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Abstract

A rule-based system is a widely used artificial intelligence system that employs a set of rules to make decisions.
The belief rule-based (BRB) classification system is an extension of fuzzy rule-based (FRB) system that handles
uncertainty and imprecision in classification tasks by incorporating Dempster-Shafer evidence theory and fuzzy set
theory. However, the BRB classification system suffers from the combinatorial explosion and high time complexity
problems. To solve these issues, the fuzzy unordered rule induction algorithm (FURIA) is introduced into the BRB
classification systems to design a novel BRB classification system in this paper. FURIA is computationally less
complex and has superior classification performance. The proposed system outperforms BRB classification systems
in terms of classification performance and significantly reduces the number of rules and conditions. Furthermore, the
proposed system offers a more effective solution than FURIA. To evaluate the validity and superiority of the proposed
system, we conduct two classification experiments, comparing it with five traditional classifiers and seven rule-based
systems, respectively, in terms of classification performance and interpretability.

Keywords:
rule-based system, pattern classification, belief rule-based classification system, FURIA, evidential reasoning

1. Introduction

A rule-based system is a type of artificial intelligence system that employs a set of rules to make decisions. The
rules are typically expressed in an ”if–then” format, where the ”if” part specifies the conditions for the rule to be
applied, and the ”then” part specifies the action or conclusion to be taken if the conditions are met. The rule-based
system is used for a wide range of applications, including expert systems [4], decision support systems [6, 21], and
automated control systems [33, 17]. It is particularly useful in situations where there is a large amount of knowledge
to be processed and where the knowledge is well-structured and can be expressed in a set of rules.

The BRB classification system [3, 20, 8] is an extension of FRB system that incorporates Dempster-Shafer (DS)
evidence theory and fuzzy set theory to handle uncertainty and imprecision in classification tasks. The BRB classifi-
cation system is composed of a collection of belief if-then rules that map input variables to output class labels, similar
to traditional rule-based systems. However, instead of using a single crisp number or label to represent the consequent
part of an if–then rule, belief rules use basic probability assignments (BPAs) to represent the uncertainty associated
with the output variables. The BRB system utilizes the evidential reasoning (ER) approach [36] for inference, setting
it apart from other rule-based inference methodologies. The BRB model offers two significant advantages in the areas
of classification and prediction. Firstly, the process of modeling and reasoning based on if–then rules is transparent
and traceable, which allows for the incorporation of expert knowledge to refine the model. Secondly, the BRB model
is capable of effectively integrating both nominal and numerical information under conditions of uncertainty and in-
completeness in the modeling process. Additionally, an extended belief rule has been developed that incorporates

∗Corresponding authors.
Email addresses: liyangxueugr@gmail.com (Yangxue Li), jamoren@decsai.ugr.es (Juan Antonio Morente-Molinera)
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belief degrees throughout all possible antecedent terms of the rule [37, 39]. This innovation enables the handling of
vagueness, incompleteness, and uncertainty in a more flexible and straightforward manner. The utilization of extended
belief rules in systems is referred to as the extended belief rule-based (EBRB) system.

When constructing a BRB model, it is essential to establish a set of referential values for each antecedent feature.
This requirement may cause the problem of combinatorial explosion as a result of multiple referential values across
several features. The determination of referential values, rule weights, and belief degrees is also an issue within the
context of belief rule-based systems. Optimization methods are extensively employed as a means to address this issue,
such as, differential evolution (DE) algorithm [38, 41], genetic algorithm (GA) [32, 7], particle swarm optimization
(PSO) [9]. However, using optimization algorithms to train a large number of parameters can lead to additional issues,
such as increased time complexity and unstable classification performance. EBRB classification system is a solution
to these problems. But for EBRB model, each training pattern is employed to generate a rule, leading to numerous
rules being stored in the knowledge base. Additionally, the EBRB inference is susceptible to the rule inconsistency
problem, where almost all extended belief rules are activated for any input pattern. Therefore, large numbers of rules
and fired rules lead to lower interpretability of the model.

To solve the problems of high time complexity and combinatorial explosion of traditional BRB classification
system, we introduce the FURIA in BRB classification systems. As a state-of-the-art fuzzy rule learner, FURIA
is an advanced derivative of the repeated incremental pruning to produce error reduction (RIPPER) algorithm [19].
Specifically, FURIA adopts a different approach to learning fuzzy rules compared to traditional methods. Instead of
using pre-defined referential values and fuzzy partitions, FURIA employs a technique that maximizes information
gain to generate fuzzy antecedents. This approach is computationally less complex and has been shown to enhance
performance. This paper introduces a novel BRB classification system that leverages the FURIA. The rule generation
process comprises three primary stages: (i) crisp rule generation, (ii) fuzzification of the crisp rules, and (iii) convert-
ing the fuzzy rules to belief rules. Additionally, the proposed BRB classification system employs the ER approach
for inference. Unlike traditional BRB systems, the proposed system employs activation weight that is directly cor-
related with the coverage of the rule covering pattern. Compared to the traditional BRB classification system, the
novel approach not only yields superior classification performance but also significantly reduces the number of rules,
conditions, and fired rules. This implies that the proposed system is more interpretable while still achieving superior
performance. Moreover, the developed system builds on the strengths of the DS evidence theory, enabling the integra-
tion of nominal and numerical information in modeling processes under uncertainty and incompleteness. In contrast
to FURIA, the proposed system provides a more effective solution.

In order to substantiate the efficacy and superiority of the proposed system, we conducted two classification exper-
iments on 32 benchmark datasets. The first experiment entailed a comparison of our method against five conventional
classifiers, such as the C4.5 decision tree [28], support vector machine (SVM) [11], and k-nearest neighbors (KNN)
classifiers [12], on the basis of their respective classification performance. The second experiment entailed a com-
parison of our method against seven widely-used rule-based classification systems, such as the FRB classification
system [10], FURIA [19] and EBRB classification system [23] with emphases on classification performance and
interpretability.

In summary, this paper makes several key contributions as follows.

(1) To overcome the problems of BRB classification system, FURIA is introduced into BRB classification system,
which can improve the classification performance and reduce the time complexity of the BRB system.

(2) To generate belief rules for the proposed BRB classification system, the method of converting fuzzy rules into
belief rules is proposed. The DS evidential framework is used to describe the consequent part of the fuzzy rule.

(3) The effectiveness and superiority of the proposed method in handling classification tasks have been validated
by comparing it to some state-of-the-art models.

The structure of this paper is outlined as follows: In Section 2, we provide background information on Dempster-
Shafer evidence theory and FURIA. Next, in Section 3, we introduce the BRB classification system based on FURIA.
In Section 4, we present two experiments that evaluate the accuracy and running time of the proposed system. Finally,
we conclude the paper in Section 5.

2

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



2. Preliminaries

In this section, we review some background knowledge of DS evidence theory and FURIA related to this paper.

2.1. Dempster-Shafer evidence theory

DS evidence theory is a mathematical framework for reasoning with uncertain information [13, 30]. It is a proba-
bilistic theory that allows for the representation of uncertainty in a more flexible and intuitive manner than traditional
probability theory. In this framework, uncertainty is represented using BPAs, which assign a belief degree to each
possible outcome of a given event. These BPAs are then combined to make inferences and decisions based on avail-
able evidence. The DS evidence theory has found applications in various fields such as information fusion [40, 14],
decision-making [15, 16], and data analysis [24, 22]. Some definitions of evidence theory are shown below.

Definition 1. The DS evidence theory defines the frame of discernment as the set of all possible hypotheses or propo-
sitions that are mutually exclusive and exhaustive, which may be true or false about a specific event or phenomenon.
This set is denoted as follows [13, 30].

Θ = {θ1, θ2, . . . , θc}. (1)

The central idea of the DS theory is the concept of the ”basic probability assignment (BPA)” which assigns a belief
degree to each element of the power set of the frame of discernment 2Θ defined as following [13, 30].

Definition 2. A BPA is a mapping m(⋅) ∶ 2Θ → [0,1] such that m(∅) = 0 and

∑
A⊆Θ

m(A) = 1. (2)

Definition 3. For a BPA m(⋅), the belief function Bel(A) for ∀A ⊆ Θ is defined as follows [13, 30].

Bel(A) = ∑
B⊆A

m(B). (3)

Bel(A) represents the total belief assigned to all subsets of Θ that are contained within A. This value is interpreted as
the lower limit of the probability of A.

Definition 4. For a BPA m, the plausibility function Pl(A) for ∀A ⊆ Θ is defined as follows [13, 30]:

Pl(A) = ∑
B∩A≠∅,B⊆Θ

m(B). (4)

Pl(A) represents the total belief assigned to all subsets of Θ that are compatible with A. This value is interpreted as
the upper limit of the probability of A.

The Dempster’s combination rule is defined as follows for combining two or more BPAs.

Definition 5. Given two BPAs m1(⋅) and m2(⋅) defined on the same frame of discernmentΘ, their combined BPA m(⋅)
is defined as follows [13].

m(A) =
⎧⎪⎪⎪⎨⎪⎪⎪⎩

0, A = ∅,
∑B∩C=A m1(B)m2(C)

1 − K
, A ≠ ∅,

(5)

where B,C ⊆ Θ, and K = ∑B∩C=∅m1(B)m2(C) is the conflict coefficient. When K = 1, the Dempster’s combination
rule is invalid. Dempster’s rule is commutative and associative.

To deal with the counter-intuitive problem of Dempster’s rule, Yang et al. established ER approach to combine
multiple pieces of independent evidence conjunctively with weights and reliabilities [36]. In ER approach, the assess-
ment of all possible hypotheses is regarded as a piece of evidence. Given two BPAs m1 and m2 with their weights w1
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and w2 defined on the same frame of discernment Θ = {θ1, θ2, . . . , θc}, such that w1,w2 ∈ [0,1] and w1 +w2 = 1. First,
two new BPA mw

j , j = 1,2 is generated as weighted belief degrees as follows [36].

mw
j (θi) = w jm j(θi), i = 1,2,⋯, c

mw
j (Θ) = w jm j(Θ),

mw
j (P(Θ)) = 1 −w j,

(6)

where mw
j (P(Θ)) is the remaining support left uncommitted by m j, coined as the residual support of m j. Then the

weighted BPAs mw
1 and mw

2 are combined into a joint probability masses m′12 for θi, Θ and p(Θ) using the following
equations [36]:

m′12(θi) = K(mw
1 (θi)mw

2 (θi) +mw
1 (θi)(mw

2 (Θ) +mw
2 (P(Θ))) +mw

2 (θi)(mw
1 (Θ) +mw

1 (P(Θ)))),
m′12(Θ) = K(mw

1 (Θ)mw
2 (Θ) +mw

1 (Θ)mw
2 (P(Θ)) +mw

2 (Θ)mw
1 (P(Θ))),

m′12(P(Θ)) = K(mw
1 (P(Θ))mw

2 (P(Θ))),
(7)

where K = (1−∑c
i=1∑

c
t=1,t≠i mw

1 (θi)mw
2 (θt))−1. If there are more than two BPAs to be combined, the process described

in Eq. (7) can be repeated to combine the third BPA with the previously-combined assessment m′12(⋅), and so on, until
all BPAs are recursively combined. Finally, to obtain the combined BPA without loss of generality, the m′12(P(Θ)) is
reassigned back to all focal elements as follows [36].

m12(θi) =
m′12(θi)

1 −m′12(P(Θ))
, i = 1,2, . . . , c,

m12(Θ) =
m′12(Θ)

1 −m′12(P(Θ))
,

(8)

where the degree of P(Θ) is reassigned to the focal elements.

2.2. Fuzzy unordered rule induction algorithm

FURIA is an algorithm derived from the RIPPER algorithm, with several enhancements that improve its per-
formance in rule induction tasks [19]. It produces fuzzy rules that offer a greater degree of flexibility in modeling
classification boundaries as opposed to conventional rules. The fuzzy rules are generated by replacing fuzzy intervals
through trapezoidal fuzzy numbers in combination with the highly sophisticated rule induction technique utilized by
the original RIPPER algorithm. FURIA employs an unordered set of rules for each class in a one-vs-rest scheme.
Below, we provide a detailed explanation of some key definitions and algorithms that underpin the FURIA algorithm.

FURIA’s fuzzy rules are generated through the process of fuzzifying the final crisp rules obtained from a modified
version of the RIPPER algorithm. This modified algorithm skips the pruning step of the original RIPPER and instead
learns the initial ruleset directly from the entire training dataset. Suppose we have a training dataset X comprising n
patterns, X = {x1, x2, . . . , xi, . . . , xn}, each with d features, xi = {xi1, xi2, . . . , xi j, . . . , xid}, where xi j is the value of xi

with respect to feature F j, F j ∈ {F1,F2, . . . ,Fd}. The dataset X contains c distinct output classes, which are denoted
as Θ = {θ1, θ2, . . . , θc}. The modified RIPPER algorithm can be divided into two phases: building and optimization.
During the rule building phase, the IREP* [2] algorithm is used without the pruning step.

Definition 6. A crisp rule R induced by the modified RIPPER takes the following form:

Rule R: If Fρ(1) is Aρ(1) and Fρ(2) is Aρ(2) and ⋯ and Fρ(M) is Aρ(M) then Class yR, (9)

where ρ(⋅) is an index function taken from set {1, . . . ,d} and indicate the index of the feature considered in rule. M is
the number of considered features. Aρ(1), . . . ,Aρ(M) represent the antecedents or selectors of the rule. If feature Fρ(m)
is nominal, then Aρ(m) takes the value of the corresponding feature value. If Fρ(m) is numerical, then Aρ(m) takes
the form of an interval [vm, vm], vm ≤ vm and vm, vm ∈ R. The output or consequent of the rule, denoted by yR ∈ Θ,
represents the class that the rule is predicting.
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A dataset may encompass a multitude of features, among which numerous may be irrelevant or redundant to the
classification task. Considering all features in the rules would lead to a combinatorial explosion, thereby escalating
algorithmic time costs and diminishing interpretability. Hence, it is imperative to undertake features selection during
rule generation. Information gain is commonly employed as a metric for sorting and filtering features. The commonly
used measures of information gain include mutual information gain and gain ratio.

Definition 7. The mutual information gain is a metric used to quantify the correlation between two variables, which
is defined as follows.

IGM(R) = I(p,n) − E(R),

E(R) = − pR + nR

p + n
I(pR,nR),

I(p,n) = − p
p + n

log2
p

p + n
− n

p + n
log2

n
p + n

.

(10)

Where pR and nR are the number of positive and negative patterns covered by rule R while p and n are the number of
positive and negative patterns covered by default rule.

Definition 8. The gain ratio is an extension of information gain, designed to overcome the bias of information gain
towards features with a larger number of values.

GR(R) = IGM(R)
−∑c

i=1
∣Xθi ∣
∣X∣ × log2

∣Xci ∣
∣X∣
, (11)

where ∣X∣ is the number of patterns in training data and ∣Xθi ∣ is the number of patterns in training data belong to class
θi.

To learn a new rule on the training data, FURIA employs a propositional version of the FOIL algorithm [26]. For
each class, the algorithm begins with an empty conjunction of antecedents and gradually adds more antecedents until
the rule can no longer cover any negative instances. The next antecedent to be added is chosen in such a way that it
maximizes FOIL’s information gain (IG) criterion, which is defined as follows [26].

Definition 9. FOIL’s information gain is a measure of how much the rule improves upon the default rule for the target
class [26]. It is calculated using the following formula.

IGF(R) = pR × (log2(
pR

pR + nR
) − log2(

p
p + n

)), (12)

where pR and nR are the number of positive and negative patterns covered by rule R while p and n are the number of
positive and negative patterns covered by default rule.

The objective of FOIL is to generate rules with high generality, meaning rules that can generalize to new instances.
Therefore, FOIL’s information gain is utilized to assess the generality of rules rather than evaluating the classification
ability on a specific dataset. The uniqueness of FOIL lies in its approach of guiding the learning process by obtaining
information gain from positive examples not mentioned in the rules.

Subsequently, optimization is applied to the generated rules. The optimization process involves re-examining the
ruleset RS produced in the building phase. For each rule R in the ruleset, two alternative rules Rrep and Rrev are
created. Rrep is an empty replacement rule, which is grown in a way that minimizes the error of the modified ruleset
(RS ∪ {Rrep})/{R}. Rrev is the revision rule that is created in the same way, but it starts from R instead of the empty
rule. The MDL (Minimum Description Length) criterion is used to determine which version of the rule to retain [26].

After obtaining the final crisp rules from the modified RIPPER algorithm, FURIA fuzzify these crisp rules for
numerical features using training dataset.

Definition 10. After fuzzification, a crisp rule is transformed into a fuzzy rule R̃ with the following form:

Rule R̃: If Fρ(1) is Ãρ(1) and Fρ(2) is Ãρ(2) and ⋯ and Fρ(M) is Ãρ(M) then Class yR, (13)
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where ρ(⋅) is an index function from set {1, . . . ,d} and indicate the index of feature considered in rule. Ãρ(1), . . . , Ãρ(M)
are a conjunction of antecedents (selectors). If feature Fρ(m) is nominal, Ãρ(m) takes a value of feature Fρ(m). If Fρ(m)
is numerical, Ãρ(m) is a trapezoidal fuzzy number Ãρ(m) = (vL

m, vm, vm, vU
m). yR ∈ Θ is a consequent class.

FURIA fuzzifies the interval antecedents Aρ(m) in Eq. (9) into the fuzzy antecedents Ãρ(m) in Eq. (13).
Purity is a measure of the quality of a fuzzy rule, which is defined as the proportion of coverage of correctly

classified patterns covered by the rule over that of all covered patterns. A higher purity indicates better classification
performance of the rule on the training set.

Definition 11. For a fuzzy rule R̃, its purity is defined as follows:

PurR̃ =
∑xi∈XR

yR
ϕR̃(xi)

∑xi∈XR ϕR̃(xi)
, (14)

where XR is the set of patterns in the training set X that are covered by rule R, XR = {xi ∈ X∣ϕR̃(xi) > 0}.
XR

yR
is the subset of XR that contains only the positive patterns covered by the rule R, XR

yR
= {xi ∈ X∣ϕR̃(xi) >

0 and xi belongs to class yR}. ϕR̃(xi) is the coverage of the rule R̃ covering pattern xi computed by the following
formula.

ϕR̃(xi) =
M

∏
m=1
µÃρ(m)(xiρ(m)), (15)

where µÃρ(m) is the membership function of fuzzy number Ãρ(m). If ϕR̃(xi) > 0, the rule R̃ covers pattern xi.

Definition 12. For a new pattern x, the support degree of class θk is defined as follows.

supk(x) = ∑
R̃∈R̃S ,yR=θk

ϕR̃(x) ⋅CF(R̃), (16)

where CF(R̃) is the certain factor of rule R̃, which is defined as follows.

CF(R̃) =
2 ∣XyR ∣
∣X∣ +∑xi∈XyR

ϕR̃(xi)
2 +∑xi∈X ϕR̃(xi)

, (17)

where ∣XyR ∣ is the number of patterns in training data belong to class yR and ∣X∣ is the number of patterns in training
data.

3. A novel belief rule-based classification system

To highlight the benefits of belief rules in representing and reasoning with uncertain information, as well as the
exceptional classification performance and interpretability of FURIA, we extend the fuzzy rules generated by FURIA
to the belief degrees framework. Through this extension, we develop a new BRB classification system, which can
provide superior classification performance while still maintaining interpretability. The proposed BRB classification
system, as depicted in Fig. 1, is composed of two main components: the knowledge base and the inference engine.
The knowledge base stores a collection of belief if–then rules, which are generated from training data. The training
model is responsible for generating these rules, and in the figure, we can see that a collection of crisp rules is generated
by the modified RIPPER algorithm from the training data. These rules are then fuzzified to obtain fuzzy rules, and
finally, belief rules are derived by calculating belief degrees. The inference engine is used to obtain the output classes
of the testing patterns based on the rules stored in the knowledge base.
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Figure 1: The framework of the proposed BRB classification system.

3.1. Belief rule representation

Belief rules are critical components of a BRB expert system, serving as an extension of the conventional fuzzy
if-then rule. Such a rule takes into account the belief degrees of consequent classes, providing a more comprehensive
approach to classification. In a traditional belief rule, each antecedent feature assumes multiple referential values,
while all possible consequent classes are associated with belief degrees.

Definition 13. A belief rule is defined in Ref. [35] as follows:

Rule R̂: If F1 is a1 and F2 is a2 and ⋯ and Fd is ad then the consequent is C = {(θ1, β1), . . . , (θc, βc)}, (18)

where F1,F2, . . . ,Fd are the antecedent features. a j, j = 1,2, . . . ,d, is the referential value of feature F j. θ1, θ2, . . . , θc
are consequent classes and βk is the support degree to believe θk is true, satisfying βk ∈ [0,1] and ∑c

k=1 βk ≤ 1.

Here’s an example of a belief rule in the Iris classification problem:
R̂: If sepal length is medium and sepal width is medium and petal length is long and petal width is short then

specie is {(setosa,0), (versicolor,0.3), (virginica,0.7)}.
The extended belief rule is more commonly used in classification problems. The rule in Eq. (18) is extended

by embedding belief degrees in all possible antecedent terms of each rule. This extension enables the rule to handle
vagueness, incompleteness, and uncertainty simultaneously, while also providing a more flexible and simpler knowl-
edge base generation scheme.

Definition 14. An extended belief rule is of the form:

Rule R̂: If F1 is {a1, α1} and F2 is {a2, α2} and ⋯ and Fd is {ad, αd}
then the consequent is C = {(θ1, β1), . . . , (θc, βc)},

(19)

where {a j, α j} is the packet antecedent with belief distribution, {a j, α j} = {(a jt, α jt), t = 1,2, . . . ,T j}. T j is the
number of referential values of antecedent feature F j.

Here’s an example of an extended belief rule in the Iris classification problem:
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R̂: If sepal length is {(short,0.18), (medium,0.82), (long,0)} and sepal width is {(short,0), (medium,0.77),
(long,0.23)} and petal length is {(short,0), (medium,0.38), (long,0.62)} and petal width is {(short,0.85),
(medium,0.15), (long,0)} then specie is {(setosa,0), (versicolor,0.3), (virginica,0.7)}.

This extended belief rule includes belief degrees embedded in each possible antecedent term and each possible
class label. It can handle the vagueness and uncertainty present in the classification problem.

The referential value can be assigned either as a fuzzy membership function [35] or a numerical value through a
utility-based equivalence transformation technique [34] and optimization methods. The above two forms show that
traditional methods typically consider all features and do not perform feature selection. In this paper, we employ FU-
RIA to generate belief rules that minimize both the number of rules and conditions. Moreover, rather than relying on
numerical values and traditional triangular fuzzy numbers as referential values, we utilize trapezoidal fuzzy numbers
generated by FURIA.

Definition 15. A belief rule used in this paper is of the form:

Rule R̂: If Fρ(1) is Ãρ(1) and Fρ(2) is Ãρ(2) and ⋯ and Fρ(M) is Ãρ(M)
then the consequent is C = {(θ1, β1), . . . , (θc, βc), (Θ, βΘ)},

(20)

where βk, k = 1,2, . . . , c is the support degree to believe θk is the consequent class label for belief rule R̂, satisfying
∑c

k=1 βk ≤ 1 and βΘ = 1 −∑c
k=1 βk.

The consequent part of a belief rule is a BPA on the frame of discernment Θ = {θ1, θ2, . . . , θc}. For example, an
example of the belief rule about Iris classification problem: R̂: If petal length is (1.9cm,3.0cm,5.0cm,5.1cm) and
petal width is (−∞,−∞,1.7cm,1.8cm) then specie is {(setosa,0.02), (versicolor,0.96), (virginica,0.02), (Θ,0)}.

3.2. Rule generation
Belief rules are generated from numerical data and stored in the knowledge base for used by the inference engine.

Rule generation comprises three stages: (i) crisp rule induction, (ii) fuzzification of the crisp rules, and (iii) converting
the fuzzy rules to belief rules.

Step 1: Generate crisp rules using the modified RIPPER algorithm.
The modified RIPPER algorithm omits the pruning step of the original method, retaining all the generated crisp
rules, and instead of learning on the growing data by training on the entire training data [19]. The main idea
of the modified RIPPER algorithm is to search for a rule that attains maximum accuracy for a class, continuing
the search until no further patterns belonging to the class are present in the remaining data. The main algorithm
of modified RIPPER algorithm is shown in Algorithm 1. The set of obtained crisp rules is denoted as RS . The
function f indrule(Xnc, θk) is to find a rule with maximum accuracy for class θk on data Xnc, which is shown in
Algorithm 2.
In function f indrule(Xnc, θk), the split point v j and operator o j indicates that if o j is ’≥’, the selector is ’F is
[v j,+∞)’; if o j is ’≤’, the selector is ’F is [−∞, v j]’; if o j is ’=’, the selector is ’F is v j’. And if there are two
selectors (v j,o j) and (v j,o′j) on a same feature F, v j < v j, o j is ’≥’ and o′j is ’≤’, these two selectors can be
seemed as one selector ’F is [v j, v j]’. Rule generation begins with an empty rule, the selectors in the rule are
incrementally expanded. At each step, the selector that yields the maximum information gain is chosen, and the
current rule is set as the default rule for the subsequent selections.
The function optimization(X,RS ,nF) is employed for rule optimization. Firstly, the dataset X is randomly
partitioned into nF folds, with the first nF − 1 folds serving as growing dataset and the final fold utilizing
as pruning dataset. For each rule R in the ruleset, two alternative rules Rrep and Rrev are created. The MDL
(Minimum Description Length) criterion is used to determine which version of the rule to retain [27]. For a
detailed algorithmic description of optimization(X,RS ,nF), reference can be made to FURIA [19].

Example 1. The Iris dataset consists of 150 patterns, each with four feature values: sepal length, sepal width, petal
length, and petal width. These patterns belong to three distinct classes: setosa, versicolor, and virginica. We utilize
90% of the dataset, which corresponds to 135 patterns, for training the rules. Based on the Algorithm 1 and 2, here is
the process to obtain a crisp rule for class versicolor. The default rule is the entire training dataset.
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Algorithm 1 The modified RIPPER algorithm.
Input: The training dataset X = {(xi, yi)∣yi ∈ Θ}; the number of optimization nOP; the number of folds nF.
Output: Crisp ruleset RS = {R1, . . . ,RL}.

1: l← 1
2: for each class θk ∈ Θ do
3: Xnc ← X, Xc ← ∅
4: while Xnc has patterns belonging to θk do
5: Rl ← f indrule(Xnc, θk)
6: l← l + 1
7: Xc ← patterns covered by Rl, Xnc ← X/Xc

8: end while
9: end for

10: nO← 1
11: for nO ≤ nOP do
12: optimization(X,RS ,nF)
13: nO← nO + 1
14: end for

Algorithm 2 f indrule(X, θt).
Input: The dataset X = {(xi, yi)∣yi ∈ Θ}; the target class θt ∈ Θ.
Output: Crisp rule R with antecedents Aρ(1), . . . ,Aρ(M) and consequent class yR.

1: yR = θt, IGmax = 0, r = null, R = null, Xc = X, F = null
2: while Xc has negative patterns do
3: for each feature F j do
4: find the split point v j and operator o j, o j ∈ {≥,≤,=} to obtain the maximum information gain, IG j, in Xc.
5: if IG j > IGmax then
6: IGmax ← IG j, r ← (v j,o j), F = F j

7: end if
8: end for
9: R adds (F is r)

10: Xc ← patterns covered by R, Xnc ← X/Xc

11: end while
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For class versicolor, we individually search for the maximum information gain split point and operator for each
attribute (where 1 is used to avoid division by zero errors).

sepal length ≥ 5.5cm covers 89 patterns and out of which 40 belong to class versicolor.

IG1 = 40 × (log2(
45 + 1

135 + 1
) − log2(

40 + 1
89 + 1

)) = 17.18.

sepal width ≤ 2.9cm covers 52 patterns and out of which 31 belong to class versicolor. IG2 = 25.92.
petal length ≥ 3.0cm covers 90 patterns and out of which 45 belong to class versicolor. IG3 = 26.09.
petal with ≥ 1.0cm covers 90 patterns and out of which 45 belong to class versicolor. IG4 = 26.09.
IGmax = IG3, then petal length ≥ 3.0cm is the first antecedent, Aρ(1) = petal length is [3.0cm,+∞). Afterward,

from covered 90 patterns by the first antecedent, we continue selecting the next antecedent using the same method,
Aρ(2) = petal width ≤ 1.7cm. Repeat this process iteratively until the last antecedent does not cover any negative
patterns to obtain a crisp rule R.

R: If petal length is [3.0cm,+∞) and petal width is (−∞,1.7cm] and petal length is (−∞,5.0cm] and then
specie is versicolor.

In which, the first antecedent and the third antecedent are on the same feature, therefore rule R also can be written
as:

R: If petal length is [3.0cm,5.0cm] and petal width is (−∞,1.7cm] then specie is versicolor.

Step 2: Fuzzify crisp rules to obtain fuzzy rules.
The generation of crisp rules identifies the pure regions associated with each class, while the process of fuzzi-
fication aims to identify its boundary regions. Despite the fact that all rules are unordered, the antecedents of
the rules are ordered. Each antecedent further filters the patterns covered by the previous antecedent in order to
determine the next antecedent. Thus, the fuzzification process begins with the first antecedent over the entire
training patterns. Subsequent antecedents are fuzzified on the patterns selected by the previous antecedent the
final antecedent of the rule is completely fuzzified. It must be pointed out that only numerical features will be
subjected to fuzzification. The fuzzification processes can be shown in Algorithm 3. The collection of obtained
fuzzy rules is denoted as R̃S .

Algorithm 3 The antecedent fuzzification algorithm for a crisp rule R
Input: The training dataset X = {(xi, yi), yi ∈ Θ}, a crisp rule R with antecedents Aρ(1), . . . ,Aρ(M).
Output: A fuzzy rule R̃ with antecedents Ãρ(1), . . . , Ãρ(M).

1: for i = 1 to M do
2: if feature Fρ(i) is numerical then
3: Compute the covered patterns Xbase by rule with antecedents Aρ(1), . . . ,Aρ(i−1),Aρ(i+1), . . . ,Aρ(m).
4: Compute the values of vL

i and vU
i to maximum the purity of rule with antecedent Aρ(i) based on Xbase.

5: Ãρ(i) ← (vL
i , vi, vi, vU

i ).
6: else
7: Ãρ(i) ← Aρ(i).
8: end if
9: end for

Example 2. Sequentially fuzzify the antecedents in the crisp rule R obtained from Example 1.
For the first antecedent, petal length is [3.0cm,+∞), of crisp rule R, there are 87 patterns covered by Aρ(2) and

Aρ(3). Within the 87 patterns, the petal length values of the patterns that are less than v1 = 3.0cm are considered as
boundary values vL

1 , and their purity are calculated. The boundary value with the highest purity is selected as the
final boundary value, vL

1 = 1.9cm with maximum purity PurÃρ(1) = 0.9555. vU
1 = +∞ because of v1 = +∞. Therefore,

Ãρ(1) = (1.9cm.3.0cm,+∞,+∞).
For the second antecedent petal width is (−∞,1.7cm] of crisp rule R, there are 49 patterns covered by Aρ(1) and

Aρ(3). Within the 49 patterns, the petal width values of the patterns that are greater than v2 = 1.7cm are considered
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Figure 2: The fuzzy rule R̃: If petal length is (1, 9cm, 3.0cm, 5.0cm, 5.1cm) and petal width is (−∞,−∞, 1.7cm, 1.8cm) then specie is versicolor.

as boundary values vU
2 , and their purity are calculated. The boundary value with the highest purity is selected as the

final boundary value, vU
2 = 1.8cm with maximum purity PurÃρ(2) = 0.9555. vL

2 = −∞ because of v2 = −∞. Therefore,

Ãρ(2) = (−∞,−∞,1.7cm,1.8cm).
For the third antecedent petal width is (−∞,5.0cm] of crisp rule R, there are 46 patterns covered by Aρ(1) and

Aρ(2). Within the 46 patterns, the petal width values of the patterns that are greater than v3 = 5.0cm are considered
as boundary values vU

3 , and their purity are calculated. The boundary value with the highest purity is selected as the
final boundary value, vU

3 = 5.1cm with maximum purity PurÃρ(2) = 0.9555. vL
3 = −∞ because of v3 = −∞. Therefore,

Ãρ(3) = (−∞,−∞,5.0cm,5.1cm).
The previous rule R became a fuzzy rule R̃ after being fuzzified, as shown in Fig. 2.
R̃: If petal length is (1,9cm,3.0cm,5.0cm,5.1cm) and petal width is (−∞,−∞,1.7cm,1.8cm) then specie is

versicolor.
In comparison to the conventional fuzzy rules based on triangular fuzzy linguistic numbers, the approach of

fuzzifying crisp rules into fuzzy rules allows for a better fitness of the fuzzy rules to the training patterns and leave
room for flexibility at the edges. Each of four parameters of the trapezoidal fuzzy number antecedent is designed to
maximize the coverage of positive patterns by the rules. As depicted in Fig. 2, the pure region of intersection between
the two crisp intervals [v1, v2] and [−∞, v3] covers only the patterns belonging to versicolor (the deepest-colored
region). This implies that any patterns appearing within this area must necessarily belong to versicolor. The fuzzy
(boundary) regions (the lighter-colored areas) signifies that patterns appearing within this region might potentially
belong to versicolor.

Step 3: Convert the fuzzy rules to belief rules.
We can see that both crisp and fuzzy rules have a singular consequent class. Nevertheless, in practice, the
patterns covered by these rules may not all belong to the same class, and a few patterns from other classes may
be included, resulting in uncertainty in the information in the consequent part. Representing this uncertainty
with a singular consequent class would overlook a few patterns from other classes, resulting in information loss.
Therefore, we use belief degrees framework to describe this type of uncertain information, aiming to mitigate
information loss. The idea is to extend the consequent part of a fuzzy rule by computing the belief degree for
each class, resulting in a belief rule as Definition 15.
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Definition 16. For a fuzzy rule R̃, the belief degree for consequent class θk, k = 1,2, . . . , c is defined as follows.

βk =
∑xi∈Xθk ϕR̃(xi)
∑xi∈X ϕR̃(xi)

, (21)

where Xθk is the pattern set that belongs to class θk.

Performing this operation on each rule in the fuzzy ruleset R̃S , we obtain a set of belief rules, R̂S . Afterward,
these rules are used to determine the class labels of the patterns to be classified in the inference engine.

Example 3. Assign the belief degrees for classes as the consequent part of the fuzzy rule R̃ obtained from Example 2.

β1 =
∑xi∈Xθ1 ϕR̃(xi)
∑xi∈X ϕR̃(xi)

= 0.0
45
= 0.0;

β2 =
∑xi∈Xθ2 ϕR̃(xi)
∑xi∈X ϕR̃(xi)

= 43
45
= 0.9555;

β3 =
∑xi∈Xθ3 ϕR̃(xi)
∑xi∈X ϕR̃(xi)

= 2
45
= 0.0445.

After assigning belief degrees on the consequent part, the previous fuzzy rule R̃ becomes a belief rule R̂: R̂: If petal
length is (1,9cm,3.0cm,5.0cm,5.1cm) and petal width is (−∞,−∞,1.7cm,1.8cm) then specie is {(setosa,0.0),
(versicolor,0.9555), (virginica,0.0445), (Θ,0)}.

3.3. New pattern classification
Identifying the rules that cover a new pattern is the first step towards determining its class label. Next, the ER

approach is employed to combine the BPAs of the consequent parts of these rules to obtain a BPA about the class of
the new pattern. Suppose that L belief rules have been learned, R̂S = {R̂1, R̂2, . . . , R̂L} and R̂l, l = 1,2, . . . , L is:

Rule R̂l: If Fρl(1) is Ãρl(1) and Fρl(2) is Ãρl(2) and ⋯ and Fρl(M) is Ãρl(M)
then the consequent is C = {(θ1, βl1), . . . , (θc, βlc), (Θ, βlΘ)}.

(22)

We can observe that the BPA in the consequent part of the rule R̂l primarily consists of singleton sets and the full
set with their belief degrees, which aligns with the context of ER approach. ER approach can address the counter-
intuitive problem associated with Dempster’s rule. A new pattern is denoted as x = {x1, x2, . . . , xd}. If a belief rule R̂l,
where l = 1,2, . . . , L, covers this pattern with a value greater than zero, then this rule can be considered activated. The
coverage can be considered as the activation weight wl of R̂l. The activation weight of the l-th rule, which measures
its degree of activation and importance, can be calculated using the following formula.

wl =
m

∏
j=1
µÃρl(m)

(xiρl(m)). (23)

Next, the activated belief rules’ consequent BPAs are combined using the ER approach. First, the consequent BPA is
weighted as follows [36]:

βw
lk = wlβlk,

βw
lΘ = wlβlΘ,

βw
l(P(Θ)) = 1 −wl,

(24)

Then, the weighted consequent BPAs of L activated belief rules are combined in turn. The joint probability assessment
of the weighted BPAs of the first and second belief rules, denoted as m′12(⋅), can be got as follows [36]:

m′12(θk) = K(βw
1kβ

w
2k + βw

1k(βw
2Θ + βw

2P(Θ)) + β
w
2k(βw

1Θ + βw
1P(Θ))), k = 1,2, . . . , c,

m′12(Θ) = K(βw
1Θβ

w
2Θ + βw

1Θβ
w
2P(Θ) + β

w
2Θβ

w
1P(Θ)),

m′12(p(Θ)) = K(βw
1P(Θ)β

w
1P(Θ)),

(25)
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where K = (1−∑c
k=1∑

c
t=1,t≠k β

w
1kβ

w
2t). To calculate the final joint probability mass, we use the same method to combine

m′12(⋅) and the weighted consequent BPA of the third belief rule into joint probability mass m′13. Then, we combine
them further to obtain the final joint probability mass m′1L. After calculating m′1L(P(Θ)), we can reassign it back to
all focal elements using the following procedure [36].

m1L(θk) =
m1L(θk)

1 −m′1L(P(Θ))
, k = 1,2, . . . , c,

m1L(Θ) =
m1L(Θ)

1 −m′1L(P(Θ))
.

(26)

After calculating the BPA m1L for a given pattern, we can determine its class label y∗ using either the class label with
the maximum lower bound probability Bel1L(y∗), upper bound probability Pl(y∗) or belief degree m1L(y∗).

y∗ = argmaxθk∈Θm1L(θk)
= argmaxθk∈ΘBel1L(θk)
= argmaxθk∈ΘPl1L(θk).

(27)

Due to the fact that only the singletons, θ1, θ2, . . . , θc, and the universal set, Θ, possess belief degrees, the results of

Algorithm 4 New patterns classification.

Input: The testing dataset T = {x1, x2, . . . , xN}; the set of belief rules R̂S = {R̂1, R̂2, . . . , R̂L}.
Output: The class labels of testing patterns YT = {y1, y2, . . . , yN}, yi ∈ Θ, i = 1,2, . . . ,N.

1: YT ← null
2: for i = 1 to N do
3: m← {(θ1,0), (θ2,0), . . . , (θc,0), (Θ,1)}.
4: for l = 1 to L do
5: Compute activation weight wl of belief rule R̂l using Eq. (23).
6: if wl > 0 then
7: Weight the consequent BPA of belief rule R̂l using Eq. (24) to obtain the weighted BPA mw

l (⋅).
8: m← combination of m and mw

l (⋅) using Eq. (25).
9: end if

10: end for
11: Reassign the joint assessment m(⋅) to a BPA mi(⋅) using Eq. (26).
12: YT adds y∗ with maximum belief degree in mi(⋅).
13: end for

these three approaches are identical.
To illustrate the classification process, we can refer to Algorithm 4, which outlines the steps involved in determin-

ing the class label of a given pattern.

3.4. Time complexity analysis
The time complexity of the proposed BRB classification system can be analyzed by considering the time complex-

ity of modified RIPPER algorithm, fuzzification and belief degree assignment. For training dataset X with d features,
the time complexity of modified RIPPER algorithm is O(∣X∣(log ∣X∣)2), with ∣X∣ the number of patterns in X. The
time complexity of fuzzification procedure is O(∣X∣d2), with d the number of features [19]. The time complexity
of belief degree assessment is O(∣X∣). Therefore, the overall time complexity is O(max(∣X∣(log ∣X∣)2, ∣X∣d2, ∣X∣)) =
O((∣X∣ log ∣X∣)2).

4. Performance evaluation

This section conducts two experiments to evaluate the effectiveness and superiority of the proposed BRB clas-
sification system. The first one compares the performance of the proposed method with five traditional classifiers,
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including C45 decision tree [28], SVM [11], KNN [12], backpropagation neural network [29] and hybrid decision
tree/genetic algorithm [5]. The second one compares the method with seven common rule-based classification sys-
tems, including FURIA [19], EBRB [23] and FRB [10] classification systems, fuzzy rule-based decision tree [31], the
steady-state genetic algorithm [25], ensemble belief rule-based model [38] and parallel multipopulation optimization
for BRB system [41] in terms of classification accuracy and running time.

Table 1: The description of used datasets.
Dataset # Patterns # Features # Classes Dataset # Patterns # Features # Classes

Appendicitis 106 7 2 Magic 19020 10 2
Balance 625 4 3 Mfeat-zernike 2000 47 2

Banknote 1372 4 2 New-thyroid 215 5 3
Bupa 345 6 2 Nursery 12690 8 5
Car 1728 6 4 Occupancy 2665 5 2

Column3C 310 6 3 Optdigits 5620 64 2
Ecoli 336 7 8 Pima 768 8 2

German 1000 20 2 QSAR 1055 4 2
Haberman 306 3 2 Rice-OC 3810 7 2
Hayes-roth 160 4 3 Seed 210 7 3

Heart-statlog 270 13 2 Sonar 208 60 2
Housevotes 232 16 2 Spambase 4601 57 2

HTRU 2 17898 8 2 Tic-tac-toe 958 9 2
Ilpd 583 10 2 Titanic 2201 3 2
Iris 150 4 3 Transfusion 748 4 2

Liver-disorders 345 6 2 Vehicle 846 18 4

Table 2: Parameters setting of five traditional classifiers.
Algorithm Parameters
C45 Confidence: 0.25 The minimum patterns per leaf: 2

SVM

Kernel type: radial basis function
C: 100 Epsilon: 0.001
Degree: 1 Gamma: 0.01
Coef0: 0.0 nu: 0.1
p:1.0 Shrinking: 1.0

BP Number of hidden layers: 2 Cctivation function: Htan
Number of neurons in each layer: 15 Number of epochs: 1000

DTGA

Confidence: 0.25 Number of total generations: 50
The minimum patterns per leaf: 2 Number of chromosomes:200
Genetic algorithm: GA-LARGE-SN Crossover probability: 0.8
Threshold: 10 Mutation probability: 0.01

KNN K: 1 Distance function: Euclidean

4.1. Experimental set-up

The proposed method is evaluated through two experiments using 32 benchmark datasets with variations in the
number of classes, features, and patterns. The description of these datasets is provided in Table 1, where ’# Patterns’
represents the number of patterns, ’# Features’ represents the number of features, and ’# Classes’ represents the
number of classes.

To evaluate the generalization ability of the proposed method, we employ the 10-fold cross-validation (10CV)
technique. In this method, the datasets are divided into ten folds, each containing 10% of the patterns. Nine of these
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folds are used for training the model, while the remaining one is used for testing it. The classification performance of
the model is evaluated based on the average accuracy of the ten folds. The number of optimization is 2 and number
of folds is 3 in the proposed method for all datasets.

4.2. Comparison with traditional classifiers
In this section, we select five traditional classifiers, including C45 decision tree (C45) [28], support vector machine

(SVM) [11], backpropagation (BP) neural network [29], hybrid decision tree/genetic algorithm (DTGA)[5], and k-
nearest neighbors (KNN) [12] classifiers, to compare their classification performance with the proposed method. Table
2 shows the key parameter settings for each of these classifiers. Although tuning the parameters of each method for
each specific problem could potentially lead to better results, we prefer to use the default parameter values for each
method. This is because a classifier’s generalization ability is also an important factor to consider. A classifier with
good generalization capability should be able to perform well on different datasets. All the algorithms are implemented
on the KEEL software platform [1].

Table 3: Classification accuracy and F1 score rates (%) of six classifiers on 32 datasets.
Accuracy F1 Score

Dataset C45 SVM BP DTGA KNN Our method C45 SVM BP DTGA KNN Our method
Appendicitis 84.09 86.91 73.73 84.09 81.91 84.82 65.48 70.03 69.11 65.48 71.74 67.80

Balance 78.07 95.68 68.32 75.66 78.24 83.05 55.19 90.98 47.75 53.32 56.74 58.95
Banknote 98.40 100.00 93.66 98.10 99.85 99.13 98.37 100.00 93.61 98.07 99.85 99.11

Bupa 66.97 63.50 54.82 64.32 63.14 71.31 64.81 60.56 54.35 62.88 61.94 69.62
Car 92.88 95.02 50.26 79.79 86.39 95.48 84.35 91.46 31.75 41.12 63.99 83.95

Column3C 81.61 76.13 68.39 79.03 76.77 81.61 74.01 69.70 59.34 71.04 72.70 75.46
Ecoli 79.47 61.96 42.70 77.09 80.70 80.99 68.05 37.23 21.80 62.46 65.65 70.91

German 70.70 65.80 61.90 69.60 69.30 73.40 61.97 46.64 54.26 57.84 62.36 63.69
Haberman 70.91 69.94 70.24 70.91 67.63 72.55 57.96 54.53 61.79 57.96 57.40 61.14
Hayes-roth 80.00 78.75 45.63 74.38 37.50 80.63 83.30 80.20 37.91 76.22 42.77 81.98

Heart-statlog 75.19 59.63 80.37 77.41 75.56 81.11 74.62 55.30 79.92 76.46 74.96 80.59
Housevotes 96.11 96.11 90.02 96.11 91.32 96.56 96.08 96.08 90.00 96.08 91.25 96.54

HTRU 2 97.94 96.64 86.81 97.90 97.14 97.88 93.56 89.41 74.17 93.39 91.37 93.37
Ilpd 67.07 73.07 62.77 68.59 63.45 69.97 56.51 61.38 54.69 58.77 56.94 51.35
Iris 96.00 97.33 61.33 96.00 93.33 94.00 96.01 97.31 57.40 96.01 93.31 93.95

Liver-disorders 66.97 63.50 54.82 64.32 63.14 71.31 64.81 60.56 54.35 62.88 61.94 69.62
Magic 85.08 68.03 70.38 84.98 80.78 84.72 82.97 57.70 68.83 82.61 78.40 82.38

Mfeat-zernike 98.35 90.00 49.90 98.35 99.40 98.95 95.43 47.37 43.39 95.45 98.33 97.00
New-thyroid 93.98 93.96 81.34 91.65 97.21 94.46 91.30 91.23 70.17 88.24 96.20 92.23

Nursery 96.98 93.20 28.21 94.07 82.08 98.47 87.64 84.80 21.17 83.55 73.27 76.45
Occupancy 98.24 97.90 97.94 98.31 98.72 98.54 98.11 97.73 97.80 98.19 98.62 98.43
Optdigits 97.74 93.29 38.36 97.72 89.82 98.20 93.67 73.43 33.49 93.69 47.32 95.22

Pima 75.40 63.80 70.33 74.61 69.78 75.13 72.78 50.48 68.84 72.12 66.28 71.06
QSAR 83.51 86.26 69.66 82.00 83.12 85.50 81.40 84.73 66.44 80.22 81.47 83.26

Rice-OC 92.36 68.82 83.25 92.36 88.79 92.73 92.20 62.58 83.14 92.20 88.56 92.57
Seed 92.38 91.43 80.95 89.52 94.29 92.86 92.36 91.39 79.31 89.47 94.21 92.82
Sonar 73.86 80.64 64.24 75.31 86.93 81.17 73.40 80.08 63.93 75.21 86.66 81.10

Spambase 92.57 86.57 74.48 91.74 90.11 93.65 92.21 86.09 62.86 91.42 89.64 93.33
Tic-tac-toe 84.55 81.63 60.23 77.98 73.07 99.17 82.13 77.42 58.96 71.34 59.46 99.06

Titanic 79.06 78.24 76.06 77.83 60.16 78.51 70.06 71.99 70.11 70.85 55.83 69.05
Transfusion 78.61 71.25 69.78 78.47 61.64 79.41 66.95 55.13 63.91 66.27 53.87 67.82

Vehicle 75.06 52.14 38.31 68.80 69.62 71.16 74.69 55.12 32.12 68.16 69.32 69.11
Mean 84.38 80.53 66.22 82.72 79.72 86.14 79.45 72.77 60.21 76.53 73.82 80.59

Table 3 presents the classification accuracy and F1 score rates of six classifiers on each dataset. The best result for
each dataset is highlighted in boldface, and the last row displays the average values of all datasets for each classifier.
It can be observed that the proposed BRB classification system achieves the best accuracy on 16 out of 32 datasets
and the best F1 score on 12 out of 32 datasets, respectively. It also obtains the best average accuracy and average
F1 score over all datasets. The proposed method demonstrates good classification performance on the majority of
datasets; however, it may exhibit excessive flexibility leading to overfitting on certain datasets, such as Balance. To
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Table 4: Wilcoxon signed-rank tests of the accuracy and F1 score for comparing our method to five traditional classifiers.
Classifier Statistic value p-value Critical value Hypothesis

Accuracy

C45 63 0.00028 159 Rejected
SVM 82 0.00036 159 Rejected
BP 0 4.65661e-10 159 Rejected

DTGA 20 1.72760e-07 159 Rejected
KNN 48 1.11940e-05 159 Rejected

F1 score

C45 159 0.04976 159 Rejected
SVM 123 0.00733 159 Rejected
BP 18 1.17812e-07 159 Rejected

DTGA 94 0.00098 159 Rejected
KNN 95 0.00105 159 Rejected

Table 5: Running time (milliseconds) of six classifiers on 32 datasets.
Dataset C45 SVM BP DTGA KNN Our method

Appendicitis 45.2 30.1 193.3 58.2 37.8 94.9
Balance 74.9 73 202.3 57.7 53.2 303.3

Banknote 97.9 66.6 213.1 549.5 83.7 336.7
Bupa 60 68.1 223.3 505.1 48.4 217.8
Car 76.4 281.8 318.9 219.6 98 1082

Column3C 59.6 65.2 216 212 50.1 257.8
Ecoli 67.6 90.3 228.2 198.9 52.8 295.2

German 118.2 251.7 329.9 211.3 97.2 575.5
Haberman 45.1 70.8 177.4 1335.9 42.6 181.5
Hayes-roth 45.1 39.6 188.8 1239 40 140.6

Heart-statlog 65.1 61 227.8 218.5 50.2 240.9
Housevotes 48.5 40.9 235.5 259.2 47 131.3

HTRU 2 4507.2 28254.4 620.5 506.6 2683.7 22588.7
Ilpd 129.4 133 234.3 496.6 87.5 367.5
Iris 56.9 34 210.6 427.2 54.5 113.5

Liver-disorders 82.5 74 217 431.2 69.8 227.2
Magic 9073.8 235534.2 610.2 67.3 2791.7 47012.7

Mfeat-zernike 679.8 1745.4 406.9 61.6 327.7 1372.1
New-thyroid 49.8 48.7 210.5 108.3 46.1 116

Nursery 365.6 14823.4 552.2 129.3 1368.5 80088
Occupancy 134.5 543.1 265.3 196.9 185.5 597.1
Optdigits 4158.3 33767.9 580.2 207.4 1362.2 4708.8

Pima 91.2 223.3 251.4 66.5 84.1 499
QSAR 358.8 314.1 312.2 66.5 174.3 1379.2

Rice-OC 321.4 6242.6 322.2 7362.2 306.2 1915
Seed 55.5 38.4 229.6 8839.7 60.6 155.8
Sonar 135 68.2 328.4 292.7 99.9 422.5

Spambase 5852.1 7168 515.6 265.9 984.5 7084.1
Tic-tac-toe 72.6 171 278.8 60.4 103 254

Titanic 123.9 438.6 245.6 88.8 143.3 284.9
Transfusion 63.1 118.8 225.7 202.7 76.4 237.7

Vehicle 170.3 250.9 316.4 224 108.9 798.4
Mean 874.7 10673.6 302.3 804.6 377.8 5589.7
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further detect significant differences between the proposed method and other classifiers, we conducted the Wilcoxon
signed-rank test on the performance of the classifiers on 32 datasets. This nonparametric statistical test was utilized
to determine whether the proposed method outperformed other classifiers significantly on the given datasets. The test
results are presented in Table 4. The test aims to determine whether there is a significant difference in performance
between two classifiers being compared. The null hypothesis is that there is no significant difference between the two
classifiers. The test statistic is the sum of the ranks of the positive or negative differences, depending on which is
smaller. The p-value is then calculated by comparing the test statistic to a critical value from a reference table. If the
p-value is below the significance level (0.05 here), it implies rejecting the null hypothesis and indicates a statistically
significant distinction in performance between the two models.

As shown in Table 4, all null hypotheses are rejected, demonstrating that the proposed method statistically outper-
formed five traditional classifiers: C45, SVM, BP neural network, DTGA, and KNN, on all 32 datasets.

Table 5 lists the average running time, including the training time and testing time, of each classifier shown in
Table 2 over 10CV. It is evident that our method runs faster than SVM.

4.3. Comparison with rule-based classifiers
In this section, we compare the proposed BRB classification system with seven other rule-based classification sys-

tems: the EBRB classification system [23], FURIA [19], FRB classification system [10], fuzzy rule-based decision
tree (FRDT) [31], steady-state genetic algorithm for extracting fuzzy classification rules from data (SGERD) [25], en-
semble belief rule-based model (En-BRB) [38], and parallel multipopulation optimization for BRB (PMP-BRB) [41].
We evaluate these systems based on classification accuracy and running time. Table 6 presents some key param-
eter settings for each rule-based classification system. All the algorithms are implemented on the KEEL software
platform [1].

Table 6: Parameters setting of seven rule-based systems.
Algorithm Parameters

EBRB Number of utility values per feature: 3 Rule weight: Rule inconsistency
Transformation method: utility-based transformation method

FURIA Number of optimization: 2 Number of folds: 3

FRB Number of linguistic labels per feature: 3 T-norm: product
Rule weight: penalized certainty factor Fuzzy reasoning method: winning rule

FRDT Maximum number of features: 5
Threshold: 0.6 α: 0.02

SGERD Number of Q rules per class: 0 Rule evaluation criteria: 2

En-BRB

Number of reference values: 4 Number of antecedent attributes for each weak BRB: 2
Number of weak BRB: 20 Optimization technique: DE
Iteration number: 200 Population size: 50
Mutation probability: 0.5 Cross probability: 0.8

PMP-BRB
Optimization technique: DE Range of rules: [3,6]
Iteration number: 500 Population size: 100
Mutation probability: 0.8 Cross probability: 0.8

Table 7 presents the classification accuracy and F1 score rates obtained by each classifier for each dataset, with
the best results highlighted in boldface. The last row of the table lists the average results across all datasets for each
classifier. We can see that the proposed method achieved the best accuracy on 20 out of 32 datasets and the best
F1 score on 16 out of 32 datasets. It also has the best average classification accuracy and the best average F1 score
across all 32 datasets, indicating superior performance compared to other rule-based methods for most of the datasets.
To statistically compare the results, we used the Wilcoxon signed-rank test for multiple comparisons between the
proposed method and other methods. Table 8 presents the test results of the comparison between the proposed method
and each rule-based system. As shown in the table, all null hypotheses were rejected, indicating that the proposed
BRB classification system outperformed the EBRB classification system, FURIA, FRB classification system, FRDT,
SGERD, En-BRB, and PMP-BRB on these 32 datasets.
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Table 7: Classification accuracy and F1 score rates (%) of eight rule-based classification systems on 32 datasets.
Accuracy F1 Score

Dataset EBRB FURIA FRB FRDT SGERD En-BRB PMP-BRB Our method EBRB FURIA FRB FRDT SGERD En-BRB PMP-BRB Our method
Appendicitis 84.91 83.09 85.82 75.64 86.91 86.91 87.73 84.82 71.45 65.37 71.80 68.30 70.35 73.27 70.91 67.80

Balance 33.11 82.08 90.39 46.08 75.66 85.92 78.41 83.05 27.30 58.51 49.22 21.03 46.32 59.64 54.46 58.95
Banknote 98.62 98.91 94.97 87.90 83.75 93.44 99.13 99.13 98.60 98.89 94.93 87.81 80.56 93.34 99.11 99.11

Bupa 61.18 65.81 58.54 63.50 58.84 63.19 62.39 71.31 50.95 63.48 37.64 63.31 44.47 51.28 58.07 69.62
Car 65.90 94.27 78.00 72.04 58.01 70.01 80.89 95.48 45.47 82.68 54.81 40.75 16.14 20.59 39.60 83.95

Column3C 68.71 82.58 59.03 81.29 68.39 77.10 77.10 81.61 58.08 75.15 44.99 75.72 61.90 65.06 66.44 75.46
Ecoli 69.33 79.77 72.02 61.30 74.69 63.73 68.78 80.99 55.76 69.22 60.10 44.38 61.67 34.71 38.37 70.91

German 64.90 73.20 18.80 70.50 65.30 70.00 72.40 73.40 58.50 62.06 16.54 67.54 28.90 41.18 58.39 63.69
Haberman 71.90 72.23 73.87 62.56 71.92 72.87 74.19 72.55 45.62 58.74 44.26 53.52 46.30 46.82 58.26 61.14
Hayes-roth 63.13 80.63 58.75 49.38 45.00 59.38 68.75 80.63 61.19 82.05 41.77 43.15 30.61 61.13 59.62 81.98

Heart-statlog 72.22 80.37 52.59 83.70 75.19 80.37 77.78 81.11 71.23 79.61 42.01 83.59 60.57 79.04 76.14 80.59
Housevotes 79.69 96.54 41.36 96.97 87.88 89.20 95.24 96.56 79.35 96.53 37.91 96.97 61.34 89.07 95.20 96.54

HTRU 2 96.26 97.85 95.68 97.50 95.75 97.26 97.68 97.88 86.37 93.21 83.65 92.36 81.25 90.77 92.63 93.37
Ilpd 68.27 68.96 70.32 55.39 71.01 71.19 69.29 69.97 45.88 52.24 38.56 55.25 40.18 42.15 44.48 51.35
Iris 95.33 95.33 92.67 94.67 95.33 97.33 94.00 94.00 95.30 95.30 92.47 94.63 95.30 97.32 93.97 93.95

Liver-disorders 61.18 65.81 58.54 63.50 58.84 64.95 64.24 71.31 50.95 63.48 37.64 63.31 44.47 53.93 59.03 69.62
Magic 76.17 84.68 76.78 74.62 71.30 73.73 81.88 84.72 69.16 82.15 69.68 72.21 59.76 62.63 76.32 82.38

Mfeat-zernike 99.15 98.80 98.80 96.00 97.55 90.50 89.05 98.95 97.61 96.48 90.36 90.55 92.46 51.93 32.93 97.00
New-thyroid 82.36 94.46 84.24 93.53 87.03 94.94 91.65 94.46 63.74 91.94 66.24 92.18 73.87 91.58 85.82 92.23

Nursery 75.22 97.05 84.49 53.24 64.40 73.75 69.99 98.47 63.71 88.13 62.51 36.59 41.01 53.83 49.94 76.45
Occupancy 93.85 98.27 93.09 97.86 96.96 93.17 97.90 98.54 93.32 98.15 92.54 97.72 87.15 92.56 97.75 98.43
Optdigits 98.29 98.75 45.41 56.32 89.79 89.82 90.20 98.20 73.52 96.48 39.02 49.74 47.31 47.32 42.39 95.22

Pima 72.13 74.86 73.17 73.05 70.70 69.66 73.69 75.13 63.75 71.16 60.01 70.83 55.58 53.64 68.92 71.06
QSAR 83.80 84.27 78.39 53.09 68.34 70.51 75.36 85.50 82.24 81.49 52.08 51.93 40.38 52.54 60.42 83.26

Rice-OC 91.97 92.57 88.19 92.62 92.20 91.73 92.65 92.73 91.70 92.39 87.58 92.46 86.00 91.48 92.48 92.57
Seed 90.95 92.38 91.90 90.95 86.19 93.33 90.48 92.86 90.88 92.34 91.86 90.75 86.09 93.27 90.19 92.82
Sonar 73.52 79.71 61.48 74.90 71.52 74.43 39.19 81.17 53.94 79.52 47.43 74.69 69.29 73.06 25.17 81.10

Spambase 73.68 93.24 71.81 85.26 69.42 67.64 62.20 93.65 68.64 92.86 43.16 83.85 41.06 54.03 35.46 93.33
Tic-tac-toe 98.33 98.54 0.00 70.78 69.94 65.87 73.18 99.17 98.13 98.37 0.00 69.29 67.00 41.33 63.07 99.06

Titanic 77.56 78.33 78.28 75.37 71.97 77.92 78.46 78.51 66.97 68.66 70.04 71.24 43.52 69.66 69.72 69.05
Transfusion 75.94 78.74 76.61 71.52 76.34 77.27 78.48 79.41 44.14 67.88 45.42 64.14 46.23 48.95 64.71 67.82

Vehicle 68.45 70.58 61.59 48.70 53.44 57.33 51.79 71.16 66.74 68.28 58.48 44.21 50.87 52.85 45.49 69.11
Mean 77.69 85.40 70.80 74.05 75.30 78.26 78.25 86.14 68.44 80.09 57.02 68.88 58.06 63.44 64.55 80.59

Table 8: Wilcoxon signed-rank tests of the accuracy and F1 score rates for comparing our method to seven rule-based classification systems.
Classifier Statistic value p-value Critical value Hypothesis

Accuracy

EBRB 15 6.37955e-08 159 Rejected
FURIA 58.5 0.00034 159 Rejected

FRB 29 8.09784e-07 159 Rejected
FRDT 19 1.42958e-07 159 Rejected

SGERD 14 5.12227e-08 159 Rejected
En-BRB 46 8.74791e-06 159 Rejected

PMP-BRB 31 1.10594e-06 159 Rejected

F1 Score

EBRB 18 1.17812e-07 159 Rejected
FURIA 104 0.00207 159 Rejected

FRB 6 6.51925e-09 159 Rejected
FRDT 74 0.00017 159 Rejected

SGERD 3 2.32830e-09 159 Rejected
En-BRB 24 3.54833e-07 159 Rejected

PMP-BRB 17 9.63918e-08 159 Rejected

Table 9 displays the average running time, including the training and testing time, for each classifier shown in Table
4 over 10CV. Our method demonstrates good performance in terms of running time, with an average running time
of 5440.0 milliseconds across the 32 datasets. Among these classifiers, the proposed method stands at a moderate
performance level, significantly outperforming classifiers with longer running time (such as EBRB, En-BRB and
PMP-BRB), while also exhibiting comparability with classifiers that have shorter running time (such as FURIA).

Besides accuracy, F1 score and running time, interpretability is also a crucial criterion for rule-based systems.
Ref. [18] provides a detailed survey of interpretability measures for rule-based systems. In this experiment, we adopt
three commonly used interpretability measures suggested in Ref. [18] to perform a quantitative analysis.

• Number of rules: The number of rules is an important interpretability measure for rule-based systems. This is
based on the principle of Occam’s razor, which states that the best model is the simplest one that fits the system
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Table 9: Running time (milliseconds) of eight classifiers on 32 datasets.
Dataset EBRB FURIA FRB FRDT SGERD En-BRB PMP-BRB Our method

Appendicitis 117.7 60.6 84.3 103.1 69.3 43401.6 13515.3 94.9
Balance 353.5 245.2 140.2 116.8 100.8 39506.5 12414.8 303.3

Banknote 1097.7 262 163.1 157.3 163.1 63239.8 20188.2 336.7
Bupa 333.4 158 108.8 120.6 92.4 67455.5 13121 217.8
Car 1584.4 889.5 637 266.9 205.6 39802.2 44905.2 1082

Column3C 380.2 154.6 138.6 149.6 125.3 59696.8 13264.6 257.8
Ecoli 352.9 155.7 121.9 158.5 97.4 54334.7 22522.4 295.2

German 2636.8 334.9 1652.2 239.4 246.7 47893.9 114454.6 575.5
Haberman 203.6 93.7 108.3 114.7 90.5 44382.1 7002.1 181.5
Hayes-roth 132.6 71.6 94.5 103.2 70.8 34095.5 6939 140.6

Heart-statlog 469.6 136.9 311.7 153.7 120.3 29973.9 40976.8 240.9
Housevotes 428.2 67.3 291.1 125.8 120.1 11779 51138.8 131.3

HTRU 2 137517.5 14844.3 7813.1 707.3 4142.6 66482.8 228874.5 22588.7
Ilpd 1215.4 278.1 212.5 117.6 126.1 37310.2 30279.2 367.5
Iris 242.1 68.3 126.4 84 84.1 50877.8 6989.5 113.5

Liver-disorders 548.4 165.8 148.6 88 95.3 58893.7 13936.1 227.2
Magic 181762 37410.5 15065.6 675.9 3857.6 66989.6 303463.3 47012.7

Mfeat-zernike 26758.3 1087.9 8351.4 329.2 661.5 78510.4 512651.9 1372.1
New-thyroid 250.5 80.5 82.6 86.1 89.9 73102.5 9851.3 116

Nursery 55048.3 68715 15440.8 1352.9 3080.7 25265.3 316697.7 80088
Occupancy 3829 476.7 284.7 157.3 318.5 17236.1 34671.6 597.1
Optdigits 180856.3 3178.4 101451 1214 2194.8 31604.6 1456326.2 4708.8

Pima 949.5 372.6 265.2 154.7 192.5 48019.8 26997 499
QSAR 6174.4 996.1 1233.1 292 357.7 56135.1 424913.9 1379.2

Rice-OC 8376.3 1377.6 825.7 335.7 550.2 27048.6 62251.1 1915
Seed 239.1 95.8 117.4 86.6 91 72200.3 14518.8 155.8
Sonar 1593.9 294.7 773.5 142.9 229.8 84155.6 713764.8 422.5

Spambase 123357.5 4887.7 5412.9 760.1 1617.5 20230.1 989565.7 7084.1
Tic-tac-toe 940.2 202.1 736.8 144.5 179.5 33018.8 39015.6 254

Titanic 1323.6 228.4 199.9 165.6 234.1 26465.9 28303 284.9
Transfusion 546.5 186.1 97.3 94.5 117.5 46330.7 14520.3 237.7

Vehicle 2429.6 650.2 480.3 207.8 243 61014.8 90847.4 798.4
Mean 23189.0 4319.6 5092.8 281.4 623.9 47389.2 177465.1 5440.0

behavior well. In other words, the set of fuzzy rules should be as small as possible while still preserving the
model’s performance to a satisfactory level.

• Number of conditions: The number of conditions should be minimized to enhance the readability of the rules.

• Number of fired rules: To ensure semantic interpretability, it is desirable to minimize the number of rules used
in the reasoning process for a given input.

Based on the three interpretability measures, we tested the six rule-based methods. We evaluated them using the
thirty-two real-world problems shown in Table 1, and the 10-CV model was used to calculate the average results.
Table 10 presents the results of the three interpretability measures for the different methods.

Based on the measure of the number of rules, the proposed BRB classification system is found to have higher
interpretability than EBRB, FRB and ensemble BRB classification systems, but lower interpretability than FRDT
and SGERD methods. The interpretability of the proposed BRB classification system and FURIA was found to
be close based on the number of rules measure. According to the number of conditions measure, the proposed
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Table 10: Interpretability measures for the eight rule-based systems.
Numbers of rules Numbers of conditions Number of fired rules

Dataset EBRB FURIA FRB FRDT SGERD En-BRB PMP-BRB Our method EBRB FURIA FRB FRDT SGERD En-BRB PMP-BRB Our method EBRB FURIA FRB FRDT SGERD En-BRB PMP-BRB Our method
Appendicitis 95.4 3.3 28.3 4.7 2.6 180 3.4 4.3 7 1.4 7 4.5 6 2 7 1.5 95.4 1.3 1 1 1 77.2 1.2 1.5

Balance 562.5 24.3 66.2 3 4.2 180 4 23.1 4 3.1 4 0 3.2 2 4 3.1 562.5 2.6 1 1 1 51.3 2.1 2.5
Banknote 1234.8 12.5 30.8 6.9 3.4 180 3.9 12.5 4 2.3 4 1.2 3.4 2 4 2.4 1234.8 2.0 1 1 1 79.9 2.2 2.0

Bupa 310.5 9.8 43.2 9 3.3 180 3 9.3 6 2.6 6 3.1 5.6 2 6 2.5 310.5 1.2 1 1 1 79.2 1.6 1.2
Car 1554.3 83.5 690.5 27.5 1.6 180 3.3 78.7 6 4.3 6 3.6 6 2 6 4.3 1554.3 1.3 1 1 1 40.3 1.5 1.3

Column3C 279 7.8 26.8 10.8 3.5 180 3.1 8.1 6 2.5 6 1.9 5.3 2 6 2.6 279 1.4 1 1 1 79.5 1.9 1.4
Ecoli 302.4 18 63 29.7 8.9 180 3.9 17 7 2.9 7 2.0 1.3 2 7 2.9 302.4 1.9 1 1 1 58.0 1.6 1.8

German 900 9.4 885.4 22.5 2.4 180 3 10.1 20 2.3 20 3.1 19.8 2 20 2.3 900 1.4 1 1 1 41.7 1.2 1.4
Haberman 275.4 4 16.5 3.7 2.9 180 5.3 3.7 3 1.7 3 0.9 1.4 2 3 1.3 275.4 1.4 1 1 1 63.3 1.8 1.3
Hayes-roth 144 9.1 39.1 4.5 5.3 180 4.9 9.3 4 2.9 4 1.8 0.8 2 4 3.0 144 0.9 1 1 1 43.0 2.3 0.9

Heart-statlog 243 9.1 217.5 11.8 2.1 180 3 8.2 13 2.8 13 2.8 12 2 13 2.6 243 1.7 1 1 1 43.5 1.6 1.7
Housevotes 208.8 5.4 146.5 3 2 180 3 5.5 16 2.2 16 3 16 2 16 2.1 208.8 1.5 1 1 1 20 1.5 1.5

HTRU 2 16108.2 12.9 89.5 11.5 5.9 180 3.5 14.2 8 2.8 8 3.4 5.9 2 8 2.9 16108.2 3.2 1 1 1 80.0 1.1 3.7
Ilpd 524.7 9.4 86 10.9 2.1 180 3 9.6 10 2.6 10 4.0 9.6 2 10 2.6 524.7 1.5 1 1 1 71.2 1.1 1.7
Iris 135 4.3 14.7 5.3 3.9 180 5.3 4.7 4 1.8 4 1.6 2.9 2 4 1.9 135 1.2 1 1 1 78.0 2.4 1.3

Liver-disorders 310.5 9.8 43.2 9 3.3 180 4.1 9.3 6 2.6 6 3.1 5.6 2 6 2.5 310.5 1.2 1 1 1 79.2 1.8 1.2
Magic 17118 29.8 312.8 12.1 2.8 180 3.2 26.9 10 3.2 10 2.9 9.2 2 10 3.2 17118 3.2 1 1 1 80.0 1.8 2.7

Mfeat-zernike 1800 10.8 1679.9 7.4 2.2 180 3 10.9 47 2.6 47 4.3 45.8 2 47 2.5 1800 3.4 1 1 1 79.9 1.0 3.4
New-thyroid 193.5 6.6 18.4 12.2 3.3 180 4.7 7.1 5 2.5 5 2.4 3.3 2 5 2.4 193.5 1.9 1 1 1 79.0 1.8 2.0

Nursery 11664 274.1 4222.6 18.4 5 180 3 276.7 8 5.0 8 4.0 5 2 8 5.0 11664 1.5 1 1 1 36.8 1.8 1.5
Occupancy 2398.5 12.7 25 3.8 2.8 180 4.1 13.2 5 2.7 5 2.9 3.2 2 5 2.7 2398.5 2.0 1 1 1 70.8 1.6 1.8
Optdigits 5058 35.1 5055.6 15 2 180 3 34.7 64 4.0 64 4.9 64 2 64 4.0 5058 4.6 1 1 1 45.2 1.0 4.6

Pima 691.2 7.8 101.3 8.6 4.1 180 3.6 8.3 8 2.4 8 2.6 6.1 2 8 2.4 691.2 1.8 1 1 1 69.6 1.8 1.8
QSAR 949.5 20.1 436.4 15.4 2.8 180 3 22.1 41 3.4 41 4.6 39.2 2 41 3.4 949.5 2.1 1 1 1 48.0 1.2 2.2

Rice-OC 3429 5.8 95.8 7.8 3.3 180 3.6 4.4 7 1.9 7 3.6 5.7 2 7 1.8 3429 2.5 1 1 1 80.0 1.7 1.9
Seed 189 8.5 53.2 9.6 3.8 180 3.2 8.4 7 2.2 7 3.0 5 2 7 2.2 189 1.8 1 1 1 79.3 2.1 1.7
Sonar 186.3 11.2 186.3 7.6 2.8 180 3 11 60 2.6 60 4.4 60 2 60 2.6 186.3 1.7 1 1 1 78.6 1.0 1.7

Spambase 4140.9 33.3 356.2 7.8 2 180 3 34.9 57 4.2 57 5 56 2 57 4.3 4140.9 3.5 1 1 1 29.5 1.1 3.6
Tic-tac-toe 862.2 21.6 862.2 9.3 2 180 3 21 9 3.5 9 2.0 8 2 9 3.5 862.2 1.1 1 1 1 35.4 1.2 1.1

Titanic 1980.9 5.8 9.9 7.2 3 180 4.2 5.7 3 2.2 3 1.1 3 2 3 2.2 1980.9 2.1 1 1 1 26.1 2.1 2.1
Transfusion 673.2 5 12.2 4 2.7 180 4.7 5 4 1.8 4 1.3 3.7 2 4 1.8 673.2 1.5 1 1 1 71.2 1.8 1.6

Vehicle 761.4 23.6 227.6 22.6 6.2 180 3 24.1 18 3.3 18 3.3 15.4 2 18 3.4 761.4 1.3 1 1 1 79.0 1.7 1.2
Mean 2352.6 23.3 504.5 10.7 3.4 180.0 3.6 23.2 14.9 2.8 14.9 2.9 13.7 2.0 14.9 2.7 2352.6 1.9 1.0 1.0 1.0 61.7 1.6 1.9

method, along with FURIA, FRDT and ensemble BRB classification system, are found to have higher interpretability
than EBRB, FRB, PMP-BRB classification system, and SGERD. Based on the number of fired rules measures, the
interpretability of the FRB classification system, FRDT, and SGERD is found to be similar and higher than that of the
proposed method. The interpretability of FURIA and PMP-BRB is comparable to the proposed method. However, the
interpretability of EBRB and En-BRB is lower than that of the proposed method. Overall, the interpretability of the
proposed method was found to be similar to that of FURIA and much higher than that of the EBRB, FRB, ensemble
BRB classification systems.

5. Conclusions

This paper presented a novel BRB classification system that leverages FURIA. In this BRB system, belief rules
and ER approach provides the ability of handling both nominal and numerical information under conditions of un-
certainty and incompleteness in the modeling process. Meanwhile, FURIA provided a rule induction approach with
less computational complexity and superior performance in classification tasks. Compared to the traditional BRB
classification system, the proposed approach not only provided better classification performance but also enhanced
interpretability. Furthermore, the proposed system is more effective and comprehensive than FURIA. We evaluated
the new model’s effectiveness and superiority by conducting two classification experiments on 32 benchmark datasets,
comparing it to five traditional classifiers and seven common rule-based classification systems. The experiment re-
sults indicated that the proposed BRB classification system outperforms five traditional classifiers and seven other
rule-based classification systems in terms of classification performance. In conclusion, the incorporation of FURIA
can improve the performance, and reduce the computational complexity of BRB classification systems. It even has
the potential to improve the interpretability of BRB systems.

The current belief rules only consider residual support and global ignorance while overlooking partial ignorance,
thus not fully leveraging the advantages of evidence theory. In future work, we will continue to explore partial
ignorance information within belief rules.
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