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Abstract

Numerous attribute weighting methods have re-
cently been proposed to alleviate the attribute
conditional independence assumption in naive
Bayes. Among them, multi-view attribute weight-
ing framework has achieved state-of-the-art per-
formance by constructing additional latent views
beyond the raw attribute view, thereby capturing
more comprehensive data characteristics. How-
ever, these latent views are usually derived from
base classifiers trained on a fixed input distribu-
tion, which greatly limits the diversity of gener-
ated attributes. Additionally, in most cases, the
latent views consist solely of hard labels, dis-
regarding the predicted posterior probability of
the base classifiers, resulting in incomplete uti-
lization of discriminative evidence. To address
these issues, we propose a novel framework called
Perturbation-driven Matrix-view Weighted Naive
Bayes (PMWNB). In PMWNB, diverse input per-
turbations are first applied to the raw attribute
view to generate multiple base views. Subse-
quently, each base view independently trains mul-
tiple heterogeneous base classifiers, whose hard
label and soft probability outputs are jointly lever-
aged to construct four latent views. Finally, class-
specific attribute value weights in each view are
respectively optimized by minimizing the nega-
tive conditional log-likelihood. Extensive experi-
ments conducted on a collection of 59 benchmark
datasets demonstrate the superiority of PMWNB.
The source code and datasets are available at
https://github.com/zhanghuan1994/PMWNB.

*Corresponding author

1 INTRODUCTION

In recent years, Bayesian network classifiers (BNCs) have
received much attention due to their explicit interpretability
and remarkable classification performance. Among various
BNCs, naive Bayes (NB) stands out as a simple yet effec-
tive classifier, based on the assumption that all attributes are
conditionally independent given the class label. Due to its ef-
ficiency and robustness, NB has already shown exceptional
classification performance and continues to be one of the
top 10 algorithms in data mining [Wu et al., 2008]. However,
in real-world applications, its attribute conditional indepen-
dence assumption rarely holds true. To mitigate this, numer-
ous enhancements have been proposed, which are generally
categorized into six groups: structure extension [[Friedman
et al., [1997, Webb et al., 2005, [Zhang et al., |2020a, Zhao
et al., 2025, Meng et al.| [2026]], fine-tuning [Diab and Hindi,
2018}, [Zhang and Jiang} [2022], instance selection [Kohavi,
1996, Frank et al., 2003} |Wang et al.,2026], instance weight-
ing [Xu et al., 2019, Zhang et al., [2026]], attribute selec-
tion [Hall, 2000, |(Chen et al., 2017} 2020]], and attribute
weighting [Zaidi et al.,[2013] Jiang et al., 2019} Zhou et al.,
2025]).

Among these categories, attribute weighting has long been
a particularly important line of research owing to its consid-
erable flexibility and strong performance. For instance, |Hall
[2007]] proposed a Decision Tree-based Attribute Weighted
Naive Bayes (DTAWNB), which utilizes decision tree depth
to determine attribute weights. [Jiang et al.| [2019] devel-
oped a Correlation-based Attribute Weighted Naive Bayes
(CAWNB), which considers both attribute-class relevance
and attribute-attribute redundancy in weight learning. Zaidi
et al.|[2013]] adopted gradient descent to optimize attribute
weights by maximizing the conditional log-likelihood or
minimizing the classification error rate.|Zhang et al.|[2020b|]
proposed a Class-specific Attribute Value Weighted Naive
Bayes (CAVWNB), which enables more fine-grained mod-
eling by assigning a unique weight to each attribute value
for each class.
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Unlike the aforementioned methods that mainly focus on
designing novel weighting strategies, recent studies have
argued that relying solely on the raw attribute view is usu-
ally insufficient to fully capture the intrinsic data charac-
teristics in complex real-world applications [Zhang et al.,
2023|,[Zhou et al.,|2025| |[Zhang et al.,[2026]]. To address this,
numerous multi-view weighting frameworks have been in-
troduced, among which the Multi-view Attribute Weighted
Naive Bayes (MAWNB) [Zhang et al.| [2023]] is one of the
most well-known. In MAWNB, multiple base classifiers are
first trained on the raw attribute view. Subsequently, the
hard labels predicted by each base classifier for each in-
stance are used to construct two additional label views. By
introducing label views, MAWNB enriches the view repre-
sentation, thereby usually achieving superior performance
over traditional single-view attribute weighting methods.

Despite their preliminary success, current multi-view
weighting frameworks still suffer from two critical limi-
tations. First, all base classifiers used for view construction
are trained on a fixed input distribution, i.e., on the same raw
attribute view, which greatly limits the diversity of generated
attributes in the latent view space. Second, the constructed
latent views usually consist solely of hard labels, which
completely disregards the predicted posterior probability of
the base classifiers and results in an incomplete utilization
of discriminative evidence.

To address these issues, this study proposes a novel frame-
work called Perturbation-driven Matrix-view Weighted
Naive Bayes (PMWNB), which further extends the conven-
tional multi-view representation into a matrix-view frame-
work. Specifically, PMWNB first applies diverse input
perturbations to the raw attribute view to generate multi-
ple base views. Subsequently, multiple Super-Parent One-
Dependence Estimators (SPODEs) and Random Trees (RTs)
are trained on each base view independently. Next, to more
comprehensively exploit the latent space information cap-
tured by the base classifiers, hard label and soft probabil-
ity outputs are jointly leveraged to construct four latent
views. Finally, PMWNB optimizes class-specific attribute
value weights by minimizing the negative conditional log-
likelihood in each view. By extending multi-view represen-
tation into a matrix-view framework, PMWNB integrates
distinct partitions of the raw attribute view with richer dis-
criminative evidence. Extensive experimental results on a
collection of 59 benchmark datasets from the University
of California at Irvine (UCI) Machine Learning repository
demonstrate the superior performance of PMWNB.

The main contributions of this study are as follows:

* We extend the conventional multi-view representa-
tion into a matrix-view framework, and propose
the Perturbation-driven Matrix-view Weighted Naive
Bayes (PMWNB), in which diverse input perturbations
are applied to the raw attribute view to generate multi-

ple base views.

* We propose a novel view construction strategy that
fully exploits the latent view space information through
the joint utilization of hard label and soft probability
outputs by base classifiers.

* We conduct extensive experiments to validate the su-
periority of PMWNB. We also perform an ablation
study, an error-ambiguity decomposition analysis and
an extension experiment to provide some in-depth dis-
cussions of PMWNB.

2 RELATED WORK

Naive Bayes. Given a test instance x represented by an
attribute value vector (a1, ag, . . ., am, ), NB uses Eq. (I)) and
Eq. (@) to predict its class label.

P(o)IIZ, Plaj | o)
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where m is the number of attributes, a; is the jth attribute
value of x, C denotes the set of all possible class labels, ¢(x)
is the predicted class label of x, while P(c) and P(a; | ¢)
correspond to the needed prior and conditional probability,
respectively, both of which can be estimated using Laplace
smoothing as follows:

P(e) = Zz:lz(iwqc) +1 3)

i1 0(aij, a;)d(ciyc) +1
Z?:l 5(61'7 C) +n;
where n is the number of training instances, ¢ is the number
of classes, n; is the number of values for the jth attribute A;,
c; is the class label of the ith training instance, a;; is the jth
attribute value of the ith training instance, and the indicator
function 6(z, y) is one if x = y and zero otherwise.

Pla; | ¢) = &= @

Multi-view Weighted Naive Bayes. To alleviate the at-
tribute conditional independence assumption in NB, nu-
merous enhancements have been proposed from diverse
perspectives. While most enhancements focus exclusively
on the raw attribute view, recent studies argue that the raw
attribute space is often insufficient to capture the intrin-
sic data characteristics in complex real-world applications.
To uncover some hidden information, Zhang et al.| [2022]
proposed Attribute Augmented and Weighted Naive Bayes
(A?WNB), which treats predicted class labels from multi-
ple random one-dependence estimators as latent attributes.
These labels are concatenated with the original attributes
to form an augmented attribute view. Subsequently, Zhang
et al.| [2023] introduced a multi-view learning framework
for NB, termed Multi-view Attribute Weighted Naive Bayes
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Figure 1: Overall framework of PMWNB. (1) Base Views Construction: Applying unsupervised and supervised perturbation
to construct two base views. (2) Latent Views Construction: Training m SPODEs and m RTs on each base view, and then
using predicted hard labels and soft probabilities to construct two latent views. (3) Matrix-View Weighting and Fusion:
Optimizing class-specific attribute value weights in each view and fusing all class-membership probabilities for classification.

(MAWNB), which constructs two additional label views
using different classifiers, effectively capturing data charac-
teristics from higher-level perspectives. To further improve
the generalization and specificity of MAWNB, [Liu et al.
[2025a] proposed Enhanced Multi-view Attribute Weighted
Naive Bayes (EMAWNB), which utilizes a cross-validation
strategy to mitigate the overfitting risk in the multi-view
construction module. Moreover, EMAWNB learns instance-
specific view weights by evaluating the local classification
performance of each view on the k-nearest neighbors of
the test instance. Additionally, [Zhou et al.| [2025]] proposed
a Multi-view Collaborative Optimization framework for
Weighted Naive Bayes (MCOWNB), which dynamically
adjusts the weight of each view by iteratively minimizing
the local mean squared error and optimizing the global gen-
eralization performance. Recently, multi-view learning has
also been introduced into instance weighted naive Bayes.
Zhang et al.|[2026] proposed a Dual-view Instance Weighted
Naive Bayes (DIWNB), which constructs a generated view
based on k-nearest neighbors to capture local data char-
acteristics within the raw attribute view. Unlike the above
methods that rely on hard labels for latent view construc-
tion, DIWNB employs the summation of estimated class-
membership probabilities generated by base classifiers to
derive latent views, providing an alternative strategy under
the multi-view weighting framework.
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3 METHOD

3.1 MOTIVATION

As discussed above, the multi-view weighting framework
substantially enhances NB by capturing more comprehen-
sive data characteristics. However, most existing multi-view
weighting frameworks, such as MAWNB, still exhibit two
notable limitations that hinder their further improvement.
First, as all base classifiers are trained on a single raw at-
tribute view, the diversity of the generated attributes within
the latent view space is substantially constrained, leaving
potential discriminative patterns insufficiently explored. Sec-
ond, MAWNB constructs the two label views solely based
on the predicted hard labels of base classifiers, which com-
pletely disregards the fine-grained confidence information
conveyed by the estimated class-membership probabilities,
resulting in the insufficient exploitation of discriminative
evidence.

To address these issues, we propose a novel framework
called Perturbation-driven Matrix-view Weighted Naive
Bayes (PMWNB). Unlike previous methods where all gen-
erated label views originate from a single raw attribute
view, PMWNB extends the conventional multi-view learn-
ing framework to a matrix-view paradigm. It further lever-
ages diverse input perturbation strategies, for example, dif-
ferent discretization methods, to construct multiple base
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views and broaden the exploration of the latent attribute
space. Additionally, PMWNB leverages both hard label and
soft probability outputs by multiple heterogeneous base clas-
sifiers to construct the latent views. By integrating multiple
forms of outputs, PMWNB captures the underlying attribute
space uncovered by the base classifiers in a more comprehen-
sive manner. Finally, class-specific attribute value weights
within the matrix-view framework are optimized and all the
class-membership probabilities are fused for classification.

3.2 OVERALL FRAMEWORK

PMWNB is built upon a matrix-view representation V =
{Vge | g € {1,...,G},t € {1,...,T}}, in which G de-
notes the total number of input perturbation strategies and 7'
represents the number of view representation types. Specifi-
cally, the views within V are defined as follows:

¢ Definition 1 (The base view). The view that is generated
by applying distinct perturbation strategies to the raw
attributes. It usually represents original attribute spaces,
but can provide heterogeneous input distributions that
drive the subsequent latent view construction.

* Definition 2 (The latent view). The view that is gener-
ated by using the predictive outputs of base classifiers.
It usually represents higher-level attribute spaces, which
mainly consists of the hard label (label view) and the soft
probability (probability view).

As illustrated in Figure[I] the framework consists of three
modules. The Base Views Construction module transforms
each raw instance x; = (a;1,...,am,¢;) into the base
view (29],..., 27" ¢;) through G distinct input perturba-
tions, where the upper branch employs an unsupervised
perturbation to map continuous attributes to discrete values,
while the lower branch utilizes a supervised perturbation
strategy. Next, in the Latent Views Construction module, m
Super-Parent One-Dependence Estimators (SPODEs) and
Random Trees (RTs) are independently trained on each base
view V1. Their predicted hard labels and soft probabilities
construct the respective label and probability views, yield-
ing the latent representation (zJ; ...,z ,c;), where the
dimension m; is m for label views and m x ¢ for prob-
ability views given ¢ classes. Finally, in the Matrix-View
Weighting and Fusion module, to mitigate attribute redun-
dancy within each view Vi, optimal class-specific weights
for each attribute value are learned by minimizing the nega-
tive conditional log-likelihood via gradient descent search,
forming the set of optimized models M = {1}, }. For each
test instance, the class-membership probabilities estimated
by all models in M are averaged. The following subsections
describe the detailed processes of these modules.

3.3 BASE VIEWS CONSTRUCTION

To implement effective input perturbation, the first and sec-
ond base views are generated by applying Equal Width Dis-
cretization (EWD) and the Minimum Description Length
Principle (MDLP) [|Fayyad and Iranil [1993]], respectively.
The selection of these specific strategies is mainly motivated
by the following reasons: (1) As an unsupervised method,
EWD partitions attributes based purely on distribution range,
capturing global structural information without label bias.
(2) In contrast, the supervised MDLP leverages information
gain to determine cut-points that maximize class separabil-
ity, focusing on the most informative decision boundaries.
(3) The divergent principles of these strategies naturally
yield distinct sets of cut-points for attribute partitioning,
serving as effective perturbations to the raw attribute space.

For the construction of the first base view V71 via EWD, the
raw attribute value a;; of A; is mapped to z;; using Eq. ).

11 _ KEWDa
iy T @jj —Qmin,j )
===t 4+ 1, otherwise

if Gj5 = Qmax,j

z %)
where amax,; and anin,; denote the maximum and mini-
mum values of the jth attribute in the training set, and the
hyperparameter K gy p represents the predefined number
of intervals, which is set to 10 by default. The interval width
A; is calculated as Eq. (6).

Aj = (Gmax,j — Gmin,j)/KewD (6)

The construction of the second base view V5 utilizes MDLP.
For each attribute A;, candidate cut-points are defined as the
midpoints between successive distinct values in the sorted
attribute sequence. Let D be the set of training instances
in the current interval, which initially consists of the entire
training set. The optimal cut-point 7 is selected to maxi-
mize the information gain. If 7 satisfies Eq. (7)), the current
interval D is split into subsets Dq and Dy such that A; < T
and A; > T, and the process recurses on both subsets;
otherwise, partitioning terminates.

log(N —1) A(A;,T;D)
7

N + N @)
where N denotes the number of instances in the current

interval D. The correction factor A(A;, T; D) is defined
as:

A(A;,T; D) =log ri (q)241 od 1}

=1 q1

—[g- Ent(D) — q1 - Ent(D1) — q2 - Ent(D2)]

(®)

where Ent(-) denotes the Shannon entropy and ¢, g1, g2 rep-

resent the number of distinct classes present in D, Dy, Da,

respectively. The continuous value a;; is mapped to 2}
determined by the interval it falls into:

z?jl =k, stTp1<a;<Tg €))

Gain(A;, T;D) >
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where 7o = —oo and 7,41 = +o0. The number of final cut
points is denoted by p, resulting in p + 1 disjoint intervals.

3.4 LATENT VIEWS CONSTRUCTION

To expand the latent attribute space through diverse input
perturbations in the two base views, we construct the latent
views in two phases: base classifiers training and latent
representation learning.

3.4.1 Base Classifiers Training

In this phase, two distinct ensembles are trained on each
base view Vj1: m SPODEs 89 = {57, ..., 59 } and m RTs
RI={R],...,R%}.

The jth SPODE Sj‘? sets A; as the super-parent for all other
attributes. Let y; = z7 ! denote the attribute vector of the ith
instance within the base view V1. The posterior probability

stj (c | y:) estimated by S is calculated by Eq. (T0).

S
(e lyi) = Plzj,0) H P(zl|z,¢)  (10)
r=1,r#j

where P(z;,c) is the joint probability and P(z,|z;,c) is

the conditional probability, which can be estimated by the
following Eq. (TI) and Eq. (12)), respectively.

> i1 0(2ij, 2j)d(ci ¢) + 1

Z:‘L:l 5(22‘7-, Z"')(S(Zij’ Zj)(S(C,', C) +1
> im1 0(zij, 2)0(cis €) + iy

where 75, n, is the number of values for the attribute A;
and A,., respectively.

P(zj,c) =

(1)

P(z|z5,¢) = (12)

To construct the jth RT R, at each node, log m attributes
are randomly selected from V;; and the data is recursively
partitioned by maximizing the information gain defined in

Eq. (13).

Gain(D, A;) = Ent(D Z ||D”||E t(D,) (13)

where A; is the split attribute, n; is the number of values
for A;, D, denotes the subset of instances at the vth child

node. The posterior probability PiR5 (¢ | yi), estimated by

Rjg , is derived from the class frequency distribution in the
leaf node that y; falls into.

g l
P ey = M (14)

where [ denotes the number of training instances in the leaf
node that y; falls into.

3.4.2 Latent Representation Learning

In this phase, latent views are derived from the predictive
outputs of the ensembles SY and RY. Specifically, extracting
both hard labels and soft probabilities from each ensemble
produces two label views and two probability views. The
reasons of selecting these two distinct forms are as fol-
lows: (1) Hard labels provide definitive classification results,
which can establish clear decision boundaries and offer a
robust representation for latent attribute space. (2) Soft prob-
abilities preserve fine-grained confidence information and
capture subtle distributional details that are inevitably lost in
hard labels. (3) Instances with the same label or similar prob-
ability estimates are likely to possess common higher-level
data characteristics.

For a training instance y; within the base view Vg1, the la-
bel views are constructed by taking the class label with the
highest estimated posterior probability, while the probabil-
ity views are formed by concatenating posterior probability
vectors of m base classifiers. Let F € {S, R} denote the
base classifier type corresponding to the SPODEs and RTs,
respectively. The SPODEs generate the first label and proba-
bility views att = 2 and t = 3, whereas the RT's produce the
second views at t = 4 and ¢t = 5. The latent representation
2" is defined as:

%

ccE"”} ift € {2,4}

g (15)
,...,me}, ift e {3,5)

where the predlcted class labels cE' and posterior probabil-

ity vectors P, i are defined as:

EY
o
G

= arg mEaXP (c | y:) (16)

P'J: P (cl|yl) (02|yi)7"'7PiJ

K2 K2

(cq | y)]
a7

3.5 MATRIX-VIEW WEIGHTING AND FUSION

After constructing the view matrix V, to mitigate attribute
redundancy, a class-specific attribute value weighting mod-
ule is employed for each view. As a prerequisite, the con-
tinuous distributions in the soft probability views are first
discretized to align with their corresponding base views.
Specifically, EWD with 10 equal-width bins in the [0, 1]
interval is applied to views generated by the first base view,
while MDLP is utilized for those derived from the second
base view. The weighted joint probability of class c is for-
mulated by incorporating the weight w, ;1 into the exponen-
tial part of the conditional probability, and then the class-
membership probabilities of the test instance x belonging
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to each class can be predicted by Eq. (I8).

P(C) H;nzl P(ij | c)wc,]k
ZC/GC P(c/) H;’;l P(ij ‘ Cl)wC/,jk

P(c|z) = (18)

where w, ji is the weight specific to class ¢ and z €
{z9" |ge{1,...,G},t € {1,...,T}} denotes the repre-
sentation of x mapped to the current view, in which each
z9% consists of the corresponding unified attribute values
Zj1. Subsequently, the L-BFGS-M optimization procedure
[Zhu et al.l [1997]] with Lo regularization is employed to
learn class-specific attribute value weights in each view, re-
spectively. Initialized at 1.0, these weights are optimized
via gradient descent by minimizing the negative conditional
log-likelihood (-CLL):
— CLL(wg:)
—log P(C' | Z,wWy1) + AN|Wgt — Wone||?

sz Z;; Wgt)

— I
Z 8 Yow P(c 25 W)

+ AWyt — Wone|®

(19)
where w; represents the attribute weight matrix, Wone is a
matrix of the same size as w;, with all elements equal to
1.0, A is a hyperparameter whose default value is 1.0, and
the weighted joint probability is:

m

= PO) [] PG | o™er 20)

J=1

P(c,z;;wgt)

The gradient of —C'LL(w ;) with respect to w, j can be
calculated by Eq. (21).

0

—[~CLL(w,)]

a n
" Owen Z [lOg <Z P(Cl’zi;wgt)> — log P(c, Zz'§Wgt):|

!

+ 2/\(wc,jk — 1)

[ Plezi war) g (P2 | )

B Z |: Zc’ P(Clvzi;wgt)

P(c,zi;wye) log(P(2; | ¢))
P(c,2z;;Wgt)

—d(ey,€) } + 2 M(we i — 1)

Il
M:

[P(c | 2i, wgt) log(P(2 | ¢))]

= 6(cir ) log(P(z) | €)) + 2A(we jk — 1)

2

2y

Now, we have built all models M of the matrix-view V.
Given a test instance x, it is first mapped to its corre-
sponding representation z9" within each view V. Subse-
quently, we fuse the results by averaging their estimated
class-membership probabilities. The predicted class label
¢(x) for each test instance is defined as the class with the

maximum class-membership probability, which can be rep-
resented as follows.

c(x) —argmacxzz tc|z9 (22)

g=1t=1

4 EXPERIMENTS AND RESULTS

4.1 EXPERIMENTAL SETTING AND DATASETS

Experimental Setting and Competitors. We designed
four groups of experiments on the Waikato Environment
for Knowledge Analysis (WEKA) platform [Witten et al.|
2011]] to validate the effectiveness of PMWNB. (1) We
compared PMWNB with its most related competitors
EMAWNB [Liu et al [2025a], MAWNB [Zhang et al.]
2023], A2WNB [Zhang et al., [2022]], CAVWNB [Zhang
et al., [2020b]], AODE [Webb et al., |2005]], RF [Breiman)
2001] and the standard NB [Langley et al.| [1992]. (2) We
conducted an ablation study to systematically assess the
individual contributions of each component within the ma-
trix-view construction module of PMWNB. (3) We per-
formed an error-ambiguity decomposition analysis to offer
a comprehensive evaluation of the diversity inherent in the
matrix-view representation of PMWNB. (4) We combined
various perturbation strategies to explore the extensibility
of the proposed matrix-view framework.

Benchmark Datasets and Preprocessing. Our experiments
were conducted on a collection of 59 benchmark datasets
obtained from the University of California at Irvine (UCI)
Machine Learning repository. Among them, 33 datasets
were adopted from [Zhang et al. [2023]], each character-
ized by numeric attributes comprising more than half of
the attribute space. The remaining 26 datasets were fully
numeric and sourced from [Liu et al., [2025b]], with the con-
straint that each dataset contains more than five attributes.
All missing attribute values in these datasets were replaced
with the means for numeric attributes and the modes for
nominal attributes from the available data. In our experi-
ments, PMWNB is capable of directly handling numeric
datasets, whereas all of its competitors are restricted to nom-
inal inputs. To ensure a fair comparison, we standardized
the preprocessing procedure by applying 10-bin equal-width
discretization to all competitors, consistent with the settings
adopted in their original studies.

4.2 EXPERIMENTAL RESULTS

Figure [2] visualizes the classification accuracy compari-
son between PMWNB and its competitors across 59 UCI
datasets. All results were obtained via 10 separate runs
of stratified 10-fold cross-validation. The detailed classi-
fication accuracy comparison for all datasets is provided
in Appendix from which we conclude that PMWNB
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Figure 2: A summary of the classification accuracy comparison results for PMWNB versus its related competitors. Within
each cell, the first row reports the geometric mean accuracy improvement of PMWNB compared with the respective method.
The second row details the Wins/Draws/Losses (W/D/L) results, obtained by comparing classification accuracy across the
59 benchmark datasets. The third row presents the p-value calculated by a two-sided Wilcoxon signed-rank test. Statistically
significant results (p < 0.05) are highlighted in bold, indicating that the performances are significantly different. The number
below each algorithm’s names represents its average rank across all datasets.

achieves the best overall performance among all competi-
tors, highlighted by the following observations:

(1) The overall performance of PMWNB: As shown in
Figure[2] PMWNB achieves the lowest average rank of 2.27,
which is significantly better than its competitors: EMAWNB
(2.64), MAWNB (4.01), AODE (5.01), CAVWNB (5.06),
A’WNB (5.16), RF (5.39), and NB (6.46). Moreover, the
Wilcoxon signed-ranks test results confirm that PMWNB
statistically outperforms all the compared state-of-the-art
competitors at the o = 0.05 significance level.

(2) The effectiveness of matrix-view construction: Com-
pared to the most related multi-view competitor EMAWNB
and MAWNB, PMWNB yields a 1.65% and 3.25% increase
in the geometric mean accuracy, achieving better classifica-
tion accuracy on 39 and 48 out of 59 datasets, respectively.
This substantial gain shows that driving the representation
of hard labels and soft probabilities via diverse input pertur-
bations enables the matrix-view framework to capture richer
data characteristics than traditional multi-view methods.

(3) The superiority over other state-of-the-art competi-
tors: PMWNB consistently dominates other compared base-
lines, yielding geometric mean accuracy improvements rang-
ing from 4.96% to 12.50%. Moreover, out of the 59 datasets
it achieves higher classification accuracy against AODE
(49), CAVWNB (50), A2WNB (48), RF (54) and NB (49).
These results all demonstrate the superiority of PMWNB.

4.3 ABLATION STUDY

We conducted an ablation study to systematically assess
the individual contributions of each component within the
matrix-view construction module. We compared PMWNB
with its three ablation variants: (1) PMWNB w/o GLV: Dis-
ables the generated latent views entirely, retaining only two
base views. (2) PMWNB w/o MDLP: Disables the MDLP
perturbation branch, retaining only the base view and the cor-

PMWNB  PMWNB w/o GLV PMWNB w/o EWDPMWNB w/o MDLP
1.84 253 264 3.00
! ]
=1
PMWNB 3K
>
> 8
+0.68% +0.76% 3
PMWNB w/o GLV 29/2/28 38/0/21 1@
p=0.943  p=0.052 §
0
-0.67% +0.08% =
PMWNB w/o EWD 28/2/29 33/0/26 -1 E
p=0.943 p=0.700 2
-0.76%  -0.08% 8
PMWNB w/o MDLP 21/0/38 26/0/33 3o
p=0.052  p=0.700 E
-4

Figure 3: A summary of the pairwise classification accuracy
comparison results among PMWNB and its three ablation
variants. PMWNB w/o GLV disables the generated latent
views; PMWNB w/o MDLP disables the MDLP perturba-
tion branch, whereas PMWNB w/o EWD disables the EWD
perturbation branch.

responding latent views derived from EWD. (3) PMWNB
w/o EWD: Disables the EWD perturbation branch, retain-
ing only the base view and the corresponding latent views
derived from MDLP.

Figure 3] summarizes the classification performance of
PMWNB and its three variants. PMWNB achieves the best
average rank of 1.84, outperforming PMWNB w/o GLV
(2.53), PMWNB w/o EWD (2.64), and PMWNB w/o MDLP
(3.00). Compared to PMWNB w/o GLV, PMWNB yields a
2.65% improvement in geometric mean accuracy, achieving
higher classification accuracy on 40 datasets. This confirms
that jointly leveraging hard label and soft probability outputs
of base classifiers can indeed capture richer data character-
istics. Compared to PMWNB w/o EWD and PMWNB w/o
MDLP, PMWNB achieves substantial accuracy gains of
3.35% and 3.43%, respectively. This demonstrates that rely-
ing on a fixed input distribution greatly limits the diversity
of generated attributes, and fusing multiple perturbations
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Figure 4: Error-ambiguity analysis of PMWNB versus
MAWNB. (a) Pairwise differences in ambiguity and in-
dividual error of PMWNB relative to MAWNB across 59
datasets. (b) Detailed decomposition of the average individ-
ual error (E) into ensemble error (E) and ambiguity (A) on
three representative datasets.

can effectively broaden the representation space. In conclu-
sion, all these results validate the effectiveness and necessity
of the matrix-view framework in PMWNB.

44 ERROR-AMBIGUITY DECOMPOSITION
ANALYSIS

We further performed an error-ambiguity decomposition
analysis to rigorously validate the effectiveness of the
matrix-view in capturing diverse data representations. To
this end, we employed the error-ambiguity decomposition
formula [Krogh and Vedelsby} [1994] defined by Eq. (23).

E=E-A (23)
where E, E, and A denote the ensemble generalization error,
the average individual error, and the ensemble ambiguity,
respectively. We empirically approximated E and E using
the classification errors to derive A for both PMWNB and
MAWNB. Figure [fa]compares the pairwise differences in
ambiguity AA and the individual error AE achieved by
PMWNB relative to MAWNB. In Figure [a] red points
below the blue dashed line indicate that PMWNB achieves
lower ensemble error than MAWNB, whereas blue points
above the line represent the contrary.

As shown in Figure [4a] PMWNB achieves higher ambigu-
ity on 81.36% of the datasets (48/59), demonstrating its
effectiveness in constructing distinct data representations.
In particular, even among the 28 datasets in which PMWNB
incurs higher individual errors, 64.29% of them still yield
superior ensemble performance (18/28). This confirms that
the increased ambiguity effectively compensates for the loss
of individual accuracy, reducing the overall generalization
error.

To provide an in-depth analysis of the sources of PMWNB’s
performance gains, Figure [4b] presents three representa-
tive datasets that exhibit distinct error-ambiguity trade-off

PMWNB-Ext PMWNB
1.47 1.53

=2
9
<
w

— PMWNB
10.36% —— PMWNB-Ext
32/0/28

p=0.301 0.25

PMWNB-Ext

S
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The Geometric Mean Accuracy Rate
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(a) Classification accuracy (b) Logarithmic training time

Figure 5: A summary of the comparison results for
PMWNB-Ext versus PMWNB. PMWNB-Ext refers to the
extended version of PMWNB, which integrates three dis-
cretization methods including MDLP, PKID, and EWD. (a)
Classification accuracy. (b) Logarithmic training time.

patterns. On the “artificial-characters” dataset, PMWNB
achieves a simultaneous improvement by reducing the av-
erage individual error E while expanding the ambiguity
A, substantially lowering the final ensemble error E from
32.56 to 5.45. On the “australian” dataset, both models
exhibit nearly identical individual performance; however,
PMWNB yields a higher ambiguity A, which in turn reduces
the ensemble error £ from 22.18 to 18.26. Finally, on the
“vowel” dataset, PMWNB sacrifices individual precision
with a higher E of 14.83 compared to 12.89 for MAWNB,
yet it achieves a significantly larger A of 8.69, compare with
4.46 for MAWNB, ultimately securing a lower ensemble
error of 6.14.

Overall, these results show that the matrix-view representa-
tion is highly effective in capturing diverse data characteris-
tics, promoting a substantial increase in ensemble ambiguity
to offset individual errors for superior generalization.

4.5 MULTI-PERTURBATION EXTENSIONS

To explore the extensibility and flexibility of the pro-
posed matrix-view framework, we further extended the
perturbation strategies in PMWNB by combining three
widely adopted discretization methods: Minimum Descrip-
tion Length Principle (MDLP), Proportional K-Interval
Discretization (PKID) [[Yang and Webbl, 2001, and Equal
Width Discretization (EWD). We denote this extended vari-
ant as PMWNB-Ext. As shown in Figure[5a, PMWNB-Ext
achieves a slightly lower average rank (1.47) than PMWNB
(1.53), thereby indicating the framework’s capacity to ex-
tend the latent space via additional perturbations.

However, PMWNB-Ext yields no statistically significant
improvement over PMWNB (p = 0.301). As shown in
Figure [5b] PMWNB-Ext incurs additional computational
overhead compared to PMWNB. This additional overhead
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arises because the multi-perturbation strategy requires con-
structing and learning extra views within the matrix-view
framework. The complete classification accuracy and train-
ing time comparison for all 59 datasets is provided in Ap-
pendix [B.2] Therefore, considering both predictive perfor-
mance and computational efficiency, PMWNB adopts the
combination of MDLP and EWD as its default configura-
tion.

S CONCLUSIONS AND FUTURE WORK

Most existing multi-view weighted NB methods rely on a
fixed input distribution and exclusively utilize hard labels
to construct latent views, which substantially constrains
the diversity of generated attributes within the latent view
space. To this end, we propose a novel framework called
Perturbation-driven Matrix-view Weighted Naive Bayes
(PMWNB). PMWNB employs diverse discretization strate-
gies as input perturbations to construct a matrix view, and
then jointly leverages both hard label and soft probabil-
ity outputs to capture fine-grained discriminative evidence.
Extensive experimental results on a collection of 59 UCI
datasets show its superiority. The ablation study and in-
depth analysis further validate the effectiveness and extensi-
bility of the matrix-view weighting framework.

However, the perturbation strategies employed in this study
are specifically designed for numeric attributes. Investigat-
ing more general perturbation techniques for mixed-type
data is a primary direction for future work.
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A ALGORITHM FRAMEWORK

The entire learning algorithm for PMWNB can be partitioned into training (PMWNB-Training) and classification (PMWNB-
Classification) algorithms. They are in Algorithm [I]and Algorithm [2] respectively.

B MORE EXPERIMENTAL DETAILS
B.1 DATASET INFORMATION

Our experiments were conducted on a collection of 59 benchmark classification datasets from the University of California,
Irvine (UCI) repository, which represents a wide range of domains, as listed in Table[I] All missing attribute values were
replaced with modes for nominal attributes and the means for numeric attributes from the available data.

B.2 DETAILED EXPERIMENTAL RESULTS

In Table [2] we first present that the detailed classification accuracy comparisons for PMWNB versus their competitors:
EMAWNB, MAWNB, A?WNB, AODE, RF, CAVWNB, and NB. Then, the detailed classification accuracy comparisons for
PMWNB versus its three ablation variants: PMWNB w/o GLV, PMWNB w/o MDLP and PMWNB w/o EWD are showed in
Table 3] PMWNB w/o GLV disables the generated latent views entirely, retaining only two base views; PMWNB w/o MDLP
disables the MDLP perturbation branch, retaining only the base view and the corresponding latent views derived from EWD,
whereas PMWNB w/o EWD disables the EWD perturbation branch, retaining only the base view and the corresponding
latent views derived from MDLP.

All results were obtained via 10 separate runs of stratified 10-fold cross-validation. The highest classification accuracy on
each dataset is highlighted in bold. For each row, e and o implies that the classification accuracy of PMWNB statistically
upgrades or degrades compared to its competitors, based on a corrected paired two-tailed t-tests at the p = 0.05 significance
level [Demsar}, 2006]]. Additionally, Significant W/D/L represents the number of datasets where PMWNB statistically wins,
draws, or loses against a competitor based on the aforementioned t-test. Conversely, the W/D/L reports the strict wins, draws,
and losses based on a direct comparison of the classification accuracy across 59 datasets. At last, the detailed classification
accuracy and training time comparisons for PMWNB-Ext versus PMWNB are presented in Table 4]

*Corresponding author

7426



Algorithm 1 PMWNB-Training(D, G, T')

Input: training dataset D, the number of input perturbation GG, the number of representation types 7.
Output: the sets of SPODE model S, the sets of RT model R, the sets of attribute weighted model in matrix M.
1: //Base Views Construction
2: Map D into V1; by Egs. (3)—(6);
3: Map D into Va3 by Egs. (7)-©);
4: /fLatent Views Construction
5. forg=1— Gdo
6: //Base Classifiers Training
7: for each attribute j (j = 1,...,m) in V1 do
8: Build a SPODE S jg with jth attribute as parent;
9

: end for
10: for each attribute j (j = 1,...,m) in Vj; do
11: Select logm attributes from the raw attribute view randomly;
12: Build a RT Rjg- using information gain selection measure using Eq. (T3);
13: end for
14: //Latent Representation Learning
15: for each instance y; (i =1...n)in Vy; do
16: for each SPODE model S (j = 1,...,m) do
17: Predict posterior probabilities using Eq. (I0);
18: end for
19: for each RT model Rf (j = 1,...,m) do
20: Predict posterior probabilities using Eq. (T4);
21: end for
22: Construct {z" | t = 2,...,5} using Egs. (13)-(17);
23: end for
24: end for

25: //Matrix-view Weighting
26: forg=1— G do
27: fort=1— T do

28: if V;; is a probability view then

29: Discretize Vy; based on strategy g;

30: end if

31: Build attribute weighted model Mg using Eqs. (I9)— (21));
32: end for

33: end for

34: return S, R, M
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Algorithm 2 PMWNB-Classification(x, S, R, M)

Input: a test instance x, the sets of SPODE model S, the sets of RT model R, the sets of attribute weighted model in matrix
M.
Output: the predicted class label of the test instance ¢(x).
1: Map x into z*! using Eqs. (3)—(6);
2: Map x into z*! using Eq. (9);
3: forg=1— Gdo
for each SPODE model S (j = 1,...,m) do
Predict the posterior probability of z9! by Eq. (T0);
end for
for each RT model R (j = 1,...,m) do
Predict the posterior probability of z9! using R;’ by Eq. (T4);
9: end for _
10:  Construct {z9'}!—) using Eqgs. (T3)~(T7);
11: if g = 1 then

A

12: Discretize z93 and z9° into 10 equal-width bins over the [0, 1] interval, using Egs. (5)~(6);
13: else

14: if g = 2 then

15: Discretize z93 and z9° using Eq. (9);

16: end if

17: end if

18: end for

19: forg=1— G do
20: fort=1—Tdo

21: Use the built My, to estimate the class membership probabilities of z9* by Eq. ;
22: end for
23: end for

24: //Matrix-view Fusion
25: Fuse the estimated class-membership probabilities of all models by Eq. (22);
26: return c(x)
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Table 1: Descriptions of 59 UCI benchmark datasets used in the experiments.

Dataset Instance Total Attribute Numeric Attribute Class
abalone 4177 8 8 3
appendicitis 106 7 7 2
artificial-characters 10218 7 7 10
australian 12546 8 8 3
autos 205 25 15 7
balance-scale 625 4 4 3
breast-c 699 9 9 2
breast-t 106 9 9 6
cardioto 2126 35 35 3
cardiotocography-2 2126 21 21 3
climate 540 20 20 2
connectionist-vowel 528 10 10 11
diabetes 768 8 8 2
ecoli 336 7 7 8
egg-eye 14980 14 14 2
energy-efficiency-y1 768 8 8 37
energy-efficiency-y2 768 8 8 38
fertility 100 9 9 2
lass 214 9 9 7
ayes-roth 160 4 4 3
heart-statlog 270 13 13 2
ionosphere 351 34 34 2
iris 150 4 4 3
labor 57 16 8 2
leaf 340 15 15 30
libras 360 90 90 15
liver 345 6 6 2
magic 19020 10 10 2
mammo 961 5 5 2
mfeat-fourier 2000 76 76 10
monks-1 556 6 6 2
new-thyroid 215 5 5 3
optdigits 5620 64 64 10
page-blocks 5473 10 10 5
parkinsons 195 22 22 2
planning 182 12 12 2
gsar-biodegradation 1055 41 41 2
robot24 5456 24 24 4
seeds 210 7 7 3
segment 2310 19 19 7
shuttle 58000 9 9 7
sonar 208 60 60 2
spectf-heart 349 44 44 2
statlog- ]% 1000 24 24 2
statlog- 270 13 13 2
steel-plates-faults 1941 33 33 2
texture 5500 40 40 11
turkiye 5820 32 32 13
user 403 5 5 5
vehicle 846 18 18 4
vowel 990 13 10 11
waveform-5000 5000 40 40 3
wdbc 569 30 30 2
wholesale-c 440 7 7 2
wholesale-r 440 7 7 3
wilt 4839 5 5 2
wine-rec 178 13 13 3
wine-red 1599 11 11 6
wine-white 4898 11 11 7
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Table 2: Classification accuracy comparisons for PMWNB versus EMAWNB, MAWNB, A2WNB, AODE, RF, CAVWNB
and NB.

Dataset PMWNB EMAWNB MAWNB A?WNB AODE RF CAVWNB NB
abalone 54.50 £1.96 54.75+2.01 54.524+2.07 54.67+240 5494+2.09 5358+£1.92 5443+210 52.07+=2.08 e
appendicitis 85.09£8.72 85.954+9.01 81.40+856 84.17£890 86.20+£9.08 83.72+7.62 80.434+9.94 83.11+9.66
artificial-characters 94.55 +0.91 68.80 £ 1.37 o 67.44+1.47 o 57.84+1.77 @ 56.62+1.53 o 69.83 £1.47 o 46.44+1.45 e 36.49+1.35 e
australian 81.74 £1.14 80.83+1.20 e 77.82+1.22 o 70.48£1.36 o 70.81 +1.32 e 80.91+1.09 e 64.69+1.50 @ 61.30 £ 1.51 e
autos 83.75+£8.10 82.52+£8.70 81.36£8.47 79.52+£9.03 73.91+10.18 e 83.16£8.27 77.91 £8.54 63.42+11.59 e
balance-scale 85.50 £2.77 87.70+£2.44 o 87.01£2.41 o 87.28+£3.64 89.78+1.88 o 72.96+4.43 e 91.94+0.74 o 91.44+£1.30 o
breast-c 96.92£1.86 96.90+1.84 96.81£2.01 96.02+238 96.85+1.90 96.12+2.32 96.00+2.06 97.30+1.75
breast-t 40.15 £ 11.56 40.87 £11.99 37.16 £11.53 34.02+£11.61 37.25+£12.80 34.15+£12.72 40.35+£12.67 41.65+12.77
cardioto 98.47 £0.90 98.424+0.95 98.18+0.96 98.18+£0.95 97.08+1.10 e 96.92+1.39 e 98.33+0.94 92.65+1.80 e
cardiotocography-2 93.47 +1.85 92.19+1.68 e 92.14+1.59 e 90.79+1.86 @ 89.40+2.08 e 91.47+1.72 @ 91.90+1.47 e 84.331+2.32 e
climate 90.91+£1.65 91.194+1.27 89.69+£1.90 e 83.50 £4.72 e 88.41 =2.57 e 91.44+1.08 87.11+2.89 e 87.52+£3.22 e
connectionist-vowel 90.11 £4.00 91.08 +=3.97 90.13+4.25 84.34+4.91 e 89.51+4.10 85.07+4.86 @ 83.84+5.84 e 74.331+6.26 e
diabetes 75.64+4.64 75.01+4.22 7495+488 76.36+4.65 7638458 72754522 7517+4.10 75.77 +4.86
ecoli 84.07 £5.51 83.34+£5.68 82.00£6.21 78.15+6.39 e 81.52+£5.67 74.70+£6.27 e 83.40+5.55 81.91+5.76
egg-eye 79.05+1.09 57.19+£1.17 e 57.19+£1.17 e 57.18 £1.16 e 57.19£1.15 e 57.20£1.16 e 57.19£1.16 e 57.15+1.14 e
energy-eff-y1 67.95£3.73 72.60£3.78 o 67.78 £3.51 65.28 £4.05 e 58.58 £4.79 e 65.87 £4.16 53.25+£4.79 e 45.63£5.14 e
energy-eff-y2 54.31 £4.47 5789 £4.75 o 5448 +£5.03 52.00+4.20 49.91+£4.78 e 52.84£4.73 51.75+4.73 47.421+4.66 e
fertility 88.00 £4.92 87.50+5.75 85.00+£8.35 85.90+£6.21 88.00 £4.02 85.80+8.43 84.40+8.57 87.90+4.09
glass 7318 £9.57 63.88+£9.49 o 63.72£8.90 e 61.99 £9.52 e 63.74£9.30 e 62.01 £9.55 e 60.26 £9.90 e 59.93£9.42 e
hayes-roth 82.37+£8.01 81.81+8.10 79.81+8.88 77.19+£845 71.00£891 74.75+10.36 e 83.81 =785 82.63+8.78
heart-statlog 8389 £6.06 83.52+6.12 82.89+6.31 81.26+6.42 83.67+£5.16 7844+6.85 e 81.93+5.70 83.89+5.38
ionosphere 92.20 £4.43 92.00+£4.26 91.89+4.52 9228+4.15 91.74+£4.28 90.92+4.90 90.97+4.49 90.86 +4.33
iris 9427+ 5.77 95.40+5.08 95.53+4.84 94.47+£5.61 94.33£587 9453+£522 95404525 94.60+6.61
labor 92.60 £11.63 94.43+£9.16 94.97+£8.95 92.07+£11.20 94.574+9.72 88.87+12.88 96.00£7.76  96.70 £ 7.27
leaf 66.18 £8.12 59.18 £7.79 e 56.74 £8.79 e 47.35£8.61 e 55.97 £8.04 e 54.62+9.42 e 57.15+£9.12 e 55.47£7.95 e
libras 7947 £6.03 77.81+6.34 75.25+6.88 o 72.61£6.74 e 75.81 £6.28 7228+ 7.68 e 68.50+7.84 o 64.25£8.15 e
liver 64.24 £733 66.16£7.05 65.23£7.70 65.29+£810 6543728 61.71+£7.81 67.03+7.39 64.47+7.45
magic 85.26 £0.71 83.05+£0.75 o 83.29+£0.69 e 81.41 £0.75 e 81.15+£0.79 o 81.34£0.79 e 82.72+£0.83 o 74.76 £ 0.68 e
mammo 82.55+3.57 80.53+£3.27 e 80.75+3.36 e 79.81 +£3.66 e 80.97 £3.64 78.39+3.55 e 80.87+3.73  80.59 + 3.86
mfeat-fourier 81.55+£2.52 81.09+£240 80.00£2.55 e 78.81£2.34 o 79.33£2.32 e 80.01 £2.50 & 77.95£2.52 & 76.60 £2.69 e
monks-1 99.14 £1.66 99.98+0.18  99.17+£1.58 100.00 £=0.00 82.07£4.61 e 96.96 +2.93 e 74.66 = 4.54 e 74.64£4.54 e
new-thyroid 9581 £4.06 94.65+5.01 94.80+4.61 93.30£5.14 91.68+4.90 e 93.204+520 94.51+4.39 91.95+£5.02 e
optdigits 96.28 £0.81 96.40+0.81  95.55+0.93 e 96.14£0.81  95.66 =0.85 e 94.07+0.98 e 95.40+0.86 e 92.27 £ 1.08 e
page-blocks 96.43 £0.61 94.21+£0.75 o 94.18 £0.73 o 93.58 £0.76 e 93.27£0.80 e 93.69 £0.77 e 93.93£0.73 e 92.36 £0.91 e
parkinsons 90.39+7.10 92.03+6.53 90.44+6.83 89.87+£6.20 88.92+6.37 91.88+7.08 89.70+6.22 76.53£8.97 e
planning 65.62£8.62 64.16£7.70 56.73+11.40 e 58.77£9.62 e 63.26 £9.36  68.07 £7.12 52.78 :10.84 ¢ 56.45£9.64 e
gsar-biodegradation 86.38 +3.32 86.03 +3.37  84.87+3.39 e 84.61+3.58 81.99+3.80 e 84.26+3.51 e 83.68+3.58 e 79.55+4.16 e
robot24 97.38£0.73 95.124+0.95 o 94.68 £1.00 @ 89.91 £1.29 e 89.65+1.35 e 95.01 =0.85 e 92.53+1.10 e 80.30 £1.62 e
seeds 91.29£5.58 91.90+5.84 91.95+5.93 9310+£526 90.33+6.44 89.86+6.79 92384582 88.95+7.06
segment 96.61 £1.14 96.00+1.41 9543+1.46 e 94.61+£1.48 e 92.91 £1.39 e 95.72+1.44 o 93.97£1.54 o 89.05£1.62 e
shuttle 99.86 £0.05 95.34+1.63 @ 95.31£1.63 @ 95.04 £1.76 o 94.32+1.98 e 9534 +1.63 e 95.25+1.58 o 90.27T£2.74 e
sonar 79.78 £9.14 79.58£8.92 79.36+9.73 82.67+7.35 80.30+£9.54 76.95+£8.96 77.39+10.17 76.11£10.47
spectf-heart 91.38 £4.53 91.81+£4.05 91.30+£4.61 90.66 £4.66 87.46+£5.12 e 92.35+4.12 90.52+£4.61 77.26+£7.53 e
statlog-g 76.16 £3.24 75.86+3.04 76.23+3.18 75194+3.18 75.63+£3.37 74.82+£296 75.05+£3.37 75.54+3.62
statlog-h 83.74£595 83.44+£592 8259+£6.35 81.11+£592 83.67x5.16 78.59+6.61 e 81.93+£5.70  83.89 +5.38
steel-plates-faults ~ 99.22 +0.62 99.25+0.66 98.74£0.93 9736 £1.18 e 89.96 £2.07 e 95.02+1.89 e 99.73+0.35 o 94.72+£1.68 e
texture 97.25+0.76 97.29+0.64 97.13+£0.72 95.95+£0.92 e 9449+ 0.98 e 97.07+0.75 96.31+0.76 e 79.34 £1.69 e
turkiye 36.81 £1.68 36.17+£1.86 34.11+£1.79 e 37.12+£1.72 34.62+£1.61 e 35.06£1.55 e 37.95+1.74 o 22.12+£2.13 e
user 89.50 £4.94 89.30£4.87 87.78£5.17 83.03£5.79 e 80.42+£5.58 e 86.74£5.73 83.93£5.10 e 81.37£4.61 e
vehicle 7318 £4.05 73.77+£3.58 72.53+426 71.23+4.16 71.48+3.44 71.28+£4.05 T71.06+3.82 61.224+3.58 e
vowel 93.86 £2.71 93.49+£241 91.57+£2.92 e 88.39£3.32 e 89.84 £3.17 e 89.73£3.20 e 81.55£4.19 e 65.94 £4.88 e
waveform-5000 8548 £1.56 84.99+1.59 84.53+1.62 e 84.00£1.70 e 84.16£1.65 e 82.20£1.72 o 82.98+1.63 e 80.02£1.43 e
wdbc 95.96 £2.84 95.87+2.72 95.64+£2.69 9636 +2.28 94.75+2.74 e 94.98+2.64 9541276 94.29+£2.94 e
wholesale-c 90.52 £4.16 87.254+4.76 o 86.93+£4.72 o 86.41 £4.60 e 87.59 +4.48 e 86.14+4.70 e 87.61+4.30 o 87.02£4.37 e
wholesale-r 70.95+£1.50 71.23£1.45 69.914+253 69.64+241 70.98+£1.93 66.45+4.02 e 69.80+2.45 69.11+:291 e
wilt 94.67 £0.20 94.62+0.19 94.62+0.18 94.61+£0.17 94.60£0.08 94.59+0.20 94.60+0.16  94.59 = 0.09
wine-rec 97.97 £3.04 96.454+4.28 96.28+3.93 95.32+£4.73 96.29+4.18 94.03+£5.59 e 97.024+3.86  96.63 + 3.82
wine-red 66.89 £ 3.55 66.82+3.67 6649+3.79 62.31+£3.42 e 62.14+£3.63 e 66.45+3.08 60.04+£3.63 e 58.18 £3.79 e
wine-white 64.69 £2.24 64.57+2.17 64.10+£1.98 53.73£1.93 e 53.87+1.96 e 64.13+2.09 52.41+1.88 e 47.86 £2.13 e
Average 83.48 82.22 81.15 79.56 79.26 79.84 78.90 75.31
Significant W/D/L - 12/44/3 22/36/1 27/32/0 33/25/1 31/28/0 28/28/3 39/19/1
W/D/L - 39/0/20 48/0/11 48/0/11 49/1/9 54/0/5 50/0/9 49/1/9
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Table 3: Classification accuracy comparisons for PMWNB versus its three variants.

Dataset PMWNB PMWNB w/o GLV. = PMWNB w/o MDLP PMWNB w/o EWD
abalone 54.50 £ 1.96 55.01 +2.10 54.36 £ 2.16 53.32 £2.04
appendicitis 85.09 + 8.72 84.54 + 8.58 81.20 + 8.67 86.58 £ 8.69
artificial-characters 94.55 +£ 091 8337+ 1.15 e 69.85£140 o 9413 £087 e
australian 81.74 £ 1.14 67.58 £ 133 o 8040+ 1.18 o 7981 £1.46 o
autos 83.75 £8.10 79.78 £ 9.06 81.37 + 8.50 82.77 £ 8.25
balance-scale 85.50 +2.77 90.16 =198 o 85.39 + 2.87 7113 £473 o
breast-c 96.92 £ 1.86 96.48 £1.92 97.04 £ 1.90 96.48 £2.22
breast-t 40.15 £ 11.56 42.44 + 13.86 37.27 £ 10.95 34.63 £+ 10.00
cardioto 98.47 £ 0.90 98.76 = 0.77 9798 £1.01 e 98.51 £0.83
cardiotocography-2 93.47 +1.85 93.62 + 1.47 92.09 £ 1.67 e 93.52 + 1.79
climate 90.91 £ 1.65 89.56 + 2.59 88.96 255 e 90.98 £+ 3.04
connectionist-vowel 90.11 +4.00 8450505 e 91.16 + 3.98 7551 £5.67 o
diabetes 75.64 £ 4.64 75.42 £4.23 74.65 £4.92 74.69 £ 4.94
ecoli 84.07 £ 5.51 85.05 £5.19 80.39 =586 e 80.50 523 e
egg-eye 79.05 £ 1.09 7288 £1.26 e 5720+ 1.16 e 7991 £1.02 o
energy-efficiency-y1 67.95 +3.73 55.06 +5.08 e 67.55 + 3.88 64.84 431 e
energy-efficiency-y2 54.31 4+ 4.47 52.54 +£4.37 53.98 £ 4.61 54.17 £ 4.29
fertility 88.00 £ 4.92 86.80 + 5.66 84.00 + 8.88 88.00 £ 4.02
glass 73.18 £9.57 70.93 4+ 8.98 63.14 £ 844 o 74.74 £ 9.86
hayes-roth 82.37 + 8.01 84.81 £ 7.50 79.25+£940 o 60.00 £3.08 e
heart-statlog 83.89 £ 6.06 84.67 + 6.03 82.30 £ 6.37 84.56 £+ 6.49
ionosphere 92.20 £ 4.43 90.89 + 4.82 92.34 + 4.45 91.48 £4.44

iris 94.27 £5.77 94.93 £5.45 95.20 £ 5.28 93.87 £5.82
labor 92.60 £ 11.63 93.77 £ 10.98 94.23 + 10.37 89.30 + 13.13
leaf 66.18 + 8.12 65.65 £ 8.55 5476 £7.63 e 64.88 £ 7.50
libras 79.47 £ 6.03 73.83 £6.86 o 7556 £ 6.65 o 7553 £6.46 e
liver 64.24 £ 7.33 66.77 £ 7.05 64.56 £ 7.79 56.85£420 e
magic 85.26 + 0.71 8472+ 0.77 o 8321 £0.68 o 8471 £0.71 o
mammo 82.55 £ 3.57 82.40 + 3.36 80.03+352 e 82.48 + 3.37
mfeat-fourier 81.55 £2.52 80.58 £ 2.28 80.18 +2.58 o 81.98 + 2.56
monks-1 99.14 £ 1.66 74.64 £454 o 99.26 + 1.49 74.64 £454 o
new-thyroid 95.81 £ 4.06 95.99 £ 3.50 94.90 £ 4.51 94.74 £ 4.47
optdigits 96.28 + 0.81 96.16 £ 0.71 9534+ 087 e 96.20 £ 0.83
page-blocks 96.43 £ 0.61 96.33 £ 0.65 9435+0.71 o 96.90 £ 0.69 o
parkinsons 90.39 £ 7.10 88.56 + 7.40 90.64 + 6.86 87.42 +7.03
planning 65.62 £ 8.62 60.08 £ 9.29 5596 £11.10 e 71.46 = 1.53
gsar-biodegradation 86.38 + 3.32 85.76 &+ 3.30 84.61 £3.13 o 85.78 +£3.27
robot24 97.38 £0.73 97.68 £ 0.67 9487 £098 e 9789 £0.62 o
seeds 91.29 +£5.58 90.57 £ 5.90 91.67 + 6.07 89.10 £ 6.21
segment 96.61 £ 1.14 9539+ 131 o 95.95 £ 1.40 96.06 £ 1.23
shuttle 99.86 £ 0.05 99.85 £ 0.04 9533 £1.63 e 9994 £0.03 o
sonar 79.78 £9.14 79.12 £9.90 80.08 £ 9.64 76.64 £9.74
spectf-heart 91.38 £4.53 89.40 + 4.89 91.24 £ 4.65 90.38 = 4.58
statlog-g 76.16 £ 3.24 75.66 £ 3.09 75.11 £3.33 7371 £3.44 o
statlog-h 83.74 £ 5.95 84.67 + 6.03 81.93 + 5.68 84.44 + 6.82
steel-plates-faults 99.22 £+ 0.62 99.78 £ 032 o 9830 £1.09 e 99.27 £ 0.59
texture 97.25 £0.76 96.37 £0.85 e 97.07 £0.71 9641 £0.79 e
turkiye 36.81 £ 1.68 3854+149 o 3429 £1.68 e 3435+ 188 e
user 89.50 £ 4.94 8578 +4.64 o 87.91 + 5.00 8541 +£5.12 o
vehicle 73.18 £ 4.05 72.84 +£3.97 71.97 £4.16 71.39 £4.49
vowel 93.86 + 2.71 8379 +394 92.24 +2.76 86.16 +3.75 o
waveform-5000 85.48 £ 1.56 84.95 + 1.57 8419+ 170 o 8469+ 152 o
wdbc 95.96 £ 2.84 96.29 + 2.64 95.52 +£2.81 95.59 £ 3.05
wholesale-c 90.52 £ 4.16 90.50 £ 4.12 86.75+439 e 90.95 £ 4.32
wholesale-r 70.95 + 1.50 7141+ 134 67.80 £3.89 e 71.82 £ 1.12

wilt 94.67 £0.20 94.62 £ 0.10 94.61 £0.18 96.49 £ 081 o
wine-rec 97.97 +3.04 98.04 + 3.12 96.28 +4.11 98.03 +£3.15
wine-red 66.89 £ 3.55 60.54 £3.44 o 67.47 £ 3.40 60.29 £3.56 e
wine-white 64.69 £2.24 5442+ 1.69 e 65.40 +1.97 5856240 e
Average 83.48 81.44 81.03 81.09
Significant W/D/L - 14/42/3 25/34/0 19/35/5
W/D/L - 40/0/19 47/0/12 40/1/18

7431



Table 4: Classification accuracy and training time comparisons for PMWNB-Ext versus PMWNB.

Classification Accurac

Training Time

Dataset PMWNB-Ext PMWNB PMWNB-Ext PMWNB
abalone 53.79 4+ 2.04 54.50 4+ 1.96 2.724 0.05 1.744 0.08 o
appendicitis 84.53 +£8.73 85.09 £+ 8.72 0.01£ 0.00 0.014 0.00 )
artificial-characters 95.86 £ 0.79 94.55 £+ 091 ° 42.684 0.86 27.4340.93 o
australian 81.80 & 1.13 81.74 =+ 1.14 7.80+ 0.12 5314 0.13 o
autos 83.64 + 8.40 83.75 £ 8.10 0.754 0.07 0.56+ 0.04 o
balance-scale 86.75 + 2.58 85.50 +£2.77 0.094 0.01 0.074 0.01 o
breast-c 97.17 + 1.81 96.92 + 1.86 0.124 0.01 0.094+ 0.01 )
breast-t 40.55 = 11.70  40.15 &= 11.56 0.064 0.01 0.05+ 0.01 )
cardioto 98.16 £+ 1.02 98.47 £+ 0.90 3.53+ 0.27 2.30% 0.15 o
cardiotocography-2 93.51 4+ 1.81 9347 £+ 1.85 2714+ 0.11 1.884 0.06 o
climate 91.04 & 2.05 90.91 £ 1.65 0.124+ 0.02 0.094 0.02 o
connectionist-vowel 91.46 £+ 3.61 90.11 + 4.00 1.41+ 0.12 1.21+ 0.09 o
diabetes 75.38 4= 4.87 75.64 & 4.64 0.164 0.01 0.134+ 0.01 )
ecoli 84.59 + 5.69 84.07 £+ 5.51 0.5140.03 0.40+ 0.02 o
egg-eye 76.71 &+ 1.17 79.05 £ 1.09 o 6.074+ 0.47 4.004 0.48 o
energy-efficiency-y|1 68.97 £ 3.86 67.95 £ 3.73 36.754+ 0.98 25.044 0.99 o
energy-efficiency-y2 5524 £4.42 54.31 & 4.47 41.284 0.98 28.72+ 1.03 o
fertility 87.20 £+ 6.83 88.00 £+ 4.92 0.01+£ 0.00 0.014 0.00 )
lass 75.73 £ 8.50 73.18 +9.57 0.384 0.02 0.32+ 0.03 o
ayes-roth 82.25 +8.03 82.37 £+ 8.01 0.024 0.00 0.014 0.00 o
heart-statlog 83.33 4+ 5.87 83.89 4- 6.06 0.084 0.01 0.06= 0.01 o
ionosphere 92.03 = 4.13 92.20 £ 4.43 0.194+ 0.02 0.144 0.01 )
iris 94.73 £ 5.30 94.27 + 5.77 0.02+ 0.00 0.014 0.00 o
labor 9223 £ 12.15 92.60 & 11.63 0.01+ 0.00 0.01+£ 0.00 o
leaf 65.91 4 7.68 66.18 & 8.12 19.194 3.14 11.584 3.20 o
libras 79.28 £+ 6.30 79.47 £+ 6.03 37.784+ 3.33 19.324 3.18 o
liver 67.80 & 7.64 64.24 +£7.33 0.034 0.00 0.024 0.00 )
magic 85.30 £ 0.74 85.26 £ 0.71 7.834 0.24 5.814 0.46 )
mammo 82.85 + 3.56 82.55 +3.57 0.194 0.01 0.13+£ 0.01 o
mfeat-fourier 81.56 +2.47 81.55 +2.52 59.834+ 1.98 34,96+ 2.19 o
monks-1 99.91 4+ 0.47 99.14 £ 1.66 0.034 0.01 0.02+ 0.00 o
new-thyroid 97.25 4+ 3.31 95.81 £ 4.06 0.02+ 0.01 0.024 0.00 o
optdigits 95.98 £+ 0.83 96.28 + 0.81 o 83.89+14.27 45.24412.37 o
page-blocks 96.73 4 0.63 96.43 4+ 0.61 ° 9.824 0.37 6.26+ 0.17 o
parkinsons 91.26 4+ 6.44 90.39 4+ 7.10 0.074 0.01 0.064 0.01 o
planning 65.25 + 7.85 65.62 & 8.62 0.024 0.00 0.014 0.00 )
gsar-biodegradation 85.75 + 3.61 86.38 4= 3.32 1.59+ 0.08 1.004 0.04 o
robot24 97.34 £ 0.71 97.38 £ 0.73 12.07+ 0.44 8.734+ 0.37 )
seeds 91.52 4+ 6.08 91.29 + 5.58 0.044 0.01 0.034 0.00 o
segment 96.42 + 1.12 96.61 £+ 1.14 11.274 0.59 8.07+ 0.51 o
shuttle 99.93 + 0.03 99.86 + 0.05 ° 176.464 9.71 113.43+ 8.61 o
sonar 79.06 £ 9.10 79.78 £9.14 0.224+ 0.02 0.174 0.02 o
spectf-heart 91.29 +4.72 91.38 +4.53 0.354 0.05 0.294 0.03 o
statlog-ﬁ 75.70 4+ 2.89 76.16 4 3.24 0.694 0.03 0.504 0.03 o
statlog- 83.19 £+ 6.06 83.74 £5.95 0.09+ 0.02 0.064 0.01 o
steel-plates-faults 98.77 £ 0.89 99.22 £ 0.62 o 1.47+ 0.11 1.02+ 0.05 o
texture 96.56 £ 0.77 97.25 £ 0.76 o 73.77+ 3.68 50.114 3.67 o
turkiye 37.03 £+ 1.78 36.81 + 1.68 177.85+ 890 14755548 o
user 89.83 +4.74 89.50 + 4.94 0.134 0.01 0.11+£ 0.01 o
vehicle 72.52 4+ 3.86 73.18 £ 4.05 1.114 0.06 0.984+ 0.08 )
vowel 93.88 =+ 2.60 93.86 = 2.71 3.814+ 0.38 3.364 0.28 )
waveform-5000 85.31 £1.59 85.48 £ 1.56 8.044 0.85 7.07+ 0.31 )
wdbc 95.87 £ 2.94 95.96 + 2.84 0.294 0.02 0.23+£ 0.02 o
wholesale-c 91.39 4+ 4.26 90.52 +4.16 0.094 0.01 0.074 0.01 o
wholesale-r 71.59 4+ 1.43 70.95 £+ 1.50 0.09+ 0.01 0.06=4 0.01 o
wilt 95.36 £+ 0.46 94.67 £+ 0.20 ° 0.72+ 0.06 0.554 0.06 o
wine-rec 97.69 £ 3.22 97.97 £+ 3.04 0.03+£ 0.01 0.024 0.01 o
wine-red 69.65 + 3.63 66.89 + 3.55 ) 3.174+ 0.07 2.674 0.06 o
wine-white 68.65 + 1.81 64.69 + 2.24 ) 14.954+ 0.59 11.484+ 0.24 o
Average 83.73 83.48 14.48 9.84
Significant W/D/L - 6/49/4 - 0/0/59
W/D/L - 31/0/28 - 0/0/59
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