 50 cases (10 tasks × 5 performance metrics) and causing an average precision degradation of
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two percentage points. In contrast, Fairabel, with the performance-first loss function, significantly
improves fairness in 20 out of 30 cases without significantly degrading performance in any of the
tasks studied.

Table 4. RQ5: Mann–Whitney U-test results and overall relative changes in each performance and fairness
metric after applying Fairabel with the trade-off-first loss function and the performance-first loss function.
“Sig-Better” indicates that the metric improves significantly after applying Fairabel with the corresponding loss
function, highlighted in Light Green Background . “Sig-Worse” indicates that the metric significantly wors-

ens. “Not-Sig” indicates that the change is not statistically significant, highlighted in Light Blue Background .
When applying Fairabel with the performance-first loss function, no metric shows a statistically significant
decline across any of the tasks studied.

Task Loss Function Accuracy Recall Precision F1-score MCC SPD AOD EOD

Adult-Sex
Trade-off-First Sig-Worse Sig-Better Sig-Worse Sig-Better Sig-Worse Sig-Better Sig-Better Sig-Better
Performance-First Not-Sig Sig-Better Not-Sig Sig-Better Sig-Better Not-Sig Not-Sig Not-Sig

Adult-Race
Trade-off-First Not-Sig Sig-Better Sig-Worse Sig-Better Sig-Better Sig-Better Sig-Better Sig-Better
Performance-First Not-Sig Sig-Better Not-Sig Sig-Better Sig-Better Sig-Better Sig-Better Sig-Better

Compas-Sex
Trade-off-First Not-Sig Not-Sig Sig-Better Sig-Worse Not-Sig Sig-Better Sig-Better Sig-Better
Performance-First Not-Sig Not-Sig Sig-Better Not-Sig Not-Sig Sig-Better Sig-Better Sig-Better

Compas-Race
Trade-off-First Not-Sig Not-Sig Not-Sig Not-Sig Not-Sig Sig-Better Sig-Better Sig-Better
Performance-First Not-Sig Not-Sig Not-Sig Not-Sig Not-Sig Sig-Better Sig-Better Sig-Better

Default-Sex
Trade-off-First Sig-Better Sig-Better Sig-Worse Sig-Better Sig-Better Sig-Better Sig-Better Sig-Better
Performance-First Sig-Better Sig-Better Not-Sig Sig-Better Sig-Better Sig-Better Sig-Better Sig-Better

Default-Age
Trade-off-First Sig-Worse Sig-Better Sig-Worse Sig-Better Sig-Better Sig-Better Sig-Better Sig-Better
Performance-First Sig-Better Sig-Better Not-Sig Sig-Better Sig-Better Not-Sig Sig-Better Sig-Better

Mep1-Sex
Trade-off-First Not-Sig Sig-Better Sig-Worse Sig-Better Sig-Better Sig-Better Sig-Better Sig-Better
Performance-First Not-Sig Sig-Better Not-Sig Sig-Better Sig-Better Sig-Better Sig-Better Sig-Better

Mep1-Race
Trade-off-First Not-Sig Sig-Better Not-Sig Sig-Better Sig-Better Sig-Better Sig-Better Not-Sig
Performance-First Not-Sig Sig-Better Not-Sig Sig-Better Not-Sig Not-Sig Not-Sig Not-Sig

Mep2-Sex
Trade-off-First Not-Sig Sig-Better Sig-Worse Sig-Better Sig-Better Sig-Better Sig-Better Sig-Better
Performance-First Not-Sig Sig-Better Not-Sig Sig-Better Sig-Better Sig-Better Sig-Better Not-Sig

All Tasks

Average Relative Change of Each Performance and Fairness Metric after Applying Fairabel with Different Loss Functions
Loss Function Accuracy Recall Precision F1-score MCC SPD AOD EOD
Trade-off-First 0% 4% -2% 4% 6% -57% -72% -69%
Performance-First 0% 2% 0% 2% 4% -18% -34% -38%

Answer to RQ5: Fairabel supports diverse fairness improvement requirements through flexible
loss function design. When using the performance-first loss function, Fairabel improves fairness
without significantly degrading the original model performance.

6 Discussion
In this section, we analyze the experimental results and discuss the potential threats to their validity.

6.1 Analysis of Fairabel
6.1.1 Why can Fairabel outperform state-of-the-art methods? The advantages of Fairabel can be
attributed to three key factors. First, benefiting from the active feedback mechanism within the
multi-objective optimization framework, Fairabel can dynamically identify and mitigate harmful
data mutations. This allows Fairabel to effectively mutate data in the absence of ground truth,
thereby outperforming baselines in reducing overall bias.
Second, Fairabel balances the effectiveness across different fairness metrics by assigning equal

weights to fairness terms in the loss function. Fairabel achieves a consistent improvement, with
a maximum disparity (i.e., the gap between the highest and lowest reduction rates) of only 7%

ACM Trans. Softw. Eng. Methodol., Vol. 1, No. 1, Article . Publication date: July 2026.



18 Ying Xiao, Zhenpeng Chen, Yepang Liu, Mohammad Reza Mousavi, and Jie M. Zhang

across SPD, AOD, and EOD. In contrast, existing methods lack such a global balancing mechanism,
resulting in significant unevenness in effectiveness. For instance, the state-of-the-art method,
MirrorFair, reduces AOD by 51% but EOD by only 40%, yielding an effectiveness disparity of 11
percentage points. This gap widens to 15% for MAAT and 38% for LTDD.
Finally, the causal model provides more precise mutation candidate rankings by capturing the

correlations between sensitive attributes and the label. As demonstrated in Section 5.4, even under
the same optimization framework, the causal model outperforms non-causal models and random
selection by more than 20 percentage points.

6.1.2 Why is label mutation better than sensitive-attribute mutation strategy in repairing single-
attribute fairness, but weaker than sensitive-attribute mutation strategy in repairing intersectional
fairness? Our experimental results in Section 5.3 demonstrate that the label mutation strategy
performs better than sensitive-attribute mutation in preserving model performance and repairing
single-attribute fairness. This is because the mutation of the data label not only changes the
correlation between sensitive attributes and label but also changes the correlation between non-
sensitive attributes and label. This empowers the label mutation strategy to calibrate both biased
correlations between the label and sensitive attributes, as well as between label and non-sensitive
attributes, thereby enhancing some performance metrics while improving model fairness.

For sensitive attribute mutation, this strategy only changes the correlation between the specific
sensitive attribute and the data label. Thus, it is less effective than label mutation in single-attribute
scenarios. However, this characteristic benefits the sensitive-attribute mutation strategy in mitigat-
ing intersectional bias involving at least two sensitive attributes, because it can separately modify
the correlation between different sensitive attributes and label without interfering with each other.
In label mutation, the operation of repairing one single-attribute fairness can significantly change
the correlation involving another sensitive attribute. If the mutation on a label has the opposite
effect on the bias of different sensitive attributes, the effectiveness of mitigating intersectional bias
can drop significantly.

6.1.3 Effective Scope of Fairabel. The mutation process in Fairabel aims to adjust the proportion
of favorable labels across different groups in the training data, thereby influencing the behavior
of downstream models. After mutation, the repaired training data are expected to exhibit a more
balanced distribution of favorable labels across privileged and unprivileged groups, which can
help downstream models learn decision patterns that are less dependent on sensitive attributes.
Fairabel is expected to be effective when model unfairness primarily originates from an imbalanced
association between sensitive attributes and labels in the observed training data, and when this
association can be mitigated through controlled data-level repair.

6.1.4 Where can Fairabel fail? Fairabel works based on causal modeling and multi-objective
optimization, and it can fail in certain extreme situations.

(1) Causal modeling failure: Causal modeling necessitates capturing the dependencies among
all data features and the label. However, the computational complexity of this process grows
super-exponentially with the number of feature dimensions [25]. Consequently, while Fairabel
demonstrates effectiveness in our current experimental setups (where feature dimensions range
from 7 to 42), applying it to high-dimensional tasks (e.g., those exceeding 100 features) may present
significant computational challenges or even fail.

(2) Multi-objective optimization failure: Fairabel relies on determining the optimal mutation
budget 𝛼∗ via multi-objective optimization. In scenarios with extremely small datasets (e.g., fewer
than 1,000 instances), this optimization process may become susceptible to overfitting on the

ACM Trans. Softw. Eng. Methodol., Vol. 1, No. 1, Article . Publication date: July 2026.



Software Fairness Analysis and Repair via Causal Model-Guided Data Mutation 19

validation set, thereby compromising generalization to the test set. While Fairabel demonstrates
robustness on the benchmarks used in this study (ranging from 6,000 to 40,000 instances), its
applicability to data-scarce tasks remains a potential limitation.

(3) Mutation candidate selection failure: Fairabel supports intersectional fairness repair by incor-
porating intersectional fairness metrics into the optimization objective and applying mutation to an
intersectional candidate set. However, this process requires the privileged and unprivileged groups
for mutation to be specified in advance. In extreme cases, bias may not be evident for any individual
sensitive attribute but may appear only at the intersectional level and be captured by intersectional
fairness metrics. In such scenarios, Fairabel may fail to select appropriate candidates for mutation.
To mitigate this risk, practitioners should conduct a preliminary subgroup-level analysis before
applying Fairabel. For example, if such an analysis shows that Black-female instances form the
unprivileged group, practitioners should target this subgroup for intersectional mutation, rather
than directly carrying over results from single-attribute analysis for intersectional bias mitigation.

(4) Sensitive-attribute mutation failure: Fairabel mitigates data bias through label mutation or
sensitive-attribute mutation. The sensitive-attribute mutation strategy may raise semantic concerns
because attributes such as race or sex are not naturally mutable in some real-world settings.
In scenarios where sensitive attributes are legitimately relevant to the corresponding decision,
mutating such attributes may not be practically valid. Therefore, sensitive-attribute mutation should
be regarded as a potential data repair strategy for fairness improvement, rather than as a realistic
causal intervention.

6.1.5 Relation to Inverse Probability Weighting. Inverse Probability Weighting (IPW) [41, 76]
reweights data instances to approximate an interventional distribution, thereby simulating the
removal of a specific causal pathway, for example by blocking a known edge 𝐴 → 𝑇 in the
causal graph, where 𝑇 denotes a non-sensitive attribute. Fairabel differs in that it does not assume
unfairness is generated by one known edge or one explicitly identifiable mediation pathway.
Instead, it addresses fairness at the level of training-data repair, using the learned causal structure
as guidance for where mutations are more likely to reduce unfair dependence. Thus, IPW and
Fairabel serve different purposes: IPW aims to approximate an interventional distribution under
a specified causal estimand, whereas Fairabel aims to construct a repaired training set for fairer
downstream learning.

6.1.6 Ethical Considerations of Label Mutation. Fairabel generates a virtual dataset during pre-
processing solely to guide model training, following prior fairness repair techniques [56, 68, 89].
The mutated labels are synthetic and used only within the training loop; they are not used for
downstream evaluation, reporting, deployment, or data sharing. Using these mutated labels for
such purposes would be inappropriate, as they do not represent ground truth.

6.1.7 Extra Computational Overhead. Similar to existing pre-processing fairness repair methods,
Fairabel introduces additional computational overhead due to processing the training data. To assess
this overhead, we compute the average cost across three repetitions of causal model construction
and mutation across the five datasets studied. Specifically, the average costs are 31.0, 20.0, 53.7, 32.1,
and 31.1 seconds for the Adult, Compas, Default, Mep1, and Mep2 datasets, respectively. These costs
occur only during the training data mutation stage and do not increase computational expense
during deployment or model inference. Therefore, although Fairabel introduces additional overhead,
the cost should be acceptable given the fairness improvements it provides for ML software.
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6.1.8 Implications of Fairabel for Software Engineering. We discuss the implications of Fairabel for
Software Engineering from three perspectives involving software engineers, SE researchers, and
the SE community.
Implications for software engineers: Treating fairness as a critical dimension of software

quality [14] and a core ethical duty [21, 24] is increasingly essential. Neglecting this shift risks
violating anti-discrimination laws [1], as exemplified by high-profile failures like the recruitment
tool from Amazon mentioned in Section 1. To address these challenges, our study provides empirical
benchmarks across forty decision-making scenarios, helping engineers assess model bias risks.
Furthermore, Fairabel offers a practical solution to repair fairness defects, thereby mitigating the
legal liabilities associated with discriminatory outcomes [22].
Implications for SE researchers: Previous research [17, 18] demonstrates that there is a

potential risk associated with the pre-processing practice of mutating data instances for fairness
repair when ground truth and indications of fair data distributions are unavailable. Fairabel offers
an important reference to control such risk from both causal and optimization perspectives. Addi-
tionally, our experimental results in RQ1 and RQ5 demonstrate that repairing fairness involves
not only fairness–performance trade-offs [46] but also trade-offs across different metrics within
fairness and within performance, which reveals promising research opportunities. Furthermore, the
development of Fairabel reinforces ongoing efforts by SE researchers to fulfill ethical responsibilities
and software quality control [35, 79] in delivering fair ML software services [22, 23].

6.2 Threats to Validity
6.2.1 Internal Validity. Our choice of measurements and metrics may introduce potential threats to
the validity of our experimental results. To mitigate these risks, we have aligned our methodology
with established research [89] and recent empirical studies [24]. We employed multiple performance
and fairness metrics to ensure a thorough evaluation of Fairabel’s effectiveness. However, variations
in the definitions or implementations of fairness metrics could affect the outcomes. By using well-
documented and widely accepted metrics, we aimed to minimize potential inconsistencies, yet
there remains a risk that different operationalizations of fairness might yield different results.

6.2.2 External Validity. The selection of benchmark datasets, algorithms, and comparative methods
could impact the external validity of our findings. To address these concerns, we followed experi-
mental settings established in prior studies to ensure comparability. Our experiments spanned five
widely recognized benchmark datasets covering diverse domains: social welfare [5], financial [3],
healthcare [2, 4], and justice [72]. We tested four prevalent machine learning algorithms, includ-
ing LR, RF, SVM, and DNN, ensuring the broad applicability of our results. While we aimed for
generalizability, differences in domain-specific dataset characteristics or biases could impact the
robustness of our results in other applications.

Additionally, because of practical limitations, conducting experiments on real deployed decision-
making systems is not feasible due to the absence of publicly available systems with accessible
training data or source code. Fairness-critical systems, such as credit scoring, hiring, and healthcare
systems, typically involve sensitive user data and proprietary models, and therefore cannot be
released for research purposes because of privacy, legal, and ethical constraints. This also helps
explain why recent fairness studies [17, 55, 68] rely on widely adopted real-world datasets like
ours, rather than on real deployed software systems. Our evaluation setup follows this established
practice in the field.

6.2.3 Construct Validity. Construct validity may be threatened by the definitions and interpreta-
tions of “fairness” used in our study. Fairness remains a complex and multifaceted concept, with
varying definitions and perspectives depending on context. Although we used widely accepted
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fairness definitions in line with prior studies [17, 21, 34, 48, 68], the operationalization of these
definitions may not capture all nuances, especially in real-world applications. To mitigate this, we
utilized a range of fairness metrics to evaluate our model comprehensively. However, future studies
could further enhance construct validity by investigating additional fairness criteria that may apply
across different domains.

6.2.4 Conclusion Validity. Conclusion validity could be impacted by statistical or algorithmic
variability. Given that fairness metrics can be sensitive to sampling variations or algorithmic
adjustments, we conducted multiple trials for each experiment to account for such variability.
Additionally, we applied statistical significance testing to assess the robustness of our findings.
Despite these efforts, inherent limitations in sample sizes or algorithmic randomness may still
influence the results.

6.3 Future Work
6.3.1 Extending Fairabel to Non-Tabular Data Tasks. Fairabel is a pre-processing method that relies
on explicit quantitative sensitive and non-sensitive attributes, as well as data labels—information
that is naturally available in tabular data but not directly observable in other data types such as
images or text. Extending Fairabel to non-tabular modalities would require reliable extraction of
structured attributes (e.g., via vision or language encoders) and well-defined label representations,
which remains an open research challenge implying significant research opportunities [7, 19, 31].

As future work, we plan to derive applicable sensitive attributes and labels from task annotations
and metadata and adapt Fairabel to non-tabular modalities. We will explore these extensions in
question-answering and chatbot scenarios, as well as other multi-modal benchmarks.

6.3.2 Extending Fairabel to Pre-Trained Models. When training data cannot be accessed, existing
fairness research typically adopts post-processing approaches, e.g., FairMask in our baselines,
because they operate purely on model predictions without requiring access to the pre-training
corpus. Fairabel is designed for scenarios where training data are available. However, it can still be
applied in pre-trained model settings through a data-efficient adaptation workflow: Although the
pre-training corpus is inaccessible, deploying or adapting a pre-trained model usually requires a
small amount of task-specific labeled data. Fairabel can be applied to this accessible adaptation
dataset to improve fairness before fine-tuning the pre-trained model. This provides a practical
way to inject pre-processing fairness constraints into the adaptation stage, even when the original
training data cannot be accessed, which we will explore in our future work.

6.3.3 Relaxing the Causal Sufficiency Assumption. Our current approach assumes causal sufficiency,
which may not hold when benchmark datasets omit relevant variables. A natural extension would
be to replace CPDAG-based structure learning with PAG-based methods, such as the FCI algorithm
[80], which can explicitly represent latent confounders. This extension would require adapting
the candidate scoring mechanism to account for uncertain causal relationships indicated by PAG-
specific edge types. We leave this direction for future investigation.

7 Related Work
ML software fairness has attracted significant attention from various research communities, such
as ML and SE [11, 53, 69, 84, 92, 93]. Leading SE conferences, including ISSTA, ICSE, ASE, and FSE,
have responded by introducing dedicated workshops focused on software fairness [17].

Training data bias has been identified as an important cause of ML software unfairness by many
empirical investigations [10, 23, 37, 38, 63, 82, 93]. From the causal fairness perspective [35], there
is a causal relationship between sensitive attributes and decision label within the training data.
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This connection makes ML models trained on such data more susceptible to making decisions that
are unfairly influenced by sensitive attributes.
As a result, an increasing number of fairness repair methods have been proposed to mitigate

data bias via modifying the relationship between sensitive attributes and decision label [22]. For
instance, Chakraborty et al. proposed Fairway [18], which pre-trains a model to identify which
data points are biased and exclude them from the training data to improve fairness. This strategy
decreases the size of the training dataset, which may potentially compromise model performance.
Chakraborty et al. also proposed Fair-SMOTE [17] to counteract the removal of data points by
generating new data points with SMOTE [20] to preserve model performance. On the other hand,
the configuration of the hyperparameters during the model training process can also influence the
fairness of the ML model. Tizpaz-Nizri et al. propose a fairness-aware configuration framework for
fairer model training [84].

As causality between sensitive attributes and the data label plays a significant role in data bias,
causal fairness is becoming a new direction to address fairness issues in ML software [64, 71, 87, 91].
Causal fairness is a new notion in fairness research that concerns the causal connection between
sensitive attributes and decisions to achieve fairness in ML [87]. It typically involves leveraging the
structural causal model [65, 66], counterfactual hypothesis [52, 75], or causal inference [47, 61] to
identify the potential bias for further fairness repair.
Chockler et al. have conducted a series of explorations on actual causation among different

variables and causal fairness, focusing on how to use causal models to identify and evaluate potential
discrimination [6, 26–28, 51, 74]. For instance, Chockler et al. analyze the computational complexity
of causality and demonstrate how responsibility and blame can be quantified through causal
reasoning, offering a quantitative foundation for fairness assessments, particularly in the allocation
of responsibility in complex systems [6]. Zhang et al. further proposed the Causal Explanation
Formula (CEF) [91], decomposing the total bias effect of sensitive attributes within data into three
different types and providing a clearer understanding of how the bias effect of sensitive attributes
propagates to biased decisions to facilitate bias-mitigation research.
As causality approaches can provide an interpretable explanation for the unfairness of ML

software, various causality-based fairness repair methods have been developed. Sun et al. applied a
causality-based technique to repair fairness in deep neural networks by calculating the average
causal effect of each neuron and employing a search-based optimization algorithm to adjust the
weights of the top 10% of neurons, thereby enhancing fairness [81]. From another perspective,
Dasu et al. addressed fairness concerns in DNNs through a specially designed dropout operation
[30]. Additionally, Li, Gao, and colleagues proposed further techniques for neural network repair,
leveraging neuron analysis to achieve fairer DNNs [12, 36, 55, 62]. In response to the diversity of
DNN repair techniques, Zhang et al. developed an adaptive approach that uses causality analysis to
dynamically select optimal methods for fairness repair in DNNs [94].
Despite these advances, the latest causality-based methods are primarily targeted at repairing

fairness in DNNs, making them challenging to generalize to classical ML models. This lack of
generalization also complicates fair comparisons with broader fairness repair methods. Notably, a
recent government report [85] emphasizes that fairness-critical applications often rely on classical
ML models, such as logistic regression and random forests, due to their interpretability. Thus,
fairness repair for classical ML models is as crucial as it is for DNNs.
Overall, existing fairness repair methods face two major challenges: (1) balancing the trade-off

between model fairness and performance, and (2) handling various types of bias and decision-
making scenarios. Fairabel targets both of these aspects, making substantial improvements.
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8 Conclusion
This paper introduces an innovative ML software fairness repair technique. We combine a causal
model with multi-objective optimization to mutate the training data for fair model training. The
evaluation results indicate that Fairabel excels in repairing software fairness while maintaining
software performance, significantly surpassing the state-of-the-art. Furthermore, the flexible loss
function design enables Fairabel to dynamically adjust its effectiveness to satisfy different fairness
and performance requirements in real-world scenarios. This successful practice expands causality-
aided fairness research and enriches the diversity of fairness repair approaches in the SE community.

9 Data Availability
We have made a replication package, including the source code and results, publicly available [88].
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