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ABSTRACT
The increasing use of machine learning in high-stakes domains –
where people’s livelihoods are impacted – creates an urgent need for
interpretable, fair, and highly accurate algorithms.With these needs
in mind, we propose a mixed integer optimization (MIO) framework
for learning optimal classification trees – one of the most inter-
pretable models – that can be augmented with arbitrary fairness
constraints. In order to better quantify the “price of interpretability”,
we also propose a new measure of model interpretability called
decision complexity that allows for comparisons across different
classes of machine learning models. We benchmark our method
against state-of-the-art approaches for fair classification on popular
datasets; in doing so, we conduct one of the first comprehensive
analyses of the trade-offs between interpretability, fairness, and
predictive accuracy. Given a fixed disparity threshold, our method
has a price of interpretability of about 4.2 percentage points in
terms of out-of-sample accuracy compared to the best performing,
complex models. However, our method consistently finds decisions
with almost full parity, while other methods rarely do.
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1 INTRODUCTION
There is growing interest in using machine learning (ML) to make
decisions in high-stakes domains. For instance, ML algorithms are
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now commonly used to determine a criminal’s risk of recidivism in
the United States [7]. There is also a growing literature in designing
algorithms to determine the best course of action for homeless
individuals [9], to diagnose and treat of various illnesses [26], and
many more. In these contexts, it is necessary for such models to
be both accurate (in order to minimize erroneous predictions that
negatively affect stakeholders) and interpetable (so that decisions
are transparent and hence accountable). We therefore focus our
attention to the problem of learning optimal classification trees.
Classification trees are among the most interpretable of models [48],
and optimal trees – rather than ones that are built using heuristics
– maximize predictive accuracy. They belong to a broader set of
models known as decision trees (the other type of decision tree
being regression trees, which apply to datasets with real valued
labels).

There exist numerous qualitative ways of characterizing inter-
pretability [42]. These notions often involve querying humans
(especially practitioners, community stakeholders, etc.), so that
interpretability desiderata can be tailored to the application or
population at hand [21]. Unfortunately, quantitative notions of in-
terpretability are lacking in the machine learning literature, making
it hard to compare models systematically without humans in the
loop. One such measure – sparsity – is one of the only quantitative
proxies for interpretability, but does not allow for equivalent com-
parisons between different model classes [49] (see Section 1.3 for
more details). Therefore, we seek to address this gap by proposing
a new notion of interpretability in order to more formally quantify
the price of interpretability between our classification trees and
more complex models.

Apart from interpretability, another crucial consideration in ma-
chine learning for high-impact situations is fairness. After all, an
algorithm that affects people’s well-being should be aware of the
particular historical and/or social contexts that surround the learn-
ing problem. However, what constitutes as fair may vary widely
depending on one’s goals, domains of interest, etc. This discussion
surrounding “algorithmic fairness” consists of a rich literature that
bridges philosophy, economics, and computer science [23, 46, 47].
Consider, for example, a naïve approach where a classifier learns
from data where the sensitive attributes are omitted (such as race,
sex, and others). Also known as “fairness through unawareness”,
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this approach often leads to discrimination because some other non-
sensitive attribute(s) may be correlated with the withheld features
(e.g., race is inextricably linked to ZIP code and income) [43].

Another approach – and one that this paper adopts – is the notion
of “group” statistical fairness. A classifier satisfying group fairness is
now aware of the sensitive features in the data but will only produce
decisions that enforce parity between segments of the population.
This is in contrast to “individual” fairness, which requires that
individuals with similar characteristics be classified similarly [23].
Both perspectives have their advantages and drawbacks, but in this
work we will focus on group fairness primarily because of it is
simpler to define and easier for stakeholders to understand; as such,
many practitioners in practice value assessing and enforcing group
fairness (see, e.g., [8]). In the following sections, we will discuss
in more depth the use of many notions of group fairness in the
machine learning literature.

1.1 Problem Statement
We now formalize the problem we study. Let D := {(𝑥𝑖 , 𝑦𝑖 )}𝑖∈I
be training data indexed in the set I ∈ {1, . . . , 𝐼 }. Each datapoint
𝑖 ∈ I consists of a vector 𝑥𝑖 with 𝐹 features (i.e., 𝑥𝑖 ∈ R𝐹 ), and
a class label 𝑦𝑖 ∈ K , where K is the finite set of possible classes.
Throughout this paper, we will consider the case of binary classes,
i.e., K := {0, 1} where 𝑦 = 1 will be referred to as the positive
class. Note that the literature on fairness for multi-class learning
is limited, see e.g., Denis et al. [20]. The goal is to learn, over all
possible trees of maximum depth 𝑑 , the tree that maps 𝑥𝑖 to 𝑦𝑖 and
maximizes out-of-sample accuracy, using in-sample performance
as a proxy. Further, suppose the population can be divided into
different sensitive groups (whereby discrimination exists or is a
concern within the classification problem, e.g., race, gender). Let P
denote levels of a sensitive attribute, and let each datapoint 𝑖 have a
value 𝑝𝑖 ∈ P. The features in P may or may not be included in the
vector 𝑥𝑖 since there may be legal or ethical considerations barring
the use of protected features in the predictive task [17].

1.2 Common Notions of Group Fairness
In this section, we define five common notions of group fairness
in the machine learning literature that we will use. Let 𝑌 be the
classifier’s prediction, and let 𝑋 , 𝑌 , 𝑌 , and 𝑃 be random variables
for features, classes, classifier’s predictions, and protected features,
respectively; their joint distribution is unknown and denoted by P.
Statistical Parity. A classifier satisfies statistical parity if the prob-
ability of receiving a positive class is equal across all protected
groups [23]. Formally, this means

P[𝑌 = 1|𝑃 = 𝑝] = P[𝑌 = 1|𝑃 = 𝑝′] ∀𝑝, 𝑝′ ∈ P .

Conditional Statistical Parity. A classifier satisfies conditional
statistical parity if the probability of receiving a positive class is
equal across all protected groups, conditional on some legitimate
feature(s) indicative of risk [19]. This may be considered as a fairer
notion than statistical parity because it takes into account the distri-
bution of risk factors within each sensitive group. Letting 𝐿 (which
is a subvector of 𝑋 ) represent the random variable taken from a set

L of legitimate features, conditional statistical parity is satisfied if

P[𝑌 = 1|𝑃 = 𝑝, 𝐿 = ℓ] = P[𝑌 = 1|𝑃 = 𝑝′, 𝐿 = ℓ]
∀𝑝, 𝑝′ ∈ P, ℓ ∈ L .

Predictive Equality. A classifier satisfies predictive equality if all
protected groups have the same false positive rates (FPR) [18], i.e.,

P[𝑌 = 1|𝑃 = 𝑝,𝑌 = 0] = P[𝑌 = 1|𝑃 = 𝑝′, 𝑌 = 0] ∀𝑝, 𝑝′ ∈ P .

Equal Opportunity. A classifier satisfies equal opportunity if all
protected groups have the same true positive rate (TPR) [30]. The
formal definition of equal opportunity is

P[𝑌 = 1|𝑃 = 𝑝,𝑌 = 1] = P[𝑌 = 1|𝑃 = 𝑝′, 𝑌 = 1] ∀𝑝, 𝑝′ ∈ P .

Equalized Odds. Equalized odds combines predictive equality and
equal opportunity such that both FPR and TPR must be similar
across all protected groups [30]. Equalized odds is, of course, a
stronger condition than predictive equality and equal opportunity
individually. Formally, equalized odds is satisfied if

P[𝑌 = 1|𝑃 = 𝑝,𝑌 = 𝑦] = P[𝑌 = 1|𝑃 = 𝑝′, 𝑌 = 𝑦]
∀𝑝, 𝑝′ ∈ P, 𝑦 ∈ {0, 1}.

1.3 Related Works
Our work relates to five streams of literature in machine learning,
which we review in turn. In this section we briefly review related
works in the machine learning literature.

Discrimination Prevention in Machine Learning. The lit-
erature on fairness in machine learning is extensive – we point
the interested reader to [38] and [59] for surveys of this topic. In
general, there are three approaches that existing works employ
in order to promote fairness. The first is pre-processing, which
entails eliminating discrimination within the training data, see
[27, 29, 35, 56], among others. The second is post-processing, which
takes the model’s output and alters its decisions in ways that pro-
mote some fairness metric, see [30, 34, 44]. Finally, one may also
employ in-processing by modifying existing models so that fairness
is integrated within its learning goal; for instance, approaches have
utilized regularization [3, 11, 36] or different heuristics [16, 34].
Our work falls under the category of in-processing discrimination
prevention techniques.

Fair Decision Trees.Within the stream of literature on discrim-
ination prevention, our work most closely relates to approaches for
learning fair decision trees. For instance, Ranzato et al. [45] adapt
a genetic algorithm for learning robust decision trees in order to
prioritize individual fairness. In the online setting, Zhang et al. [58]
propose a fairness-aware Hoeffding tree that builds decision trees
over streams of data. Grari et al. [28] take an adversarial approach
to training fair gradient-boosted trees that promote statistical par-
ity. Kanamori and Arimura [37] propose a post-processing step
that uses mixed-integer optimization (MIO) to edit the branching
thresholds of the tree’s internal nodes to satisfy some fairness con-
straint; in the paper they use statistical parity and equalized odds.
In a similar manner, Zhang et al. [57] flip the outcomes of different
paths of a learned tree in order to improve fairness. Closely related
to our work is that of Aghaei et al. [3], who propose a mixed-integer
optimization framework to build optimal and fair decision trees that
prevent disparate impact and/or disparate treatment. In contrast to
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our work, Aghaei et al. [3] enforces fairness via regularization while
our method uses constraints in the optimization. Finally, Kamiran et
al. [34] propose a two-pronged approach: the first is to incorporate
sensitivity gain (IGS) with information gain (IGC) as a heuristic
to build a fairer decision tree, while the second is to relabel the
predictions in the tree’s leaf nodes to further promote statistical
parity.

OptimalDecisionTrees.Mixed-integer optimization (MIO) has
recently gained traction as a framework to solve various machine
learning problems. Particularly related to this paper are approaches
that use MIO to learn optimal decision trees in order to improve on
the traditional classification/regression tree (CART) algorithms [15],
which rely on a heuristic. Manyworks introduce novel formulations
for learning optimal classification trees [3, 4, 12, 53]. Elmachtoub et
al. [25] use MIO to learn decision trees that minimize a loss function
derived from the “predict-then-optimize” framework. There exist
several extensions to learning decision trees using MIO as well.
For instance, Mišić [40] uses MIO to solve tree ensemble models
to optimality; Jo et al. [31] to learn optimal prescriptive trees from
observational data; and Justin et al. [33] and Bertsimas et al. [13]
to learn optimal robust decision trees. In this paper, we build on
the MIO method introduced by Aghaei et al. [4] by conducting
extensive experiments when we add various fairness constraints to
the model.

Notions of Interpretability. There exist numerous proxies or
desiderata for interpretability in the machine learning literature,
including:

• Sparsity: The simplicity of a model. There are many ways
to define sparsity, which also differ across model classes.
For instance, within the context of decision trees, Rudin
et al. Rudin et al. [49] define sparsity using the number of
leaves, where trees with fewer leaves are sparser and thus
preferable. In a regression model, sparsity is widely asso-
ciated with the number of nonzero regression coefficients
[5, 39, 52]. In general, a numeric value for sparsity is only
useful when comparing models within the same class. This
is because some model classes have sparsity that does not
grow uncontrollably (e.g., regression is constrained by the
number of features), while others are a function of design
and data (e.g., trees become increasingly complex as depth
increases) [49].

• Simulatability: The extent to which a human can internally
simulate and reason about part of the entire decision-making
schema [42]. Shallow decision trees are some of the most
simulatable models since we can easily visualize and under-
stand if-else rules. This is in contrast to a neural network,
where the numerous connections between nodes result in
complicated calculations that a human cannot keep track of.

• Scope (Global vs. Local interpretability): Global interpretabil-
ity means that a human can wholly understand the decision
schema (as is the case with, say, regression, where everything
one needs to know about the model is encoded in its coeffi-
cients). On the other hand, local interpretability means that
one could reason about how and why a particular datapoint
gets classified a certain way [41]. For instance, while the
entire behavior of a k-nearest neighbor (kNN) algorithm is

incomprehensible, especially when a dataset is large, humans
can reason about local behavior: a datapoint is classified a
certain way because most of its k-nearest neighbors are clas-
sified the same way.

There are many other proxies (e.g., uncertainty, algorithmic
transparency, monotonicity, etc.), as well as other notions of inter-
pretabilty that apply to various stages of the predictive pipeline
(e.g., considerations in feature engineering). We refer the interested
reader to [41, 42, 49] for an extensive overview of interpretable ma-
chine learning. As we have mentioned previously, interpretability is
broad, loosely-defined, and often context dependent. Nonetheless,
existing quantitative measures (such as sparsity) are only useful
for comparisons within the same model class; our work attempts
to address this shortcoming by proposing a new measure of inter-
pretability that allows for comparisons across model classes.

Interpretability, Accuracy, and Fairness. Several works have
explored the possible trade-offs between predictive accuracy and
interpretability (without considering fairness), often in application-
specific contexts [10, 32] or within a certain model class [5, 6, 50, 55]
where interpretability desiderata differ widely. In amore general set-
ting, Dziugaite et al. [24] propose a learning framework via empiri-
cal risk minimization that imposes interpretability constraints, and
characterizes when trade-offs between accuracy and interpretabil-
ity may exist – this is in line with other works that find the optimal
model within a specified model class subject to interpretability con-
straints (e.g., Azizi et al. [9], Rudin et al. [49]). On the other hand,
Semenova et al. [51] allow for comparisons across various model
classes by using Rashomon sets to gauge the likelihood of simpler
models with competing accuracy performance existing within a
hypothesis space. However, none of these works consider fairness
as a dimension in model selection. There is a dearth of literature
touching the trade-offs between all three: interpretability, accuracy,
and fairness. Agarwal [2] finds theoretical results that in general,
there exist more complex models that perform strictly better with
respect to fairness and accuracy. Our work extends this finding
by experimentally characterizing these trade-offs. Wang et al. [54]
compare models with varying levels of interpretability in predict-
ing criminal recidivism, considering notions of fairness where the
prediction task is continuous (e.g., calibration). In contrast, our
work considers binary fairness notions and we run experiments
more generally on various benchmark datasets – which include
predicting recidivism. We additionally compare several fairness-
promoting algorithms in the literature, while Wang et al. [54] only
consider off-the-shelf ML models.

1.4 Contributions
In this work, we build upon an MIO formulation to learn optimal
decision trees initially proposed in Aghaei et al. [4] by showcasing
its flexible modeling power in considering various notions of fair-
ness. We benchmark these experiments against two state-of-the-art
methods that similarly learn fair decision trees, as well as three fair
classification algorithms that are compatible with a variety of ML
models. In order to more formally juxtapose the interpretability of
ML models, we propose a new measure called decision complexity.
In doing so, we conduct one of the first experiments to characterize
the trade-offs between performance and interpretability within the
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algorithmic fairness literature, and discuss the practical considera-
tions among these dimensions. In particular, we observe that the
best performing, complex models have on average 4.2 percentage
points higher out-of-sample accuracy than our interpretable ap-
proach, indicating the price of interpretability. We also observe that
our method is particularly well-suited in finding decisions with full
parity, while other methods do not boast the same guarantees.

The remainder of this paper is structured as follows. In Section 2,
we introduce a new notion of interpretability – decision complexity
– that allows for comparisons across model classes. We then out-
line the MIO formulation to learn optimal and fair decision trees
in Section 3. Finally, we conduct and analyze our computational
experiments in Section 4.

2 DECISION COMPLEXITY
As discussed in Section 1.3, sparsity/simplicity is one of the only
metrics in the literature to quantify interpretability, and is mainly
relevant when comparing the models within the same class. In our
work, however, we are concerned with comparing a measure of
interpretability across model classes (e.g., comparing decision trees
with kNN). To the best of our knowledge, there is no such universal
definition or framework for interpretability. We therefore propose
a new notion that can quantify the interpretability of predictive
models belonging either to the same or to different model classes.

Definition 2.1 (Decision Complexity). Given a trained classifier,
decision complexity captures the minimum number of parameters
needed for the classifier to make a prediction on a new datapoint.

Example 2.1 (Binary Classification Trees). The decision complex-
ity of binary classification trees is measured by the number of nodes
in the tree (branching plus leaves), which corresponds to the num-
ber of times a datapoint is routed through the tree and how it is
classified.

Example 2.2 (Random Forest). Building from binary classification
trees, a random forest’s decision complexity is equal to the sum of
nodes (branching and leaves) over all trees in the forest.

Example 2.3 (Linear/Logistic Regression). Assuming full linearity
(i.e., no interaction or quadratic terms), the decision complexity of
simple regression models is always equal to the number of features
in the data (plus a possible bias term).

Example 2.4 (k-Nearest Neighbors). In order to classify a new dat-
apoint, we must find the distance between said datapoint with all
training points, and therefore a kNN’s decision complexity is equal
to the size of the training data. While there exist more efficient
algorithms in practice that do not require finding all pairwise com-
parisons, we are concerned primarily with how a human can walk
through the algorithm’s decisions rather than the computational
complexity to train the classifier.

Example 2.5 (Support Vector Machines). Decision complexity in
SVMs highly depends on the choice of kernel. Linear kernels have
a complexity equal to the number of features in the data, which
correspond to the coefficients in the hyperplane that separates
classes. However, gaussian RBF kernels have a decision complexity
equal to the number of support vectors in the training set. This is

because, upon training, each of the support vectors are associated
with weights that determine how a new datapoint gets classified.

Example 2.6 (Neural Network). A neural network’s decision com-
plexity is equal to the number of “connections” between all nodes,
since a new datapoint is classified throughmatrix calculations using
solved weights from each connection.

Decision complexity can be viewed as an extension to sparsity
(in that sparsity is often used analogously to simplicity) but has the
advantage of being general enough for all model classes. It can also
be interpreted as attempting to quantify a part of simulatability
– the more decisions a model takes, the harder it tends to be for
humans to simulate the decision making process.

3 FORMULATION
In this section, we present the MIO formulation to learn optimal
decision trees proposed in Aghaei et al. [4]. The paper introduced
the formulation without an emphasis on fairness, but in this work
we use the formulation as a building block to which we add various
fairness constraints. From hereon, we will refer to the combination
of the MIO formulation and the fairness constraints as FairOCT.

3.1 From Decision Tree to Flow Graph
We first introduce the modeling framework we use for decision
trees. The key idea is to convert a decision tree into a directed,
acyclic graph where all arcs “flow” from the tree’s root to its leaves.
We start with a perfect binary tree of depth 𝑑 , whose nodes are
labeled 1 through (2𝑑+1 − 1) in order of a breadth-first search.
Let B := {1, . . . , 2𝑑 − 1} denote the set of branching nodes and
T := {2𝑑 , . . . , 2𝑑+1 − 1} the set of terminal nodes. We then convert
all arcs in the tree to point from the parent node to its child node
(see Figure 1, left). From the binary tree, we connect a source 𝑠 to
the root and all nodes 𝑛 ∈ B ∪ T to sinks 𝑡𝑘 , one for every class
𝑘 ∈ K (see Figure 1, right). While we assume that we have binary
classes, this formulation generalizes to arbitrary finite classes. All
arcs have a capacity of 1, so each datapoint is weighted equally and
flows from the source 𝑠 to one sink 𝑡𝑘 , where 𝑘 is the class that the
decision tree assigns to that datapoint. From hereon, we refer to
this structure as a “flow graph”.

T
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<latexit sha1_base64="LmvAoiNgRcYEisiHXakVSuvpF8g=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KokW9Fj04rEF+wFtKJvtpF272YTdjVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8N/PbT6g0j+WDmSToR3QoecgZNVZqXPVLZbfizkFWiZeTMuSo90tfvUHM0gilYYJq3fXcxPgZVYYzgdNiL9WYUDamQ+xaKmmE2s/mh07JuVUGJIyVLWnIXP09kdFI60kU2M6ImpFe9mbif143NeGNn3GZpAYlWywKU0FMTGZfkwFXyIyYWEKZ4vZWwkZUUWZsNkUbgrf88ippXVa8aqXaqJZrt3kcBTiFM7gAD66hBvdQhyYwQHiGV3hzHp0X5935WLSuOfnMCfyB8/kDf+uMvg==</latexit>

4<latexit sha1_base64="YyGWf7FHWY1YzP9SDwB8wuM+bzs=">AAAB5HicbVBNS8NAEJ3Urxq/qlcvi0XwVBIp2GPRi8cK9gPaUDbbSbt2swm7G6GE/gIvHhSv/iZv/hu3bQ7a+mDg8d4MM/PCVHBtPO/bKW1t7+zulffdg8Oj45OKe9rRSaYYtlkiEtULqUbBJbYNNwJ7qUIahwK74fRu4XefUWmeyEczSzGI6VjyiDNqrPRQH1aqXs1bgmwSvyBVKNAaVr4Go4RlMUrDBNW673upCXKqDGcC5+4g05hSNqVj7FsqaYw6yJeHzsmlVUYkSpQtachS/T2R01jrWRzazpiaiV73FuJ/Xj8zUSPIuUwzg5KtFkWZICYhi6/JiCtkRswsoUxxeythE6ooMzYb14bgr7+8STrXNb9eq1ebt0UYZTiHC7gCH26gCffQgjYwQHiBN3h3npxX52PVWHKKiTP4A+fzBxb9i5U=</latexit> 5
<latexit sha1_base64="RTnT9GACZjSEkfi58lGJCASK3Us=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5mW/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+xmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S9kXVq1VrzVqlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fgvOMwA==</latexit>

6
<latexit sha1_base64="TxpuHov6zkv80qcfRPVyYFgoy0A=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5mW/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+xmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S9kXVq1VrzVqlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fhHeMwQ==</latexit>

7
<latexit sha1_base64="taWcOcC06x3gohqXrSs+/h1ZC7M=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KokU6rHoxWML9gPaUDbbSbt2swm7G6GE/gIvHhTx6k/y5r9x2+agrQ8GHu/NMDMvSATXxnW/nY3Nre2d3cJecf/g8Oi4dHLa1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8Hkbu53nlBpHssHM03Qj+hI8pAzaqzUrA1KZbfiLkDWiZeTMuRoDEpf/WHM0gilYYJq3fPcxPgZVYYzgbNiP9WYUDahI+xZKmmE2s8Wh87IpVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNkUbgrf68jppX1e8aqXarJbrt3kcBTiHC7gCD2pQh3toQAsYIDzDK7w5j86L8+58LFs3nHzmDP7A+fwBhfuMwg==</latexit>

t
<latexit sha1_base64="oHGXHZo5G8TdNmPNtJfxRQRlOrM=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48t2A9oQ9lsN+3azSbsToQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNM7uZ+54lrI2L1gNOE+xEdKREKRtFKTRyUK27VXYCsEy8nFcjRGJS/+sOYpRFXyCQ1pue5CfoZ1SiY5LNSPzU8oWxCR7xnqaIRN362OHRGLqwyJGGsbSkkC/X3REYjY6ZRYDsjimOz6s3F/7xeiuGNnwmVpMgVWy4KU0kwJvOvyVBozlBOLaFMC3srYWOqKUObTcmG4K2+vE7aV1WvVq01a5X6bR5HEc7gHC7Bg2uowz00oAUMODzDK7w5j86L8+58LFsLTj5zCn/gfP4A4m+M/w==</latexit>

1<latexit sha1_base64="RSOBfsC0h9n0lPM3VbiR0pceZig=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1Fip6Q3KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1W9WrXWrFXqt3kcRTiDc7gED66hDvfQgBYwQHiGV3hzHp0X5935WLYWnHzmFP7A+fwBfOOMvA==</latexit>

2<latexit sha1_base64="XW0qcPrccSfI7onjbbF2xR2gGy4=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4Kkkp6LHoxWML9gPaUDbbSbt2swm7G6GE/gIvHhTx6k/y5r9x2+agrQ8GHu/NMDMvSATXxnW/nY3Nre2d3cJecf/g8Oi4dHLa1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8Hkbu53nlBpHssHM03Qj+hI8pAzaqzUrA5KZbfiLkDWiZeTMuRoDEpf/WHM0gilYYJq3fPcxPgZVYYzgbNiP9WYUDahI+xZKmmE2s8Wh87IpVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNkUbgrf68jppVyterVJr1sr12zyOApzDBVyBB9dQh3toQAsYIDzDK7w5j86L8+58LFs3nHzmDP7A+fwBfmeMvQ==</latexit> 3
<latexit sha1_base64="LmvAoiNgRcYEisiHXakVSuvpF8g=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KokW9Fj04rEF+wFtKJvtpF272YTdjVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8N/PbT6g0j+WDmSToR3QoecgZNVZqXPVLZbfizkFWiZeTMuSo90tfvUHM0gilYYJq3fXcxPgZVYYzgdNiL9WYUDamQ+xaKmmE2s/mh07JuVUGJIyVLWnIXP09kdFI60kU2M6ImpFe9mbif143NeGNn3GZpAYlWywKU0FMTGZfkwFXyIyYWEKZ4vZWwkZUUWZsNkUbgrf88ippXVa8aqXaqJZrt3kcBTiFM7gAD66hBvdQhyYwQHiGV3hzHp0X5935WLSuOfnMCfyB8/kDf+uMvg==</latexit>

4<latexit sha1_base64="YyGWf7FHWY1YzP9SDwB8wuM+bzs=">AAAB5HicbVBNS8NAEJ3Urxq/qlcvi0XwVBIp2GPRi8cK9gPaUDbbSbt2swm7G6GE/gIvHhSv/iZv/hu3bQ7a+mDg8d4MM/PCVHBtPO/bKW1t7+zulffdg8Oj45OKe9rRSaYYtlkiEtULqUbBJbYNNwJ7qUIahwK74fRu4XefUWmeyEczSzGI6VjyiDNqrPRQH1aqXs1bgmwSvyBVKNAaVr4Go4RlMUrDBNW673upCXKqDGcC5+4g05hSNqVj7FsqaYw6yJeHzsmlVUYkSpQtachS/T2R01jrWRzazpiaiV73FuJ/Xj8zUSPIuUwzg5KtFkWZICYhi6/JiCtkRswsoUxxeythE6ooMzYb14bgr7+8STrXNb9eq1ebt0UYZTiHC7gCH26gCffQgjYwQHiBN3h3npxX52PVWHKKiTP4A+fzBxb9i5U=</latexit> 5
<latexit sha1_base64="RTnT9GACZjSEkfi58lGJCASK3Us=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5mW/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+xmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S9kXVq1VrzVqlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fgvOMwA==</latexit>

6
<latexit sha1_base64="TxpuHov6zkv80qcfRPVyYFgoy0A=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5mW/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+xmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S9kXVq1VrzVqlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fhHeMwQ==</latexit>

7
<latexit sha1_base64="taWcOcC06x3gohqXrSs+/h1ZC7M=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KokU6rHoxWML9gPaUDbbSbt2swm7G6GE/gIvHhTx6k/y5r9x2+agrQ8GHu/NMDMvSATXxnW/nY3Nre2d3cJecf/g8Oi4dHLa1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8Hkbu53nlBpHssHM03Qj+hI8pAzaqzUrA1KZbfiLkDWiZeTMuRoDEpf/WHM0gilYYJq3fPcxPgZVYYzgbNiP9WYUDahI+xZKmmE2s8Wh87IpVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNkUbgrf68jppX1e8aqXarJbrt3kcBTiHC7gCD2pQh3toQAsYIDzDK7w5j86L8+58LFs3nHzmDP7A+fwBhfuMwg==</latexit>

B
<latexit sha1_base64="7DrFvbYE9dgQ7BXoG/BTUTeFBK4=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxIQZelblxWsA9sh5JJ0zY0kxmSO0IZ+hduXCji1r9x59+YaWehrQcCh3PuJeeeIJbCoOt+O4WNza3tneJuaW//4PCofHzSNlGiGW+xSEa6G1DDpVC8hQIl78aa0zCQvBNMbzO/88S1EZF6wFnM/ZCOlRgJRtFKj/2Q4oRRSRqDcsWtuguQdeLlpAI5moPyV38YsSTkCpmkxvQ8N0Y/pRoFk3xe6ieGx5RN6Zj3LFU05MZPF4nn5MIqQzKKtH0KyUL9vZHS0JhZGNjJLKFZ9TLxP6+X4OjGT4WKE+SKLT8aJZJgRLLzyVBozlDOLKFMC5uVsAnVlKEtqWRL8FZPXiftq6pXq9bua5V6I6+jCGdwDpfgwTXU4Q6a0AIGCp7hFd4c47w4787HcrTg5Dun8AfO5w8DZpB9</latexit>

s
<latexit sha1_base64="t5Z8j6uw1dDrul9BiPoeucvIxm0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipqQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6perVpr1ir12zyOIpzBOVyCB9dQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4A4OuM/g==</latexit>

1<latexit sha1_base64="RSOBfsC0h9n0lPM3VbiR0pceZig=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1Fip6Q3KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1W9WrXWrFXqt3kcRTiDc7gED66hDvfQgBYwQHiGV3hzHp0X5935WLYWnHzmFP7A+fwBfOOMvA==</latexit>

2<latexit sha1_base64="XW0qcPrccSfI7onjbbF2xR2gGy4=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4Kkkp6LHoxWML9gPaUDbbSbt2swm7G6GE/gIvHhTx6k/y5r9x2+agrQ8GHu/NMDMvSATXxnW/nY3Nre2d3cJecf/g8Oi4dHLa1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8Hkbu53nlBpHssHM03Qj+hI8pAzaqzUrA5KZbfiLkDWiZeTMuRoDEpf/WHM0gilYYJq3fPcxPgZVYYzgbNiP9WYUDahI+xZKmmE2s8Wh87IpVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNkUbgrf68jppVyterVJr1sr12zyOApzDBVyBB9dQh3toQAsYIDzDK7w5j86L8+58LFs3nHzmDP7A+fwBfmeMvQ==</latexit> 3
<latexit sha1_base64="LmvAoiNgRcYEisiHXakVSuvpF8g=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KokW9Fj04rEF+wFtKJvtpF272YTdjVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8N/PbT6g0j+WDmSToR3QoecgZNVZqXPVLZbfizkFWiZeTMuSo90tfvUHM0gilYYJq3fXcxPgZVYYzgdNiL9WYUDamQ+xaKmmE2s/mh07JuVUGJIyVLWnIXP09kdFI60kU2M6ImpFe9mbif143NeGNn3GZpAYlWywKU0FMTGZfkwFXyIyYWEKZ4vZWwkZUUWZsNkUbgrf88ippXVa8aqXaqJZrt3kcBTiFM7gAD66hBvdQhyYwQHiGV3hzHp0X5935WLSuOfnMCfyB8/kDf+uMvg==</latexit>

4<latexit sha1_base64="YyGWf7FHWY1YzP9SDwB8wuM+bzs=">AAAB5HicbVBNS8NAEJ3Urxq/qlcvi0XwVBIp2GPRi8cK9gPaUDbbSbt2swm7G6GE/gIvHhSv/iZv/hu3bQ7a+mDg8d4MM/PCVHBtPO/bKW1t7+zulffdg8Oj45OKe9rRSaYYtlkiEtULqUbBJbYNNwJ7qUIahwK74fRu4XefUWmeyEczSzGI6VjyiDNqrPRQH1aqXs1bgmwSvyBVKNAaVr4Go4RlMUrDBNW673upCXKqDGcC5+4g05hSNqVj7FsqaYw6yJeHzsmlVUYkSpQtachS/T2R01jrWRzazpiaiV73FuJ/Xj8zUSPIuUwzg5KtFkWZICYhi6/JiCtkRswsoUxxeythE6ooMzYb14bgr7+8STrXNb9eq1ebt0UYZTiHC7gCH26gCffQgjYwQHiBN3h3npxX52PVWHKKiTP4A+fzBxb9i5U=</latexit> 5
<latexit sha1_base64="RTnT9GACZjSEkfi58lGJCASK3Us=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5mW/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+xmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S9kXVq1VrzVqlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fgvOMwA==</latexit>

6
<latexit sha1_base64="TxpuHov6zkv80qcfRPVyYFgoy0A=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5mW/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+xmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+S9kXVq1VrzVqlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fhHeMwQ==</latexit>

7
<latexit sha1_base64="taWcOcC06x3gohqXrSs+/h1ZC7M=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KokU6rHoxWML9gPaUDbbSbt2swm7G6GE/gIvHhTx6k/y5r9x2+agrQ8GHu/NMDMvSATXxnW/nY3Nre2d3cJecf/g8Oi4dHLa1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8Hkbu53nlBpHssHM03Qj+hI8pAzaqzUrA1KZbfiLkDWiZeTMuRoDEpf/WHM0gilYYJq3fPcxPgZVYYzgbNiP9WYUDahI+xZKmmE2s8Wh87IpVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNkUbgrf68jppX1e8aqXarJbrt3kcBTiHC7gCD2pQh3toQAsYIDzDK7w5j86L8+58LFs3nHzmDP7A+fwBhfuMwg==</latexit>
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Figure 1: A decision tree of depth 2 (left) and its associated
flow graph (right) with two classes.
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3.2 MIO Formulation
With the flow graph at hand, we present the MIO formulation for
learning optimal classification trees. Without loss of generality, we
assume that features are binary, i.e., 𝑥𝑖 ∈ {0, 1}𝐹 – this assumption
can easily be relaxed to cater for integer or categorical features,
see Remark 1 in [4]. We encode the branching structure of the tree
with variables 𝑏𝑛𝑓 ∈ {0, 1}, for all 𝑛 ∈ B, 𝑓 ∈ F , which indicate
if feature 𝑓 is selected for branching at node 𝑛. We also encode
the prediction scheme of the tree using variables 𝑤𝑛𝑘 ∈ {0, 1},
for all 𝑛 ∈ B ∪ T , 𝑘 ∈ K , which equal 1 if and only if (iff) node
𝑛 assigns class 𝑘 to all datapoints that land on that node. We let
𝑝𝑛 ∈ {0, 1} indicate if node 𝑛 is a prediction node, in which case it
must assign a class to all datapoints that land on that node and no
further branching is allowed. We also define “flow variables” 𝑧 to
capture the flow of datapoints, where 𝑧𝑖

𝑎 (𝑛),𝑛 ∈ {0, 1} equals 1 iff
datapoint 𝑖 flows from the direct ancestor of node 𝑛, 𝑎(𝑛), to 𝑛.

The formulation is as follows:

maximize
∑
𝑖∈I

∑
𝑛∈B∪T 𝑧𝑖𝑛,𝑡

𝑦𝑖
subject to (1a)∑

𝑓 ∈F𝑏𝑛𝑓 + 𝑝𝑛 +∑
𝑚∈A(𝑛) 𝑝𝑚 = 1 ∀𝑛 ∈ B (1b)

𝑝𝑛 +∑
𝑚∈A(𝑛) 𝑝𝑚 = 1 ∀𝑛 ∈ T (1c)

𝑧𝑖
𝑎 (𝑛),𝑛 = 𝑧𝑖

𝑛,ℓ (𝑛) + 𝑧𝑖
𝑛,𝑟 (𝑛) +

∑︁
𝑘∈K

𝑧𝑖𝑛,𝑡𝑘 ∀𝑛 ∈ B, 𝑖 ∈ I (1d)

𝑧𝑖
𝑎 (𝑛),𝑛 =

∑
𝑘∈K 𝑧𝑖𝑛,𝑡𝑘

∀𝑖 ∈ I, 𝑛 ∈ T (1e)

𝑧𝑖𝑠,1 ≤ 1 ∀𝑖 ∈ I (1f)

𝑧𝑖
𝑛,ℓ (𝑛) ≤

∑
𝑓 ∈F:𝑥𝑖

𝑓
=0 𝑏𝑛𝑓 ∀𝑛 ∈ B, 𝑖 ∈ I (1g)

𝑧𝑖
𝑛,𝑟 (𝑛) ≤

∑
𝑓 ∈F:𝑥𝑖

𝑓
=1 𝑏𝑛𝑓 ∀𝑛 ∈ B, 𝑖 ∈ I (1h)

𝑧𝑖𝑛,𝑡𝑘 ≤ 𝑤𝑛
𝑘

∀𝑖 ∈ I, 𝑛 ∈ B ∪ T , 𝑘 ∈ K (1i)∑
𝑘∈K 𝑤𝑛

𝑘
= 𝑝𝑛 ∀𝑛 ∈ B ∪ T (1j)

𝑤𝑛
𝑘
∈ {0, 1} ∀𝑛 ∈ B ∪ T , 𝑘 ∈ K (1k)

𝑏𝑛𝑓 ∈ {0, 1} ∀𝑛 ∈ B, 𝑓 ∈ F (1l)
𝑝𝑛 ∈ {0, 1} ∀𝑛 ∈ B ∪ T (1m)

𝑧𝑖
𝑎 (𝑛),𝑛, 𝑧

𝑖
𝑛,𝑡𝑘

∈ {0, 1} ∀𝑛 ∈ B ∪ T , 𝑖 ∈ I, 𝑘 ∈ K, (1n)

where ℓ (𝑛) (resp. 𝑟 (𝑛)) is the left (resp. right) descendant of 𝑛 and
A(𝑛) is the set of all ancestors of node𝑛 ∈ B∪T . The objective (1a)
maximizes the number of correctly classified datapoints. Note that
we can add a regularization term in the objective to control for
overfitting, see Aghaei et al. [4]. Constraints (1b) ensure that each
node is either a branching node, a prediction node, or neither of
the two because one of its ancestors is already a prediction node;
the last option means that the node is pruned out. Constraints (1c)
similarly ensure that each terminal node either makes a predic-
tion or has an ancestor that is a prediction node. Constraints (1d)
and (1e) enable flow conservation, whereby every datapoint that
flows into node 𝑛 must exit to its left (or right) descendant, or flow
directly to a sink 𝑡𝑘 that corresponds to a class 𝑘 . Constraints (1f)
ensure that the flow value of each datapoint entering source 𝑠 is
at most 1. Constraints (1g) and (1h) enforce datapoints to flow to
a node’s left (resp. right) child if their branching feature is 0 (resp.
1). Constraints (1i) require that a datapoint must be directed to the

sink corresponding to the class that the prediction node assigns.
Finally, constraints (1j) in conjunction with (1k) ensure that if we
make a prediction at node 𝑛, then exactly one class is associated
with its prediction. In sum, each datapoint flows into the graph and
lands on exactly one of the sinks via a path from source to sink
depending on its feature vector.

3.3 Fairness Constraints
One main advantage of formulation (1) is its flexible modeling
power. In the following, we showcase the variety of constraints
that can be added to the formulation to learn trees that satisfy the
definitions of fairness we introduced in Section 1.2. We previously
defined the various notions of fairness using strict equalities; in
practice, however, we may relax this condition by introducing a
bias 𝛿 , where 𝛿 is the maximum disparity allowed between groups.

Statistical Parity. Statistical parity is satisfied up to a bias of 𝛿
when we add the following constraint to (1):�����

∑
𝑛∈B∪T

∑
𝑖∈I:𝑝𝑖=𝑝 𝑧

𝑖
𝑛,𝑡1

|{𝑖 ∈ I : 𝑝𝑖 = 𝑝}|
−
∑
𝑛∈B∪T

∑
𝑖∈I:𝑝𝑖=𝑝′ 𝑧𝑖𝑛,𝑡1

|{𝑖 ∈ I : 𝑝𝑖 = 𝑝′}|

����� ≤ 𝛿

∀𝑝, 𝑝′ ∈ P : 𝑝 ≠ 𝑝′,

(2)

where the left-hand side of the inequality is the absolute differ-
ence between the proportion of positive classes assigned by the
classification tree to groups 𝑝 and 𝑝′, respectively.

Conditional Statistical Parity. In order to describe the CSP
constraint, we will let ℓ𝑖 denote the value of datapoint 𝑖’s legitimate
factor(s). To ensure that the learned tree satisfies conditional sta-
tistical parity up to a bias 𝛿 and for all ℓ ∈ L, we may augment (1)
with the constraint�����

∑
𝑛∈B∪T

∑
𝑖∈I I(𝑝𝑖 = 𝑝 ∧ ℓ𝑖 = ℓ)𝑧𝑖𝑛,𝑡1

|{𝑖 ∈ I : 𝑝𝑖 = 𝑝 ∧ ℓ𝑖 = ℓ}|
−∑

𝑛∈B∪T
∑
𝑖∈I I(𝑝𝑖 = 𝑝′ ∧ ℓ𝑖 = ℓ)𝑧𝑖𝑛,𝑡1

|{𝑖 ∈ I : 𝑝𝑖 = 𝑝′ ∧ ℓ𝑖 = ℓ}|

����� ≤ 𝛿

∀𝑝, 𝑝′ ∈ P : 𝑝 ≠ 𝑝′, ℓ ∈ L,

(3)

where the left-hand side of the inequality is the absolute difference
between the proportions of positive classes assigned by the classi-
fication tree to groups 𝑝 and 𝑝′ respectively, in the training data,
and whose legitimate feature(s) equal(s) ℓ .

Equalized Odds. We may augment (1) to satisfy equalized odds
up to a bias 𝛿 using the constraint�����

∑
𝑛∈B∪T

∑
𝑖∈I I(𝑝𝑖 = 𝑝 ∧ 𝑦𝑖 = 𝑘)𝑧𝑖𝑛,𝑡1

|{𝑖 ∈ I : 𝑝𝑖 = 𝑝 ∧ 𝑦𝑖 = 𝑘}|
−∑

𝑛∈B∪T
∑
𝑖∈I I(𝑝𝑖 = 𝑝′ ∧ 𝑦𝑖 = 𝑘)𝑧𝑖𝑛,𝑡1

|{𝑖 ∈ I : 𝑝𝑖 = 𝑝′ ∧ 𝑦𝑖 = 𝑘}|

����� ≤ 𝛿

∀𝑘 ∈ K, 𝑝, 𝑝′ ∈ P : 𝑝 ≠ 𝑝′,

(4)

where the left-hand side of the inequality is the absolute differ-
ence between the proportions of false positive and true positive
assignments made by the classification tree in groups 𝑝 and 𝑝′.
Note that predictive equality and equal opportunity are equivalent
to setting 𝑘 = 0 and 𝑘 = 1 in (4), respectively.

Note that any of the above constraints can be easily linearized
by decomposing them into two. In the general case where we have
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constraint |𝑓 (𝑥) | ≤ 𝛿 , we can reformulate it into 𝑓 (𝑥) ≤ 𝛿 and
−𝑓 (𝑥) ≤ 𝛿 . If 𝑓 is affine (as is the case here), then these constraints
are linear in the decision variables of the problem and the resulting
problem can be solved with powerful off-the-shelf mixed-integer
linear optimization solvers such as Gurobi1. We also emphasize that
the above constraints are illustrative examples of the approach’s
flexibility, and that they may be amended or combined with other
fairness considerations. For example, instead of restricting the abso-
lute value of the difference between groups, we may impose that the
minority group should be better off by a margin 𝛿 , see Section 4.4.

4 EXPERIMENTS
We now evaluate the empirical performance of the model outlined
in Section 3. We first compare the interpretability of several popular
machine learning models based on three desiderata – decision com-
plexity, simulatability, and scope – illustrating that our approach
(FairOCT ) yields one of the most interpretable models. Then, we
compare our approach to a suite of methods for learning fair classi-
fiers (both ones that are model agnostic and those that specifically
learn decision trees).

4.1 Datasets
COMPAS. The Correctional Offender Management Profiling for
Alternative Sanctions (COMPAS) is a popular dataset used originally
to predict a criminal’s risk of recividism after 2 years. Angwin
et al. [7] published a seminal article analyzing that the algorithm
deployed then was biased in favor of White criminals. We therefore
let race be the sensitive attribute. The original race attribute has 6
levels, but Asian and Native American criminals are quite rare in
the data, so we group them under the “Other” category in order to
make it possible to obtain better estimates of fairness metrics. The
dataset consists of 6,172 datapoints.

Adult. The UCI Adult dataset is taken from a 1994 Census data-
base [22]. The goal is to predict whether or not someone’s income
exceeds $50,000 per year, and we treat sex as the sensitive attribute
in accordance with [1, 28, 36] with females being the marginalized
group. The full dataset contains 30,162 datapoints.

German. The German dataset classifies people as having good
or bad credit. We use age as the sensitive attribute, following the
works of [27, 34] to split the population into people 25 and younger
and older than 25, with the former as the marginalized group since
younger people are often assigned worse credit under the basis of
age. The dataset contains 1,000 datapoints.

All three datasets are popular benchmark datasets in the algo-
rithmic fairness literature. We focus on these three because they
each have different and societally important prediction tasks.

4.2 Benchmark Methods
Fair Decision Tree-Based Methods

Optimal and Fair Decision Trees via Regularization (RegOCT). We
compare our approach to the method for learning optimal fair trees
proposed by Aghaei et al. [3], which considers both disparate im-
pact and disparate treatment. In our setting, we are only interested
in disparate impact, which reduces to statistical parity in the case
of binary outcomes. Our method differs from RegOCT in two ways:
1See https://www.gurobi.com/products/gurobi-optimizer/

1) FairOCT is formulated much more efficiently, resulting in faster
solve times, and 2) RegOCT promotes fairness via a regularization
term in the objective rather than as a constraint (like ours). Its objec-
tive function minimizes misclassification rate plus a regularization
term controlled by a “fairness parameter” 𝜌 .

Discrimination Aware Decision Trees (DADT). The second tree-
based method we compare to is DADT proposed by Kamiran et al.
[34], which consists of a two-pronged approach. The first is an
in-processing step that uses sensitivity gain (IGS) and information
gain (IGC) as heuristics to build a fair decision tree. If the tree still
has a discrimination level greater than 𝜖 , a post-processing step can
be used that relabels the predictions of the tree’s leaf nodes until
the discrimination reaches 𝜖 . Note that the original paper proposes
to use a combination of these steps where appropriate, such as
IGC+IGS, IGC-IGS, or only IGC (which is equivalent to the CART
algorithm) – all of which can be combined with the relabeling step
post-training (“Relab”). We compare our method with respect to
IGC+IGS_Relab because Kamiran et al. [34] cited that it in general
performs best, although we display results for all three heuristics in
the Appendix Section A. We grow trees of maximum depth 2 and
3 for interpretability. DADT has two modeling limitations: it only
considers statistical parity as its fairness metric, and it assumes
only two sensitive groups exist. In further contrast to FairOCT,
DADT subtracts the probability of the marginalized group from the
dominant group. A “fair” result under this definition may include a
scenario in which the marginalized group receives better outcomes
at a much higher rate than the dominant group, which constraint (2)
does not allow. However, since our approach is very flexible, we
run experiments on FairOCT with this notion of disparity – refer
to Appendix Section A.

Note that methods other than DADT and RegOCT in the lit-
erature either: consider individual fairness as opposed to group
fairness (e.g., Ranzato et al. [45]); learn trees in an online setting
(e.g., Zhang and Ntoutsi [58]); or are not interpretable (e.g., Grari
et al. [28]).
Model Agnostic Fairness Methods

Apart from strictly tree-based methods, we also compare our
approach to three methods – one from each umbrella of approaches:
pre-processing, in-processing, and post-processing. Critically, these
three methods can learn most ML model classes (such as logistic
regression, random forests, kNN, etc.). This feature is important
because our goal is to analyze the accuracy and discrimination trade-
offs when opting to use our method (one of the most interpretable)
in lieu of more complex models.

[Pre-Processing] Correlation Remover (CR). We benchmark our
method against CR, which reduces the correlation between the
data and the sensitive feature by regressing the “centered” sensitive
feature with the non-sensitive features. A linear transformation
using the learned coefficients is then applied, resulting in new data
𝑋corr. The final transformation 𝑋tfm is controlled via a fairness
parameter 𝛼 ∈ [0, 1]:

𝑋tfm = 𝛼𝑋corr + (1 − 𝛼)𝑋,

where 𝛼 = 0 corresponds to the original feature vector 𝑋 and
𝛼 = 1 means all correlation is removed. Further detail can be found
in [14] and the API documentation for FairLearn. Note that we chose
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Model Decision Complexity
(COMPAS)

Decision Complexity
(Adult)

Decision Complexity
(German)

Simulatability Scope

Full Tree (d=1) 3 3 3 High Global
Full Tree (d=2) 7 7 7 High Global
Full Tree (d=3) 15 15 15 High Global
Logistic Regression 6 12 20 Medium-High Global
Decision Tree 779 5,101 329 Medium Global
k-Nearest Neighbors 4,629 22,621 750 Medium-Low Local
SVM (RBF Kernel) 3,255 10,542 454 Low Local
Multilayer Perceptron 700 1,300 2,100 Low None
Random Forest 59,126 273,861 17,956 Low None

Table 1: Interpretability of various machine learning models with respect to three desiderata: decision complexity (in the
context of the COMPAS, Adult, and German datasets), simulaltability, and scope.

this method out of all other pre-processing approaches because it
is lightweight and yields better performance upon testing.

[In-Processing] Exponentiated-Gradient Reduction (ExpG). Algo-
rithm 1 in Agarwal et al. [1] finds a classifier and 𝜆 with the highest
accuracy subject to a fairness constraint, where 𝜆 is a vector consist-
ing of 𝑘 Lagrangian multipliers, each corresponding to a fairness
constraint in the algorithm (i.e., 𝜆 ∈ R𝑘+). Since we are interested
in obtaining a breadth of accuracy-discrimination datapoints, we
opted to implement their “grid search” method, which searches
through a grid of 𝜆 and yields the best estimator from a given
model class. In our case, we use all the results from the possible
values of 𝜆. This grid search method is what we will refer to as
ExpG in our experiments. We chose to compare our method with
ExpG because it is one of the only in-processing approaches that
take in nearly any model class and also optimize for many fairness
notions.

[Post-Processing] Randomized Threshold Optimizer (RTO). Lastly,
we compare FairOCT with a method proposed by Hardt et al. [30]
that applies a randomized thresholding transformation to the classi-
fier’s prediction to enforce a fairness notion. We refer to Section 3.2
of Hardt et al. [30] for a full treatment of the algorithm. Similar to
ExpG, we chose RTO because it is one of the only post-processing
methods that is model agnostic and can optimize for all the fairness
notions we consider in this work.

4.3 Interpretability of Machine Learning Models
Table 1 provides a comparison of several popular machine learning
models and our assessment of their interpretability with respect to
several desiderata: model complexity (defined in Section 2), simu-
latability, and scope. In the following, we elucidate our judgments
on the simulatability and scope of these models. We will classify
models as having “High” to “Low” simulatability, and “Global”, “Lo-
cal”, or “None” in terms of scope. Unless otherwise noted, all models
except for optimal trees are trained using the standard parameters
of the scikit-learn package:

• Full Binary Trees: For simplicity, we consider learning full
binary trees up to a fixed depth 𝑑 for our optimal tree meth-
ods, although in practice we may easily prune the tree via
regularization. We argue that trees have a global scope and

are among the most simulatable because humans can visual-
ize the entire decision rule and trace predictions with relative
ease (especially when the trees are shallow and simple).

• Decision Trees – CART (DT): Trees that are grown via a
heuristic typically have a stopping point to avoid overfitting,
and in our case we impose the minimum number of samples
in each leaf to be 3. Since there is stochasticity in tree depth
and pruning, we report decision complexity as the average
over all trees grown for a particular dataset. While DT has
a global scope similar to full binary trees, it is much less
simulatable given how deep the trees tend to grow.

• Logistic Regression (LR): Assuming full linearity, logistic
regression has global scope because one can wholly observe
its decision rule via its coefficients. However, we argue that
logistic regression has medium simulatability because the
coefficients need to be calculated and contextualized for full
interpretability.

• k-Nearest Neighbors (kNN): While kNN’s simulatability
can be high – especially in lower dimensions where the
decision space can be visualized (𝐹 ≤ 3) – kNN’s are often
not simulatable in practice. Without visualizing the entire
feature space, we can only observe the local behavior of the
model, i.e., which 𝑘 points are nearest to our new datapoint.

• Support Vector Machines (SVM), RBF Kernel: Due to
stochasticity, we report the average number of support vec-
tors in our experiments for SVM’s decision complexity. We
argue that SVM’s have low simulatability, especially when
𝐹 > 2 and the decision space is hard to visualize. We can,
however, classify SVM’s as having local scope because the
intuition is similar to kNN – support vectors closer to the
new datapoint will have much higher weights.

• Random Forest (RF): We grow 100 trees via the CART
algorithm to build the random forest model, and argue that
simulatability is low because a human cannot keep track of
the complicated decisions that are aggregated over numerous
trees. The intricacy of the random forest also means that it
is not interpretable neither globally or locally.

• Multilayer Perceptron (MLP): A multilayer perceptron
is a neural network. We train MLPs with 1 hidden layer
consisting of 100 nodes, while the input layer has the number
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Algorithm Fairness
Definitions

# Sensitive
Levels

Disparity Model Fairness
Parameter

Time
Limit

FairOCT SP, CSP, PE,
EOpp, EOdds

Any absmax Full Tree
(𝑑 ∈ {1, 2, 3})

𝛿 ∈ [0.01, 0.55]
Δ = 0.01

3 hrs

RegOCT SP Any absmax Full Tree
(𝑑 ∈ {1, 2, 3})

𝜌 ∈ [0, 1]
Δ = 0.02

3 hrs

DADT SP 2 dom-marg DT 𝜖 ∈ [0.01, 0.55]
Δ = 0.01

N/A

CR SP, PE, EOpp,
EOdds

Any absmax DT, LR, kNN,
SVM, RF, MLP

𝛼 ∈ [0, 1]
Δ = 0.1

N/A

ExpG SP, PE, EOpp,
EOdds

Any absmax DT, LR, kNN,
SVM, RF, MLP

# of 𝜆 : 100 N/A

RTO SP, PE, EOpp,
EOdds

Any absmax DT, LR, kNN,
SVM, RF, MLP

N/A N/A

Table 2: List of algorithms run on COMPAS, Adult, and German datasets. Each algorithm can accommodate different fairness
definitions: statistical parity (SP), conditional statistical parity (CSP), predictive equality (PE), equal opportunity (EOpp), and
equalized odds (EOdds). They also take varying number of sensitive levels and disparity measures, where “absmax” corresponds
to the absolute value of the maximum pairwise disparity between sensitive groups and “dom-marg” is the difference in positive
classification rate between the dominant group and the marginalized group. Different machine learning models are also
considered: full binary trees with branching depths 𝑑 ∈ {1, 2, 3}, decision trees grown via CART (DT), logistic regression (LR),
k-nearest neighbors (kNN), support vector machine with RBF kernel (SVM), random forest (RF), and multilayer perceptron
(MLP). Our experiments also varied the fairness parameters for all methods, whose role is outlined in detail in Section 4.2. Δ
denotes the increments taken in each of these fairness parameters.

of nodes equal to the number of features in the dataset. Its
decision complexity, therefore, is equal to 100 × 𝐹 + 100.
Since the prediction relies on potentially thousands of matrix
calculations, MLPs have very low simulatability and have
neither global nor local interpretability.

4.4 Methodology
We compare the performance of FairOCT with the benchmarkmeth-
ods outlined in Section 4.2 on all three datasets: COMPAS, German
and Adult. Where relevant and possible, we incorporate various
fairness definitions in all our experiments. All datasets are tested
on statistical parity, predictive equality, equal opportunity, and
equalized odds, and COMPAS additionally considers conditional
statistical parity (conditioned on the number of prior crimes). How-
ever, note that not all methods can accommodate all these notions.
For instance, only our method can incorporate conditional statisti-
cal parity. On the other hand, RegOCT and DADT can only consider
statistical parity. DADT additionally only takes in two sensitive
levels while all the other methods are robust to more than two
sensitive levels. Therefore, in our experiments on COMPAS, DADT
only considers binary race – “Black” vs. “non-Black” – which yields
results that are not fully comparable to other methods.

A full summary of our experiments for each method, including
capabilities, ML models trained, and fairness parameters tested is
provided in Table 2. We consider fairness parameters in increments
of Δ and display results for all these values in order to fully observe
the accuracy-discrimination trade-off. We use 75% of the data for

training and 25% for testing on all three datasets outlined in Sec-
tion 4.1 – split five times with different seeds to account for random
variability – and evaluate model performance on the test set (i.e.,
out-of-sample or OOS set). The Adult dataset is both large and high-
dimensional, so we train FlowOCT and RegOCT on 2,700 datapoints
due to computational limitations (while evaluating on the same
test set as other methods to allow for an equivalent comparison);
we will further discuss this choice in Section 4.5. All experiments
have a time limit of 3 hours, and utilized four Intel Xeon E5-2640
v4, 2.40GHz CPUs, each having 4GB of memory.

4.5 Results
Comparison of Fairness Methods. Figure 2 plots the accuracy
and discrimination trade-off for all experiments outlined in Table 2.
In general, FairOCT trained on all depths (𝑑 = {1, 2, 3}) obtain
similar performances, though this is mainly attributed to the ex-
periments on 𝑑 = 3 not solving to optimality within the time
limit. Trends vary across datasets; for instance, FairOCT found deci-
sions with accuracies between [0.55, 0.68] with disparities between
[0, 0.25] for COMPAS. In contrast, its results for Adult varied only
by at most 5 percentage points (p.p.) in accuracy and 10 p.p. in
disparity. Nonetheless, FairOCT learns a range of heterogeneous
performances, which allows us to choose between various accuracy-
discrimination trade-offs.

Overall, for any given disparity threshold, FairOCT consistently
outperformsDADT within the notion of statistical parity (recall that
DADT is only trained on this notion). This is expected since FairOCT
finds an optimal solution whereas DADT relies on a heuristic. A
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Figure 2: Accuracy and discrimination of FairOCT on the COMPAS (top), Adult (middle), and German (bottom) datasets with
varying fairness metrics (from left to right – statistical parity equal opportunity, predictive equality, and equalized odds, and at
the bottom, conditional statistical parity), averaged for each fairness parameter over 5 random samples. Each datapoint in the
graph corresponds to an average over 0.05 increments of disparity (i.e., for every method and model, each datapoint is averaged
from [0, 0.05), [0.05, 0.1), and so on). Classifiers are ordered from darkest (most interpretable) to lightest (least interpretable)
according to our interpretability desiderata outlined in Table 1. Different fairness methods are outlined by different marker
and line styles. For ease of visualization, we average the results for DADT with trees of maximum depth 2 and 3.

189



AIES ’23, August 08–10, 2023, Montréal, QC, Canada Jo, et al.

notable aberration is DADT ’s superior performance to FairOCT on
COMPAS, but this is because DADT only considers two levels of
race while all other experiments have four levels. Even when only
considering two levels of race, DADT does not result in significant
improvements in performance. Refer to Appendix Section A for a
comparison of FairOCT andDADT within the same learning setting,
which shows that FairOCT consistently outperforms DADT.

In contrast, the other tree-based benchmark method – RegOCT –
performs at around the same level as FairOCT (again only on statis-
tical parity because RegOCT only considers this notion). This result
is unsurprising given that RegOCT similarly learns optimal trees, so
its performance will be as good as FairOCT, which already finds the
best-performing partition for a fixed maximum depth. However, we
emphasize that RegOCT is much less flexible in considering other
notions of fairness. Moreover, FairOCT benefits from a stronger
formulation and is faster by at least an order-of-magnitude. Refer
to Appendix Table 3 for a full comparison of computational times.

With regard to non-tree-based methods, CR in general yields
smooth and heterogeneous results throughout the disparity axis.
We observe the same trend for ExpG, with the exception of the
COMPAS dataset, whose performance jumps widely. [1] mentioned
that as the number of sensitive levels (and therefore the number of
constraints) increase, ExpG is not recommended because the search
space grows exponentially. This limitation may be circumvented
by testing an arbitrarily large number of fairness parameters and
ignoring several outliers to smooth the curve. Note also that most
of the parameters tested led to a disparity level of 1.0 or near 1.0,
but we decided to truncate the results to a more reasonable level for
all datasets. Finally, RTO is mainly missing from Figure 2 because
we cannot tune any fairness parameters – resulting in a single
datapoint, none of which is displayed because the performance
hovers at around 0.6-0.9 disparity.

In comparison, FairOCT consistently finds results in the lower
end of the disparity axis (which is the space we care most given
the task of promoting full parity). For instance, in the COMPAS
dataset on all the fairness notions, FairOCT resulted in disparities
ranging from 0 to 0.3 – no other method boasts this range. Even
in the Adult and German datasets where that range is attenuated,
no other fairness-promoting method consistently finds datapoints
with low disparity (i.e., < 0.05). This result likely arises from our
method taking in a hyperparemeter 𝛿 that upper bounds result-
ing disparity. The optimization problem is then forced to find the
highest-accuracy decision rule given a (potentially low) tolerance
on disparity. This is in contrast to all other methods; RegOCT uses a
regularization term, CR tunes the extent of correlation removed, and
ExpG passes numerous values of 𝜆, all of which do not guarantee
certain disparity results.

Finally, we note that the FairOCT results trained on the 2,700
datapoints of Adult have comparable performances with other base-
line methods, indicating that while optimization-based methods
like FairOCT may run into computational problems, training on
a smaller, representative dataset yields predictions that generalize
very well to the entire population. In the bottom graph of Figure 2,
we also conduct experiments where FairOCT considers conditional
statistical parity on COMPAS; no other method we compare to
can equivalently compare this fairness notion, highlighting our
approach’s flexible modeling power.

The Price of Interpretability. As expected, more interpretable
models like full trees perform (marginally) worse than more com-
plex models like random forests and MLP’s. This difference denotes
the price of interpretability. For instance, in the German dataset, a
random forest trained on CR has on average 6 percentage points
higher accuracy than a full tree of depth 2 trained on FairOCT,
across all discrimination thresholds. However, as mentioned previ-
ously, many fairness-promoting methods fail to reach full or near
perfect parity in contrast to FairOCT, rendering this aggregated
comparison less meaningful. Notably, in the COMPAS dataset, a
neural net trained on CR might perform on average 3 percentage
points better than a FairOCT (𝑑 = 2), but only within the dispar-
ity ranges for which both methods have results. We must further
consider the other datapoints FairOCT (𝑑 = 2) yields for disparities
less than 0.15, of which have no equivalent comparison with the
neural net. Nonetheless, given a fixed disparity threshold, the best
performing complex model performs on average 4.2 p.p. better in
terms of OOS accuracy than FairOCT over the range of disparities
for which both models have results.

5 CONCLUSION
In this work, we presented an MIO formulation for learning optimal
classification trees that can be modeled to consider a variety of
algorithmic fairness notions. We also propose a new measure of
interpretability named decision complexity in order to compare our
interpretable method with other classes of models. In doing so, we
conduct one of the first experiments that analyze in-depth the trade-
offs between interpretability, fairness, and predictive accuracy.

Our experiments show that while we observe a (often small) price
of interpretability with trees of shallow depth, one must ultimately
consider not only the trade-offs between interpretability, accuracy,
and discrimination, but also the various fairness-promoting meth-
ods that may yield vastly different results (e.g., with regard to the
range of disparities found, how different methods might be better
for certain constraints, etc.). In reality, decision makers face the
incredibly hard task of balancing these trade-offs given the applica-
tion at hand. Our work attempts to enrich these considerations in
the hopes of guiding practitioners when they make these difficult
decisions.
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