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ABSTRACT This research introduces a novel approach to enhance knowledge discovery through the
construction of classification rules for improved event prediction within the domain of business intelligence.
One of the applications of the solution can be the improvement of large-scale advertising campaign
forecasting. In order to solve the existing problems of data imbalance and high dimensionality in practical
applications, we present a new approach of quantum-inspired genetic algorithm (QIGA). Our methodology
employs a two-phase strategy: the first phase utilizes QIGA for fast attribute selection while the second phase
enhances the manner in which categorical data is represented to enhance rule interpretability. This combined
approach is very efficient in producing accurate and usable classification rules without requiring a lot of data
pre-processing. Experimental evaluation on benchmark datasets demonstrates the superiority of our proposed
method in terms of precision, reliability, and efficiency when compared to traditional approaches. Thus, the
proposed algorithm enhances the state-of-art in knowledge discovery by providing a practical and scalable
solution to the problem of handling imbalanced data and reducing the effect of high dimensionality, which
allows for improving the accuracy of event prediction. Thus, the findings of this research can be applied to
various fields other than advertising including fraud detection, customer churn, and medical diagnosis.

INDEX TERMS Business intelligence, classification rule, data mining, genetic algorithm, quantum-inspired
algorithm.

I. INTRODUCTION
Business Intelligence (BI) assumes a pivotal role in address-
ing the myriad of challenges faced by businesses, particularly
those operating in data-intensive sectors like banking [1].
The exponential growth in data volume necessitates efficient
structuring and processing, making BI an indispensable
solution. It encompasses a diverse range of practices,
methodologies and applications that enable seamless access
to information and empower its analysis, thereby facilitating
the decision-making processes.

BI operates as a multifaceted framework that facilitates
the implementation of strategies capable of addressing both
short-term and long-term business needs [2]. Its scope
extends across various domains, encompassing the functional
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aspects of data communication between services, servers, and
data warehouses, as well as including knowledge discovery,
forecasting, and decision support for enhancing performance
outcomes [2]. By leveraging data-driven insights, BI serves
as a comprehensive apparatus for driving business success.

Tailoring solutions to specific challenges represents a key
aspect of BI. Whether it involves the development of projects
aligned with the organization’s overarching vision or the
implementation of performance metrics to optimize business
operations [3], BI ensures meticulous collection of relevant
data through the Extract, Transform, Load (ETL) process [4].
This data then undergoes rigorous modeling within Data
Warehouses, followed by comprehensive analysis and visual-
ization [4], facilitating informed decision-making processes.

In this paper, our primary focus revolves around Knowl-
edge Discovery through the construction of classification
rules, which plays a crucial role in the field of data analysis

VOLUME 12, 2024

 2024 The Authors. This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.

For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/ 137041

https://orcid.org/0009-0001-2749-3373
https://orcid.org/0009-0006-5676-5995


Y. I. Adnane, M. Zerari: Optimizing Business Intelligence Classification Rule Mining Using QIGA

within Business Intelligence (BI) [5]. The objective is to
improve event prediction, more specifically the determination
of the success of the large-scale advertising campaign or
the identification of target customers for the campaign
to yield the highest returns. Numerous approaches have
been explored in this domain, falling into broad categories
such as linear regression and artificial neural networks [6],
decision and classification trees [7] including C4.5 [8] and
classification and regression tree algorithm (CART) [9],
bio-inspired algorithms like ant colony optimization (ACO)
[10], [11], and evolutionary programming models and their
variants [12], [13]. Also, the recent development in decision
and classification has brought new techniques into the
limelight including Time Delay Neural Network algorithm
(TDNN) by Tripathi et al. [14] and Decision Table and
Naíve Bayes algorithm (DTNB) by Mattiev and Kavsek [15].
In addition, the field of bio-inspired algorithms has seen new
algorithms such as LVQ+varPSO wich is an hybridation
of a varient of the Particle Swarm Optimization (PSO)
and Learning vector quantization (LVQ) introduced by
Santana et al. [16], (ASOA) Adaptive Seagull Optimization
Algorithm introduced by Bangyal et al. [17] and other
contributions by Anwaar et al. [18]. Finally, the integration
of two or more approaches has been developed, for instance,
a new varient of Decision Tree algorithm named (CDBT)
by Weng and Huang [19] and (EFO-ANN) Artificial Neural
Networks (ANN) combined with Electromagnetic Field
Optimization (EFO) by Guo et al. [20].
However, one major drawback of these approaches is the

lack of focus on the reliability aspect, particularly whenwork-
ing with the imbalanced data sets. From the papers which
we discussed, namely Lee and Chen [6], Kesavaraj et al. [8],
and Seidlova [11], it is seen that all the datasets used have
a significantly larger majority class than the minority class.
For instance, in Lee and Chen [6], the dataset used was the
Taiwan Bank dataset with 510 cases, 459 of which were in
the same class. Likewise, in Kesavaraj et al. [8], the AP liver
dataset is comprised of 416 cases of liver disease patients
while 167 patients are without the disease. In addition,
in Seidlova [11], it is observed that the class imbalance ratio
is above 75% in two of the three datasets, namely Adult and
Bank. Notably, none of these papers mention preprocessing
techniques or provide measures to assess how well their
approaches handle this constraint, highlighting a significant
gap in addressing the reliability aspect of predictions.

The notable strength of our proposed approach resides in
the configuration of our algorithm, enabling the effective han-
dling of the inherent imbalance constraint without the need
for preprocessing techniques. Our algorithm’s configuration
is designed to strike a balance between precision optimiza-
tion and maintaining reliability, with our quantum-inspired
approach proving to be highly advantageous in this regard.
By addressing the challenge of dimensionality within the
optimization process, our approach facilitates enhanced accu-
racy in a more efficient and expeditious manner compared
to conventional methods. Consequently, this mitigates the

risk of overfitting and yields an algorithm that is both more
reliable and robust in its predictive capabilities.

The remainder of the article is structured as follows.
Section two, relates to the basic concepts to be acquired
to be able to understand the work and be familiarized with
both the data part including the classification rules and their
specificities, as well as the fundamentals of the genetic
algorithm in its quantum variant. Section three, contains
everything related to our own work. It is organized in
sub-headings that are, our motivation, our solution as well
as its adaptation to the problem. The results obtained and the
conclusion are in the fourth section.

II. BASIC CONCEPTS
In this section we will give an overview of current and
ongoing works on classification rules and quantum-inspired
genetic algorithms.Wewill define some basic concepts of the
field as well as the methodology chosen in our solution.

A. CLASSIFICATION RULES
In the process of Knowledge Discovery, classification is a
task of Data-mining which consists of seeking the criteria
that make it possible to identify classes in a population of
data [21].

1) DEFINITION AND PROPERTIES
Classification rules are assertions that link data relationships
to class outcomes [22]. They emerge from an induction
process using supervised training, distinct from association
rules [23]. These rules follow a structured format: IF a certain
condition holds, THEN assign a specific class [8], [24]. The
antecedent (conditional part) is comprised of terms connected
by logical operators, while the consequence represents the
predicted class [8], [24].

When designing classification rule algorithms, several
key properties are important. Accuracy, the most common
measure, reflects how well the algorithm predicts clas-
sifications [25], but it can be misleading in imbalanced
datasets [26]. To address this, reliability measures like
F-measure or Kappa score are recommended [26]. Addi-
tionally, comprehensibility, often measured by rule length,
ensures human users can easily understand the classification
logic [27]. Finally, interestingness, encourages the algorithm
to generate diverse, surprising, and non-repetitive rules while
maintaining acceptable reliability [25]. These properties
together guide the development of effective classification rule
algorithms.

2) RELATED WORKS
In the work of Romana Seidlova et al. [11], to respond
to the task of classification in the field of banking and
marketing, an ACO-type approach was developed. The latter
consists of an improvement of the Ant-Miner algorithm
initiated by Parpinelli, Lopes and Freitas [10] andwhosemain
characteristics are based on an agent-based system which
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simulates the movement behavior of an ant colony. The paths
taken are considered as potential solutions (classification
rules) [10]. The optimization provided by Seidlova et al. [11]
on the parameters of the number of ants as well as the
number of uncovered cases has made it possible to obtain
excellent results in terms of accuracy. However, referring to a
single performance metric is insufficient to highlight the full
potential of a solution [26]. There are indeed other aspects on
which the algorithm can bring an equally crucial result and
which have not been put forward in this case.

Weng and Huang [19], proposed a hybrid machine
learning framework that integrated feature selection, instance
selection, and decision tree induction for credit approval.
The model achieved better results than the classical methods
of machine learning while actually reducing computational
efforts. Inherent gain ratio usage in feature and instance selec-
tion improved the accuracy of the model. Though the hybrid
systems have one prime flaw: its added complexity could be a
major issue that requires higher computational power or train-
ing time. This creates the dilemma of model sophistication at
the expense of computational efficiency, which may not work
well in real-time or resource-constrained settings.

Guo et al. [20], describes an ensemble approach for bank
telemarketing success rate prediction using ANNs trained
by metaheuristic algorithms. In this regard, they compared
four models: EFO, FSA, HSA, and SSD. The accuracy
obtained by the EFO-ANN model was approximately 0.80,
while the other models followed with AUCs of 0.7714,
0.7663, and 0.7160 for the FSA-ANN, SSD-ANN, and
HSA-ANN, respectively. The decision-making process that
lies underlying the suggested model is too complex to be
understood by any banking professional, and this might
hamper its practical implementation and acceptance in real
life.

A comprehensive analysis of machine learning tech-
niques for credit score classification was conducted by
Tripathi et al. [14]. They employed nine feature selection
methods and sixteen classification algorithms across seven
benchmark datasets, including Bank Marketing, Australian,
and German, the researchers demonstrated the pivotal
role of feature selection in enhancing model performance.
Their findings highlight the superior accuracy (92.3%) of
Recursive Feature Elimination (RFE) coupled with Support
Vector Machines (SVM). Moreover, a novel hybrid approach
integrating Particle Swarm Optimization (PSO) with Neural
Networks (NN) exhibited robust and accurate classification.
While the study provides valuable insights, its exclusive
reliance on benchmark datasets might limit the generalization
of results to real-world credit scoring scenarios, necessitating
further exploration of diverse datasets.

Mattiev and Kavsek [15], proposed a classification
approach based on selecting ‘‘strong’’ class association rules
determined by overall learning set coverage. Their method
was compared to eight established classification algorithms,
including decision tree, rule-based, and Bayesian techniques.

And using Adult and Tic-Tac-Toe datasets among others.
While achieving a competitive accuracy of 84.9% and the
lowest average rule count, the method’s susceptibility to
irrelevant or noisy attributes in high-dimensional datasets
could lead to overfitting, limiting its applicability to certain
data domains.

In Bequé and Lessmann [28] we find an Extreme
Learning Machine for credit scoring. In their paper, they
investigate ELM’s usability, efficiency, and forecast accuracy
systematically and compare them against established scoring
techniques. Results suggest that ELM-based credit-scoring
models can perform better both in predictive accuracy and
resource efficiency. However, ELM is sensitive to the choice
of input weights and biases. While an optimal combination
brings very good performance for some dataset, it deteriorates
under changes in data distribution.

Classification rules were produced with Particle Swarm
Optimization (PSO); the integration of SOM and LVQ based
neural networks were also used, according to the research of
Santana et al. [16]. Despite its potential, this approach can be
susceptible to overfitting due to model complexity and high
computational costs. Additionally, reliance on PSO might
result in suboptimal solutions if not meticulously tuned.
Alternatively, Xu et al. [29] proposed a hybrid ensemble
credit scoring model based on Generalized Fuzzy Soft Sets
(GFSS) theory, integrating feature selection and ensemble
learning classification algorithms. Their model demonstrated
superior classification accuracy and reliability compared to
traditional credit scoring models.

B. QUANTUM-INSPIRED GENETIC ALGORITHM IN
LITERATURE
The genetic algorithm is part of the family of evolutionary
algorithms. Inspired by the theory of the evolution of species,
it takes inspiration from the stages of reproduction at the
genetic level to carry out exploratory researchwork [18], [30].
Its robustness and adaptability [5], [18], [30] motivate us to
use it for data-mining.

However, the genetic algorithm in its classic version is
constrained by the limitations resulting from the optima
problem [31]. In our case, this very quickly becomes
debilitating due to the multidimensionality of the datasets
studied, which will give a host of different solutions that
are not necessarily optimal. Hence the need to regulate
convergence towards one solution rather than another.

There are several variants of the genetic algorithm in
the literature [30], including the quantum-inspired genetic
algorithm [30], [32]. This version allows, among other things,
to broaden the field of search for solutions compared to
a classical genetic algorithm. The probabilistic nature of
the representation of individuals as well as the moderate
convergence imposed by the quantum operators allow a more
global scanning of the possibilities and therefore a better
chance of finding the global optimum [32].
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1) GENERAL REPRESENTATION OF THE QUANTUM
INDIVIDUAL
In a quantum inspired genetic algorithm the solutions
are represented by chromosomes whose atomic unit is
no longer the bit as in a classical genetic algorithm but
the Q-bit [32]. This representation directly inspired by
the principles of quantum physics gives the algorithm its
probabilistic property. In fact, where the classic bit can take
only one value (0 or 1), the Q-bit can take two values at the
same time (0 and 1). In this case it is the superposition of
quantum states that we are interested in. These quantum states
are represented using bracket notation:

| ψ⟩ =| α⟩+ | β⟩ (1)

where |0⟩ represents 0 in a classical bit and |1⟩ represents 1 in
a classical bit, and | ψ⟩ denotes more than one vector

−→
ψ in a

vector space.
The normalization of the states in units guarantees us

that:

| α |
2

+ | β |
2
= 1 (2)

where α and β are two numbers that represent the probability
magnitudes of having 0 or 1 respectively.

2) DESCRIPTION OF THE QIGA IN THE LITERATURE
A quantum-inspired genetic algorithm (QIGA) shares the
same phases as a classical genetic algorithm which are
initialization, selection, evaluation, crossover and muta-
tion [32]. It differs, however, from the latter in the quantum
phases which are the measurement, the interference and
entanglement [32], [33].

Multiple variants in the construction of the quantum-
inspired genetic algorithm can be found in the literature [34],
as well as in the choice of the use of the steps mentioned
above and of their order. This is relative to the type of
problem and the needs of the problem at hand. However,
a general architecture emerges that can be modeled as follow
in Algorithm named ‘‘Quantum-inspired genetic algorithm’’.

Quantum-inspired genetic algorithm
Initialization of the population
repeat
Selection of best individuals
Application of genetic operators: Crossover, Mutation
Application of quantum operators: Interference,
Measurement
Evaluation of the population’s fitness
Saving individual with the best fitness
Replacement

until stopping criterion is met
return best

This passage dives into the various stages of a
Quantum-Inspired Genetic Algorithm (QIGA), highlighting
its similarities and differences compared to a classical genetic
algorithm. Here’s a detailed breakdown of each step:

1) Initilization:
Classical GA: Individuals in the initial population
each have a final, fixed value for every attribute.
These values are typically chosen randomly within the
allowed range for each attribute [18].
QIGA: While the concept of initialization remains
similar, QIGA focuses on the probabilistic nature of
quantum mechanics. Instead of fixed values, QIGA
initializes the proportions (or weights) associated with
each possible quantum state for every attribute in each
individual. This essentially represents the likelihood of
each attribute taking on a specific value throughout the
optimization process [33].

2) Selection: Both QIGA and classical GAs employ a
selection mechanism. This phase involves choosing
individuals from the current population to participate
in further operations like crossover and mutation. The
selection process typically prioritizes individuals with
higher fitness scores, meaning those that perform better
based on the problem being addressed [18], [33].

3) Crossover: Crossover is a fundamental concept in
genetic algorithms. It allows the creation of new
individuals by combining genetic information (values
or probabilities in QIGA’s case) from existing par-
ent individuals. The passage acknowledges various
crossover techniques exist, but doesn’t delve into
specific methods applicable to QIGA [18].

4) Mutation:
Classical GA: Mutation typically involves randomly
changing the value of a single attribute within an
individual to a different value from the allowed range.
This helps introduce diversity and potentially explore
new regions of the solution space [18].
QIGA Mutation (Distinct from Classical GA): Due
to the probabilistic nature of QIGA, mutation works
differently. Instead of directly changing values, it swaps
the probabilities associated with each possible value
within an attribute [33]. This maintains the probabilis-
tic representation and allows exploration of different
value combinations while keeping the total probability
distribution intact.

5) Quantum interference: This stage is a key step that
differentiates between QIGA and classical GAs. Quan-
tum interference leverages the principles of quantum
mechanics to manipulate the probability distribution of
the solutions [32], [35]. Specific quantum operations
(represented by ‘‘quantum gates’’) are applied to
modify the proportions associated with each possible
state for all attributes in the population [32], [35]. The
goal is to strategically steer the search towards regions
containing potentially better solutions.

6) Measurement: This crucial step marks the transi-
tion from the probabilistic values to the discrete
values. In QIGA, measurement involves fixing the
actual values for each attribute in each individual
based on the previously calculated probabilities [35].
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This essentially ‘‘collapses’’ the probabilistic wave
function, determining the final state of the individuals
before evaluation [35].

7) Assessment: Similar to classical GAs, QIGA relies
on a fitness function to assess the quality of each
individual solution. This function is problem-specific
and evaluates how well an individual performs in the
context of the optimization task at hand [35]. Based on
the fitness scores, better individuals are chosen for the
next generation [35].

8) Replacement: The final stage involves a selection
process where low-performing individuals are replaced
with the best ones from the current generation.
This ensures that the next iteration builds upon
the most promising solutions, gradually improving
the overall population towards the optimal solution
[18], [32], [35].

3) EVOLUTIONARY ALGORITHM AND QUANTUM
INSPIRATION
In Business Intelligence we find the Evolutionary algorithm
in several works. We cite for example S. Srinivasan and
T. Kamalakannan [36]. Their works focus on the use
of the multi-objective genetic algorithm (MOAG) in the
prediction and analysis of financial data. The results are very
encouraging in the discovery of unique rules as well as the
best rules. Bangyal et al. [17] emphasize the importance
of balancing exploration (search for new areas of the
search space) and exploitation (refining existing solutions)
in optimization algorithms. This balance is a strong point
of our approach. In our approach, we explore the domain in
two phases: the first phase uses the quantum-inspired genetic
algorithm (QIGA) for fast attribute selection, while the
second phase improves the representation of categorical data
to improve the interpretability of the rules. This two-phase
strategy allows our approach to be both a robust exploratory
method and optimized for solving various types of research
problems.

There aremany uses of quantum inspired genetic algorithm
in various problems. In Dahi et al. [35], the quantum variant
gave better results than the classical genetic algorithm for
the antenna positioning problem which is a combinato-
rial optimization problem. In Laboudi and Chikhi [33] a
comparison of the two algorithms was made, for this the
problem of Knapsack was chosen. The results favor the use
of the quantum variant when the number of objects in the
Knapsack is large without disadvantaging the latter when
the number of objects is small. This motivated us to use the
quantum-inspired genetic algorithm for our problem which
has similar characteristics.

III. CONTRIBUTION
In this section, we will present our proposal to generate a set
of efficient and workable classification rules. We will first
share our motivations and what led us to choose this solution
for this type of problem. Then, in a second part, we will

explain the details of the different steps, the adaptations and
the optimizations that our variant of the quantum-inspired
genetic algorithm can bring in the context of the creation of
classification rules.

A. MOTIVATION
Our first motivation relates to the properties of the
quantum-inspired genetic algorithm. The mechanisms of
population-based solutions seem to us appropriate for our
problem for the following reasons:

1) Each individual representing a rule, a random initial-
ization of a population allows us to propose several
different approaches to tackle the problem. In a context
where we have to search in a large dataset, it is
interesting to start from several points and be able to
combine the best parts of each of our rules via crossover
mechanisms to converge towards a good solution.

2) A second property is the robustness of genetic algo-
rithms. In a BI context, we must consider the multitude
of data sources that a company seeks to exploit. These
data sources not all having good reliability, the need
for a robust algorithm is necessary to overcome the
problem of biased datasets [5].

3) Finally, the property of acceptance of multiple states
of quantum algorithms allows us a wide spectrum of
exploration as well as avoid premature convergence of
a solution.

Our second motivation relates to the field of classification
rules. Classification rules have two properties that are diffi-
cult to approach for a quantum-inspired genetic algorithm.
Our variant provides a concrete adaptation of the algorithm
to the needs of the domain:

1) The first property is that the nature of the values that
the fields present in the antecedent of the rule can
take. In fact, the QIGA was designed to work on
binary values, however in a context of classification
rules values can be both binary and categorical
(with continuous ones needing to be discretized for
optimization purposes).

2) The second property being multi-dimensionality. CRs
in many cases have a large number of attributes in the
conditional part of the rule. This primarily affects the
complexity of the computation and makes optimization
difficult and expensive. Even in the case where this is
feasible, the result would be rules that are difficult to
read for a business actor who wants to use them.

Our variant must therefore offer the possibility of reducing
dimensionality, supporting categorical values, this is accom-
plished by applying the same optimization process which is
that of quantum-inspired genetic algorithms.

In the works of Dahi and al. [35] the QIGA tackles the
problem of premature convergence by offering a new formula
for calculating the interference. This formula is interesting
in the sense that even in a large number of iterations,
the principle of superposition of states is not compromised
and therefore prevents us from falling into local optima.
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FIGURE 1. Generation-process.

However, this solution, like those of most works inspired by
quantum physics, is suitable for problems whose values are
binary.

B. DETAIL OF OUR PROPOSAL
Based on this analysis we propose a solution that implements
two processes running at the same time. One to generate a set
of rules with a reduced number of attributes. Another to trans-
form an optimization designed for a binary representation of
the individual and adapt it to a categorical representation of
the latter. We will call the first process Generation-Process,
and the second Adaptation-Process.

In Generation-Process we use the QIGA to tackle the
high dimensionality and offer a solution that allows us to
choose the most relevant attributes and produce readable
and understandable rules, in other words a usable knowledge
base. This process runs at the heart of Mining and assures that
our attribute selection is optimized with the optimization of
our rules [7].

The Generation-Process will be divided into two parts: In
the first part, we can imagine that for each attribute there are
two states, in the first it would be selected and in the second
not. If it is selected, we attribute to its state the value of 1 and
if it is not, the value of 0. This makes the QIGA applicable on
such a sub-problem and we can therefore initiate a population
parallel to our population which constitutes the individuals
representing our classification rules.

In the second part, we can apply to this parallel population
a superposition of the states by values of α and β representing
the proportions of chances of selection of each of the states
after measurement. Also, we can implement the principle of
interference by applying the optimized formula of the work of
Dahi [35], as well as all the processes of the classical genetic
algorithm in order to obtain the best combination and find
the most relevant attributes. This is illustrated in the figure
(Fig. 1).

In Adaptation-Process we will adapt the QIGA in order to
work on categorical values, to do this we must:

1) For each attribute, the number of values that can be
admitted is counted. We convert this number into
binary type as described in the work of Freitas [13].

2) Then apply to each bit a superposition of states which
will make it a quantum bit. Thus, we can exploit the
characteristics of a quantum genetic algorithm such as
quantum interference on categorical data.

3) Finally processing, after havingmeasured and fixed our
quantum-bit. We will reconstruct our binary numbers,
transform them into positive integers and thenmap each
positive integer with the corresponding categorical
value according to the position of the latter.

As for the attributes having continuous values, they will be
discretized by the entropy method described in the work of
Kohavi and Sahami [37].

C. STEPS OF OUR PROPOSED ALGORITHM
During our implementation and for both processes, whether
that of optimizing the selection of attributes or that of
optimizing values, we will choose the same approach for
representing individuals which is theMichigan Approach [7].
The reason is that it is the most natural for a Data-mining task
like in our present case.

The application of our variant of QIGA is done by
implementing the processes below.

1) INITIALIZATION
We initialize two distinct quantum populations:

The first is the attribute population. In this population
each individual represents the terms of the rule, where each
term is a superposition of states. Each state describes the
probabilities of selecting one of the dimensions of the dataset.
The fewer dimensions retained after measurement in the
dataset for an individual, the fewer terms will have the rule
that we are going to build from this same individual. The
selection probabilities of dimensions or attributes must obey
the following rule:

| α |
2

+ | β |
2
= 1{α, β ∈ R (3)

In this case α represents the probability in which the
dimension is selected and β the probability of not selecting
the dimension. The figure (Fig. 2) illustrates a typical
individual from the first population.

FIGURE 2. Quantum individual representation.

The second population is that of individuals representing
the values that each dimension can include. We will take
into account the attributes having categorical values, those
having continuous values will be treated in the discretization
part. Each rule can have N dimensions, with N depending
on the number of non-continuous attributes in the dataset.
Each dimension admits M values of categorical or binary
type. Each value will be mapped with a numeric identifier
corresponding to its position among the M values. The figure
(Fig. 3) shows an example of the mapping.
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FIGURE 3. Representation of an example of four values of a dimension N.

FIGURE 4. Representation of an example of a dimension of five
categorical values.

An individual represents the N terms with in each term a
superposition of the M values specific to each dimension.
This superposition is done through the transformation of
integer identifiers into binary numbers. Being binary, we can
superimpose the probabilities of the Bits that comprise them
thus passing from Bit to Quantum-Bit. The figure (Fig. 4) is
an example.

The figure (Fig. 5) shows a typical individual of the second
population representing the values of the fields of our rules.

The two quantum populations are initiated randomly in
order to broaden our field of research and with an equal size
in order to be able to combine the two populations in the
following processes.

After that, we repeat the following steps until the stopping
criterion is met:

2) SELECTION
After initialization of the two quantum populations, we will
proceed to the selection by best individuals of the eighty
percent of the population which will represent the parents.
We select the same parents in both populations in order to be
able to combine them at all.

3) CROSSOVER
A simple one-point crossover will be applied to the two
quantum populations separately with a seventy percent
crossover execution ratio. The resulting individuals will
be added to their previously selected parents. The same
crossover with the same parents will be carried out in the first
and the second population.

4) MUTATION
The mutation in a quantum algorithm is a permutation of the
probabilities of α and of β, which we will apply to all
the populations with an execution ratio of 1% per iteration.
As in crossover, if mutation occurs, we will sum the mutated

FIGURE 5. Quantum individual representation with multiple dimensions.

and unmutated individuals of the two quantum populations
separately.

5) QUANTUM INTERFERENCE
We will apply the optimized quantum interference formula
described in the work of Dahi [35] on each Quantum-Bit
of the two populations. In the first it will influence the
probability of selection of an attribute and in the second it will
influence the value that the attribute will take if it is selected.

6) MEASURE
The measurement is the phase during which the Q-bits are
transformed into classic Bits. We then combine the two
populations by assigning the fixed value of the second
population to the corresponding field of the same individual
of the first population and whose attribute is selected. In other
words, the attribute having a fixed value of ‘‘One’’ in an
individual will have its field taken into account in the rule
and will have the value measured in the second population.

7) DISCRETIZATION AND EVALUATION
For continuous attributes, we will apply the entropy dis-
cretization described in Kohavi and Sahami [37] in order to
be able to calculate the fitness of each individual. It should
be noted that the discretization step is usually placed higher,
except that in our case having quantum values, they must first
be fixed in order to be able to use them in the calculation of
the discretization by entropy. The objective function used is
as followed in equation 4.

Q =
TP

TP+ FN
·

TN
FP+ TN

(4)

where Q is the measure of Quality.
TP (true positives) is the number of cases covered by the

rule that have the class predicted by the rule.
FP (false positives) is the number of cases covered by the

rule that have a class different from the class predicted by the
rule.

FN (false negatives) is the number of cases that are not
covered by the rule but that have the class predicted by the
rule.

TN (true negatives) is the number of cases that are not
covered by the rule and do not have the class predicted by
the rule.

8) REPLACEMENT
After all of the quantum genetic algorithm steps are executed.
We will retain the set of quantum individuals of the two
populations whose rules have obtained the best fitness score
for the next iteration.
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9) CONSTRUCTION OF THE RULE-SET
At the end of each iteration, the best rule is retained to build
a final set of classification rules.

Finally, we return the best solution found during the
optimization process.

IV. RESULTS
A. DATASETS USED
In this section we will introduce the datasets that we utilized
for our study in order to assess the effectiveness of our
proposed classification models. We have chosen a variety of
datasets, from the Machine Learning Repository UCI [40]
and TheUCIKDDArchive [39], which have been extensively
employed in the field of machine learning and data mining.
The following datasets were included in our analysis:

1) Adult; The dataset provided here is a collection of data,
about people and their income levels. It focuses on
determining whether an individual earns than $50,000
or not. The information was gathered by the United
States Census Bureau back in 1994 [40].

2) Bank approval; This dataset revolves around individ-
uals and their loan approval status. It aims to classify
whether someone was granted a loan or not. The data
was collected by a bank within the United States [40].

3) Credit; Here we have a dataset that deals with
individuals and their credit scores classifying them as
either good or bad. The information comes from a
credit bureau located in the United States [40].

4) Australian; This particular dataset provides details,
about professions people have in Australia. It focuses
on class classification to categorize individuals based
on their occupation. The data was sourced from the
government [39].

5) German; This dataset is a multi-class classification
dataset that contains information about individuals and
their credit risk [39].

6) Tic-Tac-Toe; This dataset is a small binary classi-
fication dataset that contains information about the
outcome of Tic-Tac-Toe games. It was created by the
UCI Machine Learning Repository [39].

7) Teacher assistant evaluation; This dataset is a
multi-class classification dataset that contains informa-
tion about USA University students’ evaluation [39].

8) Contraceptive method choice; This dataset is a
multi-class classification dataset that contains informa-
tion about women’s choices of contraceptive methods.
It was collected by theWorld Health Organization [39].

The datasets were selected because they have been used in
previous research. We aim to evaluate the performance and
generalizability of our proposed classification models across
different domains and problem contexts.

B. EVALUATION METRICS
To assess the performance of our proposed model,
we employed several evaluation metrics. These metrics

provide insights into different aspects of the model’s
performance and effectiveness. The following metrics were
included in our work:

1) Accuracy; it is a fundamental metric used to assess
the overall correctness of a model’s predictions.
It quantifies the ratio of correctly classified instances to
the total number of instances present in the dataset [41].
This metric serves as an indicator of precision and is
conventionally reported as a percentage in our findings.

2) Accuracy-rate; it also referred to as the true positive
rate (TPR) or recall, gauges the model’s proficiency in
accurately identifying positive instances. This measure
is determined by the ratio of correctly classified
positive instances to the total number of actual positive
instances within the dataset [11]. Similar to accuracy,
this metric signifies precision and is expressed as a
percentage in our reported outcomes.

3) F-score; this composite measure is calculated as the
harmonic mean of precision and recall. Precision
denotes the fraction of correctly classified positive
instances, while recall represents the fraction of actual
positive instances correctly classified by the model.
Particularly advantageous when dealing with imbal-
anced datasets, the F-score comprehensively accounts
for false positives and false negatives [41]. The F-score
exemplifies the model’s reliability and is presented as
a ratio between 0 and 1 in our reported results.

4) Kappa; or Cohen’s kappa coefficient, scrutinizes the
level of agreement between a model’s predictions and
the ground truth, surpassing what would be anticipated
by chance alone. This coefficient is computed as the
disparity between the observed agreement and the
agreement expected by chance, normalized by themax-
imum feasible agreement. Kappa values in proximity to
1 signify a heightened degree of concordance between
the model’s predictions and the ground truth [41]. The
Kappa coefficient stands as an indicator of reliability
and is reported as a ratio between 0 and 1 in our
findings.

C. DESCRIPTION OF RESULTS
To validate the efficacy of our proposed approach, a series
of experiments followed the analysis on a collection of
benchmark datasets widely used in state-of-art research. The
performance of the obtained models was evaluated in terms
of a set of commonly used criteria such as, Accuracy (Acc),
Accuracy Rate (Acc-R), F-score and Kappa.

Table 1 provides the comparison of our method with
existing techniques on the Credit Approval dataset. We com-
pare the findings of our study with Archer et al. [42],
Seidlova et al. [11], and Weng et al. [19]. The same is again
true for Table 2 and Table 3 presenting comparative results
for the Bank Marketing and Adult datasets respectively
while including further baselines by Guo et al. [20],
Tripathi et al. [14], and Mattiev et al. [15].
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TABLE 1. Table that exposes our solution in comparison with others in
the financial field for Credit Approval dataset.

TABLE 2. Table that exposes our solution in comparison with others in
the financial field for Bank Marketing dataset.

TABLE 3. Table that exposes our solution in comparison with others in
the financial field for Adult dataset.

Our proposed approach was evaluated under two distinct
parameterizations: the first one optimized for a maximum
accuracy (QIGA 1st) and the second one prioritizing a
balance between accuracy and reliability (QIGA 2nd). Both
of the above results are summarized in Table 1, 2 and 3.

For the purpose of comparison, the number of instances
and attributes of each of the datasets is stated in the following
tables’ footnotes. The detail of the setting of the lengths of
tweets and the number of features used is presented in Table 4
and Table 5 for the accuracy optimization and the desired
accuracy-reliability pair, respectively.

The same comparison applied to the Australian Credit
Approval, German Credit Data and Tic-Tac-Toe datasets is
presented in Table 6, 7, and 8. We add new standards by
Martens et al. [38], Bequé et al. [28], Santana et al. [16],

TABLE 4. Table of parameters for QIGA 1st Line of financial datasets.

TABLE 5. Table of parameters for QIGA 2nd Line of financial datasets.

TABLE 6. Table that exposes our solution in comparison with others in
context of binary class dataset for the Australian Credit Approval dataset.

and Xu et al. [29]. These datasets have the same format,
specifically they both use a binary class.

In contrast, Table 9 presents results for the multi-class
datasets Contraceptive Method Choice and Teacher Assistant
Evaluation. For these datasets, we focus on the comparison
with the baseline models from Martens et al. [38].

It should be mentioned that the generalized characteristics
of the datasets in tables 6, 7, 8, 9 in comparison with the
tables 1, 2 and 3 are the size of the matrix and the parameters;
thus, the parameterization used for these datasets was equal
to (QIGA 1st) according to the table 4.

In our comparative analysis with the work of David
Martens et al. [38], we present supplementary findings in
table 10 that shed light on the execution time and average
number of terms per generated rule. It is important to note
that this comparison is conducted specifically with the work
of David Martens et al. [38], and our average time and term
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TABLE 7. Table that exposes our solution in comparison with others in
context of binary class dataset for German Credit Data dataset.

TABLE 8. Table that exposes our solution in comparison with others in
context of binary class dataset for Tic-Tac-Toe dataset.

per rule values encompass all the datasets used in our study,
providing a comprehensive overview of our algorithm’s
performance in comparison to their work.

V. DISCUSSION
In this section we discuss the different results obtained and
presented in the previous section. Indeed, we can advance
several observation:

The first one is the number of metrics we used to validate
our approach. There are four of them, two of accuracy and
which are the accuracy and the accuracy rate. The two others
are reliability metrics: Kappa and F-score. This highlights the
axes on which we have based our work.

In Table 1, 2 and 3 we have exposed two possible
configurations of our algorithm. The first one called (QIGA
1st) is a precision-oriented configuration. With a population
size of 500 and a number of 300 generations, we have an
interesting combination to perform in precision. This can be
seen on the two datasets Bank-Marketing and Adult, where
the accuracy achieved is 91.15 for the first one in Table 2
and 85.25 for the second one in Table 3. This puts our
algorithm in a good position to look for more performance.

However, taking into account the reliability metric, we notice,
as expected, that the algorithm strongly loses credibility.
This can be seen on the two values of F-score 0.04 and
0.11 on Bank-Marketing in Table 2 and Adult in Table 3
respectively, and on Kappa with values of 0.04 and 0.06 on
Bank-Marketing as we can see Table 2 and Adult on Table 3
respectively. The second configuration called (QIGA 2nd)
is oriented to perform in precision while keeping a high
reliability. With a bigger population size of 800 instances and
a number of generations equal to 1000. The algorithm goes
less far in its optimization of the accuracy. The accuracy is
82.74 and the accuracy-rate is 71.82 for the dataset Bank-
Marketing. And 73.22 for the accuracy and 71.1 for the
accuracy-rate of the dataset Adult. However, for both datasets
we obtain an excellent reliability of 0.90 and 0.63 of F-score
on the first and second dataset respectively.

On the Table 1, the Credit dataset obtains practically
the same results on both configurations. A precision of
93.84 and an accuracy-rate of 93.48 with an excellent
reliability value of 0.9 in F-score and 0.82 in Kappa for
(QIGA 1st). A precision of 90.80 and an accuracy rate
of 91.50 and also an excellent reliability value of 0.96 in
F-score and 0.85 in Kappa for (QIGA 2nd). These results
place our algorithm in first position in comparisons made
with the work of R Seidlova et al. [11] when we compare on
the Accuracy-Rate, and the second position after CBDT of
C Weng et al. [19] when referring both Accuracy or F-Score.
On Table 6 and 7 we report the work of D Martens et al.

[38], Vapnik et al. [43], Weng et al. [19], Tripathi et al. [14],
Bequé et al. [28], Santana et al. [16] and Xu et al. [29]
on the dataset with binary classes. In Table 6, when using
the Australian Credit Approval dataset, we obtain a score
of 80.87 in accuracy and 0.77 on F-score that makes our
QIGA in theard position after both CBDT and CBSVM
considering the tuple (accuracy/F-score), and low average
position considering the accuracy as the unique performance
evaluation key. Conversely, on the German dataset Table 7,
our method achieves a competitive accuracy of 75.14, ranking
second closely behind the Logit model’s 75.24 accuracywhen
considering direct approaches. Notably, our solution exhibits
a robust F-score of 0.75, indicating strong reliability. While
demonstrating competitive performance in hybrid approaches
across datasets when we are on the hight average position.
Our algorithm appears less suited to the Tic-Tac-Toe dataset
as we can see on Table 8.

The results obtained on multi-class datasets are described
in Table 9. We have the best result in accuracy on the Teacher
assistant evaluation dataset, with a score of 58.40 of accuracy
in front of the second best which is the AntMiner+ with
56.73 and a reliability 0.75 on the F-score metric.

Regarding the dataset Contraceptive method choice, our
solution is the second best and very close to the best which
is the SVM. Our accuracy score reaches 48.09 when the
SVM is at 48.55. However, we could not obtain an acceptable
reliability, because the scores of 0.11 in F-score and 0.16 in
Kappa are considered as low.
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TABLE 9. Table that exposes our solution in comparison with others in context of multi-class dataset.

TABLE 10. Table that exposes average execution time accompanied by
the average term per rule ratio.

In addition to the aforementioned analysis, we present
supplementary findings in table 10 that provide insights
into the execution time and average number of terms
per generated rule in comparison with other solutions.
Notably, our algorithm maintains a fixed minimum value
of 5 terms, which ensures a consistent baseline for rule
generation. Consequently, our algorithm consistently strives
to optimize other performance metrics while adhering to
this predetermined term count. This attribute distinguishes
our solution as the superior method in terms of generating
terms per rule. Furthermore, the recorded average execution
time of our algorithm is 415 seconds, positioning it as the
second most time-efficient approach among the algorithms
for which the number of terms per rule generated is known.
This information holds significance as it contributes to the
credibility and reliability of our results. Additionally, our
algorithm secures the 6th position in the overall ranking based
on execution time, underscoring its competitive performance
in this aspect.

Furthermore, our quantum-inspired approach demon-
strates its relevance by outperforming both the AntMiner+
algorithm and the basic AntMiner in terms of generating a
higher number of terms per rules. Specifically, our approach
achieves a 1.5 times increase compared to AntMiner+ and a
remarkable 3.8 times improvement compared to AntMiner as
can be seen in table 10. Remarkably, despite these significant

gains in terms of term generation, our approach maintains
superior performance to AntMiner+ in three out of the five
evaluation tests.

The success of our quantum-inspired approach can be
attributed to the implementation of a quantum-inspired
genetic algorithm. A key factor in our algorithm’s effec-
tiveness lies in its unique probabilistic representation, which
operates not only at the level of values but also, crucially,
at the level of dimensions. This allows us to make decisions
regarding the selection or exclusion of dimensions during
each iteration. Importantly, our algorithm assigns a high
probability to selecting the most favorable choice, while
still allowing for the possibility of retaining the alternative
choice. This probabilistic aspect is challenging to implement
in alternative approaches, as their convergence tends to be
stronger, making it difficult to eliminate dimensions entirely.

Finally, in our algorithm, the population size and number
of generations serve as influential factors. Increasing the
population size and the number of generations generally
leads to improved accuracy of our algorithm. However,

FIGURE 6. Influence of the number generation and population size on
accuracy.
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it is important to note that beyond certain threshold values,
specifically 200 for the number of generations and 400 for the
population size, the convergence becomes slower, resulting
in excessively long calculation times. Moreover, Table 1, 2
and 3 highlights the observed trade-off between reliability
and accuracy, as increasing these factors does not necessarily
yield a significant improvement in accuracy while compro-
mising reliability.

To visually depict the relationship between these factors
and our algorithm’s performance, Figure (Fig. 6) illustrates
the progression of accuracy with respect to the population
size and number of generations. Meanwhile, Figure (Fig. 7)
showcases the impact of these factors on computation time.
These graphical representations provide a clear visualization
of the trends and help in identifying the optimal values for
our algorithm.

FIGURE 7. Influence of the number generation and population size on
execution time.

VI. CONCLUSION
This paper introduces a novel variant of the quantum genetic
algorithm specifically tailored for classification rules within
the context of Business Intelligence (BI). Our variant exploits
the power of a proven optimization in a binary problem field,
by adapting and propagating it successfully to tackle the
dimensionality problem in a categorical problem field.

A key contribution of this work resides in the algorithm’s
ability to simultaneously optimize both precision and relia-
bility. By carefully configuring the QIGA, we demonstrate
the possibility to achieve high accuracy while maintaining
strong model reliability, a critical aspect often neglected in
other studies. Our empirical evaluation on multiple datasets
reveals that the proposed QIGA challenges the best existing
methods in terms of accuracy rate, ranking second after
CBDT in terms of both precision and F-score. Moreover,
the algorithm’s ability to handle high-dimensional data
effectively contributes to the generation of concise and
interpretable rule sets.

As it has been illustrated in this paper, the proposed
QIGA has a favorable performance, but the computational

time is an issue that hinders the methodology when applied
to large-scale datasets. Future studies should be directed
towards increasing the effectiveness of the algorithm and
at the same time aiming at improving the performance of
the algorithm. Therefore, other research directions might
include investigating how to improve the results of the QIGA
method when it is used in combination with other methods,
for example, feature selection or ensemble methods. Lastly,
examining the possibility to extend the usage of the proposed
method to other domains outside Business Intelligence is an
interesting idea for future research.
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