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Abstract
Fairness-aware classification requires balancing performance and
fairness, often intensified by intersectional biases. Conflicting fair-
ness definitions further complicate the task, making it difficult to
identify universally fair solutions. Despite growing regulatory and
societal demands for equitable AI, popular toolkits offer limited
support for exploring multi-dimensional fairness and related trade-
offs. To address this, we present mmm-fair, an open-source toolkit
leveraging boosting-based ensemble approaches that dynamically
optimizes model weights to jointly minimize classification errors
and diverse fairness violations, enabling flexible multi-objective op-
timization. The system empowers users to deploy models that align
with their context-specific needs while reliably uncovering intersec-
tional biases often missed by state-of-the-art methods. In a nutshell,
mmm-fair uniquely combines in-depth multi-attribute fairness,
multi-objective optimization, a no-code, chat-based interface, LLM-
powered explanations, interactive Pareto exploration for model
selection, custom fairness constraint definition, and deployment-
ready models in a single open-source toolkit, a combination rarely
found in existing fairness tools. Demo walkthrough available at:
https://youtu.be/_rcpjlXFqkw.

CCS Concepts
• Human-centered computing → User interface toolkits; • Com-
puting methodologies→Machine learning algorithms; Su-
pervised learning; Ensemble methods; Model development and
analysis; Bias, fairness and unawareness in machine learning.
∗Both authors contributed equally to this research.
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1 Introduction
Motivation. As machine learning (ML) systems are increasingly
deployed across critical domains such as healthcare, finance, and
hiring, concerns about biased or unfair outcomes have intensi-
fied [2, 4, 12]. These concerns arise from the growing recognition
that algorithmic systems can inadvertently reproduce existing soci-
etal inequalities or introduce new forms of discrimination, often
disproportionately affecting historicallymarginalized groups [1, 10].
Fairness-aware classification presents an inherently complex, multi-
objective challenge: it requires balancing predictive performance
with fairness constraints across multiple protected attributes, often
under conditions of class or group imbalance [9]. This challenge is
further compounded by multiple, often incompatible definitions of
fairness [5], making it difficult to identify solutions that are both
universally acceptable and practically effective.
Solution overview. To address the multifaceted challenges of
fairness-aware classification, we introduce mmm-fair, a Python
package designed to support flexible, interpretable, and context-
sensitive model development. It provides comprehensive support
for multi-fairness (the simultaneous consideration of multiple pro-
tected attributes, fairness definitions, and optimization objectives)
within a unified framework. The system features an interactive,
modular workflow that operationalizes fairness as a practical, end-
to-end process, guiding users through data profiling, subgroup
analysis, model training, trade-off exploration, LLM-based explana-
tion, and deployment. Among its key components is the integrated
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Table 1: Feature-based comparison ofmmm-fair and related popular fairness-aware toolkits.

Feature mmm-fair IBM AIF360 MS Fairlearn Google What-If Snowflake-TruEra WhyLabs Fiddler FairBench
(Ours) [2] [3] [14] [13] [15] [6] [8]

In-depth multi-attribute fairness ✓ ✓ ✓ ◦ ◦ ◦ ◦ ◦
Multi-objective optimization ✓ – – ◦ – – – ◦
No-code user interface ✓ – ✓ ✓ ✓ ✓ – ✓
Chat-based interaction ✓ – – – – ✓ ◦ –
Pareto trade-off explorer ✓ – – △ – – – △
Custom constraints (DP, EO, etc.) ✓ ✓ ✓ ◦ ◦ ◦ ◦ ◦
Fairness-aware training, not just auditing ✓ ✓ ✓ – – – – –
Deployment-ready models ✓ – – – – – – –
Open source ✓ ✓ ✓ ✓ – △ △ ✓
LLM-based explanations ✓ – – – ✓ ✓ △ –

Note: ✓ Fully Supported; △ Partial/Basic Support; ◦ Reporting Only; – Not Supported.

Pareto front explorer, which enables users to evaluate trade-offs
across multiple fairness and performance metrics and select models
aligned with user-defined goals. A chat-based interface further fa-
cilitates explanation and supports iterative refinement throughout
the workflow. Why mmm-fair? Because “What’s fair?” should be the
user’s choice, not the algorithm’s.
Comparison with existing works. Although existing fairness
toolkits have contributed significantly to the field, they often fall
short in their ability to provide comprehensive multi-fairness sup-
port within a single, integrated framework. As shown in Table 1,
mmm-fair stands out from popular toolkits by offering a broader
and more versatile set of capabilities. Empirical results on bench-
mark datasets further demonstrate thatmmm-fair reliably uncovers
intersectional biases and reduces group disparities without sacri-
ficing accuracy or increasing overfitting. It maintains robust per-
formance even in imbalanced and complex real-world datasets,
establishing itself as a uniquely effective and versatile solution.
System Availability. mmm-fair is publicly available: as a package
on PyPI (https://pypi.org/project/mmm-fair/), with source code
on GitHub (https://github.com/arjunroyihrpa/MMM_fair), and a
demonstration video at YouTube (https://youtu.be/_rcpjlXFqkw).

2 mmm-fair: Package Overview
Built on the foundational work of Roy et al. [11], mmm-fair is
a Python toolkit that generalizes the “Multi-fairness Under Class-
Imbalance” approach to support a broader set of fairness definitions,
optimization objectives, and experimental configurations within a
unified framework. While the original work focused on Disparate
Mistreatment, it extends its support to widely used fairness criteria
such as Demographic Parity, Equalized Odds, and others, offering
enhanced flexibility and customization during model training. At
its core is a boosting-based ensemble method that adjusts model
weights to jointly minimize classification error and fairness viola-
tions. This architecture enables efficient exploration of trade-offs
across multi-fairness constraints and incorporates the following
key functionalities:

• Multi-attribute fairness: allows fairness assessment across
multiple protected attributes, such as age, race, and gender.

• Multiple fairness definitions: enables selection among
demographic parity, equal opportunity, equalized odds, and
others.

• Fairness-integrated boosting: leverages AdaBoost-style
and gradient-boosted ensembles with a fairness-weighted ob-
jective, controlled by the hyper-parameter gamma, to jointly
optimize predictive accuracy and fairness during training.

• Pareto front-based model selection: offers identification
and visualization of optimal trade-offs between fairness and
predictive performance across multiple objectives, fairness
definitions, and protected attributes.

• Adaptive handling of difficult instances: dynamically ad-
justs emphasis on difficult samples to reduce over-correction
and improve stability, particularly once fairness goals are
partially met.

• Extensiblemodular design: allows easy integration of fair-
ness metrics, definitions, and base learners through scikit-
learn APIs and CLI/code, ensuring adaptability and main-
tainability.

• Chat-based user interface: provides a simple, no-code
interface for interacting with the toolkit and receiving ex-
planations and guidance.

• Seamless model deployment: enables export of trained
models for downstream use and application integration.

• User-friendly and open source: offers intuitive interface,
step-by-step guidance, and publicly available reproducible
workflows.

Previous fairness-aware boosting approaches, such as fairness-
aware AdaBoost variants [7] and MFBPP [11], have typically fo-
cused on a single fairness definition and relied primarily on reweight-
ing strategies. In contrast, our package offers greater flexibility by
allowing users to choose from multiple fairness definitions and
directly incorporating the selected constraint across multiple pro-
tected attributes into the gradient boosting objective. To achieve
joint optimization, we introduce a softmax-weighted aggregation of
fairness gradients across attributes, enabling the model to balance
predictive performance with fairness requirements across multiple
attributes. Finally, we adopt a Pareto-front model selection strategy
that explicitly balances accuracy, class imbalance, and fairness in
a principled manner, moving beyond ad-hoc or purely post-hoc
adjustments.

This multifaceted architecture enables mmm-fair to support a
broad spectrum of real-world applications where fairness is essen-
tial. By decoupling the boosting strategy from any single definition,
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the toolkit allows users to flexibly explore and prioritize fairness,
performance, or a tailored balance of both.

3 Using mmm-fair
mmm-fair is a comprehensive toolkit for fairness-aware machine
learning, designed to address real-world challenges across diverse
application domains, with an interactive user interface and command-
line options to suit varied user needs.
Application domains: mmm-fair applies to a wide range of do-
mains, including credit scoring, healthcare, hiring, and any scenario
where fairness across multiple protected groups and definitions is
required [9]. Typical use cases include evaluating fairness-accuracy
trade-offs in imbalanced datasets, mitigating algorithmic bias for
regulatory compliance, and analyzing subgroup outcomes in high-
stakes decision-making systems.
Installation. The toolkit offers both an intuitive web-based in-
terface and a command-line interface (CLI), making it accessi-
ble to users with diverse technical backgrounds. To install, use:
pip install mmm-fair . Once installed, the CLI is particularly
suited for machine learning practitioners who prefer scripting and
need precise control over model configurations and fairness con-
straints. The following script demonstrates a minimal working
example for setting fairness objectives and training a model:

Quickstart: Defining Fairness Constraints and Training.
1 from mmm_fair import MMM_Fair
2 from sklearn.tree import DecisionTreeClassifier
3

4 mmm = MMM_Fair(
5 estimator=DecisionTreeClassifier(max_depth=5),
6 constraints="EO", # or "DP", "EP", etc.
7 saIndex=sa_index, # (n_samples, n_protected)
8 saValue=sa_value # dictionary or None
9 # other parameters, e.g. alpha, gamma, etc.
10 )
11

12 mmm.fit(X, y) # X: features, y: labels
13 y_pred = mmm.predict(X_test)

3.1 An Interactive Demonstration
A Real-World Scenario as an Example. Consider a cross-func-
tional team of data scientists, policy analysts, compliance experts,
software engineers, and other stakeholders at a financial institu-
tion. Their goal is to develop a system that maintains high predic-
tive performance while satisfying fairness constraints and policy
requirements. The team must ensure that the model behaves eq-
uitably across protected attributes and their intersections, such
as age, income, and education, using multiple fairness definitions.
These challenges intensify with imbalanced data, overlapping sub-
groups, and competing objectives. mmm-fair supports such teams
in operationalizing multi-dimensional fairness through a seamless,
interactive workflow. The following steps illustrate how mmm-fair
can be used to systematically address these complex challenges in
practice.

1 Dataset Selection and Profiling. The workflow begins with
users selecting a built-in benchmark, such as Adult Income or Ger-
manCredit, or uploading a custom dataset. Once loaded, it generates
an interactive, nested visualization that displays the distribution
of key protected attributes and their intersections with the target
variable; users can explore these profiles to immediately identify
how different subgroups are represented, revealing imbalances or
underrepresented groups that may raise fairness concerns. This
initial exploration provides a clearer understanding of the dataset’s
protected structure before moving on to fairness configuration and
model development.
2 Attribute Specification and Metric Selection. This step em-
powers users to define protected attributes and subgroups relevant
to their context. The interface enables selection of a diverse set of
features, such as gender, age, race, or education, to capture nuanced
sources of bias. Users can also define fairness and performance met-
rics to guide evaluation, choosing from a diverse set of options like
demographic parity, equalized odds, and balanced accuracy, among
others. Metrics are prioritized as constraints, ensuring alignment
with the goals of the cross-functional team.
3 Multi-Objective Training andTrade-OffVisualization.Once
objectives are set, the workflow advances to model training, produc-
ing a diverse set of candidate models in a single run.mmm-fair then
generates the Pareto front, clearly visualizing trade-offs between
fairness and accuracy (see Figure 1). The interface enables users
to inspect metric values, compare alternatives, and immediately
see how different configurations affect competing objectives. As
users explore these plots, they often discover solutions or trade-
offs not anticipated during setup. This interactive process supports
transparent, interpretable, and robust model selection, ensuring
alignment with institutional policies and stakeholder values.
4 Interactive Chat-Based Explanations with LLMs. After
model training and visualization, users can request explanations
through the integrated chat interface; the system prompts for a
provider, such as OpenAI or ChatGPT, and generates clear, context-
aware natural language summaries. Users may ask follow-up ques-
tions, making it easy to interpret results and communicate with
both technical and non-technical audiences.

Importantly, the LLM used here does not compute statistical
outputs; instead, it functions solely as a narrative layer that renders
structured results into natural language. To minimize the potential
for hallucinations, the module combines constrained prompting,
structured response formats, and an algorithm-first pipeline with
precomputed summaries. Explanations are shown alongside raw
plots and metrics, allowing users to verify results directly. Together,
these measures strengthen reliability and transparency while main-
taining usability.
5 Model Selection and Deployment. Once users identify the
most suitable solution, usually by selecting a trade-off value (theta)
along the Pareto front, they can save the model directly from the
interface. This ensures the final configuration matches the defined
fairness and performance priorities. Users can also export all rele-
vant plots and charts for documentation and future audits.
In this credit scoring scenario, mmm-fair enables data scientists to
systematically explore model trade-offs and identify solutions that
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Figure 1: End-to-end pipeline for exploring and operationalizing multi-fairness trade-offs inmmm-fair.

best balance accuracy and fairness across different demographic
groups. Policy analysts can assess how various fairness definitions
apply to intersecting attributes, ensuring that institutional priorities
and regulatory guidelines are reflected in the final model. Com-
pliance experts benefit from transparent reporting and intuitive
explanations, which support audit readiness and strengthen ac-
countability. Non-technical stakeholders, including managers and
external partners, can understand the impact of each modeling deci-
sion through clear visualizations and natural language summaries.

This collaborative and interpretable approach is not limited to
credit scoring. Demonstrated through a realistic end-to-end sce-
nario, mmm-fair’s unified workflow and rich feature set guide
users from dataset selection to model deployment. By combining
multi-attribute fairness analysis, multi-objective optimization, and
interactive exploration in a single interface, the toolkit empowers
users to surface hidden biases, understand fairness-performance
trade-offs, and select models that reflect their institutional goals.
Rather than offering yet another fairness metric calculator, mmm-
fair equips practitioners with a hands-on, decision-support system
for building fair, auditable, and deployment-ready models. It turns
fairness from an abstract ideal into a concrete, actionable outcome.
Preliminary internal evaluations indicate that the workflow facil-
itates adoption across diverse user groups, with usability studies
planned to assess its effectiveness.

4 Conclusion and Future Work
In this work, we introduce mmm-fair, an interactive Python toolkit
for exploring and operationalizingmulti-fairness trade-offs in fairness-
aware machine learning. It combines a boosting-based ensemble

approach with a no-code, chat-driven interface, integrated LLM ex-
planations, interactive Pareto front visualizations, and deployment-
ready models, enabling users to define fairness constraints, examine
subgroup outcomes, and address intersectional bias while preserv-
ing predictive accuracy.
Limitations and Future Work. The current implementation sup-
ports only tabular data with manually specified protected attributes;
the explanation module relies on external LLMs with user-provided
API keys. At present, it is best suited for small to medium-scale
analyses and does not yet support causal inference, longitudinal
modeling, or large-scale deployment. Planned extensions include
desktop and cloud-based interfaces, support for local models and
hybrid explanation methods, and broader applicability to vision,
text, and other non-tabular modalities.

Ethics statement.
mmm-fair promotes transparency and aims to reduce algorithmic
bias; however, users must choose fairness definitions and inter-
pret results with care, as societal contexts vary. While it does not
guarantee universal fairness, the toolkit empowers practitioners to
explore trade-offs and make informed decisions.
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