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Abstract

We introduce an enumeration-free method based on mathe-
matical programming to precisely characterize various prop-
erties such as fairness or sparsity within the set of “good mod-
els”, known as Rashomon set. This approach is generically
applicable to any hypothesis class, provided that a mathemat-
ical formulation of the model learning task exists. It offers a
structured framework to define the notion of business neces-
sity and evaluate how fairness can be improved or degraded
towards a specific protected group, while remaining within
the Rashomon set and maintaining any desired sparsity level.
We apply our approach to two hypothesis classes: scoring
systems and decision diagrams, leveraging recent mathe-
matical programming formulations for training such mod-
els. As seen in our experiments, the method comprehensively
and certifiably quantifies tradeoffs between predictive perfor-
mance, sparsity, and fairness. We observe that a wide range of
fairness values are attainable, ranging from highly favorable
to significantly unfavorable for a protected group, while stay-
ing within less than 1% of the best possible training accuracy
for the hypothesis class. Additionally, we observe that spar-
sity constraints limit these tradeoffs and may disproportion-
ately harm specific subgroups. As we evidenced, thoroughly
characterizing the tensions between these key aspects is crit-
ical for an informed and accountable selection of models.

Code — github.com/vidalt/Rashomon-Explorer
Paper with appendices — arxiv.org/abs/2502.05286

1 Introduction
The increasing reliance on machine learning models for
high-stakes decision-support tasks, such as predictive jus-
tice (Angwin et al. 2016), hiring (Langenkamp, Costa, and
Cheung 2020), and medicine (Aziz et al. 2021) raises impor-
tant ethical questions and is subject to legal requirements.
For instance, article 13 of the recent EU AI Act mandates
transparency for AI-based systems classified as “high-risk”,
a category that encompasses a broad spectrum of applica-
tions. This legal and ethical context highlights the impor-
tance of developing predictive models that are inherently in-
terpretable and sparse. Fairness is another critical consider-
ation, reinforced by legal frameworks such as the “80 per-
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cent rule” for statistical parity (Feldman et al. 2015) estab-
lished by the US Equal Employment Opportunity Commis-
sion (EEOC. March 2, 1979) in the context of hiring.

When training a machine learning model, the primary ob-
jective is typically to maximize its utility. However, multiple
models with equivalent performance can produce substan-
tially different predictions, a phenomenon known as predic-
tive multiplicity. This observation gave rise to the concept
of ϵ-Rashomon sets (Breiman 2001; Fisher, Rudin, and Do-
minici 2019), which encompass all models within a given
hypothesis class whose utility deviates by no more than ϵ
from the optimal value. Due to predictive multiplicity, mod-
els within an ϵ-Rashomon set can exhibit markedly different
—sparsity or fairness— properties.

Different methods have been proposed to explore
Rashomon sets for specific hypothesis classes. On one
hand, enumeration-based methods (Xin et al. 2022; Mata,
Kanamori, and Arimura 2022; Ciaperoni, Xiao, and Gio-
nis 2024) sample all models within the Rashomon set
of interest. This can be computationally prohibitive since
the Rashomon sets might contain an untractable num-
ber of models. On the other hand, enumeration-free ap-
proaches (Coker, Rudin, and King 2021; Watson-Daniels,
Parkes, and Ustun 2023; Fisher, Rudin, and Dominici 2019;
Zhong et al. 2024; Coston, Rambachan, and Chouldechova
2021) can characterize properties across all models in the
Rashomon set without explicitly enumerating them. Despite
their efficiency, existing enumeration-free approaches tend
to underestimate the size of Rashomon sets and their cor-
responding fairness-utility tradeoffs. This limitation arises
from their reliance on convex upper bounds (e.g., logistic
loss, hinge loss) as approximations of the actual model error
(0/1 loss). Moreover, they do not explore the effects of spar-
sity requirements, which further influence these tradeoffs.

To overcome these limitations, we introduce an
enumeration-free method based on mathematical pro-
gramming to precisely explore various properties within
Rashomon sets, such as fairness or sparsity. Our approach
provides a structured, quantitative framework for evaluating
the concept of “business necessity” (Grover 1995), a
legal argument often used by companies with unbalanced
employment outcomes among protected groups. A key
aspect of proving “business necessity” is demonstrating
that no alternative employment policy could achieve the
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same objectives with less discriminatory impact. Within
our framework, this translates to asserting that all high-
performing models within a given hypothesis class exhibit
a disparate impact toward a specific group. Equivalently,
the search for less discriminatory alternative models is
becoming a legal requirement (Black et al. 2024), and our
framework automates this task. More precisely, it can be
used to precisely and provably bound the achievable fairness
values within given performance and sparsity levels. Our
main contributions are:

• We propose an enumeration-free framework for explor-
ing the properties of models within the Rashomon set, fo-
cusing on key aspects such as fairness and sparsity. This
framework is broadly applicable to any hypothesis class
where the learning process can be formulated as a math-
ematical program.

• To illustrate the versatility of our framework, we apply it
to two different hypothesis classes: scoring systems and
decision diagrams. The associated source code is openly
accessible on our repository, under a MIT license.

• We conduct extensive experiments validating the effec-
tiveness of our approach in certifiably quantifying the
tradeoffs (and tensions) between predictive performance,
fairness, and sparsity for a given hypothesis class. Our
results precisely characterize the range of fairness values
achievable under specified sparsity and performance con-
straints. Additionally, we observe that sparsity does not
come for free —imposing stringent sparsity requirements
significantly limits the achievable tradeoffs between fair-
ness and performance.

2 Technical Background
Supervised Machine Learning. Let S := (xi, yi)

N
i=1 be

a dataset in which each example i ∈ {1..N} is characterized
by a feature vector xi ∈ RM with M attributes and a binary
label yi ∈ {−1, 1}. The objective of a supervised learning al-
gorithm is to produce a predictive model h : RM → {−1, 1}
from a given hypothesis space H that minimizes a loss func-
tion ℓ : {−1, 1} × {−1, 1} → R+ encoding the error between
a predicted and actual outcome. In practice, the empirical
loss L̂S(h) :=

1
N

∑N
i=1 ℓ(h(xi), yi) is minimized to get a

good predictor hS :

hS ∈ argmin
h∈H

L̂S(h) + Regularization(h). (1)

The regularization term steers an a priori preference toward
certain hypotheses in H. For this study, we adopt the com-
monly used 0/1 loss, defined as ℓ0/1(ŷ, y) := 1[ŷ = y], with
ŷ = h(x).

Fairness. Undesirable biases —specifically harming some
individuals or demographic groups— can be embedded in
the dataset S, introduced or amplified by the learning al-
gorithm, or arise at any other step of the machine learn-
ing pipeline (Mehrabi et al. 2021). Because learning such
spurious correlations and using them for decision-making
raises ethical questions and is often legally prohibited, dif-
ferent notions of fairness have been proposed (Verma and

Rubin 2018). In particular, statistical fairness metrics are
widely adopted due to their quantifiability and their ability to
align with legal standards, such as the “80 percent rule” for
statistical parity (Feldman et al. 2015), as outlined by the
US Equal Employment Opportunity Commission (EEOC.
March 2, 1979) in the context of hiring practices.
Statistical fairness metrics assess disparities in specific sta-
tistical measures between different protected groups, defined
by the values of sensitive features (e.g., race, gender). The
goal of these metrics is to ensure that such features do not
influence individual outcomes. Typically, these measures are
derived from the confusion matrix of the predictor h. Let
G1 ⊂ S and G2 ⊂ S represent two protected groups differ-
entiated by a given sensitive feature. For example, in a hiring
context, G1 might represent the set of male applicants, while
G2 represents the set of female applicants. We consider two
widely used fairness metrics:

• Statistical parity (Dwork et al. 2012) quantifies the dif-
ference in positive prediction rates (e.g., acceptance rates for
job applicants) between the two protected groups:

dSP (h, S) :=

∑
i∈G1

1[h(xi) = 1]

|G1|
−

∑
i∈G2

1[h(xi) = 1]

|G2|
(2)

• Equal opportunity (Hardt, Price, and Srebro 2016) mea-
sures the difference in true positive rates (e.g., acceptance
rates for genuinely qualified applicants) between the two
protected groups:

dEO(h, S) :=

∑
i∈G+

1
1[h(xi) = 1]

|G+
1 |

−
∑

i∈G+
2
1[h(xi) = 1]

|G+
2 |

(3)
with G+

1 = {i ∈ G1|yi = 1} and G+
2 = {i ∈ G2|yi = 1}.

For both metrics, values closer to 0 indicate better fairness in
the model. Positive values suggest a bias favoring G1, while
negative values indicate a bias toward G2.

Interpretability. It can be defined as “the ability to ex-
plain or to present something in understandable terms to a
human” (Doshi-Velez and Kim 2017). It is a critical prop-
erty for ensuring the trustworthiness of machine learning
systems and is often a legal requirement in real-world ap-
plications. One possible approach to achieving interpretabil-
ity is through post-hoc explanations (Guidotti et al. 2018)
of black-box models, which aim to clarify either individual
decisions or the model’s overall behavior. However, such
methods can be unreliable in certain contexts and are vul-
nerable to manipulation (Aı̈vodji et al. 2019; Slack et al.
2020). An alternative is to develop inherently interpretable
models, such as decision trees or rule lists, which do not
share these weaknesses (Rudin 2019). While interpretability
lacks a universal definition, sparsity (such as the number of
nodes in a decision tree) is often used as a proxy (Rudin
et al. 2022). Enforcing sparsity constraints effectively re-
stricts the hypothesis space to a more interpretable subset,
HI ⊂ H (Dziugaite, Ben-David, and Roy 2020).

Mathematical Programming. Mathematical program-
ming involves defining a set of decision variables, each con-
strained to a specific domain, and specifying constraints that
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describe relationships between these variables. A general-
purpose solver is used to find feasible assignments of the
decision variables that satisfy the given constraints. When
an objective function is provided, the solver seeks a feasi-
ble solution that either maximizes or minimizes the func-
tion. The types of domains and constraints that can be
expressed depend on the chosen paradigm. For example,
Mixed-Integer Linear Programming (MILP) solvers can ac-
commodate both continuous and discrete variables but are
restricted to linear constraints and objective functions.

3 Related Works: Exploring Rashomon Sets
Beyond predictive performance, other model properties,
such as fairness and sparsity, are often desirable. Since these
properties are typically not aligned with maximizing predic-
tive performance, it is necessary to tolerate a small drop in
performance, quantified as ϵ, to search for alternative models
halt satisfying L̂S(halt) ≤ L̂S(hS) + ϵ. The set of such alter-
native models is referred to as the Rashomon set (Breiman
2001; Fisher, Rudin, and Dominici 2019), defined as:

R(H, ϵ, S) := {h ∈ H : L̂S(h) ≤ L̂S(hS) + ϵ}. (4)

Rashomon sets have been studied in the context of predictive
multiplicity, demonstrating that different models can have
conflicting predictions on a substantial subset of data (Marx,
Calmon, and Ustun 2020; Hsu and Calmon 2022; Watson-
Daniels, Parkes, and Ustun 2023). A key result from Marx,
Calmon, and Ustun (2020) establishes that for any al-
ternative halt ∈ R(H, ϵ, S), the following tight bound
holds: 1

N

∑N
i=1 1[halt(xi) ̸= hS(xi)] ≤ 2L̂S(hS) + ϵ. This

implies that even with a small ϵ, models within the
Rashomon set can differ significantly in their predictions
whenever the empirical loss L̂S(hS) is non-zero. For in-
stance, if hS has an empirical loss of 10%, alternative mod-
els in the Rashomon set could disagree with hS on up to
20% of the dataset. Similarly, for a predictor hS with a
25% empirical loss, disagreements with alternative models
could extend to 50% of the dataset. These substantial dif-
ferences emphasize that models within the Rashomon set,
despite achieving nearly equivalent predictive performance,
can vary markedly in their predictions. This variability has
important implications for fairness, as fairness metrics such
as statistical parity (Equation (2)) and equal opportunity
(Equation (3)) are aggregates of predictions across demo-
graphic subgroups. Consequently, the Rashomon set may
contain alternative models with more desirable fairness or
sparsity properties. However, identifying such models ef-
ficiently remains a significant challenge. Existing methods
for exploring the Rashomon set can be categorized into two
main approaches: enumeration-based and enumeration-free.

Enumeration-based methods sample all models within
the Rashomon set (or a substantial subset thereof). Exist-
ing approaches have applied enumeration to the Rashomon
sets of rule lists (Mata, Kanamori, and Arimura 2022),
rule sets (Ciaperoni, Xiao, and Gionis 2024), and decision
trees (Xin et al. 2022) using branch-and-bound techniques.
These methods explore the combinatorial hypothesis space
H while leveraging error lower bounds to prune the search

space efficiently. These past works have shown that compet-
ing models exhibit different fairness properties. However, a
key limitation of these methods is their reliance on enumer-
ating (and storing) a large number of models. While methods
were proposed to sample only a subset of models from the
Rashomon set – e.g., through bootstrapping (Cooper et al.
2024) or shuffling (Ganesh et al. 2023) – they do not aim
at exploring the whole Rashomon set and cannot provide
bounds on the extrema of a functional.

Alternatively, enumeration-free methods focus on the
identification of models within the Rashomon set that
achieve the extreme values of a specific functional
ϕ : H → R. This approach allows targeted exploration of
the Rashomon set by optimizing for particular properties
without exhaustive enumeration. Previous work has investi-
gated the min-max range of the functional ϕ(h) = h(x) for
linear models with the hinge-loss (Coker, Rudin, and King
2021) and the logistic loss (Watson-Daniels, Parkes, and Us-
tun 2023). Other studies have explored the extreme values
of feature importance scores for linear models under the
squared or hinge loss (Fisher, Rudin, and Dominici 2019),
or Generalized Additive Models (GAMs) under the logistic
loss (Zhong et al. 2024). Finally, the min-max range of the
functional ϕ underlying fairness metrics (cf. Equations (2)
& (3)) has been characterized for linear models with logistic
loss (Coston, Rambachan, and Chouldechova 2021). Table 1
summarizes these previous works.

Considering the “true” 0/1 loss is desirable, since it ex-
actly quantifies the utility of the trained model (the pro-
portion of individuals whose outcome was incorrectly pre-
dicted). However, it makes the problem more difficult to
solve since it is not continuous nor convex. Using convex
upper bounds such as logistic or hinge losses makes the
problem more tractable, but leads to underestimating the
Rashomon set, hence arbitrarily limiting the tradeoffs be-
tween other desiderata (e.g., fairness and sparsity). In turn,
discrete optimization tools (such as mathematical program-
ming) are appropriate to directly handle the 0-1 loss and ex-
actly characterize the Rashomon set. They are also partic-
ularly well-suited to learn models that are inherently inter-
pretable (which is the focus of this paper), such as rule-based
or tree-based ones – which intrinsically have a combinatorial
structure. Based on these observations, our study:

• explores the range of unfairness values within the
Rashomon sets using the “true” 0/1 loss, whereas pre-
vious works relied on convex upper bounds;

• characterizes the effect of sparsity constraints on the
range of possible disparities within the Rashomon set;

• provides a framework applicable to many hypothesis
classes H provided their learning process can be formu-
lated as a mathematical optimization problem.

We now discuss two closely related works that also ex-
plore the fairness properties of model classes, though from
different perspectives. Considering models within all pos-
sible input-output mappings for a finite dataset, Dai et al.
(2025) define the notion of largest possible Rashomon Set,
and propose methods to efficiently bound the achievable
fairness values within them. While these bounds hold for

1538



Source Hypothesize class H Loss ℓ Functional ϕ

Coker, Rudin, and King (2021) Linear hinge loss prediction
Watson-Daniels, Parkes, and Ustun (2023) Linear logistic loss prediction
Fisher, Rudin, and Dominici (2019) Linear/Kernels hinge loss feature importance
Zhong et al. (2024) Additive (GAM) logistic loss feature importance
Coston, Rambachan, and Chouldechova (2021) Linear logistic loss fairness metrics
Ours Linear/Decision-Diagrams 0-1 loss fairness metrics

Table 1: Summary of enumeration-free Rashomon set exploration methods for binary classification tasks.

any hypothesis class, there might not exist any model within
a given hypothesis class implementing the chosen input-
output mapping, hence they can be arbitrarily loose. On the
contrary, our work aims at providing tight bounds for a given
hypothesis class, along with their associated models for a
chosen sparsity level. Simson, Pfisterer, and Kern (2024)
rather characterize the set of fairness values reachable de-
pending on the design of the ML pipeline (e.g., preprocess-
ing and evaluation choices), while we precisely bound fair-
ness for all possible models within the Rashomon set for a
fixed dataset and hypothesis class.

4 Exploring Rashomon Sets Through
Mathematical Programming

We first introduce our generic framework for exploring the
Rashomon set of a given hypothesis class whose learning is
formulated as a mathematical program. We then instantiate it
for two widely used classes of interpretable models, namely
scoring systems and decision diagrams.

4.1 Generic Framework
As stated in Equation (1), the goal of a machine learning
algorithm is to explore the hypothesis space H to iden-
tify a model hS that minimizes (on a training dataset S)
a given objective function, which consists of its empirical
loss L̂S(hS) and, optionally, a regularization term. We focus
on the common scenario where the regularization term mea-
sures the model’s sparsity, with the tradeoff between sparsity
and predictive performance governed by a coefficient C. The
general mathematical formulation of this learning process is:

min
h∈H

L̂S(h) + C · Sparsity(h). (5)

The model’s structure and parameters are encoded through
decision variables, while its internal predictions and adher-
ence to the hypothesis space are enforced through a set of
constraints.

The objective of our proposed framework is to provably
determine the maximum and minimum values of a given
fairness metric (along with the corresponding models) sub-
ject to a desired sparsity constraint while remaining within
an ϵ-Rashomon set of the hypothesis space H. To achieve
this, we first solve Problem (5) with C = 0 to obtain the
optimal empirical loss value L̂S(hS), which by definition
constitutes the reference value for the Rashomon set compu-

tation. We then formulate and solve the following problem:

min
h

dSP (h, S) (6)

s.t. h ∈ H
Sparsity(h) ≤ α

L̂S(h) ≤ L̂S(hS) + ϵ

Here, α represents the desired sparsity, which sets an up-
per bound on the model’s size, and dSP (h, S) is the statisti-
cal parity metric (Equation (2)), although any other fairness
measure can replace it. Observe that minimizing dSP (h, S)
amounts to maximally favor the protected group G2 over G1

(in terms of positive prediction rate). By reversing the sign
of the objective, the full range of fairness values within the
ϵ-Rashomon set can thereby be characterized. Additionally,
the impact of sparsity constraints on the accuracy-fairness
tradeoff can be further explored by varying α.

4.2 Instantiation for Scoring Systems
Scoring systems are sparse linear classification models with
integer coefficients, widely used in fields like medicine and
criminal justice due to their interpretability (Rudin et al.
2022). To make a prediction with such a model on a given
example x, one multiplies each feature’s value xj by its
corresponding coefficient λj selected within an acceptable
range of values Ωj ⊂ N, sums the results, and compares the
total to a fixed threshold. The hypothesis space of scoring
systems is then:

H :=
{
x 7→ sign(xTλ) | λj ∈ Ωj , j = 1..M

}
. (7)

Table 2 presents an example scoring system trained on the
Default of Credit Card Clients dataset (Yeh and hui Lien
2009). The classification task involves predicting whether a
person will default on payment based on demographic infor-
mation and payment histories. In addition to the coefficients
associated with the M features (only the non-zero ones are
shown), a threshold term is also included. This threshold is
usually handled by concatenating an additional feature with
a value of 1 to all examples before training or inference—so
in (7), M actually refers to the number of features plus one.
As visible in the table, the model’s interpretability allows
for straightforward identification of the features influencing
predictions. For instance, features indicating delays in previ-
ous payments or high payment amounts are associated with
an increased likelihood of predicting a default on the next
payment. However, the model also exhibits a bias against
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females, as the attribute “SEX Female” increases the com-
puted score, thereby increasing the probability of predicting
a default for females. This aligns with the measured statisti-
cal parity value (Equation (2)) of −0.046, whose negativity
indicates a higher positive prediction rate for group G2 (fe-
males) over group G1. In this example, interpretability facil-
itates the detection of such discriminations.
SLIM (Supersparse Linear Integer Model) (Ustun, Tracà,

and Rudin 2014) is a MILP formulation designed to learn
optimal scoring systems. We use it within our framework to
instantiate the learning problem defined in Problem (5). The
original SLIM formulation aims at finding the coefficients
λS minimizing the following objective:

min
λ

N∑
i=1

1[yix
T
i λ ≤ 0] + C∥λ∥0 (8)

where λ is the vector of coefficients within the scoring sys-
tem, xT

i λ is the scoring system’s total score for example i
(whose sign determines the output label), and C is a regu-
larization coefficient. Then,

∑N
i=1 1[yix

T
i λ ≤ 0] computes

the 0/1 empirical loss of the model, while ∥λ∥0 is a sparsity
regularizer, penalizing the number of non-zero coefficients.

We now present our modified formulation, which instanti-
ates Problem (6) to characterize fairness and sparsity within
the Rashomon set of scoring systems. Recall that the opti-
mal loss value L̂S(λS) is first obtained by solving the origi-
nal SLIM formulation with C = 0 (i.e., ensuring that objec-
tive (8) focuses solely on predictive performance).

min
λ

∑
i∈G1

ŷi

|G1|
−

∑
i∈G2

ŷi

|G2|
(9)

s.t. λj =
∑
ω∈Ωj

ω · ujω j ∈ {1, ..,M} (10)

∑
ω∈Ωj

ujω ≤ 1 j ∈ {1, ..,M} (11)

M∑
j=1

Ωj∑
ω=1

ujω ≤ α (Sparsity) (12)

1

N

N∑
i=1

zi ≤ L̂S(λS) + ϵ (Performance) (13)

O′
izi ≥ γ − yix

T
i λ i ∈ {1, .., N} (14)

Oi(1− zi) ≥ yix
T
i λ i ∈ {1, .., N} (15)

ŷi = (1− zi)1[yi = 1]

+ zi1[yi = −1] i ∈ {1, .., N} (16)
λj ∈ Ωj j ∈ {1, ..,M}
zi ∈ {0, 1} i ∈ {1, .., N}
ŷi ∈ {0, 1} i ∈ {1, .., N}
ujω ∈ {0, 1} j ∈ {1, ..,M}, ω ∈ Ωj

Each coefficient λj associated to feature j within the
scoring system must take a value within a user-defined do-
main Ωj . Specifically, Constraint (10) ensures that the co-
efficient λj takes value ω ∈ Ωj if and only if ujω = 1.

Feature Coefficient
EDUCATION University 2

PAY 0 Pay delay≥1 5
PAY 2 Pay delay≥1 5
PAY 6 Pay delay≥1 2

PAY AMT6 high 2
SEX Female 2
Threshold -10

Predict +1 if total is > 0, −1 otherwise

Table 2: Example scoring system trained on the Default
of Credit Card Clients dataset, belonging to the 20%-
Rashomon set, exhibiting 0.842 training accuracy and 0.80
test accuracy, as well as −0.046 training statistical parity.

Constraint (11) guarantees that at most one value ω ∈ Ωj is
set to 1. Note that λj = 0 if all the variables ujω equal 0.

Objective (9) represents the statistical parity metric intro-
duced in Equation (2). By minimizing it, we aim to find the
scoring system that maximally favors the protected group
G2 over G1. Reversing the sign of this difference allows
us to optimize the fairness value in the opposite direc-
tion. Constraint (13) limits the hypothesis space to the ϵ-
Rashomon set, leveraging the previously computed optimal
loss L̂S(λS) (as defined in Equation (8)). Constraint (12) re-
stricts the number of non-zero coefficients in λ to at most α,
thereby enforcing sparsity.

The remaining constraints handle the intermediate com-
putations of the scoring system’s predictive performance
and predictions. Specifically, the loss variables z indi-
cate whether each example i is incorrectly classified:
zi = 1[yix

T
i λ ≤ 0]. These variables are determined by

Constraints (14–15), which compare the sign of each exam-
ple i’s predictions (xT

i λ) with its true label yi. Note that
O′

i∈{1..N} and Oi∈{1..N} are pre-computed constants large
enough to enforce the constraints, and γ is a small constant
representing a margin, ensuring that (yixT

i λ) for all exam-
ples i is lower-bounded.

In the original SLIM formulation, because the sum of
the loss variables was minimized in the objective, Con-
straint (14) alone was sufficient to set zi to 1 if and only
if example i is misclassified. As this is no longer the case
here, we must additionally include Constraint (15) to force
zi to 0 in case of correct classification.

Finally, the predictions ŷ are computed leveraging the loss
variables and the actual labels (given as input constants to
the model) through Constraint (16). For each example i, we
then have: ŷi = 1[xT

i λ > 0].
This formulation precisely determines the extent to which

each protected group can be favored over the other, given
a specified sparsity level α (maximum number of non-zero
coefficients) and predictive performance threshold (defined
by the ϵ-Rashomon set). By varying α and ϵ, one can explore
the tradeoffs between these different desiderata.

4.3 Instantiation for Decision Diagrams
Decision diagrams are popular interpretable models exhibit-
ing a top-down hierarchical structure similar to trees. Yet,
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unlike decision trees, their branches can be merged. This
fundamental property avoids the replication and fragmenta-
tion problems of decision trees (Oliver 1993; Kohavi 1994;
Florio et al. 2023), hence enhancing interpretability. For-
mally, a decision diagram is a rooted directed acyclic graph
G = (V ,A), where each internal node v ∈ VI represents
a splitting hyperplane and each terminal node v ∈ VC is
uniquely associated with a prediction cv . This hypothesis
class generalizes rule-lists (Hrule-list ⊂ Hdiagrams), so investi-
gating its ϵ-Rashomon set is an enumeration-free alternative
to the approach of Mata, Kanamori, and Arimura (2022). As
with SLIM, the objective dSP (h, S), and Sparsity/Perfor-
mance constraints of Problem (6) are easily expressed as lin-
ear functions of the decision variables, allowing for a MILP
formulation.

We build upon the original MILP formulation by Flo-
rio et al. (2023) for learning optimal decision diagrams for
classification. In essence, given a user-specified maximum
structure, the formulation aims to determine which nodes
and edges should be utilized within this structure and how
their splitting hyperplanes should be defined. Sparsity is then
computed as the number α of active (utilized) internal nodes.
The objective is as follows:

min
(d,a,b)v∈VI

N∑
i=1

zi + C∥d∥0. (17)

Here, for each example i, the loss variable zi indicates
whether it is misclassified, so

∑N
i=1 zi computes the 0/1

loss. For each internal node within the predefined structure
v ∈ VI , the variable dv ∈ {0, 1} indicates whether it is used
in the final structure. The term ∥d∥0 quantifies the sparsity
of the resulting decision diagram by counting the number of
nodes used in the trained structure. Finally, for each internal
node v where dv = 1, variables (av, bv) define the hyper-
plane corresponding to the multivariate split performed by
this node. This objective effectively instantiates Problem (5).

We hereafter provide our modified formulation, which
instantiates Problem (6) to characterize fairness and spar-
sity within the Rashomon set of decision diagrams. Recall
that the optimal loss value L̂S((dS ,aS , bS)v∈VI ) is first ob-
tained by solving the original MILP formulation with C = 0
(i.e., ensuring that Objective (17) focuses solely on predic-
tive performance). The following objective represents the
statistical parity metric introduced in Equation (2):

min
(d,a,b)v∈VI

∑
i∈G1

ŷi

|G1|
−

∑
i∈G2

ŷi

|G2|
(18)

By minimizing it, we aim to find the decision diagram that
maximally favors the protected group G2 over G1 in terms
of positive prediction rate. Reversing the sign of this differ-
ence allows us to constrain the fairness value in the opposite
direction. We hereafter introduce the different constraints
that must be satisfied while optimizing Objective (18). Con-
straint (19) restricts the number of active nodes in d to at
most α, thereby enforcing sparsity. Constraint (20) limits the
hypothesis space to the ϵ-Rashomon set, utilizing the previ-

ously computed optimal loss L̂S((dS ,aS , bS)v∈VI ):∑
v∈VI

dv ≤ α (Sparsity) (19)

1

N

N∑
i=1

zi ≤ L̂S((dS ,aS , bS)v∈VI ) + ϵ (Performance) (20)

The 0/1 loss associated to each example i ∈ {1, .., N} is
then computed as follows:

zi =
∑
v∈VC

1[yi ̸= cv]wiv (21)

ŷi = (1− zi)1[yi = 1] + zi1[yi = −1] (22)
Constraint (21) sets the loss variable zi = 1 if and only if ex-
ample i is assigned to a terminal node v ∈ VC (i.e., wiv = 1)
whose predicted class cv differs from the example’s true la-
bel yi. Constraint (22) then uses the loss variables z to de-
termine the decision diagram’s predictions ŷ. The remain-
ing constraints are unchanged and model the structure of the
constructed decision diagram. Below, we briefly discuss the
role of each constraint, and we refer to Florio et al. (2023)
for a more comprehensive explanation. For each example
i ∈ {1, .., N}, Constraints (23–25) model the flow of each
example through the nodes of the decision diagram:

w+
iv + w−

iv =

{
1 if v = 0∑

u∈δ−(v)(f
+
iuv + f−

iuv)
v ∈ VI (23)

w−
iu =

∑
v∈δ+(u)

f−
iuv u ∈ VI (24)

w+
iu =

∑
v∈δ+(u)

f+
iuv u ∈ VI (25)∑

u∈VI
l

w−
iu ≤ 1− gil l ∈ {0, .., D − 1} (26)

∑
u∈VI

l

w+
iu ≤ gil l ∈ {0, .., D − 1} (27)

Specifically, δ−(u) (respectively, δ+(u)) represents the set
of possible predecessors (respectively, successors) of node
u in the user-provided decision diagram structure. The vari-
able w−

iu (respectively, w+
iu) takes a non-zero value when

example i passes through node u on the negative (respec-
tively, positive) side of the separating hyperplane. Addition-
ally, the variable f−

iuv (respectively, f+
iuv) models the flow

from the negative (respectively, positive) side of u to other
nodes v. Constraints (26–27) ensure flow integrity using the
binary variable gil, which determines, for each example i,
whether it follows the negative or positive side at each level
l ∈ {0, .., D − 1}, D being the depth of the decision dia-
gram. For each node u ∈ VI , Constraints (28–30) specify
that it is used in the decision diagram (du = 1) if and only if
it is connected to or from another node:
du =

∑
v∈δ+(u)

t+uv =
∑

v∈δ+(u)

t−uv (28)

dv ≤
∑

u∈δ−(v)

(t+uv + t−uv) v ∈ VI \ {0} (29)

t+uv + t−uv ≤ dv v ∈ δ+(u) (30)
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The binary variable t−uv (respectively, t+uv) indicates that
node u ∈ VI links to node v on the negative (respectively,
positive) side. Note that both the root and terminal nodes are
excluded from these constraints, as they are always used.
Constraints (31–32) connect the linking variables to the ex-
amples’ flows, for each node u ∈ VI :
f+
iuv ≤ t+uv v ∈ δ+(u), i ∈ {1, .., N} (31)

f−
iuv ≤ t−uv v ∈ δ+(u), i ∈ {1, .., N} (32)

Constraints (33–34) implement symmetry breaking, as many
equivalent topologies could result from the previously de-
fined constraints and variables:
t−uv +

∑
w∈δ+(u),w≤v

t+uw ≤ 1 u ∈ VI , v ∈ δ+(u) (33)

For each level l ∈ {2, .., D − 1}, a weak in-degree ordering
is enforced for each pair of nodes u, v ∈ VI

l such that u < v:∑
w∈δ−(u)

(t+wu + t−wu) ≥
∑

w∈δ−(v)

(t+wv + t−wv) (34)

Finally, for each example i ∈ {1, .., N}, Constraints (35–36)
ensure consistency between the hyperplane variables and the
example’s flow, while Constraint (37) determines the termi-
nal node v to which it is assigned by setting wiv based on
the previously computed flows:

(w−
iv = 1) =⇒ (aT

v xi + γ ≤ bv) v ∈ VI (35)

(w+
iv = 1) =⇒ (aT

v xi > bv) v ∈ VI (36)

wiv =
∑

u∈δ−(v)

(f+
iuv + f−

iuv) v ∈ VC (37)

5 Experimental Study
Our numerical experiments serve two main objectives. First,
we demonstrate the applicability and effectiveness of our
framework in characterizing fairness and sparsity within
Rashomon sets, through an instantiation for two hypothesis
classes. Second, we explore the interplays between the three
desiderata, highlighting the main trends.

5.1 Experimental Setup
Datasets. We consider three datasets widely used in the
fair and interpretable machine learning literature. First, the
UCI Adult Income dataset (Dua and Graff 2017) contains
records on 32, 561 individuals from the 1994 U.S. census,
described by 36 binary attributes. The classification task is
to predict whether an individual earns more than $50K per
year. In our experiments, G1 represents males and G2 rep-
resents females. Second, the Default of Credit Card Clients
dataset (Yeh and hui Lien 2009) includes demographic infor-
mation and payment histories for 29, 986 individuals in Tai-
wan, each described by 21 attributes. The task is to predict
whether a person will default on payment, with G1 as males
and G2 as females. Third, the COMPAS dataset (Angwin
et al. 2016) contains data on 7, 214 criminal offenders in
Broward County, Florida, described by 27 binary attributes.
The task is to predict whether an individual will re-offend
within two years. Here, G1 represents African-Americans,
and G2 represents the rest of the population.

Learning Procedure. For each dataset, we randomly sub-
sample training sets S of size N = 500, with the remaining
examples used as a test set, as this permits a fast and unbi-
ased evaluation based on optimal solutions of the underlying
mathematical models. Note that we also report some results
using larger training set sizes N in the Appendix A1 to il-
lustrate the scalability of our method and the consistency of
our empirical findings. We generate five different random
splits and report both the average values and standard de-
viations in our experiments. The two fairness metrics con-
sidered are statistical parity (Equation (2)) and equal oppor-
tunity (Equation (3)). For each random split of each dataset,
we determine the optimal loss L̂S(hS) and the majority clas-
sifier (i.e., a constant classifier predicting the most frequent
class within the training set) loss L̂S(hmaj). Then, the ϵ pa-
rameter is chosen so that the loss upper bound lies between
these two extreme losses : (1− p)L̂S(hS) + pL̂S(hmaj)
with p ∈ {1%, 5%, 10%, 20%}. Notably, the 0%-Rashomon
set includes the optimal models and the 100%-Rashomon set
includes all models not worse than a majority classifier. The
predictive performances of the reference models (achieving
the optimal loss L̂S(hS)) are reported in the Appendix B.
They confirm that the models’ training accuracies are in line
with the literature and that they generalize well. Since the
Rashomon set is constructed based on training accuracy, we
focus our fairness analysis on the training set as well.

Hyperparameters. Our experiments using scoring sys-
tems use the same set of possible values for all coefficients:
Ωj∈{1,..,M} = {0,±1,±2,±5,±10,±20,±30,±50}.
Sparsity values α (i.e., maximum numbers of non-zero co-
efficients in the scoring systems) range from 1 to M + 1 (to
account for the additional bias coefficient). Based on prelim-
inary experiments, we fix the skeleton of the decision dia-
grams to a maximum of 12 internal nodes, distributed across
5 consecutive levels as follows: (1, 2, 3, 3, 3). We consider
sparsity values (i.e., the maximum number of active nodes
in the decision diagrams) ranging from α = 4 to α = 12.

Exploration of the Rashomon set. We use the Gurobi
solver (Gurobi Optimization, LLC 2023) through its Python
binding to solve Problems (9) for scoring systems and (18)
for decision diagrams. Each solver execution is done on 16
threads using a computing cluster with Intel Platinum 8260
Cascade Lake @2.4GHz CPUs. To speed up our experi-
ments, we exploit the fact that increasing either the allowed
sparsity value α or the Rashomon set parameter ϵ relaxes
the problem, so we can rely on previously found solutions to
hot start the solver. Specifically, each run (for a fixed dataset,
random split, sparsity value α, and Rashomon set parameter
ϵ) is limited to one hour of CPU time and 36 GB of RAM.
For runs where no feasible solution was found or optimal-
ity was not proven, we reuse solutions obtained from more
constrained versions of the problem (i.e., tighter values of α
or ϵ) and restart the solver. Convergence was reached in all
runs after at most five such iterations.

1The appendices for this paper can be found in the complete
version available on ArXiv.
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Figure 1: Minimum statistical parity (SP) and equal opportunity (EO) achievable on the training data for the UCI Adult Income
dataset, within a 20%-Rashomon set for scoring systems, as a function of the chosen sparsity value α. Negative values favour
group G2 (females) over group G1 (males), for predicting a high salary. We display both average value and standard deviation.

5.2 Results
We now highlight our key empirical findings and illustrate
each of them with a subset of representative results. Com-
plete results, including all datasets, fairness metrics, α and ϵ
parameters, and larger training set sizes are provided in the
Appendix B for both considered hypothesis classes.

Result 1. Sparsity restricts the range of achievable fair-
ness values and may harm certain protected groups.
As discussed earlier, tightening the enforced sparsity value
α confines the search to a subset of the hypothesis space
HI ⊂ H, which can limit the tradeoffs between various ob-
jectives (Dziugaite, Ben-David, and Roy 2020), including
fairness and predictive performance. While this result could
be expected, our framework allows us to precisely and certi-
fiably quantify this effect. Furthermore, the extent to which
sparsity restricts the possible tradeoffs between fairness and
predictive performance indicates the severity of the tension
between the three desiderata.

For instance, Figure 1 shows the minimum achievable
fairness values within a 20%-Rashomon set of scoring sys-
tems as a function of the enforced sparsity α for both the sta-
tistical parity (left) and equal opportunity (right) metrics on
the UCI Adult Income dataset. Negative values for both met-
rics indicate a bias in favor of group G2 (females) in predict-
ing high salaries. By quantifying the minimum achievable
value, we effectively measure the extent to which females
can be advantaged over males given the specified sparsity
and performance desiderata.

As expected, tightening the sparsity α reduces the range
of achievable fairness. This suggests that enforcing sparsity
excludes models with extreme fairness values, highlighting
a conflict between these two criteria. Notably, the left plot
shows that scoring systems with fewer than α = 20 non-
zero coefficients systematically disadvantage group G2 (fe-
males), as indicated by the positive minimum fairness val-
ues. Hence, if high sparsity is legally required, the resulting
outcome imbalance favoring group G1 (males) could be jus-
tified under the principle of “business necessity”.

Result 2: Different fairness metrics exhibit different
tradeoffs with sparsity. A comparison of the two plots in

Figure 1 reveals that the impact of sparsity on the minimum
achievable fairness within a 20%-Rashomon set varies de-
pending on the fairness metric considered. Specifically, spar-
sity consistently disadvantages females in terms of statistical
parity (left plot). However, this is not the case for equal op-
portunity (right plot), where the minimum achievable value
remains negative. This difference can be attributed to the fact
that, as shown in Equation (3), equal opportunity is condi-
tioned on the true labels and therefore aligns more closely
with predictive accuracy, whereas statistical parity does not.

Result 3. High predictive performance requirements re-
strict the range of achievable fairness values. Table 3a
shows the minimum and maximum achievable statistical
parity for different Rashomon set parameters ϵ for scoring
systems on the Default of Credit Card Clients dataset. We
compare two sparsity levels: α = 15 (corresponding to the
scoring system with the best achievable loss) and α = 9
(a sparser, arbitrary value). As previously noted, the range
of achievable fairness values narrows with tighter sparsity
(smaller α). At fixed sparsity, tightening the predictive per-
formance constraint ϵ further restricts the achievable fairness
range. Again, since enforcing tighter performance require-
ments amounts to shrinking the Rashomon set, this result
could be expected. However, the extent to which it is the
case indicates the severity of the tension between the two
desiderata. Furthermore, it also allows discovering system-
atic biases, which, since the approach certifiably finds the
minimum and achievable fairness values, can be used as le-
gal arguments. For instance, tightening the predictive per-
formance constraint can systematically disadvantage certain
protected groups, as evidenced by the fact that the maximum
achievable fairness becomes negative for ϵ ≤ 10% when
α = 9. This implies that females (group G2) are (on aver-
age) predicted to default on payment more often than males
(group G1) in a systematic manner. In other words, when
building a scoring system within 10% of the best predic-
tive performance and limited to at most 9 non-zero coeffi-
cients (for interpretability), discrimination against females
(in terms of statistical parity) is certifiably inevitable in the
Default of Credit Card Clients dataset.
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α = 15 ϵ = 1% ϵ = 5% ϵ = 10% ϵ = 20%
Min SP −0.160 -0.185 -0.215 -0.236

±0.060 ±0.062 ±0.057 ±0.048
Max SP 0.059 0.077 0.120 0.137

±0.099 ±0.094 ±0.077 ±0.072

α = 9 ϵ = 1% ϵ = 5% ϵ = 10% ϵ = 20%
Min SP N/A −0.098 −0.124 −0.176

±0.068 ±0.063 ±0.067
Max SP N/A −0.017 −0.009 0.053

±0.110 ±0.108 ±0.057

(a) Scoring systems

α = 7 ϵ = 1% ϵ = 5% ϵ = 10% ϵ = 20%
Min SP -0.279 -0.280 -0.310 -0.330

±0.139 ±0.138 ±0.112 ±0.103
Max SP 0.193 0.200 0.229 0.244

±0.090 ±0.087 ±0.084 ±0.079

α = 4 ϵ = 1% ϵ = 5% ϵ = 10% ϵ = 20%
Min SP -0.272 -0.273 -0.292 -0.312

±0.143 ±0.142 ±0.128 ±0.114
Max SP 0.181 0.197 0.202 0.215

±0.096 ±0.088 ±0.081 ±0.073

(b) Decision diagrams

Table 3: Minimal and maximal statistical parity (SP) achievable on the training data for the Default of Credit Card Clients
dataset, within different ϵ-Rashomon Sets, for two different sparsity values α, for our experiments on the two considered
hypothesis classes. Negative values indicate higher default in payment prediction rates for group G2 (females) compared to
group G1 (males). N/A indicates that there exists no scoring system satisfying both the sparsity and predictive performance
desiderata. We report both the average value and standard deviation.
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Figure 2: Minimum and maximum statistical parity (SP) and equal opportunity (EO) achievable on the training data for the
COMPAS dataset, within different ϵ-Rashomon sets for scoring systems, as a function of the chosen sparsity value α. Positive
values indicate higher recidivism prediction rates for group G1 (African-Americans) compared to group G2 (the remaining of
the population). We report both the average value (line) and standard deviation (colored area).

Result 4. Accuracy, fairness, and sparsity have complex
interplays. Figure 2 plots the minimum and maximum
achievable fairness values as a function of the desired spar-
sity level α for different ϵ parameters. The experiments were
conducted on scoring systems using the COMPAS dataset
and two fairness metrics. This visualization reveals the com-
plex interplays between the three desiderata: predictive per-
formance, fairness, and sparsity. As previously noted, en-
forcing tighter sparsity (smaller α) narrows the range of
achievable fairness values (represented by the gap between
the minimum and maximum plotted curves of a given color).
Considering tight predictive performance constraints also
limits the achievable sparsity values, as indicated by the fact
that the curves corresponding to small Rashomon set param-
eters are unable to reach the smallest sparsity values. For in-
stance, scoring systems within the 1%-Rashomon set exhibit
at least 14 non-zero coefficients, while the 20%-Rashomon
set contains scoring systems with only 5 non-zero coeffi-
cients. Again, our approach offers a precise quantification
of the tension between interpretability and predictive accu-

racy for a given hypothesis class. Here, “business necessity”
could justify the inability to reach a target sparsity value.

Moreover, the fact that the curves are not centered around
zero highlights inherent tradeoffs between predictive perfor-
mance and fairness. Specifically, it means that, for a given
sparsity level (α) and predictive performance constraint (ϵ),
the extent to which one protected group can be favored over
the other is greater than the reverse — revealing an asym-
metry in how fairness can be achieved. Additionally, when
a curve crosses the x-axis (i.e., the horizontal line at SP=0,
or EO=0), one protected group becomes systematically dis-
advantaged across all models in the Rashomon set. For in-
stance, scoring systems with α = 5 non-zero coefficients
within a 20%-Rashomon set have a minimum statistical par-
ity value of 18.7%, meaning that all models in the Rashomon
set consider higher recidivism risks for African-Americans.
This bias is also observed with the equal opportunity fairness
metric, which is conditioned on the true labels – suggesting
that tight enough sparsity requirements systematically am-
plify existing biases for this experiment. Furthermore, as can
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be seen in the complete results provided in the Appendix B,
the tradeoffs between accuracy, fairness and sparsity are also
influenced by the training data. In particular, the extent to
which sparsity or accuracy restrain the range of achievable
fairness values differs across datasets. While further inves-
tigations on this aspect could be conducted, key factors in-
clude the data intrinsic biases towards the considered pro-
tected groups, the respective correlations of the different at-
tributes with the labels and the sensitive attributes, as well
as the complexity of the underlying classification task.

Result 5. The complexity of the hypothesis class at hand
strongly influences the observed tradeoffs. Table 3b re-
ports the minimum and maximum achievable statistical par-
ity for different Rashomon set parameters ϵ, based on our
experiments with decision diagrams. We compare two spar-
sity levels: α = 7 (corresponding to the decision diagram
with the best achievable loss) and α = 4 (a sparser value).
The main trends align with the key findings from our ex-
periments on scoring systems: for a fixed sparsity α, tight-
ening the predictive performance requirement (smaller ϵ)
restricts the possible fairness ranges. Similarly, for a fixed
ϵ, enforcing tighter sparsity further reduces the achievable
fairness ranges. The influence of the hypothesis class on the
tradeoffs between accuracy, fairness, and sparsity is evident
when comparing the results in Table 3b with those in Ta-
ble 3a (which correspond to scoring systems learned on the
same data splits). Decision diagrams offer a broader range
of tradeoffs, with fairness ranges that are less constrained by
performance and sparsity requirements. Notably, the min-
imum and maximum values of statistical parity systemati-
cally cross zero, implying that disparate impacts are hardly
excusable by “business necessity”. In other words, the re-
sulting Rashomon sets systematically contain both models
favoring group G2 (females) and models favoring group G1

(males). These wider ranges are possible because the hy-
pothesis class of decision diagrams is significantly more
complex than that of scoring systems. Indeed, the considered
decision diagrams partition the input space using multivari-
ate splits (Florio et al. 2023), with each internal node func-
tioning as a linear classifier. In contrast, an entire scoring
system corresponds to a linear classifier with integer coeffi-
cients: a single internal node of a multivariate decision dia-
gram generalizes it, and we have: Hscoring systems ⊂ Hdiagrams,
even for decision diagrams involving a single internal node.
However, this increased complexity comes at the expense of
interpretability: understanding the resulting models is more
difficult for humans due to the use of multivariate splits. This
explains why scoring systems remain very popular in high-
stakes applications such as medicine (Rudin et al. 2022). In-
deed, the choice of the hypothesis space is another crucial di-
mension of the complex interplays between the considered
ethical desiderata in machine learning. Thorough quantifi-
cation of the tradeoffs between fairness, sparsity, and pre-
dictive accuracy —facilitated by our proposed framework—
can empower stakeholders to make informed decisions when
navigating these complex interdependencies.

Result 6. Increasing the number of training examples
N can tighten the range of achievable fairness values,

further highlighting existing discrimination. In the Ap-
pendix A, we report results of our experiments using larger
training set sizes N . They demonstrate that the proposed ap-
proach scales well, and that the observed trends generalize
to larger values of N . In fact, they are even exacerbated, as
the trained scoring systems better fit the data distribution:
the range of achievable fairness values for a given sparsity
level (α) and predictive performance threshold (ϵ) narrows
with increasing N . For instance, when N = 500, the min-
imum achievable EO within 20%-Rashomon sets for scor-
ing systems on the COMPAS dataset becomes positive when
the number of non-zero coefficients is small (α ≤ 6), as
can be seen in Figure 2. This means that for tight enough
sparsity requirements, all models in the Rashomon set con-
sider higher recidivism risks for African-Americans, as ev-
idenced through a systematically higher true positive rate.
When N = 4000 (Figure 3d in the Appendix A), this bias
persists across all sparsity requirements and becomes more
pronounced as sparsity is tightened.

6 Discussion
This study has demonstrated that mathematical program-
ming approaches can be used to explore the Rashomon set
of any hypothesis class without enumeration by making
generic modifications to a given baseline learning problem.
Specifically, we introduced a framework to characterize fair-
ness and sparsity within the Rashomon set and validated its
versatility using two popular types of interpretable models:
scoring systems and decision diagrams. The resulting tools
enable the identification of sparser, less discriminatory alter-
native models, representing a significant step toward meet-
ing legal and ethical requirements, despite the inherent chal-
lenges (Laufer, Raghavan, and Barocas 2025). The proposed
methodology and software can be used by practitioners will-
ing to enforce fairness desiderata to estimate how much ac-
curacy or sparsity they should be ready to sacrifice for dif-
ferent hypothesis classes.

Our extensive experiments highlighted the complex in-
terplays between predictive accuracy, fairness, and sparsity.
Our framework not only certifiably quantifies these inter-
plays but also identifies model parameters leading to ex-
treme values, effectively guiding the search for fairer and
sparser alternatives. Importantly, we observed that imposing
strict predictive performance or sparsity criteria might inher-
ently disadvantage a protected group, underscoring the need
for a thorough characterization of these tradeoffs.

The research directions stemming from this work are di-
verse. First, we propose extending our generic framework to
other hypothesis classes, such as rule-based models (Law-
less et al. 2023) and tree ensembles, by leveraging recent ad-
vances in mathematical programming formulations for inter-
pretable machine learning (Gambella, Ghaddar, and Naoum-
Sawaya 2021; Rudin et al. 2022). Additionally, the declar-
ative nature of the framework supports the integration of
various additional desiderata, including alternative fairness
or robustness metrics, as well as business-specific require-
ments. Overall, this makes it a promising tool for character-
izing the tensions among key properties related to trustwor-
thiness in machine learning.
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