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Abstract

Al Fairness and Explainability are two integral parts of Trustworthy
Al However, most definitions of fairness do not consider intersec-
tions of protected groups. The ones that do are inefficient, too
restrictive, or without guarantees to uncover bias. Similarly, many
explainability methods are not guaranteed to return explanations
faithful to the model or sacrifice quality to achieve it. We achieve
guarantees by utilizing Mixed-Integer Optimization (MIO) in each
domain. We introduced MSD, a novel efficient distance measure
to guarantee intersectional fairness, and LiCE, a method to obtain
the closest counterfactual explanations with sufficient plausibility
guaranteed to be faithful to the model. Each of the works suggests
future directions. In intersectional fairness, we discuss promising
preliminary results in finding a fair classifier. In LiCE, we aim to
generalize likelihood estimation to optimization under uncertainty.
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1 Introduction

Artificial Intelligence (AI) has, in recent decades, grown into an
essential technology in multiple domains [13, 28] from finance [4]
to education [36]. It became a practical and helpful tool, but at the
same time, we have seen multiple, more or less critical, failures of
Al systems, often manifesting through discrimination against un-
derrepresented groups. Problems range from misgendering people
based on having “Dr” before their name [32], through Amazon’s
biased hiring tool [8] and Dutch unfair social security fraud de-
tector [1] to the famous COMPAS system skewed in evaluating
risk of recidivism [16]. These problems of unequal treatment are
tackled by methods of Al fairness. Al fairness methods mitigate bias
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in datasets (or AI model outputs) by equalizing the representation
of protected groups in the data (or outputs). There is a wide array of
definitions of fairness and even more methods that perform some
form of bias mitigation.

In training Al models, fairness methods are usually a form of con-
strained optimization, minimizing classification error while keeping
the bias below some acceptable threshold. On a more individual
level, when a user is faced with some decision and suspects bias,
they might (have a right to [10, 27]) request an explanation why
that decision was reached by the model, to verify that it wasn’t
influenced dominantly by some protected attributes! (e.g., race or
sex). Al explainability (XAI) focuses on understanding the predic-
tions of Al models that are difficult to understand directly. In XAI,
understanding is achieved through (a series of) explanations which
abstract away the model’s inner workings. Explanations are known
to improve user adoption [7, 9] and satisfaction [30], but they are
also an essential part of the knowledge discovery pipeline [34].
Many popular explanation methods suffer from various instabili-
ties [18] or limited faithfulness to the underlying model [14, 21].
Counterfactual Explanations (CEs, [33]), which offer a change of
input to achieve a desired output, can be stable and are faithful to
the model. Still, they are not without issues [31], e.g., offering a
single explanation limits the users’ autonomy [2].

Al fairness and explainability are sometimes joined under the
umbrella term Trustworthy Al [20].

Research Questions. We focus specifically on methods providing
guarantees. In either domain, guaranteed quality of an explana-
tion or statistically supported evaluation of bias might not only be
desired but also required by regulation or some standard.

To achieve provable guarantees, we utilize Mixed-Integer Opti-
mization (MIO, sometimes referred to as Mixed-Integer Program-
ming), a method of finding globally optimal solutions [35]. MIO is
a form of mathematical optimization where some variables are real-
valued, while some can only take integer values. We additionally
assume that all formulations have linear constraints, which helps
the scalability of the method while still being capable of formulat-
ing NP-hard problems [29]. Despite its hardness, the performance
of dedicated solvers has advanced rapidly, showing that previously
“unsolvable” problems can now be solved in seconds [19].

To effectively utilize MIO, one must consider the (generally)
exponential runtime with respect to the size of the formulation
(number of constraints and variables). This means that MIO is
usually unsuitable for training big ML models since it would require
simultaneously representing the training data and the ML model.
Thus, we tackle problems where we represent either just the model
(to explain it) or just the data (to evaluate a bias measure).

!Note that an AI model can be biased even if it doesn’t use the protected attributes
directly, through correlated features. Checking that a prediction is not made solely on
protected attributes is just a necessary condition for fairness.
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Figure 1: An illustrative example of intersectional bias. Sta-
tistical parity is achieved, but the algorithm rejects the entire
subgroup of the youngest blue persons. MSD is capable of
uncovering this bias and returns the subgroup description.

2 MSD: Maximum Subgroup Discrepancy

In the domain of Al fairness, we consider Intersectional fairness
[3] (sometimes called subgroup fairness [22]) which tackles the
problem of intersectional bias [6], that is, bias on intersections
of marginal groups (e.g., immigrant women above the age of 60,
instead of just women or immigrants separately). It has been shown
to be undetected by most basic marginal bias metrics like statistical
parity or equal opportunity (see Figure 1). Therefore, this form of
bias is not mitigated by training methods utilizing those metrics.

Methods of Intersectional fairness exist, but they are often prone
to outliers, because they do not consider the number of samples in
a given subgroup and rely on enumerating the exponential number
of subgroups [5, 11]. Multidimensional subset scanning methods
probabilistically sift through all subgroups to find anomalies, which
can also be utilized for predictive bias [37], though without a guar-
antee to find the most disadvantaged group. Finally, Kearns et al.
[17] propose SPSF, an effective metric for Intersectional fairness,
but consider subgroups to be the output of a linear classifier, which
is too restrictive and difficult to interpret.

We propose a novel measure of intersectional bias called Maxi-
mum Subgroup Discrepancy (MSD, [23]). It has low sample complex-
ity, efficient computation, and interpretable outputs. Formulating
the problem as measuring the distance between two distributions,
we show that conventional distance measures have exponential
sample complexity. In contrast, our method, built on learning a
formula in disjunctive normal form, has linear sample complexity.
We show to be able to learn it effectively by using MIO. Finally, we
consider subgroups as naturally defined, i.e., intersections (conjunc-
tions) of protected attributes, leaving the user with a description of
the most disadvantaged subgroup as an output.

Preliminary results suggest that we are able to optimize small,
interpretable models (e.g., linear models) within MIO under the con-
straint on MSD. We can also formulate the SPSF [17] measure, but
on the more interpretable and less restrictive definition of subgroup
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intersections. We find more accurate predictors than the original
SPSF while keeping the fairness violation on the subgroups below
a given threshold.

3 LiCE: Likely Counterfactual Explanations

In XAL we tackle the task of generating plausible Counterfactual
Explanations (CEs, [33]). Counterfactual explanations propose how
the input would have to change for the output to change as de-
sired. For example, say a customer at a bank is denied a loan. They
might get a counterfactual explanation such as: “If your income
were 10,000$ higher, your loan would be approved.” CEs are well-
understandable and can be actionable [31]. Their actionability is
limited by some attributes not being subject to change (e.g., race)
and by the plausibility of the counterfactual. Plausibility is vaguely
defined as the counterfactual not being an outlier in the data dis-
tribution [12]. In our example, increasing the income might be
feasible, but it might require further education or relocation for
better job opportunities. However, the CE does not account for that,
and it might be the case that the relocation would also increase the
spending on rent, leading to the 10 thousand increase not being
enough for the model to reach the desired loan approval anymore.
Forcing the counterfactual to have a high likelihood of being sam-
pled from the data distribution can help account for that by making
the counterfactual belong to a dense region of the training data.

Our method, LiCE [24], approximates inference of a trained Sum-
Product Network (SPN, [26]), a tractable probabilistic model, within
MIO to estimate the CE likelihood. We then use MIO to obtain prov-
ably closest (most similar to the original input) CEs that are plausible
by constraining the likelihood above a certain threshold. Alterna-
tively, one can minimize a combination of distance and negative
log-likelihood. We show that LiCE generates counterfactuals that
are closer and more plausible than counterfactuals generated by
other methods that consider plausibility. Moreover, we provide a
valid solution in all cases when possible. This is not the case with
all other methods, as they sometimes rely on the quality of other
trained models [e.g., 25] or hyperparameters that trade-off solution
quality for “recall” [e.g., 15].

We consider LiCE a comprehensive method. It includes the en-
forcement of user-defined constraints, such as causal effects. Further
work will thus diverge from the use case of counterfactual explana-
tions and focus on the MIO formulation of a trained SPN, which
might prove useful in general optimization under uncertainty.

Conlcusion

We showed that utilizing MIO to obtain solutions with guarantees
can be applied to both Al fairness and explainability. In LiCE, we
improve over state-of-the-art methods for plausible counterfactuals,
using MIO to guarantee that we find the closest CE with a high
enough likelihood. With MSD, we propose a method of intersec-
tional fairness, which works with naturally interpretable subgroups,
has linear sample complexity with respect to the protected dimen-
sion, and can be computed efficiently and optimally with MIO.

Follow-up work, extending the MSD detection of bias to bias
mitigation already shows promise. We use MIO to find more accu-
rate fair models compared to the existing baseline [17]. This could
be a crucial step towards intersectionally fair Al models.
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