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Abstract. This paper proposes a Differential-Evolution-based approach
to building association rules describing the relationship between the
elements triggering bacterial vaginosis. The differential evolution
algorithm uses a population of real-valued vectors as candidate solutions
representing an association rule, which is evaluated on the clinical
dataset using a fitness function. This function includes three metrics
to measure the quality rule to generalize the dataset. The dataset has
binary attributes representing the absence or presence of the bacteria.
The resulting rules indicate that this approach can build rules with
biological significance.
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1 Introduction

Bacterial vaginosis (BV) is a vaginal infection characterized by a bacterial
disorder due to a change in the vaginal flora. The anaerobic pathogens
that increase concentration by 10 to 100 times are species of Prevotella and
Peptostreptococcus, Gardnerella vaginalis, Mobiluncus spp, Bacteroides spp,
Peptostreptococcus spp, Urea-plasma urealyticum, and Mycoplasma hominis [4].
BV is a silent health problem since the symptoms can go unnoticed, causing
severe consequences such as premature delivery, post-abortion infection, pelvic
inflammatory disease, and sexually transmitted diseases [8].
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Data Mining is an exciting Artificial Intelligence area that allows for
information analysis and knowledge discovery. Data Mining techniques such
as association rule mining (AR) allow identifying correlation, association, and
frequent patterns from a dataset [6]. In particular, the Apriori algorithm [14]
is one of the most widely used algorithms for pattern discovery, using frequent
itemsets to generate association rules [3]. A disadvantage of the Apriori algorithm
is the combinatorial exploitation of the rules produced, so applying techniques to
obtain a reduced set of high-quality rules is essential [7]. To address this problem,
we propose using a Differential-Evolution-based approach to create meaningful
association rules of high quality. The Differential Evolution (DE) algorithm is
an effective method used in numerical optimization, which both explores and
exploits a set of solutions in a continuous space based on an intelligent and
robust combination scheme [1].

The rest of this manuscript is organized as follows: Section 2 describes the
dataset and the methods used in this work. The elements used to implement the
proposed method are detailed in Section 3, and Section 5 shows the preliminary
results. Finally, conclusions and future work are described in Section 6.

2 Materials and Methods

2.1 Data

The dataset used in this work includes information from Mexican sexually
active women between 18 and 50 years old. They underwent a gynecological
examination at the Metabolic and Infectious Diseases Research Laboratory
of the Universidad Juárez Autónoma de Tabasco [12]. The dataset comprises
201 observations and 11 attributes that led to a BV presence or absence
diagnosis. Attributes used describes four lactoballici (crispatus, gasseri,
iners, and jensenni) and seven bacteria (atopobium, garnerella vaginalis,
megasphaera, mycoplasma hominis, ureaplasma parvum, ureaplasma urealuytum,
and mycoplasma genitalium). Fifty-one positive and 134 negative vaginosis
cases exist, and 16 indeterminate cases.

2.2 Association Rules

Association rule mining (AR) is a data mining technique that identifies
associations between attributes from a dataset [2]. Association rule is formalized
as the implication if . . . then . . . in the form A ⇒ B, where A is the antecedent
and B the consequent. To select an AR as a candidate, it must meet some quality
measure. The measures most commonly used are Support, Confidence, and Lift.
They are defined as follows:

Support(A =⇒ B) = P (A ∪B), (1)

Confidence(A =⇒ B) = P (A|B), (2)
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Lift(A =⇒ B) =
Confidence(A =⇒ B)

Support(B)
. (3)

2.3 Differential Evolution Algorithm

Differential Evolution (DE) is an efficient evolutionary algorithm for solving
optimization problems in continuous spaces [13]. DE encodes candidate
solutions through real-valued vectors and applies a difference vector to disrupt
a population of these solutions. First, a population of candidate solutions is
randomly created, then applying the DE evolutionary process that builds a new
population using mutation, crossover, and selection operators at each iteration.
Instead of implementing traditional crossover and mutation operators, DE
applies a linear combination of several candidate solutions selected randomly to
produce a new solution. Finally, DE returns the best candidate solution in the
current population when the stop condition is fulfilled.

If for each j ∈ 1, . . . , |xi|, xmin
j and xmax

j are the minimum and the maximum

values of the j-th parameter, respectively, the j-th value of xi in the initial
population is calculated as follows:

xi
j = xmin

j + r(xmax
j − xmin

j ), (4)

where r ∈ [0, 1] is a uniformly distributed random number.
Furthermore, the mutation, crossover, and selection operators are

defined as follows:

– Mutation: Three randomly chosen individuals of the current population
(xr1 , xr2 and xr3), being different from each other and also different from
the target vector, are linearly combined to yield a mutated vector vi, using
a user-specified scale factor F to control the differential variation, as follows:

vi = xr1 + F
(
xr2 − xr3

)
. (5)

Eq. 5 is related with the DE/rand/1 variant defined in [9].
– Crossover: The mutated vector is recombined with the target vector to

build the trial vector ui. For each j ∈
{
1, . . . , |xi|

}
, either xi

j or v
i
j is selected

based on a comparison between a uniformly distributed random number
r ∈ [0, 1] and the crossover rate CR. The recombination operator also uses
a randomly chosen index l ∈ {1, . . . , |xi|} to ensure that ui gets at least one
value from vi, as follows:

ui
j =

{
vij if r ≤ CR or j = l,

xi
j otherwise.

(6)

– Selection: A one-to-one tournament is applied to determine which vector,
between xi and ui, is selected as a member of the new population.

An advantage of DE is that it uses a few control parameters: a crossover rate
Cr, a mutation scale factor F , and a population size NP .

47

Three Metrics for Building Association Rules Using Differential Evolution ...

Research in Computing Science 151(11), 2022ISSN 1870-4069



0.37332532 0.7686285 0.647710579 0.469192437 0.03015103

0 1 1 0 0

< 0.5 >= 0.5 >= 0.5 < 0.5 < 0.5

      Proposed solutions for ED

          Coding of solutions to be evaluated in the dataset by f(x)

Fig. 1. Coding the candidate solution proposed by DE.

3 Implementation

DE evolves a population of randomly generated real-valued vectors. The
evolutionary process is guided by a fitness function f(x) determining the quality
value of each individual in the population. In this work f(x) is computed using
several metrics searching for a maximum correlation between dataset attributes.
The two crucial elements determining the success of the evolutionary process to
create representative association rules to identify positive BV cases are defined
as follows:

3.1 DE/rand/1/bin Version Implemented

DE/rand/1/bin is a classic DE variant, where rand indicates that base vectors
are randomly chosen, 1 indicates that only one vector difference is used to form
the mutated population, and the term bin (from binomial distribution) points out
that uniform crossover is employed during the formation of the trial population.

3.2 Solution Encoding Scheme

Since the dataset’s attributes are categorical, a scheme is required where the
vector of real numbers can represent the selection or not of some attribute. The
threshold-based scheme is the traditional approach to represent the selected
attributes from a dataset: If the i-th parameter value is greater than 0.5, then
the i-th attribute is chosen to build an association rule; otherwise, this attribute
is discarded [10]. This scheme is used in this work, and Fig. 1 shows an example
of this mapping scheme.

3.3 Fitness Function Definition

In research health, qualitative or dichotomous attributes are frequently used.
In this research, we propose studying associations between bacteria that trigger

48

Freddy García-Fuentes, Juana Canul-Reich, et al.

Research in Computing Science 151(11), 2022 ISSN 1870-4069



BV+. There are different statistical models to analyze qualitative data based on
contingency tables. Thus, the objective function is made up of three statistical
tests: Chi-squared, Yates and Fisher. These metrics are defined as follows:

– Chi-squared Test:

X2 =

k∑
i=1

(Oi − Ei)
2

Ei
, (7)

where Oi is the observed value (the number of cases observed in a cell
contingency table). Ei is the expected value, the number of expected cases
in each cell of the contingency table.

– Yates’s formula:

X2(Y ates) =
n
(
| ad− bc | −n

2

)2
(a+ b)(c+ d)(a+ c)(b+ d)

. (8)

– Fisher’s test:

p =
(a+ b)!(c+ d)!(a+ c)!(b+ d)!

n!a!b!c!d!
. (9)

In Eqs. 8 and 9, a, b, c, d are the expected frequencies in a 2 x 2 contingency
table. (a+ b) is the sum of the two frequencies in row 1 and (c+ d) the sum
of the frequencies in row 2. Similarly (a+ c) is the sum of the frequencies in
column 1 and (b+ d) the sum of the frequencies in column 2. The total sum
of all frequencies is given by n [15].

The fitness function is defined as follows:

f(x) =


p if expected frecuency < 3

X2(Y ates) if expected frecuency > 3 and < 5

X2 otherwise.

(10)

3.4 Contingency Table

The contingency table plays an important role in the process of discovering the
association between the attributes to be analyzed. The contingency table in Fig.
2, is composed of rows and columns, in the cells are recorded the absolute or
relative frequencies where it is possible to analyze the correlation between two
variables from the calculations that can be performed. From the set of solutions
that integrate the initial population proposed by the evolutionary algorithm,
they are coded in a binary format described in 3.2 , to select the combination of
attributes of the study data set and placed in the contingency table.

To determine the existence of a correlation between the selected attributes,
the fitness function f(x) is applied to the contingency table, and the results
obtained will determine the existence of correlation at the 95% confidence level.
The fitness function will guide the evolutionary process to determine the quality
of each individual, for our case study, the fitness function is composed of three
statistical tests under these restrictions:
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Vaginosis
Bacteria VB+ VB- Total
Present 4 2 6
Absent 3 1 4
Total 7 3 10

VB+ 1 1 0 1 1 1 1 1 0 0
Bacteria 1 1 0 0 0 0 1 1 1 1

B B’

A n(AB) n(AB’) n(A)

A’ n(A´B) n(A’B’) n(A’)

n(B) n(B’) N

→

Variable of study

Fig. 2. The content of each cell is the number of frequencies that simultaneously
satisfy the two conditions as n(AB) [5] and N is total number of cases.

# x1 x2 x3 x4 x5 ...

1 0.502039005 0.459392722 0.190416764 0.815215559 0.325156041 ...

2 0.471859988 0.322943996 0.558754558 0.071904423 0.646604343 ...

3 0.884867951 0.970009102 0.639326963 0.157366722 0.19712648 ...

... ... ... ... ... ... ...

28 0.760473437 0.154270605 0.325504462 0.730542258 0.156496913 ...

29 0.983289693 0.290753466 0.939203966 0.015982902 0.509900643 ...

30 0.598807963 0.214430708 0.74828237 0.735633684 0.383654593 ...

Crispatus Gasseri Iners Jensenii Megasphaera ... VBPCR
1 1 1 1 0 ... 0
1 1 0 1 0 ... 0
1 0 1 1 0 ... 1
0 1 1 1 1 ... 1
... ... ... ... ... ... ...

Dataset
Population

Representación

Mutation

Recombination

B B’
A n(AB) n(AB’) n(A)

A’ n(A´B) n(A’B’) n(A’)

n(B) n(B’) N
Contingency table

Next Generation (Selection)

Fig. 3. Experimental design to build Association Rules using
Differential Evolution.

– If 25% of the expected frequencies is >3 and <5, the Yates test is applied.
– If 25% of the expected frequencies is < 3, Fisher’s exact text is used.

After calculating the existence of dependence between attributes, the
strength of the association is measured with Pearson’s Phi correlation function.
If the result is close to one, it indicates a strong association, while if the results
are close to zero, the association is very poor or non-existent.

4 Experimental Design

The following diagram details the steps to create rules with differential evolution.
The initial population is defined with random numbers within the continuous

space. The solutions composing the population are evaluated with the objective
function f(x) composed of the three metrics. To evaluate the solution, it is
coded to a binary format to select the combination of attributes of the dataset
corresponding to the coding. Subsequently, the result of the selected set of
attributes from the dataset is placed in a contingency table and the function
f(x) is applied under the criteria described in Section 3.4.
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Table 1. Chi-squared test result.
No. Rule f(x) Phi

1 Jensenni, Megasphaera, Atopobium =⇒ VB+ 1.71× 10−17 0.625
2 Gasseri, Megasphaera, Atopobium =⇒ VB+ 4.86× 10−19 0.655
3 Iner, Gardnerella =⇒ VB+ 6.1× 10−9 0.427

Table 2. Yates’s correction test result.
No. Rule f(x) Phi

1 Iners, Jensenii, Megasphaera =⇒ VB+ 7.32× 10−10 0.473
2 Gasseri, Iners, Jensenii, Atopobium, Gardnerella =⇒ VB+ 2.01× 10−9 0.463
3 Gasseri, Iners, MH =⇒ VB+ 1.39× 10−4 0.303

Table 3. Fisher’s exact test result.
No. Rule f(x) Phi

1 Crispatus, Gardnerella, MH, MG =⇒ VB+ 5.0× 10−6 0.366
2 Gasseri, Iners, Megasphaera, Atopobium, MG, UP =⇒ VB+ 2.1× 10−5 0.344
3 Crispatus, Gasseri, Iners, Megasphaera, MG, UP =⇒ VB+ 8.8× 10−5 0.321

Finally, the solution with the best fitness is passed to the next generation,
this process will continue until the stop condition is completed.

5 Results

The results obtained by minimizing the fitness function f(x) described in Section
3.3 are summarized below. f(x) evaluates the results under the p-value criterion,
the null hypothesis is either approved or rejected with a confidence level of 95%.
The null hypothesis H0 is rejected if the p-value is less than 0.05 meaning that
there is an association. Under this criterion, we minimize the fitness function
f(x) and measure the strength of the association with the Pearson correlation
coefficient Phi, of the analyzing variables.

The results are detalled in Table 1, 2 y 3. In this tables, the rules with the
highest statistical value are depicted. The DE parameters are adjusted according
to the recommendation suggested in the existing literature [13], as follows:

1. F ∈ [0.5, 1.0]
2. CR ∈ [0.8, 1.0]

and a population of 30 individuals.
The evolutionary process is stopped when 30 generations are reached.
In the results of the Chi-square test in Table 1, rule one indicates that

Jensenni, Megasphaera and Atopobium bacteria trigger Bacterial Vaginosis with
association strength Phi = 0.625. In the results of the Yates test in Table 2,
rule one formed by bacteria Iners, Jensenii, Megasphaera indicated positive
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Fig. 4. Convergence of the evolution in the solutions of the fitness function.

for bacterial vaginosis with an association Phi= 0.473. Finally, in Table 3 the
Fisher’s test results for rule one Crispatus, Gardnerella, Mycoplasma Hominis
and Mycoplasma Genitalium indicated positive for Baginosis with an association
Phi = 0.366.

From the results, the rules that may be involved in the development of the
infection are summarized under the criterion of highest statistical significance.
The explanation of the cause of infection is so far complicated by the large
number of bacteria that coexist in the vagina of women.

Furthermore, Figure 4 shows the fitness function convergence behavior to
the best individual in the population.

6 Conclusion

BV is a health problem and should be treated early to avoid future risks
in women. In this work, we implemented the differential evolution algorithm
as a tool to discover strongly related association rules and avoid generating
low-quality rules. The proposed approach is used to avoid the combinatorial
explosion present when the Apriori algorithm is applied.

In this analysis, several tests were performed by modifying the parameters
according to the limits suggested by the experts. The observed results allow
knowing the bacteria associated with bacterial vaginosis with statistical values.
This is an on-going research, and currently a function with a set of biological
constraints is being implemented to guide the evolutionary search towards the
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optimal result. Other bacteria causing the Bacterial Vaginosis infection will also
be expected to be discovered.
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