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Abstract

Al systems can perpetuate and amplify existing biases and
discrimination, prompting academic efforts to develop miti-
gation techniques. Despite progress, real-world deployments
often expose limitations in current methods and tools— over-
looking preprocessing, adopting poor evaluation protocols,
and failing to integrate domain knowledge. These gaps hin-
der the effectiveness and reproducibility of fairness solutions.
AutoML has emerged as a promising approach to optimize
Al pipelines and provide an evaluation framework. How-
ever, challenges persist, especially around: intersectionality
support, explainability, and stakeholder engagement, which
are crucial for fairness and human-centric Al development.
We introduce HAMLET4Fairness, integrating AutoML with
human-centered approaches grounded in logic and argumen-
tation. This enhances interactivity and transparency in Al
pipeline optimization while supporting intersectional fair-
ness. HAMLET4Fairness leverages multi-objective optimiza-
tion and bounds the search space by user-defined constraints,
adapting the CRISP-DM methodology for co-design and col-
laborative problem solving. We validate HAMLET4Fairness
through the well-known case studies in the literature and pro-
vide insights into how preprocessing choices affect fairness.

Code — https://github.com/aaai-26/HAMLET4Fairness

Introduction

Artificial intelligence (AI) systems can exacerbate ex-
isting societal inequalities and discriminatory patterns
(Zuiderveen Borgesius et al. 2018), prompting the develop-
ment of fairness-aware methods across the Al community.
Despite substantial research, current solutions often strug-
gle to generalize beyond controlled settings (Mehrabi et al.
2022; Caton and Haas 2024), due to unrealistic assump-
tions — such as clean, balanced datasets — and a lack of
methodological rigor in model development. Many works
do not adequately integrate preprocessing decisions into
the fairness evaluation, nor adopt standardized methodolo-
gies. Common limitations include: (i) lack of structured
frameworks for human involvement, preventing co-design
of fairness objectives; (ii) over-reliance on single train/test
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splits instead of robust evaluation protocols such as strati-
fied cross-validation (Weerts et al. 2024); (iii) subjective hy-
perparameter tuning that undermines reproducibility. Addi-
tionally, intersectionality — the impact of multiple sensitive
attributes — is often overlooked.

Automated Machine Learning (AutoML) (Karmaker
et al. 2021) has emerged as a promising tool, offering effi-
cient pipeline exploration and rigorous evaluation strategies.
However, existing AutoML systems are rarely designed with
fairness or human-centric principles. They lack mechanisms
to incorporate domain knowledge, explain decisions, or en-
gage diverse stakeholders, leading to black-box pipelines
that optimize accuracy over fairness (Weerts et al. 2024).

This work introduces HAMLET4Fairness, an extension
of the HAMLET framework (Human-centered AutoML via
Logic and Argumentation) (Francia, Giovanelli, and Pisano
2023). While HAMLET combines AutoML with symbolic
logic and argumentation for explainable, human-in-the-loop
learning, it is not equipped for multi-objective optimiza-
tion nor explicit co-creation practices for fair and trust-
worthy Al. HAMLET4Fairness brings two main innova-
tions: i) Fairness-aware AutoML with intersectionality—
HAMLET4Fairness makes fairness a first-class optimization
objective in the AutoML pipeline, supporting constrained
multi-objective optimization, balancing performance and
fairness metrics, improving robustness with best practices
(e.g., stratified k-fold cross-validation) (Weerts et al. 2024),
and integrating intersectional fairness evaluation to ad-
dress discrimination affecting subgroups with multiple sen-
sitive attributes (e.g., gender and race); ii) Co-creation,
user-interaction and transparency—HAMLET4Fairness
promotes a paradigm of interactive, explainable AutoML
through a structured argumentation layer. Users can inject,
validate, and revise knowledge and constraints, enabling
transparent decision-making and facilitating the co-design
and co-creation (Bondi et al. 2021) of fairness strategies.
This is implemented through an extension of the CRISP-DM
model, operationalized via a symbolic knowledge base and
an argumentation graph that evolves across iterations.

The framework is validated through well-known case
studies in the literature, showing that HAMLET4Fairness
improves the fairness outcomes and predictive performance
while producing a transparent representation of the opti-
mization underneath. We also derive actionable insights on
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Figure 1: HAMLET4Fairness integrated with the CRISP-DM model and fairness requirements.

how preprocessing steps and mitigation strategies interact
with fairness, guiding responsible Al pipeline design. A vi-
sual integration with CRISP-DM is shown in Figure 1.

Background

In this section, we introduce the three core dimensions of our
work: AutoML, Fairness in Al, and Structured Argumenta-
tion. We focus on the supervised task of learning a function
f X = Y from a dataset D = {(z,,,y,)}Y, € D C
X x Y, where X is the instance space, and Y denotes the
output to predict.

Automated Machine Learning

A learning algorithm A is fed with instances from D, per-
forms training to tune parameters, and provides a model
H € H for the task. Algorithms expose hyperparameters
controlling the learning process, with the space defined as
Ay A1 x -+ x Ay Data require preprocessing, or-
ganized into a pipeline of steps, transforming D into D’.
Each pipeline P can differ in order and type of steps. In
each step S, a transformation 7' is selected and its hyper-
parameters tuned. The pipeline’s hyperparameter space is
Ap = AS1 X oo X ASIP\'

Considering multiple pipelines P and algorithms .4, the
search space is A = Ap x A 4. We evaluate a configuration
A € A with a quality metric M : H x D — R, quantifying
how well H = (P, A) performs on D. The hyperparam-
eter optimization (HPO) problem is:

(@)

*
A* € argmax velid

i :
=2 M((P,AAD,). D
XeA =
train  and Df;)h. 4 are splits for k-fold cross-
validation. State-of-the-art HPO techniques use Bayesian
optimization or evolutionary approaches; Bayesian opti-
mization constructs a surrogate model of the objective func-
tion and iteratively selects promising configurations.

)
where DY)
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Fairness in Al

Al 'models trained on real-world datasets D can replicate and
amplify biases. If gender X is a sensitive feature, a model
may learn biased patterns, leading to discriminatory out-
comes. These risks require fairness-aware design. Fairness
interventions can be categorized as: (i) preprocessing (mod-
ify D before training), (ii) in-processing (adapt A during
training), (iii) post-processing (alter predictions after train-
ing). Fairness is commonly evaluated using metrics compar-
ing model behavior across subpopulations defined by Xj.
Widely adopted are: Demographic Parity (DP) (Weerts
et al. 2023): probability of positive outcome is equal across
groups; and Equalized Odds (EO) (Weerts et al. 2023): true
positive and false positive rates consistent across groups. We
use associated metrics like DP ratio and EO ratio (Weerts
et al. 2023) for disparities between the most and least ad-
vantaged groups. Fairness metrics and interventions are of-
ten applied one dimension at a time; this may fail to cap-
ture compounded discrimination at the intersection of multi-
ple attributes. An intersectional perspective (as in (Cren-
shaw 1989)) considers individuals belonging to multiple
marginalized groups (e.g., women of color) who may ex-
perience unique and amplified biases.

One could solve the HPO problem using a con-
strained hyperparameter space c(A), filtering for fair-
ness. However, this does not actively optimize fairness
as its own objective. Balancing fairness with performance
leads to a multi-objective optimization problem, seek-
ing a Pareto front where solutions are non-dominated.
Multi-objective optimization often uses scalarisation meth-
ods (e.g., weighted sums). ParEGO (Knowles 2006) applies
Bayesian optimization, varying the importance of the multi-
ple objectives to explore diverse parts of the space. Pareto
front quality is measured by indicators like Hypervolume
(Zitzler and Thiele 1999).

Structured Argumentation

Argumentation addresses the lack of meaningful feedback
in current AutoML tools by presenting expert knowledge



and outcomes in a human-readable format. Argumenta-
tion guides optimization with domain knowledge and man-
ages the inconsistency common in evolving ML processes.
Knowledge from the search space, co-creation, and fairness
constraints is encoded as a knowledge graph using an argu-
mentation language. This graph identifies ML pipelines and
conflicts, facilitating valid argument identification for Au-
toML optimization. Structured argumentation provides for-
mal tools to translate human knowledge into arguments.

An argumentation theory, AT = (L, R, o,>), con-
sists of language L, defeasible rules R, conflict function
o, and ordering >. Each rule r : ¢q,...,¢, = ¢ has
premises @, ..., ¢, € L and conclusion ¢. The conflict
function o maps formulas to conflicting ones. Arguments
are constructed recursively. Given arguments Ary, ..., Ar,
with conclusions ¢g,...,¢,, a new argument Ar
Ary,..., Ar, = 1 is constructed if r : ¢g,...,0, =
1 € R. The conclusion of Ar is Conc(Ar) = 1, its top
rule is TopRule(Ar) = r and supporting arguments are
Sub(Ar) = Sub(Ary)U...USub(Ar,) U{Ar}. Arguments
attack each other based on o and . Ar; attacks Ary if
Conc(Ar)) € o(Conc(Ary)) for some Ar) € Sub(Ars),
provided Ar}, is not preferred to Ary. Preference is deter-
mined by the rule ordering. An Argumentation Graph for
AT is a directed graph (V,~») with vertices V as arguments
and edges defined by attack. Ary € V is acceptable with
respect to S C V if, for every argument Ary attacking Ary,
there exists Arg € S attacking Ary. S is conflict-free if no
arguments attack each other, and admissible if conflict-free
and all its arguments are acceptable w.r.t. S. S is a complete
extension if it is admissible and contains all arguments ac-
ceptable w.r.t. itself. The grounded extension is the smallest
of the complete extensions.

HAMLET4Fairness

Developing Al systems is an iterative process, guided by the
CRISP-DM model (Wirth and Hipp 2000). Each iteration
engages data scientists and domain experts in refining the so-
lution as new constraints emerge, related to the domain, data,
preprocessing, and Al algorithms. Adapting the CRISP-DM
methodology to incorporate fairness into AutoML involves
integrating co-design and co-creation phases into the pro-
cess. Figure 1 shows the essential stages for automating
fairness with a human-centered approach, allowing stake-
holders to make informed decisions. These stages—ethical
review, bias identification, bias mitigation, and fairness as-
sessment—address social, legal, and technical requirements.
A collaborative co-design process supports these stages, en-
gaging all relevant stakeholders in shaping the system.
HAMLET4Fairness addresses this need by leveraging an
argumentative layer atop the AutoML pipeline. It enables
users to interact with the system through an Argumentation
Graph built upon a Logical Knowledge Base (LogicalKB).
This knowledge base allows for the injection of require-
ments identified during the CRISP-DM phases and facili-
tates reciprocal interaction, where the AutoML system can
demonstrate what it has learned from various experiments
and pipeline comparisons. At the end of the AutoML ex-
perimentation, in which different pipelines are applied and
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evaluated for both fairness and accuracy, the LogicalKB is
enriched with insights gained throughout the process. HAM-
LET4Fairness operates in the following iterative phases.

Knowledge Formalization. This phase is a co-design and
co-creation process involving domain experts and data sci-
entists engaged in the AI system’s decision-making pro-
cesses. Participants collaboratively write the LogicalKB.
During this phase, based on the envisioned constraints, it is
possible to build the foundational Argumentation Graph and
check compliance with all applicable constraints, automati-
cally generating the search space for the AutoML tool. Pre-
liminary conflicts can be solved here. If this step proceeds
to phase 2 without initializing the LogicalKB, AutoML will
explore the entire search space.

AutoML Optimization. During the data preprocessing,
modeling, and evaluation stages, AutoML explores different
solutions within the constrained search space through multi-
objective optimization. This enables the process to seek the
best accuracy as a learning objective, while also achieving
results in terms of fairness. This phase retrieves the best so-
lutions used in the next step to induce new logical knowl-
edge that augments the LogicalKB.

Knowledge Augmentation. The exploration of different
pipelines may reveal new constraints that further narrow the
search space (e.g., it is pointless to insert a feature engineer-
ing step if you have not performed a data mitigation step
first). Data scientists and domain experts evaluate the newly
generated knowledge, updating the LogicalKB with addi-
tional constraints or any changes deemed appropriate, then
starting a new iteration of the CRISP-DM process.

Knowledge Formalization

The HPO problem encodes the AutoML goal: given a set of
preprocessing steps and classification algorithms, we want
to find a pipeline of steps and the values of their hyperpa-
rameters that optimize our objectives (metrics). To formalize
pipeline configurations and associated constraints, HAM-
LET4Fairness defines a logical language. Let L be this Au-
toML argumentation language that allows users to encode
the pipeline base elements: step (5), representing a step
S in the pipeline; algorithm (S, A), representing an al-
gorithm A for the step S; hyperparameter (A, h,t),
representing a hyperparameter h for the algorithm A
of type ¢; domain (A, h,Ap), representing the domain
Ap, of the hyperparameter h for the algorithm A, i.e.,
the range of values that the hyperparameter can assume;
pipeline ({S1,...,S,), A), representing a pipeline con-
sisting of the sequence of steps (51, ..., .S, ) and the classi-
fication algorithm A.

To encode constraints, the framework allows the fol-
lowing predicates: mandatory ({Si,...,S,), A), impos-
ing the steps (Si,...,S,) on the pipelines with al-
gorithm A; forbidden ({S1,...,S5,),A), forbidding
any of the steps (Si,...,S,) in pipelines with A;
mandatory_order ({(Si,...,S5,), A), imposing the or-
der of steps (51, ..., Sy, ) on pipelines with A. Fairness con-
straints that forbid certain steps can be encoded, such as nor-
malization not being legally valid in certain contexts.
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Figure 2: Examples of Argumentation Graphs, including: possible pipelines (p1, p2, ...
). Green nodes are valid arguments, red ones are refuted, white ones are frozen. Arrows are attacks.

groups (s1, s2,...

Conflicts in the AutoML language are managed by a
conflict function: a pipeline pipeline ((S;,S;), 2)
conflicts with mandatory constraints if required steps
are missing, with forbidden if containing forbidden
steps, and with mandatory_order if steps are out
of order. Conflicts also arise between mandatory and
forbidden constraints over shared steps, and between
different mandatory._order listings. The language
L supports fairness-aware modelling by representing
sensitive  attributes via sensitive_feature (F,
(Vi,..., Vi), specifying a sensitive feature F and
values Vi,...,V,, to be considered in fairness met-
rics. Sensitive groups—distinct subpopulations from all
specified sensitive feature values—are represented as
sensitive_group ((Vm,...,Vg,)). The argumen-
tation language L also supports predicates defining the
evaluation context: dataset (D) sets the dataset D;
metric (Mp) declares the performance metric Mp;
fairnessmetric (Mp) encodes the fairness metric
Mrp. Predicates performance_thresholds (0,,0,),
fairness_thresholds (6—,d4), and
mining_support (7) set parameters for rule min-
ing. Definitions may conflict when pipeline is found
to discriminate against a group. This is represented

by discriminate (pipeline ({S1,...,Sn),4),
(VF,,...,vE, )), indicating that pipeline (S, ..., S,) with
classifier A discriminates against group (vg,...,v Fm>

with respect to the fairness metric. Adding or removmg
such discriminate predicates dynamically adjusts the
empirical evidence about fairness violations.

Example 1 (Logical KB). Let us consider a simple KB.
First, we define the problem setting: the dataset for training
the pipelines, the performance and fairness metrics, thresh-
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Listing 1: Example of LogicalKB

1 % Problem definition

2 dataset (COMPASS) .

3 performance_metric (balanced_accuracy) .
4 performance_thresholds (0.4, 0.6).

5 fairness_metric(equalized_odds_ratio).
6 fairness_tresholds (0.4, 0.6).

7 mining_support (0.6) .

8 sensitive_feature (Sex, (Female, Male)) .

9 sensitive_feature (Race, (Black, White)) .

10

11 % Define steps and algorithms
12 step (Mit) . step (Fe). step(Cl).
13 algorithm(Cl, Mip)
14 algorithm(Cl, Knn) .

16 % Define fairness constraints
17 c1 = mandatory_order ({(Fe, Mit), Mlp) .

olds, and mining support. The pipeline comprises three
steps: Feature Engineering (Fe), Data Mitigation (Mit),
and Classification (Cl). We only define algorithms: Multi-
layer Perceptron (Mlp) and K-nearest Neighbors (Knn).
A fairness constraint c1 is set, indicating that in pipelines
using Mlp, Mit should be applied after Fe, generating a
conflict with pipelines not aligned.

AutoML optimization

Based on the knowledge base (KB), HAMLET4Fairness
constructs an Argumentation Graph to prune regions of the
search space represented by pipeline predicates. This
maps the original optimization space A to the constrained
subspace c¢(A), satisfying all encoded constraints. The graph
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Figure 3: Comparison of fairness optimization strategies under intersectionality constraints.

is evaluated using grounded semantics, i.e., only arguments
that the model is certain about are included. With conflict-
ing constraints, neither is included; portions of the space
attacked by both can be explored. This approach requires
human supervision when conflicting information creates
doubt—human experts decide on the next steps.

For Example 1, the initial Argumentation Graph (Fig-
ure 2a) explicitly represents feasible pipelines, the Cartesian
product of sensitive groups, and applicable constraints with
their attacks. Pipeline p5 is attacked by constraint cl, as it
violates an ordering constraint.

To explore the constrained hyperparameter space, HAM-
LET4Fairness adopts ParEGO (Knowles 2006) for multi-
objective optimization of performance and fairness. At each
iteration, new hyperparameter configurations are proposed
to explore diverse and promising regions of the search
space. For robust model assessment, stratified k-fold cross-
validation is used, stratifying not just by class but also by
sensitive attributes (Weerts et al. 2024). This ensures both
training and validation folds preserve subgroup distribu-
tions. The optimization results in a Pareto front comprising
non-dominated solutions, each expressing a different trade-
off between performance and fairness.

Knowledge Augmentation

Users may manually inject constraints into the
LogicalKB. The system also performs rule discovery
over explored solutions to identify constraints supporting
optimal pipeline construction. Rules capture relationships
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between steps that frequently co-occur in promising or
discouraging pipelines w.r.t. performance and fair metrics
of the LogicalKB. This is determined using the perfor-
mance and fairness thresholds (6_ and ¢,). For each
algorithm (e.g., Mlp), frequent itemset mining (Srikant and
Agrawal 1997) suggests or discards steps for mandatory
and forbidden constraints; frequent sequence min-
ing (Srikant and Agrawal 1996) derives orderings for
mandatory_order and discriminate constraints.
To detect discrimination, we compute fairness metrics by
group, not in aggregate, identifying pipelines that exhibit
bias toward subpopulations.

Example 2 (Rules Discovery). From the LogicalKB in
Example 1 and the Argumentation Graph in Figure 2a, Au-
toML results are analyzed, and rule discovery is applied.
With the KCnn algorithm, all pipelines where Fe is applied
before Mit fail to meet objectives. Reversing order to Mit
before Fe succeeds. A new rule is mined:

c2’’: = mandatory_order ((Mit, Fe), Knn).
Humans may generalize the rule:

c2 : = mandatory_order ({(Mit, Fe), Cl).
With this in the KB, HAMLET4Fairness also generates:

c2’: = mandatory_order((Mit, Fe), Mlp).
This new argument conflicts with c1 (Figure 2b). The data
scientist may rerun the process for more evidence. If new
evidence is mined as:

discriminate (pipeline ({Fe, Mit), Mlp),

(Black, Female)) .

The discriminate predicate means that pipelines where
Fe precedes Mit with Mlp yield poor fairness for group



(Black, Female). The data scientist may prioritize ¢, over
co using sup (co,c1), subordinating co if in conflict. The
Argumentation Graph is updated accordingly (Figure 2c).

Validation and Findings

We define three experimental settings for evaluating HAM-
LET4Fairness: PKB (Preliminary Knowledge Base) starts
with a preliminary LogicalKB constraining the search space
from the first iteration, with no rule mining applied. The
LogicalKB includes (i) rules previously discovered in the
literature (Giovanelli, Bilalli, and Abell6 2022) about step
order for effective pipelines in terms of accuracy (e.g., nor-
malization before feature engineering) and (ii) beliefs from
co-design concerning fairness (i.e., a mitigation step should
always be present and before other preprocessing). IKA (It-
erative Knowledge Augmentation) starts with an empty
LogicalKB, adding all rules recommended after each run to
the KB. PKB-IKA starts with a preliminary LogicalKB and
adds recommended rules after each run.

We compare these settings against a baseline with no
prior constraints or knowledge augmentation. Each ap-
proach, including the baseline, has 60 minutes for execu-
tion. For knowledge augmentation approaches, this time is
divided into four iterations of 15 minutes each. For HAM-
LET4Fairness, the augmentation mechanism is supervised;
for automation, we accept rules whose metric thresholds and
support exceed 0.6 as defined in the knowledge base. The
search space consists of six pipeline steps: four standard
data preprocessing operations—Normalization, Discretiza-
tion, Feature Engineering, and Rebalancing—plus mitiga-
tion and classification. The exploration procedure is im-
plemented using SMAC (Hutter, Hoos, and Leyton-Brown
2011; Lindauer et al. 2022). We evaluate on three benchmark
datasets: Credit-g (Hofmann 1994), Adult (Becker and Ko-
havi 1996), and COMPAS (Dressel and Farid 2018), consid-
ering gender and race as sensitive attributes. Multi-objective
optimization targets performance—measured by balanced
accuracy (Pedregosa et al. 2011)—and fairness, assessed via
demographic parity ratio and equalized odds ratio (Weerts
et al. 2023). Details on search space, datasets, and metric
definitions are in the supplementary materials.

Convergence and Scalability. During optimization,
model configurations are evaluated on balanced accuracy
and a fairness metric, using the Pareto front of non-
dominated models for assessment. We use the hypervolume
quality indicator (Zitzler and Thiele 1999) to measure
the objective space volume covered by the Pareto front.
A higher hypervolume indicates better front spread and
convergence. Figure 3b and Figure 3a show hypervolume
evolution over time.

Effectiveness. For both demographic parity and equalized
odds, at least one HAMLET4Fairness configuration matches
or outperforms the baseline, demonstrating improvement in
fairness without compromising predictive performance. On
Credit-g, all four approaches achieve similar performance,
but in later optimization, IKA generates rules that mean-
ingfully explain search space exploration. For Adult and
COMPAS, the synergy between PKB and iterative mining
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emerges: PKB-IKA consistently achieves the highest scores,
validating the combined value of pre-encoded and discov-
ered knowledge. Notably, integrating both rule types enables
PKB-IKA to confirm preliminary hypotheses, further ana-
lyzed in the next section.

Efficiency. IKA and the baseline show similar early trends
since both start from an empty LogicalKB. IKA improves
towards the end via iterative knowledge discovery. In con-
trast, PKB and PKB-IKA benefit from pre-encoded rules,
leading to greater gains—especially in the first 10 minutes.
This illustrates the value of domain knowledge in guiding
the search early on.

Rule Discovery Throughout the HAMLET4Fairness runs,
around 100 constraints were generated according to metric
thresholds and support, providing insights into effective re-
gions of the search space. For brevity, we discuss the rules
mined with equalized odds in Table 1; the remaining de-
mographic parity results are in the supplementary materials.
We group rules by dataset, approach, and constraint type.
On Credit-g with IKA, 1. shows the fairness metric sug-
gesting to forbid pipelines with Fe, A/, and Mit for
all algorithms. This is confirmed by 2., where the same
steps are discarded by Mlp and R f, discriminating Males
who are Divorced/Separated. In 3., these steps are suggested
with a mandatory constraint, highlighting good perfor-
mance by balanced accuracy. Thus, pipelines without mit-
igation failed fairness, privileging accuracy. On COMPAS
with PKB-IKA, 4. shows all preprocessing steps improve
results with R f, especially when M3t and Reb are applied
with Fe or N. According to 5., Mit should always be ap-
plied first. These rules validate beliefs in the Preliminary
LogicalKB and are effective in guiding optimization towards
fair, high-performing pipelines.

Related Works

Data preprocessing Impact on Fairness (Friedler et al.
2019) observed that data preparation significantly affects
dataset characteristics and fairness. Building on calls by
(Caton and Haas 2024) and (Mehrabi et al. 2022) for more
research into fairness impacts of specific techniques such
as Principal Component Analysis (PCA), our study inves-
tigates feature engineering transformations, namely Select
K Best and PCA (Pedregosa et al. 2011), complemented by
mitigation methods like Correlation Remover (Weerts et al.
2023) and Learn Fair Representation (Zemel et al. 2013).
While (Yang et al. 2020) introduced fair-DAGs to detect bi-
ases in preprocessing within a singular pipeline, (Biswas and
Rajan 2021) broadened the scope to multiple pipelines. Fi-
nally, visualization tools like FairVis (Cabrera et al. 2019)
support the detection of subgroup-specific fairness issues.
Our research advances beyond these efforts by analyzing
varied hyperparameter configurations to enhance fairness as-
sessments during preprocessing and incorporating a human-
centered argumentation approach in AutoML.

Fairness in AutoML The integration of fairness into Au-
toML systems is an emerging focus. Despite this interest,
AutoML’s limited interactivity and explainability often de-
ter its use. (Wu and Wang 2021) developed FairAutoML,



ID | Dataset Approach | Constraint Pipeline Algorithm Metric  Group

1 forbidden (Fe, N, Reb) Mip, Rf, Knn EOR -

2 | Credit-g  IKA discriminate (Fe), N, (Reb) Mip, Rf EOR Male, Div/Sep
3 mandatory (Fe, ), (Fe, Reb), (N, Reb) Mlp BA -

4 mandatory (Mit, Fe,Reb), (Mit, N, Reb Rf EOR -

5 COMPAS  PKB-IKA mandatory_order  (Mit, Fe), (Mit,N), (Mit,Reb)  Rf EOR -

EOR = Equalized Odds Ratio, BA = Balanced Accuracy, Mit = Mitigation, A’ = Normalization, Fe = Feature Eng., Reb = Rebalancing, Knn = KNeighborsClassifier,

‘R f = RandomForestClassifier, MIp = MLPClassifier

Table 1: Discovered rules for Equalized Odds Ratio.

Topic HAMLET

HAMLET4FAIRNESS

Focus

Core Predicates
mains, structural constraints
Fairness Modelling Not supported

Discrimination Representation Not supported

Evaluation Context
Conflict Function

Implicit or external

Rule Mining Based on performance; uses frequent item-
set and sequence mining to extract con-
straints

Support Thresholds Not parameterized

Fairness Evaluation Granularity ~ Not supported

Structural pipeline configuration

Steps, algorithms, hyperparameters, do-

Based on structural constraint violations

Fairness-aware configuration, evaluation, and con-
straint handling
HAMLET predicates and fairness-specific constructs

Explicit modelling of sensitive features, subgroups,
and fairness metrics

discriminate predicate captures evidence of
group-specific unfairness

Explicit (dataset, metric, fairness metric, thresholds)
Extended to include group-level discrimination con-
flicts

Same mining techniques extended with support filter-
ing and by-group discrimination detection

User-defined thresholds for performance, fairness, and
rule generalizability

Disaggregated by sensitive group; detects group-
specific unfairness patterns

Table 2: Comparison between HAMLET and HAMLET4FAIRNESS

a framework that integrates in-processing bias mitigation
strategies within AutoML. (Schmucker et al. 2020) and
(Cruz et al. 2021) advance fairness by incorporating it
as an objective in multi-objective HPO to balance fair-
ness and accuracy, with the latter allowing users to spec-
ify performance-fairness trade-offs. (Perrone et al. 2021)
introduced Fair Bayesian Optimization (FairBO), treat-
ing fairness as a constraint in a constrained optimiza-
tion problem. While existing approaches focus on integrat-
ing fairness through in-processing techniques during the
HPO process, our method enhances complete ML pipelines
with preprocessing fairness interventions. We merge multi-
objective and constrained optimization for greater effective-
ness, guided by (Weerts et al. 2024)’s advocacy for struc-
tured processes like CRISP-DM to enhance AutoML fair-
ness. Drawing inspiration from CRISP-DM and employ-
ing argumentation, we boost AutoML’s interactivity and ex-
plainability, thus improving human-centric approaches.

On the differences between HAMLET and HAM-
LET4Fairness The standard HAMLET implementation
leverages a single-objective optimization on pipelines with
no mitigation algorithms, evaluated through standard cross-
validation. The HAMLET4Fairness framework extends the
original HAMLET language to address fairness concerns
in automated machine learning. While HAMLET focuses
primarily on the structural and functional configuration of
pipelines — using logical rules to model steps, algorithms,
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and performance-driven constraints — HAMLET4Fairness
introduces additional constructs to represent fairness met-
rics, sensitive features and groups, and discrimination pat-
terns. It enhances the reasoning process with disaggregated
fairness evaluation, support-based rule generalization, and
the ability to detect and exclude discriminatory pipelines.
These differences are summarized in Table 2, which con-
trasts the language expressiveness, evaluation context, and
rule mining capabilities of the two frameworks.

Conclusions

We present HAMLET4Fairness, an AutoML extension
that integrates a symbolic knowledge base and argumen-
tation layer for fairness-aware, interactive machine learn-
ing. Built on the CRISP-DM framework, it enables iter-
ative, user-in-the-loop refinement and promotes co-design
and co-creation for fairness. A key feature is explicit mod-
eling of intersectionality, detecting and mitigating bias in
subgroups of sensitive attributes. Through argumentation,
users can inject, validate, and revise domain knowledge, im-
proving traceability and interpretability. Empirical results
across benchmarks show that HAMLET4Fairness improves
fairness metrics, such as demographic parity and equalized
odds, while maintaining predictive performance and enhanc-
ing model robustness and transparency for trustworthiness.
Future work includes systematic ablation studies to quantify
how pipeline choices impact fairness and performance.
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