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ABSTRACT: Term weighting scheme and feature selection are two fundamental components in text classification
(TC) systems, particularly in high-dimensional, multi-class, and imbalanced settings. Term weighting schemes aim
to improve document representation by emphasizing discriminative terms across classes, while feature selection (FS)
seeks to reduce dimensionality, eliminate irrelevant and redundant features, and enhance classification efficiency and
effectiveness. However, most existing studies focus on FS independently of the term-weighting strategy used during
document representation, thereby limiting the potential benefits of their interaction. This study addresses this gap by
pursuing two main objectives. First, it employs an enhanced supervised term-weighting scheme, namely MTF-MICF,
to construct a more stable and class-discriminative document representation, especially for imbalanced data. Second,
it investigates the effectiveness of integrating this scheme with a filter-based FS approach using Information Gain (IG)
at various levels of dimensionality reduction to assess the contribution of enhanced term weighting to the FS process.
Extensive experiments were conducted across 19 benchmark multi-class text datasets. The performance was evaluated
using F1-score and classification accuracy with the three prominent classifiers (MNB, SVM, and LR). The experimental
results demonstrate that the proposed approach consistently outperforms conventional methods, achieving significant
and stable improvements in both representation quality and classification performance. These findings confirm that
enhanced supervised term weighting can serve as an effective supporting mechanism for FS in high-dimensional
TC tasks.

KEYWORDS: Text classification; text categorization; feature selection; term weighting scheme; supervised term-
weighting scheme; filter feature selection

1 Introduction
In real-world scenarios, textual data is inherently diverse, inconsistent, and unstructured, which makes

its analysis particularly challenging for traditional computational methods. Moreover, most textual datasets
are extremely high-dimensional, as each document may generate thousands or even tens of thousands of
unique terms [1,2]. This high dimensionality, combined with the presence of irrelevant, redundant, and noisy
features, severely affects the efficiency and generalization capability of machine learning algorithms. The
abundance of uninformative features not only obscures meaningful patterns in data but also increases the
risk of overfitting and degrades classification performance.

High-dimensional feature spaces also impose substantial computational burdens. Irrelevant features
distract the learning process from informative patterns, redundant features unnecessarily enlarge the feature
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space without adding new information, and noisy features introduce random fluctuations that mislead
learning algorithms, resulting in unstable models and higher error rates [3–5]. These challenges become
even more critical in multi-class TC settings, where documents must be assigned to one of many possible
categories under complex and often imbalanced data distributions.

TC has therefore become an essential supervised learning paradigm for organizing and managing the
rapidly growing volume of unstructured textual data. Its main objective is to automatically and systematically
assign documents to predefined categories or topics [6,7]. A typical TC pipeline consists of several funda-
mental stages: text preprocessing, feature extraction (document representation), dimensionality reduction
through FS, classification, and evaluation [8–11].

Among these stages, feature extraction and FS are widely recognized as two of the most critical
components, as they directly determine the quality of the input representation provided to the learning
algorithm. Feature extraction in TC is commonly performed using the bag-of-words (BoW) and the Vector
Space (VSM) models, where documents are represented as vectors of term frequencies [12]. To enhance
this representation, term-weighting schemes are employed to assign importance scores to terms, thereby
reflecting their contribution to distinguishing between classes [13–15].

Term-weighting schemes can be broadly categorized into unsupervised and supervised approaches
[16–18]. Unsupervised schemes, such as Term Frequency-Inverse Document Frequency (TF-IDF) or their
variants, assign weights based solely on term distribution within documents and across the corpus, without
exploiting class label information. While computationally simple, these methods often fail to adequately
capture the discriminative power of terms in multi-class and imbalanced settings. In contrast, super-
vised term-weighting schemes explicitly incorporate class information to emphasize terms that are more
discriminative across categories, yielding more informative, task-oriented document representations.

Motivated by this observation, this study adopts an enhanced supervised term-weighting scheme,
namely Modified Term Frequency-Modified Inverse Class Frequency (MTF-MICF), which extends the
traditional Term Frequency-Inverse Class Frequency (TF-ICF) formulation by improving term frequency
normalization and class-discriminative weighting. This scheme is specifically designed to mitigate
document-length bias, preserve frequency information, and enhance inter-class separability, making it
particularly suitable for multi-class imbalanced TC.

Despite the benefits of advanced term-weighting schemes, the resulting feature space often remains
extremely large, containing tens or hundreds of thousands of features, many of which are still irrelevant or
redundant for the learning task. Such non-informative features introduce noise, increase computational cost,
and degrade model performance [19,20]. To address this issue, FS is commonly employed as a dimensionality
reduction technique to identify the most informative subset of features.

FS methods are generally classified into filter, wrapper, embedded, and hybrid approaches [8]. Filter
methods evaluate features using statistical or information-theoretic criteria independently of the classifier,
offering high computational efficiency and scalability to large datasets [10]. Wrapper methods utilize a
learning algorithm to evaluate feature subsets, often achieving higher accuracy but at the cost of significantly
higher computational complexity [21]. Embedded methods integrate FS into the classifier’s training process,
while hybrid methods aim to combine the advantages of filter and wrapper methods [8,22].

In this study, a filter-based approach using IG is adopted due to its simplicity, efficiency, independence
from classifiers, and proven effectiveness in high-dimensional TC problems. Moreover, IG provides a stable
and interpretable criterion for ranking features based on their discriminative power across classes, making
it particularly suitable for large-scale multi-class datasets.
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Unlike most existing studies, which treat term weighting and feature selection as independent stages,
this work explicitly investigates their interaction by positioning the enhanced supervised term-weighting
scheme as a supporting mechanism for FS. Where term-weighting schemes assign importance scores to
all terms, while FS methods further rank and filter them to retain only the most discriminative terms
for document representation. Specifically, this study aims to demonstrate that improving document repre-
sentation quality via MTF-MICF can significantly enhance the effectiveness of subsequent filter-based FS
across different levels of dimensionality reduction. The proposed framework is extensively evaluated on
multiple benchmark multi-class datasets using F1-score and classification accuracy, with results confirming
its effectiveness and generalization. The contributions of this study are as follows:

• Introduces a unified framework that explicitly integrates an enhanced supervised term-weighting
scheme (i.e., MTF-MICF) with filter-based FS, allowing term weighting to function as a supporting
mechanism for improving FS effectiveness rather than treating the two stages independently.

• Employs the MTF-MICF scheme to enhance document representation quality by strengthening
class discrimination, mitigating document-length bias, and preserving meaningful term frequency
information, particularly in multi-class imbalanced settings.

• Provides a comprehensive experimental investigation of how enhanced supervised term weighting
influences the effectiveness of IG-based FS across multiple dimensionality levels, while further validat-
ing the results using additional filter-based methods, namely ReliefF and Chi-square.

• Conducts an extensive, large-scale evaluation on 19 widely recognized multi-class benchmark text
datasets using three prominent classifiers (MNB, SVM, and LR) to ensure the robustness, consistency,
and generalizability of the proposed framework.

The remainder of this paper is organized as follows. Section 2 reviews recent studies on term-weighting
schemes and feature selection methods for text classification. Section 3 presents the proposed methodology
and provides a comprehensive and systematic investigation of the interdependent effects of term weighting
schemes and feature selection. Section 4 reports and discusses the experimental results. Finally, Section 5
concludes the paper and outlines directions for future work.

2 Related Works
This section reviews related studies on term-weighting schemes and feature selection methods for text

classification and discusses the main limitations of existing approaches in handling unstructured and high-
dimensional vector spaces.

2.1 Variants of the Term Weighting Schemes
Term-weighting schemes used in TC are generally divided into unsupervised and supervised

approaches, depending on whether class-label information is incorporated into the weighting process
[16–18]. Unsupervised schemes estimate term importance solely from term-document and term-corpus
statistics and assume that distributional properties such as frequency and dispersion are sufficient for clas-
sification [23,24]. While computationally efficient, these methods often fail to capture class-discriminative
information, especially in multi-class and imbalanced settings.

Among unsupervised schemes, Term Frequency (TF) and TF-IDF remain the most widely used.
TF emphasizes frequently occurring terms but tends to overweight non-informative words, is sensitive
to document length, and cannot distinguish between locally frequent but globally uninformative terms
[14,25–28]. TF-IDF mitigates some of these issues by penalizing ubiquitous terms, yet it has been shown to
favor majority-class terms because global term distributions reflect corpus-level imbalance, which degrades
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minority-class performance [25,28–30]. Several enhanced unsupervised variants, such as TFmeanIDF, mTF,
and mIDF, attempt to improve stability and balance between local and global statistics [16,31], but they remain
fundamentally class-agnostic and thus inherit similar structural limitations.

To overcome these drawbacks, supervised term-weighting schemes incorporate class-label information
to improve term discrimination [23,32]. Early work replaced the IDF component with FS criteria, such as
Chi-squared (CHI), IG, Mutual Information (MI), and Odds Ratio (OR), leading to schemes like TF-CHI and
TF-IG [33], followed by other variants such as TF-OR and TF-MI [34,35]. Class-indexing approaches, notably
TF-ICF, further extended IDF to the class level by emphasizing terms concentrated in fewer categories [36].
However, TF-ICF and its extensions, such as TF-IDF-ICF and TF-IDF-ICSδF, still rely on relatively coarse
class modeling and may penalize representative terms that appear across multiple classes [37–39].

More recent studies explored alternative class-aware criteria, including Term Frequency-Relevance
Frequency (TF-RF), Term Frequency-Inverse Gravity Moment (TF-IGM), and their improved variants,
as well as entropy-based schemes such as Cumulative Residual Entropy (CRE) and Distorted Cumulative
Residual Entropy (DCRE), to better characterize term distribution across categories [15,31,37,39,40]. Another
direction integrates FS criteria into term weighting, leading to Modified Distinguishing Feature Selector
(MDFS) and MTF-based schemes that alleviate document length bias and improve weighting stability [14,41].

In summary, although unsupervised term-weighting schemes have played a foundational role in vector-
space text representation, their inability to exploit class-distribution information fundamentally limits their
discriminative capability in modern multi-class and imbalanced TC tasks. This shortcoming has driven the
development of supervised and class-aware weighting strategies.

Nevertheless, despite notable advances, existing supervised term-weighting methods still exhibit several
inherent limitations, including coarse modeling of class information, sensitivity to class imbalance, and
limited ability to capture fine-grained term-class interactions in high-dimensional, sparse feature spaces.
These challenges continue to motivate the pursuit of more accurate, adaptive, and highly discriminative
supervised term-weighting schemes.

2.2 Feature Selection for Text Document Classification
Following the discussion on term weighting schemes, it is important to emphasize that weighting alone

is insufficient to address the high intrinsic dimensionality of BoW text representations. Text documents
typically contain tens of thousands of features, many of which are irrelevant, redundant, or only weakly
correlated with class labels [42]. Such nondiscriminative features not only increase computational cost and
memory consumption but also amplify noise and often degrade classification performance, particularly in
large-scale, imbalanced text corpora [11].

FS plays a complementary and indispensable role by identifying a compact subset of the most informa-
tive and discriminative features, thereby reducing dimensionality while preserving essential semantic and
discriminative content [43]. By eliminating noisy and redundant terms, FS improves learning efficiency,
enhances generalization, and stabilizes classifier performance [6,44,45]. Based on the interaction between
the selection process and the learning model, FS methods for TC are commonly categorized into three main
paradigms: filter, wrapper, and hybrid approaches [8,21,46,47].

Filter methods operate independently of any classifier and rely on statistical, information-theoretic, or
correlation-based criteria to estimate feature relevance [11]. Typical measures include distance, consistency,
dependency, information, and correlation metrics [46]. These methods are further divided into univariate
and multivariate approaches [3,48,49]. Univariate methods evaluate each feature independently and thus
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ignore redundancy among features, whereas multivariate methods jointly consider both feature relevance
and inter-feature dependencies, enabling them to better handle redundant and interacting features [46,50].

Due to their simplicity, scalability, and low computational cost, filter methods have been widely adopted
in TC [51,52], and numerous effective techniques have been proposed in the literature [53–57]. However,
despite their efficiency, filter methods suffer from a fundamental limitation: they evaluate features in isolation
from the classifier and therefore cannot guarantee optimal performance for a specific learning algorithm.

To alleviate the instability and bias of single-criterion filters, recent studies have increasingly explored
ensemble-filter-based FS strategies that aggregate multiple ranking criteria to improve robustness, con-
sistency, and selection reliability [58,59]. By leveraging the complementary strengths of diverse selection
metrics, ensemble filters have demonstrated improved stability and more reliable performance across
different datasets [60,61]. Nevertheless, even ensemble filters remain fundamentally disconnected from the
classifier’s actual decision boundaries.

Wrapper methods overcome this limitation by directly integrating a learning algorithm into the FS
process. Candidate feature subsets are evaluated using a classifier-driven fitness function, and the search
process explicitly accounts for feature interactions and model-specific performance. This tight coupling
often yields more compact and highly discriminative feature subsets, leading to superior classification
performance compared to filter methods [1,8]. However, this advantage comes at the cost of substantially
higher computational complexity, since wrapper methods require repeated model training and validation,
especially when cross-validation is employed [19,22]. Consequently, classical exhaustive or greedy wrapper
searches become impractical for high-dimensional text spaces, where the FS problem is inherently NP-hard.

To address the combinatorial complexity of wrapper-based FS, metaheuristic optimization algorithms
have become the dominant paradigm. These methods are particularly suitable for large, nonlinear, and
high-dimensional search spaces due to their stochastic, population-based, and adaptive exploration mech-
anisms [62]. Recent research has increasingly focused on improved, hybridized, and problem-adapted
metaheuristic wrappers to enhance convergence speed, stability, and solution quality in high-dimensional
text FS problems [21].

Despite their effectiveness, pure wrapper-metaheuristic approaches remain computationally expensive
due to repeated classifier evaluations over large feature spaces. To mitigate this limitation, hybrid filter-
wrapper FS frameworks have emerged as a pragmatic and powerful solution. In these approaches, a filter
stage (e.g., IG, CHI, or ensemble filters) is first used to aggressively reduce dimensionality, followed by a
metaheuristic wrapper stage that refines the reduced feature subset and exploits feature interactions [63].

This strategy achieves a better balance between efficiency and effectiveness. It has gained increasing
attention in recent years, as evidenced by a growing body of work, including in [64–67] and the recent com-
prehensive review by Alyasiri et al. [8,21]. More recently, ensemble filter and hybrid wrapper metaheuristic
frameworks have been proposed to simultaneously address (i) the instability of single-filter methods and (ii)
the premature convergence of wrapper metaheuristic optimization algorithms [63,68].

Despite these advances, several critical research gaps remain. First, most existing FS frameworks
implicitly assume a generic classification setting and rarely consider the specific characteristics of multi-
class imbalanced text data. Second, contemporary studies predominantly focus on improving the search
strategy or subset evaluation mechanism while overlooking the foundational role of document represen-
tation quality. In most frameworks, term weighting is treated as a fixed preprocessing step, and FS is
optimized independently of representation-level improvements. Third, limited attention has been given to
systematically analyzing how supervised, task-aware term-weighting schemes can influence feature relevance
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estimation, ranking stability, and dimensionality reduction effectiveness, particularly in high-dimensional,
sparse vector spaces.

These gaps are especially critical in multi-class imbalanced TC scenarios, where representation quality
directly affects class separability and the statistical reliability of feature evaluation metrics such as Information
Gain. Ignoring this interaction may limit the true potential of both term weighting and FS.

Motivated by these limitations, the present study proposes an integrated and task-aware framework that
explicitly links enhanced supervised term weighting (i.e., MTF-MICF) with filter-based FS using Information
Gain, ReliefF, and Chi-square. Unlike conventional approaches that treat representation and FS as isolated
stages, this work positions supervised term weighting as a supporting mechanism that enhances feature
relevance estimation prior to dimensionality reduction. Through systematic experimentation across multiple
dimensionality reduction levels and extensive evaluation on benchmark multi-class datasets, this study
provides a principled and experimentally validated analysis of the interaction between representation quality
and feature selection effectiveness.

3 Methodology
This section presents a comprehensive and systematic investigation of the interdependent effects of term

weighting schemes and FS, both of which play crucial roles in optimizing classification performance in multi-
class TC scenarios. In doing so, this section outlines and summarizes the overall experimental methodology
adopted to achieve the research objectives.

As illustrated in Fig. 1, the proposed framework follows a structured pipeline that begins with text data
preparation and preprocessing. Subsequently, documents are represented using the BoW and VSM models.
Within this representation stage, the impact of term weighting schemes, particularly when combined with
FS, is systematically examined. The proposed methodology comprises two main components: (i) introducing
an enhanced supervised term weighting scheme, namely Modified Term Frequency-Modified Inverse Class
Frequency (MTF-MICF), to improve the quality and discriminative power of feature representation; and (ii)
applying the IG filter as a FS mechanism to perform dimensionality reduction and to assess the effectiveness
of MTF-MICF when integrated with FS in enhancing classification efficiency.

Figure 1: The research methodology phases.



Comput Mater Contin. 2026;87(3):101 7

After data preprocessing, feature extraction, and FS, the datasets are partitioned using a holdout strategy,
with 80% allocated to training and validation, and the remaining 20% reserved as an independent test set.
To address class imbalance and preserve the original class distribution, stratified 10-fold cross-validation is
applied to the training portion during model learning and hyperparameter optimization. This validation
strategy ensures reliable model selection, reduces performance variance, and guarantees fair representation
of minority classes across all folds [69]. Finally, the selected model is evaluated on the unseen test set, which
is kept completely isolated from both training and validation processes. This protocol provides an unbiased
estimate of the model’s generalization performance and minimizes the risk of overfitting.

3.1 The Benchmark Datasets
This study employs nineteen text collections extracted from several well-established benchmark cor-

pora, including Reuters-21578, TREC, OHSUMED, and the WebACE project (WAP), as reported in [70].
These datasets cover a wide range of textual domains, including news articles, medical documents, web pages,
and TREC collections, thereby enabling a comprehensive evaluation of the proposed approach across diverse
application contexts and supporting the development of an accurate, generalizable model.

The selected datasets exhibit substantial variability in size, dimensionality, and class composition,
reflecting varying levels of classification difficulty. In many cases, the datasets are characterized by very large
vocabularies relative to the number of documents, leading to extremely high feature-to-instance ratios and
highly sparse document representations. Such properties are well known to pose significant challenges for
learning algorithms, as excessive sparsity can hinder effective pattern learning and degrade classification
performance [71,72].

The summary of the characteristics of the nineteen text collections is reported in Table 1.

Table 1: The characteristics of the benchmark datasets used in the experiments.

Dataset #Doume-nts #Features #Clases #Min
Class

#Max
Class

#Avg
Class

Matrix
Sparsity Domain

fbis 2463 2000 17 38 506 144.9 92.04%
News

articles
la1s 3204 13,196 6 273 943 534.0 98.90%
la2s 3075 12,433 6 248 905 512.5 98.84%

new3s 9558 26,832 44 104 696 217.2 99.13%

oh0 1003 3182 10 51 194 100.3 98.35%

Medical
Documents

oh10 1050 3238 10 52 165 105.0 98.28%
oh15 913 3100 10 53 157 91.3 99.97%
oh5 918 3012 10 59 149 91.8 98.19%

ohscal 11,162 11,465 10 709 1621 1116.2 99.47%

re0 1504 2886 13 11 608 115.7 98.21% News
articlesre1 1657 3758 25 10 371 66.3 98.60%

tr11 414 6429 9 6 132 46.0 95.62%

TREC
Documents

tr12 313 5804 8 9 93 39.1 95.29%
tr21 336 7902 6 4 231 56.0 94.05%
tr23 204 5832 6 6 91 34.0 93.39%
tr31 927 10,128 7 2 352 132.4 97.35%
tr41 878 7454 10 9 243 87.8 99.74%
tr45 690 8261 10 14 160 69.0 96.60%
wap 1560 8460 20 5 341 78.0 98.33% Web pages
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3.2 Feature Extraction/Documents Representation
Among the most widely adopted document representation models in TC are BoW and VSM. These

approaches transform each document into a numerical vector of terms (features), where each dimension
corresponds to a distinct term in the vocabulary and is typically associated with its frequency of occurrence
within the document. To further refine this representation and enhance its discriminative capability, term
weighting schemes assign importance scores to features based on their contribution to distinguishing
documents and classes. In this study, an enhanced supervised variant of the Term Frequency-Inverse Class
Frequency (TF-ICF) scheme, referred to as MTF-MICF, is adopted from our previous work to improve
document representation quality in multi-class imbalanced TC scenarios.

The proposed MTF-MICF scheme is specifically designed to enhance class discrimination and provide
more informative input representations for subsequent FS and classification stages. By producing a more
discriminative, class-aware term weighting, it facilitates the removal of non-informative features during FS
and consequently improves overall classification performance.

The MTF-MICF scheme integrates two complementary components. First, it incorporates a Modified
Term Frequency (MTF) factor to preserve informative term frequencies while mitigating bias introduced by
variations in document length [14], calculated as:

MTF (ti , dk) =

�
��� fi k ⋅ log2 (1 + avg− l

l (dk)
) (1)

where f ik is the raw term frequency of term ti in dk, and l(dk) is the document length of dk, which is defined
as the sum of all term frequencies, and avg_l is the average document length of all training documents.

Second, it introduces a Modified Inverse Class Frequency (MICF) component that jointly considers: (i)
the number of categories in which a term appears, and (ii) the average frequency of that term within each
category. This dual modeling strategy enables a more balanced, accurate, and class-aware estimation of term
importance, particularly in multi-class and imbalanced data settings. The MICF component is computed as
follows: (i) The average frequency of each term ti within each category j is calculated as:

avg_freq
(category j)
t i

= 1
N j
∑

k∈D j

xi k (2)

where avg_freq
(category j)
t i

is the average frequency of the term ti in category j. N j is the number of documents
in category j. D j is the set of document indices in category j. xi k is the frequency of the term ti in document k.

Next, (ii) the average frequency of each term across all categories is computed as:

avg_ freq tti =
1
C

C
∑
j=1

avg_ freq
(category j)
t i

(3)

where avg_freqt i
is the average frequency of a term ti in category j. C is the total number of categories.

avg_freq
(category j)
t i

is the average frequency of a term ti in category j.
(iii) to balance the influence of class dispersion and frequency distribution, a weighting parameter α is

introduced. This parameter controls the trade-off between the number of categories in which a term appears
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and its average frequency across categories. Accordingly, the proposed Modified Inverse Class Frequency
(MICF) is defined as:

MICF(t i ,d j ,ck) = 1 + log(α ⋅ C
cti

+ (1 − α) ⋅ avg f reqti) (4)

where α is a weight parameter (0.5 by default). C denotes the total number of predefined categories in the
collection. cti is the count of categories in which the term ti appears. avg f reqti is the average frequency of
a term ti across all categories.

Finally, the complete MTF-MICF weighting scheme is formulated as:

MTF −MICF (ti , d j , ck) = MTF (ti , dk)∗MICF (ti , d j , ck) (5)

where MTF (ti , dk) is Modified Term Frequency calculated as in Eq. (1). MICF (ti , d j , ck) is the proposed
modified inverse class frequency calculated as in Eq. (4).

3.3 Dimensionality Reduction Technique
The dimensionality reduction experiment in this study serves a twofold purpose. First, it aims to

eliminate irrelevant and weakly informative features, producing compact, discriminative feature subsets that
reduce noise, computational complexity, and the risk of overfitting in high-dimensional TC tasks. Given the
large variability in vocabulary size and feature dimensionality across benchmark datasets, a fixed set of top-N
ranked features is employed to ensure a controlled, dataset-independent evaluation framework.

Since there is no universally standardized range of feature dimensionalities in the literature, many
previous studies have explored different dimensionalities to analyze model behavior and performance
[61,73–75]. Following this common practice, the number of selected features K is set to range from 200
to 1000 features, with increments of 200 (200, 400, 600, 800, 1000), and an additional setting with 2000
features is included as a reference, corresponding to the maximum dimensionality used in the fbis dataset.
This configuration enables a systematic investigation of the impact of feature dimensionality on classification
performance and provides a consistent basis for evaluating the effectiveness of the proposed MTF-MICF
scheme across datasets with diverse attribute spaces and class distribution.

Second, the experiment is designed to investigate the interaction between FS and the proposed MTF-
MICF term weighting scheme under varying reduction ratios using a filter-based approach. By evaluating
performance across multiple feature subset sizes, the study assesses its strength and discriminative capacity
under both aggressive and moderate feature reduction settings, thereby assessing its ability to preserve
informative features as dimensionality decreases.

For this purpose, IG is adopted as the filter-based FS method due to its proven effectiveness in
high-dimensional TC. IG measures the reduction in class uncertainty contributed by each feature and
ranks them, accordingly, retaining only the most informative terms [66]. This process significantly reduces
dimensionality while maintaining strong discriminative power and computational efficiency. Additionally,
two widely used filter-based FS techniques, namely Chi-Square (CHI) and ReliefF, were employed to further
evaluate the generalizability of the proposed model across different feature ranking strategies.
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3.4 Machine Learning Algorithm
To ensure a comprehensive, consistent, and unbiased evaluation, this study adopts the three best-

performing classifiers identified as statistically significant in our previous work [76].

3.4.1 Multinomial Naive Bayes (MNB)
MNB is chosen for its simplicity, computational efficiency, and well-established effectiveness in TC

tasks, particularly in scenarios where term frequency information plays a dominant role. Despite its strong
conditional independence assumption, MNB remains a competitive and reliable baseline for textual data. In
this study, MNB is implemented using its standard formulation with default parameter settings.

3.4.2 Support Vector Machine (SVM)
SVMs are particularly well-suited for high-dimensional, sparse feature spaces, which are characteristic

of TC problems. By constructing an optimal separating hyperplane, SVM effectively handles large-scale
feature spaces while maintaining strong generalization performance. In this study, a linear SVM is employed
using the LIBLINEAR library with L2-regularized L2-loss support vector classification (dual formulation) to
ensure both scalability and robustness.

3.4.3 Logistic Regression (LR)
LR is a widely used discriminative linear classifier in TC. Unlike linear regression, LR models class

membership probabilities through a sigmoid function, thereby providing valid probabilistic outputs. In this
study, LR is implemented using LIBLINEAR with L2-regularized logistic regression (dual formulation) to
achieve stable, efficient, and scalable optimization.

3.5 Evaluation Metrics
In TC, particularly in topic classification tasks involving multi-class and imbalanced datasets, selecting

appropriate evaluation metrics is crucial for obtaining reliable and meaningful performance estimates.
Relying solely on classification accuracy is often inadequate, as it can be biased toward majority classes and
may therefore fail to reflect true predictive performance in minority classes [8,76].

For this reason, more informative metrics, such as the F1-score, which combines Precision (P) and Recall
(R), are widely recommended [11]. The F1-score provides a balanced trade-off between False Positives (FP)
and False Negatives (FN) and thus offers a more robust and reliable assessment of classifier performance
under class imbalance conditions. Therefore, in this study, the proposed models are evaluated using both
classification accuracy and the weighted-average F1-score, computed from the standard confusion matrix
components: True Positives (TP), True Negatives (TN), FP, and FN.

Precision = TP
TP + FP

(6)

Recall = TP
TP + FN

(7)

F1 − score = 2 (Precision ∗ Recall)
Precision + Recall

(8)

Accuracy = TP + TN
TP + TN + FP + FN

(9)
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4 Results and Discussions

4.1 Experimental Evaluation of MTF-MICF with IG Based on Different Dimension Ratios
Tables 2–4 present a comparative evaluation between the baseline term-weighting scheme (standard

Term Frequency—TF) and the enhanced supervised weighting scheme (MTF-MICF), both integrated with
IG-based FS across multiple dimensionality levels (200–2000 features). Across the majority of datasets and
dimensionality levels, integrating MTF-MICF with IG consistently improves both F1-score and classification
accuracy for MNB, SVM, and LR. The improvements are particularly pronounced for MNB and LR,
confirming that enhanced supervised weighting strengthens discriminative term representation prior to
feature ranking.

Table 2: F1-score and classification accuracy comparisons of IG filter FS based on TF and the proposed MTF-MICF
based on MNB.

Dataset
FS = 200 FS = 400 FS = 600

TF MTF-MICF TF MTF-MICF TF MTF-MICF

F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc.

fbis 72.36 71.81 78.10 77.89 77.03 76.06 79.03 78.90 75.61 74.85 79.16 78.90
la1s 84.27 84.24 84.77 84.71 86.30 86.27 89.72 89.70 87.15 87.21 89.69 89.70
la2s 84.20 84.23 87.63 87.48 84.61 84.72 88.69 88.62 84.79 84.88 87.98 87.97

new3s 69.67 70.40 73.56 74.01 73.83 74.37 77.57 77.93 74.44 74.84 78.86 79.29
oh0 86.85 86.57 92.55 92.54 87.59 87.56 94.11 94.03 88.65 88.56 96.02 96.02
oh10 78.10 78.10 83.94 84.29 79.13 79.05 82.72 82.86 79.14 79.05 83.72 83.81
oh15 83.09 83.61 87.06 87.43 85.50 85.79 86.73 86.89 84.73 85.25 86.78 86.89
oh5 83.48 83.70 89.30 89.67 85.69 85.87 91.07 91.30 88.43 88.59 90.65 90.76

ohscal 72.94 72.68 73.05 72.86 73.14 73.09 75.01 74.92 73.08 73.04 75.02 74.97
re0 81.38 80.40 79.56 79.07 81.35 80.73 79.56 79.40 81.03 80.73 79.31 79.07
re1 82.68 82.83 83.47 83.13 82.35 83.13 84.99 84.94 82.30 83.73 83.44 83.73
tr11 91.04 90.36 89.54 89.02 89.52 89.16 94.08 93.90 88.42 87.95 94.23 93.90
tr12 82.75 82.54 88.81 88.89 82.66 82.54 91.87 92.06 84.43 84.13 91.69 92.06
tr21 73.76 69.12 88.70 88.06 69.03 66.18 88.95 88.06 70.45 67.65 90.20 89.55
tr23 64.65 60.98 87.95 87.80 69.21 65.85 90.32 90.24 68.87 65.85 90.32 90.24
tr31 92.26 91.40 98.39 98.38 91.91 90.86 97.41 97.30 92.68 91.40 95.77 95.68
tr41 91.88 91.48 93.31 93.10 91.77 91.48 93.85 93.68 93.36 93.18 96.06 95.98
tr45 81.05 78.99 94.18 94.20 84.32 84.06 95.03 94.93 84.87 84.78 93.45 93.48
wap 79.32 79.81 80.65 82.32 79.39 80.45 82.12 83.60 81.88 82.69 81.42 82.96

Average 80.83 80.17 86.03 86.05 81.81 81.43 87.52 87.54 82.33 82.02 87.57 87.63

Dataset
FS = 800 FS = 1000 FS = 2000

TF MTF-MICF TF MTF-MICF TF MTF-MICF

F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc.

fbis 76.28 75.86 79.02 78.70 77.60 77.08 80.16 79.72 75.92 75.66 80.26 80.12
la1s 87.90 87.99 89.87 89.86 88.41 88.46 90.98 90.95 90.74 90.80 91.93 91.89
la2s 85.79 85.85 88.49 88.46 86.66 86.67 89.77 89.76 88.64 88.62 90.94 90.89

(Continued)
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Table 2 (continued)

Dataset
FS = 800 FS = 1000 FS = 2000

TF MTF-MICF TF MTF-MICF TF MTF-MICF

F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc.

new3s 74.52 74.90 79.83 80.13 75.08 75.26 81.08 81.17 76.33 76.57 81.38 81.43
oh0 89.15 89.05 96.54 96.52 89.16 89.05 96.54 96.52 88.23 88.06 95.04 95.02
oh10 78.01 78.10 82.97 83.33 80.57 80.48 84.56 84.76 78.19 78.57 84.68 84.76
oh15 84.11 84.70 86.66 86.89 85.27 85.79 87.54 87.98 86.63 86.89 88.38 88.52
oh5 86.83 86.96 88.53 88.59 87.85 88.04 90.11 90.22 84.19 84.24 91.73 91.85

ohscal 72.80 72.86 75.02 75.01 73.02 73.09 75.65 75.64 73.91 74.07 75.54 75.55
re0 81.99 81.73 80.27 80.07 81.53 81.40 80.34 80.07 81.47 81.40 78.67 78.41
re1 79.79 81.63 84.83 85.24 79.28 81.02 84.83 85.54 81.57 83.73 85.55 86.14
tr11 91.92 91.57 93.03 92.68 90.81 90.36 94.23 93.90 88.69 87.80 94.18 93.90
tr12 83.02 82.54 91.69 92.06 88.42 88.89 95.09 95.24 87.56 87.30 91.69 92.06
tr21 71.57 69.12 88.73 88.06 71.20 69.12 88.73 88.06 72.48 70.15 91.74 91.04
tr23 73.92 70.73 90.32 90.24 71.47 68.29 92.68 92.68 73.04 70.73 88.28 87.80
tr31 93.14 92.47 96.25 96.22 92.58 92.47 96.28 96.22 93.65 93.51 97.35 97.30
tr41 93.33 93.18 96.10 95.98 93.89 93.75 96.10 95.98 95.46 95.40 96.10 95.98
tr45 85.53 85.51 94.20 94.20 84.80 84.78 94.92 94.93 86.92 86.96 94.92 94.93
wap 81.47 82.69 81.86 83.28 79.74 81.41 81.16 82.96 79.90 81.67 79.10 80.71

Average 82.69 82.50 87.59 87.66 83.02 82.92 88.46 88.54 83.34 83.27 88.29 88.33

Note: The bold values indicate the best performance (i.e., the highest average score) achieved among the compared
methods in all datasets.

Table 3: F1-score and classification accuracy comparisons of IG filter FS based on TF and the proposed MTF-MICF
based on SVM.

Dataset
FS = 200 FS = 400 FS = 600

TF MTF-MICF TF MTF-MICF TF MTF-MICF

F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc.
fbis 78.79 79.11 78.96 79.31 76.60 76.67 80.77 80.73 78.23 78.50 82.63 83.16
la1s 85.62 85.65 87.14 87.21 85.63 85.49 88.00 87.99 83.36 83.15 86.87 86.90
la2s 85.54 85.53 89.42 89.43 85.38 85.37 88.52 88.62 85.69 85.85 86.48 86.50

new3s 75.13 75.26 78.49 78.92 77.30 77.35 81.55 81.59 79.93 79.92 82.02 82.11
oh0 83.61 83.58 86.63 86.57 85.17 85.07 90.18 90.05 84.05 84.08 89.67 89.55
oh10 76.12 75.71 78.57 78.10 76.52 76.19 83.65 83.33 73.95 73.33 80.53 80.00
oh15 79.70 79.78 82.07 81.97 82.92 83.06 84.72 84.70 81.79 81.97 85.23 85.25
oh5 79.31 79.89 81.69 82.07 85.08 85.33 87.32 87.50 82.28 82.61 87.42 87.50

ohscal 77.06 77.07 78.31 78.24 76.74 76.76 79.10 79.09 74.59 74.56 78.10 78.10
re0 85.25 85.38 86.65 86.71 85.87 86.05 86.03 86.05 85.13 85.05 85.17 85.05
re1 82.85 83.13 85.23 85.54 82.26 83.43 85.62 85.84 82.32 82.83 84.62 84.94

(Continued)
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Table 3 (continued)

Dataset
FS = 200 FS = 400 FS = 600

TF MTF-MICF TF MTF-MICF TF MTF-MICF

F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc.
tr11 85.69 85.54 89.18 89.02 93.90 93.98 86.56 86.59 95.20 95.18 85.66 85.37
tr12 87.60 87.30 84.59 84.13 84.95 84.13 84.72 84.13 93.60 93.65 87.70 87.30
tr21 87.36 88.24 98.47 98.51 86.20 88.24 98.47 98.51 86.20 88.24 98.47 98.51
tr23 87.51 87.80 95.23 95.12 87.76 87.80 92.99 92.68 87.76 87.80 92.99 92.68
tr31 97.85 97.85 98.91 98.92 98.42 98.39 97.87 97.84 98.42 98.39 97.83 97.84
tr41 94.85 94.89 95.83 95.98 97.03 97.16 95.84 95.98 96.46 96.59 94.69 94.83
tr45 94.16 94.20 92.51 92.75 93.38 93.48 91.98 92.03 91.88 92.03 92.73 92.75
wap 75.34 75.64 77.27 77.49 77.33 77.56 83.59 83.92 78.38 78.53 86.05 86.17

Average 84.18 84.29 86.59 86.63 85.18 85.34 87.76 87.74 85.22 85.38 87.63 87.61

Dataset
FS = 800 FS = 1000 FS = 2000

TF MTF-MICF TF MTF-MICF TF MTF-MICF

F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc.

fbis 79.74 79.72 83.05 83.37 81.00 81.14 85.32 85.60 83.13 83.37 85.73 86.00
la1s 83.11 83.00 88.30 88.30 83.63 83.46 89.14 89.08 85.17 85.18 89.87 89.86
la2s 85.56 85.69 87.32 87.48 86.53 86.67 89.35 89.43 89.21 89.27 91.41 91.38

new3s 80.11 80.07 82.82 82.79 81.82 81.80 84.68 84.68 84.73 84.68 86.60 86.51
oh0 85.98 86.07 90.60 90.55 88.01 88.06 92.59 92.54 86.54 86.57 92.67 92.54
oh10 73.13 72.86 81.09 80.48 74.24 73.81 82.04 81.43 77.13 77.62 80.56 80.48
oh15 86.22 86.34 86.88 86.89 85.49 85.79 86.33 86.34 84.09 84.15 90.15 90.16
oh5 85.14 85.33 88.39 88.59 87.96 88.04 89.64 89.67 87.88 88.04 90.70 90.76

ohscal 72.30 72.41 77.43 77.47 70.56 70.62 75.76 75.73 72.33 72.32 76.18 76.13
re0 82.75 82.72 86.12 86.05 83.26 83.06 86.74 86.71 83.45 83.39 88.23 88.37
re1 83.30 84.34 84.81 84.94 84.02 84.64 84.75 84.64 84.99 85.84 87.54 87.95
tr11 94.19 93.98 88.97 89.02 93.10 92.77 90.22 90.24 92.98 92.68 92.55 92.68
tr12 92.16 92.06 87.70 87.30 85.72 85.71 90.88 90.48 90.29 90.48 90.29 90.48
tr21 86.23 86.76 98.47 98.51 88.81 89.71 98.47 98.51 89.63 91.04 98.47 98.51
tr23 87.51 87.80 90.58 90.24 87.51 87.80 92.99 92.68 87.51 87.80 92.31 92.68
tr31 98.42 98.39 98.37 98.38 98.40 98.39 98.91 98.92 98.93 98.92 98.91 98.92
tr41 96.46 96.59 95.27 95.40 96.46 96.59 95.90 95.98 96.50 96.55 95.32 95.40
tr45 91.83 92.03 92.00 92.03 91.83 92.03 92.00 92.03 91.83 92.03 92.00 92.03
wap 79.78 80.45 86.44 86.50 79.65 80.13 86.80 87.14 81.12 81.67 87.35 87.78

Average 85.47 85.61 88.14 88.12 85.68 85.80 89.08 89.04 86.71 86.93 89.83 89.93
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Table 4: F1-score and classification accuracy comparisons of IG filter FS based on TF and the proposed MTF-MICF
based on LR.

Dataset
FS = 200 FS = 400 FS = 600

TF MTF-MICF TF MTF-MICF TF MTF-MICF

F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc.

fbis 80.50 81.14 83.41 83.98 81.20 81.34 84.33 84.79 83.56 83.77 86.51 87.02
la1s 86.24 86.27 89.23 89.24 87.19 87.21 89.18 89.24 86.32 86.27 89.18 89.24
la2s 87.31 87.48 89.49 89.59 88.09 88.13 91.01 91.06 87.58 87.64 90.66 90.73

new3s 78.26 78.56 81.54 81.85 82.28 82.43 86.04 86.19 84.00 84.05 86.31 86.45
oh0 87.12 87.06 92.07 92.04 90.63 90.55 93.62 93.53 89.71 89.55 93.65 93.53
oh10 80.42 80.48 81.57 81.43 77.22 77.14 84.29 84.29 77.83 77.62 84.65 84.29
oh15 83.94 84.15 84.97 85.25 85.19 85.25 87.47 87.43 85.09 85.25 87.99 87.98
oh5 83.85 84.24 88.35 88.59 88.44 88.59 88.90 89.13 88.36 88.59 91.13 91.30

ohscal 86.11 86.38 77.98 77.92 77.61 77.65 79.77 79.76 77.34 77.34 80.23 80.25
re0 77.29 77.30 88.15 88.37 86.92 87.04 88.81 89.04 86.59 86.71 88.50 88.70
re1 84.35 85.24 86.54 87.35 84.12 85.54 87.28 88.25 84.47 85.54 86.68 87.65
tr11 90.19 90.36 91.67 91.46 94.13 93.98 88.99 89.02 95.20 95.18 88.97 89.02
tr12 87.44 87.30 90.22 90.48 87.65 87.30 92.00 92.06 90.46 90.48 90.46 90.48
tr21 87.36 88.24 98.47 98.51 87.56 89.71 98.47 98.51 87.56 89.71 98.47 98.51
tr23 92.17 92.68 97.52 97.56 89.88 90.24 92.68 92.68 87.51 87.80 92.99 92.68
tr31 97.84 97.85 100 100 98.42 98.39 99.46 99.46 98.37 98.39 98.92 98.92
tr41 95.45 96.02 96.40 96.55 97.00 97.16 96.47 96.55 96.44 96.59 95.32 95.40
tr45 93.44 93.48 94.04 94.20 92.65 92.75 94.07 94.20 92.63 92.75 93.37 93.48
wap 80.06 81.09 82.52 83.60 80.35 81.73 84.28 85.21 81.76 83.01 87.59 88.42

Average 86.28 86.60 89.17 89.37 87.19 87.48 89.85 90.02 87.41 87.70 90.08 90.21

Dataset
FS = 800 FS = 1000 FS = 2000

TF MTF-MICF TF MTF-MICF TF MTF-MICF

F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc.

fbis 83.91 83.98 85.49 85.80 83.46 83.57 85.88 86.21 86.14 86.41 86.83 87.22
la1s 87.01 87.05 89.97 90.02 86.71 86.74 89.50 89.55 87.55 87.52 91.86 91.89
la2s 89.03 89.11 91.78 91.87 90.67 90.73 91.99 92.03 91.68 91.71 92.86 92.85

new3s 85.10 85.15 86.70 86.77 86.30 86.40 88.39 88.39 87.82 87.76 89.56 89.49
oh0 89.15 89.05 93.10 93.03 89.12 89.05 94.07 94.03 89.20 89.05 94.10 94.03
oh10 78.83 78.57 83.83 83.33 78.73 78.57 82.89 82.38 77.73 78.10 82.78 82.86
oh15 86.68 86.89 89.06 89.07 85.46 85.79 89.01 89.07 85.26 85.25 90.69 90.71
oh5 87.82 88.04 91.13 91.30 90.60 90.76 90.71 90.76 90.11 90.22 92.93 92.93

ohscal 76.75 76.76 79.85 79.89 76.11 76.13 80.30 80.34 75.88 75.91 80.20 80.21
re0 86.59 86.71 86.83 87.04 85.90 86.05 87.85 88.04 86.79 86.71 87.18 87.38
re1 83.95 85.54 86.14 87.05 85.18 86.45 86.75 87.65 86.67 87.65 86.33 87.35

(Continued)
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Table 4 (continued)

Dataset
FS = 800 FS = 1000 FS = 2000

TF MTF-MICF TF MTF-MICF TF MTF-MICF

F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc.

tr11 95.20 95.18 90.22 90.24 94.11 93.98 91.37 91.46 91.83 91.46 91.37 91.46
tr12 90.70 90.48 91.97 92.06 85.72 85.71 93.46 93.65 90.56 90.48 93.14 93.65
tr21 91.60 92.65 98.47 98.51 91.60 92.65 98.47 98.51 89.63 91.04 98.47 98.51
tr23 87.51 87.80 92.99 92.68 87.51 87.80 92.68 92.68 87.51 87.80 92.31 92.68
tr31 98.37 98.39 99.45 99.46 98.36 98.39 99.45 99.46 98.92 98.92 99.45 99.46
tr41 96.44 96.59 95.90 95.98 96.44 96.59 95.90 95.98 96.50 96.55 95.90 95.98
tr45 92.58 92.75 94.11 94.20 92.58 92.75 93.37 93.48 92.58 92.75 94.07 94.20
wap 81.65 82.69 87.94 88.42 81.37 82.37 87.30 87.78 81.99 82.64 87.54 88.10

Average 87.84 88.07 90.26 90.35 87.68 87.92 90.49 90.60 88.12 88.31 90.92 91.10

As shown in Table 2, the MNB classifier exhibits consistent and substantial improvements in both
average F1-score and classification accuracy across all feature subset sizes when the proposed MTF-MICF
scheme is applied. For instance, at FS = 200, the average F1-score increases from 80.83 to 86.03, while
classification accuracy improves from 80.17% to 86.05%. Similar performance gains are observed with larger
feature subsets, indicating that MNB, which is inherently dependent on accurate term-frequency statistics,
benefits strongly from the more stable, class-aware frequency modeling introduced by MTF-MICF. This
confirms that enhancing term-frequency representations is particularly crucial for probabilistic classifiers
whose decisions are directly driven by word-occurrence statistics.

For the SVM classifier, which constructs optimal separating hyperplanes in high-dimensional feature
spaces, the integration of the proposed MTF-MICF weighting scheme generally yields consistent and
meaningful performance improvements, as shown in Table 3. For instance, at FS = 400, the average F1-score
increases from 85.18 to 87.76, while classification accuracy improves from 85.34% to 87.74%. Although these
improvements are more moderate compared to those observed with MNB, they remain stable across most
feature subset sizes. This behavior indicates that MTF-MICF enhances the discriminative structure of the
feature space, thereby improving class separability and enabling SVM to estimate more reliable decision
boundaries, even under reduced-dimensional settings.

Nevertheless, despite the overall positive trend, certain configurations exhibit localized performance
degradation relative to the TF baseline. For example, the tr11 dataset with SVM at FS = 400 shows a
noticeable decrease in both F1-score and accuracy, with minor fluctuations also observed at FS = 800. These
isolated cases can be attributed to the interaction between dataset-specific characteristics, feature subset
size, and the sensitivity of margin-based classifiers to feature scaling. Specifically, the tr11 dataset exhibits
relatively balanced class distributions and moderately discriminative term patterns, where IG-based FS
under the TF representation may already preserve highly informative features at intermediate dimensionality
levels. In such cases, introducing additional class-sensitive scaling through MICF may slightly alter the
geometric distribution of feature vectors, which can affect the margin optimization process of SVM. This
effect is particularly evident when the feature space is neither sufficiently reduced to benefit fully from
enhanced weighting nor large enough to absorb scaling variations smoothly. Importantly, this degradation
is localized rather than systematic, as performance improvements resume at higher dimensionality levels,
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confirming the overall robustness and effectiveness of the proposed weighting scheme across diverse
experimental conditions.

Similarly, for the LR classifier (Table 4), the performance gains introduced by MTF-MICF are partic-
ularly pronounced. For instance, at FS = 600, the F1-score increases from 87.41 to 90.08, and classification
accuracy improves from 87.70% to 90.21%. Comparable trends are observed across other feature subset
sizes, indicating that LR benefits significantly from the improved feature scaling and class-aware weighting
provided by MTF-MICF, especially in moderately to highly dimensional settings where representation
quality plays a dominant role.

The experimental results clearly demonstrate that the effectiveness of FS is strongly dependent on
the quality of the underlying document representation, particularly in high-dimensional TC problems
characterized by extreme sparsity and class imbalance, as reported in Table 1. In sparse text matrices, where
sparsity often exceeds 99%, most terms occur infrequently and contribute limited statistical evidence for
reliable feature evaluation. Under such conditions, conventional TF-based representations tend to assign
similar importance to both discriminative and non-discriminative rare terms, thereby weakening the
reliability of entropy-based feature ranking methods such as IG. Since IG estimates feature importance based
on the reduction of class uncertainty, its effectiveness is fundamentally constrained by the statistical fidelity
of the underlying term weights. If term weights do not adequately reflect class-specific distributions, the
estimated entropy reduction becomes less reliable, particularly in extremely sparse and imbalanced settings.

By integrating the MICF component into the MTF formulation, the proposed MTF-MICF scheme
introduces an explicit class-discriminative scaling factor that adjusts term importance according to its dis-
tribution across classes rather than solely its frequency within documents. Mathematically, MICF amplifies
terms that are concentrated in a limited number of classes while suppressing terms that are uniformly
distributed across many classes. This mechanism effectively increases the signal-to-noise ratio in sparse
feature spaces by strengthening the contribution of class-indicative terms and reducing the influence of
globally frequent but non-discriminative terms. As sparsity increases, this class-sensitive scaling becomes
increasingly important because the discriminative information is concentrated in a small subset of informa-
tive features. Consequently, the proposed representation improves the separability between class-conditional
feature distributions, which directly enhances the reliability of entropy-based ranking and enables IG to
select more informative features even under aggressive dimensionality reduction.

The benefits of MTF-MICF are particularly evident in datasets with severe class imbalance, where con-
ventional TF weighting tends to be biased toward majority-class term distributions. In imbalanced settings,
terms associated with minority classes often have lower absolute frequencies and may be undervalued or
discarded during FS. The MICF component mitigates this limitation by assigning higher weights to terms that
exhibit strong class specificity, regardless of their global frequency. This improves the relative representation
of minority-class features and leads to more balanced entropy estimates during IG-based ranking. From a
theoretical perspective, this improves the estimation of class-conditional probability distributions, resulting
in more accurate posterior probability estimation for probabilistic classifiers (e.g., MNB) and improved
margin separability for discriminative classifiers (e.g., SVM and LR).

As sparsity approaches extreme levels, the discriminative power of representation becomes the domi-
nant factor controlling classification performance. In such regimes, FS alone cannot compensate for weak
or noisy representations, because entropy-based ranking relies entirely on the statistical structure encoded
in the term weights. By improving the alignment between term weights and class-conditional distributions,
MTF-MICF enhances the intrinsic quality of the feature space prior to FS. This leads to more stable
feature importance estimation, promotes the earlier selection of truly discriminative features, and improves
classification performance across different dimensionality levels. Although localized underperformance is
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observed in a limited number of configurations (e.g., tr11 and tr12), these cases reflect dataset-specific
interactions between feature distribution, sparsity structure, and classifier sensitivity, rather than a systematic
limitation of the proposed weighting scheme.

Across the comprehensive experimental setting, including 19 benchmark datasets with varying sparsity
levels and imbalance ratios, three fundamentally different classifiers, and six dimensionality levels, the
proposed MTF-MICF scheme consistently achieves statistically meaningful improvements in both average
F1-score and classification accuracy compared to the TF baseline. Notably, the performance gains are more
pronounced in datasets exhibiting higher sparsity and stronger imbalance, confirming that the proposed
class-sensitive weighting mechanism becomes increasingly beneficial as the statistical estimation problem
becomes more challenging. These findings confirm that MTF-MICF plays a central role in improving
classification performance by enhancing representation quality prior to FS. By tightly integrating class-
aware term weighting with IG-based FS, the proposed framework produces more informative, stable, and
discriminative feature subsets while maintaining computational efficiency.

A more comprehensive view of these trends is illustrated in Fig. 2a–f, which depicts the performance
of IG filter-based FS with MTF-MICF and without MTF-MICF (using baseline TF) across different dimen-
sionality reduction ratios using MNB, SVM, and LR classifiers. Across all three classifiers, MTF-MICF
consistently improves both average F1-score and accuracy for all feature subset sizes (FS = 200, 400, 600, 800,
1000, and 2000). However, the magnitude and dynamics of these improvements vary with the dimensionality
level and the learning model. For MNB, the performance gains become more pronounced as the number
of retained features increases, indicating that MTF-MICF effectively mitigates information loss induced
by aggressive dimensionality reduction while preserving the discriminative power of frequent and class-
indicative terms. For SVM, the improvements are more gradual but steady, reflecting the fact that better term
weighting primarily refines the geometry of the decision boundary rather than radically altering the feature
space structure. For LR, the gains are especially evident in higher-dimensional settings, where MTF-MICF
provides better-scaled, more informative inputs, thereby facilitating more accurate probability estimation
and improved class separation.

Overall, these results demonstrate that MTF-MICF not only enhances feature representation quality
but also improves learning robustness under varying dimensionality constraints. More importantly, the
consistent performance gains across fundamentally different classifiers confirm that the proposed scheme
captures intrinsic, classifier-independent properties of term-class relevance. From a broader perspective,
these findings indicate that carefully designed, class-aware term weighting is not merely a preprocessing
refinement, but a central component in controlling the trade-off between dimensionality reduction and
information preservation in high-dimensional, multi-class, and imbalanced TC problems. Consequently,
MTF-MICF provides a principled and effective mechanism for managing high-dimensional textual data
while maintaining strong and stable classification performance, thereby validating its role as a key building
block in the proposed FS and learning framework.

4.2 Experimental Evaluation of MTF-MICF with ReliefF and Chi-Square
The effectiveness of the proposed MTF-MICF term-weighting scheme was further evaluated using

additional filter-based FS methods to examine whether its impact is specific to IG or generalizable across
different feature ranking strategies. In particular, two widely used filter techniques, Chi-Square (CHI)
and ReliefF, were employed to assess the interaction between the enhanced document representation and
alternative FS mechanisms. For computational efficiency and fair comparison, the MTF-MICF weighting
scheme was first applied to the full feature space, after which the FS methods were used to extract the
top 200 most informative features. This subset size was selected to significantly reduce the computational
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cost associated with repeated training and evaluation while preserving a representative set of discriminative
features for reliable comparison. By fixing the dimensionality level, the experiments focus specifically on
analyzing how the enhanced term representation produced by MTF-MICF influences the effectiveness of
different FS strategies in ranking and selecting informative terms.

Figure 2: Performance comparison of filter-based FS with and without MTF-MICF across varying feature dimensions.
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The results reported in Tables 5 and 6 demonstrate that integrating the proposed MTF-MICF weighting
scheme consistently improves classification performance compared with the TF baseline when combining
with the two widely used filter-based FS methods, namely ReliefF and Chi-Square. Based on the average
F1-score and classification accuracy across the 19 benchmark datasets, MTF-MICF achieves noticeable
improvements for all three classifiers (MNB, SVM, and LR). For instance, under the ReliefF-based FS
(Table 5), the average F1-score increases from 77.53 to 82.41 for MNB, from 79.96 to 84.52 for SVM, and
from 82.22 to 86.69 for LR. Similarly, under the Chi-Square-based FS (Table 6), the average results also
confirm consistent gains across most datasets and classifiers. Moreover, dataset-level analysis indicates that
the proposed representation frequently achieves higher performance on the majority of datasets, further
confirming that the enhanced MTF-MICF representation improves the effectiveness of feature ranking
and selection. These results indicate that the proposed weighting scheme functions as a robust supporting
mechanism for different FS strategies, rather than being limited to a specific FS method.

Table 5: F1-score and classification accuracy comparisons of ReliefF filter FS based on TF and the proposed MTF-MICF
based on MNB, SVM, and LR.

Dataset
MNB SVM LR

TF MTF-MICF TF MTF-MICF TF MTF-MICF

F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc.
fbis 56.87 57.20 76.24 75.86 63.14 63.46 76.16 76.18 61.95 63.08 80.70 81.14
la1s 75.59 75.35 77.09 77.22 77.35 77.44 81.69 81.81 80.18 80.34 84.15 84.24
la2s 80.68 80.65 83.25 83.09 77.86 77.90 84.55 84.62 81.67 81.79 86.56 86.67

new3s 59.95 60.98 72.80 73.27 66.09 66.98 76.01 76.43 67.29 68.25 79.76 80.23
oh0 80.78 80.60 89.24 89.05 80.95 81.06 84.88 85.05 81.48 81.09 86.75 86.57
oh10 75.77 75.71 82.00 82.38 72.24 72.38 78.94 78.73 77.85 78.10 81.63 81.90
oh15 80.73 81.42 80.54 80.87 75.31 75.55 77.20 77.37 81.26 81.42 80.71 80.87
oh5 84.61 84.78 88.67 89.13 79.55 79.71 85.68 85.87 86.24 86.41 88.40 88.59

ohscal 70.38 70.26 67.29 67.22 73.50 73.45 73.00 72.95 74.02 73.89 73.12 73.00
re0 81.33 80.73 77.74 77.41 83.69 83.85 83.45 83.41 84.82 85.05 86.35 86.71
re1 82.26 82.23 85.88 86.75 81.10 81.53 86.01 86.35 84.36 85.84 86.75 87.95
tr11 79.89 79.52 91.57 91.46 84.32 84.80 88.28 88.62 86.45 86.75 90.49 90.24
tr12 88.73 88.89 82.57 82.54 86.72 87.23 86.43 86.17 90.14 90.48 88.59 88.89
tr21 83.36 83.82 74.76 73.13 82.40 83.17 92.59 93.00 82.65 83.82 92.47 92.54
tr23 62.11 58.54 79.07 75.61 83.07 83.87 88.32 88.71 85.10 85.37 89.78 90.24
tr31 88.83 87.63 92.71 92.43 95.85 96.06 97.82 97.84 96.21 96.24 98.92 98.92
tr41 90.62 89.77 90.48 90.23 93.31 93.94 96.57 96.55 94.88 95.45 95.90 95.98
tr45 79.92 81.88 91.83 92.03 89.63 89.86 90.30 90.34 89.61 89.86 93.41 93.48
wap 70.68 72.44 82.01 83.60 73.17 73.50 78.01 78.37 76.06 76.92 82.68 83.92

Average 77.53 77.50 82.41 82.28 79.96 80.30 84.52 84.65 82.22 82.64 86.69 86.95
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Table 6: F1-score and classification accuracy comparisons of Chi-square filter FS based on TF and the proposed MTF-
MICF based on MNB, SVM, and LR.

Dataset
MNB SVM LR

TF MTF-MICF TF MTF-MICF TF MTF-MICF

F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc.
fbis 77.13 76.47 80.60 80.53 78.86 78.89 78.92 79.30 80.54 80.73 83.38 84.18
la1s 84.53 84.56 85.52 85.34 84.13 84.10 87.65 87.73 85.69 85.65 88.28 88.30
la2s 84.45 84.55 87.16 86.99 84.41 84.40 87.55 87.54 87.20 87.32 89.18 89.27

new3s 72.36 72.33 76.03 75.99 76.74 77.06 80.42 80.68 78.58 78.82 81.95 82.11
oh0 88.24 88.06 92.05 92.04 86.59 86.38 87.81 87.71 87.74 87.56 90.58 90.55
oh10 80.99 80.95 82.37 82.86 79.43 80.00 80.24 80.00 79.20 79.52 82.89 82.86
oh15 84.57 84.70 87.96 87.98 83.15 83.21 82.48 82.12 82.63 82.51 87.98 87.98
oh5 85.22 85.33 88.90 89.13 82.61 82.61 85.01 85.14 85.69 85.87 87.26 87.50

ohscal 73.44 73.22 73.74 73.58 78.09 78.14 79.54 79.55 78.40 78.41 78.99 78.91
re0 82.04 81.06 80.15 79.73 84.00 84.29 84.40 84.51 85.09 85.38 87.80 88.04
re1 85.48 85.54 83.92 83.73 86.25 85.60 85.54 86.35 88.91 89.16 86.67 87.65
tr11 85.48 85.54 91.94 91.46 86.25 85.60 89.64 89.43 88.91 89.16 90.26 90.24
tr12 88.70 88.89 88.34 88.89 88.72 88.30 83.26 82.98 85.42 85.71 87.13 87.30
tr21 71.74 67.65 90.18 89.55 88.24 89.11 94.99 95.00 90.17 91.18 97.01 97.01
tr23 72.01 68.29 93.02 92.68 83.02 83.87 91.52 91.94 89.90 90.24 97.52 97.56
tr31 95.04 95.16 98.92 98.92 96.96 97.13 97.84 97.84 98.89 98.92 100 100
tr41 92.74 92.61 93.79 93.68 96.14 96.21 97.32 97.32 96.44 96.59 97.04 97.13
tr45 83.76 83.33 93.53 93.48 91.44 90.82 94.14 94.20 92.84 92.75 95.62 95.65
wap 74.66 75.64 77.25 79.10 75.00 75.00 77.35 77.94 77.11 77.88 78.43 79.74

Average 77.13 76.47 86.60 86.61 84.74 84.77 86.61 86.70 86.28 86.49 88.84 89.05

5 Conclusion and Future Work
This study presents a comprehensive investigation into the joint impact of supervised, class-aware term

weighting (i.e., MTF-MICF) and filter-based FS (i.e., IG, CHI, and ReliefF) on classification performance for
multi-class and imbalanced TC tasks. Rather than treating these two stages as independent preprocessing
steps, the proposed framework explicitly integrates them into a unified pipeline, where improved represen-
tation quality directly facilitates more effective, stable, and discriminative feature subset selection. Extensive
experimental evaluations across nineteen benchmark datasets demonstrate that filter-based FS, combined
with MTF-MICF, consistently improves both F1-score and classification accuracy across different classifiers,
feature subset sizes, and dimensionality reduction ratios. The results confirm that the proposed approach
is not only accurate and scalable, but also highly effective in preserving discriminative information under
both aggressive and moderate feature reduction settings. In particular, the analysis across varying feature
dimensionalities shows that MTF-MICF maintains stable performance gains, highlighting its generalizability
and suitability for small and medium-sized training datasets where feature sparsity and class imbalance are
more pronounced. These findings provide strong evidence that class-aware term weighting, when tightly
coupled with FS, should be regarded as a core component of modern TC systems rather than merely a
preprocessing refinement. Despite the consistent performance of the proposed framwork, several promising
research directions remain. Future work will focus on integrating MTF-MICF with ensemble multi-filter and
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metaheuristic optimization frameworks to further enhance FS constancy and performance, and on extending
it to deep learning, cross-domain, and low-resource TC settings. In addition, a systematic sensitivity analysis
of the balancing parameter α used in the MICF formulation will be conducted to further investigate its
influence on classification performance under different data characteristics, such as varying levels of sparsity,
class imbalance, and vocabulary size.
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