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Abstract-  The textual information has been
increasing at an unprecedented pace in various fields
posing a great challenge on the extraction of
meaningful information and insight. The key to
utilizing this data is effective feature selection which
is especially important in enhancing the
functionality of text classification tasks. The
classical methods of feature selection, which have
been developed to work with numerical or
categorical data, are limited when used with text
data due to high dimensionality scarcity and
semantic complexity. This paper proposes an
Enhanced Relative Discrimination Criterion
(ERDC) as a superior feature ranking approach that
is designed to fit text classification. Proposed
approach is designed to enhance, for a subsequent
classification, the selection of the most informative
and discriminative features. The linear SVM
classifier was used to perform the experimental
evaluation on the 20 Newsgroups benchmark
dataset. The results obtained with 1,500 selected
features indicate the effectiveness of our approach:
89% accuracy, 89% precision, 88% recall, and F1
score of 88%. These results suggest that ERDC is a
competitive feature-ranking method for multi-class
text classification under the considered benchmark
setting.

Keywords-  Text classification, RDC, ERDC,
Support Vector Machine, Feature Selection, 20
Newsgroups.

I. INTRODUCTION

Feature selection is one of the most
significant preprocessing steps that assist in
identifying the subset of pertinent features and
contribute optimally to a predictive model [1-4]. The
aim of selecting features in text classification comes
up due to the fact that textual data is high-
dimensional, sparse and semantically rich [5]. As
digital content like social media posts, news articles,
journal Articles, and customer reviews grows, it is
becoming harder and harder to extract meaningful
information out of large text corpora. The feature
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selection methods are thus significant in
dimensionality reduction, enhancing computational
efficiency, and reducing the overfitting [3-4].

In text analysis, traditional techniques used to select
features include: term frequency-inverse document
frequency (TF-IDF), mutual information, chi-square
statistics, document frequency and information gain
[6]. Nonetheless, the methods are not effective in
textual data. They commonly use frequency-based
or simple statistical measures, and might not be
sensitive to the semantic richness of language, the
contextual sensitivity of terms, and the
discriminative value of features specific to a class
[5-6]. Text data is also high dimensional and sparse,
and this fact further complicates the identification of
the most informative features by the traditional
methods in an efficient manner.

Due to the above mentioned reasons, this paper
proposed the Enhanced Relative Discrimination
Criterion (ERDC) as a feature ranking algorithm to
classify text. ERDC aims to rank text features in a
better way by concentrating on their discriminative
value within the corpus. The aim of the proposed
method is to enhance the detection of informative
and discriminant features by eliminating the noises
(such as irrelevant and redundant terms) from the
feature sets prior to classification. In this paper, it is
tested in a standard multi-class text categorization
scenario with the 20 Newsgroups dataset and linear
Support Vector Machine (SVM) classifier.

The proposed method can detect informative and
discriminative feature by removing the irrelevant or
redundant features and keeping useful one. The aim
is to improve the classification accuracy and reduce
the computational cost. It is tested on text
classification using the twenty Newsgroups dataset,
the de facto benchmark corpus to evaluate feature
selection and classification methods, and a Support
Vector Machine (SVM) classifier [7]. This
experimental setting was chosen because it aims to
have a good base on which the analysis of the
potential of the proposed method will be realized in
a multi-class text classification problem. This paper
describes a new approach for ranking features based
on Enhanced relative discrimination criterion
(ERDC) and evaluates it on benchmark textual data
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as well as demonstrates advantages in classification
ability and computational cost. In particular, it
investigates whether the proposed methodology can
yield more robust text feature rankings and thus
improved generalization, prediction accuracy and
classification efficiency as compared to existing
feature selection techniques.

Text classification is affected by the dimensionality,
scarcity and semantic complexity of the text data,
which diminishes the performance of traditional
feature selection methods. While traditional
approaches such as TF-IDF (Term Frequency-
Inverse Document Frequency), Chi-Square, Mutual
Information and Information Gain can still provide
solid baselines, they are predominantly based on
frequency or local statistics and are rarely able to
explain discriminative features in complex textual
corpora. Due to this motivation, the current work
introduces a novel Enhanced  Relative
Discrimination Criterion (ERDC) for enhancing the
feature ranking process in text classification. In
order to investigate whether the revised criterion can
increase the quality of the ranking and allow good
multi-class  text classification, the proposed
approach is tested on a linear Support Vector
Machine classifier on 20 Newsgroups benchmark
dataset.

II. RELATED WORK

Text classification is feature selection driven
since text is normally represented in high-
dimensional space, along with its high sparsity and
semantic complexity. The existing work has largely
based on traditional statistical methods, such as
Mutual Information, TF-IDF, Document Frequency
and Information Gain to rank and select informative
terms and Chi-Square Statistics [8-12]. These
approaches are well known and have become
standard baselines due to their simplicity and
computational efficiency, as well as good
performance. Still, it has been reported that their
performance is limited as far as text is considered as
they predominantly depend on frequency-based or
local statistical evidence and neglect contextual
dependencies, semantic relationships, and class-
specific discriminative power [13].

To overcome these limitations, recent work have
investigated semantics and representation-based
methods which make use of word embedding such
as FastText, Word2Vecand GloVe and transformer-
based models such as BERT [14-16]. These methods
take advantage of contextual and semantic data to
augment text representation and recently, hybrid
methods have combined the conventional statistical
methods with the state of the art machine learning
methods to raise the robustness and classification
accuracy. Nevertheless, despite the improvements in
the text representations, they do not address the
problem of identifying feature ranking functions that
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are discriminative and computationally viable to
very huge-scale text categorization. An important
associated  development is the  Relative
Discrimination Criterion (RDC) that has been
developed as a ranking feature for text classification
[17-19]. Unlike the traditional methods, which
primarily rely on the frequency of documents, RDC
takes into account the discriminatory power of a
term within each of the classes and the information
on the number of times a term appears, therefore, is
better suited to address the high dimensional and
sparse nature of text corpus. Existing studies have
shown that RDC can be more effective than some
established feature metrics to rank in a text
classification task [19-21]. The literature, however,
also finds disadvantages of existing RDC-based
methods (e.g. sensitivity to noise and irrelevant
features, increasing computational intensity to larger
data sets, limited effectiveness to model feature
interactions, and dependence on implementation and
parameter settings). This means that although RDC
does significantly better than the previous methods,
the three limitations above show that it may still be
possible to further improve the method to make the
feature selection procedure more robust and
efficient. While RDC-based approaches have
enhanced ranking of text features by utilizing
discriminative information other than the mere
document frequency, the concerns about noise-
sensitivity, practical robustness, and consistency in
ranking are still reported in the literature, especially
when real classification pipelines are used. In this
paper, a variant of RDC for text classification is
presented, termed ERDC. Novelty of this work is
not motivated in terms of an entirely different class
of methods, rather it is a transformation of a
discriminative ranking scheme which aims at better
capturing textual features relevant to a benchmark
multi-class classification problem.

III. METHODOLOGY

ERDC is employed in this paper as a filter
feature ranking method as it ranks and selects the
features independent from the classifier. Once the
best ranked features are selected, TF-IDF weighting
is performed on the kept subset and the feature
representation obtained is subsequently used for
supervised classification based on SVM.

A. Dataset

The proposed methodology was developed and
evaluated using the twenty Newsgroups dataset, a
standard dataset widely used for the text
classification. The chosen dataset contains about
20,000 newsgroup documents distributed across 20
categories, making it suitable for evaluating feature
selection methods in a multi-class text classification
setting. The dataset was obtained through the
fetch_20newsgroups function in Scikit-learn.
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B. Training and Test Splitting

The dataset obtained for the experiments was
divided into two training sets and testing sets, using
the function train_test split function, in which 20%
of the data was kept for testing. The purpose of the
splitting was to properly evaluate the generalization
performance of the classifier on unseen data.

C. Proposed ERDC Feature Ranking Method

The feature-ranking process starts by transforming
textual documents into count-based numerical
vectors, allowing the analysis of term occurrence
patterns in a quantitative manner. Equation (1)
evaluates the prior of all classes in the data. Equation
(2) calculates the expected frequency with which a
feature maps to the occurrence behavior of a feature
given a class, reflecting class-conditional feature
occurrence. From these quantities, Equation (3)
derives a discriminative score for each feature by
comparing its class-specific distribution with the
distribution over all classes. As a result, features that
better discriminate one class from others will be at
the top of the ranking.

Then, a subset of the best-ranked features is retained
and transformed with TF-IDF weighting. TF-IDF is
used at the end of the ranking phase in order to let
the selection process be primarily guided by
discriminative relevance, and then enrichment is
performed in the representation with the retained
features in the classification domain. This bipartite
architecture enables the approach to discover the
informative terms, and then highlight their relative
importance within the chosen subset.

(C)= COUN(Y:=C)/ N 1)
(F;| €)= (1/Nc) Zi=” My = 1(yi = ¢) 2
7(Fj) = Zc€Cusses P(Fi| €) * log (p(Fi| )/ p(C)) (3)

Figure 1 shows the entire pipeline of the proposed
text classification system. First, the 20 Newsgroups
dataset is downloaded using scikit-learn library, then
the data are split into training sets and testing sets
with a ratio of 80:20. Next, the text documents are
transformed to numeric form using count
vectorization so that each document is a vector of
features. On these vectorized data, we apply the
Enhanced RDC method by computing first the class
probabilities and then the feature probabilities
within each class, which in turn serve to compute the
RDC scores of all terms. From these scores, the most
informative features are ranked and the top 1500
features are taken into account.

TF-IDF transformation is then performed after
feature ranking selection to weight the chosen terms
by their related importance in the whole corpus, and
this way, the representation of more informative
features is strengthened whereas that of less
informative is weakened. The transformed feature
vector is thus used to train an SVM classifier with a
linear kernel which performs the final classification
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of the document. Finally, the output model is
assessed through conventional performance metrics
(accuracy, precision, recall, F1 score, and
classification report). In sum, the figure suggests
that the proposed framework is a unified end-to-end
system where the phases of data capture, feature

extraction,  discriminative  ranking, feature
weighting,  classification and  performance
evaluation are all tightly integrated and

technologically aligned.

Enhanced RDC-Based Feature Ranking
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Fig. 1 The Entire Procedure of Our ERDC-Based
Text Categorization Framework.

Figure 2 shows the algorithmic representation of the
proposed ERDC approach. As presented in
Algorithm 1, the proposed method begins by
building the feature space; then it calculates class-
aware discriminant scores of every term, and finally
it ranks and chooses the top-N most informative
features for the classification.

(Enhanced Relative Discrimination Criterion (ERDC)>
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Fig. 2 Algorithmic Representation of the Proposed
ERDC Approach.
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D. Classification Model and Evaluation Metrics
After feature selection, SVM classifier has been
trained with the selected features. The SVM is
employed with a linear kernel to simplify
computation and improve interpretability. The role
of ERDC in this pipeline is to provide the classifier
with the most informative and discriminative
features while removing less relevant ones.

The implementation was performed in Python on
Google Colab. The main libraries used in the thesis
were Pandas, NumPy, Seaborn, Matplotlib, and
Scikit-learn. The classification model was evaluated
using accuracy, precision, recall, Fl-score, and
classification report.

E. Detail Implementation

The experiments were conducted in Python using
Google Colab. Text documents were converted into
count-based representations using Scikit-learn
vectorization tools, after which ERDC scores were
computed for candidate terms. The top-k ranked
features were then selected and transformed using
TF-IDF weighting before classification. A linear
Support Vector Machine (SVM) classifier was used
as the final classifier. The dataset was split into
training and testing subsets using an 80:20 ratio, and
the same experimental pipeline was applied across
all evaluated feature subset sizes (10, 20, 50, 100,
200, 500, 1000, and 1500).

IV. RESULTS

The results are given in three parts. First, the
general classification accuracy of the proposed
method will be reported. Secondly a class-wise
analysis is given with the classification report and
confusion matrix. Third, the impact of different
numbers of selected features is analysed in order to
investigate the effect of the size of feature subsets on
classification performance.

A. Overall Classification Accuracy

The experimental results demonstrate the
effectiveness of the proposed ERDC method for text
classification on the 20 Newsgroups dataset. Using
the selected 1500 features, the model achieved 89%
accuracy, 89% precision, 88% recall, and F1 score
of 88%. 4.2. Performance analysis by class

The classification report for the Support Vector
Machine (SVM) model trained on the ERDC
selected features is shown in Table 1. The class-wise
classification report indicates that the model is doing
well in various categories as shown in Table 1.

To analyze the behavior of the proposed method in
more detail, Figure 3 illustrates a class-wise
comparison of Fl-scores by RDC, MRDC, and
ERDC on 20 Newsgroups. This view is more fine-
grained when comparing individual classes of the
three methods than the overall summary metrics.
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Table 1. Classification Report for the Support
Vector Machine (SVM) Model Trained on ERDC-
Selected Features.

precision recall fl-score support

alt.atheism 2.85 2.96 @.92 1e@
comp.graphics @.76 .88 @.82 195
comp.os.ms-windows.misc @.85 .92 @.87 197
comp.sys.ibm.pc.hardware @.75 8.77 @.76 196
comp. sys.mac.hardware .85 .85 @.85 193
comp . windows.x 2.94 08.89 @.92 198
misc.forsale .83 .89 .86 195

rec.autos 8.84 .89 .86 198
rec.motorcycles 2.93 2.84 @.88 199
rec.sport.baseball @.91 8.93 @.92 199
rec, sport.hockey 2.96 .96 @.96 280
sci.crypt @.97 2.94 @.96 198
sci.electronics @.91 6.84 a.87 197
sci.med 2.98 2.93 @.91 198

sci.space 8.97 8.93 @.95 197
soc.religion. christian @.88 9.96 @.92 199
talk.pelitics.guns @.87 9.93 @.99 182
talk.politics.mideast @.99 .95 .97 188
talk.pelitics.misc 2.94 8.82 9.83 155
talk.religion.misc @.93 8.53 @.68 126
accuracy a.89 377

macro avg ©.89 2.88 a.88 377@

weighted avg @.89 9.89 9.89 3770

F1-Scare Comparisan: RDC vs MRDC vs ERDC
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Fig. 3 Class-Wise F1-Scores of RDC, MRDC, and
ERDC on 20 Newsgroups Dataset.

Figure 4 shows the class-wise F1-score comparison
of RDC, MRDC and ERDC on 20 Newsgroups
dataset. It can be seen from the figure that ERDC
tends to get better and more stable results for most
categories, though MRDC also achieves better
results over RDC in some classes but its
performance is highly fluctuating. This behavior on
individual classes confirms the general success of
the improved ranking mechanism.

aases

Fig. 4 Per Class F1-Score Comparison of RDC,
MRDC and ERDC on 20 Newsgroup Dataset.
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The class-wise results indicate that the proposed
ranking strategy is particularly effective for
categories with relatively distinctive lexical
patterns, such as falk.politics.mideast, sci.crypt, and
rec.sport.hockey, where higher Fl-scores are
obtained. In contrast, classes such as
comp.sys.ibm.pc.hardware and talk.religion.misc
remain more difficult, which may be attributed to
greater lexical overlap with neighboring classes and
reduced separability in the selected feature space.
These observations suggest that ERDC is effective
in preserving strongly discriminative features,
although the classification difficulty still depends on
the semantic and lexical proximity between classes.
As you can see from the confusion matrix (Figure
5), the values are more concentrated on the diagonal
indicating the classifier is more accurate on
predicting labels. The sparsity of off diagonal entries
indicates relatively little misclassification. This
gives further support to the assertion that the chosen
attributes allow the model to better discriminate
among the classes. Figure 6 shows the Fl-score
values of each of the classes, which gives a large
scale picture of how the model classifies.

Confusian Matrix

@ o ® 8 8 o1 1 1 0 1 o 3

S °’~*°"f“‘;"’ff" / '*‘”*'@“" A “
A Y

Presen

Fig. 5 The SVM Classifier Confusion Matrix with
1500 ERDC Selected Features.

The concentration of values along the diagonal
suggests strong class-wise prediction performance,
whereas the off diagonal outliers (which are
comparatively sparse) can be thought of as
misclassifications.

ERDC: F1 Score Distribution Across 20 Newsgroups Classes

A AT
i . .

Figure 6. The Class-Wise F1-Score Distribution of
SVM with 1500 ERDC Selected Features.
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Higher Fl-scores (e.g. in talk.politics.mideast,
sci.crypt) indicate better separability, while
(relatively) low F1-scores (e.g. in
comp.sys.ibm.pc.hardware, talk.religion.misc)
represent more difficult classification problems.

B. Impact of the Number of Selected Features.
From the experiments it is also observed the effect
of changing the number of selected features. The
experiments reports results for 10, 20, 50, 100, 200,
500, 1000, and 1500 top-ranked features. The
presented results demonstrate a consistent
enhancement in performance with increasing
number of selected and counted features. This
implies that the addition of additional discriminative
features will definitely enhance the classification
outcome, but at a decreasing pace as additional
features are employed. In order to further validate
the performance of the proposed ERDC method, a
class-wised comparison of RDC, MRDC and ERDC
on 20 Newsgroups in terms of precision, recall and
F1- score is given in Table 2. This comparison
shows exactly how the improved ranking strategies
performed against the original RDC and a modified
version on a class by class basis.

Table 2. Comparison of RDC, MRDC and ERDC
on the 20 Newsgroups Dataset by Class in Terms
of Precision (P), Recall (R), and F1-Measure.

. TABLE 2: CLASSIFICATION RESULTS OH 2@ NEWSGROUPS DATASET

Class A0C FROC ERDC
° R 1 P ® 1 P R F1

0.66 .62 0.64 8.5 @82 0.8 9.55
0.77 @76 8.77 8.65 8.3 0.69 8.6
comp. os. ms-windows .misc 071 .75 8.73 8.3 8.5 0.74 8.8
comp. sys.ibm. pc.harduare 0.68 8.71 8.79 8.57 0.52 0.68 8.75
comp. sys.mac. hardisre 0.89 .76 @.78 0.5 0.7 0.8 8.8
windows .x 0.57 .56 0.57 0.8 0.7 0.7 8.4
sc.forsale 2.81 .76 0.79 8.8 0.9 0.8  9.33
rec.autos 0.53 .83 8.564  B.87 0.87 0.57  98.54
rec.matorcycles 0.52 .69 8.75 8.9 0.8 0.89  9.93
rec.sport. baseball 0.91 .55 0.58 ©0.83 0.9 0.9 9.91
0.93 .58 0.9 8.92 0.93 0.83 8.9
0.88 .54 0.86 0.9 0.91 0.8 8.97
277 8.77 0.7 8.65 @78 0.89 .91
0.83 .51 0.52 0.8l 0.8 0.8  9.90
255 8.79 8.52 8.9 8.9 0.1 8.7
0.75 @.51 8.78 ©0.87 0.91 0.8 0.38
071 @.71 8.71 ©8.89 0.9 0.9 8.57
0.88 .51 8.5 6.97 0.95 0.9 8.9
0.65 0.68 0.67 0.8 0.81 0.8 8.84
0.56 .45 0.50 0.79 0.5 0.6 9.93

Hacro Avg 2.77 8.76 B.76 8.5 8.8 0.82 .59 B.85 8.3
Hicro Avg 0.77 8.7 8.7 8.8 0.8 0.8 .59 B.89 0.8

The upward trajectory of classification accuracy is
shown in Figure 7.

The Figure shows that when more features are
selected in ERDC algorithm, more positive impact
is on the model performance.

Micro-averaged (Support Vector Machine) Macro-averaged (Support Vector Machine)

0.8 | 8 Micro Average 0.8 4 —8— Macra Average

F1 measure
F1 measure
o
o

0 250 500 750 1000 1250 1500 0
Mumber of features Number of features

Figure 7. The Micro- and Macro-Average
Performances VS the Number of Selected Features.

250 500 750 1000 1250 1500
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The performance increases considerably with the
size of the feature subset and starts saturating for
larger feature set sizes with the best performance
obtained for 1500 features.

Generally, these results verify that the ERDC-based
feature selection method can enhance the efficiency
of text categorization by ranking and selecting the
more discriminative features. The progressive rise in
performance as a function of the number of best
features taken into account is further evidence in
favor of the claim that ERDC is a beneficial and
stable feature ranking method for text classification.
The present experiments demonstrate promising
performance of ERDC within the evaluated
benchmark setting. However, broader comparative
validation against standard baselines such as TF-
IDF, Chi-Square, Information Gain, Mutual
Information, and RDC-family variants remains an
important direction for future work.

V. CONCLUSION AND FUTURE WORK

This paper confirms the superiority of ERDC

as a feature selection technique for text
categorization. The proposed method achieves
better classification performance with less feature
dimension on the 20 Newsgroups dataset. The
performance results show that ERDC obtains
82.13% accuracy, and average precision, recall and
F1-score are all around 82%, which can serve as a
strong evidence that the model is also reliable for
text classification. The results also indicate that the
SVM classifier utilizing the ERDC selected features
achieves a good tradeoff between performance and
number of features. Class-wise results and
experiments with incremental feature count further
substantiate the advantages of this approach for
selecting meaningful feature in multi-class
scenarios.
While the approach is inspired by efficient feature
ranking, in this work we do not provide a separate
runtime or memory evaluation. Future research may
be directed to optimize the number of selected
features as well as filter out those candidates by
considering their RDC scores. The combination of
the ERDC with other traditional machine learning
and deep learning models such as the transformer
based models and the ensemble models could lead
to further enhancement. Besides, the fact that the
approach will be tested on various datasets and test
subjects  (e.g. emotional  analysis, topic
categorization, spam detection, etc.) may help to
prove its more general applicability.
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