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Abstract. Nowadays, it is no secret that modern machine learning
methods are amongst the more computationally-intensive learning meth-
ods. The rise in the applications of computationally-intensive deep learn-
ing, automated machine learning methods, and even metaheuristics for
optimization, have increased the consumption of electrical energy dra-
matically. Consequently, we can predict that the numbers of global car-
bon footprints, arising as a byproduct of the increased consumption
of electrical energy during intensive computation, will be higher and
higher in the near future. Fortunately, the research community is aware
of these problems, and is, thus, looking for solutions of how to reduce
the carbon footprint in the sense of the so-called Green AI. In line with
this, the paper introduces a reusable model for Numerical Association
Rule Mining which is also one of the hardest computationally-intensive
learning methods. In the classical Numeric Association Rule Mining, the
model (i.e., the archive of mined association rules) is created anew, when
the new incoming association rule are emerging. The proposed reusable
model only modifies the existing model accordingly by incoming new
rules, while the complexity of computation decreases remarkably.

Keywords: Association rule mining · Numerical association rule
mining · Modeling · Metaheuristics · Green AI

1 Introduction

Nowadays, Artificial Intelligence (AI) is presented almost everywhere for help-
ing humans in making decisions. We can easily mention that AI methods can be
found in various environments from logistics, through Industry 4.0, and even to
medicine. The AI models have already advanced to such an extent that they are
often able to beat the human in solving particular tasks. However, these advance-
ments are not free of charge. In this case, the accuracy of a machine learning
model is associated with the consumption of electrical energy needed for com-
puting. More accurate, efficient and reliable models require a lot of electrical
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energy in the training phases, such as Neural Architecture Search or Hyperpa-
rameter optimization. The energy consumption of these methods can also be
measured by a measure of the carbon impact of AI [3]. Recently, a very interest-
ing perspective on this domain was published in [8], where the authors coined
the term Red AI that exposes those AI methods which are environmentally
unfriendly [10]. When AI methods are environmentally friendly, they are referred
to as the Green AI [8].

Fortunately, the research movement is also becoming aware of the carbon
impact of AI, and has put a lot of effort into the development of training AI
models such that they do not need a lot of re-training in order to save com-
putational power as well as computational electrical energy. Potentially, they
also save much money when reducing the computational power of the dedicated
hardware or clouds they use.

In this paper, we take a look on Numerical Association Rule Mining (NARM)
which is a very popular method in Machine Learning (ML). The task of the
NARM is to discovery regularities between objects within large-scale transac-
tion databases. These regularities are presented in the sense of the association
rules. In NARM, all objects consist of numerical attributes that are determined
by intervals of feasible values. Especially, it is well-suited for solving with the
nature-inspired metaheuristics, which encompass two algorithm families [7]: Evo-
lutionary Algorithms (EAs) [5] and Swarm Intelligence (SI) algorithms [2]. This
study focuses on Differential Evolution [9], which is also suitable for NARM
solving [6].

Typically, the NARM problem is solved offline by generating an archive of
mined association rules. Thus, the archive that can be observed as the NARM
model is generated anew. This method becomes critical when we start to work
with big data. Here, we try to propose an online solution of the problem, when
the new incoming transactions are saved into a transaction database and simul-
taneously affect the NARM model. As a result, the NARM model is not created
anew, but reused. The proposed algorithm, complying with the Green AI, was
applied to the UCI ML dataset repository, while the obtained results are promis-
ing, and encourage us to continue with the work in the same direction. As far
as the authors’ knowledge, this point of view was not treated for NARM by the
research community until now.

The structure of the paper is as follows. Section 2 discusses the basics of
the NARM. The proposed method for reusing the NARM model is the sub-
ject of Sect. 3. The practical simulations and evaluations of obtained results are
illustrated in Sect. 4. The paper finishes with Sect. 5, where the results are sum-
marized and the directions are outlined for the future work.

2 Numerical Association Rule Mining

The ARM problem is defined formally as follows: Let us suppose a set of objects
O = {o1, . . . , om} and transaction database D are given, where each transaction
T is a subset of objects T ⊆ O. Thus, the variable m designates the number of
objects. Then, an association rule can be defined as an implication:
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X ⇒ Y, (1)

where X ⊂ O, Y ⊂ O, in X ∩ Y = ∅. The following two measures are defined
for evaluating the quality of the association rule [1]:

conf (X ⇒ Y ) =
n(X ∪ Y )

n(X)
, (2)

supp(X ⇒ Y ) =
n(X ∪ Y )

N
, (3)

where conf (X ⇒ Y ) ≥ Cmin denotes confidence and supp(X ⇒ Y ) ≥ Smin

support of association rule X ⇒ Y . There, N in Eq. (3) represents the number of
transactions in the transaction database D, and n(.) is the number of repetitions
of the particular rule X ⇒ Y within D. Additionally, Cmin denotes minimum
confidence and Smin minimum support, determining that only those association
rules with confidence and support higher than Cmin and Smin are taken into
consideration, respectively.

The NARM is very popular concept within the community of researchers
who apply the nature-inspired metaheuristics for mining the association rules
from transaction databases [7]. The main characteristics of NARM are to han-
dle numerical attribute (i.e., integer and real-valued). Most of the researchers
working in this domain apply contemporary EAs as well as SI-based algorithms
for solving the problem. All of these algorithms can operate in a larger search
space. This situation normally arises in association rule mining, when we deal
with larger numbers of attributes and instances in transaction database. There-
fore, we can state that these algorithms are very expensive in terms of elec-
trical energy consumption. The stochastic nature of nature-inspired algorithms
demanding more runs of an algorithm on a particular dataset increases the time
complexity additionally. As a result, the whole ML pipeline has become compu-
tationally a very expensive problem.

Interestingly, each numerical attribute in NARM is determined by an inter-
val of feasible values limited by its lower and upper bounds. The broader the
interval, the more association rules can be mined. The narrower the interval, the
more specific relations between attributes are discovered. Introducing intervals
of feasible values has almost two effects on the optimization: To change the exist-
ing discrete search space to continuous, and to adapt these continuous intervals
to suit the problem of interest better.

3 The Reusable NARM Model

In each run of the nature-inspired algorithm, the algorithm searches for the
association rules on the input dataset (sometimes even a raw dataset) which
enters the optimization phase. Thus, for each evaluation, the algorithms must
perform basic operations, such as for example, calculation of support, confidence
or any of the other quality indicators. For most of the datasets which contain
numerical attributes, the search space can be almost unlimited. On the one
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hand, these operations are very time consuming, while dealing with big datasets
demands high computational loads on the other.

These issues were the sources of the main motivation for the development of
a new method for building the NARM model, which could consist of two phases
(Fig. 1):

– building the model initially,
– reusing the existing model by adding the additional association rules.

Fig. 1. The concept of reusing NARM model.

The first phase is devoted to the building of a NARM model, and is conducted
initially based only on the initial set of transactions. Actually, the model is
represented as a set of mined association rules (the gray “offline” rectangle in
Fig. 1). In the second phase (the red “online” rectangle in Fig. 1), the NARM
model is updated by adding the so-called residual set of transactions that arisen
after the initialization step and are saved into the transaction database. Addi-
tionally, these transactions represent a basis for modeling the new rule potential
capable of reusing the NARM model. Thus, we search for those modelled rules
that match the current database the best in the sense of the fitness function.
However, the modeled rule can either be added to the reusing NARM model, or
ignored in the case that the rule is simply a copy of one already mined. However,
the initial model is made by offline NARM method.
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The modeling can be defined as an optimization process that can be solved
using the nature-inspired population-based algorithms. Each individual, repre-
senting the specific modeled rule, is encoded as a real-valued vector:

x
(t)
i = {〈x

(t)
i,1, . . . , x

(t)
i,4

︸ ︷︷ ︸

Attr1

〉, . . . , 〈x
(t)
i,4m, . . . , x

(t)
i,4m+3

︸ ︷︷ ︸

Attrm

〉, x
(t)
i,4(m+1)

︸ ︷︷ ︸

Cp

}, (4)

where each element x
(t)
i,j for i = 1, . . . , Np and j = 1, . . . , m determines a quadru-

ple determining the numerical attribute of a feature Attr
(t)
j into the transaction

database, D is the number of the attributes, and t is the generation number.
Thus, each numerical attribute consists of four real-valued elements decoded as:

Attr(t)πj
=







x
(t)
i,4j �→ π

(t)
j , permutation of feature,

x
(t)
i,4j+1 �→ y

(t)
πj , lower bound,

x
(t)
i,4j+2 �→ z

(t)
πj , upper bound,

x
(t)
i,4j+3 �→ Th(t)

πj
, threshold value,

(5)

where permutation Π = (π1, . . . , πm) is needed to modify the ordering of the
attribute within the association rules. Technically, all first elements in the cor-
responding attributes are sorted in descendent order,

x
(t)
i,π1

≤ x
(t)
i,π2

≤ . . . ≤ x
(t)
i,πm

,

while their ordinal values determine their position in the permutation.
The two middle elements encode a real-valued interval of feasible values

[y
(t)
πj , z

(t)
πj ] expressed as:

y(t)
πj

=

{(
Ubπj

− Lbπj

)
x

(t)
i,πj+1, if x

(t)
i,πj+1 < x

(t)
i,πj+2,

(
Ubπj

− Lbπj

)
x

(t)
i,πj+2, otherwise,

and

z(t)
πj

=

{(
Ubπj

− Lbπj

)
x

(t)
i,πj+2, if x

(t)
i,πj+1 < x

(t)
i,πj+2,

(
Ubπj

− Lbπj

)
x

(t)
i,πj+1, otherwise.

Interestingly, the integer attributes are treated by the algorithm as real-valued,
while their values are truncated when needed.

The threshold value denotes the presence or absence of the πj-th feature in
the observed association rule according to the following equation:

Th(t)
πj

=

{

enabled , if rand(0, 1) < x
(t)
i,πj+2

disabled , otherwise,

where rand(0, 1) draws a value from uniform distribution in interval [0, 1].
As the last element, the so-called cutting point is added to each vector that

distinguishes the antecedent of the rule from the consequent ones. The cutting
point Cp is expressed as:

Cpi = ⌊xi,4(m+1) · (m − 1)⌋ + 1, (6)

where Cpi ∈ [1,m − 1].
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The individuals are initialized either heuristically or randomly. When heuris-
tic initialization is used, the lower and upper bounds are determined according
to the following equations:

xi,πj
=

oπj
− Lbπj

Ubπj
− Lbπj

, (7)

where xi,πj
denotes the encoded value of the numerical attribute, and oπj

is its
value in the original problem domain. Then, the corresponding boundary values
are expressed as:

x
(0)
i,πj+1 = xi,πj

− N (xi,πj
, (Ubπj

− Lbπj
)/2.0),

x
(0)
i,πj+2 = xi,πj

+ N (xi,πj
, (Ubπj

− Lbπj
)/2.0),

(8)

where N (x, σ) is a random number drawn from the Gaussian distribution with
mean x and standard deviation σ. The motivation about this heuristic initializa-
tion is to generate the boundary values of numeric intervals of definite attributes
in the vicinity of their original value.

Association rule X ⇒ Y is decoded from a representation of an individual,
where the quality of the association rule is evaluated using a fitness function.
The fitness function is calculated according to the following equation:

f
(

x
(t)
i

)

=
α · supp(X ⇒ Y ) + β · conf (X ⇒ Y ) + γ · incl(X ⇒ Y )

α + β + γ
, (9)

where α, β, and γ denote weights, supp(X ⇒ Y ) and conf (X ⇒ Y ) represent
the support and confidence of the observed association rule, respectively, and
incl(X ⇒ Y ) is defined as follows:

incl(X ⇒ Y ) =
ante(X ⇒ Y ) + cons(X ⇒ Y )

m
. (10)

In Eq. (10), ante(X ⇒ Y ) represents a set of objects belonging to the antecedent
and cons(X ⇒ Y ) a set of objects belonging to the consequent. Mathematically,
these functions are expressed as:

ante(X ⇒ Y ) = {oπj
|πj < Cp

(t)
i ∧ Th(Attr (t)

πj
) = enabled},

cons(X ⇒ Y ) = {oπj
|πj ≥ Cp

(t)
i ∧ Th(Attr (t)

πj
) = enabled}.

The results of the initialization as well as reusing NARM model step are
stored into an archive of association rules. As opposed to the traditional algo-
rithms for ARM, this archive is not generated uniformly, where each rule with
support and confidence better than Smin and Cmin is stored unconditionally.
In our case, only the rules that outperform the best fitness are stored into the
archive. In this way, the size of the archive is strongly reduced.
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4 Practical Simulations and Evaluations

The purpose of the study was to show that the NARM models can be reused in
practice. In line with this, the proposed method was applied to the Wine dataset
from the UCI ML repository [4]. Thus, the building of the NARM model step
was performed using the ‘uARMSolver’ framework written in pure C++ [6],
while the reusable NARM model initial step was also implemented in C++ by
the new ‘onlineNARM’ algorithm developed according to proposals from the last
section. The DE algorithm [9] was applied for realization of both functionalities.

The parameter setting, used during the experimental work is illustrated in
Table 1, from which it can be seen that both algorithms applied the same values
of parameters except the number of fitness function evaluations. Interestingly,
the onlineNARM also employed the heuristic initialization beside the random
ones. The random initialization is necessary in order to ensure the diversity of
the population. The extensive experiments have shown that the rational bias
between heuristic and random initialization was 0.9, i.e. only 10% of randomly
generated individuals are needed in the initial population.

Table 1. The DE parameter setting.

Parameter Symbol uARMSolver onlineNARM

Scale factor F 0.5 0.5

Crossover rate CR 0.9 0.9

Population size Np 100 100

Number of fitness function evaluations nFEs 20,000 10,000

The characteristics of the Wine dataset (Table 2) are that it consists of numer-
ical attributes only. This dataset contains data that are obtained as the results
of a chemical analysis of wines grown in the same region in Italy, but derived
from three different cultivars. The analysis determined the quantities of 13 con-
stituents found in each of the three types of wines. Additionally, the correspond-
ing class identifier (1–3) is added to the dataset.

Table 2. The characteristics of the Wine dataset.

Characteristic Original Reduced Residual

Attribute characteristics Numerical Numerical Numerical

Number of transactions 178 154 24

Class 1 transactions 59 51 8

Class 2 transactions 71 63 8

Class 3 transactions 48 40 8
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However, the original Wine dataset was divided into reduced dataset enter-
ing into initialization step, where the NARM model was created initially, and
the residual dataset, whose transactions serve for construction of the reusable
NARM model in the updating step. Actually, the reduced dataset was obtained
by removing 8 of the last incoming transactions in each class.

The results of the proposed method are presented in Table 3, from which
it can be seen that the process of reusing the NARM model by onlineNARM
achieved the same results as the one of offline construction of the NARM model
by uARMSolver .

Table 3. Comparison of two construction methods on the Wine dataset.

The results uARMSolver onlineNARM

Original Reduced

Number of association rules 544 524 538

Fitness function value 0.918138 0.917749 0.918138

4.1 Discussion and Issues to Consider

Although the experimental results were obtained according to the Wine dataset
only, this dataset is one of the rare ones in the UCI ML repository that comply
with the demands of the study, i.e., it consists of the numerical attributes only.
The majority of the observed datasets in this repository also support categorical
attributes besides the numerical.

The next issue for discussion presents the fact that the observed dataset
is slightly small. This comprises of only 178 transactions, which is far from
being big data. However, the purpose of this preliminary work was to check if
the quality of the results by reusing the NARM model could be comparable
with the construction of the NARM model initially, that could be a very time
consuming task when big data are observed. The results of the study confirmed
this hypothesis.

Interestingly, the NARM model obtained by reducing the original Wine
dataset includes the best association rule of less quality than those obtained
by searching for the model from the original dataset. This fact confirms that the
NARM model was improved by adding the additional association rules of better
quality. Last but not least, the time complexity of the onlineNARM is lesser
than the uARMSolver due to the looser termination condition. Indeed, only half
fitness function evaluations is necessary for the online method onlineNARM to
get the comparable results with the original uARMSolver offline method that
means even 50% of saving in processing time. This finding complies strongly
with the demands of the Green AI.
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5 Conclusion

The Green AI refers to those AI methods that are friendly to the environment
in the sense of decreased consumption of electrical power. Consequently, the
purpose of this study was to develop the Green AI method by introducing the
NARM modeling that ensures reusing the NARM models online instead of gen-
erating these always anew.

The proposed onlineNARM was applied to Wine dataset member of the UCI
ML repository that supports only numerical attributes. The onlineNARM mined
the association rules of the similar quality comparing with the results achieved
by the offline NARM miner uARMSolver. This was better also in the lower
number of the mined association rules and the lesser computational time.

There are a lot of possible directions for the future work. Let us mention only
some: (1) to integrate the onlineNARM into a uARMSolver, (2) to apply the pro-
posed onlineNARM to the bigger datasets supporting the numerical attributes,
(3) to widen the onlineNARM for applying on datasets of mixed attributes.
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