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Abstract

Explainable artificial intelligence (XAI) techniques are often adopted to provide transparent feed-
back to decision-makers evaluating the results of trained machine learning (ML) models. One of
these techniques covers the generation of counterfactuals – slightly modified instances based on a
given input that can change its predicted outcome. These counterfactuals enable decision-makers to
know what actions they could do to modify an outcome and improve the trust and transparency of
a trained ML model. This research aims to develop and apply a novel constrained multi-objective
optimisation design (MOOD) to generate counterfactuals in classification and regression problems.
The MOOD is composed of three steps: the definition of a constrained multi-objective problem
(MOP); the multi-objective optimisation (MOO) using a multi-objective evolutionary algorithm
(MOEA); and the multi-criteria decision making (MCDM) with a domination filter and the TOP-
SIS ranking technique. This MOOD generated large numbers of valid counterfactuals and selected
and ranked only the most relevant to the decision-maker. Furthermore, the results show that the
proposed MOOD outperformed other architectures available for production use in at least one of
the objectives measured for all datasets analysed in both regression and classification problems.

Keywords: Explainable artificial intelligence, Counterfactual generation, Multi-objective optimisation,
Genetic algorithms

1 Introduction

Real-world machine learning (ML) problems in
industry often have a large number of features [1].
Depending on the dataset such features can be
categorical or continuous; engineered (e.g., calcu-
lated values) or raw features (e.g., brand category
or a sensor reading). In order to process, learn
from and predict from these features, ML algo-
rithms play a preeminent role. There are four ML

algorithm types: supervised, unsupervised, semi-
supervised, and reinforcement learning [2]. Super-
vised learning attempts to create models from
labeled data samples - both continuous (regres-
sion) or discrete (classification) values [1]. These
models are used in industrial applications where
large datasets are commonplace [3–5] and require
equally large and complex trained ML models [6].

Meanwhile, black-box models are too complex
to have its underlying logic properly extracted and
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understood by humans [7] or that the user can
only send the inputs and read the outputs from it
[8]. These models are spread in many applications
used in the industry [9]. Depending on the applica-
tion, the transparency of decisions taken by these
models are required by humans to build trust [10]
on them - this is paramount in safety critical or
financial applications, for instance [9].

In order to enable transparency, the adoption
of explainable artificial intelligence (XAI) tech-
niques are presented as a field of study which
includes different approaches to explain the pre-
dictions or a model behavior to humans [7].
In XAI, there are techniques ranging from sim-
ple surrogate functions to more complex meta-
explanations [9], or approaches attempting to
understand how an overall trained model works
(global interpretability) to explainining a partic-
ular prediction (local interpretability) [11]. This
manuscript proposes a strategy focused on local
interpretability – namely counterfactual explana-

tions [12].
Counterfactual explanations are hypothetical

examples based on a given case with a different
outcome [13]. One of the classical examples [12] is
based on credit loan applications. Consider a per-
son who tried to apply for a loan and was denied.
A counterfactual is a fictitious example generated
from an algorithm which is as close as possible
to the original individual in all the reported char-
acteristics such as age, income and job and with
the desired outcome. In this example, the desired
outcome is the approved loan. It is also expected
that these counterfactuals are diverse and feasible
[13]. By diverse it is understood that it is inter-
esting to generate different combinations capable
of leading to the desired outcome. By feasible

it is expected that the counterfactuals respect
real-world constraints. Feasible examples include
suggestions with small increases in the age and/or
income. Unfeasible examples include doubling the
income or being two years younger.

While there are counterfactual generation
algorithms available for use in industry [14–17],
pitfalls hinder their adoption in real-world appli-
cations such as not supporting regression problems
[15], not supporting classification problems [14],
or not being model-agnostic [17]. Besides, the
counterfactual generation “working space” can be
seen as a constrained multi-objective optimization
problem where there is a set of objectives to be

met (e.g. being feasible, having a different outcome
and as close as possible to the original individual)
and constraints (e.g. the allowed working range
for one or more variables). Multi-objective Opti-
mization Design (MOOD) procedures using Multi-
objective Evolutionary Algorithms (MOEAs) [18]
thrive well in these cases. They are shown as valu-
able tools for success in areas such as industrial
control systems and engineering [19, 20]. Surpris-
ingly, these techniques were not deeply studied in
XAI applications.

In this paper, we propose using a counterfac-
tual generation MOOD covering both classifica-
tion and regression problems considering counter-
factual generation is a constrained multi-objective
optimization problem. Furthermore, the design
is model-agnostic and is expected to work with
already deployed models in the industry since it
does not require retraining the base ML model.
We evaluated the effectiveness of the proposed
MOOD against three classification benchmark
problems and two regression benchmark prob-
lems by comparing the counterfactuals generated
by the proposed method against other popular
implementations in Python.

The main contributions of this paper can be
summarized as follows:

• We propose a novel multi-objective problem
(MOP) for counterfactual generation. This
MOP definition is formatted as a constrained
problem with three objectives and three con-
straints. The constraints ensure a hard limit on
the amount of allowed variables to be modified
from the input data. The new outcomes follow a
user-defined range of what would be considered
a valid counterfactual prediction range.

• We propose using the standard implementation
of the Unified Nondominated Sorting Genetic
Algorithm (U-NSGA-III) in the multi-objective
optimization (MOO) step. U-NSGA-III main-
tains diversity of the solutions through reference
directions and has better performance than
NSGA-III due to the introduction of tourna-
ment pressure [21].

• We propose repeating the MOO step with dif-
ferent limits on the amount of variables changed
to increase the diversity of counterfactuals gen-
erated.

• We propose a multi-criteria decision making
(MCDM) step with a domination filter and the
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n 3

Technique for Order of Preference by Similar-
ity to Ideal Solution (TOPSIS) method to rank
and select the best counterfactuals.

• We demonstrate our proposed method against
other counterfactual generation architectures
considering both regression and classification
problems.

The rest of the paper is organized as fol-
lows: the second section described related ear-
lier works. The third section covers the theo-
retical background required for this manuscript,
explaining in deeper detail what are counterfac-
tuals and counterfactual generation algorithms. It
also introduces the reader to concepts related to
optimization: single-objective optimization (SOO)
and MOO. While the proposed implementation
does not specifically cover it, SOO lays the ground
rules of MOO and was also used by other tech-
niques. The fourth section covers the proposed,
novel constrained MOOD for counterfactual gen-
eration problems. The fifth and sixth sections
shows the results found by the implementation
of the proposed method against other implemen-
tations for classification and regression problems,
respectively. Finally, the seventh and last section
has the concluding remarks of the authors of this
manuscript.

2 Related works

There are some proposals in the literature with the
objective of generating counterfactuals through
optimisation. [22] formulated a constrained single-
objective optimisation problem to minimise the
distance between an input and its counterfactual.
This minimisation problem is subject to calculat-
ing the difference between the predicted outcome
of the input and its counterfactual. Only a single
counterfactual is provided in this research since
it is formulated as a single-objective problem.
Furthermore, it does not consider the number of
variables being modified.

[23] proposed a method named General-

ized Inverse Classification. It is also a con-
strained single-objective optimisation problem. It
is intended for classification problems, and its
objective is to minimise the cost of changing a
subset of directly changeable features from the
input subject to a user-defined budget of allowed
changes.

[24] proposed an unconstrained MOP where
it attempts to generate counterfactuals. The out-
come of these counterfactuals should be, at the
same time: as close as possible to the desired
outcome; with the smallest distance as possible
from the original input; with the least number
of changed features and as close as possible from
an individual (or set of individuals) in the origi-
nal dataset where the input originated. It includes
a modified version of the Nondominated Sort-
ing Genetic Algorithm (NSGA-II) to operate in a
mixed discrete and continuous search space. How-
ever, it does not offer alternatives for the users to
select the best counterfactuals. While it is suited
to regression problems, it also does not show how
it could work with continuous allowed outcomes –
e.g., in a housing price dataset, the decision-maker
may be interested what actions he or she can do
to increase the median house value from USD
300000 to USD 500000. However, relative values
(e.g., USD 500500, USD 499500, USD 500100) can
be acceptable counterfactuals depending on the
use-cases instead of the exact prediction of USD
500000.

[12] proposed an unconstrained single-
objective optimisation problem that generates
counterfactuals as close as possible from the
original input while being equal to the desired
outcome. [13] proposed an unconstrained single-
objective optimisation problem that considers
the proximity of a counterfactual from its out-
put as well as the diversity of the generated
counterfactuals.

3 Background

In this section, we present the technical con-
cepts behind our proposal. It includes the concepts
behind the counterfactual generation and multi-
objective optimisation. We also include the con-
cepts of single-objective optimisation since it is
used by other proposals and is a starting point
to understand the concepts of multi-objective
optimisation better.

3.1 Counterfactual Generation

In order to better understand how do intelligent
systems make their decisions, there are two terms
often used in an interchangeable fashion in lit-
erature: interpretability and explainability [10].
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However, there are meaningful differences between
them [25]. Interpretability is in charge of provid-
ing meaningful descriptions to humans and in a
way they can understand. On the other hand,
explainability is a broader term and covers both
interpretability and completeness. Completeness
is another term that targets an accurate and
auditable description of how a machine learning
model makes its decisions. Therefore, even though
explainable models are also interpretable, not all
interpretable models are also explainable due to
their lack of completeness [25]. For example, deci-
sion trees generated to explain more complex
machine learning models such as deep neural net-
works (DNNs) may be interpretable due to their
easily understandable nature to humans. However,
they might not respect the completeness compared
against the original model, for instance [26].

Moreover, in order to better understand the
outputs of machine learning models, it is possible
to consider two different types of interpretabil-
ity: global and local [27]. Global interpretability
defines the general patterns and information that
describes the overall system. In contrast, local
interpretability deals with a single individual or
instance where it attempts to explain the out-
comes of this individual mentioned earlier – in
other words, why the output of a machine learn-
ing model had a given result. One type of local
interpretability technique is the counterfactual

explanations. Counterfactual explanations are a
type of ex-post explanation [11] that generates
modified individuals based on a single, original
example where these individuals have a different
output when compared against the original one
[12].

Counterfactual explanations try to identify the
minimum changes required to a given individual to
change its outcome. However, the slightest change
does not necessarily represent a feasible alterna-
tive [12]. In an anecdotal example represented in
Table 1, an individual had his loan denied. In order
to change the outcome from ‘denied’ to ‘approved’,
the first counterfactual suggested turning only one
day younger. Naturally, it is impossible to happen.
However, the second counterfactual could be fea-
sible since it suggests that getting a 1% pay rise
also modifies the outcome.

While the first counterfactual is the smallest
change scale-wise since the age is commonly mea-
sured in years, it is not a feasible counterfactual

Table 1 Example of different counterfactuals generated
from an original individual. Values in bold indicate a
change from the original.

Features Original CF 1 CF 2

Age 27.50 27.49 27.50
Car owner Yes Yes Yes
Income 50000 50000 50500

Education High school High school High school
Outcome Denied Approved Approved

in a real-world situation. The third may also not
be feasible considering the reality of the individ-
ual under analysis, but the third could be deemed
a good alternative. These counterfactual explana-
tions are a way to help understand how a given
machine learning algorithm works and identify
its weaknesses and a potential tool for decision-
makers in the industry to assess possible scenarios
and changes required in their contexts, observing
possible improvements.

Let us consider another anecdotal example,
where a faulty part had been manufactured and
correctly detected by a machine learning algo-
rithm considering a myriad of sensors in a factory.
A set of counterfactuals generated based on this
faulty part can show that small changes in the
manufacturing line could prevent newer cases from
showing up. On the other hand, if a given case
is a false negative – i.e. it was a faulty part but
incorrectly shown as a good part by the machine
learning algorithm – the counterfactuals show
what had contributed to the wrong decision. Addi-
tionally, it helps the decision-makers to determine
whether new or modified information (e.g. new
sensors or new calculated columns) are required.

The counterfactual generation should respect
two main objectives: diversity and proximity [13].
Diverse solutions are, by definition, sufficiently
diverse from each other to increase the chances
of having at least one valuable solution to the
decision-maker. In contrast, proximity dictates the
expectation of having counterfactuals similar to
the original individual.

The counterfactual generation algorithms are
part of the XAI field and, according to the ontol-
ogy proposed in [28], are post-hoc, local and
model-agnostic. Among the techniques used to
generate the counterfactuals are, for example, lin-
ear models; Naive Bayes; and decision tree-based
models [29] in addition to the single-objective
optimisation algorithms [12, 13, 15] and, more
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n 5

recently, multi-objective optimisation implemen-
tations [24, 30]. This manuscript uses constrained
multi-objective optimisation to generate possible
results considering industrial applications.

3.2 Single-objective Optimisation

Single-objective Optimisation (SOO) covers tech-
niques capable of solving a mathematical problem
with a single value that must be minimised or
maximised as an output. These problems are com-
posed of multiple mathematical variables and can
be subject to constraints defined beforehand. The
general form of an SOO problem is [31]:

Find x =

8

>

>

>

>

<

>

>

>

>

:

x1

x2

x3

...

xn

9

>

>

>

>

=

>

>

>

>

;

which minimises F (x) (1)

Here, xi, i = 1, 2, ..., n are decision variables,
and F (x) is the objective function. The combina-
tion of these variables will result in a single value
stated by F (x). Therefore, the idea of SOO is
to find the combination of the decision variables
which will result in the minimum value of F (x).
The problem can be bound to constraints which
are generally defined as:

gj(X)  0, j = 1, 2, ...,m

lj(X) = 0, j = 1, 2, ..., p
(2)

where n, m and p can be unrelated [31]. Eq. 1
and 2 can be rewritten as:

min
x

F (x)(x1, x2, ..., xn) (3a)

subject to g(x)  0 (3b)

l(x) = 0 (3c)

where g(x) and l(x) refer to the constraints in
Eq. 2.

In the context of counterfactual generation,
the single-objective problem could be represented
in the form of minimising the difference between
the target output and the counterfactual output
or the distance between original individual inputs
against the counterfactual inputs in a single metric

[12]. It also could be represented as the min-
imisation of a combined weighted loss function
including the distance of the inputs of a single
counterfactual compared against other counterfac-
tuals [13], or minimising the factual loss combined
with the imbalance error and the introduction of
a weight decay [32, 33].

By attempting to use SOO strategies to gen-
erate counterfactuals, these strategies fall short in
considering tradeoffs between different generated
solutions (i.e. counterfactuals) – one counterfac-
tual can have a more significant distance on its
inputs against the original solution but be closer
to the desired target. In this example, depending
on the sum of these differences and the configu-
ration of the hyperparameters, one feasible and
acceptable solution can be removed because it
does not represent a better counterfactual when
compared against other counterfactuals generated
by the own algorithm. In another example, if the
single objective minimises the distance between a
counterfactual and an individual, only one solu-
tion would be suggested ignoring all other aspects
equally valuable for the decision-maker.

The three most popular Github repositories for
counterfactual generation sorted by “most stars”
at the time of writing this manuscript were DiCE
[16], an implementation of [13]; Alibi [15], based on
[12, 34]; and cfrnet [14], based on [32, 33], as shown
in Table 2. DiCE [16] is an implementation that
offers customisation options for limiting which
variables must be changed, which variables are
easier to be modified, the upper and lower bounds
for continuous features and the allowed labels for
categorical features. It only works with binary
classification problems or regression problems and
includes a filtering process to remove infeasible
examples after all the counterfactuals were gen-
erated, which, in turn, impacts the algorithm
efficiency [13]. Alibi [15] is an implementation that
allows customising the upper and lower bounds
for continuous variables or the allowed labels for
categorical features in one of its implementations.
However, it does require a black-box model that
must expose the predicted class probabilities. It
also does not work with either regression prob-
lems or classification models that do not return
the probabilities for all the considered classes. Cfr-
net [14] is an implementation intended to work
with regression problems. On the other hand, in
addition to not offering support for classification
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problems due to its intended use-case application,
it also does not offer similar input customisation
options.

Table 2 Example of different counterfactuals generated
from an original individual. Values in bold indicate a
change from the original.

Support DiCE Alibi cfrnet

Immutable variables Yes Yes No
Upper/lower bounds per variable Yes Yes No
Model-agnostic No Yes No
Categorical features Yes Yes No
Binary classification Yes Yes No
Multiclass classification No Yes No
Regression problems No No Yes

3.3 Multi-objective Optimisation

MOO encompasses a set of techniques that
attempts to find all the designs that can satisfy
the optimisation conditions presented in the form
of a mathematical function. This function returns
an objective vector instead of a single value [35]
and is generally defined as:

min
x

J(x) = [J1(x), ..., Jn(x)] (4a)

subject to g(x)  0 (4b)

h(x) = 0 (4c)

Since the results are presented in a vector,
instead of having one single value representing the
best solution available (global minimum) there is
a Pareto front, a location within the n-dimension
space where each dimension represents an objec-
tive. In this front all the non-dominated solutions
are located [36]. Since in real-world situations the
Pareto front is often unknown, the non-dominated
solutions found by the MOO algorithms are part of
the Pareto front approximation instead. All of the
solutions in the Pareto front are non-dominated
(i.e. there were no better solutions found consid-
ering all the objectives). There are a number of
techniques used to implement MOO algorithms
such as genetic algorithms, differential evolution,
swarm intelligence, simulated annealing and vari-
able neighborhood search [37]. MOO strategies
were commonly used in industrial applications but

recently were found to be useful in XAI and, more
specifically, in counterfactual generation.

Since the results are presented in a vector,
instead of having one value representing the best
solution available (global minimum), there is a
Pareto front, a location within the n-dimensional
space where each dimension represents an objec-
tive. On this front, all the non-dominated solu-
tions are located [36]. Since the Pareto front
is often unknown in real-world situations, the
non-dominated solutions found by the MOO algo-
rithms are part of the Pareto front approximation

instead. All of the solutions in the Pareto front are
non-dominated (i.e. there were no better solutions
found considering all the objectives). Several tech-
niques are used to implement MOO algorithms,
such as genetic algorithms, differential evolution,
swarm intelligence, simulated annealing and vari-
able neighbourhood search [37]. MOO strategies
were commonly used in industrial applications but
only recently were found to be helpful in XAI and,
more specifically, for counterfactual generation.

Specifically on image classification tasks, [30]
has introduced a counterfactual generation algo-
rithm using MOO considering the simultaneous
minimisation of three objectives: unlikeliness of
a counterfactual to be generated by a computer
program; the probability of confusing the target
model; and the number of adversarial changes
done in the original image. These three objectives
were solved through a single MOO algorithm. It is
noted that the intention was not to minimise the
number of changes in itself but to have plausible
changes instead.

The algorithm proposed by [24] is model-
agnostic and can work with classification and
regression problems. Furthermore, it works with
datasets containing both categorical and contin-
uous features and has been tested against binary
classification problems. On the other hand, it
does not work with trained classification mod-
els that do not return the probabilities for all
the considered classes. It is also prone to gen-
erate counterfactuals acceptable by the machine
learning model but unusable in real-world sit-
uations since it does not set upper and lower
bounds to the variables (e.g., one of the tests pro-
posed using the diabetes dataset [38], one of the
recommendations included being younger). Nev-
ertheless, this proposal is promising considering
its agnostic nature and for generating multiple
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n 7

solutions for different problems. Four objectives
are introduced: the proposed MOP is stated as
being the minimisation of the difference between
the desired outcome and the outcome found by
the counterfactual; the minimisation of the Gower
distance between the inputs of the original indi-
vidual and the counterfactual; the minimisation
of the number of changed features; and the min-
imisation of the weighted average Gower distance
between the counterfactual and a set of observed
data. The Gower distance [39] is a helpful mea-
sure for instances containing both continuous and
categorical features, as seen in [40], for exam-
ple. However, this problem is not bound to any
constraints, and the plausibility of the counterfac-
tuals generated is rooted in the observed data’s
probability distribution.

This section provided the background covering
counterfactual generation, single-objective optimi-
sation and multi-objective optimisation. Based on
this background, the next section will provide the
proposal of the present manuscript, which is a
MOOD procedure intended to be model-agnostic
and work with both classification and regression
problems. The proposed approach suggests treat-
ing counterfactual generation as a constrained
multi-objective optimisation problem.

4 Proposal

Considering the strengths of other algorithms and
recognising the usefulness of MOO implementa-
tions in XAI, this paper proposes a new MOOD
procedure. The proposal uses a generate-first,
choose-later (GFCL) approach intended to be
used in real-world XAI applications. It does gen-
erate counterfactuals respecting bounds imposed
by the decision-maker. It can also be used along-
side library-agnostic machine learning models to
avoid reworking established code.

By “MOOD in a GFCL” approach, it is under-
stood as being both the statement of the MOP,
the MOO itself and the MCDM displaying the
counterfactuals generated. There were no other
studies on the usage of MOO algorithms to gen-
erate counterfactuals by treating the MOP as a
constrained problem and with an MCDM step
when this manuscript had been created, according
to the research from the authors.

4.1 Multi-objective Problem

The MOP of the proposed MOOD implementation
is stated as:

min
x

J(x) = [J1(x), J2(x, X), J3(x)]

(5a)

subject to g(x)  0 (5b)

h(x)  0 (5c)

i(x)  0 (5d)

xL  x  xU (5e)

The three objectives described in Eq. 5 refer to
a counterfactual x generated from an original indi-
vidual x0 member of a larger dataset X respecting
the lower and upper bounds determined by xL and
xU , respectively. The general statement of J1(x) is
shown in Eq. 6 and 7. The definition in the Eq. 6
is valid for both regression models or classification
models returning the probabilities for each class. It
minimises the unsigned difference of the outcome
y found by the machine learning model relative to
the counterfactual x and the desired outcome yd.

J1(x) = ky � ydk (6)

For the cases when the classification models
only provide the predicted class, Eq. 7 can be used.
y = yd refers to where the predicted class y from
a given counterfactual and the desired class yd are
the same.

J1(x) =

(

0 if y = y0

1 otherwise
(7)

The general statement of J2(x) is shown
in Eq. 8 and addresses the Gower distance
δGower between x and x0 considering all their n

attributes. This objective was first introduced in
[24].

J2(x,X) =

n
X

j=1

δGower(xj ,x
0
j ,X) (8)

The Gower distance δGower is stated in Eq.
9 and considers both categorical and numeric
attributes, and the difference between the upper
and lower bounds for the j-th column (attribute)
in the original dataset X. I is adopted to the
cases where the j-th column is categorical. In these
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cases, 0 is attributed where the classes are the
same and 1 otherwise.

δGower(xj ,x
0
j ,X) =











kxj � x0
jk

kmax(Xj) � min(Xj)k
if xj is numeric

I
xj 6=x

0
j

otherwise

(9)

The general statement of J3(x) is shown in Eq.
10 and refers to the determination of the number
of modified attributes using the L0 norm [24] con-
sidering both categorical and numeric attributes.

J3(x) = x� x0
0 (10)

Considering the possibilities of using the pro-
posed algorithm in real-world scenarios where the
decision-maker might require tighter controls on
the attributes bound for changes or possess addi-
tional knowledge on the feasible decision space
considering the particularities and requirements
specific to x0, we propose three constraints first
presented in Eq. 5b, 5c and 5d. The first constraint
– namely g(x) and shown in Eq. 11 – introduces a
hyperparameter containing the maximum number
of changed variables allowed by the decision-maker
(mcv). This constraint ensures a hard limit on the
number of allowed variables to be modified in x.

g(x) = x� x0
0 �mcv (11)

The constraints h(x) (Eq. 5c) and i(x) (Eq.
5d) introduce an allowed range of operation for
y. While J1 attempts to get as close to yd as
possible, these constraints ensure that the gener-
ated counterfactuals are helpful to the decision-
maker. Having that said, Eq. 12 shows how h(x)
is designed: for classification models having as
the output only the predicted class (namely sim-

ple models), the same logic applied to J1 (Eq.
7) applies. Otherwise, the difference between the
minimum acceptable value determined as a hyper-
parameter in ymin and y is considered. For both
regression and classification models returning the
class probabilities, ymin must be lower than or
equal to yd.

h(x) =

(

J1 for classification (simple)

ymin � y otherwise

(12)
On the other hand, Eq. 13 shows the logic

behind i(x), which is intended to be a counterpart

of g(x). Therefore, while h(x) attempts y respect-
ing the lower bound established by ymin, another
hyperparameter is introduced to hold the upper
bound – ymax.

i(x) =

(

J1 for classification (simple)

y � ymax otherwise

(13)

4.2 Multi-objective Optimisation

This proposal was implemented in Python, consid-
ering the adoption of this programming language
in real-world, industrial machine learning appli-
cations and uses the U-NSGA-III algorithm as a
backend. It is a genetic algorithm (GA) intended
for multi-objective optimisation problems. This
algorithm uses concepts from nature such as mat-
ing and survival selection to generate the fittest
solutions. It also implements the concept of ref-
erence directions to be used in order to maintain
diversity between the solutions found. This algo-
rithm also introduces a modified tournament algo-
rithm to select the fittest individuals in an attempt
to achieve better performance [21, 41].

This implementation introduces a repair func-
tion specific for counterfactual generation. The
repair function modifies the counterfactuals cre-
ated at each generation and does the following:

1. Integer attributes are rounded to the next
integer;

2. Values generated for label encoded categories
are rounded to the next valid value;

3. Values generated for one-hot encoded cate-
gories are reset to the closest row in an identity
matrix with the same size measured by its
Euclidean distance.

In order to introduce greater diversity on J3,
the MOO runs mcv times. Initially, mcv starts
with the number of variables defined by the
decision-maker and, after each run, is decreased
by one until it reaches the minimum value of 1.
This rationale was introduced to ensure greater
diversity in the counterfactuals considering J3.

The MOO implementation also introduces the
following hyperparameters:

• model : the trained machine learning model to be
used to evaluate the generated counterfactuals;
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n 9

• method name: the machine learning model func-
tion used to evaluate the generated counterfac-
tuals (e.g. predict proba; predict);

• immutable column indexes: allows the decision-
maker to force the columns that must not
be modified (e.g. in a credit card evaluation
problem, the age of the requester is an example);

• upper bounds and lower bounds: contains the
working ranges for each of the attributes con-
sidering the counterfactuals (e.g. in a credit
card evaluation problem, the allowed ranges can
include only the possible salary increases the
requestor could have in the near future or minor
changes in the requestor age considering the
next n months);

• categorical columns and integer columns: allows
the decision-maker to determine which columns
allow only integer values and only categories.
The algorithm also allows the decision-maker to
inform which categories are allowed considering
the categories;

• x0, yd and mcv.

4.3 Multicriteria Decision Making

Depending on the problem being considered, the
number of generated solutions is too high and
confusing to generate valuable insights for the
decision-maker. Therefore, this manuscript uses
two combined techniques to consider only a few
but valuable counterfactuals: the domination filter
[18] and the TOPSIS method [42].

The domination filter was briefly introduced in
the previous section. It is a quick filter executed
after the MOO step is finished. After finding all
feasible solutions, only the unique, non-dominated
solutions are selected [18].

After running the domination filter, we
ensure that only the non-dominated solutions are
selected. On the other hand, the number of solu-
tions might still be too high. TOPSIS was initially
proposed in [42]. It is a ranking method that
attempts to find the solutions as close as possi-
ble to an ideal solution (i.e., where the result is
zero for all three objectives) and as far as possi-
ble to the negative ideal solution (i.e., where the
result is +1 for all three objectives). The solution
that best follows these expectations is ranked first;
the second best is ranked second, and so on. This
technique still finds common use in the present
day [43] and was chosen due to its ranking nature.

The decision-maker can then check only the n best
solutions according to TOPSIS, where n is defined
by himself.

5 Classification

In this section, we test the proposed algorithm
against two state-of-the-art implementations in
Python, which are model-agnostic: DiCE [13, 16]
and Alibi [12, 15]. In addition, three datasets com-
monly used in literature [44] were used to evaluate
the performance of the algorithms: the ProPub-
lica risk assessment system (COMPAS), the US
Census Income dataset, and the German credit
dataset.

All categorical features from all datasets were
transformed by label encoding [45]. Each con-
verted dataset was then oversampled through Syn-
thetic Minority Over-sampling Technique – Nom-
inal Continuous (SMOTE-NC) [46]. The resulting
dataset was then sampled through stratified ran-
dom sampling, with 70% of each dataset being
used for model training and the remaining 30% for
evaluation and counterfactual generation.

All datasets were trained on a random forest
classifier. The random forest was selected because
it is not very explainable [28] and because it is
widely used [47].

5.1 Census

The Census dataset comprises 32561 instances
and 14 attributes [48]. Each instance represents
a group of people within the United States with
measured features such as age, capital gains and
losses, hours worked per week, education, relation-
ship, race, native country and work class. Eight
features were identified as categorical; 5 attributes
were identified as numeric, and the remaining
feature measures whether that instance has an
income of over USD 50000 per year.

5.1.1 Counterfactual generation

The trained ML model was a scikit-learn pipeline
[49] covering the pre-processing and training steps.
First, all attributes were normalised after the
label encoding considering the categorical columns
mentioned earlier. Then, a random forest classifier
was trained on the modified dataset.

After training the ML model, 150 individu-
als from the evaluation dataset were randomly
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selected. The trained model had the following
confusion matrix based on these individuals:

• 98 true positives, 12 false negatives;
• 30 true negatives, 10 false positives.

For each of these 150 individuals, the three
techniques (DiCE, Alibi and the proposed algo-
rithm in this paper) were tasked to find up to 100
counterfactuals. A valid counterfactual is a gener-
ated individual with a different outcome than the
one initially found by the trained ML model with
a probability of over 50% of being a member of the
other class. In order to test all three implementa-
tions, all their default values remained unchanged
except the following parameters in order to ensure
any implementation was able to find a counter-
factual in up to 5 minutes in a desktop with an
Intel© i9-9900K processor, 64 GB DDR4 RAM:

• DiCE: no changes.
• Proposal:

Maximum number of generations: 100;
Population size: 100.

• Alibi:
Number of iterations to adjust the constant

scaling the attack loss term: 3;
Maximum number of iterations: 200.

5.1.2 Results

All three algorithms found valid counterfactuals
considering these 150 random individuals. DiCE
found a higher number of counterfactuals, fol-
lowed by the proposed method and Alibi. The
descriptive statistics are shown in Table 3.

Table 3 Results for the US Census dataset considering
150 individuals for DiCE (n=14470), the proposal of this
paper (n=3675) and Alibi (n=339). The best values for
each objective are shown in bold.
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J1 DiCE 0.0000 0.4900 0.2700 0.2749 0.1205

J1 Proposal 0.0000 0.4900 0.1600 0.1805 0.1241

J1 Alibi 0.0400 0.4900 0.3900 0.3702 0.0936

J2 DiCE 0.0008 0.6932 0.0895 0.1037 0.0830

J2 Proposal 0.0001 0.2437 0.0150 0.0348 0.0425

J2 Alibi 0.0001 0.2320 0.0778 0.0892 0.0461

J3 DiCE 1.0000 11.0000 2.0000 1.9654 1.2978

J3 Proposal 1.0000 5.0000 3.0000 2.5771 0.9883

J3 Alibi 1.0000 4.0000 2.0000 1.9440 0.7496

The distribution of these counterfactuals is
also shown in Fig. 1. Here, the counterfactuals are
shown in a normalised space for visualisation pur-
poses: it is desirable to have counterfactuals as
close as possible to zero in J1 (i.e., when the prob-
ability of being a member of the other class is as
high as possible according to the base ML model);
as close as possible to zero in J2 (i.e., when the
counterfactual is as similar as possible to the orig-
inal individual); and as close as possible to zero
in J3 (i.e., when the changes affect the smallest
number of variables as possible).

Another way to visualise the distribution of
these counterfactuals is shown in Fig. 2. The
distribution of the populations found for both
algorithms are equal only between DiCE and Alibi
concerning J2, according to the Mann-Whitney U
test [50].

Fig. 1 Pair plot with the counterfactuals found for the
US Census dataset with the scaled results within the [0, 1]
range. It is desired to have the values as close to zero as
possible.

Fig. 2 Boxplot containing the counterfactuals found for
the US Census dataset with the scaled results within the
[0, 1] range. It is desired to have the values as close to zero
as possible.
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5.1.3 Discussion

In this dataset, the proposed method provided
counterfactuals that were as close as possible to
the original individuals compared to DiCE and
Alibi, as shown by the distribution of the counter-
factuals in J2. However, this does not necessarily
mean the number of variables being modified was
also the smallest compared to the other methods,
as seen in the distribution of J3. An example was
the individual 8043 with the original features:

• Age: 31;
• Work class: Private;
• Fnlwgt (weight): 27494;
• Education: Some-college;
• Marital status: Married-civ-spouse;
• Occupation: Sales;
• Relationship: Husband;
• Race: Asian-Pac-Islander;
• Gender: Male;
• Capital gain: 0;
• Capital loss: 0;
• Hours per week: 50;
• Native country: Taiwan;
• Class: false.

The proposed method found valid counterfac-
tuals with the smallest J2 values when considering
the following changes:

1. J2 = 0.000178:
Fnlwgt: 24675 (from 27494);
Capital loss: 1 (from 0).

2. J2 = 0.000289:
Fnlwgt: 27187 (from 27494);
Capital loss: 10 (from 0).

3. J2 = 0.001057:
Capital loss: 10 (from 0);
Hours per week: 49 (from 50);

The original range for fnlwgt was
[13769, 1484705], for capital loss was [0, 4356],
and for hours per week was [1, 99], representing
proportionally small changes. On the other hand,
the three valid counterfactuals found by DiCE
with the smallest J2 values were:

1. J2 = 0.003140:
Hours per week: 46 (from 50).

2. J2 = 0.003814:
Capital gain: 4958 (from 0).

3. J2 = 0.006261:

Fnlwgt: 41868 (from 27494);
Hours per week: 43 (from 50);

In this case, the changes were proportionally
greater than the counterfactuals found by the pro-
posed method. The original range for the capital

gain was [0, 99999]. On the other hand, Alibi found
three counterfactuals with the following changes:

1. J2 = 0.076923:
Relationship: wife (from husband).

2. J2 = 0.077006:
Age: 31.070950 (from 31);
Relationship: wife (from husband).

3. J2 = 0.077032:
Age: 31.103214 (from 31);
Relationship: wife (from husband).

The changes in the categories cause larger
increases in the value of J2 considering the Gower
distance compared to the numeric features. Mean-
while, the differences for the J2 between the three
counterfactuals found by Alibi are small consid-
ering the proportion of the changes in the age
(original range [17, 90]). On the other hand, these
counterfactuals have more differences than their
counterparts found by the proposed method and
DiCE.

5.2 COMPAS

The COMPAS dataset comprises 6172 instances
and 11 attributes [51]. Each instance represents an
individual recorded in the United States criminal
justice system and has features such as age, race,
gender and the number of previous crimes. More-
over, six features were identified as categorical; 4
as numeric and the remaining feature measures
whether an individual was arrested again within
two years from their last release from prison.

5.2.1 Counterfactual generation

The trained ML model was a scikit-learn pipeline
[49] with three steps: first, all missing data were
imputed with k-nearest neighbours [52]. Then, all
values were normalised. Finally, a random forest
classifier was used on the training data.

150 random individuals from the evaluation
dataset were selected. Based on these individuals,
the following confusion matrix was found from the
trained model:

• 79 true positives, 1 false negative;
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• 65 true negatives, 5 false positives.

Based on the predicted values, DiCE, Alibi
and the proposal in this document were tasked
to identify 100 counterfactuals per individual. A
counterfactual in this case is an individual with an
inverse classification than the one predicted ini-
tially by the base model – i.e., if the base model
predicted a true outcome, only counterfactuals
with false outcomes are expected and vice-versa.
An acceptable probability of being a member of
the expected class was set between 51% up to
100% with the ideal value being 100% (yd). The
variable lower and upper bounds were selected
from the minimum and maximum values found for
each attribute from the training dataset.

All default values were kept for all counter-
factual implementations except for the following
parameters to ensure any implementation could
execute its process for a given individual in up to
5 minutes in a desktop with an Intel© i9-9900K
processor, 64 GB DDR4 RAM:

• DiCE: no changes.
• Proposal:

Maximum number of generations: 100;
Population size: 100.

• Alibi:
Number of iterations to adjust the constant

scaling the attack loss term: 3;
Maximum number of iterations: 200.

5.2.2 Results

For these 150 individuals, only DiCE and the
proposal of this paper were capable of finding
counterfactuals. Alibi did not find counterfactu-
als for all the individuals randomly chosen. The
results are shown in Table 4. Since all objectives
are determined as minimisation, it is desired to
have all values as close to zero as possible.

Furthermore, the distribution of these values is
better shown in Fig. 3 since it shows the relation-
ships of the solutions across the three objectives.
In order to better display the results, all objectives
were scaled in the [0, 1] range. The same applies
to the boxplot seen in Fig. 4.

The distribution of the populations found for
both algorithms is equal between DiCE and the
proposed method only for J1, according to the
Mann-Whitney U test [50].

Table 4 Results for the COMPAS dataset considering
150 individuals for DiCE (n=14984), the proposal of this
paper (n=214) and Alibi (n=0). The best values for each
objective are shown in bold.
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J1 DiCE 0.0000 0.4900 0.0400 0.0737 0.0838

J1 Proposal 0.0000 0.4900 0.0350 0.1281 0.1587

J1 Alibi - - - - -

J2 DiCE 0.0026 0.4000 0.2000 0.1908 0.0598

J2 Proposal 0.0060 0.2041 0.1069 0.0948 0.0414

J2 Alibi - - - - -

J3 DiCE 1.0000 4.0000 3.0000 2.5188 0.5303

J3 Proposal 1.0000 5.0000 3.0000 2.9439 0.7547

J3 Alibi - - - - -

Fig. 3 Pair plot with the counterfactuals found for the
COMPAS dataset with the scaled results within the [0, 1]
range. It is desired to have the values as close to zero as
possible.

Fig. 4 Boxplot containing the counterfactuals found for
the COMPAS dataset with the scaled results within the
[0, 1] range. It is desired to have the values as close to zero
as possible.

5.2.3 Discussion

DiCE was able to generate a large number of
valid counterfactuals. However, its counterfactuals
were usually farther to the original individual as
opposed to the counterfactuals generated by the
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proposed algorithm, as shown by the difference in
their distribution considering J2.

An example was the individual 5711. His orig-
inal features were as follows:

• Age: 21;
• Charge degree: F;
• Race: African-American;
• Age category: Less than 25;
• Score: High;
• Gender: Male;
• Priors count: 0;
• Days before screening arrest: 0;
• Decile score: 9;
• Is recidivist: true;
• Class: true.

For this individual, 100 unique counterfactuals
were found by DiCE without a ranking. On the
other hand, the proposed method gave a ranked
list by TOPSIS of only three counterfactuals, as
follows:

• The first counterfactual modified the priors
count to 1 and the number of days before
screening arrest to -12;

• The second counterfactual modified the priors
count to 2, the number of days before screening
arrest to -1 and the decile score to 8;

• The third counterfactual modified the priors
count to 2, the number of days before screening
arrest to -11 and the decile score to 8.

Fig. 5 shows the comparison of the results of
both algorithms. While the results for J2 are bet-
ter for the proposed method, for the other two
objectives DiCE performed better. The difference
was mainly on the is recidivist attribute: DiCE
found that we could generate valid counterfactu-
als by modifying the value on this attribute only.
On the other hand, the proposed method could
not find it within the stopping criteria provided
(i.e., the maximum number of generations and
population size).

5.3 German

The German dataset comprises 1000 instances and
10 attributes [53]. Each instance represents a per-
son requesting credit with features such as age,
credit amount, housing conditions and credit pur-
pose. In addition, six features were identified as
categorical, three as numeric, and the remaining

Fig. 5 Pair plot with the counterfactuals found for the
individual 979 in the COMPAS dataset with the scaled
results within the [0, 1] range. It is desired to have the
values as close to zero as possible.

feature measures whether that person should have
bad credit or not.

5.3.1 Counterfactual generation

Following the same logic of the other two clas-
sification datasets, the trained ML model was
a scikit-learn pipeline [49] with missing value
imputation, scaling and a random forest classifier
trained on the modified dataset.

After training the ML model, 150 individu-
als from the evaluation dataset were randomly
chosen. The trained model had the following con-
fusion matrix based on these individuals:

• 33 true positives, 34 false negatives;
• 57 true negatives, 26 false positives.

Similarly to the other datasets, for each one
of these 150 individuals, the three counterfactual
generation techniques were tasked to find up to
100 valid counterfactuals. In order to test all three
implementations, all their default values remained
unchanged except for the following parameters in
order to ensure any implementation can find a
counterfactual in up to 5 minutes in a desktop
with an Intel© i9-9900K processor, 64 GB DDR4
RAM:

• DiCE: no changes.
• Proposal:

Maximum number of generations: 100;
Population size: 100.

• Alibi:
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Number of iterations to adjust the constant
scaling the attack loss term: 3;

Maximum number of iterations: 200.

5.3.2 Results

All three algorithms were able to find valid coun-
terfactuals considering the scope of the 150 ran-
domly selected individuals from the evaluation
dataset. The descriptive statistics are shown in
Table 5.

Table 5 Results for the German dataset considering 150
individuals for DiCE (n=14027), the proposal of this
paper (n=2688) and Alibi (n=168). The best values for
each objective are shown in bold.
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J1 DiCE 0.0000 0.4900 0.3900 0.3743 0.0921

J1 Proposal 0.0000 0.4900 0.2200 0.2232 0.1278

J1 Alibi 0.3000 0.4900 0.4500 0.4388 0.0492

J2 DiCE 0.0007 0.6180 0.1481 0.1527 0.0830

J2 Proposal 0.0013 0.4609 0.0747 0.0955 0.0825

J2 Alibi 0.0011 0.2515 0.0199 0.0564 0.0669

J3 DiCE 1.0000 6.0000 2.0000 1.9393 0.7148

J3 Proposal 1.0000 5.0000 3.0000 2.6127 0.9435

J3 Alibi 1.0000 4.0000 2.0000 1.6429 0.6946

The distribution of these counterfactuals are
also shown in the Fig. 6 as a pairplot. It is
desirable to have counterfactuals as close as pos-
sible to zero considering all three objectives since
they would represent scenarios where the smallest
changes in the number of variables and in the scale
of the changes done within the variables would
result in predictions with a large percentage of
probability of being of the inverse class according
to the base ML model.

The distribution of these counterfactuals is
also shown in Fig. 6 as a pair plot. It is desirable
to have counterfactuals as close as possible to zero
considering all three objectives since they would
represent scenarios where the slightest changes
in the number of variables and the scale of the
changes done within the variables would result in
predictions with a large percentage of probability
of being of the inverse class according to the base
ML model.

The boxplot in Fig. 7 also highlights the distri-
bution of these changes. According to the Mann-
Whitney U test [50], all the distributions are not
equal considering each algorithm and objective.

Fig. 6 Pair plot with the counterfactuals found for the
German credit dataset with the scaled results within the
[0, 1] range. It is desired to have the values as close to zero
as possible.

Fig. 7 Boxplot containing the counterfactuals found for
the German credit dataset with the scaled results within
the [0, 1] range. It is desired to have the values as close to
zero as possible.

5.3.3 Discussion

While all the techniques could generate coun-
terfactuals, the proposed method found suitable
solutions with a high probability of being a mem-
ber of the inverted class as evidenced in J1 while
maintaining small changes within the variables, as
shown by J2. Alibi had better overall results in J2
and J3 – however, it impacted J1.

Another point to be highlighted is the presence
of the ranking to aid in the decision making. As
an example, let us consider individual 11, which
initially had the following features:

• Age: 24;
• Gender: female;
• Job: category 2;
• Housing: rent;
• Saving accounts: little;
• Checking account: little;
• Credit amount: 4308;
• Duration: 48;
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Table 6 Counterfactuals found by the proposed method
for the individual 11 in the German dataset and ranked
by TOPSIS with equal weights considering the three
objectives. Cells marked with a hyphen (“-”) mean no
changes from the original values. quite means quite rich

and mod. means moderate. The columns Sex, Job,
Housing, and Purpose are hidden since the algorithm
proposed no changes.
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e
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D
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n

J
1

J
2

J
3

1 27 - - - 21 0.3100 0.0516 0.2222

2 27 - - - 19 0.2800 0.0550 0.2222

3 28 - - - 27 0.3800 0.0436 0.2222

4 28 - - - 30 0.4100 0.0385 0.2222

5 28 - - - 40 0.4500 0.0217 0.2222

6 28 - - - 21 0.2900 0.0537 0.2222

7 28 - - - 26 0.3700 0.0453 0.2222

8 28 - - 5880 40 0.4100 0.0314 0.3333

9 28 - - 4371 47 0.4900 0.0103 0.3333

10 28 - - 4235 21 0.2800 0.0541 0.3333

11 27 - - 2628 16 0.2100 0.0704 0.3333

12 28 rich - - - 0.2100 0.1193 0.2222

13 28 - - - 19 0.2700 0.0571 0.2222

14 28 rich - - 42 0.1600 0.1294 0.3333

15 28 quite - - 27 0.1200 0.1547 0.3333

16 28 rich - 4405 47 0.1800 0.1216 0.4444

17 28 - - 4235 27 0.3700 0.0440 0.3333

18 28 - - 5251 40 0.4200 0.0275 0.3333

19 28 quite - - 26 0.1100 0.1564 0.3333

20 28 rich - 4405 25 0.0900 0.1587 0.4444

21 28 - - 4405 47 0.4800 0.0105 0.3333

22 28 - - 4235 19 0.2600 0.0575 0.3333

23 39 quite mod. 4405 40 0.0300 0.2672 0.5556

24 39 rich mod. - 40 0.0600 0.2666 0.4444

25 27 quite - 2686 19 0.0700 0.1761 0.4444

26 26 - - 4477 21 0.3400 0.0506 0.3333

• Purpose: business;
• Class: false.

DiCE had as an output a table with 100
counterfactuals without a ranking. Alibi found no
counterfactuals. The proposed method found 26
counterfactuals, as seen in Table 6. The rank-
ing first suggested the counterfactuals that best
balanced the three objectives.

6 Regression

In this section, we test the proposed algorithm
against DiCE. Alibi does not provide an imple-
mentation for counterfactual generation covering
regression problems. Two benchmark datasets
were used to evaluate the performance of the algo-
rithms: the California housing dataset and the
Abalone age dataset.

Similarly to the classification problems, all
regression datasets were sampled through random
sampling, with 70% of each dataset being used
for model training and the remaining 30% for
evaluation and counterfactual generation.

All datasets were trained on a random forest
regressor. This model was chosen because it is not
very explainable [28] and because it is widely used
[47].

6.1 California housing dataset

The California housing dataset is composed of
20640 instances and nine attributes [54]. Each
instance represents a house in California, and each
attribute represents information such as latitude
and longitude, the population in the region, the
number of households, median income, and the
number of rooms and bedrooms. All features were
identified as numeric. The target feature measures
the median house value – measured in USD – for
households within a block.

6.1.1 Counterfactual generation

The trained ML model was a scikit-learn [49]
pipeline with a scaler and a random forest regres-
sor with its default settings and using the training
dataset.

In order to test the counterfactual generation,
75 random individuals with the target feature
below the median in the training dataset were
selected out of the evaluation dataset, and 75 ran-
dom individuals with the target feature above the
median were also selected with a total of 150 ran-
domly chosen individuals. Since this is a regression
dataset, we determined a valid counterfactual as
being as follows:

• When the individual has its target feature below
the median, its counterfactual should have a
predicted value between the median and the
maximum value of the target of the training
dataset – ideally, on the third quartile;

• When the individual has its target feature above
the median, its counterfactual should have a
predicted value between the minimum and the
median of the target of the training dataset –
ideally, on the first quartile.

While DiCE kept its default settings except
for the number of counterfactuals per individual
(set to 100), the proposed method was adjusted to
have its maximum number of generations and the
population size set to 100.
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6.1.2 Results

The two algorithms were able to find counter-
factuals considering the 150 randomly selected
individuals. The descriptive statistics are shown
in Table 7.

Table 7 Results for the California housing dataset
considering 150 individuals for DiCE (n=15000) and the
proposal of this paper (n=2715). The best values for each
objective are shown in bold.
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J1 DiCE 0.0000 2.3528 0.4827 0.6896 0.6515

J1 Proposal 0.0000 0.8316 0.1149 0.2168 0.2390

J2 DiCE 0.0000 0.3599 0.0813 0.0871 0.0516

J2 Proposal 0.0000 0.3013 0.0172 0.0234 0.0233

J3 DiCE 1.0000 5.0000 2.0000 1.7643 0.7096

J3 Proposal 1.0000 5.0000 3.0000 2.9448 1.3351

Fig. 8 Pair plot with the counterfactuals found for the
California housing dataset with the scaled results within
the [0, 1] range. It is desired to have the values as close to
zero as possible.

The distribution of these counterfactuals is
better displayed in Fig. 8. Since it is a regres-
sion problem, J1 calculates the difference between
the predicted and the target values instead of the
class probabilities. It was considered for classifi-
cation problems. However, the definitions of J2
and J3 remain unchanged. This distribution is
also shown in the format of a boxplot in Fig. 9.
The distribution of the populations found for both
algorithms is not equal as the null hypothesis had

been rejected for the three objectives through the
Mann-Whitney U test [50].

Fig. 9 Boxplot containing the counterfactuals found for
the California housing dataset with the scaled results
within the [0, 1] range. It is desired to have the values as
close to zero as possible.

6.1.3 Discussion

The proposed method was able to generate coun-
terfactuals closer to the desired value in J1 than
the ones found by DiCE. Furthermore, its coun-
terfactuals required were also closer to the original
individuals, as noticed by J2. However, to achieve
this, the proposed method had to change more
variables, as shown by the greater values in J3.
In real scenarios, it means the proposed method
changed more variables, but these changes were
more subtle as opposed to DiCE. DiCE changed
fewer variables in this scenario, but the changes
were more drastic. An example of this is evidenced
by the counterfactuals generated by the individual
9. Its original values were as follows:

• Median income: 4.1518;
• House age: 22;
• Average number of rooms: 5.663073;
• Average number of bedrooms: 1.075472;
• Population: 1551;
• Average occupation: 4.180593;
• Latitude: 32.58;
• Longitude: -117.05.

One of the counterfactuals found by DiCE with
the objective values close to the median values
shown in Table 7 had the following characteristics:

• J1 = 0.4982; J2 = 0.0928; J1 = 2.0000;
• Median income: 6.1000 (from 4.1518, range:
[0.4999, 15.0001]);

• Average bedrooms: 21.5000 (from 1.075472,
range: [0.3333, 34.0667]).
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The counterfactuals generated by the proposed
method, which had its values close to the median
values, had the following characteristics:

• J1 = 0.0117; J2 = 0.0123; J1 = 5.0000:
Median income: 4.0000 (from 4.1518, range:

[0.4999, 15.0001]);
Average rooms: 6.0000 (from 5.6631, range:

[0.8462, 141.9091]);
Average bedrooms: 1.0000 (from 1.075472,

range: [0.3333, 34.0667]);
Population: 2133 (from 1551, range:

[3, 35682]);
Average occupation: 2.0000 (from

4.180593, range: [0.6923, 1243.3333]).
• J1 = 0.0143; J2 = 0.0232; J1 = 2.0000:

Median income: 6.0000 (from 4.1518, range:
[0.4999, 15.0001]);

Population: 3627 (from 1551, range:
[3, 35682]).

While the changes found by DiCE mean fewer
variables are changed, these changes are propor-
tionally greater than those found by the proposed
method, as evidenced by J2.

6.2 Abalone

The Abalone age dataset comprises 4177 instances
and nine attributes [55]. Each instance represents
a single abalone, and each attribute measures
its physical features such as shell weight, diam-
eter and length. One attribute was identified as
categorical (sex); all the remaining features were
numeric. The target feature measures the number
of rings found in its shell – the count of the number
of rings is used to measure its age.

6.2.1 Counterfactual generation

Similar to the California housing dataset, this
dataset also used a scikit-learn [49] pipeline with
a scaler and a random forest regressor with its
default settings for training an ML model on its
training dataset.

The same rationale to select individuals from
the evaluation dataset also applied: 75 random
individuals with the target feature below the
median and 75 random individuals with the target
feature above the median were selected. Further-
more, the determination of the desired range for
the counterfactuals target was also the same: when
the individual had its target feature below the

median, its counterfactual should have a predicted
value between the median and the maximum value
of the target of the training dataset – ideally, on
the third quartile; and when the individual has its
target feature above the median, its counterfactual
should have a predicted value between the mini-
mum and the median of the target of the training
dataset – ideally, on the first quartile.

In order to generate the counterfactuals, DiCE
kept its default settings except for the number of
counterfactuals per individual (set to 100). The
proposed method was adjusted to have its max-
imum number of generations and the population
size set to 100.

6.2.2 Results

For this dataset, both algorithms were capable
of successfully generating counterfactuals. The
descriptive statistics are shown in the Table 8.

Table 8 Results for the abalone dataset considering 150
individuals for DiCE (n=14998) and the proposal of this
paper (n=848). The best values for each objective are
shown in bold.
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J1 DiCE 0.0000 8.5900 0.9600 2.2813 2.6770

J1 Proposal 0.0000 7.5000 0.2400 0.8860 1.5520

J2 DiCE 0.0000 0.5200 0.0991 0.1154 0.0790

J2 Proposal 0.0006 0.7104 0.1450 0.1817 0.1463

J3 DiCE 0.0000 7.0000 2.0000 2.2850 1.2413

J3 Proposal 1.0000 5.0000 2.0000 2.6014 1.2490

The distribution of the counterfactuals can be
seen in Fig. 10. It is desirable to have counterfac-
tuals as close to zero as possible considering the
three objectives at the same time: counterfactuals
meeting these criteria simultaneously would indi-
cate scenarios where the least amount of variables
is changed and to the slightest degree as possible
while producing predictions as close as possible to
the expected value.

The same distribution is seen as a boxplot in
Fig. 11 comparing the performance of the two
algorithms within the three objectives. The three
objectives were scaled in order to analyse the
results better. The distribution of the populations
found for both algorithms is not equal as the
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Fig. 10 Pair plot with the counterfactuals found for the
abalone dataset with the scaled results within the [0, 1]
range. It is desired to have the values as close to zero as
possible.

null hypothesis had been rejected for the three
objectives through the Mann-Whitney U test [50].

Fig. 11 Boxplot containing the counterfactuals found for
the abalone dataset with the scaled results within the [0, 1]
range. It is desired to have the values as close to zero as
possible.

6.2.3 Discussion

Similarly to the California housing dataset, the
proposed method could also find counterfactuals
closer to the desired value in J1 than the ones
found by DiCE. However, in some scenarios, it
came at the expense of J2 and J3.

As an example, let us consider the individual
2377. Originally it had the following features:

• Sex: I;
• Length: 0.535;
• Diameter: 0.41;
• Height: 0.155;
• Whole weight: 0.6315;
• Shucked weight: 0.2745;
• Viscera weight: 0.1415;
• Shell weight: 0.1815.

A counterfactual found by DiCE with its
objective values close to the medians in Table 8
had the following characteristics:

• J1 = 0.9700 J2 = 0.0932 J3 = 2.0000:
Length: 0.600 (from 0.535; range:

[0.075, 0.815]);
Shucked weight: 0.9600 (from 0.1415;

range: [0.001, 1.488]).

On the other hand, a counterfactual found
by the proposed method with its objective val-
ues also close to its medians had the following
characteristics:

• J1 = 0.2500 J2 = 0.1476 J3 = 2.0000:
Sex: F (from I);
Shell weight: 0.0001 (from 0.1415; range:

[0.001, 1.005]).

While both only changed two features, the
proposed method changed a categorical attribute.
According to the Gower distance calculation in
Eq. 9, it does result in a larger J2. In perspective,
the proposed method found 848 counterfactuals:
270 of which (31.84%) modified the categori-
cal attribute (sex). DiCE found 14998 counter-
factuals: 2807 (18.72%) modified the categorical
attribute. Since DiCE had proportionally fewer
counterfactuals where the categorical column was
changed, its J2 was less impacted.

7 Conclusion and future work

This paper proposed a counterfactual generation
method using a constrained multi-objective opti-
misation design for classification and regression
problems. To ensure valid counterfactuals are gen-
erated, three objectives were determined to reduce
the number of variables changed, the amount of
the changes within the variables, and the differ-
ence between the prediction of a counterfactual
and its desired value. These objectives are con-
strained to acceptable prediction ranges, the num-
ber of variables that may be modified, and the
allowed lower and upper bounds. Since multiple
counterfactuals are generated from an individual,
we proposed using TOPSIS to rank and choose
the most suitable counterfactuals.

The proposed method was tested against two
other popular counterfactual generation methods
available in Python – DiCE and Alibi – in three
classification datasets and two regression datasets.
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The proposed method generated counterfactuals
for these datasets, outperforming the other meth-
ods in at least one objective per dataset. In
addition, the proposed method generated counter-
factuals for both numeric and categorical features
and ranked them considering the three objectives
simultaneously.

However, while the adoption of the Gower dis-
tance enabled the comparison of counterfactuals
with mixed features, it caused heavier penalties
on categorical features as evidenced by the US
Census and the abalone dataset. We plan to focus
on changing the distance metric used to evaluate
the generated counterfactuals in future research.
Furthermore, we expect to test this method on
classification datasets with multiple classes.
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