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ABSTRACT
The disease caused by the SARS-CoV-2 (COVID-19) has affected
millions of people around the world since its detection in 2019.
This pandemic inspired the development of the Coronavirus Opti-
mization Algorithm (CVOA), a bio-inspired metaheuristic that was
originally used to adjust deep learning models for time series fore-
casting, by means of a binary codification. In this paper, a integer
codification for the CVOA individual is introduced and used for
optimizing a novel approach for numerical association rules min-
ing. As an application case, the prediction of earthquakes of large
magnitude has been addressed. This kind of events are rare and,
therefore, they can be characterized by rules with very high interest
or lift and low support. Thus, the algorithm has been applied to
the extraction of rules meeting specific criteria in an earthquake
data set, provided by the National Geographic Institute of Spain.
The results show CVOA as a promising tool for numerical asso-
ciation rules mining, obtaining rules with useful and meaningful
information for predicting the occurrence of large earthquakes.
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1 INTRODUCTION
Bio-inspired algorithms are metaheuristics that mimic nature to
solve optimization problems. In biology, examples of optimization
can be found by looking at natural phenomena that manage to
find optimal strategies for the high complexity of life, while main-
taining diversity and adaptation to the environment [3]. Viruses
spread by infecting people, who may infect new individuals, die or
recover after passing the disease. The immune system, along with
the development of vaccines, serves to fight the virus and reduce
its impact.

Metaheuristics must deal with large search spaces, even infinite
for continuous cases, and they must find suboptimal solutions in
reasonable execution times [4]. The rapid spread of the SARS-CoV-2
virus has inspired the development of the coronavirus optimization
algorithm, known as Coronavirus Optimization Algorithm (CVOA),
based on the COVID-19 spread model [12].

The CVOA algorithm can be combined with other artificial in-
telligence techniques, such as association rule mining, which is an
important research area in data mining. It is aimed at extracting
interesting correlations, frequent patterns or associations between
sets of items in transactional databases or other data repositories
[6]. Discovering rules for attributes with numerical values is a chal-
lenge, since the most popular methods for association rule mining
cannot be applied to numerical data without prior discretization,
leading to increased computational cost and loss of information
[16]. Thus, this paper presents an adapted version of CVOA that
uses an integer codification for numerical association rules mining
(NARM).

Earthquake magnitude prediction is a problem of utmost rele-
vance. The occurrence of earthquakes of large magnitude is par-
ticularly difficult to predict because these events occur rarely in
the nature and exhibit no apparent correlation with the past. Such
phenomena can be characterized by numerical association rules,
as firstly proposed in [14]. Thus, the proposed algorithm has been
adapted to find rules with a consequent including earthquakes with
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large magnitude, which can be characterized by rules with very
high lift and low support. These rules are also used to characterize
outliers of temporal data so that these outliers can model any type
of natural disaster. Hence, a case study is included in which CVOA
is used to obtain association rules in a Spanish earthquake data set.
The code, developed in Python, can be found in the Supplementary
Material section.

2 RELATEDWORKS
Many bio-inspired metaheuristics can be found in the literature. For
example, a virus-based optimization algorithm (VOA) was proposed
in [7]. It is a population metaheuristic algorithm that mimics the
behaviour of viruses attacking a living cell. In contrast to CVOA, it
simulates generic viruses and requires a search for suitable param-
eter values. The method was improved in [8] and the results show
that it is a viable solution for continuous optimization.

Several evolutionary algorithms and fuzzy evolutionary algo-
rithms for NARM are presented and compared in [23]. The perfor-
mance of these metaheuristics has been compared with the classical
Apriori algorithm [22]. This algorithm works in two phases, first it
extracts the frequent itemsets and then generates the rules from
them. A genetic algorithm is proposed in [1] as a strategy to mine
association rules directly without the need to generate frequent
itemsets previously. A similar approach is presented in [24], where
the minimum support of the rules is not necessary. The results
showed that the proposed method significantly reduces computa-
tional costs and generates interesting association rules.

A problem arises when classical association rule mining methods
deals with numerical data since a prior discretization is needed,
which involves a higher computational effort and information loss.
Techniques based on evolutionary algorithms are proposed in sev-
eral works [9–11] to find association rules in numerical datasets
without a previous discretization of the attributes. Thus, the inter-
val bounds of the attributes are decided in the evaluation process
of the solutions at each iteration [17].

The result of the analysis and the comparison of the methods
presented in [23] shows that intelligent algorithms seem to be the
best alternative for the complex NARM problem. They are more
efficient by avoiding pre-processing of data and several metrics com-
putation. It can be concluded that new algorithms can be adapted
to obtain better results, which justifies the application of CVOA for
association rules.

3 DESCRIPTION OF CVOA FOR INTEGER
CODIFICATION

In this section, the proposed individual codification and the opti-
mization process is described, as well as the assigned parameter
values. Finally, the implementation of a version with several strains
running in parallel is included.

3.1 Individual codification
CVOA is an iterative searching process to find solutions for an opti-
mization problem. In a similar way to other population algorithms,
it begins with the initialization of a population of individuals, which
is updated in each iteration, by exploring the solution search space,

Figure 1: Individual codification for NARM in a data set with
the proposed version of CVOA, where 𝐴 = {𝑎1, . . . , 𝑎𝑚} is the
set of attributes, with values 𝑥 ∈ R, and 𝑥𝑙 , 𝑥𝑢 , the lower
and upper interval limits, pre-specified for the attribute 𝑎𝑚 ,
which is the consequent of the rule.

until the stopping criterion is met. Finally, it returns the best so-
lution found. For this particular case, solutions returned by the
algorithm represent association rules.

An association rule is an implication in the form 𝑋 ⇒ 𝑌 , where
X is the antecedent and Y the consequent. The rule means X implies
Y [6]. Finding rules that characterize outliers can be viewed as a
special form of association rule mining where conclusions of rules
are pre-specified [20]. Given a data set, the attribute whose value
is used to consider whether an example is an outlier is set as a
consequent.

Extracting rules from a numeric data set presents the following
problem. Numeric attributes are usually defined on a wide range
of different values. In order to apply data mining techniques, the
attribute domains are divided into intervals. This is known as dis-
cretization [21]. As this process entails an additional computational
cost due to the selection of the suitable intervals, and possible loss
of information, in CVOA the amplitude of the intervals is decided
in each iteration of the algorithm.

In the following lines the codification used for the individuals
candidates to be solutions of CVOA hybridized with NARM will
be described. As already mentioned, the consequent of the rule is
fixed and pre-specified by the user, passing it as a parameter. The
algorithm optimizes the antecedent of the rule, which consists of a
number of intervals equal to the number of attributes of the data
set minus the attribute set as consequent. Therefore, the CVOA
individual is a collection of elements that encode the antecedent
of the rule. Each element encodes the lower or upper limit of an
interval. Given a data set with𝑚 attributes and 𝑛 instances which
meet the condition of the consequent, that is, the value of the
attribute is in the specified interval, the individual consists of a list
of 2(m-1) integers 𝑘 , where 𝑘 ∈ [1, 𝑛 − 1]. Even positions in the
list correspond to the intervals lower limit, and their values are
integer numbers 𝑘𝑝 in the range [1, 𝑛 − 1]. Their corresponding
decoded values are the (𝑘𝑝 )-smallest values for each attribute of
the n instances. That is, if 𝑘𝑝 = 1, the lower limit of the interval is
the minimum value of the corresponding attribute. Elements in odd
positions encode the intervals upper limit, and they can take values
𝑘𝑖 between 1 and 𝑛 −𝑘𝑝 . Their decoded values are the (𝑘𝑖 )-greatest
values for each attribute of the n instances. In this case, 𝑘𝑖 = 1
means that the upper limit of the interval is the maximum value.
In Figure 1 this codification is shown graphically.
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3.1.1 Fitness function selection. In this work, a combination of
CVOA with NARM is proposed. Therefore, the objective is to opti-
mize the interest of the mined rules. The measure used to evaluate
the rules is lift. Other standard measures are support, to find fre-
quent patterns, and confidence, to assess the quality of the rules.
However, confidence does not capture the correlation that exists
between the antecedent and consequent of the rule. Moreover, the
interestingness measure lift captures that correlation in the sense
that it tells us whether the antecedent influences the consequent
positively (lift >1) or negatively (lift <1). Therefore, using lift instead
of confidence as a criterion for discovering association rules may
be more effective. In addition, it is intended that the rules obtained
with CVOA characterize outliers in data sets, which are defined by
rules with high lift and very low support. For this particular case,
such rules identify earthquakes with large magnitude. Please refer
to [9] for more information about these measures.

3.1.2 Infection procedure. An individual becomes infected through
the mutation of the contagious individual. Individuals are lists that
encode a certain number of intervals, so this mutation consists of
the infection of these intervals. To determine how many intervals
are affected, the trip distance (𝑇𝑅𝐴𝑉𝐸𝐿_𝐷𝐼𝑆𝑇𝐴𝑁𝐶𝐸) is used. This
distance must be a number between 1 and the total number of
intervals, that is, half the length of the individual. In this way, an
interval is chosen at random to be infected, until having modified
as many as 𝑇𝑅𝐴𝑉𝐸𝐿_𝐷𝐼𝑆𝑇𝐴𝑁𝐶𝐸 indicated.

3.1.3 Interval infection. When infecting a single interval, its ampli-
tude (𝑎𝑖 ) is decreased or increased in a certain percentage, resulting
in a new amplitude (𝑎𝑓 ). The percentages 25%, 50% and 75% are
considered, and one of them is randomly chosen as follows. A vari-
able 𝑑 = |𝑎𝑓 − 𝑎𝑖 | is defined as the difference between the new
and the initial amplitudes. A number 𝑃 ∈ {0, 1, 2} is generated
such that 𝑃 = 0 ⇒ 𝑑 = 0.25 × 𝑎𝑖 ; 𝑃 = 1 ⇒ 𝑑 = 0.5 × 𝑎𝑖 and
𝑃 = 2 ⇒ 𝑑 = 0.75 × 𝑎𝑖 . Since the individuals are actually a codifica-
tion of the intervals, and consist of lists of integers, the difference
must also be an integer. For this reason, the difference 𝑑 is rounded.
The decision whether the amplitude of the interval is increased or
decreased is made by randomly generating a number between 0 (the
interval is increased) and 1 (the interval is decreased). To increase
the interval, the amount 𝑟𝑜𝑢𝑛𝑑 (𝑑)/2, rounded down, is subtracted
from each element that encodes one extreme of that interval, the
number k that is mentioned in the section that explains the encod-
ing. To reduce the interval, the amount 𝑟𝑜𝑢𝑛𝑑 (𝑑)/2, rounded up, is
subtracted. If the value of k resulting from modifying an extreme
of an interval is less than 1, it is assigned 1.

3.2 Parallel strains implementation
The algorithm presented in this work is configured so that a par-
allelized version can be implemented simulating various strains
of SARS-CoV-2. In this way, diversification is increased, that is, it
allows covering a larger size of the search space. Please refer to the
original CVOA work for further details [12].

3.3 Suggested parameters setup
In this section, the values assigned to CVOA parameters are pre-
sented. These values have been selected from different sources such

as the World Health Organization (WHO) [19]. It should be noted
that each iteration of the algorithm simulates a week. Full descrip-
tion for these parameters can be found in the original CVOA work
[12]:

(1) 𝑃_𝐷𝐼𝐸 = 0.06 has been assigned.
(2) 𝑃_𝑆𝑈𝑃𝐸𝑅𝑆𝑃𝑅𝐸𝐴𝐷𝐸𝑅 = 0.1.
(3) 𝑆𝑈𝑃𝐸𝑅𝑆𝑃𝑅𝐸𝐴𝐷𝐸𝑅_𝑅𝐴𝑇𝐸 ∈ [6, 15]
(4) 𝑃_𝑅𝐸𝐼𝑁𝐹𝐸𝐶𝑇𝐼𝑂𝑁 = 0.001.
(5) 𝑃_𝐼𝑆𝑂𝐿𝐴𝑇𝐼𝑂𝑁 = 0.7, since this value ensures that 𝑅0 ≤ 1,

as shown in the original work
(6) 𝑃_𝑇𝑅𝐴𝑉𝐸𝐿 = 0.1.
(7) 𝑆𝑂𝐶𝐼𝐴𝐿_𝐷𝐼𝑆𝑇𝐴𝑁𝐶𝐼𝑁𝐺 ∈ [7, 12].
(8) 𝑃𝐴𝑁𝐷𝐸𝑀𝐼𝐶_𝐷𝑈𝑅𝐴𝑇𝐼𝑂𝑁 = 20.

4 RESULTS: APPLICATION TO EARTHQUAKE
MAGNITUDE PREDICTION

The methodology explained in this work has been applied to opti-
mize the interest of rules generated with earthquake data. In this
section it is presented, firstly, a description of the data set used and,
thereafter, the results obtained and their analysis.

The data set used in this work has been retrieved from the cat-
alogue of Spanish’s Geographical Institute, which contains the
location and magnitude of Spanish earthquakes. It is the dataset
used in [13], however, in this paper we only focus on the prediction
of earthquakes of moderate-large magnitude, which is considered a
major challenge in the literature. Thus, the objective is to find pat-
terns that precede moderate-large earthquakes, therefore 𝑀𝑎 will
be set as the consequence of the rules (magnitude of an earthquake
occurred after the conditions determined in the antecedent). For
this reason, it has been decided to extract rules for𝑀𝑎 ∈ [4.4, 6.2]
and𝑀𝑎 ∈ [5.0, 6.0]. Note that Δ𝑡 and Δ𝑏 represent the time elapsed,
in years, between the previous and current earthquake and the
increment of the b-value [18], while𝑀𝑝 identifies the magnitude
of the previous earthquake (the last one reported).

The algorithm has been configured with ten coronavirus strains
running in parallel. All of them have the same parameter values,
described in Section 3.3. Table 1 shows the five best rules found
for 𝑀𝑎 ∈ [4.4, 6.2], after five executions. Regarding the metrics,
the confidence is 100%, the lift measure takes a value of 16.47 and
the support 1.1 × 10−3, for all the five rules. According to what
has been explained about this metric, a value greater than 1 leads
to consider that the rules are interesting and that the antecedent
and consequent attributes are positively correlated. Regarding the
support of the rules, it varies between 0.11% and 0.34%, low values,
but expected since we are dealing with infrequent magnitudes,
which represent a minority in the data set. Specifically, earthquakes
that satisfy 𝑀𝑎 ∈ [4.4, 6.2] account for 6% of the total records in
the data set.

Table 2 show the results for the consequent𝑀𝑎 ∈ [5.0, 6.0], the
same way as above: for ten strains running in parallel. Confidence
is also 100% for all rules. Support for all the five rules is 0.11%. But
it should be noted that in this case, the percentage of records that
satisfy𝑀𝑎 ∈ [5.0, 6.0] is reduced to 1.6%. The lift measure is equal
to 62.357 for all rules, which also indicates a positive correlation.

The total of rules generated for both ranges of𝑀𝑎 have a negative
Δ𝑏, that is, the b-value decreases in all of them. The works in
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Table 1: Antecedent of the five best rules found for the con-
sequent𝑀𝑎 ∈ [4.4, 6.2] using ten strains.

Antecedent

Δ𝑡 ∈ [0.019, 0.029] ∧ Δ𝑏 ∈ [-0.020, -0.016] ∧𝑀𝑝 ∈ [3.6, 3.8]
Δ𝑡 ∈ [0.018, 0.082] ∧ Δ𝑏 ∈ [-0.055, -0.026] ∧𝑀𝑝 ∈ [4.1, 4.4]
Δ𝑡 ∈ [0.029, 0.033] ∧ Δ𝑏 ∈ [-0.026, -0.016] ∧𝑀𝑝 ∈ [3.6, 3.7]
Δ𝑡 ∈ [0.019, 0.082] ∧ Δ𝑏 ∈ [-0.019, -0.016] ∧𝑀𝑝 ∈ [3.6, 4.0]
Δ𝑡 ∈ [0.011, 0.331] ∧ Δ𝑏 ∈ [-0.039, -0.024] ∧𝑀𝑝 ∈ [4.0, 5.3]

Table 2: Antecedent of the five best rules found for the con-
sequent𝑀𝑎 ∈ [5.0, 6.0] using ten strains.

Antecedent

Δ𝑡 ∈ [0.130, 0.137] ∧ Δ𝑏 ∈ [-0.019, -0.013] ∧𝑀𝑝 ∈ [3.1, 5.2]
Δ𝑡 ∈ [0.001, 0.137] ∧ Δ𝑏 ∈ [-0.040, -0.036] ∧𝑀𝑝 ∈ [3.9, 5.2]
Δ𝑡 ∈ [0.012, 0.080] ∧ Δ𝑏 ∈ [-0.045, -0.039] ∧𝑀𝑝 ∈ [3.8, 3.9]
Δ𝑡 ∈ [0.048, 0.080] ∧ Δ𝑏 ∈ [-0.045, -0.026] ∧𝑀𝑝 ∈ [3.9, 5.2]
Δ𝑡 ∈ [0.080, 0.137] ∧ Δ𝑏 ∈ [-0.101, -0.017] ∧𝑀𝑝 ∈ [4.1, 5.0]

[2, 5, 15] draw similar conclusions than those obtained by the rules
with reference to variations of the b-value.

5 CONCLUSIONS
A new algorithm based on CVOA to mine numerical association
rules has been proposed in this work. An integer codification has
been described to represent these rules. The results obtained show
that CVOA is a good alternative to the classic association rule
mining methods, due to its efficiency in optimizing the objective
function, without requiring previous steps such as the extraction
of frequent patterns or the numerical attributes discretization. The
proposed codification allows working with data defined in R, creat-
ing and modifying intervals in each iteration. Another advantage of
this method is that it does not require a prior discretization of the
data, so there is no loss of information derived from this process.
The algorithm has been validated by characterizing moderate-large
earthquakes in Spain and show that CVOA is a good technique to
find interesting rules, managing to optimize the lift and allowing
to discover the influence of the b-value and the time elapsed in the
occurrence of moderate-large earthquakes.
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SUPPLEMENTARY MATERIAL
The Python implementation of CVOA with integer codification, to
optimize the interest of association rules, can be found in the GitHub
repository (https://github.com/cristinasegarra7/CVOA_rules).
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