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Abstract

Predictive analytics is widely used in various domains,
including education, to inform decision-making and improve
outcomes. However, many predictive models are propri-
etary and inaccessible for evaluation or modification by
researchers and practitioners, limiting their accountability
and ethical design. Moreover, predictive models are of-
ten opaque and incomprehensible to the officials who use
them, reducing their trust and utility. Furthermore, predic-
tive models may introduce or exacerbate bias and inequity,
as they have done in many sectors of society. Therefore,
there is a need for transparent, interpretable, and fair predic-
tive models that can be easily adopted and adapted by dif-
ferent stakeholders. In this paper, we propose a fair predic-
tive model based on multivariate adaptive regression splines
(MARS) that incorporates fairness measures in the learn-
ing process. MARS is a non-parametric regression model
that performs feature selection, handles non-linear relation-
ships, generates interpretable decision rules, and derives op-
timal splitting criteria on the variables. Specifically, we inte-
grate fairness into the knot optimization algorithm and pro-
vide theoretical and empirical evidence of how it results in a
fair knot placement. We apply our fairMARS model to real-
world data and demonstrate its effectiveness in terms of accu-
racy and equity. Our paper contributes to the advancement of
responsible and ethical predictive analytics for social good.

Introduction
Predictive analytics has made remarkable progress in the
past few decades across diverse sectors, ranging from
education (Yu et al. 2020) to healthcare (Stiglic et al. 2020),
as a potent tool for guiding decision-making processes and
augmenting overall outcomes. Predictive models have the
potential to revolutionize practices by offering foresight into
future developments. However, a recurring challenge lies in
the propriety nature of many of these models, which bars
researchers and practitioners from evaluating, adapting, or
optimizing these models to align with ethical considerations
and accountability standards.

This limitation not only restricts the potential for improve-
ment but also undermines the principles of transparency and
fairness in design for high-stakes domains such as education.
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Education is a complex and dynamic system that requires
accounting for the diversity, variability, and uncertainty of
the data and the context (Nezami et al. 2024). Moreover,
predictive models in education need to be transparent, inter-
pretable, and fair to ensure accountability, trustworthiness,
and ethical design.

Transparency and interpretability are the abilities to
access, understand, and explain the data, methods, and
assumptions behind the predictive models. They are essen-
tial for ensuring accountability, trustworthiness, and ethical
design of predictive models. Fairness is the ability to prevent
or mitigate bias and discrimination against certain groups
or individuals based on their sensitive attributes. Fairness is
crucial for ensuring equity, justice, and social good of pre-
dictive models.

Several methods have been proposed to enhance the in-
terpretability of machine learning (ML) models, such as
feature selection (Khaire and Dhanalakshmi 2022), fea-
ture importance (Linardatos, Papastefanopoulos, and Kot-
siantis 2020), decision rules (Wang et al. 2017), and de-
cision trees (Böhm et al. 2010). These methods can be
broadly classified into two categories: intrinsic and post-
hoc. Intrinsic methods aim to design interpretable mod-
els from scratch, by imposing constraints or regulariza-
tion on the model structure or complexity (Zambaldi et al.
2018). Post-hoc methods aim to explain black-box mod-
els after they are trained, extracting or approximating the
model’s behavior using simpler or more transparent models
(Zahavy, Ben-Zrihem, and Mannor 2016).

To ensure fairness in ML, researchers have developed var-
ious fairness metrics and methods for measuring and en-
forcing fairness in the models. For example, statistical par-
ity (Chouldechova 2017; Simoiu, Corbett-Davies, and Goel
2017) requires that the model’s predictions are indepen-
dent of sensitive attributes (e.g., race), and equal opportunity
(Hardt, Price, and Srebro 2016) requires that the model’s
true positive rates are equal across different groups. Many
bias mitigation algorithms have been proposed to achieve
these and other fairness criteria, especially for classification
problems, where the goal is to predict a binary outcome
(Berk et al. 2017; Chouldechova 2017; Hardt, Price, and
Srebro 2016; Kilbertus et al. 2017). However, for regression
problems, where the goal is to model a continuous outcome
variable, such as a real-valued score, there are fewer studies
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on fairness-aware models. Some of the existing works in-
clude fair regression models (Agarwal, Dudı́k, and Wu 2019;
Berk et al. 2017; Komiyama et al. 2018; Jabbari et al. 2016;
Calders et al. 2013; Stine 2022) and fair regression trees
(Aghaei, Azizi, and Vayanos 2019). These works aim to
balance the trade-off between accuracy and fairness in re-
gression tasks and to provide interpretable and transparent
models that can be easily adopted and adapted by different
stakeholders.

Regression tasks, such as predicting students’ academic
performance, college success, or dropout risk, hold broad
applicability and social impact in education. A fair and in-
terpretable regression model that can capture the complexity
of education system algorithms can promote a just and equi-
table society, where students’ opportunities are not affected
by demographic characteristics.

In this paper, we present the development of a fair
regression model based on multivariate adaptive regres-
sion splines (MARS), which incorporates fairness mea-
sures in the learning process. MARS, originally introduced
by Friedman (Friedman 1991), stands out as a powerful
and efficient method for flexible regression modeling of
high-dimensional data. It employs a non-parametric, non-
interpolating approach and consists of two main parts: for-
ward selection and backward elimination.

In the forward selection phase, MARS divides the solu-
tion space into intervals and fits spline basis functions to
each interval. These basis functions are added incrementally,
minimizing the lack-of-fit, until a user-specified maximum
number of basis functions is reached. The backward elim-
ination phase reduces model complexity by removing the
least contributing basis functions. This backward elimina-
tion process helps in selecting a subset of the most impor-
tant basis functions, resulting in a more parsimonious and
interpretable model. Both the forward selection and back-
ward elimination phases utilize generalized cross-validation
(GCV) as a basis selection criterion, ensuring optimal con-
figuration of basis functions. fairMARS is a type of intrin-
sic method for enhancing interpretability and can produce
transparent and fair predictions that are easy to understand
and communicate.

MARS outperforms other statistical models, particularly
decision tree regression, in several key aspects. Unlike de-
cision tree regression, which often produces piecewise con-
stant or step-like functions, MARS can create smooth curves
that more accurately represent the underlying relationships.
This flexibility enables MARS to capture intricate patterns
and enhance the model’s generalization to unseen data. Ad-
ditionally, the interpretability of MARS facilitates under-
standing and insight into the underlying relationships be-
tween variables, making it desirable in various applica-
tions where transparency and comprehensibility are cru-
cial. Moreover, MARS incorporates a built-in variable selec-
tion mechanism, which is especially valuable for large-scale
problems with a substantial number of attributes. This fea-
ture enables MARS to automatically select the most relevant
variables, ensuring a parsimonious model and mitigating the
challenge of feature importance selection.

Our proposed fairMARS incorporates fairness in the

learning process in two ways: first, it modifies the knot op-
timization algorithm of the forward and backward pass of
MARS, which determines the optimal location and num-
ber of knots for each predictor variable, by adding fairness
constraints to the objective function. Second, it integrates
fairness into the loss function minimization for estimating
coefficients after selecting basis functions. These modifica-
tions influence the learning algorithm, resulting in a fair knot
placement and fair coefficient estimation.

fairMARS can produce smooth and flexible curves that
accurately represent the underlying relationships between
predictor and outcome variables across different sensitive
subgroups. Additionally, it generates interpretable decision
rules by deriving optimal and fair splitting criteria on the
variables and by pruning basis functions that contribute the
least to both fairness and accuracy during the forward and
backward phases.

fairMARS stands out compared to the fair decision tree
regression model by Aghaei, Azizi, and Vayanos (2019) in
terms of accuracy, flexibility, and interpretability. Unlike
fair decision tree, which binarizes continuous variables in
a pre-processing step, thereby undermining interpretability,
fairMARS does not require such data transformation. It gen-
erates interpretable decision rules, providing transparency,
which also distinguishes it from opaque black-box models
(Cruz et al. 2023). Additionally, fairMARS adeptly handles
non-linearity, a capability lacking in linear models such as
fair linear regression (Agarwal, Dudı́k, and Wu 2019).

The following sections of the paper are organized as fol-
lows: we begin with a review of closely related work on fair
regression models in the “Related Work” section, and high-
light the differences from our approach. Following that, the
“Methodology” section introduces our fairMARS method,
which builds upon the foundation of MARS and extends
its capabilities to prioritize fairness in knot selection and
coefficient estimations. Finally, empirical evidence of the
effectiveness of fairMARS and its comparison with existing
baselines is presented in the “Experiments” section.

Related Work
Several works have proposed fairness-aware ML and data
mining methods that aim to prevent algorithms from dis-
criminating against protected groups (Kleinberg et al. 2018).
The literature has come to an impasse as to what constitutes
explainable variability as opposed to discrimination (Stine
2022). Different fairness measures have been proposed to
capture different notions of fairness including demographic
parity (Calders, Kamiran, and Pechenizkiy 2009; Dwork
et al. 2012; Kamiran and Calders 2009) and equalized odds
(Hardt, Price, and Srebro 2016; Zafar et al. 2017).
Algorithmic fairness can be achieved by intervention in
pre-processing, in-processing, or post-processing strategies
(Friedler et al. 2019). Pre-process approaches involve the
fairness measure in the data preparation step to mitigate
the potential bias in the input data and produce fair out-
comes (Feldman et al. 2015; Kamiran and Calders 2012;
Calmon et al. 2017). In-process approaches incorporate fair-
ness in the design of the algorithm to generate fair outcomes
(Kamishima et al. 2012; Zemel et al. 2013; Zafar et al. 2015;
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Hu and Chen 2020). Post-process methods (Feldman et al.
2015; Zehlike et al. 2017) manipulate the outcome of the al-
gorithm to mitigate the unfairness of the algorithm outcome
for the decision-making process.
Besides fairness, another important aspect of predictive
analytics is interpretability. Interpretability can help users
understand how and why predictions are made and what
actions they can take based on them. There are differ-
ent types of interpretable ML models including intrin-
sic (such as decision trees, decision rules, and linear re-
gression) and post-hoc methods (such as feature impor-
tance, partial dependence plots, and accumulated local ef-
fects) (Rudin et al. 2022). Several works have addressed
the issue of interpretability in domains where predic-
tions have significant social impacts, such as health care
(Stiglic et al. 2020), criminal justice, education, and finance
(Makhlouf, Zhioua, and Palamidessi 2021).
Few recent works have explored the intersection of fair-
ness and interpretability in ML, and proposed methods and
tools to achieve both objectives simultaneously. For exam-
ple, Agarwal (2021) proposed a framework for building in-
terpretable ML models that can also satisfy different fairness
criteria, based on monotonicity constraints. Fu et al. (2020)
proposed a method for generating fair and explainable rec-
ommendations using knowledge graphs, and introduced a
novel fairness measure for recommendation systems. Cabr-
era et al. (2019) presented a visual analytics tool for dis-
covering and mitigating intersectional bias in ML models.
Panigutti et al. (2021) presented a methodology and a tool
for auditing datasets for discrimination and bias, and pro-
vides visualizations and explanations for the discrimination
analysis. Another example is the work of Aghaei, Azizi, and
Vayanos (2019). They proposed a mixed-integer optimiza-
tion framework for learning optimal and fair decision trees
that can prevent disparate treatment and/or disparate impact
in non-discriminative decision-making.
However, most of these works focus on classification prob-
lems and do not address the challenges of regression prob-
lems. Regression problems are common in predictive ana-
lytics, especially in education, where the outcomes are often
continuous or ordinal variables, such as test scores, grades,
or graduation rates. Fairness-aware regression methods need
to account for the distribution of the outcome variable across
different groups and balance the trade-off between accuracy
and equity. A few works have attempted to design fair re-
gression models that satisfy different fairness criteria (Agar-
wal, Dudı́k, and Wu 2019; Berk et al. 2017; Komiyama et al.
2018; Jabbari et al. 2016; Calders et al. 2013; Stine 2022).
However, these methods either rely on parametric assump-
tions that may not hold in practice or are vulnerable to adver-
sarial attacks that can exploit the fairness constraints. More-
over, these methods do not provide interpretable explana-
tions for their predictions, which may limit their trustwor-
thiness and accountability. Therefore, there is a need for a
transparent and robust fair regression method that can han-
dle non-linearities and interactions, generate interpretable
decision rules, and derive optimal splitting criteria on the
variables.

In this work, we propose a transparent and accountable

Algorithm 1: MARS— Forward Stepwise
Require: x, y, Mmax

1: B1(x)← 1; M ← 2
2: while M > Mmax: lof*←∞ do
3: for m = 1 to M − 1 do
4: for v /∈ {v(q,m) | 1 ≤ q ≤ Nm} do
5: for k ∈ {xvj | Bm (xj) > 0} do
6: g′ ←

∑M−1
i=1 βiBi(x) + βMBm∗(x)xv +

βM+1Bm∗(x) (xv − k)+
7: Fast Updating Formula:
8: ȳ = 0
9: C1 =

∑
k≤xvq<u

(yq − ȳ)Bmq (xvq − k)

10: C2 = (u− k)
∑

xvq≥u

(yq − ȳ)Bmq

11: cM+1(k)← cM+1(u) + C1 + C2

12: LOF(g′) =
∑N

q=1 (yq − ȳ)2 −
∑M+1

i=1 βi (ci)

13: lof← minβ1,...,βM+1 LOF(g′)
14: if lof < lof* then lof*← lof; m∗ ← m

15: BM (x)← Bm∗(x) [+ (xv∗ − k∗)]+
16: BM+1(x)← Bm∗(x) [− (xv∗ − k∗)]+
17: M ←M + 2
18: return Fitted MARS Forward Model

predictive model based on MARS. MARS is a non-
parametric regression model that performs feature selection,
handles non-linear relationships, generates interpretable de-
cision rules, and derives optimal splitting criteria on the
variables. MARS has several advantages over other regres-
sion methods in terms of transparency and interpretability
and does not make any assumptions about the functional
form of the underlying relationship. MARS can capture non-
linearities and interactions without prior transformations.

Methodology
Problem Setup. Let n be the number of samples in the
training set. The ith data point is denoted by (si,xi, yi),
where si ∈ Rds is the sensitive attributes of ds dimensions
(e.g., race), xi ∈ Rdx is the non-sensitive features of dx
dimensions, and yi ∈ R is the observed response. In this pa-
per, we only consider the scenario of univariate continuous
response. The training dataset is {(si,xi, yi)}ni=1. The goal
is to learn a regression model that maps the set of input at-
tributes (s,x) to the response y. For a comprehensive list of
notations, please refer to Table 1.

MARS, introduced by Friedman (1991), is a powerful re-
gression technique that can capture complex relationships
in the data. The MARS model is based on basis functions,
which are either univariate or multivariate interaction terms,
built from truncated linear functions (also known as hinge
functions) that bend at knot locations of the form [x − k]+
or [k−x]+, where [u]+ = max (0, u), x is a single indepen-
dent variable, and k is the corresponding univariate knot.

A knot is the location of an intersection between two seg-
ments of a spline and therefore is an important concept as-
sociated with MARS. Each dimension value of the training
dataset is an eligible knot for the corresponding indepen-
dent variable x1, . . . , xdx

. Let Kj = {kj1, kj2, ..., kjmj
}
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Notation Definition
Bm Current Basis Functions
Bm∗ Selected Basis Function
βi Coefficients of Bm

i Index for Data Points
j Predictor Variable Number
k Eligible Knot Value
k∗ Best Knot Value
lof Linear Regression of Bm Set
M Iteration Number (Regions)
m Basis Number
mj Number of Unique Values of xj

n Number of Samples in the Training Set
Nm Maximum Interaction Order of the Basis Functions
q Interaction Order of the Bm

si Sensitive Attributes of the i-th Data Point
xi Non-sensitive Features of the i-th Data Point
yi Observed Response of the i-th Data Point

Table 1: Table of Notations

be the set of candidate knots for the j-th predictor vari-
able, where mj is the number of unique values of xj . Let
M = {β0, β1, ..., βq} be the set of coefficients for the
MARS model, where q is the number of basis functions. Let
RSS(M) =

∑n
i=1(yi − ŷi)

2 be the residual sum of squares
for the MARS model, where ŷi = β0 +

∑q
k=1 βkBk(xi)

is the predicted value for the i-th observation and Bk(xi) is
the k-th basis function. Initialize M = β0 and RSS(M) =∑n

i=1(yi − ȳ)2, where ȳ = 1
n

∑n
i=1 yi is the mean of re-

sponse variable.

Knot Optimization. This algorithm is a procedure that
aims to find the optimal location and number of knots for
each predictor variable in the MARS model. The algorithm
starts with a large number of candidate knots at each unique
value of the predictor variable, and then iteratively adds or
deletes knots based on the change in the RSS criterion. The
algorithm stops when no further improvement can be made
by adding or deleting knots.

For each predictor variable xj and each candidate knot
kjl ∈ Kj , compute the change in RSS (i.e., the contribu-
tion of a basis function) by adding a pair of basis functions
Bq+1(x) = [xj − kjl]+ and Bq+2(x) = [kjl − xj ]+ to the
model. The calculation is of the form:

∆RSS(j, l) = RSS(M)− RSS(M∪ βq+1, βq+2)

The algorithm finds the predictor variable and
knot that gives the maximum decrease in RSS:
(j∗, l∗) = argmaxj,l ∆RSS(j, l). If ∆RSS(j∗, l∗) > 0,
then the corresponding basis functions and coefficients is
added to the model, M = M ∪ βq+1, βq+2, and (M) is
updated.

The MARS algorithm consists of two essential steps: for-
ward selection and backward elimination. In the forward
selection procedure (Algorithm 1), MARS adds candidate
basis functions selected by knot optimization in pairs for
different dimensions incrementally until reaching the max-
imum number of basis functions Mmax. Note that Nm

denotes the maximum interaction order of the basis func-
tions within the MARS algorithm. To prevent overfitting, the
backward elimination procedure continuously removes the
least effective basis at each step. Both steps employ Gener-
alized Cross-Validation (GCV) to select the best subset of
basis functions, striking a balance between model complex-
ity and accuracy.

In section 3.9 of Friedman (1991), the authors employ
cholesky decomposition to solve normal equations as a
means to accelerate updates within the stepwise forward
procedure — a crucial element contributing to the efficiency
of the model. This fast update formula arranges the candi-
date knots of each dependent variable in descending order
(equation 1) based on their impact on the model’s fit.

[x− k]+ − [x− u]+ =


0 if x ≤ k

x− k if k < x < u

u− k if x ≥ u

(1)

With the knots sorted, the algorithm proceeds iteratively (Al-
gorithm 1, line 11), and solves equations 2,3,4 for each eli-
gible k, for every v, and for all basis functions m and for all
iterations M in algorithm 1, adding the best knot k∗ and its
corresponding basis function Bm∗ to the model.

Vβ = c (2)

Vij =

n∑
q=1

Bj (xq)
[
Bi (xq)− B̄i

]
(3)

ci =
n∑

k=1

(yq − ȳ)Bi (xq) (4)

Upon identifying k∗, the algorithm efficiently determines
the best coefficient βm∗ for the new basis function by pass-
ing the knot location to the LOF function (Algorithm 1, line
12). This optimized process of knot and coefficient selection
avoids repetitive matrix computations, significantly enhanc-
ing the computational efficiency of the MARS algorithm,
particularly for larger datasets. However, this criterion does
not consider fairness which is important for societal appli-
cations. To address this issue, one may need to modify the
criterion or add a regularization term that penalizes unfair-
ness or other undesirable outcomes.

Fairness Considerations. The RSS is a measure of how
well the MARS model fits the data. The lower the RSS, the
better the fit. The contribution of a basis function or a knot
selection on RSS is the amount of reduction in RSS that is
achieved by adding or deleting that basis function or knot
selection from the model. The higher the reduction in RSS,
the more important that basis function or knot selection is
for improving the fit.

To incorporate fairness in the learning procedure of
MARS, we need to first define the fairness metric in this con-
text. There are many possible definitions of fairness, such
as disparate treatment and disparate impact (Barocas and
Selbst 2016; Zafar et al. 2017; Kamiran and Calders 2012),
equalized odds, equal opportunity (Hardt, Price, and Srebro
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2016). Each definition captures a different aspect of fairness
and may have different implications. The choice of fairness
also depends on the setting of the problem (regression/clas-
sification). Note that most of the existing notions are mainly
designed for classification settings. As our focus in this pa-
per is on regression problems, we consider a model fair if it
does not discriminate or favor any group over another based
on their sensitive attributes. For example, a fair regression
model should not predict higher GPAs for white students as
opposed to black students, under similar conditions.

To measure the fairness of the MARS model, we calcu-
late the average error for each subgroup and compare them
with each other, specifically through their absolute error dif-
ferences, as it is a suitable notion of fairness for regression
problems involving continuous outcomes and sensitive at-
tributes. The error metric is a way of quantifying the dispar-
ity in prediction errors or losses between different groups
defined by a sensitive attribute, such as race or gender.

To calculate the absolute error difference metric, we first
define the prediction error or loss function for the regres-
sion task. A common choice is the residual sum of squares
(RSS), measuring the squared difference between actual and
predicted outcomes, formulated as RSS =

∑n
i=1(yi − ŷi)

2.
Next, we divide the dataset into subgroups based on the sen-
sitive attribute. For instance, if there are nf female examples
and nm male examples, the average RSS for each subgroup
is computed as follows: RSSf = 1

nf

∑nf

i=1(yi − ŷi)
2 and

RSSm = 1
nm

∑nm

i=1(yi − ŷi)
2.

Finally, the absolute error difference metric is calculated
by finding the absolute difference between the average RSS
of each subgroup. For a scenario with two subgroups based
on gender, the absolute error difference metric is given by
|RSSf − RSSm|. This metric serves as a measure of the
discrepancy in error between groups resulting from the re-
gression model. A lower absolute error difference signifies a
fairer model, whereas a higher value indicates a more biased
model. Essentially, our unfairness metric reflects how well
the MARS model predicts the outcomes for each subgroup,
with a larger difference indicating greater accuracy for one
subgroup over another. By minimizing the average absolute
RSS difference, we aim to achieve demographic parity and
ensure fair and equal treatment for all subgroups.

Absolute error difference is preferable to other notions
of fairness, such as disparate impact or group loss, because
it captures the relative fairness between groups, rather than
the absolute fairness for any group. Additionally, it aligns
seamlessly with the non-linear and non-parametric nature of
MARS. Moreover, when dealing with continuous outcomes
that are sensitive to small changes, absolute error difference
is more advantageous compared to disparate impact or group
loss. For example, if the outcome is the income of workers,
absolute error difference would measure the absolute differ-
ence in the average prediction error or loss between work-
ers of different races or genders, while the disparate impact
would measure the difference in the percentage of workers
who are predicted to have a high income between workers
of different races or genders, and group loss would measure
the highest prediction error or loss among workers of differ-

ent races or genders. Absolute error difference may be more
appropriate than disparate impact or group loss in this case
because it reflects the continuous and granular nature of the
outcome, and because it does not impose arbitrary thresholds
or levels for defining favorable or unfavorable outcomes.

We can incorporate fairness into the MARS training pro-
cedure in two ways. First, we can select knots that reduce
both the overall RSS and the RSS difference of subgroups
in the knot selection step. This way, we can achieve fair-
ness by choosing knots that improve the model fit (accuracy)
and balance the error rates for different subgroups (fairness).
Second, we can incorporate fairness in the lack of fitness
(LOF) function in the forward step, where the coefficients
are estimated. We can convert the linear least-squares into
a weighted least-squares to reflect the proportional distribu-
tion of observations within each subgroup. By minimizing
the LOF function, we can find the optimal coefficients that
ensure fair representation across different subgroups.

Fairness-Aware Knot Selection
To add the RSS difference of subgroups to the knot opti-
mization of MARS, we need to modify the objective func-
tion of MARS that minimizes the RSS criterion. We need to
add a term that penalizes the RSS difference between sub-
groups, which means that we need to add a term that in-
creases the objective function value when the disparity is
high, and decreases it when the disparity is low. By mini-
mizing the absolute error difference within the knot search
objective function, we aim to ensure that the selection of
predictor variables and their knots does not introduce or ex-
acerbate bias or discrimination against any group. For exam-
ple, if we use the absolute error difference as our measure of
disparity, then we can add a term that is proportional to the
absolute value of the error difference between subgroups.

To incorporate the RSS difference of subgroups into the
knot optimization of MARS, we adjust the objective func-
tion used for minimizing the RSS criterion. This adjustment
involves including a term that penalizes the RSS difference
between subgroups. Essentially, this addition raises the ob-
jective function value when the disparity is high and reduces
it when the disparity is low. The objective of minimizing the
absolute error difference within the knot search function is
to ensure that the selection of predictor variables and their
knots does not introduce or exacerbate bias or discrimina-
tion against any specific group.

The objective function value combines RSS and disparity
weighted by λ,(

n∑
q=1

(yq − ȳ)2 −
M+1∑
i=1

βi (ci)

)
+

λ

 1

|S|

|S|∑
j=1

|RSSj − RSSS\j |

 ,

(5)

where S is the set of subgroups for sensitive attribute s.
The goal is to ensure that in each iteration of the for-

ward selection, while the model is minimizing RSS it also
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minimizes the absolute error difference between subgroups
by selecting fair-aware knots.

The output is a MARS model optimized for fair knot loca-
tions and counts to minimize both RSS and disparity. Never-
theless, there may be a trade-off between accuracy and dis-
parity, which can be adjusted using the λ parameter based
on specific preferences or constraints.

Similarly, in the backward elimination step, the procedure
involves calculating the change in both RSS and disparity
by removing a pair of basis functions associated with an
existing knot for each predictor variable. The objective is to
select the predictor variable and knot that result in the least
increase in both RSS and disparity.

Lemma 1. Consider a MARS model with q basis functions
and M set of coefficients, where RSSq represents the resid-
ual sum of squares and Disparityq denotes the disparity of
this model. Let xj be a predictor variable, and kjl ∈ Kj be
a candidate knot. Now, let RSSq+2 and Disparityq+2 be
the RSS and disparity for a new model, obtained by aug-
menting M with an additional pair of basis functions cen-
tered around kjl. Define ∆RSS = RSSq+2 − RSSq and
∆Disparity = Disparityq+2 −Disparityq .

The alteration in the objective function, resulting from the
addition of the basis functions, is given by:

∆(RSS + λDisparity) = ∆RSS + λ∆Disparity

where λ is a regularization parameter, influencing the
trade-off between accuracy and disparity.

The objective is to minimize this alteration, leading to the
identification of a knot that yields the smallest positive or
most negative value for this change, thus favoring the se-
lection of a knot that mitigates the unfairness of the MARS
model’s outcome.

Proof. Assume that we have a MARS model with q basis
functions and RSSq and Disparityq as the RSS and dispar-
ity for this model. Let xj be a predictor variable and kjl ∈
Kj be a candidate knot. Let RSSq+2 and Disparityq+2 be
the RSS and disparity for the new model with the added
pair of basis functions involving kjl. We want to show that
adding disparity to the objective function would result in se-
lecting a knot that reduces the unfairness of the MARS out-
come.
To do this, we need to compare the change in RSS and dis-
parity by adding the pair of basis functions. Let ∆RSS =
RSSq+2 − RSSq and ∆Disparity = Disparityq+2 −
Disparityq . We can write the objective function as:
RSS(M)+λDisparity(M) where λ is a regularization pa-
rameter that controls the trade-off between accuracy and dis-
parity. The change in objective function by adding the pair
of basis functions is: ∆(RSS + λDisparity) = ∆RSS +
λ∆Disparity. We want to minimize this change, so we
need to find a knot that gives the smallest positive or largest
negative value for this change. Now, suppose that there are
two subgroups, s1 and s2, such that the MARS model is
unfair to one of them. Without loss of generality, assume
that the MARS model underpredicts for subgroup s1 and
overpredicts for subgroup s2. This means that ȳs1 < ȳ and

ȳs2 > ȳ, where ȳsi is the mean predicted value for subgroup
si and ȳ is the overall mean predicted value. To reduce the
unfairness of the MARS outcome, we need to find a knot
that increases the RSS for subgroup s1 and decreases the
RSS for subgroup s2. This means that we need to find a knot
that increases the value of the basis function for subgroup s1
and decreases the value of the basis function for subgroup
s2. This would result in a negative value for ∆Disparity
since it would reduce the difference between subgroup RSS
and the overall RSS. However, this may also result in a posi-
tive value for ∆RSS, since it may increase the error between
actual and predicted values. Therefore, we need to balance
the trade-off between accuracy and disparity by choosing an
appropriate value for λ. If λ is too small, then we may not
reduce the unfairness enough. If λ is too large, then we may
sacrifice too much accuracy. Therefore, by adding disparity
to the objective function, we are more likely to select a knot
that helps reduce the unfairness of the MARS outcome, as
long as we choose an appropriate value for λ.

Proposition 1. Let xj be a predictor variable and x̄j,si be
the mean value of xj for subgroup si. Then there exists a
knot kjl ∈ Kj such that x̄j,s1 < kjl < x̄j,s2 or x̄j,s2 <
kjl < x̄j,s1 that increases the value of the basis function
B(x) = [x − kjl]+ or B(x) = [kjl − x]+ for subgroup s1
and decreases it for subgroup s2.

Proof. The proof is based on using the intermediate value
theorem to find a knot between the mean values of xj for the
two subgroups. The details are as follows: Without loss of
generality, assume that x̄j,s1 < x̄j,s2 . Let f(x) = x̄j,s1 − x.
Then f(x̄j,s1) = 0 and f(x̄j,s2) = x̄j,s1 − x̄j,s2 < 0. Since
f(x) is continuous, by the intermediate value theorem, there
exists a value kjl ∈ (x̄j,s1 , x̄j,s2) such that f(kjl) < 0. This
means that x̄j,s1 < kjl < x̄j,s2 . Therefore, we can use the
basis function B(x) = [x − kjl]+ to increase the value for
subgroup s1 and decrease the value for subgroup s2. This is
because subgroup s1 will have positive values for this basis
function (since their values are above kjl), while subgroup
s2 will have zero values for this basis function (since their
values are below kjl).

The proposition shows that we can change the shape and
location of the MARS model by adding a pair of basis func-
tions that involve a new or existing knot for each predictor
variable. By choosing a knot that is between the mean values
of xj for subgroup s1 and subgroup s2, we can increase the
value of the basis function for subgroup s1 and decrease the
value of the basis function for subgroup s2. This is because
subgroup s1 will have positive values for the basis function
(since their values are above the knot), while subgroup s2
will have zero values for the basis function (since their val-
ues are below the knot).
For example, suppose that we have a predictor variable xj

with values ranging from 0 to 10, and two subgroups s1 and
s2 with mean values of 3 and 7, respectively. If we choose a
knot at 5, then we can use the basis function B(x) = [x−5]+
to increase the value for subgroup s1 and decrease the value
for subgroup s2. This is because subgroup s1 will have pos-
itive values for this basis function (since their values are
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above 5), while subgroup s2 will have zero values for this
basis function (since their values are below 5). By increasing
the value of the basis function for subgroup s1 and decreas-
ing the value of the basis function for subgroup s2, we can
change the predicted values for these subgroups. This means
that the predicted values for subgroup s1 will increase, and
the predicted values for subgroup s2 will decrease, resulting
in a more balanced mean squared error (MSE).

Fairness-Aware Coefficient Estimation
In fairMARS, we enhance the loss function by incorporating
weights that reflect the proportional distribution of observa-
tions within each protected value, transforming the MARS
linear least-squares loss into a weighted least-squares regres-
sion (Agarwal, Dudı́k, and Wu 2019). The MARS model,
developed by Friedman for B-spline fitting, is represented
as:

g′(x) =

M−1∑
i=1

βiBi(x)+βMBm∗(x)xv+βM+1Bm∗(x) (xv − k)+

(6)
The lack-of-fit (lof ) of g′ to the data is defined as:

∆[g′(x), yi] =

N∑
i=1

[g′(xi)− yi]
2 (7)

MARS coefficients (βi) are determined independently of re-
sponse values (y1, . . . , yn) and adjusted via a least-squares
fitting procedure of g′ to the training dataset using basis
function parameters.

For faircoef estimation, we extend the loss function by
assigning weights to observations based on wi = 1

σi
,

reflecting the proportion of each subgroup in the training
data. This transforms the MARS linear least-squares loss
(equation 7) into a weighted least-squares regression:

∆[g′(x), yi] =

N∑
i=1

wi[g
′(xi)− yi]

2 (8)

The faircoef coefficients can be obtained through the
optimization process:

{
β̂j(x)

}M−1

1
= argmin
{βj}M−1

1

(
N∑
i=1

wi

[
g′(xi)− yi

]2) (9)

Experiments
Datasets: Our evaluations employed diverse real-world
datasets to comprehensively assess the performance and fair-
ness attributes of the proposed fairMARS model. Dataset
details are outlined as follows: ELS Dataset (Bozick, Lauff,
and Wirt 2007): Comprising 1186 instances and featuring
40 predictor variables, we consider “race” as a sensitive
attribute with 5 distinct categories and “GPA” as the re-
sponse variable. Crime Dataset (Dheeru and Taniskidou
2017): Consisting of 1994 instances and 128 predictor vari-
ables, we consider “race” as a sensitive attribute, classi-
fied into 2 categories: 1 representing a predominantly black
community, and 0 denoting others. The response variable is

Dataset Metric MARS fairknot DT fairDT fairLR
ELS MSEtest 0.020 0.021 0.028 0.210 0.185

Asian 0.005 0.004 0.006 0.063 0.103
Black 0.016 0.016 0.006 0.029 0.062
Hispanic 0.008 0.007 0.007 0.075 0.050
Multiracial 0.022 0.023 0.040 0.009 0.134
White 0.009 0.009 0.009 0.004 0.078

Crime MSEtest 0.019 0.020 0.021 0.053 0.022
Black 0.030 0.029 0.029 0.215 0.028

Student MSEtest 3.666 3.574 10.62 14.127 4.631
Performance Gender 3.665 3.487 6.715 5.571 3.233

Table 2: MSE & Subgroup Absolute Error Difference:
10-fold Cross-Validation Across Models and Datasets

Metric
λ

0 (MARS) 0.2 0.3 0.4 0.6 0.7 0.8 0.9

MSEtest 0.151 0.149 0.149 0.149 0.149 0.141 0.141 0.141
R2

test 0.687 0.691 0.691 0.691 0.691 0.708 0.708 0.708
Asian 0.003 0.003 0.003 0.003 0.003 0.056 0.056 0.056
Black 0.172 0.150 0.150 0.150 0.150 0.160 0.160 0.160
Hispanic 0.017 0.012 0.012 0.012 0.012 0.012 0.012 0.012
Multiracial 0.056 0.057 0.057 0.057 0.057 0.050 0.050 0.050
White 0.058 0.048 0.048 0.048 0.048 0.031 0.031 0.031

Table 3: MSE, R2, & Subgroup Absolute Error Difference:
Single Fold Implementation of fairknot on ELS Dataset

“crimes per capita”. The analysis included the top 11 impor-
tant features using random forest feature importance scores.
Student Performance Dataset (Cortez 2014): Comprising
395 instances and 33 predictor variables, we consider “gen-
der” as a sensitive attribute, classified with a binary distinc-
tion. The response variable is the final grade.

Evaluated Algorithms: MARS: The original MARS al-
gorithm without fairness enhancements (Friedman 1991).
fairMARS: In our analysis, we will assess the individual
components of fairMARS, namely fairknot and faircoef,
both independently and in combination. This evaluation will
be conducted in comparison to the MARS algorithm. We
will further compare the performance of fairknot against
the following algorithms: MIP-DT fair regression tree
(Aghaei, Azizi, and Vayanos 2019): This approach inte-
grates a regularization term into the Mixed-Integer Program-
ming objective function to address fairness (disparate im-
pact and treatment) in regression tasks. In this paper, we
will denote this method as “fairDT”. This approach aims to
balance accuracy and fairness, albeit with higher computa-
tion times. MIP regression tree (CART): a classic method
for constructing decision trees in regression problems. This
method does not consider any fairness criteria. We will
denote this method as “DT.” Fair Regression (Agarwal,
Dudı́k, and Wu 2019): This approach leverages bounded
group loss in regression tasks. Employing Linear Regression
as its estimator, it aims to minimize empirical error while
reducing unfair disparities among distinct groups. We will
denote this method as “fairLR.”
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faircoef MARS fairknot & faircoef fairknot
coef coef Basis Function coef coef Basis Function
0.20 0.18 Intercept 0.67 0.69 Intercept
0.53 0.51 F3 GPA(first year) 0.58 0.53 h(F3 GPA(first year)
0.06 0.10 9 12 GPA 0.07 0.11 9 12 GPA
pruned pruned h(Std Math/Reading-49.86) pruned pruned h(Std Math/Reading-49.08)
-0.03 -0.02 h(49.86-Std Math/Reading) pruned pruned h(49.08-Std Math/Reading)
0.11 0.09 Ins attended 0.11 0.09 Ins attended
0.12 0.11 gender Female 0.12 0.09 gender Female
0.01 0.02 Parents education pruned pruned h(F1 Std Math-52.65)
-0.18 -0.16 Black pruned pruned h(52.65-F1 Std Math)
0.19 0.15 h(%Hispanic teacher-93) 0.02 0.02 Parents education
pruned pruned h(93-%Hispanic teacher) pruned pruned h(Std Math/Reading-59.75)
0.09 0.06 Generation -0.02 -0.01 h(59.75-Std Math/Reading)
0.01 0.01 credits(first year)
pruned pruned Marital Par Single
pruned pruned Marital Par Married
0.01 0.01 F1 Std Math
pruned pruned %Indian teacher

Table 4: Comparison of MARS, fairknot, faircoef, and fairknot&faircoef

Implementation: We implemented fairMARS by extend-
ing the Py-earth package (Rudy 2016), a Python implemen-
tation of Friedman (1991)’s MARS algorithm following the
Scikit-learn design. Py-earth uses Cython to optimize its im-
plementation and supports Scikit-learn’s interfaces. Our ex-
tended version preserves the original capabilities of the Py-
earth package, including efficient handling of large datasets
and fast processing, while incorporating additional com-
ponents to embed fairness considerations. fairMARS re-
sources, including code, instructions, datasets and variable
descriptions, can be found on GitHub1 (Haghighat 2024).
For the fairDT, we utilized Aghaei, Azizi, and Vayanos
(2019)’s MIP-DT code, employing Gurobi 10.0.2 on a com-
puter node with 18 CPUs and 256 GB of RAM. For the
DT method, we used the MIP-DT code, setting the fair-
ness penalty value to 0 to deactivate the fairness component.
For the fairLR approach, we used the GridSearchReduction
method from the aif360 package, employing linear regres-
sion as the estimator and squared loss for optimization.

Fairness-Accuracy Trade-off Analysis
Exploring the interplay between fairness and accuracy, we
conducted evaluations using λ ∈ {0.2, 0.4, 0.6, 0.8} within
both fairMARS and fairDT models. Table 2 provides in-
sights into MSE and subgroup disparity across datasets for
these models. We selected the optimal λ for each model to
minimize discrimination. Notably, fairMARS demonstrated
remarkable efficiency, with average fold times of about 3,
2, and 0.5 minutes for the ELS, crime, and student perfor-
mance datasets, respectively. In contrast, the fairDT model
took 3, 2, and 1 hour per fold to optimize on the ELS, crime,
and student performance datasets, respectively.

1https://github.com/parianh/fairMARS

Figure 1: Knot Selection fairknot vs. MARS

Fair Knot Selection vs. Fair Coefficient Estimation
In this section, we present a practical case study where we
apply MARS and our proposed fairMARS with different
subroutines for fairness considerations on a single fold of
the ELS dataset. We investigate fairMARS with three sub-
routines: using fairknot, faircoef, and a combination of both
fairknot and faircoef. The goal is to compare the resulting
basis functions and coefficients across these models and an-
alyze their effects on fairness and accuracy. In Table 4, we
can observe that faircoef primarily impacts the coefficients,
aiming to enforce fairness while keeping the basis functions
unchanged. On the other hand, fairknot leads to different
sets of basis functions and knot positions. Some other obser-
vations from this comparison are:
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Balancing Fairness and Accuracy: MARS is a flexible and
adaptive technique that can adjust its basis functions accord-
ing to the data distribution (Friedman 1991). While being
sensitive to data distribution, MARS maintains its accuracy
due to its inherent generalized cross-validation mechanism.
This adaptability of MARS proves to be a remarkable ad-
vantage in the context of fairMARS, where the interplay be-
tween fairness and accuracy does not necessarily lead to a
trade-off. This intriguing observation is supported by the re-
sults presented in Table 3, where the MSE and R2 metrics
remain not only consistent but occasionally even exhibit im-
provement.

It is also important to emphasize that fairknot introduces
localized corrections to reduce the error differences between
subgroups, such as white and black students, choosing dif-
ferent knot locations for each subgroup. This makes the re-
gression model more fair and less biased towards any sub-
group. However, this does not guarantee that the error of
each subgroup will always go down. Depending on the data
and the λ value, some subgroups may have the same or
slightly higher error when we use fairknot, while others
may have lower error. For instance, in Table 3, the dispar-
ity for the Asian subgroup remains stable or slightly worsens
with the integration of fairknot, while the disparities of other
subgroups show improvement. This is because fairknot bal-
ances fairness and accuracy, and there is sometimes a trade-
off between them.
fairknot Impact on Basis Functions: Table 4 showcases a
specific instance in which fairknot modifies the knot loca-
tion of a basis function: “Std Math/Reading”. This continu-
ous predictor exhibits varying distributions across different
subgroups (as seen in Figure 1). fairknot adjusts the knot
position closer to the average distribution of all subgroups.
This demonstrates that fairknot can adapt the basis func-
tions to the data characteristics of each subgroup, ultimately
enhancing fairness. Table 5 presents a comparative analy-
sis of the results obtained using MARS and fairMARS on
higher-degree (2nd-degree polynomial) basis function and
coefficient estimates. The MARS results reveal 9 higher-
order interactions, while fairMARS reduces this count to 5
interactions. We also observe that the fairMARS maintains
the selection of the most important features in the ELS
dataset [9 12 GPA, F3 GPA(fist year), credits(first year),
Std Math/Reading].

These results demonstrate that our proposed fairMARS ap-
proach can balance fairness and accuracy in regression mod-
eling by using different combinations of fair knot selection
and fair coefficient estimation. Depending on the applica-
tion domain and the desired trade-off, users can choose the
appropriate scenario for their regression tasks.

Conclusion
In this study, we introduced the fairMARS algorithm, which
incorporates fairness metrics into the learning process. Our
primary objective was to address disparities among sensitive
subgroups by optimizing knots, a procedure supported by
both theoretical justification and empirical validation. The
fairMARS algorithm not only mitigates disparity but also

MARS
coef Basis Function
-0.64 (Intercept)
0.64 F3 GPA(first year)
pruned 9 12 GPA
-0.01 h(Std Math/Reading-49.86)*9 12 GPA
pruned h(49.86-Std Math/Reading)*9 12 GPA
0.01 credits(first year)*F3 GPA(first year)
-0.01 credits(first year)*9 12 GPA
0.22 Ins attended
0.01 %white teacher
-0.01 %white teacher*F3 GPA(first year)
pruned gender Female
0.01 Parents education*%white teacher
pruned h(Std Math/Reading-52.23)*gender Female
pruned h(52.23-Std Math/Reading)*gender Female
-0.01 credits(first year)*Ins attended
0.01 %Hispanic NR teacher*%white teacher
pruned %Hispanic NR teacher*F3 GPA(first year)
0.01 Std Math/Reading*9 12 GPA
pruned h(Std Math/Reading-68.48)*9 12 GPA
pruned h(68.48-Std Math/Reading)*9 12 GPA
pruned Marital Par Single chld*Ins attended
-0.02 Parents education*F3 GPA(first year)
0.03 English*F3 GPA(first year)
pruned English*9 12 GPA
0.00 %Black teacher*gender Female
0.16 Hispanic
pruned %Hawaiian teacher*F3 GPA(first year)
pruned %Indian teacher*%white teacher
pruned White*F3 GPA(first year)

fairknot
coef Basis Function
0.70 (Intercept)
0.33 F3 GPA(first year)
0.24 9 12 GPA
0.00 h(Std Math/Reading-49.08)
-0.03 h(49.08-Std Math/Reading)
0.01 credits(first year)*F3 GPA(first year)
-0.01 credits(first year)*9 12 GPA
pruned h(Std Math/Reading-59.75)*h(Std Math/Reading-49.08)
pruned h(59.75-Std Math/Reading)*h(Std Math/Reading-49.08)

Table 5: Comparative Analysis of Non-Linear Modeling
(2nd Degree Polynomial) of MARS and fairknot.

produces interpretable decision rules by deriving optimal
and fair variable splitting criteria. The algorithm’s high
computational speed makes it particularly advantageous for
practitioners seeking efficient and equitable predictive mod-
eling solutions in a regression setting.
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