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Abstract

The creation of Basic Probability Assignment (BPA) still represents a basic problem in the
Dempster-Shafer (D-S) theory of evidence especially when it comes to representing continu-
ous uncertainty and class ambiguity. In order to overcome this problem, this paper suggests
a BPA construction model depending on Gaussian overlap. The main principle behind
the approach is the creation of focal elements based on the overlaps between conditional
probability distributions of classes, allowing characterisation of uncertainty in a data driven
manner. Namely, attribute level evidence is represented by Gaussian distributions, and
singleton and composite focal elements are composite focal elements are generated through
Gaussian product responses and normalized to obtain BPAs. Composite focal elements
are further projected into singleton-level decision scores through proportional belief and
plausibility transformations for decision-making and attribute-weight calculation. More-
over, to dynamically modify the role played by different attributes, a Kullback-Leibler (KL)
divergence-based weighting scheme is used. These parts combine to form a full pipeline of
continuous evidence modeling to BPA generation as proposed by the given method. The
experimental results show that the proposed method achieves 98.00 ± 2.67% accuracy on
the Iris dataset, 97.21 ± 1.76% accuracy on the Wine dataset, and 90.86 ± 1.20% accuracy on
the Breast Cancer Wisconsin dataset. Compared with existing BPA generation methods, the
proposed method obtains the best performance on the Iris and Wine datasets. Compared
with classical machine learning models, the method also achieves the highest accuracy on
the Iris dataset and remains competitive on the Wine and Breast Cancer Wisconsin datasets.

Keywords: D-S evidence theory; basic probability assignment; Gaussian function; KL
divergence

1. Introduction
Dempster–Shafer (D–S) evidence theory [1–3] has been widely applied in uncertainty

reasoning and information fusion due to its ability to handle incomplete [4–8], and con-
flicting information [9–12]. As a core component of D–S theory, the construction of basic
probability assignments (BPAs) plays a critical role in evidence combination and decision-
making. However, generating reliable BPAs remains a challenging task, particularly in
data-driven scenarios where uncertainty is continuous and difficult to represent using
discrete or heuristic rules.

Existing BPA generation methods are mainly based on distance measures, interval
representations [13–15], or data-driven techniques [16] such as k-nearest neighbors and
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cloud models. Although these approaches have demonstrated effectiveness in specific
applications, they often rely on predefined rules or empirical assumptions and lack a clear
connection to the underlying data distribution. In particular, the construction of composite
propositions is typically handled in an indirect manner, which limits the interpretability of
the resulting BPAs, especially in the presence of class ambiguity and overlapping evidence.

To overcome these constraints, this paper suggests a Gaussian-overlap-based frame-
work to generate BPA. The suggested method uses Gaussian distributions to model evi-
dences at the attribute level to represent uncertainty continuously. Moreover, it directly
employs the overlap between class-conditional distributions to build focal elements, i.e.,
singleton propositions are created in areas of low overlap whereas compound propositions
are obtained in overlapping areas through Gaussian product modeling. The mechanism of
these overlaps allows generating multi-focal elements in a data-driven manner and directly
correlates distribution features with the BPA construction.

Besides, composite propositions are converted into singleton representations through
proportional belief and proportional plausibility transformations to simplify the next stages
of processing. Also, the adopted adaptive strategy of weighting uses KL-divergence to
adaptively change the contribution of attributes. These elements combined form a unified
BPA construction framework. Experimental data on standard datasets show that the
proposed approach successfully represents uncertainty and performs competitively relative
to other methods.

In addition, the conventional synthesis rule can also cause the conflict paradox
phenomenon [17–20] in a high-conflict evidence setting, which puts the stability and
reasonableness of the algorithm at risk. D-S evidence theory has become a valuable sup-
porting tool [20] in the area of complex information fusion because of its distinctive benefits
when dealing with uncertain information of various sources [21]. The further optimization
of the BPA mechanisms and efficient deployment will be vital in developing and applying
the theory in practice.

Conclusively, this paper offers a unified framework of BPA generation in Dempster-
Shafer evidence theory in terms of the continuous uncertainty modeling. In contrast to
the traditional methods that are based on distance measures or the interval representa-
tions, the proposed method uses Gaussian distributions to model attribute-level evidence
allowing describing uncertainty in a continuous and probabilistic way. With such a repre-
sentation, a Gaussian-overlap-driven mechanism is designed to build both singleton and
composite propositions, and overlapping regions naturally produce multi-focal elements.
In order to make the generated evidence more usable, a proportional belief and propor-
tional plausibility transformation scheme is developed to convert composite propositions
into singleton representations. Also, a KL-divergence-based weighting strategy is used
to quantify attribute discriminability and adaptively modify their contributions. By inte-
grating these components, a complete BPA construction pipeline is established. Extensive
experiments on multiple benchmark datasets demonstrate the effectiveness and stability of
the proposed method.

The remainder of this paper is organized as follows. Section 2 introduces the basic
concepts of D-S evidence theory. Section 3 presents the proposed BPA generation framework
based on Gaussian overlap modeling, proportional transformation, and KL-divergence-
based attribute weighting. Section 4 reports the experimental setup, comparison results,
and performance analysis on benchmark datasets. Finally, Section 5 summarizes the main
findings and discusses the limitations and future research directions.
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2. D-S Evidence Theory
Definition 1: Recognition framework.
If θ = {θ1, θ2, . . . , θN} is a finite set of mutually exclusive elements, this construction

is known as a recognition frame.
The set consisting of 2N elements formed by the power set of θ under condition 2θ is

2θ = {, θ1, θ2, . . . , θN, θ1 ∪ θ2, . . . , θ1 ∪ θ2 ∪ θ3, . . . , θ} (1)

Definition 2: Basic probability assignment (BPA).
If θ is a recognition frame, the power set 2θ of θ will combine into a set of propositions

2θ if the function m : 2θ → [0, 1] satisfies the following two conditions: m() = 0
∑

A⊆Θ
m(A) = 1 (2)

Let m be the BPA, and let m(A) be the basic probability number of proposition A. Here,
A is called a focal element of the power set if (m(A) > 0). The value m(A) can be used to
measure the reliability of a particular situation, i.e., the mass function, which serves as the
confidence level for the precise assignment to (A).

Definition 3: Dempster combination rule.
Consider two mutually independent bodies of evidence within the θ recognition frame,

denoted as m1 and m2, with corresponding focal elements A1, A2, . . . AK and B1, B2, . . . BL,
respectively. The Dempster combination rule can be expressed as follows: m() = 0

m(A) = 1
1−K ∑

Ai∩Bj=A
m1(Ai)m2

(
Bj
) (3)

where
K = ∑

Ai∩Bj=

m1(Ai)m2
(
Bj
)

K is known as the conflict coefficient. It serves as a measure of the degree of con-
tradiction between the pieces of evidence. Specifically, K is the sum of the confidence
levels of conflicting combinations of the underlying assumptions and quantifies the degree
of conflict among multiple sources of evidence. Its value range is [0, 1]. A larger value
indicates a more significant contradiction among the bodies of evidence. When K = 1, it
signifies that the evidence is completely conflicting and cannot be fused.

3. Methodology
3.1. Gaussian Distribution

The Gaussian distribution, also known as the normal distribution, is a widely used
probability distribution that characterizes the distribution of data and statistical patterns.
According to the Central Limit Theorem, even if the original data does not follow a normal
distribution, the distribution of its sample mean will converge to a Gaussian distribution
as long as the sample size is sufficiently large. This result holds under the condition that
the overall distribution pattern is independent, highlighting the central importance of the
normal distribution in statistical inference.

https://doi.org/10.3390/a19070511

https://doi.org/10.3390/a19070511


Algorithms 2026, 19, 511 4 of 17

The Gaussian distribution describes a continuous random variable X with two param-
eters µ and σ2, where µ denotes the mean and σ2 denotes the variance. The distribution
can be denoted as X ∼ N(µ,σ2), and its probability density function is

f(x) =
1

σ
√

2π
exp

(
− (x − u)2

2σ2

)
(4)

where

−3σ ≤ x ≤ 3σ, µ =
1
q

q

∑
l=1

xl
ij, σ =

√√√√ 1
q − 1

q

∑
l=1

(
xl

ij − µ
)2

; (5)

The product of Gaussian functions still satisfies the Gaussian distribution and can be
used to describe the joint probability distribution of multiple independent random variables.
Therefore, when using Gaussian functions to construct the BPA model in D-S evidence
theory, overlapping parts will occur in the constructed model, indicating uncertainty and
ambiguity. As a result, this paper employs the product of multiple Gaussian functions in
the overlapping regions to generate a new Gaussian distribution, whose joint mean and
joint variance optimize the weight of information and uncertainty.

In the BPA construction, the product of multiple Gaussian distributions defines the
focal elements of the overlapping region, generating multi-focal propositions that represent
the probability of sample values belonging to each single-focal proposition, as well as the
degree of overlap and reliability of the individual single-focal elements. This illustrates
the intuitive principle of “consensus-enhanced confidence” and supports the D-S evidence
combination. Using this method in D-S theory merges the rigor of probability statistics
with the flexibility of evidence theory.

Given the probability distributions of two independent Gaussian distributions,
N1 ∼

(
u1, δ2

1

)
, N2 ∼

(
u2, δ2

2

)
. If N1 is the probability distribution of f1(x), N2 is the

probability distribution of f2(x), then:

f12(x) = f1(x)f2(x) = 1√
2πδ1

e
− (x−u1)

2

2δ2
1 × 1√

2πδ2
e
− (x−u2)

2

2δ2
2

= 1
2πδ1δ2

e−
(x−u)2

2δ2 × e
− (u1−u2)

2

2(δ2
1+δ2

2)

(6)

A more intuitive expression can be obtained by combining the constant terms in
Equation (6) as Sg, as shown in Equation (7):

f12(x) = Sg ×
1√
2πδ

e−
(x−u)2

2δ2 (7)

where

u =
u2δ

2
1 + u1δ

2
2

δ2
1 + δ2

2
; δ2 =

δ2
1δ

2
2

δ2
1 + δ2

2
; Sg =

1√
2π
(
δ2

1 + δ2
2

)e
− (u1−u2)

2

2(δ2
1+δ2

2) ; (8)

As a scaling factor, the integral of the multiplied probability density of Sg is not equal
to 1, i.e., 0 < Sg < 1, but the properties of its variance and mean remain unchanged. Thus,
the product of two Gaussian distributions continues to obey the Gaussian distribution. The
Gaussian function model constructed through this scaling factor avoids the possibility of
being scaled up after multiplication, thus f12(x) ≤ f1(x), f12(x) ≤ f1(x). Therefore, the BPA
function is generated by using the Gaussian function model after multiplication to compute
the function values of its multi-focal elements.
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In this study, Gaussian distributions are used as a parametric approximation of class-
conditional attribute distributions, rather than as a strict assumption that all real-world
features follow a normal distribution. The main reason for adopting Gaussian modeling is
its analytical tractability. Specifically, the product of Gaussian functions has a closed-form
expression, which enables the overlap between class-conditional distributions to be explic-
itly calculated and mapped to composite focal elements in the D-S evidence framework.

However, we acknowledge that real-world data may be skewed, multimodal, or heavy-
tailed. In such cases, the Gaussian approximation may lead to biased overlap estimation
and affect the generated BPAs. Non-parametric methods such as Kernel Density Estimation
can provide more flexible density modeling, but they require bandwidth selection, are
sensitive to sample size, and lack the simple closed-form overlap representation used in
the present method. Therefore, KDE-or Gaussian-mixture-based BPA generation will be
investigated in future work.

3.2. Daniel’s Scale Conversion Method

Daniel [22] proposed the proportional reliability conversion formula and proportional
likelihood conversion formula:

PropBel(A) = ∑
A∈X⊆2Θ

m(A)

∑B⊆X m(B)
m(X) (9)

This probability reassignment is achieved by analyzing the proportion of confidence
that single propositions contribute within composite propositions. However, its optimistic
transformation strategy may introduce heightened uncertainty risks in decision-making
processes.

The formula for the proportional likelihood conversion is

PropPl(A) = ∑
A∈X⊆2Θ

Pl(A)

∑P⊆B Pl(B)
m(X) (10)

This probability reassignment is accomplished by evaluating the likelihood distri-
bution of single propositions within composite propositions. However, its conservative
transformation strategy may constrain strategic refinement in decision-making processes.

3.3. KL Divergence

In probability and information theory [23,24], the Kullback–Leibler divergence (KL
divergence, abbreviated as KLD) is a measure of the difference between two probability
distributions, P and Q. A smaller difference indicates a higher weight assigned. For two
continuous probability distributions P and Q, the KL divergence is defined as:

DKL(P ∥ Q) = ∑N
i=1 P(x) · log

P(x)
Q(x)

(11)

where P(x) > 0, Q(x) > 0;
In information theory, KL divergence DKL(P ∥ Q) quantifies the loss of information

that occurs when the true distribution P is approximated by the distribution Q. It measures
the degree of difference between the two probability distributions, where P represents the
actual probability distribution and Q serves as its approximate representation. Thus, the
essence of KL divergence lies in assessing the difference between two distributions, making
it an important mathematical tool for uncertainty modeling and statistical analysis.

In this study, the direction of KL divergence is explicitly fixed. The normalized
original singleton support distribution X is regarded as the reference distribution P, and the
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transformed distribution Qi obtained by the proportional belief or proportional plausibility
transformation is regarded as the approximating distribution Q. Therefore, the divergence
is calculated as DKL(X ∥ Qi), rather than DKL(Qi ∥ X)). This setting is consistent with
the interpretation of KL divergence as the information loss incurred when Qi is used to
approximate X.

3.4. BPA Generation Procedure
3.4.1. Overall Procedure Description

The proposed approach in this paper is a Basic Probability Assignment Generation
based on Gaussian Overlap Modeling to apply to the D-S Evidence Theory. The general
steps involved in this approach are:

(1) The evidence representation based on Gaussian distributions.

To represent the attributes of the training data, Gaussian distributions are built consid-
ering various classes to describe the attributes of the underlying data. It is a continuous
representation of uncertainty at the attribute level. Singleton propositions are created in
areas of well-separated class distributions with individual Gaussian models. On the other
hand, composite propositions are formed in areas of high overlap between class distribu-
tions by multiplying several Gaussian functions allowing a distribution-based creation of
multi-focal elements.

It should be noted that the proposed framework adopts univariate Gaussian modeling
at the attribute level rather than calculating the full multidimensional overlap between
multivariate class-conditional distributions. Each attribute is regarded as an individual
evidence source before Dempster fusion, and its one-dimensional Gaussian overlap is
used to generate the corresponding attribute-level BPA. Therefore, the method implicitly
assumes that attribute-level evidence sources are independent or weakly dependent. The
KL-divergence-based weighting strategy evaluates the reliability of each attribute-level
BPA, but it does not explicitly model the covariance structure among attributes. This design
improves interpretability and computational efficiency, making the proposed framework
more suitable for low- and medium-dimensional tabular datasets. For high-dimensional
datasets with strongly correlated or redundant features, feature selection or dimension-
ality reduction, such as PCA-based preprocessing, is recommended before applying the
proposed BPA generation method.

No manually specified overlap threshold τ is used in this process. The mass assigned
to a composite proposition is determined by the continuous Gaussian-product response
and subsequent normalization, rather than by a binary threshold-based decision.

(2) The evidence representation based on Gaussian distributions.

The responses of the test sample are analyzed using the given Gaussian models. Sup-
port degrees of singleton and composite subsets are derived by evaluating the correspond-
ing function values across each individual class distribution as well as the overlapping
region. This is the step that sets up a systematic mapping between continuous attribute
observations and the D-S propositions space.

(3) Conversion of composite statements to singleton representations. Decision-oriented
projection of composite propositions.

To In order to allow the next stage of fusion and decision-making the composite
propositions formed by overlapping areas are also converted into singleton-based rep-
resentations. The proportional belief and proportional plausibility transformations are
not used to eliminate these composite focal elements. Instead, they serve as decision-
oriented projections that redistribute the mass of composite propositions into singleton-
level decision scores when a crisp classification output or attribute-level weighting is
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required. while partially preserving the uncertainty information through belief- and
plausibility-guided redistribution.

(4) KL divergence based on attribute weighting.

To put a number to the uniformity of singleton evidence and the transformed proba-
bility representation, a measure of distributional difference that is used is Kullback-Leibler
(KL) divergence. With a lower divergence implying a greater uniformity and reliability,
it is the inverse of the KL divergence that is adopted to find the attribute weights. The
mechanism allows the dynamic change of attribute contributions to the BPA generation
process. as represented by the formula:

ωi =

1
DKL(X|Qi )

∑n
i=1

1
DKL(X|Qi )

; i = 1, 2, . . . , n; (12)

(5) A unified BPA construction framework.

By A unified BPA construction framework is set up by combining Gaussian-based
evidence modeling, overlap-driven proposition generation, proportional transformation,
and KL-divergence-based weighting. The framework gives a systematic and interpretable
method of converting continuous evidence to BPA representations in the D-S theory.

(6) The weighted evidence is aggregated to construct the final BPA.

3.4.2. Algorithm Implementation

For clarity and reproducibility, the detailed implementation of the proposed BPA
generation method is presented in Algorithm 1.

Algorithm 1. BPA generation based on Gaussian overlap modeling

(a) Input: Training dataset D, test sample x.
(b) Output: Basic probability assignment mmm.
(c) Estimate µ and σ2 for each attribute under each class, and construct

class-conditional Gaussian distributions.
(d) Analyze the overlap among Gaussian distributions of different classes.
(e) Generate singleton propositions from low-overlap regions and composite

propotions from overlapping regions via Gaussian product modeling.
(f) Evaluate the test sample x on the generated propositions to obtain the initial BPA.
(g) Decompose composite propositions into singleton-oriented representations using

PropBel and PropPl.
(h) Compute attribute weights based on the inverse of the KL divergence.
(i) Aggregate the weighted evidence to obtain the final BPA m.
(j) Return m.

Computational complexity analysis:
Let N be the number of samples, D be the number of attributes, and C be the number

of classes. In the proposed framework, the estimation of Gaussian parameters for all
class-conditional attribute distributions requires O(ND) time. For each attribute, singleton
evidence responses are calculated for C classes, and composite evidence responses are
calculated for class pairings, which requires O(C2) operations. Therefore, the overlap-based
BPA generation process for all samples has a dominant time complexity of O(NDC2).
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https://doi.org/10.3390/a19070511


Algorithms 2026, 19, 511 8 of 17

The proportional belief and proportional plausibility transformations redistribute
the mass of composite focal elements to singleton-level decision representations, and
their complexity is also bounded by O(NDC2). The KL-divergence-based weighting is
calculated over the transformed singleton distributions and does not exceed this order.
After the projection into singleton-level representations, Dempster fusion is performed on
the attribute-level BPAs, and its computational cost is lower than or comparable to the BPA
generation step.

Therefore, the overall computational complexity of the proposed method is O(NDC2),
and the storage complexity is O(DC2) for storing the Gaussian parameters and pairwise
overlap-related quantities. This shows that the proposed method scales linearly with the
number of samples and attributes, and quadratically with the number of classes. The
method is therefore computationally feasible for low- and medium-dimensional tabular
datasets with a moderate number of classes.

In practical implementation, the composite focal elements are mainly constructed from
pairwise class overlaps, rather than exhaustively enumerating all 2c subsets of the frame
of discernment.

To demonstrate the implementation process of the method proposed in this paper,
the Iris dataset serves as an example for a detailed explanation. This dataset comprises
three categories: Setosa, Versicolor, and Virginica, which will be used as components of
the recognition framework. Each category contains 50 samples, totaling 150 samples. Each
sample has four features (denoted as t = 4): sepal length (SL), sepal width (SW), petal length
(PL), and petal width (PW). In the experimental design, 40 samples (N = 40) were randomly
selected from each category to construct the training set, while the remaining samples were
reserved for testing. Taking a sample {5.1, 3.5, 1.4, 0.3} from the Se category as the object to
be recognized and using SL as the feature, this paper details the simulation process and
key implementation details of the proposed method as follows.

Step 1: The overlap among Gaussian distributions of different classes.
Since the product of Gaussian functions adheres to the Gaussian distribution, the

product of Gaussian distributions can be used to describe the joint probability distribution
of multiple independent random variables. In D-S evidence theory, the constructed models
inherently contain overlapping regions, signifying intrinsic uncertainty and fuzziness.
To address this issue, a product-of-Gaussians approach is employed in the overlapping
parts to generate a new Gaussian distribution. The resulting joint mean and joint variance
optimally balance information weighting and uncertainty reduction. The BPA construct
defines the focal elements of the overlapping regions, illustrating the intuitive principle
of “consensus-enhanced confidence” and supporting the combination of D-S evidence.
Thus, using this method in D-S theory combines the rigor of probability statistics with the
flexibility of evidence theory.

Taking the attribute SL as an example, Equation (5) is used to find the mean µ and the
variance σ2 of the three categories in the training set, while Equations (7) and (8) are used
to build multiple Gaussian product distribution curves. The scaling factor for hierarchically
related categories Sg is derived using Equation (8).

First, taking the hierarchically related classes m(Se,Ve) under the attribute SL as an
example, the joint mean, joint variance, and scaling factor for m(Se,Ve) are derived based
on the means and variances computed separately for classes Se and Ve under this attribute.
The computational results are as follows:

u =
u2δ

2
1 + u1δ

2
2

δ2
1 + δ2

2
= 5.3525; δ2 =

δ2
1δ

2
2

δ2
1 + δ2

2
= 0.0864;Sg =

1√
2π
(
δ2

1 + δ2
2

) e
− (u1−u2)

2

2(δ2
1+δ2

2) = 0.1533;
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Following these steps, the mean, variance, and scaling factor of both single and
hierarchically related categories under SL attributes were calculated; the results are shown
in Table 1.

Table 1. Means, variances, and scaling factors for each category under SL attributes.

Category Mean Variance Sg

Se 5.0375 0.1278
Ve 6.0100 0.2669
Vi 6.6225 0.4562

Se,Ve 5.3525 0.0864 0.1533
Se,Vi 5.3844 0.0999 0.0468
Ve,Vi, 6.2361 0.1684 0.2896

Θ 5.5548 0.0727 0.0188

The categories Se, Ve, and Vi do not have hierarchically related categories and consist
of single categories, making them single-focal-element propositions. Therefore, there is no
need to compute their scaling factors. The remaining multiple categories have hierarchically
related categories and are classified as multi-focal-element propositions. Consequently, the
product of multiple Gaussian distributions is calculated. Equation (8) is used to compute
the joint mean, joint variance, and scaling factors for these categories. The multi-focal-
element model function is constructed by fusing the products of their corresponding
single-focal-element model functions. This formulation represents the probability of a
sample belonging to multiple single-element subsets while also capturing the intersection
relationships among these subsets and their confidence levels.

Next, the data presented in Table 1 was used to construct a Gaussian distribution
curve under the SL attribute, as illustrated in Figure 1a. Similar computational steps
and processes are followed to establish Gaussian distribution curves for each attribute, as
depicted in Figure 1.

As shown in Figure 1, the petal length and petal width attributes exhibit much smaller
inter-class overlap than sepal length and sepal width, indicating stronger discriminative
ability. This difference is also reflected in the attribute-level BPA results. For the tested Iris
sample, the BPAs generated from petal length and petal width assign nearly all belief mass
to the correct singleton class, whereas sepal-related attributes produce more ambiguous
evidence due to larger distributional overlap. Therefore, petal attributes are not manually
emphasized in the proposed framework; instead, their stronger contribution is automat-
ically reflected through lower overlap, stronger singleton evidence, and the subsequent
attribute-level weighting process.

Step 2: Match the Gaussian function values of samples to be tested.
A test sample is randomly selected from the test data set. The values of each attribute

in the sample are substituted into the Gaussian distribution curve model fitted to the corre-
sponding attribute, yielding the corresponding function values based on the intersection of
the sample attribute values and the model curve. For example, if a test sample is randomly
selected from the Se category {5.1, 3.5, 1.4, 0.3}, the initial BPA function is generated by
obtaining the Gaussian function values from the Gaussian distribution curve model fitted to
its corresponding attributes. Taking the SL attribute as an example, the sample value to be
tested is x = 5.1, corresponding to the position in the Gaussian distribution curve, as shown
in Figure 2a, while its corresponding Gaussian function values are illustrated in Figure 2b,c.
Since the mass function value must conform to the principle that the probabilities sum to 1
in D-S evidence theory, the function values need to be normalized to generate the initialized
BPA function, i.e., P′

1. The results are presented in Table 2.

https://doi.org/10.3390/a19070511
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Figure 1. Gaussian distribution curves for each attribute of Iris dataset.

Figure 2. Gaussian distribution curve of SL attributes and function values for test sample x = 5.1.

Table 2. Results of BPA generation for SL attributes.

BPA Se Ve Vi Se,Ve Se,Vi Ve,Vi Θ

P1 1.0988 0.1637 0.0466 0.1439 0.0499 0.0061 0.0067
P′

1 0.7294 0.1087 0.0409 0.0955 0.0271 0.0040 0.0044

Step 3: Employ proportional functions for conversion.

https://doi.org/10.3390/a19070511
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In D-S evidence theory, conflict amplification and the exponential growth of compu-
tation increase with the number of elements and the complexity of focal elements within
the recognition framework. When multi-focal-element propositions undergo Dempster’s
combinatorial rule for fusion [25], computational complexity becomes high. Therefore, a
proportional formula is applied to convert multi-focal elements into single-focal elements.

The BPA function values generated in Table 2 are converted to proportionality using
Equations (9) and (10), where X denotes the initial single-element function value, Q1 denotes
the converted function value of the proportional confidence function, and Q2 denotes the
converted function value of the proportional likelihood function. The BPA function values
obtained from the SL attribute in Table 2 serve as an example.

m(Se) = 0.7294, m(Ve) = 0.1087, m(Vi) = 0.0309, m(Se, Ve) = 0.0955,
m(Se, Vi) = 0.0271, m(Ve, Vi) = 0.0040, m(Θ) = 0.0044, P1 and P2 are subsequently
calculated and normalized. The calculated Q1 and Q2 results are shown in Table 3.

Table 3. Probability distribution of propositions.

Se Ve Vi

X 0.7294 0.1087 0.0309
Q1 0.8422 0.1248 0.0330
Q2 0.8346 0.1314 0.0340

Step 4: Calculate the KL divergence.
KL divergence is utilized to measure the differences in distributions. A smaller

difference indicates a higher weight assigned. The differences between the probability
distributions, known as KL divergence, are calculated from the results in Table 3. Since
KL divergence must conform to the principle that the probabilities sum to 1, X needs
to be normalized before applying Equation (11) to calculate its DKL. The DKL result is
shown below:

DKL(X ∥ Q1) = 0.0001; DKL(X ∥ Q2) = 0.0003;

Here, X is used as the reference distribution because it is directly obtained from
the original Gaussian evidence response, while Q1 and Q2 are transformed distributions
generated by PropBel and PropPl, respectively. Therefore, DKL(X ∥ Q1) and DKL(X ∥ Q2)

measure the information loss introduced by the two transformations.
The calculated KL divergence quantifies the differences among the probability dis-

tributions. A smaller difference corresponds to a higher weight assigned. Therefore, the
inverse is used to determine the weight after normalization. The weight calculated using
Equation (12) after normalization is as follows:

ω1 = 0.75,ω2 = 0.25;

The weights are linearly combined to produce the final BPA. Taking m1(Se) as an
example, the linear combination method is

m1(Se) = ω1 × Q1 +ω2 × Q2 = 0.8403;

This combination yields the final BPA, with the result shown in Table 4.

Table 4. Basic probability assignment (BPA).

Se Ve Vi

m1 0.8403 0.1265 0.0332
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The BPAs for the other three attributes are obtained sequentially by following the steps
above. The results are presented in Table 5.

Table 5. Eneration of BPA for propositions.

Se Ve Vi

m1 0.8403 0.1265 0.0332
m2 0.7206 0.0665 0.2129
m3 1 0 0
m4 1 0 0

The BPA generated using the method proposed in this paper is fused with tra-
ditional Dempster combination rules to produce the recognition result for the sample
{5.1, 3.5, 1.4, 0.3}. The fusion result is

m(Se) = 1; m(Ve) = 0; m(Vi) = 0;

Based on the maximum belief decision principle in D-S evidence theory, the recognition
result in the Se category. This outcome aligns with the ground truth, thereby validating the
accuracy and feasibility of the proposed method.

4. Experiments and Results
4.1. Experimental Setup

To verify the validity of the proposed method, three classic datasets from the official
UCI website—the Iris dataset, Wine dataset and Breast Cancer Wisconsin—were selected
and evaluated experimentally using five-fold cross-validation. The Iris dataset contains
three classes of samples: Setosa (Se), Versicolor (Ve), and Virginica (Vi), with 50 samples
in each class, each having four features. The Wine dataset is similarly divided into three
classes: Class A (59 samples), Class B (71 samples), and Class C (48 samples), with each
sample containing 13-dimensional attribute features. The Wisconsin Breast Cancer dataset
consists of two classes of samples: malignant (212 samples) and benign (357 samples). All
experimental results are reported as the mean classification accuracy ± standard deviation
obtained from five-fold cross-validation. The standard deviation is used to reflect the
stability of the method across different data splits. Since paired significance tests were
not conducted in the current study, the performance comparison is interpreted based on
cross-validation mean accuracy and variance rather than formal statistical significance.

4.2. Comparison with Existing BPA Generation Methods

The experimental results were compared with those in Refs. [26–28]. The results are
shown in Table 6.

As shown in Table 6, the proposed approach achieves superior classification perfor-
mance on both the Iris and Wine datasets. On the Iris dataset, the method attains an average
accuracy of 98.00%, exceeding those reported in Refs. [26–28]., and slightly outperform-
ing the cloud model-based method in Ref. [27]. The relatively small standard deviation
further indicates that the method maintains stable performance under simple data distri-
butions. On the Wine dataset, the proposed method also yields the highest accuracy of
97.21%, demonstrating stronger discriminative capability compared with the competing
approaches. This suggests that the Gaussian distribution-based BPA generation strategy is
effective in capturing class distinctions during multi-attribute fusion.
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Table 6. Experimental comparison results.

Method Iris Wine Breast Cancer Wisconsin

Ref. [26] 93.33 ± 5.58 88.79 ± 3.44 69.25 ± 3.11
Ref. [27] 94.67 ± 3.40 90.44 ± 1.76 92.27 ± 2.96
Ref. [28] 87.33 ± 5.73 92.15 ± 3.27 91.92 ± 2.85

This study 98.00 ± 2.67 97.21 ± 1.76 90.86 ± 1.20

The approach presented in Ref. [27] is the most effective when used with the Breast
Cancer Wisconsin dataset whereas the suggested approach gives a slightly lower accuracy.
However, it is better than the interval-based approach in Ref. [26] and comparable with
the KNN-based approach in Ref. [28]. Due to the increased dimensionality and more
complicated class distribution of this dataset, the classification problem has more stringent
requirements on the ability to model uncertainty and represent overlap. Despite the fact
that the proposed method is not the most accurate, the smaller variance suggests that the
performance is more even across the various folds.

The relatively lower performance on the Breast Cancer Wisconsin dataset may be
related to its higher dimensionality and more complex feature distribution. Unlike Iris and
Wine, the Breast Cancer Wisconsin dataset contains 30 attributes, which may include corre-
lated or redundant features. Since the proposed framework adopts univariate Gaussian
modeling at the attribute level, it does not explicitly capture covariance among attributes
or complex non-Gaussian feature distributions. As a result, the estimated overlap between
class-conditional distributions may be less accurate, which can affect the generated BPAs
and the final fusion result.

This indicates that the proposed method is more suitable for low- and medium-
dimensional tabular datasets with relatively clear attribute-level distribution patterns.
For datasets with higher dimensionality, stronger feature dependence, or more complex
distributional characteristics, feature selection, PCA-based preprocessing, Gaussian mixture
modeling, kernel density estimation, or covariance-aware evidence modeling may be
required to further improve robustness and generalizability.

The recorded benefits of the Iris and Wine datasets are a result of the continuous
representation of class distributions and the explicit consideration of overlapping areas.
Through the use of the Gaussian functions and their product form, the method allows
the creation of multi-focal elements as well as single focal elements and thus preserves
the information about uncertainty. This method offers a greater description of inter-class
relationships than traditional BPA construction procedures relying on distance or interval
representations and leads to better classification performance.

4.3. Comparison with Classical Machine Learning Methods

In order to confirm the viability of the suggested approach in practice under classifi-
cation problems and guarantee the completeness and exemplification of the comparisons,
this paper chooses the Decision Tree (CART), Random Forest (RF) and XGBoost models as
base models. They embrace the conventional classification models, the ensemble learning
approaches, and the combination model of the form: dimensionality reduction + neural
network. To make the experiment fairer, the same data partitioning strategy is applied to
all the methods. Experimental results are presented in Table 7.
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Table 7. Experimental comparison results with machine learning methods.

Method Iris Wine Breast Cancer Wisconsin

CART 95.33 ± 3.40 89.89 ± 2.90 91.04 ± 2.79
RF 94.67 ± 2.67 97.75 ± 2.13 94.61 ± 1.25

XGBoost 94.00 ± 3.27 96.62 ± 2.81 94.26 ± 0.89
This study 98.00 ± 2.67 97.21 ± 1.76 90.86 ± 1.20

As presented in Table 7, the suggested BPA generation algorithm, based on Gaussian
overlap modeling and KL divergence weighting, proves highly competitive in various
datasets. The approach proved effective with the Iris dataset with a classification accu-
racy of 98.00% which is more than a number of other existing methods. It shows that
the proposed framework is stable and has good discriminatory power when used to clas-
sify low-dimensional datasets. The method attained an accuracy of 97.21% in the Wine
dataset, which is higher than the traditional machine learning algorithms especially in
situations where the borders of the classes are overlapping. Using Gaussian distributions
and their products, the approach successfully models the ambiguity at the boundary of
the classes and introduces uncertainty into the process of classification, which leads to
better predictive performance. With respect to the Breast Cancer Wisconsin dataset, the
proposed approach does not outperform the ensemble models like Random Forest (RF),
XGBoost but is comparable in terms of the classification accuracy and the variance per
cross-validation folds is relatively low. It implies that the method can preserve some level
of stability and robustness when working with high-dimensional data and complicated
class distributions, thus demonstrating its power in modeling uncertainty. However, be-
cause of the high-dimensionality and elaborate class distribution of this dataset, more
severe requirements are placed on the representation of uncertainty and overlap handling.
Conventional ensemble methods are able to utilize the combination of various decision
trees to efficiently model nonlinear relationships and complex class boundaries, which is
the major reason why they tend to have greater accuracy on the Breast Cancer data. In
contrast, the method proposed addresses continuous Gaussian modeling and explicitly
treats overlapping regions. Although this method is effective in capturing uncertainty and
enhancing classification accuracy in some tasks, it could be vulnerable to redundancy and
noise in high-dimensional settings, causing somewhat lower performance. Nonetheless,
by the use of KL divergence-based attributing contributions and a multi-focal generation
mechanism, the method has low variance and exhibits high robustness, which reflects
well-adaptability, even in high-dimensional environments. As a result, although the ac-
curacy of the Breast Cancer dataset is slightly lower than of traditional machine learning
schemes, the proposed scheme remains quite promising especially concerning low- or
medium-complexity data. Moreover, the combination of feature selection or deep learning
mechanism could also improve its performance in complex, high dimensional context. To
sum up, the obtained experimental findings on various datasets prove that the proposed
method performs well with low-to-medium complexity data. Such a success is mainly due
to the BPA generation strategy developed on the basis of Gaussian overlap modeling that
is capable of accurately representing ambiguity and uncertainty between classes hence
achieving higher classification accuracy and stability. Even though its performance on
high-dimensional datasets is slightly lower than that of other classical machine learning
algorithms, the method still produces stable results and demonstrates high robustness.
Subsequent work might examine the combination of feature selection or deep learning
approaches to improve its performance in complex and high-dimensional environments.
Experimental findings confirm that the proposed approach does not only produce quality
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BPAs under the Dempster-Shafer evidence theory but has practical application to real-life
classification problems.

Although CART, Random Forest, and XGBoost are used as representative classi-
cal machine learning baselines in this study, more advanced uncertainty-aware models,
such as fuzzy neural networks and evidential deep learning models, are also relevant for
comparison. These models can directly estimate prediction uncertainty through neural
architectures. However, the present study focuses on BPA generation under the D-S ev-
idence theory framework for low- and medium-dimensional tabular datasets. A direct
comparison with evidential deep learning requires additional neural architecture design,
hyperparameter tuning, and calibration-oriented evaluation. Therefore, such models will
be included in future work to further evaluate the proposed method under more complex
and large-scale scenarios.

4.4. Discussion

The experimental results indicate that the proposed Gaussian-overlap-based BPA
generation framework provides a useful way to connect continuous attribute distributions
with D-S evidence modeling. From a theoretical perspective, the main implication of this
study is that the overlap between class-conditional distributions can be used as a data-
driven basis for constructing both singleton and composite focal elements. This provides
a more explicit link between statistical distribution modeling and evidential reasoning,
especially when class ambiguity exists in overlapping regions.

From a practical perspective, the proposed method is suitable for low- and medium-
dimensional tabular classification tasks where interpretability and evidence-level represen-
tation are important. Compared with purely black-box classifiers, the proposed framework
provides an interpretable process from attribute-level Gaussian modeling to BPA gener-
ation, attribute weighting, and evidence fusion. This may be useful in decision-support
scenarios where the source and contribution of evidence need to be examined.

However, the present study also has several limitations. First, the method adopts Gaus-
sian approximation at the attribute level, which may not fully capture skewed, multimodal,
or heavy-tailed feature distributions. Second, the current framework treats attributes as
independent or weakly dependent evidence sources and does not explicitly model the
covariance structure among attributes. Third, the method is mainly evaluated on low-
and medium-dimensional benchmark datasets, and its applicability to high-dimensional
real-world data requires further validation. Finally, the current experiments focus mainly
on classification accuracy, while calibration-oriented uncertainty metrics such as Brier Score,
Expected Calibration Error, and OOD detection are not included.

Future work will investigate more flexible density estimation methods, such as kernel
density estimation and Gaussian mixture models, as well as feature selection, PCA-based
preprocessing, covariance-aware evidence modeling, and calibration-based uncertainty
evaluation. These extensions may further improve the robustness and applicability of the
proposed BPA generation framework in more complex real-world classification tasks.

5. Conclusions
The present work deals with the problem of calculating the BPA in the context of

the D-S theory of evidence. Our approach to creating a BPA will be developed through
Gaussian distribution and KL divergence. In this method, it creates a Gaussian distribution
curve model of each attribute using Gaussian functions. Single-focal-element proposition is
generated in non-overlapping areas by a single Gaussian distribution whereas a composite
model (which is the product of Gaussian functions and a scaling factor) is used to derive
multi-focal-element propositions in overlapping areas.
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The main insight of this work is that the ambiguity caused by overlapping class
distributions can be represented by composite focal elements during the initial evidence
construction stage, instead of being directly assigned to a single class. Proportional belief
and proportional plausibility transformations are further employed to project composite
evidence into singleton-level decision representations. Meanwhile, KL-divergence-based
weighting is introduced to measure the reliability of attribute-level evidence. Overall,
the proposed framework enhances the interpretability of BPA construction and offers a
data-driven mechanism for evidence generation in classification problems. In terms of
classification accuracy, the proposed method achieved 98.00 ± 2.67% on Iris, 97.21 ± 1.76%
on Wine, and 90.86 ± 1.20% on Breast Cancer Wisconsin, demonstrating its effectiveness
for low- and medium-dimensional tabular classification tasks.
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