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Abstract

Bias mitigation algorithms differ in their definition of bias
and how they achieve that objective. Bias mitigation algo-
rithms impact different cohorts differently and allowing end-
users and data scientists to understand the impact of these
differences in order to make informed choices is a relatively
unexplored domain. This demonstration presents an interac-
tive bias mitigation pipeline that allows users to understand
the cohorts impacted by their algorithm choice and provide
feedback in order to provide a bias mitigated pipeline that
most aligns with their goals.

Introduction
Advances in the area of bias mitigation have led to many al-
gorithms and toolkits being made available to data scientists.
However, a recent study of data scientists using these toolk-
its stated that one of the most important features was the
importance of the “ability to adapt to a context-specific use
case and data” (Lee and Singh 2021). This is a challenging
problem when faced with the fact that fairness is problematic
to prescriptively define given it can be multi-dimensional
and context-dependent (Grgic-Hlaca et al. 2018). Studies
of public perception of algorithmic decision-making have
repeatedly shown gaps between the consumer/users’ per-
spectives on fairness and the mathematical definitions (Lee
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and Baykal 2017; Srivastava, Heidari, and Krause 2019;
Woodruff et al. 2018). As a result, there is a significant risk
that a data scientist, when given the requirement to ensure
bias mitigation is part of an AI solution, may select a strat-
egy without understanding the differences or the impact of
their decision. The goal of this demo is to provide a human-
centric approach to allow a user understand the impact of ap-
plying different bias mitigation algorithms, and guide them
through some options and alternatives to elicit what fairness
means to them in the context of their data and use case. In
this way we aim to support the user to select a bias mitiga-
tion solution most suited to their needs.

System Overview
The overall pipeline is shown in figure 1. Problem Speci-
fication: Our solution allows a user upload a dataset to be
analyzed. The user specifies the mitigation strategies to be
considered, the favorable outcome, the protected attributes
and optionally the privileged cohorts. If the privileged co-
hort is not provided then it is automatically inferred using
MDSS (Zhang and Neill 2017). The user can also specify
the optimization function to be used when performing the
AutoML pipeline search. The solution optimizes for both
balanced accuracy and disparate impact by default, however
this is something that can be adjusted.

Model Alternative Generation: We leverage a combi-
nation of open source resources in order to generate model

Figure 1: Overview of pipeline
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(a) Impacted Cohorts (b) Prototypical Person

(c) Model Alternatives (d) Feedback

Figure 2: Bias mitigation visuals

variations. The AIX360 toolkit was used to provide the
bias mitigation algorithms (Bellamy et al. 2018). We use
the LALE opensource framework to search over possible ML
pipelines taking into account different bias mitigation strate-
gies optimizing for the input objective (Hirzel et al. 2022).
By default the user can select accuracy however the frame-
work also supports multi-objective optimization. As a result,
the solution allows the user to refine the objective metric
if the resulting solutions do not align with their definition
of fairness. Our solution generates a single optimized ML
pipeline for each user-selected possible algorithm. The re-
sulting output is then separated into four cohorts where all
algorithms agree:
• the entry will not have their label adjusted and therefore

is not impacted by the bias mitigation process.
• the label will be changed to the positive class and so

will benefit from the algorithm.
• the label will be changed to the negative class meaning

they could be harmed by bias mitigation.
Finally the cohort where the algorithms disagree meaning
the choice of algorithm will impact these people differently.

Interactive User Feedback: At each phase the user may
give feedback, however one challenge when collecting hu-
man feedback is that the burden on the user can impact ac-
curacy due to labeller fatigue (Cakmak, Chao, and Thomaz
2010). Agan et. al. showed that models trained on data col-
lected where users exhibit more automaticity behaviors are
more likely to demonstrate bias (Agan et al. 2023). This is
due to users engaging their ’system 1’ behavior where bi-
ases are more likely to emerge compared to when their de-
cisions are more deliberate and engaging their ’system 2’.

As a result, any human-in-the-loop solution involving bias
mitigation must consider carefully how to present informa-
tion to end-users in order to have them deliberate on their
judgments. In order to encourage users to reflect on their
feedback our novel solution has incorporated generative AI
to create a synthetic representation of the users represented
in the data. In phase 1 the user is shown a prototypical per-
sona of each cohort reflecting where all mitigation algo-
rithms make the same decision. The prototypical features
are selected as the most likely attributes to be observed in
each impacted cohort and used as prompts to OpenAPI to
generate each image representing the prototypical person.
If the user feedback shows a level of disagreement above a
threshold the system can recommend revising either the met-
rics they are optimizing for in the model search or they can
reconsider which attributes they consider protected and the
resulting under privileged class. Assuming the user agrees
with the examples contained in the cohorts they can move
on to explore the variations between the algorithms. The vi-
sualization Figure 2 c) shows the user what proportion of the
population are either left unchanged or impacted by the algo-
rithm and finally Figure 2 d) shows where the user can give
feedback annotating the expected outcome of representative
samples where the algorithms conflict. This information can
then be used in two ways: 1) to recommend the algorithm the
user’s choice most aligns with, or 2) it can be leveraged as an
additional input to the optimization function when perform-
ing the model pipeline search. One advantage of human-in-
the-loop decision making in the context of trust is that the
decision makers’ choices can be logged and made available
for scrutiny or as part of a governance process (Arnold et al.
2019).
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