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Abstract: Predicting student performance in the future is a crucial behavior prediction problem
in education. By predicting student performance, educational experts can provide individualized
instruction, optimize the allocation of resources, and develop educational strategies. If the prediction
results are unreliable, it is difficult to earn the trust of educational experts. Therefore, prediction
methods need to satisfy the requirement of interpretability. For this reason, the prediction model is
constructed in this paper using belief rule base (BRB). BRB not only combines expert knowledge,
but also has good interpretability. There are two problems in applying BRB to student performance
prediction: first, in the modeling process, the system is too complex due to the large number of
indicators involved. Secondly, the interpretability of the model can be compromised during the
optimization process. To overcome these challenges, this paper introduces a hierarchical belief
rule base with interpretability (HBRB-I) for student performance prediction. First, it analyzes how
the HBRB-I model achieves interpretability. Then, an attribute grouping method is proposed to
construct a hierarchical structure by reasonably organizing the indicators, so as to effectively reduce
the complexity of the model. Finally, an objective function considering interpretability is designed
and the projected covariance matrix adaptive evolution strategy (P-CMA-ES) optimization algorithm
is improved. The aim is to ensure that the model remains interpretable after optimization. By
conducting experiments on the student performance dataset, it is demonstrated that the proposed
model performs well in terms of both accuracy and interpretability.

Keywords: education; student performance; behavior prediction; belief rule base; hierarchical
structure; interpretability

MSC: 68T37

1. Introduction

Behavior prediction refers to the prediction of possible future behaviour or perfor-
mance by analyzing previous and current data about an individual or group [1,2]. The
study predicts how students will perform in their future study through their prior aca-
demic performance and their current state of learning stage. Thus, in education, student
performance prediction is considered as a typical behavior prediction problem [3,4]. By
predicting the achievement of index at the next stage of the learning process, education
experts can detect the risk of students’ academic failure in advance. Then, based on tech-
niques such as sensitivity analysis, they can identify the main factors affecting students’
performance and thus improve educational strategies to elevate education quality. Thus
predicting student performance plays an early warning, monitoring and guiding role in the
teaching process [5]. Therefore, it is important to know how to predict student performance
accurately and reliably.

A number of student performance prediction methods have been proposed. These
methods can be broadly categorized into data-driven methods, probabilistic statistical
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methods, and time series analysis methods. Data-driven models involve adjusting the
parameters in the model with a large amount of data so that they can learn and recognize
patterns in the data. Song and Luo et al. proposed a synthetically forgetting behavior
knowledge tracing (SFBKT) model considering the influence of forgetting in the learning
process. The model first extracted the forgetting information in the learning record, and
then this feature information was inputted into a continuous-time long short-term memory
network (CTLSTM) and finally predicted whether the students could answer the questions
correctly or not [6]. Xiao et al. analyzed the factors affecting performance in online educa-
tion and then constructed a prediction model based on BP neural network for monitoring
students’ learning status and abnormal behavior [7]. Imhof et al. combined subjective
and objective factors and extracted indicators from questionnaires and students’ learning
logs, respectively, and then constructed a predictive model based on random forest (RF).
This study was used to predict assignment submission delays and assignment completion
effects [8]. Cui et al. proposed a new Tri-Branch CNN model that records student behavior
in an end-to-end manner in terms of time, location, and frequency. The model took the
behavioral information recorded in the student’s campus card as input, and the output was
the prediction of academic performance [9]. The effectiveness of such methods depends on
the amount of data. However, more importantly, the results cannot be trusted due to their
black-box nature, which is difficult to accept in educational scenarios.

Probability statistical methods infer the state of the system by probability theory and
statistical methods based on current observable data. Mubarak et al. proposed a method
for early student dropout prediction by recognizing the problems of poor course continuity
and high dropout rates in online learning. The method extracted the most salient features
of student activities from logs and then used an input–output hidden Markov model
(IOHMM) and sequential logistic regression, respectively, to obtain the risk of students
dropping out in each learning cycle [10]. Chen et al. predicted academic performance
based on students’ reading behavior in the context of a university course using e-books
as instructional support. They constructed classifiers based on logistic regression and
Gaussian naïve Bayes to accurately identify students at academic risk [11]. Hao et al.
constructed a Bayesian network through hill-climbing and maximum likelihood estimation,
which was used to predict students’ performance in MOOC. A genetic algorithm was then
used to provide opinions for at-risk students based on their current learning and past
experiences [12]. This type of method usually requires certain assumptions to be set by
the researcher, and it is difficult to identify causal relationships. How to reasonably utilize
information such as experts’ experience to make predictions is a problem that it is difficult
to solve.

Time series analysis is a method of predicting future trends based on data containing
temporal information. Li et al. proposed an end-to-end deep neural network model. The
model captured the temporal features of each type of behavioral sequence using LSTM,
and the correlation features between behaviors using a two-dimensional convolutional
neural network (2D-CNN). These two features were used as inputs to predict academic
performance [13]. Shou et al. analyzed the shortcomings of traditional machine learning
algorithms in extracting temporal features and proposed to construct multiple parallel
fully convolutional networks (FCNs) to extract the multi-scale temporal features of student
behaviors. The noisy information was then removed using a variational information bottle-
neck (VIB), and the likelihood of student dropout was predicted based on the remaining
main features [14]. Mumtaz et al. used the quality of student interactions with a learning
management system as a key indicator for prediction. They used exponential smoothing
(ETS) and autoregressive integrated moving average (ARIMA) methods as predictive mod-
els to predict the quality of students’ weekly interactions [15]. These types of methods focus
primarily on the information present in the data itself, which leads to two problems. One is
the heavy reliance on the quality of the data, and the other is the difficulty of incorporating
external factors into the model prediction process [16].
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Summarizing the existing studies, it has been observed that student performance
prediction methods still suffer from the problems of difficult-to-understand black-box
models, the difficulty of using expert decision making effectively, and high data quality
requirements. Therefore, the study of student performance prediction in this paper focuses
on the following problems. The first is the interpretability of the model. The prediction
results of the model are used to regulate and predict students’ performance, allowing
educators to adapt their strategies promptly based on these results. A lack of interpretability
means that educators are completely unable to judge whether the prediction results are
reliable [17] and whether a new teaching policy is really reasonable, which may cause
serious teaching accidents. Therefore, the transparency and interpretability of the model
are the primary considerations. Secondly, education follows the principle of human-
centeredness. The accumulated experience of education experts should be integrated into
the model mechanism to provide decision making for the prediction process. Hence, the
model must facilitate the integration of expert knowledge. Thirdly, there are various forms
of data collection. The questionnaire data may be influenced by subjectivity, and data from
logs and other sources can be distorted by outliers. These uncertainties will interfere with
the prediction results [18]. Therefore, prediction models are required to have the ability to
handle uncertain information.

To solve these problems, this research develops a prediction model based on a belief
rule base (BRB). BRB consists of rules in the form of IF-THEN, a logical expression based
on conditional statements, offering clarity and intuitive knowledge representation [19].
BRB represents qualitative or quantitative data via belief distribution, effectively managing
diverse types of uncertain information. Moreover, BRB incorporates the evidential reason-
ing (ER) algorithm as its inference machine. ER, based on D-S evidence theory, offers a
transparent inference process [20], providing probabilistic and holistic reasoning for the
ultimate outcome. Consequently, BRB has good interpretability, and experts are able to
understand how the prediction results are derived.

However, in student performance prediction, the method based on BRB still needs
to deal with the following three challenges. Firstly, the initial BRB model is constructed
based on expert knowledge, incorporating subjective perspectives potentially deviating
from objective reality. Therefore, an optimization algorithm needs to be used to adjust
the parameters of the BRB, but the interpretability of the model will be destroyed. To
maintain interpretability, Cao et al. summarized the general interpretability criterion for
BRB, which provides a theoretical basis for the construction and optimization of inter-
pretable BRB [21]. Secondly, decision making in rule-based systems hinges on explicit
rule sets. Rules constructed by relying on expert knowledge can be understood, but with
average accuracy. Rules generated by learning from data have high accuracy but low
interpretability [22]. Therefore, striking a balance between accuracy and interpretability is
crucial. Finally, predicting student performance relies on numerous indicators, resulting in
a combination explosion within the BRB. Complex systems can greatly affect the modeling
process, thus the size of the rule base needs to be simplified to reduce the complexity. To
solve the above problems, hierarchical BRB with interpretability (HBRB-I) is proposed. The
model uses a hierarchical structure to aggregate data layer by layer from the bottom up
to effectively reduce the number of rules. Furthermore, the attribute grouping method of
sub-BRBs is designed for rational construction of HBRB. During model optimization, the
improved projection covariance matrix adaptive evolution strategy (P-CMA-ES) is used as
the optimization algorithm, and a new objective function is proposed, which integrates the
accuracy and interpretability of the model.

The main contributions of this paper are as follows: (1) A new student performance
prediction model based on HBRB-I is proposed. (2) An attribute grouping method is
designed to construct a hierarchical model with a reasonable structure. (3) An objective
function and optimization algorithm considering interpretable constraints are designed to
ensure the interpretability of the optimized model.
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This paper is organized as follows. In Section 2, the problems in student performance
prediction are summarized, and then the HBRB-I-based prediction model is proposed. In
Section 3, the interpretability criteria and optimization strategies for the HBRB-I model are
proposed. In Section 4, the inference and optimization process of the HBRB-I prediction
model is described. In Section 5, the validity of the HBRB-I model is verified through
experiments. In Section 6, the research of this paper is summarized.

2. Problem Formulation

In Section 2.1, the problems in the student performance prediction model are analyzed.
In Section 2.2, the prediction model based on HBRB-I is constructed.

2.1. Problems with Student Performance Prediction

Experts have accumulated experience over long-term teaching practice, enabling them
to accurately predict student performance based on observable conditions. The experience
is distilled by experts into logical expressions, transforming them into the form of belief
rules. In this way, expert knowledge can be added to the BRB construction as a priori
knowledge. Even when an expert’s factual judgment may be slightly constrained, the
overall trend remains accurate. Therefore, the initial rules are considered credible in the
study of this paper and interpretability is based on this. The construction of a student
performance prediction model based on HBRB-I focuses on the following three problems:

Problem 1. Interpretability criteria for models. Interpretability is described as the ability of a
model to represent the behavior of a system in an understandable way [23]. In student behavior
prediction, interpretability facilitates the model to provide more valid information [24]. For users,
interpretability means that the prediction results of the model are more credible and therefore the right
decisions can be taken. Non-interpretable models are not trusted because their internal mechanisms
are not known and it is not even possible to judge whether the results are reasonable or not. Therefore,
it is important to first identify interpretability criteria to guide model construction.

Interpretability criteria : {C|(C1, C2, . . . , Cm)} (1)

where C is the set of interpretable criteria. m denotes the number of interpretable criteria.

Problem 2. Constructing an interpretable student performance prediction model. Initial rules set
up in combination with expert knowledge are the basis for the interpretability of the model. The
antecedents of the rules are indicators that include multiple aspects of the student’s past and recent
past. However, multiple indicators can exceed the fitting ability of expert knowledge and reduce the
reliability of the rules [25], and the combination explosion of rules will increase the complexity of
the system, which in turn affects the interpretability of the model. Therefore, the model constructed
should have simple rules and reasonable structure.

y = M(X, C, ΩEK) (2)

where M(·) denotes the modeling process of HBRB-I. X is the attribute input to the prediction
model. ΩEK denotes the initial model parameters determined based on expert knowledge. y is the
prediction result of student performance.

Problem 3. Methods for ensuring the interpretability of optimization models. The initial parameters
need to be optimized because of the uncertainty in expert knowledge. However, optimization
algorithms are random in nature, and the optimized rules differ significantly from those based on
expert knowledge, and the interpretability of the model is thus undermined. In addition, most BRB
models are optimized with the minimum mean square error (MSE) as the objective function [26,27],
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neglecting the requirement of interpretability. Therefore, the optimization algorithm and objective
function need to be improved to ensure the interpretability of the model.

Ωobj = O(X, Y, ΩEK, P) (3)

where O(·) denotes the model optimization process. X and Y are the indicators and the actual student
performance in the training data respectively. P denotes the parameters required for the optimization
algorithm. ΩEK denotes the model parameters to be optimized. Ωobj denotes the optimized model
parameters, which are the outcome of the optimization.

2.2. Subsection Construction of HBRB-I Prediction Model

In the HBRB-I model, there are one or several BRBs in each layer. The prediction
model starts with the aggregation of attributes from the sub-BRBs in the bottom layer, and
then the outputs of the sub-BRBs are used as the inputs of the BRBs of the upper layer until
the inference is reached at the BRB in the top layer. Each of these BRBs consists of a set of
belief rules, each of which has the form of Equation (4):

Rk : IF(x1 is Ak
1) ∧ (x2 is Ak

2) ∧ . . . ∧ (xTk is Ak
Tk
)

THEN y is {(D1, β1,k), (D2, β2,k), . . . , (DN , βN,k)},
(

N
∑

n=1
βn,k ≤ 1

)
WITH rule weight θk
AND attribute weight δ1, δ2, . . . , δTk
in C1, C2, . . . , Cm

(4)

where Rk (k = 1,2,. . ., L) denotes the kth rule in the BRB and L is the total number of
rules. x1, x2, . . . , xTk are the input data for a set of attributes in X, and Tk is the number
of attributes in this set. Ak

1, Ak
2, . . . , Ak

Tk
are the reference values corresponding to each

attribute. y is the inference result of the BRB. D1, D2, . . . , DN are a set of predetermined
outcome levels, and β1, β2, . . . , βN are the corresponding belief degrees. θk is the weight
of the kth rule. δ1, δ2, . . . , δTk are the attribute weights describing the importance of the
attributes. C1, C2, . . . , Cm are the interpretability criteria of the model. The structure of the
prediction model based on HBRB is shown in Figure 1.
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Figure 1. Structure of the HBRB prediction model.

Therefore, the construction process of HBRB-I and the solution of the problems can be
represented by Figure 2.
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3. Interpretability of Student Performance Prediction Model Based on HBRB-I

In this section, based on the general interpretability guidelines for BRB proposed in
the existing study [19], the interpretability criteria for the HBRB-I prediction model in this
paper are summarized. Then the HBRB construction method based on attribute grouping
is proposed. In order that the interpretability of the BRB is not destroyed, a strategy of
model optimization is proposed for improving the optimization algorithm. In Section 3.1,
the interpretability criteria of the model are summarized. In Section 3.2, the construction
method of the model is described. In Section 3.2, the interpretability strategies followed by
the optimization algorithm are proposed.

3.1. Interpretability Criteria of HBRB-I Prediction Model

Criterion 1. Reference values for attributes can be clearly distinguished. Reference values are used
to describe different levels or states of an attribute, and distinguishable reference values make the
semantics of the rule formulation clearer. In student performance prediction, the range of reference
values should be set equal to or greater than the range of attribute values, and each reference value
should correspond to a level or state of the attribute.

Criterion 2. The rule base is complete. Completeness means that the rules in the BRB should
contain all the working states of the system. Specifically, the antecedents of rules need to traverse
every reference value of all attributes [28]. This way, any input can correspond to at least one
reference value, thus activating at least one rule.

Criterion 3. The matching degrees should be normalized. The matching degrees describe the degree
of affiliation of the input data to the reference value, and they should sum to one. This is useful for
distinguishing the distributional characteristics of the data, and is important in terms of which rules
the data can match.

Criterion 4. The rule base should be simple enough. Rules in student performance prediction
models are statements that abstract expert knowledge into the form of IF-THEN. If the rules have too
many antecedent attributes, they will exceed the expert’s ability to fit the actual situation. Therefore,
the number of attributes and reference values in the BRB should be moderate, so that the number of
rules is appropriate and the readability of the BRB is better. In addition, the consistency of the rules
in the general interpretability criterion is implicitly included in the criterion. This is because when
the rules are simple enough, expert knowledge ensures that the rules are consistent, meaning that
there is no conflict between the rules.

Criterion 5. The structure and parameters of the model make practical sense. The structure of the
model should be built based on reasonable logical relationships so that the inference process can be
understood. The parameters in the BRB model are used to express expert knowledge, so they should
have practical significance.
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Criterion 6. Information is equivalent before and after transformation. Information is contained in
the data, which are transformed in the model in different forms. To ensure that the inference process
is reliable, reasonable transformations are needed to keep the information consistent.

Criterion 7. A transparent inference engine should be adopted. Confidence rules are the basis of
inference, and how to reasonably utilize the confidence rules to obtain the prediction results is the
key. The ER algorithm derives the results by probabilistic synthesis through rigorous mathematical
calculations. Using ER as an inference engine allows BRB to have a transparent inference process.

3.2. Method of Constructing Interpretable Model

In line with the above interpretability criteria, the student performance prediction
model is constructed based on HBRB-I. HBRB was proposed to deal with complex systems
with multiple attributes, offering a means to model all attributes without inducing a
combination explosion [29]. HBRB uses a hierarchical structure, in which sub-BRBs at the
base layer combine a limited set of attributes, channeling their outputs upward through
the hierarchy until reaching the top layer for the ultimate result. However, there are
two problems to be solved in this process. The foremost problem is how the attributes are
grouped. The second problem is how to ensure that the process of HBRB can be understood.

The first problem addresses the sub-BRB. In the existing studies, it is stated that the
correlation between attributes will affect the results of the BRB [20,30]. Because the pair of
attribute inputs with strong correlation contain overlapping information [31,32], there is
less valid information for BRB. If the sub-BRB inference is based on these attributes, the
results passed to the upper layers would contain less valid information, which would affect
the prediction results. Thus, the correlation between attributes in each sub-BRB should be
reduced. Commonly used methods include principal component analysis (PCA) and linear
discriminant analysis (LDA), but the results of these algorithms cannot be proven to replace
the original data [33]. According to Criterion 4, the BRB has the simplest structure when
there are only two attributes. Moreover, it is also easier to reduce correlation by dividing
attributes into groups of two each. Therefore, an attribute grouping method based on
Spearman’s correlation coefficient is proposed in this paper. In this method, the correlation
between each attribute and the result is firstly calculated and then ranked according to the
size and thus divided into primary attributes and secondary attributes. After the division,
the correlation between each pair of primary and secondary attributes is calculated, and
the attribute pair that minimizes the correlation within the group as much as possible is
selected as the final grouping. This process is represented as Equations (5) and (6):

X divide−−−→
{

{XP , XS}, i f |X| = 2M
{XP , xM+1, XS}, i f |X| = 2M + 1

(5)

Grouping(XP, XS) =
{
(xi, xj)

∣∣xi ∈ XP, xj ∈ XS
}

(6)

where X is the attribute set and |X| denotes the number of attributes. XP and XS denote
the primary and secondary attribute sets, respectively. If the number of attributes is even,
there are M attributes in both XP and XS. Attributes can be classified into M groups. If
the number of attributes is odd, the attributes cannot be grouped exactly. In this case,
the (M + 1)th attribute whose correlation size is in the middle position is taken as a
separate group and directly participates in the inference of the top BRB. Grouping(·)
denotes the process of selecting one attribute from the set of primary and secondary
attributes, respectively, to form an attribute pair in the sub-BRB.

The second problem addresses the structure of HBRB. Following attribute grouping,
each sub-BRB consists of only two attributes and the rule base is simple enough. However,
this necessitates discussion whether insights derived from subsets of attributes yield com-
prehensible outcomes. Magdalena et al. argued that in a hierarchical structure, the whole
system has interpretability only if each substructure can be interpreted independently [34].
Razak et al. proposed that the key to the interpretable framework of hierarchical systems



Mathematics 2024, 12, 2296 8 of 25

is to assess the interpretability of each subsystem [35]. Therefore, the entire system is
interpretable when the intermediate variables of the HBRB are meaningful. Cao et al.
argued that the hierarchical structure of HBRB responds to the process of moving from
parts to the whole [36]. Integrating into the above analysis, the hierarchical structure can be
understood as the process of “analyzing students’ performance from different perspectives,
and then synthesizing these dispersed viewpoints to form a comprehensive cognition”.
This way of understanding reflects the human thought process in the real world, which is
conducive to the interpretability of the HBRB. Following this idea, the number of layers of
HBRB should not be too high. The number of layers is not increased when the results can
be derived from the bottom of a BRB aggregation. This is because one-sided perceptions
based on one-sided perceptions are no longer easily accepted. The inference process for a
two-layer HBRB is shown in Equation (7):

HBRB(X) =

{
BRB(BRB(x1, xs(1)), . . . , BRB(xM, xs(M))), i f |X| = 2M

BRB(BRB(x1, xs(1)), . . . , BRB(xM, xs(M)), xM+1), i f |X| = 2M + 1
(7)

where BRB(·) denotes the inference process of a BRB. xs(·) is a secondary attribute that has
little correlation with the primary attribute. When |x| is odd, xM+1 is used as an attribute
of the top BRB. HBRB(·) denotes the complete inference process of a predictive model.

3.3. Interpretability Strategies of Model Optimization

Although the study in this paper concluded that expert knowledge is reliable, experts
are unable to accurately describe all the working states of the system. To improve the
prediction results of the model, the model parameters need to be adjusted. However,
the original P-CMA-ES algorithm causes the optimized rules to deviate from the expert’s
judgment, thus destroying the interpretability of the HBRB-I model. For this reason, the
following strategies are proposed for improving the optimization algorithm to ensure the
interpretability of the optimized model.

Strategy 1: Make full use of expert knowledge. The initial parameters combining
expert knowledge are the basis of model interpretability, and the optimization process of
the algorithm should consider the setting of initial parameters. The original optimization
algorithm searches randomly in the solution space and produces new solutions far from
the initial value, thus destroying the interpretability. Therefore, using the initial parameters
as the initial population of the algorithm and controlling the optimization process helps to
ensure model interpretability.

mean(g) =

{
ΩEK, i f g = 1
mean(g), i f g ̸= 1

(8)

where mean(g) is the population of the gth generation.
Strategy 2: The optimized rules are consistent with the expert judgment. The initial

rules are set based on the expert’s knowledge of the actual working state of the system,
and the semantics of the optimized rule description should be consistent with the initial
rules. In addition, the meaning of belief degree is the possibility that a certain outcome
occurs. If the optimized rule is “when the student’s performance in the course is ‘good’
and the completion of homework is ‘good’, then the student’s final performance index is
{(excellent, 0.5), (medium, 0.2), (poor, 0.3)}”, which is obviously not reasonable and does
not conform to the expert’s judgment. Therefore, the rule parameters should be subject to
the following constraints:

R1 :
{

θlb
k ≤ θk ≤ θub

k , (k = 1, 2, . . . , L)
}

R2 :
{

δlb
i ≤ δi ≤ δub

i , (i = 1, 2, . . . , Tk)
} (9)
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R3 :
{
(βlb

n,k ≤ βn,k ≤ βub
n,k) (n = 1, 2, . . . , N)

∧((β1,k ≤ β2,k ≤ · · · ≤ βN,k) (k = 1, 2, . . . , L)

∨(β1,k ≥ β2,k ≥ · · · ≥ βN,k)

∨(β1,k ≤ · · · ≤ max(β1,k, . . . , βN,k) ≥ · · · ≥ βN,k))
}

(10)

where R1, R2, R3 denote the constraints of the parameters. lb and ub label the maximum
and minimum values of the parameters that are desirable, and this range is determined by
expert knowledge. The belief distribution satisfies at least the requirements of conforming
to expert judgment and conforming to common sense, and the requirements vary from
system to system. In the HBRB-I model of this paper, a reasonable distribution of confidence
should be monotonic or convex. This is shown in Figure 3.
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Strategy 3: The optimization process is centered on expert knowledge. The objective
function of optimization algorithms is mostly MSE, accuracy, etc., aiming at the best result
and not considering interpretability. Even though the above strategies limit the solution
space to a certain range, the optimization process still searches towards the edges, thus
affecting the interpretability. To solve this problem, the distance between the initial rule
and the optimized rule is added to the objective function. Using this distance as a loss
for model accuracy reduction allows the algorithm to take expert knowledge into account
while achieving the best possible results. The new objective function enables the improved
optimization algorithm to strike a balance between accuracy and interpretability. The
distance between the rules before and after optimization is calculated by Equation (11):

D(βin, βop) =

√√√√ 1
LH

LH

∑
l=1

NH

∑
n=1

(βin
n,l − β

op
n,l)

2
(11)

where D
(

βin, βop) denotes the distance between the initial rule and the optimized rule. βin

and βop denote the belief degrees before and after optimization, respectively. LH is the
number of rules in the HBRB. NH is the number of outcome levels in the rule.

4. Inference and Optimization Process of HBRB-I Prediction Model

In this section, the method proposed in this paper for attribute grouping based on
Spearman’s correlation coefficient is first introduced. Then it describes the BRB inference
process using the ER algorithm. Finally, the improved P-CMA-ES optimization algorithm
is proposed. In Section 4.1, attributes are grouped to reasonably construct the HBRB. In
Section 4.2, the inference process of the HBRB-I model is presented. In Section 4.3, the
optimization process of the improved P-CMA-ES algorithm is illustrated.

4.1. Method of Attributes Grouping

The previous section proposed that the correlation between two attributes of each
sub-BRB should be as small as possible. In statistics, the coefficients commonly used to
measure attribute correlation are Pearson’s coefficient, Kendall’s coefficient, and Spear-
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man’s coefficient, respectively. Among them, Pearson’s coefficient can only measure linear
correlation and requires that the variables conform to a normal distribution, and Kendall’s
coefficient applies to ordered categorical variable, while Spearman’s correlation coefficient
does not require the attributes or distributional characteristics of the variables and is more
widely applicable. Spearman’s correlation coefficient is calculated based on the position of
the data in the ranking and takes values between −1 and 1. The closer its absolute value is
to 1, the greater the correlation between two attributes, and the closer it is to 0, the smaller
the correlation. In this paper, attributes are grouped based on the absolute value of the
Spearman correlation coefficient, which is calculated as shown in Equation (12):

ρ
y
x = 1 − 6∑n

i=1 d2
i

n(n2−1) , di = rg(xi)− rg(yi)

Γ
y
x =

∣∣∣ρy
x

∣∣∣ (12)

where ρ
y
x denotes the Spearman correlation coefficient between the variables x and y. Γ

y
x

is the absolute value of ρ
y
x, which describes the size of the correlation. n is the number of

samples. di denotes the difference in the order of the ith set of data for the two variables.
rg(·) denotes the rank of the variable’s value, which is the position of the data in the
descending order.

The first step in attribute grouping is to select the primary and secondary attribute
sets from X. First, the correlation Γ

y
xi between each attribute xi and the prediction result

Y is calculated. The attributes are then sorted from largest to smallest and relabeled. The
result of this process is represented as Equation (13):

Γ
y
x1 ≥ Γ

y
x2 ≥ . . . ≥ Γ

y
x2M (≥ Γ

y
x2M+1) (13)

where x1, x2, . . . , x2M(, x2M+1) are attributes relabeled by size, and x1 has the highest corre-
lation with the result.

If the number of attributes |X| is even, then x1, . . . , xM are categorized as the primary
attribute set and xM+1, . . . , x2M are categorized as the secondary attribute set. If the number
of attributes is odd, the set of secondary attributes is xM+2, . . . , x2M+1. At this point, xM+1
is not involved in the next step and stands alone as a set.

The second step is to calculate the correlation between each pair of primary and
secondary attributes. One attribute is taken from each of the sets of primary and secondary
attributes in turn, and the correlation between them is computed, and then a matrix of the
form Equation (14) is formed:

[Γ] =



 Γ
xM+1
x1 · · · Γ

x2M
x1

...
. . .

...
Γ

xM+1
xM · · · Γ

x2M
xM

, i f |X| = 2M

 Γ
xM+2
x1 · · · Γ

x2M+1
x1

...
. . .

...
Γ

xM+2
xM · · · Γ

x2M+1
xM

, i f |X| = 2M + 1

(14)

where a row denotes the correlation between a primary attribute and each secondary
attribute.

The final step is grouping to minimize the correlation between each pair of attributes
as much as possible. The purpose of this step is to maximize the average valid information
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contained in each set of attribute data so that the outputs of the sub-BRB are meaningful.
The grouping method is based on Equation (15):

min∑M
i=1 Γ

xs(i)
xi , s(i) ̸= . . . ̸= s(M)

s(i) =

{
M + 1, . . . , 2M, i f |X| = 2M

M + 2, . . . , 2M + 1, i f |X| = 2M + 1

(15)

The combination that minimizes the sum of correlations is the final grouping. It is
denoted as

{(
x1, xs(1)

)
, . . . ,

(
xM, xs(M)

)}
or
{(

x1, xs(1)

)
, . . . ,

(
xM, xs(M)

)
, x2M+1

}
.

4.2. Inference Process of HBRB-I Model

The structure of the HBRB-I model can be determined based on the result of attribute
grouping. Then the final prediction results are obtained by inference layer by layer from
bottom to top. Based on the interpretability criterion proposed in Section 3.1, the inference
process for each BRB is as follows:

First, the matching degrees between the input data and the reference values are
calculated. As in Equation (16),

S(xi) =
{
(Ak

i,j, αk
i,j)
∣∣∣i = 1, . . . , Tk, j = 1, . . . , Ji

}

αk
i,j =


Ak

i,j+1−xi

Ak
i,j+1−Ak

i,j
, j = k(Ak

i,j ≤ xi ≤ Ak
i,j+1)

xi−Ak
i,j

Ak
i,j+1−Ak

i,j
, j = k + 1

0 , j = 1, . . . , Ji(j ̸= k, k + 1)

(16)

where S(xi) denotes the process of information transformation on the input data xi. αk
i,j

denotes the matching degree of xi belonging to the jth reference value of the ith attribute.
Ji denotes the number of reference values. Ak

i,j and Ak
i,j+1 denote the two neighboring

reference values.
After obtaining the matching degrees of the data in the rules, the activation weights

are calculated. The calculation is shown in Equation (17):

ωk =

θk

Tk
∏
i=1

(ak
i,j)

δi

L
∑

l=1
θl

Tk
∏
i=1

(al
i,j)

δi

, δi =
δi

max{δi}
i = 1, 2, . . . , Tk

(17)

where ωk denotes the activation weight of the kth rule. δi denotes the relative weight of
the attribute.

Then, the activated rules are used as a basis for inference, and the ER algorithm is used
to reason about the belief degrees of the outcome levels. The inference process is shown in
Equation (18):

βn =
µ

[
L
∏

k=1
(ωk βn,k+1−ωk

N
∑

j=1
β j,k)−

L
∏

k=1
(1−ωk

N
∑

j=1
β j,k)

]
1−µ

[
L
∏

k=1
(1−ωk)

]

µ =

[
N
∑

n=1

L
∏

k=1
(ωkβn,k + 1 − ωk

N
∑

j=1
β j,k)− (N − 1)

L
∏

k=1
(1 − ωk

N
∑

j=1
β j,k)

]−1
(18)

where βn(n = 1, 2, . . . , N) denotes the belief degree of the nth outcome level Dn.
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The output of the BRB is represented in the form of Equation (19):

S(x̃) = {(Dn, βn)|n = 1, 2, . . . , N} (19)

where S
(∼

x
)

denotes the belief distribution obtained from a set of data
∼
x of the attributes.

Finally, the inference result of the BRB is calculated. As shown in Equation (20),

u(S(x̃)) =
N

∑
n=1

u(Dn)βn (20)

where u
(

S
(∼

x
))

denotes the final result of the BRB. u(Dn) denotes the utility value of the
nth outcome level.

Thus, the prediction result of the HBRB-I model is represented as u(S(X)).

4.3. Optimization Process of HBRB-I Model

The P-CMA-ES algorithm is characterized by its ability to adaptively adjust the co-
variance matrix and efficiently search the solution space. The P-CMA-ES algorithm is
suitable for optimization problems with nonlinear, nonconvex functions in continuous
domains. It has the advantages of adaptability, efficiency, and stability and is widely used
in BRB optimization process [37,38]. However, due to the randomness of the search process,
the new solution will deviate from expert knowledge, thus destroying the interpretabil-
ity of HBRB-I. Therefore, based on the strategies proposed in Section 3.3, the improved
P-CMA-ES algorithm is proposed as shown in Figure 4.
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Figure 4. Process of the improved P-CMA-ES algorithm.

First, the objective function of the optimization algorithm is determined. According to
strategy 3, the new objective function is

minMES(Ω) + κD(βin, βop) (21)

MES(Ω) =
1
n

n

∑
i=1

(û(X)− u(X))2 (22)

where Ω = {θ, δ, β} denotes that the parameters need to be adjusted. D
(

βin, βop) serves as
the loss of prediction accuracy. κ(0 ≤ κ ≤ 1) is the loss intensity, which is determined by
expert knowledge. The closer κ is to 1, the greater the loss, indicating that interpretability
is more important. The closer κ is to 0, the smaller the loss, indicating that interpretability
is hardly considered. MSE(·) denotes the mean-square error between predicted and true
values. û(X) denotes the prediction result of HBRB-I, and u(X) denotes the sample of
actual values.

The steps of the improved optimization algorithm are as follows:
Step 1: Initialization operation. According to strategy 1, determine initial population

ϖ0 = ΩEK and initial covariance matrix C0, initial step size ϵ0, population size λ.
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Step 2: Sampling operation. The next generation of population is generated from
Equation (23):

Ω
g+1
i = ϖg + εgN(0, Cg), i = 1, 2, . . . , λ (23)

where Ω
g+1
i denotes the ith solution of the (g + 1)th generation. ϖg denotes the mean of

the population of the gth generation. ϵg denotes the step size. N(·) denotes the normal
distribution. Cg denotes the covariance matrix.

Step 3: Constraint operation. According to strategy 2, resample the parameters that
do not meet the constraints in Equation (24). Generate new solutions using the process of
Equation (23) until all parameters satisfy the constraints. Then the new solution replaces
any original solution that does not satisfy the constraints, represented as Equation (25).

θ ∼ R1, δ ∼ R2,
∑N

n=1 βn ≤ 1, β ∼ R3
(24)

Ω
g+1
i ⇐ Ω

g+1
i = ϖg + εgN(0, Cg) (25)

where R1, R2, R3 are interpretability constraints. ⇐ denotes the replacement operation.
Step 4: Projection operation. The parameters of BRB satisfy the equational constraints,

and the unsatisfied solutions need to be projected into the feasible domain hyperplane. The
hyperplane of the equational constraints is represented by Equation (26), and the projection
operation is represented by Equation (27):

IeΩ
g+1
i (1 + ne × (j − 1) : ne × j) = 1 (26)

Ω
g+1
i (1 + ne × (j − 1) : ne × j) = Ω

g+1
i (1 + ne × (j − 1) : ne × j)

− IT
e

Ie×IT
e
× Ω

g+1
i (1 + ne × (j − 1) : ne × j)× Ie

(27)

where Ie = [1 . . . 1]1×ne
denotes the parameter vector. j denotes the number of equation

constraints.
Step 5: Selection operation. Sort the population according to Equation (21). Then select

τ optimal solutions from them as the next generation and update their mean values. The
process is as follows:

ϖg+1 =
τ

∑
i=1

υiΩ
g+1
i:λ (28)

where υi denotes the coefficients used for weighted reorganization.
Step 6: Adapting operation. Update the covariance matrix and step size to con-

trol the direction and speed of population evolution. The updating process is shown in
Equation (29) and Equation (30), respectively:

Cg+1 = (1 − c1 − c2)Cg + c1 pg+1
c (pg+1

c )
T

+c2
τ

∑
i=1

ξi

(
(Ω

g+1
i:λ − ϖg)

εg

)(
(Ω

g+1
i:λ − ϖg)

εg

)T

pg+1
c = (1 − cc)pg

c +

√
cc(2 − cc)

(
τ

∑
i=1

ξ2
i

)−1 ϖg+1 − ϖg

εg

(29)

εg+1 = εg exp

 cσ

dσ


∥∥∥pg+1

σ

∥∥∥
E∥N(0, 1)∥ − 1


pg+1

σ = (1 − cc)pg
σ +

√
cc(2 − cσ)

(
τ

∑
i=1

ξ2
i

)−1
(cg)

−
1
2 ϖg+1 − ϖg

εg

(30)
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where c1 and c2 denote the learning rate.
Step 7: Repeat the operation of sampling to adapting until the maximum number of

iterations is reached.

5. Case Study

In this section, a dataset of student performance is used as case study to validate the
effectiveness of the HBRB-I prediction model. In Section 5.1, attributes are grouped. In
Section 5.2, the student performance prediction model based on HBRB-I is constructed
and optimized. In Section 5.3, the interpretability of HBRB-I is validated. In Section 5.4,
comparative experiments are designed.

5.1. Attributes Grouping

The dataset used in this paper has four attributes, which are (1) learning time x′1,
which represents the total number of hours of learning for each student; (2) previous
scores x′2, which represents the student’s performance on the past test; (3) sleep time x′3,
which represents the average number of hours of sleep a student receives each day; (4) and
number of practice x′4, which represents the number of test papers the student usually uses
as practice. In addition, students’ performance is measured by the performance index Y,
which is academic achievement.

The attributes are divided according to the method in Section 4.1. First, the correlations
between the four attributes and the performance index are calculated. Then they are sorted
by size in descending order and the attributes are relabeled in order. The correlations
are shown in Table 1, and the sorting result is shown in Equation (31). The new labels of
the attributes are shown in Table 2. Thus, the result of division is primary attribute set
XP = {x1, x2} and secondary attribute set XS = {x3, x4}.

ΓY
x′2

> ΓY
x′1

> ΓY
x′3

> ΓY
x′4

(31)

Table 1. Correlation between attributes and student performance.

Attribute x′1 x′2 x′3 x′4
Correlation 0.3854 0.9151 0.0856 0.0298

Table 2. New labels for attributes.

Attribute Previous Score Learning Time Sleep Time Number of Practice

Label x1 x2 x3 x4

Then, the correlation between each pair of primary and secondary attributes is cal-
culated in turn. The correlations are arranged in rows based on the labels of the primary
attributes and constructed as a matrix as in Equation (32).[

Γx3
x1 Γx4

x1

Γx3
x2 Γx4

x2

]
=

[
0.06 0.032

0.0213 0.0685

]
(32)

Finally, the grouping of attributes is selected according to Equation (15). The result of
grouping is represented as

{(x1, x4), (x2, x3)} (33)

5.2. Construction and Optimization of HBRB-I Model

Based on the results of attribute grouping, a two-layer HBRB-I model can be con-
structed as in Figure 5. The model has two sub-BRBs, called SBRB1 and SBRB2, which both
aggregate two attributes with the output of y1 and y2, respectively. The top BRB, called
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TBRB, is used to aggregate the outputs of the sub-BRBs and then reason about the final
prediction result Y.
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Figure 5. Structure of HBRB-I model.

After determining the structure, the student performance prediction model is con-
structed. In SBRB1, the previous score and the number of practice are set at four reference
points, which are H (High), M (Medium), L (Low), and P (Poor). In SBRB2, learning time
and sleep time are set at four reference points, which are L (Long), SL (Slightly Longer),
SS (Slightly Shorter) and S (Short). Both y1 and y2 are set at E (Excellent), G (Good), A
(Average) and P (Poor). Y is set the same as the previous score. Then the initial HBRB-I
is constructed by combining the expert knowledge. The initial attribute weights and spe-
cific reference values are shown in Table 3. The initial rules of the TBRB are shown in
Table 4. If a single-layer BRB structure is used, the number of rules is 44 = 256, whereas
the total number of rules in the HBRB proposed in this paper is 42 × 3 = 48. It can be
seen that the number of rules is reduced dramatically, and the complexity of the system is
greatly reduced.

Table 3. Reference values corresponding to reference points.

BRB Input Reference Point Reference Value δ Output Reference Point Reference Value

Sub-BRB1
x1 (H, M, L, P) (100, 85, 55, 30) 0.8 y1 (E, G, A, P) (4, 3, 2, 1)x4 (H, M, L, P) (10, 7, 3, 0) 0.5

Sub-BRB2
x2 (L, SL, SS, S) (9, 7, 3, 0) 0.8 y2 (E, G, A, P) (4, 3, 2, 1)x3 (L, SL, SS, S) (9, 7, 5, 3) 0.5

TBRB
y1 - - 0.8

Y (H, M, L, P) (100, 80, 40, 10)y2 - - 0.4

Table 4. Initial rules of TBRB.

Number Initial Weight Attributes {H, M, L, P}

1 0.9 E∧E {0.9, 0.1, 0, 0}
2 0.9 E∧G {0.8, 0.2, 0, 0}
3 0.9 E∧A {0.7, 0.3, 0, 0}
4 0.9 E∧P {0.7, 0.2, 0.1, 0}
5 0.9 G∧E {0.5, 0.4, 0.1, 0}
6 0.9 G∧G {0.4, 0.5, 0.1, 0}
7 0.9 G∧A {0.4, 0.3, 0.2, 0.1}
8 0.9 G∧P {0.3, 0.3, 0.2, 0.2}
9 0.9 A∧E {0.1, 0.2, 0.5, 0.2}
10 0.9 A∧G {0, 0.2, 0.5, 0.3}
11 0.9 A∧A {0, 0.2, 0.4, 0.4}
12 0.9 A∧P {0, 0.1, 0.4, 0.5}
13 0.9 P∧E {0, 0.1, 0.2, 0.7}
14 0.9 P∧G {0, 0, 0.3, 0.7}
15 0.9 P∧A {0, 0, 0.2, 0.8}
16 0.9 P∧P {0, 0, 0.1, 0.9}
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The initial model is optimized using the improved P-CMA-ES algorithm. Because
the results produced by the sub-BRB are considered to be one-sided knowledge, the opti-
mization process needs avoid falling into the local optimum, so the global optimization is
used. The loss intensity κ in the objective function is set to 0.8, which indicates the high
importance of interpretability. A total of 300 sets of data are selected from the student
performance dataset, of which 210 sets are used for training and the remaining 90 sets are
used for testing. The prediction results of the optimized model are shown in Figure 6, and
the MSE between the predicted and actual values is 5.8609. It can be seen that HBRB-I has
a good fitting effect, and the prediction results are reliable as far as accuracy is concerned.
The optimized parameters are shown in Tables 5 and 6.
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Table 5. Optimized attribute weights.

x1 x4 x2 x3 y1 y2

0.761 0.3311 0.787 0.3521 0.8419 0.7081

Table 6. Optimized rules of TBRB.

Rule Optimized Weight Attributes {H, M, L, P}

1 0.6018 E∧E {0.9499, 0.053, 0, 0}
2 0.4632 E∧G {0.8456, 0.1045, 0.0412, 0.0088}
3 0.292 E∧A {0.6053, 0.2863, 0.0839, 0.0245}
4 0.483 E∧P {0.6311, 0.2269, 0.1073, 0.0346}
5 0.7703 G∧E {0.5926, 0.3751, 0.0316, 0.0007}
6 0.4321 G∧G {0.31, 0.4148, 0.1959, 0.0793}
7 0.5567 G∧A {0.3512, 0.2679, 0.2308, 0.1501}
8 0.8041 G∧P {0.2297, 0.2374, 0.2847, 0.2482}
9 0.9704 A∧E {0.1103, 0.2746, 0.4876, 0.1275}
10 0.4462 A∧G {0.0711, 0.2574, 0.4296, 0.2419}
11 0.8063 A∧A {0.054, 0.1648, 0.364, 0.4172}
12 0.9764 A∧P {0.0243, 0.0816, 0.3750, 0.5191}
13 0.1468 P∧E {0.0143, 0.0469, 0.2046, 0.7342}
14 0.46 P∧G {0.0327, 0.0677, 0.2644, 0.6352}
15 0.7112 P∧A {0.0015, 0.0109, 0.1091, 0.8785}
16 0.9203 P∧P {0.0018, 0.0172, 0.0228, 0.9582}
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5.3. Interpretability Analysis

The interpretability of the HBRR-I model derives primarily from expert knowledge.
Based on their accumulated experience in teaching practice, experts abstract student behaviors
and possible performances into the form of belief rules. In this process, the expert knowledge
is transformed into the parameters in the rules, and at the same time, these parameters are
given practical meanings. Therefore, the interpretability of HBRB-I can be guaranteed when
the optimized rules and parameters do not deviate from the expert judgment.

The initial model is called HBRB0, the model using the original P-CMA-ES algorithm
is called HBRB1, the model using the improved P-CMA-ES algorithm is called HBRB2,
and the model proposed in this paper is HBRB-I. To analyze the interpretability of the
model, the belief distributions of the initial rules and the optimized rules are compared,
as shown in Figure 7. Among them, rules 1, 2, 3, 4, 9, 15, and 16 remain consistent with
expert knowledge after optimization, and the belief degrees of the rest of the rules have a
distribution similar to that of expert knowledge. This indicates that the optimized rules are
still reliable and interpretability can be guaranteed. In contrast, in HBRB0, which does not
consider the interpretability optimization strategy, the optimized rules completely deviate
from the expert knowledge. Moreover, the prediction results of rules 3, 10, and 14 are
“high” and “poor” at the same time, which is obviously unreasonable. This indicates that
the interpretability of HBRB0 is destroyed in the optimization process.
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Euclidean distance represents the distance between two points in space as shown in
Equation (34). Thus, interpretability can be measured using Euclidean distance. The initial
rule and the optimized rule have corresponding points in the solution space, and the larger
the distance between them, the more deviation from expert knowledge and the worse the
interpretability. The Euclidean distances and errors for each HBRB model are shown in
Table 7.
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where ρ denotes the Euclidean distance between the initial rule and the optimized rule. LH
denotes the total number of rules in the HBRB.
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Table 7. Euclidean distance and prediction error of different models.

Model HBRB1 HBRB2 HBRB-I

Euclidean distance 4.5689 1.0065 0.739
MSE 5.6058 5.7408 5.8609

By comparison, HBRB1 has the smallest error, but its Euclidean distance is much
larger than that of the rest of the models. This is because in parameter optimization, the
optimization algorithm does not consider the effect of the initial parameters on the inter-
pretability but searches in the solution space in a random manner. This leads to optimized
rules which do not match expert knowledge, which affects the interpretability of the model.
Although HBRB2 limits the algorithm’s ability to search, it still achieves good prediction
results. More importantly, the Euclidean distance is substantially reduced, suggesting that
the rules of HBRB2 are close to expert judgment. The optimization process of HBRB-I is
centered on expert knowledge, which has the smallest Euclidean distance. Compared with
HBRB2, the error is only slightly increased, but the optimized rules are closer to the experts’
knowledge, indicating that the HBRB-I model has the best interpretability.

5.4. Sensitivity Analysis

The traceability of the HBRB-I itself is also an aspect of interpretability [39]. The results
of the sensitivity analysis are shown in Figure 8. In SBBR1, attribute x1 has a greater impact
on the prediction results than attribute x4. In SBBR2, attribute x2 has a greater impact
on the prediction results than attribute x3. The results of the analysis are consistent with
the calculations in Table 1 and Equation (32) and with the experts’ perceptions of student
behavior. Using sensitivity analysis, teaching experts can discover the factors that have the
greatest impact on students’ academic performance. Based on the analysis results, they can
adjust their teaching strategies in time to improve teaching quality.
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5.5. Comparison Experiment

In order to verify the effectiveness and reliability of the HBRB-I prediction model,
three groups of comparison experiments are designed. In the first group, HBRB1, HBRB2,
and HBRB-I are compared to verify whether the improved new method is indeed effective.
In the second group, HBRB-I is compared with traditional machine learning algorithms,
including back propagation neural networks (BPNNs), random forest (RF), and support vec-
tor machines (SVMs). Thirty repetitions are performed for all methods, and the experiment
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results are shown in Table 8. In the third group, prediction models using different attribute
groupings are constructed to explore the effect of attribute correlation on the results.

Table 8. Results of comparative experiments.

Comparison Model Max MSE Min MSE Average
MSE

The Standard Deviation
of MSE Average ρ

Group 1
HBRB1 7.2072 4.7771 5.5675 0.6439 4.4065
HBRB2 6.7221 4.7525 5.7916 0.4769 0.9899
HBRB-I 6.2742 4.9807 5.8259 0.2948 0.7358

Group 2
BPNN 5.7598 3.5545 4.4335 0.5613 -

RF 13.09 6.6558 8.9222 1.2808 -
SVM 12.707 6.2551 8.8461 1.7048 -

Analyze the results of the first group of comparison experiments in Table 8. The
average MSE is used as an index to evaluate the accuracy of the prediction model, and
the average Euclidean distance is used as an index to evaluate the interpretability. HBRB2
decreased the accuracy of the prediction results by 4.03% and the average Euclidean dis-
tance decreased by 77.54% compared to HBRB1. HBRB-I decreased the accuracy of the
prediction results by 4.64% and the average Euclidean distance decreased by 83.3% com-
pared to HBRB1. All three prediction models show good accuracy, but the interpretability
of HBRB1 is not guaranteed. With the addition of interpretability constraints, the accuracy
of HBRB2 decreases slightly, but the interpretability is greatly improved. This indicates
that the improved P-CMA-ES algorithm proposed in this paper ensures that the model
remains interpretable while improving the prediction accuracy. The accuracy of HBRB-I is
comparable to that of HBRB2, but the Euclidean distance is significantly smaller than that of
HBRB2. This indicates that the new objective function can control the optimization process.

To further investigate the effects of constraints and new objective function on inter-
pretability, the optimization processes of HBRB models with different optimization methods
are compared, as shown in Figure 9. Under the condition that the initial populations are all
expert knowledge, the Euclidean distance of HBRB1 using the original P-CMA-ES increases
rapidly, and the offspring populations deviate far from expert knowledge. After adding
interpretability constraints, the Euclidean distance of HBRB2 is effectively controlled in
iterations. The Euclidean distance of HBRB-I with the new objective function is minimized,
indicating that the interpretability is guaranteed to the greatest extent. The improvement
of the optimization algorithm in this paper is proved to be effective.
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In addition, the stability of the models needs to be verified. According to Table 8, the
average MSE difference between the three prediction models is small, but the accuracy
of HBRB1 fluctuates within a slightly larger range. Observing Figure 10, it can be seen
that HBRB-I has the smallest change in accuracy in repeated experiments. Moreover, the
standard deviation of the MSE of HBRB-I is also smaller than that of the other methods, so
HBRB-I has the best performance in terms of stability. The results of one of the predictions
of HBRB1, HBRB2, and HBRB-I are placed in Figure 11. As can be seen from the red
markers in the figure, the individual prediction results of HBRB1 have a large difference
from the actual values. These results may influence educational experts’ judgment of
student performance and lead them to make wrong decisions.
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Figures 12 and 13 exhibit the belief distribution of the prediction results for HBRB0
and HBRB-I, respectively. In the red region, student performance is the same, but the
belief degrees have a large difference. According to the analysis of the figure, it can be
seen that the belief distribution of HBRB-I clearly describes student performance because
belief degrees can be explicitly assigned to outcome levels. In contrast, HBRB0 cannot
handle uncertainty and it has difficulty differentiating between the levels. For example,
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when student performance is 61, the belief distribution of HHBRB-I is {0.181, 0.3267, 0.3182,
0.1741}, which describes the semantics that the student performance is between M and
L. Meanwhile, the confidence distribution of BRB0 is {0.3943, 0.1037, 0.1699, 0.332}, the
semantics of which are incomprehensible.
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The results of the second group of comparison experiments are shown in Figures 14 and 15,
in which the methods are able to fit the results of student performance. It is clear that the
accuracy and stability of RF and SVM are weaker than those of BPNN and HBRB-I. BPNN
is more accurate compared to HBRB-I, but the stability of the predicted results is slightly
lower. More critically, BPNN is a black-box model. Although BPNN can extract features
from the data, these features are complex and abstract and are completely incomprehensible
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to humans. This leads to users not understanding the internal mechanism and distrusting
the prediction results. Unlike BPNN, HBRB-I has good interpretability and its process of
producing prediction results can be understood by the user. Therefore, even though the
accuracy is lower than that of BPNN, users still trust the results of HBRB-I.
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In the third group of experiments, models with attributes grouped as {(x1, x2), (x3, x4)},
and {(x1, x3), (x2, x4)} are constructed. In the former grouping, x1 and x2 have the highest
correlation with the result. The mean MSE of the prediction results is 7.8109, which is much
larger than that of the HBRB-I model. In the latter grouping, there is a high correlation
between the same group of attributes. The average MSE of the prediction results is 6.2763,
which is also larger than the HBRB-I model. The experimental results show that the correla-
tion between attributes affects the valid information in the sub-BRB output, which in turn
affects the prediction results of HBRB.

In conclusion, the effectiveness of methods to ensure model interpretability is verified
in the comparison of various BRB models. Comparison with other algorithms through
repeated experiments proves that the HBRB-I model performs well in terms of prediction
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accuracy and interpretability, and is more stable than the rest of the models. The prediction
results of taking different attribute groupings show that the grouping method of minimizing
correlation ensures that the information is valid. Therefore, the reliability of the model can
be proved.

Therefore, the key to the interpretability of HBRB-I can be summarized as follows:
(1) Rules are used as the basis for inference, and a transparent inference engine is used
to derive results. (2) The parameters in the model are given practical meanings, and
the hierarchical structure reflects the cognitive process from one-sided to comprehensive.
(3) The results of the model can be traced, and primary attributes have a strong influence
on the result. (4) Expert knowledge is involved in the initial model construction process
as priori knowledge to provide decision making for problems in specific domains such as
education. (5) The optimization process revolves around expert knowledge to ensure that
the rules do not deviate from expert judgment while improving accuracy.

6. Conclusions

The prediction results of student performance serve as a guide in teaching practice.
Educators are able to identify in advance the risk of students failing academically so that
they can change their teaching strategies in time. If the prediction results are reliable, the
right teaching strategies can improve the quality of teaching. Conversely, unreliable results
can lead to serious consequences. Therefore, the prediction model must be transparent and
readily interpretable so that users can judge for themselves whether the prediction results
are reasonable or not.

Within existing methods for predicting student performance, there are still problems
such as poor interpretability, underutilized expert knowledge, and limited data processing.
After clarifying these barriers, the use of the BRB that was used to construct the model
is proposed to solve them. Therefore, a novel HBRB-I model with good interpretability
is proposed in the paper. A hierarchical structure is constructed to simplify the rule base
in response to the problem of excessive system complexity of BRB in education scenarios.
Following a summary of the structure interpretability criterion for HBRB, the inference
process of aggregating two attributes per sub-BRB is identified. It is also found that with
only two attributes per group, the correlation between attributes in each group can be
minimized using a simple method. For this reason, a new attribute grouping method
based on Spearman’s correlation coefficient is proposed. In this study, it is also explored
how interpretability can be ensured in a system with a hierarchical structure, and it is
proposed that the reasoning process of HBRB is a cognitive process from one-sided to
comprehensive. In addition, three optimization strategies are proposed to address the fact
that the randomness of the optimization algorithm will destroy the interpretability of the
model. The purpose is to ensure that the optimized rules do not deviate from the expert
judgment, and at the same time improve the accuracy of the prediction results. In the
final experimental part, the HBRB-I model proposed in this paper is verified to be indeed
effective from various aspects.

This study on interpretability presents certain limitations. First, expert knowledge
is not always reliable. Both subjective perception and lack of experience affect the inter-
pretability of BRB. Therefore, how to measure the credibility of expert knowledge needs
to be investigated. Moreover, the rule base contains all the working states of the system,
but the limited sample data may not match all the rules. The problem of parameters being
over-optimized also needs to be considered in subsequent studies.
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