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Abstract
This paper presents, for the first time, a distance metric learning algorithm for monotonic classification. Monotonic datasets
arise in many real-world applications, where there exist order relations in the input and output variables, and the outputs
corresponding to ordered pairs of inputs are also expected to be ordered. Monotonic classification can be addressed through
several distance-based classifiers that are able to respect themonotonicity constraints of the data. The performance of distance-
based classifiers can be improved with the use of distance metric learning algorithms, which are able to find the distances
that best represent the similarities among each pair of data samples. However, learning a distance for monotonic data has
an additional drawback: the learned distance may negatively impact the monotonic constraints of the data. In our work, we
propose a new model for learning distances that does not corrupt these constraints. This methodology will also be useful in
identifying and discarding non-monotonic pairs of samples that may be present in the data due to noise. The experimental
analysis conducted, supported by a Bayesian statistical testing, demonstrates that the distances obtained by the proposed
method can enhance the performance of several distance-based classifiers in monotonic problems.

Keywords Distance metric learning · Monotonic classification · Nearest neighbors · Triplet loss · M-Matrix

1 Introduction

Monotonic constraints [19] are common in real-world predic-
tion problems where the variables to be predicted are ordinal
and their order depends on the input data. For example, when
predicting house prices, it is expected that—all other things
being equal—a bigger house in the same area will have a
higher price. Similarly, in predicting students’ final grades,
students with consistently higher grades during a course are
also expected to have a higher final grade. These problems
are known as monotonic classification problems [6], and are
relevant in fields such as credit risk modeling [8] and lec-
turer evaluation [5]. Monotonic problems are prevalent in
many heavily-regulated industries, and incorporating reason-
able expectations about consistent application of selection
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constraints into automated decision-making systems [29] is
crucial [9, 20].

When dealing with these problems, accuracy is not the
sole factor to consider. It is equally crucial that the predic-
tions closely follow the monotonic constraints present in the
data. Furthermore, the cost of an incorrect prediction should
increase as the prediction deviates further away from its
actual value. Consequently, there is a need for classifiers that
can handle these constraints and factor them in while making
predictions.

Ordinal regression methods [17] are commonly used in
classification problems where the labels possess an inher-
ent ordering. These methods, which continue to be widely
popular today [10, 39, 40], can be particularly useful for
monotonic data as the labels in such data also have an
inherent ordering. However, ordinal regression methods are
not designed to handle monotonic constraints unless they
are tailored to that purpose. Despite the significance of
monotonicity in several real-world applications, only a few
ordinal regression methods specifically address this prop-
erty. Therefore, further research is necessary to develop
more effective and efficient methods for monotonic classi-
fication. In recent years, there has been a growing effort to
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develop new methods for monotonic classification by adapt-
ing prominent algorithms from nominal classification, such
as decision trees [27] or random forest [42], while also striv-
ing to enhance the explainability of the models [23].

Similarity-based learningmethods havebeen successful in
monotonic classification problems [6]. This type of learning
is inspired by the human ability to recognize objects by their
resemblance to other previously seen objects. This idea can
be extended to fulfill monotonicity constraints by restricting
similar objects or instances to those that comply with these
constraints. The well-known nearest neighbors rule for clas-
sification [11] has been extended following this idea, so that
the nearest neighbors are filtered in order to meet the mono-
tonic constraints [13]. Recently, a new proposal restated the
previous idea using a fuzzy approach [16] aiming to gain
robustness against possible noise in the monotonicity con-
straints.

All of the above algorithms require a distance metric
to function, and standard distances such as the Euclidean
distance have become the go-to choice. However, using a
distance metric that is better suited to the data can improve
classifier performance. Distance metric learning [33] accom-
plishes this task and has been successful in several advanced
learning problems, such as multi-output learning [21] or
multi-dimensional classification [22], aswell as ordinal prob-
lems with no monotonic constraints [25, 32]. However, its
application when monotonicity constraints are present adds
a significant hurdle.Distancemetrics have the ability to trans-
form the space [14] and, while this can reduce the number
of instances that may break the monotonicity of the dataset,
it is difficult to ensure that no new false monotonic con-
straints are introduced in the process—which may worsen
the quality of the data. Although preprocessing techniques
such as feature selection methods [28, 44] are effective in
monotonic classification problems, the same cannot be said
for preprocessing techniques that have the potential to mod-
ify the interdependence among features. Consequently, the
application of distance metric learning algorithms becomes
challenging, making it hard to enhance distance-based clas-
sifiers.

Our research presents a novel distance metric learning
algorithm for monotonic classification. This algorithm aims
to transform the input space in such a way that no new
monotonic constraints are introduced, thus resolving the ear-
lier issue. We accomplish this objective through monotonic
matrices and M-matrices [4], which possess unique charac-
teristics for defining distances that are highly advantageous
formonotonic datasets. Aswe proceed further into this paper,
we will delve deeper into these properties.

This paper represents an extension of our previous work
on distancemetric learning formonotonic classification [34].
While our earlier paper focused on the development of the
basic algorithm and its initial evaluation, this paper presents

a comprehensive analysis of the method that includes an
expanded description of the method, a further analysis of the
background and a theoretical justification of our approach.
Our work also provides an extensive experimental evaluation
of the method. Specifically, we have conducted a Bayesian
statistical analysis of the results and performed a hyperpa-
rameter analysis to explore the impact of different parameter
settings on the performance of the algorithm. We consider
the most relevant metrics in monotonic classification to mea-
sure classification performance and test constraint fulfillment
after applying our proposed transformations.

The paper is organized as follows. Section 2 describes
the current state of distance metric learning and mono-
tonic classification from a similarity-based learning per-
spective. Section 3 outlines our proposal of distance metric
learning for monotonic classification. Section 4 describes
the experiments conducted to evaluate the performance
of our algorithm, and the results obtained, including the
Bayesian statistical analysis and the hyperparameter discus-
sion. Finally, Section 5 ends with the concluding remarks.

2 Background

In this section we will discuss the main problems we
have tackled in this paper: distance metric learning, mono-
tonic classification and how similarity-based methods are
employed to address monotonic classification nowadays.

2.1 Distancemetric learning

Distance metric learning [33] arose with the purpose of
improving similarity-based (or, equivalently, distance-based)
learning methods such as the k-nearest neighbors classifier,
or k-NN. For this purpose, distance metric learning aims
at learning distances that facilitate the detection of hidden
properties in the data that a standard distance, such as the
Euclidean distance, would fail to discover. Here, we will
define distance as any map d : X × X → R, where X is
a non-empty set, satisfying the following conditions:

1. Coincidence: d(x, y) = 0 ⇐⇒ x = y, for every
x, y ∈ X .

2. Symmetry: d(x, y) = d(y, x), for every x, y ∈ X .
3. Triangle inequality: d(x, z) ≤ d(x, y) + d(y, z), for

every x, y, z ∈ X .

We will also consider as distances the so-called pseudo-
distances, which are those maps that verify (2) and (3), and
where d(x, x) = 0 instead of (1).

Linear distance metric learning is the most common
approach to learning distances between numerical data. It
consists in learningMahalanobis distances,which are param-
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eterized by positive semidefinite matrices. Given a positive
semidefinite matrix M ∈ Md(R)+0 , and x, y ∈ R

d , the
Mahalanobis distance between x and y defined byM is given
as

dM (x, y) =
√

(x − y)T M(x − y).

Since every positive semidefinite matrixM can be decom-
posed as M = LT L with L ∈ Md(R) it follows that

dM (x, y)2 = (x − y)T M(x − y) = (x − y)T LT L(x − y)

= (L(x − y))T (L(x − y)) = ‖L(x − y)‖22.

Therefore, learning a Mahalanobis distance is equivalent
to learning a linear map L and then measuring the Euclidean
distance after applying that linear map. Thus, the linear dis-
tance metric learning approach comes down to learning a
positive semidefinite matrix (also called metric matrix) M
or a linear map matrix L . Both approaches are equivalent.
Learning M usually facilitates convexity during the opti-
mization, while learning L facilitates other tasks such as
dimensionality reduction [12].

2.2 Monotonic classification

Monotonic classification [6] arises in certain types of prob-
lems of ordinal nature with two particularities: firstly, there
are order relations in both the input data (samples) and the
output data (labels); secondly, for any given pair of instances,
their relative order is also expected to be present in the rel-
ative order of their class labels. This happens, for example,
when the data represent different measures or evaluations
on a particular topic and the label represents a global expert
assessment. It is to be expected that, if the measures of one
instance are better than the measures of another instance, the
global assessment obtained should also be better.

We now formally define what a monotonic dataset is.
Let X = {x1, . . . , xN } ⊂ R

d be a numerical dataset. Let
y1, . . . , yN ∈ {1, . . . ,C} be the corresponding labels. The
labels can be ordered using the ordinal relation ≤ among the
natural numbers, since they take values between 1 andC . For
each pair of samples in X , we can also compare their features
element-wise.Wemay not be interested inmaking all the fea-
tures comparable, since the monotonic constraints affecting
the data may not be present in all the attributes. Thus, let
d1, . . . , dm ∈ {1, . . . , d} be the indices of all the features
that have monotonicity constraints. These constraints can be
direct or inverse. Without loss of generality, we can assume
all the constraints are direct, and otherwise we can just flip
the sign of the affected attribute.

Given two pairs of samples xi , x j ∈ X , we define an order
relation between them as the product order, considering only

the features with monotonicity constraints, i. e.,

xi ≤ x j ⇐⇒ xil ≤ x jl , for every l ∈ {d1, . . . , dm}.

Observe that this order is a partial order, that is, there may
be samples xi , x j such that xi 	≤ x j and xi 	≥ x j simulta-
neously. The dataset D = {(x1, y1), . . . , (xN , yN )} will be
monotonic if, for every xi , x j ∈ X , then

xi ≤ x j ⇐⇒ yi ≤ y j .

In other words, the dataset D is monotonic if, and only if,
for every comparable pair of samples, it is simultaneously
true that: (i) all the attributes with monotonic constraints of
the first instance are lower or equal than the attributes from
the second instance; and (ii) the label of the first instance is
lower or equal than the label of the second instance.

It is important to remark that, in real scenarios, due to the
subjective nature of the labeling process or to measurement
errors, some datasets may not be fully monotonic and there
may be several pairs of instances for which monotonicity is
broken. In any case, the goal ofmonotonic classification is to
provide algorithms that, when predicting new labels, are able
to respect the monotonicity constraints of the datasets, and
that are also robust against monotonicity clashes that may
arise when the dataset is not fully monotonic.

2.3 Monotonic classification and similarity-based
learningmethods

Similarity-based learning can be seen as closely related to
ordinal classification problems. Typically, it is to be expected
that if two samples are close their labelswill also be close, and
the farther apart the samples are themore different their labels
will be as well. The k-NN classifier can be easily adapted
to this setup. A common approach to handle ordinal labels
with this classifier is to modify the aggregation vote function
for the nearest neighbors, using, for example, the median of
the labels instead of the mode. This can also be extended to
handle situations where additional information beyond the
labeled data is available [35]. In general, similarity-based
algorithms are beneficial in other problems related to ordinal
data, including ranking [30].

Whenour data also havemonotonic constraints, additional
caution is necessary, since we want the values predicted by
the classifier to satisfy these constraints as far as possible.
An immediate extension of the nearest neighbors classifier
to monotonic classification problems is the monotonic k-
nearest neighbors classifier (Mon-k-NN), which takes into
account only the nearest neighbors whose labels lie on an
interval that does not violate the monotonicity constraints
[13]. Given a sample x0 ∈ R

d we can consider the interval
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[ymin, ymax], where

ymin = max{y ∈ {1, . . . ,C} : (x, y) ∈ D and x ≤ x0}
ymax = min{y ∈ {1, . . . ,C} : (x, y) ∈ D and x0 ≤ x}

Two variants of Mon-k-NN can be considered. The in-
range (IR) variant considers the k-nearest neighbors to x0
with labels in the interval [ymin, ymax], while the out-range
(OR) variant considers the k-nearest neighbors in D and then
only those neighbors with labels in [ymin, ymax] are factored
in for the vote (if no neighbors have labels in this range, then
a random label in the interval will be chosen). Observe that
this algorithm will not work properly if the dataset is not
fully monotonic. In such a case, ymin may be greater than
ymax. Therefore, it is necessary to apply a relabeling pro-
cess that makes the dataset fully monotonic while disturbing
it as little as possible. A relabeling method that is applied
on the complement of the maximum independent set of the
monotonicity violation graph is proposed in [13].

A more recent proposal [16] relies on the fuzzy k-NN
[18] in an effort to gain robustness against monotonicity con-
straints. The monotonic fuzzy k-nearest neighbors classifier
(Mon-F-k-NN) first uses the in-range monotonic k-nearest
neighbors to compute class membership probabilities for
each sample in the training set. For each xi ∈ X and
c ∈ {1, . . . ,C}, the probability u(xi , c) that the class of xi
will be c is defined as

u(xi , c) =
{
RCr + (nnc/k)(1 − RCr), if yi = c

(nnc/k)(1 − RCr),

where nnc is the number of nearest neighbors of the class c
and RCr is a real class relevance estimation, between 0 and
1 (typically established as 0.5). From these memberships,
each sample is reassigned to a class whose probability is a
median value within the list of membership probabilities for
the sample. This class reassignment enhances themonotonic-
ity of the dataset. Finally, at the prediction stage, given the
sample x , its k monotonic nearest neighbors xi1 , . . . , xik are
found and used to compute the membership probabilities of
x as

u(x, l) =

k∑
j=1

u(xi j , l)
pOR j

‖x−xi j ‖m−1

k∑
j=1

pOR j

‖x−xi j ‖m−1

.

Again, both in-range and out-range variants are available at
the prediction stage. The out-range variant considers all the
neighbors, even if their labels are not in [ymin, ymax]. If this
is the case, then pOR j is set to a previously fixed out-range
penalty that decides how much weight these neighbors will

have in the computation of the membership. In any other
case, pOR j = 1. The parameter m determines the influence
of the distances of the neighbors. Lastly, the final class of
x is taken again using the class associated with the median
membership probability in u(x, ·).

2.4 Monotonic classification and distancemetric
learning

Learning a Mahalanobis distance for a monotonic classifica-
tion problem has several difficulties to overcome. If we try to
learn the distance using a metric matrix, the distance is mod-
ified while the dataset is not, thus its monotonicity remains
unchanged. This is not entirely positive, since the potential
of distance metric learning gets squandered and, therefore,
also the possibility of reducing the non-monotonicity of the
dataset if it exists. However, if we learn the distance using
a linear transformation, there is no guarantee that new false
monotonic constraints are added. Thismay happen if we pick
a distance defined by a generic L ∈ Md(R). Consider, for
example, the extreme case of a matrix L defining a 90-degree
rotation in R

2. If such a matrix transforms the dataset, all
the monotonic constraints of the original dataset are lost and,
furthermore, all those pairs of instances that were not compa-
rable become false monotonic constraints with this rotation.

These drawbacks have so far prevented the development
of distance metric learning algorithms for monotonic classi-
fication. To the best of our knowledge, there are currently no
proposals in this area.

3 Algorithm description

In this section we will describe our distance metric learning
proposal for monotonic classification. First, we will intro-
duce the concepts needed to apply the algorithm. Then, we
will describe the algorithm and, finally, we will show its opti-
mization procedure. We named this approach Large Margin
Monotonic Metric Learning (LM3L).

3.1 Preliminary definitions

Wewill focus on the case where all the features in the dataset
are subject to direct monotonicity constraints, so that the
order relationship in the dataset coincides with the product
order in R

d . It’s important to note that if there are inverse
monotonicity constraints present, we can simply invert the
sign of the corresponding features and apply the algorithm
to the resultant dataset. Additionally, we will discuss the sit-
uation involving non-monotonic features at the end of the
section.

As mentioned above, one of the problems of learning a
distance bymeans of a linear transformation is that this trans-
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formation disturbs the monotonic constraints and, therefore,
some new constraints that are not necessarily true could be
added. However, this can be avoided by restricting ourselves
to the appropriate subset of matrices, such as the one defined
below.

Definition 1 A linear transformation or square matrix L ∈
Md(R) is said to be monotone [4] if for any real vector
x ∈ R

d , we have that

Lx ≥ 0 �⇒ x ≥ 0,

where 0 ∈ R
d is the vector with zeros in all its entries and ≥

is the product order in Rd .

Observe that, if L is monotone, if we have two samples
xi , x j ∈ X so that Lxi ≥ Lx j , then L(xi−x j ) ≥ 0 and there-
fore xi ≥ x j . Thismeans that any pair of samples thatmeets a
monotonicity constraint after applying L was already meet-
ing the constraint before applying the transformation. So,
when L is monotone, no new monotonic constraints can be
added after the dataset is transformed.However, this property
is not reciprocal: if xi ≥ x j , it does not necessarily follow that
Lxi ≥ Lx j . Consequently, some monotonic constraints may
be lost in this transformation. This will allow the algorithms
that use this type of matrices to select the constraints that
may be more relevant in the dataset without ever adding new
incorrect monotonicity constraints after applying the trans-
formation.

Monotone matrices are tough to use in optimization set-
tings, since they cannot be adequately parameterized for this
purpose.When L is invertible andmonotonic, L is the inverse
of a positivematrix (that is, amatrixwith all its entries greater
than or equal to zero). This may facilitate its parameteriza-
tion, but the computation of the inverse matrix would make
the optimization procedure very expensive. However, there
is a subset of monotone matrices with much more suitable
properties for use in differential optimization. We describe
them below.

Definition 2 A linear transformation or square matrix L ∈
Md(R) is anM-Matrix [4] if it can be expressed as L = s I−
B,where I is the identitymatrix of dimensiond, B ∈ Md(R)

is a positive matrix, and s ∈ R verifies that s ≥ ρ(B), where
ρ(B) is the spectral radius of the matrix B.

M-matrices are monotone [4] and, since they depend on
the real value s and the positive matrix B, they can be eas-
ily and efficiently used to optimize a differentiable objective
function.

3.2 Objective function and optimization

After establishing the linear applications that enable us to
regulate the monotonicity of the dataset, the next step is to

define the function to be optimized. Since the linear applica-
tion already controls the monotonicity implicitly, the focus
of the objective function will be on assessing a goodness-of-
classification metric. This metric should consider the ordinal
nature of the dataset, in that the prediction penalty should
increase as the actual label moves farther away from the pre-
dicted label.

Drawing inspiration from the large margin proposals for
distance metric learning in other classification tasks [25, 43],
we present a triplet-based objective function. For each anchor
sample xi in the dataset, we consider a positive sample x j
and a negative sample xl such that yi ≤ y j < yl or yi ≥
y j > yl . The aim is to minimize the distance from xi to
x j while simultaneously maximizing the distance from xi
to xl . The objective function and the associated constrained
optimization problem are defined as follows:

min
L∈Md (R)

f (L) =
∑
xi∈X

∑
x j ,xl∈U(xi )
yi≤y j<yl

or
yi≥y j>yl

[‖L(xi −x j )‖2−‖L(xi − xl )‖2 + λ
]
+

s. t. :L = s I − B

Bi j ≥ 0, (i, j = 1, . . . , d)

s ≥ ρ(B).

(1)

In the aforementioned optimization problem, the notation
[z]+ = max{z, 0} is used, where λ denotes a margin con-
stant. The aim is to ensure that the distance from the negative
sample to the anchor sample is not smaller than the dis-
tance from the positive sample to the anchor sample plus
the margin constant. Moreover, for each xi ∈ X , U(xi ) rep-
resents a neighborhood that includes the K nearest neighbors
to xi for the Euclidean distance. This neighborhood is com-
puted prior to the optimization process and serves to filter the
instances that are initially farther away, giving a local charac-
ter to the method and reducing the computational cost. This
draws inspiration from the metric learning method for ordi-
nal regression proposed in [25]. The parameter K represents
a hyperparameter that can be adjusted to enhance algorithm
performance. It is suggested to set K to a sufficiently large
value to ensure representative neighborhoods. This is fur-
ther discussed in Section 4.5. The choice of the Euclidean
distance stems from its suitability as an a priori distance
measure before the algorithm learns from the data [24, 36,
41, 43].However, alternative precomputeddistancemeasures
can also be considered.

The constraints specified in the optimization problem of
(1) guarantee that no additional monotonic constraints are
introduced when the dataset is transformed. On the other
hand, the objective function aims to bring data from nearby
classes closer while pushing data from distant classes farther
apart. By minimizing (1), the transformed dataset that we
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obtain has optimal ordinality and monotonicity properties,
which can then be learned by a similarity-based classifier.

To optimize (1), we propose a stochastic projected gradi-
ent descent method. Since L is fully parameterized by s and
B, the optimization problem can be rewritten as

min
s∈R,B∈Md (R)

s≥ρ(B)
Bi j≥0 ∀i, j

f (L)=
∑

xi∈X

∑

x j ,xl∈U(xi )
yi≤y j<yl

or
yi≥y j>yl

[
‖(s I − B)(xi − x j )‖2

− ‖(s I − B)(xi − xl )‖2 + λ
]
+ .

(2)

At each gradient step we can update the pair (s, B) using
the partial derivatives. We know that [26]

∂ f

∂s
(s, B) =

∑

xi∈X

∑

x j ,xl∈AL (xi )

dTi j [2s I − (B + BT )]di j −dTil [2s I−(B+BT )]dil ,

(3)
∂ f

∂B
(s, B) =

∑

xi∈X

∑

x j ,xl∈AL (xi )

2(B − s I )(Oi j − Oil ), (4)

where di j = xi − x j , Oi j = di j dTi j , andAL(xi ) is the set of
active (positive, negative) 2-tuples associatedwith the anchor
sample xi and L = s I − B, that is:

AL (xi ) ={(x j , xl ) : x j , xl ∈ U(xi ), [(yi ≤ y j < yl ) or (yi ≥ y j > yl )] and
‖L(xi − x j )‖2 − ‖L(xi − xl )‖2 + λ > 0}.

From this, in the stochastic gradient descent process, we
choose at each step a random sample xi ∈ X and update
s and B with the following rules:

snew = sold − η
∑

x j ,xl∈A(xi )

dTi j [2s I − (B + BT )]di j −dTil [2s I−(B + BT )]dil ,

(5)

Bnew = Bold − η
∑

x j ,xl∈A(xi )

2(B − s I )(Oi j − Oil ), (6)

where η is a pre-established learning rate. Since the above
update rules do not ensure that s and B meet the constraints
to which they are subject, it is necessary to project them
into the constrained set. Therefore, after applying the update
rules, we convert the negative entries of B to zero and, if s is
smaller than ρ(B), we make it equal to ρ(B):

π(B) = (B̃i j ), where B̃i j = max{Bi j , 0}, for each i, j = 1, . . . , d.

(7)

π(s) = max{s, ρ(B)}. (8)

This concludes the optimization process of LM3L . In
short, at each epoch the samples xi ∈ X are chosen ran-
domly. With each of the samples, s and B are updated using
the rules from (5) and (6) and then projected into valid values
with (7) and (8). The process is repeated until a maximum
of epochs is reached or the algorithm converges. With the
final values of s and B, the obtained distance is retrieved by
means of the linear transformation L = s I − B.

3.3 Benefits of themethod

Our distance metric learning algorithm for monotonic classi-
fication offers several advantages from a theoretical perspec-
tive. Firstly, it can find new transformed variables in the latent
space that may better capture themonotonicity of the dataset.
By learning a distance metric that is specifically tailored to
the problem of monotonic classification, without introduc-
ing any new fake monotonic constraints, the algorithm can
identify new features that are better suited for capturing the
underlying monotonic structure of the data. This can lead to
better classification performance and a deeper understanding
of the relationships between the variables.

Secondly, since no new monotonic constraints can be
added but some of them may be removed, our algorithm can
help us to filter the dataset and to discover different ways of
interaction in the latent space. By removing constraints that
are not relevant, the algorithm can provide insight into the
structure of the data and help us to discover new relationships
among the variables. This can be particularly useful in cases
where the data is high-dimensional or complex, and where
traditional methods may struggle to identify meaningful pat-
terns [38].

Finally, the new variables in the latent space can con-
tribute further information on how the variables are related
and their impact on the monotonicity of the dataset, which
can assist in making interpretable and explainable decisions
about the data. By providing a more complete picture of the
underlying structure of the data, the algorithm can help us to
identify important features and relationships that may not be
immediately apparent from the raw data. This can be partic-
ularly useful in cases where the data is being used to make
critical decisions, such as in finance or healthcare, where
interpretability and transparency are essential.

In summary, our distance metric learning algorithm offers
several major benefits from a theoretical perspective, includ-
ing the ability to identify new transformed variables in the
latent space, the ability to filter and discover new ways of
interaction in the data, and the ability to facilitate inter-
pretable and explainable decisions about the data. These
benefits make it a powerful tool for researchers and practi-
tioners working in a variety of fields and applications where
monotonicity is a key consideration.
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3.4 LM3L and non-monotonic features

In the previous sections we have assumed that all the fea-
tures in the dataset are subject to monotonic constraints.
However, this assumption may not hold in real-world sce-
narios. In the context of distance-based classification, both
the majority and median-vote k-NN classifiers do not con-
sider the monotonic constraints in any sense. On the other
hand, the monotonic and monotonic-fuzzy variants assume
the monotonicity across all the features [13, 16]. Since our
algorithm is designed to learn a distance that respects the
dataset’s monotonic constraints, it is essential to address how
to handle non-monotonic features and how the later classifi-
cation stage will be affected by them.

LM3L can be adapted or combined with other algorithms
in order to handle non-monotonic features. One approach
is to apply LM3L locally to the monotonic attributes and
then employ another distance metric learning algorithm for
standard classification [14, 43] locally to the non-monotonic
features. Concatenating the obtained maps, represented as
a matrix containing the two locally learned distance matri-
ces as blocks, will yield a global distance metric for use in
the classification stage. This method treats the two types of
features separately, thus not capturing interactions between
monotonic and non-monotonic features.

An alternative approach that does capture the interac-
tions between monotonic and non-monotonic features is to
introduce an unconstrained matrix L0 to the optimization
problem of (1) for the non-monotonic attributes. This intro-
duces the constraint L = s I − B + L0, where L0 only
contains non-zero rows in the positions corresponding to the
non-monotonic features. Consequently, the monotonic con-
straints remain effective for monotonic features, while L0

removes limitations on exploring the search space for non-
monotonic features.

In applying subsequent distance-based classification meth-
ods, since monotonic nearest neighbors approaches assume
all features are monotonic, it’s advisable to rely on standard
majority-vote or median-vote classifiers. These classifiers do
not assume monotonicity in the data, as those assumptions
are already considered during the distance learning stage.

4 Experiments

In this section we describe the experiments we have devel-
oped with our algorithm and the results we have obtained.

4.1 Experimental framework

We have assessed the distance metric learned by LM3L
through various distance-based classifiers. All of them are
variations of the nearest neighbors classifier, which include:

the original k-NN(majority-vote), themedian-vote k-NN, the
monotonic k-NN (both the in-range and out-range versions),
and the monotonic fuzzy k-NN (both the in-range and out-
range versions). The standard k-NN is commonly applied in
non-ordinal classification problems, while the median-vote
k-NN is the natural adaptation for k-NN in ordinal regression,
without taking into consideration anymonotonic constraints.
The remaining k-NN versions refer to the monotonic nearest
neighbors approaches discussed in Section 2.3.

The goal of these experiments is to evaluate whether the
distance metric learned by LM3L can improve the perfor-
mance of k-NN in two ways: (1) classification accuracy
when dealing with new data and (2) adherence to the mono-
tonic constraints of the dataset. To achieve this goal, we will
compare various versions of k-NN using both the Euclidean
distance and the distance learned by LM3L .

The experiments were conducted using a fixed number
of neighbors k = 9 for all the k-NN classifiers. The dis-
tances computed using each classifierwere evaluated through
a stratified 5-fold cross validation, which preserves the origi-
nal class proportions in each fold. Ten different numerical
datasets with monotonic constraints from various sources
were used in the experiments [1, 17, 37]. To prepare the data
for the experiments, any featureswith inversemonotonic con-
straints were sign-switched, and a min-max normalization to
the interval [0, 1] was applied. It is worth noting that some
datasets were not completely monotonic, and contained pairs
of samples that violated the monotonicity constraints. The
datasets selected for the experiments, alongwith their dimen-
sions and monotonicity properties, are presented in Table 1.

4.2 Metrics and results

To evaluate the classification performance of the distances
with each classifier, we have used two metrics: the mean
absolute error (MAE) [17], which penalizes the classifica-
tion error according to the distances between the labels, and
the concordance index (C-INDEX) [15], whichmeasures the
ratio between the number of ordered pairs in both true labels
and predictions and the number of all comparable pairs.

For the execution of these experiments, the parameters
suggested for LM3L are as follows: a fixed neighborhood
size of 50 for the anchor samples, a maximum of 300 opti-
mization epochs, a neighborhood margin λ of 0.1, and an
adaptive learning rate η. The adaptive learning rate starts
at 10−6 and, at each epoch, it is either increased by 1 %
if the objective function improves, or halved if it does not,
following the adaptive approach in [43]. These parameters
were chosen based on the guidelines of the algorithms that
inspired thismethod, aswell as a preliminary hyperparameter
analysis presented in Section 4.5. The code of LM3L used
for these experiments is available in pyDML [31], which is
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Table 1 Datasets used in the experiments

Dataset # Samples # Features # Classes Attribute directions Non-Monotonic pairs /
Comparable pairs (%)

autoMPG8 392 7 5 (-,-,-,-,+,+,+) 0.044 / 36.14

car 1728 6 4 All direct (+) 0.246 / 39.67

ERA 1000 4 9 All direct (+) 3.349 / 16.77

ESL 482 4 7 All direct (+) 0.585 / 59.81

LEV 1000 4 5 All direct (+) 1.330 / 24.08

machineCPU 209 6 5 (-,+,+,+,+,+) 1.196 / 46.24

pima 768 8 2 All direct (+) 0.151 / 6.576

SWD 1000 10 4 All direct (+) 0.949 / 12.62

balance 625 4 3 (-,-,+,+) 0.000 / 25.64

boston-housing 506 13 5 (-,+,-,+,-,+,-,+,-,-,-,+,-) 0.299 / 14.60

a Python library containing various distance metric learning
algorithms.

Table 2 shows the results of the classification performance.
This table also includes, for each combination of distance and
classifier, its average ranking over all the combinations of
distance and classifiers (AVG RANK [ALL]) and its average
rankingwithin the distances that use the same classifier (AVG
RANK [IN]). The combination of distance and classifierwith
the highest value or C-INDEX and MAE for each dataset is
highlighted in bold.

To evaluate the fulfillment of the monotonic constraints
we rely on the non monotonicity index (NMI). This metric is
a normalized measure of how many samples do not fulfill a
monotonic constraint. This can be used to evaluate both the
monotonicity of the transformed training dataset after apply-
ing LM3L and the monotonicity of the predicted samples
with respect the training dataset. For a training set X and a
labeled point (x, y) ∈ R

d × {1, . . . ,C} we define

NClashX (x)=|{xi ∈ X : (xi < x and yi > y) or (xi > x and yi < y)}|.

Then, the NMI of the labeled dataset X with respect to the
labeled dataset Y is defined as

NMI (X ,Y) = 1

|X ||Y| − |X ∩ Y|
∑
x∈Y

NClashX (x).

We can use the NMI in different ways. If we want to measure
the monotonicity of the original training set X , we can use
NMI (X ,X ). If we want to measure the monotonicity of
the training set after being transformed by a linear map L ∈
Md(R), we can use NMI (LX , LX ). Finally, if we want
to measure the monotonicity of a set of test samples and
their predictions, Xt , with respect to the training set, we can
use NMI (LX ,Xt ). Table 3 shows the results regarding the

fulfillment of the monotonic constraints. In this table, the
metric NMI-TRAIN represents the NMI for the training sets,
for the Euclidean distance (that is, with no transformations
applied) and for the transformed dataset using the distance
learned by LM3L . The NMI-TESTmetric represents each of
the NMIs of the training sets for each distance, with respect
to the sets of predicted values by each of the classifiers for
the test set. We also show the total of comparable pairs in the
training set (CP-TRAIN), and between the training and test
sets (CP-TEST), for each of the distances. The lowest values
of NMI and CP for each dataset are highlighted in bold.

Finally, we also include in Table 5 the time required for
LM3L to learn the distance within each dataset. It is impor-
tant to note that these times are independent of the classifier
employed, as the distance is learned independently of the
classification stage. In addition, there is no comparison with
the Euclidean distance, opposed as it was done in Table 2.
One might assume that the Euclidean distance requires zero
time, but in reality, no distance learning process occurs in
that scenario. The provided timings illustrate that the algo-
rithm scales effectively in response to the growing number
of samples in the datasets. This can be primarily attributed to
the local nature provided by the neighborhood filter during
triplet generation.

4.3 Analysis of results

Based on the results presented in Tables 2 and 3, we canmake
the following observations. Firstly, we can conclude that the
performance of the Med-k-NN classifier improves signifi-
cantlywhen combinedwith LM3L in terms of bothMAEand
C-INDEX. In fact, the combination of LM3L andMed-k-NN
is the most successful one in the experiments. In contrast, the
combination of LM3L with monotonic classifiers yielded
less competitive results compared to non-monotonic classi-
fiers, often performing worse than the Euclidean distance in
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Table 5 Time (in seconds) required for LM3L to learn the distance
within each dataset

TIME

autoMPG8 3053.281696

car 9943.930562

ERA 8204.803218

ESL 2991.658279

LEV 7656.171229

machineCPU 1502.185281

pima 5180.773168

SWD 7346.903710

balance 1818.846962

boston-housing 4512.102694

those particular cases. Thus, we can say that the distance
learned by LM3L is capable of achieving superior classifi-
cation performance compared to the Euclidean distance, but
only when used in combination with the more traditional k-
NN and Med-k-NN classifiers. This could be attributed to
the fact that the monotonic classifiers already heavily focus
on optimizing the constraint aspect, which may render their
combination with LM3L counterproductive. In any case,
combining LM3L with a non-monotonic classifier is not a
drawback, sincemonotonic constraints are already taken into
account in the distance learning process itself.

Finally, by looking at the monotonicity results, it becomes
evident that the transformation learned by our algorithm sig-
nificantly reduces the number of non-monotonic pairs of
samples after transforming the training set. The observed
monotonicity of the predicted samples with respect to the
training set confirms that LM3L is successful in decreasing
the number of predictions that violate a monotonic con-
straint, for all classifiers. This highlights the capability of
our method to avoid introducing new incorrect monotonic
constraints when transforming the dataset, owing to the uti-
lization ofM-matrices in the optimization process. However,
it is worth noting that the reduction in NMI comes at the
expense of diminishing the number of comparable instances
in the dataset, as is apparent in Table 3; the number of com-
parable pairs is consistently higher in the untransformed
dataset. Nevertheless, this reduction can assist in identifying
instances that are inaccurately linked in monotonic con-
straints due to noise or lack of accuracy. The results presented
in Table 4 demonstrate the performance of the NMI metric
when considering only the comparable pairs in both the train-
ing and test sets. The lowest relative NMI values are again
highlighted in bold. The average NMI values for Euclidean
and LM3L distances are similar, but LM3L outperforms
Euclidean distance in terms of ranking. These findings sug-
gest that, despite the reduction in the number of comparable

pairs, the NMI metric normalized by the number of compa-
rable pairs remains competitive when LM3L is employed.

4.4 Bayesian non-parametric statistical analysis

In order to assess the extent towhich the bestmodels obtained
outperform the other models, and to compare the distances
learned on the same classifier, we have performed a series
of Bayesian statistical tests. We have prepared several pair-
wise Bayesian sign tests [2] to perform these comparisons.
The tests take into account the differences between the C-
Index and MAE scores obtained by each pair of compared
algorithms, assuming that their prior distribution is a Dirich-
let process [3], defined by a prior strength s = 1 and a
prior pseudo-observation z0 = 0. After perceiving the score
obtained for each dataset, the tests produce a posterior dis-
tribution that gives us the probabilities that either one of the
compared algorithms outperforms the other, or that they are
practically equivalent. The region of practical equivalence
has been established as the region where the score differ-
ences are in the interval [−0.01, 0.01]. In summary, from the
posterior distribution we obtain three probabilities: the prob-
ability that the first algorithm outperforms the second, the
probability that the second algorithm outperforms the first,
and the probability that the two algorithms are practically
equivalent. The distribution can be plotted as a ternary sim-
plex plot for a sample of the posterior distribution, where a
greater skew of the points towards on of the regions represent
a higher probability.

To carry out the Bayesian sign tests we have used the R
package rNPBST [7]. In Figs. 1 and 2 we show all the pair-
wise comparisons among every combination of distance and
classifier. This comparison is displayed as a heatmap, with
the lower half showing the posterior probability for the algo-
rithm with the highest likelihood of outperformance against
its competitor. The color of the heatmap in this half indicates
which algorithm is the winner via an increase in color inten-
sity with higher probability of outperformance. The upper
half shows the posterior probabilities that the compared pairs
of algorithms are practically equivalent (the rope region prob-
ability). Again, the intensity of the color refers to a higher
probability, while the two colors indicate how high the rope
probability is: whether the algorithms are more likely to per-
form equivalently or the better algorithm in the lower half
clearly wins.

In the comparisons of Figs. 1 and 2, we can confirm that
Med-k-NN with the distance learned by LM3L is the algo-
rithm that stands out the most, since, when compared to the
other algorithms, its probability of winning always exceeds
the probability of the other algorithm winning. Looking at
the C-Index, we observe that the rope probabilities are high
in general, which indicates that it is also likely that Med-k-
NN with LM3L has an equivalent performance, in terms of
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Fig. 1 Pairwise Bayesian
comparisons of the C-Index
scores obtained by the different
algorithms

the C-Index, to the other algorithms. In any case, the proba-
bility that this algorithm will be significantly outperformed
by any of the compared algorithms is always lower. As for
MAE,we see that the rope probabilities are no longer as high.
Therefore, the probability that Med−k−NN with LM3L
significantly outperforms any of the compared algorithms,
with respect to MAE, is clearly dominant.

The above heatmaps offer a general overview of the
Bayesian test results. To have a more specific view we focus
now on two main comparisons: one for the best algorithm
obtained against the rest of the algorithms, and another one

for the Euclidean distances against the distances learned by
LM3L within the same classifier, for each of the classifiers
analyzed in this study. For this purpose, we have obtained the
ternary simplex plots and the posterior distribution barplots
for each of the pairwise comparisons, which are available in
Appendix A.

The first comparison with Bayesian tests puts the classi-
fication model with Med-k-NN and the distance learned by
LM3L , which is the best performer according to the tables,
against the rest of the classifiers and distances. Figures 11-14
show the relevant Bayesian plots.

Fig. 2 Pairwise Bayesian
comparisons of the MAE scores
obtained by the different
algorithms
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Fig. 3 Effect of η0 on C-Index and MAE in autoMPG8

This comparison confirms what we had already observed
in the heatmaps: in all the algorithms there is a clear trend
towards the regions associated with Med-k-NN with LM3L
and the rope. In the case of C-Index there is a greater bias
towards the rope, while for the MAE it becomes strongly
apparent that the distributions are concentrated in the region
of Med-k-NN with LM3L , thus showing that this algorithm
is most likely significantly outperforming the rest under this
metric.

The second analysis with Bayesian tests compares, within
the same classifier, the Euclidean distance and the distance
learned by LM3L . Figures 15-16 show the Bayesian plots
obtained for this analysis. We can confirm, as already seen in
the Tables, that LM3L is able to outperform the Euclidean
distance when using the non-monotonic majority-vote and
median-vote nearest neighbor classifiers, although it is not
significantly better than the Euclidean distance when com-
paring within each of the monotonic classifiers. According
to the metrics, the MAE shows more bias towards the win-
ner algorithm region, for each case, and the C-Index is more
dominated by the rope. In any case, these diagrams show
how dominant Med-k-NN with LM3L is with respect to the
Euclidean Med-k-NN. Together with the above comparison,

LM3L is still validated as the best alternative when used in
conjunction with the median-vote nearest neighbors.

4.5 Analysis of hyperparameters

In this section, we analyze the hyperparameters of the
proposed algorithm on some of the datasets used in the exper-
iments above. The main parameters of LM3L are:

– The initial learning rate for the gradient optimization η0.
– The large margin λ in the objective function.
– The neighborhood size K .
– The maximum number of iterations of the gradient opti-
mization.

We evaluate these hyperparameters in the datasets
autoMPG8 and boston-housing, which are both
inspired by real world monotonic problems. We use LM3L
with the same Med-9-NN classifier used in the experiments.

Influence of the initial learning rate In what follows, we
analyze the impact of the initial learning rate on the above-
mentioned datasets. With the rest of the parameters fixed as

Fig. 4 Effect of η0 on C-Index and MAE in boston-housing
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Fig. 5 Effect of λ on C-Index and MAE in autoMPG8

in the initial experimentation, we vary η0 according to the set
of values {10−7, 10−6, 10−5, 10−4, 10−3, 10−2, 10−1}. The
results are shown in Figs. 3 and 4.

In the graphics we can see that, when η0 ranges from 10−6

to 10−3, the adaptive update of the learning rate is enough to
lead to competitive results. In contrast, when eta0 is too low
or too high, it negatively influences the optimization process
and the final metrics are suboptimal, despite the adaptability
of η during the gradient optimization.

Influence of themargin Themargin λ determines the degree
to which themost distant class is kept away in the triplets that
are used during the optimization process. When the margin
is low, the three ordered elements in the triplet are closer than
when the margin is high. We analyze the impact of λ for the
set of values

{0.01, 0.05, 0.1, 0.2, 0.4, 0.6, 0.8, 1.0, 1.5, 2.0,
3.0, 4.0, 5.0, 10.0, 20.0, 30.0, 40.0, 50.0}

with the other parameters fixed, in Figs. 5 and 6.

Here, it is readily visible that the highest levels of per-
formance are achieved when the margins are below 1, which
tells us that it is interesting to keep the elements of the triplets
close together (as long as they are correctly ordered). The
amplitude of the optimal margin range seems to be small
as well, so it is crucial to specify this margin adequately to
achieve optimal performance.

Influence of neighborhood size The neighborhood size K
determines how many neighbors are considered to compute
the triplets around each anchor sample in the dataset. This
parameter gives a local character to the algorithm, as only
nearby samples will be considered for each element. If K is
low, only a few nearest neighbors will be used to compute
the triplets. If K is high, the triplets will take into account
most of the dataset. A lower value of K also translates into
higher efficiency.

We analyze the impact of the neighborhood size used with
the set of values in the range from 10 to 100 with a step of 5.
Figures 7 and 8 show the effect of the neighborhood size on
the C-Index and MAE.

Fig. 6 Effect of λ on C-Index and MAE in boston-housing
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Fig. 7 Effect of K on C-Index and MAE in autoMPG8

Fig. 8 Effect of K on C-Index and MAE in boston-housing

Fig. 9 Effect of the number of iterations on C-Index and MAE in autoMPG8
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Fig. 10 Effect of number of iterations on C-Index and MAE in boston-housing

Fig. 11 Posterior distributions using C-Index for the Bayesian comparison between the best model and the rest of the classifiers and distances
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In the figures we can observe that a good performance of
the algorithm is usually achievedwhen the neighborhood size
is 50 or higher. The optimal value may vary but, in general, a
higher quality is obtained when the neighborhood size is in
this range.

Influence of the number of iterations Lastly, we study how
the number of iterations of the gradient optimization affects
the convergence of the algorithm. Figures 9 and 10 show the
effect of the number of iterations on the C-Index and MAE,
in a range from 10 to 500 with a step of 10.

From the graphics we can conclude that the algorithm
seems to converge with a number of iterations around 300,
and there does not seem to be overfitting, as a higher number

of iterations does not imply a worsening in the values of the
metrics in this case.

5 Conclusion

In this paper, we have presented a new distance metric
learning algorithm developed specifically for monotonic
classification that, for the first time, exploits the potential
of linear transformations to reduce the non-monotonicity of
the dataset, thanks to the use of M-matrices. In addition, the
distances learned allow us to improve the classification per-
formance of the classifiers analyzed.

Fig. 12 Posterior distributions using MAE for the Bayesian comparison between the best model and the rest of the classifiers and distances
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The results, supported by a Bayesian analysis, have shown
that LM3L combinedwith themedian vote nearest neighbors
classifier can outperform even the monotonic distance-based
classifiers. In addition, the transformation of the space per-
formed by LM3L allows the number of non-monotonic pairs
in the dataset to be reducedwithout introducing any false new
monotonic constraints. LM3L is thus presented as an alterna-
tive to consider in monotonic classification problems based
on distances or similarities.

A Bayesian test simplex plots and posterior
distributions

This Appendix shows the pairwise Bayesian diagrams for
the two comparisons described in Section 4.4. The simplex
plots are ternary plots displaying a sample of the posterior
distribution. There are three regions that correspond to either
algorithm having a performance advantage and to the rope

(practical equivalence); each region is centered at one dif-
ferent vertex of the simplex, so that a greater tendency of
the points towards a region represents a greater probability
for that option. The posterior distributions are also shown as
barplots where the bars represent the probabilities of each of
the algorithms being better than the other, or the probability
that they are practically equivalent. These plots are shown
for the two metrics considered in the experiments: MAE and
C-Index.

A.1 Comparison of the best model obtained with
the rest of the algorithms

This section shows the results of the Bayesian tests that com-
pareMed-k-NNwith each of the other algorithms.The results
are displayed in Figs. 11, 12, 13, and 14. The simplex dia-
grams and posterior distribution barplots are shown for both
MAE and C-Index metrics.

Fig. 13 Simplex plots using C-Index for the Bayesian comparison between the best model and the rest of the classifiers and distances
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Fig. 14 Simplex plots using MAE for the Bayesian comparison between the best model and the rest of the classifiers and distances
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Fig. 15 Simplex plots and posterior distributions using C-Index for the Bayesian comparison between LM3L and the Euclidean distance for each
classifier
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Fig. 16 Simplex plots and posterior distributions using MAE for the Bayesian comparison between LM3L and the Euclidean distance for each
classifier

A.2 Comparison of distances within the same
algorithm

This section shows the results of the Bayesian tests that com-
pare both Euclidean distance and the distance learned by
LM3L for each of the classifiers used in the experiments.
The results are shown in Figs. 15-16. The simplex diagrams
and posterior distribution barplots are shown for both MAE
and C-Index metrics.

Author Contributions Juan Luis Suárez: Conceptualization, Method-
ology, Software, Investigation, Writing - review & editing, Validation.
Germán González-Almagro: Conceptualization,Methodology,Writing
- review & editing. Salvador García: Conceptualization, Methodology,
Writing - review & editing, Investigation, Funding acquisition, Super-
vision. Francisco Herrera: Funding acquisition, Project administration,
Supervision.

Funding Funding for open access publishing:UniversidaddeGranada/CBUA.
Funding for open access charge: Universidad de Granada / CBUA.
Our work has been supported by the research projects PID2020-
119478GB-I00 and A-TIC-434-UGR20, and by a research scholarship

(FPU18/05989), given to the author Juan Luis Suárez by the Spanish
Ministry of Science, Innovation and Universities.

Data availability and access The datasets used in this work are
publicly available in the KEEL [37] repository (https://sci2s.ugr.es/
keel/datasets.php) and in the ORCA [17] repository (https://github.
com/ayrna/orca), as a download link (http://www.uco.es/grupos/ayrna/
ucobigfiles/datasets-orreview.zip). Any of the specific folds used in
the experimentation can be requested to the corresponding author on
request.

Declarations

Competing interest The authors declare that they have no known
competing financial interests or personal relationships that could have
appeared to influence the work reported in this paper.

Compliance with ethical standards The study was conducted in com-
pliance with ethical standards, including obtaining informed consent
from all participants and ensuring the confidentiality and anonymity of
their data.

123

4464 J. L. Suárez et al.

https://sci2s.ugr.es/keel/datasets.php
https://sci2s.ugr.es/keel/datasets.php
https://github.com/ayrna/orca
https://github.com/ayrna/orca
http://www.uco.es/grupos/ayrna/ucobigfiles/datasets-orreview.zip
http://www.uco.es/grupos/ayrna/ucobigfiles/datasets-orreview.zip


Ethical and informed consent for data used The data used in this study
were publicly available datasets. No ethical approval was required for
the use of these datasets. We adhered to best practices for data man-
agement, including ensuring the quality and reliability of the data and
properly citing the source of the data.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing, adap-
tation, distribution and reproduction in any medium or format, as
long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indi-
cate if changes were made. The images or other third party material
in this article are included in the article’s Creative Commons licence,
unless indicated otherwise in a credit line to the material. If material
is not included in the article’s Creative Commons licence and your
intended use is not permitted by statutory regulation or exceeds the
permitted use, youwill need to obtain permission directly from the copy-
right holder. To view a copy of this licence, visit http://creativecomm
ons.org/licenses/by/4.0/.

References

1. Ben-David A (1992) Automatic generation of symbolic multiat-
tribute ordinal knowledge-based dsss: methodology and applica-
tions. Decis Sci 23(6):1357–1372

2. Benavoli A, Corani G, Demšar J, Zaffalon M (2017) Time for
a change: a tutorial for comparing multiple classifiers through
bayesian analysis. J Mach Learn Res 18(1):2653–2688

3. Benavoli A, Corani G, Mangili F, Zaffalon M, Ruggeri F (2014) A
bayesian wilcoxon signed-rank test based on the dirichlet process.
In: International conference on machine learning, pp 1026–1034

4. BermanA, PlemmonsRJ (1994)Nonnegativematrices in themath-
ematical sciences. SIAM

5. Cano JR, Aljohani NR, Abbasi RA, Alowidbi JS, Garcia S (2017)
Prototype selection to improve monotonic nearest neighbor. Eng
Appl Artif Intell 60:128–135

6. Cano JR, Gutiérrez PA, Krawczyk B, Woźniak M, García S (2019)
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