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Most existing filter-based variable selection methods compute variable scores using static mathematical
formulations over fixed contingency tables and do not provide principled cut-off mechanisms to
distinguish influential from redundant variables thus leaving final subset selection to end users. To
address this limitation, this paper proposes a new filter-based variable selection method called Rule
Mining Analysis Method (RMAM). For classification tasks involving supervised learning, this method
dynamically generates rules from the training data by iteratively selecting variable values that maximize
information gain with respect to the target class. Each generated rule is assigned a weight based on rule
coverage and uncovered training data instances, and variable scores are subsequently computed by
aggregating the weights of all rules in which they appear. To automate variable subset determination,
RMAM integrates a new Modified Huffman Ranker (MHR) that computes an adaptive cut-off threshold to
distinguish essential from redundant variables. Experimental evaluation across 27 UCI benchmark
datasets demonstrates that RMAM reduced variable search space by an average of 75.2% relative to the
original datasets thereby outperforming Information Gain and Chi-Square methods which achieved
average reductions of 44.7% and 50.0%, respectively. When evaluated using Naive Bayes classification
algorithm, RMAM achieved comparable or superior predictive performance on the majority of datasets
while offering substantially smaller and more interpretable variable subsets. These results demonstrate
RMAM’s effectiveness as a practical variable selection approach for supervised learning applications.

Povzetek: RMAM ucinkovito samodejno izbere najpomembnejse spremenljivke ter zmanjsa njihovo stevilo
brez bistvenega poslabsanja napovedne uspesnosti.

1 Introduction

Variable selection wusing filter methods involves
evaluating the relevance of variables based on statistical
measures, such as correlation or mutual information,
independently of the machine learning model. It helps
remove irrelevant or redundant variables, improving
model performance and efficiency [24]. Many filter
methods are dependent on domain experts. In the process
of choosing the relevant variables, domain experts
typically check the set of variables generated by the filter
method in an attempt to retain the most influential. This
process is not easy, time-consuming, and it is not cost
effective because it requires constant attention from the
user especially in medical applications like dementia
diagnosis [20] [26] [13]. Similar challenges regarding
uncertainty reduction and adaptive decision support have
also been highlighted in broader intelligent systems and
control domains where robust adaptive and fuzzy-based
frameworks are employed to improve decision making
under uncertainty [17] [2].

To minimise the impact of these issues, the majority
of current variable selection methods generate scores

associated with each variable in the dataset and then using
the scores they adopt a Ranker search method to sort the
variables ranging from the top down. These scores are
computed based on mathematical models like Chi Square
Testing [CHI-SQR], which calculates the variables’ scores
using observed and expected probabilities in the dataset
[14]. Overall, ranking of variables in supervised learning
problems is an essential mechanism in variable selection
methods since it sorts variables based on their associations
with the target variable; this eases the final selection of
which variables to keep and which ones to discard by end
users [1] [22].

Users typically rely on the following assumptions
when they use variable selection methods that are of type
filter:

o Default threshold to distinguish between

favourable and non-favourable variables

» Higher scores associated with variables lead to

better output quality

+ More variables tend to enhance predictive

performance
However, the above assumptions rely on the function
used within the filter method, the input data

characteristics, and the default threshold value used in the
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Ranker search procedure. Considering that results of the
filter methods may vary significantly depending on the
above facts, it would be gainful to develop a method that
considers correlations in the format of human interpretable
rules from the data, and then creates a scoring rank for
each generated rule. Based on such ranks each variable can
be assigned a new score based on computational metric
such as the number of times the variable-value appears in
the rules, and the information gained when adding the
variable-value into the rule’s body.

This approach can be seen as a way forward of
variable selection that takes into account the correlations
among the variables themselves and correlations among
the independent variables and the dependent variable in
the training dataset. Such adaptive ranking philosophies
conceptually align with intelligent optimization principles
employed in modern adaptive control and synchronization
systems, where dynamic weighting and iterative
refinement improve system robustness and interpretability
[4] [18].

Additionally, developing a new method that can guide
the users like physicians in medical diagnosis applications
on the number of variables to consider, especially during
medical evaluation, can be crucial to improve diagnostic
decisions. The Ranked search method should not
necessarily require human involvement during pre-
processing, and it will suggest to the user a threshold
pinpointing to a set of dissimilar variables regardless of
the input dataset size. This approach will improve the
efficiency and limits user’s subjectivity during variables
selection methods.

To address the limitations mentioned earlier, this
study is guided by the following research questions:

o RQ1: Can a rule-based variable selection
approach, driven by entropy reduction, reduce
variable set size while maintaining classification
performance compared to traditional filter
methods such as Information Gain (1G) and CHI-
SQR on classification datasets?

o RQ2: Can the integration of rule mining and
variable weighting mechanisms improve the
identification and elimination of redundant and
overlapping variables?

o RQ3: Can an automated cut-off mechanism
based on rule scoring and Huffman-based
encoding determine the optimal number of
variables without user intervention?

o RQ4: How does the proposed RMAM method
perform across diverse datasets in terms of
dimensionality reduction, interpretability, and
predictive accuracy?

The primary objective of this research is to develop a
fully automated variable selection pipeline that not only
ranks variables but also determines an optimal subset size,
reducing reliance on domain expertise and improving
applicability in real-world domains such as medical
diagnosis. This method is called Rule Mining Analysis
Search [RMAM] that minimises data dimensionality. The
basis for which variables are offered follows the
development of rules using a reduction of uncertainty
among independent variables and the dependent variable
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in the dataset, and using Huffman method [7] to compute
how many variables should retain prior of supervised
learning. These rules are developed from the training
dataset using computed independent variables-dependent
variable associations, thus weak variables are identified
and thereby early discarded. When a rule is constructed
based on the reduction of entropy a score is assigned for
that rule by amalgamating the computed frequencies of the
variables’ values in the rule. The rules’ scores are then
utilised to assign a true weight per variable by totaling the
rules’ scores in which the variable has appeared. More
details are given in Section 3.

The proposed variable selection method considers
only variables with adequate correlation with the
dependent variable that is measured using information
gained can be added into the rule’s body. In addition, a
total-score will be assigned to each rule by iterating over
the rule’s body items (variable computed score). The
process of rule construction, and rules’ weights
assignment continues until no further rules can be grown
from the training dataset. This is the point when the
RMAM method terminates.

Empirical initial results, using several applications’
data from the University of California Irvine Repository
(UCI) [5] show that RMAM is a competitive variable
selection method in terms of data dimensionality
reduction. When it is used for data pre-processing, the
chosen variables are processed by classification
algorithms, then competitive classifiers are generated and
contrasted with those chosen by other variable selection
methods such as Information Gain (IG) [15], and CHI-
SQR. The adaptive and iterative nature of the proposed
framework further reflects broader trends in intelligent
optimization and adaptive computational systems where
iterative refinement mechanisms are employed to improve
performance and robustness across diverse application
domains [19].

This paper consists of different sections; section 2
discusses relevant works, and section 3 details RMAM
phases such as rule discovery, score computations, and
variables’ assignments. Section 4 discusses results and
analysis, and lastly section 5 lists the key characteristics
of the RMAM method besides conclusion.

2 Literature review

Ranking variables is an essential process in filter-based
variable selection methods to identify their contribution to
classification’s model performance [26]. However,
variable redundancy and overlapping are persistent issues
that affect the accuracy of derived classification models.
While techniques such as Mutual Information and
Correlation-based rankings [12] address redundancy, they
often do not handle variable sharing in data observations,
leading to some irrelevant variables being retained by the
filter methods [26]. Variable redundancy arises when
multiple variables convey similar information, which
unnecessarily increases model complexity without adding
values to performance. For instance, Pearson correlation
coefficients are widely used to detect variable overlapping
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using heat maps; however, these techniques often lack the
ability to capture nonlinear dependencies.

To deal with variable ranking in data related to oil
industry [25] introduced a ranking method to forecast
crude oil returns. Their work emphasizes ranking
variables based on their individual contributions but lacks
explicit mechanisms for identifying overlapping variables.
While their approach demonstrated improvements in
accuracy, the appearance of overlapping variables in the
outcome may reduce the interpretability and
computational efficiency of the classification model.
Overlapping variables often inflate variable space, leading
to additional computational time during model evaluation,
a significant issue for large-scale datasets.

An improvement to integrate multiple rankings was
introduced by [3]. The authors proposed the Weighted
Rank Difference Ensemble (WRDE) method, which
combines multiple rankings by assigning weights to
variables based on the difference in their rankings across
different methods. WRDE enhances the robustness of
rankings by mitigating the biases of individual methods;
however, it does not explicitly address variable
interdependencies. As a result, redundant variables that
rank high across multiple methods can persist, despite
their limited individual value. This highlights a critical
need for methods that not only rank variables effectively
but also incorporate mechanisms to eliminate overlapping
variables systematically.

Another ranking approach that takes into account
multiple variables as a group instead of individual
variables was proposed by [27] by introducing a
permutation-based method that analyzes variables groups
contribution to classification accuracy, and reduces the
risk of redundancy caused by variable overlapping.
However, evaluating variable groups increases
computational complexity, particularly for high-
dimensional datasets, making it less practical for real-time
or large-scale applications. Moreover, the method does not
explicitly handle redundancy at an individual variable
level, leaving room for further enhancement. These
limitations underscore the need for novel filter-based
methods that incorporate both variable ranking and
redundancy elimination.

The lack of effective mechanisms to define a cutoff
for distinguishing relevant from irrelevant variables in
filter methods also represents a significant research gap.
Existing methods, such as the one developed by [23],
attempt to combine the strengths of filter- and wrapper-
based methods to improve performance. [23] employs a
filter-based approach for initial variable reduction,
followed by wrapper-based optimization to refine the
selection further. While effective, this method lacks a
systematic way to determine a cutoff threshold within the
initial filtering stage. The reliance on arbitrary or dataset-
specific thresholds hinders the generalizability of the
method and limits its efficiency. Other researchers such as
[9] suggested that heuristic search techniques combined
with learning-based approaches may offer a promising
direction for identifying relevant variables. However,
these methods still lack a ranker mechanism that clearly
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determines cutoffs, particularly in filter-based approaches
where computational simplicity is dominant.

Identifying a universal or semi-automated cutoff
mechanism would significantly enhance the utility of
filter-based methods, particularly for large-scale datasets
where exhaustive evaluations are computationally
expensive [1] [26] [12]. A promising approach that used
association rule mining with ranking method was
proposed by [1]. [1] introduced a filter method that
leverages class association rules to identify variables with
strong associations to class labels.

By mining frequent patterns between variable values
and class labels, this method effectively reduced the
number of variables while improving classification
accuracy. Despite its strengths, the CAR-based method
focused primarily on discrete datasets and frequent
patterns, limiting its applicability to continuous datasets
where patterns are less explicit. Moreover, the method did
not embed a ranker mechanism to optimize variable cutoff
thresholds. A hybrid approach that combines CARs with
statistical or learning-based methods could enhance both
the ranking process and cut-off determination.

Rule-mining methods play a significant role in filter-
based variable selection by assigning weights to variables
based on their relationships to target outcomes. Rule
mining allows for the discovery of meaningful patterns
that are often overlooked by traditional statistical
techniques. The work of [1] demonstrated promising
direction of how class association rules could be used in
variable selection to reduce variable overlapping and offer
a smaller number of retained variables. However, the
method focuses on frequent itemsets without assigning
explicit weights to variables rather a variable can be
assigned a weight from multiple frequent itemsets. This
limitation reduces the ability to differentiate between
strongly associated and moderately relevant variables,
particularly in high-dimensional datasets.

A recent hybrid filter method has been developed by
[16] to further emphasize the importance of rule-based
methods in their study on neuropathological variables in
dementia classification. By ranking and filtering variables
using rule-mining techniques, the study demonstrated
improvements in the interpretability and accuracy of
machine learning models. Rule-based approaches offer a
unique advantage in variable ranking by leveraging both
statistical associations and domain-specific patterns.

However, their integration into filter-based methods
remains limited in research work in the context of variable
selection, particularly in terms of assigning variable
weights. A combined approach that integrates rule-based
weighting with redundancy elimination mechanisms could
significantly enhance filter-based variable selection. This
suggestive approach, when linked with a ranking method
that suggest a cutoff of the retained number of variables,
can be highly beneficial especially in medical applications
such as dementia classification when time and resources
are limited.

The combination of ranker mechanisms, systematic
cut-off thresholds, and rule-mining methods has the
potential to address the major limitations of existing filter-
based variable selection methods. For example, a ranker
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mechanism embedded into a filter method could evaluate
variable importance while simultaneously detecting and
eliminating overlaps. This approach would allow for a
more precise ranking of variables, enhancing both
interpretability and computational efficiency. By
incorporating rule-mining techniques, such as rule
induction, covering algorithms, or association rules,
variables could be assigned weights based on their
predictive associations, further improving the robustness
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the decision bias of choosing variables. For example, [3]
demonstrated the value of ensemble methods in mitigating
biases associated with individual techniques. Their
Weighted Rank Difference Ensemble method highlights
the importance of combining multiple variable selection
methods to enhance robustness. However, the method
does not consider the issue of cut-off determination to easy
the process of user selection in filter-based methods.
Table 1 depicts the summary of the relevant papers

of the selection process.
Lastly, meta-classifiers such as Ensemble learner can
be used in improving filter methods especially reducing

based on the literature review conducted.

Table 1: Summary of the relevant literature

to baseline models

Study Dataset(s) Used Method Variables Selected Quantified Results Key Limitations
Accuracy improved No automated cut-off;
[1] Al-Dhaheri wslﬁ r'?)tgf:tsB(fégs.i Class Association ;?%gi:gtfgzmggg by up to ~3-5% limited to discrete data;
(2021) Cancer) Rules (CAR) vary per dataset) over bgs_elme no expll_c1t \_/arlable
classifiers weighting
. Achieved average
8 medical datasets WRDE (Weighted Reduced variables accuracy Does not remove
[3] Begum et (e.g., Heart, k Diff fixed: vari . f dund iables:
al. (2024) Diabetes. Breast Rank Difference (not fixed; varies per improvements o redundant variables; no
' Canc’er) Ensemble) dataset) ~1.5-3% over single cut-off mechanism
ranking methods
Accuracy improved
[9] Karimi et Breast Cancer Learn-Heuristic Reduced variables to ~97-99% No rank-based cut-off;
al. (2023) (Wisconsin) Variable Selection from 30 to ~10-15 depending on requires tuning
classifier
[23] Yuetal. Kﬁrgrlcj::izr?g TSDR (Filter + Reduced variables Detection accuracy No automatic cut-off;
~10— i -~ 0 j- i
(2020) Detection) Wrapper) from 41 to ~10-15 increased by ~2-4% | multi-stage complexity
A RMSE reduced by No redundancy
[25] Zhao et al. Crude Oil Price Importance-based . N o L :
(2024) Dataset ranking Not specified 5-10% compared handling; no variable

subset selection

[27] Zubair et

UCI datasets (e.g.,

Permutation-based

Group-based
selection (size

Accuracy improved
by ~2-6% over

High computational
cost; no individual

accuracy improved

al. (2024) Iris, Wine, Glass) Group FS varies) baseline ranking redundancy control
Reduced Classification
[16] Rajab et ADNI (Dementia Rule-based neuropathology No explicit weighting;

dependent)

t0 IG/CHI-SQR)

al. (2024) dataset) variable filtering variables (exact by ~2-5% no automated cut-off
count varies) Y
[12] Lietal. Multiple Rzgfxggﬁg Reduced variable Accuracy gains Limited nonlinear

_ o :

(2020) benchmark datasets Complementarity subsets reported (~2—4%) dependency handling

Reduced variable Competitive

[21] Thabtah et | UCI datasets (e.g., - accuracy with fewer No automatic subset
Least Loss (Filter) sets (dataset . L . >

al. (2020) lonosphere, Sonar) variables (~similar size recommendation

3 RMAM method

Rule Function

Distribute
Weights

|

The proposed filter method (RMAM) (Figure 1) consists
of a rule generation function. The resulting rule sets are
subsequently used to assign weights within the preceding
stage in which a threshold, named the reduction in the
Entropy, is employed to grow the rules from the training
dataset. It is used to check whether an independent
variable value has any significance before adding that
value into the rule by checking its correlation with the
class label. Therefore, any variable value plus the class
label (V_v, Class_c) with a reduction in the entropy will
be added into the current rule that is being grown.

To retain rules that are strong enough before the
variables’ scores are calculated by RMAM method, a rule
is continuously grown by adding variable values into its

Produce

R
-—
Evaluate

Unprocessed
dataset

Initial Rules Set

l Compute scores

Variables with
Scores
i Ranker

Selected
@ Variables

Figure. 1. RMAM filter method

Proposed —_—

method

body until the rule’s information gain cannot be improved
any further. In other words, when adding the variable
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value (V_v) to a rule:Ri, and Ri’s information gain is not
improved then a rule grown process is stopped. When this
scenario occurs, Ri will be generated since its entropy
cannot be minimised any further. The stoppage in grown
a rule can be seen as a rule trimming process since it
determines when a rule can be generated, and it avoids
appending biased and/or redundant variable values into
the current rule’s body.

The RMAM filter method produces all rules using the
“generate rule” function; whenever a rule is discovered
through this function, any connected training data
instances are erased, and a new weight is assigned to the
rule. The training dataset shrinks, and the next rule is
discovered from the updated training dataset in the same
way. The process is repeated until all rules are discovered.
Hence, the “generate rule” function returns a set of rules
each of which is associated with a computed weight. One
advantage of the RMAM “generate rule” function is that
it uses straightforward computations for assigning weights
using the variables values’ frequencies with the class
labels.

Once the rules set is returned iteration over each rule
is performed to assign a score to each variable. The
variables’ scores are assigned using the rules’ weights per
Algorithm 1 and a cut-off is then calculated based on a
proposed search Ranker called Modified Huffman Ranker
[MHR] (Section 3.2 gives further details). Lastly, RMAM
deals with both nominal (pre-set possible values) and
continuous variables (numbers and decimals) and treats
any missing value as any other value in the training dataset
by adopting the replace_missing _value filter; any
continuous variable is implicitly discretized.

3.1 Definitions

The variable selection problem is defined as follows:
Given an input dataset TR with cardinality |TR| which
consists of n variables Vrl, Vr2, ... ,Vrn, and the class
variable (class). The key purpose is to select a set of
variables that can have comparable performance with TR
when processed by learning algorithms. Below are the
main definitions related to the proposed filter method.
Term 1: A variable value in TR with a class is represented
as: [(\Vri, vri), class].

Term 2: A record/tuple in TR is comprised of [(Vrjl,
vijl), ..., (Vrjv, vrjv), class] and is normally called a
training data instance.

Term 3: A rule r: Vr_IA Vr 2 A....A Vr_j—Class,
consists of a body and a target class.

Term 4: The variables’ values frequency (Vr_freq) for a
rule in TR is the number of training instances in TR that
are identical to the rule’s body.

Term 5: The rule’s frequency in TR (r_freq) is the number
of training instances in TR that are identical to r.

Term 6: The rule’s covered data in TR (r_data) is the
training data instances in TR that are identical tor.

Term 7: The weight of arule r (r_weight) is computed as
r_freq X (|TR|-|r_datal)

Term 8: A score of a variable (\Vr_score) is computed as

Z?(rweight) =+ Attributes_ranks
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In the RMAM “generate rule” function, we store the
training instances in a data structure (array) in which each
instance is associated with a unique identifier (line
number, column number).

Input:
- Training dataset TD
Output:

- Ranked set of variables with scores and selected subset based on cut-off

Pseudocode:

1: // Step 1: Initialize

2: Attributes_rank & array of size |A| initialized to 0

3: num_uncovered_instances ¢ number of instances in TD
4: // Step 2: Generate rules

5: RSet <& Generate_Rule(TD)

6: // Step 3: Compute attribute scores

7: for each rule Ri in RSet do

8: ri_weight <& frequency(Ri) x num_uncovered_instances

9: num_uncovered_instances ¢ num_uncovered_instances - frequency(Ri)

10: for each attribute Aj in Ri do

11: Attributes_rank([j] < Attributes_rank[j] + ri_weight

12: end for

13: end for

14: // Step 4: Apply MHR for cut-off selection

15: C_score & MHR(Attributes_rank)

16: // Step 5: Select top-ranked attributes

17: sort attributes in descending order based on Attributes_rank
18: Selected_Set < top C_score attributes

19: return Selected_Set

Algorithm 1: RMAM Pseudocode

This data transformation eases processing data during
iterating over the training data and counting the variable
values’ frequencies. In addition, this data transformation
enabled us to limit data computation especially the process
of constructing the rules. For example, we can obtain the
frequency of the variable values and the rules by locating
their line and column numbers stored in the array rather
than performing extensive counting per instance.

3.2 Rules and weights

Since the rules are utilised to assign the scores of the
variables in the input dataset by the proposed filter
method, this section expands on the way rules are built
within the “generate rule” function of RMAM. This
function takes the training dataset and returns a complete
set of rules each of which is assigned a computed weight.
The function iterates over the complete set of training
instances to consider the variable values with the highest
information gain with respect to the class label. The
reduction of entropy, or "information gain,” is a concept
in determining how well a variable (or attribute) splits the
data into groups that are more homogeneous (or pure)
regarding the target variable. Entropy (Eg. 1), in this
context, measures the impurity or disorder in a dataset.
By focusing on entropy reduction, the rule learning
algorithm of the RMAM method aims to construct a
decision rule that is both simple and highly predictive of
the target variable. The goal is to use that rule in
calculating the total weight that will be later assigned to
the available variable in the training dataset. These
variables are then passed to the supervised learning
algorithm to develop predictive models that can generalize
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well from the training data to unseen test data instances,
effectively capturing the underlying patterns in the data.

IG (T, V) = Entropy (1) - ). (ITal / ITI) * Entropy (Ta)) (1)

Where,

Entropy (T) =X —[P; log, P/] )
Where, P_I = the probability that a dataset T is associated
with class I.

Ta= Adataset of T

Where variable Entropy(T) =), —[P; log, P;]le V is
associated with a value v

| Ta| = the number of instances that match T,

| T| = the number of instances in the training dataset D.

Algorithm 2 shows the detailed steps used to generate
the rules by the RMAM filter method in which the process
starts by converting the data into Line_Space data format
[6] (Hammoud, 2009) to simplify the process of
constructing rules. In converting the data to Line_Space
the filter method iterates over the input dataset to convert
the data instances into a (key:values) data form as
discussed earlier. Prior building a rule, information gains
of each possible variable value in the training dataset are
calculated.

The process begins by transforming the input dataset
into the Line_Space data format to facilitate efficient rule
construction and frequency computation. In this
representation, each data instance is converted into a
structured (key:value) format, where each variable-value
pair is associated with its corresponding record identifier
(e.g., row index). For example, a record such as (Age =
Young, Income = High, Class = Yes) is transformed into
indexed pairs like (Age:Young — {1}), (Income:High —
{1}), (Class:Yes — {1}). Across the dataset, identical
variable-value pairs are aggregated, resulting in compact
mappings such as (Age:Young — {1, 3, 5}), which
indicate all records where the condition holds.

This structure enables rapid computation of variable
frequencies and rule data coverage using simple set
operations (e.g., intersection of record indices), rather than
repeatedly scanning the dataset. As a result, rule items can
be efficiently evaluated, and their 1G with respect to the
class label can be computed. Prior to rule construction, 1G
is calculated for all possible variable-value pairs, allowing
the algorithm to iteratively select the most informative
conditions while minimizing computational overhead and
redundancy during rule generation. The reason for
calculating the information gains is to know the amount of
information that can be gained when considering each
variable value with the class label. A high information
gain in a rule reflects low uncertainty when estimating the
class label.

Using the computed information gains, an empty rule:
R is then initiated, and the possibility of adding a variable
into R is considered. The variable value with the largest
information gain is added (Line 15), and all its
corresponding training data is isolated (Line 16) to
possibly account for adding other variables if possible
later on (expanding the current rule). The data instances
associated with R is then isolated and sent along with R
into “Check Improvement Rank” function to check
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whether adding another variable value to R may improve
R’s gain (Line 17). If the “Check Improvement Rank”
function yields “true” then R gets amended (expanded) by
appending the best variable value computed from R’s data
instances, and the process is repeated until R’s information
gain cannot be improved anymore. When R’s information
gain is not improving any more then R is added to the rules
set, and the original data is updated by discarding R’s data
instances. The process of discovering more rules
continues from the updated training dataset until all rules
are produced from the training dataset.

Input:

- Training dataset TD

Output:

- Set of generated rules R_set
Pseudocode:

1: // Step 1: Preprocessing

2: Convert TD into Line_Space format
3: Compute frequency counts for all variable values (Vr, Vv)
4: // Step 2: Initialization

5:R_set< @

6: T_storage < TD

7:// Step 3: Rule generation loop

8: while T_storage is not empty do

9: r< @ //initialize empty rule

10: // Step 3.1: Grow rule

11: repeat

12: for each rule item Rl = ((Vr, Vv), class) in T_storage do
13: compute Information Gain IG(RI)

14: end for

15: r_i €< rule item with maximum IG

16: T_temp & T_storage — instances covered by r_i
17: C & Check_Improvement_Rank(r, T_temp)

18: if C = true then

19: addr_itoruler

20: T_storage < T_temp

21: end if

22: until C = false

23: // Step 3.2: Finalize rule

24: R_set < R_set U {r}

25: remove instances covered by r from T_storage

26: end while
27: return R_set

Algorithm. 2: RMAM Generate_Rule Function

The “generate rule” function of the RMAM method
constructs rules as described above and the training
dataset at each iteration shrinks after removing each rule’s
data instances. The function terminates when there are no
more can be discovered. When this condition holds, the
function returns the rules sets along with the associated
rules’ weights. The pseudocode of the “generate rule” and
“Check Improvement Rank Function” functions of
RMAM are depicted in Algorithms 2 and 3 respectively.

Input: r’s (Data): T storage’, Rule: r

Output: Boolean: Whether the current rule
improved after adding a RI

=

If 1G(ri) > 1G(ri1)
return (true)
3. elsereturn (false)

N

/I empty rule

Algorithm. 3: Check Improvement Rank Function

is




RMAM: A Rule-based Filter Method with Modified Huffman...

The “generate rule” function of RMAM relies on the
reduction of entropy as a quality assurance metric for
preventing weak variables’ from taking any role in
computing the weights of the rules. When variables
become part of a rule’s body, the “generate rule” function
ensures that such variables are correlated with the target
class and therefore  RMAM checks any possible
information gain improvement of the rule to ensure that
the rule is significant. Thus, the tests performed by
proposed filter method are vital to prune the weak variable
value(s) from being added into a rule.

3.3  Variables’ scores

Once the rules are sent back by the “rule generate”
function of the RMAM filter method then they are utilised
to assign a score for variables. RMAM iterates over the set
of rules generated and for each rule an internal iteration
over the rule’s variables is performed. A score is assigned
to each variable appearing in such a rule equal to the rule’s
weight. When the variable appears in multiple rules then
the summation of these rules’ weights denotes the score of
that variable.

The RMAM filter method considers that earlier
derived rules should be associated with larger weights;
when these rules are produced larger numbers of
uncovered training instances remain. Considering that one
of the main components of the rule’s weight is the number
of uncovered training instances then rules derived first
have larger weights than rules derived later; therefore,
variables appearing in the first few rules often have larger
scores. These variables have a higher chance of being
chosen by RMAM as they are associated with larger
scores. It should be noted that RMAM favours higher
ranked rules in ascending order as these rules are more
predictive and often cover a sizable portion of the dataset.
Thus, assigning these rules weights to the variables that
appeared in them, gives such variables the best
opportunity of being presented to the end user as
influential.

As discussed in the literature review, one of the major
issues associated with filter methods is the inability of
these methods in recommending a final subset of variables
to the end users, especially novice users. Having adopted
a basic Ranker search method all sets of variables are
returned sorted in descending order based on their
assigned scores. To deal with this issue, RMAM has
developed a new Ranker method called Modified
Huffman Ranker [MHR] that automatically identifies an
intelligent cut-off to separate influential variables from
those that are redundant. MHR was inspired by the
Huffman greedy search algorithm [7], which was
originally developed to efficiently decode data and to
utilize the least storage possible, especially in data
compression applications. The classic Huffman algorithm
represents strings as binary codes without compromising
data loss in which coding is achieved using the
probabilities of the input strings or symbols. The Huffman
algorithm offers the shortest weighted average length per
symbol to encode that symbol. To be exact, when a symbol
appears more frequently its corresponding binary
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representation will be short and therefore the data
accommodation requirement will be minimised using this
kind of encoding.

The proposed MHR method is shown in Algorithm 4
in which the variables’ values, instead of symbols and
their frequencies, are utilised as input for the Ranker
function, which in turn returns the cut-off value. The input
parameters for the Ranker function are given after the
training dataset has been transformed and scanned by the
filter method (in our case RMAM). The cut-off value
returned by the MHR function denotes the recommended
number of variables to the end user. The function initially
normalizes the weights of the variables’ values as shown
in Algorithm 4 (lines 1-4). The weights of the variables’
values are then sorted in a descending manner to compute
the sum of all possible weights. This sum is then used to
compute the cut-off value by inserting it as a power in a
base 2 formula as indicated in line 21 of Algorithm 4.
Detailed calculations of the Ranker are shown later in this
section.

Mathematically, we define a set of variables V = {v1,

v2, ..., vn} with associated weights wi > 0 obtained from
rule based scoring. First, normalize the weights:
wi n
D = -, Where pi=1
' ?:1 wj i=1

Let P= {pl, p2, ..., pn} be the normalized weights sorted
in ascending order. The MHR applies an iterative merging
process:
At each step, select the two smallest values pa and pb and
merge them:

P{ab} = Pa + Do
This merged value replaces pa and pb. Let S be the
cumulative sum of all merged values:

n=1
S = E Py (merge)
k=1

where p_(k™((merge)) ) represents the merged weights at
each iteration.
Finally, the cut-off threshold is computed as:
C{score} =21

By using the proposed MHR function, variables that
are common in the training dataset have higher weights
and therefore they are significant and often ranked higher
by RMAM than in any other filter methods. Therefore,
such variables will typically be chosen by RMAM as they
appear in the top ranked results. Variables that are not
common in the training dataset will have very little weight
and therefore they will be associated with a low rank once
the results are generated by the filter method. Thus, such
variables will have little chance of being detected by the
filter method since their ranks will be below the cut-off
value computed by the MHR method. This simple
function of calculating the cut-off is useful for domain
experts as well as novice users as it offers a line to
discriminate variables. Users are expected to spend more
time in data analysis rather in manually assessing the
outcomes of filter methods. The MHR is not dependent on
a specific filter method and can be utilized by any existing
filter methods as long as they produce scores per variables
in the dataset.
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The cut-off procedure is designed to decide when
adding more variables is no longer useful. In simple terms,
the method first ranks variables based on how often they
appear in strong predictive rules and how much they help
reduce uncertainty about the target outcome. Variables
that appear frequently in important rules receive higher
weights, while less useful or rarely contributing variables
receive lower weights. The cut-off is then determined by
frequent and infrequent variables using a process inspired
by data compression. This process gradually merges
lower-weight variables and keeps track of their overall
contribution. When the combined contribution stabilizes,
the method identifies a stopping point. This approach
works well since it balances two goals: keeping
informative variables while avoiding unnecessary ones
thus it provides a automatic way to select a compact set of
variables without relying on arbitrary thresholds or user
experience.

Input:

- Set of variables V = {v1, v2, ..., vn}

- Corresponding frequencies F(vi) for each variable
Output:

- Cut-off threshold C_score

Pseudocode:

1: // Step 1: Normalize frequencies

2: total < 2 F(vi) for all vi e V

3: for each vi € V do

4:  F(vi) & F(vi) / total

5: end for

6: // Step 2: Sort variables by ascending frequency
7: sort V in ascending order based on F(vi)

8: // Step 3: Initialize

9:Sum < 0

10: // Step 4: Iteratively combine lowest-weight variables
11: while |V| >1 do

12: va & first elementin V

13: vb & second elementin V

14: merged_weight & F(va) + F(vb)

15: remove va and vb from V

16: insert new variable vab into V with weight merged_weight
17: Sum & Sum + merged_weight

18: re-sort V in ascending order based on weights
19: end while

20: // Step 5: Compute cut-off score

21: C_score & 27(Sum)

22: return C_score

Algorithm. 4: The Cut-off score function (MHR
function) of RMAM filter method

To demonstrate how MHR search method works
consider Figure 2 with eight variables (A-H) and their
corresponding weights. For any two variables such as { A,
B}, their weight W(S) can be represented as W(A) +
W(B) =0.30 + 0.20 = 0.50 hence we can represent the new
derived variable as {A, B} (0.50). Based on the variables
of Figure 2, the following steps are performed by MHR:

e Create a variable Sum =0;

e Loop over the input variable List: [ {A}(.30),
{B}(20), {C}(15), {D}(.10), {E}(.08),
{F}(.07), {G}(.05), {H}((.05) ], length = 8, Sum
=0.0

e Union the lowest weight sets as List [ {A}(.30),
{B}(20), {C}(15), {D}(10), {E}(.08),
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{F}(.07), {G, H}(.10) ], length = 7 so now Sum
=0.10

e Second wunion: List [ {A}(.30), {B}(.20),
{C}(.15), {D}(.10), {E, F}(.15), {G, H}(.10) ],
length =6, Sum = 0.10 + 0.15=0.25

e Thirdunion: List [ {A}(.30), {B}(.20), {C}(.15),
{D, G, H}(.20), {E, F}(.15) ], length = 5, Sum=
0.25+0.20=0.45

e Fourth union: List [ {A}(.30), {B}(.20), {C, E,
F}(.30), {D, G, H}(.20) ], length = 4,

e Sum=0.45+0.30=0.75

e  Fifth union: List [ {A}(.30), {B, D, G, H}(.40),
{C, E, F}(.30) ], length =3, Sum=0.75+0.40 =
1.15

e Sixth union: List [ {A, C, E, F}(.60), {B, D, G,
H}(.40) ], length = 2, Sum=1.15 + 0.60 = 1.75

e Seventh union: List [ {A, C, E, F, B, D, G,
H}(1.00) ], length = 1, Sum=1.75 + 1.00 = 2.75

e End while loop

e Lastly, compute cut off point=2"2.75 =6.727

It should be noted that we initially normalized the
variables weights, this process can also be performed later
on after all calculations without normalized variables and
then for the final Sum value we can divide it by the sum
of all weights
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Figure 2: Sample variables and their scores

The key variables of this search method are given below:

— Easy to understand

— Efficient to calculate

—  Straightforward results to interpret

— Aclear cut-off value that recommends to the end-
user the number of suggested variables

— Minimizes the search space of variables when
used with a filter method

— Reduces the manually tedious process of
checking all variables in the results set.

3.4 RMAM characteristics

In this section, the primary differences between RMAM
and other existing filter methods are provided:

e RMAM adopts a special learning based on
inducing rules from different parts of the training
dataset. These rules are primarily utilized to
assign scores to the influential variables; existing
filter methods do not involve learning rules when
they calculate variables’ scores.

e The majority of the existing filter methods
consider generating scores using mathematical
formulas without considering that variables may
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have common training instances. RMAM
ensures that the scores assigned to the variables
are calculated based on predictive rules learnt
from the input dataset. Hence, the chance of
redundant variables in the selected variables are
reduced as rules used for the score’s assignment
are not redundant

e The mathematical formula for assigning the
scores to the variables is novel since the weights
of the rules that have been used to compute the
scores are derived based on the reduction of
entropy of both of the rules as well as the
remaining uncovered instances. This is unlike
existing filter methods which are primarily based
on a contingency table of variables and class
values frequencies.

e RMAM utilizes a novel Ranker search method to
produce a cut-off value computed regardless of
the input dataset. This search method balances
between the performance of the selected
variables when processed (error rate) and the
information gained when selecting these
variables. This is unlike existing filter methods
which utilize a conventional Ranker that sorts the
variables based on the scores without pinpointing
to the set of variables that can be selected by the
end user; this is time-consuming and a burden on
the users especially novices.

e RMAM often produces fewer variables when
compared with other filter methods and
maintains the performance of the predictive
models derived when processing its distinctive
variables sets.

4 Data and results

4.1 Experimental protocol

The experimental protocol followed a structured process
as outlined below:

1) Datasets Selection: A total of 27 benchmark
datasets from the UCI repository were selected,
covering small, medium, and large datasets
across multiple domains, including medical
diagnosis. The selection considered
dimensionality, dataset size, missing values,
continuous attributes, and application diversity.

2) Data Preprocessing: Missing values were
handled wusing the MissingMerg setting.
Continuous variables were discretized using
entropy-based discretization, and data instances
were transformed into Line_Space format to
support efficient rule construction and frequency
counting.

3) RMAM Implementation: The proposed RMAM
method was implemented in Java and integrated
into WEKA within the attribute selection
module. RMAM generated entropy-guided rules
by selecting variable values that improved
information gain with respect to the class label,
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while pruning weak or redundant variables when
no further gain was achieved.

4) Scoring and Cut-off: Rule weights were used to
compute variable scores, and the Modified
Huffman  Ranker (MHR) automatically
determined the recommended variable subset
size.

5) Comparison Methods: RMAM was compared
with Information Gain (InfoGainAttributeEval)
and Chi-Squared (ChiSquaredAttributeEval)
filter methods in WEKA.

6) Parameter Settings: Naive Bayes: Probabilistic
classifier assuming conditional independence,
using normal (Gaussian) distribution for numeric
attributes and frequency-based estimation for
nominal attributes; kernel estimation and
supervised discretization were not enabled.

7) Information Gain: Entropy-based evaluation
using InfoGainAttributeEval, computing
variable relevance based on reduction in entropy
with respect to the class variable; no frequency
discretization or binning beyond preprocessing.

8) Chi-Squared: ChiSquaredAttributeEval using
contingency tables between variable values and
class labels, computing y* statistics based on
observed and expected frequencies; operates on
discretized attributes.

9) Search Methods: Ranker search for Information
Gain and Chi-Squared; Modified Huffman
Ranker (MHR) for RMAM.

10) Evaluation Procedure: All experiments were
conducted using stratified 10-fold cross-
validation, where datasets were partitioned into
ten equal folds with stratification, iteratively
training on nine folds and testing on the
remaining fold to ensure robustness and
generalization.

11) Performance  Metrics:  Performance  was
evaluated using search-space reduction, error
rate, precision, recall, F1-score, and confusion
matrix analysis.

Several different datasets from the UCI repository
have been adopted to evaluate the performance of RMAM
and MHR methods; Table 2 shows the 27 datasets that
have been utilised in the experimental analysis. The
selection of these datasets is based on factors such as their
size, dimensionality, the availability of missing values, the
availability of continuous variables and data business
domains. For fair comparison we have used big, medium
and small datasets that belong to various domains
including medical diagnosis and implemented a
discretization method of the continuous variables based on
the Entropy within RMAM. Further, any missing values
have been treated using the MissingMerg method as a
parameter in the RMAM interface. This can be set to
accomplish the distributes of the missing values across
other values using their actual frequencies in the training
dataset.
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4.2  Settings and datasets

To reveal the performance of RMAM in terms of
dimensionality reduction and classifiers’ predictive power

Table 2: The datasets considered
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adopting the Naive Bayes algorithm as it has shown
efficient and effective performance in predicting class
labels as accurately as possible when compared with other
conventional classification algorithms including statistical
functions, decision trees and even Artificial Neural
Network. In all experiments, WEKA (Waikato

— - Environment for Knowledge Analysis) machine learning
Dataset Vari’zbles C#;:JS '{/'/:flsu'gg \';‘:rrl';ebrl'ecs platform was used to implement the filter methods
including ours and the Naive Bayes algorithm. The
anneal 38 898 Yes Yes experiments were conducted on a computing machine
arrhythmia 279 452 Ves Ves with a Core i7 computer _with a3l GH_z processor and
audiology 59 226 Ves No 16.0 GB RAM. Further, different evaluatl_on metrics were
adopted to reveal the advantages and disadvantages of
autos 25 205 Yes Yes RMAM when contrasted with other filter methods (IG,
breast-cancer 9 286 Yes No CHI-SQR).
car 6 1728 No Yes
cleve 191 1679703 Les zes 4.3 Search space results
ore dictr:;ting 15 590 Y:S YZ Table 3 depicts the number of recommen_ded variables
dermatology ” 366 Ves Ves chosen.by the RMAM, IG, gnd CHI-SOR filter methods
respectively when integrating the new MHR Ranker
flags 29 194 No No
Glass 9 214 No ves Table 3: Number of selected variables of
heart-statlog 13 270 No Yes RMAM and the other filter methods
hepatitis 19 155 Yes Yes
hypothyroid 29 3772 Yes Yes MHR Ranker suggested cut off point
lonosphere 34 351 No Yes Dataset # variables CHI | IG | RMAM
labor 16 57 Yes Yes
lung-cancer 56 32 Yes No anneal 38 18 119 !
lymphography 18 148 No Yes arrhythmia 273 88 | 94 4
mushroom 22 8124 Yes No audiology 69 38 | 32 8
nursery 8 12960 No No autos 25 16 | 18 9
pima_diabetes 8 768 No Yes breast-cancer 9 7 7 9
phiisea 17 339 Yes No car 6 5 |5 3
segment 19 2310 No Yes cleve 11 10 | 10 10
tic-tac-toe 9 958 No No cmc 9 8 7 7
vehicle 18 846 No Yes credit-rating 15 10 9 13
chsz;ggiiﬁ_ 9 699 Yes Yes dermatology 34 32 | 31 6
flags 29 9 14 4
on the selected subsets we selected a number of Glass 9 8 | 8 9
competitive filter methods for comparison purposes. heart-statlog 13 10 | 10 12
Specifically, we used 1G, and CHI-SQR as these methods hepatitis 19 13 | 13 1
have been tested on several benchmarks in the research ;
literature, e.g. [11] [10] The choice of these filter methods hypothyroid 29 > | o 4
was based on the following: ionosphere 34 33 |33 12
a) They produce a score per variable using different labor 16 12 | 12 6
mathematical formulas lung-cancer 56 42 | a2 4
b) They use search methods to rank the scores lymphography 18 1 | 16 9
c) They have been previously utilized by scholars
on different datasets mushroom 22 15 14 4
To evaluate the effectiveness of the variables sets nursery 8 3 13 4
derived by the filter methods we used the Naive Bayes pima_diabetes 8 7 |7 7
algorithm [8]. This algorithm adopts a probabilistic primary-tumor 17 15 | 15 7
theorem to build fast and effective classifying models. R 19 s | 15 s
Naive Bayes creates a contingency table based on the )
observed and expected probabilities of variables’ values tictac-toe 9 6 | 6 !
and the class variable. These are then used to produce a vehicle 18 16 | 16 16
forecasted class of a test case without the need to build a breast-cancer 9 9 | 9 4

classifier from the training dataset. The reason for
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method. The figures shown in Table 3 have been rounded
up to convert the values into an integer rather than a
decimal. For example, for the Anneal dataset, the cut-off
computed value by RMAM when using the Ranker
method is 6.373 thus this value was rounded up to 7
variables. The figures within the table clearly show
superiority of RMAM in reducing the search space of
variables when contrasted with the other considered filter
methods.

RMAM was able to derive fewer variables on 18 out
of 28 datasets when compared with each considered filter
method. For instance, on the Anneal, Arrhythmia and
Audiology datasets, RMAM recommended 7, 4, and 8 sets
of variables respectively whereas for the same datasets I1G,
and CHI-SQR have recommended (19, 93, 32), and (18,
88, 37) respectively. These figures, if limited, demonstrate
that RMAM minimises the search space substantially
when compared with known filter methods. To be exact,
the reduction of the search space on these three datasets by
RMAM when contrasted with IG, and CHI-SQR is
(62.20%, 95.70%, 78.90%), and (63.32%, 95.50%,
75.00%), respectively. Notice that on the Arrythmia
dataset which consists of 279 variables, RMAM was able
to efficiently offer the end user just 4 variables, reducing
over 95% of the search space of the variables when
contrasted with the IG, and CHI-SQR filter methods. Later
on, we show the influence of reducing the search space on
evaluation metrics such as error rate, precision, recall and
harmonic mean among others.

The results pinpointed that on a few occasions
RMAM produced slightly more variables than CHI-SQR,
and IG, such as on the Breast-Cancer, Credit-Rating and
Heart-Statlog datasets. Yet the difference in the number of
variables selected on these datasets between RMAM and
each other filter method was small and these datasets
contain a limited number of variables, i.e. Breast-Cancer,
Credit-Rating and Heart-Statlog datasets contain 9, 15,
and 13 variables respectively. The numbers of variables
selected results also show consistency between CHI-SQ
and 1G filter methods on most of the datasets considered
as there were slight differences on the figures generated
by these two methods. To be precise, on average, RMAM,
IG and CHI-SQR have selected 7.59, 17.18 and 17.40
variables respectively from the considered datasets. If we
compare these average figures with the average of the
available variables in the original datasets (30.66) we
show that RMAM reduced the search space on average by
75.20% whereas 1G and CHI-SQR have reduced the
search space by 44.66% and 50.00% respectively. All
these results have been generated using the MHR method.

One reason for consistently recommending fewer
variables to the end user when processing the dataset is the
mechanism employed by RMAM during the process of
assigning scores to variables. In this only fit variable that
have been chosen to be part of the rules are considered
during the process. Any variable value with a low
reduction in the entropy is discarded at the preliminary
phase and only variables’ values that a) have good
correlation with the class and b) when integrated with a
rule have a possible rule’s information gain improvement,
can be selected by RMAM. Moreover, RMAM guarantees
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that these recommended variables have little correlation
when testing variable-to-variable correlations yet sustain

Table 4: Relative difference in numbers of
selected variables of RMAM and the other filter

methods
Relative diff of RMAM Relative diff of All
Vs variable’s vs Filter
Filter methods methods
Dataset CHI IG RMAM CHI IG
anneal 0.611 | 0.632 0.816 0.526 | 0.500
arrhythmia 0.955 | 0.957 0.986 0.685 | 0.663
audiology 0.789 | 0.750 | 0.884 | 0.449 | 0.536
autos 0.438 | 0.500 0.640 0.360 | 0.280
breast-cancer 0.286 0.286 | 0.000 0.222 | 0.222
car 0.400 | 0.400 0.500 0.167 | 0.167
cleve 0.000 | 0.000 0.091 0.091 | 0.091
cmc 0.125 | 0.000 0.222 0.111 | 0.222
credit-rating 0.300 | 0.444 0.133 | 0.333 | 0.400
dermatology | 0.813 | 0.806 | 0.824 | 0.059 | 0.088
flags 0.556 | 0.714 0.862 0.690 | 0.517
Glass 0.125 | 0.125 0.000 0.111 | 0.111
heart-statlog 0.200 | 0.200 0.077 | 0.231 | 0.231
hepatitis 0.077 | 0.077 | 0.368 | 0.316 | 0.316
hypothyroid 0.200 | 0.200 | 0.862 | 0.828 | 0.828
ionosphere 0.636 | 0.636 | 0.647 | 0.029 | 0.029
labor 0.500 | 0.500 0.625 0.250 | 0.250
lung-cancer 0.905 | 0.905 | 0.929 | 0.250 | 0.250
lymphography | 0.357 | 0.438 | 0.500 | 0.222 | 0.111
mushroom 0.733 | 0.714 | 0.818 | 0.318 | 0.364
nursery 0.333 | 0.333 0.500 | 0.625 | 0.625
pima_diabetes | 0.000 | 0.000 | 0.125 | 0.125 | 0.125
primary= 1 5533 | 0.533 | 0.588 | 0.118 | 0.118
tumor
segment 0.467 | 0.467 0.579 0.211 | 0.211
tic-tac-toe 0.167 | 0.167 0.222 0.333 | 0.333
vehicle 0.000 | 0.000 0.111 0.111 | 0.111
breast-cancer | 0.556 | 0.556 0.556 0.000 | 0.000
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high correlations between variable to class. This has been
accomplished by a process of whenever a variable value is
detected to be part of a rule RMAM immediately erases
training instances connected with it hence minimizing any
possible overlap among variables in the data.

Table 4 shows the relative difference in terms of the
number of variables offered by RMAM when compared
with 1G, and CHI-SQR computed according to Equation
(1) and using the MHR search method. The relative
difference represents the percentage of variables RMAM
has selected for a dataset in contrast to the other
considered filter methods when using the MHR search
method. The relative difference figures in terms of the
number of chosen variables (Columns 1-2) show a
reduction by RMAM and for most of the datasets when
compared with IG, and CHI-SQR. The bold figures in
Table 4 pinpoint the datasets in which RMAM selected
more variables than any other considered filter method.

Relative Dif ference =

(FilterMethodNymof-var —RMAMNun—of-var )

FilterMethod (1)
Nun-of-var

Table 4 contains the relative difference between each
filter method including RMAM and the number of
variables in the original datasets respectively (Columns 3-
5). The results indicate that RMAM has reduced the search
space of the original datasets and is superior to the other
considered filter methods for most of the datasets. This is
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Figure 3: The errors behaviour on the Ecoli dataset by
the filter methods
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Figure 5: The errors behaviour on the Breast-cancer
dataset bv the filter
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apparent in datasets such as Anneal, Arrhythmia,
Audiology, Autos, Car, Dermatology and Lung-cancer.
RMAM has minimised the search space for these datasets
81.60%, 98.60%, 88.40%, 64%, 50%, 77.80% and 90.50%
respectively. The results also show a good reduction on
the search space of the original dataset for CHI-SQR and
IG methods yet RMAM has outperformed these methods
on most of the datasets. There were a few datasets in which
the considered filter methods have consistency in selecting
the number of variables such as Cleve, Pima-diabetes and
Vehicle. Consequently, for these three datasets, the filter
methods almost derive the complete variables set in the
original dataset. Hence such datasets appear to contain
highly correlated variables with the target variable.

4.4 Error rate results

Initially, we generated the error rates results per dataset
and for each filter method using the Naive Bayes
classifier. We derived the error rate and other performance
metrics per variables’ set by examining 1-Variable, 2-
Variable, 3-Variable, ..., N-Variable where N denotes the
number of variables in a dataset. Figures 3-10 illustrate
error rate behavior for 8 sample datasets and for the
considered variable selection methods. All the results have
been obtained after deriving the weights and ranking them
regardless of the filter method used. In other words, 1-
Variable error denotes the error rate obtained on the “top
ranked” variable for a filter method and using the
designated scores of that filter method for fair comparison.
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Figure 4: The errors behaviour on the Autos dataset by
the filter methods

Sum of errorRate

0.6
0.5

0.4
attEvalMethod v
03 RMAM

— CHI

02 L‘\ 16
Bt N

o —

1 3 5 7 9 11 13 15 17 19 21 23 25 27 23 31 33

numAtiributesToSelect v

Figure 6: The errors behaviour on the Dermatology
dataset by the filter methods
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The displayed results show that RMAM scales well in
terms of error rate with the other filter methods. For
example, on the Mushroom and Dermatology datasets
(Figures 10 and 6), the sum of errors using RMAM
selected variables are below those of CHI-SQR and IG.
Whereas, in Figures 9 and 8 (Cleve and Flag datasets) the
error figures of RMAM were a bit higher than those of
CHI-SQR and IG especially before 25 and 7 —Variables
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Figure 7. The errors behaviour on the Audiology
dataset by the filter methods

For example, in the Autos dataset (Figure 4) the error
rates generated against RMAM’s variables sets were
decreasing from 1-Variable to 7-Variable sets and then not
improving after the 7-Variable set. For the same dataset,
the error rate generated against IG’s Variables sets
decreases from 1-Variable to 4-Variable subsets,
increased from Variable-4 onward. The same pattern was
shown for CHI-SQR. However, for the error rates derived
against the Dermatology dataset (Figure 6), the pattern is
similar for the filter methods’ variables sets derived
classifiers with notable error’s stabilization for RMAM
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Figure 9: The errors behaviour on the Cleve dataset
by the filter methods

Table 5 displays the error rate, precision, recall and
F1 results derived on the datasets based on the cut-off
points of the MHR method and for each filter method on
the considered datasets using the Naive Bayes classifier.
In other words, we show in that table the classifiers’
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respectively. Lastly, Figure 4 depicts that the considered
filter method has a similar performance pattern in terms of
sum of errors. There are no clear patterns on the behavior
of error rate with respect to the number of selected
variables in most of the considered datasets. In addition,
there is no clear pattern on the performance of the
classifiers produced against the sets of variables per
dataset using the considered filter methods.
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Figure 8: The errors behaviour on the Flag dataset by
the filter methods

method after only selecting 7-variable set. Whereas 1G and
CHI-SQR error rate was stabilized after 19-variable set.

It is also noted in some Figures (e.g. Figure 4) that in
many cases when the number of variables increases this
has nothing to do with the error rate; this potentially
falsifies any claim that more variables lead to improved
performance of the classifiers. For instance, Figure 4
shows an increase in the error rate from after processing
5-variable subset in most cases regardless of the filter
method used.

Sum of errorRate
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attEvalMethod v

e _
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RMAM
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12345678 9510111213141516171819202122

numAttributesToSelect +

Figure 10: The errors behaviour on the Mushroom dataset
by the filter methods

results derived against the subsets of variables based on
the cut-off points per filter method and on each dataset.
The bold figures in column 2 reveal the datasets that
processed by Naive Bayes achieved the lowest error
percentage when employing the RMAM method with
MHR. There was better performance in terms of error rate
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on 13 datasets when subsets of variables were chosen by
RMAM and processed by Naive Bayes classifiers These
results on the datasets considered indicate that the RMAM
filter method was able to select good sets of variables
according to the suggested cut-off values computed by the
MHR Ranker method. This is clear in the results generated
against Anneal, Autos, lonosphere and Lung-cancer
among others. For these datasets and others not only did
RMAM with MHR Ranker select fewer variables and
reduce the search space of variables but also classifiers
derived against their subsets were superior to those
selected by other filter methods including CHI-SQR and

IG. This is beneficial for the following reasons:
1) A minimal set of variables is offered with a high
chance of good performance when compared to

2)
3)

4)

5)
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the complete dataset variables or variables
chosen by other filter methods

The end user can exploit and manage the entire
dataset using the offered variables

A reduction in the search space and computing
resources

The process of checking variable selection
outcomes manually by the recommended cut-off
points is replaced regardless of the filter method
used

A mathematical configuration of the cut-off is
used rather than a complete variable set ranked
based on scores

Table 5: Error, precision, recall and F1 rates derived by Naive Bayes algorithm on the selected variables of
RMAM and the other filter methods

Error % Precision % Recall % F1-Measure %
Dataset RMAM | IG gg; RMAM | IG g:; RMAM | 1G (s:gll; R“M"A IG (s:glr;
anneal 9.02 | 1492 | 1336 | 9401 | 93.11 | 93.50 | 90.98 | 85.07 | 86.63 | 9157 | 87.40 | 88.64
arrhythmia 3761 | 31.85 | 31.41 | 5415 | 6670 | 67.12 | 62.38 | 68.14 | 6858 | 57.10 | 66.66 | 67.10
audiology 3539 | 2610 | 2522 | 5547 | 67.92 | 6851 | 6460 | 73.89 | 7477 | 59.22 | 39.92 | 70.47
autos 38.04 | 4097 | 4195 | 6046 | 6274 | 62.64 | 61.95 | 58.02 | 58.04 | 6031 | 58.93 | 5833
breast-cancer 2762 | 2762 | 2762 | 7079 | 7112 | 7112 | 7237 | 7237 | 7237 | 7140 | 7153 | 7153
car 2089 | 1464 | 1464 | 7439 | 8491 | 8491 | 79.10 | 85.35 | 8535 | 7654 | 8457 | 8457
cleve 15.85 | 17.16 | 17.16 | 84.18 | 82.83 | 82.83 | 84.15 | 82.83 | 82.83 | 84.16 [ 82.83 [ 82.83
cmc 48.26 | 49.89 | 49.89 | 5314 | 5214 | 5214 | 5147 [ 50.10 [ 50.10 | 52.11 | 50558 | 50.58
credit-rating 2318 | 23.04 | 2304 | 7861 | 7863 | 78.63 | 7681 | 76.95 | 76.95 | 75.89 | 76.08 | 76.08
dermatology 874 | 163 | 163 | 9108 | 9872|9872 | 91.25 | 98.36 | 9836 | 90.07 | 98.34 | 98.34
flags 4381 | 3713 | 3917 | 5057 | 60.58 | 59.09 | s6.18 | 62.88 | 60.82 | 52.13 | 60.77 | 59.29
Glass 51.40 | 5223 | 5223 | 4955 | 4952 | 49.52 | 4859 | 47.66 | 47.66 | 4525 | 44.63 | 44.63
heart-statlog 1518 | 1592 | 1592 | 84.80 | 84.07 | 84.07 | 84.81 | 84.07 | 84.07 | 84.77 | 84.01 | 84.01
hepatitis 1483 | 1354 | 1290 | 8613 | 86.97 | 87.78 | 85.16 | 86.45 | 87.09 | 8554 | 86.47 | 87.36
hypothyroid 538 | 527 | 527 | 9332 | 9362 | 9362 | 9461 | 9472 | 9472 | 9352 | 93.77 [ 93.77
ionosphere 883 | 1783 | 1783 | 9115 | 84.17 | 8417 | 9116 | 82.62 | 82.62 | 91.16 | 82.90 | 82.90
labor 1403 | 1052 | 1228 | 8583 | 89.47 | 87.90 | 8596 | 89.47 | 87.71 | 85.78 | 89.47 | 87.78
lung-cancer 9.07 | 2187 | 2187 | 9049 | 77.47 | 77.47 | 9062 | 78.12 | 7812 | 9044 | 7771 | 77.71
lymphography 1824 | 1621 | 1959 | 8152 | 83.98 | 81.03 | 81.75 | 83.78 | 80.40 | 81.45 | 83.61 | 80.54
mushroom 118 | 428 | 438 | 9884 | 9595 [ 9580 | 98.81 | 95.71 | 95.80 | 98.81 | 95.70 | 95.60
nursery 1226 | 1234 | 1234 | 8583 | 8567 | 8567 | 87.73 | 87.65 | 87.65 | 86.69 | 86.61 | 86.61
pima_diabetes 2317 | 2356 | 2356 | 7637 | 7594 | 7504 | 76.82 | 76.43 | 76.43 | 76.47 | 76.03 | 76.03
primary-tumor 5899 | 5014 | 5014 | 3525 | 43.84 | 43.84 | 41.00 | 49.85 | 49.85 | 3509 | 45.48 | 45.48
segment 1956 | 2099 | 2099 | 81.06 | 80.67 | 80.67 | 80.43 | 79.00 | 79.00 | 80.56 | 76.58 | 76.58
tic-tac-toe 2693 | 2682 | 2682 | 7234 | 7249 | 7249 | 73.06 | 7317 | 73.17 | 70.87 | 70.96 | 70.96
vehicle 5427 | 5638 | 5638 | 5274 | 5049 | 5049 | 4527 | 4361 | 4361 | 41.22 | 39.40 | 39.40
Wisc":::‘c’:rrea“’ 414 | 400 | 400 | 9597 | 96.15 | 96.15 | 95.85 | 95.99 | 95.99 | 95.87 | 96.02 | 96.02
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The figures of Tables 2&4 suggest that in some cases
when RMAM cut-offs are larger than those of the
considered filter methods, the error rates of Naive Bayes
on RMAM’s variables sets are better than those derived
on the those of CHI-SQR and IG respectively. Noticeable
results were obtained on the Arrhythmia, Audiology, and
Dermatology datasets among others in which the error
rates derived by the Naive Bayes classifier against
RMAM’s variables subsets were larger than those derived
from the other filter method subsets. After a careful
investigation of these three datasets RMAM with the
MHR search method determines the cut-off point at an
earlier iteration than other filter methods.

For example, for the Audiology dataset RMAM
stopped adding variables when the variable set size was 8.
As a result, RMAM loses some predictive accuracy
performance on this dataset instead of appending more
variables for up52 to reach the optimal performance when
compared to the other filter methods. In other words, for a
saving of around 85% of the search space RMAM had to
sacrifice around 8% predictive accuracy.

A similar case is the Arrhythmia dataset in which
RMAM stops adding variables early at the 4-Variable set
instead of continuously appending more variables to reach
an optimal performance with respect to error rate at the 52-
Variable set. On these two datasets, CHI-SQR and IG
methods with MHR search methods retained (38, 32) and
(88, 94) variables respectively, aiming to enhance the
performance in the final sets offered to the end user. This
has resulted in an increase of predictive accuracy
performance by (6.20%, 6.42%) and (10.17%, 9.29%)
when processing the variables subsets of CHI-SQR and IG
on Arrhythmia and Audiology dataset respectively than
those of RMAM variables sets.

The precision and recall results shown in Table 5 are
consistent with the results reported earlier on error rate.
Naive Bayes derived better classifiers when processed
RMAM variables sets on 12, 13 and 13 datasets
respectively in terms of precision, recall and F1 metrics
To give insight on the precision and recall results we take
two datasets as samples:

e  One where Naive Bayes on RMAM variables set

produced higher results and

e One that produced low results when compared

with results obtained on IG, and CHI-SQR

For the first case, we used the lonosphere dataset that
contains 351 instances, 34 variables and a target class with
two possible values (Good, Bad). This dataset is
concerned with radar data to categorize the type of signals
in the ionosphere. The true positives, false positives, true
negatives and false negatives derived by Naive Bayes
against each filter method’s variables sets on the
lonosphere dataset are shown in Tables 6A-6C. In these
tables it is obvious that the numbers of misclassification
for class Good are higher than class Bad and for all subsets
of variables regardless of the filter method used.
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However, these numbers of misclassification are
smaller when RMAM variables sets are processed by
Naive Bayes algorithm; the false positives on RMAM are
14 for class Bad whereas 17 on the remaining filter
methods. In addition, Naive Bayes achieved a less false
negatives when it processed a RMAM variables set than
for those using other remaining filter methods. There were
15 false negatives on RMAM whereas 1G and CHI-SQR
variables set when processed by Naive Bayes resulted in
43 and 45 false negatives respectively These results
contributed to improving the recall and precision rates of
the derived classifiers on the RMAM variables set when
compared with those derived from IG and CHI-SQR
variables sets on this dataset.

For the second case we used the Car dataset and the
confusion matrix derived by the Naive classifier on the
distinctive variables sets of IG CHI-SQR and RMAM are
shown in Tables 7A-7C. This dataset consists of 6
variables excluding the target class and contains 1,728
instances and 4 possible class values (Unacc, Acc, Good,
VGood). The dataset is imbalanced in terms of the class
labels as Unacc class has 1,210 frequencies followed by
384, 69, and 65 frequencies respectively for Acc, Good
and VGood class labels. As a result, the confusion matrix
results show clearly that in most cases instances that
belong to class labels Acc, VGood and Good have been
misclassified by Naive Bayes to Unacc regardless of the
variables set processed. The case is clear when Naive
Bayes processed a RMAM variables set in which 484
misclassifications are encountered on Acc, VGood and
Good class labels.

Further, excluding variables Lug_boot and Maint

Table 6A: confusion matrix derived by Naive Bayes
on the RMAM variables set of lonosphere dataset

Bad Good
Bad 112 14
Good 15 210

Table 6B: confusion matrix derived by Naive Bayes
on the IG variables sets of lonosphere dataset

Bad Good
Bad 109 17
Good 43 182

Table 6C: confusion matrix derived by Naive Bayes
on the CHI-SQR variables sets of lonosphere dataset

Bad Good
Bad 109 17
Good 45 180

from the original Car dataset by RMAM the imbalanced
class labels issued have resulted in larger false negatives
at least for class labels Acc, VGood and Good. When these
two variables are included then Naive Bayes derived
better classifiers with respect to precision and recall (in the
case of the IG and CHI-SQR variables sets). These results,
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if limited, show that RMAM with the MHR Ranker
method is sensitive to the class imbalance issue in
classification datasets. Another probable reason is the
limited number of variables in the original Car dataset, i.e.
6, in which when 2 variables have not been included by
RMAM the performance of the classifiers deteriorated.
The precision and recall results on the Car dataset are
approximately 6% lower for classifiers generated from
RMAM variables set when compared with those generated
from IG and CHI-SQR.

The harmonic mean (F1) considers both recall and
precision especially in cases when datasets are imbalanced
with respect to class labels such as the Car dataset. Thus,
a weighted average of both the recall and precision can be
useful as error rate or predictive accuracy metrics do not
work well in cases when false negatives and false positives
are substantially different. The F1 scores obtained on the
different variable sets of the filter methods using the Naive
Bayes classifier are shown in Table 5. The F1 scores
results are consistent with the error rate, recall and
precision results reported earlier. When Naive Bayes has
been used to process the RMAM variables set the

Table 7A: confusion matrix derived by Naive Bayes
on the RMAM variables set of Car dataset

Unacc Acc Vgood Good
Unacc 1152 56 2 0
Acc 97 277 10 0
Vgood 0 45 18 6
Good 0 37 0 28

Table 7B: confusion matrix derived by Naive Bayes
on the I1G variables sets of Car dataset

Unacc Acc Vgood Good
Unacc 1142 52 11 5
Acc 336 46 2 0
Vgood 37 17 12 3
Good 27 28 9 1

Table 7C: confusion matrix derived by Naive Bayes
on the CHI-SQR variables sets of Car dataset

Unacc Acc Vgood Good
Unacc 1194 16 0 0
Acc 364 20 0 0
Vgood 63 6 0 0
Good 57 8 0 0

classifiers produced have superiority over those derived
from the variables sets of IG and CHI-SQR at least on 13
datasets.

45 Discussion

Across the 28 datasets, the proposed method demonstrated
strong performance while significantly reducing the
number of variables. In terms of dimensionality reduction,
it selected fewer variables than competing methods on 18
out of 28 datasets, achieving an average reduction of
75.20% compared to 44.66% and 50.00% for the
alternative methods. Importantly, this reduction did not
come at the cost of performance in most cases. The
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method achieved lower error rates on 13 datasets, while
also producing superior results in precision, recall, and F1-
score on 12-13 datasets. In a smaller number of datasets,
the method accepted minor reductions in predictive
performance (approximately 6-10%) in exchange for
dimensionality reduction particularly in high dimensional
settings. These trade-offs highlight the method’s ability to
balance performance and simplicity.

A key strength of the proposed approach is that it goes
beyond merely assigning scores to variables as it provides
a recommendation for the number of variables to retain,
offering a complete variable selection outcome. This is
particularly valuable in practical domains such as
medicine, finance, and security, where practitioners
require clear guidance rather than long, ambiguous ranked
lists of variables. By integrating both a scoring mechanism
and an automated cut-off procedure within a unified data
driven approach, the proposed method delivers a full
variable selection pipeline. This reduces reliance on user
judgment, minimizes the risk of subjective decisions, and
improves usability for both expert and non-expert users.

In interpreting the confusion matrices results, it is
important to consider the context in which the models are
applied for users working with imbalanced datasets. For
example, in the lonosphere dataset, RMAM achieved
fewer false positives and false negatives compared to
other methods, leading to improved precision and recall.
However, in datasets such as Car, where class distribution
is highly skewed, most data instances belong to a
dominant class (Unacc), which can bias the classifier
toward that class. As a result, minority classes (e.g., Acc,
Good, VGood) are more likely to be misclassified,
regardless of the variable selection method used.
Therefore, practitioners like those in domains such as
healthcare or fraud detection where minority classes are
critical should pay close attention to recall and precision
for minority classes rather than relying on overall
accuracy. In such cases, metrics like F1-score provide a
more balanced evaluation of model performance.

In practice, the proposed method can be integrated in
multiple domain applications to support managers, and
other stakeholders in key relate decision making. For
instance, the development of computer-aided diagnostic
tools, particularly for early dementia detection, the
proposed method can be integrated to help clinicians
understand variables, their interactions and more
importantly their importance to the disease progression. In
this context, cognitive and clinical data can be input into
the system, where the method identifies a compact set of
the most informative variables. These variables can then
be used to train classification models that assist clinicians
in identifying early signs of cognitive decline besides
mapping such variables to important cognitive domains.
The automated cut-off ensures that only the relevant
variables are retained thus simplifying interpretation and
decision-making. Once deployed within a clinical
decision-support system, the model can help in
pinpointing to key clinical and cognitive areas associated
with each patient over time thus providing timely alerts for
potential progression toward dementia.
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We have now clarified the computational aspects of
RMAM and MHR in the revised manuscript. From a
theoretical perspective, RMAM involves two main stages:
rule generation and variable scoring. The rule generation
process requires iterating over the training dataset and
computing IG for candidate variable-value pairs, leading
to an approximate complexity of O(n-m-logm), where n is
the number of variables and m is the number of instances.
The MHR ranking stage involves sorting and iterative
merging operations, with a complexity of O(nlogn), which
is comparable to standard ranking procedures.

From an empirical perspective, RMAM introduces
additional overhead compared to traditional filter methods
such as IG and CHI-SQR, primarily due to the rule
generation phase. However, this cost is incurred during
preprocessing and is offset by the significant reduction in
feature space (on average ~75%), which can reduce
downstream model training time.

In addition to computational considerations, the
method exhibits some sensitivity to design choices,
particularly in the discretisation of continuous variables
and the handling of missing values, which may influence
rule generation and subsequent variable ranking. The
quality and granularity of discretisation can affect
calculations thus potentially impacting which variables
are selected or discarded. Furthermore, RMAM is
primarily designed for structured, tabular data and may
require adaptation for non-tabular data types such as text,
images, or graph-based representations, where feature
interactions are less explicit and may not be easily
captured through rule-based formulations.

The approach may also be sensitive to class
imbalance, as rule generation is driven by frequency and
entropy reduction, which can bias the selection towards
dominant class patterns in skewed datasets. In addition,
while the MHR cut-off mechanism provides a practical
and automated threshold, its behaviour under different
data distributions has not been fully theoretically
characterised and may vary depending on dataset
properties. These limitations highlight potential areas for
future enhancement, including improving scalability
through optimisation or parallelisation, incorporating
imbalance-aware mechanisms, refining discretisation
strategies, and extending the framework to support more
complex and unstructured data modalities.

5 Conclusion

This paper presented RMAM and its associated ranking
mechanism (MHR) as a filter variable selection approach
aimed at reducing data dimensionality while providing a
practical recommendation for variable subset size. A key
contribution of this work lies in the integration of rule-
based variable weighting with an adaptive cut-off
mechanism thus enabling a complete variable selection
pipeline that not only ranks variables but also determines
how many should be retained without user intervention.
The empirical evaluation conducted on 27 benchmark
datasets demonstrated that RMAM consistently produces
compact variable subsets by selecting fewer variables than
competing methods on 18 datasets and achieving an
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average reduction of approximately 75.20%, compared to
44.66% and 50.00% for IG and Chi-Square, respectively.
Importantly, this reduction was achieved while
maintaining comparable predictive performance in most
cases, with lower error rates observed on 13 datasets and
improved precision, recall, and F1-scores on 12-13
datasets. The results further show that the MHR cut-off
mechanism effectively identifies a practical stopping
point, supported by observed error rate stabilisation when
incrementally adding variables. In some high-dimensional
cases, RMAM accepts a small reduction in predictive
accuracy (approximately 6-10%) in exchange for
substantial dimensionality reduction thereby highlighting
a practical balance between performance and simplicity.
From an applied perspective, the method offers clear
benefits by reducing the need for manual variable
inspection and supporting users in identifying concise and
interpretable variable sets.

Despite these encouraging results, several limitations
should be acknowledged. The evaluation was conducted
using a single classifier (Naive Bayes), and performance
may vary when integrated with other learning algorithms.
Additionally, while consistent empirical trends were
observed across heterogeneous datasets, further statistical
validation could strengthen the findings. The method also
showed sensitivity in datasets with strong class imbalance
or very small variable spaces. Moreover, the discretisation
of continuous variables and treatment of missing values
may influence the generated rules and subsequent
rankings. The reliance on entropy-based measures may
also limit sensitivity to complex non-linear relationships.
Future work will extend the evaluation to multiple
classifiers such as ensemble methods, investigate
robustness under varying data characteristics, and explore
integration with domain specific applications particularly
in medical contexts such as dementia diagnosis.
Additional directions include deeper analysis of cut-off
behaviour to enhance generalisability and practical
applicability.
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